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Abstract: Raman spectroscopy is a useful tool for polymorphic form-monitoring during the crystal-
lization process. However, its application to solute concentration estimation in two-phase systems
like crystallization is rare, as the Raman signal is influenced by various changing factors in the
crystallization process. The development of a robust calibration model that covers all variations is
complex and represents a major challenge for the implementation of Raman spectroscopy for in-line
monitoring and control of the solution crystallization process. This paper describes the development
of a Raman-based calibration model for estimating the solute concentration of the active pharma-
ceutical ingredient ceritinib. Several different calibration approaches were tested, which included
both temperature and spectra of clear solutions and slurries/suspensions. It was found that the con-
centration of the ceritinib solution could not be accurately predicted when suspended crystals were
present. To overcome this challenge, the approach was enhanced by including additional variables
related to crystal size and solid concentration obtained via in-line process microscopy (chord-length
distribution percentiles D10, D50 and D90) and turbidity. Partial least squares regression (PLSR)
and artificial neural network (ANN) models were developed and compared based on root mean
square error (RMSE). ANN models estimated the solute concentration with high accuracy, with the
prediction error not exceeding 1% of the nominal solute concentration.

Keywords: process analytical technology; Raman spectroscopy; turbidity measurements; in-line
process microscopy; crystallization; ceritinib; calibration models; pharmaceuticals

1. Introduction

Crystallization is a fundamental process in the pharmaceutical industry for the purifi-
cation and isolation of substances. As the vast majority of active pharmaceutical ingredients
(APIs) are produced in crystalline form, crystallization plays a crucial role in achieving the
desired chemical purity and physical properties of the product [1]. When done properly,
it facilitates precise control of crystal properties like the polymorphic form, particle size
distribution (PSD), aggregation and/or agglomeration. These properties in turn directly
impact downstream processes like filtration, drying and particle reduction unit opera-
tions, as well as final product characteristics like solubility, stability, dissolution rate and
bioavailability [2,3].

Given the strict manufacturing process quality control and the requirements for high-
quality pharmaceutical products, in 2004, the U.S. Food and Drug Administration (FDA)
proposed an innovative approach to the research and development, manufacturing and
quality control of pharmaceutical products that utilizes process analytical technology
(PAT) [4]. PAT combines scientific and engineering approaches through the development
and implementation of analytical methods, advanced techniques and tools for the mea-
surement and control in real time of critical quality attributes (CQA) and critical process
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parameters (CPP). For the monitoring and subsequent control of crystallization processes,
in-line PAT probes have been developed to measure and determine the concentration,
particle size distribution, particle shape and polymorphic form directly in the process.

Accurate solute concentration measurements are essential to define process conditions
for effective process control strategies, as the driving force of the process is supersaturation,
which is defined as the difference between the current solute concentration and the equilib-
rium solute concentration [5–7]. Zhang et al. [8] provide a detailed overview of different
techniques for concentration measurement in crystallization processes. The most common
in situ method for solute concentration determination is the ATR technique in combination
with FTIR and UV/Vis spectroscopy. This is due to the small penetration depth of the beam
into the sample (i.e., solution or suspension), which makes the ATR technique insensitive to
the presence of particles, i.e., the heterogeneity of the crystallization system [9–11]. On the
other hand, Raman spectroscopy is more commonly used for monitoring the composition
of the solid phase [12–14] in terms of polymorphic form determination or transformation
monitoring. Due to the inherent properties of the Raman probe designs (focal point probes
and coherent beam probes), the Raman signal is far more complex, as it depends on many
factors, including the composition of the solid and liquid phases, the size and shape of
the suspended crystals and the temperature [15,16]. Due to the dynamic nature of the
crystallization process, during which all these variables change, the development of a
suitable calibration model facilitated by Raman spectra is challenging. Nonetheless, the
quantitative use of Raman spectroscopy for the measurement of solute and solid concen-
tration has been reported. The concentration of a solute can be estimated based on a
specific solute peak [17,18]. However, the univariate approach is not always feasible, as it
cannot account for peak shifts and signal overlapping. Cornel et al. [15] demonstrated that
despite weak and overlapping liquid- and solid-phase signals, solute concentration can
be estimated from data collected from suspensions considering multivariate approaches.
Several authors propose the collection of Raman spectra across a variety of temperatures
in solid-free experiments, and in suspensions with varying concentrations of solids for
solid-phase experiments [16,19,20]. However, the effects of temperature on Raman spectra
can be considered negligible compared to the size and quantity of the suspended crystals,
thus making this calibration step quite extensive. Various modeling approaches have
been employed, including classical least squares (CLS), multiple linear regression (MLR),
principal component regression (PCR), partial least square regression (PLSR) and artificial
neural networks (ANN), for solute and solid concentration estimation. Table 1 gives an
overview of the literature on quantitative applications of Raman spectroscopy for real-time
measurements in multiphase systems over the past decade.

Table 1. Recent literature on the application of in-line Raman spectroscopy for multiphase systems.

Application Model System Description Modeling Approach Ref.

Solid concentration Nuclear waste slurries

Suspended solids in dense nuclear
waste slurries were estimated using
Raman spectra. The concentration of
solutes could not be accurately
predicted from Raman spectra at high
solids concentration.

PLSR [21]

Solute concentration Taurine

The kinetic parameters for nucleation
and growth were estimated by
combining the solid-phase data from
the image analysis results with the
liquid-phase concentration data from
Raman spectra and temperature.

PLSR [22]
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Table 1. Cont.

Application Model System Description Modeling Approach Ref.

Solute and solid
concentration

L-glutamic acid and
paracetamol

The solution concentration and slurry
density for two model–systems were
determined simultaneously and
quantitatively based on multivariate
models. ANNs predicted the solute
concentration with high accuracy.

CPR, PCR, PLSR, ANN [20]

Solid composition and
concentration Carvedilol

Raman spectroscopy was used to
evaluate the composition of the solid
phase. In combination with
ATR/UV-Vis to measure the solute
concentration, the polymorphic
concentration of each polymorph
was calculated.

MLR, CLS [23]

Solid concentration Paracetamol
Online Raman spectroscopy was used
to monitor the concentration of form II
crystals as a function of time.

PCR [24]

Solute concentration Carbamazepine

The concentrations of undersaturated
solutions of carbamazepine were
estimated based on Raman spectra
and temperature.

univariate [18]

Solute concentration Paracetamol

The solute concentration during the
continuous crystallization of
paracetamol with additives was
monitored using Raman spectroscopy.

PLSR [19]

Solute concentration D-mannitol

The liquid-phase concentration in an
aqueous polymorphic system of
D-mannitol was estimated and
monitored during the
solvent-mediated polymorphic
transformation from the α- to the
β-form of mannitol.

PLSR [16]

Solute concentration
and polymorphic ratio o-aminobenzoic acid

Raman spectroscopy was used to
accurately determine the solute
concentration in a solids-free
experiment. Raman spectroscopy was
used to measure the polymorphic
ratio of forms I and II.

PLSR, PCR [25,26]

Solid concentration
ratio Carvedilol

Based on the ratio of the solids
concentrations of forms I and II
measured using Raman spectroscopy,
a feedback control of the
crystallization of the desired form II
was performed.

CLS [27]

Recent literature on crystallization shows that Raman spectroscopy has been promoted
to one of the most effective quantitative and qualitative in-line spectroscopic measurement
methods for crystallization process monitoring and control [28,29]. This stems from its
versatility in determining both solid- and solute-phase composition and concentration.

In this work, a novel calibration approach was investigated. The substantial calibra-
tion steps were reduced to measure suspensions of various solid concentrations within the
metastable zone, as no solid-free solutions exist in a seeded crystallization process. The
model system for the developed calibration approach was ceritinib form A in tetrahydrofu-
ran. Ceritinib is an active pharmaceutical ingredient that targets metastatic non-small lung
cancer cells by inhibiting the anaplastic lymphoma kinase (ALK) protein. The recrystalliza-
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tion process of ceritinib in tetrahydrofuran is likely to optimize the crystal size distribution
(CSD) of ceritinib, contributing to its improved granulometric properties. However, it is
important to note that the detailed exploration of CSD improvement through recrystalliza-
tion is not the scope of this work. Instead, this study concentrates on a novel calibration
model approach to effectively monitor this recrystallization process. The dataset for model
development consisted of Raman spectra, temperature and variables measured via in-line
process microscopy that are related to crystal size (chord-length distribution percentiles
D10, D50, D90) and solid concentrations (turbidity) measured in suspensions of different
solute and solids concentrations.

2. Materials and Methods

In this work, the model system for the proposed calibration approach is the active phar-
maceutical ingredient ceritinib of polymorphic form A in tetrahydrofuran. The IUPAC name
of the active pharmaceutical ingredient ceritinib is 5-chloro-2-N-(5-methyl-4-piperidin-4-yl-
2-propan-2-yloxyphenyl)-4-N-(2-propan-2-ylsulfonylphenyl)pyrimidine-2,4-diamine [30].
The molecular structure of the compound is shown in Figure 1. Ceritinib has three known
polymorphic forms. Of these three solid forms, form A and form C are anhydrous, and
form B is a hydrate [31].
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All solvents were purchased from Lachner (Neratovice, Czech Republic). Ceritinib
form A was synthesized following the preparation steps described by Zokić et al. [32].
Ceritinib dihydrochloride (Hui Chem Co., Ltd., Shanghai, China) was dissolved in an
acetone–water solvent mixture, followed by pH modification with sodium hydroxide and
cooling crystallization. Crystals were dried under a vacuum.

Tetrahydrofuran was chosen as a suitable solvent for the purification and granulo-
metric improvement of the synthesized ceritinib. The proposed calibration approach was
developed as the recrystallization process of form A ceritinib in tetrahydrofuran was to be
monitored and controlled based on the calibration model.

2.1. Offline Characterization Methods

The offline characterization of the prepared crystals was carried out using X-ray
powder diffraction (XRPD). The samples were recorded using D8 Advance (Bruker, Billerica,
MA, USA) with Cu Kα radiation at an accelerating voltage of 40 kV and a current of 25 mA
in a Bragg–Brentano configuration in the range of 2–55◦ 2Θ, with a step of 0.02◦ and a step
duration of 0.6 s.

The distinction of the characteristic Raman peaks of solid ceritinib form A and tetrahy-
drofuran was recorded offline using a fiber-optic probe (MarqMetrix Inc., Seattle, WA, USA)
connected to a Raman spectrometer (WP 785 nm, Wasatch Photonics, Logan, UT, USA).



Processes 2023, 11, 3439 5 of 15

Raman spectra were collected in the range 2015–241 cm −1 with a resolution of 2 cm−1. The
exposure time was altered to increase the signal-to-noise ratio for each sample.

2.2. Solubility Determination

The solubility determination of ceritinib form A in tetrahydrofuran was carried out
in a CrystalSCAN (E2153, h.e.l Ltd., Borehamwood, UK) batch reactor with turbidity and
temperature probes. Tetrahydrofuran was kept at a constant temperature, ranging from
5–55 ◦C. A defined, small mass of form A ceritinib crystals was added until a consistent
turbidity plateau was reached, indicating that no further dissolution was occurring. An
aliquot was withdrawn from the reactor, filtered and the solubility was gravimetrically
determined using a moisture analyzer (MLS 50-3C, Kern & Sohn, Balingen, Germany).

A total of 10 solubility data points were measured as a function of temperature, and
the solubility curve was fitted using the solubility regress design module in Dynochem
software (version 2.2.). Within the solubility regress design module, several solubility
expressions were proposed. The solubility expression:

c* = exp (lnA − B/(R × T) − C/(R × T)2. (1)

was selected based on the highest coefficient of determination, R2. The solubility is mea-
sured in g/kgsolution, T is the temperature in K and R is the ideal gas constant in kJ/mol K.
A, B and C are solubility model parameters.

2.3. Calibration Experiments

All experiments were carried out in a shaded 500 mL jacketed reactor coupled with
a cooling/heating circulator (Magio MS-1000F, Julabo, Seelbach, Germany), a Pt-100 tem-
perature sensor, an overhead stirrer and a PTFE propeller with three blades inclined at 45◦

(Bohlender, Grünsfeld, Germany).
The Raman spectrum was measured in-line, using the same Raman spectrometer and

immersion probe as mentioned in the section as previously mentioned. The laser power
was set to 450 mW, and a consistent exposure time of 1500 ms was used for all sample
measurements, ensuring an optimal signal-to-noise ratio and avoiding saturation of the
CCD detector. Chord-length distribution percentiles and turbidity were recorded using an
in-line process microscope (Blaze 900, BlazeMetrics, Marysville, WA, USA). The agitation
speed and laser strength were kept constant throughout the experiments, as they could
cause a substantial amount of variation in the predicted solute concentration [18].

The Raman spectrometer, in-line process microscope and cooling/heating circulator
were integrated through data-linking, enabling synchronous data acquisition (Figure 2).
Dedicated software was developed for the systematic archiving of all measurement data
using the OPC UA protocol and a standard USB.

Tetrahydrofuran (THF) was heated to the desired saturation temperature, ranging
from 9 to 50 ◦C. The calculated mass of ceritinib form A was added to the tetrahydrofuran
at the saturation temperature. The suspension was heated slightly above the saturation
temperature until all crystals dissolved, which was observed using an in-line process mi-
croscope. When complete dissolution occurred, the solution was cooled back to saturation
temperature. Suspensions with different solid concentrations were prepared by adding
the known mass of form A ceritinib crystals to the saturated solutions (Figure 3). The
amount of crystals needed for the preparation of the suspensions was calculated based
on the solubility curve. For lower concentrations, a greater amount of crystals was added,
considering the crystallization yield.
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their prepared suspensions.

In total, nine different saturated solutions were prepared, and for each distinct satu-
rated solution up to ten suspensions of different solid concentrations were prepared. The
Raman spectrum, temperature, turbidity and chord-length distribution (CLD) percentiles
(D10, D50 and D90) were collected simultaneously after each addition of crystals to the
saturated solution.

2.4. Model Development

Solute concentration estimation based on spectroscopy is carried out indirectly via
the interpretation and quantification of the spectral data using calibration models. The
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development of calibration models involves data collection, analysis and visualization, the
removal of outliers, signal preprocessing, variable selection or reduction, choosing the type
of model and training and validation of the model. As stated in the previous section, the
collected experimental data consisted of the Raman spectrum, temperature, turbidity and
chord-length distribution for a given suspension with varying solute (g/kg solution) and
solid concentrations (gcrystals/kg solution).

All computations were performed in the Python programming language using the
Sklearn and Keras libraries for the development of partial least squares regression (PLSR)
and artificial neural network (ANN) models, respectively.

The Raman spectrum is prone to baseline shifts, scattering effects and noise, which
affect its interpretability. In this work, several preprocessing methods were applied to
the spectral data. The aim was to identify and apply preprocessing algorithms that could
improve the model’s performance. Baseline effects were corrected using asymmetric
least squares smoothing (ALS) and a first-order Savitzky–Golay derivative. The Savitzky–
Golay filter was also used for smoothing and noise reduction, with careful parameter
selection to retain features of the spectra characteristic of ceritinib. Scattering correction
was performed using standard normal variate (SNV) and multiplicative scatter correc-
tion (MSC). In addition, the spectral range for the model’s development was reduced to
1800–400 cm−1 after a visual inspection and analysis of the offline and in-line collected
data. The application of various preprocessing algorithms resulted in the generation of an
additional four datasets.

To ensure the robustness of the model across various solute concentrations, a leave-
one-out cross-validation adapted to the solute concentration was used. A distinct subset of
the data was represented by the unique solute concentration value. As the collected data
contained nine subsets (i.e., nine different solute concentrations), the model was trained on
eight subsets and validated on one. This process was repeated iteratively for each subset
to be used as a validation set, and the average root mean square error of cross-validation
(RMSECV) was calculated.

The partial least squares regression model was used to estimate the solute and solid
concentrations. When estimating multiple outputs, the partial least squares regression
is referred to as PLSR2. The algorithm calculates the PLS components that explain the
maximum covariance between the inputs and the outputs. The number of PLS components
was optimized using the adapted leave-one-out cross-validation based on the RMSECV
and the coefficient of determination (R2) for both outputs simultaneously. The final PLSR
model was fitted to the entire dataset.

Additionally, feedforward artificial neural networks with backpropagation algorithms
were developed. The neural network’s input layer initially consisted of 705 variables:
Raman spectrum, temperature, turbidity and chord-length distribution percentiles. The
output layer contained two neurons with linear activation functions. An optimal ANN
architecture and parameters were determined through an extensive analysis, in which
different numbers of neurons, hidden layers, activation functions and optimizers were
investigated. To minimize the RMSE in training, the Adam optimization algorithm was
utilized, along with dropout layers to avoid overfitting.

3. Results and Discussion

Ceritinib can exhibit three different crystalline forms. Ceritinib form A has character-
istic X-ray Powder Diffraction (XRPD) peaks at angles 10.63◦, 12.78◦, 13.25◦, 15.60◦ and
17.58◦, which are absent in both forms B and C. No peaks characteristic of forms B and
C at the angles 5.05◦, 5.42◦, 9.37◦, 9.61◦, 10.09◦, 15.04◦ and 15.11◦ were observed [31,32].
The results of the XRPD analysis verify that the crystallization of ceritinib dihydrochloride
in acetone–water yielded ceritinib form A (Figure 4). Hence, the prepared ceritinib was
used for calibration experiments in tetrahydrofuran. The studied ceritinib form A is the
most stable form; therefore, under the given conditions, form A is the most likely to form
crystals and remain unchanged. The recrystallization of ceritinib in tetrahydrofuran did
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not change the crystal structure, as the peaks of the crystals complied with the standard.
This demonstrates that the use of tetrahydrofuran as a solvent in the recrystallization of
ceritinib is effective for purification and can also aid to achieve an improved crystal size
distribution after the initial crystallization in an acetone–water solvent mixture.
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Figure 4. XRPD patterns of the prepared and recrystallized ceritinib.

The offline Raman spectrum of ceritinib form A and tetrahydrofuran shown in Figure 5
helped identify the spectral region for model development. Tetrahydrofuran had broad
bands in the ranges 1500–1400 cm−1, 1300–1200 cm−1, 1050–1000 cm−1 and 950–850 cm−1.
The peaks of ceritinib form A did not overlap with tetrahydrofuran in the spectral range of
1650–1550 cm−1 and at the lower wavenumbers.
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3.1. Solubility Determination

The determination of the solubility curve is a prerequisite for crystallization process
development, as it defines the crystallization method (e.g., cooling, anti-solvent) and
operating conditions and determines the yield [33]. Thus, for the proposed calibration
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method, an accurate solubility curve is crucial to avoid the dissolution of crystals at a
given temperature.

Table 2 contains the fitted solubility parameters. Solubility model 5 (Figure 6) dis-
played the highest correlation coefficient (R2 = 0.995) among the other proposed Dynochem
models when fitting the experimental data points, with an estimated average percent error
of the measurements of 3.81%.

Table 2. Estimated solubility equation parameters.

lnA B, kJ/mol C, (kJ/mol)2

3.02 −31.74 66.89
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Figure 6. The estimated solubility curve and experimentally determined data.

Performing calibration experiments from saturated solutions confirmed the accuracy
of the solubility model, as no dissolution of crystals was observed upon the addition of
solids (indicated by the turbidity measurement).

3.2. Calibration Experiments and Raman Spectra Analysis

The visual inspection of the Raman spectra is a crucial step in the development of the
calibration model. It provides useful information about the characteristic spectral features
and variability of the data. It also helps to detect underlying data artifacts that influence
Raman spectra, such as baseline shift, fluorescence background, noise and possible cosmic
spikes, that need to be preprocessed before model development [34,35]. The influence of
the changes in solute and solid concentrations on the Raman spectra is shown in Figure 7.

An increase in the intensity of the Raman spectra was observed for the increase
in the solute concentration, although three of the most concentrated solutions did not
follow the trend (Figure 7a). With the addition of crystals, an increase in the relative
intensity of the characteristic ceritinib peaks to the tetrahydrofuran peaks was observed
(Figure 7b). With the increase in both solute and solid concentrations, the suppression
of tetrahydrofuran wide bands (1530–1410 cm−1, 1140 cm−1 and 970–870 cm−1) revealed
additional ceritinib peaks. This also indicated that the solid and solute peaks overlap.
To address this issue, turbidity was introduced as an input variable for both training
and prediction, as it correlates strongly with solid concentration [36,37]. The calculated
Pearson correlation coefficient supported this calibration approach, with a correlation of
0.91 indicating that turbidity should indirectly provide solid concentration information to
the model. Additionally, as turbidity depends on particle size [38], the percentiles of the
chord-length distribution were chosen as input variables.
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Figure 7. The raw Raman spectra of (a) saturated solutions with different solute concentrations and
(b) saturated solution (csat = 100.4 g/kg solution) with various solid concentrations.

3.3. Model Development

The preprocessing of spectral data is essential for noise removal and the reduction
and elimination of variability in the data that is not related to the property of interest, all to
enable the examined spectra to be further modeled more effectively [39]. Careful selection
of the spectral preprocessing algorithm can improve the robustness and quality of the
final model.

The raw Raman spectra (Figure 7) are noisy and show a baseline shift. Therefore,
asymmetric least squares (ALS), a first-derivative Savitzky–Golay filter, standard normal
variate (SNV) and multiplicative scatter correction (MSC) were applied to correct these
effects (Figure 8). However, it is important to establish a balance between the various
preprocessing steps to avoid overfitting and the potential risk of distorting the original
data to the extent of losing essential information from the spectrum. In addition, when
setting the parameters for preprocessing, particular attention was taken to ensure that
the prominent peak of ceritinib form A was preserved, especially in the spectral range of
1650–1550 cm−1. This consideration was crucial to ensure that this key spectral feature
was not lost or distorted, maintaining the integrity and relevance of the spectral data for
accurate analysis. All the preprocessing techniques are listed in Table 3.

The preprocessing steps aim to increase the linearity of the data; this is particularly
important for PLSR models, as it facilitates their ability to more effectively identify and
exploit linear correlations within the data, thus enabling a better solute concentration
prediction. The application of standard normal variate (SNV), Savitzky–Golay smoothing
and both asymmetric least squares (ALS) and first-derivative baseline correction reduced
the variation in the data caused by light scattering effects [40]. These preprocessing steps
significantly enhanced the linearity of the data, namely, of the P2 and P3 datasets. As
a result, the prediction performance of the PLSR models was improved compared to
the unprocessed data. On the other hand, for the developed ANN models, none of the
preprocessing methods significantly improved their prediction performance (results shown
in Table 3).
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Figure 8. Spectra of all samples preprocessed using: (a) ALS algorithm, Savitzky–Golay filter and
SNV, i.e., datasets P2 and A2; (b) first-derivative Savitzky–Golay smoothing and SNV, i.e., datasets
P3 and A3.

Table 3. Preprocessing techniques and RMSECV.

Model Dataset Baseline
Correction

Noise
Reduction

Scatter
Correction

RMSECV g/kg

Solute Solids

PLSR

P1 none 18.97 20.99

P2 ALS

Savitzky–Golay filter

SNV 9.82 20.99

P3 1st derivative SNV 10.22 21.46

P4 1st derivative MSC 22.49 22.29

P5 ALS MSC 23.33 22.29

ANN

A1 none 0.79 48.55

A2 ALS

Savitzky–Golay filter

SNV 0.60 36.64

A3 1st derivative SNV 0.61 40.20

A4 1st derivative MSC 0.48 20.93

A5 ALS MSC 0.49 22.12

ALS—asymmetric least squares smoothing algorithm; ANN—artificial neural network; A1–A5 denote the de-
veloped artificial neural network models; MSC—multiplicative scatter correction; PLSR—partial least squares
regression; P1–P5 denote the developed partial least squares regression models; SNV—standard normal variate.

The PLSR model’s performance was evaluated by varying the number of PLS compo-
nents from 1 to 10 and observing the changes in R² and RMSECV for each of the response
variables. This approach allowed the selection of an optimal number of components based
on a balance between model complexity and prediction accuracy. To reduce the possibility
of overfitting, for the dataset P2, a PLSR model with three PLS components was used to fit
the data, as additional components did not increase predictive performance (Figure 9).
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Figure 9. PLSR model optimization for the dataset P2.

The optimized PLSR P2 model overestimates and underestimates solute concentra-
tion (Figure 10) and the errors are not equally distributed, which indicates a non-linear
relationship in the dataset.

Processes 2023, 11, x FOR PEER REVIEW  12  of  15 
 

 

A5  ALS  MSC  0.49  22.12 

ALS—asymmetric least squares smoothing algorithm; ANN—artificial neural network; A1–A5 de-

note  the  developed  artificial  neural  network  models;  MSC—multiplicative  scatter  correction; 

PLSR—partial least squares regression; P1–P5 denote the developed partial least squares regression 

models; SNV—standard normal variate. 

The PLSR model’s performance was evaluated by varying the number of PLS com-

ponents from 1 to 10 and observing the changes in R² and RMSECV for each of the re-

sponse variables. This approach allowed the selection of an optimal number of compo-

nents based on a balance between model complexity and prediction accuracy. To reduce 

the possibility of overfitting, for the dataset P2, a PLSR model with three PLS components 

was used to fit the data, as additional components did not increase predictive performance 

(Figure 9). 

 

Figure 9. PLSR model optimization for the dataset P2. 

The optimized PLSR P2 model overestimates and underestimates solute concentra-

tion (Figure 10) and the errors are not equally distributed, which indicates a non-linear 

relationship in the dataset. 

(a)  (b) 

Figure 10. P2 (a) results on the validation dataset and its (b) residuals. Figure 10. P2 (a) results on the validation dataset and its (b) residuals.

Due to the complex and non-linear relationship in the data that PLSR models could not
deconvolve, ANN models were developed, as discussed by Lin et al. [20]. In multivariate
modeling, linear models are generally employed for systems with linear behavior, while
non-linear models are applied to systems with non-linear relationships. Linear models are
often preferred for linear systems because they are reliable, simple and result from basic
physico-chemical principles such as the Beer–Lambert law.

Through comprehensive analysis involving various numbers of hidden layers, neu-
rons, activation functions and optimizers, the optimal neural network architecture was
established. The most effective ANN configuration included a first hidden layer with
705 neurons, followed by a second hidden layer comprising 100 neurons with a sigmoid
activation function. The model’s performance was evaluated through leave-one-out cross-
validation across nine distinct solute concentration subsets, ensuring robustness and accu-
rate predictions.

The average RMSECV did not exceed 2 g/kgsolution, which is less than 1% of the lowest
solution concentration used in the model development (Figure 11).
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4. Conclusions

This research highlights the challenges of accurately predicting solute concentration
using Raman spectroscopy in the presence of suspended crystals, considering the com-
plex non-linear relationship of the solute concentration and the Raman spectrum in a
multiphase crystallization system. This complexity is a major challenge and limitation to
the application of Raman spectroscopy for in-line monitoring and control of the solution
crystallization process. By integrating additional variables that are related to the crystal
size and solid concentration using an advanced data-driven approach, a calibration model
for solute concentration was developed. It was demonstrated that artificial neural net-
works (ANNs) estimated the solute concentration with higher accuracy compared to partial
least squares regression (PLSR). The prediction error did not exceed 1% of the nominal
solution concentration.

This research demonstrates the practical applicability of the proposed calibration
approach for real-time monitoring and control of crystallization processes. The results
indicate that this approach could also be suitable for other multiphase systems.
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