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The integration of artificial neural networks (ANNs) with thermal analysis techniques, such
as thermogravimetry (TG) and differential scanning calorimetry (DSC), presents great potential to
accurately determine kinetics of thermal processes and thermal behavior. This review examines the
application of ANNSs, including Multilayer Perceptron (MLP) and Hopfield Neural networks (HNN),
to analyze both isothermal and non-isothermal TG and DSC data. These networks provide robust
tools for predicting thermal behavior, determining kinetic parameters, and modeling complex
reaction mechanisms, significantly improving accuracy when compared to traditional methods.
The review highlights advances in ANN-based methodologies, including the ability to integrate
multiple kinetic models and manage noisy experimental data, thereby offering new insights into
thermal decomposition and reaction kinetics. Moreover, the use of HNN in distributed activation
energy models (DAEM) is explored, indicating their potential in understanding heterogeneous
systems. This study emphasizes the transformative potential of ANNs for improving kinetic
studies, suggesting future directions to explore machine learning in material characterization and
thermal process optimization.
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1. Introduction

Nowadays, the world is experiencing a new industrial
revolution characterized by Artificial Intelligence’s (Al)
development and improvement.'> Among the various
branches of Al, machine learning (ML) stands out, since it
can identify patterns in data sets to predict results without
relying on pre-programmed instructions.?

Artificial Neural Networks (ANNs) are a type of
machine learning algorithm modeled to resemble the
biological neural networks found in the brain.* A specific
type, called Multilayer Perceptron Neural (MLP) Network,
presents a structure consisting of interconnected nodes or
artificial neurons arranged in layers that can be trained to
perform various tasks. Each node in an ANN receives one

*e-mail: ritacos @ufmg.br
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or more inputs, performs a calculation, and passes the result
on to the next layer of nodes. Nodes in the first layer receive
input data, while nodes in the last layer produce the final
output of the network.

ANNSs have been successfully applied to pattern
recognition,’ image and speech recognition,®’ natural
language processing,® automatic control,’ financial
forecasting'®
revolutionized many fields by providing new ways to
analyze and understand complex data, and they continue
to be an active area of research in machine learning and
artificial intelligence.

Thermal analysis is a set of techniques that aims to
measure physical properties of a substance and/or its

among several other applications. They have

reaction products as a function of time or temperature, when
this sample is subjected to a controlled temperature program
and under a specified atmosphere.'' This paper will focus
on discussing the application of thermogravimetry (TG)
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and differential scanning calorimetry (DSC), techniques in
which the measured physical phenomenon is the variation
of mass and heat flux of the sample, respectively, as a
function of temperature and/or time.

ANNSs can be categorized into three types, based
on interpretability: white-box, gray-box, and black-box
models.'>!* White-box models use explicit physical
equations. In thermal analysis, an example is the use of
kinetic theories applied to extract parameters, such as
the triplet kinetic parameters (activation energy, E,, pre-
exponential factor, A, and reaction model), from DSC
or TGA data. These models are fully interpretable but
struggle with complex, multi-step reactions.'* Examples
of this approach include traditional isoconversional or
model-fitting methods.'>!¢ Black-box models are purely
data-driven, in which the ANNs model learns input-output
patterns without using physical laws.!”!® They handle noise
and nonlinearity well but lack mechanistic insight and may
fail outside their training range.'

The gray-box model combines both white-box and
black-box models. This network architecture integrates
traditional modeling with ANNs by optimizing an unknown
aspect of the process.? This type of model aims to achieve a
balance between interpretability and flexibility but requires
high reliability in the parameters and datasets during the
training step.

In the last decades, studies'®?* have proposed the
application of neural networks to determine the values of
activation energy, pre-exponential factor, and mechanism.
In thermal decomposition processes, the mechanisms are
generally complex and not well understood. In addition,
to accurately describe the overall process, it is required to
assume a combination of several models, constructing the
mechanism as a combination of competing, independent,
or consecutive steps.**?

Determining kinetic parameters from experimental
data is considered an ill-conditioned inverse problem,
which means it may have more than one possible
solution.?® The decision about the right (or coherent)
solution must be taken together with experimental
researchers. It is not an exclusive mathematical issue, from
which the best solution is selected by only considering
the minimal residual error.

In contrast to thermodynamic quantities, no reference
value for E, can be found in the literature. Consequently,
an ANN trained using wrong parameters (or patterns) may
fail to learn and correlate correct values in patterns, even
if it achieves low adjustment errors during the training
step. This step of verifying the parameters can be executed
using external methodologies, such as isoconversional
analysis for non-isothermal data and Arrhenius analysis
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for isothermal data.”’?° Also, the experimental conditions
must be carefully considered in the ANN thermal behavior
prediction,* as certain materials can present a significant
change in the kinetic mechanism depending on the
isothermal or non-isothermal process.

Works as the one proposed by Conesa et al.?® simulate
data with known kinetic parameters to train the neural
network model. This approach is intended to overcome
the lack of reference values for E,. However, there are
some points one should be aware of. Taking for example
some of the values these authors® have used for generating
the data: the pre-exponential factor k,, = 5 x 10'* and
E/R = 10000. These values yield the product 5¢1°0%,
However, the same factor in the differential equation to be
solved could be achieved by selecting k,,,= 6 x 10" and
E./R = 10000 + In(6/5). Considering that In(6/5) ca. 0.18,
the change in exponent would be minimal. Thus, one would
have certainty only about the rate constant and the model
predictions may be biased by the parameter selection.
This raises the question: what parameters should be used
for simulating the training data? Should all possible
combinations be used? If so, how to evaluate the predictions
made by the ANN model?

This paper will cover the use of artificial neural networks
in two techniques of thermal analysis: TG and DSC. The
first works using ANNs were Sbirrazzuoli ef al.**! for DSC
data, Sebastido et al." for isothermal thermogravimetry
and Conesa et al.* for thermogravimetry dynamic data.
The objective is to review the leading applications in the
field over time and the improvement due to the use of Al
for deepening the knowledge in thermal analysis.

2. Methodology
2.1. Machine learning

For the successful development of machine learning,
it is necessary to have a solid knowledge about the
addressed problem and use reliable experimental data,
since it is necessary to interpret the results acquired from
a good experimental adjustment. These algorithms can be
developed in five general steps, as shown in Figure 1.

The choice of the most appropriate machine learning
algorithm depends on different factors such as, the
physical characteristic of the problem, the number
of variables, the mathematical model that best fit the
experimental data, among others.* In thermal analysis,
neural networks are commonly applied to investigate
thermal behavior, thermal stability and the kinetics of the
thermal processes, whether to simulate experimental data
or to recover properties.
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1. Preparing the data set

Definition of
the problem
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and output desired  training, test and validation data
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Evaluation of the predlctlon
performance

Test data used in the ML

Figure 1. General steps of ML development.
2.2. Neural networks

The artificial neural network (ANN) is a powerful
mathematical tool based on the biological communication
model, used to solve linear and non-linear problems in
various areas of science and has the artificial neuron as
its processing unit.** These units are arranged in parallel
layers, in one or more layers (multilayer perceptron neural
network - MLP) or fully interconnected in a recurrent neural
network (Hopfield neural network). Neurons communicate
unidirectionally through synaptic connections, with their
associated weights being adjusted systematically using the
steepest descent algorithm, which updates the weights in
the direction opposite to the gradient of the error function.
The weights optimization process characterizes the training
step of the usual neural networks.

Figure 2 shows a comparison between an artificial
neuron and a biological neuron. In a biological neuron,
dendrites receive signals from other neurons through
synapses. The incoming signal is processed in the soma
(cell body) and then sent through the axon, which forms
a synapse with the next neuron. In the artificial model,
the input layer values act as the external signal, while the
synapse is represented by the weights. The processing
of this signal, i.e., the summation of the weighted values
and the application of an activation function, f, represents
the processing that occurs in the cell body. Finally, this
processed signal is transmitted to the next set of neurons
through synapses, characterized by the next set of weights
in the ANN architecture.

The ANN model was first proposed in 1943 by the
neurophysiologist Warren Sturgis McCulloch and the
mathematician Walter Harry Pitts Junior.** In their model,
the input data, x,,, together with the synaptic weights w,
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Figure 2. Comparison between artificial and biological neurons (adapted
from reference 4).

are linearly combined by the additive function, equation 1,
also considering the bias, b,. The state of the neurons, u,,
is processed by the activation function f, generating the
output y,, equation 2.*

u, = Zw,g.xj (1)
v =flu, + b)) (2)

The term b, in equation 2 is the bias, a set of positive
or negative external parameters specific to each neuron,
designed to increase or decrease the effect of the activation
function. The activation function fin equation 2 can assume
several mathematical functions depending on the problem.
The activation functions used can be monotonically
increasing, such as sigmoid or hyperbolic tangent.*

From the literature, in thermal analysis it is observed
that Multilayer Perceptron (MLP) network is the most
applied to isothermal and non-isothermal TG data and the
Hopfield network (HNN) in DSC data. Thus, these two
ANN will be discussed in the next sections.

2.3. Multilayer Perceptron (MLP) Neural Network

The MLP is a type of network containing successive
layers of neurons, enabling it to efficiently tackle complex
problems by learning hierarchical representations. Figure 3
schematizes an MLP network with three consecutive layers:
the input, one hidden and the output layer.

The input data, which can be either experimental data or
parameters, is fed into the input layer, as shown in Figure 3,
which is commonly activated by a linear function. The
information is then transferred to the neurons in the second
layer, which are generally activated by a nonlinear activation

3of 17



Sebastido et al.

Input Layer

Hidden Layer Output Layer
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Figure 3. General Multilayer Perceptron Neural Network schematic
architecture (adapted from reference 36).

function, such as tan h(x) or sigmoidal = 1/1 + exp(—xt),
depending on the problem. This layer is called hidden or
intermediate layer and contains a single or multiple set of
neurons. The response of the MLP is determined by the
state of the neurons in the output layer, usually calculated
as the linear combination of the neuron signals from the
previous layer.

The backpropagation algorithm is widely used for
supervised training of MLP networks and was proposed in
1986 by Rumelhart and Chauvin®’*® This method is based
on the Widrow-Hoff rule or delta rule, which minimizes
the error in the output layer by updating the weights of
the connections of the previous layers. For this reason,
the activation functions used must be continuous and
differentiable. The error function, E, to be minimized and
the change of network connection weights, Aw, are shown
in equations 3 and 4, respectively,*

1 k
=o2(d-»n) 3)
Jj=0
OE
Aw, =-1n—— 4
Wi = “4)

where k is the number of output neurons in the network, d,
is the desired output and y;, is the output calculated by the
network at time 7, Aw is the weight change of the connection
between neurons i and j J»m is the learning rate. When the error
function shown in equation 3 represents a minimum value,
this will be the acceptable network response.

2.4. Hopfield Neural Network

A Hopfield neural network (HNN) is a recurrent single-
layer network where all logic units are interconnected. The
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neurons are connected by a weight factor, 7ij,* between
neurons i and j. The neuron state, u,, is determined by the
weighted sum of all neurons connected to it, as well as by
external impulses, I, represented in equation 5. Figure 4
schematizes a Hopfield network.*

=T

]
..I........

l:

vwy

]

Figure 4. General Hopfield Neural Network Architecture (adapted from
reference 4).

The neuron state is calculated by the contributions of
all other neurons connected to it through a weighted sum
of their inputs, as shown in equation 5. However, this
contribution is only propagated if the activation function
f; is applied. During the learning time, 7, the information
provided to the network is propagated and to maintain the
stability of the network and avoid positive feedback, the
diagonal elements of the symmetric matrix 7}; are null.*!

() (r) — (r)-i— [ o (0, (£)+ 1, (5)] )

In which the factor I,(t) represents an external stimulus
to the neuron and fi(u;(t) represents the activated state of
the neuron. The energy function associated with each state
of the network is given by equation 6.

b= Z( cale,j LXP 1)2 (©6)

In which e; is the difference between C,,.;, the
calculated property and C,,,;is the experimental property,
m is the number of experimental data. A set of differential
equations, similar to the Hopfield differential equation 5,*

dE
is established by imposing = <0 . The error function
T
expressed by equation 6 can be developed as,*

dE o 0(Ca); o ou g

e, ———— . @)
dv Tl of, Ou, ot dt
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Where time-dependence of the neuron state is
highlighted. Since g > 0 the condition of minimizing the
Ou du, OF

.. . Lau ok
error function is satisfied if e of or

% _ _Zm: 6 (Cc‘alc )j e (8)
P | B A

Which validates the minimization of the error function
because

dE_ o[ 9 fou Y
dv ;(Gui(a‘c) }0 ®

It is important to note that the HNN error function is a
monotonically decreasing function, i.e., the neuron states
will converge to the nearest stable point, where % =0.
Consequently, the initial conditions used when solving
these equations will influence the accuracy of the solution.
Therefore, having a solid understanding of the underlying
chemistry and physics of the problem is crucial.

The integration of equation 8 is commonly performed
by numerical methods, as for example the fourth-order
Runge-Kutta method.

3. Thermal Analysis

Thermal analysis can be used in a wide range of
applications in chemistry and engineering,” such as
characterization of materials,** determination of thermal
stability,*#” investigation of kinetic mechanisms in thermal
decomposition processes,*® pyrolysis** and determination
of adsorption parameters.*

The temperature control of the experiments can be
set as isothermal, T = const, or non-isothermal, T = T(¢).
Usually, the non-isothermal condition is programmed
by linear heating rate, B = dT/dt = const, called dynamic
condition.'® This review will focus on thermogravimetry
(TG) using isothermal and non-isothermal experiments and
differential scanning calorimetry (DSC) with dynamic data.

For kinetic study, experimental data, i.e., mass loss for TG
and heat flux for DSC, is converted to degree of conversion,
o, which is adopted in the general kinetic equation"

ij—?:k(T) f(o) (10)
in which
my —m, H,
= T = D
o mo_mf( G) or o AH( SC) (1n
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with m,, the initial mass, m(f), mass along the process, m,
final mass for TG. And H, as the partial area calculated at
time i and AH as the total area of the DSC signal. The rate
constant, k(T), is usually given by the Arrhenius equation,”

K(T)= Aexp(—%j (12)

with A being the pre-exponential factor (usually in s or
min), E,, the activation energy (usually in kJ mol”) and R,
the universal gas constant (8.314 J K" mol™).

Rearranging equation 10 for dynamic condition,
B = dT/dt = const, the general kinetic equation is
represented as,

do.
Bﬁ:k(T)f(oc) (13)

In a conventional approach, equation 13 can be
fitted using individual kinetic models, f{a), presented
in Table 1. These models are proposed to describe the
physical phenomenon and are grouped into 3 classes of
curve profiles: acceleratory, deceleratory, and sigmoidal
(or autocatalytic).'?

By solving equation 13, it is possible to obtain the
kinetic triplet, i.e., activation energy, E,, pre-exponential
factor, A, and the kinetic model, f{a), or its integrated
function, g(a).”' The A and E, parameters can be determined
by isoconversional methods,?*3 generally called model-
free methods, since no kinetic model is assumed in this
approach.”

According to the International Confederation
for Thermal Analysis and Calorimetry (ICTAC), the
kinetics study by isoconversional methods must be
performed using at least three TG curves with different
B values."” Depending on the sample, the thermal event
can occur through multiple steps with competing or
consecutive reactions.> Thus, it is necessary to use robust
methodologies to clarify the physical phenomena.” This
work will highlight the use of neural networks to solve
this chemical problem.

4. Artificial Neural Network Applied to
Isothermal TG Data

Sebastido, Braga, and Yoshida' developed a multilayer
neural network model using published experimental data
for rhodium acetate. For the input, it was adopted isothermal
TG curves at the temperatures 198, 202.5, 203.5, 205.0,
207.0, 209.0 and 210.5 °C.
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Table 1. Kinetic models established in the literature for thermal decomposition processes'>'®

Model Symbol Sla) g(a)
Reaction order

Zero-order FI/R1 1 o

First-order F1 1-o)! =In(1 — )

Second-order F2 (1-o)? [/ -o)] -1

Third-order F3 (1I-o) (1/2)[(1 -R)>-1]
Nucleation

Avrami-Erofeev n = 2 Am?2 2(1 —o)(=In(1 — o) [=In(1 — )]

Avrami-Erofeev n =2 Am3 3(1 — o)(=In(1 — a)*? [=In(1 — a)]*?

Avrami-Erofeev n = 4 Am4 4(1 = a)(=In(1 — a)** [<In(1 — o))"

Geometric contraction

Contracting cylinder R2 2(1 —a)'? 1-(1 —a)'”?

Contracting sphere R3 3(1 —a)?? 1-(1 —a)'”?
Diffusion

1D Dl 1/Q2a) o?

2D D2 —[1/In(1 — )] ((1-o)n(l —a) +a

3D: Jander model D3 [3(1 = o)?Y/[1 = (1 —o)'A] (1= -ow)»)?

3D: Ginstling-Brounshtein model D4 3/12((1 — o) =1)] 1-2/3)a-(1-w)?
Power law

Power Law n =2 P2 20" a'”?

Power Law n =3 P3 2078 a'®

Power Law n =4 P4 4o o'

In this work," it is proposed to replace the usual
activation functions used in the MLP models by the kinetic
model. Thus, equation 10 can be rewritten for constant
temperature, K(T) = k(s™') as

[ 9 _ (o) =kt +h, (14)

S (@)

In their paper, the first order equation was used, thus
the activation function for the hidden layer was defined as

a(t)=1-€"" (15)

The first model studied in their paper'® was using a
single neuron in the hidden layer. By using data at different
temperatures and plotting the predicted k values against
1/T it was possible to calculate the pre-exponential factor
and activation energy, assuming the rate constant as the
Arrhenius factor.

By increasing the number of neurons, prediction
improvement was observed up to 8 neurons and after that
it was observed overfitting of data. In this first work, the
same activation function was applied to all neurons and the
authors mentioned the loss of physical meaning if more
than one neuron is considered.
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Since the model is predicting the rate constant, k, rather
than the pre-exponential factor, A, and activation energy,
E,, the results are less likely to be affected by multiple
parameter combinations that yield equivalent mass loss.
This issue will be discussed in the next section.

Based on the model discussed above, Sebastido et al.*
developed a MLP network with a different algorithm to
optimize the error function. The first step of the algorithm
consists of fixing the interconnection weights between
input and intermediate layers. For this, the experimental
data is fitted by the individual kinect models, from
Table 1, g(a) = kt + k,. The rate constant and linear
coefficients will be represented by the interconnection
weights and bias, respectively. The additive function,
representing the state of neurons in the hidden layer, is
determined as

W, t+ W,
W, t+w

VVIXZ 31 30 (16)
W, t+ Wy,

W t+ Wy,

with X as the state of neuron in the input layer, receiving
the time data and the values w;, and w,, correspond to the
values of the rate constants k and k, for the kinetic models,

J. Braz. Chem. Soc. 2025, 36, 8, e-20250084
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respectively. Therefore, there is a physical meaning for the
interconnection weights and biases in this model.

In the second stage of the algorithm, a non-linear
transformation is performed, in which each neuron in the
intermediate layer is activated. However, in this algorithm,
each neuron in this layer is activated by a different
activation function, f, corresponding to the kinetic models
presented in Table 1, as

B = fAW,X) a7

The mathematical functions used in this work to activate
the neurons were the Prout-Tompkins and the Avrami-
Erofeev models, with m =2, 3 and 4, described in Table 1.
Thus, the neurons in the intermediate layer of the proposed
MLP network are represented in equation 16. It is important
to note that this network structure is not rigid, allowing the
addition of other kinetic models, as well as the exclusion of
some models depending on the system under study.

Au (Wth + wzo)
Am, (W31'[ + W30)

f(W.X)= (18)

Amy (W t+w,

Am, (w51t+wso)

Each neuron in the intermediate layer is pondered by
the weights in the output layer W,. The vector W, can be
exemplified as

W, :(Wsz Wes  Wea W65)1X4 (19)

In the third stage, a linear transformation is performed
to determine the state of the neuron in the output layer, Y,
consisting in a linear combination of the neurons in the
hidden layer, as

Y =W,/ (W,X) (20)

The error of the MLP network is defined considering
the difference between experimental data and calculated
property by the network as

E=|Y,

al

- Yaxp”;’ being Ycal = sz(xv) (21)

with this network structure it is possible to calculate the
contribution of the various kinetic models used in the
process through a Levenberg-Marquart optimization,

W, =(B"B) B'Y,, 22)

J. Braz. Chem. Soc. 2025, 36, 8, e-20250084
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It is interesting to note that this algorithm stands out
from the others because it is a robust mathematical method
in the study of thermal decomposition, since it uses the
rate constants as fixed weights of the network, enabling
the convergence of the network to a coherent physical
result, in addition to considering the contribution of
several models in the process. Therefore, this algorithm
becomes useful for studying thermal decomposition of
different systems. By comparing the error of the individual
model adjustments with the MLP model, it was observed
an increase in the adjustment by a factor of 2-7, which
proves that the best description of the process is given
by the combination of models rather than an individual
mechanism.

This same algorithm was adopted in the MLP network
developed by Ferreira et al.’” on the study of anti-human
immunodeficiency virus (HIV) drugs: efavirenz (EFV) and
lamivudine (3TC), where it was added the kinetic models
of acceleration (E potential law), deceleration (geometric
model, linear, area and volume contraction), diffusion (one,
two, three dimensions and Ginstling-Brounshtein). For
this MLP, 13 neurons were used in the intermediate layer
and the state of the neurons in the intermediate layer can
be determined by

Io Wyt +W,)
o, (Wit +W, )
fDB(W4]t +W40)
fm(Ws,f +W50)
S wix) =| fo (Wt +W;) (23)
fRZ(W7]t +W70)
Te (Wt +W)
fAz(ngt +W90)
T (Wt +W,)
Lo (Wt +W,,)
Jr (Wt + W)

In the EFV network, for the input, it was used
experimental TG curves at temperatures 172, 173, 174,
175 and 178 °C. For the output, the kinetic parameters of
activation energy, E, = 75.230 kJ mol™' and pre-exponential
factor, A = 3.2190 x 10'® s7! were also determined by
applying the Arrhenius analysis. The residual error of
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adjustment by the network is on average 10° times lower
compared to the best individual kinetic model: R1. In
the 3TC study, for the input, it was used experimental
TG curves at the temperatures 215, 220, 223, 225, 228,
230, 237, 240 and 250 °C. For the output, the kinetic
parameters of activation energy, E, = 103.25 kJ mol~' and
pre-exponential factor, A = 2.5587 x 107 s7'. The residual
error of adjustment over the network is on average 10” times
lower compared to the best individual kinetic model: D4.

This algorithm was also used in Ferreira at al.’®
with thalidomide, in which the MLP network also had
13 kinetic models in the intermediate layer. The activation
energy determined by the network was compared
with the activation energies determined along the
process by the isoconversional methods of Friedman,»
Vyazovkin,* and Kissinger-Akahira Sunose®® with non-
isothermal experimental data. The isothermal TG curves
at temperatures 293, 304, 314, and 324 °C were used,
and the best individual kinetic model was the R2 model,
with the error of, on average, 10° times higher compared
to the residual error of adjustment over the network. The
MLP dealing with isothermal data presented the activation
energy for the entire process of 98.94 kJ mol". For the
non-isothermal analysis, it was used four heating rates:
2.5, 5.0, 10 and 20 °C min'in N, atmosphere and the
activation energy were calculated as 98-108 kJ mol ™' along
the process.

Ferreira et al>® used this MLP in the study of automotive
polyurethane, in which two neural networks were proposed,
one being composed of eleven kinetic models and the
other composed of only the Rn and Dn models, which
were chosen because these models offered smaller residual
error. The activation energies determined by the network
were compared with those determined by the Friedman,>
Vyazovkin,** and Kissinger-Akahira Sunose®® methods
with non-isothermal experimental data. The isothermal
data were performed at temperatures 380, 390, 400 and
410 °C and the MLP results indicated a two-step process,
in which the first occurs from the beginning until 40% of
conversion, described by contraction of active nuclei, model
R3, followed by diffusion, D4. The MLP adjustment of the
experimental data was, on average, 10°to 10° times more
accurate than the best individual kinetic model. It presented
the activation energy for the entire process of 184.2 k] mol™!
considering the diffusion model D4 and 198.7 kJ mol™' for
the contraction model. For the non-isothermal analysis, it
was used four heating rates 2.5, 5.0, 10 and 20 °C min™'in
N, atmosphere, and the activation energy was calculated as
188.9 and 186.8 kJ mol™!, respectively determined by the
isoconversional methods Flynn-Wall-Ozawa** (FWO) and
Kissinger-Akahira Sunose (KAS)> at 40% of conversion
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and 193.7 and 191.6 kJ mol™" at extension of 60-70% of
conversion.

It is important to note the necessity of adjusting each
individual kinetic model before defining it as the activation
function for the ANN. If these parameters are to be freely
optimized while comparing the sum of different models
against experimental data, different combinations of rate
constants for different models could lead to the error
functions with the same order of magnitude, making
it difficult to evaluate which parameters have the most
appropriate physical meaning.

5. Artificial Neural Network Applied to Non-
Isothermal TG Data

Conesa, Caballero and Reyes-Labarta® developed a
multilayer neural network model to predict the kinetic
constants using pre-exponential factor, k., activation
energy, E,, and reaction order, n. The model receives input
simulated patterns of TG curves with 20 experimental data
in each curve, calculated at different heating rates. The
ANN has one hidden layer and one output layer, consisting
of three neurons, one for each parameter. To generate the
training data, the following reaction for pyrolysis was
considered

pyrolisis

F=—(1-5)G+sS 24

with F being the fraction of the sample to decompose, G
the gas produced during the process, S the solid residue and
s the solid fraction remaining after the process has been
completed. Then, the reaction speed can be determined
using the global weight loss, w, as

p ,i[i,LJ
7;1}: —k, o F" (1 - s) e M\ Tw (25)

with R the ideal gas constant. The authors mentioned that
the following values were used to generate the data set:
1, 5 and 8 min™! for ks ; 10000, 15000, 20000, 30000 and

E
35000 K for R" ; 0.5, 1, 2 and 2.5 for n. This produced a

set of 60 curves. However, it is not clear the values they
have used for the heating rates, F, T,,,and s while generating
the training data.

For training the model with theoretically calculated
values, the authors splitted the data into different subsets,
one for training (used for updating the model weights) and
validation (to evaluate the model performance on unseen
data during the training procedure). They have used two
different approaches to avoid overfitting: (i) regularization,
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which applies a penalty to the error function if large weights
are used during the training; (i7) early stopping, which stops
the training procedure if the validation data error starts
increasing. They determined that 10 neurons were used in the
input layer for the regularization approach and 4 for the early
stopping, both using sigmoid as the activation function. In
the trained model, it is not clear which one of the two models
mentioned, was able to retrieve the constants in agreement
with the values acquired using other methods while using
experimental data for cellulose, polyethylene and lignin. It
is emphasized by the authors that the model is specific for
systems that can be modeled by single n™-order reactions.
Caution must be taken while simulating data with

pre-selected E, and k¢ values for training an ANN
model. In equations such as (equation 25), the factor

E(1 1)
K (T ) = krefe ! [T i may have the same value for different
combinations of k,, and E,, this is known as kinetic
compensation effect.

Therefore, the parameter selected may bias the model
predictions when applying it to experimental data. Although
this procedure does not allow for a straightforward
evaluation of the predicted individual parameters, the
final value for K(7) is likely to be the same for all model
predictions. Different combinations of parameters that
lead to the same similar exponential factor have been also
observed for another problem.*!

Therefore, if the objective is to determine the rate
constant for the reaction, ANN models would offer more
reliability, as discussed in the section 4. However, if the
objective is obtaining E, and k,, that should be done using
isoconversional or Arrhenius analysis and using the neural
network for making other predictions. If ANN models are
used to predict these parameters, they should be trained on
a dataset containing multiple experimental curves where
the values for these parameters were obtained through the
analysis mentioned previously. This approach ensures that
the model learns from real data, enhancing the reliability
of its predictions.

ANN can be used to model different properties of
a material and provide insights about its formulation.
Burgaz et al.'” investigate the use of artificial neural
networks (ANNs) to predict the thermal stability,
crystallinity, and thermomechanical properties of different
proportions of poly(ethylene oxide) (PEO) and clay
nanocomposite compositions. The proportions obtained and
simulated were PEO — n% clay, with n =0, 5, 10, 15, 20,
and 100. The authors trained different ANNs for each type
of experimental data: thermogravimetric analysis (TGA),
DSC, and dynamic mechanical analysis (DMA). All input
data were normalized using the normalization equation,
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X, = ——min_(high limit - low limit )+ low limit (26)
X — Xmi

max n

and x, . the minimum and maximum values of

max

with x,,,,
experimental data. High and low limits are defined as 1 and
0, respectively. All neural networks used the feed-forward
back propagation algorithm. The data was splitted into
training (75%), validation (15%), and testing (15%) sets.
For DMA neural networks, one hidden layer was enough to
predict the storage modulus (E’) and tan & (the ratio of the
loss modulus (E”’) to the storage modulus (E’)) using 193
training data for each case. For TGA data, a neural network
was necessary to have two hidden layers to predict weight
loss using 406 training data. For DSC data, one hidden layer
was used to predict the heat flow using 565 training data.
The results demonstrate the potential of ANNs for predicting
different properties of polymer/clay nanocomposites. The
training process revealed that increasing the amount of
data enhances the network’s modeling capacity. In DMA
analysis, the relationship between the storage modulus and
temperature is much less nonlinear compared to relations
between the input and output parameters in both DSC and
TGA. Thus, the modeling capability of ANN is the highest
for the DMA analysis. Therefore, the authors increased the
number of hidden layers to improve the accuracy for TGA
and DSC data. An option broadly discussed to improve the
accuracy in modeling thermal data is the use of more than
one heating rate, which could be another possibility for the
performance enhancement in this work, as can be seen in
ICTAC.>? The neural networks developed in this work do
not provide information about the kinetic parameters and
mechanisms for the experimental data.

Muravyev and Pivkina'® proposes the application of
ANNSs for predicting kinetic parameters from simulated
thermoanalytical data. The input data consisted of
conversion degree versus temperature profiles (o(7))
generated for single and multiple heating rates, as well
as constant-rate thermal analysis (CRTA) runs. The
output included the kinetic triplet (activation energy
E,, pre-exponential factor log A , and reaction model

flo)) with ANNs trained on a broad range of parameters

(E,=50-300kJ mol,logA=0.01-40s") and 10 reaction
models.

Key findings demonstrate that ANNSs, particularly
multilayer perceptrons, achieve high accuracy
(performance >99% for some models) in predicting kinetic
parameters, outperforming traditional single-heating-
rate methods. Advantages of the ANN approach include
rapid analysis, tolerance to noisy data, and adaptability to
complex kinetic scenarios. However, limitations were noted
for single-heating-rate inputs (low predictive power outside
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training ranges) and simultaneous prediction of multiple
parameters (reduced accuracy). The work underscores
ANNSs as a promising alternative to conventional kinetic
methods. A critical point highlighted was that the simulated
data considered was single-step reactions, considering
that greater computational power is required to work with
multi-step reactions.

In reference, a broad range of parameters selection for
generating the data set is a good practice, since it increases
the amount of data for training the model. The authors
mentioned the kinetic compensation effect while trying to
determine the kinetic triplet in the usual methods and that,
hypothetically, using ANN would result in lower parameter
interdependency. However, the kinetic compensation effect
may still be a problem while generating the simulated
data. For all combinations of pre-exponential factors and
activation functions considered, it would be good to have
an analysis of the set of parameters that would produce
the same reaction rates. Thus, although the model had an
excellent performance, the evaluation of these parameter
predictions remains a challenge.

Rojek, Suchacz, and Wesolowski® proposed performing
incompatibility detection between active pharmaceutical
ingredients (API) and excipients based on thermogravimetric
data using a self-organization map (SOM). In this work,
binary mixtures of caffeine and selected excipients were
used as a study model.

The SOM network can be applied for clustering,
feature extraction and anomaly detection. It will map
higher dimensional data into a lower dimensional grid.
In this type of model, the input data is passed to a grid of
interconnected neuros and one of these will be promoted to
an activated state. Thus, similar data will activate neurons
close to each other.

The input data for this model is a discrete set of
temperatures corresponding to a percentage of mass loss,
from 5% (Ts) up to 75% (T,s) in increments of 5%. To
appropriately map the data, different models consisting of
2D grids were tested, 3 x 3,4 x 4,5 x 5 and 6 x 6, and the
5 x 5 grid was found to be the optimal for this problem.

After training the model, the weight values of the
neuron connections were used to perform a principal
component analysis (PCA) and cluster analysis (CA)
to identify the temperature of mass loss which would
potentially indicate incompatibility. The predictions of
the model were compared against DSC, Fourier transform
infrared spectroscopy (FTIR) and powder X-ray diffraction
(PXRD). It was found that DSC and FTIR agreed with the
predictions and that the range of temperatures potentially
most important for indicating incompatibility are those
corresponding to mass losses from 20 to 55%.
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Therefore, this result indicated that ANNs combined
with thermogravimetry can be used as a diagnostic tool
to determine incompatibility occurrence between (API)
and excipients.

Ozge Cepeliogullar et al.®® applied ANNs to predict
refuse-derived fuel (RDF) pyrolytic behaviors. The model
proposed in their study consists of one input layer that
receives temperature and heating rate data, two hidden
layers and an output layer that predicts the weight loss at
that temperature.

The data was generated using 7 different heating rates:
5, 10, 15, 20, 30, 40 and 50 °C min"'. For each parameter
it was recorded approximately 4000 datapoints. From this
data set, the optimal number of 1000 points to be selected
atrandom was acquired by trial and error. From the selected
data, 75% was used for training, 15% for testing and 15%
for validation steps. The training process was carried out
for different combinations parameters: number of neurons
in the hidden layer varying from 3 to 7, giving a total of
25 possible combinations; activation functions used in the
hidden layer were tan-sigmoidal or log-sigmoidal, giving
a total of 4 different combinations; each model was trained
5, 10 and 25 times, which gives 3 different combinations.
Thus, in total, there were 100 different models trained 3
times each. The best performance was observed for the
model trained 25 times, containing 7 and 6 neurons in the
first and second hidden layers, with tan-sigmoidal or log-
sigmoidal activation functions, respectively.

In their work,% the model was able to predict the data
with high accuracy for all training, test and validation sets.
The model was used to predict a new TG curve generated
with a heating rate of 25 °C min™' and the predictions were
very accurate while comparing against experimental data.
This work makes evident the importance of the model
design step. It is important to note at this point that a good
and generalizable model should be able to predict data
within the limits of the data used for the training step,
in this case for heating rates of 5 and 50 °C min"' and
minimum/max temperatures. The authors highlight the
effectiveness of ANNSs in capturing the complex thermal
decomposition characteristics of RDF, suggesting their
potential as powerful tools for reducing the number of TG
experiments needed.

Monticeli et al.** uses an artificial neural network
to predict thermal degradation curves for four different
fibers: ramie, curaua, kenaf and jute. While describing the
ANN approach, it is mentioned the Conesa et al.*® work
and described a process for data acquisition assuming
the same n™ order kinetic reaction given by equation 25.
However, there is no further mention to this theoretical
dataset in the text.
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The model proposed in their work® receives as inputs
the time, temperature and heating rate. It has 12 hidden
layers and outputs the prediction for the mass loss. The
data set was acquired experimentally with temperature
ranging from 25 to 800 °C and using heating rates of 5,
10, 20 and 40 °C min’'.

The authors® started the ANN model training by
first considering only one heating rate, 10 °C min™', and
they separated the data into training and test sets and
the method performance was evaluated based on the
determination coefficient of the test set. The number of
data to be used in the training step was determined by
evaluating the model performance for all four fibers for
different numbers of training data. However, it is not clear
the total number of data nor what percentage the number
of training data represents. They have observed that as the
number of training data increases, the performance for all
fibers analyzed converged to the same value for number
of training data of 60. Without knowing what percentage
this number represents, it is hard to evaluate this selection
as appropriate or not. The regression plots presented for
comparing predicted and target values shows an excellent
agreement.

After describing the training process, it is said that the
same procedure was performed for the other heating rates,
to achieve an ANN model capable of prediction data at
heating rates not accessed experimentally. However, it is
not clear what procedure the authors have used: did they
use transfer learning for each one of the other heating
rates? Or did they retrain the model using all data at the
same time using the hyperparameters determined in the
first step? The performance for unseen heating rates is
demonstrated by showing a plot for the three-dimensional
TG surface having 5 and 40 °C min™' as lower and upper
limits.

Still regarding the training step, in the conclusion
section the authors said only one heating rate was used to
train the model. This seems to contradict the description
in the results section.

Araujo et al.% investigated the application of MLP
neural networks to the biopolymer chitosan’s TG dynamic
data. The authors aim to demonstrate the effectiveness of
MLP neural networks in modeling the kinetics of solid
thermal decomposition. For the chitosan experimental
data, the MLP shows the lowest residual error to fit
experimental data, which were performed at N, atmosphere
under four heating rates: 2.5, 5.0, 7.5, and 10 °C min™".
The activation energy was calculated as 98.1 to 183.3 kJ
mol! along the conversion degree. The findings show that
MLP neural networks provide a robust and accurate tool
for understanding the complex decomposition behaviors
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of biopolymers, enhancing the predictive capability for
thermal analysis in various industrial applications. This
methodology has been applied to different materials’
thermal decomposition, for example, graphene oxide,*
nitroxides,® and Eu?*-betadiketonate coordination
compounds.®’

The model architecture is based on the isothermal
neural network proposed by Sebastido et al.,*® and follows
the same development discussed in the section 4. The
innovation consists of adding neurons in the input layer,
representing the temperature for each conversion degree
in different heating rates, . Also, another difference is
the interconnection weights between the intermediate and
input layers, which are determined assuming,

w (T, )= (——TZ xp( RET D (27)

with the activation energy and pre-exponential factor
determined using the isoconversional method.?®* The
kinetic models presented in Table 1 also activate the hidden
layer, thereby ensuring not only the optimization of the

neural network but also preserving the physical significance
of the weights.

De Freitas-Marques et al.®® also applied the MLP
neural network proposed above for the kinetic studies of
the drugs atazanavir sulfate (ATA) and ritonavir (RIT)
thermal analyses. The thermal behavior of ATA indicates
melting at 190.7 °C (AH,, =71.5J g*') with decomposition
(E, =101.8 kJ mol™). For RIT indicates melting at 119.2 °C
(AH,,=66.5 J g') with decomposition (E, = 100 kJ mol™;
o = 10%). The kinetic model that contributes the most is
the Avrami-Erofeev model with m = 2 and describes the
thermal decomposition of ATA and RIT. The MLP model
for atazanavir was trained using the heating rate curves
at 14, 18, and 20 °C min". It was shown that the kinetic
parameters, E,, A, and the kinetic contribution model
retrieved for the MLP neural network were able to recover
an experimental curve at 40 °C min’'. It demonstrates the
capability of the proposed neural network to extrapolate
experimental data.

Araujo et al.*% explored using the HNN to model
kinetic behaviors and activation energy distribution in
complex systems. For this approach, it is assumed that
several reactions may occur in the same event and the
activation energy, for the whole process, is described by a
probability density function, f(E,), instead of an average
value, where each reaction has its probability in the process,
P(E,). For this, the experimental data can be represented as,

,ﬁ T
(1—a)=ZP(Ea)eJBd (28)
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The probability function is determined by

P(E,)= ?/—E = J‘ZME" f (E, )dE,.The integral can be further

developedas]f (E, JdE, = 3 f (E, JA(E,) = Zg gMEﬂ’
in which the A (Ea,) is a convenient range of E. Considering
a continuous distribution of activation energy and also
the probability density function, AE,) = P(E,)/A(E,), the
equation 28 can be rewritten as equation 29 and can be
interpreted as the first-order integral Fredholm equation,

(1-a)=3, [ K(1.E,) (E, )dE, (29)

with K(7T, E) the kernel and f(E,) the activation energy
distribution function. This equation represents a class of
problems known as ill-posed inverse problem, and the HNN
approach, tested with both simulated and experimental data,
demonstrates better efficiency compared to the traditional
methods, offering a promising tool for thermal analysis in
industrial applications. Araujo ef al.**® used the HNN to
estimate kinetic parameters in the distributed activation
energy models (DAEM). This method can estimate the shape
of f(E) without a priori assumption of its functional form,
and a constant pre-exponential factor, A. For training the
model, simulated data with random noise was performed.
For the kinetic model determination, the HNN algorithm
was adapted to obtain the parameters of the Cai-Liu model,
flo) = a"(1 — ga)". In addition, their model was robust to
noise in the experimental data.

Wakimoto et al.” proposed an improvement for the
method proposed by Aradjo et al.,* the new methodology
estimates the kinetic parameters in the DAEM without
a priori assumption of both f(E,) and the pre-exponential
factor A. The model was tested by performing a kinetic
analysis on reaction data of the parallel reaction system
generated by numerical simulations under seven heating
conditions in which N is the reactions proceed in parallel,
and the data can be written as,

(1 -a ): Zjv%exp {—exp[—ln% —% + ln%fﬂﬁm
where V:*/V. denotes the contribution of the i reaction.
The estimation of conversion o, can be regarded as the
forward propagation of the three-layer neural network and
the kinetic parameters A;, E;, and V.*/V, can be obtained as
the optimized weights and biases of this neural network.

For that, ln% and 1/T are the input to the neural

network and are normalized by Z-score normalization’! to
prevent a negative influence of the input variables on the
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optimization using the gradient descent method and the
loss function to be minimized is defined by,

N Vi*
(Zi—l v _1J

where X, is the experimental value of conversion and M,
the number of data points. The first term in equation 31
is the mean squared error (MSE), and the second term is
used to constrain the sum of V*/V* to unity, with A = 0.1
being a coefficient that balances the first and second terms.

The limitation of the proposed method is the
determination of the hyperparameters in the neural network.
The proposed method has several hyper-parameters, and
optimizing all of them requires too much computational
cost. In this study, the authors changed the lower limit
of V*/V* | and fixed the other hyperparameters. The
number of hidden layer nodes in the neural network (i.e.,
the number of reactions proceeding in parallel) was set to
N = 64. The possible range of E, was limited to
0.1-10000 kJ mol™". The initial activation energy of each
reaction was set randomly in E, = 0.1-400 kJ mol~'. For
the gradient descent method, the number of optimization
steps was set to 10°.

(objective) = izzil (X,. X, )2 +A (31)

6. Artificial Neural Network Applied to DSC
Data

For the DSC analysis, Sbirrazzuoli and Brunel® showed
the mechanism for homogeneous kinetic processes as
flo) = (1 — o))" is appropriate for many systems.3!7?
Assuming the equation 10, whit a; = H/AH being
determined from H,, as the partial area calculated at time i,
and AH as the total area of the DSC signal, one has

dH o
(?) =AH-Ade * - f(a,) (32)

in which the DSC experimental data of heat flow is
P, = (dH/dt). By taking the logarithm in equation 32, we
can establish the general equation,”™

dH (1 E,
h{[zl (EH —nln(l1-o,)=Ind- RT (33)

Sbirrazzuoli and Brunel® were the first to propose using

artificial neural networks for filtering and deconvoluting
calorimetric signals.’! Their study utilized synthetic
thermoanalytical curves of heat flow relative to temperature,
with the objective function being the difference between
the synthetic data, Y, ,, and the recovered curve Y,; ., as
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B |

:ZNi(““p ) (34)

with N as the number of recorded points and M as the
number of patterns. The aim of the study was to evaluate
the ability of neural networks to determine thermodynamic
and kinetic parameters from DSC curves.

The training data was simulated by solving equation 33
assuming flo,) = (1 — o))", with n = 2, activation energy
ranging from 74 to 80 kJ mol™" and In(A) ranging from 18
to 20. These values were based on previous experimental
results for the reaction of interest. In reference 23, the
authors mentioned that after generating the data, the kinetic
parameters and enthalpy are computed using the single peak
method. In reference 31, it seems the values used as target
were those used for simulating the data, without carrying
out the parameter recovery step.

The optimal topology for their ANN model was
determined as receiving 320 input values, representing
the DSC curve, having three hidden layers with 15, 20
and 20 neurons and outputting the results for AH, E, and
In(A). For the training step, the authors used the resilient-
propagation algorithm? to optimize the model weights. The
total number of curves to be used for training the model was
evaluated by carrying out the process for different steps for
E, and In(A). Also, noise was added to the training input
data to assess the model capability to learn and sensibility
to noisy data as input.

The authors in reference 31 found that the model was
able to recover the parameters used for simulating the
curves with good accuracy with both clean and noisy data.
Demonstrating that ANN models are potential useful tools
for thermal analysis.

It is interesting to note that for their work, the range of
values used for generating the data is based on previously
determined experimental results. That potentially makes
the model prediction more reliable. Also, the model was
not applied to experimental data for making predictions. If
that was the case, it is always important to note that using
simulated data for training a model makes it difficult to
assess if the model is learning physically meaningful trends
or artifacts due to parameter correlations, as discussed
previously about the kinetic compensation effect. The
authors also mentioned about the possibility of finding
different combinations of parameters corresponding to low
errors while using single-peak methods.”

Considering another strategy, equation 2 was treated
by Hopfield neural network-based algorithm by Sebastido
and co-workers’ to determine the kinetic parameters m
and n as the reaction order, E, the activation energy, and
A the pre-exponential factor. A general kinetic model
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Sflo) = a™(1 — go)" was considered, in which the mechanism
depending on the m, n and g parameters, describing the
physics and chemistry of the process.**"

The Hopfield neural network-based algorithm used
the equation 26 as the multi objective error function and
to investigate the performance of the algorithm to fit DSC
data and compute the kinetic parameters. It was used 1000
synthetic data of dH/dt(T), for each heating rate, and to each
case it was incorporated random errors of 2.5% point-by-
pointin the ¥, synthetic curves. It was observed that the
HNN method is not sensitive to noisy data.

Experimental data of an antihypertensive drug, losartan
potassium, LOK, during its polymorphic conversion were
investigated.”® It was assumed

2
/(%) (%))
=l dt r,i(calc) dt r.i(exp)

rmsd = Z N (35)

with rmsd as the root mean square deviation and three
heating rates of DSC data in a multi objective error
function. From the results, it was stated the LOK conversion
presented A = 6.376 x 10 s, E, = 136.5 kJ mol™!', m=0.6,
n = 0.85 and g = 1.0. Therefore, it is observed that the
process occurs as a combined event, once the values of
these parameters in the f{ot) function do not correspond to
any ideal kinetic model.

When using the HNN method, it is important to keep
in mind that the method converges to the nearest stable
solutions. Therefore, when defining the initial guess to the set
of Hopfield different equations, it is important to have a good
estimate of the values for the real process. Additionally, using
simulated data is not an issue, as it does not rely on training
with a dataset before being applied to experimental data.

In this work, the authors have tested different initial
conditions while applying the method to experimental data
and found different sets of parameters that lead to small
residuals. In that case, since all parameters were physically
acceptable, the set with smaller residual was selected as
the final answer.

7. Conclusion

This review highlights the potential of artificial neural
networks (ANNSs) in analyzing and interpreting thermal
analysis data, specifically TG and DSC. A table with
the papers discussed is available in the Supplementary
Information section. The application of ANNs, with
emphasis on the MLP and HNN, has significantly enhanced
the accuracy and complexity of kinetic analyses for both
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isothermal and non-isothermal processes. By integrating
simulated and experimental data with robust computational
algorithms, these networks provide a powerful framework
for predicting thermal behavior, characterizing kinetic
parameters, and modeling complex reaction mechanisms.
The findings demonstrate that ANN-based methodologies
surpass traditional optimization algorithms like Levenberg-
Marquardt in adaptability and robustness, being able to
handle noise in experimental data and complex multi-step
reaction processes.

However, some caution must be taken while conducting
studies in this field. For models such as MLP, that rely on
a training data set, using simulated data during the training
step previously to the application to experimental data,
for predicting kinetic parameters, may introduce bias in
the model predictions, as different combinations of pre-
exponential factor and activation energy can lead to the
same result. For training these models, ideally it should
be used an extensive experimental dataset from which the
kinetic parameters were extracted from other methods,
as, for example, the isoconversional analysis. As for the
HNN, it is important to have a good initial guess for the
problem solution to prevent the method from converging
to a minimum on the error surface that corresponds to
non-physical parameters. The existence of multiple minima
on the error surface can also be an issue for MLP models.
Therefore, it is important to train and test the model with
the chosen topology using multiple different initialization
for weights and biases to ensure that the topology can learn
the problem effectively, regardless of its initial parameters.

Future work should explore the broader applicability of
these methodologies to diverse materials and conditions.
Additionally, advances in machine learning architectures
and training algorithms can possibly provide further
improvement of its predictive capabilities and computational
efficiency of ANNs in thermal analysis. The integration of
these technologies represents a paradigm shift, bridging
experimental thermal analysis with computational
intelligence to unlock new possibilities in materials science
and engineering.

Supplementary Information

Supplementary data are available free of charge at
http://jbcs.sbq.org.br as PDF file.
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