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Abstract

Currently, there exists a significant number of green hydrogen production (GHP) technologies
based on scaling-up issues (SCUI). Optimal prediction and process optimization could be one
of the most substantial SCUI of GHP. Machine learning (ML)-based prediction and
optimization of GHP technologies from water industries for a circular economy could be a
plausible solution for these SCUI. We studied a detailed techno-economic and environmental
feasibility study, which recommended proton exchange membrane (PEM) and dark
fermentation (DF) as the most promising and environment-friendly technologies for GHP.
Thus, the present investigation aims to apply different ML models to predict and optimize the
GHP of DF and PEM technologies to solve the SCUI. The results revealed K-nearest neighbor
and random forest are the best-fitted models to predict GHP for DF and PEM, correspondingly
based on the regression co-efficient (R?), root mean squared error and mean absolute error. The
permutation variable index recommended that chemical oxygen demand (COD), butyrate,
temperature, pH and acetate/butyrate ratio are the most influential process parameters in
decreasing order for DF, while temperature, cell areas, pressure, voltage and catalysts loadings
are the most effective process parameters for PEM in reducing order. The partial dependency
analysis demonstrated GHP increases with increasing COD values up to 10 mg/L, and the
optimal temperature range in the DF process is between 25 to 30 °C. On the other hand, cell
temperature up to 35 °C should be considered optimum for PEM, and 40-70 cm? cell areas
could produce a significant GHP. In summary, the present study underscores the potential of
machine learning (ML) and artificial intelligence (Al) as promising techniques for optimizing
GHP, ultimately addressing scaling-up challenges in large-scale industrial GHP production and

ensuring a sustainable hydrogen economy (HE).

Keywords: Machine learning, green hydrogen, bibliometric analysis, partial dependency

analysis, dark fermentation, proton exchange membrane.
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1. Introduction

The efficient functioning of our society and economy depends heavily on energy, which is
required for literally all aspects of modern life. According to Ahmad and Zhang [1], the total
quantity of energy utilized globally is predicted to have substantially grown to 44 billion tons
(BT) of oil equivalent in 2050, which was 13 BT in 2010. The global energy network will
undergo a change in the modern era, and “renewable energy (RE) production” is being
considered as the modern and sustainable solution [2]. RE refers to any form of energy derived
from natural and renewable resources like sunlight, wind, water, geothermal heat, and biomass.
Hydrogen (H»), a versatile, clean, and abundant energy carrier, can be produced from various
sources such as water, biomass, and natural gas. Around 115 million tons (MT) of H> were
produced worldwide in 2020, with the majority going toward industrial activities like chemical
and petroleum refining. Less than 1% of this H; is utilized as a fuel for transportation or energy
production, and global H> demand could increase 10-fold by 2050, with a market reaching
around 530 MT annually [3]. One of the main benefits of H> energy is that it emits no
greenhouse gases (GHGs) when burned or utilized in fuel cells, making it an attractive

alternative for reducing carbon emissions and mitigating climate change [4].

Based on the feed sources, Hz can be produced from ultra-pure and wastewater using several
different techniques. If we consider ultra-pure/demineralized water, proton exchange
membrane (PEM), alkaline water electrolysis (AEWEL), and anion exchange membrane water
electrolysis (AEMWEL) are the most commonly explored green H» production technologies.
On the contrary, in terms of wastewater feed microbial electrolysis cells (MECLs), photo-
electrochemical electrolysis (PECM), bio-photolysis (BP), photo fermentation PF), dark
fermentation (DF), electrodialysis (ED) and reverse electrodialysis (RED) are the widely
explored techniques for the production of H»>. However, to date, green H» production
technologies are facing challenges due to the drawbacks of low purity, high cost and process
energy consumption. In our previous research [5], a detailed techno-economic and
environmental feasibility study (TEEFS) was conducted to select the best H> production
technologies considering various feed sources. The results of the TEEFS recommended PEM
and DF as the most promising and environment-friendly technologies to produce green H> with

the highest production rate, purity and lowest energy consumption.

The H> production from PEM is typically done through the electrolysis of water, which

involves passing an electric current through water to split it into H2 and oxygen. This process



can be done using RE sources like solar, wind or hydropower, making it a potentially
sustainable way to produce H> for different applications. Nonetheless, only 4% of total green
H; came from PEM technology due to the lack of optimizing its process parameters [6]. Process
optimization aims to increase the efficiency, durability, and performance of the PEM while
reducing costs and minimizing environmental impact. The dark fermentation (DF) method for
H> production is a biological process that utilizes specific types of bacteria to break down
organic material without light. The DF method is currently considered a promising approach
for sustainable H» production, especially for small-scale applications. However, several
challenges still need to be addressed to make this method commercially viable. One of the
significant challenges is the process' low H» yield and production rate [7], which is affected by
various process parameters such as pH, temperature, substrate/biomass composition and
characteristics, acetate, butyrate, ethanol, acetate to butyrate ratio, hydraulic retention time
(HRT), chemical oxygen demand (COD), and some trace elements such as iron (Fe) and Nickel
(Ni).

The whole water industry (WRI), which covers freshwater, wastewater and seawater, plays a
significant role by providing essential services that contribute to the efficient management of
water resources by producing H» energy for a circular economy (CRE). The CRE aims to
reduce waste and pollution by extending the useful life of resources. To do this, reuse, repair,
refurbishing, and recycling are all incorporated into the design of items and systems. H»
production can have a substantial impact on the CRE [10]. Before being securely and
successfully recycled, water resources in a CRE are utilized to the utmost extent possible and
preserved within the economy to produce H» [11]. By incorporating CRE principles into water
management strategies and considering H> as a valuable energy resource for ensuring a
sustainable H> economy (HE), we can create a more resilient and sustainable WRI. To manage
water resources sustainably, WRI increasingly needs to adopt CRE concepts. The production
of H» is a crucial part of the CRE because it enables the storage of renewable energy in Ho,
which can be utilized to power various applications [8]. By anticipating energy needs,
pinpointing the ideal conditions, and minimizing energy use, machine learning (ML) can assist
WRI in optimizing H> production processes, resulting in cost savings and improved efficiency
[9, 12-21]. Implementing CRE principles and leveraging ML-WRI and H> production can

become more sustainable, efficient, and cost-effective.

In the present study, a detailed bibliometric analysis (BA) has been conducted to examine the

significant research gaps and applications that applied ML for foreseeing H> production
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technologies from the WRIs for a CRE. It demonstrated several causal relationships between
current research endeavors, the influence of research on the fields of WRI, the CRE, ML, and
H: production technologies, the standard of research and its contributions to those fields, as
well as the research accomplishments of individuals, institutions, and nations, till to date.
Moreover, an ML-based prediction and optimization process of H> production technologies has
been carried out to select the best ML models for scaling up the industrial-scale H> production
from WRI to develop the future H> economy (HE). To be more precise, this study aims to
develop a predictive model that can accurately identify the most efficient and sustainable H»

production technologies for a CRE based on the data from the WRI.

2. Bibliometric analysis (BA) of ML-based prediction and optimization of H> production
technologies from WRI for a CRE

Bibliometrics is a statistical technique used to examine patterns in bibliographic data, including
publication frequency, citations, and co-authorships. It provides insights into the quantitative
aspects of publications, including production, dissemination, and impact [22]. BA can be
employed to assess the output and influence of specific academics, research organizations, and
scientific fields, identify new areas of study, monitor the evolution of scientific disciplines over
time [23], and inform decision-making regarding research prioritization and funding allocation
[24]. In our study, we conducted a BA to investigate the extensive research on ML applications
for predicting H» production technologies from WRI in the context of CRE. The aim of this
analysis was to: a) understand current research activities on ML, WRI, H» production, and their
connection to CRE, identifying areas that require further research; b) assess the impacts of
research in these areas; c) evaluate the quality and trends of research and its contributions to
relevant research fields; and d) compare the research performance of individuals, institutions,

and countries regarding ML, H> production, WRI, and CRE.
2.1 Data collection

According to [19], the Scopus database is the largest academic information resource in the
world, covering a wide range of disciplines. In this study, we conducted BA research on the
application of ML in predicting H> production technologies from WRI for a CRE. To perform
our search, we used the Advanced Search Statements in Scopus, with the query 'TITLE-ABS-
KEY (hydrogen AND production) AND TITLE-ABS-KEY (machine AND learning) OR
TITLE-ABS-KEY (circular AND economy) OR TITLE-ABS-KEY (water AND industry)’
and limited the search to the period 2000-2023. The database was last updated on 22 February
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2023, and we retrieved a total of 1810 papers, including 1300 articles, 251 conference papers,
220 reviews, and 39 papers of other types.

2.2 Analysis methods

Social network analysis (SNA) is a research methodology that employs network theory and
analytical tools to examine relationships between individuals, groups, and organizations.
Sociograms, which are visual representations of networks, are used to illustrate nodes and
edges [23]. Nodes refer to the entities being studied, such as individuals, groups, or
organizations, while edges represent the connections or relationships between them. SNA
enables researchers to analyze the properties of social networks, such as centrality, density, and
homophily. In this study, we utilized bibliometric tools such as VOSviewer [25] to conduct

these analyses.
2.3 Current trends of publications

Fig. 1 (A) provides an overview of the number of publications per year from 2000 to 2023. The
analysis of this data reveals that there were initially a relatively small number of papers on the
topics of H» generation, CRE, and ML. The trend remained fairly consistent during the first
five years of the study. However, starting from 2005, there was a notable exponential increase
in the number of publications, with an average of 90 papers published per year up until 2023.
Furthermore, Fig. 1 (C) showcases the top five trending fields based on the percentages of
publications. The highest percentage (38.8%) is observed in the energy sector, followed by
environmental science (30.4%), chemical engineering (12.1%), engineering (9.9%), and
chemistry (8.7%). The variation in publication percentages across these fields may be

influenced by factors such as funding availability and financial incentives specific to each field.
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2.4 Active nations

To analyze and visualize the data, a citation analysis was conducted using VOSviewer,

resulting in the creation of a network map of nations and authors (Fig. 2). The bibliometric map

consists of nodes represented by circles, highlighting nations that have produced the highest

number of publications related to the studied characteristics. Central nodes indicate strong

connections to other nodes and scientific articles originating from the respective country. The

size of the nodes reflects the number of citations received, indicating the impact of the research.

The interconnectedness observed across all studies demonstrates the global influence of

research in this field. According to the cluster data presented in Fig. 1B, Chinese authors

contributed the highest proportion of research articles (21.21%), followed by scholars from the
United States (13.14%), India (9.5%), Canada (5.24%), and Italy (4.64%).

Table 1 The ranking of the top five journals, research areas, countries, and authors.

Attributes Documents
Scopus (2000-2023) 1810
Articles 1300
Conference papers 251
Reviews 220
Others 39
Ranking Research areas Number Percentage (%)
I Energy 1242 68.61
2nd Environmental Science 973 53.76
3rd Chemical Engineering 388 21.43
4t Engineering 317 17.51
5t Chemistry 280 15.46
Ranking Journals Number Percentage (%)
I International Journal of Hydrogen Energy 219 12.09
2nd Bioresource Technology 105 5.80
3w Journal of Chemical Technology & Biotechnology 58 32
4th Journal of Hazardous Materials 40 2.2
5t Water Science and Technology 39 2.15
Ranking Affiliations (Country) Number Percentage (%)
I China 384 21.21
2nd United States (USA) 238 13.14
3rd India 172 9.5
4t Canada 95 5.24
5t Italy 84 4.64
Ranking Authors Number Percentage (%)
18t Dincer, I. 16 0.89
2nd Jin, H. 12 0.66
3w Guo, L. 8 0.44
4th Arun, J. 6 0.33
5t Chen, W.H. 6 0.33
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2.5 Distributions of journals and publications

In recent years, a comprehensive body of literature has emerged on the subjects of H>
production technologies, CRE, ML, and WRI. This includes a total of 1300 articles, 251
conference papers, and 220 reviews (Table 1). Notably, 219 of these publications have been
featured in renowned high-impact factor journals. Some notable examples of these journals
include the International Journal of Hydrogen Energy, Bioresource Technology, Journal of
Chemical Technology & Biotechnology, Journal of Hazardous Materials, and Water Science
and Technology. These journals play a crucial role in disseminating research in this field and
are widely recognized for their contribution to the advancement of knowledge in H> energy

production and related areas.
2.6 Author analysis

Fig. 2B presents a visualization of researchers who have authored at least six articles related to
ML-aligned H> production, WRI, and CRE. The list highlights the significant presence of
Chinese researchers, who hold prominent positions in terms of publications and citations
compared to researchers from other countries. The visualization incorporates citation analysis
to consider the contributions of authors. Furthermore, Fig. 1D displays the top ten authors based
on the number of publications. Notably, Dincer, 1., a full professor of Mechanical Engineering

at Ontario Tech. University stands out as the highest scorer with 16 publications.
2.7 The topic trends for the future directions

The clusters of keywords and their respective critical areas inferred from the thematic research
are shown in Fig. 3. Five clusters were identified, with the first cluster featuring 13 keywords
highlighted in red, relating to ML and H: production. The next cluster, colored green,
comprises 13 keywords focused on H> production technologies, followed by biomass and
renewable energy. The third cluster, colored blue, centers around CRE theory and contains 11
keywords, followed by bio-H». The fourth cluster, represented by violet-colored nodes, pertains
to gasification technology and its related keywords. Lastly, the yellow color zone signifies the
wastewater treatment area and includes ten items. The yellow-colored nodes are situated in the
middle position among all other nodes in the keywords map, suggesting that they have the
strongest interrelationship with all the research themes [26]. BA recommends that ML-based

GHP technologies should get priority in future research directions. Moreover, research and
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development on GHP should be based on CRE, which will ensure the circularity of resources

and energy for the development of sustainable development goals (SDGs) and a future HE.
2.8 The significant findings of BA

The groundwork for conducting an in-depth study involved analyzing 1810 publications on H»
energy production technologies related to ML and the role of WRI in CRE using the Scopus
database. The research objectives were achieved through this analysis. Over the past few years,
a total of 1300 journals, 220 reviews, and 251 conferences have published articles on the topic
of H> generation with artificial intelligence (Al). The International Journal of Hydrogen Energy
and Bioresource Technology stands out as the leading journal in publishing research on this
subject. The annual publication count from 2000 to 2023 is presented in the study. The analysis
indicates that during the first decade of the study (2000-2009, the number of publications
related to energy generation showed an exponential increase. China surpassed other nations in
terms of the volume of papers published on H, generation with computational prediction.
Cluster analysis was conducted to identify trends in research keywords. The bibliometric
results were synthesized and analyzed to reveal various findings, such as stakeholder
participation networks, relevant theories, and the processes of technology generation. To assess
publication behavior, a defined timeframe of publishing years was used. Furthermore, the
results of the cluster analysis were supported by an evolutionary pathway analysis, which
illustrated the changes in research on H» energy production over time. This analysis also
provided key terms that are valuable for this type of investigation. A global analysis was
subsequently conducted to explore potential research opportunities and identify research gaps

that could benefit individuals in need.
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3. Methodology
3.1 ML data collection of DF and PEM technologies

To investigate the ML-based prediction and optimization of H» production technologies from
WRIs for the circular economy through DF and PEM processes, an extensive literature review
was conducted, encompassing various factors. The review yielded a total of 2007 data points
for DF and 1699 data points for PEM, which were extracted using Plot Digitizer as well as

manually. The list of selective variables investigated in this study is presented in Table 2.

Table 2 Selective process parameters of DF and PEM technologies.

DF PEM

Variables Units Variables Units
Fe mg/L H production rate Nm3 /h
Ni mg/L Cell pressure (Atm.)
Biomass g VSS/L Cell area sz
Acetate g/L Cell voltage \Y
Butyrate g/L Temperature °C
Acetate/butyrate ratio - Anode loading mg/cmz
Ethanol g/L Cathode loading mg/cmz
pH - Anode catalysts -
Temperature °C Cathode catalysts -

HRT h Membranes used -

COD g/L - -

H, production rate mol Hy/mol glucose - -

Among PEM variables, the anode catalyst, cathode catalyst, and membrane used were
categorical, while the remaining variables were numerical. To make the categorical data

suitable for the ML models, dummy coding was applied.
3.2 Data pre-processing and features selection

Dealing with missing values is crucial to ensure the accuracy and reliability of ML models.
Missing data refers to unreported features that exist in the literature. In this study, addressing
the missing input data was the first step to enable a comprehensive comparison of various ML
algorithms. The missing values were commonly imputed using the mean or median values, and
in this case, the mean value imputation approach was adopted based on previous studies. For
categorical variables, dummy encoding was utilized [27], creating a separate dummy variable
for each level of the categorical variable. To handle extreme values and outliers, the boxplot

method was employed to identify and remove unusual data. Then some of the input
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characteristics that were deemed unimportant owing to their poor R? and high MSE values were
deleted. However, picking features exclusively based on feature importance is not always
convincing because minor features might contribute contextual power to the ML models when
they come into touch with other features [28,29]. Feature choices increase data quality by
reducing the size of the feature space and increasing the algorithm's speed. It also increases
process speed by deleting unwanted, undesired, and redundant input characteristics that have
no influence on the correctness of the ML model. We utilize the correlation matrix and Boruta
model [29] approaches to tackle this problem. The finalized data were then randomly divided
into training and testing datasets, with 70% allocated for training and 30% for testing. Model
performance evaluation and hyperparameter tuning were conducted using cross-validation. All
experiments were implemented in R-Studio, and the reported results represent the mean of five

repeated experiments conducted with different random seeds.
3.3 Selection of ML procedures and modelling generality.

In accordance with Occam's Razor principle, which suggests that a model should be kept as
simple as possible while being sufficiently complex [30] and considering the varying
performance of different ML procedures across different applications [31], the careful selection
of appropriate procedures becomes crucial. ML algorithms can be broadly categorized into
supervised, unsupervised, and semi-supervised learning. Supervised ML algorithms rely on
labelled data as input, whereas unsupervised ML algorithms do not require labels. As a result,
supervised ML algorithms often exhibit higher accuracy compared to other ML algorithms
[32]. They are commonly employed in solving regression problems. Regression problems,
specifically, are frequently addressed using widely used algorithms such as random forest (RF),
K nearest neighbors (KNN) regression [33], support vector machine (SVR) [34], and decision
tree regression (DTR) [35]. Hence, to explore various ML approaches for the prediction and
optimization of H> production technologies, five different classical models were employed,
such as RF, DT, KNN, SVM and gradient boosting machine (GBM). The selection of these

procedures was based on a thorough review of the relevant literature.

To facilitate pre-screening and in-depth modelling, the datasets were randomly split into
training datasets (70%) and test datasets (30%). To ensure adequate validation and prevent
overfitting, a 5-fold cross-validation technique was applied to assess the performance of the
developed models. The test dataset was utilized to evaluate the generalization capability of the

models [36]. To optimize the models, hyperparameters were tuned through a grid search
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approach tailored for each selected procedure. Finally, the tuned hyperparameters were
employed to develop and test the models. The evaluation and selection of the most suitable
models from each ML procedure were based on the root mean squared error RMSE (Eq. (1)),
mean absolute error (MAE) (Eq. (2), and regression coefficient (R?) (Eq. (3)) metrics. Notably,
the average values of these statistical indices were used to assess the performance of the

validation phase throughout the modeling process.

1 ~

RMSE = VMSE = %L, (v — §)° (1)
1 A~

MAE =¥, |y; — 9| )
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2 _ 4 XOi—9)?
R =150 ©)
Where,

y = Predicted Value of y
y = Mean value of y
3.4 ML Models
3.4.1 Support vector machine (SVM)

The support vector machine (SVM) was introduced by [37] as a supervised ML approach
known for its ability to minimize structural risk and utilize statistical learning theory. SVM has
been widely employed in various applications, including regression problems, text detection,
troubleshooting, and image retrieval, demonstrating its effectiveness. The SVM structure
consists of three layers: input, hidden, and output layers [38]. The independent and dependent
variables are located in the input and output layers, respectively. Kernels, which are
mathematical functions, are defined in the hidden layer to transform inputs into the required
forms. SVM algorithms leverage different types of kernels and aim to find a hyperplane
through nonlinear mapping to effectively train the model or classify data. By transforming the
nonlinear input space into a high-dimensional feature space, SVM has shown superior
performance compared to traditional statistical models in regression analysis, pattern
recognition, and classification tasks. When applied for regression and function approximation,
it is known as support vector regression (SVR). Commonly used kernel functions in various
SVMs include linear, radial basis function (RBF), and polynomial (poly) [38]. In the context

of predicting Hz production using the DF and PEM process, the independent variables were
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treated as inputs to develop an SVR model. To optimize the model's performance, a grid search
approach was employed to tune the hyperparameters and select the best kernel. The grid search
involved tuning hyperparameters such as C (with values ranging from 102 to 10% and sigma
(with values of 0.01, 0.1, and 1). The objective was to determine the optimal combination of
hyperparameters for each kernel. Subsequently, the tuned hyperparameters, along with the

selected kernel, were used to develop the SVR models.
3.4.2 Gradient boosting machine (GBM)

The gradient boosting machine (GBM) is a powerful ensemble-supervised ML approach
introduced by Friedman, capable of modeling and analyzing data for both regression and
classification problems [39]. GBMs consist of three key elements: weak and strong learners, a
loss function, and an additive model. Weak learners serve as initial decision trees, providing
predictions that are generally better than random guessing, while strong learners are created by
combining multiple weak learners to achieve notable predictive performance. GBMs gradually
and additively train decision trees in a sequential manner, boosting the weak learners into
stronger ones to model and analyze the underlying processes. The goal is to reduce the total
error or loss function, where new weak learners are added and trained to decrease the model's
error while keeping the current weak learners unchanged [40,41]. For developing a GBM
model in the context of DF and PEM technologies, a grid search approach was employed to
identify the optimal hyperparameter settings within a defined grid [42]. The key
hyperparameters considered in this process included the number of gradient-boosted trees

(depth = 25), the total number of trees (600), shrinkage (0.01), and the number of nodes (5).
3.4.3 Random forest (RF)

Random forest (RF) is a supervised machine-learning strategy that models both classification
and regression phenomena, and it was initially introduced by Breiman to deal with regression
trees [43]. As a function of regression, RF generates a wide variety of decision trees, with the
eventual proportion of the response variable being the mean of all decision trees [44]. The
hyperparameters, i.e. the number of gradient-boosted trees, were 500, and the tuning grid was

defined as mtry = ¢ (2, 5, 10) for both the DF and PEM process.
3.4.4 Decision tree (DT)
Decision Tree (DT) algorithms are versatile tools that can be employed for both classification

and regression tasks. They construct classification or regression models using a tree-like
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structure. The process involves dividing the dataset into smaller and smaller subsets while
simultaneously developing the associated decision tree. Consequently, the tree comprises
decision nodes and leaf nodes [45]. Decision nodes have two or more branches, leading to
further subdivisions of the data. The leaf nodes, on the other hand, represent the final decisions
or classifications made by the model. The topmost node of the tree is referred to as the root
node. One notable advantage of decision trees is their ability to handle both categorical and
numerical data. In the case of Decision Tree Regression (DTR), the algorithm employs the

concept of entropy, which represents the level of uncertainty in a system [46].
3.4.5 K-nearest neighbor (KNN)

The K-nearest neighbor (KNN) algorithm is a straightforward approach in ML that can be used
for both classification and regression prediction tasks [45]. The model's structure is simple and
computationally efficient [46]. KNN involves finding the K-nearest neighbors to a given data
point, determining the subgroups to which these neighbors belong, and using voting to
determine their categories. In regression scenarios, the algorithm outputs the average value of
the K nearest data points as the prediction. The choice of K is critical, and it is typically
specified as an odd number. This ensures that during the voting process, there is no possibility
of a tie, which could lead to the model being unable to produce a result. In this study, the value

of K was predetermined as 1:30 [46].
3.5 Permutation variable index (PVI)

The permutation variable index (PVI) was proposed by [47] as a procedure to inspect any fitted
model in the tabular data. This procedure considers the errors of the developed model in
predicting the output with a random permutation of the considered input; therefore, the more
errors, the more importance of the feature [48]. Regarding the errors, MSE was used to measure
the relative importance of the features. There are various merits for PVI procedure, e.g., fast
and easy to calculate, a general method, considering both individual and interactive effects of
each variable [49]. To identify the relative importance of the input variables in H> production
through DF and PEM process, the PVI procedure was used for all the developed RF, DT, KNN,
SVR and GBM models. As well as we used partial dependence analysis (PDA) and its 3D plot

to get a clear conception of the variable influence for the best model.
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3.6 Comparison of ML model performance

The statistical indices including RMSE, MAE and R? were used to compare the performances
and strengths of the developed RF, DT, KNN, SVR and GBM models in predicting H>
production by DF and PEM processes. The test datasets were used to calculate the relevant

statistical parameters.

4. Results and discussion

4.1 Correlation matrix among model’s variables of DF and PEM technologies

Correlation is widely used in ML for data analysis and mining, particularly in regression
techniques where multiple independent variables are used to predict the dependent variable. It
helps identify critical issues in feature sets that can adversely impact model fitting, while non-
correlated features offer advantages such as faster algorithm learning, higher interpretability,
and reduced bias. Fig. 4A and 4B elicit a detailed description of DF and PEM model outputs.
The correlation coefficient is calculated for the DF model to be 0.72 for both COD and
temperature, with Nickel (Ni), indicating a strong positive correlation, interpreting this as a
strong positive monotonic relationship. It suggests that when the COD and temperature
increase, so does the Ni. (Fig. 4A). The temperature rise in DF for H> production is attributed
to the catalytic activity of nickel, which acts as a catalyst in breaking down organic matter into
H> and byproducts. With increased nickel concentration, more catalytic reaction sites become
available, resulting in higher reaction rates [50]. This increased activity generates more heat as
a byproduct, resulting in an increase in temperature. Again, Fe and temperature have a
significant connection of 0.66, and several positive moderate relationships have emerged
between temperature and COD (0.5), Fe and Ni (0.44), and Fe and Acetate/Butyrate (0.44). On
the other hand, the coefficient is -0.56 between temperature and butyrate, as a moderate
negative monotonic relationship. It suggests an inverse relationship between them. Increasing
butyrate levels in DF and Ha production leads to a decrease in temperature due to the inhibitory
effect on hydrogen-producing microbial communities, resulting in reduced Hz production [51].
Meanwhile, pH and Fe (-0.43) and Butyrate and Ni (-0.47) express moderate negative relations.
Other parameters have very weak to weak positive and negative relationships among

themselves.

In the context of the PEM method, correlation coefficient results in Fig. 4B indicated that the
correlation coefficient between the cathode catalyst of Au.Al2O3 and anode catalyst of Pt.Ir is

calculated to be +0.91, which suggests a very strong positive correlation. The +0.91 magnitude
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indicates a strong linear association between Au.Al,Os; and Pt/Ir catalysts both demonstrate
excellent electrocatalytic activity in PEM technology. Au.AlbOs efficiently facilitates the
oxygen reduction reaction (ORR) at the cathode, while Pt.Ir effectively supports the H>
oxidation reaction (HOR) at the anode. These catalysts promote rapid electron transfer,
enhancing overall cell performance, and are compatible with PEM materials, remaining stable
and resistant to degradation in the acidic electrolyte environment [52]. There were another three
strong positive correlations found here as AcPt.Ir and MN. (0.71), CCAu.Al>O3 and MN. (0.66)
and H» and cell areas (0.62). Furthermore, their use in combination minimizes potential issues
such as catalyst poisoning or deactivation, ensuring the long-term stability and performance of
the PEM electrolyzers. On the other hand, the correlation coefficient is calculated to be -0.53
and -0.55, which indicates a moderately negative correlation between the temperature and H»
production as well as cell area. As temperature increases, a strong negative correlation is
observed between the H» production rate and cell area (-0.53 and -0.55 magnitudes). In PEM
technology, deviation from the optimum temperature range for electrochemical reactions can
lead to decreased reaction rates and reduced H> production. Higher temperatures also increase
PEM resistance, reducing proton conductivity and hindering overall H> production. Thermal
management is crucial to prevent degradation of the membrane and catalyst materials.
Additionally, higher temperatures can cause material expansion and swelling, leading to a
decrease in the cell area, while efficient proton conduction in proton exchange membranes
depends on the presence of water [53]. Higher temperatures can promote the evaporation of
water from the membrane, leading to reduced water content and a potential decrease in cell

arca.
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4.2 Features selection of ML models for DF and PEM technologies by Boruta model

Boruta, an ML algorithm, is utilized for feature selection, which involves reducing the number
of features in a dataset by identifying those that have a significant impact on the study variable.
Acting as a wrapper method, Boruta is built around the RF classifier algorithm. It operates by
duplicating the original dataset's features and shuffling the values in each column to introduce
randomness. These randomized features are referred to as shadow features. Fig. SA identifies
the key factors influencing H> production in DF. Acetate, pH, HRT, and COD are identified as
the most important factors influencing H» production. Precise control of these parameters can
lead to enhanced Ha production. The order of their impact is as follows: COD > HRT > Acetate
> pH. This significance can be attributed to the close relationship between COD and organic
compound concentration, which serves as a substrate for anaerobic bacteria responsible for bio-
H» production. Acetate plays a crucial role as an intermediate in DF, providing a substrate for
microorganisms to generate H» gas and other valuable products. pH and HRT, on the other
hand, influence microbial activity, enzyme function, and the distribution of fermentation
products during the fermentation process [54]. COD plays a vital role in predicting the behavior
of the DF process. However, Fe and butyrate have lower importance scores, indicating their
lesser influence. Additionally, Ni, biomass, and temperature show no relative importance,
suggesting they do not provide significant information for predicting the target variable in the
DF method based on the training data and evaluation criteria used. [55]. It suggests that the
inclusion or exclusion of Ni, biomass and temperature as a feature has minimal impact on the
overall performance of the model. The primary variables affecting H> production in PEM
technology are shown in Fig. 5B. It affirms that the most crucial variables to adjust precisely
are temperature, cell area, anode loading, anode catalyst Pt.Ru, the membrane used such as
N.1035 and membrane Nafion (N.) which can improve H; production. The chronology of the
relevant importance of variables for PEM is T>CA>AL> ACPt.Ru> MN.1035> MN [56].
Higher temperatures, increased proton conductivity of the membrane, larger catalyst area, and
Pt.Ru anode catalysts contribute to improved H: production rates. Elevated temperatures
provide energy for faster reactions, while higher proton conductivity facilitates efficient proton

transport.
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A larger cell area allows for more electrochemical reactions and better distribution of gases.
Pt.Ru catalysts enhance H» oxidation, and membranes with high proton conductivity, like
MN.1035 and MN.,, facilitate efficient proton transport while restricting the crossover of other
gases [57]. The membrane material needs to be chemically stable under the operating

conditions of the PEM system.
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4.3 Comparison of ML model’s capacity of H2 by DF and PEM technology for WRI for CRE

A regression line is a straight line that represents the relationship between two variables in a
linear regression model (Fig. 6). It is used to predict the value of one variable based on the
value of another variable. In this study, five ML models have been studied to find the best-
fitted model for H> production technologies. In terms of DF process, the inputs used in this
study were Fe (mg/L), Ni (mg/L), biomass amount (VSS/L), acetate (g/L), butyrate(g/L),
acetate to butyrate ratio, Ethanol (g/L), pH, Temperature (°C), COD (g/L), and HRT (h) for H»
production. The predicted results of KNN, DT, RF, GBM, and SVM have been shown in Fig.
6.

The model performance was determined by the correlation coefficient, root mean square error
(RMSE) and mean absolute error (MAE). Among the models, the R>, RMSE and MAE values
of KNN model are 0.948, 0.038 and 0.161, respectively. Followed by 0.935, 0.114 and 0.201
for the DT model; 0.925, 0.201 and 0.115 for RF; 0.876, 0.272 and 0.191 for GBM; 0.801,
0.315 and 0.133 in terms of SVM, respectively. All the outputs revealed that the best accurate
model is KNN in terms of the highest R? value with the lowest RMSE and MAE. As per the
result, the hierarchy of the model strength would be KNN> DT> RF> GBM> SVM. The reason
behind the best accuracy of KNN model could be relied on some facts; KNN performs well
when the relationships between input variables and the target variable are non-linear, and
another cause may be due to the localized effects. In DF, certain factors like pH, temperature,
substrate composition, and microbial interactions may have localized effects on Hz production.
KNN can consider the influence of nearby observations and identify similar instances with high
H» production [58]. Besides, SVM is the worst predictive model due to the data may not exhibit
a clear linear separation or the relationship between the input features, and the target variable
is highly complex and non-linear. Therefore, the DT and RF are suitable as both of the models
showed a good statistical indicator nearly the KNN model which may ensure the sufficient

high-quality data available in the dataset [59].
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The effectiveness of the established models (KNN, DT, RF, GBM and SVM) was evaluated
using three statistical indicators (R?, RMSE and MAE) that highlight the model’s superiority
in the production of H> from pure through the (PEMWL) process. According to Fig. 7, RF (Fig
2A) is the best model regarding R%, RMSE and MAE value as well as the highest strength
carrying model exhibiting 0.901, 1.238 and 0.461, respectively. An RF (model can be a good
predictive model for H» production in proton exchange membrane (PEM) electrolysis
technology when the relationship between input variables such as current density, temperature,
pressure, and Hz production is nonlinear and complex. In this study, the RF model excels at
capturing nonlinear relationships, handling interactions between variables, and providing
accurate predictions even with a large number of input variables. For the DT model, the
coefficient, RMSE, and MAE values are 0.899, 1.248 and 0.448, meaning that there was a
sufficient amount of training data available that captures the relevant features and patterns of
the system and the input variables and the target variable is relatively straightforward [60]. The
KNN and GBM models resulted from 0.889 & 0.896 for R?, 1.313 & 1.278 for RMSE, and
0.563 & 0.665 for MAE, respectively. Both KNN and GBM models showed less strength than
RF and DT due to the relationship between input variables and Hz production exhibiting non-
linear behavior, reliance on distance-based similarity metrics might not be effective. Whereas
the lowest strength was determined for SVM (0.860, 1.493 and 0.749) model in terms of all the
statistical accuracy indicators. Due to the complex non-linear relationships or a lack of clear
boundaries and overlapping between different classes or groups of PEM data points, SVM did

not perform well [61].
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4.4 Comparative significance of different process parameters for predicting H:; production

by DF and PEM technologies.

The relative importance of different process parameters of DF and PEM technologies provided
by PVI techniques have been presented in Fig. 8 and Fig. 9, respectively. In the case of the DF
process, all five models, i.e., RF, DT, KNN, GBM and SVM, revealed that COD was the highest
influential variable that could control the H> production process in DF. DF techniques consider
COD one of the most significant factors for H> production, where organic compounds are
converted into H> gas by anaerobic microorganisms [62]. The organic compounds serve as the
substrate for the microorganisms to produce Hz in DF technology. The COD of a substrate
indicates the amount of organic matter available for microbial degradation [63,64]. Higher
COD values imply a higher concentration of organic compounds, providing a greater substrate
availability for the microorganisms. This can lead to increased H» production. Moreover, DF
relies on the metabolic activity of anaerobic microorganisms. The microorganisms require an
adequate supply of organic matter to carry out the DF process efficiently. The COD value helps
determine the suitable substrate concentration to maximize microbial activity and H»
production. Thus, a higher COD generally corresponds to a higher potential for H> production.
However, the relationship between COD and H» generation by DF can be complex and may
depend on various factors such as microbial community composition, reactor conditions, and

specific substrate characteristics [65, 66].

However, the butyrate concentration, hydraulic retention time (HRT), acetate/butyrate ratio,
pH, acetate, and ethanol also played a significant role in predicting H> production by DF (Fig.
8) for all ML models studied, while the iron (Fe), biomass amount and the presence of nickel
(N1) did not show much considerable impacts on the overall H> production scenario by DF
technology. The HRT determines the duration of contact between the microorganisms and the
substrate, which is typically an organic waste material [67,68]. Microorganisms need time to
break down complex organic compounds into simpler molecules that can be utilized for H>
production. A longer HRT allows for more thorough substrate utilization, maximizing the
conversion of the organic matter into Ho. Moreover, the microbial community in the DF process

plays a crucial role in Hz production [69].
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The HRT affects the composition and dynamics of the microbial community by favoring certain
microorganisms over others. Longer HRTs can promote the growth of H»-producing
microorganisms while inhibiting the growth of competing microorganisms that consume the
Ha. Controlling the HRT can shape the microbial community to enhance H> production in DF
techniques [70]. During DF processes, organic acids such as acetate and butyrate act as electron
donors. The H>-producing microorganisms oxidize these organic acids, releasing electrons that
are transferred to the electron transport chain, leading to the production of H» gas [71,72,73].
The ratio of acetate to butyrate is considered significant in DF for H> production due to its
impact on the metabolic pathways and overall efficiency of H> production. Acetate metabolism
generally yields a higher amount of H> per mole compared to butyrate metabolism. Acetogens
can efficiently convert acetate to H> gas through the hydrogenase pathway, resulting in higher
H; yields. On the other hand, butyrate metabolism typically yields less Hz per mole of the
substrate. Acetate metabolism generally generates a higher amount of H, per mole compared
to butyrate metabolism [74]. Acetogens can efficiently convert acetate to H, gas through the
hydrogenase pathway, resulting in higher H» yields. On the other hand, butyrate metabolism
typically yields less Hz per mole of the substrate. Acetogens and butyrate-producing bacteria
may coexist in the DF system, and their metabolic activities can influence each other. Butyrate
can inhibit acetate utilization by competing for resources and creating an unfavorable
environment for acetogens. This competition can decrease the overall Hz production efficiency
[74,75]. Ethanol can play an essential role in H> production during DF. Ethanol can serve as a
substrate for H>-producing microorganisms in DF techniques. Some microorganisms, such as
certain species of Clostridium and Enterobacter, can metabolize ethanol and convert it into Ho
gas. This provides an additional carbon source for Hz production, expanding the range of
available substrates [75]. pH plays a critical role in Hz production. The activity and growth of
hydrogen-producing microorganisms are strongly influenced by pH. Different species of H» -
producing bacteria have specific pH ranges in which they thrive. Generally, DF for H»
production occurs under slightly acidic to neutral pH conditions, typically around pH 5.5 to
7.5. Maintaining the appropriate pH range is crucial for supporting the growth and metabolic
activity of the Ho-producing microorganisms [76,77,78]. The less significant values of four
variables in the present study, i.e., biomass, temperature, Fe and Ni in Fig. 8 for all ML models,
can be accredited to the fact that the optimal range of temperature and biomass in the DF
process has already been known. However, biomass, temperature, Fe and Ni should also be
considered significant contributing parameters to producing bio-H> by DF [79]. Fe and nickel

Ni are trace elements that can serve as cofactors for specific enzymes involved in H»
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metabolism. They are components of hydrogenases, key enzymes responsible for H>
production. While Fe and Ni are essential for the proper functioning of hydrogenase enzymes,
their presence is often not a limiting factor in DF, as these trace elements are generally present
in sufficient amounts in the natural environment or can be obtained from various sources [80].
It 1s important to note that the significance of these factors can vary depending on specific
conditions, such as the microbial community, the particular process configuration, and the
nature of the substrate. In some cases, biomass composition, temperature optimization, or
adding Fe and Ni may have a more pronounced impact on Hz production, especially when
dealing with specific substrates or unique microbial consortia. Therefore, a comprehensive
evaluation of these factors within the particular context of a DF system is recommended to

optimize Ha production in future studies.

However, the temperature of the PEM electrolysis cell plays a crucial role (Fig. 9) in
determining the efficiency and overall performance of the process. Higher temperatures
generally result in improved electrolysis kinetics and lower electrical resistances within the
cell, leading to increased H> production rates [81,82]. The reaction kinetics at the electrodes
are typically enhanced at elevated temperatures, allowing for faster ion transport and more
efficient water splitting. However, it's important to note that there is an optimal temperature
range for PEM electrolysis, and extreme temperatures can negatively impact the durability and
stability of the materials used in the cell [83,84]. The cell area refers to the active electrode
surface area within the PEM electrolysis cell. A larger cell area provides more surface area for
the electrochemical reactions to occur, thereby increasing the rate of H» production [85]. By
increasing the cell area, the available reaction sites for water splitting are increased, resulting
in a higher current density and, subsequently, higher H> production rates. However, increasing
the cell area also increases the overall system cost and requires more electrical power to
maintain the desired current density [86]. In summary, optimizing the cell temperature and cell
area in PEM water electrolysis is crucial for achieving higher H> production rates and
improving the efficiency of the process. By controlling these parameters within suitable ranges,
researchers and engineers can enhance the performance and viability of PEM electrolysis

systems for H> production.
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The pressure within the PEM electrolysis cell affects the diffusion of gases, including H» and
oxygen. Higher cell pressures promote more efficient gas diffusion, allowing the gases to reach
the respective electrode surfaces more quickly. This facilitates the electrochemical reactions
involved in water splitting, resulting in increased Hz production rates. The performance of the
PEM in water electrolysis is influenced by the cell pressure [87]. The PEM acts as a barrier
between the H; and oxygen electrodes, selectively allowing protons to pass through while
blocking the passage of gas molecules. Adequate cell pressure helps maintain proper membrane
hydration and compression, ensuring optimal proton conductivity. This promotes efficient
proton transfer and overall electrolysis performance [88]. Cell pressure also affects water
management within the PEM electrolysis cell. Water is an essential component for proton
conduction in the PEM, and it helps maintain membrane hydration. Proper water management
is crucial for the PEM to function effectively. Optimal cell pressure assists in maintaining the
appropriate water content within the membrane, which ensures efficient proton transport and
supports the electrochemical reactions involved in H» production [89]. It's important to note
that there are practical limits to cell pressure due to the structural integrity of the system.
Excessive pressure can lead to mechanical stresses, gas leakage, or even membrane damage.
Therefore, the cell pressure must be carefully controlled within safe and operationally feasible

ranges to optimize H> production in PEM water electrolysis.

The cell voltage, also known as the applied voltage or overpotential, represents the energy
required to overcome the thermodynamic potential of the water-splitting reactions. In PEM
electrolysis, water is split into H, and oxygen by applying an external electrical potential across
the cell [90]. The cell voltage must exceed the thermodynamic potential of the reaction to drive
the electrolysis process. Higher cell voltages provide the necessary driving force to accelerate
the reactions and increase the rate of H» production. Cell voltage also influences the ohmic
losses within the PEM electrolysis cell. Ohmic losses are associated with the electrical
resistance of the various components in the cell, including the electrodes, electrolyte, and
membrane [91]. Higher cell voltages can help mitigate ohmic losses by providing a greater
driving force to overcome these resistances. Minimizing ohmic losses is essential to maximize

the efficiency of the PEM electrolysis process and optimize Ha production [92].

The amount of anode and cathode catalysts is essential in PEM water electrolysis because
catalysts play a critical role in facilitating the electrochemical reactions that occur at the
electrodes [93,94]. Catalysts enhance the reaction kinetics at the anode and cathode of the PEM

electrolysis cell. At the anode, the catalyst facilitates the oxidation of water molecules,
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generating protons, electrons, and oxygen. At the cathode, the catalyst promotes the reduction
of protons and electrons to form H> gas [95]. The catalyst provides active sites for the reactions
to occur, lowering the activation energy and increasing the reaction rates. The amount of
catalyst determines the number of available active sites, directly influencing the efficiency and
speed of the electrochemical reactions [96]. The amount of catalyst also affects the achievable
current density in PEM water electrolysis. Current density refers to the amount of electrical
current passing through a given area of the electrode surface. Higher catalyst loadings can
increase the active surface area, providing more sites for the electrochemical reactions to take
place [97]. This results in a higher current density, which corresponds to increased H»
production rates. Optimizing the catalyst loading is crucial for maximizing current density and

overall system performance [98].
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Fig. 9. Influences of different process parameters on H> production by PEM techniques; A) KNN, B) DT, C) RF, D) GBM, E) SVM.
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4.5 Partial dependence analysis (PDA) of best ML models for DF and PEM.

This study found that the K-nearest neighbors (KNN) model is the best ML model for
predicting Ha production in the DF technology. Based on PVI analysis, a Partial Dependency
Analysis (PDA) study was conducted on the top six influential process parameters in the DF
process. The results of the PDA, depicted in Fig. 10, demonstrate that the H> production rate
increases with increasing COD values up to 10 mg/L. However, beyond this point, further
increases in COD values lead to a decrease in the optimal Hz production. It is generally
recognized that COD values up to 10 mg/L are beneficial for H, production [55,99]. This is
because a certain amount of organic compounds is necessary to serve as a carbon source for
the microorganisms involved in the H> production process [66,100]. These microorganisms
utilize these organic compounds as a substrate, resulting in the production of hydrogen. At
higher COD concentrations, certain organic compounds can inhibit microbial activity and be
toxic to hydrogen-producing microorganisms, leading to a reduction in H; production rate
[63,101]. Butyrate concentration variations, on the other hand, did not have a significant impact

on H» production [74,102].

Regarding the temperature, it was found that the optimal temperature range for H production
in the DF process is between 25 to 30 °C. Increasing the temperature beyond 30°C can decrease
H; production. The DF process relies on the activity of anaerobic microorganisms, particularly
fermentative bacteria, which convert organic substrates into H> and other byproducts. These
microorganisms exhibit optimal metabolic activity within the temperature range of 25 to 30 °C,
ensuring their efficient production of H»> [82,103]. The study also examined the effects of pH
within the range of 4 to 7 and found no measurable impacts on H» production in the DF process
[78,104]. As for acetate concentration, up to 2 g/L is considered excellent for H> production.
However, further increases in acetate concentration result in a significant decrease in H>
production. High acetate concentrations promote alternative metabolic pathways, such as
acetogenesis or methanogenesis, over H» production. Acetate can be utilized by acetogenic
bacteria to produce acetate or other byproducts instead of hydrogen. Additionally,
methanogenic archaea can use acetate to generate methane. When these alternative pathways

become dominant, H production is suppressed [75,105].

The best H» predictive ML model for PEM technology is RF in this study, thus based on PVI
analysis, PDA study was conducted on the top six influential process parameters in the PEM
process. The results of PDA of the process parameters in PEM technology have been illustrated

in Fig. 11. It is well evident that cell temperature up to 35 °C should be considered optimum
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for generating H» in the PEM process, further increasing of temperature could diminish the H»
production to the greatest extent [81,106]. However, increasing cell area could increase the H
production rate. According to PDA plots, 40-70 cm? could produce a significant production
rate of H, while very low cell areas (0-19 cm?) can be a matter of concern for H» production in
the PEM process [85,107]. Nonetheless, the cathode catalysts loading range from 0-3 mg/ cm?
did not have any significant impact on H> production by PEM. In contrast, H> production is
quite less with a small quantity of anode (0-2 mg/ cm?) catalysts. However, further increases
in anode catalysts up to 4 mg/ cm? could increase the H» production rate to the greatest extent
[94,108]. The cell pressure plays a crucial role in the production of H> in the PEM process.
However, 0-10 atm cell pressure should be considered optimum for H» production and further
increase of cell pressure decreased the Hz quantity. In addition, 2-4 V cell voltage is considered
excellent for Hz generation in the PEM process. Very low voltage (0-2 V) could reduce the H>
yield to some extent [109].
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5. Conclusion

The establishment of a future H> economy (HE) through environmentally friendly green H»
production (GHP) holds immense potential as the ultimate solution for ensuring global energy
security in a sustainable manner. Incorporating the perspectives from water industries (WRISs)
and the circular economy (CRE) becomes paramount in the context of GHP and sustainable
energy management. The findings from our study indicate that K-nearest neighbors (KNN) and
random forest (RF) models prove to be the most suitable for predicting GHP in the case of dark
fermentation (DF) and proton exchange membrane (PEM) water electrolysis processes,
respectively. Our analysis also highlights the significance of specific process parameters (PP)
in GHP optimization. For DF, the permutation variable index (PVI) underscores that chemical
oxygen demand (COD), followed by butyrate concentration, temperature, pH level, and the
acetate/butyrate ratio, exert the most substantial influence, listed in descending order.
Conversely, for the PEM process, temperature, cell area, cell pressure, cell voltage, and catalyst
loadings take precedence as the most influential process parameters, presented in a diminishing
order. Furthermore, partial dependency analysis (PDA) reveals key insights. GHP exhibits an
upward trend with COD values up to 10 mg/L, and the DF process yields optimal results within
a temperature range of 25 to 30 °C. In contrast, the PEM process benefits from a cell
temperature of up to 35 °C, and a cell area ranging from 40 to 70 cm? proves most effective for
GHP. Regarding acetate concentration, concentrations up to 2 g/L are ideal for H> production
in DF, but further increases lead to diminishing returns. Conversely, in the PEM process,
minimal quantities of anode catalysts (0-2 mg/cm?) result in limited H> production, while
increasing the catalyst loadings up to 4 mg/cm? significantly enhances H» production rates. Cell
pressure emerges as a pivotal factor in PEM-based H> production, with an optimal range of 0-
10 atm; higher pressures reduce H> output. Additionally, a cell voltage of 2-4 V is deemed
optimal for H> generation in the PEM process, with very low voltages (0-2 V) leading to
reduced H; yields. In summary, our study underscores the potential of machine learning (ML)
and artificial intelligence (AI) as promising techniques for optimizing GHP, ultimately
addressing scaling-up challenges in large-scale industrial GHP production and ensuring a

sustainable HE.
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