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Chapter

This thesis focuses on applying classification methods to assess the perceived

quality of virtual head-up display (HUD) images in luxury class vehicles. The quality of
the virtual HUD image is affected by assembly tolerances. The assessment of the per-
ceived image quality is done step by step. First, the perception of distortions and dou-
ble images is assessed separately. The reason is that the different aberration types
can be corrected by different measures. Distortions describe the difference between
the real and the desired image geometry. Disturbing double images are created be-
cause the light is reflected at the inner and outer side of the windscreen. Only if the
separate analysis of distortions and double images is successful, the combination of
the 2 aberration errors is assessed.
The standard procedure to find the customer suitability of HUD images is the limit anal-
ysis. The goal is the specification of ergonomic limits. Compliance with these limits, an
impairment-free reading is guaranteed. The standard method has a great weakness.
Even simple combinations of various aberration types cannot be assessed. In this the-
sis, a new procedure is described to implement an assessment algorithm for HUD im-
ages. Here, classification methods are applied, which no longer show this weak point.

The customer suitability is recorded by the double-stimulus impairment scale method.
This method is initially used to assess the subjective perception of television images.
Here, this method is adapted to quantify the perceived quality of HUD images. 12 test
persons label representative images according to the 5-grade impairment scale.
Occurring aberrations in HUD images are captured by 21 objective features. The main
task of the assessment algorithm is to approximate the underlying relationship between
the objective features and the subjective impressions.

Representative images are generated in an existing laboratory setup and identified by
clustering methods. Thus, the distortion dataset has 1006 and the double image da-
taset has 345 training images. Additionally, each dataset comprises 360 test images.
The dataset for the combined aberration types consists of 303 training images and 305
test images. All representative images are labelled by 12 test persons.

Classification tasks are divided into the training and the testing phase. During the train-
ing phase, the relationship between the subjective labels and the objective feature vec-
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tors is detected. In the testing phase, the trained algorithm is applied to label an
unlabelled test set. To find how well the classifier performs on unseen data. Here, the
KNN (k-nearest neighbour classifier), the LVQ (learning vector quantisation) and the PC
(polynomial classifier) are implemented as assessment algorithms.

The experimental evaluation shows that classification methods are well suited to as-
sess the perceived quality of HUD images. Depending on the classifier type higher ac-
curacy values are obtained on the test images as for the limit value consideration. Thus,
the classification methods are able to assess combinations of various aberration types.
For vehicles in the luxury segment, it is favourable to implement classifiers, which re-
duce the FPR (false positive rate). For the distortion dataset, the 2-class PC appears to
be best suited. Here, the classifier obtains the FPR of 1.38% and the TPR (true positive
rate) of 46.98%. The low TPR could be accepted since the rework costs are low. For
the other 2 datasets, classifiers are intended that reach both a high TPR and a low
FPR. The need for the high TPR is based on the time and cost consuming rework pro-
cess. This conflict between a low FPR and a high TPR is best resolved for the double
image dataset by the 2-class PC. The 2-class PC reaches the FPR of 1.36%, and the
TPR of 97.18%. The best compromise for the distortion and double image dataset is
reached by the LVQ. Here, the FPR of 13.04% and the TPR of 89.82% are obtained.

The proposed classifiers need many labelled training samples to yield a comprehen-
sive and generalising recognition behaviour. However, the labelling of huge training
datasets is costly and time-consuming. Thus, the semi-supervised learning (SSL) ap-
proach is applied to selected classifiers. SSL is an iterative procedure during which the
learning process uses its own predictions to teach itself. The aim is to investigate if the
manual labelling effort can be reduced by combining labelled and unlabelled training
images. The experimental evaluation shows that unlabelled data in conjunction with a
small amount of labelled data can improve the classification accuracy. The reason
might be that the SSL process tries to avoid the use of poorly labelled training samples.
SSL selects those samples, which improve the recognition behaviour in a helpful man-
ner. Thus, the manual label effort can be considerably reduced without a loss of classi-
fication accuracy.

Finally, it is analysed if the labelling effort can also be reduced by the active learning
(AL) procedure. The AL algorithm is able to select the most informative training images.
These images are labelled by the test persons and transferred into the training dataset.
The experimental evaluation shows that the AL process can improve the classification
accuracy by using the most informative training samples. During the AL process, the
manual labelling effort can be reduced to some informative training images. Thus, the
training sets include uninformative images, which negatively affect the classification
accuracy. The classifiers seem to be overcharged with the uninformative images.
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Chapter

oduction

This thesis is written to get the degree of Doctor Engineer, awarded by the Univer-
sity of Dortmund. This work is supervised by the Technical University of Dortmund from
Prof. Dr. Christian Wohler, Image Analysis Group at the faculty of Electrical Engineer-
ing and Information Technology and Prof. Dr.-Ing. Rudiger Kays, field of communica-
tion technology at the faculty of electrical and computer engineering. The work has
been performed at the research centre in Ulm of the Daimler AG.

In vehicles, human-machine-interface (HMI) components are distinguished be-
tween controlling and displaying elements. Both must meet the highest quality and
safety requirements. So, the success of HMI components depends not only on price,
reliability, and service life but also on handling and ease of use. The main need is that
the operation of HMIs does not interfere with the driving task. For that matter, a fixed
schema for the control and display areas has been established [MiLicIC 10: p. 35-37].
HMI components that support the primary driving task are arranged in the direct field of
view. Display elements are the instrument cluster and the head-up display. Steering
wheel, pedals, and shift lever belong to the operating elements. The display regions
below the instrument cluster and the controls around the steering wheel support the
driver's secondary tasks. The secondary tasks include activities that are dependent on
driving, like fading in and out, blinking, honking, and so on. All functions of the driver
information systems are summarised in the centre console. They support the tertiary
tasks and have nothing to do with the driving task itself. They are used to improving
comfort and communication [MiLIcIC 10: p. 35-37].

HMI components must meet the highest quality standards. Thus, this chapter is used to
clarify how customers make a quality evaluation. Afterwards, follows the problem defi-
nition and the structure of the presented thesis.

1.1 Quality perception

Due to various circumstances, customers have wishes and claims that are articulated
as quality demands to the manufacturer. This wishes and claims are provided in form
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of requirements and expectations. On the other side, the supplier provides a product
with a certain state. The customer compares the state of the product with his demands
and expectations. This comparison results in quality features, which are noticed
through our 5 senses: seeing, hearing, feeling, smelling, and tasting. Thus, quality fea-
tures are characteristics of a product and refer to a claim. A customer’s satisfaction
adjusts itself only if the expectations are fulfilled, as shown in Figure 1. So, the degree
of the satisfaction depends on the extent to which the demands of the customers have
been met [PFEIFER & SCHMITT 14: p. 372-385].

Quality judgement

Requirements Quality Product :
EIENIEY —> Expectations _'tu « properties<_ Supplier

Own illustration adapted from [PFEIFER & SCHMITT 14: p. 372].

Figure 1: the quality judgement is delivered based on quality features

In relation to the head-up display, the expectations and requirements of the customers
about the virtual image have to be identified. Comparing these expectations with the
given image properties (distortions, double images, astigmatism...), it could be deter-
mined if the driver is satisfied. To fulfil the expectations, only vehicles should be sold
that show a faultless image quality.

1.2 Definition of the project

The head-up display (HUD) system is an HMI component that supports the primary
driving task in vehicles. It projects a virtual image above the engine hood. Presented
are information that support the driver while driving; e.g. current speed, navigation hints,
traffic signs, and so on. In order not to be distracted from driving, a good quality of the
image must be ensured. The virtual image must be free of aberrations and both con-
trast and sharpness should be perfect. However, manufacturing defects and assembly
tolerances downgrade the image quality. Depending on the size of the impact, observ-
able aberrations are generated that disturb the overall impression. This results in the
demand for an algorithm that is able to assess the perceived quality of head-up display
images.

The aim of this thesis is to develop a new method, by which an assessment system for
HUD images can be implemented. In this work, an algorithm is developed that is able
to assess the perceived quality from head-up display images according to distortions
and double images. For this purpose, the customer’s requirements and expectations
must be determined first. This is a complex task and the implementation entails con-
siderable expense. The quality judgements are obtained through customer surveys.
Here the test persons are interviewed about their impressions of representative HUD
images. After that, the subjective ratings are linked to measurable variables. The aim is
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to find a mapping between the subjective ratings and the objective features. In this
work, the entire procedure is described systematically. The data acquisition, the sub-
jective rating, the calculation of objective parameters and the development of an as-
sessment algorithm are shown.

This work demonstrates how representative images can be selected from a plurality of
images showing different varieties of aberrations. These selected images are then
used for test person’s questionings. It is shown that clustering methods (k-means, ward,
and mean-shift) are able to split the amount of data into some subgroups. The centres
of the clusters are the representative images, which are labelled by the test persons.
This ensures that the determination of the subjective evaluation is made considerably
easier. Likewise, the effort of the customer surveys is reduced because only 1 image of
each cluster must be rated by the participants. Afterwards, the statements of the test
persons result in the assessment algorithm. In contrast to the standard limit value con-
sideration, methods of machine learning are implemented as assessment algorithm.
The simple limit value analysis is the standard method to find the customer suitability of
the HUD images [EICHHORN & ZINK 12], [SCHNEID 09: p. 23]. Unfortunately, this simple
method has a great weakness. Even simple combinations of various aberration types
cannot be considered. Thus, methods of machine learning are now applied, which no
longer show this weak point. It is shown that these methods can result in more accu-
rate results than the limit consideration method. As assessment algorithm, the polyno-
mial classifier, the nearest neighbour classifier and the learning vector quantisation are
applied. The results are then compared with those of the limit consideration.

In this thesis, it is shown for the first time that the perceived quality of HUD images can
be mapped by methods of machine learning. With the help of clustering methods, the
images are split into groups where the images in each group show no subjective differ-
ence. Thereafter, classification methods are used to evaluate the perceived quality of
HUD images. This technique is quite new and has not been used in practice until now.

1.3 Structure of the thesis

The conceptual proceeding of the presented thesis is shown in Figure 2. It can be seen,
that the basic part consists of 3 chapters. First, chapter 2 introduces the fundamentals
of visual perception. It follows chapter 3, which analyses the head-up display system in
more detail. The end of the basic part forms chapter 4 that describes the used test en-
vironment.

The main part includes 3 chapters and shows the development of an assessment algo-
rithm for HUD images. In chapter 5, the subjective perception of varying levels of dif-
ferent aberration types is studied. Thus, objective features are defined to describe oc-
curring aberrations. Chapter 6 introduces the used processes and method, which are
needed to implement an assessment algorithm. Based on the findings of chapter 5, an
assessment system is implemented in chapter 7, which relies on machine learning
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methods. The thesis focuses on the assessment of the main aberration types like dis-
tortions, double images and the combination of both. First, the subjective quality as-
sessment is determined for representative HUD images. This is done through exten-
sive surveys. The representative images are selected by clustering methods like
k-means, ward, and mean-shift. Once the subjective labels are known, an assessment
system can be trained. The polynomial classifier, the nearest neighbour classifier, and
the learning vector quantisation are implemented. To find the best-suited assessment
algorithm, the results are compared with the findings of the conventional limit consider-
ation. Finally, it is shown that semi-supervised and active learning rules can influence
the classification results.

The presented thesis is completed with chapter 8, which gives the summary and the
conclusion.

Basic part
[ Chapter 2: Fundamentals of visual perception ]
[ Chapter 3: Head-up display ]
[ Chapter 4: Test environment ]

Main part — development of a new method for implementing an assessment algorithm

[ Chapter 5: Study of the subjective perception ]

[ Chapter 6: Used processes and methods ]

[ Chapter 7: Development of an assessment algorithm ]
Final part

[ Chapter 8: Summary and conclusion ]

Figure 2: structure of the presented thesis



Chapter

damentals of
ual perception

Since the head-up display system is a purely visual system, the basics of visual
perception are introduced. This chapter is used to analyse the nature of light, the hu-
man eye, and the resolution of the eye. Afterwards, it is investigated how it comes to
accommodation, and adaption of the eye.

2.1 Nature of light

We perceive about 80% of the information from our environment by sight. All other
senses, such as tasting, hearing, feeling, and smelling give a low percentage of infor-
mation [DAHM 06: p. 41]. The information carrier for our eyes is the light, which is the
visible part of the electromagnetic radiation. The wavelength of the visible light is in the
range from 380 nm (violet) to 780 nm (red)' [HARTEN 74: p. 281].

Objects of our environment can be divided into 2 groups: bodies that emit light, and
bodies that do not emit light. The non-self-luminous bodies can only be seen, if light
emitted from a light source is reflected by the body [WINTER 42: p. 72f]. In summary, we
can only see objects if the emitted or reflected light enters our eyes [HARTEN 74:
p. 248-311].

The virtual image of the HUD is generated by a full-colour TFT display [BLUME et al. 13:
p. 5]. Thereby, only the LED backlight is self-luminous. All other components emit no
light. The generated image can only be seen because the emitted light rays are di-
rected through a complex optical system into the driver's eyes. For details, see chap-
ter 3.3.

2.2 Structure and function of the human eye

The eye is a sensory organ for the perception of light stimuli. It is part of the visual sys-
tem and enables us to see. A horizontal cross-section of the human eyeball is shown in
Figure 3. The front of the eye is covered by a transparent surface called the cornea.
The remaining outer cover, the sclera, is composed of a fibrous coat that surrounds the

T Wavelength of the visible radiation [HARTEN 74: p. 281]:
violet: 380 nm — 430 nm, blue: 430 nm — 490 nm, green: 490 nm — 570 nm,
yellow: 570 nm — 600 nm, orange: 600 nm — 640 nm, red: 640 nm — 780 nm
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choroid, a layer containing blood capillaries. The light rays striking the eyes pass
through the cornea, anterior chamber, pupil, lens, and vitreous to the retina. There, an
inverted, real image is formed, which is passed through the visual nerve to the brain
[GREHN 08: p. 3-16].

The amount of light that enters the eye is controlled by the iris, which acts as an aper-
ture. This light is bundled on the retina surface by the lens that changes its shape for
focusing on near and distant objects. This change is realised by the ciliary muscle,
which is fixed by zonules to the lens [GREHN 08: p. 3-16].

Cornea
Anterior chamber

Lens

Vitreous

Choroid and sclera

Visual nerve

Own illustration adapted from [GREHN 08: p. 4].

Figure 3: horizontal cross-section of the human eyeball

The retina consists of approximately 126 million photoreceptors that can be divided into
2 types, the rods, and the cones. The rods are long slender receptors, and the cones
are generally shorter and thicker in structure. About 120 million rods represent the ma-
jority of the photoreceptors. They are responsible for the luminance sensation and re-
act most sensitive to blue-green light of about 500 nm wavelength. In contrast, the
6 million cones are sensitive to light and are responsible for colour vision. 3 types of
cone cells exist, each with a different spectral sensitivity (red, green, blue). Put together,
they give an impression of colour [MEYER 08].

The rods and cones of the retina are distributed based on a horizontal line, the visual
axis. However, we can only see well with a small area of the retina, called fovea, which
covers only 2° of the visual angle. This area contains many cones and is the region of
sharpest photopic vision. During the viewing process, the eye performs minimal move-
ments. The brain creates from the different sharp seen information 1 image [DAHM 06:

p. 441].

2.3 Resolution of the eye

The resolution of the eye is limited by the finite size of the cones and the distance from
the cones to the retina. With the help of the reduced eye model, it is possible to find the
minimal resolution angle. In this simplified model, the refractive elements of the eye,
the cornea and the lens, are represented by a single surface. The intersection point? is

2 The intersection point is the point on the optical axis, where light rays falling in at a certain angle, emerge
on both sides at the same angle [BILLE & SCHLEGEL 05: p. 3].
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in the centre of curvature. The distance between the retina and the intersection point is
specified as 17 mm [BILLE & SCHLEGEL 05: p. 3].

In the fovea, the density of the cones reaches values between 50000 per mm? and
300000 per mm?, depending on the eye. That corresponds to an average cone dis-
tance between 2 um and 5 um [CURCIO & ALLEN 90]. Thus, the minimal resolution angle
of the eye could be determined, as shown in Figure 4.

o: visual angle

K: intersection point

der. distance of the cones in the fovea
dk =~ 17 mm dn: distance retina to K

Own illustration adapted from [BILLE & SCHLEGEL 05: p. 11].

Figure 4. minimal resolution angle based on the reduced eye model

Based on these geometrical conditions, a mathematical rule for the determination of
the visual angle can be determined, as shown in Equation 1.

tan %o =&L = g, =2-arctan &L
2 2 d, 2 d,

o: visual angle, decr. distance of the cones in the fovea, dw: distance retina to intersection point K

Equation 1: calculation of the minimal resolution angle of the eye

By rearranging the equation, and inserting the given values from the reduced eye mod-
el, the minimal resolution angle & is approximately determined as 0.017°. This roughly
corresponds to 1’ (1 minute of arc) [GREHN 08: p. 35].

In this thesis, the minimal resolution angle is required to determine the pixel size in the
virtual HUD image; see chapter 3.4.

2.4 Adaptation of the eye

Adaptation refers to the ability of the eye to adapt to different levels of brightness. In
this process, the width of the iris is changed and the pupil size is adjusted, shown in
Figure 5. The course and the time of the adaptation depend on the luminance values at
the beginning and at the end of brightness change. During the light to dark adaptation,
the vision process changes from cone vision to rod vision. This reduces both the
sharpness and the colour perception. Additionally, the pupil is dilated so that the eye
can absorb more light. Since the light sensitivity of the rods depends on the rhodopsin?
concentration, a larger quantity of this substance has to be produced. This makes the

3 Rhodopsin is a visual pigment, which is required to control the activity of the photoreceptors [GREHN 08].
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eye more sensitive to light. The adaptation process from light to dark can take up to
35 minutes.

/-.\ - a .
\-—/ \_-/
a) b)
a) in the darkness, the pupil is dilated and much light can fall into the eye
b) good light conditions lead to a narrowing of the pupil
Own illustration adapted from [DAHM 06: p. 42].

Figure 5: adaptation of the iris to the ambient light

Against it, the eye can adjust within 2-5 minutes from dark to bright. The circular mus-
cle of the iris contracts, the pupil becomes smaller so that less light hits the retina. Dur-
ing high light exposure, the rhodopsin degenerates and the light sensitivity of the eye
decreases [GREHN 08: p. 49f].

A great advantage of head-up display systems in vehicles is that the adaptation time of
the eye is reduced. For more details, see chapter 3.5.7.

2.5 Accommodation of the eye

To focus objects at different distances, the eye changes its refractive power by altering
the curvature of the flexible lens. The lowest optical fraction power of the lens is during
minimal adjustment. The ciliary muscle, which affects the curvature of the lens, is com-
pletely relaxed and the lens is flat. If this muscle changes its tension, the lens changes
to a curved shape. Thus, the focus point is moved closer (maximum accommodation),
as shown in Figure 6. With the age, the lens loses its elasticity due to loss of water and
the near point continues to move away from the eye [GREHN 08: p. 378f].

a) minimum adjustment: relaxed ciliary muscle, stressed zonule, flat lens
b) focus (accommodation): stressed ciliary muscle, relaxed zonule, curved lens

Own illustration adapted from [GREHN 08: p. 378].

Figure 6: accommodation of the eye

During the use of a head-up display system, the accommodation time for the eyes is
decreased, as shown in chapter 3.5.1.



Chapter

d-up display

Over the years, the display technology in vehicles has changed significantly. For-
merly, the original purpose of displays was the visualization of measured values from
the vehicle. The first sign was a coolant thermometer, which was screwed on the radia-
tor. The tank level indicator, the speedometer, the total distance recorder, and much
more came shortly after. The clock was the first information source, which was not di-
rectly related to the vehicle state [MEROTH & TOLG 07: p. 79f].

Today, the displays are no longer limited to the instrument cluster. With the
head-up display system (HUD), it is possible to project data in the driver’s field of view.
Automotive suppliers and manufacturers celebrate the head-up display as a great nov-
elty. However, the system is already a few decades old. The roots of the HUD are in
the military domain. Fighter jets have used the new display technology for years, to
support the pilot in precarious situations. Then the display found the way into the civil
aviation. Finally, in the 80s, General Motors offered, as first automobile manufacturer,
the HUD system for vehicles. In addition, General Motors launched 2001 the first col-
oured variant in some cars. 2 years later, the first European car manufacturer BMW
followed [KAUFMANN 04].

The idea of the head-up display is to have all relevant information during the car trip
directly in the field of view. Therefore, the HUD (composed of a picture generation unit
and complex mirror optics) is installed in the dashboard between the instrument cluster
and the windscreen. The generated light rays are reflected by the mirrors and the
windscreen. Due to the optical perception, the virtual image appears to hover above
the hood [GOTZE & BENGLER 15], [KAUFMANN 04], as shown in Figure 7.

lllustration taken from [CONTI MICRO 14].

Figure 7: the virtual image appears to hover over the hood
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The HUD systems can display different content. Basic information (current speed, turn
indicator), speed limits, navigation instructions and details from driver assistance func-
tions (road signs, distance warning) belong to it [JORDAN 14], as shown in Figure 8.

km/h
LANDHAUSSTRASSE 0 1

2 (180" )@

Own illustration [KOPPL et al. 16] adapted from [JORDAN 14].

Figure 8: the virtual image shows driver relevant information

This chapter is used to get an idea of the head-up display system. First, the physical
principles and the functionality of the HUD are discussed. Subsequently, the HUD-pixel
size is determined and the interaction between man and machine via HUD is identified.
Finally, it is investigated which kind of aberrations can occur and how they can be cor-
rected.

3.1 Physical principles

The basic principle of the head-up display is the superposition of data with the real en-
vironment. Thereby the information is presented as a virtual image. To understand the
origin of such a virtual image, the physical background is described briefly. In addition,
the used vehicle coordinate system is shown.

> Law of reflection: during reflection, the light encounters a change in direction.
Thus, the angle of incidence and the angle of reflection have the same size
[HARTEN 74: p. 255ff], as shown in Figure 9.

a o a=ada a: angle of incidence,
’ .
« : angle of reflection

Own illustration adapted from [HARTEN 74: p. 255].

Figure 9: law of reflection

> Law of refraction: light propagates straight-lined. It encounters a change in direc-
tion during the transition of interfaces between media with different refraction
indices [HARTEN 74: p. 257ff], as shown in Figure 10.

\Q; n+ S”’(a)‘n‘, :Slr(ﬂ)nZ
na a: angle of incidence,
B B: angle of refraction
Own illustration adapted from nx. refraction index medium x
[HARTEN 74: p. 257].

Figure 10: law of fraction
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> The interaction between light and material: light rays that hit an object are partly
reflected, partly transmitted, and partly absorbed, as shown in Figure 11. The
sum of reflected, transmitted, and absorbed light is equal to the incoming light
[Felder 11: p. 89].

A part of the light A part of the light is absorbed
is refracted and A part of the light is reflected
transmitted

Windscreen — Incoming light rays
from the head-up-display

Own illustration adapted from [FELDER 11: p. 89].

Figure 11: reflection, transmission, and absorption of light rays

> Virtual image by plane mirrors: plane mirrors generate virtual objects with the
same size but mirror-inverted. If the reflected rays from the mirror fall in our
eyes, we consider a straight course of the rays and the object emerges as a
virtual image behind the mirror. The distance of the object in front of the mirror
is equal to the perceived distance of the mirrored object behind the mirror
[HARTEN 74: p. 255ff], as shown in Figure 12.

= .‘.'A' The object G is mirrored and the

B virtual image B is created.

Own illustration adapted from [HARTEN 74: p. 256].

Figure 12: formation of a virtual image on a plane mirror

> Virtual image by focusing lenses (magnifier glass): if the object is arranged within
the focal length, an enlarged virtual image is created. The image is upright,
true-sided, and in the object space. Behind the lens, the rays do not intersect
[HERING et al. 09: p. 288f], as shown in Figure 13. The virtual image is per-
ceived at a greater distance than the object.

» Focal ray

— b

Virtual object Object Parallel ray

T

F: focal point Central ray

Own illustration adapted from [HERING et al. 09: p. 289].

Figure 13: principle of the enlargement with a magnifier glass

> The principle of the enlargement with a concave mirror: concave mirrors combine
the properties of mirrors and lenses. If the object is located within the focal
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length, the virtual image is always upright, inverted, and enlarged. For the
viewer, the virtual image is behind the mirror [HERING et al. 09: p. 279], as
shown in Figure 14.

. Focal ray

. Central ray
Virtual object Object F c

F: focal point; C: centre of the concave mirror
Own illustration adapted from [HERING et al. 09: p. 279].

Figure 14: principle of the enlargement with a concave mirror

> Used coordinate system: the used orthogonal vehicle coordinate system is
shown in Figure 15. The X-axis points in the opposite direction of the driving
direction, the Z-axis upwards, and the Y-axis towards the passenger side
[SEIFERT 05: p. 29].

Own illustration adapted from [SEIFERt 05: p. 29], [DAIMLER AG].

Figure 15: used vehicle coordinate system

3.2 Appearance of optical aberrations

This chapter is used to introduce the formation of optical aberrations. Optical aberra-
tions are regular abnormalities, which are created by real optical elements compared to
ideal elements [BILLE & SCHLEGEL 05: p. 9]. 2 groups of optical aberrations exist, chro-
matic and monochromatic aberrations.

3.2.1 Chromatic aberrations

Chromatic aberrations are caused by dispersion. It is expressed in the fact that refrac-
tive indexes depend on the wavelength of the incident light. Thus, chromatic aberra-
tions split the light into its constituent parts and could be lateral colour or longitudinal
colour, as shown in Figure 16 [THONIR 04: p. 6-10].
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Longitudinal chromatic aberrations are caused by the fact that different colours show
varying focal points. It describes the difference between the intersection points of the
smallest and largest wavelengths with the focal plane [THONIR 04: p. 6-10].

Light ray Display level

B: blue, G: green, R: red

L

Longitudinal colour Lateral colour

Light of different wavelengths is unequal refracted at the edge of the lens.
Own illustration adapted from [THONIR 04: p. 6-10].

Figure 16: formation of longitudinal and lateral chromatic aberrations

Lateral chromatic aberrations occur on the projection level in the vertical direction and
lead to colour changes in the image. They arise due to the longitudinal chromatic aber-
rations and the colour depending focal points [THONIR 04: p. 6-10].

3.2.2 Monochromatic aberrations

Monochromatic aberrations are independent of the wavelength. There exist mono-
chromatic aberrations that display the image out of focus, e.g. spherical aberration,
coma, astigmatism, and those that deform the image, e.g. curvature of field and distor-
tion.

»  Spherical aberration: after passing through a lens, incident parallel rays with differ-
ent distances to the optical axis have varying focal distances, as shown in Fig-
ure 17. The complete image has a low contrast and details are less visible
than expected [THONIR 04: p. 10f].

Rays that hit the interface at
a greater distance from the
optical axis are bundled at a
shorter distance.

Own illustration adapted from [THONIR 04: p. 12].

Figure 17: spherical aberration

» Coma (asymmetrical error): coma occurs if oblique light rays strike the optical ele-
ment, as shown in Figure 18. The emergence is based on the formation of the
spherical aberration. However, the impact is stronger due to the oblique inci-
dence angle. The image of sharply defined objects is blurred [THONIR 04:

p. 13f].
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j&

T During passing an optical .system,
light rays lose a part of its sym-
metry characteristic.

Own illustration adapted from [THONIR 04: p. 13].

Figure 18: coma (asymmetrical error)

»  Astigmatism (focus error): astigmatism occurs if optical elements have different
curvatures in horizontal and vertical direction. Rays in the meridional plane in-
tersect at another point than the rays in the sagittal plane. Thus, different focal
distances for horizontal and vertical lines exist. The distance between the 2
focal lines is called astigmatism and is perceived as blurring [THONIR 04:
p. 14-16], as shown in Figure 19.

O: object,
M: meridional plane, S: sagittal plane,
Fwm: focal line meridional, Fs: focal line sagittal

A lens with different curvatures has 2 focal lines (meridio-
nal plane and sagittal plane) instead of a focal point. The
distance between these lines is called astigmatism.

Own illustration adapted from [THONIR 04: p. 15].

Figure 19: astigmatism (focus error)

> The curvature of the field: the image is not mapped on a flat layer but on a curved
surface. Therefore, not all image points can be focused simultaneously. If the
centre of the image is focused, the edges are blurred and vice versa. This er-
ror arises due to the fact, that abaxial rays are displayed closer to the optical
axis as centred rays [THONIR 04: p. 16f], shown in Figure 20.

The image is not displayed
on a plane surface, but on
a curved region.

Own illustration adapted from [THONIR 04: p. 16].

Figure 20: curvature of field

> Optical distortion: a distorted image shows a dissimilar geometry than the object.
This is based on the spherical aberration. The reproduction scale changes
rotation-symmetrically with increasing the distance from the optical axis. The
occurring dissimilarity can either be pincushion distortion or barrel distortion
[THONIR 04: p. 17-19], as shown in Figure 21.
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If the scale decreases towards the image
- - border, a pincushion distortion appears. A
barrel shape is generated, if the scale

Pincushion distortion Barrel distortion increases towards the image border.

Own illustration adapted from [THONIR 04: p. 18].

Figure 21: different types of optical distortions

3.3 Functionality of the head-up display

The HUD is generally composed of a picture generation unit, mirror optics, and a spe-
cial windscreen, as shown in Figure 22. The picture generation unit consists of an
LCD-TFT display with LED backlights [CONTI 14]. A special light sensor, on the top of
the roof, automatically adapts the display brightness to the surrounding light conditions.
Thus, the brightness is adjusted dynamically to the particular situation and the readabil-
ity is assured for both day and night [JORDAN 13].

The optic module directs the light rays from the picture generation unit to the wind-
screen. It consists of a fixed plane-folding mirror and a rotatable aspherical-concave
mirror. The fixed plane mirror enables, based on the distracting properties, a convolu-
tion of the optical path. The aspherical mirror combines the displaying and the distract-
ing proprieties. It enlarges the virtual image and enables through its rotation a height
adjustment [SCHNEID 09: p. 6ff]. The projection distance of roughly 2 m results from the
artificial extension of the ray path by the optic module [SCHNEID 09: p. 6ff]. Likewise,
the size of the virtual image (210 x 70 mm [JORDAN 13]) is mainly determined by the
enlarging properties of the concave mirror.

| Projection distance: 2 m
I 'I

Windscreen

Virtual image \
Size: 210 x 70 mm

Light trap Glass cover
Optical path
Aspherical mir-
ror (rotatable) .
L Plane mirror

LED light source —— LCD-TFT display

HUD housing

Own illustration adapted from [CONTI 14]; detailed information see [JORDAN 13], [CONTI 14].

Figure 22: functional description of the head-up display

The cover of the HUD housing consists of a glass plate. Thus, the optical elements are
protected from dust and scratches. In addition, a light trap is mounted in front of the
glass cover. It prevents that incident light is reflected towards the driver. Thus, stray
light effects are prevented and a faultless projection, from the display information to the
windscreen, is guaranteed [CONTI 14].
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The windscreen is used as projection area for the virtual image and serves as the final
semi-transparent mirror. However, the resulting image is not perceived as a reflection
in the windscreen. Based on the main light translucent quality of the windscreen, the
virtual image appears to hover above the forefront of the hood [SCHNEID 09: p. 6ff].

To see the virtual image, the eyes of the driver must be located within the
head motion box (HMB). This is the range within the Y-Z plane, where the driver can
perceive the virtual image [SCHNEID 09: p. 6], [CONTI 14], as shown in Figure 23. The
used vehicle coordinate system is shown in Figure 15.

Windscreen Eyebox
Virtual image
125 mm HMB ] 40mm
7 B
©130mm
HUD housing
Head motion box: range where the eyes of the driver could perceive the virtual image.
Eyebox: range for the height adjustment of the head motion box.
Own illustration adapted from [CONTI 14]; detailed information see [SCHNEID 09: p. 25].

Figure 23: eyebox and head motion box

The dimension of the optical elements and the extent of the outlet port define the max-
imum size of the visible light rays and so the size of the HMB. With the help of the ro-
tatable concave mirror, is it possible to do a height change of the virtual image and of
the head motion box. Thereby, the position of the virtual image can be adjusted to the
size of the driver. The range of the possible height adjustment is named eyebox. The
eyebox represents the vertical range in Z-direction where the driver could adjust the
head motion box [SCHNEID 09: p. 6ff], [CONTI 14]. A placement of the virtual image and
the head motion box in the horizontal direction is unfortunately not possible. A typical
size for head motion box is 130 x40 mm, with a possible height adjustment of
+42.5 mm [SCHNEID 09: p. 25].

To ensure a good readability of the virtual image, a maximal luminance of 10000 Cd/m?
is realised [JORDAN 13]. Due to luminance losses in the optical path, the luminance of
the LCD-TFT display is adjusted accordingly. For the optical elements of the HUD, a
reflection coefficient of 80% can be estimated for both polarised and unpolarised light.
The windscreen exhibits reflection coefficients of 25% and 13% for polarised and
unpolarised light [SCHNEID 09: p. 7f]. Out of it, a TFT display luminance of 50000 Cd/m?
for polarised light and 96154 Cd/m? for unpolarised light is determined*.

4 For comparison, some typical light density values, unit Cd/m?2:
mean clear sky: 8000 night sky with full moon: 0.1 disk of the sun at noon: 1.6-10°
xenon lamp: 5-10° halogen lamp wire: 30-10° mat 60-W bulb: 120-10°
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3.4 Determination of the HUD-pixel size

Our eye can still distinguish 2 object points with an angular distance of about 1’
(1 minute of arc). This is the smallest resolvable visual angle, as shown in chapter 2.3.
The general illustration of the visual angle is shown in Figure 24. Thus, it is possible to
determine the minimal detectable size in the virtual HUD image.

Object

r: viewing distance,
g: object height,
go: visual angle

Own illustration adapted from [LUDERS 06: p. 245].

Figure 24: demonstration of the visual angle

Based on the virtual image, r represents the viewing distance of 2 m. The minimal vis-
ual angle & indicates the resolution of the human eye with 1’. The object size g is the
height of the smallest perceptible part in the virtual image.

By identifying a calculation rule for the object size and inserting values for viewing dis-
tance and visual angle, the smallest detectable size in the virtual image is 0.58 mm,
according to Equation 2.

gztan(g—;j-r-Z, = tan(%j-Zm-2z0.58mm

g: object size, r: viewing distance, «: visual angle

Equation 2: minimal detectable size in the virtual image

For the following calculations, a HUD-pixel in the virtual image has a height and width
of 0.58 mm x 0.58 mm. If the size of the virtual image (210 mm x 70 mm) is divided by
the HUD-pixel size, the resolution of the virtual image is determined. The virtual image
has a resolution of 362 HUD-pixel x 120 HUD-pixel.

3.5 Interaction between man and machine via HUD

The HUD can be activated or deactivated via a button in the driver assistance bar. By
settings in the instrument cluster menu, the driver can adjust the height of the virtual
image. In addition, the display content and the brightness could be adapted individually.
In vehicles with seat memory function, the chosen HUD settings are stored. The values
are readjusted as soon as the driver has called the stored seating position [KRUSE 14].
If the driver has adapted the virtual image to its needs, the use of the HUD has some
advantages and unfortunately some disadvantages.
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3.5.1 Advantages using the head-up display

A driver takes about 1 second to read the speed from the tachometer. The duration of
the deflection is influenced by 2 factors. On the one hand, the view is actually averted
from the street to look at the dashboard. Contra wise, the accommodation, the process
to focus the eyes, take its time. Researchers have calculated that the state of distrac-
tion could be reduced to 0.5 seconds by using the head-up display [KAUFMANN 04]. The
reason is that the virtual image is displayed directly in the field of view. The driver does
not avert the eyes from the road and the amount of accommodation is lower. This is
because the displayed image is about 2 m away from the driver and not like the dis-
tance to the speedometer with roughly 25 cm [KAUFMANN 04].

In addition, an external light sensor adapts the luminosity of the virtual image to the
ambient light. Thus, when focussing on the virtual image, the same light conditions are
given and the adaptation time is negligible. This is the time, which would be needed to
adjust the eyes from the sunlit street to the dark dashboard [MiLICIC 10: p. 44]. Due to
these advantages, the driver has its gaze always on the road and can react faster to
unexpected incidents. This is how the head-up display makes the driving not only more
user-friendly and comfortable but safer at the same time [KAUFMANN 04].

3.5.2 Disadvantages using the head-up display

Despite the described advantages (i.e., reduced re-accommodation, fewer eye/head
movements, increased eye-on-the-road-time) it is explicitly warned against cognitive
capture or attentional tunnelling. This refers to the non-perception of objects, due to the
limited processing capacity of the human brain. Mainly older drivers are affected.
Thereby, the attention of the driver is drawn apart from the driving situation and is di-
rected to the virtual head-up display image. This is done subconsciously without the
active intervention of the driver. The result could be that the driver reacts too late to
critical situations [GISH & STAPLIN 95: p. 6].

3.6 Optical aberrations in HUD systems

Many optical elements are involved to generate a virtual image above the engine hood.
Here, it is investigated if occurring optical aberrations affect the image quality. The for-
mation of optical aberrations is explained in chapter 3.2. Chromatic aberrations are
strictly related to the refraction in a lens. Since the head-up display system does not
include any lens, the longitudinal colour and the lateral colour can be ignored [DiAz 05:
p. 41]. The spherical aberration is caused by ball-shaped reflection surfaces. This kind
of monochromatic aberration is suppressed by the use of properly designed and heavi-
ly controlled aspherical mirrors. Thus, coma and field curvature are also negligible in
HUD systems [DIAz 05: p. 42].

In contrast, the windscreen has different radii in the horizontal and vertical direction.
This means that a distorted astigmatic image is produced. If astigmatism becomes too
large, symptoms like headache, eyestrain, fatigue, and blurred vision are detected.
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Thus, only astigmatism and optical distortions influence the image quality [DiAz 05:
p. 21, 42].

3.7 Origin and types of HUD typical irregularities

Besides to optical aberrations, many irregularities exist, which are only caused by the
HUD composition of the vehicle. The quality of the virtual image is affected by assem-
bly tolerances of the head-up display in the dashboard, the quality of the windscreen,
and the poor manufacturing of the involved components. In the following sections, the
individual irregularities are identified as distortions, double images, binocular misalign-
ment, and dynamic variance.

3.7.1 Distortion formation in the vehicle

Distortions describe the difference between the real and the desired image geometry
[MiLicic 10: p. 17]. Regardless of optical distortions, there are other sources of defects,
which cause HUD typical distortions. The primary challenge is the curvature and the
waviness of the windscreen. The plane image from the TFT display is projected on the
curved surface and the resulting virtual image is deformed. Distortions also emerge
based on assembly tolerances. The HUD housing and the windscreen can be installed
only up to a certain accuracy. Such inaccuracies could affect the image quality, see
chapter 4.3.

Possible types of distortions are rotation, trapezoid, aspect deviation [EICHHORN &
ZINK 12], misalignment, smile or local magnification [NEUMANN 12: p. 17, 33],
[KOPPL et al. 16], as shown in Figure 25.

|
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Own illustration adapted from [HAN 05], [EICHHORN & ZINk 12], [NEUMANN 12: p. 17, 33].

Figure 25: example images with HUD typical geometric distortion types

Depending on the type of impact, one or more geometrical distortions can occur simul-
taneously. The perceived distortion of the virtual image results from the combination of
all single types of distortions.
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3.7.2 Double image effect - formation of the ghost image

The virtual image of the head-up display is formed by reflections at the windscreen.
The windscreen, which is the last semi-transparent mirror, is made of 2 glass plates
that are separated by a PVB?® interlayer. As the light is also reflected at the inner and
outer sides of the windscreen, a disturbing double image is created, shown in Figure 26.

Only the light rays,
which strike the driver’s
eye, are shown.

The incident light ray is reflected at the
air-glass interface and additionally
HUD housing transmitted and refracted at the glass-
air interface.

Virtual images

Own illustration adapted from [SCHNEID 09: p. 14].

Figure 26: formation of a double image on a parallel windscreen

The incident light ray strikes the inner plate of the windscreen. At the air-glass interface,
the light rays are partly reflected and partly transmitted. The driver can see the reflect-
ed part of the light as a primary virtual image. The transmitted percentage of the light is
refracted, and the rays strike the outer plate of the double-glazing. At the glass-air in-
terface, a part of the light is reflected back to the inner glass plate [SCHNEID 09:
p. 13-16]. The remaining part of the light is transmitted and is observable from above,
e.g. from a bridge looking down, over a small viewing angle [OTT & POGANY 09: p. 42f].
Back on the inner glass plate, a part of the light is refracted and transmitted at the
glass-air interface. Thus, the driver can perceive an extra virtual image. The second
image is in a slightly different position to the primary image and is called double image
or ghost image [SCHNEID 09: p. 13-16]. In summary, the images are formed on the in-
ner glass plate. The primary image is generated at the air-glass interface and the dou-
ble image at the glass-air interface.

If a parallel windscreen is considered, the 2 images are displaced horizontally by an
offset AZ. This offset is dependent on the thickness of the windscreen, the angle of
incidence, and the refraction indices of air and glass. The exact calculation of the offset
can be traced based on Figure 27.

Using the law of reflection, the angle of the reflected primary image «' can be deter-
mined as: a = «'. The angle of refraction g is determined for the air-glass interface, ac-
cording to the law of refraction.

5 PVB is the abbreviation for polyvinyl butyral. It is assumed that the PVB interlayer has almost the same
refraction index as the 2 glass-plates.
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Parallel windscreen

Virtual images

HUD housing

Own illustration adapted from [SCHNEID 09: p. 14].

Figure 27: sketch for calculating the offset AZ for a parallel windscreen

The trigonometric functions of the right triangle ABC give tan(f) =0.5 - AY -d”" and
thus AY =tan(p) - 2 - d. For the right triangle ADE can be supposed that & =90°- «/,
sin(g) =AZ - AY™" and so that AZ =AY - sin(90°- ). Thus, it is possible to find a gen-
eral calculation rule for the distance between the virtual image and the double image,
shown in Equation 3.

AZ =tan(p)-2-d-sin(90°- ), with S = arcsinL—Sm(a)' ”airJ
glass

AZ: distance between the images, «: angle of incidence, 5. angle of refraction,
n: refraction index, d: windscreen thickness

Equation 3: horizontal offset between the images for a parallel windscreen

By applying the following given values (@ = 70°, d = 8 mm, nair = 1, Ngass = 1.5), the dis-
tance 4Z amounts about 4.39 mm.

In the vehicle, the windscreen is not parallel. Depending on the complex non-
symmetrical curvature, the secondary image may show a horizontal and vertical dis-
placement, shown in Figure 28. In addition, the distance between the appearing double
image and the primary image is not constant over the entire image.
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Own illustration.

Figure 28: various distinct horizontal and vertical double images
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3.7.3 Dynamic variance and binocular misalignment

Due to the complex geometry, the windscreen exhibits a different curvature and wavi-
ness at each point. Thus, the virtual image shows varying aberrations (distortions and
double images), viewed from different eyebox positions [MiLICIC 10: p. 17]. If the driver
moves his head within the HMB, aberrations could be perceived that change dynami-
cally. The permanent variation of distortions and double images, even with slight head
movements, is referred as dynamic variance [NEUMANN 12: p. 17]. It is also possible
that the images for the right and the left eye are unequal. If the difference between the
2 images gets too large, the brain finally recognizes the 2 images no longer as belong-
ing together. Binocular misalignment is the result. It occurs if a single object in the HUD
image cannot be lined up on the retina with a suitable fixation, due to varying aberra-
tions. The results are visual fatigue, binocular rivalry, and headache [GISH & STA-
PLIN 95: p. 15].

3.8 Prevention and correction of possible irregularities

The introduced irregularities can be eliminated with varying degrees of success. This
chapter gives a short view of possible correction alternatives for distortions and double
images.

3.8.1 Image warping — avoiding distortion

Distortions arise due to the optical system, the curvature of the windscreen, and as-
sembly tolerances in the vehicle. It is tried to suppress occurring distortions by image
warping. Warping assumes that an undistorted image is transformed to a distorted im-
age by an optical system. Thus, a suitable pre-distorted image passed through the op-
tical system is converted into a straight image [MiLICIC 10: p. 17], shown in Figure 29.
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A suitable pre-distorted image passed through the optical
system is converted into a straight undistorted image.

Own illustration.

Figure 29: pre-distorted image on the TFT display and undistorted virtual image

The pre-distortion is described mathematically by 2D coordinate transformations
[MiLicic 10: p. 17]. To determine the pre-distortion, a few sampling points are distribut-
ed on the display. It is calculated, how these points need to be shifted on the display to
project a virtual image, which is free of distortions. Intermediate points are interpolated
[NEUMANN 12: p. 17, 84].
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Warping is only successful if the distortion is constant. Unfortunately, distortions
change dynamically over the eyebox area. Thus, an average adaption over the com-
plete range can be generated [MiLICIC 10: p. 17]. Consequently, the dynamic variance
and the binocular misalignment are also reduced.

3.8.2 Avoidance of double images

The windscreen generates 2 dislocated images. The primary image is generated at the
air-glass interface and the second image at the glass-air interface. Since the second
reflection cannot be avoided, the 2 images are superposed. Thus, special HUD wind-
screens are necessary, which are produced with a wedge-shaped PVB layer. This lay-
er tapers in the direction of the engine bonnet [SCHNEID 09: p. 13-16], as shown in Fig-
ure 30.

Only the light rays, which
strike the driver’s eye, are
shown.

Through the wedged-shape
design of the windscreen, the 2
HUD housing images overlay one another.

Virtual images

Own illustration adapted from [SCHNEID 09: p. 15].

Figure 30: windscreen with wedge-shape design to eliminate double images

The consequence of this wedge-shape is that the mirrored light rays are reflected at
different angles. Thus, the 2 images overlay one another. Consequently, the driver
sees the 2 images overlapped, giving the impression that only 1 exists. A mathematical
sketch for the calculation of the wedged angle y is illustrated in Figure 31.

For having 2 virtual images that overlay one another, the reflected light rays must be at
a certain angle to each other. The angle p can be calculated as p = arcsin(4Z-4X™).
The law of reflection provides that 6=6" According to the wedge-shape of the
windscreen, the angles are connected in the following ways: A =a+p, 6 = +y and
=0+7.
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Windscreen
Wedge-shaped design

Virtual images

HUD housing

Own illustration adapted from [SCHNEID 09: p. 15].

Figure 31: sketch for the mathematical calculation of the wedge angle

Out of this, the equations w=+2 -y and y=0.5 - (o — ) can be derived. With the
knowledge that » could be determined by the law of refraction, a general calculation
rule for the wedge angle yis proposed, according to Equation 4.

y=0.5- (a)— ,3), with o= arcsin(MJ , with p= arcsin(%j

nglass

y: wedge angle, a: angle of incidence, n: refraction index, S: angle of refraction, p: angle be-
tween the reflected light rays

Equation 4: wedge angle of the windscreen

By applying exemplarily given values (a=~70° pB~38.79° nar~1, Ngass~1.5,
AX ~ 1.5 m, AZ ~4.39 mm), the angle y amounts about 0.025° or 0.436 mrad.

Like the pre-distortion of the virtual image, the design of the wedge angle is only possi-
ble for constant double image distances. Unfortunately, this is not given by a curved
windscreen. Thus, a perfect overlay of the 2 images can only be achieved for the de-
sign point. By the complex non-symmetrical form of the windscreen, the wedge angle
does not ideally match the varying surface shape.

Besides, it must be ensured that the wedge-shape PVB layer is fitted properly between
the glass plates. Otherwise, the double images become visible again.

3.9 Investigation area of the thesis

In this work, only the subjective perception of distortions and double images is investi-
gated in detail. Disregarded are astigmatism, dynamic variance, and binocular misa-
lignment.
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5t environment

This chapter is used to show the test environments that are deployed to generate,
analyse, and assess different HUD images. Thus, the general procedure of the quality
estimation of HUD images is introduced first. Subsequently, the presentation of the
experimental setup and the generation of a database as basis for the assessment sys-
tem follow. The section for the preparation of the images for the subjective assessment
comes after. In the penultimate part of this chapter, the used test environment for the
subjective assessment of the HUD images is shown and the selection of suitable test
persons is presented. Finally, the standard procedure is described, which is usually
used to assess the quality of HUD images.

4.1 General procedure to assess the HUD image quality

The basic procedure to capture the quality of HUD images is introduced in
[EICHHORN & ZINK 12]. In summary, the quality estimation is carried out in 4 phases, as
shown in Figure 32.

Virtual image | Raw data Pre- Feature Assess- || Assessment
generated in I| generation processing extraction ment | of the per-
the laboratory : | . ) i : ceived image
i Camera Image pro- Objective Supervised ;
setup . . . . | quality
i image of the cessing evaluation learning |
| HUD image routines features tasks |
e 1

Own illustration adapted from [EICHHORN & ZINK 12].

Figure 32: general procedure to predict the perceived image quality

» Raw data generation: the base of operation is a camera image of the virtual
head-up display image.

»  Pre-processing: details from the camera image are extracted by image processing
routines. These details are then transferred into mathematical descriptions.

» Feature extraction: objective features values are calculated that describe the per-
ceived quality of the virtual image.

» Assessment: the presented thesis focuses on this phase. The quality assessment
of perceptible aberrations is achieved by methods of machine learning.
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4.2 Experimental setup for the generation of virtual images

For generating HUD images, an existing laboratory setup is used. The Daimler AG
owns a measuring construction that enables the generation of virtual HUD images. The
structure of the setup is similar to the test stand described in [SCHNEID 09: p. 21f]. It
consists mainly of a HUD, a windscreen and a driver's seat. The arrangement of the
individual components corresponds to the geometry in actual vehicles. The movable
mounting of the components allows the simulation of all translational and rotational
assembly tolerances. By sitting in the driver’s seat, the resulting virtual images can be
considered. In addition, the windscreen can be changed by simple hand movements.
Thus, not only assembly tolerances but also different double image occurrences could
be investigated. Since the visibility of double images depends mainly on the quality of
the windscreen, see chapter 3.8.2.

It is possible to generate a camera image of the virtual HUD image from different posi-
tions. These camera images are the base for further investigations. The camera posi-
tions, which are used in this thesis, are located in the centre, the upper left corner, and
the lower right corner of the eyebox [EICHHORN & ZINK 12], as shown in Figure 33. Ac-
cording to the used camera position, the HMB has to be adjusted in the upper, central,
or lower position.

Windscreen

Camera positions within the eyebox

uﬁig@ (2 upper left

HMB (@ centre

Virtual image

lower right 3)

HUD housing

The HMB is adjusted in central position;
camera images from position (D are possible.

Own illustration adapted from [EICHHORN & ZINK 12].

Figure 33: experimental setup for simulating aberrations

The camera positions and the assembly tolerances of the single components can be
adjusted very accurately. Therefore, the measurements are reproducible. Camera posi-
tions and assembly tolerances can be adjusted via an existing self-written software
from the Daimler AG. Thus, fully automated measurements are possible.

To analyse occurring distortions and double images, an already established test pat-
tern is displayed onto the windscreen. Test pattern requires characteristic points or
measuring marks that can be detected by accurate and robust image processing algo-
rithms. In this work, the camera images of the displayed test pattern are analysed
some existing image processing algorithms. These functions are developed by the
Daimler AG and implemented in HALCON. The used test pattern consists of 9 x 21
white squares with an enlarged central point [KEM 06], [EICHHORN & ZINK 12], shown in
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Figure 34. The central dot is known as the mass centre point or centre of gravity
[EICHHORN & ZINK 12].

Image is taken from [KEM 06].
Number of squares corresponds to [EICHHORN & ZINK 12].

Figure 34: used test image to detect aberrations

For distortion detection, the image processing algorithms calculate the centre points of
the 9x21 white squares. Each detected square is represented by its centre
x-y coordinates. The positions of the centre points describe the distortion of the image
[EICHHORN & ZINK 12]. Here, the 9 x 21 centre points are converted into 13 objective
features that describe the distortion of the image, see chapter 5.7. Additionally, the
pixel offsets between the measuring marks and the corresponding double images are
determined over the entire pattern [EICHHORN & ZINK 12]. The horizontal and vertical
offsets between the double image and the corresponding white square are calculated.
The pixel offsets are converted into 8 objective features that capture occurring double
image distances of the HUD image, see chapter 5.7.

4.3 Aberrations caused by assembly tolerances

The experimental setup described in the previous section is used to investigate which
assembly tolerances lead to visible aberrations. Functional and optical errors of the
HUD can be excluded, due to the 100% final inspection at the supplier [SCHUMM &
WORzISCHEK 11: p. 36]. Thus, the quality and the assembly of the windscreen, as well
as the assembly accuracy of the HUD in the dashboard could affect the image quality.

During a preliminary investigation, these inaccuracies are adjusted and the resulting
virtual images are assessed subjectively. This preliminary study has already been car-
ried out at the Daimler AG and is enhanced by this thesis to the subjective evaluation
of the images. Several test series show that assembly tolerances of the windscreen do
not lead to visible aberrations. The windscreen can be positioned wrongly or with re-
straints, but only negligible distortions and double images are generated. The genera-
tion of visible double images depends solely on the quality of the windscreen. To be
more precise, the generation of double images depends on the quality of the wedge-
shaped angle between the glass plates. This also explains why translational displace-
ments of the HUD lead to visible double image distances. By shifting the HUD, the light
rays hit no longer the design area of the windscreen. Outside this design range, the
wedge angle does not exactly correspond to the angle of incidence and the double
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images are no longer suppressed. In contrast, a rotated HUD generates visible distor-
tions and double images.

Next, a database of camera images is generated. These images show typical aberra-
tions in HUD images. The aberrations are created by the simulation of assembly toler-
ances. Thus, only assembly tolerances of the HUD are considered. The test pattern,
shown in Figure 34, is displayed onto the windscreen to analyse the images by existing
image processing algorithms. The image processing routines are developed by the
Daimler AG. 23625 different rotational and translational assembly tolerances of the
HUD are simulated. For each resulting virtual image, a camera image is made. The
measurement is executed with 3 eyebox positions and 2 pre-production windscreens.
Since the resulting double images depend on the quality of the used windscreen. Thus,
the adequate large number of 141750 images is accomplished (23625 different as-
sembly tolerances - 3 different eyebox positions - 2 windscreens).

The camera images are analysed by existing image processing routines to detect oc-
curring aberrations in size. The image processing is only possible if the enlarged cen-
tral point of the 9 x 21 white squares could be detected. Unfortunately, this is only the
case for 141263 images. The remaining 487 images are trimmed so far that more than
the half image, with the central point, is missing. In addition, only images that are fully
represented should be analysed. Trimmed Images are sorted out. 69368 images are
trimmed and excluded from further analysis. Out of the 71895 remaining images, the
feature extraction for distortion is possible for each image. For describing occurring
distortions, all centre coordinates of the test pattern must be identified. In contrast, the
extraction of the double image features is only possible for 64410 images. Only if the
pixel offsets for all measuring marks can be determined, it is possible to describe oc-
curring double images. Thus, the database consists of 71895 distorted images and
64410 images for the assessment of double images.

4.4 Preparation of the images for subjective assessment

The camera images of the database described in the previous section need to be pre-
pared for the subjective assessment. The reason is that all interferences that may in-
fluence the evaluation should be eliminated. Interferences are the poor image contrast
and the fact that the test pattern is displayed at different places in the camera image. In
addition to this, a process is demanded that allows the separate assessment of distor-
tion and double images. The separate assessment of distortions and double images is
required for the implementation of the evaluation algorithm, see chapter 7.

Depending on the camera position, the virtual image is displayed at different places in
the camera image, as shown in Figure 35. The reason is that the camera cannot adjust
its inclination angle to the changed position. Preliminary studies have shown that the
test persons are confused about the different places of the test pattern in the camera
image. These displacements of the test pattern should not be included in the evaluation.
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To meet this need, the centre of the test pattern (enlarged square) is shifted in the cen-
tre of the camera image.

Camera position Camera position Camera position
(1) centre (@ upper left ®) lower right

The virtual image is taken from different camera positions. The camera does not adapt its angle of
inclination to the changed position. Thus, the virtual image is displayed at another point on the
camera image.

Own illustration.

Figure 35: resulting camera images from different camera positions

The other interference that must be eliminated is the poor contrast of the camera image.
The contrast of the camera images is influenced by environmental factors such as
room lighting or sunlight. The poor contrast of the camera image, shown at the top of
Figure 36, leads to the fact that double images could not be uniquely identified. The
grey double images are not clearly visible on the greyish black background. To get
meaningful assessments all existing aberrations must be clearly visible.

Thus, Matlab routines are implemented, which prepare the images for the subjective
assessment. Input parameters are the results of the image processing, see chapter 4.2.
The processing of the program generates 3 images, shown in Figure 36. All 3 images
show the clear white test pattern on the pure black background. Here, the centre of the
test pattern is identical to the centre of the entire image. The 1%t image shows the re-
sulting distortion without double images. The 2" image shows the undistorted test pat-
tern with the associated double images. Finally, the 3™ image shows, like the original
camera image, the combination of distortions and double images. The difference to the
original camera image is the very high contrast ratio. Thus, the double images are
clearly visible. Since the background of the image is deep black, the grey double imag-
es are better visible than on a greyish black background.
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Second output image:

the test pattern shows the double images without distortion

For simplicity, the images are displayed inverted

The camera image: low contrast, double images cannot be seen clearly
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First output image: the test pattern shows the distortion without double images

Third output image: the test pattern shows the distortion and double images with a very high con-

preparation of the image for subjective assessment

First, the distorted output image without double images is generated. Based on the
9 x 21 centre points the reference image is distorted. This is possible because the cen-
tre points contain the complete distortion information of the image. Based on already
available functions of the Daimler AG, the distortion of the point cloud is transferred
point by point to the reference image. Likewise, the distortion information can be trans-
ferred by this procedure to any arbitrary image, as shown in Figure 37.
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Based on the 9 x 21 centre coordinates, which contain the complete information,
each arbitrary image can be distorted approximately.

Own illustration.

Figure 37: the test image and the HUD image show the same distortion

The 2" output image is generated from the double image distances determined by
image processing routines. Based on these distances, a grey square is placed behind
each existing white square of the reference image. This Matlab routine is designed
especially for this thesis. Thus, the 2" output image shows only the occurring double
image distances on the undistorted test pattern.

The 3™ output image is created based on the 2" output image and the existing func-
tions for generating a distorted image. The distortion of the 9 x 21 centre points is
transferred to the 2" output image. Like the original camera image, the last output im-
age shows the combination of distortions and double images only with a high contrast
ratio.

The developed Matlab routines are applied to all images of the database. Altogether,
71895 distorted images without double images, 64410 undistorted test patterns with
the associated double images, and 64410 images showing combined distortions and
double images are available. These images form the foundation for the subjective as-
sessment.

4.5 Test environment for the assessment of the image quality

Now, a test environment is needed to assess the processed images of the database.
Here, it is important to ensure the same conditions for all test persons. For this reason,
it is strongly advised not to assess the images in the experimental setup, described in
chapter 4.2. The resulting aberrations in the virtual image are dependent on the seating
position of the test persons. For each seating position, the driver looks through a differ-
ent area of the windscreen. The resulting aberrations depend on the viewing direction
through the screen. The problem is that it cannot be guaranteed that each test person
looks through the same area in the windscreen. Thus, the experimental setup is only
partially suitable for assessing the image quality.

Thus, a special test environment is used. The construction of the test environment is
based on the recommendation ITU-R BT.500-13. The BT.500-13 gives methodologies
for assessing the quality of television pictures. Test methods, grading scales, and view-
ing conditions are also included [ITU-R BT 12]. During this thesis, the recommendation
is applied to assess the quality of HUD images.
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The test environment simply consists of a monitor and a chair, as shown in Figure 38. It
is designed in such a way that the conditions are approximately the same than in real
vehicles. The test person takes the chair, which is 2 m away from the monitor. Different
images (size: 210 x 70 mm) are displayed on the monitor by the test leader. To ensure
that the light conditions remain the same, the test is carried out in a darkened room. A
black display screen is shown between 2 images. Thus, successive images are not
directly comparable. This procedure corresponds to a proven standard of the Daim-
ler AG [HELLMANN 12].

Distance: 2 m

The processed images of the database are displayed
on the monitor and assessed by the test person.
Image is taken from [DAIMLER AG].

Figure 38: test environment for the subjective assessment of the images

The subjective assessment is recorded by applying the double-stimulus impairment
scale method recommended by the ITU-R BT.500-13. This method is initially used to
measure the robustness of television systems. For this thesis, the method is adapted to
quantify the effect of failure characteristics in HUD images. First, the test persons see
the unimpaired reference image and afterwards the faulty images. The participants are
asked to vote on the defective image, keeping in mind the first. During the questioning,
the test persons are presented with a series of images. These images are in a random
order and with random impairments covering all required combinations. In addition, the
unimpaired image is included in the set of images to be assessed [ITU-R BT 12: p. 10].
Assessed is the overall impression given by the image according to the 5-grade im-
pairment scale [ITU-R BT 12: p. 11f], see Table 1.

Assessment Quality Impairment [ITU-R BT 12: p. 11]
1 bad very annoying
2 poor Annoying
3 fair slightly annoying
4 good perceptible, but not annoying
5 excellent Imperceptible

Table 1: 5 divided rating scale recommended by ITU-R BT.500-13

Thereby, 5 points are equal to the imperceptible level of impairment and 1 point stands
for the very annoying level [ITU-R BT 12: p. 10-13]. In addition, it is defined that the
ratings 3, 4 and 5 correspond to an acceptable (AC) image quality. In contrast, the rat-
ings 1 and 2 correspond to an unacceptable (UAC) image quality.
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4.6 Selection of suitable test persons

The test environment, described in the previous section, is now used by different test
persons to assess the quality of different aberrations. To get meaningful assessments,
the test persons have to meet the following requirements:

Test persons should not be professionally engaged in the development of HUDs.
All age groups should be represented.

The test person must have a driving licence and drive regularly longer distances.
The test person should be technology interested.

YV V. V VY

For this thesis, 12 test persons are interviewed. For time and cost reasons, unknown
test persons are not questioned. Here, family members and friends are hired. The av-
erage age of the test persons is 38.1 years. The youngest test person is 19 years old
and the oldest is 62 years old. 7 female and 5 male test persons are interviewed. All
test persons drive daily several kilometres and are enthusiastic about technology.

The ITU-R BT.500-13 states that at least 15 test persons should be asked. For studies
with limited scope, fewer than 15 test persons are enough [ITU-R BT 12: p. 8]. Since
12 test persons are asked, the standard is almost met.

The guideline of the Daimler AG recommends the questioning of at least 30 test per-
sons [Daimler AG, department for product acceptance]. For time and cost reasons, this
number is not reached in this thesis. Likewise, it is desirable not to use friends and
family members as test persons. It would be perfect to interview test persons who drive
a Mercedes car and consider using a HUD system in the near feature.

4.7 Standard method to assess the HUD image quality

The usual industry standard method to determine the customer suitability of HUD im-
ages is the limit analysis. It desires to specify ergonomic limits for the objective features.
For each feature, an upper limit and a lower limit is set. Compliance with these limits,
an impairment-free reading of the virtual image is guaranteed [EICHHORN & ZINK 12],
[SCHNEID 09: p. 23].

Occurring double images are determined by the respective pixel-offsets [SCHNEID 09:
p. 21]. In contrast, occurring distortions are described by a common method named
TV-Distortion. This method is defined in the SMIA specification §5.20 [SMIA 04: p 61]. It
is normally used to describe optical aberrations. Thus, the difference in height of the
image corners and the image centre is calculated [SCHNEID 09: p. 21f], as shown in
Figure 39.
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Image is taken from [SMmIA 04:

Figure 39: SMIA TV-Distortion

In relation to the HUD, distortions are not limited to aberrations caused by the optical
system. The distortions are rarely symmetrical, they irregularly occur on all 4 sides.
Therefore, new features are implemented, which are based on the geometric descrip-
tion [KOPPL et al. 16], see chapter 5.1.

The limit consideration method has a great weakness. Even simple combinations of
various aberrations cannot be evaluated, see chapter 5.2. Thus, methods of machine
learning (nearest neighbour classifier, polynomial classifier, and learning vector
quantisation) are applied, which no longer show this weak point, see chapter 7.
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This chapter is divided into 2 main parts. First, objective features are presented
that numerically describe occurring distortions and double images. The second part
gives an overview of the subjective perception of individual and combined aberration
types. Here it is shown that the limit consideration, explained in chapter 4.7, is not suit-
able for the quality assessment of the HUD images.

5.1 Determination of objective evaluation features

To detect occurring distortions and double images, 21 objective features (13 features to
detect distortions and 8 features to detect double images) are introduced. The basis for
the calculation is the result of image processing routines, introduced in chapter 4.2.
The calculation instructions for the objective features are related to already existing
rules of the Daimler AG [HELLMANN 12]. For this thesis, the calculation rules are
adapted to the subjective perception of the images in the database.

To make distortions measurable, 13 objective features are used that describe the geo-
metrical form of HUD images. The calculation is based on the 9 x 21 centre coordi-
nates of the test pattern. It is necessary to design lines according to a linear or parabol-
ic fit through the centre points. The curves are designed based on the mathematical
scheme of minimising least squares [EICHHORN & ZINK 12]. Using the properties of
these curves, the objective features can be determined. The features capture distortion
types like rotation, trapezoid, aspect deviation [EICHHORN & ZINK 12], misalignment,
smile, and local magnification [NEUMANN 12: p. 17, 33], see Table 2. Each feature is
supplied with a unique number (Table 2, column 3), which is referenced in the course
of the document. The first 3 values describe the size difference. The following
2 features are used to determine local deviations. Finally, the contour of the image is
captured with the remaining 8 values.
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Image property Objective feature Feature no.
Adjusted in width 1.1
Size difference Adjusted in height 1.2
Aspect deviation 1.3
o Enlargement horizontal 2.1
Local magnification i
Enlargement vertical 2.2
Rotation 3.1
Misalignment horizontal 3.2
Misalignment vertical 3.3
Trapezoid horizontal 3.4
Contour . .
Trapezoid vertical 3.5
Smile horizontal top 3.6
Smile horizontal bottom 3.7
Smile vertical 3.8

Table 2: objective features to capture distortions numerically

The description of double images requires 8 objective features. Image processing rou-
tines provide horizontal and vertical double image distances for the 9 x 21 measuring
marks. These distances are the basis for the calculation of statistical measures
[SCHNEID 09: p. 21]. The maximal, average, 95% quantile, and the 80% quantile are
determined, shown in Table 3. The features for horizontal and vertical distances are
also supplied with unique numbers.

Distance property | Objective feature | Feature no.

. Horizontal 1.1

Maximal i
Vertical 2.1
Horizontal 1.2

Mean )
Vertical 2.2
Horizontal 1.3

95% quantile

°q Vertical 2.3
80% quantile Horizontal 14
° 9 Vertical 24

Table 3: objective features to capture double images numerically

It is ensured that the values of the features are directly comparable. So, all values are
converted into HUD-pixels (0.58 mm x 0.58 mm), see chapter 3.4. Possible problems
with further processing (clustering and classification) are thus avoided.

5.2 Investigate the subjective assessment of aberrations

The 21 objective features, described in the previous section, can be used to specify the
quality of any virtual HUD image. The next step is to find a relation between these
characteristic values and the subjective perception. It is investigated, from which occur-



Study of the subjective perception
37

rence different aberration types are recognised and perceived as disturbing
[HELLMANN 12]. For this purpose, some test person questionings are necessary. Thus,
various images with different degrees of aberrations are subjectively assessed. The
shown images are all produced artificially. The images show the test pattern, according
to Figure 34, on a black background. The questionings are realised in the test environ-
ment intended for it, see chapter 4.5. 12 test persons are interviewed to assess the
impression of the images on the 5-divided rating scale recommended by the ITU.

Individual distortion types are generated by affine transformations. Affine transfor-
mations are explained in detail in [WOLLBERG 90: p. 41-49]. Here, the 9 x 21 centre
point coordinates of the test pattern are distorted by the transformation matrix. After-
wards, the distorted centre points are converted back into an image. Special Matlab
routines that generate distorted images by affine transformations are already available.
They are provided by the Daimler AG. For this thesis, the existing program code is
adapted to the 13 evaluation features for distortion.

Double images are created by placing grey coloured squares behind the existing
measuring marks. These Matlab routines are not available and are specially developed
for this thesis.

5.2.1 Perception of different distortion types

The subjective perception of individual distortions types is investigated in the first sur-
vey. Combinations of different distortion types remain unconsidered. 41 images are
shown to 12 test persons. Time requirement is about 25 minutes per person. As an
example, a few images of the first survey are shown in Figure 40.

For simplicity, the images are displayed inverted

Own illustration.

Figure 40: example images shown in the first survey

Among the distorted images, 1 undistorted image is shown, according to [ITU-R BT 12:
p. 11]. Additionally, 1 distorted image is presented twice. After assessing the images,
the test persons are asked 2 open questions: “Which type of distortion is the easiest to
perceive?” and “Which type of distortion bothers you the most?”. The survey has a
similar structure to an investigation already carried out at the Daimler AG
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[HELLMANN 12]. The difference is that the shown images are specially adapted to the
used features.

The evaluation of the survey is like the analysis of a recent survey carried out by
[HELLMANN 12]. The obtained labels of the undistorted image and the labels of the
twice-rated image are summarised in Table 4. Shown are the respective labels for each
test person. The undistorted image is rated on average with 4.8 rating points. The
score among the test persons varies between 4 and 5 rating points and the standard
deviation is 0.5 points.

Ratings of the test person
1 2 3 4 5 6 7 8 9 |10 | 11 | 12

Undistorted 5 5 4 5 5 4 5 5 5 4 5 5

Image

Distorted 5 | » | 5 | 3 3 1 2|3 |2 3 2/3
rated once
Distorted 5 | 5 | 5 | 4y '3 2 3|3 |2 3 3|3
rated twice

Table 4: obtained labels of the undistorted and twice rated images

By comparing the labels of the twice-rated image, it is found that the score differs on
average by 0.4 points. The first time the distorted image is rated on average with 2.5
points (standard deviation 0.7 points). After repeating the assessment of the same dis-
torted image, an average score of 2.9 points (standard deviation 0.5 points) is obtained.
From these findings, a limit can be defined for perceiving and accepting occurring indi-
vidual aberration types, as shown in Equation 5. The calculation rules are introduced in
[HELLMANN 12].

Perceptual limit = maximal possible score — scattering double rated images
PLM =4.8-0.4 = PLM = 4.4 [rating points]

Acceptance limit = score images just acceptable + scattering double rated images
ALM = 3.0 +0.4 = ALM = 3.4 [rating points]

Calculation rules correspond to the procedure at the Daimler AG [HELLMANN 12].

Equation 5:  definition of perceptual limit and acceptance limit

An undistorted image is on average rated with 4.8 points. Thus, the perception limit is
corrected to 4.4 points by the scattering of the double rated image. Here, a single aber-
ration type is only detected, if the achieved assessment is less than 4.4 rating points.
Likewise, the limit for acceptance is defined. The used rating scale implies that a label-
ling of 3 points is just acceptable. Due to the scattering of double rated images, the
acceptance limit is increased to 3.4 points. If an assessment falls below this limit, the
rated image is no longer customer suitable.
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The remaining 39 images show 3 different characteristics for each distortion type. The
resulting relationship between the feature values and the average subjective ratings is
analysed by a best fitting straight line. The design of the straight line is based on the
mathematical scheme of minimising least squares. Here, a prediction equation is de-
veloped for each of the 13 distortion types. The subjective labels are represented by
the variable y, and the variable x contains the value of the feature. It must be ensured
that the maximum value of the subjective rating does not exceed a value of 4.8 rating
points. This score represents the highest possible rating of an undistorted image.
Based on these straight-line equations, it is possible to determine values for the per-
ception and acceptance. Thus, the intersection point between the line and the percep-
tion limit as well as the intersection with the acceptance Ilimit is calculated
[HELLMANN 12]. For example, Figure 41 shows the calculation for feature no. [2.1].

Evaluation of the perception of distortion feature no. [2.1] - Enlargement horizontal

é 5 Average rating of the test persons
S 4 x = 0 HUD-pixel — 4.8 rating points
Y x =1 HUD-pixel — 4.3 rating points
o 31 x = 2 HUD-pixel — 4.0 rating points
= x =4 HUD-pixel — 3.1 rating points
5 2
g y = —0.41x+4.8
@ T 3 5 7 PLM ~ 1 HUD-pixel

PLM ALM ALM ~ 3 HUD-pixel

characteristic of the feature in HUD-pixels

Own illustration.

Figure 41: determination of the perceptual equation and perception limits

The resulting prediction equations and the associated perceptual and acceptance limits
are summarised in Table 5. The resulting limit values are rounded to full HUD-pixels.

Perceptual limit | Acceptance limit
4.4 rating points | 3.4 rating points

Size difference [1.1] | Y =-0.07-x+4.8 | + 40 HUD-pixel | + 140 HUD-pixel
Size difference [1.2] | ¥=-0.03-x+4.8 | +13 HUD-pixel | +47 HUD-pixel
Size difference [1.3] | ¥ =-0.05-x+4.8 + 8 HUD-pixel | + 28 HUD-pixel

Feature no. Prediction equation

Local deviations —_041-x+4.8 . "

2.1], [2.2] y + 1 HUD-pixel + 3 HUD-pixel
Contour [3.1], [3.7] y=-0.26-x+4.8 | +2 HUD-pixel + 5 HUD-pixel
Contour [3.2] y=-0.25-x+4.8 | +2 HUD-pixel + 6 HUD-pixel

Contour [3.3], [3.8] y=-053-x+4.8 | 1+ 1 HUD-pixel + 3 HUD-pixel
Contour [3.4], [3.5] y=-0.60-x+4.8 + 1 HUD-pixel + 2 HUD-pixel
Contour [3.6] y=-0.80-x+4.8 | +1 HUD-pixel + 2 HUD-pixel

Table 5: evaluation of the perception of single distortion types

The answers to the questions “Which type of distortion is the easiest to perceive?” and
“Which type of distortion bothers you the most?” are shown in Table 6 [KOPPL et al. 16].
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To determine a subjective ranking, the features are assigned to the statements of the
test persons, see Table 6 column 4 and 5. The analysis of the answers shows that the
distortion, which is perceived first, is also the most annoying one. Skewing is men-
tioned first, followed by bending, discomposure, a tapered shape, and a stretched im-
age.

A;:mg:s;;?? ni?i?:lgj D:]S;Eg;'gg Evaluation feature Feature no.
Skewing 67% 75% Contour [3.1], [3.2], [3.3]
Bending 50% 59% Contour [3.6], [3.7], [3.8]

Discomposure 42% 50% Local deviations [2.1], [2.2]
Tapered 25% 17% Contour [3.4], [3.5]
Stretching 9% 0% Size difference [1.1], [1.2], [1.3]

Table 6: subjective ranking of the objective features for distortion

During the second investigation, the test persons see 6 images that show combinations
of 2 individual distortion types. The investigation is similar to a study carried out by
[HELLMANN 12]. The required time is about 5 minutes per person. The average ratings
of the images are summarised in Table 7. The ratings of the single distortion types are
already determined in the previous experiment and shown in the left part of the table.
The right part shows the assessments of the combination of the corresponding 2 distor-
tion types.

Single distortion types Combination
Feature, occurrence | Rating | Feature, occurrence Rating Rating
[3.1], 2 HUD-pixel 4.2 [3.3], 1 HUD-pixel 4.5 3.2
[3.1], 2 HUD-pixel 4.2 [3.5], 1 HUD-pixel 4.2 3.9
[3.1], 2 HUD-pixel 4.2 [3.7], 2 HUD-pixel 4.3 4.0
[3.3], 1 HUD-pixel 4.2 [3.5], 1 HUD-pixel 45 4.3
[3.3], 1 HUD-pixel 45 [3.7], 2 HUD-pixel 4.3 4.2
[3.5], 1 HUD-pixel 4.2 [3.7], 2 HUD-pixel 4.3 3.3

Table 7: evaluation of the perception of 2 combined distortion types

The average ratings of the single distortion types are all well above the acceptable limit
of 3.4 rating points. The images are customer suitable. In contrast, not all average rat-
ings of images showing a combination of these distortion types are above the crucial
acceptance limit, see Table 7 row 1 and 6. Thus, it is possible that images showing
combinations of single acceptable distortion types are assessed not to be customer
suitable.

This simple evaluation already shows that the rating of images showing combined dis-
tortion types is not completely possible when using the limit consideration method. If
the distortion type occurs alone, the image quality is assessed as acceptable. Another
time, when the distortion type occurs in combination with other aberrations, the image
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quality is assessed as unacceptable. This cannot be mapped to a simple limit consid-
eration. Since it is assumed that, the compliance with meaningful limits guarantees the
impairment-free reading of the virtual image.

5.2.2 Perception of different double image types

To analyse the perception of different double image types, another customer survey is
executed. The survey is similar to an investigation carried out by [HELLMANN 12]. By the
way of example, 3 images shown in the survey are illustrated in Figure 42.

For simplicity, the images are displayed inverted

Own illustration.

Figure 42: example images shown in the second survey

In the first step, 10 images are shown to 12 test persons. The time required is about
10 minutes per person. Only the mean (feature no. [1.2], [2.2]) and the maximal (fea-
ture no. [1.1], [2.1]) double image distances are analysed in more detail. Combinations
of different double image distance types are not considered for the time being. The
participants are asked to assess the quality of the shown images. In addition, they are
interviewed if double images can be seen.

The evaluation of the survey is like the evaluation of a recent survey carried out by
[HELLMANN 12]. The resulting assessments are summarised in Table 8. Here, the first 2
columns specify the presented double images. The other 2 columns show the average
rating and the detection rate. It is noticeable that less than 45% of the test persons rec-
ognise horizontal or vertical double image distances of 1 HUD-pixel. However, no one
who can perceive the double image will accept it. A double image at a distance of
1 HUD-pixel is perceived as blurring. If the distances increase, 2 separated images are
identified. Thereby, the test persons mention that looking at blurry images causes
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headaches and eyestrains. These findings are consistent with the outcomes in
[SCHNEID 09: p. 23f] and [HELLMANN 12].

When comparing the labels, it is found that the perception of horizontal and vertical
double images is almost identical. The labels vary by less than 0.4 rating points, which
is the maximum scattering of the doubled rated image, see chapter 5.2.7.

Double image Feature no. Sizes Average rating Detection rate
Horizontal [1.1] | 1 HUD-pixel 3.8 25%
Vertical [2.1] | 1 HUD-pixel 4.1 17%
Horizontal [1.1] | 2 HUD-pixel 3.6 33%
Vertical [2.1] | 2 HUD-pixel 3.9 25%
Horizontal [1.2] | 1 HUD-pixel 3.9 42%
Vertical [2.2] | 1 HUD-pixel 4.0 33%
Horizontal [1.2] | 2 HUD-pixel 2.7 83%
Vertical [2.2] | 2 HUD-pixel 2.9 75%
Horizontal [1.2] | 3 HUD-pixel 1.8 92%
Vertical [2.2] | 3 HUD-pixel 1.8 92%

Table 8: survey results for the perception of individual double image distance types

Like the approach of [HELLMANN 12] and the analysis of single distortion types, the rela-
tionship between the double image feature values and the average subjective ratings is
analysed according to the best fitting straight line. Here, 2 prediction equations, for hor-
izontal and vertical double image distances, are defined. The variable y represents the
subjective ratings. In addition, the variable x shows the different characteristic double
image distances. Again, it must be ensured that the maximum value of the ratings does
not exceed the highest possible label of 4.8 rating points. This score is determined in
chapter 5.2.1 and represents the highest possible rating of a non-defective image.
Based on the straight-line equations, characteristic values for the perceptual limit and
the acceptance limit can be calculated, see [HELLMANN 12]. The values result from the
intersections of the line equation with the perception limit (y = 4.4 rating points) and the
acceptance limit (y = 3.4 rating points); see Table 9. The derivation of these limits is
presented in Equation 5.

Double image feature

Prediction equation

Perceptual limit

Acceptance limit

Horizontal y=-092-x+48 | +1HUD-pixel + 2 HUD-pixel
Vertical y=-0.85-x+4.8 | +1HUD-pixel + 2 HUD-pixel
Table 9: evaluation of the perception of single double image features

In the second part of the survey, the perception of 2 combined double image distance
types is investigated. 6 images are labelled. The required time is about 5 minutes per
person. The combinations of mean (feature no. [1.2], [2.2]) and maximal (feature no.
[1.1], [2.1]) double image distances are rated. After labelling the images, the 12 test
persons are asked 2 open questions: “Which kind of double image distances are per-
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ceived fastest?” and “What are the most annoying double image distances?”. This sur-
vey has a similar structure to an investigation already carried out at the Daimler AG
[HELLMANN 12].

The evaluation of the 2 open questions shows that large double image distances that
are evenly distributed over the entire image (large values of feature no. [1.2], [2.2]) are
perceived first and are not acceptable. In contrast, single outliers (large values of fea-
ture no. [1.1], [2.1]) are acceptable if the average double image distances are small
(low values of feature no. [1.2], [2.2]).

The detailed evaluation of the survey is given in Table 10. The first 4 columns show the
ratings of the single double image types. The last column contains the average scores
of the combination of the corresponding double image distance types. The ratings of
the single double image distance types are taken from the previous survey. Looking at
the average labels of the combinations, all shown images are rated with less than 3.4
points. Thus, the ratings are below the acceptable limit. It is possible that images,
which show combinations of single acceptable double image types, are assessed as
not acceptable; see Table 10, row 1, 3 and 5.

Single double image distance types Combination
Feature, occurrence = Rating | Feature, occurrence | Rating Rating
[1.1], 1 HUD-pixel 3.8 [1.2], 1 HUD-pixel 3.9 2.9
[1.1], 2 HUD-pixel 3.6 [1.2], 2 HUD-pixel 2.7 2.4
[2.1], 1 HUD-pixel 4.1 [2.2], 1 HUD-pixel 4.0 3.2
[2.1], 2 HUD-pixel 3.9 [2.2], 2 HUD-pixel 2.9 2.6
[1.2], 1 HUD-pixel 3.9 [2.2], 1 HUD-pixel 4.0 3.1
[1.2], 2 HUD-pixel 2.7 [2.2], 2 HUD-pixel 2.9 1.3

Table 10: evaluation of the perception of combined double image distance types

This study makes clear that the assessment of images showing combined double im-
age types is not completely possible when using the limit consideration method. Once
the double image value is considered as acceptable and another time as not accepta-
ble. This cannot be represented by a simple limit consideration.

5.2.3 Perception of combinations of distortions and double images

Now, images containing both distortion and double images are shown to the test per-
sons. This survey is similar an investigation already carried out at the Daimler AG
[HELLMANN 12]. 2 different distortion types are combined sequentially with 3 different
double images. Thus, the study consists of 6 images, which are again assessed by 12
test persons. A test person needs about 10 minutes for this. After the test persons have
rated the images, the open question “What would you rather accept, a distorted image
or an image with double vision?” is asked [HELLMANN 12].



Study of the subjective perception
44

The analysis of this question shows that 75% of all test persons perceive distortions
first. Also, 67% of all participants would rather accept distortions than double images.
The reason commonly given by the participants is that looking at blurry images causes
headaches and eyestrain.

The results of the survey are listed in Table 11. The ratings of the single distortions and
double images are taken from the previous experiments. These ratings are shown in
the front columns. The last column contains the average scores for combined distortion
and double image distances.

Single distortion types Single double images Combination
Feature, occurrence = Rating | Feature, occurrence | Rating Rating
[3.3], 1 HUD-pixel 4.5 [1.2], 1 HUD-pixel 3.9 3.3
[3.1], 2 HUD-pixel 4.2 [1.2], 1 HUD-pixel 3.9 3.1
[3.2], 7 HUD-pixel 2.9 [1.2], 1 HUD-pixel 3.9 2.6
[3.3], 1 HUD-pixel 4.5 [2.2], 1 HUD-pixel 4.0 3.4
[3.1], 2 HUD-pixel 4.2 [2.2], 1 HUD-pixel 4.0 3.5
[3.2], 7 HUD-pixel 2.9 [2.2], 1 HUD-pixel 4.0 2.5

Table 11: evaluation of the perception of combined distortions and double images

The average labels of the resulting combinations are less than or equal to the ac-
ceptance limit of 3.4 rating points. It is possible that images showing combinations of
acceptable distortion types and acceptable double image types are assessed as not
acceptable, shown in Table 11, rows 1 and 2. Similar to the previous studies, this in-
vestigation demonstrates that images showing combinations of acceptable aberrations
can be considered unacceptable. Likewise, a limit consideration to assess the image
quality does not make sense.

5.3 Impact of the results on the assessment system

As the investigation in the previous sections shows, an assessment of the image quali-
ty by using the limit consideration method is only possible to a limited extent. This is
because images showing a combination of different aberration types cannot be as-
sessed by the limits. It is possible that combinations of single acceptable aberration
types are considered unacceptable. Thus, the aberration types are once considered as
acceptable and another time as unacceptable.

In the course of this thesis, other assessment methods will be used. Supervised learn-
ing methods for assessing combined aberration types are implemented.
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The main goal of this thesis is to develop a novel approach to assess the per-
ceived quality of HUD images. Here, methods of machine learning are used. Thus,
each head-up display image is represented as a data point in the g-dimensional feature
space. 21 features are used. 13 features to describe distortions, and 8 features to cap-
ture double images, see chapter 5.7. The feature values are written as g-dimensional
feature vector v; v = (v1 vz ... vg) " [SCHURMANN 96: p. 14]

The first step in implementing an assessment algorithm is to identify the perceived
quality of some representative images. The perceived quality is determined by empiri-
cal studies and mapped to labels y. The labels correspond to the 5-grade impairment
scale of the ITU-R BT.500-13 directive, see chapter 4.5. Representative images are
selected by clustering methods (ward, k-means, and mean-shift). Thus, the database is
structured and reduced to a few characteristic images. The database is described in
chapter 4.3.

Finally, the objective feature vectors v describing the HUD image quality are linked to
the subjective labels y by classification algorithms (nearest neighbour classifier, poly-
nomial classifier, and learning vector quantisation). Here, the following learning rules
are applied: supervised learning, semi-supervised learning, and active learning.

This chapter introduces the applied processes and methods. It begins with the proce-
dure of empirical studies and an overview of machine learning methods. The last part
of this chapter describes the used clustering and classification methods in detail.

6.1 Conception of empirical studies

The word empirical stands for based on experience [ATTESLANDER 03: p. 3]. In contrast
to theory, empirical statements are not sufficiently proven in practice. However, the
transmission from empirical experience or knowledge to theoretical awareness is grad-
ual [HADER 10: p. 22].

Here, the results of some empirical studies are the basis for implementing an assess-
ment system for HUD images. The preparation and analysis of these studies are
achieved by methods of machine learning.
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The course of an empirical study can be roughly divided into 5 main phases, which will
be explained in more detail below [DIEKMANN 95: p. 187].

» Formulation and clarification of the research problem: the aim of the research
problem identification is the detailed answer to the question: “What should be
investigated exactly?” [DIEKMANN 95: p. 187].

In this thesis, the perceived quality of HUD images is investigated in detail.

» Planning and preparation of the survey: in this phase, the required survey tools are
defined. Similarly, the research features are determined and assigned to meas-
urable and assessable indicators [HADER 10: p. 76].
Here, this phase involves selecting representative images that should be sub-
jectively assessed. This is achieved by unsupervised learning methods like
ward, k-means and mean-shift clustering.

» Data collection: the data acquisition is done by volunteer surveys [HADER 10: p. 76].

The choice and the number of test persons depend on the complexity of the as-
sessment task, the defined quality features, and the time and financial re-
sources [GENUIT 10: p. 141f]. This phase ends with creating a machine-
readable dataset [HADER 10: p. 76].
In this thesis, 12 test persons, who must meet certain requirements, are inter-
viewed. The questioning takes place in a special test environment. The equip-
ment of the test environment is based on the recommendations of the
ITU-R BT.500-13. Detailed information can be found in chapters 4.5 and 4.6.

» Data analysis: the evaluation of the study includes the preparation of tables, over-
views, and statistical calculations [HADER 10: p. 76].
In this thesis, the relationship between the subjective labels and the objective
features is analysed. For this purpose, classification algorithms such as the
nearest neighbour classifier, the polynomial classifier, and the learning vector
quantisation are used.

» Reporting and documentation: the completion of the study includes the documen-
tation of the process and the obtained research results [HADER 10: p. 76].

The statistical literature recommends the regression analysis as a standard method for
evaluating empirical studies [DIEKMANN 95: p.660], [HADER 10: p.435],
[ATTESLANDER 03: p. 298]. Based on the perceived quality of HUD images, classifica-
tion methods are used instead.
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6.2 Methods of machine learning

The volunteer studies are prepared and evaluated by using methods of machine learn-
ing. Machine learning deals with the artificial generation of knowledge from experience.
An artificial system learns from known examples. After completing the learning phase,
the system is able to generalise to unknown examples [MARSLAND 11: p. 5f]. In this
thesis, 4 types of learning are applied, namely, unsupervised learning, supervised
learning, semi-supervised learning, and active learning.

6.2.1 UL: unsupervised learning

The unsupervised learning (UL) algorithm attempts to find similarities between data
points [MARSLAND 11: p. 6f]. For this, no teacher provides supervision how the single
data points should be handled. Thus, only unlabelled data are used. General objectives
of unsupervised learning algorithms are clustering and reducing the amount of data
[ZHU & GOLDBERG 09: p. 2f], as shown in Figure 43.

Division of the feature vectors of a 2-dimensional feature space into 4 clusters, and
reduction to some representative images, e.g. the cluster centres.
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Own illustration adapted from [ZHU & GOLDBERG 09: p. 4].

Figure 43: principle of a cluster analysis

Clustering methods are always relevant to subdivide a set of data points U ={V} into
homogeneous groups called clusters. The clusters are not available at the time of col-
lection. The goal is to find groups of similar data points without explicitly saying that
these data points belong to the same cluster. Instead, the algorithm has to discover the
similarities by itself [MARSLAND 11: p. 195f]. The data points are clustered in such a
way that the difference within a cluster is as small as possible and the difference be-
tween the clusters as large as can be done [BORTZ & SCHUSTER 10: p. 453]. After
grouping, the clusters can be reduced to a few characteristic points. The cluster cen-
tres are best suited for this purpose [ZHU & GOLDBERG 09: p. 2f].

6.2.2 SL: supervised learning

A training set of data points with the correct labels is provided. From this, the algorithm
derives generalisations in order to correspond correctly to possible inputs, as shown in
Figure 44.
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Classification based on a 2-dimensional feature space with 4 classes and allocation of
an unlabelled data point.
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Own illustration adapted from [MARSLAND 11: p. 11].

Figure 44: principle of a classification approach

Depending on the domain of labels, the supervised learning problem can be subdivided
into classification and regression, as shown in Figure 45. Classification is the super-
vised learning problem with discrete labels that correspond to the classes. If a continu-
ous domain of labels is used, the supervised learning problem is called regression
[ZHU & GOLDBERG 09: p. 5].
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Classification is the allocation of continu- Continuous labels are used. The image quality
ous features to discrete classes, e.g. is assessed by a numerical value, e.g. be-
5-dimensional class space. tween 1 and 5.

Own illustration adapted from [DEMANT et al. 10: p. 173], [ZHU & GOLDBERG 09: p. 5].

Figure 45: classification versus regression analysis

To obtain a good generalisation, supervised learning (SL) algorithms need a large
number of labelled training samples preferably from a range of variation [MARSLAND 11:
p. 6]. The supervised learning task is divided into the training and the testing phase.
During the training phase, the relationship between the subjective labels and the objec-
tive feature vectors is detected. This requires a training set Stain ={v; y} consisting of
objective feature vectors with associated labels. Upon completion of the learning phase,
the supervised learning algorithm is able to recognize the learned relationship in unla-
belled data. Thus, objective feature vectors receive the corresponding label. During the
testing phase, the trained algorithm is applied to label an unlabelled test set® Srest = {V}.
To verify the quality of the trained algorithm, the determined labels ymoqe are compared
with the actual given labels ygiven. Therefore, the root mean square error (RMSE) is cal-
culated. The RMSE is a measure of the difference between the values delivered by a

6 The procedure of checking the quality of the labels, based on the training set is called reclassification.
The procedure of checking it with an independent test set is called generalisation. Obviously, only the
generalisation is relevant [SCHURMANN 96: p. 17f].
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model and the values actually observed from the environment [GABLER 14], as shown
in Equation 6. If all prognoses exactly apply, the RMSE is 0. The larger the RMSE val-
ue, the lower is the agreement of the labels with the subjective perception.

1 & 2
RMSE = \/F : Z(ymodeli - ygiveni)

i=1
RMSE: root mean square error, n: number of samples in the test set, ymoder: labels submitted
by the evaluation system, ygiven: labels corresponding to the subjective perception [GasLer 14]

Equation 6: root mean square error

The labels correspond to the 5-grade impairment scale of the ITU-R BT.500-13. The
labels 1 and 2 represent an unacceptable image quality and the labels 3, 4 and 5 stand
for an acceptable quality. The ability of the classification algorithm is quantified by
counting the numbers of matches and matching failures see Table 12 [SzELISKI 10:
p. 201].

Assessments by the test persons
ACCEPTABLE UNACCEPTABLE
Assessments by ACCEPTABLE TP: true positive FP: false positive

the algorithm UNACCEPTABLE | FN:false negative | TN: true negative

Table 12: confusion matrix to quantify the performance of the algorithm

Based on these matches and matching failures, the classification accuracy, the true
positive rate (TPR) and the false negative rate (FPR) can be determined, as shown in
Equation 7.

Accuracy =— PN 460 (%]
TP+FP+FN+TN

TP FP
TPR =——-100 [%], FPR =—————-100 [%]
TP+FN FP+TN
Accuracy: classification accuracy, TPR: true positive rate, FPR: false positive rate,
TP: true positive, FP: false positive, FN: false negative, TN: true negative [SzeLiski 10: p. 202]

Equation 7: quality estimation of the classification results

If all prognoses are accurate, the classification accuracy is 1. If the accuracy decreases,
the consistency between the quality estimation and the subjective perception decreas-
es as well. The true positive rate should be close to 1, while the false positive rate
should be close to 0.

6.2.3 SSL: semi-supervised learning

The manual labelling of many training samples is costly and time-consuming. In con-
trast, unlabelled data are easy to get and thus cheap. The goal of semi-supervised
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learning (SSL) is to verify whether combining labelled and unlabelled data may improve
the learning behaviour. Thus, semi-supervised learning is somewhere between unsu-
pervised learning and supervised learning.

SSL is characterised by an iterative procedure in which the learning process uses its
own predictions to teach itself. Given are labelled training data L ={v; y} and the unla-
belled data U ={v}. First, the algorithm is trained using L and then applied to predict the
labels of U. A subset Sss. ={V; yssi} with the most confident predictions is removed
from U (U =U - Sss;) and added to L (L =L + Ssst). The algorithm is retrained with the
enlarged L and the procedure repeats. This is usually done until convergence, [HADY &
FAROUK 11], [ZHU & GOLDBERG 09: p. 9-12].

There are 2 slightly different semi-supervised learning scenarios, the inductive and the
transductive learning. The goal of inductive learning is to predict the labels of future test
data. In contrast, the goal of transductive learning is to predict the labels of the unla-
belled feature vectors in the training set [ZHU & GOLDBERG 09: p. 12].

6.2.4 AL: active learning

The key idea behind active learning (AL) is that the machine-learning algorithm selects
the data from which it learns. Thus, a higher accuracy is achieved and the number of
labelled training samples is reduced. Like semi-supervised learning, the active learning
is based on the fact, that unlabelled data could be easily obtained, but labels are time-
consuming to get [SETTLES 09]. The difference is that active learning attempts to cut
training costs by selecting the informative training samples. In contrary, semi-
supervised learning attempts to extrapolate previously acquired knowledge to unla-
belled data, to increase the number of labelled training samples without causing extra
costs [WUTTKE et al. 14], [YEH & GALLAGHER 08].

Active learning is an iterative procedure in which the learning process independently
selects the data used for training. The algorithm asks an Oracle (e.g. human annotator,
test persons) for the right labels. Thus, a set of labelled samples L ={v; y} as well as a
larger set of unlabelled samples U ={v} is used as input. The algorithm is trained using
L and then applied to predict the labels of U. A subset Sacive ={V} for which the process
will achieve a wrong classification by a high probability is removed from (U = U — Sacive)
and the Oracle is asked for the right labels. From this subset Saciive = {V; Yoracie} the pro-
cess learns the most. Thus, the subset is added to L (L =L + Sacive). The algorithm is
retrained with the enlarged L and the procedure repeats. Therefore, the algorithm is
trained without having more training samples than necessary. The learning process
aims to keep the Oracle labelling effort to a minimum, it is only asked for advice if the
"usefulness" of training is high [HAQUE etal. 13], [PERSELLO & BRUZZONE 12],
[SETTLES 09].
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6.3 Unsupervised learning: clustering analysis

Many clustering algorithms exist that differ by the applied similarity criterion
[MARSLAND 11: p. 195f]. The following section shows common clustering methods for
structuring the HUD images in the database. The database is described in chapter 4.3.
Thus, the images represented by the feature vectors v are divided into clusters. Sub-
sequently, a representative image is selected from each cluster for personal interviews.

» Ward: initially, each data point forms a cluster of its own. From all possible pairs of
clusters centres, the cluster centres V, and V., whose combination results in
the minimal increase of the sum of squared differences QSe of the correspond-
ing elements are merged, as shown in Equation 8.

q
n.-nN. — — \2 — _
QSe = — Z(\/,/ - V,j) For merging cluster centres V, and V,
QSe: sum of squared differences, V : cluster centre that corresponds to the mean vector
of all elements in the cluster, n: number of images in a cluster, q: number of objective
features to represent the image quality [Bortz & ScHUSTER 10: p. 463]

Equation 8: sum of squared differences for merging to clusters

Merging of cluster pairs is stopped once a predefined threshold for the value of
QSe is exceeded [BORTZ & SCHUSTER 10: p. 462-465].

» K-means: initially, a predefined number of cluster centres are chosen randomly.
For all data points v, the (usually Euclidean, as shown in Equation 9) distance
to each cluster centre is computed, and the cluster membership of each data
point is set according to the cluster centre with the smallest distance.

1

0.5
q
=\, _ _
dgl. = {Z(ng - \/-j) :l Distance between feature vector vy and cluster centre V,

j=1
dgi: Euclidean distance, v: feature vector, V : cluster centre that corresponds to the mean

vector of all elements in the cluster, g: number of objective features to represent the im-
age quality [BorTz & SCHUSTER 10: p. 456]

Equation 9: Euclidean distance between feature vector and cluster centre

In the next step, the cluster centres are redefined by computing the mean vec-
tors of the data points assigned to them. This procedure is repeated until the
assignment of the data points to the cluster centres does not change anymore.
The final clustering result depends on the initialisation [BORTZ & SCHUSTER 10:
p. 465f].

» Combine ward and k-means: it is often favourable to utilise the result of the ward
algorithm as an initialisation to the k-means algorithm. This circumvents the
property of the ward algorithm that the assignment of a specific data point to a
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cluster remains unchanged, and the result of the k-means algorithm does not
depend on an arbitrary random initialisation anymore [BORTZ & SCHUSTER 10:
p. 462].

» Mean-shift: according to [CHENG 95], for an initial position in feature space, a
kernel-based approximation to the gradient of the distribution of data points is
computed in an iterative manner and the cluster centre is moved in the direction
of this approximated gradient. This procedure is repeated until convergence.
Cluster centres thus correspond to local maxima of the distribution of the points
in feature space. All data points that can be assigned to the same local maxima
belong to the same cluster. For a distribution of data points with several local
maxima, the algorithm needs to be started from a (possibly large) number of dif-
ferent initial points in order to determine all local maxima of the distribution,
where the number of detected local maxima may also depend on the form of
the utilised kernel function [CHENG 95].

Finding an appropriate number of clusters is difficult. The resulting number of clusters
is always a compromise between manageability (a small number of clusters) and the
demand for homogeneity (a large number of clusters) [SCHAFER 09].
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6.4 Utilised classification methods

Classification methods are used to assess HUD images, represented by objective fea-
ture vectors v, with labels y. The labels reflect the perceived quality of the HUD images.
In general, classification is the assignment of continuous feature vectors to discrete
classes. The feature vectors are transferred via a mapping function from the feature
space into the class space and are assigned to exactly 1 single class [SCHURMANN 96:
p. 11f]. In this thesis, the labels are displayed in a 5-dimensional class space, which
corresponds to the used rating scale. All individual classes, ws to ws, are summarised
in the class space £. Thus, Q covers all possibilities that may occur. The mapping be-
tween the feature vector v and the corresponding class is achieved by the target vec-
tor Y. Here, all elements are 0, excluding this element that corresponds to the class
index of the input pattern [SCHURMANN 96: p. 11f]. In this thesis, the nearest neighbour
classifier, the polynomial classifier, and the learning vector quantisation are implement-
ed as the mapping function.

6.4.1 Nearest neighbour classifier

The most straightforward classifier in the machine learning techniques is the nearest
neighbour classifier. Examples are classified based on the class of their nearest neigh-
bours [CUNNINGHAM & DELANY 07]. This classifier uses a number of reference patterns
to represent each class. For this, the classifier uses all training samples as a reference
and assigns the unlabelled feature vector to that class to whose reference vector it is
most similar. As similarity measure, the Euclidean distance is used. Each unlabelled
feature vector is compared with all reference patterns and is assigned to the class of
the reference vector, to which it is closest, respectively, for which the Euclidean dis-
tance is minimal [DEMANT et al. 10: p. 179-181], [DIVAKARAN et al. 15]. Since the train-
ing samples St.in ={v; y} are needed at runtime, the classifier requires no special train-
ing. The classification is based directly on the training samples [CUNNINGHAM &
DELANY 07]. A great disadvantage of the kNN is that all the work is done at runtime.
Therefore, the KNN can have poor runtime performance if a lot of training samples are
used [CUNNINGHAM & DELANY 07]. In addition, this method suffers from the curse of
dimensionality of the feature vector v [MARSLAND 11: p. 183].

It is often useful to consider more than 1 neighbour. Therefore, the technique is more
commonly referred to as k-nearest neighbour (kNN) classification. Here k-nearest
neighbours are used for determining the class, as shown in Figure 46.
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Classification examples for k=3 nearest neighbours as a 2-class problem in a
2-dimensional feature space [CUNNINGHAM & DELANY 07].

The decision is straightforward; all 3 The decision for the input sample is a bit
nearest neighbours belong to the same more complicated. It has 2 neighbours
class. So the input sample is also as- belonging to the same class and the 3
signed to that class. neighbour belongs to another class.

This can be resolved by simple majority
Own illustration adapted from [CUNNINGHAM & DELANY 07].  Voting.

Figure 46: basic idea of a 3-nearest neighbour classifier

The kNN classification has 2 stages. The first is the determination of the nearest
neighbours and the second is the identification of the class memberships of these
nearest neighbours [CUNNINGHAM & DELANY 07]. The choice of k is not trivial. Make it
too small and the kNN is sensitive to noise. In contrast, a too large k can reduce the
accuracy because points that are too far away are considered [MARSLAND 11: p. 183].

The allocation rule of the kNN can also be modified and reduced to a 2-class problem.
Here only the customer suitability of the HUD images is assessed as acceptable (rating
classes 3, 4 and 5) or unacceptable (rating classes 1 and 2). A test image is classified
as acceptable only if at least m of the k-nearest training images represent a customer
suitable image quality. On the other hand, the training image is rejected and classified
as non-customer suitable [JIANG et al. 06]. By varying the number of relevant nearest
training images m, the ROC (receiver operator characteristic) curve of the classifier can
be determined. The ROC curve is interpolated by plotting the true positive rate (TPR)
against the false positive rate (FPR) at different classifier parameters. The closer this
curve is to the upper left corner, the larger the area under the curve (AUC), and the
better the performance of the classifier [SzELISKI 10: p. 202].

6.4.2 Learning vector quantisation

The learning vector quantisation (LVQ) is discussed in detail in [KOHONEN 01:
p. 245-263]. The LVQ is a special case of an artificial neural net and is a prototype
based supervised classification algorithm. The LVQ uses prototype vectors to classify
unlabelled feature vectors. After training, the prototype vectors approximate the under-
lying distribution of samples from the training set. According to the competitive win-
ner-takes-it-all strategy, an unlabelled input sample is assigned to the same class to
which the nearest prototype vector belongs, as shown in Figure 47. From this class
assignment, only the corresponding label has to be determined Y — y.
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Prototypes are adjusted Prototypes Class space
through training dim, Y =(y1 y2 sy ys)T
dz. m, 1
ds 2
Feature space d ms d 3 Y=(00 10007
v=(vivz.. v 4 ma y=2
dr : 4
dn N 5
Assign v to the nearest prototype mr mu
where the distance dris minimal Assign v to the same class as mr belongs
Own illustration adapted from [KOHONEN 01].

Figure 47: conceptual approach of the LVQ

At the beginning, the prototype vectors are initialised arbitrarily. The number of proto-
type vectors is set in proportion to the number of training samples in each class. Usual-
ly, the number of prototypes is much lower than the number of training samples. Train-
ing now means that the prototypes are reinforced. Prototype vectors that approximately
minimise the misclassification errors can be found by several learning rules, such as
LVQ1, LVQ2.1, and LVQ3. For this, the distance between a single training sample and
all prototype vectors is calculated. The prototype vectors that are closest to the training
pattern are always reinforced. Positive reinforcement takes place if the class allocation
of the nearest prototype vector equals the class allocation of the training sample. Here,
the prototype vector is moved closer to the applied training record. In contrast, negative
reinforcement takes place by a different class assignment. The prototype vector is
pushed away from the applied training sample [KOHONEN 01: p. 245-263]. Below, the
used learning rules are presented briefly.

» LVQ1: the nearest prototype vector m; to v is reinforced and moved closer or fur-
ther away from the feature vector, as shown in Equation 10. All other prototypes
remain untouched. The magnitude of the reinforcement is described by the
learning rate o [KOHONEN 01: p. 246-249].

m.(t+1)= m,(t)+a(t)-[v(t)—m,(t)] If v and mr belong to the same class
m,(t+1)= mr(t)—a(t)-[v(t)—mr(t)] If v and mr belong to different class
my: nearest prototype vector, y: feature vector, «a: learning rate [KoHonen 01: p. 247]

Equation 10: LVQ1 learning rule

» LVQZ2.1: the procedure is similar to the LVQ1. Yet, the 2 nearest prototype vectors
m; and m; to v are selected. If one prototype belongs to the correct class and
the second does not, the 2 prototypes are reinforced at the same time. In addi-
tion, the feature vector has to fall inside a ‘window’ defined by the centre plane
of m; and m;, as shown in Equation 11 [KOHONEN 01: p. 252f].
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(d; d ) 1-w y . .
min| —,—|> Precondition, v must be inside the ‘window’
a; T+w

mr(t+1)=m,(t)+a(t)-[v(t)—m,(t)] v and m, belong to the same class
m,(t+1)=m,(t)—a(t)-[v(t)—m,(t)] v and m; belong to a different class

mr, mi. 2 nearest prototype vectors, v: feature vector, a: learning rate, di, dr: Euclidean
distances of v from mi and my, w: width of the window [KoroneN 01: p. 253]

Equation 11: LVQ2.1 learning rule

» LVQ3:the LVQ3 is an enhancement of the LVQ2.1. In addition to the existing con-
ditions, the 2 nearest prototype vectors are also reinforced, if both belong to the
same class as the feature vector. Thus, the algorithm appears to be self-
stabilising and the optimal placement of m; does not change in continual learn-
ing, as shown in Equation 12. The adjusted learning rate & depends on the size
of the ‘window’ and is smaller for narrower ‘windows’ [KOHONEN 01: p. 253f].

In addition to the requirements of LVQ2.1
m,(t+1) =mr(t)+8-a(t)-[v(t)—m,(t)] v and m; belong to the same class
m;(t+1)= m,(t)+g-a(t)-[v(t)—m,-(t)] v and m; belong to the same class

mi, mr: 2 nearest prototypes belonging to the correct class, v: feature vector, ¢-a: adjusted
learning rate [KoHoNen 01: p. 253]

Equation 12: LVQ3 learning rule

The performance of the resulting LVQ algorithm depends mainly on the number of pro-
totype vectors, the initialising of the prototype vectors, the LVQ learning rule, the learn-
ing rate, and the termination criterion.

The mapping rule of the LVQ can also be reduced to a 2-class problem where the im-
age quality is classified only as AC (rating classes 3, 4 and 5) or UAC (rating classes 1
and 2). The prototype vectors are still determined by the abovementioned learning
rules. Thereafter a test pattern is classified according to the k-nearest prototype vectors.
A test image is only classified as acceptable if at least m of k-nearest prototype vectors
represent a customer suitable image quality [JIANG et al. 06]. Otherwise, the quality of
the test image is not acceptable. Again, the ROC curve of the classifier is determined
by varying the number of relevant prototype vectors m. For each m value, the resulting
TPR and FPR values of the test images are calculated and the ROC curve is interpo-
lated.

6.4.3 Polynomial classifier

The polynomial classifier (PC) discussed in [SCHURMANN 96: p. 102-186] tries to ap-
proximate some decision functions directly. Thereby, the relationship between the sub-
jective labels y and the objective feature vectorsv is adapted to decision
equations d(v), which are determined by a full polynomial approach. If all polynomial
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terms, up to a certain degree G, are used, the polynomial length M is given by Equation
13.

M:(Q+sz(q+G)!
G ) Glgq!

M: length of the polynomial, G: degree of the polynomial, g: number of objective features
to represent the image quality [ScHurRMANN 96: p. 102]

Equation 13: length of a polynomial with g objective features

This general polynomial d(v) consists of the constant term ao followed by linear terms,
quadratic terms, cubic terms, and so on, up to an arbitrary degree G, as shown in
Equation 14.

d(v)=a,+a;-Vy+a, - Vy+..+a, -V, +
2
aq+1‘V1 +aq+2'V1‘V2 +aq+3'V1'V3 +...

2 2
a...‘V13+a...'V1 ‘V2+a...‘V1 'V3+...+aM71'VqG

d(v): decision function for a full polynomial approach, a: coefficients, v: feature
vector, g: number of objective features to represent the image quality, M: length of
the polynomial, G: degree of the polynomial [ScHurmANN 96: p. 102]

Equation 14: basic structure of a general polynomial

This general polynomial can be written in a more compact form by introducing a vector-
valued mapping v — x generating the M-dimensional vector x:

x(v)=(1 v; Vvy.. v, vl v, v, v,0 viv, vy, qu)T.
The function x(v) determines the type of the polynomial d(v) and is called polynomial

structure. Therefore, the general polynomial can be written in a more compact
form d(x): d(x)=a,+a;-X;+ 8, Xy +...4+8, - Xy +...Qgq " Xgyq T 8yg  Xppq -

Following the same principle, the M-dimensional coefficient vector a is introduced
[SCHURMANN 96: p. 102-186].

The polynomial classifier requires for each class, wr to ws, its own decision function
dwi(v) to dws(v). Subsequently, each decision function is transformed into the vector-
valued polynomial function dw(v):awT -x(v). Combining the class-specific coefficient

vectors a,, into the coefficient matrix A =(aw1 aw2 a@ws a@w aws), the compact form of
the vector-valued polynomial functions is determined, as shown in Equation 15
[SCHURMANN 96: p. 102-186].

dyr.05(V)=AT - X(v)

dw1...05(v): decision functions, A: coefficient matrix, x: polynomial structure vector [ScHurmANN 96: p. 103]

Equation 15: compact form of the vector-valued polynomial functions
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In the training phase, the coefficient matrix A is determined. The polynomial structure
vector x(v) is predetermined and remains unchanged. Based on given training samples,
the deviations between the calculated labels and the given labels that correspond to
the subjective perception are minimised. Thus, the least-mean square approach can be
determined, as shown in Equation 16.

S? :E{ ‘AT .X(V)—Y‘2}=rri‘in

S?: residual variance, A: coefficient matrix, x: polynomial structure vector, Y: target vectors
of the training samples corresponding to the subjective perception [ScHurMaNN 96: p. 107]

Equation 16: least-mean square approach of the polynomial regression

Here, the labels of the training samples are presented as 5-dimensional target vectors
Y. Through several mathematical transformations, it is possible to solve this minimisa-
tion problem and the coefficient matrix A can be determined, according to Equation 17.

-1
A =E{x-xT} -E{X-YT}
A: coefficient matrix, x: polynomial structure vector, Y: 5-dimensional target vectors of the train-
ing samples corresponding to the subjective perception, £: moment matrixes [ScHURMANN 96: p. 109]

Equation 17: determination of the coefficient matrix

Thereby, E{xx"} and E{x-y"} represent moment matrices. The polynomial structure
vector can only be determined, if £ {x-x'} is invertible [SCHURMANN 96: p. 102-186].

The training phase is completed by the determination of the coefficient matrix A. After-
wards the polynomial classifier is able to calculate a label for any feature vector, as
shown in Equation 18.

_ AT
Viest = Xtests Ytest =A" - Xiest

A: coefficient matrix, x: polynomial structure vector, y: target vectors of the test samples
determined by the polynomial classifier [ScHurRMANN 96: p. 103]

Equation 18: application of the polynomial classifier on a test dataset

For this purpose, the feature vector vis: of the test sample is transformed into the poly-
nomial structure vector xws:(v). The target vector Yis is then obtained from the multipli-
cation of the coefficient matrix A determined by training and the structure vector Xiest(V)

[SCHURMANN 96: p. 102-186].

The peculiarity of this classifier is that no single value is determined. The outcome of
the polynomial classifier is a 5-dimensional assignment probability vector d’, shown in
Figure 48.
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Class space
Y=(y1y2y3y+ys)
Classifier Assignment probability 1
dwi(v) d’'wr 0.25 2
Feature space dwz(v) d'w2 0.53 Y=01000T
3
v=(vivz... VQ)T- dws(v) - d'ws 0.12 - y=2
daws(v) d'ws 0.08 4
daws(v) d’'ws 0.02 5
Adjusted through training Label conversion
Own illustration adapted from [SCHURMANN 96]. Y =y

Figure 48: conceptual approach of a polynomial classification

The assignment probability vector d’ contains for each of the 5 classes the probability
that the feature vector belongs to that class. The sum of all probabilities is always 1.
Then, the feature vector is assigned to the class with the greatest probability d’— Y.
The result is the 5-dimensional target vector, where all elements are 0, excluding the
element that corresponds to the class with the largest assignment probability
[SCHURMANN 96: p. 102-186]. Finally, the target vector needs to be converted into a
continuous label Y — y.

With increasing polynomial degree G, the complexity of the classification system in-
creases as well. Here, according to [MARSLAND 11], it is important to ensure that the
number of samples N in the training set is 10 times greater than the number of polyno-
mial terms P, P > 10-N.

Again, the assignment task is reduced to a 2-class problem where only the customer
suitability of the HUD images as acceptable or unacceptable is assessed. So far, the
feature vector is assigned to the class with the greatest probability. This rule can be
modified that the decision for an acceptable quality is only made if the probability of the
feature vector to belonging to an acceptable quality is higher by a multiple ¢ than the
probability of belonging to an unacceptable quality [KRISTIAN et al. 11: p. 203], as
shown in Figure 49.

Assignment probability IF dac > ¢ - duac

0.02 Image quality is unacceptable
duac =dw1 + dw? ELSE

HAUPTSTRASSE /\ 0.08 Image quality is acceptable
. (189 )%E— 0.53
LANDHAUSSTRASSE ™ 025

dac =dws + daws + dws

0.12

Own illustration. Constant definition adapted from [KRISTIAN et al. 11: p. 203].

Figure 49: 2-class polynomial classification for assessing the image quality
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By varying the constant ¢, the ROC curve of the classifier can be determined. The ROC
curve is interpolated by plotting the true positive rate (TPR) against the false positive
rate (FPR) at various constant values ¢ [KRISTIAN et al. 11: p. 219].

6.5 Dimensionality reduction

Dimensionality reduction is used to lower the computational cost of many algorithms.
However, it can also remove noise, significantly improve the results of the learning al-
gorithms, make the dataset easier to work with and make the results easier to under-
stand [MARSLAND 11: p. 221]. In this thesis, 2 methods of dimensionality reduction are
used, the principal component analysis and the feature selection approach.

6.5.1 Principal component analysis

The main objective of the principal component analysis (PCA) is to reduce the number
of characteristic features. The PCA projects high dimensional data into a low dimen-
sional space with minimal information loss, as shown in Figure 50.

The potential for dimensionality re-
duction lies in the fact that the y’
dimension does not demonstrate
much variability. Thus, it might be
possible to ignore it and use the x’
axis values alone without compro-
mising the results of the learning
algorithm [MARSLAND 11: p. 227].

X

The diagrams show 2 different sets of coordi-
nate axes. The second consists of a rotation and
translation of the first and was found using PCA.

lllustration taken from [MARSLAND 11: p. 227].

Figure 50: principle of the PCA

This is based on the assumption that a complete set of measured variables hides only
a small number of fundamental components that are not correlated [BORTZ & SCHUS-
TER 10: p. 385ff]. The performance of the principal component analysis is described in
[BACKHAUS et al. 00: p. 252-327]. The first step is the calculation of the correlation ma-
trix R of the feature vectors. Based on the correlation matrix R, it can be seen whether
relations between the objective feature exist or not [BACKHAUS et al. 00: p. 262], as
shown in Equation 19.
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T A g ﬁ:(‘/ﬁ ‘W)'(qu ‘Vq)

R=|M 1 M|, r,= =1 = correlation between v7 and vq

q N
—\2 —\2
g A1 \/Z(VW_W) ‘Z(qu_vq)
i=1 i=1
R: correlation matrix, v: feature vector, q: number of objective features to represent the image
quality, N: number of images taken for investigation, r1q: correlation coefficient between feature vs
and vq, V : average value of the features for all images [BackHaus et al. 00: p. 263]

Equation 19: correlation coefficient and correlation matrix

The correlation coefficient r can take values between +1. A value of +1 indicates a
completely positive or negative linear correlation. In contrast, O shows that the features
are independent of each other [NEUE STATISTIK 03].

The principal component analysis is only useful if the features show substantial correla-
tions. This is the case if the correlation matrix differs significantly from the unit matrix
[BORTZ & SCHUSTER 10: p. 417]. The higher the variables correlate, the fewer compo-
nents are needed to explain the total variance. The total variance is always equal to the
number of used features [BORTz & SCHUSTER 10: p. 392f].

In the next step, the eigenvalues of the correlation matrix are calculated. They indicate
how much of the total variance is covered by the corresponding principal component.
The sum of the eigenvalues corresponds to the total variance [BORTZ & SCHUSTER 10:
p. 408f]. Based on the size of the eigenvalues, it is often decided how many compo-
nents should be extracted. Thus, the eigenvalues indicate which number of compo-
nents explains the total variance sufficiently well [BORTz & SCHUSTER 10: p. 415f].

After determining of the number of principal components, the component loadings and
component values are calculated. The component values describe the projection of
each data point to the principal component. The component loadings reflect the corre-
lation between the principal component values and the initial values of the features, as
shown in Equation 20 [BORTZ & SCHUSTER 10: p. 392f].

aqy A ay fii A fip
A=| M O M| A=V.diaghZ|, F=| M 0 M|, F=x A{AT-A)"
8y A 8y fui A Ty

A: component loading matrix, F: component value matrix, V: transformation matrix that contains
the eigenvectors of the correlation, X: raw data matrix that contains all feature vectors, A: eigen-
values of the correlation matrix, N: number of images taken for investigation, f: number of signif-
icant components (f' < N) [BorTz & ScHUSTER 10: p. 412].

Equation 20: component ladings and component values

The PCA results in principal components, which are independent of each other and
explain successively maximum variance [BORTZ & SCHUSTER 10: p. 392].
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Finally, the Varimax-rotation creates a simple structure of the principal components.
This method is an orthogonal rotation technique that preserves the independence of
the components. The aim is to maximise the variance of the squared component load-
ings per component. For a detailed description of the Varimax-rotation please refer to
[BORTZ & SCHUSTER 10: p. 419f].

6.5.2 Feature selection

Feature selection refers to looking through the available features and determining
whether they are actually useful [MARSLAND 11: p. 221]. Irrelevant and redundant fea-
tures are removed. Only the features that will give good system accuracy are used.
Feature selection differs from dimensionality reduction with PCA. Both methods at-
tempt to reduce the number of attributes in the dataset. The PCA creates new compo-
nents, while feature selection methods include and exclude features in the data without
changing them [BROWNLEE 14].



Chapter

elopment of an
sessment algorithm

This chapter examines how an assessment algorithm for HUD images can be im-
plemented. The main task of an assessment algorithm is to display the relationship
between any forms of aberrations and their resulting quality impressions. It is shown
how such an assessment algorithm can be derived from the results of conducted sub-
ject studies. The subjective perception of distortions and double images is investigated.
The structure of the implemented algorithm is shown in Figure 51.

Since different aberration types can be corrected by different measures, the assessment of the
image quality is done gradually. The algorithm is based on the assumption that the combination of
unacceptable aberration types cannot lead to an acceptable overall impression.
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Figure 51: flowchart to assess the image quality

The flowchart shows that the assessment of the perceived quality is done gradually.
Distortions, double images and the combination of distortions and double images are
taken into account. First, the perception of distortions and double images is analysed
separately. The reason for this is that the different aberration types can be corrected by
different measures. Resulting distortions that are not suitable for customers are cor-
rected by image warping. Warping assumes that a suitable pre-distorted image that
has passed through the optical system is converted into a straight undistorted image,
see chapter 3.8.7. In contrast, double images are visible if the wedge-shape PVB layer
is not properly fitted between the 2 glass plates of the windscreen, see chapter 3.8.2.
Since there is no way to correct the wedge shape layer, the windscreen has to be re-
placed to avoid double images.
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Only if the separate analysis of distortions and double images is successful, the combi-
nation of the 2 aberrations is investigated. The algorithm is based on the assumption
that the combination of unacceptable aberration types cannot lead to an acceptable
overall impression. If the combination of distortions and double images is acceptable,
the vehicle can be delivered to the customer. Otherwise, each vehicle is checked sepa-
rately to decide what needs to be done.

Input parameters for the algorithm are objective features that numerically describe the
image quality. 21 features are used (13 features for detecting distortions and 8 features
for capturing double images), see chapter 5.1.

This chapter is divided into several parts. First, the images of the database are ana-
lysed in more detail and divided into appropriate training and test datasets. Clustering
methods are mainly used to find representative images. Afterwards, it is investigated
which method is best suited to assess the quality of HUD images. For this purpose, the
standard limit value consideration is implemented first. Then it is checked whether
classification methods can achieve better recognition accuracies. Finally, it is shown
that the manual labelling effort can be reduced by a semi-supervised or active learning
scenario.

7.1 Analysis of the images from the database

For the development of the assessment algorithm, 71895 distorted images and 64410
images with different double images are available, see chapter 4.4. The objective fea-
tures are calculated for each image to numerically describe the quality, see chapter 5.7.
This chapter analyses the objective feature values of the images. First, it is checked in
which size ranges the objective features occur. Subsequently, a principal component
analysis is performed to see if dimensionality reduction could be quite useful for the
implementation of the classification methods. The PCA is performed with the free anal-
ysis software GNU PSPP’.

7.1.1 Investigation of the images of the distortion dataset

To get an overview of occurring distortion type quantities, frequency distribution dia-
grams are created for each feature, see appendix A.2. Figure 155 shows that the val-
ues of the feature no. [3.8] - Smile vertical and feature no. [1.1] - Adjusted in width are
completely within the perception limits. All other features show clearly visible occur-
rences exceeding the limits. The perception limits of the features are calculated in
chapter 5.2.1. The frequency diagrams show that assembly tolerances cause visible
distortions.

7 GNU PSPP is a program for the statistical analysis of sampled data. It is a free replacement for the pro-
prietary program SPSS and is very similar to it. The program can be downloaded from the following link:
https://www.gnu.org/software/pspp/.
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In the next step, the feature values are investigated by the PCA. The result of the PCA
is shown in Figure 52. The graph on the left shows how much information is lost by
reducing the features to a smaller number of principal components. The x-axis repre-
sents the number of principal components and the y-axis the total variance covered.
The table on the right shows this information numerically. The first column shows the
resulting eigenvalues from the correlation matrix R of the feature vectors. The sum of
the eigenvalues corresponds to the total variance, which is always equal to the number
of features used. The second column contains the percentage of the total variance
covered by the principal components and the last column the cumulative percentage.

The PCA is performed with 71895 images. The quality of each image is described by 13 features.
Total variance covered by the corresponding principal components
100 . Percentage | Cumulative
of variance | percentage
_ 1 4.33 33.27% 33.27%
= 801 2 242 18.58% 51.86%
8 3 1.49 11.50% 63.35%
S 4 1.01 7.74% 71.09%
5 601 5 0.81 6.25% 77.34%
% 6 0.74 5.71% 83.05%
° 7 0.66 5.06% 88.11%
= 40 8 0.50 3.82% 91.93%
9 0.46 3.54% 95.47%
IrHH—_—-- 10 0.34 2.61% 98.08%
c 2 4 6 8 10 12 11 0.18 1.37% 99.45%
Number of principal components 12 0.07 0.55% 99.99%
13 0.00 0.01% 100.00%
Own illustration. Results obtained by the program GNU PSPP.

Figure 52: results of the PCA for the distortion dataset

Here, a reduction to 10 principal components does not lead to a considerable loss of
information, as more than 98% of the total variance is still covered. With a dimensional-
ity reduction to 2 principal components, more than 50% of the total variance is covered.
The PCA analysis shows that the features are well chosen and hardly correlated. For
the implementation of an assessment algorithm, it is necessary to check whether a
dimensionality reduction of the feature space could be useful.

7.1.2 Investigation of the images of the double image dataset

Also for double images, the frequency distribution diagrams are created for each fea-
ture see, appendix A.3. Figure 156 shows that the values of the feature no.
[2.2] - Mean vertical are completely within the perception limits. The values of all other
features are well above the limits and are therefore visible. The perception limits of the
features are calculated in chapter 5.2.2.

Now, the feature values are analysed with the PCA. The results are summarised in
Figure 53. The figure shows, as for the analysis of distortions, on the left side the graph
and on the right side the corresponding values.
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The PCA is performed with 64410 images. The quality of each image is described by 8 features.
Total variance covered by the corresponding principal components
100
—_ Percentage | Cumulative
= 80/ of variance | percentage
8 1 45.74 45.74
E 2 3.13 39.16 84.90
§ 601 3 0.72 9.05 93.95
S 4 0.24 3.05 97.01
E 5 0.16 1.97 98.98
401 6 0.04 0.55 99.53
7 0.02 0.31 99.84
o———— 8 0.01 0.16 100.00
0 2 4 6 8
Number of principal components
Own illustration. Results obtained by the program GNU PSPP.

Figure 53: results of the PCA for the double image dataset

The analysis shows that the features are clearly correlated with each other. The more
the features correlate with each other, the fewer principal components are needed to
cover the total variance. Here, only 3 principal components are needed to cover more
than 93% of the total variance. Even with a reduction to 2 principal components, almost
85% of the overall variance is covered. For the implementation of the assessment algo-
rithm, a dimensionality reduction of the feature space can be quite useful.

7.2 Unsupervised learning: selection of representative images

To investigate the customer acceptance, the images of the database are assessed
subjectively. The images of the database have already been prepared for the subjec-
tive assessment, see chapter 4.4. Unfortunately, the rating of nearly 72000 distorted
images and nearly 65000 images showing double images is very time consuming and
is not workable. Thus, the rating is limited to a few representative images obtained by
clustering methods. Clustering groups similar images together. The aim is that 1 group
contains only images with the same subjective assessment. In addition, the rating of 1
single image should match the ratings of all other images in the same group. Conse-
quently, the expenditure of the customer questionings can be reduced since only 1
image from each group needs to be evaluated.

7.2.1 Clustering the images in the distortion dataset

This chapter is divided into 4 parts. First, the cluster condition is determined numerical-
ly. Then, the images of the database are divided into several clusters. In the next step,
the subjective perception of the images in the database is examined. Finally, the imag-
es of the database are split into training and test datasets.
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Determine the cluster condition humerically:

The aim is to find the minimum number of clusters that exhibits no subjective difference
between the images on a group. The requirement of subjective equality in a cluster is
investigated and numerically quantified in a preliminary investigation. For this, the
71895 images are analysed in different cluster solutions. Due to a large amount of data
and the temporal expenditure, the investigation is executed with only 6 test persons.
For clustering, the simple k-means algorithm is used, where the number of clusters is
known in advance. The images are then displayed successively for each cluster on an
external monitor, see chapter 4.5. As soon as a difference between the images in 1
cluster can be perceived, the questioning is aborted and restarted with modified pa-
rameters. The resulting clusters depend on the selected features and the chosen clus-
ter number. Due to the different subjective relevance, see Table 6, not all evaluation
features are needed to describe the subjective difference. By choosing subjectively
relevant features, a reduction of the dimension is obtained because subjectively irrele-
vant features are ignored. Until a suitable arrangement of the images is found, either a
further feature is taken for clustering or the cluster number is increased. It must be en-
sured that the start allocation of the k-means algorithm remains the same. The cluster
condition is reached if the participants confirm that there is no subjective difference
between the images in 1 cluster. Then the required cluster condition can be obtained
based on the involved features [KOPPL et al. 16].

The preliminary investigation shows that only 5 evaluation features (no. [3.1] - Rotation,
no. [3.2] - Misalignment horizontal, no. [3.3] - Misalignment vertical, no. [3.6] - Smile
horizontal top, no. [3.7] - Smile horizontal bottom) are needed to describe the subjec-
tive perceptible difference. The images are properly sorted if the maximum difference
of the feature values A4 inside the clusters is less than 1 HUD pixel
(0.58 mm x 0.58 mm), as shown in Equation 21. The distribution of the values of the
remaining 8 features does not affect the subjective perception. It is shown that images
with similar objective feature values (no. [3.1], no. [3.2], no. [3.3], no. [3.6], no. [3.7])
cause the same quality impression [KOPPL et al. 16].

featureno.[3.1],[3.2],[3.3]
featureno.[3.6], [3.7]

The images are properly sorted, if the maximum difference of the feature values Arate inside the
clusters is smaller than 1 HUD pixel [KOPPL et al. 16].

A e <THUD pixel{

Equation 21:  subjective equality for clustering the images in the distortion dataset

Clustering results:

Once the objective of clustering is known, the 71895 images are divided into subjective
groups. All 13 features are used for this. The minimum number of clusters is deter-
mined where no subjective difference between the images can be perceived. The im-
ages in a cluster are all annotated with the same subjective label. Likewise, the values
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of the objective features no. [3.1], no. [3.2], no. [3.3], no. [3.6], no. [3.7] vary by less
than 1 HUD pixel, as shown in Equation 21.

To obtain the best solution, the results of the ward, the k-means, a combination of ward
and k-means and mean-shift clustering are compared. The used clustering methods
are implemented for this thesis in the free software environment R®. For ward and
k-means, clustering functions of the package cluster (function kmeans and hclust) and
for the mean-shift clustering, a function of the package LPCM (function ms) is applied.
After each cluster passage, it is checked whether a subjective difference between the
images in 1 cluster exists. Since for of the k-means algorithm the cluster solution de-
pends on the randomly selected starting condition, the results of 100 different initial
conditions are considered in more detail. The resulting numbers of clusters are shown
in Figure 54. Here, the number of clusters without subjective difference is plotted
against the number of different starting positions.

Evaluation of 100 different starting positions for k-means clustering
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Own illustration. Results obtained by the program R.

Figure 54: k-means: resulting numbers of clusters for different starting positions

The evaluation of the resulting numbers of clusters shows that the difference between
the minimum (1109) and the maximum number of clusters (1207 clusters) amounts 98
clusters. The average number of clusters is 1146 clusters. This clearly shows that the
resulting cluster number depends strongly on the chosen starting position.

The results of the clustering methods are summarised together with the average cluster
number of the k-means procedure in Table 13. Comparing the solutions shows that the
combination of ward and k-means results in 1007 groups. This is the smallest possible
number of clusters and is therefore considered the best solution. In contrast, the largest
number of clusters is obtained from the mean-shift algorithm. The results of the ward
method and the k-means algorithm are between these values [KOPPL et al. 16].

8 R is a free software environment for statistical calculations and graphics. It compiles and runs on a varie-
ty of UNIX platforms, Windows and MacOS. The program can be downloaded from the following link:
http://www.r-project.org/.
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Clustering method Number of clusters
ward 1239
k-means (average of 100 starting positions) 1146
ward and k-means 1007
mean-shift 4288

Table 13: clustering results for the distortion dataset

By combining ward and k-means clustering, the 71895 images are now distributed to
1007 clusters. Subsequently, the found cluster solution is confirmed by 6 test persons.
For this, the images of each cluster are summarised in a film. The images are visible
for 100 ms. Each distorted image is followed by a black image that is displayed for
10 ms. This results in 1007 individual films with a total length of 10 hours and
11 minutes. The investigation is carried out in the special test environment. After see-
ing the film, the test persons confirm that there is no subjective difference between the
images in each cluster. Thus, the images of the dataset can be reduced to only 1007
representative images.

Looking more closely at the individual clusters, a frequency diagram is generated with
the number of images in each cluster, as shown in Figure 55. 83 clusters contain only a
single image. On the other side, there are 8 clusters with more than 500 images. The
maximum number of images in a cluster is 898 images.

Analyse the number of images in each cluster. The 71895 images are divided into 1007 clusters.
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Figure 55: evaluation of the found cluster solution for the distortion dataset

Subjective evaluation of the images in the database:

The previously found cluster solution now serves as the basis for a further customer
survey. In which only 1007 representative images are subjectively assessed. The im-
ages that are next to the theoretical cluster centres are shown to 12 test persons in the
special test environment. The time required is about 8 hours per person. Since all im-
ages in each cluster cause the same quality perception, the ratings of 1007 cluster im-
ages allow conclusions to be drawn about the 71895 images. Thus, a rough overview
of the subjective ratings of the images in the database is obtained, as shown in Figure
56.
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Get a rough overview of the subjective labels of the images in the database.

Split the images into
groups, e.g. ward and
k-means clustering.

> Each cluster contains only
71895 images images with the same
< subjective assessment.

A

Draw conclusions to the
labels of the remaining
images.

Selection of representative
images. E.g., the images
are selected that are next
to the theoretical cluster
centre.

1007 images

Subjective label is equal

for each image in the cor- T , .
responding cluster. Subjective " Identify the labels by inter-

labels viewing test persons.

Own illustration.

Figure 56: label the images of the distortion dataset roughly

The images are evaluated on a scale from 1 (very annoying) to 5 (imperceptible), ac-
cording to the ITU-R 500 directive; see Table 1. During the questioning, it is remarkable,
that after labelling 300-360 images, the assessment of the subsequent images is
stressful and the test persons need many breaks. The results of the survey are sum-
marised in Table 14 [KOPPL et al. 16].

Subjective rating class 1 2 & 4 5
Number of clusters 407 551 35 9 5
Number of images in each class | 20333 | 45983 | 3054 | 1869 | 656
Number of images AC / UAC 66020 5875

Table 14: rough labelling of the images in the distortion dataset

The evaluation shows that only 5 clusters with the highest score exist. On the contrary,
there are 407 clusters with the lowest score. It is remarkable that even more images
are classified as annoying or very annoying, as imperceptible or not annoying. By the
way of example, an image for each evaluation class can be found in the appendix A.4.

Dividing the images into train and test data:

In order to train and test the assessment algorithm, the images of the database are
split into 2 independent datasets. First, the test dataset is extracted. Since the images
in the test dataset need to be subjectively labelled, the maximal number of images is
set to 360 images. Since the images of the database are roughly labelled, test images
can be selected that are evenly distributed among all 5 classes. Thus, 72 images are
selected for each class. All images except the images closest to the cluster centres are
allowed. To determine the exact subjective labels, the 360 selected test images are
evaluated by the test persons. The procedure of the test image extraction is shown in
Figure 57.
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Figure 57: separation of the test dataset from the distortion dataset

The test images are evaluated by 12 test persons in the special test environment. The
time required per test person is about 3 hours. The images are also labelled on the
rating scale from 1 (very annoying) to 5 (imperceptible) rating points. The results of the
survey are summarised in Table 15. The evaluation of the survey shows that the test
dataset consists of 145 images of unacceptable quality (classes 1 and 2) and 215 im-

ages of acceptable quality (classes 3, 4 and 5).

Subijective rating class 1 2 3 4 5
Number of images in each class 89 56 77 87 51
Number of images AC / UAC 145 215

Table 15: labelling of the images of the test dataset for distortion

In the next step, the training dataset is determined. The procedure for this is shown in

Figure 58.
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Figure 58: separation of the training dataset from the distortion dataset

71



Development of an assessment algorithm
72

71535 images are available after deduction of the test data. In order to train the evalua-
tion algorithm as well as possible, the training data must be sufficiently representative.
The representative training images are obtained by clustering. The cluster condition
has already been determined numerically at the beginning of this chapter. Again, each
cluster should contain only images that cause the same subjective quality impression.
The combination of ward and k-means is applied as the clustering method. The cluster
analysis shows that the remaining images can be divided into 1006 clusters. The imag-
es closest to the cluster centre are used as training data. Finally, the subjective labels
are determined. Before the images of the training dataset are shown to the test per-
sons, the 1006 images are compared to the 1007 representative images of the data-
base. The comparison shows that 991 images are identical and already labelled by the
test persons. Consequently, only 15 images are rated during the test persons question-
ing. The evaluation of the images takes place in the designated test environment. The
labelling of the images takes about 8 minutes per person. The resulting labels of the
training dataset are shown in Table 16.

Subjective rating class 1 2 & 4 5
Number of images in each class | 408 550 33 10 5
Number of images AC / UAC 958 48

Table 16: labelling of the images of the training dataset for distortion

The training dataset consists of 958 images of unacceptable quality (classes 1 and 2)
and 48 images of acceptable quality (classes 3, 4 and 5). Here, 550 images are as-
signed to rating class 1 and only 5 images to rating class 5.

7.2.2 Clustering the images in the double image dataset

The clustering of the images with different double image distances is based on the
same principle as the clustering of the distorted images in the previous chapter.

Determine the cluster condition nhumerically:

The aim is that the images in a cluster exhibit no subjective difference. In a preliminary
investigation, the requirement of subjective equality is determined numerically. The
64410 images are analysed in different cluster solutions. Again, only 6 test persons
participate in the survey. As cluster method, the k-means algorithm is used. The start
allocation remains the same through the investigation. The survey takes place in the
special test environment. As soon as the test persons perceive a difference between
the images in 1 cluster, the questioning is restarted with modified parameters. The re-
sulting clusters depend on the selected features and the number of clusters. Until the
cluster condition can be determined, either another feature for clustering is selected or
the number of clusters is increased. If all test persons confirm that, the images are ar-
ranged in the corresponding cluster, the cluster condition can be determined based on
the involved features.
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After executing the preliminary investigation, it can be seen that all 8 characteristic fea-
tures are needed for clustering. The subjective perceptible difference can only be de-
scribed if all features are used. The investigation shows that images with similar objec-
tive feature values cause the same quality impression. An appropriate cluster solution
is found if the maximum difference of all feature values A4.a inside 1 cluster is less than
1 HUD pixel (0.58 mm x 0.58 mm), as shown in Equation 22.

Horizontal : featureno.[1.1]...[1.4]
Vertical : featureno.[2.1] ...[2.4]

The images are properly sorted, if the maximum difference of all feature values Arate inside the
clusters is smaller than 1 HUD pixel.

A e < THUD pixel {

Equation 22: subjective equality for clustering the images of the double image
dataset

Clustering results:

According to the cluster condition, the images are subdivided into subjective clusters.
Here, the results of the ward, the k-means, a combination of ward and k-means and the
mean-shift clustering are compared. The minimum number of clusters is determined
when the objective feature values vary by less than 1 HUD pixel. Since the randomly
selected starting condition of the k-means algorithm affects the resulting cluster solu-
tion, the results of 100 different initialisations are analysed, as shown in Figure 59.
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Own illustration. Results obtained by the program R.

Figure 59: k-means: resulting numbers of clusters for different starting positions

The graph shows that the average number of clusters is 369 clusters. The minimum
cluster number is 350 and the maximum cluster number is 420 clusters. This results in
a difference between the minimum and the maximum number of 70 clusters. Table 17
summarises the results of the remaining clustering algorithms together with the aver-
age cluster number of the k-means method. The mean-shift algorithm has the largest
number of clusters with 1797 clusters. In contrast, combining ward and k-means yields
with 422 clusters the smallest number of clusters. The results of the k-means method
and the ward algorithm are in between.
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Clustering method Number of clusters
ward 425
k-means (average of 100 starting positions) 369
ward and k-means 422
mean-shift 1797

Table 17: clustering results for double image dataset

Examining the results shows that the k-means algorithm yields 350 clusters with a spe-
cific initialisation. This number is smaller than the number of clusters resulting from the
combination of the ward and k-means. Thus, this solution is considered as the best
possible solution.

The 64410 images are split into 350 clusters using the k-means algorithm. To confirm
that there is no subjective difference between the images in each cluster, the cluster
solution is assessed by 6 test persons. For this, the test persons watch a film that
shows the summarised images of each cluster. The images are visible for 100 ms. Fol-
lowed by a black image that is visible for 10 ms. The result is 350 individual films with a
total length of 8 hours and 55 minutes. Again, the investigation is carried out in the
special test environment. The result is that there is no subjective difference between
the images in each cluster. Consequently, the images of the database can be reduced
to 350 representative images.

The number of images in each cluster is summarised in the following frequency dia-
gram, as shown in Figure 60. 1 cluster contains the maximum number of 4609 images.
Similarly, 21 clusters contain more than 900 images. On the other hand, 83 clusters
consist of only 1 single image.

Analyse the number of images in each cluster. The 64410 images are divided into 350 clusters.
[0
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Figure 60: evaluation of the found cluster solution for the double image dataset



Development of an assessment algorithm
75

Subjective evaluation of the images in the database:

The 350 representative images of the cluster solution serve as the basis for a further
customer survey. The images that are next to the theoretical cluster centre are labelled
manually in the special test environment. In total, 12 test persons are asked. The time
required is about 3 hours per person. The images are rated on a scale from 1 (very
annoying) to 5 (imperceptible) according to the ITU-R 500 guideline. Since the images
in 1 cluster cause all the same quality perception, the ratings of the 350 representative
images allow conclusions to be drawn from the remaining 64410 images. Thus, a
rough overview of the subjective labels of all images can be obtained. The resulting
labels are summarised in Table 18.

Subjective rating class 1 2 3 4 5
Number of clusters 114 173 39 17 7
Number of images in each class | 20665 | 33984 | 4930 | 4634 | 197
Number of images AC / UAC 54649 9761

Table 18: rough labelling of the images in the double image dataset

The survey shows that there are 287 representative cluster images with unacceptable
quality (114 images from class 1 and 173 images from class 2). On the other hand, 63
representative cluster images (39 images from class 3, 17 images from class 4 and 7
images from class 5) are accepted by the customers. In total, the database consists of
54649 images that are labelled as unacceptable, and of 9761 images labelled as ac-
ceptable. An example image for each evaluation class can be seen in the appendix A.5.

Dividing the images into train and test data:
Again, the images of the double image dataset are divided into test and training data.
First, the test dataset is separated, as shown in Figure 61.
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Figure 61: separation of the test dataset from the double image dataset
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The test dataset consists of 360 images, which are evenly distributed over all 5 classes.
Since the images of the database are roughly labelled, it is possible to select 72 imag-
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es for each class. Any images could be selected except the images, which are closest
to the cluster centre. Afterwards, the test images are evaluated by the test persons to
find the exact labels. The 12 test persons evaluate the 360 test images in the special
test environment. The time required is about 3 hours per person. The images are la-
belled on the rating scale from 1 (very annoying) to 5 (imperceptible). The results of the
questioning are summarised in Table 19. The table shows that the test dataset consists
of 147 images of unacceptable quality (classes 1 and 2) and 213 images of acceptable
quality (classes 3, 4 and 5).

Subjective rating class 1 2 3 4 5
Number of images in each class 95 52 62 94 57
Number of images AC / UAC 147 213

Table 19: labelling of the images of the test dataset for double images

The training dataset is determined in the last step. After deduction of the test dataset,
there are still 64050 images available. Again, the representative training images are
obtained by clustering. The cluster condition has already been determined at the be-
ginning of this chapter. The k-means algorithm is used to find clusters, which contain
images that cause the same subjective quality impression. The application of the algo-
rithm reveals that the images could be split into 345 clusters. Consequently, the train-
ing dataset is composed of the representative images, which are closest to the cluster
centre. The determination of the training dataset is illustrated in Figure 62.
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available. ter centre are selected.

Determine the exact labels
by a renewed test persons
questioning.

Subjective
labels

o Result is an independent
Training da- ) training dataset to imple-
taset ment the algorithm.

490

Own illustration.

Figure 62: separation of the training dataset from the double image dataset

Finally, the images of the training dataset need to be provided with subjective labels.
Therefore, the 345 train data are compared with the 350 representative images of the
database. The comparison of the images shows that 307 images are identical and are
already rated by the test persons. Consequently, only 38 images are labelled by 12 test
persons. The survey takes place in the special test environment. Each test persons
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takes about 20 minutes to label the remaining training images. The resulting labels are
summarised in Table 20. The training dataset for double images consists of 284 imag-
es of unacceptable quality (rating classes 1 and 2) and 61 customer suitable images
(rating classes 3, 4 and 5).

Subijective rating class 1 2 3 4 5
Number of images in each class | 119 165 33 26 2
Number of images AC / UAC 284 61

Table 20: labelling of the images of the training dataset for double images

7.2.3 Separation of the distortion and double image dataset

If the separate perception of distortions and double images is acceptable, the combina-
tion of the 2 aberration types is investigated. As the studies from the earlier chapters
show, 5875 distorted images and 9761 images with different double image distances
are classified as acceptable. From these images, 608 images exist that show both ac-
ceptable distortions and acceptable double images. Any of those images is described
by 21 objective features.

Total variance covered by the corresponding principal components
Percentage | Cumulative
10 of variance | percentage

0 1 7.05 33.57 33.57

— 2 3.36 16.02 49.58

= 80! 3 2.52 12.00 61.58

8 4 1.69 8.05 69.63

S 5 1.09 5.18 74.81

S 60 6 0.92 4.37 79.18
>

= 7 0.77 3.66 82.84

° 8 0.70 3.35 86.19

= 40l 9 0.53 2.51 88.70

10 0.48 2.28 90.98

0 —— T 11 0.39 1.87 92.85

c 4 8 12 16 20 12 0.33 1.58 94.42

Number of principal components 13 0.28 1.35 95.77

14 0.25 1.21 96.98

) . ) 15 0.17 0.81 97.80

The PCA is performed with 608 images. 16 016 0.75 9854

The quality of each image is described by 17 0.11 0.52 99.07

21 features. 18 0.10 0.45 99.52

19 0.06 0.30 99.82

Own illustration 20 0.04 0.18 100.00

Results obtained by the program GNU PSPP. 21 0.00 0.00 100.00

Figure 63: results of the PCA for distortion and double image dataset

First, the 21 feature values of the 608 images are analysed by the PCA. The result of
the PCA is shown in Figure 63. The figure shows graphically and numerically the loss
of information by dimensionality reduction to a few principal components. The features
are well chosen and they hardly correlate with each other. During a dimensionality re-
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duction to 2 principal components, almost 50% of the total variance is covered. Here,
10 principal components are needed to cover more than 90% of the total variance. Dur-
ing implementing an assessment algorithm, it is necessary to check if a dimensionality
reduction of the feature space is beneficial.

Since only a few images are available, the 608 images are manually labelled without
previous clustering. All 608 images are labelled by the test persons and afterwards
divided equally into training and test datasets, as shown in Figure 64.

Distortion
5875 images

Select images

that show both
acceptable 608 images
distortions and

double images.

Double images
9761 images

Determine the labels by
an additional customer
survey.

Subjective

labels
Training da-
taset

Figure 64: separation in training and test data for distortion and double images

Images of ac-
ceptable quality

Test dataset
Own illustration.

The images are labelled in the special test environment. Overall 12 test persons are
asked (time involved approximately 5 hours per person). The images are evaluated on
a scale from 1 (very annoying) to 5 (imperceptible), according to the ITU-R 500 di-
rective. The results of the questioning are summarised in Table 21. The table shows
that the 276 images of unacceptable quality (classes 1 and 2) and 332 images of ac-
ceptable quality (classes 3, 4 and 5) are available. An example image for each class is
shown in the appendix A.6.

Subjective rating class 1 2 3 4 5
Number of images in each class 12 264 267 63 2
Number of images AC / UAC 276 332

Table 21: labelling of the images in the distortion and double image dataset

To gain an overview of the relationship between the overall image quality and the sepa-
rate labels for distortions and double images frequency distribution diagrams are gen-
erated, as shown in Figure 65. The diagrams show that the existing double images are
evaluated separately with 3 or 4 rating points and occurring distortions with 3, 4 or 5
rating points. The first 2 diagrams show that the expectations towards the image quality
are not fulfilled for the most part if images showing distortions rated with 3 or 4 points
and double images labelled with 3 points. The overall impression of these images is
mostly labelled with 2 rating points and partly with only 1 rating point. In contrast, the
remaining combinations are mostly rated with 3 or 4 points. In addition, these combina-
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tions can lead to an unacceptable overall impression. Therefore, an assessment sys-
tem for the overall image quality is required because it is not possible to derive the la-
bel for the overall impression from the separate assessment of the individual aberration
types.

Double image assessment: 3 Double image assessment: 3 Double image assessment: 3
Distortion assessment: 3 Distortion assessment: 4 Distortion assessment: 5
100+ 60 40
50 30:\ 201‘
0 T 0 T 1 0 T
1 2 3 4 5 1 2 3 4 5 1 2 3 4 5
Min | Max | Mean Std Min | Max | Mean Std Min | Max | Mean Std
1 3 2.37 0.59 1 4 2.28 0.62 2 4 2.66 0.51
Double image assessment: 4 Double image assessment: 4 Double image assessment: 4
Distortion assessment: 3 Distortion assessment: 4 Distortion assessment: 5
100 30 30
50 15:\ 15:‘
0 } 0 } 0 f T
1 2 3 4 5 1 2 3 4 5 1 2 3 4 5
Min | Max | Mean Std Min | Max | Mean Std Min | Max | Mean Std
2 4 2.75 0.61 2 4 2.78 0.69 2 5 3.62 0.72
The values are given in HUD pixels and rounded to full numbers. Own illustration.

Figure 65: relationship between the overall impression and the separate labels

To train and test the assessment algorithm, the 608 images are split into 2 independent
datasets. For this purpose, the images of each rating class are divided equally into 2
parts. The distribution of the images is shown in Table 22.

Subijective rating class ‘ 1 ‘ 2 ‘ 3 ‘ 4 ‘ 5
Training dataset
Number of images in each class 6 ‘ 132 133 ‘ 31 ’ 1
Number of images AC / UAC 138 165
Test dataset
Number of images in each class 6 ‘ 132 134 ‘ 32 ‘ 1
Number of images AC / UAC 138 167
Table 22: dividing the labelled images of the distortion and double image dataset
into 2 parts

The training dataset consists of 138 images of unacceptable quality and 165 images of
acceptable quality. Similarly, the test dataset consists of 138 images of unacceptable
quality and 167 images of acceptable quality.
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7.3 Limit value consideration

The limit value consideration is implemented in the first step to check whether super-
vised learning methods reach better classification results. The limit value consideration
requires ergonomic limits for the objective features and assumes a good image quality
if the objective feature values lie within these limits, see chapter 4.7. The limit values
are determined from the training dataset and verified by the test dataset. First, all im-
ages are extracted from the training dataset which are labelled with 3, 4 or 5 rating
points. Since the feature values for these images are known, the minimum and maxi-
mum values for each objective feature are determined. The minimum occurring value is
set as the lower limit and the maximum occurring value becomes the upper limit. This
ensures that all training images that represent acceptable quality are within these limits.
Then, the limit value consideration for the dataset for distortion, the dataset for double
images, and the dataset for distortion and double images is carried out.

Limit value consideration for the distortion dataset:

To implement the limit value consideration for the distortion dataset, 48 training images
representing an acceptable image quality and 360 test images are available. The quali-
ty of each image is described by 13 objective features. The limits that can be derived
from the training images are summarised in Table 23.

Objective feature L S |0 [
ower Upper

Adjusted in width  [1.1] -4.63 5.24
Adjusted in height [1.2] -8.09 8.75
Aspect deviation [1.3] -6.27 6.85
Enlargement horizontal [2.1] 0.54 L= 2.69
Enlargement vertical [2.2] | 0.95 <% 1.75
Rotaton [3.1] | 0.15 <=4 0.76
Misalignment horizontal [3.2] -0.97 0.06
Misalignment vertical [3.3] -1.95 0.72
Trapezoid horizontal [3.4] -1.48 0.54
Trapezoid vertical [3.5] | 0.03 <% 1.80
Smile horizontal top [3.6] -2.14 3.19
Smile horizontal bottom [3.7] -2.42 3.18
Smile vertical [3.8] | 022 <% 0.91

Table 23: obtained limit values for the distortion dataset

When analysing the obtained limit values, it becomes clear that the lower limit values of
the features no. [2.1], [2.2], [3.1], [3.5], and [3.8] are greater than 0 HUD pixels. These
limits are corrected to 0 because an undistorted HUD image has feature values of
0 HUD pixels. Thus, the quality of an ideal HUD image is recognised as acceptable.
Now, the 360 test images are assessed by the limit value analysis. The image quality is
classified as acceptable if the objective values for the 13 features are within the speci-
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fied limits. Once a single feature value exceeds the limits, the image quality is classified
as non-customisable. The result of the limit consideration is shown in Figure 66. The
figure shows 2 histograms representing the prediction distribution of the limit analysis.
The histogram on the left entitled “Manually UAC” shows how the test images, which
are subjectively identified as unacceptable, are classified by the limit analysis. Likewise,
the second histogram titled “Manually AC” shows how the limit consideration classifies
images that are labelled as acceptable by the test persons.

Limit consideration: results for the test set for distortion

Manually UAC Manually AC
1424 154 Assessment of the image quality
Wrongly classified: 158 images
714 774 Correctly classified: 202 images
Accuracy: 56.11%
0 0 FPR: 2.76%
UAC AC UAC AC TPR: 28.37%

Figure 66: limit consideration: results for the distortion dataset

With 158 wrongly classified images, the classification accuracy is only 56.11%. The low
accuracy value indicates that the limit value analysis is not suitable for evaluating com-
binations of different distortion types. The percentage of images showing an acceptable
quality, which are correctly identified as customisable is only 28.37%. Here, images
that are subjectively labelled as acceptable are mostly misclassified by the algorithm.
Thus, the algorithm would direct many vehicles with acceptable image quality to post-
processing. In contrast, images that are subjectively labelled as unacceptable are
mostly considered unacceptable by the limit analysis. Thus, the proportion of manually
unacceptable labelled test images that are wrongly classified as acceptable is 2.76%.
Thus, only a few vehicles with an unacceptable image quality would reach the custom-
ers.

Limit value consideration for the double image dataset:

A total of 61 training images representing an acceptable image quality and 360 test
images are available to implement the limit algorithm for the double image dataset. For
each image, the occurring double images are captured by 8 objective features. Based
on the labelled training data the limit values are determined which are summarised in
Table 24. Looking closely the limit values, it is found that the upper limits are above
1 HUD pixel. As described in chapter 5.2.2, double images with more than 1 HUD pixel
could be perceived. The occurring double images of the training data are perceptible.
Nevertheless, they are not perceived as annoying. On the other side, the lower limit
values are greater than 0 HUD pixels. An exception is only the limit value of feature no.
[1.2]. Since the feature values of an ideal HUD image without double images corre-
sponds to 0 HUD pixels, these upper limits are set to 0. Thus, it is guaranteed that the
quality of an ideal HUD image without double images is classified as acceptable.
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Objective feature LS ||nt Bl o)
Lower Upper

Maximal horizontal [1.1] | 0.22 <% 1.85
Maximal vertical [2.1] | 0.47 <% 1.67
Mean horizontal [1.2] -1.38 2.04
Mean vertical [2.2] | 0.41 <% 1.06
95% quantile horizontal [1.3] | 0.83 <= 2.10
95% quantile vertical [2.3] 0.56 =S 1.36
80% quantile horizontal [1.4] 0.10 Sofrected, 0 1.89
80% quantile vertical [2.4] | 091 =% 1.82

Table 24: obtained limit values for the double image dataset

These limits are used to assess the quality of the 360 test images. The obtained results
are summarised in Figure 67. The limit value consideration achieves an accuracy of
89.44% for the given classification task. In total, 38 images are classified incorrectly.
The algorithm has a false positive rate of 8.16%. This means that 8.16% of the unac-
ceptable labelled test images receive an acceptable label by the algorithm. 87.79% of
all test images showing an acceptable quality are also classified as acceptable by the
limit value consideration.

Limit consideration: results for the test set for double images

Manually UAC Manually AC
1364 188+ Assessment of the image quality
Wrongly classified: 38 images
68 941 Correctly classified: 322 images
Accuracy: 89.44%
0 0 T FPR: 8.16%
UAC AC UAC AC TPR: 87.79%

Figure 67: limit consideration: results for the double image dataset

Limit value consideration for the distortion and double image dataset:

To implement the limit value consideration, 165 training images representing an ac-
ceptable image quality and 305 test images are available. The quality of each image is
described by 21 objective features. The limits that can be derived from the labelled
training images are summarised in Table 25. Again, the lower limit values greater than
0 HUD pixels are matched to an ideal HUD image. The lower limit values of the fea-
tures no. [2.1], [2.2] and [3.5] describing distortions, as well as the lower limit values of
the features no. [1.1], [2.1], [2.2], [1.3], [2.3], [1.4], and [2.4] describing double images
are set to 0. Thus, an ideal image without double images receives a positive label. The
corrected limit values are used to assess the quality of the test images. The achieved
classification results are summarised in Figure 68. Based on the given classification
task, the limit value consideration reaches an accuracy of 67.21%. The low accuracy
value indicates that the combination of various aberration types cannot be properly
assessed. The problem with this algorithm is the high FPR, which indicates that
55.80% of the images with unacceptable quality receive a positive label.
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Objective feature L Sl pLC )
ower . Upper
Distortion
Adjusted in width [1.1] -0.71 8.32
Adjusted in height [1.2] -5.14 2.24
Aspect deviation [1.3] -4.49 0.80
Enlargement horizontal [2.1] 0.95 < 3.40
Enlargement vertical [2.2] 0.03 <9 2.65
Rotation [3.1] -0.19 0.38
Misalignment horizontal [3.2] -0.38 0.00
Misalignment vertical [3.3] -0.38 1.34
Trapezoid horizontal [3.4] -0.57 0.40
Trapezoid vertical [3.5] 031 =S 1.15
Smile horizontal top [3.6] -1.65 1.22
Smile horizontal bottom [3.7] -1.55 2.12
Smile vertical [3.8] -0.67 1.39
Double image
Maximal horizontal [1.1] | 0.52 <% 1.46
Maximal vertical [2.1] | 1.19 <= 1.72
Mean horizontal [1.2] -0.28 0.02
Mean vertical [2.2] | 0.05 <% 0.33
95% quantile horizontal [1.3] | 0.44 <%0 1.22
95% quantile vertical [2.3] | 1.07 <% 1.66
80% quantile horizontal [1.4] | 0.05 <% 0.62
80% quantile vertical [2.4] | 0.67 <=%5% 1.07

Table 25: obtained limit values for the distortion and double image dataset

Limit consideration: results for the test set for distortion and double images

Manually UAC Manually AC

78 1444 Assessment of the image quality
Wrongly classified: 100 images

39+ 724 Correctly classified: 205 images
Accuracy: 67.21%

0 0 T FPR: 55.80%
UAC AC UAC AC TPR: 86.23%

Figure 68: limit consideration: results for the distortion and double image dataset

Thus, many vehicles that are not customer suitable would leave the manufacturing pro-
cess because the limit analysis confirms acceptable image quality. On the other hand,
the TPR value is 86.23%. This high value indicates that nearly 90% of vehicles with
acceptable image quality would be correctly classified as customer suitable.
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7.4 Supervised learning: implementation of classifiers

It is examined whether classification methods can achieve a better classification per-
formance than the standard limit value consideration. Here, supervised learning (SL)
methods such as the polynomial classifier®, the nearest neighbour classifier, and the
learning vector quantisation are used. The classification algorithms are implemented
especially for this thesis. The polynomial classifiers are based on the equations intro-
duced in chapter 6.4.3. The classification task is implemented in Matlab. Classifiers of
1st, 2nd, 39 and 4™ polynomial order are realised. The k-nearest neighbour classification
is introduced in chapter 6.4.1. Here k-nearest neighbour classifiers for k =1, k = 3, and
k =5 are implemented in Matlab. In addition, for the PC and the kNN, the feature space
is reduced to different dimensions (PCA) to find the best number of principal compo-
nents for the given classification problem ™. The theory of the learning vector
quantisation is described in chapter 6.4.2. The LVQ classification is implemented in the
free software environment R. Here, the prototypes are determined by the learning rules
LvQ1, LVQ2.1, and LVQ3. Functions of the existing package LVQTools are used. In
the following is checked how many prototypes are required and according to which
learning rule these prototype vectors have to be determined to achieve the best classi-
fication result for the given classification problem.

Finally, the classification problem is reduced to 2 possibilities and the ROC curve of
each classifier type is determined by varying the classification parameters.

Using the training dataset, the various classifiers are trained to find the relationship
between the objective features and the customer acceptance. Subsequently, the quali-
ty of the trained classifiers is checked by applying the independent test dataset. Suc-
cessively, assessment algorithms for the distortion dataset, the double image dataset
and the distortion and double image dataset are implemented.

7.4.1 SL: assessment algorithms for the distortion dataset

To implement an assessment algorithm for distortions, 1006 training images and 360
test images are available. The image quality is described by 13 objective feature values.
The classification results are compared with the results of the limit value analysis. The
limit value analysis reaches the accuracy of 56.11%, the TPR of 28.37% and the FPR
of 2.76%, see chapter 7.3.

Polynomial classification:

The number of training images should be 10 times greater than the number of polyno-
mial terms [MARSLAND 11]. Thus, it is first examined which complexity of the classifiers
can be realised with the given number of training images. With 1006 training images it
is possible to implement 1%t order classifiers up to all 13 feature dimensions. The 2"
order classifiers can be implemented up to 12 principal components and the 3™ order

9 The possibility to evaluate the image quality with a polynomial classifier was already realised in a prelim-
inary investigation by [HELLMANN 12].
0ln the preliminary investigation of [HELLMANN 12] the dimensions are also reduced by the PCA.
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classifiers are analysed up to 6 principal components. Finally, the 4" order classifiers
can only be realised up to 4 feature dimensions.

The assessment quality of the trained classifiers is checked with the test images. The
trained classifiers assign the test image to the class with the highest probability. First,
the resulting RMSE values of the classifiers are analysed for different polynomial or-
ders up to the maximum possible feature dimensions. The values are summarised in
the upper diagram of Figure 69.

Development of the RMSE values for different numbers of principal components

RMSE
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principal components
Resulting minimal RMSE values for the different classifier types

RMSE 1.59 1.12 1.21 1.36
no. of principal components 13 10 6 3

Development of the classification accuracy for different numbers of principal components

Accuracy
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principal components
Resulting maximal accuracy values for the different classifier types

Accuracy 72.50% 83.89% 80.56% 83.33%
no. of principal components 11 10 6 3

Only the meaningful RMSE values and the accuracy values are shown which result from classifiers
for which the number of training samples is 10 times greater than the number of polynomial terms,
according to [MARSLAND 11]. Own illustration.

Figure 69: SL, PC for the distortion dataset: resulting RMSE and accuracy values

The x-axis shows the number of principal components, namely the dimension of the
feature space. The resulting RMSE values are plotted on the y-axis. It can be seen that
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the development of the RMSE values is very similar for the 2", 3" and 4" order classi-
fiers. As the number of principal components increases, the RMSE values decrease.
The decrease of the RMSE values when increasing the dimension of the feature space
is typical. The increasing number of principal components reduces information loss
caused by dimensionality reduction. It also shows that the RMSE values of 15t order
classifiers differ significantly from the others. The values raise first and hardly decrease
afterwards. In addition, the RMSE values are significantly higher than the values for the
2" 3 and 4" order classifiers. This also shows that the simple 1% order classifier is
not suitable for handling the complex classification task.

The resulting minimal RMSE values of the classifiers of different polynomial orders are
summarised in the table below the upper diagram of Figure 69. It can be seen that the
2" order PC for 10 principal components results in the lowest RMSE of 1.12. This very
high dimension of the feature space can be explained by the fact that the features are
hardly correlated. Since the features contain only slightly redundant information, a di-
mensionality reduction is only possible with loss of information, see chapter 7.7.7. The
3" order PC achieves the second-best value (RMSE = 1.21) for 6 principal components.
The third-best result (RMSE = 1.36) is achieved for a classifier of 4™ order in the 3-
dimensional feature space. Far behind is the RMSE value (RMSE = 1.59) for the 1%
order classifier that requires all 13 features without dimensionality reduction.

In the next step, in addition to the resulting RMSE values, the development of the clas-
sification accuracies is also analysed. The accuracy values are summarised in the sec-
ond diagram of Figure 69. Again, only the values up to the maximum possible feature
dimensions are shown. Comparing the development of the RMSE values with the de-
velopment of the classification accuracies shows that the values have an inverse trend.
If the RMSE values decrease, the accuracy values increase and vice versa. It can be
seen that by increasing the dimension of the feature space, the classification accuracy
increases. The maximal classification accuracies are summarised in the table below
the second diagram of Figure 69. Again, the 2" order PC achieves the highest accura-
cy of 83.89% in the 10-dimensional feature space. The second-best classification accu-
racy of 83.33% is reached by the 4" order classifier for 3 principal components. The
maximal accuracy of 80.56% reaches the 3™ order classifier in the 6-dimensional fea-
ture space. Far behind is the accuracy of the 1 order classifier for 11 principal compo-
nents. This classifier only achieves an accuracy of 72.50%. Compared with the ob-
tained accuracy of the limit value analysis (56.11%), the maximum accuracies of all 4
classifiers are significantly higher.

Since the 2" order polynomial classifier achieves both the minimal RMSE value and
the maximal classification accuracy for 10 principal components, the classification re-
sult is investigated in more detail, as shown in Figure 70. The figure shows 7 histo-
grams representing the prediction distribution of the PC. The top row contains 5 histo-
grams. Each diagram represents the class in which the test images are sorted manual-
ly. The diagram bars show how the classifier rates the images. For example, the left
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histogram titled “Manually 1” shows how the PC rates the images that are labelled by
the test persons with 1 rating point. This kind of presenting the classification results has
already proven itself at the Daimler AG [HELLMANN 12]. The lower histograms can be
derived from the top 5 histograms. The left-hand histogram shows how the subjectively
unacceptable test images (rating class 1 and 2) are classified. The right-hand histo-
gram shows the labelling of acceptable images (rating class 3, 4 and 5).

The histograms show that the classifier assigns images that are manually labelled with
1 rating point to the appropriate rating class almost without errors. Images that are
manually labelled with 3 rating points are also largely assigned to this class by the
classifier. In contrast, images that are manually rated with an average of 2 rating points
are mostly miscategorised by the PC. Images that are manually labelled with 4 or 5
rating points are assigned by the classifier to rating classes 3, 4 and 5. However, these
misclassifications are considered uncritical, since the rating classes 3, 4 and 5 repre-
sent an acceptable image quality. The resulting TPR value is very high. Here, 99.53%
of the test images with an acceptable quality receive a positive label. Thus, less than
1% of the vehicles with customer suitable HUD images would be wrongly sent to re-
work. The percentage of subjectively unacceptable labelled test images that are wrong-
ly classified as being acceptable is 39.31%. Thus, many vehicles with an unacceptable
image quality would reach the customers.

PC, 2" order, 10 principal components: results on the test set for distortion
Manually 1 Manually 2 Manually 3 Manually 4 Manually 5
70 22+ 50 40 26
35 114 25 20 13
0 G T T T T T T T T T T T T T T
12345 12345 12345 12345 12345
Manually UAC Manually AC Class allocation:
88 214 RMSE: 1.12
Wrongly classified: 173 images
444 107 Correctly classified: 187 images
Assessment of the image quality
0 Wrongly classified: 58 images
UAC AC UAC AC Correctly classified: 302 images
Accuracy: 83.89%, FPR: 39.31%, TPR: 99.53%
Figure 70: SL, PC for the distortion dataset: possible labelling of the test images

Next, it is checked which classifier type obtains the minimal FPR and the maximal TPR
for the given classification task. For the maximum possible structure dimension, the
resulting values are summarised in Table 26. The minimal FPR of 39.31% is reached
by the 2" order PC in the 10-dimensional component space. However, this classifier
achieves only a TPR of 99.53%. The classifiers, which achieve a TPR of 100% (2"
order classifier for 11 principal components and 4" order classifier for 3 components)
reach a minimal FPR of 41.38%. Thus, these 2 algorithms would direct no vehicles with
an acceptable image quality to rework. Overall, the PC tends to label the test images
as acceptable.
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Comparing these values with the results of the limit value consideration (FPR = 2.76%,
TPR =28.37%) shows that the limit consideration reaches a significantly lower FPR
than the polynomial classifiers. Conversely, the classifiers achieve a significantly higher
TPR than the limit consideration. These results show clearly that the choice of the as-
sessment method is a compromise between a low FPR and a high TPR.

PC | "Components | FPR | TPR

Minimal FPR values

1t order 2 45.52% | 63.72%

2" order 10 39.31% 99.53%

3" order 6 48.28% | 100.00%

4" order 3 41.38% | 100.00%
Maximal TPR values

18! order 12 53.79% | 89.30%

2" order 11 41.38% | 100.00%

3" order 6 48.28% | 100.00%

4" order 3 41.38% | 100.00%

Table 26: SL, PC for the distortion dataset: min FPR and max TPR

Finally, the allocation rule of the PC is modified and reduced to a 2-class problem. Up
to now, the test image is assigned to the class with the greatest probability. This is now
changed that the decision for an acceptable quality is only made if the probability that
the feature vector belongs to an acceptable quality is higher by a multiple ¢ than the
probability of belonging to an unacceptable quality [KRISTIAN et al. 11: p. 203]. The
constant ¢ varies between 0.1 and 10. The increase takes place in steps of 0.1. For
each value of ¢, the resulting classifier is applied to the test images and the FPR and
TPR values are calculated. This investigation is performed on the classifiers of different
polynomial orders up to the maximum possible feature dimensions. For each classifier,
the resulting ROC curve is determined and the area under the curve (AUC) is calculat-
ed. The curves that result for each polynomial order in the maximum AUC are shown in
Figure 71.

The maximum AUC value of 0.87 is reached by the 2" order classifier in the 7-
dimensional component space. The 3™ order classifier achieves the second-best value
of 0.81 for 4 principal components. The values of 1t and 4" order classifiers in the 12
and 3-dimensional component space are lower. These classifiers reach an AUC value
of 0.68 and 0.67, respectively. The ROC diagrams show that the choice of the most
suitable classifier type is always a compromise between a high TPR and low FPR. An
increase in the TPR is accompanied by an increase in the FPR.
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The resulting maximum values of the area under the curve are shown. The classification ability of
the classifier is better if the AUC value is higher.

AUC 0.68 0.87 0.81 0.67
no. of principal components 12 7 4 3

ROC-curves: these diagrams illustrate the compromise between the matches (correctly positive
classifications) and the costs (false positive classifications).

® Limit value consideration

TPR  1storder, 12 principal components TPR 2" order, 7 principal components
1.0 1.0
0.8 0.8
0.6 0.6
0.4 0.4
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00 02 04 06 08 10FPR 00 02 04 06 08 10FPR

TPR 3" order, 4 principal components TPR 4% order, 3 principal components
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Figure 71: SL, PC for the distortion dataset: ROC curves
for 2-class classifiers

For example, the 4™ order classifier in the 3-dimensional component space with a con-
stant ¢ of 0.1 is applied to the test images. A possible classification result of the test
images is shown in Figure 72. For the given classification task, this classifier seems to
be better suited than the limit value consideration. Here, a higher accuracy, a higher
TPR and a lower FPR are achieved. The evaluation of the test data gives an accuracy
of 67.78%, a false positive rate of 1.38% and a true positive rate of 46.98%. Thus, only
1.38% of the test images that are manually labelled as unacceptable receive a positive
label. Likewise, 46.98% of the test images that are manually labelled as acceptable are
also recognized as such. Overall, the 2-class PC tends to label the test images as un-
acceptable. This could be because the classifier is trained with a lot more unacceptable
images than with acceptable images. Consequently, the classifier is too well adapted to
the training dataset and the generalisation is not completely given.
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2-class PC, 4" order, 3 principal components, ¢ = 0.1: results on the test set

Manually UAC Manually AC
144+ 114 Assessment of the image quality
Wrongly classified: 116 images
72 574 Correctly classified: 244 images
Accuracy: 67.78%
0 0 FPR: 1.38%
UAC AC UAC AC TPR: 46.98%

Figure 72: SL, 2-class PC for the distortion dataset: possible labelling
of the test images

K-nearest neighbour classification:

For k =1, the test image is assigned to the class of the most similar test image. For
k=3 and k =5, the class distribution of the k-nearest neighbours is analysed. If the
majority of the nearest neighbours are classified as AC (class 3, 4 and 5) or UAC (class
1 and 2), the test image is assigned to the same class as the nearest training image of
the majority belongs.

The following investigates which classifier type obtains the best prediction results for
the given classification problem. First, the development of the RMSE values for differ-
ent feature dimensions is summarised in the upper part of Figure 73. Here, the RMSE
values are plotted on the y-axis of the diagram. The number of used principal compo-
nents is plotted on the x-axis. The diagram shows that the development of the RMSE
values is very similar for k=1, k=3, and k=5. Over the entire principal component
space, the RMSE values are lowest for k = 1. The RMSE values for k = 3 are slightly
above the values for k = 1. For k = 5, the highest RMSE values are achieved. It is re-
markable that the curves show a decrease in the RMSE values for 3 principal compo-
nents. Thereafter, the RMSE values increase for 4 and 5 principal components. From 6
to 13 principal components, the values oscillate slowly.

Since the RMSE values in the 3-dimensional component space differ from the other
values, it is investigated why this might be the case. It is assumed that the proportion of
the variance explanation of the subjectively relevant features by the principal compo-
nents matters. Therefore, the rotated component-loading matrix for 3 principal compo-
nents is shown in the middle table of Figure 73. Looking at the principal components 1
and 2, it can be seen that they mainly represent the features no. [1.1] - Adjusted in
width, no. [1.2] - Adjusted in height and no. [1.3] - Aspect deviation. To be seen in the
last 3 rows of the table. Despite the high variance explanation of these features, the
first 2 principal components are not relevant for the assessment of the subjectively per-
ceived image quality. The first 3 rows of the table show that the variance of the subjec-
tively relevant features (no. [3.1] - Rotation, no. [3.2] - Misalignment horizontal and no.
[3.3] - Misalignment vertical) is strongly covered by the 3™ principal component. There-
fore, this principal component is most important to describe the subjectively perceived
image quality. This may explain the good agreement between the predicted class la-
bels and the subjectively perceived quality of the test data. When more than 3 principal
components are selected, more and more variance is covered by features that are less
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relevant to describe the perceived quality. Thus, the further increase in the RMSE val-
ues could be explained.

Development of the RMSE values for different numbers of principal components

R'V'fg All RMSE values are shown
i\\ I S S .
1.8 1 A P —— e SR ¢ + k=5
1744 P — o k=3
‘ g o k=1
164
1.5
1.4
1.3 : : : : : : : : : :
2 4 6 8 10 12 Number of

principal components

Rotated component loading matrix — try to explain why the RMSE values are lowest for 3 dimensions

The following table contains the rotated component-loading matrix for 3
dimensions. The features are sorted according to the subjective relevance;
see Table 6.

| The variance of the sub-
| Objective feature |

Principal components jectively relevant features

- 1 2 3 is strongly covered by the

Misalignment horizontal | [3.2] -0.16 0.02 0.88
Misalignment vertical | [3.3] -0.08 -0.09 0.75
Smile horizontal top | [3.6] 0.08 0.71 0.14
Smile horizontal bottom | [3.7] 0.24 0.76 -0.09
Smile vertical | [3.8] 0.43 0.17 -0.24

Enlargement horizontal | [2.1] 0.29 0.01 -0.42 Despite the high variance
Enlargement vertical | [2.2] 0.31 -0.52 0.02 explanation of these
Trapezoid horizontal | [3.4] 0.73 0.54 0.10 features, the principal

Trapezoid vertical @ [3.5] 0.62 0.20 -0.26 components 1 and 2 are
Adjusted in width | [1.1] 0.04 @ -0.84 0.19 not relevant to evaluate
Adjusted in height | [1.2] | -0.96 0.00 0.14 the  perceived image
Aspect deviation | [1.3] -0.96 0.15 0.10 quality.

Resulting minimal RMSE values for the different classifier types

RMSE 1.37 1.39 1.40
no. of principal components 3 3 3

Figure 73:  SL, kNN for the distortion dataset: resulting RMSE values

The table shown in the lower part of Figure 73 summarises the resulting minimal RMSE
values of each classifier type. It can be seen that the NN classifier achieves the mini-
mum RMSE value of 1.37 for k=1 and a dimension of 3 principal components. The
classifier for k = 3 has the second-best RMSE value of 1.39 in the 3-dimensional com-
ponent space. The worst result (RMSE = 1.40) is reached by k = 5 and a dimension of
3 principal components.

The labels of the test images that result in the lowest RMSE value are shown in Figure
74. The second histogram in the upper row shows that the classifier is able to assign
images that are manually labelled with 2 rating points to the appropriate rating class
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almost without errors. Images that are manually labelled with 1 rating point are as-
signed to rating classes 1 or 2 by the classifier. However, these misclassifications are
considered uncritical, since rating classes 1 and 2 both represent an unacceptable im-
age quality. In contrast, images that are manually labelled with 3, 4 or 5 rating points
are assigned by the NN classifier primarily to rating class 2. These assignments are
critical because the classifier assigns images of acceptable quality to rating class 2,
which represents an unacceptable image quality. Overall, the classifier tends to assign
the test images to rating classes 1 and 2, which both represent an unacceptable quality.

The last 2 histograms show that the percentage of customer suitable images that are
correctly labelled as customer suitable is only 32.56%. Here, many vehicles with an
acceptable image quality would be wrongly sent to rework. On the other hand, images
that are manually labelled as unacceptable are usually labelled properly by the classifi-
er. The FPR value is only 6.21%. Thus, only a few vehicles with an unacceptable im-
age quality would reach the customers. Overall, the NN classifier achieves an accuracy
of 57.22%.

kNN, k =1, 3 principal components: results on the test set for distortion
Manually 1 Manually 2 Manually 3 Manually 4 Manually 5
48 44 50 62 26
24 22 25 31 13
0 0 0 0 0
12345 12345 12345 12345 12345
Manually UAC Manually AC Class allocation:
136- 146- RMSE: 1.374
Wrongly classified: 238 images
68 73 Correctly classified: 122 images
Assessment of the image quality
0 0 Wrongly classified: 154 images
UAC AC UAC AC Correctly classified: 206 images
Accuracy: 57.22%, FPR: 6.21%, TPR: 32.56%
Figure 74: SL, kNN for the distortion dataset: possible labelling of the test images

The next step is to examine the classification accuracies across the different feature
dimensions. The development of the classification accuracies is shown in Figure 75.
The x-axis shows the different dimensions of the feature space and the y-axis the re-
sulting classification accuracies. By comparing the development of the RMSE values
with the development of the accuracy values, it can be seen that the development is
nearly inverse. In the 3-dimensional feature space, the classifiers reach the maximal
accuracy. Besides, the classifier that considers 3 nearest neighbours achieves the
highest value of 57.78%. Except for the result of the classifier for k =5, the other 2
classifiers reach a higher accuracy than the limit value consideration.
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Development of the classification accuracy for different numbers of principal components
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Resulting maximal accuracy values for the different classifier types
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no. of principal components

Figure 75: SL, kNN for the distortion dataset: resulting accuracy values

Now, it is investigated which classifier reaches the lowest FPR and the highest TPR
The values are summarised in Table 27.

NN | Components. | FPR | TPR

Minimal FPR values

k=1 11 4.83% 17.67%

k=3 10 0.00% 4.65%

k=5 7 0.00% 3.26%
Maximal TPR values

k=1 3 6.21% 32.56%

k=3 3 2.07% 30.70%

k=5 3 2.07% 26.98%

Table 27:

SL, kNN for the distortion dataset: min FPR and max TPR

The k-nearest neighbour classifiers for k = 3 and k = 5 reach the ideal FPR of 0% in the
10 and 7-dimensional feature space, respectively. No vehicles with an unacceptable
image quality would reach the customer. Unfortunately, the TPR values are only 4.65%
and 3.26%, respectively. This means that almost all vehicles with an acceptable quality
would be checked in the rework process. When comparing these values with the re-
sults of the limit consideration (accuracy = 56.11%, TPR = 28.37%, FPR =2.76%), it
can be seen that the FPR values of the classifiers are well below the FPR of the limit
consideration. However, the limit consideration reaches a TPR value that is significant-
ly better than the TPR values of the classifiers. The maximal TPR value of 32.56% is
reached by the NN classifier for k = 1. However, this classifier type only achieves the
FPR of 6.21%. Thus, the TPR is higher than the value of the limit consideration, while
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the FPR is also higher. This shows again that the choice of the appropriate classifica-
tion algorithm is a compromise between a low FPR and a high TPR.

Finally, the allocation rule of the kNN is modified and reduced to a 2-class problem. So
far, the test image is assigned to that class to which the training image is most similar.
Now the test image is assigned as acceptable if at least m of the k-nearest training
images are classified as AC. Otherwise, the test image is assigned as UAC. The num-
ber of nearest training images to be considered is set to k =30, k=20, and k = 10. At
the same time, the number of images m required to classify a test image as AC is var-
ied between 1 and k. Each classifier is applied to the test images and the resulting
ROC curve is determined. This investigation is also done for different feature dimen-
sions. The curve, which results in the maximum AUC value, is shown in Figure 76.

The resulting maximum values of the area under the curve are shown. The classification ability of
the classifier is better if the AUC value is higher.

AUC 0.87 0.86 0.88
no. of principal components 3 3 3

ROC-curve: this diagram illustrates the compromise between the matches (correctly positive classi-
fications) and the costs (false positive classifications).
® Limit value consideration

TPR k=30
1.0

0.8

0.6

0.4

0.2

00 02 04 06 08 1.0FPR

Figure 76: SL, kNN for the distortion dataset: ROC curve
for a 2-class classifier

The maximal possible AUC values are reached by the classifiers in the 3-dimensional
feature space. The maximum achievable area under the curve is in the range of 0.86
and 0.88. This shows again that the choice of the most suitable classifier type is a
compromise between a high TPR and low FPR. Overall, the results of the 2-class clas-
sifiers are very similar to the results of the limit value consideration.

Learning vector quantisation:

The prototypes are determined by the learning rules LVQ1, LVQ2.1 and LVQ3. A test
image is assigned to the same class as the nearest prototype vector. The quality of the
LVQ classifier depends on the prototypes. Thus, LVQs with different numbers of proto-
types are determined from the training dataset. The resulting classifiers are applied to
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the test dataset and the RMSE values and the accuracy values are calculated as
shown in Figure 77.

Development of the RMSE values and classification accuracy for different numbers of prototypes
Development of the RMSE for different numbers of prototypes
RMSE Average values over 30 different initialisations
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learning rate a = 0.03, window width w = 0.3, adjustable learning rate ¢=0.1

Figure 77: SL, LVQ for the distortion dataset: evaluate different numbers
of prototypes

For the determination of the prototypes, a learning rate « of 0.03, a window width w of
0.3 and an adjustable learning rate ¢ of 0.1 are used. Since the resulting prototypes
depend on the random initialisation, the average values are calculated over 30 different
initialisations and the number of prototypes is increased in intervals of 10. The x-axis
shows the number of prototypes. The RMSE values and the classification accuracies
are plotted on the y-axis. The upper diagram of Figure 77 shows that the development
of the RMSE values is very similar for the learning rules LVQ1, LVQ2.1, and LVQ3.
Between 5 and 155 prototypes, the RMSE values are lowest for the LVQ2.1 learning
rule. The curve of the LVQ3 learning rule is slightly above the curve of LVQ2.1 and the
curve of the LVQ1 learning rule is the highest. From 165 prototypes, the curve changes
for the LVQ1 learning rule. Now, the RMSE values are lowest for this learning rule.
Between 5 and 65 prototypes, the RMSE curves decrease rapidly and almost linearly.
After that, the decline is much lower. The lower diagram of Figure 77 shows the devel-
opment of the RMSE values and the development of the classification accuracies of the
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LVQ1 learning rule. In addition to the average values, the standard deviations over 30
different initialisations are plotted for each value. It can be seen that the resulting
RMSE value and the classification accuracy depend on the random initialisation of the
prototypes. The fewer prototypes are initialised, the greater the standard deviation of
the RMSE values and the accuracy values.

It is now investigated how the FPR and the TPR develop for different numbers of proto-
types. Again, the prototypes are determined by the learning rule LVQ1. The average
values and the standard deviation over 30 different initialisations are calculated. The
number of prototypes is increased in intervals of 10. The results are summarised in
Figure 78. The x-axis shows the number of prototypes. The percentages of the FPR
and TPR are plotted on the y-axis.

Development of the classification results for different numbers of prototypes

LVQ1: FPR and TPR values over 30 different prototype initialisations
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Figure 78: SL, LVQ for the distortion dataset: resulting values
for learning rule LVQ1

The figure shows that the TPR is very high for all prototype numbers. For 5 prototypes,
the average TPR is already 86.99%. If the number of prototypes is increased, the aver-
age TPR increases above 99% in the first 13 iterations. For all numbers of prototypes,
the LVQ reaches a higher TPR than the limit value analysis (28.37%). The FPR values
decrease by increasing the number of prototypes. The average FPR falls on average
from 78.47% to 24.72%. Here, the largest reduction is achieved within the first 17 itera-
tions. Thereafter, the FPR only decreases slowly, although the number of prototypes is
further increased. However, the low FPR of the limit value consideration (2.76%) is not
achieved.

For the following investigations, 165 prototypes are used. The number of prototypes
results from the diagrams in Figure 77. This prototype number is located in the middle
of the bend of the RMSE and accuracy curves. Thus, the best relationship between the
number of prototypes, the RMSE values and the classification accuracy is expected. If
fewer prototypes are used, the RMSE values increase sharply and the accuracies de-
crease equally. In contrast, if more prototypes are used, the decrease of the RMSE
values is low and the accuracies increase only slowly. Since the RMSE value and the
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classification accuracy depend on the random initialisation of the prototypes, the results
of 30 different initialisations are considered in more detail, as shown in Figure 79.

Development of the classification results for different initialisations of 165 prototypes
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Resulting mean RMSE values for the different learning rules

RMSE 1.10 1.11 1.11

Resulting accuracy values for the different learning rules

Accuracy min 82.22% 82.50% 80.56%
Accuracy max 88.67% 86.39% 87.78%
Accuracy mean 84.99% 84.75% 84.94%

Figure 79: SL, LVQ for the distortion dataset: resulting values for 165 prototypes

The upper part of Figure 79 shows 3 diagrams representing the resulting RMSE values
of the learning rules LVQ1, LVQ2.1 and LVQ3. The number of different initialisations is
plotted against the resulting RMSE values. The diagrams show that the random
initialisation of the prototypes affects the resulting RMSE values. The average RMSE
values are summarised under the diagrams of Figure 79. On average, the LVQ1 learn-
ing rule shows the lowest RMSE value of 1.10, followed by LVQ2.1 and LVQ3 with the
RMSE value of 1.11. Likewise, the resulting accuracies are summarised in the last ta-
ble of Figure 79. The resulting average accuracy values of all 3 learning rules are very
close together. Nevertheless, the highest average value of 84.99% is achieved by the
LVQ1 learning rule. Here, all 3 learning methods lead to classifiers, which achieve a
much higher accuracy than the limit analysis (56.11%).

The classification result for an arbitrary prototype initialisation is further investigated for
learning rule LVQ1, as shown in Figure 80. Images that are manually labelled with 1
rating point are mainly assigned by the neural net to rating class 1. Likewise, the neural
net can mainly assign images correctly, which are labelled with 3, 4 or 5 rating points.
In contrast, the classifier assigns images labelled manually with 2 rating points to all 5
classes. Thus, the classifier provides the worst prediction accuracy for class 2.
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LVQ, learning rule: LVQ1, 165 prototypes: results on the test set for distortion
Manually 1 Manually 2 Manually 3 Manually 4 Manually 5
604— 264 — 58+ — 50+ — 50+
30+ 134 | ] 29+ 254 25
O T T T O T O T T 0 T T —‘ O T T T T
12345 12345 12345 12345 12345
Manually UAC Manually AC Class allocation:
102+ 216 RMSE: 1.10
Wrongly classified: 118 images
51 108 Correctly classified: 242 images
“ Assessment of the image quality
0 0 Wrongly classified: 43 images
UAC AC UAC AC Correctly classified: 317 images
Accuracy: 88.06%, FPR: 29.86%, TPR: 100.00%

Figure 80: SL, LVQ for the distortion dataset: possible labelling of the test images

Based on the given classification task, the neural net archives the accuracy of 88.06%.
On the positive side, this algorithm reaches the TPR of 100%. This ideal percentage
value indicates that all test images with an acceptable image quality are classified cus-
tomer suitable. However, the neural net achieves the FPR of 29.86%. This value indi-
cates that 29.86% of the test images with an unacceptable quality receive a positive
label. Thus, vehicles that are not customer suitable could reach the customers because
the classifier confirms an acceptable image quality. In comparison to the results of the
limit analysis, the FPR reached here is significantly above the low value of 2.76%. In
contrast, the ideal TPR of 100% is not reached by the limit analysis.

At the end of the investigation, the classification problem is reduced to a 2-class prob-
lem. In total, 165 prototype vectors that are determined by the learning rule LVQ1 form
the basis for this investigation. Now, a test image is classified as AC only if at least m
of the k-nearest prototype vectors represent a customer suitable image quality. On the
other hand, the test image is rejected and classified as UAC. The number of consid-
ered nearest prototype vectors is set to k=230, k=20, and k=10. The number of
nearest prototype vectors m required to classify a test image as AC is varied between 1
and k. Finally, the resulting ROC curves are determined. The curve, which results in
the maximum AUC value, is shown in Figure 81.

The maximum AUC value of 0.86 is reached if the number of nearest prototype vectors
k is set to 10. Even if k is increased, the area under the resulting ROC curve cannot be
increased. The ROC curve shows that even at low FPR values TPR rates higher than
60% are reached. Although this classifier type reaches high TPR values, the FPR val-
ues fall not below the value of the limit analysis.
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The resulting maximum values of the area under the curve are shown. The classification ability of
the classifier is better if the AUC value is higher.

AUC 0.86 0.85 0.82
no. of prototypes 165 165 165

ROC-curve: this diagram illustrates the compromise between the matches (correctly positive classi-
fications) and the costs (false positive classifications).

® Limit value consideration
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Figure 81: SL, LVQ for the distortion dataset: ROC curve
for a 2-class classifier

Summary of the obtained results:

The polynomial classifiers tend to label many test images as customer suitable. Thus,
the classifiers reach very high TPR values, which are clearly above the TPR of the limit
analysis (limit value analysis: accuracy = 56.11%, TPR = 28.37%, FPR = 2.76%). Since
many test images receive a positive label, the FPR values of the classifiers are also
high. For example, the 2" order PC for 10 principal components achieves the accuracy
of 83.89%, the FPR of 39.31%, and the TPR of 99.53%. In contrast, when the PC’s
assignment rule is reduced to a 2-class problem, it is possible to implement classifiers
that receive a low FPR value. These classifiers tend to label the test images as unac-
ceptable. The maximum area under the ROC curve of 0.87 is reached by the 2" order
classifier in the 7-dimensional component space. For example, the 4" order classifier in
the 3-dimensional component space reaches the accuracy of 67.78%, the FPR of
1.38%, and the TPR of 46.98%.

Like the 2-class PC, the kNN classifiers achieve low FPR values. These classifiers la-
bel many test images as not customer suitable, and therefore low TPR and FPR values
are achieved. For example, the NN classifier for k = 1 and a dimension of 3 principal
components reaches the accuracy of 57.22%, the FPR of 6.21%, and the TPR of
32.56%. If the mapping rule is reduced to a 2-class problem, the maximum achievable
area under the ROC curve is in the range of 0.86 and 0.88. The results of the 2-class
KNN algorithm are similar to the results of the limit analysis.

The results of the LVQ depend on the number of chosen prototypes and their random
initialisation. Here, the ideal TPR of 100% can be achieved by 165 prototypes, which
are trained by the learning rule LVQ1. This classifier obtains the accuracy of 88.06%
and the FPR of 29.86%. This indicates that some test images wrongly receive a posi-
tive label. The LVQ achieves similar results when the classification problem is reduced
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to a 2-class problem. The ROC diagram shows that even at low FPR values, TPR rates
of more than 60% are achieved. This classifier type reaches high TPR values, but the
FPR values do not fall below the value of the limit analysis

The accuracy value of the limit analysis is exceeded by all classifier types. This sug-
gests that these classifiers are better suited to assess the combination of different
types of distortions. Overall, it is found that the choice of the appropriate assessment
algorithm is always a compromise between a high TPR and a low FPR.

7.4.2 SL: assessment algorithms for the double image dataset

In order to implement an assessment algorithm for double images, 345 labelled training
images and 360 test images are available. The image quality is uniquely described by
8 objective features. The classification results are compared with the results of the limit
value analysis. The limit value analysis reaches the accuracy of 89.44%, the TPR of
87.79% and the FPR of 8.16%, see chapter 7.3.

Polynomial classification:

The number of training images should be 10 times greater than the number of polyno-
mial terms [MARSLAND 11]. By using 345 training images, it is possible to implement 15t
order polynomial classifiers up to all 8 feature dimensions. The 2" order classifiers can
only be implemented up to 6 principal components. For the 3™ order polynomials, only
classifiers up to 3 components can be implemented. The 4" order classifier can only be
analysed up to 2 feature dimensions.

First, a test image is assigned to the class with the highest probability. The resulting
RMSE values and the classification accuracies for various feature dimensions and pol-
ynomial orders are shown in Figure 82. The different dimensions of the feature space
are displayed on the x-axis. The y-axis displays the resulting RMSE values and the
classification accuracy respectively.

The left diagram in Figure 82 shows the development of the RMSE values. It can be
seen that the RMSE values are lowest for all polynomial orders in the 2-dimensional
component space. By increasing the number of principal components, the RMSE val-
ues initially increase significantly. The RMSE values for 15t order polynomials are well
below the values of the of 2" and 3™ order polynomials. The RMSE values of 2" order
polynomials increase significantly higher than the RMSE values for the other polynomi-
als. Minimum achievable RMSE values are summarised in the in the table below the
diagrams in Figure 82. As mentioned earlier, the RMSE values are lowest for all im-
plemented polynomial classifiers in the 2-dimensional feature space. Since the 8 objec-
tive features are highly correlated, 84.90% of the total variance is covered by the 2
components. The 3™ order PC provides the lowest value with the RMSE of 0.85. In
contrast, the 1%t order classifier gives the highest RMSE value of 1.04. The values of
2" (RMSE = 0.91) and 4" (RMSE = 0.94) order classifiers are in between.
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The right diagram in Figure 82 shows the development of the classification accuracies.
The development of the accuracy values is inverse to the development of the RMSE
values. As the number of principal components increases, the classification accuracies
decrease first and then increase slightly. For all polynomial orders, the 2-dimensional
feature space results in the maximal accuracy values. These values are summarised in
the lower table of Figure 82. The 2" order classifier achieves the highest accuracy of
95.56%. It follows by the 3™ order PC with an accuracy of 90.00%. These 2 classifiers
achieve a higher accuracy than the limit value consideration (89.44%). The 1%t and the
4" order PCs only achieve an accuracy of 86.94% and 85.00%, respectively. These
values are below the accuracy of the limit value analysis.

Development of the RMSE values and the accuracies for different numbers of principal components

Development of the accuracies

Development of the RMSE values
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Only the meaningful RMSE values and the accuracy values are
shown which result from classifiers for which the number of train-
ing samples is 10 times greater than the number of polynomial
terms, according to [MARSLAND 11]. Own illustration.

Resulting minimal RMSE values for the different classifier types

RMSE 1.04 0.91 0.85 0.94
no. of principal components 2 2 2 2
Resulting maximal accuracy values for the different classifier types
Accuracy 86.94% 95.56% 90.00% 85.00%
no. of principal components 2 2 2 2
Figure 82: SL, PC for the double image dataset: resulting RMSE and accuracy

values

The labelling of the test images giving the lowest RMSE value is examined more close-
ly. For this, the classification results of the 3™ order PC in the 2-dimensional feature
space are summarised in Figure 83. It can be seen that test images that are manually
labelled with 1 rating point are assigned to the appropriate rating class with almost no
errors. Images that are manually labelled with 2 rating points are classified primarily in
class 2 and class 1. The wrong allocation to rating class 1 is uncritical because this
class also stands for an unacceptable image quality. On the contrary, the misclassifica-
tions of images labelled by the test persons with 3 rating points are more problematic.
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Some of these images are assigned to rating class 2 which, unlike to class 3, repre-
sents an unacceptable image quality. The remaining images, which are manually la-
belled with 3 points, are assigned by the PC to rating classes 3, 4 and 5. Images that
are manually labelled with 4 or 5 rating points are mostly assigned by the classifier in
classes 4 and 5. These misallocations are non-critical, as classes 3, 4 and 5 represent
an acceptable image quality. The classifier has a low FPR of 7.48%. This means that
7.48% of unacceptable labelled test images receive an acceptable label from the clas-
sifier. 88.26% of all test images showing an acceptable quality are also classified as
acceptable by the PC. This classifier reaches a lower FPR value and a higher TPR
value than the limit consideration analysis (TPR = 87.79%, FPR = 8.16%). This is also
reflected in the higher classification accuracy. The 2" order classifier in the 2-
dimensional feature space is more cost-effective. The classifier would send fewer vehi-
cles with an acceptable quality to rework. Likewise, fewer vehicles with an unaccepta-
ble image quality would reach the customers.

PC, 3" order, 2 principal components: results on the test set for double images

Manually 1 Manually 2 Manually 3 Manually 4 Manually 5
84+4— 309 229 54+ 46+
42 15| 111 T 27+ 23+
O T T T O T T O O T T O T T T T
12345 12345 12345 12345 12345
Manually UAC Manually AC Class allocation:
Wrongly classified: 162 images
68- 94 Correctly classified: 198 images
Assessment of the image quality
0 — 0 Wrongly classified: 36 images
UAC AC UAC AC Correctly classified: 324 images

Accuracy: 90.00%, FPR: 7.48%, TPR: 88.26%

Figure 83: SL, PC for the double image dataset: possible labelling
of the test images

In addition, the classification result with the highest accuracy is examined in more detail.
The labelling of the test images is shown in Figure 84. The classifier assigns images,
which are manually labelled with 1 rating point, to rating classes 1 and 2. Likewise,
images that are manually labelled with 4 or 5 rating points are assigned to classes 3, 4
and 5. These misclassifications are uncritical, as these rating classes represent the
customer suitable image quality. In contrast, test images that are manually perceived
as unacceptable and therefore labelled with 2 rating points are assigned by the classi-
fier to all 5 rating classes. Similarly, the classifier assigns images that are manually
labelled with 3 points to rating classes 2, 3, 4 and 5. Here, problems are caused by test
images that are close to the boundary between an acceptable and an unacceptable
quality. Especially for these images, it is difficult to assign them correctly. Based on the
given classification task, the classifier achieves the TPR of 98.59%. This high percent-
age indicates that almost all test images with an acceptable quality receive a positive
label. The TPR value of the classifier is also 10.80% higher than the TPR value of the
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limit value consideration. Thus, the classifier would cause fewer rework costs. In con-
trast, the FPR value is 0.68% higher than the FPR of the limit consideration. Here, in-
significant more vehicles with an unacceptable quality would reach the customers.

PC, 2" order, 2 principal components: results on the test set for double images
Manually 1 Manually 2 Manually 3 Manually 4 Manually 5
92 24 32 70 54
46 12 16 35 27
O T T T T T T T T T T T T T T T T T T T T
12345 12345 12345 12345 12345
Manually UAC Manually AC Class allocation:
134 210 RMSE: 0.911
Wrongly classified: 180 images
67 105 Correctly classified: 180 images
Assessment of the image quality
0 Wrongly classified: 16 images
UAC AC UAC AC Correctly classified: 344 images
Accuracy: 95.56%, FPR: 8.84%, TPR: 98.59%
Figure 84: SL, PC for the double image dataset: possible labelling

of the test images |l

The next step is to investigate which classifier type achieves the lowest false positive
rate and the highest true positive rate for the given test images. The values, resulting
from classifiers of different polynomial orders, are compared up to the maximal possi-
ble feature dimensions, as shown in Table 28.

PC | "omponens | FPR | TPR

Minimal FPR values

18t order 6 31.29% 84.04%

2" order 2 8.84% 98.59%

3" order 2 7.48% 88.26%

4" order 2 14.29% | 84.51%
Maximal TPR values

18t order 2 31.97% | 100.00%

2" order 2 8.84% 98.59%

3" order 2 7.48% 88.26%

4™ order 2 14.29% 84.51%

Table 28:

SL, PC for the double image dataset: min FPR and max TPR

The lowest FPR of 7.48% is reached by the PC of 3™ order in the 2-dimensional com-
ponent space. This classifier type obtains the TPR of 88.26%. Both values are better
than the values of the limit consideration. The 1% order classifier achieves the maxi-
mum possible TPR of 100% in the 2-dimensional feature space. Thus, there would be
no additional costs because no vehicles with an acceptable image quality would be
mistakenly sent to rework. Unfortunately, the classifier shows the highest FPR of
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31.97%. This value is far above the value of the limit value consideration (8.16%). The
resulting values show that choosing the most appropriate classification method is al-
ways a compromise between a low FPR and a high TPR.

Finally, the allocation task of the classifier is limited to 2 possibilities, namely accepta-
ble or unacceptable. The test image receives a positive label if the probability of be-
longing to an acceptable quality is higher by a multiple ¢ than the probability of belong-
ing to an unacceptable quality [KRISTIAN et al. 11: p. 203]. The constant ¢ is varied be-
tween 0.1 and 10. The increase is done in steps of 0.1. The analysis is performed for
classifiers of the various polynomial orders up to the maximum possible feature dimen-
sions. For each classifier, the resulting ROC curve is determined and the area under
the curve is calculated. The curves resulting in the maximum AUC value are shown in
Figure 85.

The resulting maximum values of the area under the curve are shown. The classification ability of
the classifier is better if the AUC value is higher.

AUC 0.996 0.998 0.981 0.964
no. of principal components 2 2 2 2

ROC-curves: these diagrams illustrate the compromise between the matches (correctly positive
classifications) and the costs (false positive classifications).

® Limit value consideration

TPR  1%torder, 2 principal components TPR 2" order, 2 principal components
1.0 1.0
6 B
[ J [
0.8 0.8
0.6 0.6
fp— bt
0.0 0.2 0.4 0.6 0.8 1.0 FPR 0.0 0.2 0.4 06 0.8 1.0 FPR
TPR 3 order, 2 principal components TPR 4™ order, 2 principal components
1.0 1.0
-
0.8 0.8
0.6 0.6
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0.0 0.2 0.4 06 08 1.0FPR 0.0 02 04 06 08 1.0 FPR

Figure 85: SL, PC for the double image dataset: ROC curves
for 2-class classifiers
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As the classifier works more accurately the closer the curve approaches the upper left
corner of the diagram, the resulting ROC curves are nearly perfect. The ROC curves
initially rise almost vertically. The TPR is close to 100%, while the FPR remains close
to 0%. Thereafter, the FPR values increases. The highest AUC value of 0.998 is
reached by the 2" order classifier in the 2-dimensional feature space. Then immediate-
ly follows the AUC value of 0.996, which is achieved by the 1% order classifier in the 2-
dimensional feature space. Both AUC values barely miss the ideal value of 1. In addi-
tion, 3 and 4™ order classifiers show nearly perfect ROC curves. These classifiers
achieve AUC values of 0.981 and 0.964.

A possible classification result is shown in Figure 86. For this, the 2" order classifier in
the 2-dimensional feature space with a constant ¢ of 0.6 is applied to the test images.

2-class PC, 2" order, 2 principal components, ¢ = 0.6: results on the test set

Manually UAC Manually AC
146+ 208 Assessment of the image quality
Wrongly classified: 8 images
734 104 Correctly classified: 352 images
Accuracy: 97.78%
0 0 FPR: 1.36%

Figure 86: SL, 2-class PC for the double image dataset: possible labelling
of the test images

The evaluation of the given test data achieves the accuracy of 97.18%. The FPR is
1.36%. Thus, only 1.36% of the test images that are manually labelled as unacceptable
receive a positive label. An equally good value shows the TPR. Here, 97.18% of all
images showing an acceptable quality are also classified as acceptable by the
classifier. Thus, this classifier works more accurately than the limit value consideration.

Nearest neighbour classification:

The majority of the k-nearest neighbours are classified either as AC or as UAC. Re-
gardless, the test image is assigned to the class of the next training image from that
majority. The investigation is carried out fork =1, k=3 and k = 5.

Figure 87 shows the development of the RMSE values and the development of the
classification accuracies for different feature dimensions. The x-axis shows the number
of components and the y-axis the RMSE values and the accuracy values, respectively.
It can be seen that the development of the RMSE values is very similar for k = 3 and
k = 5. By increasing from 2 to 6 principal components, the RMSE values hardly change.
Thereafter, the RMSE values decrease slightly for 7 principal components. In the end,
the RMSE values increase for 8 principal components. The development for k = 1 looks
different. First, the RMSE values decrease. The peculiarity is that the RMSE values
increase significantly for 4 main components and decrease almost equally for 5 princi-
pal components. Overall, the RMSE values for k = 1 are higher (except for the RMSE
value for 6 principal components) than the values for the other classifier types. The first
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table in Figure 87 summarises the minimum RMSE values for the kNN classification.
The lowest RMSE value of 0.65 reaches the classifier for k = 3 in the 7-dimensional
feature space. The second best RMSE value of 0.66 is achieved by considering 5
neighbours and 4 principal components. The worst result of 0.70 is achieved by the NN
classifier for k = 1 and 7 feature dimensions.

For k=3 and k = 5, the development of the classification accuracies is inverse to the
development of the RMSE values. Initially, the values increase slightly and fall off again
significantly. By increasing the number of principal components, the accuracy values
for k = 1 follow a zigzag course. The maximal accuracy values are shown in the second
table of Figure 87. The nearest neighbour classifier in the 4-dimensional component
space achieves the highest accuracy of 97.50% for k = 5. Taking into account 3 princi-
pal components, the classifiers for k = 3 and k =1 achieve accuracy values of 97.22%
and 95.56%, respectively. The maximum accuracies are very high and are only slightly
below the ideal value of 100%. These accuracy values also exceed the accuracy
achieved by the limit analysis (89.44%).

Development of the RMSE values and the accuracies for different numbers of principal components|
Development of the RMSE values Development of the accuracies
0.90- . 098———— .
0.85 0961 . T
0.80 0.94 1 -
./ 0.92¢ ¥
0.75 1 . (]
0.90
0705 .., 0881 -#- k=5
* ' o k=3
0.651 0.86 o k=1 I
0.60 . . . . . 0.84 . . ; , —
2 4 6 8 2 4 6 8
Number of principal components Number of principal components
Resulting minimal RMSE values for the different classifier types
RMSE 0.70 0.65 0.66
no. of principal components 7 7 4
Resulting maximal accuracy values for the different classifier types
Accuracy 95.56% 97.22% 97.50%
no. of principal components 3 3 4

Figure 87: SL, NN classification for double images, development of the results

The class assignment resulting in the lowest RMSE value is analysed more closely.
The results are shown in Figure 88. The allocation of images that are manually labelled
with 1 or 5 rating points is uncritical. These images are assigned by the classifier to the
classes 1 and 2 or 4 and 5, respectively. Images labelled with 2 rating points by the test
persons are mainly assigned to this class. In contrast, images subjectively belong to
rating class 3 are assigned to classes 2, 3, 4 and 5. Here, the assignment to class 2 is
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problematic because images that are manually labelled as acceptable receive an un-
acceptable label. Images that are manually labelled with 4 rating points are assigned
primarily to rating classes that represent an acceptable image quality. Based on the
given classification task, the classifier reaches the accuracy of 95.28%, the FPR of
0.68% and the TPR of 92.49%. Thus, the values are better than the values of the limit
value consideration (accuracy = 89.44%, FPR = 8.16%, TPR =87.79%). Since 92.49%
of all vehicles with an acceptable image quality are recognized as such, only 7.51% of
the vehicles would be mistakenly sent to rework. Likewise, only 0.68% of the vehicles
with an unacceptable image quality would reach the customers.

kNN, k = 3, 7 principal components: results on the test set for double images

Manually 1 Manually 2 Manually 3 Manually 4 Manually 5
70 44 26 52 38
26 22 13 26 19

O L O L O 0 0
12345 12345 12345 12345 12345

Manually UAC Manually AC Class allocation:
146+ 198+ RMSE: 0.65
Wrongly classified: 136 images
734 99- Correctly classified: 224 images

Assessment of the image quality
0 0 Wrongly classified: 17 images
UAC AC UAC AC Correctly classified: 343 images
Accuracy: 95.28%, FPR: 0.68%, TPR: 92.49%

Figure 88: SL, kNN for the double image dataset: possible labelling
of the test images

In addition, the classification result with the highest accuracy is further investigated, as
shown in Figure 89. Test images that are manually labelled with 1 or 5 rating points are
assigned to rating classes 1 and 2 or 3, 4 and 5, respectively. The quality of these im-
ages is thus assessed correctly. Likewise, the quality of images that are manually la-
belled with 2 or 4 rating points is mainly correctly assessed. Difficult is the assessment
of test images, which are manually labelled with 3 rating points. These images are
mostly assigned to rating classes 3 and 4, this is known to be unproblematic, but also
to rating class 2, which causes problems. On the positive side, the classifier achieves
the accuracy of 97.50%, the FPR of 0.68% and the TPR of 96.24%. For the given clas-
sification problem the classifier is thus better suited than the limit value consideration
(accuracy = 89.44%, FPR = 8.16%, TPR = 87.79%). 96.24% of the test images, which
are manually labelled as acceptable, also receive a positive label from the classifier.
Thus, less than 4% of the vehicles would be mistakenly sent to rework. The percentage
of non-customisable images that are falsely labelled as acceptable is only 0.68%. Here,
less than 1% of vehicles with an unacceptable quality would reach the customers.
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kNN, k = 5, 4 principal components: results on the test set for double images
Manually 1 Manually 2 Manually 3 Manually 4 Manually 5
82+ 309 28+ L 38+ e 42+
411 154 144 194 W 21+
O T T T T O T T O T T O T O T T T T
12345 12345 12345 12345 12345
Manually UAC Manually AC Class allocation:
146 206 RMSE: 0.660
Wrongly classified: 142 images
73 103 Correctly classified: 218 images
Assessment of the image quality
0 0 Wrongly classified: 9 images
UAC AC UAC AC Correctly classified: 351 images
Accuracy: 97.50%, FPR: 0.68%, TPR: 96.24%

Figure 89: SL, kNN for the double image dataset: possible labelling
of the test images Il

This section examines, which classifier type achieves the lowest FPR and the highest
TPR. The values obtained based on the given test images are shown in Table 29.
Looking more closely at this table, the resulting FPR values are below and the TPR
values are above the values of the limit consideration. Thus, the NN classifiers appear
to be more suitable for the given assessment task than the standard method. The low-
est FPR of 0.68% and the highest TPR of 96.24% are achieved by the classifier in the
4-dimensional feature space where 5 nearest neighbours are taken into account. This
low FPR is also achieved by classifiers for k =1 and k =3 in the 6- or 3-dimensional
feature space. However, the maximal TPR of 88.73% and 95.77%, respectively, is low-
er than the reference value.

NN | "Components. | FPR | TPR

Minimal FPR values

k=1 6 0.68% 88.73%

k=3 3 0.68% 95.77%

k=5 4 0.68% 96.24%
Maximal TPR values

k=1 3 5.44% 96.24%

k=3 3 0.68% 95.77%

k=5 4 0.68% 96.24%

Table 29: SL, kNN for the double image dataset: min FPR and max TPR

In the final step, the classification algorithm is modified to a 2-class problem. A test
image is assigned as AC only if at least m of the k-nearest training images are classi-
fied as AC. Otherwise, the test image is rejected. The number of considered nearest
training images is set to k=30, k=20, and k= 10. At the same time, the number of
nearest training images m representing the acceptable image quality is varied between
1 and k. Each classifier is applied to the test images and the resulting ROC curve is
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determined. The investigation is carried out for all feature dimensions. The curve giving
the maximum AUC value is shown in Figure 90.

The resulting maximum values of the area under the curve are shown. The classification ability of
the classifier is better if the AUC value is higher.

AUC 0.88 0.94 0.96
no. of principal components 8 8 7

ROC-curve: this diagram illustrates the compromise between the matches (correctly positive classi-
fications) and the costs (false positive classifications).

® Limit value consideration

TPR k =30
1.0

0.8
0.6
0.4

0.2
00 02 04 06 08 10FPR

Figure 90: SL, kNN for the double image dataset: ROC curve
for a 2-class classifier

The maximum AUC value of 0.96 is achieved in the 7-dimensional component space
when the number of nearest prototype vectors k is set to 30. Again, the resulting ROC
curve is nearly identical to the curve of an ideal classifier. The resulting AUC value is
almost equally to 1. A possible classification result is shown in Figure 91. This result is
again slightly better than the result of the limit analysis.

2-class NN, k = 30, 7 principal components, m = 8: results on the test set

Manually UAC Manually AC
136 198 Assessment of the image quality
Wrongly classified: 27 images
68+ 99 Correctly classified: 333 images
Accuracy: 92.50%
0 0 FPR: 7.48%

Figure 91: SL, 2-class kNN for the double image dataset: possible labelling
of the test images

The evaluation of the given test data achieves the accuracy of 92.50%. The FPR is
7.48%. The classifier would thus only send 7.48% of the vehicles with an unacceptable
image quality to the customers. An equally good value shows the TPR. Here, 92.49%
of all acceptable images are also classified as acceptable. Therefore, the classifier
would cause almost no additional costs, since only 7.51% of the vehicles with an ac-
ceptable quality would be mistakenly sent to rework.
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Learning vector quantisation:

The prototypes are determined by the learning rules LVQ1, LVQ2.1 and LVQ3. A learn-
ing rate « of 0.03, a window width w of 0.3, and an adjustable learning rate £ of 0.1 are
used. A test image is assigned to the same class as the nearest prototype vector be-
longs. Based on the available test dataset, it is checked which combination of learning
rule and prototype number achieves the best result for the given classification problem.
First, the RMSE values and the classification accuracies are determined. The results
are summarised in Figure 92.

Development of the RMSE values and classification accuracies for different numbers of prototypes
Development of the RMSE for different numbers of prototypes
RMSE Average values over 30 different initialisations
1.45 4
1.40 - -#- LVQ3
o LVQ2.1
-o- LVQ1
1.351 .. Q
1.30 -
125 SAPSASSAP S0
. . . , Number of
85 165 245 325 prototypes
RMSE LVQ2.1 learning rule: values over 30 different prototype initialisations Accuracy
1.80 1 +0.95
1.62 1 0-90
+0.85
1.44 1
= % % +0.80
1.26 - % N W S
HHHH% HH + +0.75
1.08 1 —+— Average accuracy values with standard deviation +0.70
& Average RMSE values with standard deviation
0.90 - . : . Number of
85 165 245 325 prototypes
Used parameters:
learning rate a = 0.03, window width w = 0.3, adjustable learning rate ¢=0.1

Figure 92: SL, LVQ for the double image dataset: evaluate different numbers
of prototypes

The average values and the standard deviations for 30 different prototypes initialisa-
tions are shown. The number of prototypes is increased at intervals of 8. For each
learning rule, the average RMSE values are shown in the upper part of the figure. The
lower diagram shows in addition to the RMSE values the classification accuracies that
are determined by the learning rule LVQ2.1. The RMSE values resulting from the clas-
sifier, which is trained by learning rule LVQ1, first decrease strongly. However, up to
165 prototypes, the RMSE values are significantly higher than the values of the classi-
fiers, which are determined by learning rules LVQ2.1 or LVQ3. For more than 165 pro-
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totypes, the RMSE values of the classifier trained according to LVQ1 are below the
other corresponding values. The development of the RMSE values of the classifiers
trained by learning rule LVQ2.1 and LVQ3 are very similar to each other. As the num-
ber of prototypes is increased, the RMSE values decrease first and then remain nearly
constant. For a small number of prototypes, the lowest RMSE values are achieved by
classifiers trained by learning rule LVQ2.1.

For learning rule LVQ2.1, the development of the RMSE values and the classification
accuracies generally shows an opposite trend. As the number of prototypes increases,
the recognition accuracy of the classifier slowly increases. The standard deviation of
the accuracy is highest for a small number of prototypes. For the investigated prototype
numbers, the classifier achieves averaged recognition accuracies of just 85%. Thus,
the classifier does not achieve the recognition accuracy of the limit value consideration
(89.44%).

In the next step, the FPR and the TPR for classifiers determined by the learning rule
LVQ2.1 are analysed for different numbers of prototypes. Again, averages and stand-
ard deviations are calculated for 30 different prototype initialisations. The results are
summarised in Figure 93. The diagram shows that the TPRs are increasing only slowly
for an increasing number of prototypes. The values rise from 87.28% to 95.45%. For 69
prototypes, on average, a higher TPR is already determined than for the limit value
analysis. The average FPR values fall from 62.67% to 43.33% for increasing the num-
ber of prototypes. Here, the FPR is significantly higher than the FPR achieved by the
limit value analysis.

Development of the classification results for different numbers of prototypes

LVQ2.1: FPR and TPR values over 30 different prototype initialisations

o WWMWW%HW
80% A
60% | % % H
40% | HMH‘H%HH‘%M+¢W¢¢¢WM¢¢M¢MM¢
20% 1 —— Average TPR with standard deviation
< Average FPR with standard deviation
0% . T . . Number of
85 165 245 325 prototypes

Used parameters: learning rate « = 0.03, window width w=0.3

Figure 93: SL, LVQ for the double image dataset: resulting values
for learning rule LVQ2.1

Now the number of prototypes is set to 69. The prototype number is in the middle of the
bending of the RMSE curve, shown in Figure 92. Thus, the best relationship is ex-
pected between the number of prototypes and the RMSE value. A possible classifica-
tion result is shown in Figure 94. For this, a classifier is used, which is trained by learn-
ing rule LVQ2.1.
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The first histogram shows that test images that are manually labelled with 1 rating point
are assigned to rating class 1 and 4. Test images that are manually labelled with 2
points are assigned mainly to rating classes 1, 2, and 4. Class 4 assignments are prob-
lematic because, unlike rating classes 1 and 2, this class represents an acceptable
image quality. This explains the high FPR of 33.33%. The FPR is much higher than the
value of the limit analysis (8.16%). This indicates that /5 of all images that are manually
rated as unacceptable get a positive label from the classifier. Thus, the classifier would
send 25.17% more vehicles of unacceptable quality to the customers than the limit val-
ue consideration. The labelling of test images that are manually labelled with 3 rating
points is the hardest. These images are assigned to rating classes 2, 3, 4 and 5. Test
images that are manually labelled with 4 rating points are sorted mainly into this class,
but also into the classes 2, 3, and 5. Only images that are manually labelled with 5
points are classified into classes 4 and 5 and are therefore considered customisable.
The classifier achieves a TPR of 94.37%. Here, 94.37% of customer-friendly images
are also recognised as such. Thus, the TPR is much higher than the value of the limit
value consideration (87.79%) and is very close to the ideal value of 100%. This classi-
fier would be less costly than the limit analysis because fewer vehicles of acceptable
quality would be mistakenly sent to rework. Overall, the classifier achieves a recogni-
tion accuracy of 83.06%, which is below the accuracy (89.44%) of the limit analysis.

LVQ, learning rule: LVQ2.1, 69 prototypes: results on the test set for double images
Manually 1 Manually 2 Manually 3 Manually 4 Manually 5
78 324 26 46 38
39 16+ 13 23 19
0 0' O LN LU LI
12345 12345 12345 12345 12345
Manually UAC Manually AC Class allocation:
96- 200 RMSE: 1.16
Wrongly classified: 181 images
48 100 Correctly classified: 179 images
Assessment of the image quality
0 0 Wrongly classified: 65 images
UAC AC UAC AC Correctly classified: 295 images
Accuracy: 83.06%, FPR: 33.33%, TPR: 94.37%

Figure 94: SL, LVQ for the double image dataset: possible labelling
of the test images

Finally, the LVQ mapping rule is reduced to a 2-class problem. Here, the image quality
is classified only as AC or UAC. A test image is considered acceptable if at least m of
the k-nearest prototype vectors represent a customer-friendly image quality. 69 proto-
type vectors are used, which are determined by the learning rule LVQ2.1. Again, the
ROC curve of the classifier is determined by varying the number of relevant prototype
vectors m. The number of considered nearest prototype vectors is set to k = 30, k = 20,
and k =10. The ROC curve leading to the maximum possible AUC value is shown in
Figure 95.
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The resulting maximum values of the area under the curve are shown. The classification ability of
the classifier is better if the AUC value is higher.

AUC 0.70 0.97 0.98
no. of prototypes 69 69 69

ROC-curve: this diagram illustrates the compromise between the matches (correctly positive classi-
fications) and the costs (false positive classifications).

® Limit value consideration
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Figure 95: SL, LVQ for the double image dataset: ROC curve
for a 2-class classifier

The maximum AUC value of 0.98 is reached when the number of considered nearest
prototype vectors k is set to 30. Again, the ROC curve is almost perfect. The TPR val-
ues are close to 100%, while the FPR values remain close to 0%. Thereafter, the FPR
values increase. If k is set to 20, a good result is also achieved. If k is further reduced,
the area under the ROC curve is sustainably reduced. A possible classification result
for k = 30 and m =5 is shown in Figure 96.

2-class LVQ, k = 30, 69 prototypes, m = 5: results on the test set

Manually UAC Manually AC
146 208 Assessment of the image quality
Wrongly classified: 5 images
731 104 Correctly classified: 355 images
Accuracy: 98.75%
0 0 FPR: 1.02%
UAC AC UAC AC TPR: 97.96%

Figure 96: SL, 2-class LVQ for the double image dataset: possible labelling
of the test images

With this classifier, an accuracy of 98.75% can be achieved. The FPR is 1.02%. Thus,
only 1.02% of the test images that are manually labelled as unacceptable receive a
positive label. Likewise, the TPR has a high value. Here, 97.96% of all images showing
an acceptable quality are also considered as acceptable by the classifier. Thus, this
classifier type works more accurately than the limit analysis (accuracy = 89.44%,
FPR =8.16%, TPR = 87.79%).
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Summary of the obtained results:

Since the limit analysis achieves a good classification result, it is difficult to implement a
classification algorithm that achieves a better result. Polynomial classifiers can be im-
plemented that achieve a higher TPR values than the limit analysis. Since these classi-
fiers tend to label the test images as customer suitable, the FPR values are usually
higher than the reference value. Thus, more vehicles with an unacceptable image qual-
ity would reach the customers. For example, the 2" order PC in the 2-dimensional
component space achieves the accuracy of 95.56%, the FPR of 8.84%, and the TPR of
98.59%. Only if the classification problem is limited to 2 possibilities, classifiers can be
implemented that achieve better results than the limit analysis. The resulting ROC
curves of the 2-class classifier are nearly perfect. Thus, 2" order classifier achieves
the accuracy of 97.78%, the FPR of 1.36%, and the TPR of 97.18%.

The kNN classifiers reach FPR values below and TPR values above the values of the
limit analysis. Thus, the kNN classifiers seem to be better suited than the standard
method. For example, the KNN classifier for k = 3 and a dimension of 7 principal com-
ponents achieves an accuracy the 95.28%, the FPR of 0.68%, and the TPR of 92.49%.
Also as a 2-class classifier, the NN algorithm achieves a nearly perfect ROC curve and
the classification results are better than the values of the limit analysis.

If the number of prototypes is greater than 69, the LVQ may reach TPR values that are
higher than the value of the limit analysis. Since these classifiers tend to label many
test images as customer suitable, the FPR values obtained are also high. Thus, the
classifiers would send more vehicles with an unacceptable image quality to the cus-
tomers than the standard method. For example, if the learning rule LVQ2.1 is used to
train 69 prototypes, the recognition accuracy of 83.06%, the FPR of 33.33%, and the
TPR of 94.37% is achieved. Only the reduction to a 2-class problem, where the image
quality is classified as AC or UAC, leads to better classification results. The 2-class
LVQ algorithm can achieve better results than the limit value analysis. For example, the
2-class LVQ can achieve the accuracy of 98.75%, the FPR of 1.02%, and the TPR of
97.96%.

7.4.3 SL: assessment algorithms for the distortion and double image da-
taset

This chapter examines the perception of combinations of distortions and double images.
The image quality is clearly described by 21 objective features. The available dataset
consists of 303 training images and 305 test images. The classification results are
compared with the results of the limit analysis. The limit value analysis reaches the
accuracy of 67.21%, the TPR of 86.23% and the FPR of 55.80%, see chapter 7.3.

Polynomial classification:

Due to a large number of objective criteria and the limited number of training images, it
is first checked for which classifier dimensions the number of training images is 10
times greater than the number of polynomial terms [MARSLAND 11]. With 303 training
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images, it is possible to implement 15 order classifiers up to all 21 feature dimensions.
The 2" order classifiers can be implemented up to 6 feature dimensions and the 3™
order classifiers are analysed up to 3 dimensions. The 4" order classifier can only be
analysed up to the 2-dimensional feature space.

First, the test image is assigned to the class with the greatest probability. The resulting
RMSE values and the accuracies for different polynomial orders and feature dimen-
sions are shown in Figure 97.

Development of the RMSE values for different numbers of principal components
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Resulting minimal RMSE and maximal accuracy values for the different classifier types

RMSE 0.67 0.72 0.73 0.78
Accuracy 71.48% 68.82% 66.23% 65.25%
no. of principal components 20 5 3 2

Figure 97: SL, PC for the distortion and double image dataset: resulting values

The x-axes show the different dimensions of the feature space and the y-axis the re-
sulting RMSE values and the classification accuracies. The upper diagram shows the
development of the RMSE values up to the maximal possible feature dimensions.
While the number of principal components increases, the loss of information caused by
the PCA decrease. Thereby the RMSE values also decrease. The RMSE values of 1%
order classifiers are highest. The higher the polynomial orders, the lower the RMSE
values of the classifiers. The lower diagram shows the development of the associated
recognition accuracies. A reverse development compared to the RMSE values can be
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seen. While the number of principal components is increased, the recognition accuracy
increases as well.

The resulting minimum RMSE values and the maximum recognition accuracies for
each polynomial order are summarised in the table of Figure 97. Based on the given
classification task, the 4" order classifier in the 2-dimensional feature space achieves
the RMSE value of 0.78 and the accuracy of 65.25%. Better results are obtained from
the 3™ order classifier in the 3-dimensional feature space and the 2" order classifier in
the 5-dimensional feature space. These classifiers achieve RMSE values of 0.73 and
0.72, respectively as well as accuracies of 66.23% and 68.82% respectively. It is as-
sumed that the 1% order classifier in the 20-dimensional feature space achieves the
best possible result with the RMSE value of 0.67 and the accuracy of 71.48%. The
recognition accuracies of the 2 most suitable classifiers are higher than the accuracy of
the limit value consideration.

The assignment result of the 1t order classifier in the 20-dimensional component
space is investigated more closely, as shown in Figure 98. Since the 21 objective fea-
tures are hardly correlated with each other, a dimensionality reduction of the compo-
nent space is only scarcely possible. In the 20-dimensional component space, the en-
tire variance of the 21 features is 100% covered. This is only possible because the ei-
genvalue of the 215! principal component is exactly 0. For details, see chapter 7.2.3.

PC, 15t order, 20 principal components: results on the test set for distortion & double images

Manually 1 Manually 2 Manually 3 Manually 4 Manually 5
64 884 — 90+ — 16+ L 14 —
34 44 45 8- :

' |

O T O T O T O T O T T
12345 12345 12345 12345 12345

Manually UAC Manually AC Class allocation:
94 124+ RMSE: 0.67
Wrongly classified: 115 images
47 62- Correctly classified: 190 images
“ Assessment of the image quality
0 0 Wrongly classified: 87 images
UAC AC UAC AC Correctly classified: 218 images

Accuracy: 71.48%, FPR: 31.88%, TPR: 74.25%

Figure 98: SL, PC for the distortion and double image dataset: possible result

The classifier assigns test images, which are manually labelled with 1 rating point,
mainly to class 2. This misclassification is unproblematic since both rating classes rep-
resent an unacceptable image quality. Test images labelled with 2 rating points are
assigned by the classifier into this class, but also to class 3. This misclassification clas-
sifies images of unacceptable quality as suitable for customers. Thus, the FPR is
31.88%. This FPR is 23.92% lower than the rate of the standard method. Thus, fewer
non-custom vehicles would be wrongly sent to the customers. On the other hand, test
images that are manually labelled with 3 or 4 rating points are assigned to rating clas-
ses 2, 3 and 4 by the classifier. Therefore, the classifier reaches the TPR of 74.25%.
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This value is 11.98% lower than the TPR of the limit value consideration. The classifier
would cause more costs than the standard method because more vehicles of accepta-
ble quality would be mistakenly sent to rework. Finally, the test image labelled with 5
points is assigned to rating class 3.

The next step is to find classifiers that achieve the lowest FPR and the highest TPR for
the given classification task, shown in Table 30. The values from classifiers of different
polynomial orders are compared with each other up to the maximal possible feature
dimensions. All classifier types listed in the table achieve lower FPR values, but also
lower TPR values than the standard method. The lowest FPR and the highest TPR are
reached by the 15t order classifier in the 20-dimensional component space. The second
lowest FPR of 34.06% is achieved from the 2" order classifier in the 6-dimensional
component space. The maximum TPRs of 74.25%, 72.46%, 71.86% and 70.66% are
achieved from classifiers of the 1t 4 39 and 2" order in the 20, 2, 3 and 5-
dimensional feature space.

PC | "componens | FPR | TPR

Minimal FPR values

18t order 20 31.88% 74.25%

2" order 6 34.06% | 70.06%

3" order 3 40.58% | 71.86%

4" order 2 43.48% | 72.46%
Maximal TPR values

1t order 20 31.88% 74.25%

2" order 5 37.68% 70.66%

3" order 3 40.58% | 71.86%

4" order 2 43.48% | 72.46%

Table 30: SL, PC for the distortion and double image dataset: min FPR

and max TPR

Finally, the 5-class problem is reduced to a 2-class problem. Now the decision for an
acceptable quality is only made if the probability belonging to an acceptable quality is
higher by a multiple ¢ than the probability of belonging to an unacceptable quality
[KRISTIAN et al. 11: p. 203]. The constant ¢ is varied between 0.1 and 10; the increase
is done in steps of 0.1. The investigation is carried out for classifiers of different poly-
nomial orders up to the maximum possible feature dimensions. For each classifier, the
resulting ROC curve is determined and the area under the curve is calculated. The
curves, which result in the maximum AUC value, are shown in Figure 99.

The obtained values for the area under the curve are very close to each other and vary
between 0.63 and 0.69. The highest AUC of 0.69 is achieved by the 2-class PC of 4™
order in the 2-dimensional component space. The resulting AUC values are therefore
far away from the ideal value of 1. By varying the constant ¢, classifiers can be imple-
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mented that achieve either a higher TPR or a lower FPR than the limit value considera-
tion. Thus, the choice of the most suitable classifier is a compromise between a high
TPR and low FPR.

The resulting maximum values of the area under the curve are shown. The classification ability of
the classifier is better if the AUC value is higher.

AUC 0.68 0.68 0.63 0.69
no. of principal components 14 2 2 2

ROC-curves: these diagrams illustrate the compromise between the matches (correctly positive
classifications) and the costs (false positive classifications).

® Limit value consideration

TPR  1storder, 2 principal components TPR 2" order, 2 principal components
1.0 1.0
[ J [
0.5 0.5
o0
0.0 0.2 0.4 0.6 0.8 1.0FPR 0.0 0.2 0.4 0.6 0.8 1.0 FPR
TPR 3 order, 2 principal components TPR 4% order, 2 principal components
1.0 1.0
[ ) [ )
0.5 0.5
0.0

. T T T T T T T T T T 00 T T T T T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0 FPR 0.0 0.2 0.4 0.6 0.8 1.0 FPR

Figure 99: SL, PC for the distortion and double image dataset: ROC curves
for 2-class classifiers

Nearest neighbour classification:

The class distribution of the k-nearest neighbours is analysed. If the majority of the
nearest neighbours are classified as AC (class 3, 4 and 5) or UAC (class 1 and 2), the
test image is assigned to the same class as the nearest training image of the majority
belongs. First, it is examined for which dimension of the feature space the classifier
achieves the lowest RMSE value for k=1, k=3, and k=5. The development of the
RMSE values for various feature dimensions is shown in Figure 100. The x-axis shows
the number of principal components used and the y-axis the resulting RMSE values.
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Development of the RMSE values for different numbers of principal components
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Resulting minimal RMSE values for the different classifier types

RMSE 0.43 0.54 0.56
no. of principal components 13 11 11

Figure 100: SL, kNN for the distortion and double image dataset:
resulting RMSE values

The development of the RMSE values is very similar for classifiers that consider 1, 3 or
5 nearest neighbours. For k =1, the classifiers achieve the lowest RMSE values. The
highest RMSE values are achieved for classifiers that consider 5 nearest neighbours. If
the number of principal components is increased from 2 to 13, the RMSE values de-
crease. For 14 principal components, the RMSE values increase sharply again. If the
feature dimension is further increased, the RMSE values hardly decrease again. The
minimal possible RMSE values of the classifiers are summarised in the table of Figure
100. The lowest RMSE value of 0.43 is achieved by the classifier for k=1 in 13-
dimensional component space. The second best RMSE value of 0.54 is achieved by
considering 3 nearest neighbours and 11 principal components. The highest RMSE
value of 0.56 reaches the classifier for k = 5 and 11 principal components.

The development of the recognition accuracies for various feature dimensions is shown
in the diagram of Figure 101. The x-axis shows the used dimensions of the feature
space and the y-axis the accuracies. Comparing the development of the RMSE values
with the development of the recognition accuracies, an opposing trend can be found. If
the RMSE values increase, the accuracies decrease and vice versa. For all feature
dimensions, the accuracy values are highest for classifiers that consider only 1 nearest
neighbour. From 2 to 13 principal components, the accuracy values increase. For 14
dimensions, the recognition accuracies decrease sharply. After that, the accuracies
hardly increase again. The maximum possible recognition accuracies of the classifiers
are summarised in the table below the diagram of Figure 101. The highest accuracy of
91.48% reaches the classifier for k =1 in the 13-dimensional component space. This
value is not far from the ideal value of 100%. The accuracy values of the classifier for
k=3 and k =5 in the 14-dimensional component space follow with values of 84.92%
and 83.93%. All 3 classifier achieve recognition accuracies that are significantly above
the value of the standard method.
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Development of the classification accuracy for different numbers of principal components

0.9 - &g
o PY—— - - e ko5
] . o k= 3
. o— N . & /2\ o e o k= 1
A SN P b PR
p S
o
oo
L P
e
2 6 10 14 18 Number of

principal components

Resulting maximal accuracy values for the different classifier types

Accuracy

91.48%

84.92%

83.93%

no. of principal components

13

14

14

Figure 101:

SL, kNN for the distortion and double image dataset:

resulting accuracies

In the 13-dimensional component space, the 1% order classifier for k = 1 achieves both
the lowest RMSE value and the highest accuracy. Therefore, the labelling of the test
images by this classifier is examined in more detail, as shown in Figure 102.

kNN, k = 1, 13 principal components: results on the test set for distortion & double images
Manually 1 Manually 2 Manually 3 Manually 4 Manually 5
6 114 122 24 1
3 57 61 12
0 0 0 0 0
12345 12345 12345 12345 12345
Manually UAC Manually AC Class allocation:
122 158 RMSE: 0.4321
Wrongly classified: 39 images
61 794 Correctly classified: 266 images
Assessment of the image quality
0 — 0 Wrongly classified: 26 images
UAC AC UAC AC Correctly classified: 279 images
Accuracy: 91.48%, FPR: 11.59%, TPR: 94.01%
Figure 102: SL, kNN for the distortion and double image dataset: possible result

The first and the last histogram of the top row show that test images, which are manu-
ally labelled with 1 and 5 rating points, respectively, are 100% assigned to these clas-
ses by the classifier. In addition, test images belonging to the other rating classes are
mainly marked with the corresponding class label. However, there are some misclassi-
fications. Images that are manually labelled with 2 rating points are assigned to rating
classes 1, 2, 3 and 4. The misclassifications to rating classes 3 and 4 are problematic
because images of an unacceptable quality receive a positive label. Likewise, test im-
ages, which are manually labelled with 3 and 4 rating points, are assigned by the clas-
sifier to rating classes 1, 2, 3, 4 and 5. The difficulty here is the assignment to rating
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classes 1 and 2. Thereby, a negative label is wrongly assigned to test images which
show a customer suitable quality. The classifier reaches the accuracy of 91.48%, the
FPR of 11.59%, and the TPR of 94.01%. The TPR value is higher than the value de-
termined by the standard method (86.23%). Here 94.01% of the test images that are
manually labelled as acceptable receive a positive label. Thus, this classifier would be
less costly than the standard method, since fewer vehicles of acceptable quality would
be mistakenly sent to rework. Likewise, the classifier achieves a much lower FPR than
the standard method (55.80%). Here, only 11.59% of the test images with an unac-
ceptable quality receive a positive label. The number of vehicles with an unacceptable
quality that would reach the customer would be 44.21% lower. The classifier seems to
be better suited than the standard method.

The next step is to investigate which classifier types achieve the lowest FPR and the
highest TPR for the given classification task. The results are summarised in Table 31.
All FPR values listed here are lower than the value of the limit consideration. The low-
est FPR of 10.14% is reached by the NN classifier for k = 1 in the 14-dimensional fea-
ture space. This classifier also achieves the TPR of 91.62%, which is higher than the
TPR of the standard method. The highest TPR of 94.01% is achieved by the classifier
for k=1 in the 13-dimensional component space. This classifier reaches the FPR of
11.59%. Similarly, the classifiers for k=3 and k=5 for 14 principal components
achieve the TPR of 88.62% and FPR values of 11.59%, 19.57%. All these classifiers
achieve better values than the standard method and are considered more suitable for
the given classification problem.

NN | "Components | FPR | TPR

Minimal FPR values

k=1 14 10.14% 91.62%

k=3 6 15.94% 83.83%

k=5 11 19.57% 85.03%
Maximal TPR values

k=1 13 11.59% 94.01%

k=3 14 19.57% 88.62%

k=5 14 21.74% 88.62%

Table 31: SL, kNN for the distortion and double image dataset: min FPR
and max TPR

Finally, the mapping rule of the kNN is reduced to a 2-class problem where the image
quality is classified only as AC or UAC. A test image is considered as acceptable if at
least m of the k-nearest training images represent a customer suitable image quality.
The ROC curve of the classifier is determined by varying the number of required ac-
ceptable training images m. Here, the number of considered nearest training images is
set to k=30, k=20, and k=10. The ROC curve giving the maximum AUC value is
shown in Figure 103.
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The resulting maximum values of the area under the curve are shown. The classification ability of
the classifier is better if the AUC value is higher.

AUC 0.86 0.82 0.76
no. of principal components 12 11 2

ROC-curve: this diagram illustrates the compromise between the matches (correctly positive classi-
fications) and the costs (false positive classifications).

® Limit value consideration

TPR k=10
1.0

[ J
0.8

0.6

0.4

0.2

00 02 04 06 08 10FPR

Figure 103: SL, kNN for the distortion and double image dataset: ROC curve
for a 2-class classifier

The maximum AUC value of 0.86 is determined in the 12-dimensional component
space when the number of nearest training images k is set to 10. The ROC curve
shows that high TPR values also entail high FPR rates. Again it can be shown, that the
choice of the most suitable classifier type is a compromise between a high TPR and
low FPR. A possible classification result is shown in Figure 104.

2-class kNN, k = 30, 12 principal components, m = 4: results on the test set

Manually UAC Manually AC

70 154+ Assessment of the image quality
Wrongly classified: 81 images

354 774 Correctly classified: 224 images
Accuracy: 73.44%

0 0 FPR: 49.28%
UAC AC UAC AC TPR: 92.22%

Figure 104: SL, 2-class kNN for the distortion and double image dataset:
possible labelling of the test images

The classifier achieves a high FPR rate of 49.28%. Almost half of all test images that
are manually rated as unacceptable receive a positive label from the classifier. Never-
theless, the classifier would send 6.52% fewer vehicles with an unacceptable image
quality to the customers than the limit value consideration. On the other hand, the clas-
sifier achieves the TPR of 92.22%. The qualities of test images, which are manually
considered customisable, are also classified as 92.22% as such. Thus, the TPR is
higher than the value of the limit value consideration. Therefore, the classifier would be
less costly than the limit analysis because fewer vehicles with an acceptable quality
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would be mistakenly sent to rework. Overall, the classifier achieves the recognition
accuracy of 73.44%, which is above the accuracy of the limit analysis.

Learning vector quantisation:

A learning rate « of 0.03, a window width w of 0.3, and an adjustable learning rate ¢ of
0.1 are applied to determine the prototypes. The prototype vectors are determined by
the learning rules LVQ1, LVQ2.1 and LVQ3. The test image is assigned to the same
class as the nearest prototype vector belongs. In the following, it is checked which
combination of learning rule and prototype number achieves the best result for the giv-
en classification task. First, the development of the RMSE values is investigated for all
3 learning rules and different prototype numbers. The result can be seen in the upper
diagram of Figure 105.

Development of the RMSE values and classification accuracy for different numbers of prototypes
Development of the RMSE for different numbers of prototypes
RMSE Average values over 30 different initialisations
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Used parameters: learning rate « = 0.03, window width w = 0.3, adjustable learning rate £= 0.1

Figure 105: SL, LVQ for the distortion and double image dataset: evaluate
different numbers of prototypes

The average values over 30 different initialisations of prototypes are shown. The num-
ber of prototypes in increased in intervals of 7. The x-axis shows the number of proto-
types and the RMSE values are plotted on the y-axis. For the 3 learning rules, the de-
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velopment of the RMSE values is very similar. As the number of prototypes is in-
creased, the RMSE values decrease. For small numbers of prototypes, the decline of
the RMSE values is greatest. The larger the number of prototypes is chosen, the lower
the decrease in the RMSE values. Up to 54 prototypes, the RMSE values hardly differ
for the 3 learning rules. From then on, the resulting RMSE values of the classifiers de-
termined by learning rule LVQ1 are a little bit lower than the RMSE values of the other
2 classifiers.

Therefore, the RMSE values and the recognition accuracies resulting from these classi-
fiers are more closely investigated, as shown in the second diagram of Figure 105. The
RMSE values and the recognition accuracies are plotted against the number of proto-
types. In addition to the average values, the standard deviations are shown for 30 dif-
ferent prototype initialisations. From the standard deviations shown, it can be seen that
the resulting RMSE values and the classification accuracies depend on the random
initialisation of the prototypes. The development of the classification accuracies is in-
versely related to the development of the RMSE values. The more prototypes are used,
the higher the classification accuracies.

For the following investigation, 103 prototypes are used. For this number of prototypes,
the best relationship is assumed between the number of prototypes and the classifica-
tion quality. As Figure 105 shows, if fewer prototypes are used, the RMSE values in-
crease and the accuracies decrease. In contrast, if more prototypes are used, the de-
crease in the RMSE values is low and the accuracies increase slowly.

Since the RMSE values and the recognition accuracies depend on the random
initialisation of 103 prototypes, the results of 30 different initialisations are examined in
more detail, as shown in Figure 106. The upper 3 diagrams show the resulting RMSE
values of classifiers determined by the 3 learning rules. The x-axis shows the number
of different initialisations and the y-axis the RMSE values. Again, it becomes clear that
the RMSE values depend on the random initialisation of the prototypes. The resulting
recognition accuracies are summarised in the lower table of Figure 106. For 30 differ-
ent initialisations, the recognition accuracies of the classifiers determined by learning
rule LVQ1 are between 79.67% and 87.54%. For the learning rule LVQ2.1 between
78.69% and 86.89% and for LVQ3 between 79.02% and 86.89%. The classifier deter-
mined by learning rule LVQ1 achieves on average the lowest RMSE value of 0.58 and
the maximum classification accuracy of 84.26%.
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Development of the classification accuracy for 103 prototypes
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Resulting mean RMSE values for the different learning rules

RMSE 0.58 0.62 0.61

Resulting accuracy values for the different learning rules
Accuracy min 79.67% 78.69% 79.02%
Accuracy max 87.54% 86.89% 86.89%

Accuracy mean 84.26% 82.45% 82.57%

Figure 106: SL, LVQ for the distortion and double image dataset: resulting values
for 103 prototypes

Thus, the evaluation of the test images by this classifier is examined more closely. The
labels resulting from a classifier with an arbitrary prototype initialisation are shown in
Figure 107.

LVQ, learning rule: LVQ1, 103 prototypes: results on the test set for distortion & double images
Manually 1 Manually 2 Manually 3 Manually 4 Manually 5
3 104 112 16 1
. 52 56 8
O T T O G T T T T T T T T G T T T T
12345 12345 12345 12345 12345
Manually UAC Manually AC Class allocation:
112 148+ RMSE: 0.59
Wrongly classified: 72 images
56 74 Correctly classified: 233 images
Assessment of the image quality
0 | 0 Wrongly classified: 45 images
UAC AC UAC AC Correctly classified: 260 images
Accuracy: 85.90%, FPR: 13.77%, TPR: 85.63%

Figure 107: SL, LVQ for the distortion and double image dataset: possible
labelling of the test images

The first histogram shows that test images that are manually labelled with 1 rating point
are assigned by the classifier equally to rating classes 1 and 2. Since both rating clas-
ses represent an unacceptable image quality, the misclassification has no impact on
the assessment of the image quality. Likewise, the last histogram of the first row shows
that the test image, which is manually labelled with 5 rating points, is assigned to rating
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class 3. This misclassification has also no influence on the assessment of the image
quality. In contrast, test images, which are manually labelled with 2 rating points, are
assigned to classes 1 and 2 as well as to rating classes 3 or 4. The misclassifications
to classes 3 and 4 are problematic because vehicles with unacceptable image quality
would reach the customers. Test images that are manually labelled with 3 or 4 rating
points are assigned by the classifier to rating classes 1, 2, 3, and 4. The misclassifica-
tions to rating classes 1 and 2 would lead to vehicles being incorrectly sent to rework
despite an acceptable image quality. Overall, this classifier achieves the recognition
accuracy of 85.90%, which clearly exceeds the value of the limit consideration
(67.21%). In addition, this classifier achieves the TPR of 85.63%. This value is slightly
below the value of the standard method. Here, 85.63% of all test images of acceptable
quality receive a positive label. As well, the classifier reaches the FPR of 13.77%,
which is well below the FPR of the standard method. Only 13.77% of the test images
with an unacceptable quality receive a positive label. Thus, up to 42.03% fewer vehi-
cles with an unacceptable quality would reach the customers.

In the next step, the FPR and the TPR of classifiers determined by the learning rule
LVQ1 are analysed for different numbers of prototypes, as shown in Figure 108. Again,
the averages and standard deviations are shown for 30 different initialisations.

Development of the classification results for different numbers of prototypes

LVQ1: FPR and TPR values over 30 different prototype initialisations
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Figure 108: SL, LVQ for the distortion and double image dataset: resulting values
for LVQ1

The x-axis shows the number of used prototypes and the y-axis the percentages of the
FPRs and TPRs, respectively. It can be seen that the development of the TPR is in-
verse to the development of the FPR. As the number of prototypes is increased, the
FPR decrease from 45.65% to 15.36%. It should be noted that all FPRs are below the
value of the standard method (55.80%). Similarly, the true positive rate increases from
63.89% to 89.64% as the number of prototypes is increased. For 110 prototypes, the
classifier reaches for the first time a TPR that exceeds the value of the standard meth-
od (86.23%). Overall, the classifiers tend to label the test images as unacceptable so
that the FPR values are low.
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Now, a labelling of the test images is investigated for a classifier using a large number
of prototypes. The classification result of the classifier with 257 prototypes, which are
determined by the learning rule LVQ1, is shown in Figure 109. The resulting histo-
grams are hardly different from the labelling of the classifier with 103 prototypes. Only
the number of incorrectly assigned test images is lower. The classifier reaches the
RMSE of 0.52. The recognition accuracy of 88.52% and the TPR of 89.82% are higher
than the values of the standard method. Here, also 3.59% more test images with an
acceptable quality are considered acceptable. Thus, the classifier would be less costly
because fewer vehicles of acceptable quality would be mistakenly sent to rework. The
classifier also achieves the FPR of 13.04%, which is well below the FPR of the limit
analysis. Thus, 42.76% fewer test images with an unacceptable image quality receive a
positive label and would not reach the customers. It is assumed that the classifier is
better suited for the given classification task than the standard method.

LVQ, learning rule: LVQ1, 257 prototypes: results on the test set for distortion & double images
Manually 1 Manually 2 Manually 3 Manually 4 Manually 5
3 114 114 16 1
: 57 56 8
O T T O T T T T T T T T T T T T
12345 12345 12345 12345 12345
Manually UAC Manually AC Class allocation:
120 150+ RMSE: 0.52
Wrongly classified: 59 images
60 754 Correctly classified: 246 images
Assessment of the image quality
0 P 0 Wrongly classified: 35 images
UAC AC UAC AC Correctly classified: 270 images
Accuracy: 88.52%, FPR: 13.04%, TPR: 89.82%

Figure 109: SL, LVQ for the distortion and double image dataset: possible
labelling of the test images Il

Finally, the mapping rule of the LVQ is again reduced to a 2-class problem. Now the
LVQ tries to classify the quality of the test images only as AC or UAC. A test image is
classified as acceptable if at least m of the k-nearest prototype vectors represent a
customer suitable image quality. Here, the number of considered nearest prototype
vectors is set to k=30, k=20, and k =10. The ROC curve of the classifier is deter-
mined by varying the number of required acceptable prototype vectors m from 1 to k.
The classification is based on 103 prototype vectors that are determined by the learn-
ing rule LVQ1. The ROC curve, which results in the maximum AUC value, is shown in
Figure 110. The maximum AUC value of 0.72 can be determined if the number of
nearest prototype vectors k is set to 10. The diagram shows that the 2-class classifier
is not able to achieve a combination of FPR and TPR that is better than the results of
the limit value analysis. The choice of the most suitable classifier type is a compromise
between a high TPR and low FPR.



Development of an assessment algorithm
128

The resulting maximum values of the area under the curve are shown. The classification ability of
the classifier is better if the AUC value is higher.

AUC 0.72 0.69 0.66
no. of prototypes 103 103 103

ROC-curve: this diagram illustrates the compromise between the matches (correctly positive classi-
fications) and the costs (false positive classifications).

® Limit value consideration

TPR k=10
1.0
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0.8

0.6
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Figure 110: SL, LVQ for the distortion and double image dataset: ROC curve
for a 2-class classifier

Summary of the obtained results:

The polynomial classifiers achieve lower FPR values than the standard method. Since
the classifiers tend to label the test images as unacceptable, lower TPR values are also
obtained. Thus, the classifiers would send fewer vehicles of unacceptable quality to the
customers. Unfortunately, the classifiers would also cause more costs because more
vehicles of acceptable quality would be mistakenly sent to rework. For example, the 1%
order classifier achieves the accuracy of 71.48%, the FPR of 31.88%, and the TPR of
74.25% for 20 principal components. If the allocation rule of the PC is reduced to a 2-
class problem, classifiers can be implemented that, depending on the parameter,
achieve either higher TPR values or lower FPR values than the standard method.

In contrast, the kNN classifiers appear to be more suitable for the given classification
task. Here, FPR values that are lower and TPR values that are higher than the values
of the standard method can be determined. For example, the NN classifier for k = 1 and
a dimension of 13 principal components achieves the accuracy of 91.48%, the FPR of
11.59%, and the TPR of 94.01%. Even if the mapping rule of the NN classifier is re-
duced to a 2-class problem, better class assignments than the results of the limit value
analysis can be achieved.

By applying the learning rule LVQ1, classifiers can be determined, which achieve lower
FPR values than the standard method. If the number of prototypes is chosen large
enough, TPR values are also obtained which are higher than the TPR of the limit anal-
ysis. For example, the classifier with 257 prototypes achieves the accuracy of 88.52%,
the FPR of 13.04%, and the TPR of 89.82%. In contrast, a 2-class LVQ is unable to
achieve a combination of FPR and TPR that is better than the reference values of the
limit value analysis.
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7.5 Semi-supervised learning: impact on the classification re-
sults

Until now, it has been investigated, which classification results are possible if all train-
ing images are labelled manually. Now tests are conducted to investigate the semi-
supervised learning behaviour of selected classifiers. It is analysed whether better
classification results can be achieved by combining labelled and unlabelled training
data. The principle of semi-supervised learning (SSL), described in chapter 6.2.3, is an
iterative procedure in which the learning process uses its own predictions to teach itself.
The classifier is trained based on selected labelled training data and then applied to the
unlabelled training data. The images with the most confident predictions are removed
from the unlabelled training set and added to the labelled training images. Therefore,
the definition of robust criteria for transferring images during the learning phase is es-
sential since an incorrectly labelled image can significantly reduce the performance of
the classifier. The following defines selection criteria that evaluate whether the unla-
belled image is reliably classified and can be included in the labelled training dataset.

Polynomial classification:
In order to determine whether a training image is reliably classified, 2 selection criteria,
shown in Figure 111, are conceivable [SAKIC 12: p. 83]:

» Threshold 6:: 6, is the limit for the maximum probability that the image belongs to
the corresponding rating class. It is checked if the maximum probability that the
image belongs the corresponding rating class is greater than the threshold 6. If
this is the case, the image is clearly classified and the image is transferred to
the training dataset with its autonomously generated label, as shown in the up-
per part of Figure 111.

» Threshold 6.: 6: is limit for the difference between the largest and the second larg-
est assignment probability. It is analysed whether the difference between the
largest and the second largest class assignment probability is greater than the
threshold 6.. If so, the class assignment is unique. The image with its autono-
mously generated label is transferred in the training dataset, shown in the lower
part of Figure 111.
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Threshold 6;: 61is the limit for the maximum probability that the image belongs to the rating class.

Assignment probability Class allocation
0.03
HAUPTSTRASSE 004 2
‘?ﬁzk.‘.ﬁkﬁ?\l)% PC [— 0.10 3 Transfer the image
LANDHAUSSTRASSE - 0.81 d'w> 01 4 with its autonomously

generated label into
0.02 5 the training dataset.

Threshold 6.: 6:is limit for the difference between the largest and the second largest probability.

Assignment probability Class allocation
0.25 Ad'w > 6 1 Transfer the image
0.53 with its autonomously
HAUFTETR o f\ : generated label into
£, 180) PC — 0.12 3 the training dataset.
LANDHAUSSTRASSE 1 008
0.02 5

Own illustration. Threshold definition adapted from [SAKIC 12].

Figure 111: SSL, PC: threshold value definition

K-nearest neighbour classification:

Unlabelled images with a short distance to the next labelled training sample have a
high probability of belonging to the same class as the next labelled training image
[CEBRON 08: p. 67]. It is assumed that the closer the unlabelled image is to the corre-
sponding labelled training sample, the higher is the probability that the image is classi-
fied correctly [WANG et al. 11]. To classify an image uniquely, it is checked whether the
image is within a maximum defined distance [SzELISKI 10: p. 201]:

Threshold @: @is the limit for the maximum distance to the next training image:

i ' ,,,,, ° d<o
“Threshold .
e Assign the unlabelled image to the same
Distance ! class as the nearest labelled training im-
° d age belongs.

Transfer the image with its autonomously

@ Unlabelled training image generated label into the training dataset.

@ Labelled training image
Own illustration adapted from [CEBRON 08: p. 67], [SzELIskI 10: p. 201].

Figure 112: SSL, kNN and LVQ: threshold value definition

» Threshold 6: @is the limit for the maximum distance to the next training image. It is
checked if the distance to the next training sample is smaller than the maximum
distance given by the threshold 6. If so, the image with its autonomously gener-
ated label is transferred into the training set. The transfer condition is shown in
Figure 112.
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If the threshold distance is too large, too many incorrect labels will be transferred au-
tonomously into the training set. In contrast, if the threshold distance is too small, many
correct labels are rejected and not transferred to the training set [SzELISKI 10: p. 201].

Learning vector quantisation:

The threshold definition is similar to that the of the NN classifier. For the LVQ it is also
assumed that the shorter the distance between the unlabelled image and the next pro-
totype, the higher the probability that the image is correctly classified [WANG et al. 11]:

» Threshold &: 0 is the limit for the maximum distance to the next prototype. It is
checked if the distance to the next prototype is smaller than the maximum dis-
tance given by the threshold 6. If this criterion is fulfilled, the image with its au-
tonomously generated label is transferred into the training set.

After defining the thresholds for transferring the unlabelled images, the SSL rule is ap-
plied to selected classifiers. Classifiers designed for the distortion dataset, the double
image dataset, and the distortion and double image dataset are examined.

7.5.1 SSL: assessment algorithms for the distortion dataset

The classifiers are first trained with a manually labelled training set of variable size,
consisting of only a few available training images, as shown in Table 32.

—
N
w

4 | 5
10% 41 55 3 1 1 101
15% 61 83 5 2 1 152
20% 82 110 7 2 1 202
25% 102 | 138 8 3|1 252
30% 122 | 165 | 10 | 3 | 2 302
35% 143 | 193 | 12 | 4 | 2 354
40% 163 | 220 | 13 | 4 | 2 402
45% 184 | 248 | 15 | 6 | 2 454
50% 204 | 275 | 17 | 5 | 3 504
55% 224 | 303 | 18 | 6 | 3 554
60% 245 | 330 | 20 | 6 | 3 604
65% 265 | 358 | 21 | 7 | 3 654
70% 286 | 385 | 23 | 7 | 4 705
Table 32: SSL for the distortion dataset: initial number of labelled training
samples

The selection of the labelled training images is done randomly. The size of the initially
labelled images is set to 10%, 15%, ..., 70% of all training images from each rating



Development of an assessment algorithm
132

class. This ensures that that at least 1 image from each rating class is selected. The
trained classifiers label the remaining unlabelled training images by themselves. A
newly labelled image is transferred into the training set if the image is classified reliably.
A new training cycle is initiated if 25 new images have been transferred. This proce-
dure is repeated until all available images that can be reliably classified are added to
the training dataset. If no new training image is found that meets the robust selection
criterion, the SSL process automatically terminates. In order to check the assessment
result, the classifier is applied to the test dataset after each training cycle. The classifi-
cation results are compared with values of an “ideal” classifier trained with all available
manually labelled images.

Polynomial classification:

The semi-supervised learning rule is applied to the PC of 2" order in the 10-
dimensional component space. During supervised learning, this classifier achieves the
RMSE of 1.12, the accuracy of 83.89%, the FPR of 39.31% and the TPR of 99.53%.

The outcome of the PC is an assignment probability vector that contains for each rating
class the probability that the image belongs to the corresponding rating class. Normally,
the image would always be assigned to the class for which the probability is greatest.
During the SSL process, in the first step, a new label is accepted and added to the
training set if the maximum probability that the image belongs to the rating class is
greater than the threshold 6;. Here, 6; is set to 0.6, 0.7, and 0.8. The size of the initially
manually labelled training images is set to 10%, 15%, ..., 70% of all training images
from each rating class, as shown in Table 32.

The classification results after the termination of the SSL process are shown in the ap-
pendix A.7 see Figure 160 and Figure 161. To summarise, the lower the threshold is
chosen, the more images are labelled by the SSL process and transferred to the train-
ing set. In contrast, the higher the threshold, the less training cycles are possible. By
reducing the initial training set size to less than 30%, the PC still yields a high TRP val-
ue while the accuracy and the FPR values suffer from wrong-labelled training images.
In contrast, if the initial training set size is greater than 30%, the PC will provide good
classification results. Depending on the threshold value, higher accuracy values and
lower FPR values are achieved, such as those values determined by all manually la-
belled training images. For a threshold of 0.6 and initial training set sizes larger than
45%, average accuracies slightly exceeding the “ideal” value are obtained. This also
applies to a threshold of 0.7 and initial training set sizes greater than 25%, as well as to
a threshold of 0.8 and initial training set sizes greater than 30%.

As an example, the learning behaviour of the classifier for an initial training set size of
40% and a threshold of 0.7 is shown in the appendix A.8 see Figure 166. Here, 7 train-
ing cycles are possible and the number of labelled training images increases from 402
to 577. During the SSL process, the average recognition accuracy is increased by
around 0.74% with the number of labelled training images. For more than 452 training



Development of an assessment algorithm
133

images, the “ideal” value is even exceeded. Likewise, the average FPR values fall be-
low the “ideal” value after the 2" training cycle. In contrast, during the SSL process, the
average TPR values are very similar to the corresponding “ideal” value. The average
RMSE values increase at the end because too many false labels are added to the
training set.

For a single run, the labels of the test images are further investigated, as shown in Fig-
ure 113. Overall, the resulting labels of the test images show only minor differences to
those labels obtained from the classifier trained with all manually labelled images. Here,
the accuracy of 85.00% and the FPR of 36.55% are achieved. Both values are better
than the corresponding “ideal” values, indicating that the SSL algorithm uses those
training samples that improve the recognition behaviour in an advantageous manner.
The TPR of 99.53% can be obtained. This percentage corresponds exactly to the “ide-
al” value.

PC, results after termination of the SSL process: 67 = 0.7, initial training set size: 40%
Manually 1 Manually 2 Manually 3 Manually 4 Manually 5
74 20+ 42 44 26
37 10+ 21 22 13
O G T T T T T T T T T T T T T T
12345 12345 12345 12345 12345
Manually UAC Manually AC Class allocation:
92 214 RMSE: 1.17
Wrongly classified: 188 images
464 107 Correctly classified: 172 images
Assessment of the image quality
0 Wrongly classified: 54 images
UAC AC UAC AC Correctly classified: 306 images
Accuracy: 85.00%, FPR: 36.55%, TPR: 99.53%
Figure 113: SSL, PC for the distortion dataset: possible labelling

of the test images, 6,

In the second step, an autonomously labelled image is transferred into the training set
if the difference between the largest and the second largest class assignment probabil-
ity is greater than the threshold é-, which is set to 0.1, 0.2, and 0.3.

The classification results after the termination of the SSL process are summarised in
the appendix A.7, see Figure 162 and Figure 163. The smaller the threshold value is
chosen, the more training images are autonomously labelled by the SSL process. Even
with small training set sizes, high TPR values can be achieved which are above the
“ideal” value. Only the average TPR value is lower than the “ideal value” for a threshold
of 0.3 and an initial training set size of 45%. In contrast, the FPR values, the recogni-
tion accuracies, and the RMSE values become similar to the “ideal” value only for large
initial dataset sizes. By applying threshold values of 0.1 and 0.2, the “ideal” accuracy
and the “ideal” RMSE value are not achieved on average. The “ideal” accuracy is
slightly exceeded only for a threshold value of 0.3 and an initial training set size greater
than 60%. The average FPR values will be more similar to the corresponding “ideal”
value if the initial training set includes more images. If the initial training set size is too
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small, the average FPR values are very high. Consequently, small training sets do not
contain sufficient information to transfer them to unknown data. On the other hand, the
classifier may not be complex enough to extract the required information from the
manually labelled training data. It turns out that there is a conflict between the number
of manually labelled training images and the quality of the classification results.

Exemplarily, the learning behaviour of the classifier is investigated for an initial training
set size of 40% and a threshold value of 0.3. The resulting learning curves are shown
in the appendix A.8 see Figure 167. The SSL process terminates after 12 training cy-
cles. The number of labelled training images is increased from 402 to 702. During the
SSL process, the average RMSE values increase by 0.06 as more training images are
autonomously labelled by the classifier. The average recognition accuracy of the classi-
fier increases at the beginning but then decreases when too many false labels are
added to the training set. However, for 9 out of 30 runs, the accuracy achieved by the
SSL process exceeds the limit of 83.89%. Likewise, the average FPR values decrease
during the first 3 training cycles but increase afterwards. The average RMSE, the aver-
age accuracy and the average FPR values do not reach the “ideal” values obtained by
all available manually labelled training images. In contrast, after each training cycle, the
average TPR values increase slightly by 0.38% and exceed the “ideal” value after the
termination of the SSL process.

A possible labelling of the test images is shown in Figure 114. It examines 1 of the 9
runs where the “ideal” accuracy is exceeded. It is positive that the TPR value of 100%
is achieved. This is because test images that are manually labelled with 3, 4 and 5 rat-
ing points are exclusively assigned to those classes. Thus, no vehicle with an accepta-
ble HUD image quality would be mistakenly sent to rework.

PC, results after termination of the SSL process: 62 = 0.3, initial training set size: 40%

Manually 1
74

Manually 2 Manually 3

48 40 20

Manually 4 Manually 5

12345

22
37 11 :lj m 24 20 10
0 0 0 0 0

12345

12345

12345

12345

Manually UAC

Manually AC

Class allocation:

RMSE: 1.15

90 216
Wrongly classified: 188 images

Correctly classified: 172 images
Assessment of the image quality
Wrongly classified: 56 images
Correctly classified: 304 images
Accuracy: 84.44%, FPR: 38.62%, TPR: 100.00%

45 108

0
UAC AC UAC AC

Figure 114: SSL, PC for the distortion dataset: possible labelling

of the test images, 6-

Likewise, test images, which are manually labelled with 1 rating point, are assigned to
the corresponding rating class with almost no errors. In contrast, the PC cannot proper-
ly label images that are manually assigned to rating class 2. Largely, these images are
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incorrectly assigned to rating classes 3, 4 and 5. This explains the FPR value of
38.62%. Nevertheless, this value is slightly below the “ideal” value obtained during the
SL process.

In the last step, both selection criteria are combined. An autonomously labelled image
is transferred into the training set only if the class assignment probabilities fulfil both
threshold conditions simultaneously. The classification results after completing the SSL
process are summarised in the appendix A.7, see Figure 164 and Figure 165. The
smaller the thresholds, the more training images are transferred in the training dataset
by the SSL process. By using training sets larger than 25%, good classification results
are achieved, which equal to the “ideal” values or even better. It is noteworthy that the
TPR of 100% is obtained for all 30 runs when the size of the initially labelled training
set is set to 10% or 15% and thresholds of 6;=0.6 and 6>=0.1 are applied. These
results are probably obtained due to the absence of poorly labelled images in the train-
ing set that affect the classification results. Thus, the manual label effort can be signifi-
cantly reduced without losing performance and reliability. For small training set sizes,
very high TPR values are obtained, but unfortunately, also high FPR values and the
recognition accuracies are low. The reason might be that too small initial training sets
do not contain sufficient information to generalise to unknown data and thus, many
incorrectly labelled images are transferred into the training dataset.

The learning behaviour of the PC is exemplarily investigated for an initially labelled
training set size of 40% and threshold parameters of ¢ = 0.7 and 6. = 0.2. The learning
curves are shown in Figure 168 in the appendix A.8. The SSL process terminates after
7 training cycles during which the number of training images is increased from 402 to
577. After each training cycle, the average recognition accuracy increases and the av-
erage FPR value decreases. Here, the accuracy reaches an average increase of
1.07% and the FPR an average decrease of 2.30%. After the 2" training cycle, the
classification accuracy exceeds the “ideal” value. Even just 1 cycle is needed to get
FPR values that fall below the “ideal” value. In contrast, the average RMSE values
hardly change during the SSL process and do not reach the “ideal” value. During the
SSL process, average TPR values of more than 99% are reached after each training
cycle.

Finally, the semi-supervised learning rule is applied to a 2-class PC of 2" order in the
7-dimensional component space. If all manually labelled training images are used for
training, a value for the area under the ROC curve of 0.87 can be determined. The
learning behaviour of the classifier is investigated for various initially labelled training
dataset sizes and a threshold value 6; that is set to 0.7. Thus, a new label is only trans-
ferred to the training dataset if the maximum probability that the image belongs to the
corresponding rating class is greater than 70%. After each training cycle, the ROC
curve is determined and the area under the curve is calculated. Therefore, the constant
¢ is varied between 0.1 and 10 and the increase is done in steps of 0.1. Figure 115
shows the average AUC values and the standard deviations over 30 runs after com-
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pleting the SSL processes. The x-axis represents the number of initially labelled train-
ing images and the y-axis the resulting values for the area under the curve.

2-class PC: resulting AUC values after termination of the SSL process:
The curves show the average values and the standard deviations over 30 runs.
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Selection criteria: maximum assignment probability > s = 0.7
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Figure 115: SSL, 2-class PC: results for the distortion dataset
6;=0.7

If the size of the initial training set is set to 10% of all of all training images from each
rating class, an average AUC value of 0.82 is already reached. If at least 25% of the
manually labelled images are available, average AUC values greater than the desired
value will be determined. In general, the higher the AUC value, the better the classifica-
tion capability of the classifier. Consequently, it is possible to develop a 2-class PC with
a small number of manually labelled images, which might be better suited to evaluate
the HUD image quality than the “ideal” classifier. Thus, it is possible to reduce the
manual label effort.

K-nearest neighbour classification:

The semi-supervised learning behaviour of the nearest neighbour classifier for k =1 in
the 3-dimensional component space is investigated. The “ideal” classifier trained with
all available manually labelled training samples achieves the RMSE value of 1.37, the
accuracy of 57.22%, the FPR of 6.21% and the TPR of 32.56%.

The NN classifier assigns an unlabelled image to the same class as the nearest refer-
ence pattern belongs. During the SSL process, an autonomously labelled image is
transferred into the training dataset if the distance to the nearest reference pattern is
less than a predetermined threshold distance 6. To start the investigation, the threshold
distance must be fixed. Here, a separate threshold distance is determined for each
rating class. This results in 5 threshold distances, one for each class. To determine
reasonable values for 6, the distances between the test images and the nearest refer-
ence patterns are analysed. For this purpose, all manually labelled training images are
used as reference patterns. At the beginning, it is checked to which rating class the test
image belongs. Then the distance between the test image and the corresponding
nearest reference image is determined. This is done for all test images. Finally, the
minimal, mean, and maximal assignment distances are calculated for each rating class.
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The calculated distances are summarised in Table 33. During the semi-supervised
learning process, these distances are used to check if images can be transferred into
the training set. Here, the class to which the unlabelled training image belongs is first
determined. Thereafter, the class-specific threshold is selected and it is checked
whether the distance between the image and the nearest reference pattern is smaller
than the threshold. If this is the case, the autonomously generated label is transferred
into the training dataset.

Subjective rating class 1 2 3 4 5
6= minimal distance [HUD pixel] | 0.083 | 0.075 | 0.207 | 0.113 | 0.038
6= mean distance [HUD pixel] | 0.371 | 0.339 | 0.377 | 0.362 | 0.306
6= maximal distance [HUD pixel] | 0.692 | 0.805 | 0.703 | 0.554 | 0.599
Table 33: kNN for the distortion dataset: used threshold distances

The obtained classification results after the termination of the SSL process are summa-
rised in the appendix A.9, see Figure 169 and Figure 170. The smaller the threshold
distances are chosen the more training images are autonomously labelled by the SSL
process. By using training sets sizes larger than 30%, classification accuracies and
TPR values exceeding the “ideal” values can be achieved. Using the mean or the min-
imal threshold distances, average TPR values are obtained which are higher than the
“ideal” value, regardless of the size of the initially labelled training dataset. The average
FPR values will be more similar to the “ideal” value as more training images are manu-
ally labelled. Thus, with a few exceptions, the FPR values are higher than the desired
value.

The learning behaviour of the classifier is examined in more detail for a training set size
of 45% and mean threshold distances. The learning curves are shown in the appendix
A.10 see Figure 171. The SSL process terminates after 11 training cycles, while the
number of training images is increased from 454 to 729. During the SSL process, the
average RMSE values are similar to the “ideal” value and decrease slightly in the last
learning cycle. After each training cycle, the average recognition accuracies show an
increase of 3.12%. Likewise, an average increase of 5.31% is obtained for the TPR
values. The accuracy values and the TPR values are higher than the corresponding
“ideal” value after each training cycle. The average FPR values increase slightly at the
beginning but decrease at the end. The “ideal” value is unfortunately not reached.

A possible labelling of the test images is investigated more closely for a single run. The
labels of the test images after the termination of the SSL process are shown in Figure
116. Images that are manually labelled with 1 or 2 rating points are mainly assigned to
rating classes 1 or 2. This results in the FPR value of 6.21% that corresponds to the
“ideal” value. In contrast, images that are manually labelled with 3, 4 or 5 rating points
are mainly assigned to rating class 2. Nevertheless, a TPR value of 50.70% is
achieved. Overall, the classifier achieves an accuracy of 68.08%. In summary, the SSL
process can select training images that contain sufficient information to generalise to
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unknown data. The absence of poorly labelled training images leads to better classifi-
cation results.

kNN, results after termination of the SSL process: &= mean distances, initial training set size: 45%

Manually 1 Manually 2 Manually 3 Manually 4 Manually 5
5094 — 464 — 369 429 — 204 — —
25+ 22+ 18+ 214 10+ -

11,

O T O T G T O T O
12345 12345 12345 12345 12345

Manually UAC Manually AC Class allocation:
136 110+ RMSE: 1.26
Wrongly classified: 222 images
68- 554 Correctly classified: 138 images

Assessment of the image quality
0 0 Wrongly classified: 115 images
UAC AC UAC AC Correctly classified: 245 images
Accuracy: 68.08%, FPR: 6.21%, TPR: 50.70%

Figure 116: SSL, kNN for the distortion dataset: possible labelling
of the test images

Finally, the SSL rule is applied to a 2-class NN in the 7-dimensional component space.
The number of nearest prototype vectors k is set to 30. If all manually labelled training
images are used for training, an AUC value of 0.88 can be determined for the area un-
der the corresponding ROC curve. During the SSL process, an autonomously labelled
image is transferred into the training dataset if the distance to the nearest reference
pattern is less than the mean distance 6. After each training cycle, the ROC curve is
determined and the area under the curve is calculated. For this, the number of images
m required to classify the test image as AC is varied between 1 and k. After completing
the SSL processes, the average AUC values and the standard deviations over 30 runs
are summarised in Figure 117.

2-class kNN: resulting AUC values after termination of the SSL process:
The curves show the average values and the standard deviations over 30 runs.
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Figure 117: SSL, 2-class kNN: results for the distortion dataset
0= mean threshold distance
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The x-axis represents the number of initially labelled training images and the y-axis the
resulting values for the area under the curve. The AUC values increase with the num-
ber of manually labelled images in the training set. The AUC values average over 30
runs become very similar to the “ideal” value for large initial training set sizes. However,
the value of 0.88 is not exceeded. The largest AUC value of 0.86 is achieved on aver-
age for initial training set sizes of 40%. In summary, reducing the manual labelling ef-
fort leads to a reduction in the AUC values.

Learning vector quantisation:

The semi-supervised algorithm is applied to the learning vector quantisation. Here, 165
prototypes are used to approximate the underlying distribution of labelled training im-
ages. The prototypes are determined by the learning rule LVQ1. It is important to en-
sure that the same prototype initialisation is used for all investigations. If all manually
labelled images are available, the RMSE value of 1.10, the accuracy of 88.06%, the
FPR of 29.86% and the TPR of 100.00% are obtained.

The SSL process transfers an autonomously labelled image into the training dataset
when the distance to the next prototype is less than a threshold distance 6. The deter-
mination of the threshold distances is based on the same principle as for the kNN clas-
sifier described in the previous text. For each of the 5 rating classes, a separate
threshold value is determined from the available test images. The resulting minimal,
mean, and maximal threshold distances are summarised in Table 34.

Subjective rating class 1 2 & 4 5
¢ = minimal distance [HUD pixel] | 0.735 | 1.069 | 0.499 | 0.399 | 0.244
6= mean distance [HUD pixel] | 1.591 | 1.890 | 1.455 | 1.393 | 1.188
6= maximal distance [HUD pixel] | 2.644 | 3.023 | 2.864 | 2.439 | 2.931
Table 34: LVQ for the distortion dataset: used threshold distances

The classification results after completing the SSL processes are shown in Figure 172
and Figure 173 in the appendix A.11. Large initial training set sizes lead to an increase
in the average recognition accuracy. The “ideal” accuracy is not achieved for all used
threshold distances and initial training set sizes. In contrast, the average RMSE values
decrease by increasing the initial training set size. If the size of the initial training set
covers more than 25% of all images from each class, the average RMSE values fall
below the “ideal” value. For all investigated initial training set sizes and all threshold
distances, the average TPR values vary between 99.35% and 99.86%. The average
FPR values decrease with the number of initially labelled training images. The “ideal”
rate of 29.86% is unfortunately not reached.

The learning behaviour for an initial training set size of 55% and a mean threshold dis-
tance is investigated more closely. The resulting learning curves are shown in the ap-
pendix A.712 see Figure 174. In 11 training cycles, the number of labelled training sam-
ples increases from 554 to 854. During the SSL process, the average RMSE values
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and the recognition accuracies change only slightly. There seems to be no relationship
between the number of training images and the resulting prototype vectors. For each
training cycle, the average RMSE values and the average accuracy values are below
the corresponding “ideal” value. The average FPR values increase after each training
cycle. Overall, an increase of 0.35% can be observed. Likewise, the average TPR val-
ues show an increase of 0.5% with an increasing number of labelled training images.
Despite the low learning success, classification results are obtained which are very
similar to the “ideal” results.

The resulting class allocation of the test images is examined for a single run, as shown
in Figure 118. With the chosen initially labelled training images, it is possible to obtain
the RMSE of 1.06, the accuracy of 88.33, the FPR of 28.47%, and the TPR of 99.54%.
These values roughly correspond to the “ideal” values achieved by supervised learning.
The investigation shows that images, which are manually labelled with 1 rating point,
are mainly assigned to the corresponding rating class. Likewise, images that are man-
ually labelled with 3, 4 or 5 rating points are also mainly assigned to the corresponding
class. Only images, which are manually assigned to rating class 2, are sorted into all 5
rating classes by the classifier. This explains the high FPR value of the algorithm. The
investigation shows that despite strictly chosen threshold distances, the LVQ algorithm
is not able to extract sufficient information from the labelled training images to obtain
better classification results than the SL process.

LVQ, results after termination of the SSL process: 8= mean distances, initial training set size: 55%
Manually 1 Manually 2 Manually 3 Manually 4 Manually 5
48+ 264 — 50+ 58+ — 40+ —

24 1314 | | ] 25+ 29+ 20+
O T T T T O T O T T T O T T _‘ O T T T
12345 12345 12345 12345 12345
Manually UAC Manually AC Class allocation:
104 216 RMSE: 1.06
Wrongly classified: 140 images
524 108 Correctly classified: 220 images
“ Assessment of the image quality
0 0 Wrongly classified: 42 images
UAC AC UAC AC Correctly classified: 318 images
Accuracy: 88.33%, FPR: 28.47%, TPR: 99.54%

Figure 118: SSL, LVQ for the distortion dataset: possible labelling
of the test images

Finally, the semi-supervised learning behaviour of the 2-class LVQ is mentioned. Here,
165 prototype vectors are trained and the number of nearest prototype vectors k is set
to 30. If all manually labelled training images are used for training, an area under the
ROC curve of 0.86 can be determined. During the SSL process, an autonomously la-
belled image is transferred into the training dataset if the distance to the nearest proto-
type vector is less than the mean threshold distance 6. After each training cycle, the
AUC value is determined by varying m, the number of images that are required to clas-
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sify a test image as AC. The average AUC values and the standard deviations over 30
runs after completing the SSL processes are shown in Figure 119.

2-class LVQ: resulting AUC values after termination of the SSL process:
The curves show the average values and the standard deviations over 30 runs.
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Figure 119: SSL, 2-class LVQ: results for the distortion dataset
6= mean threshold distance

If the size of the initial training set is set to 10% of all of all training images from each
rating class, an average AUC value over 0.82 is already reached. If more than 35% of
the manually labelled images are used for the initial training, average AUC values
greater than the reference value are determined. In general, the classification ability is
better the higher the AUC value. Consequently, with a small number of manually la-
belled images, it is possible to develop a 2-class LVQ, which might be better suited to
assess the HUD image quality than the “ideal” classifier. Thus, it is possible to reduce
the manual label effort.

Summary of the obtained results:

For the distortion dataset, it is found that unlabelled data, when used in conjunction
with a small amount of labelled data, can produce an improvement in the classification
quality. The polynomial classifier yields good classification results depending on the
threshold and the selection of manually labelled data. Similarly, the 2-class PC
achieves higher AUC values with a small amount of manually labelled training images.
After terminating the SSL process, the kNN classifier obtains classification accuracies
and TPR values that exceed the “ideal” values. The reason could be that the SSL pro-
cess attempts to avoid the use of poorly labelled training samples and selects those
samples that advantageously improve the recognition behaviour. Unfortunately, for the
2-class kNN classifier, a decrease in the AUC values must be considered when reduc-
ing the manual labelling effort. The LVQ algorithm is scarcely able to extract sufficient
information from the manually labelled training images to transfer it to unknown data.
Only when the SSL rule is applied to a 2-class LVQ, the AUC value can be increased
by reducing the manually labelling effort.




Development of an assessment algorithm
142

7.5.2 SSL: assessment algorithms for the double image dataset

During the SSL process, the classifiers are trained with a manually labelled training set
of variable size, comprising a few percent of the available training data, as shown in
Table 35. The selection of the labelled images happens randomly and it is ensured that
at least 1 image is selected from each rating class. The classifier is retrained if 10 im-
ages are autonomously labelled by the SSL algorithm. After each training cycle of the
SSL process, the classifier is applied to the test data. The results are compared with
the corresponding results of an “ideal” classifier trained with all available manually la-
belled training samples.

N
N
w

4 | 5
10% 12 17 3 3 |1 36
15% 18 25 5 4 |1 53
20% 24 33 7 51 1 70
25% 30 41 8 7 11 87
30% 36 50 10 |8 | 1 105
35% 42 58 12 19 | 1 122
40% 48 66 13 |10 1 138
45% 54 74 15 |12 ] 1 156
50% 60 82 17 |13 ] 1 173
55% 65 91 18 |14 | 1 189
60% 71 99 20 |16 | 1 207
65% 77 107 | 21 |17 | 1 223
70% 83 116 | 23 |18 | 1 241
Table 35: SSL for the double image dataset: initial number of labelled training
samples

Polynomial classification:

The SSL procedure is applied to the PC of 3™ order in the 2-principal component space.
The “ideal” classifier reaches the RMSE of 0.85, the accuracy of 90.00%, the FPR of
7.48%, and the TPR of 88.26%.

In the first step, a new label is accepted and added to the training set if the maximum
probability that the image belongs to the rating class is greater than the threshold 6;.
Again, 6, is set to 0.6, 0.7, and 0.8. The classification results after completing the SSL
process are shown in the appendix A.713 see Figure 175 and Figure 176. The more
manually labelled images are initially included in the training dataset, the closer the
classification result approaches the “ideal” value. For small initial training set sizes,
high TPR values are obtained. Unfortunately, the classifiers trained with a small initial
training set size achieve high FPR values and high RMSE values. For a threshold of
0.6 and initial training set sizes of 15% and 20% respectively, good classification accu-
racies can be achieved that exceed the “ideal” value. Likewise, for these constellations,
the TPR values are higher and the FPR values lower than the corresponding “ideal’
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values. Here, the SSL algorithm selects those training images that advantageously
improve the classification quality. Therefore, the learning curves for an initial training
set size of 15% are shown by the way of example in the appendix A. 14 see Figure 181.
During 23 training cycles, the number of labelled training samples increases from 53 to
283. Here, the learning success starts after 20 training cycles. The success is clearly
visible in the last 3 training cycles. Thus, after 20 training cycles, enough information is
available to generalise well to unknown data. Upon completion of the SSL process, the
recognition accuracy and the true positive rate exceed the “ideal” value and the false
positive rate falls below.

The resulting class assignments of the test images for a single run are shown in Figure
120. It can be seen that images, which are manually labelled with 1 rating point, are
faultlessly assigned to the appropriate rating class. Images labelled with 4 or 5 rating
points are assigned to rating classes 3 and 5. These misclassifications are unproblem-
atic since the rating classes 3, 4 and 5 represent an acceptable image quality. Misclas-
sifications that affect image quality estimation are obtained for test images manually
labelled with 2 and 3 rating points. Nevertheless, the misclassifications are so low that
still the accuracy of 98.06%, the FPR of 1.36% and the TPR of 97.65% are achieved.
Thus, the manual label effort can be significantly reduced without a loss of performance.
Here, the SSL process leads to better results. The accuracy and the TPR exceed the
corresponding “ideal” value by 7.65% and 9.39%, respectively. Similarly, the obtained
FPR is 6.12% below the “ideal” value.

PC, results after termination of the SSL process: 67 = 0.6, initial training set size: 15%
Manually 1 Manually 2 Manually 3 Manually 4 Manually 5
96 50 36 50 40
48 25 18 H 25 20
0 T T T T G T T T T T T T T T T T T T T T T
12345 12345 12345 12345 12345
Manually UAC Manually AC Class allocation:
146 208 RMSE: 0.94
Wrongly classified: 189 images
734 104 Correctly classified: 171 images
Assessment of the image quality
0 0 Wrongly classified: 7 images
UAC AC UAC AC Correctly classified: 353 images
Accuracy: 98.06%, FPR: 1.36%, TPR: 97.65%

Figure 120: SSL, PC for the double image dataset: possible labelling
of the test images, 6,

In the second step, an autonomously labelled image is transferred into the training set
if the difference between the largest and the second largest class probability is greater
than the threshold &., which is set to 0.1, 0.2, and 0.3. The classification results after
completing the SSL process are shown in the appendix A.73 see Figure 177 and Fig-
ure 178. If the initial training set size is set to more than 10%, recognition accuracies
similar to those of the “ideal” value are reached. Smaller initial training set sizes do not
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contain enough information to generalise to unknown data. Likewise, the resulting FPR
values are similar to the “ideal” value for training set sizes larger than 10%. A threshold
of 0.2 also achieves TPR values that approach very well to the “ideal” value.

The learning curve for a threshold of 0.2 and an initial training set size of 20% is exem-
plified in the appendix A.714 see Figure 182. After each training cycle, the recognition
accuracies increase and the FPR values decrease until the “ideal” values are exceeded
or undercut. During the SSL process, the TPR values decrease at the beginning and
increase again towards the end. The SSL algorithm tries to avoid the selection of poor-
ly labelled training images. Here, the manual label effort can be considerably reduced
without losing performance and quality, as exemplified for a single run in Figure 121.

PC, results after termination of the SSL process: 62 = 0.2, initial training set size: 20%
Manually 1 Manually 2 Manually 3 Manually 4 Manually 5
96 52 28 54 46
48 26 14 27 23
O T T T T G T T T T T T T T T T T T T T T T
12345 12345 12345 12345 12345
Manually UAC Manually AC Class allocation:
146 206 RMSE: 1.01
Wrongly classified: 236 images
73 103 Correctly classified: 124 images
Assessment of the image quality
0 0 Wrongly classified: 9 images
UAC AC UAC AC Correctly classified: 351 images
Accuracy: 97.50%, FPR: 0.68%, TPR: 96.24%

Figure 121: SSL, PC for the double image dataset: possible labelling
of the test images, &

With 70 random selected manually labelled training images, it is possible to achieve the
accuracy of 97.50%, the FPR of 0.68%, and the TPR of 96.24%, after completing the
SSL process. These results are even better than the results obtained for all manually
labelled training images. The accuracy and the TPR value are 7.50% and 7.98% higher
and the FPR value is 6.80% lower than the corresponding “ideal” values. Test images
that are manually labelled with 1 or 2 rating points are mainly assigned to rating class 2.
Likewise, test images that are manually labelled with 4 or 5 rating points are mainly
assigned to rating classes 3 and 5. The TPR value of 96.24% indicates that 3.76% of
the images, which are manually labelled with 3 or 4 rating points, are wrongly assigned
to rating class 2. The classifier is able to detect 99.32% of all images that are of unac-
ceptable quality. Thus, only 0.68% of the vehicles with non-custom HUDs would be
wrongly sent to the customers.

In the final step of the investigation, the 2 threshold conditions are combined. An au-
tonomously labelled image is transferred into the training dataset if both conditions are
fulfilled at the same time. The obtained results on the test set are shown in the appen-
dix A.13 see Figure 179 and Figure 180. For initial training set sizes greater than 10%,
classification results are obtained that are very similar to the “ideal” values. Threshold
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parameters of 6, =0.8 and &= 0.3 and initial training set sizes greater than 20% give
TPR values that exceed the desired “ideal” value. Likewise, if the initial training set size
is set to 15% or 20%, and threshold parameters of 6;=0.6 and 6= 0.1 are applied,
accuracies exceeding the “ideal” value are obtained. The learning curves for an initial
training set size of 20% and threshold parameters of 8, = 0.8 and 6. = 0.3 are shown in
the appendix A.74 see Figure 183. The learning success occurs in the last training cy-
cles. After the SSL process terminates the recognition accuracy and the TPR exceed
the “ideal” value and the FPR falls below it. By combining the 2 threshold conditions,
good classification results can be achieved, which are very similar to the “ideal” values
or even better. Thus, the manual label costs can be reduced.

In the end, the allocation task is again limited to the 2 possibilities acceptable or unac-
ceptable. The investigation is performed with a 2-class PC of 2" order in the 2-principal
component space. If all manually labelled training images are available, the determined
ROC curve covers the area of 0.998. The learning behaviour of this 2-class classifier is
investigated for various initially labelled training set sizes. An autonomously labelled
training image is transferred into the training set if the class assignment probability is
larger than 80% (6; = 0.8). Here, the constant ¢ is varied between 0.1 and 10, and the
increase is done in steps of 0.1. The resulting AUC values after completing the SSL
process are shown in Figure 122 for 30 different runs.

2-class PC: resulting AUC values after termination of the SSL process:
The curves show the average values and the standard deviations over 30 runs.
AUC Selection criteria: maximum assignment probability > 6; = 0.8
0.9985+
o] ‘
o
0.9975+ % %
0.9970
0.9965-
10% 20% 30% 40% 50% 60% 70%
Number of initially labelled images in the training dataset

Figure 122: SSL, 2-class PC: results for the double image dataset
6;=0.8

The investigation shows that AUC values greater than 0.996 are obtained for all initial
training set sizes. Thus, the obtained values are very similar to the “ideal” value, but
this value is not exceeded on average. Only for individual runs, the 0.998 value is ex-
ceeded. Overall, this investigation shows that the manual label effort for training the 2-
class PC can be drastically reduced without a significant loss of classification accuracy.
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K-nearest neighbour classification:

The SSL procedure is applied to the NN classifier for k = 3 in the 7-dimensional com-
ponent space. If all manually labelled training images are available, the RMSE of 0.65,
the accuracy of 95.28%, the FPR of 0.68% and the TPR of 92.49% are obtained.

The implementation of the SSL algorithm corresponds to the procedure described in
chapter 7.5.1. First, the threshold distances for each rating class are determined from
the test images. Since this classifier considers 3 nearest neighbours, the threshold dis-
tances are determined from the distances between the unlabelled image and the near-
est training images of the majority of the 3 nearest neighbours. The used threshold
distances are summarised in Table 36.

Subjective rating class 1 2 3 4 5
6= minimal distance [HUD pixel] | 0.842 | 0.973 | 0.164 | 0.303 | 0.338
¢ = mean distance [HUD pixel] | 1.407 | 1.780 | 1.490 | 1.330 | 0.636
6 = maximal distance [HUD pixel] | 2.168 | 2.599 | 3.042 | 2.736 | 2.576

Table 36: kNN for the double image dataset: used threshold distances

During the SSL process, an autonomously labelled training image is transferred into
the training set if the distance between the images and the corresponding reference
image is less than the threshold distance. The results obtained for different initial train-
ing set sizes are shown in the appendix A.715 see Figure 184 and Figure 185. On the
double image dataset, good classification results can be achieved after the SSL pro-
cess is completed. For initial training set sizes greater than 25%, hardly any difference
is noticeable between the classification results and the different threshold distances.
The recognition accuracy and the TPR values increase with the number of labelled
images in the initial training set. The “ideal” accuracy and the “ideal” TPR are not
achieved. The same applies to the average RMSE values, which decrease with the
number of manually labelled training images. Likewise, the “ideal” RMSE value is not
achieved. The average FPR values are in the lower percentage range and are very
similar to the “ideal” value. A particularity is observable for initial training set sizes
greater than 20% and the minimum threshold distances. Here, FPR values are ob-
tained that correspond to the “ideal” value for each of the 30 runs.

With an initial training set size of 35% and a maximal threshold distances, it is shown
exemplarily that a learning success can hardly be determined during the SSL process.
The corresponding learning curves are shown in the appendix A.76 see Figure 186.
The process terminates automatically after 20 cycles. During the SSL process, the av-
erage values barely change. Despite well-chosen threshold distances, the “ideal” val-
ues are not reached. The reason could be that feature vectors that are incorrectly la-
belled are transferred into the training set. Thus, the success rate of the classifier can-
not improve.

A possible labelling of the test images for a single run after the SSL process completed
is shown in Figure 123. Not a single test image is assigned to rating class 5. Images
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that are manually labelled with 5 rating points are completely assigned to rating class 4.
Likewise, test images that are manually labelled with 1 rating point are assigned to rat-
ing classes 1 and 2. However, these false classifications are uncritical. The obtained
false positive rate of 0.68% corresponds to the “ideal” value. It results from the fact that
some test images labelled manually with 2 rating points are assigned to rating classes
3 and 4. In contrast, some test images, which belong subjectively to rating class 3 and
4, are assigned to rating class 2. This fact reduces the true positive rate to 91.08%.
The obtained accuracy of the assigned labels is 91.94%.

kNN, results after termination of the SSL process: 8= maximal distances, initial training set size: 35%
Manually 1 Manually 2 Manually 3 Manually 4 Manually 5
80+ 34+ 30+ — 68+ 58+ —
40+ 17 159 — [ 34 29+
O T T T T O T T T O O T T T 0 T T
12345 12345 12345 12345 12345
Manually UAC Manually AC Class allocation:
138 194+ RMSE: 0.70
Wrongly classified: 150 images
69- 97- Correctly classified: 210 images
Assessment of the image quality
0 0 Wrongly classified: 29 images
UAC AC UAC AC Correctly classified: 331 images
Accuracy: 91.94%, FPR: 0.68%, TPR: 91.08%

Figure 123: SSL, kNN for the double image dataset: possible labelling
of the test images

Finally, the learning behaviour of the 2-class NN in the 7-dimensional component
space is investigated. An AUC value of 0.96 can be determined if all manually labelled
training images are used for training and the number of nearest prototype vectors k is
set to 30. The learning behaviour of the classifier is investigated for different sized ini-
tially labelled training dataset. As already announced, an autonomously labelled image
is transferred into the training dataset if the distance to the nearest reference pattern is
smaller than a predetermined threshold distance 6, which is set to the maximal thresh-
old distances. To determine the ROC curve the number of images m required to classi-
fy a test image as AC is varied between 1 and k. Figure 124 shows the average AUC
value and the standard deviations over 30 runs after the SSL process has ended. The
x-axis shows the number of initially labelled training images and the y-axis the resulting
AUC values. The more manually labelled training images are available, the greater the
resulting AUC value. Unfortunately, the “ideal” value is not reached. The manual label-
ling effort can only be reduced if a slight decrease in the AUC values can be accepted.
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2-class kNN: resulting AUC values after termination of the SSL process:
The curves show the average values and the standard deviations over 30 runs.

AUC Selection criteria: assignment distance < 6, § =maximal threshold distance
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Figure 124: SSL, 2-class kNN: results for the double image dataset
6= maximal threshold distance

Learning vector quantisation:

The SSL procedure is applied to the LVQ that uses 69 prototypes, which are trained by
learning rule LVQ2.1, to approximate the underlying distribution of labelled training im-
ages. For all subsequent investigations, the same primarily initialisation of the proto-
types is used, which reaches for all manually labelled training images the RMSE of
1.16, the accuracy of 83.06%, the FPR of 33.33% and the TPR of 94.37%.

Since the LVQ assigns an unlabelled image to the same class as the nearest prototype,
the implementation of the SSL algorithm follows the known scheme. The threshold dis-
tances used, which are determined from test images, are shown in Table 37.

Subjective rating class 1 2 3 4 5
6 = minimal distance [HUD pixel] | 0.160 | 0.564 | 0.397 | 0.147 | 0.000
6= mean distance [HUD pixel] | 0.370 | 0.869 | 0.837 | 0.521 | 0.172
6 = maximal distance [HUD pixel] | 0.851 | 1.276 | 1.179 | 1.061 | 0.963

Table 37: LVQ for the double image dataset: used threshold distances

The shown distances are successively used as thresholds during the SSL process. The
classification results on the test images are shown in the appendix A.717 see Figure 187
and Figure 188. Upon completion of the SSL process, the resulting recognition accura-
cies are similar to the “ideal” value. For occasional runs, the value of 83.06% is even
exceeded. In addition, no direct relationship can be determined between the number of
initially labelled training images and the classification accuracy. Likewise, the average
RMSE values are very similar to the “ideal”’ value, which is sometimes undercut. In con-
trast, the average TPR values, which vary between 94.60% and 97.42%, are higher
than the “ideal” value. At the same time, the classifiers achieve FPR values higher than
33.33%.

The learning behaviour of the classifier is analysed exemplarily more precisely for an
initial training set size of 25%. Here, a newly labelled training image is only accepted if
the allocation distance is less than the minimum threshold distance, as shown in Figure
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189 in the appendix A.78. During the SSL process, the number of labelled training im-
ages is increased from 87 to 167. The average TPR values and average FPR values
barely change in the 8 training cycles. In contrast, the average RMSE values decrease
by increasing the number of labelled training images. The average accuracy values
show that the maximum gain achieved is 0.26%. For 7 of the 30 runs, the accuracy
obtained after completing the SSL process exceeds the “ideal” value.

The investigation is completed by a detailed analysis of 1 of the 7 runs for which the
“ideal” accuracy is exceeded. A possible labelling of the test images is shown in Figure
125. The high FPR is due to the positive labelling of many test images that represent
an unacceptable quality. Here, test images that are manually labelled with 1 or 2 rating
points are assigned mainly to rating class 4. In contrast, test images manually labelled
with 3, 4 or 5 rating points are primarily assigned to the rating classes representing an
acceptable quality. Overall, the recognition accuracy and the TPR are 1.94% and
4.22% higher than the corresponding “ideal” values. Therefore, the SSL algorithm tries
to select labelled training images that beneficially affect the classification performance.
Here, the manual label effort can be significantly reduced without a loss of classification
accuracy.

LVQ, results after termination of the SSL process: 8= minimal distances, initial training set size: 25%

Manually 1 Manually 2 Manually 3 Manually 4 Manually 5
76+4— 30+ — 34+ — 46+ 40+ —
38+ 154 174 — | 23 204 ]

O L O LI O T O LI O LI
12345 12345 12345 12345 12345

Manually UAC Manually AC Class allocation:
96 210 RMSE: 1.15

Wrongly classified: 179 images
48- 105 Correctly classified: 181 images

Assessment of the image quality

0 0 Wrongly classified: 54 images
UAC AC UAC AC Correctly classified: 306 images
Accuracy: 85.00%, FPR: 34.69%, TPR: 98.59%

Figure 125: SSL, LVQ for the double image dataset: possible labelling
of the test images

Finally, the SSL learning behaviour of a 2-class LVQ is investigated. The 2-class classi-
fier uses 69 prototype vectors, which are determined from the manually and autono-
mously labelled training images. The minimal threshold distances 6 are used to check
whether the autonomously labelled image can be used for training. After each training
cycle, the AUC value is determined by varying the number of images m needed to
classify a test image as AC. After the SSL processes have finished, the average AUC
values and the standard deviations over 30 runs are shown in Figure 126. If all manual-
ly labelled training images are used for training, an area under the ROC curve of 0.99
can be determined. The investigation reveals that AUC values greater than 0.70 are
obtained for all training set sizes. Thus, the values obtained are well below the “ideal”
value. If the manual labelling effort is reduced, the classification quality decreases.
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2-class LVQ: resulting AUC values after termination of the SSL process:
The curves show the average values and the standard deviations over 30 runs.

AUC Selection criteria: assignment distance < 8, 8 =minimal threshold distance
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Figure 126: SSL, 2-class LVQ: results for the double image dataset
6= minimal threshold distance

Summary of the obtained results:

The experimental evaluation shows that for a small number of manually labelled train-
ing images some classifiers are able to increase autonomously the recognition perfor-
mance to a level that exceeds the “ideal”’ performance. Using the LVQ classifier, the
manual label effort can be reduced significantly, without any loss of classification quali-
ty. Depending on the threshold and the initial training set size, the PC yields a very high
accuracy of more than 98%. During the semi-supervised learning process, the algo-
rithms select those samples that improve the classification performance in an advanta-
geous manner. Unfortunately, the NN classifier shows hardly any learning success
during the SSL process. Nevertheless, this classifier type still obtains good classifica-
tion results after the SSL process is finished. If the allocation task is restricted to ac-
ceptable or unacceptable, the 2-class classifiers are able to obtain AUC values that are
below the “ideal” value. Here, the manual labelling effort can only be reduced if a de-
crease in the AUC values can be accepted.

7.5.3 SSL: assessment algorithms for the distortion and double image
dataset

During the SSL process, the classifiers are trained with a manually labelled training set
of variable size. This training set contains at least 1 training image from each rating
class, as shown in Table 38. A new training cycle is initiated if 9 images are autono-
mously labelled by the SSL algorithm and inserted into the training dataset. After each
training cycle, the classification results on the test set are compared with the results of
an “ideal” classifier trained with all available manually labelled training samples.
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BN
N
w

4 | 5
10% 1113 114 | 4 1 33
15% 1120 | 20 | &5 |1 47
20% 1126 | 27 | 7 1 62
25% 2 133 /34| 8 1 78
30% 2 40 | 40 10 | 1 93
35% 2 46 | 47 | 11 | 1 107
40% 2 53 5 | 13 1 123
45% 35 60 14 | 1 137
50% 3 66 67 16 | 1 153
55% 3,73 |74 |18 | 1 169
60% 4 79 180 | 19 | 1 183
65% 4 86 |87 | 21 | 1 199
70% 4 92 | 94 | 22 | 1 213

Table 38: SSL for the distortion and double image dataset: initial number of
labelled training samples

Polynomial classification:

The SSL algorithm is applied to a PC of 1%t order in the 20-dimensional component
space. If all manually labelled training images are available, the RMSE of 0.67, the
accuracy of 71.48%, the FPR of 31.88%, and the TPR of 74.25% are obtained.
Subsequently, the autonomously labelled images have to fulfil different conditions to be
transmitted to the training dataset. First, the maximum probability that the image be-
longs to the rating class must be greater than a threshold #;, which is set to 0.6, 0.7,
and 0.8. Afterwards, the difference between the largest and the second largest class
probability must be greater than the threshold &, which is set to 0.1, 0.2, and 0.3. Fi-
nally, both conditions are combined so that both conditions must be met simultaneously.
The classification results obtained after the completion of the SSL process are summa-
rised in the appendix A.719 see Figure 190 to Figure 195. Reducing the number of
manually labelled training images also reduces the recognition accuracies after the
termination of the SSL process. The “ideal” accuracy of 71.48% is not achieved when
fewer manually labelled images are used. Similarly, the TPR depends on the number of
manually labelled training images. With a few exceptions, fewer manually labelled im-
ages lead to decreasing values. If the initially labelled training set size is set to 55%
and the threshold 6; is set to 0.6 or & is set to 0.1, an average TPR exceeding the
“ideal” value is reached. The same applies to an initial training set size of 25% in com-
bination with 62=0.2 or 8, =0.6 and 6. = 0.1. The RMSE and the FPR values decrease
by increasing the number of initially labelled training images. The average RMSE val-
ues fall not below the “ideal” value. In contrast, the “ideal” FPR value is on average
undercut by certain combinations of initially manually labelled training set sizes and
threshold values. This is the case for an initial training set size of 45% in combination
with a threshold value 6;=0.7 or 6;=0.7 and 6, = 0.2, and an initial training set size of




Development of an assessment algorithm
152

55% in combination with a threshold value ;= 0.8 or ¢, =0.8 and .= 0.3. To summa-
rise, if the manual labelling effort is reduced, a loss of accuracy must be accepted.
Less manually labelled images do not contain enough information to generalise to un-
known data.

The learning behaviour of the PC is exemplarily investigated for an initial training set
size of 35%, 15%, and 30% in combination with threshold values 6; =0.7, 6= 0.3, and
6:=0.8 and 6, =0.3. The learning curves are shown in the appendix A.20 see Figure
196 to Figure 198. During the semi-supervised learning process, the recognition
accuracies, as well as the TPR values, may decrease if too many false-labelled images
are added to the training dataset. Similarly, the RMSE values and the FPR values may
increase, indicating that the 1% order classifier is not complex enough to extract suffi-
cient information to generalise to unknown data. The learning success is achieved only
at the end of the SSL process for an initial training set size of 30% and a threshold
combination of #;=0.8 and 6>=0.3. The same applies to an initial training set size of
35% and a threshold value &, = 0.7. The experimental evaluation shows that reducing
the manual label effort results in a reduction in the recognition accuracy. Dependent on
the selected threshold, it is either possible to get either a high TPR or a low FPR.

A possible labelling of the test images is exemplified for a single run and an initial train-
ing set size of 35% and a threshold value 8, = 0.7, as shown in Figure 127.

PC, results after termination of the SSL process: 6; = 0.7, initial training set size: 35%
Manually 1 Manually 2 Manually 3 Manually 4 Manually 5
44 789 — 98+ 20+ 14 —

21 | 394 | |} 49- 10- 1
O T O T O T T T O T T —l O T T
12345 12345 12345 12345 12345
Manually UAC Manually AC Class allocation:
82+ 130+ RMSE: 0.71
Wrongly classified: 125 images
41 65- Correctly classified: 180 images
Assessment of the image quality
0 0 Wrongly classified: 95 images
UAC AC UAC AC Correctly classified: 210 images
Accuracy: 68.85%, FPR: 41.38%, TPR: 77.25%

Figure 127: SSL, PC for the distortion and double image dataset: possible
labelling of the test images, 6,

The learning process ends after 12 training cycles in which the number of training
samples is increased from 107 to 215. Images that are manually labelled with 3 or 4
rating points are assigned to the associated class, but also to rating class 2. The classi-
fier obtains a TPR of 77.25%, which is 3% higher than the “ideal” value. Therefore, the
classifier trained by the SSL procedure would incur fewer costs, since fewer vehicles
would be mistakenly sent to rework. In contrast, the accuracy of 68.85%, the FPR of
41.38%, and the RMSE value of 0.71 do not achieve the corresponding “ideal” values.



Development of an assessment algorithm
153

The reason is that images that are manually labelled with 1 or 2 rating points are as-
signed to rating classes 2 and 3 by the classifier.

Finally, the learning behaviour of the 2" order 2-class classifier in the 2 principal com-
ponent space is investigated exemplarily. Here, the 5 class problem is reduced to a
2-class problem where only the assessment of the image quality as acceptable or un-
acceptable is considered. If all manually labelled images are available, it is possible to
obtain the ROC curve that corresponds to an AUC value of 0.68. The resulting AUC
values after the completion of the SSL process, which uses a threshold of 6, = 0.7 and
various manually labelled training set sizes, are shown in Figure 128.

2-class PC: resulting AUC values after termination of the SSL process:
The curves show the average values and the standard deviations over 30 runs.
AUC Selection criteria: maximum assignment probability > 6, =0.7
0601 % %} % % ? $ $ $ % ¢
0.50 %
0.40+
0.30+
0.20
0.10-
10% 20% 30% 40% 50% 60% 70%
Number of initially labelled images in the training dataset

Figure 128: SSL, 2-class PC: results for the distortion and double image
dataset, 6, =0.7

If the size of the initial training set is set to 10%, an average AUC value of 0.22 is ob-
tained. This low value indicates that the test images are mainly wrongly classified. Per-
haps the classifier approximates random noise rather than the correlation between the
feature vectors and the manual labels. The AUC values increase with the number of
manually labelled images in the training set. For an initial training set size of 15%, an
average AUC value of 0.53 is already obtained. This value refers to a random process
where the FPR is equal to the TPR. The AUC values average over 30 runs become
very similar to the “ideal” value for initial training set sizes greater than 35%. However,
the value of 0.68 is not exceeded. The largest AUC value of 0.66 is achieved on aver-
age for initial training set sizes of 40%. The increase in the classification performance
during the SSL process is rather low.

K-nearest neighbour classification:

The SSL approach is applied to the NN classier. In the 13-dimensional component
space, the unlabelled feature vector is assigned to the same class as the nearest la-
belled training image belongs. If all manually labelled training images are used for train-
ing, the RMSE of 0.43, the accuracy of 91.48%, the FPR of 11.59%, and the TPR of
94.01% are obtained. The used threshold distances for accepting or rejecting the au-
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tonomously generated class label are summarised in Table 39. The determination of
the thresholds is based on the same principle as described in the previous text.

Subjective rating class 1 2 3 4 5
6= minimal distance [HUD pixel] | 0.565 | 0.264 | 0.189 | 0.394 | 0.716
6= mean distance [HUD pixel] | 1.144 | 0.756 | 0.821 | 0.817 | 1.096
0= maximal distance [HUD pixel] | 1.463 | 1.952 | 2.153 | 1.708 | 1.331

Table 39: kNN for the distortion and double image dataset: used threshold
distances

The corresponding classification results after completion of the SSL processes are
shown in the appendix A.27 see Figure 199 and Figure 200. The proposed semi-
supervised learning approach yields accuracies and TPR values that increase with the
number of manually labelled training images. In contrast, the obtained RMSE values
and the FPR values decrease on average by increasing the size of the initially labelled
training set. Unfortunately, the “ideal” values are not reached.

The learning behaviour of the semi-supervised learning scheme is exemplified in the
appendix A.22 for an initial training set size of 35% and a mean threshold distances,
shown in Figure 201. During the SSL process, the size of the training set increases
from 107 to 179 labelled images. It can be seen that the recognition accuracy hardly
changes in the first 7 training cycle until the accuracy in the last cycle increases slightly.
The gain in accuracy is low and is only 0.82%. Likewise, the TPR increases by 4.65%
in the last training cycle. In contrast, the FPR increases slightly in each training cycle,
indicating to wrongly labelled training images. A possible labelling of the test images is
shown for a single run in Figure 129.

kNN, results after termination of the SSL process: €= mean distances, initial training set size: 35%
Manually 1 Manually 2 Manually 3 Manually 4 Manually 5
4 88 104 16 1
2 44 52 8
G T T T T T T T T 0 C T T T T O T T T T
12345 12345 12345 12345 12345
Manually UAC Manually AC Class allocation:
98 144+ RMSE: 0.66
Wrongly classified: 93 images
49 724 Correctly classified: 212 images
Assessment of the image quality
0 0 Wrongly classified: 64 images
UAC AC UAC AC Correctly classified: 241 images
Accuracy: 79.02%, FPR: 28.99%, TPR: 85.63%

Figure 129: SSL, kNN for the distortion and double image dataset: possible
labelling of the test images
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The proposed SSL approach yields an RMSE that is 0.23 higher than that of a classifi-
er trained with all manually labelled training images. In addition, the accuracy, the FPR
and the TPR are far from the “ideal” value. A few test images that are manually labelled
with 2 rating points are incorrectly assigned to rating classes 3 and 4, resulting in the
high FPR of 28.99%. In contrast, a few test images manually labelled with 3 or 4 points
are mistakenly assigned to rating class 2. Thus, the TPR drops to 85.63%. Since the
“ideal” values are not exceeded on average, the few manually labelled training images
do not contain enough information to generalise well to unknown data. Choosing the
most appropriate training set is always a compromise between the manual labelling
effort and the classification performance.

Finally, the mapping rule of the NN is reduced to a 2-class problem. The learning be-
haviour is investigated for various initially labelled training dataset sizes in the 13-
dimensional component space. If all manually labelled training images are available,
the classifier achieves an AUC value of 0.86. For this purpose, the number of nearest
prototype vectors k is set to 10. An autonomously labelled image is transferred into the
training dataset if the distance to the nearest reference pattern is less than the mean
assignment distance 6. To determine the ROC curve the number of images m required
to classify a test image as AC is varied between 1 and k. Figure 130 shows the aver-
age AUC values and the standard deviations achieved over 30 runs.

2-class PC: resulting AUC values after termination of the SSL process:
The curves show the average values and the standard deviations over 30 runs.

AUC  Selection criteria: assignment distance < ¢, & =mean threshold distance
#
0.80+ % % % %
¢ 1
0.704 % %
0.60
10% 20% 30% 40% 50% 60% 70%
Number of initially labelled images in the training dataset

Figure 130: SSL, 2-class kNN: results for the distortion and double image
dataset, 8= mean threshold distance

The diagram shows that the classification quality depends on the number of manually
labelled training images. The less manually labelled training images are available, the
lower the resulting AUC value. The manual labelling effort can only be reduced if a de-
crease in the AUC value can be accepted.

Learning vector quantisation:
The learning behaviour of the LVQ is investigated. Exemplary, 103 prototypes deter-
mined by the LVQ1 learning rule are used to approximate the underlying distribution of
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labelled training images. For all investigations, the same prototype initialisation is used.
If all manually labelled training images are available, the RMSE of 0.59, the accuracy of
85.90%, the FPR of 13.77%, and the TPR of 85.63% are obtained.

The determination of the threshold distances for transferring a labelled image into the
training set is based on the same principle as described in the previous text. The
threshold distances used are summarised in Table 40. For rating class 5, no threshold
distances can be determined. Since rating class 5 is not assigned to a test pattern, no
threshold distance can be determined from the non-existing distances between the test
images and the nearest reference pattern.

Subjective rating class 1 2 3 4 5

6= minimal distance [HUD pixel] | 0.982 | 0.324 | 0.401 | 0.562 -
6 = mean distance [HUD pixel] | 1.695 | 1.209 | 1.143 | 1.248 -
6= maximal distance [HUD pixel] | 3.381 | 2.785 | 2.476 | 2.436 ---

Table 40: LVQ for the distortion and double image dataset: used threshold
used threshold distances

The results for various initial training set sizes after the termination of the SSL process
are summarised in the appendix A.23 see Figure 202 and Figure 203. It turns out, that
the classification performance increases with the number of initially labelled training
images. The average recognition accuracies and the average TPR values initially be-
come very similar to the corresponding “ideal” values and then exceed these values by
increasing the number of training images. The larger the threshold distances are cho-
sen, the less manually labelled training images are needed to exceed the “ideal” values.
Similarly, the average FPR values decrease as the number of manually labelled imag-
es increases, but the “ideal” value is not reached on average. Apparently, the SSL al-
gorithm is able to avoid the selection of poorly labelled training images and selects
those images that beneficially affect the classification performance.

The learning behaviour of the classifier is investigated as an example for an initial train-
ing set size of 35% and mean threshold distances. The learning curves are shown in
the appendix A.24 see Figure 204. In 17 training cycles, the number of labelled training
images is increased from 107 to 260. The average RMSE values decrease on average
about 0.06. For 8 of 30 runs the average RMSE values fall below the “ideal” value.
Likewise, the average FPR values decrease on average by 3.48%. In 4 out of 30 runs,
the average FPR values are below 13.77%. In contrast, the average accuracy values
increase with each training cycle where the average gain amounts 3.44%. After com-
pleting the SSL process, the accuracy values exceed 85.90% for each run. For each
training cycle, the average TPR values are higher the “ideal” value and the average
gain amounts 5.33%.

For a single run, the resulting class assignments of the test images are exemplified in
Figure 131. The SSL approach results in a labelling of the test images, which is very
similar to the labelling of the classifier with all manually assigned class labels. The test
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images are assigned mainly to the corresponding rating class. According to a few
wrongly assigned test images, the accuracy of 86.56% and the TPR of 89.22% are
obtained, which are 0.66% and 3.59% higher than the “ideal” values. This indicates that
fewer test images that are manually assigned to rating classes 3 or 4 are incorrectly
assigned to rating class 2 and 1. In contrast, more images that are manually assigned
to rating class 2 are incorrectly assigned to rating class 3 and 4. Thus, the FPR of
16.67% and the RMSE value of 0.61 are obtained.

LVQ, results after termination of the SSL process: 6= mean distances, initial training set size: 35%
Manually 1 Manually 2 Manually 3 Manually 4 Manually 5
3 106 110 16 1
. 53 55 8
O T T 0 O T T T T T T T T O T T T T
12345 12345 12345 12345 12345
Manually UAC Manually AC Class allocation:
116 150 RMSE: 0.61
Wrongly classified: 72 images
58 75 Correctly classified: 233 images
Assessment of the image quality
0 e Wrongly classified: 41 images
UAC AC UAC AC Correctly classified: 264 images
Accuracy: 86.56%, FPR: 16.67%, TPR: 89.22%

Figure 131: SSL, LVQ for the distortion and double image dataset: possible
labelling of the test images

This evaluation shows that the SSL algorithm can achieve higher recognition accura-
cies with less manually labelled test images than the “ideal” classifier. The manual label
effort can be reduced without any loss of classification performance.

At the end, the semi-supervised learning behaviour of the 2-class LVQ is investigated.
The classification is based on 103 prototypes, which are determined by the LVQ1
learning rule. The mean threshold distances 6 are used to check if the autonomously
labelled images can be used for training. After each training cycle, the FPR and TPR
value are calculated by varying the number m of the k-nearest prototype vectors that
are required to classify a test image as AC. After completing the SSL process, the re-
sulting AUC value is determined. The number of considered nearest prototype vectors
is set to k = 10. The development of the AUC values is shown in Figure 132. If all man-
ually labelled training images are used for training, an AUC value of 0.71 can be de-
termined. Even with only 10% manually labelled training images, average AUC values
are determined which are higher than the desired value. Consequently, it is possible to
develop a 2-class LVQ with a small number of manually labelled images, which might
be better suited to assess the HUD image quality than the “ideal” neural net. The
manual label effort can be reduced since the SSL process tries to avoid the use of
poorly labelled training samples and selects those samples that improve the recogni-
tion behaviour.
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2-class LVQ: resulting AUC values after termination of the SSL process:
The curves show the average values and the standard deviations over 30 runs.

AUC  Selection criteria: assignment distance < &, & =mean threshold distance

0.761 ; % % % $
0.74- % # % WL ]L
0.72]
10% 20% 30% 40% 50% 60% 70%

Number of initially labelled images in the training dataset

Figure 132: SSL, 2-class LVQ: results for the distortion and double image
dataset, 8= mean threshold distance

Summary of the obtained results:

For the distortion and double image dataset, the SSL procedure may result in the LVQ
classifier that obtains an accuracy that exceeds the “ideal” value. This shows that the
proposed algorithm selects those labelled training images that improve the recognition
behaviour. For example, upon completion of the SSL process, the accuracy of 87.54%
is obtained using an initial training set size of 35%. Even if classification problem is
reduced to a 2-class assignment task, the LVQ algorithm trained with a small number
of manually labelled images is able to assess the HUD image quality better than the
“ideal” classifier. In contrast, for the polynomial classifier and the nearest neighbour
classifier, a loss of the classifier accuracy must be accepted if the manual labelling ef-
fort is reduced. The reason could be that fewer manually labelled images do not con-
tain sufficient information to generalise to unknown data. If the mapping rule of the PC
and the kNN is reduced to a 2-class problem, the experimental evaluation shows that
the manual label effort can be reduced only if minimal deviations in the ROC curve can
be accepted.

7.6 Active learning: impact on the classification results

The previous chapter shows that the number of labelled training samples can be re-
duced by using the semi-supervised learning approach. Therefore, it is now checked
whether this can also be achieved by active learning (AL). Active learning differs from
supervised learning by the fact that the learning algorithm can select the data from
which it learns, see chapter 6.2.4. The algorithm learns from data that are most in-
formative or for which the classifier predicts the wrong label with a high probability.
These images are manually labelled by the Oracle and transferred into the training
dataset [PERSELLO & BRUZZONE 12], [YEH & GALLAGHER 08]. The assessments of the
test persons serve as Oracle labels. The active learning rule is applied to selected
classifiers that are designed for the distortion dataset, the double image dataset, and
the distortion and double image dataset. To select the most informative training images,
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the following selection criteria are defined for the polynomial classifier, the nearest
neighbour classifier and learning vector quantisation:

Polynomial classification:
Similar to the SSL process, the following 2 selection criteria, shown in Figure 133, are
defined that determine whether the training image needs to be labelled by the Oracle:

Threshold 61: 61is the limit for the maximum probability that the image belongs to the rating class.

Assignment probability Class allocation: determined by the Oracle

0.02 1
HAUPTSTRASSE /\’ 0.08 2 Transfer the labelled
- [ 180 | 025 3 —— image into the training
12km | kmh PC /
LANDHAUSSTRASSE - i ’ dataset.
053 — do<o 4
0.12 5

Threshold 6.: 6:is the limit for the difference between the largest and the second largest probability.

Assignment probability Class allocation: determined by the Oracle

0.36 Ad’w < 6 1 —— Transfer the labelled
2 image into the training

HAUPTSTRASSE /\’ 0.51 dataset.
‘?:1 24 | 1k§fho ) PC [— 0.08 3
LANDHAUSSTRASSE - 0.03 4

0.02 5

Own illustration. Threshold definition adapted from [SAKIC 12].

Figure 133: AL, PC: threshold value definition

» Threshold 6:: 6, is the limit for the maximum probability that the image belongs to
the corresponding rating class. If the maximum assignment probability is less
than the threshold, the image is labelled manually by the Oracle and transferred
into the training dataset.

» Threshold 6.: 6, is the limit for the difference between the largest and the second
largest class probability. If this probability difference is less than the threshold,
the image needs to be labelled by the Oracle to be included in the training set.

K-nearest neighbour classification:

The largest gain of information is expected from images located in the region of the
largest uncertainty [CEBRON 08: p. 67]. It is assumed that the further away the unla-
belled image is to the corresponding labelled training sample, the higher the probability
of uncertainty [WANG et al. 11]. Therefore, the following selection criterion is defined for
the classification with the kNN algorithm:

» Threshold 0: 9 is the limit for the maximum distance to the next training image. If
the distance to the next training sample is greater than the maximum distance
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given by the threshold 6, the class assignment is uncertain and the image
needs to be labelled by the Oracle, shown in Figure 134.

Learning vector quantisation:
Unlabelled images between 2 prototypes provide the largest gain of information
[CEBRON 08: p. 67]. Therefore, the following criterion is defined for querying the Oracle:

» Threshold 6: 6 is the limit for the maximum distance to the next prototype. If the
distance to the next prototype is greater than the maximum distance given by
the threshold 6, the image is labelled by the Oracle, shown in Figure 134.

Threshold @: @is the limit for the maximum distance to the next training image:

“Threshold
.
[ The class assignment is manually deter-
mined by the Oracle.
Distance
[

Transfer the labelled image into the train-
ing dataset.

® Unlabelled training image
@ Labelled training image

Own illustration adapted from [CEBRON 08: p. 67], [SzELIskI 10: p. 201].

Figure 134: AL, kNN and LVQ: threshold value definition

7.6.1 AL: assessment algorithms for the distortion dataset

During the AL procedure, the classifiers are trained with a manually labelled training set
of variable size. Here, the size of the initial training set is to 0.5%, 2%, and 5% of all
training images from each rating class. Again, it is ensured that at least 1 image is se-
lected from each rating class. The numbers of initially labelled images are summarised
in Table 41.

4 5
0.5% 2 3 11111 8
2% 8 |11 111111 22
5% 20 1 28 |2 11 52

Table 41: AL for the distortion dataset: initial number of labelled training samples

After the classifiers are trained with the initially labelled images, the classifiers check
for each remaining training image if the class allocation is predicted wrongly with a high
probability. If so, the Oracle is asked for the right label and the image is added to the
labelled training dataset. Here, a new training cycle is initiated if 25 images are manual-
ly labelled by the Oracle. After each training cycle, the classifiers are applied to label
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the test images. Thus, the learning successes of the classifiers can be monitored. This
is repeated until all informative training samples are labelled by the Oracle and then the
process ends automatically.

Polynomial classification:

The active learning scenario is applied to a PC of 2" order in the 10-dimensional com-
ponent space. If the classifier is trained with all manually labelled images the RMSE of
1.12, the accuracy of 83.89%, the FPR of 39.31%, and the TPR of 99.53% is achieved.
First, a training image is labelled by the Oracle if the maximum probability that the im-
age belongs to the corresponding rating class is less than the threshold 6:. Here, 6; is
sett0 0.6, 0.7, and 0.8. The classification results after the termination of the AL process
are summarised in the appendix A.25 see Figure 205 and Figure 206. The experi-
mental evaluation shows that the larger the threshold value is chosen, the more images
need to be labelled manually. If a threshold value of 0.8 is applied, the active learning
procedure results in a better classification performance than that of a classifier trained
with all manually assigned class labels. The same applies to a threshold of 0.7 and
initial training set sizes of 2% and 5%, or a threshold value of 0.6 and an initial training
set size of 5%. Thus, the AL algorithms select those training images that improve the
classification performance. If the size of the initial training set is set to 2%, a TPR of
100% is reached after each run.

As an example, the learning curves of the classifier for the initial training set size of 2%
and a threshold value of 0.7 are shown in the appendix A.26 see Figure 211. The AL
process results in 21 training cycles and increases the number of labelled images from
22 to 547. In the course of the AL process, the accuracies and the TPR values in-
crease. Likewise, the RMSE values and the FPR values are decreasing and are below
the corresponding “ideal” values after 16 training cycles. Here, the average accuracy
values exceed the “ideal” value after 16 training cycles and the average gain in accura-
cy is 26.67%. The average TPR values exceed the “ideal” value after 5 training cycles
and give the TPR of 100% after each run.

For a single run, the resulting labels of the test images are shown in Figure 135. As
expected, the TPR is 100%, indicating that all images that are manually labelled with 3,
4 or 5 rating points are assigned to these classes. An accuracy of 86.11% is achieved
that is 2.22% higher than that of a classifier using all manually assigned class labels.
Test images that are manually labelled with 2 rating points are also assigned to rating
classes 3, 4 and 5 giving the FPR of 34.48%. It becomes clear that not all labelled im-
ages are needed to achieve a better classification performance. This can be explained
by the selection of the most informative training samples.
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PC, results after termination of the AL process: 6; = 0.7, initial training set size: 2%
Manually 1 Manually 2 Manually 3 Manually 4 Manually 5
68+ 20+ — 54+ o 36+ — 28+ —

34- 1047 | | || 271 18- W 141 FF
o+ O_TO. .Lo. 0L ——
12345 12345 12345 12345 12345
Manually UAC Manually AC Class allocation:
96 216 RMSE: 1.04
Wrongly classified: 171 images
48- 108 Correctly classified: 189 images
Assessment of the image quality
0 0 Wrongly classified: 50 images
UAC AC UAC AC Correctly classified: 310 images
Accuracy: 86.11%, FPR: 34.48%, TPR: 100.00%

Figure 135: AL, PC for the distortion dataset: possible labelling
of the test images, 6, =0.7

In the second step, the Oracle is asked for the correct label if the difference between
the largest and the second largest class probability is less than a threshold &,, which is
set to 0.1, 0.2, and 0.3. The classification results obtained after the termination of the
AL processes are shown in the appendix A.25 see Figure 207 and Figure 208. The
larger the threshold value is chosen, the more images need to be labelled manually.
Regardless of the threshold and the size of the initial training set, the proposed AL ap-
proach yields average recognition accuracies that exceed the “ideal” value. Similarly,
the average RMSE and FPR values fall below the corresponding “ideal” values for
each investigated threshold and initial training set size. The average TPR values are
greater than 99%, and for a threshold of 0.3, the “ideal” value is exceeded. Likewise,
the active learning approach yields the TPR larger than 99.53% for an initial training set
size of 0.5% and a threshold value of 0.2.

The learning behaviour of the classifier is shown by the way of example for an initial
training set size of 5% and a threshold of 0.1. The learning curves are shown in the
appendix A.26 see Figure 212. Overall, the AL process demands the labelling of 425
images in 17 training cycles. Thus, 477 labelled images are needed to train the classi-
fier, which achieves the average accuracy of 85.00%. The average gain in accuracy is
8.73% and the average values exceed the “ideal” value after 6 training cycles. The av-
erage FPR values and the average RMSE values fall below the corresponding “ideal’
values. Similarly, the average TPR values increase after each training cycle.

A possible labelling of the test images for a single run is further investigated, as shown
in Figure 136. Upon completion of the AL process, the classifier achieves an accuracy
of 86.39%, which is 2.50% higher than the “ideal” value. The obtained TPR value of
99.53% corresponds exactly to the value obtained with all manually labelled training
images. The archived FPR is 6.21% lower than 39.31%. Thus, fewer test images,
which are manually labelled with 1 or 2 rating points, receive incorrectly a positive label.
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PC, results after termination of the AL process: 62 = 0.1, initial training set size: 5%
Manually 1 Manually 2 Manually 3 Manually 4 Manually 5
744— 20+ — 52+ o 38+ — 30+ —
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12345 12345 12345 12345 12345
Manually UAC Manually AC Class allocation:
98 214 RMSE: 1.00
Wrongly classified: 160 images
494 107 Correctly classified: 200 images
Assessment of the image quality
0 0 Wrongly classified: 49 images
UAC AC UAC AC Correctly classified: 311 images
Accuracy: 86.39%, FPR: 33.10%, TPR: 99.53%

Figure 136: AL, PC for the distortion dataset: possible labelling
of the test images, 6> =0.1

Now the 2 selection criteria are combined. A training image needs to be labelled
manually if the maximum probability that the image belongs to the corresponding rating
class is less than the threshold 6; and if the difference between the largest and the
second largest class probability is less than a threshold &.. The classification results
obtained for various initial training set sizes after the termination of the AL process are
summarised in the appendix A.25 see Figure 209 and Figure 210. Large threshold val-
ues lead to an increasing label effort by the Oracle. On average over 30 runs, the ac-
tive learning approach yields recognition accuracies higher than 83.89%, TPR values
higher than 99.53% and FPR values lower than 39.31%. If the threshold combination
6:=0.6 and 6,= 0.1 is applied, the average RMSE values are below 1.12.

The learning behaviour of the classifier, for a threshold combination of 6;=0.6 and
6> = 0.1 and an initial training set size of 5%, is shown exemplarily in the appendix A.26
see Figure 213. The more training images are labelled the better the classification re-
sult. The average accuracies and the average TPR values increase with the number of
labelled training images and exceed the corresponding “ideal” values after 14 and 16
training cycles, respectively. Similarly, the average RMSE values and the average FPR
values decrease after each training cycle and fall below the corresponding “ideal” val-
ues after 16 and 6 training cycles, respectively. After completing the AL process, 677
training images are manually labelled.

A possible labelling of the test images is shown in Figure 137 for a single run. With 677
labelled training images, the classifier obtains the accuracy of 86.11%, the TPR of
99.53%, the FPR of 33.79%, and the RMSE of 1.01. The TPR is equal to the value
obtained by all manually labelled training images, the accuracy is 2.22% higher, and
the FPR is 5.52% lower than the corresponding “ideal” values. Depending on the used
threshold values, the experimental evaluation shows that the active learning approach-
es can achieve higher recognition accuracies than the classifier trained with all manual-
ly labelled training images. The AL process selects those images that beneficially affect
the recognition behaviour. Good classification results are obtained due to the absence
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of many uninformative training images. Thus, the AL process tries to reduce the label-
ling costs.

PC, results after termination of the AL process: s =0.6 and 6 = 0.1, initial training set size: 5%
Manually 1 Manually 2 Manually 3 Manually 4 Manually 5
68+4— 164 — 54+ - 42+ — 264 -

341 8 | | 27 214 1 | 13
O T T T O O T O T O T T T
12345 12345 12345 12345 12345
Manually UAC Manually AC Class allocation:
96 214 RMSE: 1.01
Wrongly classified: 162 images
48 107 Correctly classified: 198 images
Assessment of the image quality
0 0 Wrongly classified: 50 images
UAC AC UAC AC Correctly classified: 310 images
Accuracy: 86.11%, FPR: 33.79%, TPR: 99.53%

Figure 137: AL, PC for the distortion dataset: possible labelling
of the test images, 6y and 6,

Finally, the active learning approach is applied to a 2-class PC of 2" order in the 7-
dimensional component space. An informative training image is detected if the differ-
ence between the largest and the second largest class probability is less than a
threshold &, which is set to 0.1. If all manually labelled training images are used for
training, the area under the ROC curve is 0.87. The experimental evaluation shows that
the proposed active learning approach yields AUC values between 0.72 and 0.75,
which are lower than the value of the “ideal” classifier, as shown in Figure 138. Thus,
the applied AL process is only less suitable for identifying the most informative training
samples and extracting enough information to generalise to unknown data. The manual
label effort can only be reduced if a decline in the recognition accuracy is acceptable.

2-class PC: resulting AUC values after termination of the AL process:
The curve shows the average values and the standard deviations over 30 runs.

AUC

0.851 Selection criteria:

0.80] difference between the larg-
est and the second largest

0.751 % % class probability < 6; 62— 0.1

0.707

0.5% 2% 5%
Initially labelled images

Figure 138: AL, 2-class PC: results for the distortion dataset
6,=0.1



Development of an assessment algorithm
165

K-nearest neighbour classification:

The AL scenario is applied to the NN classifier for k=1 in the 3-dimensional compo-
nent space. Using all manually labelled training samples the RMSE of 1.37, the accu-
racy of 57.22%, the FPR of 6.21% and the TPR of 32.56% are obtained. The AL algo-
rithm is able to query interactively for the correct label if the distance to the next training
sample is greater than a threshold distance. The threshold distances are defined al-
ready in chapter 7.5.1; see Table 33.

The results of the test images obtained after the termination of the AL process are
summarised in the appendix A.27 see Figure 214 and Figure 215. The smaller the
threshold distance, the more images need to be labelled manually and the average
results will be very similar to the corresponding “ideal” values. If the maximal threshold
distances are applied as criteria for ignorance or querying the Oracle, the average ac-
curacy values exceed 57.22%. Likewise, the average TPR values exceed 32.56%. If
the mean threshold distances are applied, average FPR values are obtained that fall
below 6.21%. The nearest neighbour classifier appears to be unable to cope with all
manually labelled test images. The amount of uninformative images negatively affects
the classification accuracy. Reducing the manual label effort to a few informative imag-
es, better classification results can be achieved.

The learning curves of the classifier are shown by the way of example for an initial
training set size of 2% and a maximal threshold distance, see Figure 216 in the appen-
dix A.28. Based on 22 labelled training images, the Oracle is interactively queried 10
times to label another 250 training images. The increase in performance during active
learning is low. The average gain in accuracy is 2.05%. The obtained recognition accu-
racies are above 57.22% after each training cycle. During the active learning process,
the average RMSE values and the average FPR values decrease with increasing the
number of manually labelled training images. For a single run, the labelling of the test
images is exemplarily shown in Figure 139.

kNN, results after termination of the AL process: &= maximal distances, initial training set size: 2%
Manually 1 Manually 2 Manually 3 Manually 4 Manually 5
54 38 32 46 24
27 19 16 23 12
0 0 O T T T T T T T T O T T T T
12345 12345 12345 12345 12345
Manually UAC Manually AC Class allocation:
130 110 RMSE: 1.32
Wrongly classified: 236 images
65 554 Correctly classified: 124 images
Assessment of the image quality
0 0 Wrongly classified: 125 images
UAC AC UAC AC Correctly classified: 235 images
Accuracy: 65.28%, FPR: 10.34%, TPR: 48.84%

Figure 139: AL, kNN for the distortion dataset: possible labelling
of the test images, = maximal threshold distance



Development of an assessment algorithm
166

The proposed active learning process yields the accuracy of 65.28% and the TPR of
48.84%. The values are 8.06% and 16.28% higher than the corresponding “ideal” val-
ues. However, many test images that are manually labelled with 3, 4 or 5 rating points
are incorrectly assigned to rating class 2. Therefore, the TPR obtained is still less than
50%. Unfortunately, the FPR amounts 10.34%, which indicates that 4.13% more test
images wrongly receive a positive label. Applying the active learning procedure yields
good classification accuracies that are higher than the values of a classifier trained with
all manually assigned class labels. Nevertheless, the learning success during the AL
procedure is low.

Finally, the active learning behaviour of a 2-class NN classifier in the 7-dimensional
component space is investigated. An area under the ROC curve of 0.87 can be deter-
mined if all manually labelled training images are used for training and the number of
nearest prototype vectors k is set to 10. An informative training image is detected if the
distance to the nearest reference pattern is greater than the mean threshold distance 6.
To determine the ROC curve the number of images m required to classify a test image
as AC is varied between 1 and k. Figure 140 shows the average AUC values and the
standard deviations over 30 runs after the AL process has ended. The x-axis shows the
number of initially labelled training images and the y-axis the resulting AUC values. The
obtained AUC values are between 0.77 and 0.82. Noticeable is the large standard de-
viation of the AUC values for an initially labelled training set size of 2%. Here, the ability
of the classifier to predict the correct labels depends strongly on the choice of the ini-
tially labelled training images.

2-class kNN: resulting AUC values after termination of the AL process:
The curve shows the average values and the standard deviations over 30 runs.

AUC

0.861 Selection criteria:

0.821 % assignment distance > 6,
0= mean threshold distance

0.78 %

0.74+

0.5% 2% 5%
Initially labelled images

Figure 140: AL, 2-class kNN: results for the distortion dataset
0= mean threshold distance

The experimental evaluation shows that the proposed active learning approach yields
AUC values that are below the “ideal” value. Thus, the active learning procedure does
not seem to be able to select the most informative training samples. If the manual la-
belling effort is reduced, the 2-class classifier is less suitable to extract enough infor-
mation to generalise to unknown data.
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Learning vector quantisation:

Now, the classifier behind the AL approach is the LVQ. Here, 165 prototypes are ap-
plied to approximate the relationship between the training images and the manually
obtained class labels. The prototypes are determined by learning rule LVQ1. If all man-
ually labelled training images are used for training, the RMSE of 1.10, the accuracy of
88.06%, the FPR of 29.86% and the TPR of 100.00% are obtained. For the following
investigations, the same prototype initialisation is applied as before. The threshold dis-
tances, which decide if the training image has to be labelled by the Oracle, are intro-
duced in chapter 7.5.1 see Table 34.

The results obtained on the test images after terminating the AL process are summa-
rised in the appendix A.29 see Figure 217 and Figure 218. The smaller the threshold
distances are chosen the more training images need to be labelled manually. If the
minimal or the mean threshold distances are applied, good accuracy values are yield
that are very similar to the “ideal” value. In contrast, if the maximal threshold distances
are used, only a few training images are labelled manually, resulting in accuracy values
below 88.06%. The lowest RMSE values and the lowest FPR values are obtained if the
mean threshold distances are applied. The TPR of 100.00% is not reached on average.

The learning behaviour of the classifier is examined as an example for an initial training
set size of 0.5%. The resulting learning curves are shown in the appendix A.30 see
Figure 219. If the mean threshold distances are applied, 583 training images are man-
ually labelled during 23 training cycles. The manual labelling effort is roughly halved.
The average FPR values and the average RMSE values decrease after each training
cycle. The values fall below the corresponding “ideal” values after 11 and 5 training
cycles. The average accuracy exceeds the “ideal” value. The average TPR values in-
crease with the number of manually labelled training images, but 100.00% is not
reached. A possible labelling of the test image for a single run is shown in Figure 141.

LVQ, results after termination of the AL process: §=mean distances, initial training set size: 0.5%

Manually 1 Manually 2 Manually 3 Manually 4 Manually 5
56 28 56 50 50
28 14 28 25 25

0-+t——— 0 0 0 0
12345 12345 12345 12345 12345

Manually UAC Manually AC Class allocation:
108+ 214 RMSE: 1.00
Wrongly classified: 123 images
54 107 Correctly classified: 237 images
“ Assessment of the image quality
0 0 Wrongly classified: 39 images
UAC AC UAC AC Correctly classified: 321 images

Accuracy: 89.17%, FPR: 25.69%, TPR: 99.07%

Figure 141: AL, LVQ for the distortion dataset: possible labelling
of the test images, 6= mean threshold distance
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This active learning approach vyields the accuracy that is 1.11% higher, and the FPR
that is 4.17% lower than that of a classifier using all manually assigned class labels.
Here, less manually labelled test images with 1 or 2 rating points are mistakenly as-
signed to rating classes 3, 4 or 5. Test images that are manually labelled with 4 or 5
rating points are assigned to rating classes 3, 4 and 5 that represent an acceptable
image quality. The AL approach yields the TPR of 99.07%, indicating that an insignifi-
cant number of test images, manually labelled with 3 rating points, are incorrectly as-
signed to rating class 2.

Finally, the active learning procedure is applied to a 2-class LVQ. Here, 165 prototype
vectors are determined and the number of nearest prototype vectors k is set to 30. If all
manually labelled training images are used for training, an area under the ROC curve
of 0.86 can be determined. During the AL process, an image is manually labelled and
transferred into the training dataset if the distance to the nearest prototype vector is
greater than the mean threshold distance 6. After each training cycle, the AUC value is
determined by varying the number of images m required to classify a test image as AC.
Upon completion of the AL processes, the average AUC values and the standard devi-
ations over 30 runs are shown in Figure 142.

2-class LVQ: resulting AUC values after termination of the AL process:
The curve shows the average values and the standard deviations over 30 runs.

AUC
\
0.80+ % Selection criteria:
0.60- assignment distance > 6,
’ 6= mean threshold distance
0.40-
0.201

0.5% 2% 5%
Initially labelled images

Figure 142: AL, 2-class LVQ: results for the distortion dataset
0= mean threshold distance

The diagram shows that averaged AUC values of 0.81 can be achieved if the AL pro-
cess starts with 2% of all manually labelled training images. Here, depending on the
initially labelled training images, an AUC value exceeding 0.86 can be achieved. In
contrast, for other starting conditions the AL process yields AUC values lower than that
of a classifier using all manually assigned class labels. Depending on the selection of
the initially labelled training images, AUC values less than 0.20 are achieved. Since the
most test images get a wrong class label, these classifiers are not able to make deci-
sions. Thus, the applied AL process is only less suitable for identifying the most in-
formative training samples and extracting enough information to generalise to unknown
data.
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Summary of the obtained results:

The experimental evaluation shows that the classifiers appear to be overcharged with
the labels of the uninformative training images. Many uninformative images negatively
affect the classification accuracy. The proposed AL approaches yield higher recognition
accuracies than classifiers trained with all training images labelled in advance. Depend-
ing on the criteria for querying the Oracle, the PC yields the TPR of 100% and the
recognition accuracy greater than 85%. The NN classifier yields the accuracy and the
TPR that are 8.06% and 16.28% higher than the corresponding “ideal” values. Similarly,
the FPR on the test images is reduced by 4.17% if the LVQ algorithm is allowed to se-
lect the most informative training images. If the classification problem is reduced to a 2-
class assignment task, the 3 classifiers do not seem to be able to identify the most in-
formative training images. On average, the “ideal” values are not achieved and the la-
belling effort can only be reduced if a decline in the recognition accuracy is acceptable.

7.6.2 AL: assessment algorithms for the double image dataset

Again, the size of the initially labelled training set is set to 0.5%, 2% and 5% of all train-
ing images from each rating class, as shown in Table 42. It is ensured that at least 1
training image is selected for each rating class. A new training cycle is intended when
10 new informative training images are interactively labelled by the Oracle and inserted
into the training set. This is repeated until all informative training samples are identified
by the Oracle. After each training cycle, the classifiers are used to label the test images.

2 13/4]|5
0.5% 11717111 5
2% 2,3,/ 1|11 8
5% 6 1 8 2|11 18

Table 42: AL for the double image dataset: initial number of
labelled training samples

Polynomial classification:

The active learning behaviour of a 3™ order classifier in the 2-principal component
space is investigated. Using the entire labelled training set, the classifier yields the
RMSE of 0.85, the accuracy of 90.00%, the FPR of 7.48%, and the TPR of 88.26%.
Several criteria for ignorance or querying the Oracle for the right class label are applied.
First, a training image is identified as informative if the maximum probability that the
image belongs to the corresponding rating class is less than the threshold 6;, which is
set to0 0.6, 0.7 and 0.8. In the second step, an image needs to be labelled by the Oracle
if the difference between the largest and the second largest class probability is less
than the threshold 6., which is set to 0.1, 0.2 and 0.3. Finally, the 2 threshold criteria
are combined. The size of the initially labelled training set is set to 0.5%, 2%, and 5%.
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The results obtained after the termination of the AL process are shown in the appendix
A.31 see Figure 220 to Figure 225.

The experimental evaluation shows that the proposed active learning approach yields
average accuracy values less than 90.00%. The accuracy values average over 30 runs
become very similar to the “ideal” value the more labelled training images are available.
In 4 out of 30 runs, the accuracy exceeds 90.00% after completion of active learning
(6:=0.7 and 6>= 0.2, initial training set size of 0.5%). Likewise, the average RMSE
values are above 0.85 and are similar to this value, as more labelled training images
are requested. The same applies to the average FPR values, which are above 7.48%.
The average TPR values do not reach 88.26%, except for a threshold value &.=0.2
and an initial training set size of 0.5%.

Some learning curves of the classifier are shown in the appendix A.32. The learning
curves shown in Figure 226, Figure 227 and Figure 228, make clear that there is hardly
any learning success for the average TPR values. After each training cycle, the ob-
tained TPR values are nearly the same. The development of the average RMSE values
and the average FPR values are almost equal. The more manually labelled training
images are available, the lower the RMSE and FPR values. The average FPR values
decrease by 61.77% during the AL process if the threshold values ¢, =0.7 and 6>=0.2
are applied and the initial training set size is set to 0.5%. The average accuracies in-
crease with the number of labelled training images, but the “ideal” value is not reached
on average. Therefore, if the labelling effort is reduced, a decrease in the classification
accuracy must be accepted. The most informative training images do not contain suffi-
cient information to obtain the desired outputs for the test images. Depending on the
threshold parameters, results are obtained that are very similar to those of a classifier
using all manually assigned class labels. A possible labelling of the test images for a
single run is shown in Figure 143.

PC, results after termination of the AL process: 61 = 0.7 AND 62 = 0.2, initial training set size: 0.5%

Manually 1 Manually 2 Manually 3 Manually 4 Manually 5
84 30 22 46 40
42 15 11 23 20

G L O L 0 O 0
12345 12345 12345 12345 12345

Manually UAC Manually AC Class allocation:
138 188+ RMSE: 0.8692
Wrongly classified: 160 images
69- 94 Correctly classified: 200 images

Assessment of the image quality
0 0 Wrongly classified: 35 images
UAC AC UAC AC Correctly classified: 325 images
Accuracy: 90.28%, FPR: 6.89%, TPR: 88.26%

Figure 143: AL, PC for the double image dataset: possible labelling
of the test images, 6; and 6;
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In 23 training cycles, the number of manually labelled images is increased from 5 to
235. Upon completion of the AL procedure, an accuracy of 90.28% is obtained. This
value is 0.28% higher than the “ideal” value. Many test images that are manually la-
belled with 3 rating points are incorrectly assigned to rating class 2. Thus, a TPR of
88.26% is obtained, indicating that 11.74% of the test images representing an accepta-
ble quality receive wrongly a negative label. The TPR value corresponds exactly to the
“‘ideal” value. The PC yields the FPR that is 0.59% lower than the “ideal” value. Thus,
fewer vehicles of unacceptable quality would receive a positive label.

Finally, the active learning rule is applied to a 2-class PC of 2" order in the 2-principal
component space. If all manually labelled training images are available, the area under
the ROC curve is 0.998. To select the most informative training images, the threshold
value #sis used, which is set to 0.8. The resulting ROC curves are hardly different from
the “ideal” curve, and the curves give averaged AUC values greater than 0.990, as
shown in Figure 144. The standard deviations over 30 runs are negligible. This indi-
cates that the resulting ROC curves are nearly independent on the selection of initially
labelled training images.

2-class PC: resulting AUC values after termination of the AL process:
The curve shows the average values and the standard deviations over 30 runs.

AUC
i Selection criteria:
0.994- ¢ $ maximum assignment
) probability < 6s; 61 =0.8
0.990+
0.986

0.5% 2% 5%
Initially labelled images

Figure 144: AL, 2-class PC: results for the double image dataset
6,=0.8

The experimental evaluation shows that the proposed active learning approach yields
AUC values similar to those of a classifier using all manually labelled images. Here, the
manual label effort can be reduced without a significant loss of recognition accuracy.
This is possible because the classifier selects the most informative training images.

K-nearest neighbour classification:

The active learning behaviour of the nearest neighbour classifier is investigated for
k =3 in the 7-principal component space. If all manually labelled training images are
used for training, the classifier yields the RMSE of 0.65, the accuracy of 95.28%, the
FPR of 0.68% and the TPR of 92.49%. A training image is labelled by the Oracle if the
distance to the next training sample is greater than the threshold. The threshold dis-
tances are already determined in chapter 7.5.2; see Table 36.
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The results after completion of the active learning process are summarised in the ap-
pendix A.33 see Figure 229 and Figure 230. The experimental evaluation shows that
the larger the threshold distances are chosen, the less frequent the Oracle is queried
for the right class label. The more labelled training images are available, the less the
difference between the results obtained and the “ideal” result. For all cases, the aver-
age FPR is below 5.10%. If the minimal threshold distances are used, the average FPR
is exactly the “ideal” value. Likewise, the average values of the TPR, the accuracy and
the RMSE are very similar to the corresponding “ideal” values. However, on average
the “ideal” values are not reached. In contrast, if the maximal threshold distances are
used, the labels of test images are very different from the subjective perception.

The learning behaviour of the classifier is shown by the way of example in the appendix
A.34 see Figure 231. The curves are determined for an initial training set size of 5%
and mean threshold distances. 158 training images are labelled in 14 training cycles.
Average over 30 runs, the accuracy values increase with the number of labelled train-
ing samples and the achieved gain is 32.23%. For 1 out of 30 runs, the accuracy
achieved by active learning is higher than 95.28%, and for 1 run, the accuracy is exact-
ly 95.28%. Likewise, the average TPR values increase after each training cycle and the
average gain is 34.24%. In contrast, the average RMSE values and the average FPR
values decrease with the number of labelled training samples. A possible labelling of
the test images for a single run is shown in Figure 145. Here only 158 labelled images
are used for training.

kNN, results after termination of the AL process: 8= mean distances, initial training set size: 5%
Manually 1 Manually 2 Manually 3 Manually 4 Manually 5
66 46 26 48 38
33 23 13 24 19
G T T T T T T T T T T T T T T T T O
12345 12345 12345 12345 12345
Manually UAC Manually AC Class allocation:
146 198 RMSE: 0.65
Wrongly classified: 142 images
73 99 Correctly classified: 218 images
Assessment of the image quality
0 Wrongly classified: 17 images
UAC AC UAC AC Correctly classified: 343 images
Accuracy: 95.28%, FPR: 1.36%, TPR: 92.96%

Figure 145: AL, kNN for the double image dataset: possible labelling
of the test images, = mean threshold distances

Upon completion of the active learning scenario, a TPR exceeding the “ideal” value is
obtained. The RMSE and the accuracy correspond to the associated “ideal” values.
Unfortunately, the FPR is higher than the “ideal” value. Thus, 0.68% more vehicles
would mistakenly receive a positive label. Test images that are manually labelled with 1
or 2 rating points are mainly assigned to rating classes 1 and 2. Likewise, test images
that are manually labelled with 4 or 5 rating points are assigned to rating classes 3, 4
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and 5. Difficult is the assignment of test images, which are manually labelled with 3
rating points. These images are assigned to rating classes 2, 3, 4 and 5.

The experimental evaluation shows that the AL algorithm is able to select the most
informative training images. If the most informative images are used as reference pat-
terns, similar results are obtained on the test images as with a classifier using all man-
ually labelled training images. Since the “ideal” values are not reached on average, the
unconsidered training images contain information that cannot be mapped by an active
learning algorithm. By reducing the manual labelling effort, low losses in the recognition
accuracy must be accepted.

Finally, the active learning behaviour of the 2-class NN in the 7-dimensional component
space is investigated. If all manually labelled training images are available, an area
under the ROC curve of 0.964 is achieved. A training image needs to be labelled man-
ually if the distance to the nearest reference image is greater than the maximal as-
signment distance 6. The average AUC values and the standard deviations over 30
runs are shown in Figure 146. The experimental evaluation shows that the proposed
active learning approach gives AUC values between 0.830 and 0.870. These values
are lower than the values of a classifier using all manually assigned class labels. The
AUC values obtained mainly depend on the selection of the initially labelled training
images. This is indicated by the large standard deviation of the resulting AUC values.
The most informative training images are not sufficient to train an algorithm that per-
forms better than the “ideal” classifier. The manual labelling effort can only be reduced
if a decrease in the AUC values can be accepted.

2-class NN: resulting AUC values after termination of the AL process:
The curve shows the average values and the standard deviations over 30 runs.

AUC

0.951 Selection criteria:

0.901 assignment distance > 6
0.85 6= maximal threshold distance
0.80+

0.751

0.5% 2% 5%
Initially labelled images

Figure 146: AL, 2-class kNN: results for the double image dataset
6= maximal threshold distance

Learning vector quantisation:

The classifier for the active learning approach is the LVQ. Here, the labelled training
images are mapped to 69 prototypes, which are determined by the LVQ2.1 learning
rule. The following investigations are based on the same prototype initialisation. If all
training images are labelled in advance, the RMSE of 1.16, the accuracy of 83.06%,
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the FPR of 33.33%, and the TPR of 94.37% are obtained. The threshold distances for
detecting the most informative images are defined in chapter 7.5.2; see Table 37.

The results obtained on the test images after completion of the AL process are summa-
rised in the appendix A.35 see Figure 232 and Figure 233. The shorter the threshold
distances, the more training images need to be labelled manually by the Oracle. If the
training images which are beyond the maximal threshold distances are labelled by the
Oracle, the worst result on the test images is obtained. Here, the labelled training set
consists of less than 80 images. The relatively small training set does not contain suffi-
cient information to generalise to the unknown test data. Results similar to the “ideal’
values are obtained if the mean threshold distances are used to detect the informative
training samples. The accuracy average over 30 runs is similar to the “ideal” accuracy.
The average TPR values exceed 94.37% for initial training set sizes of 2% and 5%. If
the minimal threshold distances are applied, the average accuracy values and TPR
values are obtained that exceed the corresponding “ideal” values. Similarly, the pro-
posed active learning approach yields RMSE and FPR values, which are very similar to
the “ideal” values. A possible labelling of the test images is shown in Figure 147. The
most informative training images are selected by the minimum threshold distance.

LVQ, results after termination of the AL process: 6= minimal distances, initial training set size: 0.5%

Manually 1 Manually 2 Manually 3 Manually 4 Manually 5
784— 28+ — 30+ — 52+ — | 44
39+ 144 151 1| 26 22

O T T 1 O T O T O LI 0 L
12345 12345 12345 12345 12345

Manually UAC Manually AC Class allocation:
100 208 RMSE: 1.13
Wrongly classified: 177 images
50- 104 Correctly classified: 183 images

Assessment of the image quality

0 0 Wrongly classified: 53 images
UAC AC UAC AC Correctly classified: 307 images
Accuracy: 85.28%, FPR: 31.97%, TPR: 97.18%

Figure 147: AL, LVQ for the double image dataset: possible labelling
of the test images, #= minimal threshold distances

Due to the absence of uninformative training images, the classifier yields the RMSE of
1.13, which is slightly below the “ideal” value. The obtained FPR of 31.97% indicates
that 1.36% fewer test images receive wrongly a positive label. Likewise, the obtained
TPR is 2.81% higher than 94.37% and indicates that 97.18% of all test images showing
an acceptable quality receive a positive label. Overall, the classifier yields an accuracy
of 85.28%, which exceeds the “ideal” value.

The learning behaviour of the classifier is investigated as an example for an initial train-
ing set size of 0.5%. If the minimal threshold distances are applied, the active learning
scenario demands the labelling of 245 training images. The corresponding learning
curves are displayed in the appendix A.36 see Figure 234. After each training cycle,
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the average accuracy values increase, while the average RMSE values and the FPR
values decrease. The gain in accuracy is low and is only 2.09%. After 19 training cy-
cles, the average recognition accuracies exceed the “ideal” value. For 24 training
cycles, the average TPR values are above the “ideal” value. The experimental evalua-
tion shows that the active learning approach gives recognition accuracies higher than
that of a classifier using all manually assigned class labels. Thus, the manual label ef-
fort can be reduced and the classifier is not overcharged with too many uninformative
training images.

At the end of this chapter, the active learning behaviour of a 2-class LVQ is investigat-
ed. The classifier uses 69 prototype vectors. The minimal threshold distances @ are
applied to check if an informative training image should be labelled by the Oracle. After
each training cycle, the area under the ROC curve is determined by varying the num-
ber of images m required to classify a test image as AC. The average AUC values and
the standard deviations over 30 runs are shown in Figure 148. The averaged AUC val-
ues between 0.64 and 0.83 are below the “ideal” value of 0.98. Depending on the se-
lection of the initially labelled training images, AUC values less than 0.50 are obtained.
In such cases, more test images receive a wrong label than a correct one. On the con-
trary, if the most informative training images are found, the AUC values are close to the
“ideal” value.

2-class LVQ: resulting AUC values after termination of the AL process:
The curve shows the average values and the standard deviations over 30 runs.

AUC

0.801 % Selection criteria:

0.60. assignment distance > 6
) 6= minimal threshold distance

0.40-

0.201

0.5% 2% 5%
Initially labelled images

Figure 148: AL, 2-class LVQ: results for the double image dataset
6= minimal threshold distance

Summary of the obtained results:

The experimental evaluation shows that the different classifiers have a different learn-
ing behaviour. In the course of the active learning process, the average recognition
accuracies of the PC increase, but the “ideal” value is not reached. If the most informa-
tive images are used as reference patterns, the nearest neighbour classifier yields simi-
lar results on the test images as a classifier using all manually labelled training images.
Thus, these classifiers are only partially able to extract sufficient information to general-
ise to unknown data. Depending on the threshold parameters, the LVQ algorithm yields
a recognition accuracy that is higher than the “ideal” value. By the selecting the most
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informative training images, the classifier is not overcharged with too many uninforma-
tive training images. If classification problem is limited to an acceptable or unaccepta-
ble quality, the 2-class PC yields AUC values similar to those of a classifier using all
manually assigned class labels. Here, the manual label effort can be reduced without a
significant loss of recognition accuracy. In contrast, the 2-class kNN and the 2-class
LVQ are not able to extract sufficient information to generalise to the unknown test data.
Here, the averaged AUC values are below the corresponding “ideal” values. In addition,
the AUC values mainly depend on the selection of the initially labelled training images.

7.6.3 AL: assessment algorithms for the distortion and double image da-
taset

The classifier asks the Oracle to label the most informative training images and the
classifier is retrained with the enlarged training dataset. After each training cycle, the
classifier is applied to label the test images. This is repeated until all informative train-
ing images are found. A new training cycle is intended if 9 informative manually la-
belled training images are transferred into the training dataset. The size of the initially
labelled training set is set to 0.5%, 2% and 5% of all training images from each rating
class, as shown in Table 43. It is ensured, that at least 1 training image from each rat-
ing class is selected.

h

2 3 14 5
0.5% 1 1 1 111 5
2% 1 3 3 111 9
5% 1 7 7 121 18

Table 43: AL for the distortion and double image dataset: initial number of
labelled training samples

Polynomial classification:

The active learning scenario is investigated for a polynomial classifier of 1 order in the
20-dimensional component space. If the labels of all training images are known in ad-
vance, the RMSE of 0.67, the accuracy of 71.48%, the FPR of 31.88%, and the TPR of
74.25% are obtained.

Several criteria are used to select the most informative training samples. The results
obtained after completion of the active learning process are summarised in the appen-
dix A.37. First, the Oracle is asked for the correct label if the maximum probability that
the image belongs to the corresponding rating class is lower than the threshold &,
which is set to 0.6, 0.7 and 0.8. The results are shown in Figure 235 and Figure 236.
Depending on the selection of the initially labelled training images, the active learning
scenario yields recognition accuracies that exceed the “ideal” accuracy for threshold
values of 0.7 and initial training set sizes of 2% and 5%. The average RMSE values
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and the average FPR values do not fall below the corresponding “ideal” values. If 6; is
set to 0.7, the average TPR values are slight above 74.25%.

During the second step, an informative image needs to be labelled by the Oracle if the
difference between the largest and the second largest class probability is less than a
threshold &, which is set to 0.1, 0.2 and 0.3. Here, the obtained classification results
depend on the used threshold and the number of initially labelled training images as
shown in Figure 237 and Figure 238. With an initial training set size of 5% and a
threshold of 0.2, the AL procedure results in better recognition accuracies and higher
TPR values than a classifier using all manually assigned class labels. The average
FPR values fall below the “ideal” value for initial training set sizes of 2% or 5% and a
threshold value of 0.1. The same applies to a threshold value of 0.2 and an initial train-
ing set size of 0.5%.

If both selection criteria are combined, no improvements in the classification results can
be observed, as shown in Figure 239 and Figure 240. Average over 30 runs the “ideal”
accuracy and the “ideal” TPR are not reached. The average RMSE values are above
0.67. Depending on the used threshold parameters and the size of the initially labelled
training set, FPR values are achieved, which fall below 31.88%.

The learning behaviour of the classifier is investigated exemplarily for an initial training
set size of 2% and different threshold criteria as shown in the appendix A.38 see Figure
226, Figure 227 and Figure 228. The learning curves are very similar for the different
thresholds. The average RMSE values and the average FPR values decrease after
each training cycle. Likewise, the average accuracy values increase with the number of
labelled training images. If the threshold value 6 is set to 0.7, the average gain in ac-
curacy is 17.71%. If the thresholds 6; and 6. are set to 0.6 and 0.1, the FPR values fall
by 41.38% during the active learning procedure. The resulting average FPR value is
below the “ideal” value. Similarly, the average RMSE values fall by 0.80 when the
threshold value 6 is set to 0.2. In contrast, no direct learning success can be noted for
the average TPR values. During the active learning process, the TPR values decrease
at the beginning and then increase again. Depending on the threshold criteria and the
initially labelled training images, the “ideal” value is even exceeded.

A possible labelling of the test images is shown in Figure 149. Shown is 1 run for which
the “ideal” accuracy is exceeded. The obtained labels for the test images are very simi-
lar to the labels of the classifier trained with all manually labelled training images. The
AL procedure gives the RMSE of 0.68, the accuracy of 72.13%, the FPR of 28.99%
and the TPR of 73.05%. In 20 training cycles, the number of labelled training images is
increased from 9 to 189. Since the FPR value is below the “ideal” value, 2.89% fewer
test images are falsely given a positive label. As mentioned above, the active learning
process does not result in any improvement in the true positive rate. Thus, the TPR
value is below 74.25%. Consequently, this classifier would cause further costs since
fewer test images of acceptable quality will receive correctly a positive label.
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PC, results after termination of the AL process: 6; = 0.7, initial training set size: 2%

Manually 1 Manually 2 Manually 3 Manually 4 Manually 5
61 929 — 90+ — 16+ — 14 —
34 46+ - 45+ 81 | || 8

O T O T O T T 0 O T T
12345 12345 12345 12345 12345

Manually UAC Manually AC Class allocation:
98 122+ RMSE: 0.68

Wrongly classified: 114 images
494 61 Correctly classified: 191 images

Assessment of the image quality
0 0 Wrongly classified: 85 images
UAC AC UAC AC Correctly classified: 220 images
Accuracy: 72.13%, FPR: 28.99%, TPR: 73.05%

Figure 149: AL, PC for the distortion and double image dataset: possible
labelling of the test images, 6; =0.7

The experimental evaluation shows that the more labelled training images are available,
the more similar the results obtained to the “ideal” results. Depending on the thresholds,
the AL procedures may even lead to accuracies that slightly exceed the “ideal” accura-
cy. This indicates that the proposed algorithm selects those training samples, which
improve the recognition behaviour in an advantageous manner.

Finally, the active learning behaviour of a 2-class 2" order classifier in the 2-principal
component space is investigated. If all training images are labelled in advance, the
area under the ROC curve is 0.69. The results obtained for the test images are sum-
marised in Figure 150. Here, the threshold 6. is set to 0.2. Thus, an informative training
sample is detected if the difference between the largest and the second largest class
probability is less 20%.

2-class PC: resulting AUC values after termination of the AL process:
The curve shows the average values and the standard deviations over 30 runs.

AUC
Selection criteria:
0.67 difference between the larg-
% est and the second largest
0.65- class probability < 62; 62=0.2
0.634

0.5% 2% 5%
Initially labelled images

Figure 150: AL, 2-class PC: results for the distortion and double image dataset
6:=0.2

The experimental evaluation shows that the proposed active learning approach gives
an AUC value that is on average slightly lower than that of a classifier using all manual-
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ly assigned class labels. If the manual labelling effort is reduced to some informative
training images, the classifier is still able to generalise well to the unknown test images.

K-nearest neighbour classification:

The active learning behaviour of the nearest neighbour classifier is investigated for
k =1 in the 13-principal component space. If all labelled training images are available
in advance, the classifier achieves the RMSE of 0.43, the accuracy of 91.48%, the FPR
of 11.59% and the TPR of 94.01%. A training image needs to be labelled by the Oracle
if the distance to the next training sample is greater than the threshold distance. The
threshold distances are already determined in chapter 7.5.3; see Table 39.

The results after completion of the active learning process are summarised in the ap-
pendix A.39; see Figure 244 and Figure 245. If the minimal threshold distances are
applied as selection criteria for the active learning process, almost 300 images must be
labelled manually. Therefore, classification results are achieved that are very similar to
the result of a classifier that uses all manually assigned class labels. If the threshold
distances are extended, fewer training images need to be labelled by the Oracle. If the
mean threshold distances are applied, the kNN still provides good accuracy values. In
contrast, if the maximal threshold distances are used, too few labelled training images
are available to achieve good classification results.

By the way of example, the learning behaviour of the classifier is investigated for an
initial training set size of 5% and mean threshold distances, as shown in Figure 246 in
the appendix A.40. In 22 training cycles, the number of labelled training images is in-
creased from 18 to 216. The learning curves show after each training cycle that the
average RMSE and the average FPR values decrease and the average accuracy and
the average TPR values increase. The average gain in accuracy is 29.16%. In 3 out of
30 runs, the accuracy obtained by active learning exceeds the “ideal” value. The class
assignments of the test images for a single run are shown in Figure 151.

kNN, results after termination of the AL process: € = mean distances, initial training set size: 5%
Manually 1 Manually 2 Manually 3 Manually 4 Manually 5
6 118 120 22 1
3 59 60 11
0 0 O G T T T T C T T T T
12345 12345 12345 12345 12345
Manually UAC Manually AC Class allocation:
1264 156 RMSE: 0.45
Wrongly classified: 40 images
63 78 Correctly classified: 265 images
Assessment of the image quality
0 0 Wrongly classified: 24 images
UAC AC UAC AC Correctly classified: 281 images
Accuracy: 92.13%, FPR: 9.42%, TPR: 93.41%

Figure 151: AL, kNN for the distortion and double image dataset: possible
labelling of the test images, 6= mean threshold distances
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Upon completion of the active learning process, the classifier gives the accuracy of
92.13%, the FPR of 9.43%, the TPR of 93.41% and the RMSE of 0.45. The accuracy is
0.65% higher, the FPR is 2.17% lower, and the TPR on the test images is equal to the
corresponding “ideal” values. The assignment of the test images is very similar to the
assignment of the classifier trained with all manually labelled training images. The test
images are mainly assigned to the desired rating class.

The experimental evaluation shows that the classifier trained with the active learning
process performs well on unseen data. Since for individual runs higher accuracy values
are obtained, the active learning process selects the most informative training samples
that advantageously improve the recognition behaviour. The manual labelling effort can
be reduced because the classifier is not overcharged with too many uninformative
training images.

Finally, the mapping rule of the NN is reduced to a 2-class problem. The learning be-
haviour of the 2-class classifier is investigated for different labelled training dataset
sizes in the 13-dimensional component space. If all manually labelled training images
are available, the classifier reaches an area under the ROC curve of 0.86. An informa-
tive training image is manually labelled and transferred into the training dataset if the
distance to the nearest reference pattern is less than the mean assignment distance 6.
Figure 152 shows the average AUC values and the standard deviations over 30 runs.
The diagram shows that the average AUC values are greater than 0.88. Regardless of
the number of training images initially labelled, the AUC values obtained for each run
are above the "ideal" value. AUC values even above 0.9 can be obtained for certain
runs. Thus, the active learning algorithm is able to select the most informative training
images and to generalise to unknown data.

2-class NN: resulting AUC values after termination of the AL process:
The curve shows the average values and the standard deviations over 30 runs.

AUC
0.891 % % % Selection criteria:
0.88- assignment distance > 6,
’ 0= mean threshold distance
0.87

0.5% 2% 5%
Initially labelled images

Figure 152: AL, 2-class kNN: results for the distortion and double image
dataset, §= mean threshold distance

Learning vector quantisation:

The active learning behaviour of the LVQ is investigated. The LVQ uses 103 prototypes,
which are determined by the LVQ1 learning rule. If all manually labelled training images
are used to determine the prototypes the RMSE of 0.56, the accuracy of 85.90%, the
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FPR of 13.77%, and the TPR of 85.63% are obtained. A training image is identified as
informative if the distance to the next prototype is greater than a threshold distance.
The threshold distances are already determined in chapter 7.5.3; see Table 40. It is
important to note that all investigations are all based on the same prototype initialisa-
tion.

The obtained results after completion of the AL process are summarised in the appen-
dix A.41, see Figure 247 and Figure 248. When applying the minimal or the mean
threshold distances, the active learning process results in accuracies and TPR values,
which are higher than the corresponding “ideal” values. Likewise, the RMSE values are
lower than 0.56. If the minimum threshold distance is applied and the size of the initial
training set is set to 5%, the classifier achieves the average FPR that is below 13.77%.
If the maximal threshold distances are applied, the results obtained are far away from
the “ideal” results that could be explained by too few labelled training images.

The learning behaviour of the classifier is exemplarily investigated for an initial training
set size of 2% and maximal threshold distances. The learning curves are shown in the
appendix A.42; see Figure 240. In 17 training cycles, the number of labelled training
images is increased from 9 to 162. The average RMSE and FPR values decrease
while the average accuracy values and the average TPR values increase after each
training cycle. After 12 training cycles, the accuracy obtained by active learning ex-
ceeds the “ideal” value. The average achieved gain in accuracy amounts 10.26%.
Likewise, after 5 training cycles, the average TPR exceed 85.63% and the average
RMSE values fall below 0.56 after the 12™" training cycle. The average FPR values are
not below the “ideal” value. A possible labelling of the test images for a single run is
shown in Figure 153.

LVQ, results after termination of the AL process: §= mean distances, initial training set size: 2%
Manually 1 Manually 2 Manually 3 Manually 4 Manually 5
3 112 122 16 1
. 56 61 8
G T T O O T T T T T T T T O T T T T
12345 12345 12345 12345 12345
Manually UAC Manually AC Class allocation:
118 156 RMSE: 0.53
Wrongly classified: 54 images
59- 78 Correctly classified: 251 images
Assessment of the image quality
0 —_— 0 Wrongly classified: 32 images
UAC AC UAC AC Correctly classified: 273 images
Accuracy: 89.51%, FPR: 14.49%, TPR: 92.81%

Figure 153: AL, LVQ for the distortion and double image dataset: possible
labelling of the test images, = mean threshold distances

The accuracy of the test images is 3.61% higher than that of a classifier using all man-
ually assigned class labels. Likewise, the TPR is 7.18% higher than the “ideal” value.
The active learning process tends to reduce costs since fewer vehicles with an ac-



Development of an assessment algorithm
182

ceptable image quality would be mistakenly sent to rework. In contrast, the FPR is
0.72% higher than the “ideal” value and more vehicles with an unacceptable image
quality would wrongly reach the customers. Overall, the labelling of the test images is
very similar to the results obtained with all labelled training images.

In general, the experimental evaluation shows that the classifier trained by an active
learning process is able to perform well on images that are not presented during train-
ing. Selecting the most informative training images may even lead to classifier accura-
cies that exceed the “ideal” value. Thus, the number of examples for learning the rela-
tionship between the labels and the objective features can be less than the number
required for passive supervised learning.

Finally, the AL behaviour of the 2-class LVQ is investigated. The 2-class LVQ is based
on 103 prototypes, which are determined by the LVQ1 learning rule. The mean thresh-
old distances @ are applied to check if the training image needs to be labelled manually.
After each training cycle, the FPR and TPR values are calculated by varying the num-
ber m of the k-nearest prototype vectors required to classify a test image as AC. The
average AUC values and the standard deviations over 30 runs are shown in Figure 154.
For this purpose, the number of considered nearest prototype vectors is set to k = 10.

2-class LVQ: resulting AUC values after termination of the AL process:
The curve shows the average values and the standard deviations over 30 runs.

AUC
0.601 Selection criteria:
assignment distance > &
0.401 6= mean threshold distance
0.20

0.5% 2% 5%
Initially labelled images

Figure 154: AL, 2-class LVQ: results for the distortion and double image
dataset, 8= mean threshold distance

In summary, the diagram shows that the “ideal” AUC value of 0.72 cannot be reached.
The resulting areas under the ROC curves are in some cases well below the “ideal”
value. Depending on the initially labelled training images, AUC values less than 0.30
are achieved. This low value indicates that the test images are mainly wrongly classi-
fied. Perhaps the classifier approximates random noise rather than the correlation be-
tween the feature vectors and the manual labels.

Summary of the obtained results:

The experimental evaluation shows that the training set of the distortion and double
image dataset contains some uninformative images, which adversely affect the classifi-
cation accuracy. Depending on the thresholds and the initially labelled training images,
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the PC and the kNN achieve accuracy values that slightly exceed the corresponding
“ideal” values. Likewise, the manual labelling effort can be reduced if the active learn-
ing process is applied to the LVQ. Thus, higher accuracy values can be obtained by
using the most informative images for training. If classification problem is reduced to a
2-class assignment task, the polynomial classifier can still generalise well to images not
presented during training. In addition, the 2-class kNN can select the most informative
training images and apply the acquired knowledge to unlabelled test images. In con-
trast, the “ideal” area under the ROC curve is not achieved if the active learning ap-
proach is applied to the 2-class LVQ.
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7.7 Realisation possibilities in the production line

The previous chapters show that classification methods are better suited to assess
combined aberration types than the standard method. Therefore, the aim is to imple-
ment the classification methods in the production line. This chapter identifies common
issues that should be considered before the classification methods can be implement-
ed in the production plant.

First, it has to be clarified whether a passive or a learning algorithm is preferable. The
passive algorithm is initially trained with all available labelled training images. During
the use in the production line, the algorithm would not learn something new. The HUD
image quality of each vehicle would be assessed regardless of the reliability of the rat-
ing. Since there is no possibility to identify unreliable assessments, the passive algo-
rithm is not recommended. There are two possibilities are conceivable for implementing
a learning algorithm, namely semi-supervised or active.

The semi-supervised algorithm uses its own predictions to teach itself. In the produc-
tion plant, the image quality evaluation would proceed as follows. A classifier trained on
the assessment task is introduced to the production line. If the classifier detects a vehi-
cle for which the probability of a correct label is high, the labelled image is transferred
to the training set and a new training cycle is initiated. On the other hand, if the algo-
rithm recognises a vehicle for which the classifier is not sure how to assess the image
quality, the vehicle does not receive a label. In addition, the vehicle would be excluded
from the production cycle as long as the classifier cannot reliably capture the image
quality. Since vehicles could be excluded from the production cycle, this procedure is
not recommended.

In contrast, the implementation of the active learning algorithm is recommended. The
active learning algorithm can interactively query for the right label. Again, a trained
classifier would be transferred to the production line. If the classifier detects a vehicle
for which the image quality is most likely be misjudged, the algorithm asks the devel-
opment engineer for the right label. Based on the reported label, the classifier transfers
the image into the training dataset and intends a new training cycle. Thus, the algo-
rithm would be able to adjust itself to a changing classification task. If the algorithm is
very confident that the assigned label is correct, the algorithm does not ask for the right
label and no new training cycle is intended. Thus, the classifier would also be able to
adapt to new classification tasks that may occur, for example, when starting a new
model series.

In addition, the selection of the most appropriate classifier type depends on the re-
quired accuracy and the maximum complexity. In general, the computational complexi-
ty of the LVQ and the PC remains the same regardless of the number of labelled train-
ing images. The complexity of the polynomial classifier is characterised by the polyno-



Development of an assessment algorithm
185

mial order. Since the polynomial order is not influenced by the number of labelled train-
ing images, the complexity of the PC remains the same. Likewise, the calculation effort
of the LVQ is determined by the number of prototypes. Since the number of prototypes
is not changed during training, the complexity of the LVQ is independent of the training
set size. In contrast, the KNN becomes computationally complex as the number of
training samples increases. Since the classifier uses all training samples as a reference,
the calculation effort increases with the number of labelled training images. This can
become a problem since in the length of a production-cycle is fixed and the time for
each cycle is limited. Therefore, the implementation of the kNN classifier is not recom-
mended.

In general, a classifier type that which minimises the false positive rate (FPR) is rec-
ommended for the HUD image assessment of high-end vehicles in the luxury segment.
Therefore, a classifier type should be chosen that is able to detect as many vehicles as
possible that are not suitable for the customer. The secondary objective is to reduce
the rework costs as much as possible. These costs increase when customer suitable
vehicles are mistakenly sent to rework because they are incorrectly given a negative
label by the classifier. Thus, a high true positive rate (TPR) of the classifier is expected.
Unfortunately, the choice of the most suitable classifier type is often a compromise be-
tween a low FPR and a high TPR.

Distorted HUD images can be easily corrected by image warping. This indicates that a
lower TPR can be accepted since the rework costs are low. In contrast, distortions are
perceived before double image are recognised. This leads to the demand for a low
FPR to ensure that only images without distortions reach the customer. Therefore, a
classifier should be chosen that has a lower FPR rate than the limit analysis. Since the
limit value analysis already has a very low FPR of 2.67%, only the polynomial classifier
should be considered. The 2-class PC (4" order, 3 principal components, ¢=0.1)
achieves the FPR of 1.38% for the distortion dataset. Here, only 1.38% of the images
that are manually labelled as unacceptable would wrongly receive a positive label.
Likewise, the TPR of 46.98% and the accuracy of 67.78% are achieved. Both values
are higher than the values obtained by the limit value analysis. Nevertheless, 53.02%
of all costumer suitable vehicles would be mistakenly sent to rework. However, this
could be accepted since the effort in the rework process is low.

Double images cannot be corrected. If occurring double images are perceived as an-
noying, the windscreen needs to be replaced. This procedure is very time consuming
and costly. Therefore, it must be avoided in any case that the windscreen is mistakenly
replaced if the vehicle does not show double images. Thus, the classifier has to
achieve a very high TPR value. Even if the customers perceive double images, they
will not accept it and complain about a headache and eyestrain. Therefore, only vehi-
cles without double images should reach the customer and the classifier must receive a
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very low FPR. This conflict between a low FPR and a high TPR is best solved by the 2-
class polynomial classifier. For the double image dataset, the PC (2" order, 2 principal
components, ¢= 0.6) achieves the FPR of 1.36%, and the TPR of 97.18%. The per-
centage of correspondence between the received labels and the reality is 97.78%. This
classifier could easily replace the limit analysis.

If the combination of acceptable distortions and acceptable double images is perceived
as not customer suitable, a separate check is made for each vehicle to decide what to
do. Either the windscreen is changed or the image is corrected by warping. Again, this
is very time consuming and expensive. To minimise these costs, vehicles with an ac-
ceptable image quality should not be mistakenly sent to rework. The classifier must
achieve a very high TPR value. Furthermore, again a low FPR value must be obtained,
because no vehicles with an unacceptable image quality should reach the customers.
For the distortion and double image dataset, it is difficult to implement a classifier,
which satisfies both requirements. The best compromise is achieved by the LVQ (257
prototypes trained by the LVQ1 learning rule). Here, the FPR of 13.04%, the TPR of
89.82%, and the accuracy of 88.52% is obtained. This result is not ideal but obviously
exceeds the result of the limit analysis.
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This thesis describes a new method to evaluate the perceived quality of HUD im-
ages. The HUD supports as HMI component the primary driving task. HMI components
must meet the highest quality standards in order not to interfere with the driving task.
The idea of the head-up display is to have all relevant information directly in the field of
vision while driving. The HUD consists of a picture generation unit and complex mirror
optics. The generated light rays are reflected by the mirrors and the windscreen. Due to
the optical perception, the virtual image seems to float just above the hood. The quality
of the virtual images is affected by assembly tolerances of the head-up display in the
dashboard, the windscreen in the vehicle and by a poor production of the components
involved. In this thesis, various aberration types such as distortions and double images
are considered. Distortions describe the difference between the actual and the desired
image geometry. Double images arise because the light is reflected at the inner and
outer sides of the windscreen.

The assessment of the perceived image quality is done gradually. First, the perception
of distortions and double images is assessed separately, since the different aberration
types can be corrected by different measures. Only when the separate analysis of dis-
tortions and double images is successful, the combination of both aberration errors is
assessed. The implementation of the assessment algorithm is based on 136305 imag-
es (71895 distorted images, 64410 images with different double images), which are
specially generated for this work in the existing laboratory setup of the Daimler AG. The
images show an already established test pattern, consisting of 9 x 21 measuring marks,
which can be detected by accurate and robust image processing routines. The results
of the image processing routines are transferred into 21 objective features, which nu-
merically capture the occurring aberration errors. 13 objective features are needed to
describe occurring distortions. The remaining 8 objective features capture appearing
double images. The main task of the assessment algorithm is to approximate the un-
derlying relationship between the objective features and the subjective impression.

The subjective impression is recorded by the double-stimulus impairment scale method.
This method is usually used to assess the subjective perception of television images.
For this work, the method is now adapted to quantify the perceived quality of HUD im-
ages. The overall impression is rated according to the 5-grade impairment scale. For
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this thesis, 12 test persons, who drive daily several kilometres and are enthusiastic
about technology, label representative images.

The standard procedure for determining the customer suitability of HUD images is the
limit analysis. The aim is to define ergonomic limits for the objective features. Compli-
ance with these limits ensures an impairment-free reading of the information in the vir-
tual image. The standard method has a big weakness. Even simple combinations of
various aberration types cannot be assessed. Therefore, classification methods are
applied which no longer show this weak point. Classification tasks are divided into the
training and the testing phase. In the training phase, the relationship between the sub-
jective labels and the objective feature vectors is detected. Therefore, a training set
consisting of representative labelled images is necessary. In the testing phase, the
trained algorithm is used to label unlabelled test data. This determines how well the
classifier performs on unseen data. Here, the kNN (k-nearest neighbour classifier), the
LVQ (learning vector quantisation) and the PC (polynomial classifier) are implemented
as assessment algorithms.

The kNN classifier uses reference patterns to classify an unlabelled image. The com-
plete training data are used as reference. The class assignment of an unknown image
is determined by the class labels of the nearest reference images. The LVQ uses pro-
totype vectors to classify unlabelled images. After training, the prototype vectors ap-
proximate the underlying distribution of training samples. According to the competitive
winner-takes-it-all strategy, an unlabelled input sample is assigned to the same class to
which the nearest prototype vector belongs. The PC adapts the relationship between
the subjective labels and the objective features to decision equations. An unlabelled
image is assigned to the class which the highest probability.

The selection of the representative training images is done by clustering methods. Dur-
ing clustering, similar images are grouped. The aim is that each group contains only
images with the same subjective assessment. In addition, the labels of a single image
should correspond to the labels of all other images in the same group.

Some preliminary investigations show that only 5 objective features are needed to de-
scribe the perceived difference in distorted HUD images. In contrast, all 8 characteristic
features are needed to describe the subjectively perceived difference between double
images. The images are sorted correctly if the maximum difference of the relevant fea-
ture values within the clusters is less than 1 HUD pixel. If a suitable cluster solution is
found, it is assumed that the representative images are close to the cluster centres.
Thus, the distortion dataset and the double image dataset include 1006 and 345 imag-
es, respectively. In addition, each dataset includes 360 test images that are randomly
selected from the available images. The images of the datasets are manually labelled
by 12 test persons. Then the dataset for the combined aberration types is determined,
comprising of 303 training images and 305 test images, which are also labelled by the
12 test persons.
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Based on the labelled training images, the simple limit analysis is implemented first.
The distortion dataset achieves the accuracy of 56.11%, the FPR of 2.76% and the
TPR of 28.37%. The accuracy of 89.44%, the FPR of 8.16% and the TPR of 87.79%
are obtained for the double image dataset. The distortion and double image dataset
achieves the accuracy of 67.21%, the FPR of 55.80% and the TPR of 86.23%. In the
second step, supervised learning methods are applied and checked whether these
methods are more suitable for estimating the subjectively perceived image quality.

For the distortion dataset, classifiers can be implemented that achieve a higher accura-
cy than the standard method. These classifiers are, for example, the 2" order PC in
the 10-dimensional feature space, the kNN classifier for k = 1 and 3 principal compo-
nents, and the LVQ for 165 prototypes trained by the LVQ1 learning rule. The highest
accuracy of 88.06% is achieved by the LVQ, followed by the PC with the accuracy of
83.89%, and the accuracy of the kNN classifier is 57.22%. Thus, the supervised learn-
ing algorithms, especially the LVQ and the PC are able to assess combinations of vari-
ous distortion types. In addition, the proposed PC and LVQ algorithms achieve TPR
values greater than 99%. Unfortunately, both classifiers give FPR values of more than
29%. In contrast, the proposed kNN classifier gives the FPR of 6.21%, but also the low
TPR of 32.56%. Here, the choice of the appropriate assessment algorithm is a com-
promise between a high TPR and a low FPR.

Similar results are also obtained for the double image dataset. The highest accuracy of
95.28% is achieved by the nearest neighbour classifier in the 7-dimensional feature
space, taking into account 3 nearest neighbours. This classifier also achieves the FPR
of 0.68% and the TPR of 92.49%. Thus, this classifier yields better results for the given
classification problem than the limit analysis. Likewise, the 3™ order PC in the 2-
dimensional feature space achieves the accuracy of 90.00%. These classifier types are
able to assess the combination of various double image types very well. The accuracy
obtained for the LVQ algorithm is 83.06%. This value is below the accuracy of the limit
analysis. Thus, the LVQ is less suitable for the given classification problem.

For the distortion and double image dataset, the kNN classifier achieves the accuracy
of 91.48%, the FPR of 11.59%, and the TPR of 94.01% for k = 1 and 13 principal com-
ponents. Thus, this classifier is able to reliably assess the combination of various aber-
ration types and is thus better suited for the given classification problem than the limit
analysis. The 1%t order PC yields the accuracy of 71.48% in the 20 principal compo-
nents space. The corresponding FPR and the TPR are lower than the values obtained
from the standard method. By implementing the LVQ, classifiers can be determined
that achieve lower FPR values than the standard method. If the number of prototypes
is chosen to be large enough, TPR values are also obtained that are higher than the
TPR of the limit analysis.

As a general result, the experimental evaluation shows that classification methods are
well suited to assess the subjectively perceived quality of HUD images. Depending on
the classifier type, higher accuracy values are obtained on the test images than for the
limit value consideration. Thus, the supervised learning methods appear to be able to
assess combinations of various aberration types.
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In the next step, the classification rule is reduced to a 2-class problem, as is the case
with the limit analysis. The customer suitability of the HUD images is only assessed as
acceptable (rating classes 3, 4 and 5) or unacceptable (rating classes 1 and 2). By var-
ying the classification parameters, the receiver operator characteristic, the so-called
ROC curve, of the classifier is determined. The ROC curve is interpolated by plotting
the TPR against the FPR. The closer this curve is to the upper left corner, the larger
the area under the curve (AUC), and the better the performance of the classifier.

The obtained ROC curves of the classifiers show that the choice of the most suitable
classifier is a compromise between a high TPR and low FPR. For the distortion dataset,
the 2-class classifiers achieve AUC values greater than 0.86. Depending on the classi-
fication parameters, these classifiers reach better classification results than the stand-
ard limit consideration. AlImost perfect ROC curves are obtained for the double image
dataset. Here, the 2-class classifiers reach AUC values greater than 0.96. Depending
on the selected parameters, the classifiers work more accurately than the limit analysis.
In contrast, for the distortion and double image dataset, only the 2-class LVQ can
achieve better results than the limit analysis. For this classifier type, an area under the
ROC curve of 0.72 is obtained.

The classifiers used require a large number of labelled training samples in order to ob-
tain a comprehensive and generalising recognition behaviour. However, the manual
labelling of large training datasets is costly and time-consuming. Therefore, the semi-
supervised learning (SSL) rule is applied to selected classifiers. It is investigated if the
manual labelling effort can be reduced by combining labelled and unlabelled training
images. SSL is an iterative procedure in which the learning process uses its own pre-
dictions to teach itself. Here, different criteria are applied for the rejection or the ac-
ceptance of the autonomously generated labels for unlabelled images. All accuracies
on the test set are compared to the accuracy of an “ideal’ classifier trained with all
available manually labelled training samples.

The experimental evaluation shows that unlabelled data, when used in conjunction with
a small amount of labelled data, can lead to an improvement in the classification quality.
The reason could be that the SSL process attempt to avoid the use of poorly labelled
training samples. Those samples are selected that improve the recognition behaviour
in an advantageous manner. Thus, the manual label effort can be significantly reduced
without a loss of classification quality. Depending on the dataset, the classifiers have
different learning behaviours.

The distortion dataset implies that the PC and the kNN classifiers yield accuracy values
that exceed the corresponding values of an “ideal” classifier trained with all available
labelled training samples. For example, if the size of the initially labelled training set is
set to 40%, the PC reaches achieves the accuracy of 85.28% and the kNN an accuracy
of 63.06%, depending on the criteria applied. Similar results are obtained for the double
image dataset. The PC shows a good learning behaviour. Depending on the applied
criteria, accuracy values exceeding the “ideal” value are achieved. If the size of the
initial training set is set to 15%, the accuracy of the PC is 98.06%. For the distortion
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and double image dataset, the LVQ classifier shows a good learning behaviour. Here,
the SSL process results in accuracy values that exceed the “ideal” value, depending on
the applied criteria. If the initial training set size is set to 35%, the LVQ reaches an ac-
curacy of 87.54% after completing the SSL process.

For the distortion dataset, only the 2-class PC achieves higher AUC values with a small
amount of manually labelled training images. For the 2-class kNN and the 2-class LVQ,
a reduction in the area under the ROC curves must be considered when reducing the
manual labelling effort. If the allocation task of the double image dataset is limited to
acceptable or unacceptable, the 2-class classifiers achieve AUC values that are below
the “ideal” values. Here, the manual labelling effort can only be reduced if a decrease
in the AUC values can be accepted. For the distortion and double image dataset, only
the 2-class LVQ can better evaluate the HUD image quality with a small number of
manually labelled images than the “ideal” classifier

Finally, it is checked if the labelling effort can also be reduced by an active learning (AL)
procedure. An active learning algorithm can select the most informative training images
that are manually labelled by an Oracle and transferred to the training dataset. In this
thesis, different criteria, for ignorance or query for the right class label, are applied.

The experimental evaluation shows that the AL process can lead to an improvement in
the classification quality when using the most informative training samples. During the
AL process, the manual labelling effort can be reduced to some informative training
images. The training sets probably include many uninformative images. Since the AL
process gives higher recognition accuracies than classifiers trained with all labelled
training images, the uninformative images adversely affect the classification accuracy.
The classifiers seem to be overcharged with the uninformative images.

For the distortion dataset, the PC provides the TPR of 100%, and the accuracy of
86.11%, depending on the criteria for the query for the right label. If the kNN and the
LVQ are allowed to select the most informative training images, accuracy values of
65.28% and 89.17% are also obtained on the test images. For the double image da-
taset, the classifiers show different learning successes. In the course of the AL process,
the recognition accuracies of the PC and the kNN increase. However, the “ideal” values
are not or only just reached. Therefore, the 2 classifiers are barely able to extract suffi-
cient information to generalise to unknown data. In contrast, the LVQ algorithm pro-
vides the recognition accuracy of 85.28%, which is higher than the “ideal” value, de-
pending on the applied criteria. Similarly, the distortion and double image dataset
includes many uninformative images. Depending on the active learning criteria used,
the PC gives the accuracy of 72.79%, the kNN the accuracy of 92.13%, and the LVQ
the accuracy of 89.51%. Thus, the accuracy values of these classifiers exceed the cor-
responding “ideal” values.

When classification problem is reduced to a 2-class assignment task, the classifiers for
the distortion dataset and the double image dataset do not seem to be able to identify
the most informative training images. On average, the “ideal’” areas under the ROC
curves are not achieved and the labelling effort can only be reduced if a decrease in
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the recognition accuracy can be accepted. In contrast, the 2-class PC and the 2-class
kNN for the distortion and double image dataset are still able to generalise well to im-
ages not presented during training.

Since the classification methods are well suited to assess combinations of different
aberration types, the implementation in the production line seems to make sense. It is
recommended that an active learning algorithm should be implemented in order to be
able to adapt the algorithm to changing classification tasks. The choice of the most
suited classifier type depends on the required accuracy and the maximum complexity.
The computational complexity of the LVQ and the PC remains the same regardless of
the number of labelled training images. In contrast, as the number of training samples
increases, the KNN becomes more and more complex. Since the length of a production
cycle is fixed and the time for each cycle is limited, the implementation of the kNN clas-
sifier does not seem sensible.

To assess the HUD image quality of vehicles in the luxury segment, it is necessary to
implement classifiers that minimize the FPR value. This is because the number of vehi-
cles with an unacceptable image quality that reach the customers should be as low as
possible. For the distortion dataset, the 2-class PC seems to be best suited. Here, the
classifier achieves the FPR of 1.38% and the TPR of 46.98%. The low TPR could be
accepted because the effort in the rework process is low. For the other datasets, classi-
fiers are intended that achieve both a high TPR and a low FPR. The requirement for
the high TPR is based on the time consuming and costly rework process. The conflict
between a low FPR and a high TPR is best resolved for the double image dataset by
the 2-class PC. The 2-class PC achieves the FPR of 1.36% and the TPR of 97.18%.
The best compromise for the distortion and double image dataset is achieved by the
LVQ. Here the FPR of 13.04% and the TPR of 89.82% are obtained.

Thus, an assessment system could be implemented that supports the production pro-
cess and contributes to the business objective, which requires that only high-quality
vehicles should leave the production line.

Future work could be the development of an “ensemble” of 2 or 3 different classifiers,
with the aim of further improving the classification accuracy. In addition, the learning
behaviour of the active learning algorithms should be improved by a special adaptation
of the threshold criteria. Finally, the evaluation algorithm should be extended to uncon-
sidered aberrations such as astigmatism, dynamic variance, and binocular misalign-
ment.

Since it is shown that classification methods are better suited to assess the perceived
image quality than the standard method, the ultimate goal is the implementation of the
classification methods in the production line.
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Chapter

A.1 Used abbreviations

AC............ Acceptable image quality
AL............. Active learning

ALM .......... Acceptance limit

AUC.......... Area under curve

FPR .......... False positive rate
HMB.......... Head motion box
HMI........... Human-machine-interface
HUD.......... Head-up display

LVQ.......... Learning vector quantisation
NN ............ Nearest neighbour classifier
PC............ Polynomial classifier
PCA.......... Principal component analysis
PLM.......... Perceptual limit

PVB .......... Polyvinyl butyral

RMSE ....... Root mean square error
ROC.......... Receiver operator characteristic
SL.eiee Supervised learning
SSL........... Semi-supervised learning
TPR.......... True positive rate
UAC.......... Unacceptable image quality

UL............. Unsupervised learning



Appendix

A.2 Frequency distribution diagrams for distortion types

71895 images are available for the investigation of distortion. To get an overview of
occurring distortion type sizes, the frequency distribution diagrams are shown in Figure
155. In addition, the perception limits for each distortion type are highlighted. The per-
ception limits are introduced in Table 5.

Rotation [no. 3.1] Misalignment [no. 3.2] Misalignment [no. 3.3]
4.10* 4.10*
2.10% 2-104:1
0 0
4 0 4 -5 0o 2 -2 0 2
Min | Max | Mean Std Min | Max | Mean Std Min | Max | Mean Std
-4 4 -0.12 1.42 -5 2 -0.31 1.01 -2 2 -0.18 0.66
Smile [no. 3.6] Smile [no. 3.7] Smile [no. 3.8]
3104 : i 2.104 i H 8:-10% ¢
1.5-10* 1-104 41044
0 0 ok
-3 0 3 -4 0 4 -1 0 1
Min | Max | Mean Std Min | Max | Mean Std Min | Max | Mean Std
-3 3 -0.19 0.99 -4 4 -0.06 1.19 -1 1 0.03 0.21
Trapeze [no. 3.4] Trapeze [no. 3.5]
3.104 6-10%-
1.5.103 3-10%1
0 0 t
-1 0 1 -1 0 1 e : Limit of perception
Min | Max | Mean | Std Min | Max | Mean | Std == Occurrence
-2 1 -0.06 0.77 -1 2 0.79 0.56
Enlargement [no. 2.1] Enlargement [no. 2.2] The values are given in
3.10% 3.10%1 HUD pixels and rounded to
full numbers.
1.5.10* 1.5-10%
0 0 T
0 3 6 0 2 4
Min | Max | Mean Std Min | Max | Mean Std
0 6 2.87 1.04 0 4 1.54 0.66
Adjusted in width [no. 1.1] Adjusted in height [no. 1.2] Aspect deviation [no. 1.3]
12:10%%; 6-10° 7-10°
6103 3103 3.5.103
oL 0 : 0
-15 0 11 -10 0 9
Min | Max | Mean Std Min | Max | Mean Std Min | Max | Mean Std
-6 9 1.64 2.48 -15 11 -0.89 5.34 -10 9 -0.98 4.16

Figure 155: frequency distribution diagrams for distortion
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A.3 Frequency distribution diagrams for double image types

64410 images could be used for the assessment of double images. To get an overview
of occurring double image sizes the frequency distribution diagrams are shown in Fig-
ure 156. Additionally, the perception limits for each double image type are highlighted.
The perception limits are introduced in Table 9.
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3104 : 18-10°8 ;
e 9403%
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0 0 f
0 2 46 810 0o 1 2 3 4
Min | Max | Mean Std Min | Max | Mean Std
0 11 2.25 0.96 0 4 1.81 1.09
Maximal vertical [no. 2.1] Mean vertical [no. 2.2]
4.10% S 6-10%+
2-104} ] 3-10%1
O T T 0
0 2 4 0 1
Min | Max | Mean Std Min | Max | Mean Std
0 5 1.57 0.53 0 1 0.08 0.27
95% vertical [no. 2.3] 80% vertical [no. 2.4]
4.10%+ 6-10%-
2.10%1 3-10%-
0 0
0 1 2 0 1 2
Min | Max | Mean Std Min | Max | Mean Std
0 2 1.44 0.53 0 2 0.97 0.20
------------- : Limit of perception The values are given in HUD
== : Occurrence pixels and rounded to full num-
bers.

Figure 156: frequency distribution diagrams for double images
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A.4 Distortion: examples of different rated images

An example image for each evaluation class is shown in Figure 157. For simplicity, the

images are shown inverted. The images labelled with 5, 4 or 3 are still classified as

acceptable and show minimal distortions. In contrast, the images labelled with 2 or 1

are classified as unacceptable and show clearly visible distortions.

Example image: labelled with 5 rating points
| ]

Example image: labelled with 4 rating points

Example image: labelled with 3 rating points
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Example image: labelled with 2 rating points

labelled with 1 rating point
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distortion: example images of different rating classes

Figure 157:
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A.5 Double images: examples of different rated images

An example image for each evaluation class is shown in Figure 158. For simplicity, the

images are shown inverted. The images labelled with 5, 4 or 3 are still classified as

acceptable and show minimal double images. In contrast, the images labelled with 2 or

1 are classified as unacceptable and show clearly visible double images.

Examplle image: IabeII(.ed with 5 rating points

Example image: labelled with 4 rating points
L]

Example image: labelled with 3 rating points
" m 8w

Example image: labelled with 2 rating points

Example image: labelled with 1 rating point

double images: example images of different rating classes

Figure 158:
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A.6 Distortion and double images: example images

An example image for each evaluation class is shown in Figure 159. For simplicity, the

images are shown inverted. The images labelled with 5, 4 or 3 are still classified as

acceptable. In contrast, the images labelled with 2 or 1 are classified as unacceptable.

Example image: labelled with 5 rating points
| ]

Example image: labelled with 4 rating points
L}

Example image: labelled with 3 rating points
" B ® ® & ® B & & =& @&

Example image: labelled with 2 rating points
]

Example image: labelled with 1 rating point

distortion and double images: example images

Figure 159:

of different rating classes
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A.7 SSL, PC: results for the distortion dataset

In the first step, a new label is accepted and added to the training set if the maximum
probability that the image belongs to the rating class is greater than the threshold 6;.
Here, 0;is setto 0.6, 0.7, and 0.8. The size of the initially labelled training images is set
to 10%, 15%, ..., 70% of all training images from each rating class, as shown in Table
32. The RMSE values and the classification accuracies after the termination of the SSL
process are summarised in Figure 160. Since the selection of the labelled training data
is done randomly, the average values and the standard deviations over 30 runs are
calculated. The x-axes represent the number of initially labelled images in the training
dataset and the y-axes the classification results.

Resulting RMSE and accuracy values after termination of the SSL process:
The curves show the average values and the standard deviations over 30 runs.
RMSE Selection criteria: maximum assignment probability > s = 0.6 Accuracy
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Figure 160: SSL, PC: results for the distortion dataset, 6y, part |
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The TPR and FPR values after the termination of the SSL process are summarised in
Figure 161. Since the selection of the labelled training data is done randomly, the aver-
age values and the standard deviations over 30 runs are calculated. The x-axes repre-
sent the number of initially labelled images in the training dataset and the y-axes the
classification results.

Resulting FPR and TPR after termination of the SSL process:
The curves show the average values and the standard deviations over 30 runs.
FPR Selection criteria: maximum assignment probability > s = 0.6 TPR
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Figure 161: SSL, PC: results for the distortion dataset, &, part Il
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In the second step, an autonomously labelled image is transferred into the training set
if the difference between the largest and the second largest class probability is greater
than the threshold @., which is set to 0.1, 0.2, and 0.3. Again, the size of the initially
labelled training images is set to 10%, 15%, ..., 70% of all training images, as shown in
Table 32. The RMSE values and the classification accuracies after the termination of
the SSL process are summarised in Figure 162. Since the selection of the labelled
training data is done randomly, the average values and the standard deviations over 30
runs are calculated. The x-axes represent the number of initially labelled images in the
training dataset and the y-axes the classification results.

Resulting RMSE and accuracy values after termination of the SSL process:
The curves show the average values and the standard deviations over 30 runs.
RMSE Selection criteria: probability difference > 62 =0.1 Accuracy
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Figure 162: SSL, PC: results for the distortion dataset, &, part |
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The TPR and FPR values after the termination of the SSL process are summarised in
Figure 163. Since the selection of the labelled training data is done randomly, the aver-
age values and the standard deviations over 30 runs are calculated. The x-axes repre-
sent the number of initially labelled images in the training dataset and the y-axes the
classification results.

Resulting FPR and TPR after termination of the SSL process:
The curves show the average values and the standard deviations over 30 runs.
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Figure 163: SSL, PC: results for the distortion dataset, &, part Il
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In the last step, both selection criteria are combined. An autonomously labelled image
is transferred into the training set if the class assignment probabilities fulfil both thresh-
old conditions simultaneously. The maximum probability that the image belongs to the
corresponding rating class has to be greater than the threshold 6; and the difference
between the largest and the second largest class probability must be greater than the
threshold #.. The RMSE values and the classification accuracies after the termination
of the SSL process are summarised in Figure 164. Since the selection of the labelled
training data is done randomly, the average values and the standard deviations over 30
runs are calculated. The x-axes represent the number of initially labelled images in the
training dataset and the y-axes the classification results.

Resulting RMSE and accuracy values after termination of the SSL process:
The curves show the average values and the standard deviations over 30 runs.
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Figure 164: SSL, PC: results for the distortion dataset, 8; AND 6, part |
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The TPR and FPR values after the termination of the SSL process are summarised in
Figure 165. Since the selection of the labelled training data is done randomly, the aver-
age values and the standard deviations over 30 runs are calculated. The x-axes repre-
sent the number of initially labelled images in the training dataset and the y-axes the
classification results.

Resulting FPR and TPR after termination of the SSL process:
The curves show the average values and the standard deviations over 30 runs.
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A.8 SSL, PC: learning curves for the distortion dataset

The learning curves for the distortion dataset for 40% manually labelled images are
shown in Figure 166. A new label is accepted and added to the training set if the max-
imum probability that the image belongs to the corresponding rating class is greater

than the threshold 6y, which is exemplarily set to 0.7.

Number of initially labelled training images: 40%.6: = 0.7
The curves show the average values and the standard deviations over 30 runs.
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Figure 166: SSL, PC: learning curves for the distortion dataset, 6;
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In the second step, if the difference between the largest and the second largest class
probability is greater than the threshold &, a new label is accepted and added to the
training set. Here, 6. is exemplarily set to 0.3. The corresponding learning curves for
40% manually labelled images are shown in Figure 167.

Number of initially labelled training images: 40%.62= 0.3
The curves show the average values and the standard deviations over 30 runs.
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Figure 167: SSL, PC: learning curves for the distortion dataset, 6>
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Finally, a new label is accepted and added to the training set if the maximum probabil-
ity that the image belongs to the corresponding rating class is greater than the thresh-
old & and if the difference between the largest and the second largest class probability
is greater than the threshold 6.. Exemplarily, the resulting learning curves for 40%

manually labelled images and 6; = 0.7 and &, = 0.2 are shown in Figure 168.

Number of initial labelled training images: 40%.6: = 0.7 AND 62=0.2
The curves show the average values and the standard deviations over 30 runs.
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A.9 SSL, kNN: results for the distortion dataset

During the SSL process, an autonomously labelled image is transferred into the train-
ing dataset if the distance to the nearest reference pattern is smaller than a given
threshold distance 6. Successively, the minimal, mean, and maximal determined dis-
tances, as shown in Table 33, are used as thresholds during the SSL process. The size
of the initially labelled training set is set to 10%, 15%, ..., 70% of all training images, as
shown in Table 32. Due to the random selection of the initially labelled training images,
the mean and the standard deviation over 30 runs are calculated. The RMSE values
and the classification accuracies after the termination of the SSL process are summa-
rised in Figure 169. The x-axes represent the number of initially labelled images in the
training dataset and the y-axes the classification results.

Resulting RMSE and accuracy values after termination of the SSL process:
The curves show the average values and the standard deviations over 30 runs.
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The TPR and FPR values after the termination of the SSL process are summarised in
Figure 170. Since the selection of the labelled training data is done randomly, the aver-
age values and the standard deviations over 30 runs are calculated. The x-axes repre-
sent the number of initially labelled images in the training dataset and the y-axes the
classification results.

Resulting FPR and TPR after termination of the SSL process:
The curves show the average values and the standard deviations over 30 runs.
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A.10 SSL, kNN: learning curves for the distortion dataset

The learning curves for the distortion dataset for 45% manually labelled images are
shown in Figure 171. A new label is accepted and added to the training set if the dis-
tance to the next training sample is smaller than the threshold distance.

Number of initially labelled training images: 45%.60= mean distances
The curves show the average values and the standard deviations over 30 runs.
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A.11 SSL, LVQ: results for the distortion dataset

During the SSL process, an autonomously labelled image is transferred into the train-
ing dataset if the distance to the nearest prototype is smaller than a given threshold
distance 6. Successively, the minimal, mean, and maximal determined distances, as
shown in Table 34, are used as thresholds during the SSL process. The size of the
initially labelled training set is set to 10%, 15%, ..., 70% of all training images, as
shown in Table 32. Due to the random selection of the initially labelled training images,
the mean and the standard deviation over 30 runs are calculated. The RMSE values
and the classification accuracies after the termination of the SSL process are summa-
rised in Figure 172. The x-axes represent the number of initially labelled images in the
training dataset and the y-axes the classification results.

Resulting RMSE and accuracy values after termination of the SSL process:
The curves show the average values and the standard deviations over 30 runs.
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The TPR and FPR values after the termination of the SSL process are summarised in
Figure 173. Since the selection of the labelled training data is done randomly, the aver-
age values and the standard deviations over 30 runs are calculated. The x-axes repre-
sent the number of initially labelled images in the training dataset and the y-axes the
classification results.

Resulting FPR and TPR after termination of the SSL process:
The curves show the average values and the standard deviations over 30 runs.
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A.12 SSL, LVQ: learning curves for the distortion dataset

The learning curves for the distortion dataset for 55% manually labelled images are
exemplarily shown in Figure 174. A new label is accepted and added to the training set
if the distance to the next training sample is smaller than the threshold distance.

Number of initially labelled training images: 55%. 6= mean distances
The curves show the average values and the standard deviations over 30 runs.
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A.13 SSL, PC: results for the double image dataset

In the first step, a new label is accepted and added to the training set if the maximum
probability that the image belongs to the rating class is greater than the threshold 6;.
Here, 0;is setto 0.6, 0.7, and 0.8. The size of the initially labelled training images is set
to 10%, 15%, ..., 70% of all training images from each rating class, as shown in Table
35. The RMSE values and the classification accuracies after the termination of the SSL
process are summarised in Figure 175. Since the selection of the labelled training data
is done randomly, the average values and the standard deviations over 30 runs are
calculated. The x-axes represent the number of initially labelled images in the training
dataset and the y-axes the classification results.

Resulting RMSE and accuracy values after termination of the SSL process:
The curves show the average values and the standard deviations over 30 runs.
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The TPR and FPR values after the termination of the SSL process are summarised in
Figure 176. Since the selection of the labelled training data is done randomly, the aver-
age values and the standard deviations over 30 runs are calculated. The x-axes repre-
sent the number of initially labelled images in the training dataset and the y-axes the
classification results.

Resulting FPR and TPR after termination of the SSL process:
The curves show the average values and the standard deviations over 30 runs.
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In the second step, an autonomously labelled image is transferred into the training set
if the difference between the largest and the second largest class probability is greater
than the threshold &., which is set to 0.1, 0.2, and 0.3. Again, the size of the initially
labelled training images is set to 10%, 15%, ..., 70% of all training images, as shown in
Table 35. The RMSE values and the classification accuracies after the termination of
the SSL process are summarised in Figure 177. Since the selection of the labelled
training data is done randomly, the average values and the standard deviations over 30
runs are calculated. The x-axes represent the number of initially labelled images in the
training dataset and the y-axes the classification results.

Resulting RMSE and accuracy values after termination of the SSL process:
The curves show the average values and the standard deviations over 30 runs.
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The TPR and FPR values after the termination of the SSL process are summarised in
Figure 178. Since the selection of the labelled training data is done randomly, the aver-
age values and the standard deviations over 30 runs are calculated. The x-axes repre-
sent the number of initially labelled images in the training dataset and the y-axes the
classification results.

Resulting FPR and TPR after termination of the SSL process:
The curves show the average values and the standard deviations over 30 runs.
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In the last step, both selection criteria are combined. An autonomously labelled image
is transferred into the training set if the class assignment probabilities fulfil both thresh-
old conditions simultaneously. The maximum probability that the image belongs to the
corresponding rating class has to be greater than the threshold 6; and the difference
between the largest and the second largest class probability must be greater than the
threshold #.. The RMSE values and the classification accuracies after the termination
of the SSL process are summarised in Figure 179. Since the selection of the labelled
training data is done randomly, the average values and the standard deviations over 30
runs are calculated. The x-axes represent the number of initially labelled images in the
training dataset and the y-axes the classification results.

Resulting RMSE and accuracy values after termination of the SSL process:
The curves show the average values and the standard deviations over 30 runs.
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The TPR and FPR values after the termination of the SSL process are summarised in
Figure 180. Since the selection of the labelled training data is done randomly, the aver-
age values and the standard deviations over 30 runs are calculated. The x-axes repre-
sent the number of initially labelled images in the training dataset and the y-axes the

classification results.

Resulting FPR and TPR after termination of the SSL process:
The curves show the average values and the standard deviations over 30 runs.
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A.14 SSL, PC: learning curves for the double image dataset

The learning curves for the distortion dataset for 15% manually labelled images are
shown in Figure 181. A new label is accepted and added to the training set if the max-
imum probability that the image belongs to the corresponding rating class is greater
than the threshold 6, which is exemplarily set to 0.6.

Number of initially labelled training images: 15%.6: = 0.6
The curves show the average values and the standard deviations over 30 runs.
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In the second step, if the difference between the largest and the second largest class
probability is greater than the threshold &, a new label is accepted and added to the
training set. Here, 6. is exemplarily set to 0.2. The corresponding learning curves for
20% manually labelled images are shown in Figure 182.

Number of initially labelled training images: 20%. 6> = 0.2
The curves show the average values and the standard deviations over 30 runs.
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Finally, a new label is accepted and added to the training set if the maximum probabil-
ity that the image belongs to the corresponding rating class is greater than the thresh-
old & and if the difference between the largest and the second largest class probability
is greater than the threshold 6.. Exemplarily, the resulting learning curves for 20%
manually labelled images and 6; = 0.6 and &, = 0.1 are shown in Figure 183.

Number of initially labelled training images: 20%.6: = 0.6 AND .= 0.1
The curves show the average values and the standard deviations over 30 runs.
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A.15 SSL, kNN: results for the double image dataset

During the SSL process, an autonomously labelled image is transferred into the train-
ing dataset if the distance to the nearest reference pattern is smaller than a given
threshold distance 6. Successively, the minimal, mean, and maximal determined dis-
tances, as shown in Table 36, are used as thresholds during the SSL process. The size
of the initially labelled training set is set to 10%, 15%, ..., 70% of all training images, as
shown in Table 35. Due to the random selection of the initially labelled training images,
the mean and the standard deviation over 30 runs are calculated. The RMSE values
and the classification accuracies after the termination of the SSL process are summa-
rised in Figure 184. The x-axes represent the number of initially labelled images in the
training dataset and the y-axes the classification results.

Resulting RMSE and accuracy values after termination of the SSL process:
The curves show the average values and the standard deviations over 30 runs.
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The TPR and FPR values after the termination of the SSL process are summarised in
Figure 185. Since the selection of the labelled training data is done randomly, the aver-
age values and the standard deviations over 30 runs are calculated. The x-axes repre-
sent the number of initially labelled images in the training dataset and the y-axes the
classification results.

Resulting FPR and TPR after termination of the SSL process:
The curves show the average values and the standard deviations over 30 runs.
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A.16 SSL, kNN: learning curves for the double image dataset

The learning curves for the distortion dataset for 35% manually labelled images are
shown in Figure 186. A new label is accepted and added to the training set if the dis-
tance to the next training sample is smaller than the threshold distance.

Number of initially labelled training images: 35%. 8= maximal distances
The curves show the average values and the standard deviations over 30 runs.
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A.17 SSL, LVQ: results for the double image dataset

During the SSL process, an autonomously labelled image is transferred into the train-
ing dataset if the distance to the nearest prototype is smaller than a given threshold
distance 6. Successively, the minimal, mean, and maximal determined distances, as
shown in Table 36, are used as thresholds during the SSL process. The size of the
initially labelled training set is set to 10%, 15%, ..., 70% of all training images, as
shown in Table 37. Due to the random selection of the initially labelled training images,
the mean and the standard deviation over 30 runs are calculated. The RMSE values
and the classification accuracies after the termination of the SSL process are summa-
rised in Figure 187. The x-axes represent the number of initially labelled images in the
training dataset and the y-axes the classification results.

Resulting RMSE and accuracy values after termination of the SSL process:
The curves show the average values and the standard deviations over 30 runs.

RMSE Selection criteria: assignment distance < &, # = maximal threshold distance Accuracy

SL
+0.82
-0.80
1.18
............... ) e = 0.78
d \'a N'g > \'a >
1.141
10% 20% 30% 40% 50% 60% 70%
RMSE Selection criteria: assignment distance < 8, 8= mean threshold distance = Accuracy
+0.85
‘ . | \ \ \ sL
r0.81
1.18
+0.79
< < > e D D ) Y & s +
<
1.141
10% 20% 30% 40% 50% 60% 70%
RMSE Selection criteria: assignment distance < 8, = minimal threshold distance oAé:é:uracy
1.18 080
O g
ST T T o
\'e
1.144
10% 20% 30% 40% 50% 60% 70%

Number of initially labelled images in the training dataset

—e— average recognition accuracy
& average RMSE values

Figure 187: SSL, LVQ: results for the double image dataset, part |



Appendix
A-35

The TPR and FPR values after the termination of the SSL process are summarised in
Figure 188. Since the selection of the labelled training data is done randomly, the aver-
age values and the standard deviations over 30 runs are calculated. The x-axes repre-
sent the number of initially labelled images in the training dataset and the y-axes the
classification results.

Resulting FPR and TPR after termination of the SSL process:
The curves show the average values and the standard deviations over 30 runs.
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A.18 SSL, LVQ: learning curves for the double image dataset

The learning curves for the distortion dataset for 25% manually labelled images are
exemplarily shown in Figure 189. A new label is accepted and added to the training set
if the distance to the next training sample is smaller than the threshold distance.

Number of initially labelled training images: 25%. 0= minimal distances
The curves show the average values and the standard deviations over 30 runs.
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A.19 SSL, PC: results for the distortion and double image da-
taset

In the first step, a new label is accepted and added to the training set if the maximum
probability that the image belongs to the rating class is greater than the threshold 6;.
Here, 6; is set to 0.6, 0.7, and 0.8. The RMSE values and the classification accuracies
after the termination of the SSL process are summarised in Figure 190. Since the se-
lection of the labelled training data is done randomly, the average values and the
standard deviations over 30 runs are calculated. The x-axes represent the number of
initially labelled images in the training dataset and the y-axes the classification results.

Resulting RMSE and accuracy values after termination of the SSL process:
The curves show the average values and the standard deviations over 30 runs.
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The TPR and FPR values after the termination of the SSL process are summarised in
Figure 191. Since the selection of the labelled training data is done randomly, the aver-
age values and the standard deviations over 30 runs are calculated. The x-axes repre-
sent the number of initially labelled images in the training dataset and the y-axes the
classification results.

Resulting FPR and TPR after termination of the SSL process:
The curves show the average values and the standard deviations over 30 runs.
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In the second step, an autonomously labelled image is transferred into the training set
if the difference between the largest and the second largest class probability is greater
than the threshold &., which is set to 0.1, 0.2, and 0.3. Again, the size of the initially
labelled training images is set to 10%, 15%, ..., 70% of all training images, as shown in
Table 38. The RMSE values and the classification accuracies after the termination of
the SSL process are summarised in Figure 192. Since the selection of the labelled
training data is done randomly, the average values and the standard deviations over 30
runs are calculated. The x-axes represent the number of initially labelled images in the
training dataset and the y-axes the classification results.

Resulting RMSE and accuracy values after termination of the SSL process:
The curves show the average values and the standard deviations over 30 runs.
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The TPR and FPR values after the termination of the SSL process are summarised in
Figure 193. Since the selection of the labelled training data is done randomly, the aver-
age values and the standard deviations over 30 runs are calculated. The x-axes repre-
sent the number of initially labelled images in the training dataset and the y-axes the
classification results.

Resulting FPR and TPR after termination of the SSL process:
The curves show the average values and the standard deviations over 30 runs.
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In the last step, both selection criteria are combined. An autonomously labelled image
is transferred into the training set if the class assignment probabilities fulfil both thresh-
old conditions simultaneously. The maximum probability that the image belongs to the
corresponding rating class has to be greater than the threshold 6; and the difference
between the largest and the second largest class probability must be greater than the
threshold #.. The RMSE values and the classification accuracies after the termination
of the SSL process are summarised in Figure 194. Since the selection of the labelled
training data is done randomly, the average values and the standard deviations over 30
runs are calculated. The x-axes represent the number of initially labelled images in the
training dataset and the y-axes the classification results.

Resulting RMSE and accuracy values after termination of the SSL process:
The curves show the average values and the standard deviations over 30 runs.
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91 AND 92, part |

The TPR and FPR values after the termination of the SSL process are summarised in
Figure 195. Since the selection of the labelled training data is done randomly, the aver-

Figure 194:
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age values and the standard deviations over 30 runs are calculated. The x-axes repre-
sent the number of initially labelled images in the training dataset and the y-axes the
classification results.

Resulting FPR and TPR after termination of the SSL process:
The curves show the average values and the standard deviations over 30 runs.
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A.20 SSL, PC: learning curves for the distortion and double im-
age dataset

A new label is added to the training set if the maximum probability that the image be-
longs to the corresponding rating class is greater than the threshold &;, which is set to
0.7. The learning curves for 35% manually labelled images are shown in Figure 196.

Number of initially labelled training images: 35%.6: = 0.7
The curves show the average values and the standard deviations over 30 runs.
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Figure 196: SSL, PC: learning curves for the distortion and double image
dataset, 6,
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In the second step, if the difference between the largest and the second largest class
probability is greater than the threshold &, a new label is accepted and added to the
training set. Here, 6. is exemplarily set to 0.2. The corresponding learning curves for
15% manually labelled images are shown in Figure 197.

Number of initially labelled training images: 15%.6.= 0.3
The curves show the average values and the standard deviations over 30 runs.
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Figure 197: SSL, PC: learning curves for the distortion and double image
dataset, 6,
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Finally, a new label is accepted and added to the training set if the maximum probabil-
ity that the image belongs to the corresponding rating class is greater than the thresh-
difference between the largest and the second largest class probability
the threshold &.. The resulting learning curves for 30% manually la-

old &, and if the
is greater than

belled images and 6, = 0.8 and 6, = 0.3 are shown in Figure 198.

Number of initially labelled training images: 30%.6: = 0.8 AND 62=0.3
The curves show the average values and the standard deviations over 30 runs.
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A.21 SSL, kNN: results for the distortion and double image da-
taset

During the SSL process, an autonomously labelled image is transferred into the train-
ing dataset if the distance to the nearest reference pattern is smaller than a given
threshold distance 6. Successively, the minimal, mean, and maximal determined dis-
tances, as shown in Table 39, are used as thresholds during the SSL process. Due to
the random selection of the initially labelled training images, the mean and the standard
deviation over 30 runs are calculated. The RMSE values and the classification accura-
cies after the termination of the SSL process are summarised in Figure 199. The x-
axes represent the number of initially labelled images in the training dataset and the y-
axes the classification results.

Resulting RMSE and accuracy values after termination of the SSL process:
The curves show the average values and the standard deviations over 30 runs.
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The TPR and FPR values after the termination of the SSL process are summarised in
Figure 200. Since the selection of the labelled training data is done randomly, the aver-
age values and the standard deviations over 30 runs are calculated. The x-axes repre-
sent the number of initially labelled images in the training dataset and the y-axes the

classification results.

Resulting FPR and TPR after termination of the SSL process:
The curves show the average values and the standard deviations over 30 runs.
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A.22 SSL, kNN: learning curves for the distortion and double
image dataset

The learning curves for the distortion dataset for 35% manually labelled images are

shown in Figure 201. A new label is accepted and added to the training set if the dis-

tance to the next training sample is smaller than the threshold distance.

Number of initially labelled training images: 35%. 0= mean distances
The curves show the average values and the standard deviations over 30 runs.
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Figure 201: SSL, kNN: learning curves for the distortion and double image
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A.23 SSL, LVQ: results for the distortion and double image da-
taset

During the SSL process, an autonomously labelled image is transferred into the train-
ing dataset if the distance to the nearest prototype is smaller than a given threshold
distance 6. Successively, the minimal, mean, and maximal determined distances, as
shown in Table 40, are used as thresholds during the SSL process. Due to the random
selection of the initially labelled training images, the mean and the standard deviation
over 30 runs are calculated. The RMSE values and the classification accuracies after
the termination of the SSL process are summarised in Figure 202. The x-axes repre-
sent the number of initially labelled images in the training dataset and the y-axes the

classification results.

Resulting RMSE and accuracy values after termination of the SSL process:
The curves show the average values and the standard deviations over 30 runs.
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The TPR and FPR values after the termination of the SSL process are summarised in
Figure 203. Since the selection of the labelled training data is done randomly, the aver-
age values and the standard deviations over 30 runs are calculated. The x-axes repre-
sent the number of initially labelled images in the training dataset and the y-axes the
classification results.

Resulting FPR and TPR after termination of the SSL process:
The curves show the average values and the standard deviations over 30 runs.
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A.24 SSL, LVQ: learning curves for the distortion and double
image dataset

The learning curves for the distortion dataset for 35% manually labelled images are
exemplarily shown in Figure 204. A new label is accepted and added to the training set
if the distance to the next training sample is smaller than the threshold distance.

Number of initially labelled training images: 35%. 8= mean distances
The curves show the average values and the standard deviations over 30 runs.
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A.25 AL, PC: results for the distortion dataset

First, a training image is labelled by the Oracle if the maximum probability that the im-
age belongs to the corresponding rating class is lower than the threshold 6;. Here, 6; is
set to 0.6, 0.7, and 0.8. The size of the initial training set is to 0.5%, 2%, and 5% of all
training images from each rating class, as shown in Table 41. The classification results
after the termination of the AL process are summarised in Figure 205 and Figure 206.
Since the selection of the labelled training data is done randomly, the average values
and the standard deviations over 30 runs are calculated. The x-axes represent the
number of initially labelled images in the training dataset and the y-axes the classifica-
tion results.

Resulting RMSE and accuracy values after termination of the AL process:
The curves show the average values and the standard deviations over 30 runs.
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Figure 205: AL, PC.: results for the distortion dataset, 6, part |

Resulting FPR and TPR after termination of the AL process:
The curves show the average values and the standard deviations over 30 runs.
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In the second step, the Oracle is asked for the right label if the difference between the
largest and the second largest class probability is less than a threshold 6., which is set
to 0.1, 0.2, and 0.3. The size of the initial training set is to 0.5%, 2%, and 5% of all
training images from each rating class, as shown in Table 41. The classification results
after the termination of the AL process are summarised in Figure 207 and Figure 208.
Since the selection of the labelled training data is done randomly, the average values
and the standard deviations over 30 runs are calculated. The x-axes represent the
number of initially labelled images in the training dataset and the y-axes the classifica-
tion results.

Resulting RMSE and accuracy values of the test images after termination of the AL process:
The curves show the average values and the standard deviations over 30 runs.
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Figure 207: AL, PC: results for the distortion dataset, &, part |

Resulting FPR and TPR after termination of the AL process:
The curves show the average values and the standard deviations over 30 runs.
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Finally, the 2 selection criteria, which determine if the training image needs to the la-
belled by the Oracle, are combined. A training image needs to be labelled manually if
the maximum probability that the image belongs to the corresponding rating class is
lower than the threshold &; and if the difference between the largest and the second
largest class probability is less than a threshold 6.. The size of the initial training set is
to 0.5%, 2%, and 5% of all training images from each rating class, as shown in Table
41. The classification results after the termination of the AL process are summarised in
Figure 209 and Figure 210. Since the selection of the labelled training data is done
randomly, the average values and the standard deviations over 30 runs are calculated.
The x-axes represent the number of initially labelled images in the training dataset and
the y-axes the classification results.

Resulting RMSE and accuracy values of the test images after termination of the AL process:
The curves show the average values and the standard deviations over 30 runs.
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Figure 209: AL, PC: results for the distortion dataset, 8 AND 6, part |

Resulting FPR and TPR after termination of the AL process:
The curves show the average values and the standard deviations over 30 runs.
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A.26 AL, PC: learning curves for the distortion dataset

First, a training image is labelled by the Oracle if the maximum probability that the im-
age belongs to the corresponding rating class is lower than the threshold &;. Exemplari-
ly, the active learning procedure is carried out for 2% initially labelled training images
and a threshold of 0.7, as shown in Figure 211.

Number of initially labelled training images: 2%.6: = 0.7
The curves show the average values and the standard deviations over 30 runs.
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Figure 211: AL, PC: learning curves for the distortion dataset, 6;
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In the second step, a training image is labelled by the Oracle if the difference between
the largest and the second largest class probability is lower than the threshold &,
which is set to 0.1. Exemplarily, the corresponding learning curves for 5% manually
labelled images are shown in Figure 212.

Number of initially labelled training images: 5%.62 = 0.1
The curves show the average values and the standard deviations over 30 runs.
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Figure 212: AL, PC: learning curves for the distortion dataset, &>
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Finally, a training image is labelled by the Oracle if the maximum probability that the
image belongs to the corresponding rating class is lower than the threshold &, and if
the difference between the largest and the second largest class probability is lower
than the threshold 6.. Exemplarily, the resulting learning curves for 2% manually la-

belled images and ;= 0.6 and 6, = 0.1 are shown in Figure 213.

Number of initially labelled training images: 5%.6: = 0.6 AND 6= 0.1
The curves show the average values and the standard deviations over 30 runs.
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A.27 AL, kNN: results for the distortion dataset

The active learning algorithm is able to query interactively for the correct label if the
distance to the next training sample is greater than the threshold distance. The thresh-
old distances are already determined in Table 33. The size of the initially labelled train-
ing set is set to 0.5%, 2%, and 5% of all training images from each rating class; see
Table 41. The classification results after the termination of the AL process are summa-
rised in Figure 214 and Figure 215. Since the selection of the labelled training data is
done randomly, the average values and the standard deviations over 30 runs are cal-
culated. The x-axes represent the number of initially labelled images in the training
dataset and the y-axes the classification results.

Resulting RMSE and accuracy values of the test images after termination of the AL process:
The curves show the average values and the standard deviations over 30 runs.
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Figure 214: AL, kNN: results for the distortion dataset, part |

Resulting FPR and TPR after termination of the AL process:
The curves show the average values and the standard deviations over 30 runs.
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Figure 215: AL, kNN: results for the distortion dataset, part Il
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A.28 AL, kNN: learning curves for the distortion dataset

The learning curves for the distortion dataset for 2% manually labelled images are
shown in Figure 216. If the distance to the next training sample is greater than the
threshold distance, the class assignment is uncertain and the image is labelled by the
Oracle and transferred into the training dataset.
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The curves show the average values and the standard deviations over 30 runs.
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Figure 216: AL, kNN: learning curves for the distortion dataset
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A.29 AL, LVQ: results for the distortion dataset

The active learning algorithm is able to query interactively for the correct label if the
distance to the nearest prototype is greater than the threshold distance. The threshold
distances are already determined in Table 34. The size of the initially labelled training
set is set to 0.5%, 2%, and 5% of all training images from each rating class; see Table
41. The classification results after the termination of the AL process are summarised in
Figure 217 and Figure 218. Since the selection of the labelled training data is done
randomly, the average values and the standard deviations over 30 runs are calculated.
The x-axes represent the number of initially labelled images in the training dataset and
the y-axes the classification results.

Resulting RMSE and accuracy values of the test images after termination of the AL process:
The curves show the average values and the standard deviations over 30 runs.
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Figure 217: AL, LVQ: results for the distortion dataset, part |

Resulting FPR and TPR after termination of the AL process:
The curves show the average values and the standard deviations over 30 runs.
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Figure 218: AL, LVQ: results for the distortion dataset, part Il
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A.30 AL, LVQ: learning curves for the distortion dataset

The learning curves for the distortion dataset for 0.5% manually labelled images are
shown in Figure 219. An image is labelled by the Oracle if the distance to the next
training sample is greater than the threshold distance.

Number of initially labelled training images: 0.5%. 6 = mean distances
The curves show the average values and the standard deviations over 30 runs.
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Figure 219: AL, LVQ: learning curves for the distortion dataset
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A.31 AL, PC: results for the double image dataset

First, a training image is labelled by the Oracle if the maximum probability that the im-
age belongs to the corresponding rating class is lower than the threshold 6;. Here, 6; is
set to 0.6, 0.7, and 0.8. The size of the initial training set is to 0.5%, 2%, and 5% of all
training images from each rating class; see Table 42. The classification results after the
termination of the AL process are summarised in Figure 220 and Figure 221. Since the
selection of the labelled training data is done randomly, the average values and the
standard deviations over 30 runs are calculated. The x-axes represent the number of
initially labelled images in the training dataset and the y-axes the classification results.

Resulting RMSE and accuracy values of the test images after termination of the AL process:
The curves show the average values and the standard deviations over 30 runs.
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Figure 220:

AL, PC: results for the double image dataset, 6y, part |

Resulting FPR and TPR after termination of the AL process:
The curves show the average values and the standard deviations over 30 runs.
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Figure 221: AL, PC: results for the double image dataset, &y, part Il
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In the second step, the Oracle is asked for the right label if the difference between the
largest and the second largest class probability is less than a threshold 6., which is set
to 0.1, 0.2, and 0.3. The size of the initial training set is to 0.5%, 2%, and 5% of all
training images from each rating class; see Table 42. The classification results after the
termination of the AL process are summarised in Figure 222 and Figure 223. Since the
selection of the labelled training data is done randomly, the average values and the
standard deviations over 30 runs are calculated. The x-axes represent the number of
initially labelled images in the training dataset and the y-axes the classification results.

Resulting RMSE and accuracy values of the test images after termination of the AL process:
The curves show the average values and the standard deviations over 30 runs.
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Figure 222: AL, PC: results for the double image dataset, &, part |

Resulting FPR and TPR after termination of the AL process:
The curves show the average values and the standard deviations over 30 runs.
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Finally, the 2 selection criteria, which determine if the training image needs to the la-
belled by the Oracle, are combined. A training image needs to be labelled manually if
the maximum probability that the image belongs to the corresponding rating class is
lower than the threshold &; and if the difference between the largest and the second
largest class probability is less than a threshold 6.. The size of the initial training set is
to 0.5%, 2%, and 5% of all training images from each rating class; see Table 42. The
classification results after the termination of the AL process are summarised in Figure
224 and Figure 225. Since the selection of the labelled training data is done randomly,
the average values and the standard deviations over 30 runs are calculated. The x-
axes represent the number of initially labelled images in the training dataset and the y-
axes the classification results.

Resulting RMSE and accuracy values of the test images after termination of the AL process:
The curves show the average values and the standard deviations over 30 runs.
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Figure 224: AL, PC: results for the double image dataset, ; AND 6., part |

Resulting FPR and TPR after termination of the AL process:
The curves show the average values and the standard deviations over 30 runs.
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A.32 AL, PC: learning curves for the double image dataset

First, a training image is labelled by the Oracle if the maximum probability that the im-
age belongs to the corresponding rating class is lower than the threshold &;. Exemplari-
ly, the active learning procedure is carried out for 5% initially labelled training images

and a threshold

of 0.8, as shown in Figure 226.

Number of initially labelled training images: 5%.6: = 0.8
The curves show the average values and the standard deviations over 30 runs.
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Figure 226: AL, PC: learning curves for the double image dataset, 6;
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In the second step, a training image is labelled by the Oracle if the difference between
the largest and the second largest class probability is lower than the threshold &,
which is set to 0.3. The corresponding learning curves for 5% manually labelled images
are shown in Figure 227.

Number of initially labelled training images: 5%.6, = 0.3
The curves show the average values and the standard deviations over 30 runs.
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Figure 227: AL, PC: learning curves for the double image dataset, 6-
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Finally, a training image is labelled by the Oracle if the maximum probability that the
image belongs to the corresponding rating class is lower than the threshold &, and if
the difference between the largest and the second largest class probability is lower
than the threshold &.. The resulting learning curves for 0.5% manually labelled images
and 6, =0.7 and 6, = 0.2 are shown in Figure 228.

Number of initially labelled training images: 0.5%, 61 =0.7 AND 6,=0.2
The curves show the average values and the standard deviations over 30 runs.
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Figure 228: AL, PC: learning curves for the double image dataset, ; AND 6,
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A.33 AL, kNN: results for the double image dataset

The active learning algorithm is able to query interactively for the correct label if the
distance to the next training sample is greater than the threshold distance. The thresh-
old distances are already determined in Table 36. The size of the initially labelled train-
ing set is set to 0.5%, 2%, and 5% of all training images from each rating class; see
Table 42. The classification results after the termination of the AL process are summa-
rised in Figure 229 and Figure 230. Since the selection of the labelled training data is
done randomly, the average values and the standard deviations over 30 runs are cal-
culated. The x-axes represent the number of initially labelled images in the training
dataset and the y-axes the classification results.

Resulting RMSE and accuracy values of the test images after termination of the AL process:
The curves show the average values and the standard deviations over 30 runs.
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Figure 229: AL, kNN: results for the double image dataset, part |

Resulting FPR and TPR after termination of the AL process:
The curves show the average values and the standard deviations over 30 runs.
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Figure 230: AL, kNN: results for the double image dataset, part Il
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A.34 AL, kNN: learning curves for the double image dataset

The learning curves for the distortion dataset for 5% manually labelled images are
shown in Figure 231. If the distance to the next training sample is greater than the
threshold distance, the class assignment is uncertain and the image is labelled by the
Oracle and transferred into the training dataset.

Number of initially labelled training images: 5%. 6= mean distances
The curves show the average values and the standard deviations over 30 runs.
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A.35 AL, LVQ: results for the double image dataset

The active learning algorithm is able to query interactively for the correct label if the
distance to the nearest prototype is greater than the threshold distance. The threshold
distances are already determined in Table 37. The size of the initially labelled training
set is set to 0.5%, 2%, and 5% of all training images from each rating class see; Table
42. The classification results after the termination of the AL process are summarised in
Figure 232 and Figure 233. Since the selection of the labelled training data is done
randomly, the average values and the standard deviations over 30 runs are calculated.
The x-axes represent the number of initially labelled images in the training dataset and
the y-axes the classification results.

Resulting RMSE and accuracy values of the test images after termination of the AL process:
The curves show the average values and the standard deviations over 30 runs.
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Figure 232: AL, LVQ: results for the double image dataset, part |

Resulting FPR and TPR after termination of the AL process:
The curves show the average values and the standard deviations over 30 runs.
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A.36 AL, LVQ: learning curves for the double image dataset

The learning curves for the distortion dataset for 0.5% manually labelled images are
shown in Figure 234. An image is labelled by the Oracle if the distance to the next
training sample is greater than the threshold distance.

Number of initially labelled training images: 0.5%. 8= min distances
The curves show the average values and the standard deviations over 30 runs.
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Figure 234: AL, LVQ: learning curves for the double image dataset
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A.37 AL, PC: results for the distortion and double image da-
taset

First, a training image is labelled by the Oracle if the maximum probability that the im-
age belongs to the corresponding rating class is lower than the threshold 6;. Here, 6; is
set to 0.6, 0.7, and 0.8. The size of the initial training set is to 0.5%, 2%, and 5% of all
training images from each rating class; see Table 43. The classification results after the
termination of the AL process are summarised in Figure 235 and Figure 236. Since the
selection of the labelled training data is done randomly, the average values and the
standard deviations over 30 runs are calculated. The x-axes represent the number of
initially labelled images in the training dataset and the y-axes the classification results.

Resulting RMSE and accuracy values of the test images after termination of the AL process:
The curves show the average values and the standard deviations over 30 runs.
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Figure 235: AL, PC: results for the distortion and double image dataset
61, part |

Resulting FPR and TPR after termination of the AL process:
The curves show the average values and the standard deviations over 30 runs.
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Figure 236: AL, PC: results for the distortion and double image dataset
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In the second step, the Oracle is asked for the right label if the difference between the
largest and the second largest class probability is less than a threshold 6., which is set
to 0.1, 0.2, and 0.3. The size of the initial training set is to 0.5%, 2%, and 5% of all
training images from each rating class; see Table 43. The classification results after the
termination of the AL process are summarised in Figure 237 and Figure 238. Since the
selection of the labelled training data is done randomly, the average values and the
standard deviations over 30 runs are calculated. The x-axes represent the number of
initially labelled images in the training dataset and the y-axes the classification results.

Resulting RMSE and accuracy values of the test images after termination of the AL process:
The curves show the average values and the standard deviations over 30 runs.
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Figure 237: AL, PC: results for the distortion and double image dataset
&, part |

Resulting FPR and TPR after termination of the AL process:
The curves show the average values and the standard deviations over 30 runs.
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Finally, the 2 selection criteria, which determine if the training image needs to the la-
belled by the Oracle, are combined. A training image needs to be labelled manually if
the maximum probability that the image belongs to the corresponding rating class is
lower than the threshold &; and if the difference between the largest and the second
largest class probability is less than a threshold 6.. The size of the initial training set is
to 0.5%, 2%, and 5% of all training images from each rating class; see Table 43. The
classification results after the termination of the AL process are summarised in Figure
239 and Figure 240. Since the selection of the labelled training data is done randomly,
the average values and the standard deviations over 30 runs are calculated. The x-
axes represent the number of initially labelled images in the training dataset and the y-
axes the classification results.

Resulting RMSE and accuracy values of the test images after termination of the AL process:
The curves show the average values and the standard deviations over 30 runs.
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Figure 239: AL, PC: results for the distortion and double image dataset
61 AND 6, part |

Resulting FPR and TPR after termination of the AL process:
The curves show the average values and the standard deviations over 30 runs.
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A.38 AL, PC: learning curves for the distortion and double im-
age dataset

A training image is labelled by the Oracle if the maximum probability that the image
belongs to the corresponding rating class is lower than the threshold &, which is set to
0.7. The learning curves for 2% manually labelled images are shown in Figure 241.

Number of initially labelled training images: 2%.6; = 0.7
The curves show the average values and the standard deviations over 30 runs.

Development of the RMSE values after each training cycle

1.80+
1.60-
1.40-
1.20
1.00+

OgE- + +++++ ........ T L S S S S S SR SIS

9 63 117 171

Development of the accuracy values after each training cycle

OZZ f” __________ Fhpre +

0.60 [ S e
0.50
9 63 117 171
Development of the FPR values after each training cycle
0.907
0.807
0.70+
0.60
oso] | | 17 H }

o404 | | 1 | | T +<* .......... + _________ 4 ....... + ,,,,,,, + ......... + ........ + ......... ¢ +
SL T T T T T T I
9 63 117 171

Development of the TPR values after each training cycle
0.90
0.80+ | | .
SL . . | I # [# ¢ T ¢
0701 { * *++ LR ¢
0.501
9 63 117 171

Number of images in the training dataset

Figure 241: AL, PC: learning curves for the distortion and double image
dataset, 6;



Appendix
A-76

In the second step, a training image is labelled by the Oracle if the difference between
the largest and the second largest class probability is lower than the threshold &,
which is set to 0.2. The corresponding learning curves for 2% manually labelled images
are shown in Figure 242.

Number of initially labelled training images: 2%. 6:=0.2
The curves show the average values and the standard deviations over 30 runs.
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Figure 242: AL, PC: learning curves for the distortion and double image
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Finally, a training image is labelled by the Oracle if the maximum probability that the
image belongs to the corresponding rating class is lower than the threshold &, and if
the difference between the largest and the second largest class probability is lower
than the threshold .. The resulting learning curves for 2% manually labelled images
and 6= 0.6 and 6, = 0.1 are shown in Figure 243.

Number of initially labelled training images: 2%.67 = 0.6 AND 6, = 0.1
The curves show the average values and the standard deviations over 30 runs.
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Figure 243: AL, PC: learning curves for the distortion and double image dataset
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A.39 AL, kNN: results for the distortion and double image da-
taset

The active learning algorithm is able to query interactively for the correct label if the
distance to the next training sample is greater than the threshold distance. The thresh-
old distances are already determined in Table 39. The size of the initially labelled train-
ing set is set to 0.5%, 2%, and 5% of all training images from each rating class; see
Table 43. The classification results after the termination of the AL process are summa-
rised in Figure 244 and Figure 245. Since the selection of the labelled training data is
done randomly, the average values and the standard deviations over 30 runs are cal-
culated. The x-axes represent the number of initially labelled images in the training
dataset and the y-axes the classification results.

Resulting RMSE and accuracy values of the test images after termination of the AL process:
The curves show the average values and the standard deviations over 30 runs.
RMSE &= minimal distance 6= mean distance 0= maximal distance Accuracy
n L % | '
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—e— average recognition accuracy
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Figure 244: AL, kNN: results for the distortion and double image dataset, part |

Resulting FPR and TPR after termination of the AL process:
The curves show the average values and the standard deviations over 30 runs.
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Figure 245: AL, kNN: results for the distortion and double image dataset, part Il
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A.40 AL, kNN: learning curves for the distortion and double im-

age dataset

The learning curves for the distortion dataset for 5% manually labelled images are
shown in Figure 246. If the distance to the next training sample is greater than the
threshold distance, the image is labelled by the Oracle and transferred into the training

dataset.
Number of initially labelled training images: 5%. 6= mean distances
The curves show the average values and the standard deviations over 30 runs.
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Figure 246: AL, kNN: learning curves for the distortion and double

image dataset
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A.41 AL, LVQ: results for the distortion and double image da-
taset

The active learning algorithm is able to query interactively for the correct label if the
distance to the next training sample is greater than the threshold distance. The thresh-
old distances are already determined in Table 40. The size of the initially labelled train-
ing set is set to 0.5%, 2%, and 5% of all training images from each rating class; see
Table 43. The classification results after the termination of the AL process are summa-
rised in Figure 247 and Figure 248. Since the selection of the labelled training data is
done randomly, the average values and the standard deviations over 30 runs are cal-
culated. The x-axes represent the number of initially labelled images in the training
dataset and the y-axes the classification results.

Resulting RMSE and accuracy values of the test images after termination of the AL process:
The curves show the average values and the standard deviations over 30 runs.
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—e— average recognition accuracy
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Figure 247: AL, LVQ: results for the distortion and double image dataset, part |

Resulting RMSE and accuracy values of the test images after termination of the AL process:
The curves show the average values and the standard deviations over 30 runs.
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Figure 248: AL, LVQ: results for the distortion and double image dataset, part Il
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A.42 AL, LVQ: learning curves for the distortion and double
image dataset

The learning curves for the distortion dataset for 2% manually labelled images are

shown in Figure 249. If the distance to the next training sample is greater than the

threshold distance, the image is labelled by the Oracle.

Number of initially labelled training images: 2%. 6= mean distances
The curves show the average values and the standard deviations over 30 runs.
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Figure 249: AL, LVQ: learning curves for the distortion and double image
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