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and Optimizing Hydrogen Production
in Co-Gasification Process

Thavavel Vaiyapuri

College of Computer Engineering and Sciences; Prince Sattam bin Abdulaziz University, Saudi Arabia; t.thangam@psau.edu.sa

Abstract: Renewable energy is essential to environmental sustainability and ranks high among the United Nations

strategic goals. In this context, as opposed to conventional biomass gasification, co-gasification emerges as a

promising technological pathway to effectively combine the distinct benefits of various gasification feedstocks in

order to generate hydrogen-rich syngas. The goal of achieving net-zero emissions has further raised the demand

for biomass co-gasification. However, the complicated reactions involved in co-gasification process pose challenge

in optimizing the process parameters for increased productivity and performance. To the author’s knowledge,

there is no consensus regarding the most suitable machine learning (ML) based regression models for optimizing

biomass-plastics co-gasification process, as no prior research has examined the effectiveness of different regression

models for this process. Further, the practical application of ML models is adversely affected by their black box

nature and lack of interpretability. To address these gaps, the objective of the currect research is two-fold: Firstly,

to model the co-gasification process using seven different ML algorithms. Secondly, to develop an evaluation

framework and assess model interpretability to select an ideal model for co-gasification interpretation and

optimization. The support vector regression(SVR) model demonstrated the most reliable predictive performance.

The study employed learning curve analysis and cross validation analysis to substantiate the model predictive

performance and exhibit its potential to generalize. Beyond performance analysis, Shapely additive explanation,

(SHAP) is first explored in the realm of cogasification to interpret the prediction of the studied models from global

and local perspective. The research findings are expected to provide valuable insights to better understand and

optimize biomass-plastics cogasification process for H2-rich syngas production.

Keywords: thermochemical conversion; biomass gasificationclean energy; explainable artificial intelligence; shap

framework; summary plot; force plot

1. Introduction

Rapid industrialization and population growth have resulted in a significant hike in energy
demand. Approximately 80% of worldwide energy comes from fossil fuels, which may potentially
raise the greenhouse gas (GHG) emissions, particularly carbon dioxide CO2 [1]. The far-reaching
consequences of this trend with detrimental effects on the ecosystem has alarmed the world leaders and
policymakers, to move towards an environmentally benign energy source. Parallel to this, worldwide
plastic production has increased steadily in order to satisfy the demands of the international market.
Plastics, being composed of petroleum-based materials, have contributed to the depletion of non-
renewable fossil fuels as a consequence of this phenomenon. Beyond that, the accumulation of plastic
waste without a proper disposal system endangers the health of humans and animals by contaminating
groundwater [2]. This has necessitated urgent research for a sustainable treatment of plastic waste.
Numerous approaches have been utilized to alleviate this issue but recycling plastic waste into fuels
rich in energy has been recognized as the most favorable strategy to address challenges faced globally,
and move towards a more sustainable future [3]. Considering the rapid growth in energy consumption
and the pressing environmental issues, the pursuit of clean energy production is vitally important
research endeavor. Hydrogen is widely acknowledged as a potential clean energy carrier due to its
applicability and versatility. Moreover, in the field of transportation, hydrogen has the potential to
serve as a carbon-free green substitute for traditional fossil fuel-powered internal combustion engines.
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The rapid development of hydrogen technology and growing energy demand has driven many
countries to prioritize hydrogen development in their national strategies and implement measures to
meet their sustainability development goals [4]. Hydrogen being globally recognized as an important
energy carrier in international decarbonization strategies, there is rising attentiveness to establish the
sustainability of hydrogen production. The plastic wastes containing hydrocarbons are considered as
an excellent feed for hydrogen production with minimal GHG emissions [5]. The majority of nations
are therefore eager to promote innovations in clean hydrogen production from plastic wastes and
boost their economy [6].

Thermochemical methods have recently received increased attention from scientific community,
governments and industry as a promising versatile platform for producing hydrogen-rich gases from
plastic wastes due to its high conversion efficiency and high process yield [7]. Amongst all diverse
thermochemical methods, gasification has stood out as a key technology to provide a significant
framework for large-scale conversion of plastic wastes with reduced GHG emissions. As evidenced
from recent literature [8], co-gasification of plastic wastes with biomass have attracted a great deal
of attention because of its synergistic effects to enhance the energy conversion efficiency and reduce
significant secondary pollution that are often associated with plastic gasification. However, the paucity
of literature on biomass-plastics co-gasification clearly indicates its infancy stage with substantial
needs for further research and improvements. Besides its promising features, the biomass-plastics
co-gasification is not yet deployed at industrial scale owing to its ill-defined phenomena influenced
by various internal and external process parameters. Therefore, modeling such a complex process
using computational fluid dynamics is challenging [9]. Accordingly, many experiments are required
to gain a deep understanding of design, optimize, control, and scale up of co-gasification process.
However, due to limitations in time and resources, researchers often find it challenging to explore
high dimensional parameter space with experimental trials. Thus, it is of the utmost importance to
understand and maximize the impact of process parameters on hydrogen production especially during
co-gasification process with the available limited experimental data.

With the beginning of the 4th industrial revolution and technological breakthroughs, ML tech-
nology [10], a branch of artificial intelligence, has been reported as an effective tool for addressing
the above-mentioned bottlenecks. This powerful technique has proven effective in uncovering trends
and patterns within co-gasification datasets without requiring deep understanding of the underlying
physicochemical mechanics. In addition, ML not only enables to circumvent experimental measure-
ments but also utilizes sophisticated computational methods to understand complex chemical reactions
that are challenging to model mathematically and establish models with high accuracy [11]. With
its unique characteristics, ML has been widely applied in various research publications to simulate
gasification [12]. However, identifying the most suitable and reliable ML algorithm is a crucial step
to realize the full potential of ML algorithm, it is worth noting that no studies have investigated the
significant performance of different ML algorithms for estimating hydrogen production, especially
from biomass-plastics co-gasification process. Also, it is surprising that there is indeed a glaring lack of
attempt to understand the performance of the ML algorithms with limited experimental data. There-
fore, there is a need for a consensus on best ML algorithm to determine the optimal process parameters
for maximizing hydrogen production from biomass-plastics co-gasification with the available limited
experimental data. It is essential to address these gaps in order to successfully commercialize this
technology and widely implement it as a solution to decrease GHG emissions, while also addressing
the increasing need for liquid fuel.

To fill this gap of knowledge, this is the first study that delves to investigate a wide range
of ML regression models for estimating hydrogen production accuracy from biomass-plastics co-
gasification process. The ML models selected for comparison includes linear regression (LR), decision
tree regression (DTR), random forest regression (RFR), gradient boosting regression (GBR), support
vector regression (SVR), and multilayer perceptron (MLP). The rationale for selecting these ML models
was based on their strong performance reported in the relevant literature [13]. Furthermore, they are
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widely utilized in the field of biomass conversion. These models are assessed using the currently
available, limited amount of experimental data. All models are configured using a standardized
model configuration to maintain consistent model complexity and enable a meaningful comparison.
The comprehensive assessment results illustrate the respective benefits and generalization ability
of developed regression models in precisely capturing the intricate connection between the process
parameters and hydrogen production with regard to biomass-plastics co-gasification process.

The outcome of this research is expected to hold considerable importance in terms of enhancing
and optimizing co-gasification systems involving biomass and plastics. Such advancements could re-
sult in increased efficiency and efficacy in the utilization of these invaluable resources. This knowledge
has significant promise for promoting the advancement of economically efficient and environmentally
friendly co-gasification systems for biomass-plastics.These findings can help researchers and business
executives to maximize the advantages of biomass-plastics co-gasification while reducing its negative
effects on the environment. In conclusion, this work makes a valuable contribution to the progress of
sustainable energy technology and the shift towards a more environmentally friendly and sustainable
future.

2. Machine Learning Models

2.1. k-Nearest Neighbor (KNN) Regression

KNN regression is a non-parametric ML technique that is widely recognized for its simplicity and
ease of implementation [14]. This approach is mostly used when there is a lack of prior knowledge
regarding the distribution of data. The implementation of KNN utilizes instance-based learning, which
operates on the fundamental principle that the nearest neighbors have the greatest potential to impact
the prediction. Against this background, the approach uses the output of its neighbors to predict the
outcome of the test sample rather than learning the mapping from training set. Hence, choosing a
method to calculate the distance between test and training data is the first step in developing this
algorithm. Euclidean distance is commonly observed in this context.

KNN is regarded as a lazy learner as it saves the training data and starts learning process when
test data is presented for prediction. For instance, To determine which training dataset samples are the
k-nearest to a given X, KNN calculates the distance di between X and each sample xi in the training
dataset D = (x1, y1), (x2, y2), ..., (xN , yN). It then picks the k samples with the shortest distance. Finally,
it provides the k-nearest neighbor’s weighted average as follows [14].

Ŷ =
k

∑
i=1

yi(X) (1)

Two key aspects impact prediction results: k value and distance measuring method. Small k values
make outcomes vulnerable to adjacent noise. If k is significant, irrelevant points can be considered.
The optimal k value is usually computed via cross-validation.

2.2. Decision Tree Regression (DTR)

Recently, DTR has grown popular due to its ease of implementation, interpretability, and low
computing cost. In contrast to LR models that utilize a single regression function, whether parametric
or non-parametric, across the entire dataset and incorporates all independent variables as predictors,
the DTR model employs stratified regression analysis and applies different regression models to
stratified samples of the independent variables with varying relationships to the dependent variable.
More crucially, they can handle non-linear interactions between features, which many other ML
algorithms cannot, and finds the most essential features that influence decision-making.

The fundamental principle underlying the use of DTR is to divide complicated decision into
simpler ones and create easier-to-interpret prediction. To this end, DTR employ a recursive partitioning
of training samples D = (x1, y1), (x2, y2), ..., (xN , yN) into homogeneous subsets at each node based
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on the partitioning criteria such as Information gain and Gini impurity [15]. This partitioning is
carried out by dividing the predicator space into distinct regions Rj (where j = 1 to J) that represents
the terminal nodes. Each region j is assigned with a constant γj and the tree ϕTP is mathematically
modelled as follows [15],

Ŷ = ϕTP(X, θ) =
J

∑
j=1

γj I(X ∈ Rj) where (2)

I(X ∈ Rj) =

{
1, if X ∈ Rj

0, otherwise

The efficacy of the DTR model relies on the process of identifying the optimal hyperparameter θ

through the minimization of the prediction error, which is mathematically represented as:

θ̂ = argminθ

N

∑
i=1

L(yi, ŷi) (3)

where yi is the outcome of the input sample xi and L(.) is loss function. For regression problem,
the loss function is mean square error. θ̂ represents the optimized hyperparameter. Against this
background, the DTR may overfit if the depth of the tree is extremely high by learning too fine training
data details. This phenomenon has the potential to result in generalization on unseen data. conversely,
an extreme low tree depth may lead to under-fitting. Therefore, the tuning of tree depth is of utmost
importance. Although decision trees have some limitations, they may successfully address the issue of
missing data by employing techniques such as weighted impurity and attribute splitting.

2.3. Support Vector Regression (SVR)

support vector machine (SVM) is among the most popular ML algorithms for classification
problems on the basis of statistical learning theory. SVR is a modified version of SVM that has
been specifically developed to address high dimensionality, nonlinearity, and limited sample sizes
in regression problems. In contrast to previous regression models, SVR focuses on minimizing the
generalization error instead of minimizing the sum of squared errors between predicted and actual
outcomes [15]. In addition, it utilizes the advantages of kernel function to effectively capture and
represent non-linear correlation between the input and output data in a higher-dimensional space. SVR
eventually achieves generalized regression efficiency by adequately minimizing both the observed
distribution error and training error.

In a broad context, SVR endeavors to identify a function that adequately captures the correlation
between xi and yi within the provided training dataset D = (x1, y1), (x2, y2), ..., (xN , yN), as seen
below ([15]).

Ŷ =
N

∑
i=1

αiK(xi, xj) + b where (4)

K(xi, xj) = exp
∥xi − xj∥2

2σ2 (5)

In this case, αi and b are the support vectors and bias term respectively, determined during
training. The kernel function, denoted as K, aims to map the feature space onto a higher dimension.
As a result, features that are not linearly separable in lower dimensions can achieve linear separability
in higher dimensions. The selection of kernel function is a crucial task in SVR and the primary kernel
functions used within SVR framework includes, namely linear, polynomial, sigmoid, and radial basis
function (RBF). This study uses RBF kernel defined in Eqn-(5).

Following the selection of a kernel, the empirical risk minimization strategy can be leveraged
using a robust insensitive loss function given in Eqn-(7) to train SVR and achieve an optimal solution.
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Thus, the support vectors and bias determined by minimizing Eqn-(6), can subsequently be utilized to
make predictions using Eqn-(4).

J =
m

∑
i=1

Lϵ(ŷi, yi) (6)

Lϵ =

{
0, if yi − ŷi ≤ ϵ

yi − ŷi − ϵ, otherwise
(7)

2.4. Gradient Boosting Regression(GBR)

GBR is another ensemble variant of DTR proposed by Friedman. It incorporates boosting learning
approach and gradient descent method to effectively identify the limits of weak learners and enhance
their prediction accuracy. MART, an acronym for Multiple Additive Regression Trees, is a specialized
version of gradient boosting that has been tailored exclusively for regression purposes [16]. In general,
boosting methods consist three fundamental components: an ensemble model, weak learners, and a
loss function. In this context, weak learners refer to models that exhibit a strong bias with the training
dataset and produces outputs that are not noteworthy. Unlike RFR, GBR redefines boosting as a
numerical optimization problem and iteratively adds a weak learner to the ensemble model using
gradient descent to minimize the loss function. Mathematically, GBR model over M trees can be
described as [16]:

Ŷ = Gm(X) = Gm−1(X) + αϕTP(X,θ) (8)

Here T(x, θm) is the weak classifier generated in mth iteration, θm is determined minimizing the loss
function which can be described as:

θ̂m = argminθ

N

∑
i=1

L(yi, ŷi) (9)

where Gm−1(X) is the previous tree residue and GBR minimizes the θ̂m to establish the parameters
of the resulting ensemble. Training process seeks to lower the loss function as much as possible to find
the local or global optimal solution. Thus, GBR can help reduce bias and variation in prediction results
particularly when applied to small datasets. Therefore, this study utilized GBR to predict hydrogen
production in a small-dataset environment.

2.5. Random Forest Regression (RFR)

RFR is a variation of DTR model that was introduced by Breiman with an aim to improve the
performance of decision tree models leveraging bagging ensemble learning method [17]. Within
this learning framework, RFR improves DTR generalization by incorporating randomness at two
levels. First, the tree construction process begins utilizing bootstrap sampling with replacement to
randomly select the training datasets Tb (where b = 1 to B) from the complete training dataset T. Second,
during the tree partitioning process, RFR endeavors to identify the most favorable partition by either
examining the whole predicator space or by utilizing the maximum number of predicator variables m.
Mathematically, the final random forest with B trees Tb (where b = 1 to B) is represented as follows [17],

Ŷ = ΦTB,P(X) =
B

∑
b=1

ϕTb,m(X) (10)

Thus, RFR gains potential to eliminate DTR overfitting by leveraging the benefits of ensem-
ble learning and random sampling. Furthermore,the RFR inherent cross validation ability with
bootstrapped samples estimates realistic prediction error during training, making it appropriate for

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 23 September 2024                   doi:10.20944/preprints202409.1756.v1

https://doi.org/10.20944/preprints202409.1756.v1


6 of 20

real-time application. Nevertheless in real practice, RF structure must be managed with an adequate
amount of trees to balance accuracy and computational burden.

2.6. Multilayer Percepttron (MLP)

MLP is a specific category of artificial neural network. It emulates the neural structure of human
brain to address a problem, and can be employed for regression or classification tasks. The success
of MLP-based neural networks in a wide range of applications depends on their ability to accurately
approximate any function to any desired level of accuracy [18]. The MLP model consists of three sorts
of layers: an input layer, one or more hidden layers, and an output layer. The nodes within each layer
are interconnected by weighted connections to minimize the discrepancy between the output of the
network and the desired output. The output signals of a Multilayer Perceptron (MLP) are determined
by the summation of the inputs from the previous layer, which is then adjusted by a basic nonlinear
activation function as given below [18],

Ŷ = Act_ f un(
f

∑
N=1

WN.lXN) (11)

In this context, the variables f and l represent the input process parameters and the number of nodes,
respectively. Additionally, wide variety of activation functions that can be used, includes linear,
sigmoid, softmax, tanh, and rectified linear unit (RELU). In general, backpropagation strategy is used
to optimize the model parameters during the training process. This is done by modifying the bias and
weights at each epoch, gradually reducing the output error as described in Eqn-(11). Thus, the strategy
facilitates MLP achieve enhanced precision.

3. Model Design and Implementation

The evaluation process framework is depicted in Figure 1. The figure depicts the relationship
between techniques and practices discussed under the section-2. The step-wise exploration of the
methodology adopted for comprehensive analysis of selected predictive models for hydrogen produc-
tion is as follows,

Figure 1. Evaluation framework of Explainable ML models for hydrogen production prediction.
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3.1. Data Description

The research data utilized in this study was sourced from prior literature on the co-gasification of
waste plastic and rubber, as documented by [19,20]. The dataset comprises 30 independent experiments
carried out in a central composite design, wherein the independent variables include HDPE particle,
Rubber seed shell (RSS) biomass particle size, plastic quantity in the mixture and gasification tem-
perature. The quantity of hydrogen generated during the co-gasification of plastic and rubber waste
was measured as the dependent variable. The experiment was conducted using a thermogravimetric
analyzer that was connected to a mass spectrometer. Table 1 displays the descriptive statistics of
the data. The HDPE particle size, biomass RSS particle size, plastic composition in the mixture and
gasification temperature were measured in the range of 0.13 to 0.63mm, 0.13 to 0.63 mm, 0% to 40%
and 500◦ to 900◦ respectively.

Table 1. Descriptive data statistics.

Table 2 presents the characteristics of the primary raw materials used in this investigation. Here,
The elemental analyzer and thermogravimetry analyzer, respectively, were used to perform the ultimate
and proximate analyses of these feedstocks. As illustrated in Table-2, the proximate analysis reports
the elemental composition of volatile matters(V), fixed carbon(FC), ash (A) and moisture content (M) in
the raw materials. While ultimate analysis determines the elemental composition of carbon, hydrogen,
nitrogen and oxygen content in the raw materials.Additional information regarding the dataset can be
found elsewhere [20].

Table 2. Characteristics of HDPE and RSS.

3.2. Data Preparation

Data preparation is a crucial step that must be undertaken prior to model training. This process
guarantees optimal performance and promotes competence in the generated models.Data format
must be consistent for ML algorithms. To achieve this, feature scaling, the process of ensuring that
all features are normalized to a consistent range is essential in data preprocessing to reduce model
complexity and accelerating the learning process. It also enables every feature to contribute evenly
and prevents model bias. As discussed in the subsection-3.1, the features collected from cogasification
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process have different scales, different distributions and sometimes outliers. This study uses min-max
normalization to normalize all features as defined below [21],

x̄ =
x − min(x)

max(x)− min(x)
(12)

3.3. Model Implementation

ML models chosen for investigation in this study are developed using the sklearn library in
python. Apart from that, in specific, python libraries such as statsmodel, seaborn and matplotlib were
utilized for conducting exploratory data analysis with purpose to gain insights into the relationship
between predictors and the target variable. Furthermore, the study made use of the Jupyter notebook
interface provided by the Google Colaboratory platform [22]. This interface offers a highly interactive
programming environment for Python, eliminating the need for local system setup. All tests in this
study were conducted using this platform. As stated in the literature, the efficacy of a machine
learning algorithm is dependent upon the quality of the training and testing data employed during the
model development process. The diversified training and testing datasets are essential for accurately
assessing the true performance of a model, since they mitigate the potential biases that may arise from
over-fitting or under-fitting the model to the training data. Taking into account this fact, stratified
sampling was adopted to split the study dataset using the most common split ratio 80:20. This indicates
that 80% of the data are used for training and remaining 20% for testing set [23].

Following the process of data splitting, the initial step involves the implementation of selected ML
models with baseline hyperparameter configurations. These models are then trained using a 10-fold
cross validation (10-CV) technique, which aims to provide more reliable and stable estimates. The
aforementioned models are labeled as unoptimized machine learning models. For the second task, we
reimplemented all models specifying the hyperparameter space for each ML model. Subsequently,
a 10-CV was utilized to determine the optimal hyperparameters for all models. The ML models
developed using the optimal hyperparameters have been designated as tuned models.

3.4. Model hyperparameter tuning

Hyperparameters refer to the parameters that are used to define the architecture of a model.
The process of selecting appropriate hyperparameter values for a given ML algorithm and dataset is
crucial [24]. Hyperparameters play a significant role in controlling the model learning process and can
greatly affect the effectiveness of ML models. The objective of hyperparameter tuning is to enhance the
generalization performance of the model by identifying the optimal values for the hyperparameters
that yield the most favorable out-of-sample performance.

The cross-validated grid search function (GridSearchCV) in python is employed with negated
MAE as scoring parameter to analyze every possible combination of hyperparameters and determine
the optimal set that maximizes generalization performance. Finally, to evaluate how well the best
found combination generalises, we measure its score on the hold-out test set. Table 3 provides insight
into the hyperparameter space for all machine learning models.
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Table 3. Optimized Hyperparameters for the different prediction models.

4. Results and Discussion

The assessment of the developed ML models is utmost importance in order to select the ideal
model for accurate prediction of hydrogen production in a co-gasification process. Within this frame-
work, experiments are designed to evaluate the developed models across three dimensions, such as its
generalization ability, prediction error, and interpretability. This section presents the result analysis
to compare the effectiveness of the seven regression models for prediction of hydrogen production.
Finally, the section concludes by presenting the most important contribution made by the models
chosen in this study.

4.1. Exploratory data analysis (EDA)

As a first step, the research data presented in Data description section is preprocessed based on
the procedure outlined in the section-3. Subsequently, the preprocessed data was subjected to analysis
using a statistical technique known as EDA. Briefly, EDA is a most important step in ML that need
to be conducted before model development to understand and prepare the study data [25]. In EDA,
the first task is to examine the presence of outliers in the modeling data set and to investigate the
data homogeneity. For this purpose, Python’s boxplot is shown in Figure 2. Observing these results,
it is obvious that the dataset has no outliers and distribution of all input features of interest are in
reasonable range, making them suitable for developing the predictive models.

Furthermore, Pearson Correlation Coefficient (PCC) analysis was conducted to unveil the rela-
tionships among all parameters in the co-gasification process. This process enables to identify the
co-linearity between input features and eradicate the overlapping effect of input features. Ideally,
|PCC| = 1 represents strong data correlation, whereas |PCC| = 0 signifies the absence of correlation.
Further, it is a standard practice to consider only one variable for model development, when |PCC| be-
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tween two variables is greater than 0.6 [26]. The Seaborn heatmap illustrated in Figure 3. demonstrates
the degree of dependency between the input process parameters and the target variable hydrogen
production. From careful observation of the figure, it is evident that the correlation coefficients between
the four process parameters is < 0.01, declaring they are not correlated to each other. Also, it is worthy
to observe that the operating temperature and quantity of plastics shows positive correlation on
hydrogen production, with the correction co-efficient of 0.082 and 0.13 respectively. Whereas the other
two process parameters such as RSS size and HDPE size shows negative correlation on hydrogen
production with a co-efficient of -0.34 and -0.3 respectively. These observations imply that all these
four process parameters have varying influences on the hydrogen production and are required to be
considered for model development.

Figure 2. Heat map for Correlation analysis.

Figure 3. Heat map for Correlation analysis.

4.2. Model Generalization Analysis

After ensuring the quality of the study data and acquiring a thorough understanding of its
characteristics from EDA analysis, the chosen seven different ML models are developed and trained
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following the procedures outlined in the section-3. The primary objective of the first set of experimental
analyses is to investigate the potential of the developed ML models for their generalization ability on
the available research data. This investigation is conducted from two distinct perspectives, which will
be delineated in the following sections.

4.2.1. Model Learning Ability

Learning curves are widely recognized as a valuable tool in ML for visually representing the
training progress over time. The scholarly literature suggests utilizing learning curves to analyze ML
models as they can assist in identifying over-fitting or under-fitting and can contribute to improving the
performance of the models [27]. Acknowledging the benefits of the learning curves, it is employed in
this study to investigate the performance of the ML models for hydrogen predication in co-gasification
process. The corresponding results for the four machine learning models with hyperparameter
optimization are depicted in Figure 5, while their respective baselines are shown in Figure 4. The
learning curve is shown by two solid lines: orange for the training data and green for the testing
data. In this context, the MSE is utilized to evaluate the predictive performance of the models as
they advance in their learning process. In general, the errors observed on the testing dataset serve as
indicator of model generalization, whereas errors observed on the training dataset provide insights
into the goodness-of-fit. Consequently, researchers recommend generalization as a ‘gold standard’ for
model selection as it reflects the model’s ability to adapt to a new data and make accurate prediction.

(a) LR (b) KNN (c) DTR (d) SVR

(e) GBR (f) RF (g) MLP

Figure 4. Learning curve analysis of different ML models with default hyperparameters.

Keeping this in mind and observing the MSE value in Figure 4 and Figure 5, it is evident that the
learning curves of all the competing models except for KNN and MLP, exhibit only minor differences
on hyperparameter optimization. This finding confirms that the hyperparameter optimization do
not have substantial influence on predictive performance for the dataset under examination. Now
the carefully observing the learning curves of all optimized models, it can be seen that for all the
models except LR, the MSE value for training set (blue line) is minimized irrespective of the number
of training samples. The goodness-of-fit with all the competing models except LR affirms the non-
linear relationship between the process parameters for hydrogen prediction in co-gasification process.
Nevertheless, the observation of predictive performance on testing set reveals two points, First, to our
surprise, the tree-based models overfit on the training set. Second, the KNN, SVR and MLP models
demonstrate better effectiveness with low MSE scores approx 0.05 for testing dataset, particularly as
the size of the training dataset increases. As a result, these three models present an improved ability
to generalize and show lower variance when tested with unseen test data. More specifically, SVR
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and MLP models reaches the minimum MSE score of 0.025 and, as a consequence, would not get any
advantages from further training with additional data.

(a) LR (b) KNN (c) DTR (d) SVR

(e) GBR (f) RF (g) MLP

Figure 5. Learning curve analysis of different ML models with optimized hyperparameters.

4.2.2. Model Stability

Model stability that assesses how consistently a ML model makes accurate predictions across
training data is utmost importance to draw an informed decision regarding model selection. Currently,
cross-validation is widely accepted in the field of ML and data analysis, and considered as a universal
tool to assess the stability of a model to generalize beyond its training set [28]. More importantly, the
variance of CV serves as a stable error measurement to assess how accurately the model prediction
generalizes over a set of independent data. If the variance is low, then the model can be deemed stable
and considered the most suitable model for accurate prediction.

The primary attraction for CV encompasses three distinct aspects, first its simplicity to use. Second
attraction, its sensitivity to the functional form dimension of model complexity, in contrast to other
generalization criteria such as Akaike and Bayesian Information Criterion. Third attraction, it offers
a confidence measure for estimating generalization error especially when the training set used to
develop a ML model is small. Therefore, it is indeed imperative to utilize CV within a co-gasification
framework, considering the challenges and costs of acquiring large datasets in this framework.

Realizing its benefits, this research work employs CV with MSE as its objective function to
compare the stability of the developed ML models. Next, the mean and standard deviation (std) over
the 5-fold CV results of all the ML models developed with default and optimal hyperparameters are
presented in Table 4. In order to enhance the comprehensibility of the findings, a visual representation
of the CV results is illustrated using box plot in Figure 6.

Observing the mean and std of CV results, it is evident that only SVR model displays the lowest
CV score with mean and std of 0.18 and 0.09 respectively. Conversely, all other ML models yield
relatively larger CV scores. While comparing the CV results of all ML models trained with default and
optimized hyperparameters, it is apparent that except LR and DTR, all other ML models demonstrate
enhanced prediction performance with hyperparameter optimization.

Visual inspection of the box plot clearly indicates that SVR presents a comparatively lower median
value than other competing ML models. Also, it can be seen that KNN and MLP models with tuned
hyperparameters display smaller box compared to other models and conforms their stable performance
with minor variations in results across the folds. This finding is consistent with the learning curve
behavior illustrated in Figure 5.
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Table 4. 5-fold cross validated MSE for all analyzing models with best score in bold.

(a) Default Hyperparameters (b) Optimized Hyperparameters
Figure 6. Box plot analysis of 5-fold cross validation for all analysing models.

4.3. Prediction Performance Analysis

The second set of experimental analyses aims to evaluate and compare the efficacy of the de-
veloped ML models for predicting hydrogen production in co-gasification process. In this direction,
experiments were devised to train the developed ML models using the training set that comprises
80% of the research dataset. The trained ML models were subsequently assessed using the testing set
created with the remaining 20% of the research data. The prediction performance measured on testing
set are presented and compared both quantitatively and qualitatively as follows,

4.3.1. Quantitative Statistical Metrics

The best performing model cannot be determined by merely comparing the models using a
single assessment metric. Consequently, at this phase of analysis, the prediction performance of the
developed ML models is compared employing four different statistical measures namely, coefficient of
determination (R2), root mean squared error (RMSE), mean absolute error (MAE) and max error (ME)
to examine the correlation between the predicted test results and the measured H2 yield [29]. Table 5
presents these statistical measures as a standard indicator to compare and analyze the performance
of all the analyzing ML models with default and optimized hyperparameters for hydrogen yield
prediction in co-gasification. Figure 5 displays a line graph of the same data for easier interpretation.
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Table 5. Statistical performance metrics for all analyzing models with best score in bold.

(a) Default Hyperparameters (b) Optimized Hyperparameters
Figure 7. Line graph illustrating the statistical Performance metrics for all analysing models.

In this context, (R2) value closer to unity along with reduced values of RMSE, MAE and ME are
recognized as key performance indicators for an idle model with improved prediction performance. In
this viewpoint, comparing the results between default and optimized hyperparameters reveal that the
optimization process enhances the key performance indicators across all prediction models, except
LR. This finding supports two claims: First, the importance of hyperparameter optimization while
developing a prediction model for co-gasification process. Second, the accuracy of the hyperparameter
optimization procedure is validated by the good-fitting exhibited by all non-linear ML models for
co-gasification process. The marginal performance of LR might be attributed to its limited capacity to
effectively capture the intricate relationships present within the study data.

From the vertical comparison of the results through different prediction models with optimized
hyperparameters, the lowered statistical error measures validates that the predictive models have
successfully captured the impact of all input parameters to accurately predict the hydrogen yield in
the co-gasification process. In particular, SVR appears to be the most potential prediction model with
the lowest error values (RMSE, MAE and ME) and highest R2 value of 0.9. MLP follows the same
trend and achieves the second-best prediction performance with a R2 greater than 0.8 compared to
other competing ML models. Although GBR and KNN failed to exhibit good generalization ability
when cross validated with the whole research data, their prediction performance on 20% testing set is
deemed satisfactory with R2 > 0.7. This finding suggests that by strengthening the training dataset,
the predictive performance of these non-linear models can be enhanced.

4.3.2. Qualitative Scatter Plot

The scatter plot, together with a regression line, is widely acknowledged as a versatile and very
valuable method for visually and statistically evaluating the correlation between model predictions
and the observed values [30]. It is commonly employed as a primary approach to examine the accuracy
of model predictions within data driven research. In light of this foundation, the present study employs
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scatter plot-based regression analysis to provide more empirical evidence for the findings obtained in
the previous sections.

Here, the vertical distance from the regression line to a specific point indicates the prediction
error for that sample. As a result, a prediction model is deemed effective exhibits minimal errors,
and their predictions tend to cluster around the regression line. For an ideal regression model,
their prediction align perfectly with the actual measurements, resulting in all data points falling
precisely along the diagonal line known as the [1:1] regression line. The scatter plots illustrating the
experimentally observed and predicted hydrogen yield for the ML models developed with default
and tuned hyperparameters are shown in Figure 8 and 9, respectively. Here, The [1:1] regression line is
shown by the black dashed line at a 45 degree angle and the data distribution represented by the blue
and orange color corresponds to the training and testing predictions, respectively.

(a) LR (b) KNN (c) DTR (d) SVR

(e) GBR (f) RF (g) MLP

Figure 8. Prediction performance analysis of different ML models with default hyperparameters.

(a) LR (b) KNN (c) DTR (d) SVR

(e) GBR (f) RF (g) MLP

Figure 9. Prediction performance analysis of different ML models with optimized hyperparameters.

Analyzing the figures in 8 and 9, it is evident that LR exhibits more scattered prediction with the
testing and training set. The observed inferior performance of LR in comparison to other ML models
further substantiates the non-linear behavior of hydrogen production with the process parameters.
One unexpected observation is that DTR and RFR which showed overfit on training set in learning
curve, have shown scattered predictions even with training set. This condition may be attributed to
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the hard rule-based learning approach employed by the DTR and RFR. Anotehr notable observation is
that, with the exception of DTR and RFR, all other ML models exhibit a close clustering of predictions
around the regression line. This finding adds more support for their ability to effectively describe the
non-linear correlation between hydrogen production and the process parameters.

4.4. Model Interpretation

In practice, if a researcher finds a ML model with an acceptable level of accuracy, the subsequent
step involves gaining insight into the prediction process and making informed decision in light of
expert domain knowledge. Unfortunately, the black-box mechanism of ML models presents challenges
in understanding the impact and influence of input parameters on target within the modeling process.
This experimental analysis takes a step further to address the problem at hand by analyzing the
interpretability of the developed ML models and rationalize their predictions, irrespective of their
complexity [31]. The post-hoc interpretability analysis integrates the Shapley approach with the
developed ML models to provide substantial insights into the final prediction of the model from both
local and global perspectives [32]. The subsections that follow will explore these findings in further
detail.

4.4.1. Global Explanation with Summary Plot

The Global explanation, also known as the dataset-level explanation, has proven crucial in
understanding the underlying association between the features and the final predictions based on the
complete model [33]. This section explores the global explanation of the Shapley method for all the
developed ML models using the summary plot [34]. One benefit of utilizing the Shapley summary plot
for global analysis is that it not only effectively depicts the significance of features but also highlights
the positive and negative associations that these features have with the target.

Figure 10 displays the SHAP summary plots for all the developed ML models on the testing
dataset. These plots depict the shapley values associated with each process parameter utilized in
predicting hydrogen generation throughout the biomass-plastics cogasification process. On the X
axis, the positive shapley value signifies an increase in hydrogen production during co-gasification,
whereas a negative value signifies a decrease in production. The relative importance of each process
parameter is depicted along the Y axis, with the most crucial one at the top and the least crucial one
toward the bottom. Each dot within the summary plot corresponds to a sample in the dataset, visually
representing the impact of that sample on the model output.

The analysis of the summary plot in Figure 10 reveals that on average all the process parameters
are most important influential factors for hydrogen production during biomass-plastics co-gasification.
The dots spread across the summary plots of all ML models for these process parameters provide
credence to this finding. Interestingly, we can see that only KNN, SVM, GBR and MLP recognize HDPE,
RSSize and temp as the most dominant process parameters compared to plastics. This explanation
regarding the effects of process parameters is consistent with the majority of the co-gasification process
literature and prior knowledge in the field.

More specifically, the careful analysis of data distribution on X axis indicates that KNN, MLP,
and SVM were effective in holding a mixed effect of HDPE and RSSize on hydrogen generation while
GBR exhibiting a negative impact contradicts the experimental observation that supports the mixed
impact for HDPE and RSSize parameters. Likewise, as opposed to exhibiting a mixed correlation
with temperature, MLP considers a positive effect with regard to temperature and do not comply
with empirical observations. Surprisingly, the global explanation provided by the KNN and SVM
models are in agreement with the previously published literature and experimental observations on
cogasification.
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(a) LR (b) KNN

(c) DTR (d) SVR

(e) GBR (f) RFR

(g) MLP

Figure 10. SHAP summart plot of the developed ML models on the testing dataset.

4.4.2. Local Explanation with Force Plot

As discussed above, the global explanation describes the model as a whole, illuminating the
relative importance of process parameters and their influence on hydrogen production. Conversely,
local explanation, also known as individual prediction explanation, is essential to elucidate the impact
of process parameters on a specific model prediction. Further, the importance of local explanation
becomes evident in achieving optimum values for process parameters when a global explanation fails
to capture the local behavior of complex models. This phenomenon is mainly observed in the co-
gasification process, wherein the model demonstrates varying behavior across different combinations
of process parameters. Given the importance of local explanation, this section examines the local
interpretability of all the developed ML models using the Shapley force plot, which has garnered
considerable attention in recent times due to its appealing features.

Figure 11 (A) and Figure 11(B) shows the SHAP force plots for two separate instances selected
from the testing dataset with process parameters for low and high hydrogen production prediction
respectively. Each of these plots display two values: the base value, which is the average model output,
and the model prediction for that instance. These plots clearly illustrate how the process parameters
drives the model prediction from the baseline value for the instance under consideration. The process
parameters that drive prediction value lower are visually represented in the color blue, while those
drive prediction value higher are visually represented in the color red.
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ML models (A) (B)

LR

KNN

DTR

SVR

GBR

RFR

MLP

Figure 11. SHAP force plot of the developed ML models for two different instance that yield low and
high hydrogen.

In the specific case depicted in Fig.11(A), the hydrogen production recorded during the co-
gasification experiment amounts to 38.625. Upon detailed examination of Fig.11(A), it becomes evident
that, with the only exception of MLP, the prediction result is less than the base value for all ML models.
The majority of machine learning models concur that the primary cause for the decrease in hydrogen
generation is attributed to low values of process parameters such as temperature, plastic percentage,
and HDPE size. Additionally, it is noteworthy to observe, that among all the developed ML models,
only SVR model exhibits a more precise outcome of 38.67.

Conversely, the hydrogen production recorded during co-gasification experiment for the case
shown in Figure 11(B) is 48.212. A careful examination of these figures reveal that with the exception of
LR, all other ML models provide prediction result that are higher than their baseline value. In this case,
the RFR model surprisingly exhibited the most accurate estimate of hydrogen production. However,
it is evident from its force plot that it ignored the fact that a higher temperature enhances hydrogen
production. In the similar vein, both DTR and MLP models disregarded the adverse impact of RSSize
on hydrogen production. Thus, only KNN, SVR, and GBR models were more successful in explaining
the positive influence of temperature, plastic percentage, and HDPE size as well as the negative impact
of RSSize on hydrogen generation, despite their prediction result was not significantly better in this
case.

5. Conclusion

This study investigated the performance of seven different ML models including LR, KNN, DTR,
SVR, GBR, RFR and MLP for predicting and optimizing the hydrogen production based on the process
parameters for biomass-plastics co-gasification process. To this end, exploratory data analysis was
conducted as a preliminary step to assess the quality of the study dataset before utilizing it to train the
selected ML models. Eventually, after optimizing the hyperparameters of all the trained ML models, a
comprehensive set of experiments was devised to evaluate the performance of these models across
three dimensions including generalization ability, prediction capabilities and interpretability. Based on
the results, it could be concluded that:

• The generalization ability analysis based on qualitative and quantitative grounds using learning
curve and CV, revealed that SVR and MLP models had a greater potential for generalization
compared to other competing models with a minimum MSE score of approximately 0.025.

• The prediction performance analysis using quantitative statistical metrics and qualitatively
scatter plots further substantiated the potential of SVR demonstrating its efficacy in capturing
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the complex nonlinear relationship between hydrogen production and process parameters with
an excellent prediction accuracy of approximately 0.25.

• The interpretability analysis of the developed ML models at global and local level using Shap
summary plot and force plot respectively revealed that KNN, SVR and GBR model were more
successful in reliably elucidating the influence of the process parameters on hydrogen production
and concurred with both the experimental observations and previously published literature.
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