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ABSTRACT

This paper presents a hybrid approach incorporating a differential equation model and
machine learning for simulating and predicting the dynamics of chemical processes. Differential
equation models simulate time-dependent concentrations of reactants, intermediates, and products
that provide information on the development of specific patterns: for example, exponential decay,
transient peaks, and steady accumulation of the final product. The proper prediction of concentration
profiles was done based on machine learning techniques with excellent performance in terms of
the RMSE being less than 0.01 and higher than 0.99 for the value of R2. The proposed framework
offers significant advantages and is applicable to various industrial sectors, such as pharmaceuticals,
petrochemicals, and food processing for real-time monitoring, process optimization, and

decision-making.

Keywords: Chemical process modeling, Differential equations, Machine learning,
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INTRODUCTION

Chemicalindustry is one of the cornerstones
of technological advancement and economic
progress, and it plays a central role in various
sectors like energy, health, and manufacturing.
Typically, this industry deals with several complex
processes where raw materials are converted
into products of value through multiple stages of
chemical reactions, separations, and heat or mass

transfer operations. The efficient control of such
processes is vital for achieving the least possible
waste, high productivity, and satisfying vigorous
environmental regulations. Model formation of
chemical processing has mainly consisted of using
the differential equation. The time of differentiation
of concentrations as a change variable is mostly
being used, that is describing time-dependent
concentrations'. Examples of kinetic frameworks
for models involve chemical reaction design and
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development since they constitute appropriate tools
to evaluate reaction kinetics: some of them gave
foundational aspects upon reactor design that can
improve process optimization based upon reaction
system responses?. Traditionally, the approaches
just discussed face very serious challenges when
handling highly nonlinear systems, uncertainties
in reaction mechanisms, and, in general, huge
amounts of industrial-scale data.

To overcome these limitations, researchers
have explored numerical and optimization techniques.
Dragoi and Curteanu® used the differential evolution
algorithm to solve complex chemical engineering
problems, while Babu and Angira® proposed a
modified differential evolution (MDE) method for
optimizing nonlinear chemical processes. Even
though these methods are effective, they still
rely on the availability of accurate mathematical
representations of the underlying phenomena.
Machine learning (ML) has been one of the
transformative tools in the chemical industry in
recent years. Contrasting the traditional modeling
approach, ML relies on data to learn the patterns
and relationship, giving insight and predictions
without explicit analytical formulations. For instance,
Samuel et al.,® recently reported how ML can predict
chemical kinetics, analyze reaction mechanisms,
and optimize reaction conditions. This kind of
application demonstrates the possibility of ML as
a complementing and supplementing traditional
modeling techniques.

Advanced ML algorithms, for example,
artificial neural networks and support vector
machines, achieved remarkably good performances
in pattern recognition and prediction. The wide
study that Bishop presented on pattern recognition
and machine learning shows that these methods
are applicable in many sciences, including chemical
engineering*. Furthermore, Schweidtmann et
al.,” argued that ML is used more for chemical
engineering since it can perform well with high-
dimensional data and can easily optimize complex
systems. Hybrid modeling, the integration of
differential equations with ML, combines the
strengths of physics-based and data-driven
approaches. This synergy allows for the discovery
of governing equations from data, optimization
of process conditions, and prediction of system
behavior under various scenarios. Raviprakash
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et al.,® have demonstrated a hybrid modeling
approach in uncovering process dynamics using
partial differential equations and ML techniques.
Along these lines, Kay et al.,® compared several
hybrid modeling methodologies of ML-based
dynamic simulation of chemical reaction networks,
demonstrating the effectiveness of data and
mechanistic understanding. Another area of
active research is the application of Al in modeling
chemical reaction kinetics. Staszak™ explored
how Al tools could be used to model reaction
kinetics and took up the challenge of uncertainty
quantification and parameter estimation. Pahari
etal.,"" presented a deep neural network framework
for hybrid modeling of complex chemical processes,
showing its capability to estimate spatiotemporally
varying parameters in moving boundary problems.

This paper attempts to develop a predictive
modeling framework that integrates differential
equations with machine learning methodologies
for chemical processes. The method, overall,
addresses crucial challenges involving the
determination of optimal reaction conditions,
process outcome prediction, and improved
decision-making in process design and operation.
This work contributes to the ever-growing evolution
of predictive models in the chemical industries by
building on the foundational works of traditional
principles of chemical engineering'? and advancing
modern ML applications®’.

Model formulation

The series of transformations will take
place when materials evolve in time from one
stage to the other. To represent this process
mathematically, a set of first-order differential
equations is made use of. Such equations simply
describe the transformation over time of rates of
concentrations in the various species of chemicals
undergoing such a reaction. This mathematical
formulation of the system can be segregated into
four pivotal components: feed, intermediates,
reactive intermediates, and the product. The
concentration of these compounds is given as
S(t), E(t), I(t), and R(t), all of which obey its own
dynamic equation, governed by some rate constant
of reactions determining how fast or slow the
transformation occurs. The general form of the
differential equations that describe the dynamics
of these components is as follows:
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In this model, S(t) is the concentration
of the original substance at time t. Intermediate
compounds, reactive intermediates, and final
products are represented as E(t), I(t), and R(t). The
rate constants for each transformation step are
defined as k,, k,, and k,, respectively. Such constants
indicate the rate at which the materials shift from one
into another and in most cases have been obtained
by experimental research or from past work.

The system of equations is described as
a chain of processes in which the concentration of
the initial material S(t) turns into the concentration
of the intermediate compound E(t). The intermediate
compound E(t) then transforms into the reactive
intermediate I(t), which finally reacts to form the
final product R(t). All these variables and their
relationships need to be understood to study the
kinetics of reaction and predict the result of the
chemical process in due course. In general, solving
such differential equations for different conditions
makes it possible to predict how the concentration
of various species evolves and how control and
optimization can be carried out.

Initial conditions

In order to find the solution for the system
of differential equations appropriate initial conditions
have to be selected. The condition determines the
initial state of the system at t=0. For the process
described above the chemical reaction was
assumed to take place in a state when initially the
concentration of the starting material is S(t) equal
to its initial concentration S, with concentrations of
intermediates and end products equal to zero. Thus,
the latter can be stated mathematically as:

S(0)=S,, E(0)=0, 1(0)=0, R(0)=0
The initial concentration of the starting

material, S, is one of the important parameters in
the determination of how the process evolves; it is
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often selected according to experimental conditions
or expectations. These initial conditions serve as
a reference point for the system, allowing one to
simulate and analyze the concentration profiles of
the reaction as it proceeds with time.

Graphical representation

To better understand the chemical process,
Fig. 1 schematically depicts reaction dynamics.
It shows the four stages of reaction and arrows
depicting mass flow between species. The diagram
has rate constants for the reaction of all the arrows
with corresponding values. There are arrows for
each value of k,, k,, and k, to give a picture of the
path of material as it flows throughout the process.
This graphical illustration supports the mathematical
formulation in bringing out the interrelations of
various constituents in a reaction.

Fig. 1. Schematic representation of the chemical process
dynamics. The transitions between the starting material
(S), intermediate compounds (E), reactive intermediates (l),
and final products (R) are governed by the reaction
rate constants k,, k,, and k,

This section sets up a model formulation
and also gives a ground for understanding the
dynamic chemical reaction. It encloses the
essential transformation and corresponding rate
constants, which is a foundation to simulate the
time development of the system. Such simulations
can be utilized not only for theoretical analysis but
as the base for generating data that may then be
used within the machine learning model, providing
a powerful approach for predicting and optimizing
the behavior of the system under varying conditions.

Machine learning approach

In this section, we describe the machine
learning approach for predicting the concentration
profiles of chemical species over time based on
the reaction parameters. It involves several steps,
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including data generation, neural network design,
training, and testing. The objective is to utilize the
system of differential equations solved under various
conditions to create data that could train a machine
learning model able to predict the concentrations of
the chemical species S(t), E(t), I(t), and R(t) for new,
unseen scenarios.

Data generation

This first step for applying machine
learning to this chemical process is creating a
dataset representing the dynamic time evolution of
the concentrations of the chemical species. These
data are simulated by numerically solving the earlier
system of differential equations for the different
combinations of the input parameters: the initial
concentration S and the reaction rate constants k,,
k,, and k,. It should cover the simulation of many
different possible reaction scenarios to ensure
good generalization from the machine learning
model to any kind of situation. To generate a
diversity dataset, the parameters are varied within
predefined ranges:

S, e [1,10], k,[0.1,1], k,[0.05,0.5],k,€[0.02,0.2]

For every unique combination of these
parameters, the system of differential equations
is numerically solved over a time interval from t=0
to t=100, with methods such as the Runge-Kutta
algorithm. This will produce concentration profiles for
S(t), E(t), I(t), and R(t) at each time step. The dataset
produced contains time-dependent concentration
profiles, with the input consisting of the parameter
values, and the output consisting of the concentration
values over time.

An example set of input parameters could be:
S,=5,k,=0.3,k,=0.2, k,= 0.1

and the corresponding concentration profiles over
time might look like:

S(t) = [5.0,4.8,4.6,...], E(t) = [0.0,0.1,0.2,...], I(t) =
[0.0,0.05,0.1,...], R(t) = [0.0,0.05,0.1,...]

Figure 2 represents this process, illustrating
how different concentration profiles arise from
different input parameters. The resulting dataset
provides the basis for training a machine learning
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model that can predict the concentrations for a wide
range of reaction conditions.

Fig. 2. Process of generating a dataset by solvingdifferential
equations under various parameter configurations. The
figure highlights the input parameters and the resulting

concentration profiles

This problem requires machine learning
with data generation because the quality and
diversity of the dataset influence the ability of the
model to precisely make predictions. Since the
parameters of inputs are systematically varied within
this dataset, the model will be trained on a wide
range of possible chemical behaviors, giving the
model more robustness and generalizability.

Neural network architecture

Once the dataset is created, the
concentration profiles of the chemical species can
be predicted with a machine learning model. This
problem adopts the approach of using a feedforward
neural network. The architecture of the network is
toward achieving a good balance between efficiency
in computation and accuracy in the prediction. For
the input layer, four neurons are used because there
are four input parameters-the initial concentration
SO, and the reaction rate constants k;, k,, and k.
This network has two hidden layers: one with 128
neurons and another with 64 neurons after that.
These layers use the Rectified Linear Unit activation
function, which provides non-linearity and allows the
network to capture complex relationships between
input parameters and the output concentrations.

The output layer contains four neurons
representing the four concentrations, namely, S(t),
E(t), I(t), and R(t). This architecture is appropriate
for this problem because it is detailed enough to
fit the inherent time dependence of the chemical
process and the complex interrelations between
the various species.
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Model training and testing

This subsection describes training and
testing a neural network model. A dataset is split
into two sets: one used to optimize its parameters,
known as the training subset, and another used
for validating the model so that it does not overfit,
called the validation subset. Lastly, the testing
subset is applied in order to check how well
it generalizes to unseen data. The training is
performed using Adam optimization where the
usage of adaptive learning rates and momentum
achieves efficient convergence. The loss function
used here is the Mean Squared Error (MSE), which
is calculated as follows:

Where n is the number of data points, y,
represents the true concentration values, and vy,
represents the predicted values. Minimizing the MSE
ensures that the model can predict concentration
profiles with high accuracy.

For instance, a sample MSE calculation for
a small batch of data could be:

MSE = 1/5 [(5.2-5.0)2+(4.9-4.8)2+(4.7-4.6)%+
(0.1-0.05)7+(0.15-0.1)=0.002

Training is done for several epochs, and
batch normalization is applied to stabilize the
learning process. Fig. 3 shows the training and
validation loss curves for both the training and
validation loss curves, showing how the model
converges and stabilizes over time.

Fig. 3. Training and validation loss curves over epochs.
The graph illustrates the network’s learning progression
and stabilization, confirming its predictive capability
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The experimental results validate the
ability of the trained network to predict material
concentration accurately under several reaction
conditions through its low MSE and high correlation
coefficient between the measured and predicted
profiles. The model is trained using the Mean
Squared Error (MSE) loss function, which calculates
the difference between the predicted and true
concentration profiles. The model is optimized using
the Adam optimizer, which adapts the learning rate
during training to ensure efficient convergence.
The training dataset is divided into training and
validation sets, with a 80-20 split, to allow for model
validation during training. After training, the model is
tested by a separate test set to get its generalization
performance. It will evaluate the model based on its
generalization and predictive accuracy on data that
was not included during the training.

Prediction and optimization

Once trained, one can use such a neural
network model to forecast the concentrations for new
input values. If input values for a new set consisting
of new parameters S, k;, k,, and k, are chosen, then
given these values, this model can also predict the
new concentration profiles such as S(t), E(t), I(tand
R(t). These predicted levels can then further be used
by adjusting the above input parameters by which
desired level of concentrations has to be made at
a different time. With such predictions, chemical
process optimization happens in real-time, making
the reactions more efficient and better controlled.

RESULTS AND DISCUSSION

The main results obtained from the
differential equations modeling as well as the
machine learning predictions are presented
in this section. Some insights of the dynamic
system and the immediate practical applications
of the proposed framework in real-world chemical
processes are thus discussed.

Insights from differential equations

The differential equations represent the
time dependence of the chemical process and
thereby capture all critical dynamics in terms of
reaction stages. There are several important trends
that appear during the analysis. First, there is an
exponential decay in concentration of the initial
material S(t) over time due to the consumption in the
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reaction. This decay is controlled by the rate constant
k,, which determines how fast S(t) is converted
into intermediate compounds. The exponential
decay follows directly from the first-order kinetics
of the reaction, where the rate of change of S(t) is
proportional to its current concentration.

Intermediate compound E(t) and reactive
intermediate I(t) show temporary peaks all over the
reaction. These peaks take place because these
species are formed along with their consumption.
Initially, E(t) increases because S(t) gets converted
into E(t), but after that, as E(t) further transforms
into I(t), its concentration starts to fall. Similarly, I(t)
increases as E(t) is converted to I(t), but it reaches
a maximum before finally decreasing as I(t) is
converted into the final product R(t).

Finally, the concentration of the final
product R(t) increases monotonically with time as
the reactive intermediate I(t) is converted into R(t).
This steady accumulation of R(t) reflects the final
stage of the reaction, where all reactants have been
transformed into the product. The concentration
of R(t) continues to rise until it reaches a steady-
state value, determined by the rate constant k..
These results can be important to understand the
time-evolution pattern of this system. With such
information, one may be able to not only understand
the dynamic reaction but also influence the materials
transformation within the chemical process.

Machine learning predictions

Alongside the analytical model, we
use machine learning for the prediction of the
concentration profiles of S(t), E(t), I(t), and R(t) as
functions of time. We train a machine learning model
with a set of data obtained by solving the system of
differential equations with different initial conditions
and values of rate constants. The model performed
exceptionally well, with the RMSE of the predictions
being less than 0.01. This means that the predicted
concentration profiles are very close to the true
values obtained from the differential equation model.
The low RMSE implies that the machine learning
model is highly effective in capturing the underlying
dynamics of the chemical process.

Moreover, the model had an R2? value
above 0.99, indicating it explains more than 99%
of the variance in the concentration profiles. A high

value for R? also shows that the model is really well
capturing the system behavior. Further, the machine
learning model generalizes well to unseen data,
which is the necessity for real-world applications as
the system parameters can be different in every case.
The robustness of the model for various scenarios
underscores its flexibility and reliability.

The results here establish the feasibility
of the hybrid approach: differential equation
modeling together with modern machine learning.
The machine learning model does not only yield
precise predictions but also gives a rapid and
efficient method to simulate the chemical process
for various conditions.

Applications and benefits

The proposed framework combining
differential equation modeling and machine learning
has several practical benefits for both chemical
engineering and industrial applications. One of
the most important is the real-time monitoring of
chemical processes. Individually, machine learning
to predict concentration profiles allows for continuous
tracking by industries of chemical reaction progress.
Real-time monitoring provides the ability to detect
any kind of deviation in the expected behavior, which
means corrective actions can be taken on time.
Optimization of reaction conditions is another major
advantage. This hybrid model could be used for
the identification of optimal temperature, pressure,
and reactant concentrations to maximize the yield
and minimize waste. Machine learning helps find
the optimal conditions to attain desired results,
which enhances the efficiency of the process and
decreases the operational costs.

Besides these improvements, the framework
contributes to better decision making in chemical
engineering. The better insight that is gained through
the model entails proper control and understanding
of the system’s behavior, which leads to more
informed decisions related to process parameters and
control strategies. It results in improved performance
throughout the different stages of production. The
adaptability that the framework poses is quite
acceptable for any general chemical process which
ranges from reactions in a batch process to being
in continuous flow systems. These features of
adaptation will allow their use in applications within
a majority of industries involving pharmaceuticals
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and petrochemical companies, food process, and
others in between. Again, precision allied with
flexibility ensures great value which will improve upon
industrial processes. In conclusion, this is a powerful
optimization tool for chemical processes, combining
differential equation modeling with machine learning.
Such an approach will bring higher savings in terms
of costs, efficiency, and safety in industrial operations
so that processes remain smooth and sustainable
across various scenarios.

CONCLUSION

This paper presents a new hybrid approach
through differential equation modelling and machine
learning to simulate chemical processes and predict
their subsequent behavior. Overall, the developed
differential equation model captured the various
dynamics of these chemical reactions-such as
exponentially decaying concentrations of the initially
present material as well as increasing transient
peaks corresponding to intermediates and steady
increase in the product concentration. These insights
open up a much deeper perspective of the reaction
kinetics and in material transformation. The machine
learning model performed nicely by predicting the
concentration profiles with low RMSE and with an
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even high R?values efficiently generalizing the results
for the differential equations. This paper outlines the
proposed framework and how it addresses notable
challenges in real-world chemical engineering
application. It provides a comprehensive solution
that enhances process efficiency and reduces
operational costs by allowing real-time process
monitoring, optimization of reaction conditions, and
better decision-making. This is possible due to the
capability to track concentration profiles and detect
deviations from expected behavior, thereby ensuring
timely intervention. Optimization capabilities improve
yield and minimize waste. The model can be applied
in various industries such as pharmaceuticals,
petrochemicals, and food processing due to its
versatility. It thus shows great promise toward
optimizing chemical processes, improving safety,
and achieving sustainability in industrial operations.
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