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OIL PALM BIOMASS PYROLYSIS AND KINETICS

COMPARISON OF ARTIFICIAL
INTELLIGENCE MODELS TO PREDICT

USING THERMOGRAVIMETRIC ANALYSIS

YASMIN MOHD ZAIFULLIZAN'; LIM MEI KUAN?; ARSHAD ADAM SALEMA™** and KASHIF ISHAQUE*

ABSTRACT
Kinetic modeling is a challenging aspect of biomass conversion due to its inherent complex reactions. Further,
it is difficult to achieve the accuracy of predicting the biomass pyrolysis process at varying experimental
conditions, particularly for more complex samples based on kinetic modeling alone. Therefore, this study
aims to use artificial intelligence (Al) models [artificial neural network (ANN), support vector machine
(SVM), and decision tree (DT)] to predict biomass thermogravimetric (TG) behaviour, derivative TG (DTG),
product (volatile and char) yield, and kinetic triplets. Two oil palm biomass types-empty fruit bunches (EFB)
and oil palm shells (OPS) - are used to generate a 72-experiment dataset from a thermogravimetric analyser
(TGA) at different heating rates (5°C, 10°C, 15°C and 20°C min™). The results reveal that each AI model
can accurately predict the DTG profile with high coefficients of determination (R?) in the range of 0.94 and
0.99 and low mean square errors (MSE) between 0.09 and 5.12. The product yield prediction results are not
as promising, as indicated by higher MSE values (4.27,2.79, 6.67). However, the ANN models most capably
predicted the activation energies of oil palm biomass pyrolysis (~260°C-360°C at 20°C min™') for both model-

free and model-fitting methods, followed by the DT and SVM models.
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INTRODUCTION

Biomass pyrolysis is regarded as one of the most
promising alternative methods for producing
three different products; solid (char), liquid (bio-
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oil), and gas. It is a complex multi-scale process
due to several interactive and parallel reactions
that require further research work (Sharifzadeh et
al., 2019). One of the main challenges is that the
pyrolysis process and product formation (yield and
quality) performance depend strongly on process/
operating conditions (Chen et al., 2017; Guedes
et al., 2018, Mutsengerere et al., 2019; Paenpong
and Pattiya, 2016). It was found that pyrolysis
temperature and heating rate play an essential role
during pyrolysis and product formation (Guedes
et al., 2018; Sharifzadeh et al., 2019). Moreover,
feedstock properties and chemical complexity add
to the difficulty of the problem. These factors make
it difficult to understand the kinetic modeling of
biomass pyrolysis (Cai et al., 2018; Hameed et al.,
2019; Hu and Gholizadeh, 2019; Kaczor et al., 2020;
Wang et al., 2017).
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The kinetic triplet, namely activation energy,
pre-exponential factor and reaction model or
mechanism helps to describe the complex thermal
degradation process that can be beneficial for
subsequent processes and applications (Mahmood
et al., 2019). The kinetic triplet of biomass pyrolysis
is obtained by varying the heating rates during
thermogravimetric analysis (TGA) and model-free
methods such as the Flynn-Wall-Ozawa (FWO),
Kissinger-Akihara-Sunose (KAS), and Friedman
methods are employed (Zhang et al., 2021).
Model-fitting method such as the Coats-Redfern
method is utilised as well with the added benefit
of being able to hypothesize reaction mechanisms
for the process. For example, Castells et al. (2021)
presented a preliminary view that empty fruits
bunch (EFB) samples showed a better fit for the
diffusion reactions, while oil palm shell (OPS) and
palm mesocarp fibre (PMF) could better fit n-order
reactions under a combustion scheme. Surahmanto
et al. (2020) applied the Coats-Redfern integral
method for kinetic analysis of oil palm waste
and found that they are best fitted to first-order
reactions in the pyrolysis scheme.

Traditionally, biomass pyrolysis reaction is
modelled using kinetic models (Hameed et al.,
2019). Kinetic models have been developed for
decades and give useful insight into the reaction
kinetics of biomass pyrolysis. Examples of kinetic
models include the one-step global kinetic model
(Papari and Hawboldt, 2015), parallel (Radmanesh
et al., 2006) and competitive (Varhegyi et al., 1997)
reactions, lumped kinetic models and the distributed
activation energy model (DAEM) (Ahmad et al.,
2020) which mainly focus on primary reactions of
pyrolysis. Although much effort has been put into
investigating pyrolytic kinetic models, it is still
difficult to capture the full complexity of the biomass
structure and the interdependence of the individual
components (Wang et al., 2017). It is recommended
that rather than modeling a singular biomass
component e.g., cellulose, it is better to model the
whole biomass to observe the interactions between
the different components and the possible effects
of trace amounts of inorganic materials, as well as
to include secondary reactions from the process
(Hameed et al., 2019).

Meanwhile, there has been an increasing
interest in applying Al to the biomass conversion
process in recent years. Several machine learning
(ML) algorithms were recently applied to biomass
pyrolysis (Alaba et al., 2020; Aydinli et al., 2017; Chen
et al., 2018; Ding ef al., 2020; Rezk et al., 2019). Most
of these studies have used artificial neural networks
(ANN) and concluded that they could predict the
pyrolysis process with high accuracy due to their
ability to discover hidden patterns in complex data
(Alabaetal., 2020). Further, ANN was used to model
TGA experimental datasets due to its capability
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to handle: (i) large datasets from TGA systems
(>10 000 data samples per run); (ii) the complex
non-linear nature of thermal conversion, and; (iii)
fully automated modeling procedures (Teng ef
al., 2019). Besides biomass, researchers have also
applied ANN to sewage sludge (Naqvi et al., 2018)
and co-pyrolysis of sewage sludge with rice husk
(Lakovic et al., 2021; Naqvi et al., 2019). Others have
predicted the higher heating values of biomass
using a hybrid adaptive neuro-fuzzy inference
system (ANFIS) (Pattanayak et al., 2020) and ANN
(Cakman et al., 2021).

Although AI models have been used to
predict biomass pyrolysis behaviour (weight loss
using TG curve), very few (Bhuyan et al., 2020)
have been applied to predict product yield (gas/
volatile components and char). Furthermore, a few
studies have used a support vector machine (SVM)
involving biomass pyrolysis. For instance, Cao
et al. (2016) and Ewees et al. (2017) applied SVM
to predict the biochar yield from cattle manure.
Another study by Chen et al. (2018) computed
the product distribution and bio-oil heating value
of different biomasses under fast pyrolysis using
SVM. The studies on applying decision trees (DT)
to biomass pyrolysis are even more scarce. For
example, Zhang et al. (2019) applied random forest,
a DT ensemble methwangod, to cattle manure
pyrolysis, while Zhu et al. (2019) predicted biochar
yields and carbon contents using random forest.
Although some researchers have applied Al to
biomass pyrolysis, few studies (Aghbashlo et al.,
2021) have provided a detailed investigation of
kinetic parameter prediction such as activation
energy using Al methods. To date, none have
utilised and compared different AI models (ANN,
SVM and DT) for biomass pyrolysis based on
real-time data obtained from a TGA machine. It is
hypothesised that AI would save significant time
and effort by predicting the biomass pyrolysis
behaviour as compared to time-consuming
experimental procedures with TGA machines.

The objective of the present work is to develop,
train, validate, and compare three AI models to
predict the pyrolysis behaviour, kinetics, and product
yield of two oil palm biomasses; EFB and OPS. The
datasets were generated using a TGA machine at
different heating rates and then used to develop
and compare the performance of three AI models.
The scope of this work also includes developing
Al models based on individual biomass pyrolysis
datasets and combining them. Another novelty of
the present work is extracting the activation energy
from the predicted values obtained by AI models.
It should be noted that although the developed Al
models are specific to oil palm biomass (OPS and
EFB), it is expected that they would also work for
other types of biomasses having a similar pyrolysis
conversion trend.
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MATERIALS AND METHODS
Materials

This study used OPS and EFB obtained from
local palm oil mills in Malaysia. The biomasses
were cleaned, dried in the open sun and then
grounded to smaller-sized particles in the range
of 75-250 um to mitigate heat transfer effects (Wei
et al., 2006). Finally, the biomasses were stored
in airtight Ziplock bags for further analysis. The
proximate and ultimate analyses of the biomasses
(Table 1) confirmed that EFB and OPS are different in
chemical properties and exhibit different pyrolysis
behaviours. The ultimate analyses were conducted
with a Leco CHNS analyser model 932 (The
Netherlands) according to ASTM D5373-14 and ISO
29541 method, and the analysis was repeated five
times for each sample expressed as the dry basis of
biomass.

TABLE 1. PROXIMATE AND ULTIMATE ANALYSIS OF OIL
PALM BIOMASS

Proximate analysis (wt.%)

EFB OPS
Moisture content (M) 6.10 £2.10 7.43+£1.98
Volatile matter (VM) 80.00+1.00 73.5+0.85
Ash (A) 5.80£0.70 2.20£0.80
Fixed carbon® 8.10+£0.75  16.87 +0.95

Ultimate analysis (%), dry basis

C 4726 +£0.85 51.07+1.18
H 5.83£0.01 4.71+£0.25
N 0.82+0.03  0.41+0.02
S <0.05 <0.05
o* 46.04 43.76

Note: “Fixed carbon is by difference = 100 - [M + VM + A] %.
*Oxygen is by difference, % =100 — [C + H + N + S] %.

Thermogravimetric Analysis (TGA)

The experiments were conducted in a
thermogravimetric analyser (TA Instrument Q50,
USA). About 5-7 mg of biomass sample (EFB or OPS,
respectively) was placed in a ceramic pan and loaded
into the TGA in each experiment. The temperature
was ramped from room temperature to maximum
temperatures of 400°C, 450°C and 500°C, at different
heating rates (B) of 5°C, 10°C, 15°C and 20°C min™ in
an inert (nitrogen) environment under a 60 mL min™
constant gas flow rate. The maximum temperature of
400°C, 450°C and 500°C was selected as the biomass
gets completely pyrolysed before 400°C. Lower
heating rates are recommended (Vyazovkin et al.,
2011) to prevent thermal lag (by ensuring effective
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heat and mass transfer in the sample) so that the
temperature error can be minimised or eliminated.
Each experiment was conducted three times to
guarantee data reproducibility.

Artificial Neural Network (ANN) Modeling

Six different ANN models (e.g., OPS TG -
Oil palm shell thermogravimetric; EFB DTG -
Empty fruit bunch derivative thermogravimetric;
OPS+EFB TG - Oil palm shell and EFB combined
thermogravimetric) were trained and optimised for
pyrolysis behaviour (TG and DTG curves). The first
four models (OPS TG, OPS DTG, EFB TG, and EFB
DTG) are based on individual biomass pyrolysis
datasets with temperature and heating rate as
the input, while the combined ANN models use
OPS+EFB datasets that increase the complexity of
the non-linear relationships.

The architecture was a typical multi-layer
feed-forward backpropagation neural network
consisting of an input layer, one hidden layer,
and an output layer, known as a shallow neural
network (Figure 1a). The input layer data consists
of temperature and heating rate, while the output
layer data were the TG curve, DTG curve, or
product yield. The data from the TG machine
performed under the heating rate of 20°C min™ and
temperature of 400°C was set aside for validation
ie., 20%. The remaining data (80%) was used to
train the model. The ANN parameters such as the
training and transfer functions and the number
of neurons in the hidden layer were optimised by
trial and error to obtain the minimum mean square
error (MSE). The performance of the ANN models
is evaluated by calculating the MSE and coefficient
of determination (R?). Lower MSE values and higher
R? values indicate better ANN model performance.

The product yield ANN models also used
shallow neural networks (one input layer, one
hidden layer, and one output layer). The only
difference was that the output layer comprised the
two different yields (volatiles and char) from the
pyrolysis process. Two ANN models, one for each
biomass (OPS and EFB), were developed to predict
the yield.

Support Vector Machine (SVM) Modeling

The SVM algorithm is much faster and requires
a smaller sample size than other machine learning
algorithms (Russell and Norvig, 2016). Similar
to ANN, six SVM regression models (Figure 1b)
were created. The dataset was split into training
and validation datasets in an 80:20 ratio. A kernel
transforms the predictor variables to a higher-
dimensional feature space. The Gaussian function
was selected for this work due to its popularity and
accuracy for regression (Arabloo et al., 2015).
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Decision Tree (DT) Modeling

DT has gained popularity due to its ease
of interpretability and simplicity. DT follows a
flowchart-like tree structure (Figure 1c), governed
by decision rules similar to ‘if-then’ conditions,
making it easily understandable (Myles et al., 2004).
DT has the advantage of requiring less training
time than ANN and SVM. Like the ANN and
SVM models, six DT models (or regression trees)
were created for TG and DTG curves. The dataset
for DT was split into an 80:20 ratio for training
and validation. The optimised hyperparameters
were branch nodes, leaf sizes, and tree depth,
determined empirically to minimise the five-
fold cross-validation loss (Myles et al., 2004).
All simulations were performed with MATLAB
(R2018b, Version 9.5) on an Intel® Core™ i5-4570S,
16 GB RAM, 2.90 GHz processor, and Windows 10
64-bit operating system.

Kinetic and Reaction Mechanism Study

The kinetic triplets-activation energy (E,), pre-
exponential factor (A), and reaction model were
evaluated in the main pyrolysis region based on the
TG data. The activation energy is interpreted as the
minimum energy threshold for a reaction to occur
(Truhlar, 1978). The pre-exponential factor is the
pre-exponential constant in the Arrhenius equation,
an empirical relationship between temperature
and rate coefficient (Jagannadham, 2010), which is
used to study the reaction mechanism. Lastly, the
reaction model or the reaction mechanism is the
account of elementary reactions by which chemical
change occurs in a compound (Smith and March,

(a) .
Hidden layer

Heating rate
Output layer

2013). Model-free methods, such as the Flynn-Wall-
Ozawa (FWO), Kissinger-Akihara-Sunose (KAS),
and Friedman methods, were used to determine
the kinetic parameters (Zhang et al., 2021). In
addition, the Coats-Redfern (CR) model-fitting
method was adopted to determine the activation
energy (E)), pre-exponential factor (A) and reaction
model by plotting versus (Chen et al., 2019). If the
value obtained by the CR model-fitting method
based on a specific reaction model is comparable
to the average obtained by the model-free methods
(Friedman, FWO, and KAS), the reaction model
is considered suitable for characterising the
corresponding thermal degradation process (Chen
et al., 2019).

The trained ANN, SVM, and DT models were
used to predict the TG data in the validation step.
The activation energies and pre-exponential factors
of the oil palm biomasses were then calculated from
these predicted TG data using different kinetic
methods (FWO, KAS, and Friedman). Finally, the
predicted kinetic data were compared with those
obtained from the experimental TG dataset.

RESULTS AND DISCUSSION

Thermogravimetric Analysis of OPS and EFB
Biomass Samples

The TG and DTG profiles obtained at different
heating rates and temperatures of OPS and EFB
biomass pyrolysis showed some notable differences
as shown in Figure 2. The first stage or peak from
room temperature to 200°C corresponds to the
removal of moisture and probably low volatile or

(b)

Bias, b

Input vectors, x

Temperature DTG W,
Product yield Weights
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Hidden nodes
Input layer (support vectors)
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Decision Tree (DT)
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f

i

Figure 1. (1) ANN, (b) SVM, and (c) DT architecture to predict the oil palm biomass pyrolysis behaviour and product yield.
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chemical compounds. The second stage between
200°C and 380°C is referred to as the main pyrolysis
reaction stage in which cellulose and hemicellulose
are decomposed to release volatile matter. A clear
difference between hemicellulose (shoulder peak)
and cellulose decomposition is identified in OPS
biomass whereas it is almost absent in EFB biomass
due to the lower content of hemicellulose (Abdullah
and Gerhauser, 2008). The third stage is attributed to
the char formation that occurs once all the volatile
matter has been emitted (below 400°C) and denotes
the completion of biomass pyrolysis. This can be
observed by a gradual loss in weight after 380°C and
usually, lignin decomposes in this region. Among
the lignocellulosic materials, lignin is a stable
component that has low reactivity. It decomposes
slowly over a wide range of temperatures and can
simultaneously decompose with hemicellulose
and cellulose. A significant difference in pyrolysis
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behaviour (TG and DTG curves) was observed in
the main decomposition region or second stage
while the curves tend to merge in the char region or
third stage. The derivative mass loss rate of EFB is
higher than OPS due to the swift burning of volatile
matter in form of cellulose (Asadieraghi and Daud,
2015).

As the heating rate increased, the DTG curves
shifted to higher temperatures. This is in agreement
with previous studies of non-isothermal heating
(Yildiz et al., 2016). The observed shift may be
explained by the mathematical form of kinetic laws
as explained by Jankovié et al. (2020). Typically,
reaction intensity increases when the heating rate is
increased thereby accelerating the devolatilisation
process. However, the char formation stage gets
delayed with the increase in heating rate. At lower
heating rates, samples are heated more gradually
with a low-temperature gradient, resulting in better
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Figure 2. TG and DTG profiles of OPS and EFB biomass at different temperatures and heating rates.
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heat transfer from the surface of the particles to the
inner core. However, the high-temperature gradient
is developed at higher heating rates resulting in
reaction retardation. The TGA of OPS and EFB
agrees with the previously published literature
(Asadieraghi and Daud, 2015; Luangkiattikhun et
al., 2008), and hence, limited discussion is presented
in this article.

Prediction of Biomass Pyrolysis Behaviour (TG-
DTG) Using Different AI Models

Table 2 presents the performance of the Al
model predictions of the pyrolysis behaviour (TG/
DTG profiles) of oil palm biomass. The training
columns represent the model performance after
being trained, while the validation columns
represent the model performance on the dataset
not used in the training phase. Figure 3 presents
the predicted and the experimental TG and DTG
profiles suggesting that the shape of the curves
predicted by all the AI models followed the
degradation curves from the experimental data.
Overall, the accuracy of all the models was high.
There was a strong agreement between the targeted
and predicted output (R* > 0.99) for both the
validation and training datasets.

The average R® values for both individual
and combined ANN models training TG dataset
was 0.999, indicating extremely high agreement
between the measured and predicted results. For
the validation TG dataset, the average R* values
decreased slightly to 0.996. The average R* values
for the DTG training and validation datasets were
somewhat lower than for the TG dataset at 0.994
and 0.967, respectively.

On the other hand, the average MSE for both
individual and combined ANN models were
0.77 for the training TG dataset and 3.94 for the
validation dataset. In comparison, the average MSE
values for the DTG training and validation dataset
were 0.03 and 0.98, respectively. These MSE values
show that the errors between the target and output
values were minor for the training ANN models,
indicating a well-trained model. However, there
are significant differences between the ANN model
training and validation MSE values for the TG
and DTG predictions. The lower value of the MSE
(below 1.0) for the DTG demonstrates the robustness
of the ANN model. The difference in R*for the TG
and DTG predictions is minor, which agrees with a
previous study (Alaba et al., 2020). The performance
of the present ANN model was comparable to
previous studies (Table 2). The performance of
previous studies (Bi et al., 2020; 2021; Naqvi et al.,
2019) were limited to TG data only. To the best of
the author’s knowledge, only one study (Zhang et
al., 2019) on DT was found whereby they obtained
a DT model with R?* of 0.9996 and RMSE of 0.501 for
cattle manure. Meanwhile, no study was found on
SVM, as SVM and DT were applied for the first time
to predict the oil palm biomass pyrolysis behaviour.

However, the findings of the current study
which suggest that ANN performs better than
SVM and DT do not support some previous
research. For instance, Cao et al. (2016) concluded
that SVM predicted cattle manure pyrolysis better
than the ANN model. Another study (Chen et al.,
2018) reported a similar SVM prediction outcome
for biomass pyrolysis. This inconsistency may be
due to the data used because cattle manure and
oil palm biomass have different compositions and

TABLE 2. PERFORMANCE ANALYSIS OF ANN, SVM AND DT MODELS TO PREDICT PYROLYSIS BEHAVIOUR OF BIOMASS

Al models
Dataset Parameters ANN SVM DT
Training Validation®* Comparison with literature Training Validation®* Training Validation*
OPS TG R? 0.99 0.99 R? = 0.99992, RMSE = 0.3561 0.99 0.99 0.99 0.99
MSE 051 2.79 for sewage sludge and 37 3.28 0.53 297
OPS DTG R 0.99 0.98 gg;i‘)ut shell TG (Bi et al., g 0.99 0.99 0.99
MSE 0.02 0.43 0.03 0.09 0.02 0.39
EFB TG R? 0.99 0.99 R?=0.99995 RMSE = 0.5194 0.9 0.99 0.99 0.99
MSE 1.02 5.04 for coal gangue and biomass 1 75 5.09 1.05 5.11
EFB DTG R2 0.99 0oa TG Bictal, 2020) 0.99 0.95 0.99 0.97
MSE 0.04 1.56 0.06 1.34 0.04 1.58
OPS+EFB TG R? 0.99 0.99 R? = 0.9996, RMSE = 0.5142 0.99 0.99 0.99 0.99
MSE 0.77 3.99 for rice husk and sewage (96 4.90 0.81 421
OPS+EFB DTG R 0.99 0.96 ;loulcé‘?e TG (Naqvi et al, 49 0.96 0.9 0.98
MSE 0.03 0.93 0.04 0.97 0.03 0.98

Note: *Validation dataset for temperature 400°C and heating rate 20°C min™".
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Figure 3. Comparison of ANN, SVM and DT wvalidation models to predict the TG and DTG (derivative thermogravimetric) profiles of OPS and EFB
biomass pyrolysis at a maximum temperature of 400°C and heating rate of 20°C min™.

thermal behaviour. Data collection and the size of
the datasets also differ. For example, Chen et al.
(2018) used data from previously published studies
and collected 166 samples of various lignocellulosic
biomass fast pyrolysis. Although the present results
differ from some published studies (Cao et al., 2016;
Chen et al., 2018), they are consistent with studies
that have applied Al to biomass pyrolysis using
TGA (Alaba et al., 2020; Chen et al., 2018; Yildiz et
al., 2016).

Another critical parameter to evaluate the
performance of the Al models is training time.
The average times to train the ANN, SVM, and DT
models were 100, 319 and 87 s, respectively. The
training time is highly dependent on the dataset
size and computer hardware configuration. SVM
took considerably more time for training, while
DT trained the fastest. Although training the ANN
network takes more time than DT, the TG and
DTG predictions by the ANN are more accurate.
Therefore, it can be concluded that ANN is the best
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performing algorithm for TG and DTG datasets since
it provides a good trade-off between high accuracy
(R?), low error (MSE), and a reasonable training time
(100 s). It is also worth noting that the Al system
obtains validation results in approximately 2 s,
which is faster than the time needed to perform real-
time TGA experiments by a factor of 1000, which
usually take hours to complete from laboratory
preparation to clean up. Most studies in the field
of Al application in biomass pyrolysis have failed
to present the Al training time, which is one of the
vital parameters in determining performance.

Application of ANN, SVM and DT Models to
Predict Pyrolysis Product Yield

The yields of two major pyrolysis products
(volatile and biochar) were obtained from the TG
curves (Figure 3) by referring to the different stages
of decomposition (Jankovié et al., 2020). The product
yield does not include the moisture content.
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Pyrolysis product heating rate or temperature
trends were not noticeable (Figure 4). Similar
findings were reported in previous studies (Wang
et al., 2013; 2019). A possible reason for this could
be the small sample size (5-7 mg) used in the TGA
machine, ensuring efficient heat transfer. For the
volatile and char yield training datasets, the ANN,
SVM and DT models showed low MSE values of
0.17, 0.01 and 0.94, respectively. However, the MSE
values for the ANN (4.27), SVM (2.79), and DT
(6.67) models were higher for the validation set.
This prediction (validation) result error is due to the
small data sample size.

The MSE value of 5.171 for the ANN model
testing datasets to predict the product yields of
biomass pyrolysis was higher (Aydinli et al., 2017)
than the present ANN model product validation
dataset. However, the present ANN (4.27) and SVM
(2.79) model validation MSE values were almost
similar to the root mean squared error (RMSE) of
the ANN model (3.35-4.50) testing dataset and SVM
model (2.53-3.34) testing dataset (Chen et al., 2018).
Therefore, the developed AI models in the present
study are either slightly better or comparable to the
previous studies.

Figure 4 compares the validation and measured
product (volatile and char) yield using the ANN,
SVM, and DT models. Contrary to the prediction
results for pyrolysis (TG and DTG), the models
moderately predicted the product yield percentage.
The AI models either slightly over-predicted or
under-predicted the product yield. The models’
performance could be improved by increasing the
dataset size.

Application of the ANN, SVM and DT Models
to Predict Activation Energy and Pre-exponential
Factor

The ANN predictions for in the main pyrolysis
temperature range, (260°C-360°C) of OPS biomass
was highly accurate for both model-free methods
(KAS and FWO), as illustrated in Figure 5.

70
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20+
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Product yield (%)

OPS
volatiles

OoPS
char

The SVM prediction was accurate for OPS in the
temperature range from 260°C to 305°C (from
10% to 40% conversion). Beyond 305°C, i.e., after
40% conversion, the SVM over-predicted by an
average factor of 1.17 for KAS and 1.16 for FWO.
Surprisingly, all Al models predicted lower than the
experimental data for the KAS and FWO methods
for EFB biomass with an average factor of 0.91. This
deviation in the prediction of could be due to the
predicted TG profiles, since any deviation in the
predicted TG profiles would change the values.

The value of from the KAS method first
increased from ~100 kJ mol! (10% conversion)
to 119 kJ mol! (60% conversion) for OPS biomass
and then remained nearly constant (119 kJ mol™)
until 90% conversion. The trend was similar for
the FWO method but with a slightly higher values
(~103 kJ mol™! for 10% conversion to 122 kJ mol™!
for 60% conversion) for OPS biomass. The variation
in in the main pyrolysis, the region is due to the
decomposition of hemicellulose in the initial stage
of the reaction, followed by degradation of cellulose
with higher thermal stability starting in the later
reaction (Wang et al., 2019).

The DT model provided a much more accurate
predictions, agreeing with the experimental values
except for a small spike at 50% and 40% conversion
for OPS and EFB biomass, respectively (Figure 5).
These spikes could be due to a slight discrepancy
in the DT model prediction of the TG profile
(Figure 3) that may have caused the prediction to
diverge. For the EFB biomass, the DT prediction of
yielded a slightly higher error against experimental
values compared to the ANN and SVM.

The average experimental and predicted
activation energies for OPS and EFB biomass in the
main pyrolysis region between 260°C and 330°C
are presented in Table 3. It should be noted that the
average activation energy and standard deviation
refer to a value between 0.1 to 0.9 conversion
degrees. Further, the average experimental value
for OPS from the combined kinetic model-free
methods (KAS, FWO, and Friedman) is 122 kJ

B Exp HMANN B SVYM HE DT
EFB EFB
volatiles char

Figure 4. Performance of Al models in predicting the biomass pyrolysis product (volatiles and char) yield at 400°C and heating rate of 20°C min™.
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Figure 5. Comparison of extracted activation energy (E) using ANN, SVM and DT with experimental values.

mol™ with a standard deviation of +13, while the
average for the ANN, SVM and DT are 122, 132,
and 124 kJ mol™ with standard deviations of +14,
+10, and +13, respectively. Whereas the average
experimental for EFB from the combined kinetic
model-free methods (KAS, FWO, and Friedman) is
127 kJ mol™ with a standard deviation of 12. The
average for the ANN, SVM and DT models are 119,
118, and 116 k] mol™ with standard deviations of 13,
14, and 14, respectively.

Therefore, for the OPS biomass, the error (%)
between the average experimental and predicted
activation energies for the ANN, DT, and SVM
models were ~1%, ~2% and ~10%, respectively. For
the EFB biomass, the corresponding errors were
~7%, ~10%, and ~8%, respectively. The change
in activation energy with conversion degree was
confirmed by previous studies (Huang et al., 2019).
They reported a 4% error between the predicted
and experimental activation energy using a
general regression neural network (GRNN) model.
To conclude, among the AI models, ANN most
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accurately predicts the TG and DTG behaviour and
biomass pyrolysis kinetics. The error between the
experimental and predicted values from the FWO
calculation method were lower, agreeing with very
recently published work (Bong et al., 2020).

Prediction of Reaction Mechanism Using the
Model-fitting Method

In the present study, the values based on the CR
method were compared with KAS and FWO model-
free methods since the Friedman method provided
higher values. The reaction mechanism was selected
as the most suitable mechanism to characterise OPS
and EFB pyrolysis when the values obtained from
the CR method are closest to model-free methods.
Tables 4 and 5 show the comparison of values and
pre-exponential factors from the experiment and
AI models for OPS and EFB at a heating rate of
20°C min™, along with correlation coefficient and
the average deviations between the results from
the AI models and the experimental calculations.



COMPARISON OF ARTIFICIAL INTELLIGENCE MODELS TO PREDICT OIL PALM BIOMASS PYROLYSIS AND KINETICS USING THERMOGRAVIMETRIC ANALYSIS

On average, OPS Al models E_ and In A deviated
6.48 k] mol! and 1.38 from the calculated values
obtained from the experiment. For EFB, the
deviations were 7.01 k] mol™ and 1.57 for E, and
In A, respectively. The biggest deviation for both
OPS and EFB was for the decision tree model,
while ANN showed the smallest deviation from the
experimental values.

The experimental values of 102, 109,
and 128 kJ mol! (Table 4) for OPS biomass
corresponding to reaction model numbers 2
(chemical reaction), 6 (1** order reaction), and 7
(nucleation), respectively, is closest to KAS (113 kJ

mol™) and FWO (116 k] mol?). The values of
the corresponding correlation coefficient were
higher (0.8) for reaction models 2 and 6 but
lower (0.7) for reaction model 7. For the EFB
(Table 5), reaction models 1 (chemical reaction) and
9 (contracting disk) gave the closest experimental
values of 137 and 131 kJ] mol”, respectively,
compared to KAS (119 k] mol') and FWO
(122 kJ mol?). The values of the correlation
coefficient were higher (0.8) in both cases. Zhang
et al. (2021) pointed out that applying multiple
model-free methods is more accurate than a single
method for solid-state pyrolysis.

TABLE 3. COMPARISON OF PREDICTED AND EXPERIMENTAL AVERAGE ACTIVATION ENERGIES

Activation energies, k] mol™

Experiment and Al

Kinetic models OPS EFB
models
Average’ Stdev* Average’ Stdev*

KAS Experiment 113.01 7.75 118.77 9.51
ANN 112.90 8.89 109.56 7.07

SVM 124.26 19.97 108.38 6.78
DT 114.64 8.96 106.40 10.50

FWO Experiment 116.47 7.80 121.69 9.33
ANN 116.37 8.84 112.32 6.87

SVM 127.14 19.35 111.83 6.74
DT 118.02 8.84 109.96 10.25

Friedman Experiment 136.28 8.09 140.57 7.77
ANN 139.02 8.50 133.8 8.40

SVM 143.48 10.94 133.34 8.17

DT 139.35 7.58 131.96 6.55

Note: “Average - average activation energy from 0.1-0.9 conversion degree.

*Stdev - standard deviation (+).

TABLE 4. COMPARISON OF ACTIVATION ENERGIES AND PRE-EXPONENTIAL FACTOR OBTAINED FROM EXPERIMENT
AND AI MODELS USING COATS-REDFERN METHOD FOR OPS*

The average
deviation from

Reaction Experiment ANN SVM DT experimental
models values

R g r]i:ol“) InA Ry r]i:ol‘l) InA Ry r];:-:ol'l) InA - Ry r];:-:ol‘l) InA -y 5{'01-1) In A

1 079 9015 1267 079 9221 1310 082 9489 1375 087 7950 1041 582 126

2 084 10215 1444 084 10394 1481 087 10880 1595 091 9095 1207 655 142

3 063 6436 800 063 6656 819 065 6607 811 072 5380 542 482 096

4 053 5233 521 053 5444 567 054 5323 542 061 4166 285 456 101

5 045 4369 335 045 4570 380 046 4421 347 051 3300 093 441  1.00

6 087 10907 1776 086 11213 1807 090 11874 1959 092 9880 1526 767 155

7 070 12809 2059 076 13134 2129 079 13353 2181 085 11236 1731 814 173

8 077 3625 148 070 3734 172 073 3807 192 079 3100 027 272 063

9 075 8217 1122 075 8434 1168 078 8580 1205 083 7167 899 543 117

10 081 9465 1342 081 9663 1383 084 10576 1465 089 838 1113 79 131

11 083 9955 1414 083 10140 1452 086 10008 1554 090 8851 1180 447 137

12 077 17401 2983 077 17835 3072 079 18127 3144 085 15303 2550 1086  2.28

13 078 4249 266 077 4348 288 081 4521 331 086 3708 144 304 070

14 075 16487 2552 075 16916 2640 077 17140 2697 084 14389 20118 1060 222

15 071 14803 2161 071 15223 2248 073 15326 2278 080 12708 1727 1013 213

Note: *E, and In A calculations are based on temperature 400°C and heating rate 20°C min™.
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TABLE 5. COMPARISON OF ACTIVATION ENERGIES AND PRE-EXPONENTIAL FACTOR OBTAINED FROM EXPERIMENT
AND AI MODELS USING COATS-REDFERN METHOD FOR EFB*

Average
Reaction Experiment ANN SVM DT d:;’;::‘l‘;‘eggln
models values
R g moy AR J moy AR aJ moy AR aJ ot 1M A aJ oty A
1 088 13686 2353 075 14119 2443 089 13680 2343 096 12422 2069 568 128
2 092 15342 2636 092 15122 2577 092 15133 2579 097 13748 2276 674 159
3 076 10267 1667 077 10450 17.02 077 10518 1717 088  93.09 1453 464  1.00
4 068 8703 1336 070 8932 1384 070 90.04 1399 0.82 7751 1124 494  1.08
5 061 7565 1092 063 7835 1149 064 7880 1159 076 6588 8723 521 115
6 093 16537 3048 093 16137 2948 093 16154 2951 098 14641 2620 893  2.08
7 086 19384 3567 0.86 19480 3577 086 19532 3588 094 17712 3197 639 134
8 083 6103 751 084 5870 692 084 5888 696 093 5280 558 424 102
9 085 13137 2264 086 12675 2152 086 12710 2159 094 11496 1895 843 195
10 090 143.02 2466 077 14680 2543 090 14226 2440 096 12929 2157 609 137
11 091 14979 2581 078 15296 2644 091 148.19 2535 097 13467 2241 663 150
12 086 27207 5210 0.87 262.85 49.89 087 26355 5003 095 23928 4486 1684  3.84
13 088 6684 856 088 6632 840 089 6646 843 092 5997 696 259 063
14 084 24947 4478 085 25122 4502 0.85 25194 4517 094 22752 3996 872  1.82
15 081 22714 39.62 082 22969 4005 0.82 23046 4021 092 20573 3493  9.09  1.90

Note: *E_ and In A calculations are based on temperature 400°C and heating rate 20°C min™".

The lower R? value for the reaction models of
OPS biomass (0.7) as compared to EFB (0.8) can
be related to the DTG profile of OPS (Figure 3).
It clearly shows two reaction peaks in the main
devolatilisation region which indicates that the
single-step approach may not be accurate in
investigating the kinetic triplets, and a multi-step
reaction model should be considered (Guo and
Lua, 2001; Luangkiattikhun et al., 2008). In contrast,
the DTG profile of EFB (Figure 3) showed a single
reaction peak.

Interestingly, among the AI models, the ANN
model most accurately predicted values and pre-
exponential factors compared to the experimental
values using the CR kinetic method, followed by the
SVM and DT models. Although the ANN and SVM
models predicted values closer to the experimental
dataset, the DT model predicted lower values. It was
also observed that the predictions of the E_ and pre-
exponential factor values also depend on the type of
reaction mechanism. As discussed, the R? is lower
for most of the reaction mechanisms, indicating that
not all reaction mechanisms accurately represent the
thermal degradation of oil palm biomass.

CONCLUSION

For the first time, three different AI models
(ANN, SVM and DT) were used to predict
pyrolysis behaviour, kinetic parameters, and the
product yield of oil palm biomass using TGA.
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Interestingly, all three AI models accurately
predicted the biomass pyrolysis behaviour with
low MSE values between 0.09 and 5.11 and high R?
values between 0.949 and 0.999. This study also
permitted the extraction of kinetic parameters
(activation energy, pre-exponential factor, and
reaction model) from the predicted TG data and
compared them to experimental data. The ability
of the ANN model to predict pyrolysis behaviour,
kinetic parameters, and biomass product yield
demonstrates the robustness of the algorithm in
obtaining the most promising results compared
to the SVM and DT models. The ANN displayed
high regression coefficients (R*), low MSE values,
and a reasonable training period (100 s). The
performance of the developed AI models was
slightly better or at least comparable in terms
of MSE values to the existing AI models in the
literature. Al models promise to become a powerful
tool to predict biomass pyrolysis behaviour and
kinetic parameters to avoid tedious and lengthy
TGA experiments.
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