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A B S T R A C T

Tablets are coated for taste or odor modification, for modified release profiles or as a protective layer to
increase the stability. Here, titanium dioxide is frequently added as a coating component due to its opaque
properties. Furthermore, its Raman activity makes it an integral part of in-line monitoring models. However, due
to the carcinogenic potential of titanium dioxide, calcium carbonate is utilized as a substitute, exhibiting similar
opaque properties. Calcium carbonate tends to exhibit overlapped peaks with carbon hydrates in the Raman
spectrum. Consequently, new models based on e.g. hard modeling are required instead of peak integration. In
this study, tablets were coated with a coating including calcium carbonate. Partial Least Squares Regression (PLS)
and Complemental Hard Modeling (CHM) were examined as feasible in-line monitoring approaches. Further-
more, two different measurement positions in the coater were compared, orthogonal and tangential with respect
to the moving tablet bed. Cross-validation exhibited improved CHM performance with reduced RMSECV values
of about 5 %. The prediction of the coating mass growth occurred comparable with RMSEP values in a similar
range of 2−5 %. Despite this, the CHM�s achieved improved performance with reduced training data quantity and
quality. The different measurement positions indicated no process-relevant differences.

© 2024 The Authors. Published by Elsevier Inc. on behalf of American Pharmacists Association. This is an open
access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/)
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Introduction

Coating pharmaceutical tablets is an essential unit operation to
improve taste, appearance and stability combined with enabling con-
trolled release and protecting the Active Pharmaceutical Ingredient
(API).1,2 Traditionally, tablet coatings contain often titanium dioxide
due to its opacity properties. However, with emerging health con-
cerns, the pharmaceutical industry is currently switching to titanium
dioxide-free coatings as it is considered to be potentially carcino-
genic.3−5 Consequently, the mostly separated titanium dioxide peaks
in Raman spectra are no longer available for peak integration.6 Cal-
cium carbonate can serve as a substitute due to its similar opaque
properties. However, it tends to exhibit interfering Raman peaks
with hydrocarbon excipients like lactose and cellulose.7 Therefore,
robust in-line monitoring strategies based on titanium dioxide-free
prediction models are necessary to ensure the quality and regulatory
compliance of pharmaceutical tablet coatings.8

These in-line monitoring models provide real-time data about the
process based on the implementation of Process Analytical Technolo-
gies (PAT).9 The data obtained in real time can be utilized for real-
time release testing and thus replace the time-consuming off-line
testing of samples.10 Furthermore, the acquired data has the potential
to be integrated into control regimes and thus contribute to the digi-
talization of pharmaceutical processes.11 Here, the spectroscopic
methods that are non-invasive and non-destructive and provide real-
time data with high accuracy are particularly suitable.12

In this context, near infrared spectroscopy (NIR) is known for its
ability to provide chemical and physical information. This makes NIR
spectroscopy a suitable in-line monitoring tool for evaluating of the
coating thickness and composition of the coating material.13,14 Nev-
ertheless, NIR requires considerable high calibration effort for mole-
cule-specific applications. Furthermore, humidity can also be
monitored as an additional critical quality attribute for moisture sen-
sitive materials.15 Terahertz time-domain imaging provides informa-
tion on physical properties and is a promising tool for precise end-
point determination in tablet coating for coating thicknesses and is
independent of the coating and tablet core formulation.16,17 On the
other hand, optical coherence tomography (OCT), enables critical
quality attributes in-line monitoring of coating thickness, variability
and roughness making OCT to a valuable aid in detecting defects in
tablet coating as long as the refractive index difference can be
determined.18,19 Although, OCT does not work if the coating formula-
tion contains inorganic pigments.20 A combination of X-ray
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fluorescence spectroscopy and a Monte Carlo simulation was used to
determine the coating thickness.21 However, despite the advantages
of each PAT technology, the specific requirements of tablet coating
processes, particularly for monitoring coating mass on tablets and
determining coating endpoints, Raman spectroscopy was frequently
implemented. It is characterized by a molecular specificity and high
sensitivity.22−25

In order to obtain quantitative information from the spectral data,
models must be developed. In this context, Partial Least Squares
Regression (PLS-R) is a well-established statistic method for building
predictive models based on Raman spectroscopy data.22,26,27 It ena-
bles the extraction of relevant information from complex data sets
and links between the spectral Raman information and critical qual-
ity attributes of tablet coatings like coating thickness and coating
mass growth.28 However, the performance of PLS-R can be limited by
multicollinearity and overfitting caused by the incorrect selection of
a PLS-R rank.29,30 Furthermore, nonlinearity can be only modeled to
some extent.31 Therefore, an alternative will be considered in this
study.

Here, spectral Hard Modeling (HM) should be considered as an
alternative approach that is capable to compensate the observed lim-
itations of PLS-R.32 The principle of Hard Modeling (HM) consists of
the construction of mathematical models in form of phenomenologi-
cal motivated non-linear models representing peak functions (i.e.
pseudo-Voigt type), so called Hard Models, which are integrated,
superimposed and weighted.33 In contrast to traditional statistical
regression methods, HM directly incorporates physical and chemical
principles underlying the Raman spectral data and thus contributes
to a more mechanistic interpretation.34 Additionally, the amount of
data required for calibration is significantly reduced compared to a
PLS-R.35 Complemental Hard Modeling (CHM) extends this approach.
Here, only a single spectrum of the mixture and the spectra of the
pure components are required as input data for the calibration. First
Hard Models are combined to develop a mixture model, which is sub-
sequently expanded by an additional Hard Model for the unknown
component in the mixture spectrum.31,36,37

The objective of this study is to compare well-established PLS-R
with the comparatively new Complemental Hard Modeling for in-
line monitoring of titanium dioxide-free tablet coatings. In particular,
the study focuses on evaluating the performance of these models for
prediction of the mass growth of the coating material. In addition,
the influence of the probe position on the models was investigated.
For this purpose, the probe was implemented at two different mea-
surement positions, at the nozzle arm measuring orthogonal and in
the back wall of the coater measuring tangential to the tablet bed.

Material and methods

Tablet cores

The tablet formulation consisted of 50 wt% paracetamol (Compap
L, Mallinckrodt Pharmaceuticals, Staines-upon-Thames, Ireland), 44
wt% microcrystalline cellulose and colloidal silicon dioxide pre-blend
(Prosolv SMCC 90, JRS Pharma, Rosenberg, Germany), 5 wt% crospovi-
done (Kollidon CL, BASF, Ludwigshafen, Germany) and 1 wt%
Table 1
Process parameters for the individual process steps during the coating process.

Process step Process time [min] Pan speed [rpm] Spray rate [g/min] Atom

Warm up 5 2 − −
Coating 65 17 65 1.3 /
Drying 70 5 − −
Cooling 75 5 − −
magnesium stearate (Ligamed MF-2-V, Peter Greven, Bad
M€unstereifel, Germany). Tableting was executed on a rotary tablet
press (XL 100, Korsch, Berlin, Germany) equipped with ten 8 mm
diameter R9 punches. A main compression force of 10 kN and a tablet
mass of 220 mg were set at a tableting speed of 60 rpm.

Coating suspension

The titanium dioxide free coating suspension consists of 85 wt%
demineralized water and 15 wt% coating material (Aquarius prime TF
pink, Ashland, Covington, USA), which contains calcium carbonate as
a Raman-active substance, hydroxypropylmethylcellulose, polyethyl-
ene glycol and yellow, red and black iron oxide. For the suspension,
2.4 kg powder were dispersed in 13.6 kg water using a propeller stir-
rer (IKA-Werke, Staufen, Germany) and the suspension was stirred
continuously during the coating process.

Coating process

A total of six batches were coated, three for each of the two mea-
surement positions. For each individual run, 10 kg tablets were
loaded into the semi-continuous coater KOCO 25 (L.B. Bohle, Enniger-
loh, Germany). Initially, the tablets were warmed up with warm air.
Six type 970 1 mm nozzles (D€usen-Schlick, Untersiemau, Germany)
at a distance of 10 cm to the tablet bed were utilized for dispersing
the coating suspension. During the process, the tablets were coated
with a total of 650 g of coating material. In order to maintain a con-
stant spray rate and a constant coating mass growth, the change in
weight of the coating suspension was monitored. After the coating
process, the spray nozzles were switched off and the tablets were
dried at a reduced drum speed. Finally, the tablets were cooled down
and discharged from the coater. The process parameters during the
coating process are shown in Table 1.

Off-line coating mass determination

Samples of the coated tablets were manually taken every three
minutes during the coating process via the sample valve of the
machine. Subsequently, for each sampling point in time 60 tablets
were taken and divided into three groups of 20 tablets each and the
total mass was determined via a lab scale (MCE224S Cubis, Sartorius,
Goettingen, Germany). The average mass growth per tablet was cal-
culated considering the number of tablets per sampling. Subse-
quently, the total coating mass increase was then calculated for the
entire mass of tablets in the coater.

Raman spectroscopy

The Raman spectra were measured in-line using a Raman Spectro-
photometer (Process Guardian, Tornado Spectral Systems, Missis-
sauga, Canada) with a special probe (Hudson 785, Tornado Spectral
Systems, Mississauga, Canada). The dimensions of this Raman probe
are 5.5 £ 4.5 £ 2.6 cm. This non-contact probe in combination with a
large sport optic allows the measurement of areas with a spot diame-
ter of 4 mm. The device uses a 785 nm laser for the excitation of the
ization/ Pattern air [bar] Inlet air volume [Nm3/h] Inlet air temperature [°C]

550 68
1.0 550 68

550 68
550 22



Fig. 1. Schematic illustration of the Raman probe positions in the coater.
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Raman signal. Raman spectra from 200 to 3300 cm-1 with 1 cm-1 res-
olution were obtained, processed with a cosmic ray filter, y-axis and
dark correction and average spectra were evaluated over 15 spectra.
The exposure time was adjusted according to the measurement posi-
tion. Particular two different measurement positions were selected
and compared to each other. Here, the probe was installed in the
back wall of the coater and measures tangential to the tablet bed and
in the other position, the probe was installed on the nozzle arm and
measures orthogonal to the tablet bed (Fig. 1). These different mea-
suring positions resulted in different exposure times and measuring
frequencies (Table 2) in order to achieve comparable signal intensi-
ties. Compressed air streams were used to keep the optics free of fine
dust and thus enable continuous measurements.
Data analysis methods

For the calibration model and the prediction of the coating mass,
the spectra were pretreated and two different model types were
developed by using the PEAXACT 5 software (S-PACT, Aachen, Ger-
many). First, a statistical model based on Partial Least Squares Regres-
sion (PLS-R) and secondly, a mechanistic model based on
Complemental Hard Modeling (CHM) were developed. In both cases,
this was performed for each of the two measurement positions.
Therefore, two of the three batches per measurement position were
randomly selected for training purposes and one batch was used as a
test data set. Additionally, cross-validations were performed as
leave-one-batch-out.
Spectra pretreatment
The spectra were preprocessed with a baseline correction in terms

of rubber band correction by manually setting additional baseline
points at 357, 424, 487, 666, 696, 772, 1061, 1140, 1299, 1423 and
1583 cm-1 to remove the spectral background. Additionally, the
global range was adjusted to 200 − 1750 cm-1 as the primary spec-
trum differences are recognizable in this range. Subsequently, a peak
height normalization was performed in relation to the largest peak of
the tablet core, which can be assigned to the paracetamol, in order to
highlight the changes caused by the coating.38
Table 2
Comparison of the two different measurement positions and the corresponding mea-
surement setups.

Position Exposure time [s] Measurement frequency [s-1] Distance [cm]

tangential 2.0 0.033 9
orthogonal 0.9 0.074 11
Partial least squares regression
Calibration models based on PLS Regression were developed. For

modeling, all pretreated spectra of the training data sets were corre-
lated with the amount of applied coating material. The rank selection
of the corresponding PLS models were based on physically reason-
able effects e.g. peak increase with increasing coating material or
peak broadening in order to avoid overfitting. Therefore the PLS load-
ings were considered.
Complemental hard modeling
For CHM, only a single spectrum of the mixture that contains the

known and unknown materials and the spectra of the remaining
pure components are required as input. In this particular case, the
tablet core represents the known pure substance and the tablet coat-
ing represents the unknown component. For the spectrum of the
uncoated tablet, the first spectrum of the measurement series was
used, in which no coating suspension was sprayed. Here, the model-
relevant spectral range was adjusted to 1065 to 1145 cm-1, according
to the CaCO3 Raman bands. Initially, spectral peak functions are fitted
to the spectral structure of the tablet core to model its spectral contri-
bution (Fig. 2). In this particular case, three peak functions must be
fitted, representing the two microcrystalline cellulose peaks and the
one paracetamol peak, resulting in the Hard Model of the tablet core.
Subsequently, the CaCO3 is modeled from the spectrum of a coated
tablet by an extra peak function, which represents the signal contri-
bution (component weight) of the coating material that is finally
translated into coating progress by a calibration with samples of
known carbonate content. For this purpose, the spectra belonging to
a sample pull with a coating mass increase determined off-line using
the reference method were selected and correlated to the component
weight. When analyzing unknown samples, the model is first least-
squares fitted to the spectrum through adjustment of the weight of
the components, the baseline and the peak parameters, and then
using the component weight to determine the amount of carbonate
coated.
Model performance assessment
Quality parameters were used to compare the performance of the

models. For this purpose, the calibration was evaluated using the
coefficient of determination (R2). However, R2 is interpreted differ-
ently in a statistical model (PLS-R) and a mechanistic model (CHM).
In statistical models, the R2 describes the explained variance,
whereas in mechanistic models it represents the collinearity factor.
Furthermore, the corresponding data sets were cross-validated
between different batches of the training data set and the root mean
squared errors of cross validation (RMSECV) were determined. The
prediction quality was determined using the test data sets, whereby



Fig. 2. Schematic representation of Complemental Hard Modeling with non-linear spectral model (left) and linear calibration model (right) adapted according to31.
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the root mean squared errors of prediction (RMSEP) were deter-
mined. Here, low RMSECV and RMSEP and high R2 values are pre-
ferred. Percentage root mean squared errors are given in relation to
the applied coating mass to improve comparability.

Results and discussion

Off-line coating mass determination

First investigations dealt with the tablet mass increase based on
coating (Fig. 3). For this purpose, samples were taken every three
minutes and the mass increase was evaluated according to 2.4. An
average mass increase was calculated from the triplicate measure-
ments and the applied coating mass was calculated in relation to the
total tablet mass in the coater. Over all, six batches were coated.
Batches 1.1 to 1.3 were used for the tangential measurement position
and batches 2.1 to 2.3 for the orthogonal measurement position. The
tablet mass increases linear over time for all batches as coating mate-
rial is applied with a continuous flow rate (Fig. 3). After one hour,
approximately 8 mg/cm2 of coating material was applied to each tab-
let. Moreover, the corresponding slopes representing the mass
increase rate are overall within similar ranges. Therefore, the coating
process appears to be consistent across all batches and repeatable.
Fig. 3. Representation of the mass increase during the coating process over time for the tang
b), including the three batches carried out for each measurement position.
Spectra pretreatment

The raw spectra presented in Fig. 4 (left) highlight a baseline shift,
which increases at lower Raman shifts. At the same time, the number
of identifiable peaks increases. The signal intensity decreases during
the coating process with increasing coating mass on the tablets. How-
ever, the additional peaks from the coating cannot be spotted easily.
Thus, the raw spectra highlights information about the tablet core
and obscures information about the coating material. Generally, char-
acteristic triplet Raman bands for paracetamol are apparent at
approximately 1500 to 1700 cm-1.38 Furthermore, the Raman bands
for microcrystalline cellulose are recognizable at approximately 380
and 1096 cm-1.7 However, the spectral changes associated with the
coating are revealed by a spectral pretreatment that includes baseline
and global range adjustment and peak height normalization to the
highest tablet core peak (Fig. 4, right).

Calcium carbonate as a Raman-active component of the coating
shows characteristic vibrations. In agreement to the literature,39

Raman bands are observable at »281 cm-1 and »1437 cm-1, while in
particular the vibration at »1087 cm-1 is apparent as a shoulder on
the core signal. Furthermore, this Raman band at 1087 cm-1 exhibits
a direct correlation between Raman intensity and coating mass
(Fig. 4, right, zoom).
ential measurement position (left, a) and the orthogonal measurement position (right,



Fig. 4. The raw spectra without pretreatment (left, a) and the spectra after pretreatment (right, b), exemplary shown for batch 2.1 in orthogonal measurement position. Additionally
spectral range from 1065 to 1145 cm-1 with correlation Raman intensity and mass of coating material at 1087 cm-1 (c).
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Model evaluation

Partial least squares regression
For each measurement position, a PLS-R was developed. The PLS

ranks were selected to ensure that the model quality was maximized
in terms of sufficient R2, RMSECV and RMSEP and the rank is physi-
cally explainable. For this purpose, the loadings of the PLS-Rs were
considered (Fig. 5). Here, the loadings one up to three primarily rep-
resent the peak increase (rank 1) due to the coating and the peak
broadening (rank 2−3).

It can be observed for both models that the model quality
increases with increasing the rank, which can be verified by a
decrease in RMSECV and RMSEP and an increase in R2. Based on the
loadings, higher ranks cannot be justified, as no relation between
attributes and physics can be recognized. In order to avoid overfitting
by selecting too high ranks, any ranks higher than three were
excluded.

For the tangential position PLS-R, the highest model performance
was achieved at a PLS rank of 2. The calibration model is sufficient
with an R2 of 0.98 and the coating mass prediction is sufficient with a
minimum value for the RMSEP of 2.66 % (Table 3). At this rank, how-
ever, the RMSECV is still high with 17.09 %. This was attributed to the
fluctuations in batch 1.1 (Fig. 3). Consequently, the two training data
sets differ more in comparison to the other measurement position.
This leads to increased RMSECV values in the cross-validation. In the
Fig. 5. PLS loading for rank 1 exemplary for the tangential measurement position.
case of Raman spectroscopy, peak shifting or broadening/narrowing
may occur, which could act as a limiting factor for this statistical PLS-
R, potentially interfering with the consistency of the data patterns
that PLS-R relies on for accurate predictions. However, the RMSEP is
considered to be the most important evaluation parameter for the
application and prediction of the mass increase of the coating, as it
describes the deviations of the predicted values from the true values.
Therefore, rank 2 was selected for the tangential probe alignment.

A similar trend can be observed in the PLS-R for the probe with
orthogonal alignment. With increasing the rank, the model quality
increases. Therefore, rank 3 was chosen for the orthogonal position
PLS-R. RMSEP, RMSECV and R2 are suitable with 4.61 %, 5.56 % and
0.99.

The PLS-Rs are shown in Fig. 6, indicating the training samples
and test samples. The calibration model of the tangential measure-
ment position indicates a comparatively lower model quality in terms
of the R2 compared to the model of the orthogonal measurement
position (Table 3). In Fig. 6, deviations of the training samples are
more apparent for the tangential measurement position compared to
the orthogonal measurement position. This can be attributed to the
inherent fluctuation in the tablet bed height during the coating pro-
cess and the different measurement spot positions of the two mea-
surement positions.40 Thus, depending on the position of the tablets
in the coater and the corresponding Raman probe position, different
tablet speed profiles and different tablet slipping behavior in terms of
avalanches are expected. However, the predictive performance of the
models is in reverse order. The PLS-R for the tangential measurement
position indicates a higher model quality in terms of RMSEP com-
pared to the PLS-R for the orthogonal measurement position. This
conclusion relates to the data set presented in this study. In order to
finally differentiate between the two measurements positions with
regard to model performance, larger data sets are required. Neverthe-
less, both models are considered to be sufficient with regard to the
requirements for a predictive model as they are characterized by
RMSEP values of less than 5 %. Moreover, these model evaluation
parameters are comparable to those of other PLS-Rs for pharmaceuti-
cal coating applications in the literature.22
Table 3
Model evaluation parameters for PLS models and probe measurement positions.

R2 [-] RMSECV [%] RMSEP [%]

tangential 0.98 17.09 2.66
orthogonal 0.99 5.56 4.61



Fig. 6. Presentation of the PLS-R for both measurement positions, left tangential measurement position (a) and right orthogonal measurement position (b), with training and test
samples.

Fig. 7. Tablet core Raman spectrum (black) with tablet core Hard Model (blue) including three peak functions (light grey) for the tablet core (left, a) and final coated tablet spectrum
(black) with Complemental Hard Model (blue) including three peak functions for the tablet core(light grey) and one peak function for the coating material (grey) (right, b), both
exemplarily shown for batch 2.1.

Table 4
Model evaluation parameters for CHMmodels and probe measurement positions.

R2 [-] RMSECV [%] RMSEP [%]

tangential 0.97 4.68 4.37
orthogonal 0.99 5.45 2.77
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Complemental hard modeling
In accordance with the procedure described in 2.7.3, separate

CHMs were developed for each of the two measurement positions.
Initially, pure component Hard Models were developed for the tablet
core (Fig. 7, left). The peaks at 1096 cm-1 and 1132 cm-1 were attrib-
uted to microcrystalline cellulose (n(COC)) and the peak at 1109 cm-1

to paracetamol (din-plane(HCC), n(CNC), din-plane(HOC)).7,38,41 Each of
these consists of three peak functions describing the spectral
response of the tablet core. Based on the residuals (<0.003) the agree-
ment with of the Hard Model and the spectral response of the tablet
core and thus the quality are considered to be sufficient.

Subsequently, the core Hard Models were transferred to the spec-
trum of coated tablets and complemented with a peak function for
the calcium carbonate peak at 1087 cm-1 to capture the spectral
information of the coating material (Fig. 7, right). The resulting CHMs
exhibit high agreement with the corresponding spectrum of coated
tablets, indicated by low residual values (<0.002) (Fig. 7, right). This
applies to the CHMs for both positions.

The calibration model for the orthogonal measurement posi-
tion has an increased R2 compared to the tangential measurement
position (Table 4), which can also be observed with respect to the
deviations of the samples from the parity line (Fig. 8). Here,
larger deviations of the training samples are apparent, especially
in the range from 200 to 500 g of applied coating material. This
is consistent with the data of mass increase over time (Fig. 3),
where batch 1.1 exhibits increased process fluctuations. However,
according to the cross-validation the CHM for the tangential
measurement position has a higher model quality in terms of
RMSECV but if the range is included, both RMSECV values can be
considered as comparable. Thus, a higher capability to handle the
interbatch variability in the prediction of coating mass grow dur-
ing cross-validation is indicated for CHM in comparison to PLS-R.
In comparison to the CHM for the orthogonal measurement posi-
tion, the predictive power of the CHM for the tangential measure-
ment position is characterized by larger deviations of the test
samples and higher RMSEP value. This can be attributed to the
fluctuation in the tablet bed described previously, which is of dif-
ferent magnitude for the two measurement spots. Consequently,
the orthogonal measurement position model is preferable, taking
into account that the training data for the tangential measure-
ment position was comparatively inferior. Accordingly, further
studies must be carried out with larger data sets in order to dif-
ferentiate between the two measurement positions in terms of
model performance. Based on the data presented in this study,
both models can be classified as sufficient.



Fig. 8. Presentation of the CHM for both measurement positions, left tangential measurement position (a) and right orthogonal measurement position (b), with training and test
samples.

Table 5
Model evaluation parameters for both model types based on training data batch 1.1 or
1.2.

R2 [-] RMSECV [%] RMSEP [%]

Training data batch 1.1 PLS 0.99 5.90 16.08
CHM 0.95 7.01 5.98

Training data batch 1.2 PLS 0.99 5.91 12.63
CHM 0.97 4.77 4.37
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Model performance with respect to training data quantity and quality
The analysis of data with comparatively reduced quantity and

quality was performed separately. Batches 1.1 and 1.2 were used
as individual training data sets to predict batch 1.3. Compared to
the models trained with the combined data of batches 1.1 and
1.2, the model evaluation parameters were generally reduced
(Table 5). Similarly, it can be observed that the CHMs are charac-
terized by decreased R2 values compared to the PLS-Rs, 0.95 and
0.97 to 0.99 and 0.99. Considering the quantity of data for the
respective calibration model, the R2 values can be classified as
comparable in the overall context. However, the CHMs are supe-
rior to the PLS-Rs in terms of RMSEP, 5.98 % and 4.37 % to
16.08 % and 12.63 %. Generally, the models based on batch 1.1 as
training data are characterized by a lower model quality than
those with training data based on batch 1.2. This can be attrib-
uted to the general structure of CHMs as Hard Models. CHMs
allow for improved coverage of spectral information and predic-
tion of coating mass, even when peak position and width or data
quality and quantity vary. In general, the CHMs perform better
Fig. 9. The in-line monitored coating mass increase predicted on the basis of the models and
on the left (a) and CHM on the right (b).
with reduced training data quantity and quality to predict the
coating mass compared to the PLS-R. This is to be expected, since
spectral Hard Modeling does not require a broad data set that ful-
fills all statistical requirements, but exploits the physical behavior
of spectra when the chemical composition of a sample changes.35

In-line monitoring performance
The test batch spectra of the orthogonal measurement position

were utilized to demonstrate the potential model-based in-line mon-
itoring (Fig. 9) of the coating process over time. Here, measurement
position two was selected as it is considered to be preferable based
on the previous results. For this purpose, the two models developed,
consisting of CHM and PLS-R for the orthogonal measurement posi-
tion, were utilized to predict the coating mass increase based on the
spectra data of batch 2.3. All available spectra were included, rather
than just the ones that matched the sampling as in the model
development. The overall spraying time was 60 min leading to a
mass increase of roughly 600 g coating material on the tablet
cores, which is observable in all experiments. The mass increase
is determined for the total tablet mass in the coater. In general,
an increase in the coating mass over time can be observed for
both models. However, the models overestimate the coating mass
applied at minute 60. The PLS model overestimates the applied
coating mass by 6.5 % and the CHM overestimates the applied
coating mass by 5.9 %. Despite this, the in-line predicted coating
mass is in agreement with the off-line weight measurement. In
conclusion, both models predict the increase in coating mass suf-
ficiently well.
off-line measurements are shown over the coating time. Results from PLS-R are shown
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Conclusion

In this study, for the first time in-line monitoring methods for
titanium dioxide-free coatings based on caclium carbonate as a
substitute were developed utilizing Raman spectroscopy. For this
purpose, tablets were coated in a KOCO 25 semi-continuous
coater with a coating containing calcium carbonate. Here, two dif-
ferent Raman probe measurement positions in the coater were
compared. Furthermore, two different model types were devel-
oped and compared in terms of model evaluation parameters,
including statistical PLS-Rs and mechanistic CHMs. Additionally,
the developed models were utilized to monitor the coating mass
growth in-line based on the spectral data.

In general, the performed cross-validations indicate a higher
model quality of the CHMs. The prediction models are comparable
and have RMSEPs of less than 5 %. Nevertheless, the CHMs performed
better with reduced data quality and data quantity, i.e. only one
training data set used, indicated by comparable lower RMSEPs. This
was attributed to the mechanistic structure of CHMs, achieved by
solving least squares problems and adjusting component weights.
Overall, it could be demonstrated that the developed models and
their model performance are comparable to models based on tita-
nium dioxide.

The tangential and the orthogonal measurement positions are
different in terms of their exposure time and the resulting mea-
surement frequency. Taking the process duration into account,
both measuring frequencies are sufficient. The model evaluation
parameters are better for the orthogonal measurement position
compared to the tangential measurement position. Given the
potential influence of data quality on the decision between the
two measurement positions, further studies utilizing larger data
sets are required to provide a more robust conclusion. In conclu-
sion, it could be demonstrated that PLS as well as CHM are suit-
able for the endpoint detection of a titanium dioxide-free coating
and provide real time data about the process that can be used for
real-time release testing and digitalization.
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