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Summary

As a widely used plastic material polyvinyl chloride (PVC) accounts for a sig-

nificant amount of plastic waste but also offers great potential in conversion to

chemical feedstock via pyrolysis process. However, development of a sensitive

mathematical approach is required for proper process design and monitoring

of thermochemical conversion processes. In this work, we attempt to develop

an artificial neural network (ANN) model for estimation of mass loss as a func-

tion of temperature and heating rate during pyrolysis and combustion of PVC.

For this purpose, pyrolysis and combustion characteristics were quantified

using thermogravimetric analysis, then non-isothermal kinetics were analysed

by iso-conversional models. The results of ANN models show that this method

helps predict complex systems with high regression coefficient (R2) values. The

best performed model analysed by ANN for pyrolysis was NN 7 with

R2 = 0.9993, the best performed model for combustion was NN 10 with

R2 = 0.9982. Comparison of experimental results to ANN predictions indicates

that ANNs with a quick propagation algorithm can be an effective approach

for modelling complex non-linear systems such as thermal degradation of

thermoplastics.
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1 | INTRODUCTION

With ever-increasing population growth and modern
lifestyle, plastics have evolved into one of the most
widely-utilized materials in modern life due to polymer
durability or reduced carbon dioxide emissions, related to
lightness in weight. In parallel with the development of
the polymer industry, the total world-wide production
has exploded 183 times, increasing from 1.7 Mt in 1950 to
311 Mt in 2015. Furthermore, predictions estimate that

another 33 billion tons of plastic materials will be pro-
duced and in circulation by 2050, if the current plastic
manufacturing rates are maintained.1 This considerable
growth in the manufacturing and consumption of plastics
and composite materials has resulted in a massive quan-
tity of waste accumulation throughout the world and has
created environmental concerns due to the non-
biodegradable nature of plastics, and their adverse effects
on the living organisms, ecosystems, plus safety.2,3 With
the use of appropriate and cost-effective recycling or
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disposal procedures, plastic waste may become a signifi-
cant source of energy and raw material feedstock. There
are several technologies to overcome the problem of
waste plastics, but each plastic disposal method has its
own considerable pros and cons.4 However, thermochem-
ical conversion of waste to useful forms through waste-
to-energy or waste-to-chemical routes, this offers several
advantages that include simultaneous reduction of the
secondary pollution problems and production of second-
ary fuel or chemicals.5-7 As far as the other thermal treat-
ments are concerned, pyrolysis, thermal degradation in
an oxygen-deficient environment, presents further bene-
fits of giving petroleum derivative chemicals or mono-
mers and is a relatively easy and flexible process without
intense sorting.8-10 Pyrolysis is known to be an effective
feedstock recycling method, where the organic waste is
thermally cracked into hydrocarbon oils, carbonaceous
char, and light hydrocarbon gases.11-13 This thermochem-
ical conversion method is especially beneficial for treat-
ing organic waste containing a mixture of long
hydrocarbon chains whereby the long chains can be
cracked into smaller chains.14,15

A global analysis of the results on plastics has shown
that polyvinyl chloride (PVC) is utilized in the production
of both short-life polymeric materials and composites,
including cleansing materials, textiles, beverage bottles,
healthcare devices, and long-lasting construction mate-
rials, such as floors coverings, piping, and windows due
to its low cost and superior mechanical properties.16,17

Moreover, as being a proton-donating polymer, applica-
bility of PVC to form mixtures with other polymeric
materials which act as plasticizers is advantageous.18,19

Since PVC has such a wide range of products and indus-
trial application fields, it has its significance in the entire
plastics usage and end of life PVC wastes are accumu-
lated worldwide. Meanwhile a huge potential exists in
converting PVC wastes to chemical feedstock,20-22

resins,23 fuel grade intermediates,24-26 and carbonaceous
materials such as pitch, carbon fiber, and porous car-
bon27-31 via pyrolysis process.

From both practical and economic points of view, it is
required to simulate the degradation character of poly-
meric materials theoretically by mathematical
approaches, before iterative testing with actual experi-
mental systems. Upscaling thermochemical systems from
laboratory to industry, necessitates a thorough under-
standing of kinetics to make accurate numerical predic-
tions of thermal behaviors and optimize desired product
yield.32,33 TGA (thermogravimetric analysis) is a widely
utilized technique that may be used to this end. Through
exploration of effects and interactions between different
process parameters, as well as parameter modeling and
optimization, usage of TGA may allow a thorough

understanding of the thermochemical conversion process
which is an important step in upscaling and commerciali-
zation.34 In recent years, artificial neural networks
(ANNs) have also been applied to TGA data for interpre-
tation of the thermal stability and mass loss-temperature
relationships of materials during thermal degradation.
For instance, ANNs have been applied to thermochemi-
cal conversion processes together with production of
bio-based chemicals via biochemical processes.35-37 The
neural network might be used to determine and predict
output results under various input situations through
network training and testing. Therefore, ANNs serve as a
useful and practical mathematical tool in thermal analy-
sis and kinetic research.38 It is not necessary to sketch
the phenomena included between networks mathemati-
cally; learning and capability of the networks permit non-
linear and complex systems to update themselves during
modeling.39 The ANN method has been established in
analogous with the brain's neural network and it has
been applied in various thermally stimulated processes
such as pyrolysis,40,41 combustion,42-44 and gasification.45

In the field of polymer degradation and stability, inade-
quate research has been carried out using ANN. For
instance, thermal degradation of cellulose, lignin, poly-
ethylene, polyurethane, polyethylene46-48 have investi-
gated using ANNs. Yet, it is impossible to express a
comprehensive model that links the kinetics of each poly-
mer with its structure. Therefore, the wide range of poly-
meric materials should be investigated. Similar to other
thermoplastics, PVC waste can be converted to value-
added chemicals and energy by a sensible adjustment of
thermal conversion processes for the economic and envi-
ronmental sustainability. Although gaseous corrosive
chlorine products during such kind of conversion are
evolved, the emissions can be controlled by in-furnace
methods such as catalysis, adsorption, and co-processing
techniques.49-52 Moreover, amidst the total of existing
plastic wastes, PVC has a high amount in the volume
sent to recycling and disposal.

Efforts to understand kinetic behavior of PVC in a
faster, less complicated way using ANN may provide
insights into the design, optimization, and upscaling of
the thermal conversion processes. This study proposes
ANN modeling to predict the kinetic information about
the whole PVC pyrolysis and combustion process. The
main focus and novelty of the study is to obtain trained
models that may generate correct kinetic parameters
without the need of conducting multiple experiments.
Consequently, different functions were tested on TGA
data obtained at variable heating rates and atmospheres.
The best ANN architectures for pyrolysis and combustion
processes were constructed using parameter tuning.
Finally, kinetic parameters were calculated by different
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models to conclude the capability of ANN in the estima-
tion of kinetic parameters. The novelty of our study is in
employing ANN for both pyrolysis and combustion of
PVC and effectively using the final optimal design in the
simulation of kinetic data such as activation energy.

2 | MATERIALS AND METHODS

2.1 | Sample collection, preparation and
thermal analysis

PVC samples were gathered from a post-consumer waste
plastic collection unit and the required particle size of
112 μm was obtained from screening the particles from
the rotary mill using a screen. The particle size has been
selected to ensure the internal temperature fluctuation of
the particle can be ignored by assuming that there is a
uniform temperature distribution inside the particle. For
this purpose only particles with dimensionless Biot num-
ber that is less than unity were used. The Biot number
compares convective heat transmission between a solid
surface and its surroundings to heat transfer by conduc-
tion within a particle and with a very small Biot number
a process is considered kinetically-limited for the pur-
poses of the analysis. To minimize the thermal conduc-
tion effect within the sample, approximately 10 mg of
PVC sample is taken in an Al2O3 crucible and evenly
spread across the crucible. Nitrogen is purged initially to
create an inert environment and then used to maintain
an inert atmosphere during the pyrolysis runs. The exper-
iment was conducted by heating samples from 25�C to
1000�C under a nitrogen flow rate of 20 cm3/min using a
TGA device (Setaram-Labsys Evo). The influence of heat-
ing rate was studied using linear heating rates ranging
from 5 to 40�C/min. Selected heating rates were found
proper to be used in the experiments, in order to visualize
slow pyrolysis behavior and peak splitting. For combus-
tion experiments, the same experimental conditions were
maintained except changing gas flow to air during the
heating period. Blank experiments were carried out to
establish baselines and make corrections to minimize
mass transfer effects. The resulting thermograms are per-
centages of remaining residue. Three runs for each exper-
iment were performed to ensure accuracy and
repeatability and an average curve was used for the
kinetic calculations. Based on triplicates, the consistency
of the TG data was approved with a deviation less than
0.12% and average results have been used in modeling.
Before thermal analysis, PVC samples were characterized
by ultimate analysis, proximate analysis, calorific value
analysis and FT-IR spectroscopy. Procedures of ASTM,
calorimeter bomb (IKA C200) and FT-IR spectrometer

(Perkin Elmer Spectrum 100) together with chlorine
determination based on Haslam and Soppet53 were used
for these purposes.

2.2 | Methodology of artificial neural
network (ANN) modeling

The ANN model's uniqueness and advantage is its great
accuracy. ANN learns from experimental data which has
non-linear and multi-dimensional complex interactions
by generalizing from an adequate amount of training
data. Therefore, they are able to work as black-box
models of multivariable static, and dynamic processes.
Inspired by the functioning of the human brain, ANN
structure is generally consisting of three parallel-
connected layers of neurons as input, hidden, and out-
put.54-56 Each of these layers consists of a matrix of
weight, a bias and output vector. The input and output
layer numbers are equal to the parameter number and
response number, respectively. The data gathering is gen-
erally performed outside of the network frame, and it has
to be symbolical and all the data has to be changed in the
limits in regard to variation margin for every variable.
The transfer function of each layer and the conjunction
between the layers and intermediate layer neurons are
critical in terms of processing information. Frequently
used transfer functions in ANN are linear (purelin), sig-
moid or log-sigmoid, and hyperbolic tangent sigmoid57 as
it can be seen in supplementary file (S1).

Each of these layers consists of a matrix of weight, a
bias and output vector. The input and output layer num-
bers are equal to the parameter number and response
number, respectively. The data gathering is generally per-
formed outside of the network frame, and it has to be
symbolical and all the data has to be changed in the
limits in regard to variation margin for every variable.
The transfer function of each layer and the conjunction
between the layers and intermediate layer neurons are
critical in terms of processing information. Frequently
used transfer functions in ANN are linear (purelin), sig-
moid or log-sigmoid, and hyperbolic tangent sigmoid.48

The studied data set in ANN is commonly classified in
three sub-groups which are training, validation and test-
ing set. The training process aims to adjust the neural
synaptic weights to reach the steady-state. In order to
obtain a correct model, the training data characteristics
are crucial. The training data must be representative of
the entire problem. In the proposed ANN model, input
parameters that were utilized for the prediction of weight
loss behaviors of PVC under inert and oxidative condi-
tions for the determination of its pyrolysis and combus-
tion behavior were heating rate and temperature. In this
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study, more than 6500 lines of real experimental data
were used, for the pyrolysis and combustion processes.
As a standard 80% of the data is allocated for the training
phase while 20% of the data is allocated for the validation
process. Models with different complexity levels are dis-
cussed to determine accuracy. The used ANN architec-
ture together with input and output parameters are
mentioned in Figure 1.

2.3 | Kinetic analysis

A comprehensive understanding of thermal degradation
reactions which include messy radical transformations
together with complex product distribution is considered
an obstacle. It is known that indefinite mechanisms and
the lack of numerical rate constants for the reactions get
in the way of their explicit description during mechanistic
modeling. On the other hand, manual modeling of pyroly-
sis and combustion is exceptionally complex and time-
consuming since they depend on several process factors
and composition of the feedstock.58,59 Extensive studies
have concluded that the thermal degradation of polymeric
materials is a complicated process and it may include vari-
ous reactions in parallel and series. Hence, it is unreason-
able to outline the overall process with a singular
mechanism in most cases.60 At this point, a widespread
tool, thermogravimetric analysis (TGA), is beneficial to
study the kinetics thermal degradation using either iso-
thermal or dynamic conditions. Several analytical methods
that utilize the TGA data are used to determine the kinetic
parameters.61-63 Amongst various approaches, iso-
conversional analysis may be performed at multiple heat-
ing rates in order to analyze the kinetics of the thermal
degradation processes apart from the monitoring of the
mass loss as a function of temperature during TGA
runs.64,65 In these methods, the activation energy is a

function conversion which provides comprehensive
knowledge during the entire thermal decomposition.66 In
this study, kinetic analysis has been performed along with
the rules and suggestions of the Kinetics Committee of the
International Confederation for Thermal Analysis and
Calorimetry (ICTAC), which can be found in the litera-
ture.67-69 In a simple manner, the principle of iso-
conversional approach was implemented for obtaining the
variation of activation energy on conversion which
remarks that the rate at constant conversion degree is only
a function of the temperature solely, and that fractional
conversion, f(α), is not dependent on the heating rate.

Kinetic studies in TGA is based on measuring sample
mass as a function of temperature or time to calculate the
dimensionless extent of reaction which is known as con-
version degree, α, as follows:

α¼ wo�wt

wo�wf
: ð1Þ

In the equation, wt represents the sample mass at time t,
while wo and wf express sample masses at the initiation
and termination of the reaction, respectively. In the case
of linear heating rate of non-isothermal experimental
modes, the sample mass was detected as a function of
temperature. The basic rate equation specifies that the
conversion is dependent on the temperature and concen-
tration of reactants. The kinetics of the process using a
linear heating rate (β) are described by temperature func-
tion (k(T)) and fractional conversion function (f(α)) as
shown in Equation (2):

dα
dt

¼ β
dα
dT

¼ k Tð Þf αð Þ: ð2Þ

The rate constant, k, is depended on temperature
according to the well-known Arrhenius equation as:

FIGURE 1 The structure of

artificial neural network
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k Tð Þ¼Aexp � Ea

RT

� �
: ð3Þ

In the Equation (3), Ea shows the activation energy
and A represents the pre-exponential factor while R is
the universal gas constant (R = 8.314 J/mol.K). After
combining Equations (2) and (3), the reaction rate equa-
tion may be converted into:

β
dα
dT

¼Aexp � Ea

RT

� �
f αð Þ: ð4Þ

Equation (4) can also be converted into the
Equation (5) after arrangements as:

Zα
0

dα
f αð Þ¼ g αð Þ¼A

β

ZT
To

exp � Ea

RT

� �
dT �AEa

βR
p uð Þ: ð5Þ

g(α) and p(u) are the integrated form of fractional
conversion function f(α) and temperature integral,
respectively. p(u) is expressed as:

p uð Þ¼
Zu
∞

� exp �uð Þð Þ
u2

du, ð6Þ

where u = Ea/RT. Based on the kinetic methods applied,
p(u) can be expressed by some approximations, because p
(u) cannot be solved analytically. In the scope of this
study Friedman70 and Flynn-Wall-Ozawa (FWO),71,72

KAS,73,74 and Starink75 models were employed to analyze
kinetics of the pyrolysis and combustion processes. Equa-
tions (7)-(10) shows the linearized forms of the kinetic
models using iso-conversional approach.

ln β
dα
dT

� �
¼ lnAþ ln f αð Þ� Ea

RT
for Friedmanð Þ, ð7Þ

lnβ¼ ln
AEa

Rg αð Þ�5:331�1:052
Ea

RT
for FWOð Þ, ð8Þ

ln
β

T2

� �
¼ ln

AR
Eag αð Þ

� �
� Ea

RT
forKASð Þ, ð9Þ

ln
β

T1:8

� �
¼Cs�1:0037

Ea

RT
for Starinkð Þ: ð10Þ

It is known that advanced iso-conversional methods may
determine the activation energies in respect to the whole
conversion degree more precisely than general iso-
conversional methods since they may reduce the

influence of data noise.76 One such method is devised by
Vyazovkin, a kinetic approach that is quite precise and
avoids the mistakes that come from approximating the
temperature integral.77 Vyazovkin's method overcomes
the inaccuracies associated with the temperature inte-
gral's analytical approximation.78

Vyazovkin :
Xn
i¼1

Xn
j≠ i

I Eα,Tα,ið Þβj
I Eα,Tα,j
� �

βi
¼ min, ð11Þ

where n is the number of heating rates and I(Eα,Tα,i) is
the exponential integral. I(Eα,Tα) function is given by:

I Eα,Tαð Þ¼
ZTα

0

exp
�Eα

RT

� �
dT: ð12Þ

After estimation of activation energy, the pre-exponential
factor values were then calculated by Kissinger's method
using the calculated activation energy and peak tempera-
ture values as explained in Vyazovkin et al.67 The calcula-
tions were performed via MS Excel and for the

TABLE 1 Characteristics of PVC waste

Ultimate
analysis
(wt.%)

C 47.91

H 5.28

N 0.38

S –
aO 46.43

Proximate
analysis
(wt.%)

Moisture 0.28

Ash 4.22

Volatile 86.54
aFixed carbon 8.96

Heating
value
(MJ/kg)

21.16

Chlorine
content
(wt.%)

b45.92

FT-IR
spectrum

aFrom difference.
bAs-received basis.
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Vyazovkin's method the relevant manuscript of Drozin
et al.79 has been assessed.

3 | RESULTS AND DISCUSSION

3.1 | Physicochemical characteristics of
waste PVC

Table 1 shows the structure of as-received PVC waste
according to several physicochemical characterization
methods. Carbon was found to be the most prevalent ele-
ment in the waste PVC structure, accounting for
47.91 wt. %, while chlorine accounted for 45.92 wt. %.
Negligible nitrogen without any sulfur contents of the
sample shows it will not produce NOx and SOx gasses
during thermal degradation. According to the proximate
analysis results, moisture, ash, and volatiles of the waste
were 0.28, 4.22, and 86.54 wt%, respectively. According to
the FT-IR spectrum of PVC, peaks at 2970 and 2911 cm�1

are consisting of the CH2 asymmetric stretching vibra-
tion. The C � C stretching bond of the PVC backbone
chain is observed in the range of 1000–1100 cm�1. Peaks
in the range of 600–650 cm�1 correspond to the C � Cl
gauche bond while peaks near 850 cm�1 indicate C � Cl
stretching. The peaks around 1400 cm�1 are assigned to
the C � H aliphatic bending bond while trans CH wag-
ging is observable at 962 cm�1. The peak at 1255 cm�1 is
attributed to the bending bond of C � H near Cl.80,81 The

O-H peak between 3100 and 3500 cm�1 demonstrates
slightly absorbed water on the structure of the
waste PVC.

3.2 | Thermal behavior of PVC in
different heating rates and atmospheres

Mechanistically, it is widely known that PVC degradation
is complex and it includes multiple degradation path-
ways. The two stages of the PVC pyrolysis are shown in
Figure 2 and it contains two main mass loss zones plus a
long shoulder at below and above approximately 515�C.
The mass loss zones are corresponding to dTG peaks and
their onset and offset values in sequence according to the
Figure 2. The temperature range of main pyrolysis reac-
tions of PVC was recorded between 235�C and 578�C.
PVC pyrolysis is started with HCl elimination or dehy-
drochlorination at lower temperatures which is initiated
by the scission of the Cl � C bond, resulting in a chlorine
radical. The dehydrochlorination step causes the forma-
tion of conjugated double bonds and polyene radicals
with some hydrocarbon formation, particularly evolution
of unsubstituted aromatic hydrocarbons may be observed
in this stage. HCl, a little quantity of benzene, alkyl aro-
matic hydrocarbons (toluene, xylene isomers, ethylben-
zene, etc.), and condensed ring aromatic hydrocarbons
are the results at this step (naphthalene, indene, indene,
etc.).82,83 The evolution of HCl is significant in the

FIGURE 2 TG and dTG curves for Polyvinyl chloride pyrolysis and combustion with characteristic temperatures (Ti: initial temperature

of the main thermal degradation zone, dTGmax: peak temperature of dTG curve, and Tf:final temperature of the main thermal

degradation zone)
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pyrolysis of PVC since degradation follows an autocata-
lytic dehydrochlorination pathway with the succeeding
conjugated pi bond formation.84,85 In other words, HCl
formed during dehydrochlorination can further catalysis
the decomposition and thus generate polyene sequence.
It is known that the release of HCl gas makes allylic chlo-
rine more active in the polymer backbone and unzipping
initiates until the conjugation is stabilized by resonance
itself. By increasing temperature, the conjugated struc-
tures increase the formation of volatile aromatic com-
pounds and the decomposition goes along with cracking
into low hydrocarbons with linear or cyclic structure.85,86

Therefore, the formation of alkyl aromatics with some
char formation occurs because of condensation and dehy-
drogenation with severe dealkylation, isomerization,
chain scission, crosslinking, and aromatization after the
dehydochlorination step. Eventually, aromatic and poly-
aromatic compounds and a small amount of char are
generated after the main thermal degradation zone PVC
in an inert atmosphere.87 As a consequence of these reac-
tions, PVC underwent two main degradation zones dur-
ing pyrolysis with some overlapping peaks. Some
adjacent mass loss peaks in dTG curves overlapped when
the heating rate was raised. When the heating rate
increased to 40�C/min, the two peaks merged into one at
a temperature between 235�C and 410�C. At the end of
pyrolysis PVC decomposed almost completely with a
minor amount of residue due to the presence of additives.
Approximately 11 wt.% of solid residue remained at
1000�C after thermal degradation in the nitrogen
atmosphere.

The thermograms of PVC combustion bears a striking
dissimilarity to the pyrolysis thermograms, indicating
that different mechanisms of decomposition occur under
the air atmosphere. In combustion experiments, PVC
exhibited three peaks which were related to a three-stage
degradation process. Dehydrochlorination, degradation
of the carbonaceous chain, and secondary carbonization
stages were observed by successive three thermal degra-
dation zones. For PVC combustion, a three-staged ther-
mal decomposition was noticed showing the char
formation and char combustion in the final stage at
higher temperatures. It was detected that the last stage,
which is known as char combustion or secondary carbon-
ization, occurred in the range of 495�C–772�C depending
on the applied heating rate with a mass loss of more than
25 wt. %. Moreover, combustion of the PVC was initiated
at lower temperatures than pyrolysis for all heating rates.
This may be explained due to the effect of oxygen in
accelerating the rapid volatilization.88 It is noteworthy
that oxidative thermal decomposition of PVC during
combustion also facilitated the devolatilization, resulting
in a lower weight fraction of residual char. Solid residue

remained after PVC combustion is much less than the
residue of pyrolysis experiments which is approximately
2 wt. %. Catalytic effect of oxygen, especially during the
hydrogen chloride elimination stage may be responsible
for this remarkable weight loss, as is concluded by Valko
et al.,89 and the occurrence of the last char combustion
stage. All in all, some oxidation reactions are anticipated
to form volatile products such as CO2, CO, H2O, and
oxygen-containing compounds in an air atmosphere.
Hence, and hence thus much less residue achieved after
combustion than pyrolysis.

Several studies have investigated char formation
mechanism during the thermal degradation of PVC. For
instance, XRD examination of solid residues at 400�C by
Ye et al.90 revealed that there are not any peaks that
could be attributed to PVC while char showed that ther-
mal degradation resulted in the formation of net-like car-
bon structures. On the other hand, XRD characterization
of char at 800�C indicated carbon as the ultimate solid
product of complete degradation. Radical species pro-
duced by the intramolecular HCl production mechanism
might react with adjacent PVC backbones to generate a
cross-linked carbonaceous structure. As a result, it can be
inferred that cross-linking by the intramolecular HCl for-
mation contributes to char formation. Masuda et al.91

also concluded partial development of layered graphite
structure by the characterization of PVC after degrada-
tion. Aso et al. also investigated structural characteristics
of the solid residues remained after thermal degradation
of PVC with respect to temperature and characterized the
char obtained at different temperatures from 500 to
1000�C in detail. With the help of detailed characteriza-
tion techniques including elemental analysis, x-ray dif-
fraction (XRD), high resolution transmission electron
microscopy (HRTEM) and temperature programmed oxi-
dation (TPO); reactivity and structure of the chars at dif-
ferent temperatures were analyzed. They confirmed
evolution of H2O, CO2 and CO during thermal degrada-
tion and enhancement of the carbon content during
decomposition. Moreover, XRD and TEM investigations
showed that formation of planar aromatic sheets and
number of stacking tends to increase while inter-atomic
spacing (d-spacing) remains constant during thermal deg-
radation from 500�C to 1000�C.92 Other than carbona-
ceous structure, the presence of metal compounds in the
residue of waste PVC after thermal decomposition might
be oxides or inorganic additives such as calcium carbon-
ate and might contribute crystal phase composition of the
char.93,94

According to the TGA results, the combustion residue
is found to be slightly higher than the pyrolytic char resi-
due at 350�C which is similar to the study of Bittencourt
et al. As they have explained, this may be as a result of
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the production of thermally stable non-volatile com-
pounds in an oxidizing environment.95 Another impor-
tant observation on the differences between PVC
combustion and pyrolysis is that combustion exhibited a
wide mass loss temperature range when it is compared
with pyrolysis. It is most likely that in the combustion of
PVC, the heating rate is the decisive factor to the termi-
nation temperature since differences in termination tem-
perature in combustion are higher than that of pyrolysis.
It may indicate that char oxidation requires further time
at the last stage of combustion.

For both pyrolysis and combustion of PVC, the initial
degradation temperature was repositioned to the higher
temperatures and the peaks became sharper by increas-
ing the heating rate. As the heating rate increases, the
peak temperature increases accordingly as can be seen
from thermograms. The increment of heating rate hin-
dered the pyrolysis and combustion products on the sur-
face to diffuse, thereby postponing the internal thermal
degradation and resulting in thermal hysteresis
(or thermal lag). Thermal hysteresis is a known phenom-
enon as a result of heat transfer limitation; occurring as a

TABLE 2 ANN models tested for the pyrolysis and combustion processes and regression performance results

Models
Network
structure

Heating rates
for training

Heating
rate
for test

Transfer
function

Test R2 Score Validation R2 Score

Pyrolysis
data set

Combustion
data set

Pyrolysis
data set

Combustion
data set

NN 1 5-10-5 5�C/min
10�C/min
20�C/min

40�C/min Tansig 0.9397 0.7560 0.9621 0.7578

NN 2 5–10-5 5�C/min
10�C/min
40�C/min

20�C/min Sigmoid 0.9156 0.7450 0.9582 0.7457

NN 3 5-30-5 5�C/min
20�C/min
40�C/min

10�C/min Tansig 0.9697 0.7760 0.9714 0.7777

NN 4 10–20-10 10�C/min
20�C/min
40�C/min

5�C/min Sigmoid 0.9990 0.7451 0.9999 0.7460

NN 5 10–20-10 5�C/min
10�C/min
40�C/min

20�C/min Sigmoid 0.9977 0.7333 0.9992 0.7342

NN 6 10–20-10 10�C/min
20�C/min
40�C/min

5�C/min Tansig 0.9991 0.8325 0.9999 0.8345

NN 7 10–20-10 5�C/min
20�C/min
40�C/min

10�C/min Tansig 0.9993 0.8524 0.9999 0.8550

NN 8 5–10–20-10-5 5�C/min
10�C/min
20�C/min

40�C/min Sigmoid 0.7755 0.9124 0.7775 0.9152

NN 9 5–15-30-15-5 5�C/min
20�C/min
40�C/min

10�C/min Tansig 0.7756 0.9723 0.7770 0.9741

NN 10 5–20-30-20-5 5�C/min
20�C/min
40�C/min

10�C/min Tansig 0.6533 0.9982 0.6540 0.9998

NN 11 1–3-1 5�C/min
10�C/min
20�C/min

40�C/min Sigmoid 0.7887 0.6242 0.7422 0.6126

NN 11 1–3-1 5�C/min
10�C/min
20�C/min

40�C/min Sigmoid 0.7887 0.6242 0.7422 0.6126

Note: Significant results are presented in bold.
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result of temperature difference along the sample section.
The sample is known to require higher temperatures to
degrade at higher heating rates. In the use of higher heat-
ing rates, the reactions take a certain time for pyrolysis
and combustion, shortening the reaction time for sam-
ples that are not conducive to the heat transfer.96,97 The
maximum peak temperatures for pyrolysis were 270.2�C,
2856�C, 300.1�C, and 318.3�C for heating rates of 5�C,
10�C, 20�C, and 40�C/min, respectively. Meanwhile, the
maximum peak temperatures of combustion at 5�C,
10�C, 20�C, and 40�C/min was 271.1�C, 284.9�C,
297.6�C, and 318.9�C, respectively exhibiting an increas-
ing trend with the heating rate like pyrolysis process. By
increasing the heating rate from 5 to 40�C/min, the rate
of maximum thermal degradation is raised from 7.02 to
52.04%/min for pyrolysis while it is changed from 7.33 to
52.46%/min for combustion.

3.3 | ANN model development and
performance

In the scope of studies regarding the thermal degradation
process with the ANN approach, the analyzed data can
be separated randomly into 3 subgroups for training, vali-
dation, and test processes.98 However, the aim is to mini-
mize the number of experiments by using ANN model in
this study. To this end, several combinations of heating
rates among a total of four different heating rates were
used for the prediction of the others during training. The
studied ANN model was created with Python program-
ming language utilizing Keras library which uses Tensor-
flow backend. For the backpropagation process, an Adam
optimizer was used. Two different transfer functions
which are tansig and sigmoid were applied and 20% of
the random data sets were split for the training and the

validation processes indiscriminately. In order to demon-
strate the applicability of ANN models to real-life scenar-
ios, the data set was split into two parts for the training
and test phases. The two parts consist of data that have
different heating rates, so that the estimation of a heating
rate that was not used during the training phase, would
indicate the realistic features of ANN models. This proce-
dure reduces the risk of overfitting for the studied data.
The network models were subjected to 1000 iterations
with a target error of 10�6 and multiple runs were gener-
ated for different parameters to compare the neural
models. Different structures with varying numbers of
layers and neurons were tested during multiple runs, the
parameters used and the obtained results for two differ-
ent data of pyrolysis and combustion experiment sets are
presented in Table 2. The table summarizes the unique
number of neural structures, details of the regarding neu-
ral structure together with the combination of heating
rate data used during training, validating and testing pro-
cesses. Moreover, transfer functions used in the model,
test, and validation regression coefficient (R2) scores of
pyrolysis and combustion were given in the table. For the
evaluation of the performance R2 score was calculated. In
general, the R2 values are evaluated in three ranges.
R2 > 0.9 shows desirable performance and R2 values
between 0.8 and 0.9 indicates fair performance while
R2 < 0.8 implies unsatisfying performance for model-
ing.99 According to the outputs, the best-performed neu-
ral network model for pyrolysis data was NN 7 with
tansig transfer function with 3 layers (10-20-10) with a R2

value of 0.9993. When it comes to the combustion pro-
cess, the best neural network model was NN 10 with tan-
sig transfer function with 5 layers (5-20-30-20-5) with R2

value of 0.9982. Since mechanisms lying behind the ther-
mal degradation of pyrolysis and combustion are differ-
ent, it results in some kind of mathematical complexities
in model development and hence, the same neural struc-
ture gives different performance results for different data
sets. Pyrolysis data set performed better results with sim-
pler neural structure while combustion data set gave bet-
ter results with a relatively more complex neural
structure. For instance, the NN 4 model with 3 layers and
10, 20, 10 neuron numbers, gave better results for the test
of pyrolysis data with R2 score of 0.9990 while the model
performed poorly for combustion data with R2 score of
0.7451. In a similar manner, a relatively more complex
NN 10 model (with 5 layers and a larger number of neu-
rons), performed better results for the combustion data
with R2 score of 0.9982 while the R2 score was 0.6533 for
the pyrolysis data.

In order to elaborate the performance results of differ-
ent ANN models, tests were performed with the same
parameters such as transfer function and heating rate to

FIGURE 3 Best performing artificial neural network models of

pyrolysis and combustion by complexity level
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be estimated. For all test runs, tansig function was used
and 5, 10, and 20 heating rates were used in the training
process and TG data for 40 heating rates were predicted.
Model structures were created with different numbers of
hidden layers and neuron numbers. Since the regression
model of the TGA is a complex polynomial function with
relatively low number of parameters (in this case:
2 inputs-1 output) it requires higher complexity from the
ANN model. Mean squared error (MSE), root mean
square error (RMSE), and mean absolute error (MAE)
were employed as performance indicators. TG data was
normalized to 0–1 range to emphasize the results of the
performance indicators. From these models, only stable
models with relatively higher performance were selected.
Details of the statistical results are represented in
Table 3. In order to compare different structures, a com-
plexity level was introduced. The complexity level is
increased with both the number of hidden layers and the
number of neurons in total. For example, the model
5-10-5 with complexity level 4 has 3 hidden layers and
20 neurons in total while 5-20-5 with complexity level
5 has also 3 hidden layers but 40 neurons in total. The
MSE values in Table 3 for the pyrolysis varied from
0.0003 to 0.0036 while for the combustion, it changed
from 0.0001 to 0.0020. The RMSE values are between
0.0159 and 0.0601 for pyrolysis, 0.0104 and 0.0446 for
combustion. MAE also changed from 0.0145 to 0.0592 for
pyrolysis and it varied from 0.0101 to 0.0459 for combus-
tion. The minimum MSE, RMSE and MAE values for

pyrolysis were calculated for the model structure
10-20-10 with the complexity level 7 and 40 neurons. The
minimum MSE, RMSE and MAE values for combustion
were calculated for the model structure 5-20-30-20-5 with
the complexity level 13 and 80 neurons. The perfor-
mances of the models are similar to the models presented
in Table 2 as expected. Figure 3 shows the best perform-
ing ANN models among the randomly selected models
for both pyrolysis and combustion processes.

Figure 4 demonstrates the comparison of the experi-
mental data and predicted data for different heating rates
of PVC pyrolysis and combustion data set, respectively.
Furthermore, the experimentally-observed and predicted
TG curves are compared in the supplemental files (S2
and S3) for PVC pyrolysis and combustion at different
heating rates. It is remarkable that the results obtained
from the analysis demonstrated the power of ANNs for
the prediction of the results in thermal degradation
experiments. It is inevitable to say that further weight
loss data with different parameters can be realistically
predicted with the obtained experimental results by the
help of ANN.

3.4 | Kinetic analyses based on different
iso-conversional methods

The practical use of polymers such as PVC requires accu-
rate knowledge of operating temperature and thermal

FIGURE 4 The comparison of the experimental data and predicted data for pyrolysis and combustion data sets
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TABLE 4 Comparison of activation energy calculated by Friedman, Flynn-Wall-Ozawa (FWO), KAS, and Starink iso-conversional

methods

α

Pyrolysis Combustion

Experimental Prediction Experimental Prediction

Ea (kj/mol�1) R2 Ea (kj/mol�1) R2 Ea (kj/mol�1) R2 Ea (kj/mol�1) R2

Friedman

0.1 94.8 0.9961 110.7 0.9893 114.4 0.9961 106.4 0.9859

0.2 95.7 0.9995 105.3 0.9953 115.8 0.9875 114.8 0.9848

0.3 92.1 0.9999 111.5 0.9999 116.0 0.9988 118.0 0.9944

0.4 116.9 0.9986 116.1 0.9826 113.6 0.9735 112.7 0.9776

0.5 106.5 0.9942 110.0 0.9835 127.3 0.9966 111.6 0.9812

0.6 183.0 0.9992 185.8 0.9913 193.7 0.9981 187.5 0.9998

0.7 234.1 0.9920 233.4 0.9911 132.8 0.9916 149.5 0.9985

0.8 227.9 0.9769 225.8 0.9968 105.1 0.9854 101.9 0.9628

0.9 212.8 0.9986 213.2 0.9885 68.5 0.9859 59.8 0.9566

x̄ 151.5 0.9950 156.9 0.9910 120.8 0.9900 118.0 0.9820

FWO

0.1 128.4 0.9997 118.5 0.9840 125.6 0.9945 119.3 0.9933

0.2 117.7 0.9990 120.0 0.9962 111.1 0.9887 111.9 0.9884

0.3 113.0 0.9997 117.0 0.9992 111.5 0.9978 113.7 0.9972

0.4 109.6 0.9998 118.1 0.9971 115.9 0.9881 115.8 0.9887

0.5 108.2 0.9997 118.2 0.9807 144.3 0.9836 143.9 0.9903

0.6 147.0 0.9957 160.2 0.9982 137.6 0.9983 123.1 0.9961

0.7 260.9 0.9971 176.9 0.9965 109.9 0.9979 126.1 0.9859

0.8 240.1 0.9991 241.6 0.9868 115.3 0.9995 144.4 0.9913

0.9 224.4 0.9991 222.1 0.9958 140.3 0.9939 123.2 0.9936

x̄ 161.0 0.9990 154.7 0.9930 123.5 0.9940 124.6 0.9920

KAS

0.1 125.9 0.9997 115.4 0.9814 123.1 0.9936 116.3 0.9921

0.2 114.4 0.9988 116.9 0.9955 107.5 0.9864 108.3 0.9861

0.3 109.4 0.9996 113.6 0.9990 107.8 0.9973 110.2 0.9966

0.4 105.8 0.9998 114.8 0.9965 112.3 0.9857 112.2 0.9865

0.5 104.1 0.9996 114.7 0.9777 141.5 0.9809 141.0 0.9887

0.6 144.6 0.9950 158.5 0.9980 135.1 0.9981 119.7 0.9954

0.7 263.7 0.9969 175.1 0.9961 103.4 0.9974 128.1 0.9831

0.8 240.5 0.9991 242.0 0.9855 108.1 0.9993 138.6 0.9898

0.9 223.5 0.9990 221.0 0.9953 133.1 0.9927 115.1 0.9922

x̄ 159.1 0.9990 152.5 0.9920 119.1 0.9920 121.1 0.9900

Starink

0.1 126.3 0.9997 115.9 0.9817 123.5 0.9937 116.8 0.9922

0.2 114.9 0.9988 117.4 0.9955 108.0 0.9867 108.9 0.9864

0.3 110.0 0.9996 114.2 0.9991 108.3 0.9974 110.7 0.9966

0.4 106.3 0.9998 115.3 0.9966 112.8 0.9860 112.7 0.9868

0.5 104.7 0.9997 115.2 0.9780 142.0 0.9812 141.5 0.9888

0.6 145.0 0.9951 158.9 0.9980 135.5 0.9981 120.3 0.9954
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lifespan matching to a certain end-point criterion. By
considering thermal behavior during combustion and
pyrolysis it is possible to interpret the degradation mech-
anism and the stability. ANN model used in the current
study is implemented to different heating rates that is,
5, 10, 20 and 40�C/min to model the pyrolytic and oxida-
tive decomposition behavior of PVC successfully. By vir-
tue of the multiple degradation stages, pyrolysis and
combustion of the PVC underwent complex reactions.
According to the results, a significant distinction between
the pyrolysis and combustion processes of PVC existed.
This shows that the presence of oxygen that led to oxida-
tive degradation could significantly influence the kinetics
of the process. To further understand the applicability of
ANN on kinetics, experimentally determined activation
energy values which were calculated by the help of TGA
data were compared with the model predictions as shown
in S2 and S3. The experimental data was fitted by the iso-
conversional Friedman, Flynn-Wall-Ozawa, Kissinger-
Akahira-Sunose, and Starink models to acquire the

kinetic parameters, whilst the predicted kinetic constants
were obtained by replacement of the weight loss and cor-
responding conversion degree found from the ANN
models into the analytical model. The minimum energy
quantity required to start a chemical reaction or to pro-
duce an activated complex, which is regarded as an inter-
mediate step between reactants and products, is known
as activation energy. The lower values of activation ener-
gies indicate higher reaction rates that can be achieved
by providing lower energy. For instance, the lower the
activation energy value for combustion is related with
higher flammability. The corresponding activation energy
values with regression coefficient (R2) are reported in
Table 4. The model predictions are in good agreement
with the experimentally determined profiles. Results have
shown that the trends of predictions of ANN as a func-
tion of conversion degree agrees with the experimentally
found activation energy values using different iso-
conversional methods. In terms of the kinetic models and
ANN, the mean value of activation energy did not differ

TABLE 4 (Continued)

α

Pyrolysis Combustion

Experimental Prediction Experimental Prediction

Ea (kj/mol�1) R2 Ea (kj/mol�1) R2 Ea (kj/mol�1) R2 Ea (kj/mol�1) R2

0.7 263.8 0.9969 175.6 0.9961 104.2 0.9974 121.3 0.9834

0.8 240.8 0.9991 242.3 0.9856 109.0 0.9993 139.4 0.9900

0.9 224.0 0.9999 221.4 0.9953 134.0 0.9929 116.1 0.9924

x̄ 159.5 0.9990 152.9 0.9920 119.7 0.9930 120.9 0.9900

Note: Significant results are presented in bold. x̄: Mean value.

TABLE 5 Values of activation

energy calculated by advanced

Vyazovin method

α

Pyrolysis Combustion

Experimental Prediction Experimental Prediction

Ea(kj/mol�1) Ea(kj/mol�1) Ea(kj/mol�1) Ea(kj/mol�1)

0.1 98.8 100.0 112.9 109.4

0.2 95.2 97.8 107.0 108.0

0.3 111.1 111.0 107.1 110.0

0.4 114.0 114.0 112.0 112.0

0.5 110.0 112.0 134.9 137.9

0.6 156.8 157.9 131.7 129.7

0.7 253.9 174.7 112.9 109.8

0.8 229.9 227.9 107.0 116.8

0.9 211.9 213.0 107.0 107.7

x̄ 153.5 145.4 114.7 115.7

Note: x̄ Mean value.
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significantly. The maximum difference in the experimen-
tal and predicted mean value of activation energy was
about 6.6 kj/mol. Moreover, the relationship between the
activation energy and the conversion revealed similar
tendencies, which proved the accuracy of the calculation
methods.

When considering average activation energy deter-
mined for pyrolysis and combustion, pyrolysis seems to
require higher energy than combustion which confirmed
that presence of oxygen influences kinetics as well as the
mechanism. Notably, in the initial stage of degradation
(0 < α < 0.2) lower activation energy values of pyrolysis
compared with combustion indicates that initiation of
dichlorination is easier in an inert atmosphere. The low-
est activation energy requirements to start combustion
were found to be 94.8 kJ/mol. by the Friedman method.
On the other hand, lower activation energy values in
combustion are noticeable at higher conversion degrees
after a point of 0.7. The degradation of PVC in air might
therefore be enhanced by molecular oxygen through radi-
cal interactions at the last termination stage.

In chemical kinetics, the almost constant activation
energy values throughout the conversion degree indicate
a uniform energetic demand, while variations in activa-
tion energy are thought to be caused by the complexity of
reaction schemes. The results showed an observation
relating to severe fluctuations of the activation energy on
the conversion which implies complex degradation
mechanisms during both pyrolysis and combustion. Con-
sidering the respective dependency of activation energy
to the conversion degree, combustion showed a different
degradation mechanism than pyrolysis due to oxidative
reactions occurring in the air, as expected.

For pyrolysis, the activation energy values varied
between 92.1 and 234.1 kJ/ mol with an average of
151.5 kJ/ mol based on the Friedman method while the
predicted average pyrolysis activation energy was
156.9 kJ/ mol. In the study of Liu et al.100 the activation
energy values were calculated using the FWO technique
at various conversion degrees and the values were ranged
from 132.8 and 266.4 kJ/mol while Xu et al.101 found acti-
vation energy between 48.1 and 113.6 kJ/mol using the

FIGURE 5 Comparison of activation energy results with the values calculated by advanced Vyazovkin method
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Coats and Redfern model. On the other hand, Chen
et al.102 found activation energy of PVC between 45.7 and
185.0 using Coats and Redfern model. Another study by
Han et al.103 showed that activation energy during pyrol-
ysis changed between 108.9 and 225.3 kJ/mol. A compar-
ative study on PVC pyrolysis using FWO, KAS and
Friedman methods resulted in activation energy ranges
as 119.8–391.6, 110.7–378.6 and 76.9 and 608.5 kJ/mol,
respectively, as it was reported by Pan et al.104 When
Yuan et al. used Distributed Activation Energy Model
(DAEM) during the kinetic analysis of PVC, they calcu-
lated the activation energy between 102 and 272 kJ/
mol.105 Based on these previous kinetic studies, it is con-
venient to say that the properties and purity of the PVC
sample, as well as the experimental and computational
methodologies utilized, have a significant impact on
kinetic analysis. Moreover, the atmosphere of thermal
degradation has a marked effect on kinetics, as expected.
A study of Han et al.106 also agreed that the presence of
oxygen during thermal decomposition of PVC affects
mechanism and hence changes activation energy. For
combustion, experimentally ant predictive average activa-
tion energy was found 120.8 and 118.0 kJ/mol, respec-
tively, as it is observable in Table 4. In a study by
Grammelis et. al107 it is also found that activation energy
of combustion is lower than that of activation energy of

pyrolysis by using a parallel reaction model. Through
the comparison of the activation energy, it is appropri-
ate to conclude that the ANN model can give acceptable
kinetic predictions, yielding a similar trend to the exper-
imental data. Furthermore, both experimental and pre-
dicted data were analyzed using the more advanced
Vyazovkin method in order to make a comparison to
the other iso-conversional models, including Friedman,
FWO, KAS and Starink. The estimated activation energy
values were given in Table 5 and visualized in Figure 5.
The activation energy calculated by the Vyazovkin
method based on an advanced iso-conversional
approach varied in the range of 95.2 to 253.9 kJ/mol
with an average value of 153.5 kJ/mol using experimen-
tal data for pyrolysis, while ANN model resulted in aver-
age activation energy of 145.4 kJ/mol. On the other
hand, lower values of average activation energy were
obtained for combustion. The experimental and pre-
dicted values were 114.7 and 115.7 kJ/mol, respectively,
for combustion of PVC using the Vyazovkin method. As
seen in Figure 5, the values of activation energy with
experimental data order and ANN model predictions
followed a similar trend with deviations in the numeri-
cal values of activation energy at specified conversion
degrees using kinetic models of Friedman, FWO, KAS,
and Starink alongside Vyazovkin.

FIGURE 6 Assessment of activation energy with conversion degree and comparative compensation effect plots
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The pre-exponential factor indicates intensity of colli-
sions between activated molecules called an effective col-
lision. Better reactivity in the same activation energy
conditions is known to be a result of a more effective col-
lision. The values of the pre-exponential factor during
thermal pyrolysis and combustion elucidate the direct
proportion to the complexity of PVC degradation. The
values of the pre-exponential factor revealed the non-
uniform thermal pattern throughout the pyrolytic and
oxidative thermal degradation process of PVC. The pre-
exponential factors of pyrolysis varied from 1.47 � 105 to
7.32 � 1018 s�1 by applying Friedman models with con-
version degrees from 0.1 to 0.9. Otherwise, PVC combus-
tion submitted pre-exponential factors between
9.12 � 101 and 2.55 � 1014 s�1. The linear correlation
between the lnA and Ea to facilitate the pyrolysis and
combustion reaction of PVC is also shown in Figure 6.
The plots of both pyrolysis and combustion yielded high

regression coefficients which indicate strong linearity. To
put it into other words, a perfect linear relationship
between the activation energy and the pre-exponential
factor values by an lnA = aEa + b type of mathematical
expression can be applied for an energy compensation
effect.108,109 According to results, the relationship was
found as lnA = 0.2220Ea-8.5152 for pyrolysis and
lnA = 0.2241Ea-8.7511 for combustion. The estimated
plot equations were also found similar to the experimen-
tally obtained equations as given in Table 6. It can thus
be apprehended that the ANN model used in this study
possesses good kinetic prediction abilities and generaliza-
tion performance in activation energy and pre-
exponential factor relationship. As a consequence, ANN
prediction for PVC pyrolysis and combustion agreed well
with the kinetic results. Therefore, it is meaningful to
rationalize these findings of the pyrolysis and combustion
kinetics of PVC using ANN.

TABLE 6 Changes in pre-exponential factor as a function of conversion ratea

α

Experimental Prediction

A (s�1)
Compensation
plot equation A (s�1)

Compensation
plot equation

Pyrolysis

0.1 2.72 � 105 lnA = 0.2220Ea-8.5152 9.74 � 106 lnA = 0.2217Ea-8.4491

0.2 3.29 � 105 2.91 � 106

0.3 1.47 � 105 1.17 � 107

0.4 3.93 � 107 3.26 � 107

0.5 3.83 � 106 8.30 � 106

0.6 9.46 � 1013 1.76 � 1014

0.7 7.32 � 1018 6.25 � 1018

0.8 1.85 � 1018 1.18 � 1018

0.9 6.65 � 1016 7.32 � 1016

x̄ 1.03 � 1018 8.33 � 1017

Combustion

0.1 3.73 � 106 lnA = 0.2241Ea-8.7511 2.23 � 107 lnA = 0.2235Ea-8.6682

0.2 2.49 � 107 3.05 � 107

0.3 5.09 � 107 3.19 � 107

0.4 1.55 � 107 1.90 � 107

0.5 1.19 � 107 4.04 � 108

0.6 2.55 � 1014 9.99 � 1014

0.7 5.65 � 1010 1.39 � 109

0.8 1.36 � 106 2.76 � 106

0.9 9.12 � 101 6.82 � 102

x̄ 2.83 � 1013 1.11 � 1014

Note: x̄: Mean value.
aCalculations were based on Friedman method.
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4 | CONCLUSIONS

The thermal degradation behavior of PVC has been pre-
dicted by developing an efficient ANN model under both
inert and air atmospheres to assess its pyrolytic and com-
bustive behavior. The following viewpoints can be used
to explain the facts:

1. Introduction of oxygen into the degradation atmo-
sphere resulted in different degradation tendencies.
Fluctuations in the calculated instantaneous activa-
tion energy profiles concerning conversion degree sug-
gested the multi-stage degradation of PVC under both
nitrogen and air atmospheres.

2. R2 scores of weight loss were calculated and found
greater than 0.9977 for all datasets. In addition to R2

scores, statistical analysis that utilized MSE, RMSE,
and MAE has revealed the performance of the various
ANN models in detail.

3. The results of ANN showed that the predicted kinetic
parameters were reliable when the experimentally-
found parameters have been considered. Put in other
words, the ANN model showed good predictive capa-
bilities when the parameters of the network are opti-
mized and well-trained.

All in all, the findings of the current study confirm that
the adopted experimental methodology based on thermo-
gravimetry and ANN is suitable for proving valuable results
for the kinetic modeling of complex non-linear systems.
ANN provides a realistic approach to the design of thermo-
chemical conversion processes. When PVC is utilized in
industry, our modelling results aid in the selection of opti-
mum conditions for obtaining precise pyrolysis and com-
bustion kinetics. The use of PVC pyrolysis and combustion
allows for the simulation of polymer-related thermal pro-
cesses as well as the selection of optimal operating parame-
ters. Future research should investigate the impact of
pyrolysis and combustion process factors on activation
energy to improve the feasibility of the thermochemical
conversion methods by using ANN to predict the kinetics to
reduce experimental efforts.
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