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The majority of fine chemical and pharmaceutical processes includes some form of crystallization steps. For process opti-

mization and control of further downstream steps, the crystal size distribution of the product is a crucial factor. To identify

characteristic particle size classes from a large number of measurements, each individual probe has to be separated from

the mother liquor and manually analyzed. In this contribution a deep learning-based method is presented using micro-

scopic images as input for crystal size analysis. Additionally, a data augmentation approach was investigated to limit the

data necessary for learning. A high segmentation accuracy of the crystals was achieved with 93.02 %. To evaluate the classi-

fication performed by the presented convolutional neural network (CNN), it is tested on two sets of images, containing a

previously determined particle fraction. With the classifications of the CNN, a Q3 distribution is calculated. To validate the

developed approach in terms of its accuracy it is compared to two other methods as well.
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1 Introduction

Crystallization is used at least once in the production of a
solid product [1]. Additionally, crystallization processes are
of increasing interest in the chemical industry [1–3]. To
monitor the crystallization properly, the particle size distri-
bution (PSD) is a useful and common key parameter [4]. It
is conventionally determined using sedimentation analysis
or sieving techniques [5]. More elaborated techniques make
use of laser technologies, especially laser diffraction [6, 7].
However, with increasing availability of high-resolution
cameras, digital image processing routines or computer-
vision based approaches, where images of particles are eval-
uated to determine the PSD, gain importance since twenty
years [8–10]. A rising trend of vision-based measurement,
so-called visual sensors, is observable [11] due to this devel-
opment. In the field of crystal analysis, image evaluation
made a huge progress as well, developing from extensive
personal examinations under the microscope to the imple-
mentation of cameras, replacing the human observation [1].
Schmalenberg et al. [12, 13] proposed a semi-automatic
approach, based on the method established by Borchert et
al. and modified with the method established by Huo et al.
[13–15].

The approach of Schmalenberg et al. is time-consuming
due to the manual actions still necessary [13]. Therefore, in
this paper an approach is presented to determine the PSD

using an algorithm based on artificial intelligence (AI).
Since the AI-based algorithm works almost automatically
after generating the training data and determining the opti-
mal parameters, the time required and thus the sensing
costs are reduced, especially when the AI-based approach is
used frequently. Another advantage is the non-invasive
measurement of the PSD, even though it is an inline mea-
surement method.

2 Material and Methods

2.1 Experimental Setup

To analyze crystals, images of the crystals have to be taken.
The following setup of a tube crystallizer, build by
Schmalenberg et al., is used for this purpose, see Fig. 1 [16].
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The relevant part for image acquisition is the flow cell
located below the microscope. The crystals are passed in a
suspension through a fluorinated ethylene-propylene (FEP)
tube (inner diameter di = 1.6 mm and outer diameter
do = 3.2 mm, Bohlender GmbH, Grünsfeld, Germany). This
tube is guided through a flow cell made of glass (crafted by
glassblowing workshop from TU Dortmund University).
The images are obtained by the camera (Z6, Nikon, Japan)
mounted above the microscope.

As shown in the more detailed image in Fig. 1 (right
image), the flow cell is located under a microscope. To
minimize the interference of the tubing, the flow cell is
filled with water, because water and FEP have a similar
refractive index (FEP: 1.3380–1.344 [17]; water: 1.3312–
1.3372 [18]). Since this experiment is only for evaluation
purposes, the setup is fed with a suspension containing
crystals with a known PSD (L-alanine/water solution at
room temperature, prepared with defined solid crystals
(1 wt %; purity ‡ 99.6 %, Evonik Rexim (Nanning) Phar-
maceutical Co., Ltd, China). Those crystals were sieved after
being dry-pestled to obtain defined particle size fractions
(90–125 mm; 125–180 mm). Therefore, the crystallizer is just
used as an additional tube and not as a crystallizer. The
other parts from the experimental setup are not important
for the acquired images and are not further examined. For
the interested reader, more information can be found in
[13, 16, 19, 20].

2.2 Convolutional Neural Networks

A method to implement machine learning (ML) inspired by
biological neural networks are artificial neural networks
(ANN). Convolutional neural networks (CNNs) are a sub-
group of ANNs, especially designed for processing data with
a grid-like topology, such as images [21]. ANNs consist of
so-called artificial neurons, functions that calculate an out-

put from several weighted inputs. Deep learning
(DL) deals with neural networks that consist of
several layers of neurons and are therefore re-
ferred to as deep [21].

After the CNN architecture is defined, the
model must be trained to be used as a classifi-
cation tool. That is achieved in the training step,
where the different model parameters are
updated by a forward-backward propagation.
Different parameters such as number of convo-
lutional layers, number of FCL neurons and
others detailed are updated by feeding a set of
labeled images to the CNN model, referred as
the training dataset [22, 23].

Images from the training dataset are fed to the
CNN model, and the error is computed by com-
paring the predicted image operation state with
the manually labeled one. This process is re-
peated several times and the error, or loss, is

minimized through a gradient descent approach. After mul-
tiple iterations, this process is interrupted, and the model
can be used as a predictive tool [22].

The CNN model’s predictive accuracy is assessed from
a validation dataset. This set of labeled data is similar to
the training dataset, but it is not used during the training
step. Hence, the validation dataset can be interpreted as
unseen information data by the CNN model. In order to
compute the validation accuracy, the CNN inferred opera-
tion states from the validation images are compared
against the manually labeled data. As observed, the accu-
racy and predictive power of a CNN model is heavily de-
pendent on the CNN architecture, as it will be detailed in
the next section [22].

2.3 Employed Neural Network

In order to determine the PSD by CNN, a suitable CNN
must be trained first. To save time, instead of training the
network from the scratch, the network will be trained by
transfer learning. Taylor and Stone show that transfer
learning saves time and still gives good results [24]. As a
pretrained network, ResNet-50 prevailed over other net-
works such as ResNet-18 and ResNet-34. A bigger network
has an increased computational effort but also an increased
accuracy [11].

2.4 Particle Size Distribution

As stated by Stieß, the PSD is an important characteristic
for solids [25]. The PSD can be expressed in different ways,
each related to a different dimension. To compare between
different methods, a volume-related distribution is chosen.
Typically, only single crystals and no agglomerates are
considered for evaluation as a PSD. Therefore, agglomerates
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Figure 1. Scheme of the experimental setup (left), photo of the microscope and
the camera in the setup (upper right), photo of the flow cell under the micro-
scope (lower right).
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(or overlapping crystals) are unwanted in the detection.
Since agglomerates and overlapping crystals cannot be dis-
tinguished from each other they are treated the same way.
Both usually exhibit a lower circularity value than single
crystals, thus a threshold can be applied in the detection.
While agglomerates usually lie in the range of about
50–85 %, crystals are more in the range of 85–95 %. How-
ever, some agglomerates or overlapping crystals with a high
circularity, as defined in Eq. (1) might still be misdetected as
crystals.

fcirc ¼
4pA
P2 (1)

The shape factor circularity fcirc is defined as 4p times the
area A divided by the squared perimeter P of the shape
[26]. For an ideal circle the value is equal to 1.

This cumulative distribution sum Q3 represents the
volume proportion of particles in a specific diameter range
in the total volume quantity. The determined particle size
diameter will be estimated as circular area equivalent diam-
eter. To model the measured PSD a logarithmic normal
distribution (LND) is applied. Eq. (2) shows the computa-
tion of the volume related cumulative distribution Q3, using
the error function erf, particle size diameter x, volume
related mean particle size diameter x50,3 and the standard
deviation sLND.

Q3 xið Þ ¼
1
2

1þ erf
ln xi

x50i

h i
ffiffiffi
2
p

sLND
� �
2
4

3
5

2
4

3
5 (2)

In Eq. (1) x50, later also described as x50,3, refers to the
diameter of the particle, which cumulated volume marks
half of the total volume. The parameter sLND describes the
log normal distribution standard aberration and therefore a
factor that should be minimized. Further, sLND describes
the sum of the quadric deviation of the estimated distribu-
tion and the experimental data.

3 Semantic Segmentation of Crystals

In the following, the developed methodology for the seg-
mentation of images of crystals in the flow cell is presented.
Semantic segmentation means pixel-wise classification
based on convolutional networks is used. In addition, the
investigated AI metrics are explained in detail.

3.1 Semantic Segmentation Metrics

Several metrics for the performance of a neural net are
available. To obtain further insights about incorrectly classi-
fied pixels in images accuracy as a metric can be applied. To
use it the terms true positives tp, where positive cases are
identified as positive, true negatives tn, where negative cases

are identified as negative, false positives fp, where negative
cases are identified as positive, and false negatives fn, where
positive cases are identified as negative need to be intro-
duced. Then the accuracy is defined as [21, 23]:

Accuracy ¼
tp þ tn

tp þ tn þ fp þ fn
(3)

In order to determine the PSD of the microscopic images
a suitable CNN must be trained first. Since the size of the
crystals is of important matter, the CNN will classify each
pixel of an image in one of three categories: black back-
ground, light background and crystal. The crystal is a region
of interest (ROI), which is identified by the CNN.

3.2 Training of Network and Data Augmentation

To train the network, sufficient training data is required.
Here, 525 images with a size of 224 · 224 pixels from more
than ten different experiments of various substance classes
of Schmalenberg et al. were used as training data set [13].
At first, the so-called image labeling is performed manually
using MATLAB’s built-in image labeling tool. In this
approach, every pixel is manually assigned to one of three
classes. The three categories are black background, light
background and crystal as seen in Fig. 2.

Fig. 2 displays a labeled image for training of the type
‘‘central section cut out’’. The images are cropped so that
the illuminated circle determines the image border. Other
types of cropping the data set, including cropping out a cen-
tral or cornered quarter (indicated by black box) or a
squared section of it (indicated by blue box). Their respec-
tive amount in the training data is detailed in Tab. 1. The
green box indicates the final image section where the results
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Figure 2. Labeled image in the Matlab image Labeler, consist-
ing of three classes, light (orange) and black background (dark
blue) and crystals (yellow). Moreover, the cut sections are indi-
cated.
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evaluation was performed. It shows the central area with
the brightest illumination.

By not only using the central sections, but also cropped
sections of it, more percent of the image belonged to the
class crystal. Also, accuracy could be improved by excluding
dark background with the ‘‘central only lens square’’ cut,
because sometimes it was detected as crystals. However,
these improvements were just added to the overall training
amount, so the original centrally cut section remained in
the training data. After labeling, it was counted in pixels
how much the different classes are represented in the
training data, see Tab. 2. The ‘‘Pixel Count’’ of every class
is divided by the respective ‘‘ImagePixelCount’’. The
ImagePixelCount additionally counts the number of pixels
in images that have an instance of the class. The result is
the frequency of every class. To extract class weights out of
this information, the median of the frequency is divided by
the frequency of every class.

When the images are labeled, it is advisable to apply
weights to the training layers to improve the recognition of
a less dominant class. Without weights, the CNN restruc-
tures itself most for the dominant classes. The background
takes the most shares of the training images, as seen in
Tab. 2, but the crystals are the desired class. Since the crys-
tals as the ROI are underrepresented compared to the back-
ground, measured by pixel count and resulting frequency,
weights are applied to the training layers. Their values are
set so that the classes become equally important.

To reduce the risk of overfitting, where the network can
no longer generalize to new unseen image data, the data
augmentation settings listed in Tab. 3 were used during
training [27]. Moreover, data augmentation improves the
translation invariance, which means that the network be-
comes more robust to localization changes of the desired
objects in the images [28].

Several training runs were performed as pretest; however
the most promising result were obtained by using the fol-
lowing settings for Resnet-50: a training length of 500
epochs and a mini batch size of eight. Shorter training or
smaller mini batch size led to lower accuracy during the
training. Larger training length led to worse validation accu-
racy, meaning the net’s ability to correctly detect unseen
images decreased. Larger mini batch size did not improve
accuracy, however led to longer training duration. Larger
values applied in data augmentation, as well as smaller also
led to decreasing training and validation accuracy during
training.

The final training course of the network is displayed in
Fig. 3. The obtained accuracy for training data (blue curve)
and validation data (black curve) is shown. The training
accuracy, the number of correctly classified pixels in an
image, reaches values of around 90–95 % per iteration
during training. The final validation accuracy reached
93.02 %.

As usual in training a neural net, validation accuracy is
lower than training accuracy. This is because the validation
data set of labeled data is not used during the training step.
Hence, the validation dataset can be interpreted as unseen
information data by the CNN model. So, the validation
accuracy describes that the CNN can generalize to unseen
crystal images.

3.3 Results of the Neural Net

The resulting CNN classifies all pixel of an image unknown
to the network as shown in Fig. 4. The bright blue color in-

Chem. Ing. Tech. 2023, 95, No. 7, 1146–1153 ª 2023 The Authors. Chemie Ingenieur Technik published by Wiley-VCH GmbH www.cit-journal.com

Table 1. The division of training images into their preprocess-
ing and the method they are cut.

Type of image cropping Amount [–]

Whole image 138 plus 9 as validation

Central quarter 75

Cornered quarter 88

Central only lens square 224

Table 2. The counted pixels assigned to each class, their frequency and the resulting weights of the
three classes.

Class Pixel count Image pixel count Frequency Resulting weight

Black background 26 255 602 78 162 629 0.3359 1

Light background 96 827 755 137 304 694 0.7052 0.4763

Crystal 14 221 337 137 007 498 0.1038 3.2361

Table 3. Data augmentation settings during CNN training.

Data augmentation technique Set value

Random X reflection applied

Random rotation 0–90�

Random X shearing 0–45�

Random Y shearing 0–45�

X Translation [pixel] –100 to 100

Y Translation [pixel] –100 to 100

Zoom 0.75–150
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dicates a ‘‘light background’’ whereas the dark blue color
indicates the class ‘‘crystals’’. The third class, ‘‘dark back-
ground’’ is not found in this cropped image section. As seen
in Fig. 4 the crystals are clearly recognized separately from
the light background. Even though the training of the CNN
has been designed to reduce the agglomeration of crystals
by the CNN, many crystals are still recognized as a big
agglomerate. To improve the result, a post-processing algo-
rithm is developed and applied to the image in the follow-
ing section.

3.4 Results of the Applied Post-Processing Steps

Feature extraction is performed a posteriori, thus after
applying a series of post-processing or thresholding meth-
ods, which are described in the following. After the original
image (Fig. 5a) has passed the CNN, resulting in Fig. 5b, the
image is first converted into a binary image (Fig. 5c). Via a
watershed algorithm and morphological operations, the
final image is obtained (Fig. 5d).

The mask obtained by the CNN (Fig. 5b) is binarized so
that only white and black pixels are visible (Fig. 5c) The im-
age is binarized by setting all pixels marked as crystals as
true (white) and all other pixels as false (black). To neglect
wrongfully detected crystals, a few morphological opera-
tions are applied. First, every pixel space below 20 px2

(equals 6.5 · 6.5 mm2) was deleted. Objects with a diameter
below 6.5 mm are thus sorted out. Second, morphological
closing using a two-pixel sized disc element is performed.
Additionally, holes are closed and crystal patches at the bor-
der are deleted, as they are cut off and therefore falsify the
result. As seen in Fig. 5c to 5d, some crystals, mostly former
agglomerates, are separated by using watershed algorithm.
The watershed transform finds ‘‘watershed ridge lines’’ in an
image by treating it as a surface where light pixels represent
high elevations and dark pixels represent low elevations.
The watershed transform can be used to segment contigu-
ous regions of interest into distinct objects [29].

To finally neglect the agglomerates of L-alanine, crystal
patches outside a circularity range of 85–95 % are negated.
This sorting is based on the assumption that crystals usually

www.cit-journal.com ª 2023 The Authors. Chemie Ingenieur Technik published by Wiley-VCH GmbH Chem. Ing. Tech. 2023, 95, No. 7, 1146–1153

Figure 3. Training course of the Network ResNet-50 with a training duration of 500 epochs and 8 images per mini
batch.

Figure 4. Image classified by ResNet-50 network trained with
the settings described in Sect. 3.2. The image is cut to the rele-
vant parts to reduce computational effort. Bright blue color
indicates a ‘‘light background’’ whereas the dark blue color
indicates the class ‘‘crystals’’.
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have a round or cubic shape instead of the branched and
complicated shape of an agglomerate [30]. This decision led
to a significant improvement in the results. The first hori-
zontal line of pixels also contains some areas wrongfully
detected as crystals, which are deleted due to this circularity
threshold. This adjustable parameter might have to be
changed when another type of crystals is evaluated.

4 Results and Discussion

The first set of the final test data
set persists of 162 images, con-
taining crystals sieved in a range
from 125 to 180 mm, the crystals
in the second image data set con-
sisting of 323 images range from
90 to 125 mm. The exact same im-
age data is evaluated by the ap-
proach of Schmalenberg et al.
and the AI-based algorithm.
With the classifications of the
CNN, the crystals are divided
into 10 mm wide classes. A Q3

distribution is then created from
these classes. For the experimen-
tal data, the largest crystal of each
10 mm interval is marked.

The calculated Q3 distribution
of the sieved L-alanine fractions
of 125–180 mm is displayed over
all values in Fig. 6. The PSD ob-
tained by AI evaluation shows an
unusual increase in the classes

from 50 to 110 mm even though
the premeasured range is from
125 to 180 mm. This increase has
two origins. First, objects between
50 and 110 mm are most likely to
be inside the accepted circularity
range. The discrepancy can be
explained by the measuring of
the circularity. The circularity is
computed by dividing the mea-
sured diameter and the diameter
of the area equivalent circle. For
example, for very small objects
the circularity therefore might
even transcend one. The occur-
rence of this effect decreases with
an increasing diameter, but still
has a small impact. The second
reason is found in the watershed
algorithm. The watershed algo-
rithm splits agglomerates and
aggregates in the binarized image

(as seen in the lower right image of Fig. 4). Multiple crystals
are detected as one agglomerate or aggregate, because they
partially overlap on the image, since the image covers only
two dimensions. Therefore, the overlapping area of two
crystals can only be accounted to one of those crystals or
even more likely, the overlapping area is divided to the two
crystals. Both crystals appear smaller than they are. Since
the original PSD measured by sedimentation analysis is
given between 125 and 180 mm, crystals received through
the watershed algorithm are found in the particle classes
below the actual PSD.

Chem. Ing. Tech. 2023, 95, No. 7, 1146–1153 ª 2023 The Authors. Chemie Ingenieur Technik published by Wiley-VCH GmbH www.cit-journal.com

Figure 5. Image classified by ResNet-50 network trained with the settings described above. The
image is cut to the relevant parts to reduce computational effort. After the original image (a)
passed the CNN, resulting in b), the image is converted into a binary image (c). Via a watershed
algorithm and morphological operations, the final image is obtained (d).

Figure 6. Q3 distribution of the sieving fraction 125–180 mm estimated by the network described
above compared to the results presented by Schmalenberg et al. [13]. The blue line is the esti-
mated Q3 distribution, evaluated via AI. Green marks the results from the image analysis propo-
sal by Schmalenberg et al., the black line marks the results by the sedimentation analysis. The
shapes mark the biggest particle of every 10 mm class of the corresponding color.

Research Article 1151
Chemie
Ingenieur
Technik

 15222640, 2023, 7, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/cite.202200235 by T

echnische U
niversitaet D

ortm
und, W

iley O
nline L

ibrary on [20/01/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



The overall results of the AI-based evaluation lie close to
the results of the image analysis proposal by Schmalenberg
et al. [13]. Yet, the largest found size of the AI-based
evaluation was 230 mm, whereas the routine developed by
Schmalenberg et al. found the largest crystal at 310 mm. Fur-
thermore, it should be noted that sedimentation experi-
ments favor a shift of the PSD to the smaller side. This fact
can be explained by the measurement method of sedimen-
tation analysis. Smaller particles fall less quickly than larger
particles and are thus in the detection window for a consid-
erably longer time. To further evaluate the results a compar-
ison with two other methods over the same batch of crystals
is given. For the given sieved fraction between 125 and
180 mm sedimentation analysis works well, while the image
analysis approaches seem to present the results larger than
they are.

The second evaluated sieve fraction (90–125 mm) is
shown in Fig. 7. As can be seen with the comparison of
different measures, a satisfactory PSD can be developed
over the images evaluated by the CNN. However, a stretch-
ing of the curve to the right can be seen as some found crys-
tal diameters are above 125 mm. This stretching can also be
seen in the evaluation of Schmalenberg et al. The evaluation
with CNN shows good results in the middle and especially
in the high size ranges, which are clearly below the results
of Schmalenberg et al. [12, 13, 20] On the other hand, the
evaluation with CNN in the low value ranges of the PSD is
far from the results of the sedimentation analysis. This can
be explained by the effects of watershed and roundness
described above.

5 Conclusion and Outlook

This work investigated the analysis of images containing
crystals using a convolutional neural network. The CNN
was trained to be able to recognize the crystals on the
images. In the next step, a particle size distribution was gen-
erated from the recognized crystals. To evaluate the results,
the generated PSD is compared to a PSD obtained using
sedimentary analysis as well as with a previously developed
image analysis routine [13].

To evaluate the classification performed by the presented
CNN, it is tested on two sets of images, containing a previ-
ously determined particle fraction. The first set persists of
images, containing crystals sieved in a range from 90 to
125 mm, the crystals in the second set range from 125 to
180 mm. With the classifications of the CNN, a Q3 distribu-
tion is calculated. The particles were divided into subclasses
of 10 mm width with the diameter of the biggest particle of
every class plotted with the cumulated share of the total
volume of the class. With a log-normal distribution an esti-
mated Q3 distribution was fit to those values.

In the future, more differently illuminated images and
crystal types should be evaluated. By including them in the
training data, accuracy of the CNN might increase further.
Furthermore, it will be also tested whether CNN-based
image analysis can be applied to three-dimensional micro-
computed images of the crystals to obtain 3D shape and
volumetric information.

www.cit-journal.com ª 2023 The Authors. Chemie Ingenieur Technik published by Wiley-VCH GmbH Chem. Ing. Tech. 2023, 95, No. 7, 1146–1153

Figure 7. Q3 distribution of the sieving fraction 90–125 mm estimated by the network described
above compared to the results presented by Schmalenberg et al. The red line is the estimated
Q3 distribution, evaluated via AI. Green marks the results from the image analysis proposal by
Schmalenberg et al., the black line marks the results by the sedimentation analysis. The shapes
mark the biggest particle of every 10 mm class of the corresponding color.
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circ circular
n negative
p positive
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AI Artificial Intelligence
ANN Artificial Neural Network
CNN Convolutional Neural Network
DL Deep Learning
FEP Fluorinated ethylene-propylene
LND Logarithmic normal distribution
ML Machine Learning
PSD Particle Size Distribution
ROI Region of Interest
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