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Abstract

The catalytic pyrolysis of Chlorella vulgaris, high-density polyethylene (Pure HDPE) and,

their binary mixtures were conducted to analyse the kinetic and thermodynamic performances
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from 10 — 100 K/min. The Kinetic parameters were computed by substituting the
experimental and ANN predicted data into these iso-conversional equations and plotting
linear plots. Among all the iso-conversional models, Flynn-Wall-Ozawa (FWQO) model gave
the best prediction for kinetic parameters with the lowest deviation error (2.28-12.76 %). The
bifunctional HZSM-5/LS catalysts were found out to be the best catalysts among HZSM-5
zeolite, natural limestone (LS), and bifunctional HZSM-5/LS catalyst in co-pyrolysis of
binary mixture of Chlorella vulgaris and HDPE, in which the E, of the whole system was
reduced from range 144.93-225.84 kJ/mol (without catalysts) to 75.37-76.90 kJ/mol. With
the aid of artificial neuron network and genetic algorithm, an empirical model with a mean
absolute percentage error (MAPE) of 51.59% was developed for tri-solid state degradation
system. The developed empirical model is comparable to the thermogravimetry analysis

(TGA) experimental values alongside the other empirical model proposed in literature.

1.0 Introduction

Energy plays an irreplaceable role in human’s daily lives for centuries and also being
regarded as the main principal factor for a country’s socio-economic development. According
to the International Energy Agency (IEA), the total world’s energy from non-renewable fossil
fuels is experiencing a decline trend due to the emergence of renewable energies (Hossain et
al., 2018). In contrast, the use of biomass as alternative energy has come into interest due to
its advantages of highly abundant, affordability, sustainability as compared to fossil fuels
(Alhazmi & Loy, 2021). Based on the latest renewable energy market analysis from
International Energy Agency (IEA) (2019), the biofuel usage will accommodate 25% of the
total renewable energy in the year of 2024 due to large investments from stakeholders,
specifically in China and Brazil. Microalgae, a third generation of biofuel, the unicellular
microorganisms which are rich in carbohydrates and lipid contents has been discovered as an

excellent biofuel source. Among the wide variety of microalgae species, Chlorella vulgaris



(C. vulgaris) has been reported to be a potential candidate for bioenergy production due to its
high lipid accumulation, able to cultivate in stress conditions and rapid and perennial growth

(Jeong & Kim, 2021; Monjed, Achour, Robson, & Pittman, 2021).

On the other hand, enormous plastic waste production is another one of the most pressing
global environmental issues, as rapidly increasing production of disposable plastic products
overwhelms the world’s ability to deal with them. Recent statistics showed that nearly 2.2
million tonnes of the plastic wastes were generated in ASEAN region alone (Greenpeace
Southeast Asia, 2019). A recent study from Ozsin and Piitiin (2017), they mentioned that
plastic waste such as high-density polyethylene (HDPE) is a potential source to be used for
energy generation while eliminating them from the environment. For instance, kinetic
analysis for thermal cracking of HDPE through isoconversional methods were conducted.
The average activation energy (E;) of HDPE (80 kJ/mol) obtained was significantly lower as
compared to biomass such as rice hull (176.6 kJ/mol) and microalgae Dunaliella tertiolecta
(145.7 kJ/mol) (Gan et al., 2018; Khedri & Elyasi, 2016; Shuping, Yulong, Mingde, Chun, &

Junmao, 2010).

Co-pyrolysis is a process that involves the degradation of a mixture of two or more materials
as feedstocks, in which a synergistic effect between materials can be induced that will reduce
the E, of the whole system. Many studies have reported that the co-pyrolysis of two mixtures
would improve the product yield and selectivity without any new system configuration or
addition of co-solvent into the system. For instance, Tang, Chen, Chen, Yang, and Chen
(2019) conducted an investigation to improve pyrolytic oil quality extracted from microalgae

by performing co-pyrolysis of microalgae Nannochloropsis sp. with low-density polyethylene



(LDPE) as feedstock. Notably, the addition of LDPE into the mixture has induced the
increment of aliphatic hydrocarbon content of the pyrolytic oil from 22wt% to 77wt%.
Another similar catalytic co-pyrolysis study was published by Garba et al. (2018). They
pyrolyzed wood fuel and LDPE/HDPE mixture with catalyst zeolite ZSM-5 and the kinetics
of non-catalytic and catalytic co-pyrolysis were compared. It was found that the addition of a
catalyst promoted the thermal degradation of wood fuel by making it more reactive. The E, of
the non-catalytic pyrolysis of wood fuel/LDPE and wood fuel/HDPE were 54.0 and 95.9
kJ/mol, respectively. Meanwhile, the addition of ZSM-5 reduced the E, values to 24.1 and
50.5 kJ/mol. The E, of catalytic reaction was significantly lower than that of non-catalytic
reaction. In short, it was concluded by the researchers that this catalytic co-pyrolysis of
biomass with plastic showed good kinetic performance and can be an excellent

thermochemical conversion method.

Recently, research showed powerful and high accuracy performance of the Artificial Neural
Network (ANN) model on TGA weight loss data prediction. ANN is a human brain-inspired
machine learning tool that are used to determine complex and numerous relationships. ANN
is normally trained to recognize the data patterns in a short period of time by randomly
selecting the weights from the input data. ANN model is also utilized to study and compare
the differences of the kinetic and thermodynamic data obtained from experimental and ANN
results. These outputs are substituted to chosen kinetic models and the kinetic parameters E,
and A will be determined by utilizing the data acquired from the iso-conversional Kinetic
models. Currently, the ANN approach was applied on waste pyrolysis studies of peanut shell,
microalgae ash, high-ash sewage sludge, HDPE and LDPE (Al-Yaari & Dubdub, 2020; Bong
et al., 2020; Dubdub & Al-Yaari, 2020; Nagvi et al., 2018). Furthermore, in 2021, Siddiqi et
al., (2021) has reported that an empirical reaction model could well-translate the experimental
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results across different heating rate. Such model aims to propose a generalized equation that
can be applied in a range of different of heating rate in a pyrolysis system, predicting the

degradation rate precisely without further experimental analysis.

Herein, a framework which targets to elucidate the synergistic effect of co-pyrolysis and the
catalytic activity in thermal degradation of microalgae (C. vulgaris) and plastic waste (HDPE)
binary mixtures by incorporating the domain of experiments, artificial intelligent, and
empirical modelling has been proposed. Firstly, the experimental TGA data and ANN
predicted results under different heating rates ranging from 10 K/min to 100 K/min were used
to compute the kinetic and thermodynamic parameters through several iso-conversional
kinetic models such as Friedman (FR), Kissinger Akahira Sunose (KAS), and Flynn-Wall-
Ozawa (FWO). These kinetic and thermodynamic parameters including activation energy (Ea),
pre-exponential value (A), enthalpy change (AH), entropy change (AS), and Gibb’s free
energy (AG). Thereupon identifying the most least error kinetic model and the best catalyst in
co-pyrolysis thermal degradation, an empirical reaction model was developed for the whole

system with the aid of multi-objective genetic algorithm (GA).

2.0 Materials and Methods

The research framework of this case study was shown Fig. 1, as follow: 1) Conducting
thermal degradation experiments “8 different samples consisting C. vulgaris and plastic
HDPE samples” via TGA; 2) Fitting the TGA results into different kinetic models (i.e. KAS,
FWO, and Friedman); 3) Incorporating the TT and LL function of ANN modal to determine
the regression of each modal; 4) Evaluating of kinetic and thermodynamic parameters using

the models proposed; 5) Determining of the most precise iso-conversional kinetic models



based on the regression 6) Comparing the most precise iso-conventional modal with ANN
predicted values in terms of kinetic parameters; and lastly 6) Developing an empirical model

for the system via multi-objective genetic algorithm.

2.1 Sample preparation and experimental setup

The two main feedstock involved were C. vulgaris (Pure M) and plastic HDPE (Pure HDPE).
The Pure M was obtained from Dr. Lam Man Kee, Centre for Biofuel and Biochemical,
Universiti Teknologi PETRONAS (UTP), Malaysia while the Pure HDPE was provided by
Shen Foong Plastic Industries Sdn. Bhd., Malaysia. The Pure M was dried for at least 24
hours at a temperature of 373 K to remove excess moisture and then, were grinded and sieved
to a specific particle size of less than 750 um, respectively. Thereafter, both samples were
stored in an airtight container under room temperature. The samples of Pure M and Pure
HDPE were mixed homogeneously in a weight ratio of 0.8:0.2 for the preparation of
M/HDPE mixture. Meanwhile, the samples and catalysts preparation methods (e.g. size,
weight ratio, loading) was based on previous study (Adler, 2020; Bong et al., 2020; Liew et
al., 2021). Similarly, the co-pyrolysis studies for both the non-catalytic and catalytic co-
pyrolysis experiments were conducted by using a thermogravimetric analyser (TGA)
EXSTAR TG/DTG 6300 (Seiko Instrument Inc.). Each experimental runs are repeated thrice
in order to obtain reproducible results. All the catalyst preparation and experimental

procedures can be found in the supplementary material.

2.2 Artificial Neural Network (ANN) topology

A multiple layer perceptron ANN which consists of input layer, output layer and at least one
hidden layer was used in this research. A transfer function relates both the input and output in
a mathematical representation was preferred as larger range of output can be considered

7


https://www.sciencedirect.com/topics/engineering/sdn

(Dorofki et al., 2012).. The feedforward Levenberg-Marquardt (LM) back-propagation
algorithm was used in modelling the ANN by using the MATLAB® 2019b software. Heating
rate (K/min) unit and temperature (K) were the two main inputs obtained from the
experimental TGA data. The inputs were sent to the two-layered neural network with
different combinations of transfer functions for the prediction of weight loss of samples
(wt %) output. The two transfer function combinations used in this research were tansig-
tansig (TT) and logsig-logsig (LL) as both of these combinations were proven to generate
higher accuracy outcome (>0.99) as reported in literature (Bong et al., 2020; Dubdub & Al-
Yaari, 2020). The data sets were randomly split into three portions as follows: 70% training
data, 15% validation data and 15% testing data by using the data division function
‘dividerand’. Number of neurons in the hidden layer ranging from 2 to 12 were used to model
the network for the determination of average mean square error (MSE) after repeated
simulation for at least 10 times. The number of neurons in the hidden layer that generated the
lowest MSE were used for the following analysis. Then, the final set of ANN predicted
output for different feedstocks and heating rates were determined based on the MSE value
and regression value (R?). Predicted data with low MSE and high R? is desirable as it signifies
a smaller error and higher accuracy of the predicted data as compared to the experimental
data. Then, TG curves of experimental and ANN predicted data were plotted. Kinetic and
thermodynamic parameters of both experimental and ANN predicted data were computed and
studied. The parameters and schematic of the ANN model developed in this research were

tabulated and attached in supplementary material.

The ANN model developed was then used for model overfitting study to determine the
optimum number of neurons in the hidden layer needed to prevent dataset overfit. The
M/HDPE/Bifunctional HZSM-5/LS sample’s dataset was trained in the ANN model and the
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average MSE value of each neuron number combination was recorded. The changes of
average MSE value was insignificant and negligible starting from neuron number 5.
Simulation results such as the regression plots, kinetic and thermodynamic parameters were

compared and the optimum number of neurons in the hidden layer were selected.

2.3 Kinetic analysis

Kinetic parameters such as activation energy, pre-exponential factor, and order of reaction are
important as they can be related to the composition of the final products from catalytic co-
pyrolysis, reactor scale-up and process optimization involved for this process. The kinetic
analysis was modelled using an integrated one-step global isothermal process (see

supplementary material)

2.3.1 Iso-conversional method

Iso-conversional models are less uncertain and more accurate for reaction mechanism of a
non-linear investigation as compared to model-fitting methods (Vyazovkin & Sbirrazzuoli,
2006). Thus, in this study, the iso-conversional kinetic methods chosen were the KAS
(integral), FWO (integral), FR (differential) methods. The kinetic parameters were computed
by substituting the experimental and ANN predicted data into these iso-conversional

equations and plotting linear plots.

2.3.1.1 Friedman (FR)
FR method has a higher probability to experience errors in estimating the E, values due to its

higher sensitivity towards data noise. The main FR equation is shown in Eg. (1).



In (/3 %) =In (Z—‘:) =In[A-g(a)] — :T“a Q)

The value of E, is determined based on the gradient of a plot of In (,8 Z—‘:) VS Ti Then, the

value of A is obtained from the y-intercept of the plot, In[A - g(a)] by taking n = 1.

2.3.1.2 Kissinger-Akahira-Sunose (KAS)

KAS method has lower sensitivity towards data noise as compared to FR method and has
lower chance of errors when estimating kinetic parameters. The KAS plot is plotted based on
the equation shown in Eq. (2) below, in which the symbol T, is known as the maximum

reaction rate temperature.

n(8) = i) -2 g

Based on the Eqg. (2), the plot of In (%) VS Ti is plotted. The term —% and In [ 4

R
Eqg(a@)

] are the

gradient and y-intercept respectively. Kinetic parameters E, and A are determined.

2.3.1.3 Flynn-Wall-Ozawa (FWO)

FWO is an integral iso-conversional method that has lower sensitivity towards data noise and
lower chance of errors in kinetic parameters estimation, same as KAS. However, a larger
range of a is covered even for the cases in which the n value is not assumed. It also has lower

accuracy than the KAS method. The FWO equation is shown in Eq. (3).

_ [ e ] _ _ Ea_
lnﬁ—ln[Rg(a) 5.331 — 1.052 2% (3)
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From Eqg. (3), —1.05257“ is the gradient which the E, is calculated whereas the value A is

computed based on the y-intercept.

2.4 Thermodynamic analysis

In the thermodynamic study, the thermodynamic parameters were obtained by utilizing the
kinetic parameters acquired from kinetic study. The parameters include enthalpy change (AH),
entropy change (AS) and Gibb’s free energy (AG). The equations to determine these

parameters are expressed below (Xu & Chen, 2013):

AH = E, — RT (4)

AG = Eq + R~ Ty, - In (F252) (5)
AH-AG

AS == (6)

where K is known as the Boltzmann constant and the value is defined as 1.38 x 10723 J/K.
Then, h is referred to the Planck’s constant and its value is 6.626 X 1073* Js, T, is referred

to be the average DTG peak temperature in K.
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2.5 Empirical Modelling

Empirical model-fitting method is often used for approximating the generalized function of
model f (o) which considers all the probable mechanistic kinetics in the system. The Sestak
and Berggren’s (SB) model is a non-linear square fitting model that is widely used for best
fitting model parameters computation (Ali & Bahadar, 2019). However, in our study, we
have developed a series of modified the SB models instead of using the original SB model.
This is because our degradation system consisted of a tri-solid mixture of M, HDPE and
bifunctional catalyst, which is different from the literature. The three dependent terms of the
model represent order (n), accelerating of degradation (m) and nucleation & diffusion-control

mechanism (p), respectively shown in Eq. (7) (the most suitable model).

(»-1)

1 -1
fw=Q-a". a™ plar |. %[(1— a) 3 —1] )

where n, m and p are the unknown parameters corresponding to each mechanism. These
unknown parameters can be computed through a generalized reduced gradient (GRG)
algorithm and Eq. (8) is transformed in terms of the differential curve with respect to

temperature as shown below:

da (—Ea) @-D] 3 1 -1 (8)
— =A e\ R/ X (1 —a)". a™ p la P l E[(l_ a) 3 —1]

dt

Apart from the aforementioned empirical reaction model proposed by Siddiqi et al., (2021), a
further exploration on self-developed empirical model is in-trial. The empirical parameters
(i.e., n, m, p from EQ.8) were found by minimizing the mean absolute percentage error
(MAPE) of each empirical model Eq. (9) with the aid of multi-objective genetic algorithm in
MATLAB® 2019b; the A,, E, and T, values were pivoted in an averaged heating rate

supplied in this study. Such empirical model parameter was bounded in the range of -100 to
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100 for an effective search exploration for the minimal MAPE of the empirical model, in
which a list of empirical models were compared with each other to identify the best empirical

reaction model with the least MAPE.

da®XP  ggqmodel

dt; dt;
Aa€xP
dt;

min MAPE = + %X, x 100% 9)

3.0 Results and Discussion

3.1 Thermal degradation behaviour of pure samples

As observed from the DTG curve of Pure M (see supplementary material), the whole
thermal decomposition process can be classified into three different zones. The first zone or
also known as the drying zone where the vaporization of moisture was observed to take place
with some low volatile components. It was observed to begin from the room temperature 300
— 430 K. According to the study by Bach and Chen (2017), this zone happened due to the
removal of moisture in the Pure M cells through vaporization and the water bounded by the
cell surface tension. The second zone is the active pyrolysis zone where major weight loss of
Pure M was observed from temperature 430 — 800 K. The cellulose and hemicellulose in Pure
M started to decompose in this zone which contributes to the highest percentage of weight
loss (Naqvi et al., 2019). The decomposition of the organic substances in Pure M such as
carbohydrates, lipids and protein took placed. The formation of carbon monoxide (CO),
carbon dioxide (CO;), and other carbonaceous gases were observed at high pyrolysis
temperature due to the vaporization of some non-volatile carbon compounds. Then, the
passive zone (third zone) occurred between the temperature of 800 K and 1200 K where the
carbonaceous materials such as tar and char decomposed. The long trailing curve was due to

the slow decomposition rate of the lignin component in Pure M.
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On the other hand, only one decomposition stage was clearly identified from the DTG curve
of Pure HDPE as compared to Pure M. The Pure HDPE started to thermally decompose from
517 — 572 K. The degradation reached its final stage from temperature around 742 — 846 K.
The Pure HDPE had a less complicated chemical structure as compared to that of Pure M,
leading to a to the a lower degradation temperature. Therefore, a higher thermal
decomposition rate was obtained in Pure HDPE as compared to Pure M shown in Table 1. In
addition, a significant lower thermal decomposition rates were noticed when catalysts were
introduced to the binary mixture. For instance, the DTG peak of non-catalytic Pure HDPE at
HR10 was 23.06 wt%/min, while the catalytic co-pyrolysis of M-HDPE with HZSM-5, LS
and Bifunctional HZSM-5/LS were 4.15 wt%/min, 5.07 wt%/min and 6.26 wt%/min,

respectively.

3.2 Artificial Neural Network (ANN) Model

The ANN model in this study was trained for at least 10 times to obtain the average MSE for
each transfer function combination and feedstock combination with increasing neuron
number from 2 — 12; since the complexity of the thermal decomposition zones of catalytic co-
pyrolysis may lead to non-convergence error of the model if one hidden layer and 1 neuron
number are not being avoided. Notably, the two transfer function combinations of tansig-
tansig (TT) and logsig-logsig (LL) have proven a higher accuracy outcome (>0.998) in the
research. The lowest average MSE for TT and LL were 5.26 x 107> and 7.47 x 1075 ,
respectively and were achieved at 12 number of neurons in the hidden layer. The achieved
average MSE values were smaller than the values obtained by Bong et al. (2020), indicating

that the simulation results in this study have smaller error and are highly comparable with
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literature results. Thus, 12 number of neurons in the hidden layer were chosen for Pure M
ANN model development and optimization which was used for TGA results generation in
Section 3.3. The same ANN model development and optimization procedure was repeated for

the remaining samples.

Fig. 2 shows the performance validation plots, error histograms and regressions plots
obtained from neural network training of Pure M at HR10 for TT and LL. Fig. 2(a) indicates
the ANN model performance (MSE) during the training, validation and test stages at epoch
1000 for both TT and LL. Besides that, the error histograms in Fig. 2(b) can be used to
validate the model’s accuracy. The errors achieved in both of the error histograms were
within the acceptable range of £1 (Cepeliogullar & Piitiin, 2013). The regression plots in Fig.
2(c) shows that the R? achieved by all stages were exactly 1. These findings had further
proven the reliability and accuracy of the ANN model to be used in the estimation of TGA
results of complex biomass and plastic catalytic co-pyrolysis processes. TGA results and TG
curves were generated upon every set of ANN model training on all eight samples at heating

rates of HR10, HR20, HR30, HR50 and HR100.

3.3 Comparison between the experimental and ANN model
3.3.1 Thermal Degradation

The experimental results were analysed using the ANN models of TT and LL transfer
functions. TG curves were plotted by taking weight loss of biomass and plastic feedstock as a
function of temperature. The TG curves that compare the experimental and ANN models with

TT and LL transfer functions at each heating rate are shown in Fig. 3 and Table 2.
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From Fig. 3 (a-e), the TG curves show high accuracy results where the weight loss data
generated by both TT and LL transfer functions through ANN model agree closely with the
experimental weight loss data. The reliability and accuracy of the ANN model developed
with TT and LL transfer functions were further validated by the closely overlapped data
between experimental and ANN generated results. For instance, according to the TG curve of
experimental, TT and LL for M-HDPE/HZSM-5, the drying zone of the sample was observed
from around 300 — 500 K. Then, the active decomposition zone occurred at 500 — 900 K
where the organic structures of M and HDPE started to decompose. Third peak was observed
at the passive zone from 900 K onward which signified the decomposition of other
carbonaceous matter such as char, ash and tar. The TG curves of other samples can be broken
down with the same concept. In addition, the TG curves of Pure M, Pure HDPE, M-
HDPE/HZSM-5, M-HDPE/LS and M-HDPE/Bifunctional HZSM-5/LS tend to shift towards

the right and upward side with increasing heating rates.

3.3.2 Kinetic and Thermodynamic Analyses

FR, FWO, and KAS models to determine the kinetic parameters of the non-catalytic and
catalytic reactions. The thermal decomposition of the biomass and plastic were assumed as
first order reactions where n=1. Later, Arrhenius plots of three models were plotted as shown
in Fig. 4 based on the experimental, TT and LL TGA results of M-HDPE/HZSM-5. The plots
covered the conversions (o) from 0.1 — 0.9 with an interval of 0.1. The linear regression line
data such as slope, y-intercept and R? were obtained from the best fit lines on the plots which

can be used to determine the kinetic parameters and validate the accuracy of the kinetic
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models. Apart from that, the R? values obtained from each best fit line on the Arrhenius plots

(Experimental, TT and LL) are detailed in Table 3.

Based on Table 3, the overall average R? values for each model was recorded for comparison.
As a result, the FWO model was observed to have higher overall average R? as compared to
FR and KAS. The overall average R? values for FWO-EXP, FWO-TT and FWO-LL were
0.8901, 0.8865, and 0.8925, respectively. In addition, the analysis shows that the overall
average R? values of EXP and LL were higher than TT. This further proves the high accuracy
of EXP and LL data with these three iso-conversional kinetic models. The EXP data and LL
data generated from the ANN model were more closely fitted to the best fit lines on
Arrhenius plots. Thus, EXP and LL data were used for further kinetic and thermodynamic

analysis from this point onwards to maintain the high accuracy results.

Table 4 presents the calculated E, values of EXP and LL along with the percentage error (%)
for comparison purposes. The calculated E, from the kinetic models for Pure M and Pure
HDPE were in the range from 201.83 — 498.99 kJ/mol and 140.33 — 289.62 kJ/mol,
respectively. The non-catalytic E, for Pure M recorded in Fong et al. (2019) was in the range
of 156.16 — 158.10 kJ/mol which is slightly lower than present study. This would be due to
the different kinetic models used in predicting the kinetic parameters. However, the E, for
Pure M is comparable with the E; range of the same species of microalgae obtained from the
literature by Vuppaladadiyam, Zhao, Memon, and Soomro (2019). It ranged from 184.06 —
390.31 kJ/mol and 182.53 — 382.14 kJ/mol for FR and KAS kinetic models, respectively.
Similar study by Dubdub and Al-Yaari (2020) also highlighted that the pyrolysis of

polyethylene waste that used the same three kinetic models were ranged from 185 — 206
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kJ/mol. This shows that the E; values calculated in this present study are in good agreement

with literature findings.

Apart from that, the addition of catalysts for the catalytic co-pyrolysis of M and HDPE was
one of the main highlights in this study. The calculated E, values were observed to decrease
drastically after the HZSM-5, LS and Bifunctional HZSM-5/LS were added as catalysts to the
binary mixture of M and HDPE. The E, range of M-HDPE/HZSM-5, M-HDPE/LS and M-
HDPE/Bifunctional HZSM-5/LS for all three kinetic models were 87.53 — 146.80 kJ/mol,
95.87 — 163.91 kJ/mol and 67.26 — 103.02 kJ/mol respectively. The study by Fong et al.
(2019) that used the same catalyst for similar feedstocks showed the similar catalytic activity
and observation. Less than 100 kJ/mol of E,; were once achieved by the catalytic reaction.
The chosen catalysts were able to shorten the reaction time and less energy was required for
the thermal decomposition (Wang, Lei, Liu, & Bu, 2018). Based on the kinetic analysis, the
lowest percentage error between E, values of experimental and LL was observed from the
FWO model as compared to FR and KAS models, especially for the catalytic feedstock such
as M-HDPE/HZSM-5, M-HDPE/LS, and M-HDPE/Bifunctional HZSM-5/LS. Therefore, the
most suitable kinetic model to be applied in this study was identified as the FWO model.
Thermodynamic analysis of the catalytic feedstock was then conducted based on the kinetic

parameters calculated from the FWO model.

Meanwhile, The average A range of M-HDPE/HZSM-5, M-HDPE/LS and M-
HDPE/Bifunctional HZSM-5/LS for experimental and LL were 9.60 x 108 — 1.04 X
109s71,3.30 x 1019 - 2.02 x 101t s71 | and 3.09 x 107 — 4.44 x 107 s~ 1, respectively.

The order of the A values was averagely maintained at >10° for M-HDPE/HZSM-5 and M-
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HDPE/LS which indicated no changes during the rotation of the active complex and reagent
in the pyrolysis reaction (Xu & Chen, 2013). Thus, the catalytic co-pyrolysis of M-
HDPE/HZSM-5 and M-HDPE/LS with higher A values were easier to react and thermally
decomposed. The average AH of the M-HDPE/HZSM-5, M-HDPE/LS and M-
HDPE/Bifunctional HZSM-5/LS were ranged from 88.62 — 91.53 kJ/mol, 96.70 — 102.52
kJ/mol, and 69.45 — 70.95 kJ/mol, respectively. Then, all the calculated AG values were
positive and an increasing trend was observed from 0.1 — 0.9 conversion. The trend indicated
that the energy of the system increased with increasing conversion (Bong et al., 2020). Lastly,
all the AS were observed to be negative, ranging from -0.08 — -0.20 kJ/mol K for both
experimental and LL data of all three catalytic feedstocks. Similar high negative AS values
were also reported in previous literature studies (Bong et al., 2020; Fong et al., 2019; Xu &
Chen, 2013). The high negative AS values also indicated a highly organized activated
complex structure and can be characterized with “high degree of arrangement”. When the
feedstock is far from thermodynamic equilibrium, the AS will be higher which results in high

reactivity and short reaction time.

Based on the kinetic and thermodynamic findings, the FWO model was chosen as the most
suitable model as it gave the best prediction for kinetic and thermodynamic parameters with
the least percentage error among the three kinetic models. Apart from that, the catalytic
activity of the three catalysts were studied and compared. The E, of the pure samples were
reduced 62.5 % from average 200 kJ/mol to 75 kJ/mol with the presence of the Bifunctional
HZSM-5/LS catalyst. This catalyst also provided the lowest average AH (69.45 kJ/mol)
among the three catalysts which further proven that the Bifunctional HZSM-5/LS has a
higher catalytic effect on M/HDPE as compared to LS and HZSM-5. A similar behaviour had
been observed in the study conducted by Fong et al. (2020) utilising pure M in pyrolysis
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process whereby the lowest E; and AH values were achieved utilising the Bifunctional
HZSM-5/LS catalyst. The presence of the catalyst enhances the secondary reaction in the
pyrolysis process (Hu et al, 2011). It is also observed that the overall positive AH values
achieved in this study indicate that the reaction is in endothermic whereby the heat was

absorbed by the system in order for new bond to be formed.

3.4 ANN model fitting analysis

Based on the overfitting analysis, the differences between the average MSE values for neuron
number from 5 — 12 were extremely minimal. This trend showed that the model has too much
capacity which can learn it too well and overfit the training dataset. Thus, 5 number of
neurons in the hidden layer were sufficient for the training of the datasets without overfitting
the model which led to generalization error. A comparison of the simulation results in terms
of regression plots, kinetic and thermodynamic parameters between the model with 5 and 12
number of neurons in the hidden layer (see supplementary material). The R? of neuron
number 5 and 12 were 0.99996 and 0.99999, indicating the differences of the R? values
between two simulation results were minimal and negligible. On the other hand, comparison
in terms of kinetic and thermodynamic parameters with percentage errors are detailed in
Table 5. Within expectation, the kinetic and thermodynamic parameters calculated for both

sets of simulation results have high similarities associated with low average percentage errors.

3.5 Overall empirical reaction equation

A total of 12 different empirical reaction model were in-trial to identify the best model that

could translate well the time-dependent derivative weight loss % of the M-
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HDPE/Bifunctional HZSM-5/LS. MAPE of each empirical model proposed in this study is
shown in Table 6, in which the least MAPE was found reported at 51.59%. The complete
empirical model with the respective empirical parameter that resulted with least MAPE is
shown (E.11), to be noted that the A,, E,, and T, vary across the weight loss percentage a.
The performance of such developed empirical reaction model (Fig. 5) was still in comparison
with the experimental values reported alongside the empirical model proposed by Siddigi et
al. (2021) that reported with the (MAPE = 67.90%). Although the MAPE obtained was still
less than <20%, suggesting a) the diffusion mechanism of tri-solid state of M, HDPE and
catalysts is not fully covered; b) the heating rate being analysed is too large (100-100 K/min);
3) mixing of two materials which have large different composition. Nevertheless, to our best
of our knowledge, this is the first empirical equation generated for tri-solid state degradation
system with a considerable error. Future work on this research direction should be explored
further with the aid of machine learning to develop a precise empirical equation for thermal

degradation of materials.

—Eq (22.28-1)

Z—f = Aae(R_Ta) (1= )28 a778, 22.28 [aw ] : 3[(1 - a)‘§ -1] (E.11)

4.0 Conclusion

With the aid of computational modelling (ANN and GA), a new empirical equation for the
co-pyrolysis of the system (M-HDPE/ Bifunctional HZSM-5/LS) has been developed. From
the LL transfer function-ANN model, the FWO model gave the best prediction for kinetic
parameters with the highest R? values and lowest deviation achieved compared to other
models. Notably, 5 number of neurons in the hidden layer were found to be sufficient for the
data training without over-fit, suggesting that this method is suitable to be implemented in

future research on TG data prediction. Among the three catalysts, the Bifunctional HZSM-
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5/LS catalyst were able to shorten the reaction time and the E, were reduced from range
144,93 — 225.84 kJ/mol to 75.37 — 76.90 kJ/mol. Lastly, the developed empirical equation
can also be applied for other catalyst-material TG data prediction in future. For future
research work, the incorporation of machine learning could be proposed to develop a precise
empirical equation for thermal degradation of materials. Furthermore, the investigation of the
yield and composition of the bioenergy produced from the co-pyrolysis of polyethylene and
C. vulgaris would be a consideration to understand the synergistic effects of the blending of

this mixture.

*E-supplementary data for this work can be found in e-version of this paper online
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Fig. 3. Comparison between EXP, TT and LL TG curves of (a) Pure M, (b) Pure HDPE, (c)
M/HDPE/HZSM-5, (d) M/HDPE/LS and (e) M/HDPE/Bifunctional HZSM-5/LS.
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Fig. 4. Arrhenius plots of M/HDPE/HZSM-5 (EXP, TT and LL) for different kinetic models
(@) FR, (b) FWO and (c) KAS.
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Fig. 5. Generalized empirical reaction model according to FWO Kkinetics across different
weight loss range in an averaged heating rate.

Table 1. Active decomposition stage data of Pure M, Pure HDPE, M-HDPE/HZSM-5, M-
HDPE/LS and M-HDPE/Bifunctional HZSM-5/LS.

(Wt%)

HR10 420.66  866.67 519.96 38.76 2.16

HR20 41575 837.81 520.12 37.63 4.34
Pure M HR30 41788 838.38 519.64 38.40 6.39

HR50 419.82 869.24 536.73 39.65 10.23

HR100 45555 906.42 520.41 40.14 2111

HR10 626.31 74356  740.64 3.21 23.06

HR20 518.82 768.05  759.07 2.59 26.75
Pure HDPE

HR30 516.94 77455 773.53 3.92 64.06

HR50 529.94 813.72 772.76 1.74 72.06
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Remaining

ﬁ Tinitial Tfinal Tpeak : DTGpeak
Sample . residue o oo
(K/min) (K) (K) (K) (i) (Wt%/min)
HR100 522.61 855.32 781.85 4.89 147.31
HR10 484.15 879.15 764.15 26.75 4.15
HR20 481.15 899.15 797.15 26.74 8.29
M-HDPE/HZSM-5 HR30 494,15 947.15 773.15 26.18 11.91
HR50 508.15 983.15 783.15 24.91 13.31
HR100 433.15 1123.15 813.15 24.01 35.94
HR10 509.15 796.15 754.15 34.13 5.07
HR20 513.15 821.15 757.15 34.46 7.78
M-HDPE/LS HR30 521.15 857.15 800.15 36.41 9.19
HR50 503.15 913.15 603.15 38.21 15.35
HR100 533.15 933.15 663.15 39.06 27.39
HR10 506.15 793.15 691.15 34.60 6.26
HR20 511.15 837.15 757.15 25.34 13.08
M-HDPE/Bifunctional
HZSM-5/LS HR30 515.15 887.15 773.15 29.41 12.33
HR50 523.15 913.15 598.15 40.64 13.27
HR100 563.15 963.15 803.15 31.96 34.74
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Table 2. R? values (Experimental (EXP), TT and LL) obtained from different feedstock
combinations with different kinetic models (FR, FWO and KAS).

Kinetic model FR FWO KAS

Source o EXP TT LL EXP TT LL EXP 1T LL

0.1 09578 0.9598 0.9603 0.9753 0.9783 0.9783 0.9608 0.9678 0.9672
0.2 09911 0.9968 0.9968 0.9893 0.9966 0.9966 0.9879 0.9962 0.9962
0.3 09756 0.9868 0.9875 0.9786 0.9880 0.9880 0.9764 0.9870 0.9870
0.4 09307 09283 0.9283 0.9356 09321 0.9321 0.9310 0.9277 0.9277
Pure M 0.5 09219 09973 0.9973 0.9222 0.9250 0.9165 0.9175 0.9214 0.9119
0.6 07336 0.6612 0.6952 0.7478 0.6728 0.6949 0.7379 0.6622 0.6852
0.7 0.0292 0.0441 0.0501 0.0286 0.0498 0.0571 0.0253 0.0547 0.0625
0.8 05345 0.5928 0.5916 0.3746 0.4398 0.4390 0.4071 0.4722 0.4709
0.9 09250 0.9501 0.9456 0.9920 0.9984 0.9961 0.9936 0.9988 0.9970

Average 0.7777 0.7908 0.7947 0.7716 0.7756 0.7776 0.7708 0.7764 0.7784

0.1 0.9464 0.9507 0.9489 0.8446 0.8383 0.8372 0.8185 0.8115 0.8102

0.2 0.9801 0.9813 0.9837 0.9628 0.9685 0.9653 0.9541 0.9610 0.9567

0.3 09602 09599 0.9571 0.9786 09777 009773 0.9732 0.9722 0.9718

0.4 09344 09465 0.9859 0.9479 09491 0.9517 0.9368 0.9382 0.9416

::DrliE 0.5 09684 0.9894 0.9873 0.9647 0.9711 0.9733 0.9583 0.9659 0.9685
0.6 09855 0.9740 0.9796 0.9867 0.9822 0.9820 0.9847 0.9795 0.9792
0.7 0979 0.9414 0.9509 0.9636 0.9698 0.9631 0.9583 0.9653 0.9576
0.8 09838 0.9186 0.9678 0.9472 0.9349 0.9410 0.9405 0.9268 0.9337
09 09762 0.5481 0.5471 0.9628 0.9752 0.9673 0.9585 0.9721 0.9632
Average 0.9683 0.9122 0.9231 0.9510 0.9519 0.9509 0.9425 0.9436 0.9425
0.1 09970 0.9791 0.9843 0.9904 0.9924 0.9910 0.9872 0.9889 0.9867
M/HDPE; 02 09831 09673 09736 0.9853 0.9777 09777 0.9749 0.9639 0.9639

HZSM-5 g3 09483 09568 0.9611 0.9893 0.9772 09714 09822 0.9645 0.9560

04 09722 0.9300 009174 0.9831 0.9669 0.9735 0.9738 0.9512 0.9607
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Kinetic model FR FWO KAS

Source o EXP TT LL EXP TT LL EXP TT LL
0.5 09241 09013 0.8626 0.9097 0.8894 0.8461 0.8845 0.8608 0.8082
0.6 09892 009745 0.9591 0.9674 09642 0.9642 0.9591 0.9555 0.9555
0.7 0.8715 0.8099 0.8307 0.9625 0.9519 0.9741 0.9551 0.9428 0.9690
0.8 0.9210 0.7561 0.8540 0.9838 0.9293 0.9687 0.9799 0.9113 0.9614
0.9 0.8981 0.7393 0.5968 0.9676 0.8655 0.8706 0.9608 0.8410 0.8466

Average 0.9449 0.8905 0.8822 0.9710 0.9461 0.9486 0.9619 0.9311 0.9342
0.1 09662 09431 0.9453 0.9884 0.9717 0.9744 0.9790 0.9529 0.9570
0.2 0.9414 0.9140 0.9247 0.9738 0.9601 0.9601 0.9581 0.9368 0.9368
0.3 0.9566 0.9147 0.9120 0.9663 0.9388 0.9346 0.9496 0.9100 0.9039
0.4 0.9150 0.9012 0.9095 0.9614 0.9443 0.9481 0.9439 0.9224 0.9273

M/HDPE/

s 05 09171 009172 0.9080 0.8565 0.8313 0.8431 0.8264 0.7996 0.8136
0.6 0.9929 0.9083 0.9872 0.9885 0.9887 0.9887 0.9865 0.9868 0.9868
0.7  0.9327 09298 0.9727 0.9886 0.9878 0.9951 0.9862 0.9854 0.9940
0.8 0.8220 0.8081 0.8431 0.9613 0.9524 0.9536 0.9490 0.9383 0.9395
0.9 0.8784 0.7919 0.8191 0.8997 0.8618 0.8697 0.8813 0.8393 0.8481

Average 0.9247 0.8920 0.9135 0.9538 0.9374 0.9408 0.9400 0.9191 0.9230
0.1  0.7697 09160 0.9540 0.6848 0.9134 0.8948 0.5524 0.8688 0.8365
0.2  0.9271 009102 0.9179 0.9455 0.9574 0.9600 0.9172 0.9353 0.9389
0.3 0.7755 0.7746 0.8424 0.8665 0.8819 0.8893 0.8111 0.8341 0.8432

M/HDPE/ 0.4 07287 0.7387 0.6713 0.806 0.8287 0.8287 0.7386 0.7700 0.7700

Bifunction

ol HZSM- 05 0.6624 0.7192 0.7267 0.6338 0.6746 0.6683 0.5520 0.6109 0.5952

5/LS 0.6  0.9951 0.9974 0.9869 0.9046 0.9328 0.9356 0.8827 0.9171 0.9205
0.7 0.6953 0.5948 0.5693 0.9719 0.9542 0.9623 0.9650 0.9445 0.9532
0.8 0.5941 0.5784 0.5068 0.8731 0.8560 0.8620 0.8360 0.818 0.8215
09 05997 0.2892 0.5019 0.5693 0.3950 0.6021 0.4400 0.2645 0.4716
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Kinetic model FR FWO KAS

Source a EXP TT LL EXP TT LL EXP TT LL

Average 0.7497 0.7243 0.7419 0.8062 0.8216 0.8448 0.7439 0.7737 0.7945

Overall Average 0.8731 0.8420 0.8511 0.8901 0.8865 0.8925 0.8713 0.8688 0.8745
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Table 3. E; values and percentage error between experimental and LL from different kinetic
models: FR, FWO and KAS.

Kinetic model FR FWO KAS
Parameters a E. (kJ/mol) %ErTo E. (kJ/mol) %ErTo E. (kJ/mol) %ErTo
Source EXP LL r EXP LL r EXP LL r
0. 5136 58.18 13.28 3128 34.38 9.92 26.25 29.58 12.68
1
0. 293.1 331.85 13.22 129.8 1504 15.89 128.3  150.0 16.94
2 0 2 4 4 8
0. 383.0 460.60 20.24 1789 215.0 20.17 1794 2174 21.18
3 8 5 4 0 0
0. 551.6 600.04 8.77 251.0 2755 9.73 254.6  280.3 10.10
4 5 9 2 6 7
Pure M 0. 656.1 707.68 7.86 306.8 338.2 10.24 3125 345.6 10.58
5 2 5 6 9 5
0. 910.0 1051.9 15.60 405.3 463.9 14.44 415.5 477.1 14.83
6 2 8 8 2 3 3
0. 4258 476.15 11.82 186.3 227.3 21.99 184.3 250.8 36.13
7 3 5 3 0 9
0. 574.0 595.93 3.81 173.1 183.7 6.15 195.0 206.1 5.73
8 3 2 6 0 9
0. 222.2 208.52 6.19 153.6 1439 6.31 178.2 167.9 575
9 8 2 3 4 9
Average 451.9 498.99 11.20 201.8 2258 12.76 208.2 236.1 14.88
4 3 4 6 4
0. 219.2 230.84 5.27 117.3 117.8 0.42 1124 1129 0.45
1 8 8 7 2 3
0. 1796 182.68 1.67 106.9 102.9 3.69 100.8 96.72 4.13
2 8 0 6 8
0. 223.2 212.99 461 103.7 105.2 1.45 97.27 98.88 1.65
3 7 5 5
Pure HDPE 0. 240.9 231.52 3.90 117.7 1195 1.50 111.7 1136 1.65

4 2 4 0 7 1

0. 2766 291.71 5.43 140.1 1427 1.83 1351 1378 2.00
5 8 3 0 4 5

0. 3317 335.02 1.00 161.2  156.9 2.65 157.2  152.7 2.86
6 0 0 2 0 0

0. 3579 324.03 9.48 166.5 164.1 1.42 162.6  160.2 1.52
7 6 2 5 9 2
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Kinetic model FR FWO KAS
Parameters a Ea (kd/mol) %ErTo Ea (kd/mol) %Erro Ea (kd/mol) %Erro
Source EXP LL r EXP LL r EXP LL r
0. 3756 33739 1019 1924 196.7 2.24 189.7 194.2 2.38
8 8 1 1 7 9
0. 4013 22880 4299 2094 198.2 5.35 2075 19538 5.66
9 7 5 5 5 0
289.6 146.1 1449 1416  140.3
Average 5 263.89 9.39 6 3 2.28 3 3 2.48
0. 60.18 65.75 9.27 4543 5370 18.19 38.94 47.47 21.88
1
0. 61.11 65.53 7.23 4792  49.29 2.87 4055 41.94 3.44
2
0. 74.15 75.20 1.41 53.90 57.07 5.89 46.18  49.45 7.07
3
0. 90.60 97.37 7.47 62.74 64.87 3.40 5479 56.97 3.99
4
M-HDPE/HZSM-5 (; 15:.9 142.07 7.10 95.45 96.46 1.06 88.20 89.21 1.14
0. 193.2 203.47 5.27 116.1 121.1 431 109.5 114.7 4,78
6 8 9 9 0 2
0. 235.7 229.46 2.65 1409 1447 2.69 135.0 139.0 2.94
7 1 1 0 9 5
0. 2029 19758 2.66 127.3 1328 4.30 120.1 125.9 4.77
8 8 7 5 7 1
0. 250.2 200.97 19.69 161.0 157.0 2.49 154.3 150.0 2.78
9 3 5 3 7 8
146.8
Average 0 141.93 6.97 9455 97.47 5.02 87.53 90.53 5.87
0. 49.23 58.69 19.21 3593 4359 2132 2876 36.46 26.80
1
0. 66.89 68.68 2.68 50.22 49.91 0.60 4290 4244 1.08
2
M-HDPE/LS (; 83.09 80.82 2.74 58.71 58.28 0.73 51.28 50.66 1.20
0. 98.10 10943 1155 66.04 70.73 7.10 58.32 63.17 8.33
4
0. 1953 193.92 0.74 110.1 1195 8.51 103.8 1136 9.44
5 7 7 4 4 4




Kinetic model FR FWO KAS
Parameters a Ea (kd/mol) %ErTo Ea (kd/mol) %Erro Ea (kd/mol) %Erro
Source EXP LL r EXP LL r EXP LL r
0. 2529 253.91 0.37 165.2 176.9 7.11 161.1 173.5 7.64
6 7 3 7 8 0
0. 156.6 171.51 9.52 144.5 152.0 5.19 138.8 146.7 5.67
7 0 3 3 4 2
0. 123.5 128.39 3.97 107.6 110.1 2.37 99.01 101.6 2.68
8 0 0 5 6
0. 346.0 409.84 18.43 186.2 196.1 5.32 1786  189.0 5.80
9 6 1 1 8 4
Average 152.4 16391  7.69 lo2.7 1085 6.47  95.87 101.9 7.63
2 4 9 2
0. 55.49 58.24 4.96 36.31 42.80 17.89 28.88 35.59 23.22
1
0. 67.50 73.42 8.78 52.02 53.35 2.55 44,75 46.14 3.10
2
0. 75.66 83.88 10.87 56.64 58.68 3.60 48.93 51.07 4.37
3
0. 94.47 88.36 6.47 62.99 66.00 4.77 5492 58.06 5.72
4
|\/|_
HDPE/Bifunctiona (; 1271.2 11941 1.54 75.35 80.27 6.53 67.05 72.21 7.69
| HZSM-5/LS
0. 177.0 182.77 3.24 112.9 115.8 2.54 106.2 109.2 2.84
6 4 3 0 1 3
0. 152.0 134.56 11.47 124.8 120.3 3.65 118.2 113.4 4.06
7 0 7 2 5 5
0. 105.0 95.30 9.29 9413 9251 1.73 85.25 83.53 2.02
8 6
0. 78.70 86.56 9.98 63.08 62.35 1.16 51.05 50.23 1.61
9
103.0
Average 5 102.50 7.40 75.37  76.90 4,94 67.26 68.84 6.07
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Table 4. Pre-exponential factor (A) and thermodynamic parameters (EXP vs LL) of M-
HDPE/HZSM-5, M-HDPE/LS and M-HDPE/Bifunctional HZSM-5/LS with FWO Kinetic

model.
Kinetic model FWO
Source EXP LL
AH AG AS AH AG AS
Parameters a AGY  (kImol  (kImol  (kI/molK A(sh)  (kdImol  (kd/mol  (kI/mol.K
) ) ) ) ) )
0. 5.84 3.17
1 % 10° 40.97 187.62 -0.19 % 10* 49.20 184.83 -0.17
0. 832 1.04
9 % 103 43.05 187.79 -0.18 % 10* 44.41 187.68 -0.18
0. 2.00 3.53
3 % 10* 48.69 188.03 -0.18 % 104 51.86 187.51 -0.17
0. 681 9.43
4 % 10% 57.20 188.87 -0.17 % 10* 59.31 188.88 -0.16
M-HDPE/HZSM- 0. 756 8.82
5 5 % 106 89.46 190.80 -0.13 % 106 90.46 190.81 -0.13
0. 1.09 2.30
6 % 108 109.87 194.12 -0.11 % 108 114.86 194.21 -0.10
0. 3.08 5.52
7 % 10° 134.35 196.98 -0.08 % 10° 138.13  197.28 -0.08
0. 1.88 4.24
3 < 108 120.47  201.73 -0.10 % 10° 125.95 201.88 -0.10
0. 5.26 3.41
9 % 10° 15356 213.63 -0.08 % 10° 149.58 212.44 -0.08
9.60 1.04
Average < 108 88.62 - - % 10° 91.53 - -
0. 7.52 2.82
1 % 102 31.43 176.97 -0.20 % 10 38.97 176.77 -0.19
0. 1.25 1.06
9 % 10% 45.33 174.53 -0.18 % 10* 44.98 175.24 -0.18
0. 5.39 4.53
3 % 10% 53.55 174.34 -0.17 % 10* 53.08 174.95 -0.17
M-HDPE/LS
0. 1.37 2.94
4 % 105 60.55 176.12 -0.16 % 105 65.21 176.28 -0.16
0. 1.13 4.93
5 % 10° 104.25 180.32 -0.11 % 108 113.60 180.92 -0.09
0. 285 1.78
6  x 1011 158.92 188.78 -0.04 % 1012 170.65 189.61 -0.03
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Kinetic model FWO
Source EXP LL
AH AG AS AH AG AS
Parameters a AGYH  (kImol  (kImol  (kI/molK A(sh  (kdI/mol  (kd/mol  (kd/mol.K
) ) ) ) ) )
0. 497 1.48
7 % 10° 137.95 192.15 -0.08 % 1010 145.43  193.16 -0.07
0. 857 1.20
8 x10° 100.59  193.08 -0.13 % 107 103.13  193.62 -0.13
0. 6.96 2.12
9 % 10° 177.71  231.84 -0.08 % 1010 187.59  235.10 -0.07
3.30 2.02
Average % 1010 96.70 - - % 1011 102.52 - -
0. 852 2.67
1 x 102 31.84 178.45 -0.20 % 10 38.23 178.08 -0.19
0. 179 2.22
9 % 10* 47.14 175.82 -0.18 % 10* 48.44 175.86 -0.18
0. 342 4.77
3 x10* 51.45 176.54 -0.17 % 10* 53.47 176.58 -0.17
0. 724 1.17
4 w1gt 5746 17839 017 (7' 6045 17852 -0.16
M- 3.15 6.75
HDPE/Bifunction ><. 105 69.40 181.87 -0.16 ><I105 74.31 182.21 -0.15
al HZSM-5/LS
0. 852 1.29
6 %107 106.70  185.73 -0.11 % 107 109.55 186.12 -0.11
0. 312 1.47
7 % 108 118.36  189.85 -0.10 % 108 113.79  189.83 -0.10
0. 184 1.41
8 x10° 87.29 190.04 -0.14 % 106 85.65 190.00 -0.14
0. 1.16 1.02
9 % 10% 55.40 189.52 -0.19 % 10% 54.64 189.53 -0.19
4.44 3.09
Average % 107 69.45 - - % 107 70.95 - -
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Table 5. Kinetic and thermodynamic parameters with percentage error between neuron
numbers 5 and 12 from FWO - LL kinetic model.

Kinetic model FWO - LL
Parameters a R E. (kd/mol) INGS)
%Erro %Erro %Erro
[z [z [12 r
Source [55] 12] [55] 12] [55] 12]
0. 00913 0.894 2.08 548 2.67 105.74
1 4 3 46.07 42.80 7.63 < 10° x 103
0. 0960 0960 0.00 222 222 0.00
5 0 0 53.35 5335 0.00 < 10* x 10*
0. 0886 0889 0.36 5002 5868 058 506  4.77 6.00
3 1 3 x 10* x 10*
0. 0822 0828 0.72 66.04  66.00. 0,05 1.15  1.17 1.34
4 7 7 x 105 x 10°
M/HDPE/Bifunctiona 0. 0.668 0.668  0.00 6.75  6.75 0.00
I HZSM-5/LS 5 3 3 80.27 UL 0.00 x 10 x 105
0. 0937 093 017 1146 = 1158 0.97 1.08 1.29 15.91
6 2 6 8 0 ' x 108 x 107
0. 0966 0962  0.38 1195 120.3 0.66 1.31  1.47 10.90
7 0 3 3 2 ' x 108 x 108
0. 0869 0862 0.89 217 141 54.00
3 7 0 9544 9251  3.17 % 10° x 106
0. 0555 0.602 7.72 1.06  1.02 3.27
2. 2. )
9 6 1 6259 623 038 10* x10*
Parameters a AH (kJ/mol) AG (kJ/mol) AS (kJ/mol K)
%Erro %Erro %Erro
[12 r [12 r [12 r
Source [55] 12] [55] 12] [55] 12]
(i' 4152 38.23 8.60 175'0 1788'0 061 -019 -019 312
g‘ 48.44  48.44  0.00 17:'8 17:'8 000 -018 -0.18 0.00
0 53.80 5347 0.63 1765 1765 001 -017 -017 0.28
M/HDPE/Bifunctiona 3 7 8
I HZSM-5/LS
3’ 60.47 6045  0.04 17?'6 173'5 006 -0.16 -0.16 0.08
%’ 7431 7431  0.00 1812'2 1812'2 000 -015 -0.15 0.00
0. 1084 109.5 186.0 186.1
6 3 5 1.02 4 ) 004 -011 -011 1.36
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11
12

13
14

Kinetic model FWO - LL
Parameters a R? E. (kJ/mol) A(sh
%Erro %Erro %Erro
[12 [12 [12 r
Source [55] 12] [55] 12] [55] 12]
0. 1130 1137 189.7 189.8
; 0 9 0.69 3 3 005 -011 -0.10 0091
%’ 88.59 8565  3.43 192 3 198 O 017 014 014 250
%‘ 5488 5464  0.45 18? S 182 S 002 019 -019 0.5
Average 7149 70.95 1.65 - - 0.11 - - 0.93
Table 6. Mean absolute error across different empirical reaction model across different
weight loss, o in an averaging range of heating rate.
No Equation Empirical parameters Min
MAPE
n m p d
(%)
E.1 ®=D17 1 p 21.09 47.62 1461 - 56.65
l-a)".a™ pla P = ()~
2 42.47
E.2 2 m-1D71 1 435 1694 6138 - 80.00
31—a)3.a™ m [a m ] 5 ()P
2 - - -
E.3 30 = @)%, a™ [—In(1—a)]™ 48.66 55.91
43.72
E.4 p-1 - 4652 7775 - 80.00
A-a)™. a™ pl—-—a)[-In(1—-a)] P
11.38
E.5 1—-a)™. a™ p(1 20.85 - 3822 29.31 51.80
p-11
—a)[-In(1-a)] P 5 ()4 23.64
E.6 m-1 3557 0.03 - - 78.46

3(1 - a)é. a™ m(l-a)[-In(1-a)]
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15
16

17
18
19
20
21
22

23

24

2 -
E.7 3(1—a)3. a™ m(1 21.47 0.03 14.26 56.32
m-1 1
—a)-In@-am .o (@)
E.8 ®-D1 d _1 2456 1042 69.24 -8.88 60.85
l-a)".a™ pla P .E[(l—a)d
-1
_ 1]
E.9 1-—a)". a™ p(1 2162 636 3740 -1.49 65.37
p—1 g
—a)[-In(1—-a)] P 5 [(1
1 -1
—@7—4
E.10 2 p-1] 3 1 29.22 42.83 - - 80.00
31—a)3.a™ m|a?P .E[(l—a) 3
_ 1]—1
E.1 -1 1 2218 7.78 2228 - 5159
A-—a)*.a™ pla P .E[(l—a)3
— 1]—1
Siddiqi et 1-)™. a™ [-In(1-a)]? 1.09 44.57 - - 67.90
al. 40.43
(2021)
Highlights

e Synergistic effect of catalytic co-pyrolysis of M/HDPE were evaluated.

e ANN model was established to generate the weight loss data of samples.

e FWO model gave the best prediction for kinetic parameters.
e The E; range of M/HDPE/ Bifunctional HZSM-5/LS was reduced to 75.37 — 76.90 kJ/mol.

e Empirical model with a MAPE of 51.59% was developed.
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