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ABSTRACT

Waste biomass pyrolysis is a promising thermochemical conversion process for the production of biofuels and sustainable materials. However, it is challenging to
accurately predict the properties and yield of products formed during pyrolysis. Machine learning (ML) is a useful tool for predicting the performance of a process. In
the present study, ML algorithms integrated with process simulation were explored to accurately model waste biomass pyrolysis based on properties such as H/C, O/
C, oil yield, gas yield, and char yield. Six different ML models including Random Forest (RF), Gradient Boosting Regressor (GBR), eXtreme Gradient Boosting
(XGBoost), Adaptive Boosting (AdaBoost), Artificial Neural Network (ANN), and Stochastic Gradient Descent (SGD) were used to model pyrolysis process. It was
found that the out-of-the-box (without optimization) models for RF, XGBoost, ANN, and GBR performed the best and did not benefit from hyperparameter opti-
mization. The GBR was identified as the most effective among various ML models. It accurately predicted yields of gas, biochar, bio-oil yields, and their H/C and O/C
compositions. GBR effectively demonstrated the complex relationships between these variables. The box plot showing the root mean squared logarithmic error
(RMSE) revealed that the GBR model had the best overall performance with a value less than 0.03. Also, the partial dependence plot and SHAP feature importance
were evaluated to better understand each feature’s effect on the output. Lastly, a shareable graphical user interface (GUI) was created to enable researchers explore
and predict pyrolysis yield.

Biomass can be transformed into sustainable fuels and chemicals via

1. Introduction

The use of non-renewable fossil fuels has led to several challenges,
such as energy insecurity and environmental pollution [1]. To address
these challenges, significant attention has been devoted to exploring
alternative energy sources that are both abundant and renewable. One
such source of energy is biomass, which is obtained from organic matter
such as plants and animals [2]. Biomass is a promising energy source due
to its plentiful supply and renewable nature. It plays a role in a balanced
carbon cycle, wherein the carbon dioxide (CO3) emitted during its
combustion is offset by the CO, absorbed by plants in photosynthesis,
potentially resulting in a neutral effect on atmospheric CO4 levels [3].

thermochemical and biological conversion processes [4]. While both
biological and thermochemical conversion processes for biomass are
promising, each has its challenges. Biological processes often require
longer residence times and the cultivation of microorganisms [4]. On the
other hand, thermochemical conversion is efficient and cost-effective for
converting biomass into biofuels. These biofuels can then be synthesized
into various chemicals or used directly as fuel [5]. One major thermo-
chemical process used for the conversion of biomass to green fuel and
value-added process is pyrolysis. It involves thermally decomposing
biomass in an oxygen-free environment, resulting in various products
like bio-oil, biochar, and gases, depending on specific reaction condi-
tions. This process stands out for its efficiency in biomass conversion.
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Nomenclature

Abbreviations and symbols

AdaBoost Adaptive boosting

ANN Artificial neural networks

Ash Ash content

C Carbon

FC Fixed carbon

GAN Generative Adversarial Network
GBR Gradient boosting for regression
H Hydrogen

H/C Ratios of hydrogen to carbon
HT Heating temperature

IQR Interquartile range

MAE Mean absolute error

ML Machine learning

N Nitrogen

0] Oxygen

0o/C Ratios of oxygen to carbon

PDP Partial dependence plot

PIML Physics-Informed Machine Learning
PS Particle Size

PT Pyrolysis temperature

R? Regression coefficient

RF Random forest

RMSE Root-mean-square error

RMSLE Root mean squared logarithmic error
S Sulphur

SCC Spearman correlation coefficient
SGD Stochastic gradient descent

SHAP SHapley Additive exPlanations
SVM Support vector machines

VAE Variational Autoencoders

Vm Volatile matter

XGBoost eXtreme gradient boosting

Bio-oil, as a complex product of biomass pyrolysis, has attracted
significant attention due to its potential as a versatile fuel source. Its
potential uses include being a boiler fuel, transportation fuel, and a
precursor for chemical products. This versatility positions bio-oil as a
promising alternative to traditional fossil fuels [6]. The chemical
composition of bio-oil is diverse, containing over 350 different com-
pounds, including acids, aldehydes, ketones, esters, alkanes, and various
aromatic compounds [7]. These compounds are primarily composed of
carbon, hydrogen, and oxygen elements, with the hydrogen and oxygen
contents serving as important indicators of bio-oil quality. The hydrogen
content of bio-oil is crucial as it influences the fuel’s calorific value and
chemical structure [8]. However, bio-oil typically has a lower calorific
value compared to other transportation fuels. This is due to its higher
water content and a larger proportion of oxygenated chemicals, neces-
sitating further treatment for its upgrading and optimization as a fuel
source [9].

It is important to note that the properties of biomass precursors could
influence the composition and yield of bio-oil as well as other products
during pyrolysis. The relationship between biomass properties and
product yield and characteristics has been reported by several studies
[10,11]. However, the relationship between biomass composition and
pyrolysis product yield and characteristics is still unclear. Numerous
studies have been conducted using thermogravimetry and scanning
calorimetry to develop kinetic models that investigate the relationship
between the characteristics of bio-oil (specifically yield and composi-
tions), biomass compositions and pyrolysis conditions [12,13]. One such
study, conducted by Lv et al.[14] established a kinetic model for biomass
pyrolysis by simulating the fluidized bed design of biomass pyrolysis. At
very high temperatures (800 °C), their model’s calculated data was
consistent with experimental data from pine sawdust, lignin, and cel-
lulose pyrolysis [14]. However, it is important to note that a kinetic
study conducted on a particular type of biomass and its corresponding
pyrolysis conditions is not universally applicable, and the resulting
model cannot be directly applied to other biomass systems. Thus, it is
imperative to establish a universal relationship between bio-oil char-
acteristics, biomass compositions and pyrolysis conditions.

Traditional models like thermodynamics, kinetics, computational
fluid dynamics (CFD), and process modelling have been used to establish
and represent complex relationships during thermochemical conversion
processes. However, they often face challenges in accurately capturing
input-output relationships during pyrolysis and gasification [15]. These
models rely on assumptions and simplifications, limiting their practical
implementation. CFD models need substantial computational resources
and specific parameters for reliable simulations. Kinetic models depend

heavily on estimating complex reaction rates, and their reaction mech-
anisms may be incomplete or poorly understood [15]. Thermodynamic
models usually assume equilibrium states, which are rarely achieved in
practice. Process modelling often requires costly software. Thus, there is
a need for a more reliable, accurate, and efficient modelling approach
for thermochemical processes.

Recent advancements in artificial intelligence have opened new av-
enues for research, leading to promising outcomes in modelling
input-output relationships [16]. Machine learning (ML) techniques such
as random forest (RF), support vector machines (SVM), and gradient
boosting (GB) have been developed to predict various parameters
related to thermochemical conversion processes [17,18]. Previous
studies have demonstrated the effectiveness of ML in thermochemical
conversion processes for optimization and evaluating the relationship
between product yield and feedstock properties. For instance, Zhu et al.
established a correlation between biomass structural composition, py-
rolysis conditions, and biochar yield and successfully applied the RF
method to predict biochar yield [19]. Xing et al. also utilized the RF
model to predict the chemical compositions of different biomasses and
compared their results with existing relevant data and experimental data
[20]. While numerous studies have explored the connection between
bio-oil yield and biomass properties (Table 1), studies evaluating the
simultaneous influence of operating conditions and biomass composi-
tion are scarcely reported. Therein lies the motivation for this study.

The present study combines data from literature, a publicly available
database and process simulation to develop a ML model. The model was
then used to comprehensively evaluate the impact of biomass properties
(proximate, ultimate, and compositional analysis), pyrolysis operating
conditions (heating rate (HR), biomass particle size (PS), and pyrolysis
temperature (PT) on product yield and bio-oil properties. This study’s
innovative integration of process simulation with interpretable machine
learning models in waste biomass pyrolysis could significantly advance
biomass conversion efficiency, potentially revolutionizing renewable
energy production. It opens avenues for precise, optimized pyrolysis
processes, laying the groundwork for future research in sustainable en-
ergy and practical applications in green fuel production.

2. Methodology
2.1. Data collection and preprocessing
This section meticulously describes the steps employed in processing

the input data for the ML models. These include sources of data and the
collection strategies, methods employed in cleaning the data and
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Table 1
An overview of recent research and reviews on ML applications in biomass
pyrolysis.

Research objectives Key findings References

The research aims to predict The ANN model, combined with ~ Ullah et al.
biochar yield during pyrolysis  the Rao-2 algorithm, was the [21]
using input parameters such most effective in predicting
as biomass properties and biochar yield. The integrated
pyrolysis conditions model achieved high accuracy

(R? ~ 0.93) and low error
(RMSE ~ 1.74 %). Analysis
revealed that the most
influential factors for this
performance were pyrolysis
temperature (56 %), residence
time (23 %), and heating rate
(8 %).

The study aims to evaluate the In a comparison of three Yang et al.
performance of Machine machine learning models [22]
learning models for the (support vector regressor,
prediction of product yield random forest regressor, and
and composition during gradient boost regressor) using
microwave pyrolysis 14 descriptors, the gradient

boost regressor model
outperformed the others. It
achieved better prediction
accuracy, as indicated by its
higher R? value (over 0.822),
lower RMSE (less than 12.38),
and lower RMSE (below 0.765).

The study presents a Machine learning can advance Lietal. [23]
comprehensive review of thermochemical conversion
machine learning applications  process development,
in advancing thermochemical especially in the area of
conversion processes. predictive performance and

optimization.

The study aims to characterize The random forest regression Shahbeik
wastewater sludge pyrolysis model was the most accurate et al. [24]
using machine learning among the tested models, with a
models. correlation coefficient over

0.813 and a relative mean
squared error under 12.51.
SHAP analysis using this model
identified the five most
significant factors affecting bio-
oil yield: ash content, fixed
carbon content, operating
temperature, and volatile
matter content.

The study proposed a machine In predicting the co-pyrolysis of =~ Wei et al.
learning model for predicting coal and biomass, both the [25]
product yield during co- Extra Trees (ET) and Random
pyrolysis of biomass and coal. ~ Forest (RF) models perform

well. However, the ET model
generally surpasses the RF in
terms of accuracy, better
generalization capabilities, and
lesser tendency to overfit.

The study highlights ML ML models can help reduce Akinpelu
applications in pyrolysis uncertainties in the economic etal. [26]
process optimization and and environmental assessments
control, predicting product of pyrolysis. Furthermore, the
yield, real-time monitoring, use of ML can advance the
life-cycle assessment (LCA), commercialization of various
and techno-economic analysis ~ biomass pyrolysis technologies.

(TEA).
The present study combines The GBR was identified as the This work

data from literature, a
publicly available database
and process simulation to
develop a ML model. The
model was then used to
comprehensively evaluate the
impact of biomass properties
and pyrolysis operating
conditions on product yield
and bio-oil properties.

most effective among various
machine learning models. It
accurately predicts yields of
gas, biochar, and bio-oil, and
their H/C and O/C
compositions, using partial
dependence plots (PDP) for
analysis. The SHAP importance
score analysis of the GBR model
result revealed that the ultimate
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Table 1 (continued)

Research objectives Key findings References

analysis data of the biomass
feedstock and pyrolysis
conditions had a significant
impact on the bio-oil, biochar,
and gas yield

statistical analysis used in understanding the data.

2.1.1. Data collection

The data utilized in this study were obtained from a combination of
existing literature [10,20,27-29], Phyllis database [30] and process
simulation as illustrated in Fig. 1.

Various experimental datasets were gathered from the literature on
pyrolysis yield including bio-oil, gases and biochar yield, bio-oil H/C
ratio, and O/C ratio. Additional data related to compositional analysis of
the biomass as well as the proximate and ultimate analysis were also
compiled. Aspen plus process simulation was used to determine some
product yields that were not obtainable from the literature. Aspen plus
process simulator was employed to model gas yield, bio-oil yield, and
biochar yield under the same pyrolysis conditions and raw material
compositions found in the literature. The simulation results were also
expressed as percentages to mitigate potential simulation errors and
ensure data consistency. It should be mentioned that the combined
experimental and process simulation dataset appears diverse and
representative, capturing a range of biomass compositions and pyrolysis
conditions. The variability in key components like cellulose (Cel),
hemicellulose (Hem), lignin (Lig), volatile matter (Vm%), ash (Ash%),
and fixed carbon (FC%) is well-represented, as indicated by the standard
deviations. Moreover, the dataset’s broad range in values suggests it
captures the variability in biomass compositions and pyrolysis condi-
tions effectively. The dataset’s broad range of values for each variable is
crucial as it allows the model to learn from a diverse array of data,
enhancing its generalization ability. Normalization was performed to
help address any biases and potential variability in the data.

The diagrammatic representation of the process simulation in Aspen
Plus is presented in Fig. 2. The pyrolysis process was simulated with the
introduction of 100 kg/h of biomass sent to the dryer. The dryer helps to
reduce the moisture content of the waste tires to < 3 wt%. Following
this, the dried biomass feedstock was introduced into a fluidized bed
reactor, serving as the site for pyrolysis. Augmenting this stage, a ni-
trogen flow rate of 49, 1 kg/h, compressed to a pressure of 20 bar, is
infused into the reactor to create an inert atmosphere required for py-
rolysis. A RYield reactor operating at 1 bar was used to model the dy-
namics of the pyrolysis reactor guided by the study of Liu et al. [31]. The
resultant bio-oil composition primarily encompasses esters, alcohols,
acids, furans, phenolics, aromatics, and ketones.

It should be mentioned that the Aspen Plus simulation was steady
state and isothermal. Each biomass feedstock was defined as a non-
conventional stream based on their individual proximate and ultimate
analysis information. In order to define a non-conventional stream,
RYield reactor block was used to decompose the biomass materials into
conventional components including C, Hy, O3, N3, Cly, H20, ash and S
[32]. While a calculator block was incorporated into the RYield block,
and its function is executed using a programmed FORTRAN subroutine
statement. Details of the non-conventional reactor modelling in Aspen
Plus can be found in our previous study [32]. The pyrolysis reactor is
modeled using an RYield reactor operating at 450 °C and 1 bar in the
presence of nitrogen which is used to create the inert environment.

The resulting char is a mixture of solid carbon and ash. This char is
separated using a solid separator and then burned to generate heat, as
combustion is an exothermic reaction. This process not only produces
heat but also significantly contributes to the total energy output of the
plant. Meanwhile, the oil and gas fractions are carefully cooled until
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Fig. 2. Schematics of the Aspen plus process simulation for biomass pyrolysis.

they reach a temperature of 25 °C.

2.1.2. Data classification
The factors influencing biomass pyrolysis and product yield, as well
as composition in this study, are categorized into five groups [3327]:

e The structural or chemical components of biomass, comprising the
relative proportions of lignin, cellulose, and hemicellulose.

e The elemental composition (ultimate analysis) of biomass, including
carbon, hydrogen, oxygen, and nitrogen (C-H-O-N).

e The proximate analysis of the biomass materials, including the
amounts of volatiles, ash, and fixed carbon contents (VM-Ash-FC).

e Biomass particle size (PS).

e Pyrolysis conditions.

To improve the data quality and reduce experimental inaccuracies
associated with the data, the results of the proximate and ultimate an-
alyses of the raw materials were presented in percentages.

2.1.3. Data cleaning

Data cleaning is an imperative data preparation step before building
and training any model. This guarantees maximum performance and
confidence in the developed models. In this study, all data were cleaned,
and any missing values were replaced with the average of the entire
dataset, as many ML algorithms require data to be in a uniform and
specific format. This is necessary because most algorithms cannot pro-
cess missing or invalid entries, which must be addressed beforehand.

Some ML models prefer normally distributed features; thus, each
feature was standardized by subtracting the mean and scaling samples to
unit variance. Standardization is helpful because many ML algorithms
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assume that the data is normally distributed, and features are on the
same scale. It also helps to reduce the impact of outliers since these will
be scaled down along with the rest of the data [34]. The performance of
each model was evaluated using the StandardScaler, MinMaxScaler, and
RobustScaler provided by sklearn. Preprocessing [35].

The models’ performance was assessed using various scalers pro-
vided by sklearn. preprocessing library. Among them, the MinMaxScaler
demonstrated superior performance, prompting its selection. Min-
MaxScaler is a ML preprocessing technique that transforms a dataset’s
features into a specific range, typically between 0 and 1. This is achieved
by subtracting the minimum feature value from each data point and
dividing the result by the feature’s range (i.e., the difference between
the minimum and maximum values). This process normalizes the data
and is particularly beneficial for algorithms sensitive to the scale of input
features, such as k-nearest neighbors and artificial neural networks.

Additionally, to improve the model’s performance, outliers were
removed from the dataset. The Spearman correlation coefficient (SCC)
was used to evaluate the linear relationship between pairs of variables.
Utilizing the SCC in the development of a ML model is advantageous for
various reasons: it uncovers non-linear relationships between variables,
determines which features are most strongly associated with the
outcome, and identifies outliers, namely variables that show a weak
correlation with the target variable. The method for calculating the SCC
is presented in Equation (1) [36]:

_,_ X

Where SCC = Spearman’s rank correlation coefficient,
d; = difference between the two ranks of each observation,
n = number of observations.

2.2. Model development

An overview of different ML model types employed in this study is
described herein. These include the tree-based models as well as the
ANN models. Hyperparameter optimization strategies as well as the
metrics used in evaluating the performance of the ML models are also
presented in this section.

2.2.1. Model types

In this study, a range of model types were compared, recognizing
that the most suitable model often depends on the specific nature of the
problem and the data involved. Among these, tree-based models are a
crucial family of models. These models operate by deriving simple de-
cision rules from the features in the dataset to predict a target variable.
In practical applications, many models employ a collection of trees to
mitigate the variance that typically arises from using a single decision
tree. Random Forest (RF) is one such method.

Bootstrap aggregating, commonly referred to as bagging, operates by
averaging the outcomes of multiple independent learners. This approach
effectively mitigates the noise issues typically encountered in individual
trees by averaging the results from numerous decision trees. In contrast,
boosting algorithms focus on training and adjusting the weights of
several weak learners to construct a robust ensemble model. While
boosting is centered on refining and combining weak learners, bagging
emphasizes averaging the outputs of various independent models. This
study evaluated three algorithms in this category: Gradient Boosting for
Regression (GBR), XGBoost, and AdaBoost. Although modern deep
neural networks often surpass SVMs and some other model types in
performance when large datasets are available, the algorithms discussed
here may still be among the most accurate for the size of the dataset used
in this study [24]. Consequently, a simpler Multilayer Perceptron neural
network was also considered as an alternative to a deep neural network.
Notably, Artificial Neural Networks (ANN) have been the most popular
machine learning method for modeling biomass and waste gasification.
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The ML models used in this study including RF, GBR, XGBoost,
AdaBoost, ANN, and SGD were selected for several reasons. These
models have shown promising performance for the prediction of biofuel
yield during thermochemical processes. For instance, Khan et al. showed
that ANN coupled with metaheuristic algorithms could effectively pre-
dict biochar yield during pyrolysis [21]. Okolie et al. reported the
promising predicting performance of RF and GBR in predicting the
structural composition of biomass for subsequent thermochemical con-
version processes [37]. Moreover, the RF model offers robustness and
accuracy for complex datasets while the GBR model is often used to
handle unbalanced datasets. XGBoost provides high performance and
speed with scalability, AdaBoost is effective for boosting weak classifiers
and improving accuracy. On the other hand, the ANN model is versatile
for modelling non-linear relationships while SGD is efficient in large-
scale and sparse data learning [38]. Each of these models presents
varying advantages and limitations, which is why they are used in the
study.

2.2.2. Model optimisation and comparison

While some algorithms, like RF and AdaBoost, are well known for
their robust out-of-the-box performance, others, like ANN, require
careful hyperparameter tuning to maximize their performance [39]. In
the past, ML models were often fine-tuned manually through trial and
error. However, more sophisticated approaches have emerged for
identifying the best hyperparameter combinations. [40]. This study
utilized a search algorithm to fine-tune each model type. A parameter
grid was formulated for each model type, comprising the optimized
hyperparameters and the range of options or values each parameter
could assume. Subsequently, the algorithm explored the parameter
space to identify the most efficient hyperparameter combination.

2.2.3. Model evaluation metrics

Regression coefficient (Rz) and root-mean-square error (RMSE) are
often used as regression analysis evaluation indexes. To evaluate the
prediction performance of the ML models, three evaluation indicators,
including mean absolute error (MAE), root-mean-square error (RMSE),
and R? are used. These indicators are meticulously described in equa-
tions (2), (3), and (4).

27:1 {yfxp _ y/[)red‘

MAE = —=—/———— 2
N (2)
ex] red\ 2

2 72?\;1(%1”_)}?{1)
R 1 ZN ( exp Yz-xp)Z (3)
=i =
N ep Jfred 2
RMSE: Zt:l(yt ), ) (4)

N

Where % and Y are the actual and predicted values, respectively.
Y is the mean of the actual values [41][42].

Mean Absolute Error (MAE) measures how far the predictions from a
model are from the actual values. MAE is computed by determining the
absolute discrepancies between the predicted and true values for every
individual point in the dataset and then calculating the mean of these
differences. The MAE is expressed in the same units as the original data,
which makes it easy to interpret.

MAE is scale-dependent, indicating that its value increases with the
magnitude of the target variable in comparison to the predictors. To
mitigate this, normalizing the data prior to model training is advisable.
On the contrary, the RMSE gauges the spread of errors around zero, with
a higher sensitivity to outlier values. The R? assesses how well the model
fits the observed data. MAE is favored in regression analysis due to its
straightforward interpretability and its robustness to outliers, as it treats
all deviations equally regardless of their extent.

The MAE, RMSE, and R? were calculated for test sets and cross-
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validated models. The data was divided into a training and test set, with
an 84 % to 16 % split for model development. Cross-validation is another
method for determining a model’s generalization capability. This study
used k-fold cross-validation, which divides the dataset into k parts. The
model was then trained on k-1 folds and tested on the final fold. This
process was then repeated k times to test each fold once. Cross-
validation provides an independent measure of model performance
while using all available data for model development. In this case, 5-fold
cross-validation was used.

2.3. Interpretability analysis

Interpretability and explainability of ML models involve uncovering
patterns in data and understanding the relationships derived from these
models [43]. Interpretability refers to the capacity of a human to grasp
why a ML model makes a certain prediction [44]. Explainability, a
closely related concept, pertains to the capability of offering a clear and
comprehensible explanation for a model’s decisions [45]. A model that
is highly interpretable is straightforward to comprehend, and its results
can be consistently anticipated by a human.

Many ML models are often considered black boxes due to a common
lack of understanding of their internal mechanics. To address this issue,
one approach is to use models that are inherently more interpretable
[46]. A more contemporary strategy involves model-agnostic methods,
which are developed to interpret any black box model. An example of
this type of method is permutation feature importance. This is a simple
technique where the values of a feature in the dataset are randomly
shuffled [47].

Another approach is the global method such as the Gini index, also
known as Gini impurity. Global methods refer to interpretation tech-
niques that provide an overall understanding of the model’s behavior,
rather than explanations for individual predictions. Global methods can
be model-specific (like the Gini index for tree-based models) or model-
agnostic (like the aforementioned permutation feature importance)
[34]. One drawback of employing the Gini index for evaluating the
significance of variables is its inclination towards favoring inputs with a
greater number of categories. This bias is less significant when dealing
with predominantly continuous features with minimal correlations.
Additionally, it’s worth noting that this approach does not apply to other
model types [34].

Global methods provide insights into the model’s overall behavior
but fall short of clarifying specific predictions. To address this, local
surrogate models such as LIME and SHAP are employed. LIME approx-
imates an interpretable model locally. These local approaches focus on
elucidating singular predictions without the necessity of accurately
reflecting the global model. Despite LIME’s potential, it encounters
several challenges, particularly with structured data. Adjusting its
hyperparameters can be complex, with the outcomes often varying
based on the chosen width of the smoothing kernel. Additionally, LIME’s
explanations can be inconsistent, leading to considerable variation upon
repetition of the same explanation process [48,49].

Permutation feature importance is another technique that can be
utilized to interpret a ML model [50]. This method shuffles the values of
each feature one by one, observing the effect on the model’s accuracy.
Each feature undergoes this process, and the one causing the largest
reduction in accuracy upon shuffling is deemed the most crucial. Per-
mutation feature importance serves both as a global and a local inter-
pretative method for ML models. In its global application, the
importance of a feature is determined by taking the average of its impact
on accuracy across the entire dataset. This global perspective presumes
uniform feature importance across all data points, providing a general
view of which features are most influential.

When used locally, each sample’s feature importance is computed
separately by only permuting the feature on the sample and measuring
the effect on the prediction. This approach gives a more detailed view of
feature importance and can show how feature importance varies across
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samples. Local feature importance can be more informative in some
cases where feature importance varies between samples.

SHAP is also a useful method that can be used for both global
interpretation and individual prediction explanation [51]. It has a solid
theoretical foundation in game theory and estimates the importance of
features by allocating optimal credits based on Shapley values. SHAP
force plots visually represent how various features influence an indi-
vidual prediction. SHAP has one advantage over the Gini and permu-
tation feature importance assessment methods for global interpretation
in that it provides information about the importance of features and
their relationship with the output. Furthermore, SHAP’s predictions are
fairly distributed across feature values. These factors are critical in
ensuring trust in the method.

Permutation and SHAP feature importance assessment were used in
this work to provide a global interpretation of the developed models. A
partial dependence plot (PDP) will be used to understand the local
interpretation of the model. A PDP shows the relationship between a
feature and the predicted outcome of a model while holding other fea-
tures constant. It provides insight into how a specific feature affects the
model’s predictions for a specific range of values and can help identify
non-linear relationships or interactions between features. Because it
focuses on the relationship between a single feature and the model’s
predictions, it can be considered a local method instead of a global
method, which would show the relationship between all features and the
predictions [52]. The analysis results were graphically represented for
interpretation. Global methods were illustrated using boxplots for per-
mutation feature importance and bar plots for SHAP by displaying the
importance scores for all model outputs or targets in the different fig-
ures. This maximizes the amount of information contained in each
figure.

3. Results and discussion
3.1. Dataset description and statistical analysis

A quantified the statistical characteristics of the cleaned data which
include both input (Cel, Hem, Lig, Vm%, Ash%, FC%, C-%, H-%, O-%, N-
%, Size, HR, PT, Temp) and output (H/C, O/C, Oil_Yield%, Gas_Yield%,
Char_Yield%) variables were presented in Tables 2 and 3. The compo-
sitions of carbon (C), hydrogen (H), oxygen (O), and nitrogen (N) in
biomass typically range from 0.99 to 79.17 %, 0.90-11.34 %,
0.004-74.04 %, and 0.08-18.29 %, in that order. Moreover, the con-
centrations of C, H, and O are relatively high, with average percentages
being 47.31 %, 6.03 %, and 38.84 %, respectively, while the N content is
relatively lower in comparison. The structural components of biomass,
including cellulose, hemicellulose, and lignin, vary between 8.00 % and
69.00 %, 4.00 % to 79.5 %, and 2.70 % to 79 %, respectively. Addi-
tionally, the FC, VM, and ash contents of the biomass dataset range from
0.55 % to 82.47 %, 1.15 % to 97.25 %, and 0.11 % to 86.84 %,
respectively, with average contents of FC, VM, and ash at approximately
18.78 %, 75.35 %, and 5.87 %, respectively. The variation in the ranges
of composition analysis could be due to the wide variety of biomass
sources as well as the heterogeneity of individual biomass. It should be
mentioned that the pyrolysis conditions including the PS, HT and RT
cover a broad spectrum, ranging from 0.08 to 42 mm for PS, 1.9 to
500 °C/min for HT, and 100 to 800 °C for PT.

The linear correlation between any two variables, was assessed using
the SCC and the result is depicted using a heatmap (refer to Fig. 3). An
SCC value close to 0 indicates a weak correlation between variables,
whereas an SCC value near + 1 indicates a very strong correlation.
Notably, among the input parameters, strong correlations (SCC > 0.3)
were noted for several pairs, such as FC versus VM with an SCC of —0.68,
C versus ash with an SCC of —0.34, VM versus ash with an SCC of —0.53,
and C versus O content with an SCC of —0.6. These findings are
consistent with other studies reported in the literature that have iden-
tified correlations between the proximate and ultimate compositions of
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Table 2
Statistical summary of input features used in the ML models.
Statistics criterion Cel Hem Lig Vm% Ash% FC% C-% H-% 0-% N-% Size HR PT Temp
count 262 262 262 262 262 262 262 262 262 262 262 262 262 262
mean 37.15 27.81 23.74 75.3 5.87 18.78 47.3 6.03 38.84 1.95 1.47 37.87 506 44.38
std 7.82 8.346 8.74 14.9 6.89 13.45 8.69 1.51 8.861 2.32 2.92 71.57 93.4 50.7
min 8 4 2.7 1.15 0.11 0.55 0.99 0.9 0.004 0 0.08 1.9 100 10
25 % 37.15 27.33 22.68 73.8 1.75 13.75 43.5 5.38 35.66 0.42 0.5 7 452 30
50 % 37.15 27.81 23.74 78.8 4.98 16.39 47.9 5.92 40.58 1.08 0.95 20 500 44.38
75 % 37.15 27.81 23.74 82.3 7.66 18.64 50.6 6.59 44.32 2.67 1.4 30 550 44.38
max 69 79.5 79 97.3 86.8 82.47 79.2 11.3 74.04 18.3 42 500 800 550
PT has a significant impact on the gas yield, with an SCC of 0.71.
';‘tali.lef |  the target feat din the ML model The positive SCC value indicates that an increase in PT leads to
atistical summary of the target features used in the ML model. . . . . .
Y 8 higher gas yield. Conversely, Fig. 3 shows a strong negative correlation
Statistics criterion  H/C ~ 0/C Oilyield  Gasyield  Charyield between PT and biochar yield (SCC = -0.75), suggesting that higher PT
(wtd%) (wt%%) (wt2) reduces biochar yield. Additionally, a higher C content in biomass cor-
count 262 262 262 262 262 relates with increased biochar yield (SCC = 0.55). Fig. 3 also highlights
“tlga“ g'z% g'iggi :7422 225;53 ;‘g'gg significant correlations between various output-input pairs, such as an
N . X R . . . .
min 0.2 0.06 o 2791 2.160 SCC of 0.78 for cha}r yield versus O content and 0.71 for gas yield versus
25 % 2268 0.1 25.33 28.78 35.19 PT. These correlations reveal that PT and O notably affect outputs like
50 % 3.998  0.19 28.45 33.19 38.77 oil, char, and gas yields. The ratios of hydrogen to carbon (H/C) and
75 % 4.527 03686  30.76 36.02 42.29 oxygen to carbon (O/C) are influenced by factors like lignin content
max 17.5 3.57 60.46 47.13 86.84

biomass feedstock [2119]. Furthermore, the SCC values between inputs
and outputs highlight the influence of an input variable on the predic-
tion of outputs. For example, Fig. 3 demonstrates that the input variable
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014

0.26 pwL]

m.

0.35 BUALN 06 0.26
S < I

Size JUBEN 0.13

HR 0.27

0.18

I
3 E 8 ® 2 ® =2 ® 2 &
g E 3 & O % o 2

0.18

(Lig) for H/C, and temperature, cellulose content (Cel), hemicellulose
content (Hem), and N content for O/C. Hence, uncertainties in these key
factors can greatly impact the predictive accuracy of the data-driven
model.

Such uncertainties in the ML model, arising from data quality, model
complexity, and algorithmic randomness, can lead to reduced accuracy.
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Fig. 3. Spearman correlation coefficient between any two variables of interest.
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To mitigate data uncertainty, a robust data preprocessing strategy was
employed in this study. Additionally, the heatmap in Figure S1 of the
supplementary materials, which uses significance levels or p-values,
indicates the strength of these correlations, with higher p-values signi-
fying stronger correlations.

3.2. Selection of optimal preprocessing steps

This section outlines results from data scaling and outlier removal as
well as the performance of hyperparameter optimization and various ML
models.

3.2.1. Scaling of data

Data preparation and preprocessing are essential steps in the creation
of ML models, leading to the development of two principal methods for
transforming data: normalization and standardization. When evaluating
these methods in terms of their impact on model performance, it was
found that models performed better when utilizing normalized data
compared to standardized data. Consequently, normalized data was
chosen for the construction of the ML model.

3.2.2. Outliers removal

Following the data preprocessing step, which involved removing
columns with a significant amount of missing data, 262 data points were
retained. An outlier threshold was established using Sklearn, and based
on this criterion, 17 data points from the cleaned dataset were excluded,
as shown in Fig. 4. The red dashed line likely represents the threshold for
outlier removal. Observations to the right of this line are considered
normal, while those to the left are identified as potential outliers. The
majority of the data clusters near zero, indicating a skew towards higher
normality values. After the removal of outliers, the performance of each
model was evaluated, with the results presented in Tables 4 and 5. It is
important to note that the elimination of outliers is undertaken to
enhance the accuracy of ML predictions.

3.2.3. Model optimization and comparison of model performance

The performances of both optimized and out-of-the-box models,
along with the best preprocessing steps including normalization and
outlier removal, were compared, and presented in Tables 4 and 5. It
should be mentioned that evaluation metrics in the table are calculated
for all output variables collectively. This means the reported values are
aggregate measures of the model’s performance across all predicted
variables. The table indicate that out-of-the-box models for RF, XGBoost,
ANN, and GBR performed optimally without needing hyperparameter
optimization. In contrast, the SGD and AdaBoost models showed
improved performance after hyperparameter optimization compared to
their out-of-the-box counterparts.

For example, the AdaBoost model’s R? increased from 0.81 to 0.90
because of hyperparameter optimization; however, the R? of the GBR
model marginally declined from 0.97 to 0.93. Additionally, the R? of the
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Fig. 4. Diagrammatic representation of the outlier removal threshold.
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SGD model increased from —0.01 to 0.50. In general, optimization was
demonstrated to have a negligible impact on ensemble and tree-based
models. However, hyperparameter optimization can efficiently get the
optimum model structure when the computing demands during model
training are not a concern. Hyperparameter optimization is a process of
fine-tuning the settings used in ML algorithms to obtain the best per-
formance. When computing demands during model training are not a
concern, this optimization can efficiently find the optimum model
structure for several reasons. It is easier to explore a wide range of
hyperparameter values without computing demand bottlenecks. This
includes performing exhaustive searches like grid search, which sys-
tematically works through multiple combinations of parameter values,
or randomized search, which samples a large number of parameter
combinations. Furthermore, higher computational capacity allows for
experimenting with more complex models, which might have numerous
hyperparameters. Complex models often have the potential to achieve
higher performance, provided they are well-tuned. Moreover, with the
availability of computational resources, there is a flexibility to itera-
tively refine hyperparameters. Algorithms like Bayesian optimization
can benefit from this, as they iteratively update the understanding of the
parameter space to find the best values. It should be mentioned that the
contour plots showing the hyperparameters selected for optimization,
their corresponding parameter ranges, and the resulting optimized
hyperparameter combinations have been included in figures S3 — S8 of
the supplementary materials.

The RMSLE performance for each model was visualized using a
boxplot, as shown in Fig. 5. RMSLE was chosen as the metric for
hyperparameter optimization because it disproportionately penalizes
larger differences between predicted and actual values, especially when
the predicted values are much higher than the actual ones. This attribute
is particularly beneficial in datasets with a few extreme outliers, as it
helps to prevent the model from being excessively influenced by these
outliers. Additionally, RMSLE offers improved interpretability since it is
in the same unit as the target variable, thereby simplifying the under-
standing of error magnitude.

The results presented in Tables 4 and 5 indicate that the GBR model
exhibited the most superior predictive performance. Notably, the GBR
model with its default parameters outperformed the version with opti-
mized parameters, leading to a preference for the default GBR model.
With mean R? scores exceeding 0.80 for the training data, the RF,
XGBoost, and AdaBoost models were deemed to perform satisfactorily.
Despite the ANN models showing promise in previous studies [40], they
fell short in this study. While the data set utilized in this study is still
more significant than the ones used in prior works, ANNSs require a lot of
data; a potential explanation for this is the comparatively small quantity
of data available to train the model [53,54,55]. The comparison of the
GBR model’s predictions for each output (H/C, O/C, gas yield, char
yield, and biochar yield) fitted from the training and testing datasets are
shown in Fig. 6.

It should be mentioned that the 12 % deviation line in the figure
indicates the boundary within which the predicted values are considered
to be within 12 % of the actual measured values. This line serves as a
visual guide to assess the accuracy of the model’s predictions. The data
points that fall within the area between the 12 % deviation lines are
within an acceptable range of error, while points outside of this area
deviate from the actual values by more than 12 %. This helps to quickly
identify the model’s predictive performance and the proportion of pre-
dictions that significantly deviate from the true values. Moreover, 12 %
was set as a benchmark based on a meticulous literature search.

More cluster points at the 45-degree line suggested that the GBR
model performed optimally. The GBR model outperformed the other
developed ML models in the training dataset, with MAE, RMSE, and R?
having values of 0.011, 0.016, and 0.97, respectively. The training
performance of the XGBoost model was the second-best, and the SGD
and SVM models had the worst performance. In the testing dataset,
among the developed ML models, the GBR and XGBoost models gave
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Table 4
Performance of all out-of-box models (i.e., after removing outliers without optimization).
Models R2_train R2 _test RMSE_train RMSE _test MAE_train MAE_test
SVM 0.57 0.5269 0.0678 0.0694 0.0521 0.0552
RF 0.93 0.7588 0.0267 0.0499 0.016 0.0326
XGB 0.96 0.7972 0.0189 0.0446 0.0129 0.03
ANN 0.96 0.6011 0.0193 0.0598 0.0123 0.042
GBR 0.97 0.809 0.0166 0.043 0.0113 0.0286
ADA 0.81 0.6904 0.0461 0.056 0.0375 0.043
SGD -0.01 -0.083 0.103 0.1005 0.0724 0.0691
Table 5
Performance of all models after removing outliers and optimization.
Models R2 train RZ test RMSE_train RMSE _test MAE_train MAE_test
RF 0.86 0.7265 0.0388 0.0535 0.0234 0.037
XGB 0.92 0.7481 0.0292 0.0504 0.0186 0.0338
ANN 0.58 0.5939 0.0653 0.0681 0.0456 0.046
GBR 0.93 0.7908 0.022 0.0465 0.0045 0.0279
ADA 0.90 0.7381 0.0301 0.0516 0.0224 0.0373
SGD 0.50 0.4722 0.0714 0.0779 0.0433 0.0456
better testing performances than other models, with the MAE, RMSE,
Model and R? having values of 0.0281, 0.0430, 0.80, and 0.0286, 0.0428, and
-0.004 - = RF 0.81, respectively.
S=IXGB To further evaluate the robustness of the GBR model, Fig. 7 shows the
e : 2:2 sample relative error distribution of each output. The relative error is the
w a ADA absolute difference between the simulated and experimental values
g = SGD divided by the experimental value. From the overall relative error dis-
e =0.008] tribution of the GBR model for each output, the relative error of the oil
yield, gas yield, and biochar yield was the smallest, followed by H/C.
—0.010 1 The relative error for O/C was the highest. The sample relative error
distribution range of the GBR model in the training and testing datasets
—0.012 A for the oil yield, gas yield, and biochar yield was less than 15 %, and
R'F x(';B A;\'m GéR A|'3A sg'D most of the samples were within 2 %. While the relative error distri-
Model

Fig. 5. RMSLE comparison for each model after hyperparameter optimization.

bution ranges of the other outputs (bio-oil H/C and O/C) varied signif-
icantly, most of the samples were less than 100 %. The GBR model
excelled due to its adeptness at managing diverse data types and
numerous features, capturing non-linear relationships and interactions
among variables effectively. Its incremental improvement approach-
—focusing on areas of poor performance—contributes to enhanced
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Fig. 7. Relative error distribution of the GBR model for each output in the training and testing set.

overall accuracy. Consequently, this method yields a more robust
training process, reducing the risk of overfitting and minimizing the
impact of noisy data.

3.2.4. Feature importance analysis

Feature selection stands as a vital step in the preprocessing phase of
developing ML models. It plays a key role in pinpointing critical Fig. 8
evaluates the relative importance of the input features for the model that
delivers optimal performance. This evaluation is performed in the
context of predicting ratios such as H/C and O/C in bio-oil, as well as gas
yield, oil yield, and biochar yield, employing the feature importance
methodology of the GBR model.

The impurity-based feature importance used by the GBR can assign
high significance to features that may not actually predict the target
variable, particularly if those features contribute to overfitting. More-
over, there appears to be no direct correlation between the feature
importance as determined by the GBR model and the linear correlations
of features to targets for H/C and O/C ratios, as described by the
Spearman analysis. The GBR model indicates that the composition of the
feedstocks exerts the strongest influence. Specifically, the H/C and O/C
characteristics of the bio-oil are more heavily dependent on the results

from ultimate analysis and the chemical composition of the biomass
materials rather than the pyrolysis operating conditions. It should be
mentioned that the outcomes of SCCs and the GBR model are inconsis-
tent with the pyrolysis conditions. This is because impurity-based
feature importance suffers from being computed from the training
dataset. Therefore, it is necessary to remove correlated or collinear data
for the following reasons:

e Overfitting, which happens when a model is too complex and has too
many degrees of freedom, can be brought on by collinear data. On
new, untested data, overfitting might result in poor generalization
performance.

Correlated data can cause multicollinearity in linear regression
models. This happens when two or more independent variables
exhibit strong correlations, which might make it challenging to
ascertain the proper relationship between the independent and
dependent variables.

Correlated data may complicate the model’s interpretation. For
instance, it could be challenging to determine which variable is
responsible for the relationship with the target variable if the two
variables are highly correlated.
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Fig. 8. Feature importance plots showing the influence of each feature on the output (target) variables.
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e Correlated data can increase the computational cost and slow the
model’s training process.

A feature selection technique that uses hierarchical clustering to
group similar features together was used alongside the SCC to remove
the correlated data. By thresholding the linkage matrix formed, flat
clusters are created. Clusters with the highest number of features are
selected. Fig. 9a shows a hierarchical clustering diagram, a tree-like
visual representation of a hierarchical clustering model, and a heat-
map of the SCC (Fig. 9b).

The hierarchical clustering diagram shows the structure of the
clusters and the relationships between them. The height of the branches
represents the distance or similarity between the clusters, and the
dendrogram can be cut at a certain height to form a specified number of
clusters. The dendrogram displays the correlation between the input
features. Each colour group has a minimum of one feature chosen. O, PT,
H, N, Lig, Size, and Ash were selected as the features. The GBR model
was then trained using these features, and its performance was evalu-
ated using the testing dataset. The model’s R? increased by 5 %, from
0.80 to 0.84.

The results indicate that a suitable combination of the PT, PS,
proximate analysis (Ash), chemical components (Lignin), and element
composition of biomass (O, H, and N, since there is a strong correlation
between C and O) are necessary features for predicting the H/C, O/C,
gas yield, oil yield, and biochar yield of a given biomass.

3.3. Interpretability analysis

The global interpretability of the GBR models was studied as it was
found to be the best-performing model. Permutation feature importance
was computed for the ML model using all the input features in Fig. 10.
Additionally, the best features obtained from feature selection, using
SCC and hierarchical clustering were selected for permutation feature
importance in Fig. 11. The permutation feature importance scores were
further visualized using the optimal features to understand the rela-
tionship between the features and each target variable. Although it
received a high score, the C feature was excluded from the feature se-
lection process due to its significant correlation with O, which was done
to avoid issues with multicollinearity. Furthermore, C was later incor-
porated into the feature set, and the model was retrained to reinforce
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this decision. However, the resulting R? value dropped from 0.84 to 0.83
upon the inclusion of C.

The permutation feature important plot suggests that O exerted the
greatest influence on the bio-0il H/C, O/C, gas yield, oil yield, and
biochar yield. Following closely was the pyrolysis temperature, PT. The
result aligns with experimental findings reported in the literature for
biomass pyrolysis [18,19,21]. High oxygen content in biomass can lead
to increased production of water and CO» during pyrolysis, which affects
the yield and composition of bio-oil and gas. For example, studies show
that the presence of oxygen influences the reactive species during
thermochemical conversion, which in turn affects the H/C and O/C ra-
tios in the resulting bio-oil, a crucial determinant of its quality and en-
ergy content [56,57]. Similarly, PT has been found to be a critical factor;
higher temperatures generally increase gas yield and decrease biochar
yield, as thermal decomposition intensifies, leading to more significant
fragmentation of the biomass components [58]. This combination of
high O content and optimal PT can therefore dictate the efficiency and
output of the biomass conversion process.

An assessment of SHAP feature importance was conducted to gain
deeper insights into the impact of each feature on the output. The
relevance of each feature in predicting the respective target values for
the biomass is illustrated in Fig. 12. From the diagram, PT and O had
more of an influence on the model’s ability to estimate gas yield than did
the N content of the biomass. O had a greater influence on the model for
char yield, while PT, H, and N had less impact. The model is not
significantly affected by Ash, PS, or Lig. Furthermore, PT, O, and H
played a significant role in predicting oil yield. Ash, Lig, and O had a
more significant impact on the model’s ability to predict H/C. Compared
to the permutation feature importance, the SHAP feature importance
result seemed more interpretable and offered a better insight into the
impact of each feature on the model.

To gain a deeper understanding of how each feature influences a
specific target variable, a partial dependence analysis was conducted.
The optimal model’s feature importance determined the relevance of the
target variable, and partial correlation analysis was performed on the
relevant feature variables related to bio-0il H/C and O/C ratio, gas yield,
oil yield, and biochar production. The Partial Dependence Plot (PDP)
analysis unveils how each feature impacts the target variables. In this
approach, while keeping the remaining features at their mean values,
one feature is adjusted to predict the target variables, which include H/
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Fig. 9. Hierarchical clustering showing the correlation between input features. (a) hierarchical clustering diagram (b) heat map.
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Fig. 10. Permutation feature importance without feature selection.

C, O/C, gas yield, oil yield, and biochar yield.

Figs. 13 - 17 illustrate the partial dependence of different feature
variables on each respective target. From Fig. 13, the bio-oil H/C ratio
remains unaffected by lignin values in biomass below 20; yet a modest
uptick is noted when values range between 20 and 48, followed by a
marked decline thereafter. Moreover, the H/C ratio in the bio-oil ex-
hibits an increase as the biomass ash content rises within the 6-8 %
bracket, only to taper off slightly beyond this range. The observed trends
in the PDP regarding biomass composition and pyrolysis outcomes can
be explained by the unique properties and reactions of lignin during the
pyrolysis process. Lignin is a complex organic polymer found in plant
cell walls that contributes to the structure and rigidity of plants. Its
composition and the way it breaks down during pyrolysis can signifi-
cantly influence the quality and yield of bio-oil [2]. For instance, it’s
known that lignin can produce higher amounts of bio-oil under certain
conditions [59].

The content of lignin in the biomass and the pyrolysis temperature
are both crucial. An increase in lignin content has been shown to affect
the yield and composition of bio-oil. For example, a study demonstrated
that increasing the lignin content in poplar from 17 % to 22 % at a
pyrolysis temperature of 500 °C decreased the relative bio-oil yield and
the yield of lignin-derived phenolic species [60].

Additionally, the thermal value and the C content of bio-oil are also
impacted by the lignin content. Optimal yields of bio-oil with high C
content and thermal value were obtained at a specific temperature,
indicating that fewer aromatics in the liquid phase result in higher O/C
and H/C ratios in the final products [61]. These findings suggest that the
structure of lignin, the conditions under which pyrolysis occurs, and the
specific methods used to process and upgrade the bio-oil all play a sig-
nificant role in determining the final H/C and O/C ratios, as well as the
overall yield of the pyrolysis products. The relationship between lignin
content, pyrolysis conditions, and bio-oil characteristics is a nuanced
interplay that has a profound impact on the efficiency and effectiveness
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of biomass conversion technologies.

Fig. 13 illustrates that the O content of biomass exerts the most
pronounced influence on the H/C ratio in bio-oil. As the O content rises,
there is a corresponding increase in the H/C ratio. This relationship can
be attributed to the negative correlation between O and C contents; a
higher O content typically means a lower carbon presence, leading to an
elevated H/C ratio. H and N contents, on the other hand, did not show a
significant effect on the H/C ratio. Additionally, the figure indicates that
the H/C yield improves as the PS of the biomass exceeds 3 mm.
Regarding the influence of PT, the H/C ratio remains unchanged at
temperatures below 500 °C. However, an uptick in the H/C ratio is seen
between 500 and 700 °C, after which it starts to decline. This suggests
that only beyond a certain temperature threshold does the PT begin to
affect the H/C ratio in bio-oil, reflecting the complex thermal dynamics
of biomass pyrolysis.

The increase in the H/C ratio with a rise in biomass oxygen content is
a consequence of the thermal decomposition of biomass constituents,
where oxygen-rich components break down into water and carbon di-
oxide, thus enriching the H/C ratio. Larger biomass particles result in
more incomplete carbonization, preserving more hydrogen. Tempera-
tures between 500 °C and 700 °C facilitate the breakdown of biomass
into simpler hydrocarbons, thus increasing the H/C ratio, while higher
temperatures lead to more stable carbon structures and a lower H/C
ratio [61].

The ratios of O/C in the bio-oil were not affected by the lower values
of Lig below 15; however, an increase was observed for values in the
range of 20-40 (Fig. 14). In addition, the O/C ratios increase signifi-
cantly with ash content in the range of 8-14 %. No effect was observed
for values less than 8 %. O has no significant impact on O/C. This sug-
gests that while certain components of biomass, like lignin and ash at
specific concentrations, contribute to the O/C ratio in the resulting bio-
oil, the direct contribution of O content in the biomass does not alter this
ratio significantly, pointing to complex interactions between the various
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Fig. 11. Permutation feature importance after feature selection.

biomass constituents during the pyrolysis process.

The oil yield was not affected by Lig, ash, N, or the particle size of the
biomass (Fig. 15). On the contrary, both the O and H content of biomass
had a significant impact on the gas yield. As O and H increase, the oil
yield also increases. The PT also significantly affected the oil yield. As PT
increased above 500, a significant decrease in the oil yield was observed.
An increase in oil yield was observed for PT values in the range of
400—-500 °C. The trend where the oil yield increases with the O and H
content in biomass but decreases above a PT of 500 °C can be explained
by the chemical reactions occurring during pyrolysis. Oxygen and
hydrogen present in the biomass contribute to the formation of volatile
compounds during pyrolysis, which can enhance oil yield [59,61]. At
optimal temperatures (400-500 °C), these volatiles are effectively con-
verted into liquid bio-oil. However, at temperatures above 500 °C,
further thermal decomposition leads to the cracking of these volatiles
into non-condensable gases and char, thus reducing the oil yield [56].

This behavior aligns with the findings from literature wherein
certain biomass constituents like lignin and ash do not directly influence
oil yield, while the presence of oxygen and hydrogen is critical in
determining the quantity and quality of bio-oil. Moreover, the thermal
degradation of biomass components at varying temperatures has a sig-
nificant effect on the distribution of pyrolysis products [62].

The gas yield was not affected by Lig, ash, or the PS of the biomass
(Fig. 16). On the contrary, both O, PT, N, and H content significantly
impacted the gas yield. As O, N, PT, and H increase, the gas yield also
increases. Oxygen and nitrogen present in the biomass contribute to the
formation of gas products through various pathways, including
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oxidative reactions and nitrogenous gas formation. The increase in PT
facilitates thermal cracking, which breaks down biomass into simpler
gas molecules, while hydrogen contributes to the formation of
combustible gases. The combined increase in these elements and con-
ditions enhances the decomposition and gasification of biomass,
resulting in higher gas yields.

The pyrolysis temperature, PT, significantly affected the oil yield as
shown in Fig. 16. As PT increased above 400 °C, a significant increase in
the gas yield was observed. The PS of the biomass and the presence of Lig
did not influence the char yield (Fig. 17). However, O, PT, N, and H
content notably affected the gas yield. An increase in O, N, PT, and H
content corresponded to a decrease in char yield. Notably, the pyrolysis
temperature, PT, substantially impacted the oil yield, with a marked
increase in gas yield observed when PT exceeded 400 °C. No observable
effect was seen for PT values below 300 °C. For O levels below 30 %,
there was no discernible impact on char yield, but for O contents
exceeding 30 %, a significant reduction in char yield was noted.
Furthermore, an increase in ash content resulted in a higher char yield.

To further enhance the implementation of the ML model among a
wide variety of individuals an app was created in huggingface using
Gradio. Details of the app are presented in figure S2 of the supplemen-
tary materials and the link to the app can be found in the Github re-
pository (see data availability section).

4. Conclusions and prospects

This research employed a ML method to comprehensively predict the
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yield of bio-oil, biochar, and gases produced by biomass pyrolysis and
the H/C and O/C contents of bio-oil. The novel contributions lie in the
integration of process modelling with ML to develop a comprehensive
pyrolysis dataset for modelling complex input-out pyrolysis relation-
ships. The GBR was identified as the most effective among various ma-
chine learning models. It accurately predicted yields of gas, biochar, and
bio-oil, and their H/C and O/C compositions. GBR effectively demon-
strated the complex relationships between these variables visually. The
SHAP importance score analysis of the GBR model result revealed that
the ultimate analysis data of the biomass feedstock and pyrolysis
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conditions had a significant impact on the bio-oil, biochar, and gas yield,
while the chemical composition data of the biomass feedstock and the
proximate analysis data had a greater influence on the O/C and H/C of
bio-oil.

Based on the findings of this research, it is recommended that ML
methods, such as the GBR, if trained on a huge dataset, be utilized in
predicting the yield of bio-oil, biochar, and gas produced from biomass
pyrolysis, along with their H/C and O/C compositions and other
important characteristics like the calorific value and viscosity. The use of
PDP and SHAP feature analysis can provide valuable insights into the



D. Chinenye Divine et al.

Fuel 366 (2024) 131346

125 125 125
o o o
g 100 £ 100 S 100
] ] 5
£ 075 £ 0751 €075
Q (=% (=%
2 050 4 2 050 2 050
K] K] K]
£ 0251 £ 025 £ 025
& & &
0.00 1 - 1 1 - . °'°°‘I Tt T 1 . 0.00 1 | — 11y
10 20 30 40 50 0 2 8 10 12 14 30 35 40 45
Lig Ash% 0%
125 125 125
o o o
Y 100 ¢ 100 4 Y 100
5 5 5
2 075 1 2 0751 2 075 1
o o b
3 050 4 3 050 3 050
£ 0251 £ 025 £ 025 1
. — Y% . ' l1——.——.—.—’\ L . l‘L.;n-r’
0.00 1 LNV 1 1 0001 "4y 0001 , 1 1
v T T T v . r T r v { } } T r T v T
5 6 7 8 0 1 3 4 5 6 0 1 2 3 4 5 6 7 8
H-% N-% Size
125
o
¥ 100
[
2 075 {
v
o
2 050 4
£ 025 1
o
oo —— N
300 400 500 600 700 800
PT
Fig. 14. Partial dependence plots for O/C.
4 4 4
vt I ]
g 2 g 2 g 2
e b= b=
g 0 5 01 § 0
a [=% [=%
S -2 S -2 1 S -2
s s ]
£ £ 41 £ -4
a a a
- — Al : r -6‘. LLtll L —L : -
10 20 30 40 50 0 2 8 0 12 14
Lig Ash%
4 4] 4
] Y o
5 2 S 21 £ 2
2 = e
g 0 L e NP 5 0
(=% [=} (=%
S -2 s -2 S 2
K] © o
£ -4 £ -4 1 £ -4
£ & &
-6 Lo A 1 '6',1111‘1 i — ; -6 Anpr oy } . . : ; ;
5 6 7 8 0 1 3 4 5 6 0 2 3 4 5 6 7 8
H-% N-% Size
4
o
o
s 2
o
g 0
o
o =2
-l
£ -4
& 6
r — 1| r v
300 400 500 600 700 800
PT

Fig. 15. Partial dependence plots for oil yield.

relationship between target and feature, including biomass composition
and pyrolysis conditions. Therefore, the application of these methods in
future research and industrial practice can lead to more accurate and
efficient predictions of bioenergy yields, which can contribute to the
development of sustainable energy production. Moreover, rapid pre-
diction of pyrolysis yield and bio-oil properties plays a crucial role in
decision-making related to the selection of feedstock or process condi-
tions. This, in turn, contributes significantly to enhancing the economic
and environmental assessment of biofuel production through pyrolysis.

While the study presents promising results in prediction, it is
important to acknowledge several limitations. Firstly, most ML models
require a substantial amount of data, which was not available in this
study. Future research should consider evaluating the use of synthetic
data generation methods, such as Generative Adversarial Networks
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(GAN) or Variational Autoencoders (VAE). These methods could be
instrumental in augmenting the dataset and improving the model’s
predictive capabilities. A comparative analysis of these synthetic data
generation techniques and their impact on the prediction accuracy of the
model would be valuable.

Additionally, Physics-Informed Machine Learning (PIML) methods
present another viable approach for modelling complex pyrolysis re-
lationships. These methods integrate physical laws into the learning
process, ensuring that the model not only learns from data but also
adheres to the underlying mechanisms of pyrolysis. Future studies
should explore the adoption of PIML methods to enhance the modelling
of biomass pyrolysis, potentially leading to more accurate and reliable
predictions.

Another notable limitation is the incorporation of biomass classes as
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part of the input features in the model. The selection of a diverse range of
biomass classes, such as woody biomass, energy crops, and algae, could
significantly improve the machine-learning model’s performance. By
incorporating a broader spectrum of biomass types, the model can learn
from a more varied dataset, which could lead to better generalization
and predictive accuracy in diverse pyrolysis scenarios. This expansion in
biomass class variety would likely contribute to a more robust and
versatile model, better suited for practical applications in biofuel
production.

https://github.com/DouglasDivine/Thesis.

Note that the Aspen plus process simulation file is not included due to
proprietary reasons however, it is available on request by the readers.
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