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Polymerization reactions are characterized by complex, nonlinear behaviors that pose significant challenges
for conventional modeling techniques. Accurate and reliable models are crucial for advancing material science
and enabling technological innovations across various industries. Conventional first-principles models often fall
short in capturing the intricate dynamics of polymeric systems, leading to limitations in predictive accuracy. In
this work, we propose a novel hybrid modeling approach that combines a conventional first-principles model

with the strengths of a data-driven multi-layer perceptron (MLP) model and also a linear regression (LR) model
to enhance the predictability of polymerization processes. Utilizing this hybrid approach significantly reduces
the mean absolute error for predicting the concentrations of main reagents by 84% and 86%, respectively, in
experiments with significantly deviant outcomes. Our results indicate that the model is capable of predicting
the concentrations of both the main and side products with a maximum error margin of 3.5%.

1. Introduction

In order to effectively control, optimize, or monitor complex chemi-
cal processes, it is crucial to have an accurate model that captures their
nonlinear dynamic behaviors. Achieving these objectives is feasible
with a reliable process model, typically developed based on first-
principles equations [1]. In the realm of chemical reaction engineering,
where the underlying physical and chemical laws may be unknown
or uncertain, traditional phenomenological models often prove insuffi-
cient or prone to inaccuracies due to necessary approximations [2]. Re-
cently, artificial intelligence (AI) and machine learning (ML) techniques
have emerged as promising alternatives, demonstrating substantial suc-
cess in theoretical and computational chemistry [3]. A comprehensive
review by Zhu et al. [4] discusses the growing application of ML in
chemical reactors, particularly highlighting its potential in develop-
ing accurate predictive models for multiphase flow systems. Despite
their success, these ML techniques, often referred to as “black box”
models, exhibit significant limitations. Their primary drawback is a
restricted ability to generalize beyond the scope of their training data,
coupled with a lack of interpretability. This shortcoming hinders a
deeper understanding of the chemical processes at play, representing a
substantial challenge for their application in complex scenarios [3,5].

Hybrid modeling, combining the predictive power of black box
models with the explanatory depth of white box models, offers a bal-
anced approach that leverages the strengths of both. This methodology
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not only enhances the model’s interpretability and ability to generalize
across different conditions but also improves extrapolation capabilities
by incorporating fundamental physical and chemical principles [6-8].

Reflecting on the theoretical underpinnings and advantages of hy-
brid modeling, empirical studies have been conducted to validate its
application and efficacy in diverse scenarios. Mjalli and Ibrehem [9] use
statistical methods in their analysis to identify key model parameters
that significantly affect the outcome and to provide optimal estimates
for these parameters. In another study, Di Caprio et al. [10] initially
developed a first principles model and used experimental data to fit
two different types of functions. They then utilize these fitted functions
to dynamically estimate two different model parameters. Expanding
on this, recent work by Bangi and Kwon [11] introduces a deep hy-
brid model-based predictive control (DHM-based MPC) framework that
enhances predictive accuracy while ensuring system stability within
the model’s domain of applicability, particularly in continuous stirred
tank reactors. Pahari et al. [12] highlight the use of hybrid models to
estimate spatiotemporally varying parameters in complex systems like
reaction—diffusion processes. They illustrate how such models can cap-
ture latent chemical mechanisms that are otherwise difficult to discern
using traditional methods. Sitapure and Kwon [13] demonstrate the
application of hybrid modeling with time-series transformers in chemi-
cal systems, underscoring the potential for improving process modeling
and control through enhanced temporal predictions. Similarly, Shah
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et al. [14] developed a hybrid model for an industry-scale fermenta-
tion process, combining kinetic models with deep neural networks to
predict time-varying dependencies among parameters, thus enhancing
the model’s robustness and accuracy beyond traditional approaches.

Despite the advancements in hybrid modeling for optimizing param-
eters and improving predictive accuracy in diverse scenarios [15], the
complexity of polymeric reactions introduces additional challenges that
demand further refinement of these models. Polymeric reactions play a
crucial role in creating materials with specific properties and applica-
tions, from medical devices to structural components. However, these
reactions often face challenges due to the gel effect, a phenomenon
characterized by a rapid increase in reaction rate and medium viscosity
at certain conversion levels, complicating process control and product
quality [16]. Ensuring product quality in polymerization processes is
significantly more challenging than in reactions with small molecules
due to the profound impact of the polymer’s morphological and molec-
ular characteristics on its physical, chemical, thermal, rheological, and
mechanical properties. These attributes critically determine the poly-
mer’s suitability for its intended applications, making precise control
over the polymerization process essential for achieving the desired
product quality [17].

Hybrid neural network models for polymerization processes offer
a promising approach to modeling complex chemical reactions. By
combining neural networks with simplified phenomenological models,
researchers have developed methods that improve prediction accuracy
and operational efficiency in polymer production. These models ef-
fectively capture the dynamics of polymerization reactions, including
those influenced by gel and glass effects, demonstrating a significant
advance over traditional modeling techniques. The integration of ma-
chine learning with established chemical engineering principles marks
a pivotal contribution to the field, enabling more precise control and
optimization of polymerization processes [18-20].

The studies previously mentioned developed an extensive first-
principles model for a batch reactor operating at constant temperature
and attempted to predict the specifications of the polymer under dif-
ferent reactor conditions. A significant limitation of this approach
is its inapplicability to fed-batch or continuous stirred-tank reactors
(CSTR), where the system’s parameters change dynamically. Further-
more, integrating complex differential equations with neural networks
to simulate the reactor proves to be time-consuming. This complexity
restricts the practical use of these models as simulation environments
for optimization.

Regarding industrial priorities, ensuring the quality of the end
product and swiftly addressing process deviations to prevent gela-
tion is paramount. Hence, optimization, while important, becomes a
secondary consideration, provided that product quality remains un-
compromised. This emphasis on quality assurance and the necessity
for rapid troubleshooting underpin the need for more adaptable and
efficient modeling approaches that can support real-time monitoring
and optimization without sacrificing product integrity.

The main contribution of this work lies in the novel integration of a
regression module with a simplified hybrid model for the computation
of reaction kinetics and quality of the final product. This approach
enables real-time monitoring of both main (i.e. the polymer with the de-
sired chain length) and side product concentrations during the process.
Given its simplified foundation, this approach demonstrates remarkable
generalizability across different reactor types. For this purpose, we in-
vestigate a fed-batch polymerization reactor as a case study and utilize
provided experimental dataset (detailed in Section 2.2) for training and
validation.

The manuscript is structured as follows: Section 2 outlines the mate-
rials and methods, establishing the experimental framework. Section 3
describes the hybrid modeling approach, detailing its development and
theoretical underpinnings. Section 4 presents the results and discussion,
analyzing the data and interpreting the findings. The paper concludes
with Section 5, summarizing the study’s contributions and suggesting
avenues for future research.
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Fig. 1. Schematic representation of the experimental setup: Initially, the reactor
contains a mixture of component A and a catalyst. Component B is stored in a
separate tank and is fed into the reactor according to various strategies. The reactor’s
temperature is regulated by a surrounding jacket.

2. Materials and methods

In this section, we first describe the experimental setup and detail
the datasets collected from these experiments. Following this, we intro-
duce a simple first-principle model (also known as white-box model),
comprised a set of ordinary differential equations. Subsequently, we
present the multi-layer perceptron and linear regression model as a
function estimators to estimate parameters of the model. Finally, we
discuss the metrics used for training and evaluating our model.

2.1. Reaction system

The reactor studied here, depicted in Fig. 1 , is a pilot-scale poly-
merization fed-batch reactor located at the R&D center of allnex Resin
Company in Drogenbos, Belgium. As depicted in this figure, the reactor
is equipped with a stirrer to ensure thorough mixing of the reactants.
The temperature of the reaction mixture is controlled by circulating
oil at an appropriate temperature through the reactor’s jacket. Ad-
ditionally, the reactor is fitted with a near-infrared (NIR) probe to
monitor changes in the mixture’s composition. The process begins with
a mixture of catalysts and one of the reagents pre-heated to a specified
temperature, followed by the gradual addition of the second reagent
according to a specific recipe. Once the addition is complete, the
mixture is allowed to react in the reactor for a predetermined period to
ensure the reaction reaches completion. The polymerization reactions
involve chaining monomers, with the chain length highly dependent
on reaction conditions, including temperature and the availability of
free radicals. Furthermore, the reaction is exothermic, requiring careful
temperature control within a specific range. The heat-bath setpoints are
determined by human experts, and the temperature is controlled with
a primary PID. Different feed flow rates can be applied by a peristaltic
pump, and can be set by the expert. The molar equivalents of the reac-
tants are estimated using NIR spectroscopy, measured online during the
reaction. It is important to prevent the accumulation of side reactions
during the process as they can lead to the formation of a highly viscous
product, also known as gel, which is undesirable. Since the desired
product and by-products share the same chemical bond, it is impossible
to distinguish and monitor the production of the main products and the
by-products using NIR spectroscopy. Therefore, indirect methods are
necessary to model and estimate the concentrations of both the desired
product and by-products.

2.2. Data description
In this study, 44 lab-scale experiments were conducted with two

recipes under different initial conditions and strategies. The main dif-
ference between these two recipes is the feeding time. Among these 44
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experiments, there are 4 golden batches representing the best execution
based on human expert knowledge. These golden batch experiments
are optimized to achieve the minimum concentration of side products
at the end of the experiments. The remaining experiments are designed
to cover a wide range of initial and operational conditions and recipes,
aiming to produce a specific product with quality outcomes ranging
from acceptable to significantly deviant. There are three sources of
data for each experiment. The first source is related to the Camile
software and includes measurements such as the initial weight of
the loaded reactor, flow rate, stirrer speed, and the inlet and outlet
jacket temperatures. The second source of data is the NIR probe, from
which it is possible to estimate the concentration of the main reagents.
These two data sets are recorded every minute during the experiments.
The third source is HPLC analysis, providing information about the
mixture’s composition and is a one-time measurement that take place
only at the end of the experiments.

Based on these measurements, and following the first principal
model outlined in Section 2.3, we create an auxiliary dataset for
each experiment. This auxiliary dataset includes the reaction rate and
stoichiometry coefficients that best fit the concentrations of the main
reagents at each time step for all experiments and will be used to train
the MLP model.

For training purposes, we randomly divide the experiments into
train and validation datasets, ensuring there is at least one golden
batch experiment in the validation dataset. The remaining experiments
are concatenated together to form a comprehensive training dataset,
consisting more than 10* data points. This approach allows us to
closely simulate real-world conditions, ensuring that our model is not
only accurate but also robust enough to handle variations within the
production environment.

It is important to note that due to the confidentiality agreement,
all chemical names and variables have been masked, and the presented
graphs are normalized versions specifically created for this study.

2.3. Simple first principal model

The stoichiometry of the investigated reaction is defined as follows:
A+2B > aSP+pMP, (€Y

where A and B are identified as the main reagents, with SP and M P
representing the side and main products, respectively. The variables «
and p denote the rates of production for the side and main products,
resulting from the consumption of one mole of component A and two
moles of component B, respectively. Importantly, g is influenced by
the properties of the main product (MP) and is determined by the
reaction conditions. By first calculating p and then applying mass
balance equations, we can accurately determine a.

The first principal model is developed based on the work of Merfeld
et al. [21] as follows:

[ i E C, dv,
Sa_ M emencnce - AL (2a)
dt VIMA 0 A B cat VI dt
[ q E Cg dV,
L8 _ M8 e mrencnice - <220 (2b)
dt VIMB 0 A~ B cat I/I dt
dCy, _E C,, dV,
i = akye RT C:‘"C?; Com - v, 7 (20)
dep E C,, dV,
= pkoe” RTCIChCO — L L 2d
dt Bkoe A~ B cat v, dt 2d
d total . dvVv, 1 .
";_t :me = d_tl = me’ (2e)
; -

where C;s denote the molar concentrations of components. M, repre-
sent the molar weights of reagents. ¥, and dV, represent the volume
and volume change of the mixture, respectively. r; is the flow rate of
the reagents, and k, = 8.6x 10%, E = 61.07 kJ/mol, R = 8.314 J/(mol K),
and T are the reaction constant, activation energy, gas constant, and

reactor temperature, respectively. The terms m = 1.0096, n = 0.3899,
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and o = 0.11 represent the reaction orders with respect to concentration
of species A, B, and the catalyst cat, respectively. Finally, p,,, is the
average density of the mixture. Note that this set of equations is not
independent and one can be derived from the others.

The coefficients in these equations are optimized to fit the reagent
concentrations for golden-batch experiments at each time step. Fig. 5
compares the output of the white box model with experimental data
for component B in three different experimental conditions. As demon-
strated in this figure, for a golden batch experiment with minimal
side reactions, the white box model’s predictions of the concentration
closely match the experimental values. However, the model is unable
to accurately predict the values when side reactions are present in the
system.

2.4. Multi-layer perceptron

Multi-layer perceptron (MLP) is a machine learning technique for
processing information, and has gained popularity for its ability to pre-
dict both continuous and discrete variables across numerous fields [22,
23]. MLPs are composed of neurons and layers, with neurons in one
layer receiving inputs from those in the previous layer, applying an ac-
tivation function, and forwarding the output to the next layer [24]. This
process flows from the input to the output layer, passing through any
number of hidden layers, whose configuration — number of layers, neu-
rons per layer, and activation functions — are critical hyper-parameters
that need to be defined in advance. The estimated output y of an MLP
with one hidden layer can be succinctly represented by the equation:

M N
9=f<2 Wf)-g<2wl‘})~xf+b§1)>+b(2)> @
=1 i=1

where j denotes the estimated output of the MLP. x; represents the ith
input to the model, with i ranging from 1 to N, indicating the total
number of input features. w,(',l') stands for the weight from the ith input
unit to the jth neuron in the hidden layer. »" is the bias associated
with the jth neuron in the hidden layer. wS.Z) refers to the weight from
the jth neuron in the hidden layer to the output neuron. b® represents
the bias of the output neuron. g(-) is the activation function applied
to each neuron in the hidden layer, and f(-) is the activation function
applied at the output layer, the choice of which depends on the specific
task.

This formulation encapsulates the process by which an MLP with
one hidden layer processes input data. The model initially applies a
series of weighted sums and biases to the inputs, followed by a non-
linear transformation through the activation function g in the hidden
layer. The resulting activations are then linearly combined, adjusted
by another bias, and passed through the output activation function
f, producing the final estimate y. This structure enables the MLP
to capture complex relationships between the input features and the
target output, making it a versatile tool for a wide range of predictive
modeling tasks.

2.5. Linear regression

Linear regression (LR) is a statistical method used to model the
relationship between a dependent variable and one or more indepen-
dent variables by fitting a linear equation to the observed data. In this
study, we employed linear regression to analyze the influence of the
independent variables on the dependent variable. The linear regression
model can be expressed as follows:

Y=0+0X +5HX,+ - +5,X,+e, (€))

where f is the intercept, #,, f,, ..., are the coefficients of the inde-
pendent variables, and (¢) represents the error term.

In our analysis, we used ordinary least squares (OLS) estimation to
determine the parameters (f.f,, ..., B,). This method minimizes the
sum of the squared differences between the observed values and the
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Fig. 2. Structure of Multi-Layer Perceptron (MLP) model. The model consists of 6
inputs, 3 hidden layers with [8, 16, 8] neurons, and 2 outputs. It uses ReLU activation
for the hidden layers and a linear activation for the output layer.

values predicted by the model. We evaluated the model fit using R-
squared, and conducted hypothesis tests on the regression coefficients
to determine their statistical significance. The results of the linear
regression analysis provided insights into the strength and direction of
the relationships between the variables under investigation.

2.6. Metrics and sensitivity

For evaluating the proposed model, we utilized Mean Squared Er-
ror (MSE) and Mean Absolute Error (MAE). These metrics succinctly
capture the model’s accuracy and predictive reliability.

m
MSE = - 35, = ) ®)
MAE= LY |5~y ©
mis
where, y; and y; are the ith prediction and experimental values, respec-
tively, while m is the number of data points that is equal to the length
of each experiment.

To investigate the robustness of the proposed modeling approach,
we augmented measurements in different parts of the model with
varying levels of Gaussian noise. Subsequently, we compared the error
metrics to experimental measurements of the reagents’ concentrations.

3. Hybrid modeling approach

In this section, we motivate and present our hybrid modeling ap-
proach, which is composed of three parts: an MLP model, a LR model,
and an ODE (i.e. white-box) model, as shown in Fig. 4. This structure
enables us to more effectively generalize the model to a wider range of
reactor conditions and accurately capture the production trends of both
main and side products. Initially, in the first part (Section 3.1), we uti-
lize an MLP to estimate the reaction rate and coefficients. Subsequently,
in the second part of our hybrid model (Section 3.2), we introduce new
features alongside a linear regression model to estimate the production
rates of the main and side products. By employing the action strategies
in the data set and the out put of the MLP and regression models, we
are able to update the concentration of the components accurately. The
comprehensive working model is discussed in detail at the conclusion
of this section and the input and output of each part of the model is
summarized in Table 1.
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3.1. Reaction rate and coefficient

Hybrid modeling approaches combine principles from equations and
experimental data to enhance the model’s generalizability. There are
several approaches to developing hybrid models, including transfer
learning [25,26], a serial model refining structure [27], and internal
parameter optimization [10,28]. The structure of the hybrid model and
its specific application depend on the intervening variable to estimate
and the available experimental data.

In Eq. (2b), the concentration of component B, the feeding reagent,

is determined by several factors including the feeding flow (sirp), reac-
tion rate (v,), stoichiometry coefficient (y,), and volume changes (dV)).
From Eq. (2), the reaction rate can be defined as follows:
b, = koe RTCTCICY, %)
Therefore, reaction rate is influenced by the concentrations of both
reagents (C, and Cp) and the catalyst (C,,), in addition to reaction
conditions such as reactor temperature (7). These equations are ad-
equate for predicting the concentrations of reagents in golden-batch
(i.e., ideal) experiments. However, in non-ideal experiments, character-
ized by numerous uncertainties and side reactions, the predicted values
may differ.

In this work, we have obtained experimental concentrations for both
main reagents and the reactor temperature. We also calculated the
catalysis concentration at each time step. However, the predicted values
for non-ideal experiments, derived from the first-principle model, show
a noticeable discrepancy when compared with the experimental results.
To address this, we hypothesized that the reaction rate follows a more
complex form than that described by Eq. (2). Furthermore, we propose
that additional experimental conditions, such as stirrer speed (S,), can
significantly affect the consumption rate of the reagents.

By substituting Eq. (7) in Eq. (2a) and (2b), we will have:

dcC C, dv,
s _ M4 —p, AL (8a)
dt  V,M, v, di
dC ] Cp dV,
—B___B _,,-5"1 (8b)
dit VM Vv, dr

As mentioned in Section 2.2, the experimental data sets include
the concentrations of the main reagents and the flow rate of the
feeding reagent. The molar weights (M;) of the components are known,
allowing the calculation of volume and its changes. Therefore, the only
elements required to determine the change in the concentration of the
components are the reaction rate and the stoichiometric coefficient.
By performing an extensive grid search for each time step and using
Eq. (8), it is possible to calculate v, and y, for each time step in
each specific experiment. These newly calculated variables, based on
experimental data, are used as ground truth to train the MLP model.

As is shown in Fig. 2, in this study, we employed a multi-layer
perceptron (MLP) neural network, configuring its hidden layers with
8, 16, and 8 neurons respectively. We incorporated ReLU activation
functions in the initial layers to effectively capture non-linear relation-
ships, while a linear activation function in the output layer facilitates
the prediction of continuous kinetic parameters. The model inputs,
at each time step, include concentrations of the main reagents and
catalyst, reagent B’s feed rate, the reactor’s temperature, and the stirrer
speed, chosen for their critical roles in reaction dynamics. Our neural
network features two output ’heads,’” each designed to estimate one of
the two parameters: reaction rate and stoichiometry coefficient. Mean
Absolute Error (MAE) is used as the loss function to be minimized
during the training of the model. We implemented the MLP model
using the PyTorch library [29]. To train the model, we utilized 60%
randomly selected data points of the training data set and used the
remaining 40% as test data.



O. Sobhani et al.
3.2. Estimate final products quality

As discussed in Section 3.1, using the MLP model, enables to esti-
mate the concentration of the main reagents (i.e. Egs. (2a), (2b) and
(2e)). The v, output of the MLP model is also used in Egs. 2¢ and 2d as
follows:

ac C,, av,
o - S22 o
1
dc,, Cop 4V,
_a _ CmadV 9b
o Pty ()

As mentioned before, equation set 2 is not independent. Therefore, by
calculating either 8a or 8b, the other one is also calculated. To solve
these equations at each time step, v, is calculated by the MLP model.
Moreover, C,,,, C;,, and V; are the values from previous time step and
dV,/dt is calculated using 2e. Therefore, to solve equation set 8, it is
sufficient to estimate either a or f.

As mentioned previously, data on the mass fraction of components
are available only at the end of experiments, measured through HPLC
analysis. Consequently, the experimental production rates of the main
and the side products (i.e. « and #) remains unknown during the process
and it is not straightforward to estimate them.

Assuming that the « value calculated from HPLC represents an
average during the process, we explored various features to model this
coefficient. We identified the three most significant features, which are
strongly correlated with the final product’s quality.

» Temperature difference between inlet and outlet of jacket.

Based on the predefined recipe, the reactor temperature (7") should
follow a certain trajectory (i.e., dynamic set-points). The PID controller
manipulates the jacket inlet temperature (77) to adhere to these set-
points. As suggested by Zhang et al. [30], the difference in temperature
between the inlet and outlet (here equal to T") of the jacket indicates
the amount of heat produced by the reaction. By measuring this amount
of heat, it is possible to estimate the quality of the final polymer.

» Reaction rate

The reaction rate (v,) or consumption rate of reagents is another feature
that can indicate the quality of the final polymer. This rate depends on
the concentrations of the components as well as the reactor temperature
and should follow a certain trajectory to maintain the quality of the
polymer. Different trajectories can lead to polymers with varying chain
lengths.

+ Availability of component B,

In polymerization reactions, the availability of initiators (in this case,
reagent B) dictates the quantity of primary radicals that control the
propagation of polymer production [31]. If this propagation halts pre-
maturely, the resulting polymer’s length will be shorter than antici-
pated, leading to a reduction in the product’s viscosity. Conversely,
extended propagation can result in longer polymers and potentially
cause a gel effect in the product. The availability of the initiator can
be represented by the molar equivalent of component B (meq®) and
can be determined using NIR spectroscopy during the process.

Based on golden-batch experiments, we calculate the desired trends
of the aforementioned features and fit a piecewise polynomial to
achieve smooth trends these features. Assuming these trends lead to
the desired polymer, we hypothesize that any deviation during the
experiments can decrease the quality of the product. These deviations
are calculated as mean absolute error (MAE) and then converted using
log function.

Fig. 3 depicts the scatter plots of the « coefficient versus the
average deviation of introduced features from the desired trends for
all experiments. To prevent overfitting, a multivariate linear regression
(LR) was performed to estimate the effect of various features on the
side production rate (i.e. a).

Chemical Engineering Journal Advances 20 (2024) 100662

Table 1
A summary of input and output of different part of the model and their corresponding
section.

Model Input Output Described in
MLP 7, B, mioel, CA, CB, S, Vs 7, Section 3.1
LR meq®, T!,, T!, v, a, , B Section 3.2
ODE O, Vi @ 5 B, C cl, Section 2.3
Full model T, T/, mf?, my, S, C, Section 3.3

This regression model enables us to estimate the production of both
main and side products during the process. It is important to note that
it is not necessary to wait until the end of the process to calculate the
a coefficient; it can be calculated at each time step as a function of
the deviation from the beginning of the process up to that time step.
Consequently, if any deviation occurs during the process, since it is
logged, its effect will not immediately fade in the next time step and
will remain for a longer period. This allows us to mimic the cumulative
effect of producing side products.

3.3. Full simulation model

In this study, we model the polymerization reaction as irreversible,
aligning with scenarios where monomers form strong covalent bonds
to produce polymer chains, rendering depolymerization highly improb-
able under typical conditions. This approach simplifies the modeling
process by eliminating the need to account for the reverse reaction,
common in radical polymerizations and others where the energy barrier
for bond breaking is significantly high. Unlike reversible polymer-
ization, where equilibrium allows for both polymer formation and
breakdown, our irreversible model focuses on unidirectional reactant
conversion to products, mirroring practical observations in many poly-
merization processes [32]. This assumption streamlines the analysis,
reflecting the predominance of product formation in these reactions.

Fig. 1 illustrates the comprehensive hybrid simulation model where
two data driven model (i.e. MLP and LR) are combined with the first-
principle (i.e. ODE) model. The model receives initial values of the
reactor, including the initial weight and temperature of component A,
as well as dynamic variables such as feed rate, jacket inlet and outlet
temperatures, and total weights of the reactor at time step ¢. These
inputs are processed through the MLP model to predict the reaction
rates and stoichiometry coefficients. Then, the reaction rate, along
with other variables, is inputted into the LR model to estimate the
side production rate. The output from the LR model, combined with
other measurements, is fed into an ordinary differential equation (ODE)
solver which serves as the white box model. The white box model
updates the concentrations of the reactants and products in the system
for time step ¢ + 1. The updated concentrations are then looped back
as inputs into the MLP and the LR model for continuous real-time
simulation, allowing for dynamic adjustments based on the process
conditions.

This iterative process ensures a detailed and adaptive representation
of the system, enabling the prediction of both main and side product
concentrations throughout the chemical process.

4. Results and discussion

In this section, we first investigate the efficiency of the proposed
MLP model in predicting the reagent’s concentration. Afterwards, the
results of the regression model are presented. We then examine the
robustness of the hybrid model against noise in different parts of the
model.
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Fig. 3. Scatter plots illustrating the impact of various features on the average side reaction rate: (a) temperature difference deviation between jacket inlet and outlet, (b) reaction
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Fig. 4. Scheme of the connection of different parts of the hybrid model at time step . The details of each part are described in the corresponding section.

Table 2

Comparison of Mean Squared Error (MSE) and Mean Absolute Error (MAE) for white-box (W) and
proposed hybrid (H) models in a golden batch experiment, an experiment with acceptable outcome

and a significantly deviant experiment.

Golden batch

Acceptable outcome

Significantly deviant

MSE MAE MSE MAE MSE MAE
c W 0.0023  0.0425 0.0431 0.1931 0.4092 0.5808
4 H 0.0025 0.0366  0.0338  0.1643 0.0101 0.0877
c W 0.0011 0.0297 0.0407 0.1903 0.4293 0.5997
B H 0.0015 0.0398 0.0359  0.1709 0.0084  0.0782
4.1. Reaction rate and stoichiometry coefficient model Table 3

Table 2 compares the MSE and MAE of predicted values for C, and
Cp across ideal and non-ideal experiments. The table shows that, in
the ideal experiment, the MSE for both C, and Cj slightly increases
when the hybrid model is applied. Conversely, in the non-ideal experi-
ment, these values decrease by approximately 22% when applying the
proposed hybrid model. A similar trend is observed for the MAE values.

Fig. 5 compares the predicted values for component A with experi-
mental measurements under different experimental conditions. Fig. 5a
illustrates the results from a golden batch experiment, where, as ex-
pected, the hybrid model maintains the accuracy of the white-box
model. Fig. 5b and c present the same values for a non-ideal exper-
iments. In this scenario, the predictions made by the hybrid model
are more accurate and closer to the experimental values than those
made by the white-box model. Fig. 6, illustrate the same comparison for
the concentration of component B. As we expected, the hybrid model,
significantly improve the accuracy of the predictions for non-ideal
experiments while preserve the accuracy for ideal experiment.

Comparison of MP and SP between Simulation and HPLC for a golden batch experiment,
an experiment with acceptable outcome and a significantly deviant experiment.

Golden batch

Acceptable outcome Significantly deviant

MP % SP % MP % SP % MP %  SP%
Simulation ~ 84.8 11.3 78.1 17.9 62.5 27.3
HPLC 82 10.3 77.1 19.2 65.9 28.3

4.2. Product quality estimation

Table 3 presents the results of a full model simulation and compares
the percentages of the main product (MP) and the side product (SP)
with the experimental values obtained via HPLC for both an ideal
and a non-ideal experiment. As indicated in this table, the simulation
results show deviations of 1% for the MP and 1.7% for the SP in
the ideal experiment. These deviations fall within an acceptable range
for non-ideal experiments, at 2% for the MP and 7.5% for the SP,
respectively.
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Fig. 6. Comparison of Predicted vs. Experimental Concentrations of Component B under Three Experimental Conditions: (a) Golden Batch, (b) Acceptable Outcome, and (c)

Significantly Deviant Outcome.

4.3. Side reaction rate

Since the model directly estimates the production rates of both the
main and side products, we can log and monitor this data throughout
the process. Fig. 7 compares the side product rates from a golden batch
experiment with those from two non-ideal experiments. As illustrated,
the side product rate for the golden batch experiment is consistently
below 10%, with an average of about 7%. These rates are significantly
higher in non-ideal experiments.

It is worth noting that the variability observed in Fig. 7 reflects dif-
ferences in the execution of the experimental procedures, despite sim-
ilar initial and reactor conditions across different experiments. These
variations in execution can influence the production rates of both
the main and side products. While these specific values could not be
directly validated due to limited data, the model’s weighted average
predictions remain within an acceptable range, indicating the physical
plausibility of the results.

4.4. Sensitivity analysis

In this section, we investigate the robustness of the proposed model
against different levels of noise in various parts of the model. The
sensitivity of the reagents to the reaction rate and reactor temperature
is discussed in Section 4.4.1 and Section 4.4.2, respectively. The sensi-
tivity of predicting the concentration of the final products is discussed
in Section 4.4.3.

4.4.1. Sensitivity of reagent concentrations to reaction rate

First, we investigate the sensitivity of reagents concentration pre-
dictions to the reaction rate by introducing different levels of noise
into the reaction rate estimates generated by the MLP model. Fig. 8
illustrates the average error in predicting the concentrations of the
main reagents over 10 repetitions of the experiment, with the reaction
rate subjected to various levels of noise. This figure demonstrates that
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Fig. 7. Estimation of the rate of creating side product during the process for different
experimental conditions.

the concentration of component A is more sensitive to changes in the
reaction rate, compared to the concentration of component B. This
figure suggests that predicting the concentration is robust against the
noise in the reaction rate, up to a level of 20%. It also shows that while
adding up to 30% noise does not significantly increase the average
error, there is a noticeable rise in the standard error (shadow in Fig. 8).

4.4.2. Sensitivity of reagent concentrations to the temperature

Fig. 9 illustrates the average error in predicting the concentrations
of the main reagents over 10 repetitions of the experiment when the
temperature is subjected to various levels of noise. This figure shows
that the model’s ability to predict concentration is more sensitive to
temperature noise than to noise in the reaction rate. While an up to
30% noise level in the reaction rate results in an acceptable average
error — implying the model’s predictions remain reliable — the model
maintains robustness up to only 5% noise in temperature.
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Fig. 9. Sensitivity of the concentration of the main reagents to the different level of
noise in reactor temperature.

4.4.3. Sensitivity of final products to the temperature

To investigate the robustness of a regression model’s performance in
predicting the concentration of final products, we introduced different
levels of noise to the reactor temperature. Fig. 10 illustrates the discrep-
ancy between the measured and predicted concentrations of the main
and side products. As shown in this figure, with an increase in noise
(or deviation in reactor temperature), the predicted concentrations
begin to diverge from their initial values. Up to a 4% noise level, this
divergence increases linearly, and the standard error for 10 repetitions
at the same noise level is relatively small. Beyond this noise level, the
divergence accelerates rapidly, and the standard error also increases.
After exceeding 8% noise, the standard error decreases, indicating that
the model becomes more certain about predicting the creation of side
products over main products.

5. Conclusion

In this study, we presented a novel combination of a hybrid and
a regression model to predict the concentrations of reagents as well as
the quality of the final product of a polymerization fed-batch reactor. As
discussed, utilizing a neural network to model the reaction rate and sto-
ichiometry coefficient can noticeably increase the model’s performance.
As an example the MAE is reduced by 84% and 86% when predicting
the concentration of components A and B, respectively, in an experi-
ment with significantly deviant outcome. The improved performance of
the hybrid model over the white-box model is due to its ability to adapt
to different conditions by utilizing additional input parameters, thereby
capturing complexities that the white-box model cannot. Moreover,
we introduced three features that are more informative for predicting
the final product quality. These three features were combined through
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Fig. 10. Sensitivity of predicting the main and side product concentration to the
different level of noise in reactor temperature.

a linear regression model to predict the rate of producing the main
and side products. We investigated the effect of these features and the
performance of the regression model in different experiments. The error
for predicting the percentage of main and side products is maximum
3.5% which is an acceptable rate for these kind of reactions in the
literature.

Additionally, the introduced model can run simultaneously with
industrial settings. This capability offers an opportunity to monitor the
reactor and detect malfunctions immediately, preventing detrimental
phenomena in the process, such as gelation.

Although the proposed procedure has good performance in experi-
ments with the same recipe, the model is not generalizable to different
recipes. To be able to generalize to different recipes, the model need
only a few golden-batch experiment datasets following the desired
recipes.

Moreover, from Fig. 3, we can see that the effects of different
features are not linear, and a more complex model could improve the
prediction power, especially for experiments where these deviations
are relatively high. For future work, we suggest to investigate more
informative features and utilize polynomial regression to model the
side product rate. To this end, more data from significantly deviant
experiments are required.

The proposed approach was designed to be compatible with the
simple first principle equations following ordinary differential equa-
tions (ODE). Another direction for further research is to generalize
the applicability of this approach to systems dealing with differential
algebraic equations (DAE) and partial differential equations (PDE).

Our future plan includes using our full model as an environment to
train a reinforcement learning (RL) agent to optimize and control the
process.
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