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Abstract

The selected artificial neural networks were trained and tested to determine the
kinetics of theoretically simulated signals for two overlapping independent nucleation-growth
processes. Whereas the hybrid convolutional neural network did not perform well, the
multilayer perceptron (MLP) showed great potential for the kinetic analysis of complex solid-
state reactions and transformation mechanisms. In particular, the MLP architecture exhibited
remarkable robustness with respect to the scatter in kinetic data as well as the ability to
accurately deal with practically fully overlapping kinetic peaks. When trained on a full
spectrum of double-process overlaps, the MLP architecture returned very precise estimates of
the kinetic parameters during the testing phase despite the limited data sample used for some
of the training. This level of accuracy was observed in the case of both overlapping processes
being roughly similarly sized, and for the dominant process in the cases of the two processes
being largely disproportionate in magnitude.
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1. Introduction

Artificial intelligence (Al), and artificial neural networks (ANNS) in particular, are
nowadays employed in numerous fields of everyday life, e.g., spam and social media filters,
financial predictions, pharmaceutical development, medical diagnostics, and data mining. [1-
10] Similarly, also the research in solid-state chemistry, physics, and material science readily
utilizes ANNs. [11-20] Despite the massive boom in the usage of Al in solid-state science, the
field of thermal analysis (which has recently become very popular and is usually represented
by a large portion of published papers on any newly emerging topic) stays somewhat behind.
This was demonstrated in the recent review [21] on the application of ANNSs in pyrolysis,
thermal analysis, and thermokinetic studies. This review deals in detail with the prediction of
the thermoanalytical data (determination of the total yield, fitting of the experimental curves,
additional hybrid approaches), processing of the thermoanalytical data (filtering,
classification, etc.), thermokinetic analysis (finding the Kkinetic triplet, kinetic deconvolution)
and predictions of thermal properties or various temperature dependences. Despite the
relatively broad scope of the review, only ~ 100 relevant papers were found in the literature at
that time (year 2021).

In the present paper, we will focus on the application of ANNSs in the solid-state
kinetic analysis [22], which was (and to date still is) one of the least represented topics in the
corresponding literature. Some of the most important works in this field include, e.g., the
determination of the degree of conversion for the thermokinetic data and the determination of
the appropriate kinetic model for the experimental data. [23 - 28] However, in all these cases,
the ANNs were exclusively trained and applied to the single-process data. Since the absolute
majority of solid-state reactions and transformations are multi-step processes [29], the
transition from single-step to multi-step testing is the crucial aspect for the ANNSs to become

competitive in relation to the traditional curve-fitting based on non-linear optimization. Due



to the lack of systematic research in this field, basic testing of multi-step pattern recognition
still needs to be undergone for various ANN architectures.

In the present paper, we are going to build upon our previous research [30] dealing
with the rather simple overlaps of two nucleation-growth Johnson-Mehl-Avrami (JMA)
processes [31 - 34] simulated in the derivative kinetic form (see Fig. 1) — data akin to those
provided by, e.g., differential scanning calorimetry (DSC) or derivative thermogravimetry
(DTG). The work in [30] studied the ability of three archetypal ANN architectures to estimate
the particular kinetic parameters for different degrees of the JMA-JMA overlaps — while
belonging to the simplest types of solid-state kinetic overlaps, this signal represents a very
common and important situation of complex crystal growth in an amorphous matrix (with the
two processes representing volume/surface-located processes, growths of different
morphological or chemico-structural phases, etc.). It was shown that particularly the multi-
layer perceptron (MLP) ANN architecture performed very well even in scenarios with fully
overlapping kinetic peaks. The ANN-based kinetic analysis was in general performing with
good accuracy, unmatched by any traditional methods of kinetic analysis. The corresponding
kinetic predictions were of suitable precision for a majority of real-life applications
(formation of ceramics and glass-ceramics in particular). However, the testing in [30] was
done for ideal clean kinetic data in a sterile environment of theoretical simulations, and
multiple restrictions applied to the variability of the processed data. The present paper will
push the ANNSs testing in the multi-step kinetic scenarios several steps further, exploring the
following:

1) ANNSs performance in the full IMA-JMA overlap scenarios, with the maxima of the

Kinetic peaks being situated very close to each other on the X (temperature) axis.

2) ANNSs performance in the case of JIMA-JMA overlaps with the simulated data being

artificially scattered to different degrees.



3) ANNSs performance for fully shape-varied IMA-JMA overlaps with only the activation

energy being known (introduced independently).

2. Preparation of the theoretically simulated data

The theoretical simulations were based on the standard kinetic equation for solid-state

processes [35]:

da/dt=1-A-e ¥ . f(a) )
where da/dt is the transformation/reaction rate, o is the degree of conversion, t is time, T is
temperature, f(a) is a substitute for a kinetic model, | is the integrated area under the kinetic
peak (corresponding to either the change of enthalpy AH or to the change of mass Am for the
calorimetric and thermogravimetric data, respectively), A is the pre-exponential factor and E
is the activation energy of the process. By implementing overlap of the two JMA processes,
Eqg. 1 changes to Eq. 2 with the added heat/mass balance condition represented by Eqg. 3:
da/dt=1,Ae & .m1-a)-Inl-a)[“™ +1,Ae 5 .m,1-a)-In1l-a)]“™ (2)

I, +1,=1 (3)

where my and m; are the kinetic exponents of the JMA model and the indices “1” and “2”
correspond (throughout both equations) to the respective indication of the two overlapping
Kinetic processes.

The preparation of the theoretically simulated data was performed by a combined
usage of custom functions written in the R-language and available as a package named takos
(Thermo-Analytical Kinetic analysis) [36] accessible in the Comprehensive R Archive
Network (CRAN cran.r-project.org; released under the GNU General Public License, version
2), and self-made Python software, functioning as an on-the-fly generator of the kinetic data.

As mentioned in the introductory part, three aspects of the ANN’s performance in the



complex-kinetics scenarios were tested. Accordingly, the present, as well as the following

sections, will each include three sub-sections devoted to these three series of tests.

2.1. Data for two very closely overlapping JMA peaks

The above-mentioned data-simulation tools were used to prepare the Kinetic datasets
of the IMA-JMA overlaps defined by Egs. 2 and 3. The simulations were performed for all
combinations of the following kinetic parameters: E1 = E2 = 170 kJ-mol™; In(Ai/s?) = 36;
In(A2/st) = 35.25, 35.5, 35.6, 35.7, 35.8, 35.9, 36.1, 36.2, 36.3, 36.4, 36.5 and 36.75; I = 0.1
— 0.9 (with the step of 0.1); I = 0.1 — 0.9 (with the step of 0.1, while satisfying the condition
expressed by Eq. 3); m: = 1.0 — 3.5 (with a step of 0.25); m> = 1.0 — 3.5 (with a step of 0.25).
This gave 13068 combinations of kinetic parameters, where for each combination a dataset of
6 curves at heating rates gq* = 0.5, 1, 2, 5, 10, and 20 °C-min™! was prepared, producing overall
78408 types of different overlaps. Each kinetic curve was simulated in the 0 — 500 °C
temperature range with 5000 points/curve density (translating into 1 point for each 0.1 °C).
An example of one whole simulated dataset (six curves at different q*) is depicted in Fig. 2A.
A demonstration of the differences between the closest simulated overlaps is shown in Figs.
2B (overall signal envelopes) and 2C (nuances in the second/variable kinetic peak) — this level

of subtle nuances in the shape of the kinetic peaks was introduced for the ANNS to recognize.

2.2. Data with various scatter degrees for two overlapping JMA peaks

The second type of testing was based on introducing different levels of scatter into the
theoretically simulated data. The base set of simulations was similar to that described in
Section 2.1. with the following three changes: 1) In(A2/s™) = 34.0, 34.5, 35.0, 35.5, 36.0, 36.5,
37.0, 37.5, 38.0, i.e., similar to the data tested in [30]. Note that these InA2 values result in a

large variety of IMA-JMA double-peak signals, ranging from partial to full overlaps (pseudo-



single-peak appearance). 2) the kinetic curves were simulated in the 0 — 300 °C temperature
range. 3) for each combination of kinetic parameters, only one curve at 1 °C-mint was
simulated (instead of the six curves at different g*). For each such curve, 20 different levels of
scatter were introduced by varying the maximum amplitude of the noise and the number of
points per curve. The applied maximum amplitudes were AMP = 0.0001, 0.0002, 0.0005,
0.001 and 0.002 (the introduction of the amplitude was actually paired with a random number
generator, multiplying the amplitude for each calculated point of the simulated curve by a
number in the interval between -1 and 1). The number of points per curve were: 360, 600,
900, and 1800, which translates to the point density PES of one point every 50, 30, 20, and 10
s, respectively. These simulations resulted in a total of 9801 combinations of Kinetic
parameters times 20 levels of scatter, i.e., 196020 simulated curves. Several examples of

archetypal scatter levels are depicted in Figs. 3 and 4.

2.3. Data for a large variety of two overlapping JMA peaks

The third batch of data used for the ANN testing was simulated for the following
ranges of the kinetic parameters: Ex = E2 = 170 kJ-mol™; In(A1/s?) = 36; In(Az/s™) = 34 — 38
(with a step of 0.004); I = 0.1 — 0.9 (with a step of 0.0008, while satisfying the condition
expressed by Eq. 3); m: = 1.0 — 3.5 (with a step of 0.0025); m, = 1.0 — 3.5 (with a step of
0.0025). This resulted in 102 possible combinations of kinetic parameters, where for each
combination one curve at g* = 1 °C-min was simulated with the 20 s per point data-density
in the 0 — 300 °C temperature range. A demonstration of the span of the kinetic overlaps is
shown in Fig. 5. Different from the two other data generation processes, which are both
exhaustive over the parameter grids, this version is integrated with the ANN such that each
batch of data is generated on the fly by uniformly sampling from the parameter spaces and

resolutions mentioned above and simulating corresponding spectra. This means the data are



both more densely sampled (up to 2,000,000 curves used per training) but also more

challenging with regard to peak overlaps.

3. Results

Based on the experience from the preceding research [30], the two best performing
ANN architectures (i.e., the multilayer perceptron network MLP and a CDD hybrid between a
convolutional neural network and an MLP) were used. The MLPs had two dense layers
(Perceptrons) with 42 and 137 nodes, respectively, each followed by hyperbolic tangent
activation and batch normalization. The network responses (curve parameters) were
normalized to the interval O to 1 for quicker convergence and to avoid stray predictions
outside the training data intervals. Thus, the outputs of the networks used sigmoid activation
to match the 0 to 1 interval. The Adam optimizer was used with a learning rate of 0.001 and a
mean squared error loss function. Batch sizes of 96 were used for 1000 epochs.

The CDD network used a one-dimensional convolution along the input spectra with
two trainable filters of length 5, a stride of 2 and valid padding. This was followed by ReLU
activation, batch normalization and flattening before a dense layer with 200 nodes. Before the
final dense layer hyperbolic tangent activation and batch normalization was applied. The final
layer used sigmoid activation as with the MLP. Again, a batch size of 96 was applied and the
same Adam optimizer with 0.001 learning rate, but epochs were reduced to 500.

All parameters were tuned using Bayesian optimization before the two first data
generation tasks. Separate tuning was performed for the on the fly data generation because of
its different complexity. The hyperparameters were somewhat different: The on the fly MLP
ended up with 536 and 577 nodes, a learning rate of 3.48E=, and a batch size of 90. For the
CDD the model capacity was also increased as it ended with 21 filters of length 130 in two

convolution layers, 146 nodes in the dense layer, a learning rate of 6.0748E, and a batch size



of 80. For the two first data generation tasks, ANNs were trained and tested with five-fold
random cross-validation, i.e., the test data was randomly interspersed between training
samples, but no parameter combinations appeared in both training and test sets. 20% of each
training set was randomly assigned as validation data, meaning that each test set was 1/5 of
the total dataset and was predicted from 80% of the remaining 4/5 of the data, i.e., 64%
training data. As the training and validation data for the last data generation task was made on
the fly, there were no fixed training and validation sets. Instead, training and validation
batches were generated from random parameter combinations in the chosen ranges during
training and tuning. For the final evaluation of the on the fly model, a systematic generation
of spectra was made spanning all curve parameters with combinations of equispaced
parameter value combinations in the full range of each parameter. As the parameter ranges
were very fine-grained in the random generation of spectra, minimal overlap would occur
between training and test samples. It is also worth noting that the overfitting has not been a
problem during this study as we have employed Bayesian hyperparameter optimization. This
method specifically uses validation performance as a guide for searching for optimal
parameter values. Further, the models are trained on the same range of parameters as the test
data (with non-overlapping parameter values), so a small degree of overfitting would not have
been a problem.

The presentation of the ANNSs’ training results will be split into three parts in

accordance with the information presented earlier in Sections 2.1 —2.3.

3.1. ANN training for two very closely overlapping JMA peaks
In order to quantify the resemblance between the estimates of the kinetic parameters

provided by the tested ANNs and their true values (corresponding to the simulated data used



for the ANN testing), the errors/deviations were calculated for the variable kinetic parameters
(mg, mz and I in most cases) as:

DEV(P)="P, s — Prue (@)
where Ppred and Puue are the predicted (by ANNSs) and true values of the given parameter P,

respectively. For each self-contained dataset (corresponding to the given InAz value), the

average magnitude of the errors/deviations MEANPEY was calculated as:

5
mEaN = _ 2 OEV: X
n

where the index “i”” stands for the ith item in the given testing batch, and n is the number of
values included in the evaluated set. It was confirmed for all training and corresponding ANN
tests that the MEANPEY value was very close to 0. This indicated that the errors of the ANN-
predicted estimates are not intrinsically skewed (at a statistical level, i.e., the errors exhibit
random distribution) and that the sample of the data was large enough. The main indicator of
the quality of the ANN estimates is, however, the standard deviation (SD) calculated for each

set of the DEV(P) values:

n

(6)
Note that we have chosen SDPEV over the mean of absolute DEV(P) values because SDPEY
represents a stricter criterion. The error bars for the SDPEY quantity were calculated based on
the evaluation of the 5 individual ANN tests, into which the overall testing phase and dataset
were split.

The SDPEV values are for the three estimated kinetic parameters (mz, mz, and 1) are
shown in Fig. 6. The statistics corresponding to the estimates by the two tested ANN
architectures (CDD and MLP) are depicted in dependence on InAz, which represents the
degree of the overlap for the two JMA kinetic peaks. It is clear that for all three quantities, the

CDD architecture performs significantly worse than the MLP ANN. The magnitude of the



error bars associated with the CDD SDPEY further confirms inconsistencies in this architecture
performance. On the other hand, the MLP ANN demonstrates not only higher accuracy of the
estimates (lower SDPEY absolute values) but also a remarkable consistency of its performance
(low SDPEY error bars). Regarding the accuracy of the estimates, the MLP architecture gives ~
0.1 error for the JMA kinetic exponents my and m, and approx. 4 % errors for the area of the
individual kinetic peaks. This near-perfect accuracy of the estimates is preserved even up to
the slightest tested shift between the two JMA peaks (corresponding to AlnA = 0.1; see the
data for InA2 = 35.9 in Figs. 2B and 2C). Only in the case of exact overlaps (InA1 = InAy), the
MLP ANN performance worsens ~ 6 — 7 times (as expected in the case of mathematically
indistinguishable data). This finding refines the report from [30] and shows the incredible
ability of the MLP ANN to very well distinguish between very slight nuances of the shape of
the kinetic peaks. In addition, this finding also indicates the potential applicability of this
ANN for the binary task of distinguishing between the true-single-process kinetic behavior

and pseudo-single-peak multi-process complex kinetics.

3.2. ANN training for two overlapping JMA peaks overlaid with various degrees of scatter

In principle, the second set of JMA overlaps (i.e., the differently scattered data — see
Figs. 3 and 4) was evaluated on the same principles as demonstrated in the previous section.
An example of such evaluation is shown in Fig. 7A, where the SDPEV(l1) quantity is plotted
for the two ANN architectures being tested on the data scattered with the following
parameters: PES = 30 s, AMP = 0.002 s™. The general conclusions from each such plot are
similar to those presented in Section 3.1.; i.e., generally better performance of the MLP
architecture, inability to describe the exact overlaps (InA; = InAz), more than acceptable
SDPEY values = very good predictive ability of the ANNs (especially of the MLPs). As there

are 120 plots akin to that shown in Fig. 7A (40 types of scatter level times 3 evaluated
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quantities), a new condensed way of the results depiction was adopted. For each such graph,
an average SDPEY value (denoted MEAN SDPEV(P)) was calculated from the results obtained
for the InA2 = 34 — 38, while omitting the SDPEY value for InA; = 36 (i.e., the exact overlap).
The error bars associated with this statistic were determined on a similar basis; the two
calculations are expressed by Eqgs. 7 and 8 (note that the asterisk * denotes the indexation over
the whole datasets defined by similar InA,). In Fig. 7A, the MEAN SDPEV(l,) values are for

the two datasets corresponding to the two ANN architectures shown as the dotted lines.

gD DEV (7)
DEV __ z i*
MEAN _SDO% = &
? (8)
e | >(SDP® ~MEAN _SD>)
SD_SD = \/ n*

In this way, the evaluation of all scatter types can be plotted together for each quantity
P, see Figs. 7B — 7D. The vertical dotted lines in these graphs denote the datasets with similar
PES value; in these groups, the AMP increases from left to right. This means that, for
example, the first pair of points from the left side of Fig. 7C corresponds to the CDD and
MLP MEAN SDPEV(m,) obtained for the combination of PES = 10 s and AMP = 0.0001 s,
whereas the first pair of points from the right side of this graph corresponds to the
combination of PES = 50 s and AMP = 0.002 s*. Similarly to the performance within the
individual InA. datasets, the MLP performs significantly better also when dealing with
scattered data. At low AMP, the difference between the two architectures is insignificant but
as AMP increases, the CDD ANN exhibits up to 10 times worse accuracy compared to the
MLP architecture. Interestingly, both architectures exhibit different non-monotonous
dependences of MEAN SDPEV(P) on PES. Nonetheless, the results obtained for the MLPs

show that this type of ANN deals very well with even heavily scattered data.
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3.3. ANN training for two overlapping JMA peaks with variable A> and on the fly data
generation

The ultimate training/testing session performed within the framework of the present
research was that aimed at the closer-to-practice case of the ANNSs being trained for the data
with only activation energies E1 and E> and InA; (fixing the position on the temperature axis)
being known, and the shape of the complex kinetic signal (the IMA-JMA overlap) being fully
variable in the training&testing stages. In practice, this translates into the ANNSs being tested
simultaneously on fully variable overlapping JIMA-JMA archetypal behavior (see e.g., Fig. 5).
Note that in the previous sections, the ANNs were trained and tested separately for each InAz
group of data-curves. Furthermore, the results presented in this section were obtained for
sampled high-resolution input (training) data, with m1 and m, graded at smaller steps (of
0.0025) and with only one curve (at 1 °C-min™) representing the given JMA-JMA overlap.
This was done to test the ANN’s ability to represent detailed kinetic behavior, not only a low-
resolution sample, which will be crucial during further research involving other kinetic
models [29] and/or simultaneous implementation of the E variation into the present mix of
evaluated Kkinetic parameters.

The preliminary testing has shown that the CDD architecture performed extremely
badly in the case of the data used in Section 3.3. (see, e.g., Fig. 5), and the continuation of its
training was canceled — hence the ongoing presentation and discussion are only regarding the
MLP-related findings. This also means that the CDD architecture can most probably be ruled
out from further research in this direction because the acceptable performance in the present
step (results presented in Section 3.3.) is a mandatory condition for further utilization of the
given ANN for the kinetic analysis of complex kinetic processes.

The results obtained for the training&testing session on the InAz-variable dataset are

depicted in Fig. 8. The performance profiles are similar to those obtained for the cases with
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fixed InA2 values (training&testing only within each given InAx-defined group of data-curves),
but the baseline accuracy is significantly worse (note the higher MEAN SDPEV(P)). This level
of accuracy is, however, still acceptable for kinetic analysis (as will be demonstrated in
Section 4). Interestingly, the estimate of InA; itself is slightly more accurate in the case of
exact or almost exact overlaps (i.e., when InA: = InAz). In order to analyze the origin of the
higher baseline error obtained for the MLP results presented in this section, the SDPEV(P) was
plotted also in dependence on |1 — see Fig. 9. This depiction clearly shows that the accuracy is
higher (SDPEV(P) is lower) for the kinetic parameters P determined in the situations when the
corresponding kinetic process is dominant (area under the kinetic peak is large). In other
words, my and 1 are determined accurately when 11 is large (and by the Eq. 3 definition the I
is small) and vice-versa. Whereas the I1 and I quantities exhibit relatively acceptable
estimates even in unfavorable scenarios when the opposite quantity is the dominant one, the
JMA kinetic exponents my and m are in such cases determined with an error of ~ 0.7 — 0.8,
which is borderline unacceptable (note that the physically meaningful differing types of the
JMA kinetics are graded with the steps in the kinetic exponent m of either 0.5 or 1 [31 - 34]).
Similarly, also the mutual position of the kinetic peaks (expressed by InA2) gets determined
with a significant error when the monitored sub-process is not the dominant one — see Fig.

9D.

4. Discussion

In the previous section, the errors associated with the ANN estimates of the solid-state
Kinetic parameters were introduced for different JIMA-JMA complex Kinetics scenarios.
Before the impact of these errors will be evaluated, the SDPEV(P) thresholds introduced in
Section 3 need to be reviewed and their maxima identified. Also note that based on the results

introduced in that section, the MLP architecture was recognized as the only serious candidate
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for the utilization in Kinetic analysis of complex processes. Hence, only the estimates
achieved by this architecture will be reflected in the subsequent texts.

Starting with the close vicinity overlaps (see Fig. 6), the errors for the Kinetic
exponents m; and m> were ~ 0.15, for Iy the average error was ~ 0.04. In the case of the
scattered data, the performance of the MLP ANN was much better (see Fig. 7), resulting in
errors with approximately half magnitude. For the last series of trainings&tests (see Figs. 8
and 9), which represented the most important build-up from the preceding research [30], the
SDPEV(P) values were the highest but in fact still always represented as an average of the InA;
and 11 influences. In order to separate these two effects, the SDPEV(P) values were plotted in a
3D depiction in dependence on both InA; and 11 — see Fig. 10. Here, clear patterns are
revealed for the magnitude of errors in the particular cases of process dominance and partial-
to-full overlaps. Based on these depictions, two sets of errors were inferred. The first set of
errors was the “conservative” maximum errors valid for a majority of the data (usually
corresponding to the dominant process). These are: SDPEY(my)™ = SDPEV(m,)™ = 0.2,
SDPEV(1)™ = 0.05, SDPEV(InA2)™ = 0.25. The second set of errors was practically the true
maximum errors with the exception of several extremes found for the full InA;r = InA2
overlaps; these were: SDPEY(m;)M& = SDPEY(m,)M = 0.8, SDPEV(11)™ = 0.2, SDPEV(InAz)m
=0.8.

To demonstrate the impact of these inaccuracies in the ANNs’ prediction of the kinetic
parameters, comparisons were calculated between an arbitrarily chosen complex JMA-JIMA
scenario and the same scenario burdened by the combination of the SDPEY(P)™¥ and
SDPEV(P)™ errors. The arbitrarily chosen JIMA-JMA overlap was based on the following set
of parameters: E1 = E2 = 170 kJ-mol?; In(A1/st) = 35; In(A2/s?) =37; 11 =1, =0.5; my =m;, =
2.0. This set was then modified within the above-defined “ma;j” and “max” ranges so that a

maximum deviation was reached (note that some of the combinations of the parameters
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negated their distortive effects and made the deviations smaller, which would, however, be
the case for the real applications of ANNs, thus the maximized deviations represent the worst-
case scenarios). Based on these maximized deviations, distorted Kinetic data-curves were
calculated for both the lower and upper limits, either spreading or condensing the two
overlapping JMA processes. The original, as well as distorted, data are shown in Fig. 11. The
distortions based on the “ma;j” ranges are depicted in Figs. 11A (derivative kinetic signal) and
11C (prediction of the kinetic behavior for isothermal annealing at 180 °C); the distortions
resulting from the “max” ranges are shown in Figs. 11B and 11D.

As is apparent from the derivative data (Figs. 11A and 11B), the ANN estimates of the
Kinetic parameters cannot be used to reconstruct the kinetic data with sufficient reliability and
precision — the main reason is the error in the InA estimation. If, however, the pre-exponential
factor A, as well as activation energy E, were determined independently by a model-free
method, then the ANN-based estimates of the area ratios and the kinetic exponents m would
be in most cases precise enough to truthfully represent the complexity of the IMA-JMA
overlap. On the other hand, the information about the physico-chemical background of the
given kinetic process is nowadays considered rather a secondary outcome of the kinetic
analysis, with its primary goal being the ability to perform accurate kinetic predictions for
extrapolated experimental conditions. Since the present research yet considers the precise
independently gained knowledge of E: and Ez, extrapolation of the predictions to lower or
higher temperatures is only moderately affected by the ANN estimates of the other kinetic
parameters. For the “maj”-based set of kinetic parameters (see Fig. 11C), the predictions of
the isothermal annealing at 180 °C show only minor changes that would not disallow any
direct application of these data in industrial practice. In particular, at any point, the prediction
of a from the deviated kinetic parameters does not differ from the “reality” by more than 10 —

20 %. Also, the time needed to complete either the first or both processes is not distorted by
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more than ~ 20 % (i.e., 200 min). A different situation arises in the case of the predictions
utilizing the “max™-based set of kinetic parameters — see Fig. 11D. Here, the errors in the o
determination are too large in certain moments (reaching up to 50 %), also the time of
completion is for both steps (either the first sub-process being finished or the completion of
the overall transformation) predicted with large uncertainty — the estimates falling within the
50 — 500 % range. Both these findings indicate that (unless the accuracy of the ANNSs
performance is improved significantly in the future training iterations) in case of the
occurrence of minor sub-processes or full overlaps, the results will not be sufficient for
industrial practice, which in the case of the IMA-JMA overlaps involves primarily formation
of ceramics and glass-ceramics.

As a side-note, it should be understood that the present research introduces only a
preliminary step to the utilization of ANNs for the kinetic analysis of real experimental data
obtained for the complex nucleation-growth processes. Before the ANN-based recognition
can be tested on the real-life data, at least the recognition of the systematic distortions of peak
asymmetries need to be properly tested and implemented (alternatively, the ANN needs to be
extended by the data from autocatalytic kinetics). Only after that, the present ANN models
have the chance to succeed in the recognition and description of the real-life experimental
kinetic data. Testing the ANNSs on real data at this moment would not give any meaningful
information because the full accuracy of the ANN model (with respect to the asymmetry
distortions) in simulated conditions is not known, and the interpretation of the potential
deviations from parameters obtained via alternative methods of kinetic analysis would not be
possible to do due to the ambiguity of the possible causes.

In addition, it is worth noting that the extrapolation is generally not a strong suit of
ANNSs. Neural networks are known to mainly interpolate over the training data when

performing predictions. This means that we cannot expect especially good performance of the
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models we trained if applied to different parameter ranges or process settings than they were
trained on. In practical situations, this means that predictions for new situations require
retraining of the model on freshly simulated sets of data-curves. In order to make the next
ANN models more competitive (with the present results in mind), the future endeavors may
be aimed at significant extension of the matrix of kinetic models and asymmetries trained to
the ANNS at the cost of only coarse scale of the intrinsic kinetic parameters being explored. In
this way, the interpolation ability (strong suite of ANNs) would be utilized to a much higher
level, while the extrapolation would not be needed.

In their current state, the present ANN models do not perform on the simulated data as
well as the traditional methods of solid-state Kinetic analysis [22], which is however expected
from the engine based on the advanced estimates rather than exact modeling (the two most
relevant methodological tools for the exact description of the complex crystallization signals
are the Fraser-Suzuki mathematic deconvolution [37, 38] and the single-curve multivariate
kinetic analysis [39]). However, the present ANN estimates have shown several remarkable
features - the insensitivity to the random data scatter, and the very high tolerance (unchanging
performance) to the practically full kinetic overlaps (as shown in Fig. 6). Namely the latter is
qualitatively on par with the features of the above-mentioned sophisticated deconvolution
methods, and as the degree of the overlap increases, the performance of ANN surpasses that
of the traditional deconvolution-based approach. [40] The main advantage of the ANNs (the
ability to interpolate) is expected to show during the consequent rounds of testing, when the
peak asymmetry distortions (simulating the unidealities of real-life data) will be trained and
tested for. This will be a crucial step on the path to the autonomous analytical tool for the
solid-state kinetic calculations and predictions, making the solid-state kinetic analysis widely
accessible to the non-experts from, e.g., the industrial and technological sectors. If successful,

then it will be only a question of the sufficient computer power to simulate and train majority
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of the complex kinetics scenarios, and the main time-consuming subjective-choice-based
chokepoint of the current complex kinetic analysis, i.e. the selection of the appropriate

multistep reaction model, will be fully dealt with by the Al.

5. Conclusions

CDD and MLP ANN architectures were used to estimate kinetic parameters for
complex JMA-JMA kinetic signals (restrained to have similar activation energy) as an
alternative to the traditional linearization and non-linear optimization methods of kinetic
analysis. Whereas the CDD architecture performed relatively badly and can be (under the
present training approach) ruled out from future development, the MLP ANN has shown a
remarkable ability to accurately deal with practically fully overlapping kinetic peaks as well
as with significantly scattered data. In addition, the MLP architecture performed relatively
well also when simultaneously trained with all relevant kinetic parameters (except for E)
being variable and with a high-resolution dataset provided for training. This indicates a very
good interpolation ability of the MLP ANN. In the case of both overlapping JMA processes
being roughly similarly sized, the errors in the kinetic exponents m, the areas of the kinetic
peaks I, and the displacement of the two kinetic peaks (expressed via InA) were 0.2, 0.05, and
0.25, respectively. A similar level of accuracy was obtained also for the dominant process in
the cases of the two processes being largely disproportionate in magnitude. This degree of
accuracy is sufficient for the utilization of ANN-based kinetic analysis in the
laboratory/industrial practice — be it the preparation of ceramics or glass-ceramics. The errors
in the MLP estimates for the minor JMA sub-process (< 30 % of the overall magnitude) were
found to be under the current training setup still quite high and unusable in practical kinetic

analysis: Am = 0.8, Al = 0.2 and AInA = 0.8.
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Further development of ANNSs in complex-process kinetic analysis should focus on
the following aspects:
1) increase the precision for the determination of the model-based kinetic parameters (kinetic
exponents, I).
2) testing for other kinetic models (most importantly the Sestak-Berggren model [35]).
3) implementation of the idea of simultaneously working independent ANNSs for the
determination of model-free and model-based kinetics [29].
4) development of normalization for independent normalization of InA.
5) training for recognition of other than independent processes (i.e., for consequent,

competing and reversible reaction mechanisms).
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Figure captions

Fig. 1:

Fig. 2:

Fig. 3:

Examples of the overlaps of two nucleation-growth processes: A) full overlap; B)
partial overlap; C) separate processes.

A) Example of a dataset (six full IMA-JMA curves at different %) simulated for one
particular combination of kinetic parameters.

B) Example of the nuances (depicted as the simulated envelopes = overall signals for
the full overlaps) introduced to the ANNSs training&testing within the framework of
the first series of tests — see Section 2.1. for details.

C) Data-curves of the first and second sub-processes corresponding to the envelopes
from Fig. 2B. Note that the envelopes are simple arithmetic sums of the first and
second sub-processes data.

A-D) Examples of full kinetic overlaps simulated for ANNSs training&testing within

the framework of the second series of tests — see Section 2.2. for details. Red curves
represent the initial clean kinetic data/envelope (in this case corresponding to a full
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Fig. 4:

Fig. 5:

Fig. 6:

Fig. 7:

Fig. 8:

Fig. 9:

overlap). The grey curves indicate the final kinetic data-curve (with superimposed
scatter) used for the testing. These graphs demonstrate the span in PES values.

A-D) Examples of full kinetic overlaps simulated for ANNSs training&testing within
the framework of the second series of tests — see Section 2.2. for details. Red curves
represent the initial clean kinetic data/envelope (in this case corresponding to a full
overlap). The grey curves indicate the final kinetic data-curve (with superimposed
scatter) used for the testing. These graphs + Fig. 3C demonstrate the span in AMP
values.

A-D) Examples of partial kinetic overlaps simulated for ANNSs training&testing within
the framework of the third series of tests — see Section 2.3. for details. These graphs
demonstrate the span in the types of partial overlaps.

A-C) SDPE values obtained for the ANNsdetermined kinetic parameters within each
self-contained Kkinetic dataset (defined by the InA; value as indicated on the X axis)
simulated for the first series of tests — see Section 2.1. for details. The particular
graphs depict the SDPEY values for m; and m; and 11, respectively.

A) Example of the SDPEY values obtained for the ANN-determined I, values within
each self-contained kinetic dataset (defined by the InA> value as indicated on the X
axis) simulated for the second series of tests — see Section 2.2. for details. The
example depicts the results for the testing on the data with the scatter level
characterized by PES = 30 s and AMP = 0.002 s%. The horizontal dotted lines indicate
the MEAN SDPEV(1;) values for the two ANN architectures; the crossed-out values
(by the blue crosses) indicate the InA> = 36 data-points that were excluded from the
MEAN SDPEV(I,) calculation.

B-D) MEAN SDPEY(P) values determined for the ANNSs training&testing within the
framework of the second series of tests — see Section 2.2. for details. The vertical
dotted lines denote the datasets with similar PES value; in these groups, the AMP
increases from left to right.

A-D) SDPEY values obtained for the ANN-determined kinetic parameters within the
whole dataset simulated for the third series of tests — see Section 2.3. for details. The
results are sorted (and the SDPEVs were calculated) by InA; values.

A-D) SDPEV values obtained for the ANN-determined kinetic parameters within the
whole dataset simulated for the third series of tests — see Section 2.3. for details. The
results are sorted (and the SDPEVs were calculated) by 11 values.

Fig. 10: A-D) ABS(DEV) values obtained for the ANN-determined kinetic parameters within

the whole dataset simulated for the third series of tests — see Section 2.3. for details.
The ABS(DEV) values are depicted in dependence on the InAz and 11 values.

Fig. 11: Kinetic predictions simulated for three sets of kinetic parameters. The grey lines

correspond to E1 = E2 = 170 kJ-mol®; In(Ai/s?) = 35; In(Az/st) = 37; 11 = 1, = 0.5; my
= my = 2.0. The red and blue lines correspond to the original (grey) data deviated by
the average (graphs A and C) and maximum (graphs B and D) MLP-produced errors.
The graphs A and B show the simulations for non-isothermal derivative signals at 1
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°C-min™. The graphs C and D show the kinetic predictions for isothermal annealing at
180 °C.

Fig. 1
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