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Abstract

With the growing presence of organic pollutants like methylene blue (MB) in wastewater,
there are significant concerns for both the environment and public health, highlighting the
urgent need for the development of effective remediation strategies. This study addressed
the urgent need for effective remediation strategies for organic pollutants, specifically
methylene blue (MB), in wastewater by synthesizing and evaluating a CuWO,@TiO,
nanocomposite photocatalyst. A comprehensive characterization using UV-Vis diffuse
reflectance spectroscopy (DRS), field emission scanning electron microscopy (FESEM), X-
ray diffraction (XRD), X-ray photoelectron spectroscopy (XPS), Brunauer-Emmett-Teller
(BET) surface area analysis, electrochemical impedance spectroscopy (EIS), and cyclic
voltammetry (CV) was conducted to assess the nanocomposite's structural, morphological,
and electrochemical properties. Density functional theory (DFT) calculations provided
insights into the photocatalytic mechanism, particularly the most stable Ti/Cu@CuWO,
interface configuration. To enhance predictive modeling for MB degradation, ten machine
learning (ML) algorithms, including AdaBoost, Bagging, CatBoost, Decision Tree, Extra
Trees, Gradient Boosting, HistGradientBoosting, Light GBM, Random Forest, and XGBoost,
were evaluated based on coefficient of determination (R?), mean square error (MSE), root
mean square error (RMSE), mean absolute error (MAE), and median absolute error
(MedAE). Among this HistGradientBoosting model demonstrating exceptional
performance, achieving an R? of 0.9998 in training and 0.9915 in testing, along with low
error metrics. Experimental validation under optimal conditions (200 mg/L catalyst, 150
mW/cm? light intensity, 88.6 min reaction time) confirmed a 98.5% MB degradation
efficiency, closely aligning with the ML-predicted 98.99%. The nanocomposite exhibited
significantly higher catalytic activity as compared to individual CuWO, and TiO,, with rate
constants of 0.0302 min™ for the nanocomposite, 0.0197 min! for CulWOy,, and 0.0167 min*
for TiO,. Scavenger experiments revealed the order of active species in the degradation
process as O,®~>HOe® >10, > e~ > h?, this research emphasizing the combined effectiveness
of experimental, computational, and machine learning methods in optimizing

photocatalytic water treatment processes.
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Chapter 1: INTRODUCTION

1.1 Background

Freshwater is essential to the survival of all species on Earth since different
ecosystems and cultures depend on surface water supplies [1]. However, the
widespread use of organic dyes in industrial processes has led to significant
water pollution, which could have terrible consequences for human health and
the ecological balance [2, 3]. Rivers, ponds, lakes, and other bodies of water are
the main regions at risk. Millions of tones of effluent are released daily into the
environment by the paper, textile, pharmaceutical, and other sectors. As a result,
treating these dyes prior to discharge is crucial [4, 5]. Methylene blue (MB), for
example, has an acute risk of burning the eyes in animals as well as humans [6].
When swallowed, MB stimulates the digestive system, causing a variety of
symptoms such as headaches, tachycardia, indigestion, nausea, and vomiting. To
keep the environment in balance, MB dye and other toxins must be eliminated
from polluted water because they are toxic to living things [7]. Numerous
methods, including ion exchange, adsorption, filtration, and catalytic oxidation,
have been used to eliminate the contaminants listed above. But the results aren't

satisfactory [8].

The nontoxicity, environmental friendliness, and strong photostability of
photocatalytic degradation make it a green way to remove toxins. In
environmental remediation, this method has gained more attention since it uses
the maximum amount of solar energy to break down organic materials into
inorganics like CO2 and H20 [9]. Photocatalysts harvest the infinite sunlight to
generate chemical energies or eliminate environmental pollution via different
photocatalytic processes such as Hz evolution, pollutant removal, CO: reduction,

and Nitrogen fixation [10]. However, inaccuracy and unpredictability continue




to be limitations of photocatalysis; designing fruitful and sustainable
semiconductor photocatalysts is critical. Semiconductor nanomaterials have been
effectively utilized as chemosensors to identify and analyze minute amounts of
harmful environmental chemicals. This makes them invaluable for monitoring
and detecting ecological pollutants and protecting public health [11]. Researchers
are quite interested in TiO2 because it is an n-type semiconductor, which has led
to substantial study for a variety of photocatalytic technics [12]. Because of its
great chemical and thermal stability, non- toxicity, and affordability, antase
titanium (TiO2) has drawn a lot of attention among the photocatalytic
nanomaterials that have recently been established and employed as
photocatalysts for breaking down of synthetic dyes water [13]. Yet, anatase TiO2
has many drawbacks, including a broad energy bandgap (~3.2 eV) that results in
inadequate absorption of light that is visible and the quick recombination of pairs
of electrons and holes produced by photoenergy [14]. Its wide range of practical
applications is further limited by the difficulty of recovering and separating TiO:

nanoparticles from aqueous solutions [15].

The production of TiO: composites enables morphological modification and
property refinement for improved performance. Metals like noble,
semiconductors, metal-organic frameworks, and C nanotubes all have intrinsic
chemical and mechanical qualities that make them highly promising for the
straightforward production of effective TiO2 hybrid nanocomposites [16, 17].
Despite the promising potential for effective photocatalytic mineralisation of
poisonous dyes in water, titania performance has proved difficult to enhance,
especially in conjunction with other semiconductors [18]. Recent research found
that the photocatalytic activity may be significantly increased by mixing with
various semiconductors, including SnO:, NiO, BizOs, SbxSni1xO2, FeTiOs, In20s,
ZnQO, CdS, ZrO, CuS, Fe20s3, WOs3, S5iO2, and others [19-22]. Due to its proper CB




and VB locations in relation to TiO2, WOs also hunts for photogenerated electrons
that are obtained from TiO2. The WOs VB is photoexcited to form holes, which
then transfer and collect in the valence band (VB) of TiO: [23]. By growing the
capacity for charge transfer, this method raises the WOs3/TiO2 composite's
photoactivity. In heterogeneous catalysis, nanometer-scale tungstates
comprising ZnWQOs, Bi2tWOs, CuWOs, and other elements are thoroughly
investigated [24]. CuWOu is a novel and promising material that has recently
shown promise in water splitting and organic pollutant photodegradation.
CuWOs is an n-type semiconductor distinguished by its remarkable chemical
reliability and particular redox performance. It is photosensitive in light due to
its band gap, which is around 2.2 eV [25, 26]. The valence band (VB) and
conduction band (CB) of TiO2 and CuWO: are positioned to facilitates electron
transport. To create a p-n heterojunction with TiO2, CuWOu: is the perfect
semiconductor. Electrochemical detection is a highly efficient and sensitive
method for detecting substances. This detection platform is known for its cost-
effectiveness, sustainability, consistent performance, and remarkable sensitivity,
making it a valuable tool in various applications [27]. Electrochemical sensors
utilizing ternary nanocomposites have garnered considerable interest because
they facilitate swift electron transfer at the interface, provide conductive
properties that may be adjusted and increase the particle size for improved

performance [28].

Density functional theory has been identified as a basic computational method
for investigating nanophotocatalytic electronic, structural, and optical properties.
The principles of transferring charge and surface reactivity of nanophotocatalysts
are beneficial during photocatalytic activity optimization [29, 30]. Capable of
simulating the interaction between light and matter at the atomic scale, DFT thus

provides the means to rationally design active nanomaterials, with an in-depth




knowledge of heterojunction behavior and underlying mechanism of
degradation processes in photocatalytic systems [31]. Machine learning models
play a critical role in the correct prediction of contaminant concentrations in
polluted water. Development of precise predictive models is crucial for
protecting people health and maintaining integrity of the ecosystem in light of
dye pollution in aquatic environments. Different ML approaches exist for this
purpose, including Linear Regression (LR), Support Vector Machines (SVMs),
Gaussian Processes (GPs), Artificial Neural Networks (ANNs), and tree-based
methods. Among the tested models, tree-based models proved to be the most
effective option. Further improvements involve the development of training
techniques based on gradients for faster training of tree-based models with
improvement in predictive performance [32]. Continuous research has brought
forth algorithms such as AdaBoost (AB), CatBoost (CB), LightGBM,
HistGradientBoosting (HGB), and Extreme GB (XGB) [33-35].

1.2 Aims and Objectives

This study focuses on the following specific objectives

o To synthesize and characterize the CuWO,@TiO: nanocomposite for efficient
dye degradation by photocatalysis.

o To understand the geometrics and electronics properties and optimize the
structure performance by Density Functional Theory (DFT).

o To optimize the photocatalysis process by using Machine Learning (ML)
algorithomes.

o To explore the degradation mechanisms involved in dye degradation and
evaluate the stability and reusability of CuWO,@TiO2 nanocomposite for

practical applications.




1.3 Significance of This Study

This study will help educate future researchers on the degradation and removal
of dye from wastewater, contributing to environmental remediation.
Comprehensive knowledge on photocatalytic degradation wil be provide by this
study, process using CuWO,@TiO, nanocomposites and its efficiency under
different operational conditions. It will also explore the role of reactive species
contribute to dye breakdown and their impact on pollutant breakdown. The final
phase of the study will investigate the underlying degradation mechanism,
assess the stability and reusability of photocatalysts, and propose a sustainable

strategy for large-scale wastewater treatment applications.
1.4 Thesis Outline

Chapter 1 outlines the background and key objectives of the study, emphasizing
the role of nano-photocatalysts in wastewater treatment.

Chapter 2 outlines the brief literature review focusing on wastewater treatment
technologies, various photocatalytic processes and their mechanisms, and lab-
scale to potentially large-scale photocatalysis applications.

Chapter 3 describes the materials and instruments used during the research work
and the procedures followed for the range of tests conducted.

Chapter 4 provides a detailed description of the characterization of the
CuWO,4@TiO, nanocomposite, DFT calculations to analyze electronic and
structural properties, parameter optimization using ML, and other analyses to
validate the catalyst's efficiency and stability.

Chapter 5 summarizes the entire study, providing a comprehensive conclusion
and future research directions for enhancing the photocatalytic performance of

CuWO,@TiO, nanocomposites for sustainable wastewater treatment.




Chapter 2:  LITERATURE REVIEW

2.1 Background

Antibiotics are chemical substances used to treat bacterial complications in humans,
animals, aquaculture, and livestock feed [36]. Between 2010 and 2019, their usage
expanded dramatically to an estimated 100,000 to 200,000 tonnes worldwide [37], with
around half used for animal feed, which is expected to climb to 105,796 tonnes by 2040
[38, 39]. The public is concerned about the extensive and frequently excessive use of
antibiotics, particularly as they are being found to be environmental pollutants that
come from human and animal waste [40]. Antibiotic resistance spreads more quickly
when antibiotics are present in the environment repeatedly [41-43]. Antibiotic
resistance spreads more quickly when antibiotics are present in the environment
repeatedly, since this lead the creation of antibiotic-resistant bacteria (ARBs) and
associated ARGs [44, 45]. According to certain sources, there is a serious threat to the
ecosystem and human health [46-50]. Alarming projections in the USA anticipated
antimicrobial resistance-related deaths exceeding the combined toll of cancer and
diabetes, with approximately 23,000 deaths annually [51]. Extended exposure to
antibiotics in natural environments promotes the growth of bacteria that are resistant
to antibiotics (ARBs) and the genes that cause this resistance (ARGs), which
contributes to the spread of antibiotic resistance and poses a significant risk to both
human health and ecological systems [52].

To address the environmental hazards posed by antibiotics, we use physical,
biological, and chemical methods [48,53, 54]. Various physical wastewater treatment
techniques are based on mechanical separation to reduce contaminant levels by
relocating rather than degrading antibiotics [42,43, 55]. In wastewater treatment,
biological methods, including biological membrane technology and the activated
sludge process, are frequently used [56]. These technologies are facing scrutiny
because they come with certain limitations, including prolonged processing times and

the challenge of effectively recovering generated heat [57]. On the other hand,
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chemical processes like separating solids from liquids and degradation are also
frequently employed to render pollutants non-toxic or non-hazardous [48, 58]. It
should be noted that many of the conventional methods fail in degrading antibiotics
completely since most of them are very complex in structure and are even resistant to
biodegradation in an aquatic medium [59]. Advanced oxidation process (AOP) has
lately arisen as one of the very effective treatment technology that has proven to
remove antibiotics more effectively compared to the previous methods of physical
adsorption, flocculation as well as chemical oxidation [42, 43, 60]. AOPs offer several
advantages, including simple equipment, straightforward operation, minimal sludge
production, and the rapid generation of mineralized products. They are also very
good at breaking down refractory and high-strength organic compounds [61].
Photocatalyst-based AOPs represent a promising strategy for eliminating antibiotics
from polluted water, providing several advantages over other oxidation techniques.
By utilizing light energy to activate catalysts, these AOPs facilitate antibiotic
degradation without needing extra chemical oxidants and producing minimal of
harmful by-products, promoting environmental sustainability [62]. Moreover, they
exhibited high selectivity towards antibiotics with preserving water quality.
Compared to other photocatalysts material, semiconductor-based photocatalysts
often achieved superior efficiency and high mineralization rates, offering a
comprehensive solution for antibiotic contamination. The progressively increasing
trend of publications and corresponding citations record in recent times highlighted
the superiority of semiconductor-based photocatalysts for the degradation of
antibiotics (Figure 2.1). The appeal of photocatalysis lies in its potential to achieve
extensive mineralization, converting organic pollutants into harmless mineral
compounds. Additionally, its nonselective, it can deal with a large range of pollutents,
which makes it a flexible choice for environmental remedition in a variety in water
and air purification applications. These features collectively position photocatalysis as

an attractive approach for addressing pollution challenges in diverse settings.
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Figure 2.1 The trend of publications focusing on antibiotic degradation using

semiconductor-based photocatalysts (Scopus database).

A number of noteworthy review studies that concentrate on eliminating antibiotics
through AOPs have surfaced in recent years [63-65]. Some of these articles explored
into specific AOP methods tailored for antibiotic remediation, such as H20:-based
AQP [64], Fenton-based AOPs [66], UV-based AOPs [67], UV/chlor(am)ine based AOP
[68], electrochemical-based AOP (EAOQOP) [69], persulfate and peroxymonosulfate
based AOPs [65] as well as the catalytic degradation process [70], graphene-based
materials [71, 72], adsorption process [42, 43]. However, these papers primarily
discuss the oxidizing agents or AOP processes and their efficiency in removing
antibiotics without focusing on the detailed mechanisms of how these materials or
processes degrade antibiotics. They do not address the entry of antibiotics into the
environment, their adverse impact on human health and the environment, or the
effects of each treatment process in relation to established industrial applications. As
a result, there is a lack of understanding about these processes and their practical
limitations for large-scale commercial wastewater treatment.

This literature review entirely concentrates on semiconductor-based photocatalytic

processes and their effectiveness in eliminating antibiotics while also addressing their
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practical constraints. The scope includes discussions on antibiotic sources, pollution
risks and impacts, removal challenges, and influential factors. This study help to
understanding of the essential principles and mechanisms underlying semiconductor-
based photocatalysts and their sequential modification for enhanced antibiotics
degradation from contaminated water. The discussion also highlights concluding
remarks and future directions of emerging techniques for sustainable wastewater

treatment.
2.2 Sources of Antibiotic Pollution

The primary sources of antibiotics in surface water include animal husbandry and
aquaculture, domestic sewage discharges, pharmaceutical manufacturing, and
healthcare facilities [73]. Antibiotics are commonly administered to animals through
feed or water, primarily for growth promotion in large-scale animal farming
operations and to prevent and treat infectious diseases [74]. Consequently, antibiotic
residues are excreted by the animals in their faces, which can enter the environment
by applying manure as fertilizer or runoff from animal housing facilities.
Additionally, antibiotics are extensively used in aquaculture, where only a fraction
(20-30%) of the pharmaceuticals used are absorbed by aquatic products [75]. Domestic
sewage discharge represents a significant source of antibiotics in urban water systems
[76]. Antibiotics are commonly prescribed to individuals to treat various infections.
Yet, research indicates that only a small fraction of antibiotics administered to the body
are absorbed and utilized by organisms. The remaining 40%-90% of active
medications or metabolites are excreted in faces and urine [77]. Consequently, treated
wastewater or septic effluent containing residual antibiotics can be released into
nearby water bodies [78]. Pharmaceutical companies generate, handle, and dispose of
significant quantities of antibiotics during production. A study found that
downstream water sources from pharmaceutical production plants had significantly
higher antibiotic concentrations than upstream sources [79]. Hospitals and healthcare

facilities also significantly contribute antibiotics to urban water systems [80]. These
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facilities administer large doses of antibiotics to patients, resulting in the excretion of
antibiotic residues through wastewater. Medical waste incineration is a significant
source of antibiotic emissions, potentially contributing to the spread of antibiotic
resistance. The present study investigates several primary sources of environmental
antibiotics, as illustrated in Figure 2.2, and provides a comprehensive analysis of their

pathways for their movement and persistence in groundwater systems.
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Figure 2.2 Sources of antibiotics in the environment and their pathway
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2.3 Challenges of Removing Antibiotics from the Environment

The challenge of removing antibiotics from the environment, including water bodies,
soil, and wastewater, is commonly called the antibiotic removal problem. Antibiotics
present in the environment pose risks to both ecosystems and human health. Several

primary barriers contribute to the difficulty in removing antibiotics effectively:

2.3.1 Chemical Complexity
The diverse chemical structures of antibiotics present a significant challenge for their
removal compared to simpler contaminants. Various classes of antibiotics necessitate
specific treatment processes to achieve effective removal Furthermore, the
degradation of antibiotics can result in the formation of transformation products [82],

which may possess distinct properties and introduce additional environmental and

health risks.

2.3.2 Cost and Infrastructure

Implementing successful antibiotic removal technology often requires substantial
investments in advanced treatment infrastructure and operational costs. While
advanced treatment processes like advanced oxidation or membrane filtration may be

effective, they are energy-intensive and expensive to implement on a large scale [63]

2.3.3 Low Quantities
Antibiotics are frequently present in the environment in small amounts, usually in the
range of parts per billion (ppb) or parts per trillion (ppt) range. Detecting and
eliminating them at such low concentrations poses a significant challenge [77].
Additionally, antibiotics may be co-present with a mixture of other pollutants in

certain instances, complicating the isolation and targeted removal of antibiotics.
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2.3.4 Multiple Sources

Antibiotics can enter the environment through various pathways, including
wastewater discharges from healthcare facilities, pharmaceutical industry effluents,
agricultural runoff, and human and animal waste [83]. However, effectively locating

and regulating each source poses a significant challenge.

2.3.5 Persistence Nature

Certain antibiotics exhibit persistence and resist environmental degradation, resulting
in prolonged contamination [84]. Additionally, they are classified as emerging
contaminants due to ongoing research on their potential hazards and environmental
impacts [85]. Consequently, standardized removal methods may not be readily

available.

2.3.6 Limited Public Awareness

Many people may be unaware of how improper antibiotic disposal harms the
environment or the importance of antibiotic removal, which can lead to poor practices
and pollution. Additionally, in many areas, there may be a lack of regulatory
regulations for safe antibiotic levels in water [86], making it challenging to establish

treatment targets.
2.4 Mechanism of the Photocatalytic Process for Antibiotic Degradation

The semiconductor-based photocatalysis process effectively promotes the
degradation of antibiotics from contaminated water. Researchers have conducted
experiments to evaluate the efficacy of various photocatalysts in eliminating different
antibiotics from their respective environments. Research on catalyst composition and
application has evolved through four distinct generations [87], each shedding light on
the mechanisms of various photocatalysts used for pollutant degradation, namely:
single component transition metal oxides (TMOs) representing the first generation,

doped TMOs/ binary TMOs/ doped binary TMOs as the second generation, and
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inactive/active support-immobilized TMOs as the third generation, while the fourth
generation refers to ternary/quaternary compositions. The first two generations
represent suspended catalysts, the third generation is supported catalysts, and the
fourth generation can be suspended or supported. Generally, oxides of titanium (Ti),
zinc (Zn), bismuth (Bi), tungsten (W), graphene, and graphitic carbon nitride (g-CsNa),
also their substitute materials are commonly synthesized and used as photocatalysts
for the removal of antibiotics from contaminated sources. These semiconductor
materials and their substitutes are synthesized through a variety of advanced
methods, including sol-gel, hydrothermal, solvothermal, precipitation, and template-
assisted techniques [88]. The synthesis method chosen often depends on factors such
as the desired crystal structure, particle size, surface area, and photocatalytic activity

required for the specific application

2.4.1 Mechanism of the General Photocatalytic Process

Three main phases can be identified as the fundamental reaction mechanisms of
semiconductor photocatalysis for the breakdown of antibiotics from contaminated
water: photon absorption, excitation, and reaction [89, 90]. When a photocatalyst
absorbs photons with energy higher than its band gap, the electrons in the valence
band (VB) get energized and transition to the conduction band (CB), resulting in the
formation of a hole (h*) in the VB (Photocatalyst + hv — photocatalyst + h* + e”) [89,
90]. Afterward, the electrons and holes produced by the light are effectively separated
and move toward the surface of the photocatalyst, initiating further reactions on the
material surface. Photogenerated holes have the potential to directly target antibiotics
(h*+ antibiotics — H2O + CO2 + degradation products). This process can possibly result
in substantial destruction of the harmful antibiotics. Figure 2.3 illustrates the different

phases of the typical photocatalytic decomposition of antibiotics.
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Figure 2.2 General mechanism for antibiotics degradation by using semiconductor-

based photocatalysis process.

Materials scientists in this field have suggested and acknowledged two distinct
pathways on degradation routes [91]. The first pathway occurs when the
semiconductor's CB potential is more negative compared to the O2/O2* redox potential
(-0.13 eV vs. normal hydrogen electrode (NHE)). In this reductive pathway, the
photoexcited electrons (e”) have the ability to interact with electron acceptors, like O,
which can be found on the catalyst surface or dissolved in water. This reaction reduces
Og, forming a superoxide radical anion (O2*) (O2 + e- — O2™) [70, 90]. Additionally,
H202 can be generated by transferring electrons from the conduction band to the
adsorbed O:. Due to the catalyst's CB position's higher negative charge than the
O2/H:20:2 system (+0.682 eV vs. NHE), the generated H.0O: subsequently reacts with
electrons released by light to generate the active HO® radicals [70, 92]. The second
pathway also known as the oxidative pathway, occurs when the holes migrate to the
surface of the photocatalyst. As a result, the presence of HO® radicals was generated
by oxidizing H.O/OH-, and this generation was influenced by the alkalinity or acidity
of the surrounding environment (H-O/OH" + h* — HO*® + H") [70, 92]. Therefore, the
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generation of HO® can happen through both pathways: either by oxidizing H2O or
OH™ molecules or by reducing O2. After the excitation, H* possesses the capacity to
interact with electrons, generating thermal energy (H* + e~ — energy). This process
results in a reduction in the efficiency of the photodegradation. Notably, the typical
redox potential of photocatalysts must exceed that of HO*/OH™ (+1.99 eV vs. RHE)[70,
92]. Both ROS (HO* and O:*) are highly reactive oxidizing agents in photocatalysis.
Under extended exposure to high-energy light, they have the ability to efficiently
convert antibiotics and their intermediates into final mineralization products, such as

CO:2 and H:0 (Antibiotics + HO* and/or Oz* — CO: + H20).

2.4.2 Mechanism of Metal & Non-metal or Co-doped Photocatalysis Process

The large band gap and significant electron-hole recombination of traditional and
single semiconductor photocatalysts limit their effectiveness under visible light,
which hinders their practical application. To improve the photocatalytic efficiency,
several dopants, such as transition metals (Fe, Cu, Mn, Zn, Ni, Co, Cr, Ru, Ag) or
nonmetals (C, N, S, F) have been introduced into the semiconductor material. Metal
and non-metal dopants have the ability to construct an impurity energy level located
below the CB of the material [93, 94]. This action serves to reduce the band gap, which
in turn extends the absorption wavelength edge towards the region of visible light [95,
96]. The idea of modifying semiconductor materials in the second generation involves
the process of co-doping with both metal and nonmetal ions. This method has
attracted considerable interest because of its synergistic effect on improving the
absorption of visible light and minimizing electron-hole recombination [97-99].
However, these synthesized materials not only remove antibiotic pollutants but also
help to impact the formation of ROS. The co-doped material provides comparatively
higher holes and electrons for the generation of ROS than other doped materials. Shen
and their group made a comparable observation regarding the synthesized Co-N co-
doped TiO: photocatalyst, demonstrating that the co-doped TiO: photocatalyst played

a significant role in the generation of holes and electrons. Specifically, it contributed
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70.1% of the holes and 29.9% of the electrons, in comparison to Co-doped TiO, and N-
doped TiO,[95]. This can be attributed to the electron-trapping capabilities of Co ions,
which enhance charge transfer and facilitate highly efficient electron-hole separation.

The mechanism of doped ions on semiconductor material is shown in Figure 2.3.
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Figure 2.3 The mechanism of doped ions on semiconductor material.

2.4.3 Mechanism of the Heterojunction Photocatalysis Process

Most semiconductor materials are susceptible to electron-hole recombination, which
reduces photocatalytic efficacy. As a result, extra efforts must be taken to ensure
visible light is used efficiently while avoiding electron and hole recombination. To
improve semiconductor material performance, charge carriers should be separated
better, their lifespan extended, the photocatalyst's band gap reduced, and the surface
area increased [87]. Researchers have taken two approaches to developing effective
solar light-activated semiconductor-based photocatalysts. The primary approach is to
improve the absorption of visible light of semiconductor materials by including metal

or nonmetal elements. This augmentation can be accomplished by modifying the
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energy band structure or utilizing localized surface plasmonic resonance (LSPR)
events. The second strategy focuses on the development of heterojunctions between a
semiconductor and another semiconductor that is activated by visible light [100, 101].
These heterojunctions should have band gaps and energy levels that match the
valence and conduction bands. Heterojunctions are primarily composed of (a) Type I
heterojunction, (b) Type II heterojunction, (c) p-n junction, (d) Schottky junction, and
(e and f) Z-scheme heterojunction, which have all been extensively studied in relation
to antibiotic photodegradation [102, 103]. Figure 2.4 depicts the latest developments
in heterojunction systems. These heterojunction-based photocatalysts followed the
fundamental photocatalytic procedure, except using one semiconductor material.
When a potential difference is applied in heterojunction systems, electrons transfer
from the conduction band (CB) of semiconductor 1 (SC1) to the CB of semiconductor
2 (5C2). At the same time, holes in the valence band (VB) of SC1 migrate to the VB of
SC2. This charge transfer occurs in Type-I heterojunctions, as shown in Figure 2.4a. In
Type-II heterojunctions, however, holes move from SC2 to SC 1 (Figure 2.4b). In the
p-n junction system, a Type II mechanism exchanges electrons (e”) and holes (h*).
Electrons travel from p-type to n-type semiconductors, whereas holes move from n-
type to p-type semiconductors (Figure 2.4c). The effective segregation of light-induced
charge carriers allows the CB of the second semiconductor and the VB of the first
semiconductor to engage in reduction and oxidation processes, enhancing the
photocatalytic activity. Although Type-II heterojunctions can restrict photogenerated
charge recombination, they also reduce compound semiconductors' redox capacity
and pose problems to the continuous flow of electrons and holes due to electrostatic
repulsion. A Schottky junction is also formed by combining two different
semiconductor materials (Figure 2.4d). The oxidation capability of Schottky
heterojunctions is restricted to some organic impurities due to the location of the
semiconductor photocatalyst's VB. To overcome the aforementioned concerns with
other heterojunctions, the concept of Z-scheme heterojunctions was developed,

inspired by natural photosynthesis [104-106]. These heterojunctions are classified
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based on their charge transfer mechanism and the presence or absence of mediators.
The direct Z-scheme relies on the electron transfer between photocatalysts directly,
eliminating the electron mediator, which would simplify the design and enhance
stability but may suffer from higher charge recombination. In contrast, an indirect Z-
scheme, which uses a redox pair (e.g., Fe3*/Fe?*) or a conductive mediator to facilitate
efficient charge transfer and spatial separation of charge carriers, reduces the risk of
recombination and increases the photocatalytic efficiency. While indirect composites
are more complicated to fabricate and possibly beset by stability problems due to
mediator degradation, indirect Z-schemes are nevertheless often used in applications
that demand high charge separation performance, while direct Z-schemes are best
suited for systems where robustness and simplicity are desired. When exposed to
visible light, electrons at a lower CB location on SC2 interact with holes on the VB of
SC1 via the heterojunction interface (Figure 2.4e) or an intermediary conducting

medium (Figure 2.4f). This enables the photocatalyst to maintain high redox capacity.
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Figure 2.4 The six alternative heterojunction structural models are illustrated as
follows: (a) Type I heterojunction, (b) Type II heterojunction, (c) p-n junction, (d)
Schottky junction, (e) Z-scheme heterojunction (without an electron mediator), and

(f) indirect Z-scheme (with an electron mediator).
2.5 Semiconductor — Based Nanophotocatalyst in Antibiotics Removal

Photocatalysis is a highly effective, affordable, and environmentally friendly approach
for removing antibiotics from wastewater. Various semiconductor photocatalysts,
such as titanium oxide (TiOz), zinc oxide (ZnO), bismuth oxyhalide (BiOX), graphitic
carbon nitride (g-CsNai), and graphene oxide (GO), tungsten oxide (WOs), and their
substituents, have distinct physical and chemical characteristics that influence their
efficiency and effectiveness in removing antibiotics. The subsequent sections describe
these six commonly used semiconductor materials to remove antibiotics from the

environment and their impact on sustainable wastewater treatment.
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2.5.1 Titanium Oxide -based Materials or Composites

TiO: is the most often used photocatalyst for antibiotic removal owing to its unique
features. These substances in nanostructured forms exhibit outstanding physical and
chemical durability, a high ratio of surface area to volume, adjustable electronic
properties in comparison to the corresponding bulk phase, exceptional photocatalytic
performance, lack of toxicity, widespread availability, and cost efficiency [100]. It has
a broad bandgap (3.2 eV). Therefore, it can be activated by UV radiation, which is
limited in sunlight. This feature makes TiO: not suitable for outdoor applications
where natural light is abundant. Although TiO: has a high photocatalytic activity
under UV light, its practical usefulness is limited due to rapid electron and hole
recombination and insufficient visible light harvesting [100]. As visible light accounts
for most sunlight, developing an effective strategy is critical to enhance the TiO:
activity under visible light. When using TiO: in a full-scale field deployment, reducing
the amount and utilizing solar energy can be extremely cost-effective and beneficial
to wastewater treatment. Researchers have improved bulk TiO:2 photocatalytic activity
through various modifications, including doping with a suitable transition metal, and
synthesizing composite materials. Several such advanced photocatalysts have been
developed and successfully used to prevent antibiotic contamination, which is shown
in Table 2.1. These modifications have led to improved charge separation rates,
reduced recombination rates, and the generated oxygen vacancies, ultimately
enhancing catalytic efficiency in visible light or solar-simulated light. To enhance the
photocatalytic activity, several dopants, such as transition metals, d-block metals or
nonmetals or co-doped, have been introduced into the TiO: material. The durability of

the doped TiO: relied on the number of electrons in the dopants and their ionic size.

Although researchers have significantly improved the catalytic efficacy of TiO: under
visible or solar-simulated light instead of UV light, retrieving the synthesized small
particles poses new challenges. Researchers have recently synthesized heterojunctions

using TiO:2 and magnetic particles such as a-Fe2Os and FesOs to solve the problem of
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recovering particles. They accomplished the separation with success, greatly
enhancing the efficiency of the catalysts and their potential to be reused, while also
decreasing the overall cost of synthesis. The construction of the a-Fe:0:@TiO:
photocatalyst resulted in a higher efficiency in removing cefixime (CFX) antibiotic
than pure TiO:2 and Fe2Os under visible light illumination (500 W halogen lamp and
wavelength >400 nm) [107]. At a dosage of 0.012 g/L of a-FexOs@TiO:, with a pH of
4.76, an initial CFX concentration of 20.5 mg/L, and a duration of 103 minutes, 98% of
CFX was effectively removed. The heterojunction formed between the TiO2 and Fe20s,
promoted the electron-holes segregation rate and reduced the rate of recombination,
which steered the photodegradation activity. The photocatalyst of TiO2/GO/chitosan
was synthesized by Berna Erim et al. [73] for the degradation of CFX under UV-A
irradiation. In optimized conditions (catalyst dose of 0.327 g/L, CFX concentration of
20.29 mg/L, pH of 4.1, and UV-A irradiation of 60 W), the TiO2/GO/chitosan
photocatalyst exhibited a prominent degradation efficiency of 95.34%. They also
reported in another article that the SWCNT/ZnO/FesOs combination achieved a CFX
decomposition efficiency of 94.19% at pH 593, 22.76 ppm CFX, and 046 g/l
photocatalyst [74]. In a recent study, Jeyaprakash and coworkers [75] synthesized Ti3*-
doped TiO: with oxygen vacancies utilizing ultrasonic treatment for the degradation
of tetracycline (TC) via sono-photocatalysis under visible halogen lamp irradiation.
The modified-TiO: demonstrates remarkable degradation of TC, with an efficiency of

approximately 96%, which is 1.56 times higher than that of pure TiO2 photocatalysts.

2.5.2 Zinc-based Materials or Composites

Zinc oxide (ZnO) is another widely used semiconductor material that exhibits
enhanced sensitivity to ultraviolet (UV) light due to its improved electrical band
structure. It possesses a substantial surface area, exhibits good thermal stability, is
non-toxic, and features a straightforward scope for morphological modification (such
as nanorods, nanosheets, nanobelts, etc.). Due to its higher quantum efficiency, it is

anticipated to demonstrate superior photocatalytic activity in comparison to pristine
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TiO2, g-CsNs, and BiOBr [101]. However, its broader bandgap (3.37 eV) and rapid
electron-hole recombination limit its ability to undergo photocatalytic reactions when
exposed to visible light [101]. To address these limitations, significant endeavors have
been undertaken to improve the properties of ZnO by introducing similar doping ions
(non-metals and/or transition metals compounds) on ZnO. This alteration introduces
surface defects, leading to a decrease in the bandgap. As a result, the materials become
more efficient in harvesting energy to produce reactive species, which is beneficial for
applications involving contaminant treatment [96]. Hunge and co-workers [108]
synthesized Mo0S:/ZnO (MZ) composites with a lower band gap (2.81 eV), which
showed higher CIP antibiotic removal efficiency as compared to its single materials
(ZnO =43% and M0S5:=50%). A similar approach was also observed for the removal of
erythromycin (ERY), spiramycin (SP), and CIP antibiotics by using ZnIn:S4[109], g-
CsNy/ ZnFe20s4 [110], Cr20:@ZnO [111], ZnO/TiO2 [112] respectively. However, the
application of doped ZnO for remediation purposes is presently impractical due to

electron-hole recombination under certain situations.

Scientists have found a variety of adsorbent materials, including biochar, metal-
organic frameworks (MOFs), functionalized mesoporous silica, porous organic
polymers, zeolite, and derivatives of graphene. These substances act as a support for
metal oxide, which serves to increase the catalyst surface area, improve the chemical
stability, and immobilize catalysts. Consequently, there is an enhancement in catalytic
performance. In a study conducted by Rahman and colleagues [96], it was found that
pure ZnO has a very low efficiency (7%) in degrading the metronidazole (MNZ)
antibiotic through a photocatalysis process under 180 min irradiation of visible light
(wavelength, A >400 nm and intensity, ~3x104 lux). However, the efficiency increases
to 31.8% when using the N-doped ZnO photocatalyst. In contrast, after 70 minutes of
light exposure, the ternary GO-N-ZnO photocatalyst shows a rapid and considerable
increase in photocatalytic efficiency of 43.45%. Yu and co-workers [113] synthesized
ZnO with N, O-contained biochar (ZnO/NOC) composites, which showed higher TC
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antibiotic removal efficiency (97.08%) as compared to its single materials ZnO. The
photocatalytic activities of ZnO/NOC were 5.4 and 7.7 times higher than that of pure
ZnO for TC (30 mg/L) under ultraviolet and visible lights, respectively. Excellent
performance is mainly ascribed to large surface area, ample proper size pore, fast
charges transfer, large density and long lifetime of photoinduced charges, and strong
interaction between ZnO and N, O-contained biochar [113]. Roy and his colleagues
[114] effectively synthesized an 1GO-ZnO composite functionalized with
terrocene(Fc) using a simple hydrothermal method. The Fc@rGO-ZnO photocatalyst,
as it was first synthesized, exhibited exceptional performance compared to pristine
Zn0O, resulting in a five-fold increase in CIP and SMX removal efficiency. After three
hours of treatment, they removed more than 95% of the antibiotics. The most recent
research on the use of ZnO or Zn-based compounds as a photocatalyst to remove

antibiotics from water is compiled in Table 2.2.

2.5.3 Bismuth-based Materials or Composites

Although the activity of titanium and zinc oxide-based photocatalysts has been
increased through modification, they still have poorer light absorption. Bismuth
oxyhalide-based photocatalysts have been widely employed to degrade antibiotics
under the illumination of UV and visible light [115, 116]. It also possesses a distinctive
electronic structure with the VB containing Bi 6s and O 2p orbitals [89]. This distinctive
configuration results in a more pronounced absorption edge in the visible light
spectrum. The reciprocal relationship between the anion and cation fosters the
creation and migration of holes, thereby promoting improved photocatalytic
performance. The inclusion of bismuth in photocatalytic research is justified due to its
limited solubility in water, which contributes to the compound's ecological safety.
Nevertheless, photocatalysts have certain limitations, including reduced surface area,
diminished absorption efficiency, poor heterojunction interface matching, and limited
carrier transfer routes [117]. Bi-based materials include various compounds such as

sillén-structured BiOX, scheelite-structure (BiVOs, BiOIOs, Bi2Os, Bi2Ss), aurivillius-
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structured BMOs (M = Mo, Cr, W), and other composites synthesized with metals
and non-metals or heterojunctions for the degradation of antibiotics. Table 2.3
provides comprehensive details and a concise overview of the latest research on

bismuth-based photocatalysts used to eliminate antibiotics from wastewater.

Bismuth oxide (BizOs) is a widely utilized semiconductor in electronics and chemical
engineering due to its uncomplicated composition, affordable price, and easy
manufacturing process. BiOs is widely recognized as a polycrystalline photocatalyst
that exhibits four main phases. The majority of these phases are determined to be
unstable, with a-Bi2Os appearing at low temperatures and 6-BizOs appearing at high
temperatures. Scientists have noted that Bi2Os in the metastable phase can undergo a
transformation into (BiO):COs, which limits its potential as an effective visible
photocatalyst due to its chemical instability [117]. Furthermore, -Bi2Os exhibits
enhanced photocatalytic efficiency in comparison to a- Bi20s. This can be due to the
distinctive structure of 3-Bi2Os, which facilitates the transfer of carriers and prevents
their recombination during the process of photocatalysis. Nevertheless, the inherent
instability of [-Bi2Os presents a formidable obstacle in the development of
uncomplicated techniques for producing pure (3-BizOs, particularly on a nanoscale
level. However, the BizOs material's photocatalytic efficiency is inadequate for
decomposing antibiotics without undergoing modification with suitable dopants.
Chen and his colleagues [118] synthesized nano Bi2Os and observed lower degradation
of tetracycline (TC). Meanwhile, modification of BizOs with MnO2, changed the
morphology from nanorod to nanosheet. This nanosheet structure showed higher TC
removal efficiency compared to pure Bi2Os, attributed to its increased specific surface
area and absorption capacity. Using a one-step hydrothermal process, Wu et al. [104]
synthesized Bi-bridged Z-scheme BiOCl/Bi2Os heterojunctions. The constructed
binary photocatalysts exhibited 94.79% TC degradation efficiency owing to its

enhanced separation of electron-hole (e7/h*) pairs and powerful redox capability. The
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higher photoactivity was also observed only for other heterostructures like

NiFe204/Bi20s [119], Fes0:@Bi20s~RGO [120], Bi203/ (BiO):COs [121].

Bismuth oxyhalides (BiOX) are renowned as a favoured photocatalyst due to their
distinctive optical and electrical properties, distinguishing them from other promising
materials. The distinctive layered structure of BiOX (X = Cl, Br, and I) facilitates
efficient separation of charge carriers, resulting in exceptional photocatalytic
performance [117]. BiOX includes [Bi202]?* slabs surrounded by double slabs of [X].
The band gaps of the different compounds are as follows: BiOF (3.22 eV), BiOCl (2.80
eV), BiOBr (2.36 eV), and BiOI (1.75 eV) [117]. Although BiOCl has a higher bandgap,
it is considered a promising photocatalyst compared to the other two BiOI and BiOBr
[122]. For example, BiOCl microspheres were able to remove 91.90% of TC after 30
min treatment at a dosage of 500 mg/L of catalyst, with a pH of 4.8, an initial TC
concentration of 20 mg/L [123]. Nevertheless, the degrading effectiveness of the
photocatalysts reduced as the amount of sorbitol increased. This could be because too
much sorbitol has a photo-shielding effect that prevents light and catalyst from
coming into direct contact. The improved photodegradation was possible because the
catalyst prevented the recombination of e”/h* and facilitated the direct attack of h* on
the surface of BiOC1[116, 123]. The previous statement was verified by monitoring the
relatively lesser effectiveness of BiOI [124] and BiOBr [125] in removing antibiotics.
The photocatalytic activity of BiOX varies based on the dipole moment. Photocatalyst
efficiency is particularly high when the dipole moment exceeds 2.0 Debye. The
hybridization of halogens does not impact electron mobility. However, it does lead to
a decrease in hole mobility while perhaps enhancing the separation of charge carriers
[126]. In order to enhance the photocatalytic activity of BiOX, significant endeavours
have been undertaken, including the creation of heterojunctions or the introduction of
metal doping. Wang et al. [116] synthesized BiOCI/Mt photocatalysts by combining
montmorillonite (Mt), which is naturally rich in iron, with bismuth nitrate. According

to the authors, the composite exhibited 3.4 times higher reactivity than BiOCI when
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exposed to visible light. The degradation of TC using the BiOC]/CdS catalyst exhibited
a similar tendency, with degradation rates 4.73 and 2.94 times higher than those of
pure CdS and BOC], respectively [127]. Some other heterostructures also exhibited

significant photocatalytic activity in the degradation of antibiotics, which are shown

in Table 2.3.

Bismuth metal oxides such as Bi:tWQOs, Bi2MOe, BiVOs, and Bi:Ti:O7 are gaining
attention for their possible use in antibiotic degradation, like bismuth oxide and
bismuth oxyhalides. The hybrid oxides mostly comprised Bi2Os and various metal
oxides such as V205, W20s, M0:0s, TiO2, and others. BiVOs is a newly designed n-type
semiconductor with enhanced photocatalytic efficiency. This is attributed to its
specific physicochemical features, including ferro-elasticity and ionic conductivity
[122]. Regrettably, bismuth-based metal oxides exhibit a diminished light conversion
efficiency as a result of the swift recombination of electrons and holes. Several
composite photocatalysts have been studied, such as BiVOs/MoS:, BiVO4/FeVOs,
Agl/BiVOs, g-CsN4/BiVOs/rGO, Ag/AgBr/BiVOs, CuS/BiVOs, BiVO4/TiO2/rGO,
MnFe204/BiVOs, BiVOs/GO/CoFe:20, ZnFe:04/BiVO4/g-CsNs and BiVO:@BiOCl for the
degradation of antibiotics, as indicated in Table 2.3. The novel heterostructure of
BiVOs-nanosheet and MoS:-nanoflake composite reported 97.46% degradation of TC
antibiotics within 90 min of visible light illumination with 40 mg/L initial
concentration at 15 mg/L catalysts loading [128]. Surprisingly, the photocatalytic TC
degradation performance decreased to 66.82 when catalysts loading increased to 20
mg/L. The stability of the constructed nanocomposite photocatalysts remained 94.45%
after 4 cycle of reuse. The trapping analysis showed that the utilization of scavengers

reduced the photodegradation rates.

Bismuth tungstate (Biz2WOs) is a semiconductor with n-type conductivity that belongs
to the aurivillius family. The material exhibits two distinct crystallographic phases:
monoclinic and orthorhombic. Most BWOe¢, which is in an orthorhombic phase, has

layers encircled by (Bi202)* layers and comprise WOs octahedral layers. It comprises
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perovskite layers and has a band gap of 2.77 eV. The research community has shown
significant interest in zero-dimensional BoWOs quantum dots and one-dimensional
BWOs nanofibers. Bismuth tungstate exhibits excellent thermal and chemical
stability in addition to its activity in visible light. It is typically synthesized through
the mixer of Bi(NOs): and Na:2WO. using different methods. The distinctive layered
structure of this material creates gaps between the slabs that form an electric field.
This electric field opposes the movement of h* and e. This effect decreases the
recombination of charge carriers, leading to an increase in the photocatalytic activity.
A recent study performed by Wang et al. [129],and found a small amount of Ti
addition greatly enhanced the degradation capabilities of BWQOs for CAP antibiotic,
resulting in an impressive degradation rate of 92.44%. It has been observed by certain
researchers that the incorporation of Mg, Fe, Zn, Cu or other transition metals through
doping can potentially improve Bix2WOQOs light absorption capabilities and increase the
antibiotic degradation efficiency [130]. Some metal-doped bismuth photocatalysts and

their antibiotic degradation efficiency are summarized in Table 2.3.

2.5.4 Graphical Carbon Nitride-based Materials or Composites

Graphitic carbon nitride (g-CsNs) is a metal-free semiconductor material with distinct
optical, electrical, structural, and physicochemical characteristics [131]. These
properties make it well-suited for applications in energy and environmental fields.
Due to its narrow bandgap of 2.7 eV, this material can efficiently absorb a significant
amount of visible light, which is advantageous for both oxidation and reduction
reactions [132]. Nevertheless, some noteworthy concerns arise, such as the elevated
rate of electron-hole recombination, limited surface area, restricted number of active
sites, slow kinetics of surface reactions, and the diminished mobility of charges,
resulting in electron delocalization [131, 132]. The molecular rearrangement of g-CsNa
has been the subject of a great deal of recent research because of its potential to alter
the surface chemistry and textural structure [133]. This technique reduces carrier

transfer resistance, improves pollutant adsorption, broadens light absorption range,
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and promotes carrier separation. During the degradation of tetracycline
hydrochloride (TCH), it exhibited remarkable activity under visible light and
degraded 84.1%, while bulk g-CsNi achieved 52.1% after 90 minutes of irradiation.
Recently, researchers have revealed that adding small organic compounds into the
precursors of g-CsN4 through copolymerization at the molecular level can significantly
improve the efficiency of g-CsNa. Li et al. [134] conducted a copolymerization of
thiourea with 7,7,8,8-Tetracyano-p-benzoquinone methane (TCNQ) to enhance the
energy band and electronic structure of g-CsNi. The degradation efficiency was 4
times higher for the g-CsN4 /TCNQ catalytic system for the degradation of pefloxacin
antibiotic compared to the pristine g-CsNs. By combining thiourea with 3-
aminopyridine, researchers modified the morphology and textural structure of g-
CsN4, which improved its solar absorption and charge-carrier transportation. The
photocatalytic TC decomposition rate was 3.32 times higher in the pyridazine-doped
g-CsNa than in the unmodified form [135].

Several studies have shown that heterojunctions formed by combining g-CsNs with
other semiconductors with comparable band structures can take advantage of the
differences in energy band structures while simultaneously combining the best
features of both components. The result is an intrinsic electric field between the
materials, which slows down the recombination of photogenerated electrons and
holes and speeds up the transfer of photogenerated carriers [136]. By combining ZnO
and g-CsNs, Wang et al. [137] synthesized a Z-type heterostructure. The newly
synthesized composite had greater interlayer spacing, specific surface area, and pore
volume. After 120 minutes of simulated light exposure, the rates of TC degradation
by pure ZnO, g-CsNs, and defective ZnO/g-CsNs composite were found to be 35.20%,
71.48%, and 93.47%, respectively. Due to the existence of N defects, the constructed
nanocomposite promotes electron transfer efficiently with less recombination rate.
Other g-CsNs heterojunction photocatalysts, like CdS/g-CsNa4[138], CoO/g-CsNa [139],

P-doped g-CsNs/Co30s4 [93], and others, have also shown improved photocatalytic
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activity (Table 2.4). The binary composite still has several shortcomings. Compared to
the binary composite, adding a third semiconductor can improve the separation of
charge carriers and expand the range of wavelengths that can be absorbed due to a
synergistic effect. As an example, Kumar and colleagues [99] synthesized a ternary S-
scheme K, P-g-CsN4/GO/CoFe:04 photocatalyst, which demonstrated a greater TC
removal efficiency compared to the unary and binary heterostructure [99]. The
photodegradation efficiency of TC for K, P-g-CsNs/GO/CoFe20s, K, P-g-CsN4+/GO, K,
P-g-CsN4, and g-CsNs was reported to be 85%, 57%, 42%, and 30% after 60 min of
visible light exposure, respectively. Likewise, Liu et al. [140] designed a ternary g-
CsN4/Ag2COs/GO photocatalyst, which follows a double Z-scheme to degrade TC. The
ternary system exhibits potent oxidation and reduction capabilities for antibiotic
degradation (81.6% within 60 min) compared to binary g-CsNi/Ag.COs composite
(67.5% within 60 min). Indirect Z-scheme photocatalytic systems differ from direct Z-
scheme systems by incorporating an electron mediator between the two
semiconductors. This mediator facilitates the efficient transport and separation of h*
and e". However, the inclusion of an ionic electron transport medium in the traditional
Z-scheme photocatalytic system leads to the occurrence of reverse reactions on the
surface of photocatalysts, resulting in a decrease in the total number of
photogenerated charges. Samsudin and colleagues [141] validated their findings by
designing a Z-scheme Ag/AgVOs/g-CsNas photocatalyst. This catalyst exhibited
outstanding capabilities in degrading CIP (82.6% within 2h) and generating hydrogen
from rainwater. The effective separation and mobility of photo charge carriers were
credited to the role of Ag nanoparticles as electron mediators. There are some other

observations, which are shown in Table 2.4.
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2.5.5 Graphene Oxide-based Materials or Composites

Graphene is a monolayer of carbon atoms organized in a hexagonal lattice, with
various types of defects present around the edges. This material is categorized based
on the level of surface oxidation, which includes pristine graphene, graphene oxide
(GO), and reduced graphene oxide (rGO). Among the derivatives of graphene, GO
and rGO are frequently used to support photoactive materials and immobilize
pollutants. Additionally, they serve as crucial interfaces for electron carriers,
augmenting light absorption and antibiotic pollutants' adsorption through their
functional groups [142]. Graphene derivatives possess two notable drawbacks: they
are more expensive than other carbon compounds, and their normal synthesis
procedure requires using dangerous oxidizing and reducing agents [142]. Therefore,
it is crucial to utilize direct, secure, economical, and eco-friendly synthesis methods to
use these materials as photocatalysts. Graphene oxide (GO) has attracted public
interest as another metal-free carbon material, owing to its two-dimensional ultra-thin
layered structure, robust stability, and remarkable capacity to transport charge
carriers [142]. When coupled with suitable semiconductor materials or modified to
other forms of heterostructures, it can enhance the photocatalytic efficiency for
various applications, including water purification. GO-based photocatalysts can
facilitate this process by generating electron-hole pairs upon absorption of photons.
Recently, Kumar et al. [99] fabricated a K, P co-doped g-CsNi/CoFez0s catalyst with
GO, which demonstrated an 85% degradation rate for TC and 99% degradation rate
for doxycycline antibiotics within a 60-minute of treatment time. The degradation
efficiencies were improved through doping and further enhanced by adding GO and
magnetic CoFe:04. Numerous ternary compounds (Table 2.5) incorporating GO as a
co-catalyst have been employed in the photocatalysis field to remove antibiotics. For

instance, g-CsNi/Ag:CO3/GO [140], BiOBr/M0S2/GO [143], g-C:Ns/GO/CoFe:0: [99].
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Reduced graphene oxide (rGO) is also considered as one of the promising
semiconductor materials, but its characteristics can differ based on the level of
reduction and the specific production techniques employed. GO is a type of insulating
material that is made from graphene by oxidizing graphite. The reduction process
eliminates functional groups in GO that contain oxygen, restoring m-conjugated
structures and electrical conductivity. Bulk rGO has a uniform tendency to attract
molecules, but its ability to react to light is limited due to its broad bandgap and
inefficient absorption of light. Therefore, adding suitable material or modifications to
the basal catalyst considerably improves photo-catalysis efficiency [114]. For instance,
combining TiO: and rGO makes it more energy-efficient than traditional
photocatalysts such as TiO:. The enhanced activity of these heterojunctions mainly
occurred in solar-simulated light and removed around 87% of SMX within one hour
[144]. Similarly, adding AgPOs in N-doped rGO photocatalyst degrades higher
concentrations of SMX at the same time [145]. Incorporating metal oxide (MO) into
rGO enhances the photosensitization. The process of sensitizing different antibiotics
in wastewater through photoactive oxidation has been previously investigated
utilizing various materials such as rGO/WQOs, g-CsN4/BiVOs/rGO, BiVO4/TiO2/rGO,
rGO/BisOsBrz, rGO-BiVOs+-ZnO, rGO-ZnO, Ferrocene-rGO-Zn0O, a-Fe20s3/ZnO/rGO,
CdS-BizMoOs/rGO and rGO modified tin selenide (SnSe) etc., which are summarized
in Table 2.5.
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2.5.6 Tungsten Oxide-based Materials or Composites

Tungsten trioxide (WOs) is considered environmentally benign, making it a preferable
option for eco-friendly water treatment applications. In aqueous solutions, WOs is
mechanically strong and physiochemically stable, and the synthesis of high-purity
WO:s is a good option for the degradation of antibiotics under solar light irradiation
[146]. WOs is a catalyst that responds to visible light and has consistent
physicochemical properties because of its low band gap energy (2.4 to 2.8 eV) [146].
However, the usage of this material in the environmental remediation process is
questionable [147-149] due to the fact that the electrons generated by light in the CB of
WOs (about +0.5 V vs. NHE) have a weaker positive potential as compared to the
reduction potential of Oz (O2/O2*= - 0.33 V vs. NHE). Diverse approaches have been
suggested to enhance its photocatalytic activity. For example, g-CsNi+-WOs [147],
rGO/WOs [148] and multi-walled carbon nanotubes-WQOs [150] were found to be
photodegraded SMX under 300 W Xenon Arc solar simulator light. Three catalysts
showed remarkable degradation of SMX, with degradation rates of 91.7%, 98.0%, and
88.5%, respectively, compared to bare WOs. Various composites were synthesized
using a simple anion-exchange approach, including Agl/WOs [151], AgsVO+/WOs
[149], AgCl/AgsPOs4/g-CsN4 [152]. These composites were prepared by adding different
molar ratios of AgX. With the inclusion of AgX, there was a significant enhancement
in the removal rate of antibiotics. This was achieved by augmenting the positive
potential and accelerating electron transfer rates. The most recent research on using

tungstate as a photocatalyst to remove antibiotics from water is compiled in Table 2.6.
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Table 2.1. Degradation antibiotics by TiO2-based photocatalytic process

e s Dosages of antibiotics and Light source and other Removal Reaction
Name of Antibiotics .. . ] Reference
catalysts parameters efficiency (%) time (min)
0.1 mg/L of CLA 1000 W Xenon lamp 26,0
Clarithromycin 100 mg/L of Graphene-based Simulated sunlight, pH = 6, ' 60 [144]
TiO:2 RWW
50 W X 1
Sulf h 1 10 mg/L of SMX i 91.27 180 [153]
ulfamethoxazole Visible light, pH = 4 to 10, :
1250 L of TiO2/pBC
mg/L of TiO:/p SWW
10 mg/L of SMX 50 W Xenon lamp
Sulfamethoxazole 81.21 180 [154]
1250 mg/L of Zn-TiO:/pBC Visible light, pH = 4, RWW
30 mg/L of SMX 320W Xenon lamp
Sulfamethoxazole 94.2 20 [155]
1000 mg/L of F-Pd doped-TiO: Simulated light, pH = -, UPW
0.5 L of CIP
Ciprofl i e > WLED bulb 98.5 70 [156]
iprotloxacin 0.43 g/L of black Ti**/N-TiO2 (b-N- :
P g/l of black Ti*/N-TiO: (b Visible light, pH = 6.7, UPW
Ti0Oz)
Ciprofl i 75 uM of CIP/ LEV 68.7
‘profioxacin e / 300 W Xenon lamp
1000 mg/L of N and C co-doped . . 120 [98]
Levofloxacin TiO» Visible light, pH = -, RWW 95.7
Tetracycline 10 mg/L of TC/ CTC 300 W Xenon lamp 87.03 60 [157]
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Chlortetracycline 300 mg/L of TiO-MOF Visible light, pH =7, UPW 78.91
100 mg/L of CTR
Ceftri e 20 WLED bulb 99.6 240 [158]
ettriaxone 1 g/L of activated carbon based :
g/l of activated carbon base Visible light, pH = -, RWW
TiO2
10 mg/L of ENF UVA lamp, 2.1mW/cm?
Enrofloxacin 91.6 300 [159]
1 g/L of MX-TiO2 composite pH =4.8, UPW
20.5 mg/L of CFX 500 W Halogen lamp
Cefixime 98.8 103 [107]
0.012 g/L of a-Fe20:@TiO: Visible light, pH = 4.8, SWW
20 mg/L of TC 500 W Halogen lamp
Tetracycline 96 60 [160]
0.01 g/L of Ti** doped-TiO2 Visible light, pH = 4.7, SWW
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Table 2.2. Degradation of antibiotics by zinc-based photocatalytic process

Name of Antibiotics Dosages of antibiotics and Light source and other B(.-’:moval .Reach({n Reference
catalysts parameters efficiency (%) time (min)
100W Iodine-gallium lamp
10 mg/L of ERY
Erythromycin Visible light, 100 180 [109]
50 mg/L of ZnIn:Ss
pH =-, UPW
300 W Xenon lamp
20 mg/L of Spiramycin
Spiramycin Visible light 95.0 240 [110]
1000 mg/L g-C3sNs/ZnFe20s
pH=- UPW
500 W Xenon lamp
40 mg/L of TC
Tetracycline Simulated sunlight 96 90 [161]
1000 mg/L of AgsPOs/Zn-Al LDH
pH =-, UPW
350 W Xenon lamp
10 mg/L of CIP
Ciprofloxacin Simulated sunlight 85.9 100 [162]
500 mg/L of ZnSnOs
pH =5.9, SWW
300 W Xenon lamp
10 mg/L of CIP
Ciprofloxacin Visible light 100 30 [111]
1g/L of Cr20s@ZnO
pH =3.5, UPW
30 mg/L of TC 350 W Xenon lamp
Tetracycline 1g/L ZnO and N, O-contained Sunlight 97.08 140 [113]
biochar (ZnO/NOC) pH =6, UPW

Chapter 2: LITERATURE REVIEW



250 W Metal halide lamp

0.05 mg/L of CIP
Ciprofloxacin ) Ultraviolet light 96.18 120 [108]
2g/L of M0S:/ZnO composites
pH=-, UPW
40 mg/L of TC 300 W Xenon lamp
Tetracycline 200 mg/L of ZnO/ TiO: Simulated sunlight 84.06 120 [112]
composites pH =-, UPW

Chapter 2: LITERATURE REVIEW



Table 2.3. Degradation of antibiotics by bismuth-based photocatalytic process

Name of Dosages of antibiotics and Light source and other Removal Reaction
e s . . . . Reference
Antibiotics catalysts parameters efficiency (%) | time (min)
20 mg/L of TC 10 W LED lamp
Tetracycline 80.3 90 [125]
1g/L of BiOBr Visible light, pH = 6.35, DW
Ofloxacin 10 mg/L of OFX/ CIP/ NOR 125 W Mercury lamp 93.0 80 .
Norfloxacin 250 mg/L of BiOCl UV light, pH =7, UPW 92.0 240
Tetracycline 20 mg/L of TC 91.90 30
250 W Xenon lamp
Ciprofloxacin 10 mg/L of CIP/ NOR 82.11 120 [123]
] Visible light, pH =7, UPW
Norfloxacin 500 mg/L of BiOCl 74.52 120
10 mg/L of CIP 300 W Xenon lamp
Ciprofloxacin 94.0 10 [163]
500 mg/L of BIOCI/NGQDs Visible light, pH =7, DW
20 mg/L of CIP 300 W Xenon lamp
Ciprofloxacin 89.0 100 [164]
1000 mg/L of TisC2-Bi/BiOCl pH =- UPW
10 mg/L of TC 300 W Xenon lamp
Tetracycline 95.9 60 [127]
667 mg/L BiOCl/CdS Visible light, pH= -, UPW
10 mg/L of OTC Natural sun light
Oxytetracycline 99.0 240 [165]
250 mg/L g-CsNa/BiOCl/CdS pH =7, DW
10 mg/L of TC 300 W Xenon lamp
Tetracycline 94.79 150 [104]
200 mg/L BiOCl/Bi-Bi2Os Visible light, pH = -, UPW
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20 mg/L of TC 350 W Xenon lamp
Tetracycline 82.4 120 [166]
400 mg/L BiOCloslo.1/p3-Bi2Os Simulated light, pH =6, UPW
45 mg/L of TC
300 W Xenon lamp
Tetracycline 200 mg/L MnO:/Bi2O3 73.34 100 [118]
Visible light, pH = 6.5, UPW
300 mg/L of PMS
Tetracycline 96.2
Chlortetracycline 10 mg/L of TC/ CTC/ OTC/ DOX 1000 W Xenon lamp 97.5 120 (1671
Doxycycline 99.6
190 mg/L of TC 300 W Xenon lamp
Tetracycline 97.66 160 [168]
500 mg/L of BiVOs/ MoOs Solar light, pH = 4.52, UPW
10 mg/L of TC 300 W Xenon lamp
Tetracycline 92.0 120 [169]
250 mg/L of MnFe204/BiVOs Visible light, pH = -, UPW
40 mg/L of TC 100 W Xenon lamp
Tetracycline 97.46 90 [128]
1.5 g/L of BiVO4/MoS: Visible light, pH = -, UPW
25 mg/L of LOM 300 W Xenon lamp
Lomefloxacin 96.1 105 [170]
0.5 g/L of ZnFe204/BiVOs/g-CN Visible light, pH = -, UPW
Tetracycline 40 mg/L of TC, 10 mg/L of CIP 500 W Xenon lamp 90.32 200 171)
15 mg/L of TC 300 W Xenon lamp
Tetracycline 91.0 60 [172]
500 g/L of Bi2WQOs/ CuBi204 Visible light, pH = -, UPW
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Ciprofloxacin 10 mg/L of CIP/ NOR 300 W Xenon lamp 99.1 50 130]
Norfloxacin 1g/L of Mg/BizWO6 Visible light, pH =-, UPW 89.44
10 mg/L of NOR
Norfl ) 1000 W Xenon lamp 9434 180 (173]
orfloxacin 600 L of :
Ome/L o Visible light, pH = -, UPW
AgsPOs/Bi2WOs/MWCNTs
10 mg/L of CIP
300 W Xenon lamp
Ciprofloxacin 0.5 g/L of Co304/Bi2WOs/PMS 86.2 5 [174]
Visible light, pH = 6.5, UPW
0.2 g/L of PMS
10 mg/L of CIP 86 W blue LED lamp 91.0
Ciprofloxacin 120 [105]
5 mg/L of BisTaO7 QDs/g-CsNa pH =7, UPW
5 mg/L of SMX 300 W Xenon lamp
Sulfamethoxazole 98 25 [106]
500 mg/L of Ag/g-CsNs/BisTaO7 Visible light, pH = 6.5, UPW
20 mg/L of CIP 500 W Xenon lamp
Ciprofloxacin 91.0 60 [175]
250 mg/L of CdS-BizMo0Os/RGO Visible light, pH = -, UPW
15 mg/L of TET 300 W Xenon lamp
Tetracycline 84.7 120 [176]
600 mg/L of CulnS2/Bi2MoOs Visible light, pH =7, UPW
Ciprofloxacin 10 mg/L of CIP;20 mg/L of TC 350 W Xenon lamp 85 60 (177]
Tetracycline 250 mg/L of BisOsBr2/CdS Visible light, pH = -, UPW 85 60
10 mg/L of NOR Natural sunlight
Norfloxacin 99.7 120 [178]
250 mg/L of ZnO/Bi2WOe pH = 6.6, UPW
Levofloxacin 15 mg/L of LEV 100 W LED lamp 92.5 120 [179]
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900 mg/L of Bi2CrOs/g-C3Na Visible light, pH = 6, UPW
20 mg/L of CTC 300W Xenon lamp
Chlortetracycline 90.2 69 [180]
0.9 g/L of Bi2WOe/g-CsNs/ACF Visible light, pH = -, SWW
1 L of CIP
Ciproﬂoxacin 0 mg/ of € 300W Xenon lamp 67.5 100
20 mg/L of TC [181]
Simulated light, pH =6, UPW
Tetracycline 20 mg/L of TC/ OTC 300 W Xenon lamp 86 20 (182]
Oxytetracychne 400 mg/L of IHZOS/BIZWOG Simulated hght, pH =- UPW 82
Norfloxacin 10 mg/L of NOR/ LEV 300 W Xenon lamp 85.75 120 (183]
Levofloxacin 400 mg/L of g-CsN4/Bi2WOe Simulated light, pH = -, UPW 85.82
50 mg/L of CHL 500 W Xenon lamp
Chloramphenicol . 92.44 120 [129]
P 1g/L of Ti-B2WOe@BC Visible light, pH = 7, UPW
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Table 2.4. Degradation of antibiotics by g-CsNa-based photocatalysis process

e e Dosages of antibiotics and Light source and other Removal Reaction
Name of Antibiotics . . ) ] Reference
catalysts parameters efficiency (%) time (min)
40 mg/L of TC 300 W Xenon lamp
Tetracycline 84.1 90 [133]
400 mg/L of g-CsNa Visible light, pH = 4.18, UPW
250 W X 1
it li 20 mg/L. of TC e o 90.1 150 [184]
etracycline Simulated light, pH = 3, .
y 1 g/L of Nb20s5/g-CsN4 imulated sunlight, p
SWW
10 mg/L of SMT 300 W Xenon arc lamp
Sulfamethazine 98.0 60 [185]
101g/L of C doping g-CsNa Visible light, pH = -, UPW
30 mg/L of SMT 300 W Xenon arc lamp
Sulfamethazine 99.7 60 [186]
500 mg/L of g-CsNa Visible light, pH = 3, UPW
50 mg/L of ERY 35 W Xenon lamp
Erythromycin 81.02 60 [138]
500 mg/L of CdS/ g-CsNa Visible light, pH =5, UPW
150 mg/L of TC 300 W Xenon lamp
Tetracycline 73.12 300 [139]
400 mg/L of CoO/g-CsN4 Visible light, pH = -, UPW
10 mg/L of MTZ
M N 250 W Xenon lamp -0 180 93]
etronidazole 1000 mg/L of P-doped g-
Visible light, pH = -, UPW
C:N4/CosOx isible light, p
5 L of SMX
Sult " | mgfL. o 350 W Xenon lamp % 30 7]
ulfamethoxazole 1000 L Ag-P co-doped g-
mg/ CgN coopec e Visible light, pH = 9, SWW
3IN4
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5 mg/L of SMT 450 W Xenon lamp
Sulfamethazine 100 300 [187]
200 mg/L 2D/1D g-CsN4/TNTs pH =7, UWW
35 W X 1
Tylosi 2> mg/L of TYL B 78.4 90 [94]
osin Simulated licht, pH = 3-11, .
Y 500 g/L of Sm-doped gCsN4 imulated sunlight, p
UPW
50 mg/L of TC 500 W Mercury lamp
Tetracycline 93.4 120 [137]
11 g/L of ZnO/g-CsNs UV light, pH =-, RWW
10 L of TC
T i mg/L o 300 W Xenon lamp o5 60 (135]
etracycline 10 L of Pyridazine doped g-
Y mg/L. of Pyridazine doped &= | . 116 light, pH = 6, UPW
CsN4
10 mg/L of PEF /ENR/CIP 300 W Xenon lamp 91.6 180
Pefloxacin [134]
50 mg/L of g-CsN4+/TCNQ-X Visible light, pH = -, UPW
8 x 10> M of TC / DOX
) g © / 500 W halogen lamp
Tetracycline 60 mg/L of K, P co-doped g- 85 60 [99]

C3N4/GO/CoFe204

Visible light, pH =7, UPW
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Table 2.5. Degradation of antibiotics by graphene oxide-based photocatalysis process

e s Dosages of antibiotics and Light source and other Removal Reaction
Name of Antibiotics .. ) . Reference
catalysts parameters efficiency (%) time (min)
50 mg/L of AMX 36 W UV lamp
Amoxicillin 99 60 [188]
400 mg/L of GO/TiO2 UV light, pH =6, UPW
50 mg/L of TC 300 W Xenon lamp
Tetracycline 74 100 [189]
50mg/L of GO/ZnO Visible light, pH =11, UPW
20 mg/L of TC 300 W Xenon lamp
Tetracycline 97.6 100 [140]
30mg/L of g-CsNs/AgCOs/GO Visible light, pH = -, UPW
10 mg/L of CIP 300 W Xenon lamp
Ciprofloxacin 100 80 [190]
20mg/L of BiPO«@GO-MMIPs Visible light, pH = -, UPW
20 mg/L of TC 300 W Xenon lamp
Tetracycline 98 40 [143]
25 mg/L of BiOBr/MoS2/GO Visible light, pH =11, UPW
20 mg/L of TMP 18 W Philips TL-D
Trimethoprim 90.8 120 [191]
2.5 mg/L of CuFe-LDH/GO UV light, pH =8.8, UPW
1000 W X 1
Sulfameth 1 0-10 g/l of SMX e o 87.0 60 [144]
ulfamethoxazole Simulated light, pH = 5.2- .
100 mg/L of TiO1GO imulated sunlight, p
6.2, RWW
20 mg/L of SMX
Sulf " ) 250 W Xenon arc lamp 93.8 60 [145]
ulfamethoxazole 200 L of AgsPO4/N-doped :
mg/L o gz) /N-dope Visible light, pH = 5.8, UPW
r
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10 mg/L of CIP Tungsten lamp
Ciprofloxacin 98.4 60 [192]
300 mg/L of rGO-BiVOs-ZnO Visible light, pH =7, UPW
Ciprofloxacin 10 mg/L of CIP 97.6
] 500 W of Xenon lamp
Norfloxacin 20 mg/L of NOR/TC 80.7 60 (193]
) Visible light, pH = -, UPW
Tetracycline 50 mg/L Of rGO/B14OSBr2 98.7
1000 mg/L of CAP 4 W of UVP Compact lamp
Chloramphenicol 90.8 40 [194]
500 mg/L of rGO-ZnO UV light, pH= 2, UPW
10 mg/L of OTC 300 W Xenon lamp
Oxytetracycline 84.7 40 [195]
300 mg/L of cobalt ferrite/rGO Vis. light, pH=7.36, UPW
25 mg/L of TC 300 W Xenon lamp
Tetracycline 94 80 [196]
25 mg/L of rGO/MoQs/TiO2 Visible light, pH = -, UPW
10 mg/L of CIP/SMX 10 W UV lamp
Ciprofloxacin 97.09 180 [114]
25 mg/L of Fc@rGO-ZnO UV light, pH =4, UPW
40 mM of OFX Tungsten lamp (300 mW/cm2)
Ofloxacin 86.65 135 [197]
20 mg/L of rGO-ZnS-CuS Visible light, pH = -, UPW
20 mg/L of OTC
24 W LED bulb
Oxytetracycline 370 mg/L of rGO/a-Fe203/ZnO 98 90 [142]
Visible light, pH = 4, UPW
2.06 mM of PS
10 mg/L of NOR 300 W Xenon lamp 90.7
Norfloxacin 70 [198]
0.75 mg/L of rGO-5nSe Visible light, pH =7, UPW
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Table 2.6. Degradation of antibiotics by tungsten oxide-based photocatalysis process

Name of Dosages of antibiotics and . Removal Reaction
e ue Light source and other parameters . . . . Reference
Antibiotics catalysts efficiency (%) | time (min)
10 mg/L of SAM 200 W Xenon arc lamp
Sulfanilamide 96.2 300 [199]
500 mg/L of Ag doped WO:s Visible light, pH =5, UPW
35 mg/L of TC 300 W Xenon lamp
Tetracycline 75.0 60 [151]
1000 mg/L of Agl/WO:s Visible light, pH = 6.62, UPW
10 mg/L of TC 300 W Xenon lamp
Tetracycline 71.2 30 [149]
500 mg/L of AgsVOs/WO:s Visible light, pH = -, UPW
10 mg/L of SMX 300 W Xenon lamp
Sulfamethoxazole 91.7 240 [147]
1 g/L of WOs/g-CsNa Simulated sunlight, pH = -, UPW
10 mg/L of SMX 200 W Xenon arc lamp
Sulfamethoxazole 98.0 80 [148]
2 g/L of WOs/rGO Simulated sunlight, pH =7, RWW
10 mg/L of SMX 300 W Xenon arc lamp
Sulfamethoxazole 88.5 180 [150]
2 g/L of WOs-MWCNTs Simulated sunlight, pH = -, UPW
50 mg/L of TC 300 W Xenon lamp
Tetracycline 93.7 60 [200]
50 mg/L of Cu-doped WO:s Visible light, pH = 10, UPW
20mg/L of LVX 300 W Xenon lamp
Levofloxacin 84.3 120 [201]
50 mg/L of WOs Visible light, pH =7, UPW
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2.6 Conclusions and Perspectives

This study thoroughly examines the most recent developments and obstacles
related to the use of semiconductor-based photocatalysts for the degradation of
antibiotic pollutants in the environment. It underscores the detrimental effects of
antibiotic emissions on ecosystems and public health. The research delves into
the processes involved in photocatalytic degradation, which depend on the
production of free radicals and reactive oxygen species. Although the application
of solar radiation and visible light sources for photocatalytic activation is
currently constrained, there is an urgent necessity for further investigation and
advancement in this domain. Therefore, concentrating on long-term antibiotic
removal efficacy and conducting in-depth studies on intermediate by-products

is crucial.

The review also comprehensively discusses various techniques to enhance the
photocatalytic performance of semiconductors. These methods include altering
the morphology and structure, constructing heterojunctions, incorporating
metals and non-metals onto the photocatalyst surface, and making
surface/interface modifications. These strategies have demonstrated notable
enhancements in the effectiveness of antibiotic degradation, either by reducing
the band gap of the photocatalyst or improving the movement of photogenerated
charge carriers, thus facilitating efficient charge separation. Together, these
innovations contribute to the development of sustainable and highly effective

photocatalytic systems.

However, despite these encouraging findings, several challenges must be
confronted. These challenges encompass the existence of multiple sources of
contaminants in wastewater, the intricate nature of antibiotics, the necessity to

comprehend the mechanisms of photocatalytic degradation at the atomic scale,
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and the creation of catalysts capable of withstanding adverse influences from

environmental factors.

To further advance the field of photocatalysis, future research should delve into
new and innovative approaches, including developing novel materials,
optimizing catalyst preparation methods, enhancing photocatalyst recycling
capabilities, and exploring synergistic treatments. The focus should be on
designing photocatalysts with quasi-same photoactivity and ease of separation
to minimize waste and reduce operating costs. It is also suggested that cost-
efficiency analysis be performed, including energy requirements for
conventional treatment methods such as AOPs with photocatalysis process, to

ensure large-scale wastewater treatment.

Extensive research on sustainable and recyclable photocatalysts is urgently
needed to tackle environmental concerns related to antibiotic degradation
effectively. Strong political support, adequate funding, and effective
interdisciplinary collaboration are crucial for advancing progress in this field and
successfully applying laboratory findings to real-world solutions. Through
careful consideration of these challenges and utilization of cutting-edge
technologies, semiconductor-based photocatalytic active nanomaterials offer a
promising opportunity to mitigate antibiotic pollution and protect the well-being

of our environmennd society.
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Chapter 3: MATERIALS AND METHODOLOGY

3.1 Chemical and Reagents

Copper (II) sulfate pentahydrate (99.5 %, Merck),, Sodium Tungstate Dihydrate
(98 %, Sisco research lab), Cetyltrimethyl ammonium bromide (99%,
SRL),NaOH(Researchlab), Absolute Ethanol (SigmaAldrich), Tetraethoxysilane
(TEOS, 98%, Alfa Aesar), Hexadecylamine (HDA, TCIL>95%), Titanium
Isopropoxide (TTIP, 27.8-28.6% TiO:, Sisco Research lab), Ammonia (25%, Merck
KGaA), Methylene Blue (Smart Lab) , Sodium Azide (99.5%, SigmaAldrich),
Triethanolamine (98%, SigmaAldrich), Iso Propyl alcohol (99.8%, Research lab),
Superoxide Dismutase bovine (30KU, SigmaAldrich), Potassium Dichromate
(BDH Chemical Ltd., England), Chitosan( Sisco Research Laboratories Pvt. Ltd,
India), Ultrapure water (=18.2 MQ-cm, Direct-Q®3 UV Water purification

System).
3.2 Instruments

The instruments and apparatus used for the synthesis and the photocatalytic
activity of CuWO4@TiO: are as follows: Digital balance (BEL M254Ai), Hotplate
magnetic stirrer (MS-H380-Pro, USA), Direct-Q®3 UV Water purification System,
Centrifuge machine (CTE-TH16, China), Sonicator (Hwashin Powersonic 405,
Korea), Hot air Oven (Memmert UN55), Vortex, UV-Vis spectrophotometer
(T80+, UK), Xenon Light Source (Perfect light PLS-SXE300UV, China),
Potentiostat ( uStat-i 400s Potentiostat / Galvanostat / Impedance Analyzer),

DMol3 module, Centrifuge machine.
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3.3 Synthesis of CulWO.@TiO:

The photocatalyst was synthesized through a two-step process using the
hydrothermal method. Firstly, the core CuWOs was synthesized by mixing the
required amount of copper (II) sulfate pentahydrate (0.01 M) and sodium
tungstate dihydrate (0.01 M) in 150 mL of water. After that, the required amount
of cetyltrimethyl ammonium bromide (CTAB) was added to the solution, mixed
properly for around 1 hour, and then added to the NaOH solution to keep the
pH at 10. Finally, the suspension was placed in a Teflon-lined stainless-steel
autoclave (200 mL) and reacted for 24 h at 160 °C. Following a natural cooling of
the autoclave to ambient temperature, the adsorbent was collected and
repeatedly washed in deionized water and absolute ethanol before being dried
at 70 °C. Secondly, the TiO: was coated on the core CuWOs material. Typically,
0.1 g of CuWOs material was homogeneously dispersed in ethanol (9.74 mL)
using ultrasonication. Then tetraethyl orthosilicate (TEOS) and hexadecylamine
(HDA) were added, and the mixture was stirred at room temperature for 1
minute to form uniform dispersion. Next, 0.2 mL of titanium isopropoxide (TIP)
was added to the dispersion and stirred for 10 minutes. The resulting
CuWO04@SiO2@TiO2 product was collected by centrifugation. After that, the
CuWO04@SiO2@TiO: precursor was dispersed in a mixture of 20 mL of ethanol and
10 mL of water with an ammonia solution (0.5 M). This mixture was then sealed
in a 200 mL Teflon-lined autoclave and placed at 160 °C for 20 hours before being
cooled to room temperature. Finally, the CuWO4@TiO: nanomaterial was
collected by centrifugation and washed with water and ethanol several times.

After that, the catalyst was overnight dry and then calcined at 500°C for 2 hours.
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3.4 Characterization of CuiWO1@TiO: nanocomposite

Synthesized CuWO@TiO: Photocatalysts were characterized through different
physiochemical characterization processes. The optical properties of the
synthesized nanocomposites were analyzed using UV-Vis diffuse reflectance
spectrophotometry (UV-Vis DRS) with a Lambda 365 UV/Vis spectrophotometer
from PerkinElmer, USA. The analysis provided information on absorbance and
bandgap energy in order to understand the material’s photocatalytic potential in
Photocatalysis processes. The Field Emission Scanning Electron Microscope
(FESEM, JSM 7600F, JEOL Ltd., Tokyo, Japan) was used to investigate the surface
morphology, lattice structure, particle size, and distribution in order to present a
full view of structural integrity and homogeneity within the CuWO.@TiO2
Photocatalysts. A Brunauer-Emmett-Teller (BET) technique was recorded on the
nitrogen adsorption—-desorption at 76 K using a Micromeritics 3 Flex version 5.00
(Micromeritics, Norcross, GA, USA). X-ray diffraction (XRD, EMPREAL,
Netherlands) was used to investigate the crystalline structure and phase
composition of synthesized nanomaterials to confirm their phase purity. The
electrochemical impedance spectroscopy (EIS) and cyclic voltammetry (CV)
measurements were performed on a Potentiostat/Impedance Analyzer
(Metrohm, pStat-i 400s, Switzerland). The EIS was conducted to determine the
charge transfer resistance and the conductivity of nanomaterials, indicating their
electrochemical performance and efficiency for ROS generation. CV was
performed to investigate the redox behavior and electrochemical stability of
nanomaterials with the objective of probing deeply into the catalytic activity in

Photocatalysis reactions.
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3.4.1 Electrochemical Characterizations

3.4.1.1 Preparation of Modified Working Electrode

Before modifying the electrodes, the glassy carbon electrode (GCE) was polished
with an alumina slurry. Subsequently, the GCE was sonicated in ethanol, rinsed
with DI water, and dried at room temperature. Following this, 1 mg of
CuWO4@TiO2 nanocomposites was dispersed in 2 mL of 0.5% chitosan and
sonicated in a bath sonicator for 20 minutes to achieve a homogeneous
dispersion. Approximately 10 pL of the homogeneously dispersed composite
suspension was carefully applied to the pre-cleaned GCE surface and then dried
in a hot air oven at 50 °C. The working electrodes were stored at room

temperature for the subsequent electrochemical detection experiments.

3.4.1.2 Measurement of EIS and CV

The electrochemical characteristics of three different nanomaterials were
assessed using electrochemical impedance spectroscopy (EIS) and cyclic
voltammetry (CV). EIS is a valuable methodology in electrochemistry that
provides insight into the conductivity of electrode surfaces during either
oxidation or reduction reactions. This technique also yields information about an
electrode's alteration in conductance or impedance after its modification. In this
regard, EIS was conducted using three different modified electrodes:
CuWOs/CHI-modified GCE (GCE/CHI/CuWOs), TiO2/CHI-modified GCE
(GCE/CHI/TiO2), CuWO4@TiO2/CHI-modified GCE (GCE/CHI/CuWO4@TiO2).
The GCE was first polished using an alumina slurry before any electrode
modifications. Following this, the GCE was sonicated in ethanol, rinsed with DI
water, and left to dry at room temperature. Next, 1 mg of CuWO.@TiO:
nanocomposites was dispersed in 2 mL of 0.5% chitosan and sonicated in a bath
sonicator for 20 minutes to ensure uniform dispersion. Approximately 10 uL of

the resulting composite suspension was then carefully applied to the pre-cleaned
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GCE surface and dried in a hot air oven at 50 °C. The measurements were made
in the frequency range from 2.5 x 10° Hz to 5 x 10° Hz, using a modulation
amplitude of 40 mV in applied electrode potential. The Nyquist plots of bare and
modified electrodes were recorded in the solution of 5.0 mM [Fe(CN)s]*** and 0.1
M KCl. In this plot, two-time constants may be well distinguished: a semicircular
portion at high frequency due to electron transport processes and a linear portion
at low frequency due to mass transport processes.

CV is a very powerful technique in the analysis of electro-active species and
especially in the studies of the redox reactions of the analytes. In this study, the
preliminary electroactive properties of the bare and modified GCE electrodes
were characterized in the potential range from - 0.2 to - 0.7 V with a scan rate of
50 mV/s. This was conducted in a solution comprising 5.0 mM potassium

ferrocyanide [KsFe(CN)s] with 0.1M KCl.
3.5 Density functional theory

3.5.1 Theoritical Experiment

Three simulated models of CuWQ,, Ti/Cu@CuWQO,, and Ti/W@CuWQO, were
developed for DMol3 computations to examine the electrical as well as optical
features of the CuWO, shell surface and the interface layer of CuWO,@TiO,. The
optimized geometries and electronic properties were investigated to comprehend
the impact of Ti and W dopants on the structural and electronic characteristics of
CuWO, surfaces, especially regarding their interaction with TiO, at the interface.
Calculations utilizing density functional theory (DFT) were conducted with the
DMol3 module. The Perdew-Burke-Ernzerhof (PBE) exchange-correlation
functional utilizing the generalized gradient approximation (GGA) had been
employed for all calculations. A double-numeric polarized (DNP) basis set was
employed with a global cutoff of 4.5 A, and the electronic structures were
computed using spin-restricted computations with a medium integration grid.

Geometry optimization was performed using convergence conditions of 2 x 10-°
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Ha for energy, 4 x 10 A for gradient, and 5 x 103 A for displacement. A
Monkhorst-Pack k-point mesh of 2 x 2 x 2 was employed for Brillouin zone

sampling, with symmetry enabled throughout the optimization process.
3.6 Photocatalytic Dye Degradation: A ML and Metaheuristic Approach

3.6.1 Data Collection and Analysis

The data were collected from the photocatalytic dye degradation experiments,
and 189 data sets were selected for this study. In such processes, four dominant
input variables were carefully selected considering their huge impact: the initial
concentration of MB (mg/L), the catalyst dose (mg/L), the light intensity
(mW/cm?), and the treatment time (minutes). These variables have been
identified as significant factors that might influence the efficiency of degradation
of MB dye. The feature importance analysis performed in an elaborative manner
also strengthened our understanding that these variables are highly influential
on MB removal efficiency. Incorporating these variables, the studied model
completely encompasses all the important elements that might be influential in
the process of MB dye degradation. The whole approach encompasses data
preprocessing; the splitting of data into sets; training ensemble machine learning
models such as AdaBoost, Bagging, CatBoost, Decision Tree, Extra Trees,
Gradient Boosting, HistGradientBoosting, LightGBM, Random Forest and
XGBoost; hyper-parameter tuning using Bayesian optimization; the model
performance evaluation metrics; feature importance analysis; parameters
optimization with Differential Evolution; estimation of MB dye degradation or
removal efficiency. The relationship between the model's input-output
parameters and workflow is detailed in Figure 3.1. Various statistical metrics,
such as the Coefficient of determination (R?), Mean Square Error (MSE), Root
Mean Square Error (RMSE), Mean Absolute Error (MAE) and Median Absolute
Error (MedAE) were used to evaluate the model's predictive performance and

details of their calculation based on previously published articles [42, 43].
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Figure 3.1 Complete block diagram of the proposed approach

3.6.2 Performance evaluation metrics

The model's input-output relationship and workflow are detailed in Figure 3.1.
Additionally, to simplify complex computations and mitigate overfitting, the
experimental data were randomized using Equation (1) [202]. The model
performance evaluation metrics such as the Coefficient of determination (R?),
Mean Square Error (MSE), Root Mean Square Error (RMSE), Mean Absolute
Error (MAE) and Median Absolute Error (MedAE) were calculated for each

model and as defined by equations 3.1 to 3.6.

Normalized Value (X,orm) = _Xi = Xmin

(3.1)

Xmax ~ Xmin

Where X;is any data.
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3.6.2.1 Coefficient of determination (R?)

_ Z?:l(J’i - 5’\1)2
Z?=1(Yi —y)?

Where y; is the actual value, ¥, is the predicted value, y is the mean of actual

R2=1 (3.2)

values, n is the number of observations, R? values range from 0 to 1, with higher

values indicating better model performance.

3.6.2.2 Mean Square Error (MSE)
1 n
MSE = (i = 5 (3:3)
i=1

3.6.2.3 Root Mean Square Error (RMSE)

RMSE = (3.4)
3.6.2.4 Mean Absolute Error (MAE)
1 n
MAE = ,—lzllyi -5 (35)
i=
3.6.2.5 Median Absolute Error (MedAE)
MedAE = median(|y; — ,|) (3.6)

3.6.3 Machine Learning Models

Ten tree-based machine learning (ML) models were utilized with default
hyperparameters: AdaBoost (AB), Bagging (B), CatBoost (CB), Decision Tree
(DT), Extra Trees (ET), Gradient Boosting (GB), HistGradientBoosting (HGB),
LightGBM (LB), Random Forest (RF), and extreme Gradient Boosting (XGB),
from the library of Scikit-learn (https://scikit-learn.org/stable) in Python [203]. .
To evaluate the effectiveness of photocatalyst in MB dye degradation, both
preliminary screening and advanced models were developed. The 189 selected
datapoint was randomly divided into two subsets: 80% for training and 20% for
testing [202]. The generalization capabilities of the models were assessed using
the test dataset. The chosen ML algorithms' hyperparameters were optimized

using Bayesian optimization, which employs a probabilistic framework to
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explore the hyperparameter space and determine optimal values. The optimized
models were subsequently trained on the training dataset and tested on the test
dataset. The model that presented the best performance matrices in both the
training and testing procedures and subsequently used in designing optimal
experimental parameters through DE for attaining maximum dye degradation.
By offering practical insights for optimizing tentative settings to maximize
prediction of dye degradation, this optimization technique increases the practical

application of our research.

3.6.4 Descriptions of Ten Machine Learning

3.6.4.1 AdaBoost

AdaBoost is a collective learning model used for regression and classification. It
iteratively enhances weak classifiers by learning from their mistakes. AdaBoost
uses sequential ensembling instead of the parallel ensembling used in the
RandomForest model. Combining numerous weak classifiers can achieve a
strong classifier with high accuracy. However, it's important to note that while
AdaBoost is an adaptive classifier, it can lead to overfitting. It is sensitive to
outliers and noisy data but shows great promise in enhancing the performance
of decision trees in binary classification problems. In our analysis, we performed
hyperparameter optimization and tuning through grid search to determine the
optimal loss function. The primary hyperparameters evaluated included the
learning rate (varing from 0.1 to 5) and the total number of boosted trees

(n_estimators) from 20 to 500.
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3.6.4.2 Bagging

Bootstrap aggregation, also known as Bagging, integrates the concepts of
bootstrap and aggregation [204]. The Bagging model generates multiple datasets
with slight variations in noise and distribution by randomly sampling from the
original training data. Each dataset is used to train a model independently, and
the models are then combined into an ensemble model. This approach reduces
the risk of models making predictions based solely on specific noise patterns in
the original data. Additionally, the out-of-bagging data not included in the
bootstrap process can be used to validate individual models during the model
aggregation process. This validation helps the Bagging model achieve high

generalization performance.

3.6.4.3 CatBoost
CatBoost is a machine learning technique that use gradient-boosted decision trees
to predict continuous variables. It is widely recognized for its effectiveness,
accuracy, and capability to manage categorical data within the
CatBoostRegressor [33]. For the CatBoostRegressor method to function, it is
necessary to design a set of relatively weak decision trees initially. Subsequently,
these trees are amalgamated to construct a robust model. The method employed
to link the trees is gradient boosting. Gradient boosting is the linking method
employed in this procedure, which enhances model performance by adding trees
one after the other to fix the mistakes of the earlier ones. The mathematical
expression used by CatBoost to predict continuous values is presented in
Equation (5):

n

y=f(x)= Z ai hi(x) 3.7)

i=1

Here, y represents the predicted value while x denotes the input features.

The resultant function (x) is a linear amalgamation of fundamental functions,

Chapter 3: MATERIALS AND METHODOLOGY 57



h(x). The coefficients ai ascertain the significance of individual base functions

within this linear amalgamation.

The model coefficients are calculated using the gradient descent method. In
CatBoost, the loss function must be minimised. The loss function quantifies the
difference between predicted and observed values. The ML approach CatBoost
can effectively address a wide range of regression problems. It is especially

effective at addressing issues that pertain to categorical attributes.

3.6.4.4 Decision Tree

Decision trees are models that use a series of logical rules organized into a tree-
like structure. Each test typically involves comparing data to a threshold value
or specific category. This model makes predictions by segmenting the data into
smaller groups using a series of decision rules arranged along a tree structure.
Therefore, the order and placement of rules are crucial for the predictive accuracy
of decision tree models [205]. Compared to complex artificial intelligence
algorithms like artificial neural networks and convolutional neural networks,
decision trees have a simple structure and prediction technique. This simplicity
allows decision tree models to offer interpretability of predictions. Recently,
many studies have focused on enhancing the performance of decision trees by
improving their simple structure. As a result, studies have frequently
emphasized using a combination of multiple independent decision trees rather

than a single decision tree as a model [206].

3.6.4.5 Extra Trees

ExtraTrees, also known as extremely randomized trees, are models that utilize an
ensemble algorithm with significant randomness incorporated into the decision
tree growth process [207]. The fundamental concept behind ExtraTrees is to
introduce strong randomization in the selection of input features and cut points
when splitting the nodes of the decision tree. Due to the high level of randomness

in this model, the decision tree may not provide an optimal cutting point,
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resulting in suboptimal predictive performance as a standalone model. However,
when combined with multiple decision tree models, ExtraTrees can effectively
explore the data and enhance predictive performance. Furthermore, the model's
randomness allows it to utilize all the data in the training process, reducing
prediction bias. Additionally, the time required to build the model is reduced

since it does not compute the optimal split.

3.6.4.6 Gradient Boosting

Gradient boosting is a widely utilized machine learning model that employs an
ensemble method of decision trees known as boosting. The core concept of
boosting involves the sequential addition of new decision trees by calculating the
residuals of the entire ensemble model. This process continues until the model
achieves the highest accuracy. Additionally, these models can be customized by
adjusting the structure, such as the loss function and tree addition method [208].
The fundamental algorithm for gradient boosting used in this study can be

generalized by the following equation.

K
OB (3.8)
k=1

Where f(x) and f*(x) indicate entire ensemble model and k-th independent

decision tree. N indicates the number of decision trees.

3.6.4.7 HistGradientBoosting

Histogram-based gradient boosting is an advanced method that enhances the
speed and performance of gradient boosting models [209]. This technique
efficiently combines decision trees on large datasets by dividing input features
into a specified number of intervals. As a result, the models can quickly find the
optimal split, unlike traditional gradient boosting methods. Additionally,

histogram-based gradient boosting can handle missing values by using one of
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the partitions for training, eliminating the need to preprocess the input data for

missing values before applying the model

3.6.4.8 Light GBM

Light gradient boosting machine (LGBM) is an enhanced version of the Gradient
Boosting model. It achieves this by including two techniques that effectively
decrease the computational workload [34]. LGBM utilises gradient-based one-
side sampling (GOSS) and exclusive feature bundling (EFB) methods. The GOSS
methodology is a method that decreases the sample size of a dataset. The
fundamental premise of GOSS is that cases with substantial gradients exert a
considerable influence on predictions, and the model is inadequately trained for
such instances. The GOSS algorithm curates the training data set by selectively
including examples that exhibit significant gradients. Hence, cases exhibiting
negligible gradients can be disregarded, thereby minimising their contribution to
the training process and reducing the dataset's sample count. The EFB is a data
analysis technique that aims to reduce the dimensionality of a dataset by
minimising the number of input features. The EFB employs a technique of
consolidating variables that have a strong correlation into a single category,
under the assumption that data with a large number of dimensions is sparsely
populated. Reducing the number of samples and features in the dataset using
these two approaches significantly reduces the time it takes to compute the
model. Furthermore, as stated by Guolin et al., the creators of LGBM, they found
a maximum limit to the decrease in performance due to the decrease in sample
size and number of features [34]. Therefore, while using the LGBM model, the
issue of decreased prediction accuracy should not be overlooked. In addition, the
LGBM model utilises a leaf-wise approach during the tree partitioning process.
Compared to the level-wise technique, which considers the tree's balance, the
leaf-wise tree development in LGBM selects the best possible node to split,

reducing prediction error.
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The LGBM technique employs a weighted summation to amalgamate predictions
from individual trees within the ensemble. During the training iteration, these
weights are established through evaluations of the loss function’s gradients. The

subsequent equation can be employed to predict the target variable using LGBM:
y=Yai h(x) (3.9)

Where, y forecasts the goal value, the weight assigned to the i* tree is denoted by

ai, and the forecast i" tree for the input attributes x is represented by A(x).

The LGBM can handle massive datasets, and it excels at capturing intricate non-
linear connections between features and the target variable. Through gradient-
based optimization, it constructs a set of trees that collectively yield accurate

predictions, thus enhancing the performance of the loss function.

3.6.4.9 Random Forest

Random Forest is a model that utilizes the bagging technique among ensembles
of independent decision trees [210]. In the bagging approach for regression,
multiple decision trees are created by randomly sampling data from the original
dataset. The final prediction is then generated by averaging the predictions of the
individual trees. Random forests offer performance benefits by reducing variance
while maintaining the bias of the models, which is a key advantage of the bagging
model. Additionally, random forests randomly select input features for each
decision tree from the pool of all input features. This variance in the input
variables used in individual decision trees reduces the correlation between the
trees. An analysis has shown that ensemble models consisting of low-correlation

trees reduce generalization errors and improve prediction performance [210].
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3.6.4.10 Extreme Gradient Boosting

XGBoost, short for Extreme Gradient Boosting, is an advanced gradient boosting
algorithm that assigns weights to the learning errors of weak models and
sequentially incorporates them into the next model to create a prediction
model[211]. XGBoost models support parallel processing, resulting in faster
computing speed compared to traditional gradient boosting models.
Additionally, XGBoost models utilize a technique to prevent overfitting by
training the tree using a regularized loss function, defined by the following

mathematical equation.

n

L= Z (37 + fe@) + Q(f) (3.10)

=1
1 2
Q(fe) = yT + S Allwll (3.11)

Where L' and ff(x) indicate the loss function and decision tree at the t-th
iteration. The [ is convex loss function. The y;, J, and x; indicate true value,
predicted value and input data at i-th data instance. The Q is regulation term
calculated with the number of leaves (T) in the decision tree and the Euclidean

distance of each leaf (||w]| 2).
3.7 Degradation of Methylene Blue by Photocatalyst Process

For evaluating the catalytic activity of Cupper Tungstate coated titanium dioxide

degradation of Methylene blue dye was examined under different conditions.

3.7.1 Preparation of Methylene Blue Solution

An aqueous solution of Methylene blue was prepared in Duran bottle by adding
10mg of Methylene blue in 1000 ml De-ionized water and used it as stock
solution, concentration of stock solution was 10mg/L and it further diluted to

various concentrations by adding de-ionized water.
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3.7.2 Batch Experiment of Degradation of Methylene Blue

In this research, Methylene blue (MB) dye was used as a model contaminant. The
model dye was prepared according to the standard operating procedure, and the
concentration of MB was 10 mg /L. The dye degradation experiments were
conducted in a 150-mL beaker containing 50 mL of MB. A fixed amount (200
mg/L) of CuWO4@TiO: Photocatalyst was mixed with the 10 mg/L of MB solution.
The reaction mixture was continuously stirred at 250 rpm using a magnetic stirrer
for 15 minutes under dark conditions to achieve adsorption and desorption
equilibrium. After that, in the photocatalysis process, the visible light source was
turned on after the dark condition. The PLS-SXE300E/UV (Beijjing Perfect Light
Technology Co. Ltd. China) was used as a visible light source over the reactor
and used a 300W xenon (Xe) lamp with a range of 320-780 nm VISREF filter. The
average light intensity was 126.75 mW/cm? and the surface of the reaction media
was kept at 16 cm from the bulb. Aliquots of 3 mL sample were collected from
the reaction mixture at chosen time intervals: -15, 0, 15, 30, 45, 60 and 75 minutes.
The samples were filtered using 0.22 um PTFE syringe filter to eliminate the
CuWOs@TiO:2 photocatalyst. The concentration of Methylene blue was
determined using a UV-Vis spectrophotometer (T80+, UK) at its characteristic
wavelength (275 nm). The degradation efficiency was calculated according to the

following Eq (1) [42, 43].

Co—C
Co

x 100% (3.12)

Degradation efficiency =

Where, Cy= initial concentration of MB, C = final concentration of MB.

Chapter 3: MATERIALS AND METHODOLOGY 63



3.7.3 Catalytic Activity Experiment for Optimization

To evaluate the catalytic efficiency of CuWO4@TiO, nanoparticles, different
concentrations of methylene blue (5 mg/L, 10 mg/L, and 15 mg/L) were used for
the degradation efficiency test. Various catalyst doses (100 mg/L, 250 mg/L, and
400 mg/L) were added to the methylene blue solution and magnetically stirred
for 15 minutes under dark conditions to establish adsorption equilibrium. The
photocatalytic degradation was then carried out under different light intensities
(93.74,126.75, and 159.38 mW/cm?) with visible light irradiation. At different time
intervals, 3 mL of the solution was withdrawn every 15 minutes and filtered using
a0.22 um syringe filter. The degradation of methylene blue was monitored using
a UV-visible spectrophotometer by measuring absorbance at 664 nm, with
deionized water used as a blank sample, from the beginning of the reaction until

equilibrium was reached after 90 minutes.
3.8 Reactive Species Analysis

Five scavengers, including sodium azide (SA), isopropanol (IPA),
triethanolamine (TEA), superoxide dismutase (SOD), and potassium dichromate
(K2Cr207) were further used to identify reactive species such as 'Oz, HO®, h* O2*,
and e- during photo Fenton process, respectively. 1mM of TEA, IPA, and SA were
used to reduce the catalytic effect and elavate the scavenging effect. Low
concentrations such as 0.025 mM of KoCr207 and 6 U/mL of SOD were used in
this study [46]. The influence of scavengers was determined by measuring the

absorbance of Methylene blue after different time intervals.

Chapter 3: MATERIALS AND METHODOLOGY 64



3.9 Reusability Test

For reusability test, optimum amount (200 mg/L) of CuWO4@TiO: photocatalyst
was mixed with the 10 mg/L of MB solution. The reaction mixture was
continuously stirred at 250 rpm using a magnetic stirrer for 15 minutes under
dark conditions to achieve adsorption and desorption equilibrium. Aliquots of 3
mL sample were collected from the reaction mixture at 75 minutes, and were
immediately quenched with a small quantity of sodium thiosulfate to stop the
reaction. The samples were filtered using 0.22 um PTFE syringe filter to eliminate
the CuWOu@TiO: photocatalyst. The concentration of methylene blue was
determined using a UV-Vis spectrophotometer (T80+, UK) at its characteristic
wavelength (665 nm). Then the catalyst recovers by centrifuge the remaining
solution. The remaining catalyst dried at 70 °C. Then reuse this catalyst to run

another catalytic experiment as previously described procedure.
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Chapter 4: RESULTS AND DISCUSSION

4.1 Characterization of CuWWO:@TiO2 nanocomposite

4.1.1 UV-Vis Diffuse Reflectance Spectroscopy Analysis (DRS)

UV-Vis diffuse reflectance spectroscopy (DRS) is a crucial technique for
measuring the optical properties of semiconductor materials. This technique is
particularly beneficial for evaluating the band gap energy of materials, providing
essential insights into their photocatalytic performance. The capacity of a
material to absorb visible light and produce electron - hole pairs is essential in
photocalysis. Reducing the band gap width of a semiconductor material allows
it to absorb a broader range of light wavelengths within the visible spectrum.
This enhanced light absorption potential can improve the efficiency of
photocatalytic processes, leading to a more effective conversion of light energy
into chemical energy [212]. The band gap energy (Eg) of CuWO4@TiO: may be
determined from the DRS data applying Tauc plots. When optical band gaps
were measured using Tauc's relation, where one can determine the band gap (Eg)
value while taking into account the direct band gap [213]. The UV- Vis DRS of
CuWO,, TiO2, and CuWO4@TiO: is shown in Figure 4.1. The absorption edge of
pristine TiO2 was observed at 385 nm, indicating that it can only absorb light in
the UV region [214]. The whole visible spectrum is absorbed by pure CuWO4,
according to its optical absorption spectra. CuWOs, active in the visible spectrum,
can capture more light due to its visible light-trapping characteristics. This leads
to the excitation and transfer of electrons to the formation of TiO2. As reported
earlier, an increase in TiO2 absorbance was observed when a visible, responsive
partner was added [215, 216]. Compared to CuWOs, the absorption edge of
CuWO.4@TiO: is slightly shifted towards the visible region. This change is a result
of the electronic interaction between CuWOs and TiO:. The energy band gap
value of CuWO:@TiO:2 (2.7 eV) is found to be smaller than that of TiO2(3.15 eV) .

The observed slight variation in the band gap does not signify a reduction in the
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band gap of CuWO.@TiO: when applied to the surface. As more interacting
atoms are incorporated, the composite material manifests new energy states,
leading to a closer alignment of the energy bands [217]. Thus, by reducing the
band gap and making TiO: suitable for absorbing visible light, the combination
of CuWOs and TiO: significantly affects the optical properties. CuWO4@TiO:
heterojunction samples have a low bandgap, which indicates promising

photocatalytic application possibilities.
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Figure 4.1 Tauc plot of the band gap of (a) CuWOs,, (b) TiO2, and (c)CuWO:@TiO2

4.1.2 Field Emission Scanning Electron Microscopy (FESEM)

High-resolution imaging by FESEM enables detailed observation of
nanomaterials” shape and size distribution, which is crucial for understanding
their photocatalytic performance in the process. These images represent the
comparison between CuWQO, nanoparticles and CuWO,@TiO, nanoparticles in
Figure 4.2. In general, the CuWWO, particles are finer, and their outlines are sharp,
showing typical characteristics of uncoated nanoparticles. They have a porous

and rough surface.
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Figure 4.2 FESEM images (a) CuWOs and (b) CuWO4@TiO:

After being coated with TiO,, CuWO,@TiO, particles expand and clump together,
creating a smooth surface. This suggests that a complete layer of TiO, has formed
around the CuWO, core. This modification results in an improvement in the
stability and photocatalytic performance of the material. In Fig. (a), the surface
image depicts the morphology of CuWO, nanoparticles, showing spherical and
closely packed particles with slight aggregation. The corresponding histogram
indicates an average particle size of 72.13 nm, with most particles falling in the
55-85 nm range. The surface is visibly rough and irregular, containing fine
granules with micro-porous features. These characteristics are beneficial for
active site exposure in photocatalytic and adsorption applications. The nanoscale
size suggests homogeneous nucleation with limited directional growth, leading

to isotropic morphology. After TiO, coating, the morphology changes, as
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visualized in Fig. (b). The particles still exhibit a spherical shape but appear
slightly larger and more distinct, confirming the formation of a core—shell
structure (CuWO,4@Ti0O;). The histogram shows an average particle diameter of
102 nm, indicating an increase in size due to the deposition of the TiO; shell layer.
The distribution is relatively narrower, suggesting controlled shell growth over
the CuWO; core.This increase in particle size from 72.13 nm (CuWO,) to 102 nm
(CuWO4@TiO,) provides evidence of successful heterojunction formation
between CuWO, and TiO,, which is crucial for enhanced charge carrier
separation in photocatalytic processes. The rougher texture and enhanced
particle dispersion observed in the TiO,-coated sample suggest improved surface
area and light scattering, which are advantageous for catalytic efficiency.These
morphological observations are in agreement with crystallite size trends
observed in XRD and confirm the successful synthesis of CuWO,@TiO,
heterostructures. The core-shell morphology with increased surface roughness
and particle size supports its potential use in photocatalytic and environmental

applications.
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4.1.3 X-ray Diffraction Analysis

The X-ray diffraction (XRD) of CuWOs4 nanomaterials with different shapes
shows variations in crystallinity, phase purity, and structural organization. The
XRD pattern of CuWOs nanoparticles indicates small crystallite sizes and lattice
strain, typical of nanoscale materials. The X-ray diffraction (XRD) patterns of
pure TiO,, pure CuWQO,, and the CuWO,@TiO, composites are presented in
(Figure. 4.3). The XRD analysis was conducted to confirm the phase composition,
crystallinity, and structural integrity of the synthesized materials, which are
crucial for understanding their photocatalytic performance. High crystallinity is
essential for effective charge separation and transport in photocatalytic materials,
as it reduces the number of defects that can act as recombination centers for
photogenerated charge carriers [218]. High crystalline material with strong peaks
is formed, as indicated by the CuWOs pattern. Every peaks is in good alignment
with JCPDS card No - 80-1918[219]. Triclinic CuWOs displayed distinct peak
shapes at 20 values of 15.31°, 19.05°, 23.57°, 24.14°, 25.90°, 28.76°, 30.17°, 31.67°,
32.12°, 35.70°, 36.87°, 38.60°, 39.90°, 41.12°, 42.91°, 44.89°, 47.10°, 48.82°, 49.89°,
51.68°, 53.42°, 55.62°, 59.58° 62.74°, 63.91°, 66.66°, 73.45°and 74.80° which
corresponds to (010), (100), (0-11), (011), (-101), (-1-11), (111), (-111), (1-11), (120),
(0-21), (002), (200), (210), (-102), (-121), (112), (030), (130), (-2-21), (221), (-220),
(202), (300), (222), (311), (023), (330) and (-3-22) planes respectively [214, 220]. The
peaks obtained at 20 values 25.3°, 38.19°, 48.27°, 53.90°, 55.17°, 62.82°, 70.56°,
75.60° correspond to (101), (004), (200), (105), (211), (204), (220), and (215) crystal
planes indicating the formation of anatase phase TiO:. The observed results agree
with JCPDS Card No 21-1272 [218, 221, 222]. The absence of peaks indicating
other phases shows the high purity of the synthesized TiO,. No diffraction peaks
from impurities were detected, indicating sample purity [223]. The high intensity
and distinct character of the pure TiO2 and CuWOu peaks indicate their pure

crystalline composition. It is possible to obtain pure CuWOs through chemical
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and calcination processes, as other phases, including impurities or metallic Cu,
are absent [224]. The XRD graph shows that the crystalline patterns of CuWOs
and TiO: were identified in the CuWO,@TiO, combination. The XRD pattern of
the composite reveals a decrease in the intensity of the TiO: peak due to the
improved crystallinity of CuWOus. These results indicate the successful formation
of well-defined CuWO,@TiO, composites. The average crystallite size of pure
oxides and composite materials was also determined using the Debye-Scherer
Formula [225]. The average crystallite sizes of CuWQO,, and CuiWO,@TiO, were
found to be 72.13 nm, and 102 nm, respectively. The average crystallite size of
the composite nanostructure was observed to be more extensive compared to
pure oxides. This increase in crystallite size could lead to a reduced band gap and
improved visible light absorption. As a result, this may lead to the generation of

reactive oxygen species and an increase in degradation [226].
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Figure 4.3 XRD analysis of CuWOs, TiO2 and CuWO4@TiOs.
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4.1.4 X-ray Photoelectron Spectroscopy (XPS)

X-ray photoelectron spectroscopy (XPS) was used to characterize the surface
composition and chemical valence states of various elements comparing
CuWOu@TiOz. The XPS survey profile confirmed the presence of Cu, W, O, and
Ti in the structure of CuWO@TiO: Figure 4.4(a). The high-resolution Cu 2p, W,
O1s, and Tizp XPS profiles of these nanocomposites are depicted in Figure 4.4(b),
(c), (d) and (e), respectively. The copper spectra displayed two significant peaks,
one at 933 eV and another at 952.82 eV, in Figure 4.4(b) corresponding to the
doublets of 2Pz and 2P1p, respectively, and indicate the normal state of Cu?" in
the prepared sample[219]. The tungsten XPS spectra exhibit a significant peak at
36 eV (4f72) and a less intense peak at 37.82 eV (4fse), in Figure 4.4(c), both these
peaks confirm the presence of tungsten in the W¢* oxidation state [227]. The high-
resolution XPS spectra of OisFigure 4.4(d) is the further deconvoluted into two
peaks. The peak positions at 530.52eV and 531.18eV relate to oxygen coupled
with metal ions (Cu-O and W-0)[228]. The Ois spectra of CuWWOs have two peaks:
one for the W-O bond, which has a lower binding energy 531.18 eV; the other for
the Cu-O bond, which has a binding energy of 530.52eV. Figure 4.4(d) displayed
that the XPS patterns for antase TiO2. The binding energies of about 458.70 and
464.40 eV corresponded to Ti 2psz and Ti 2pip, respectively Figure 4.4(e). the
oxidation state of Ti** and well fitted with this two peaks are reported [229]. The
Ti 2p2/3 and Ti 2p1/2 binding energies differ by 5.7 e.V, indicating that Ti is
mainly Ti* [230]. Through its intensity ratios, a Ti structure free of impurities as
well as surface imperfections is created. It was seen that the Ti-O interaction
formed at 533.58 eV in the Ois spectrum. These results confirmed the

heterojunction was constructed accurately.
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4.1.5 Brunauer-Emmett-Teller (BET) Analysis

To determine the surface area, pore size and pore volume of the CuWO4@TiO2
photocatalyst the Brunauer-Emmett-Teller (BET) model was employed, using N2
adsorption-desorption. Figure 4.5 shows the N2 adsorption/desorption isotherm
for the CuWO: and CuWO4@TiO:. The BET analysis, summarized in Table 4.1,
provides a comprehensive understanding of the surface area and pore
characteristics of the TiO2-coated CuWO, and CuWO, materials. The surface area
of the CuiWO.@TiO: composite was 174.0 m?/g whereas the specific surface area
of CuWO, was only 15.5m?/g. Core-shell structure of CuWOs@TiO: demonstrates
significantly greater BET surface area and pore volume than the core CuWO,,

allowing for the provision of more active sites and the production of more ROS
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[231]. The pore volumes are 0.041548 cmd3/g and 0.258393 cmd/g, respectively.
Furthermore, the Barrett-Joyner-Halenda (BJH) curves obtained from the
adsorption branch of isotherms decisively exhibit contrasting pore properties for
the two materials. The CulWO, material at the core (inset of Figure. 4.5(a)) has a
considerable pore width of approximately 80.6 nm. The highest pore volume,
measured at a rate of change of pore width (dV/dlog(w)), is around 0.0871 cmd/g.
Smaller pores have a minimal impact, indicating a blend of mesoporous and

macroporous structures[232].
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Figure 4.5 N2 adsorption and desorption isotherms and BJH pore size

distribution curves (insets) for (a) CuWOs and (b) core-shell CuWO4@TiO:

On the other hand, the CuWO,@TiO, material with a core-shell structure (insetof
Figure. 4.5(b)) displays a narrower range of pore widths, specifically between3
and 5 nm. Meanwhile, the maximum pore volume (dV/dlog(w)) is substantially
greater at around 0.37100 cm3/g. The distribution of this substance highlights a
mostly mesoporous structure, which provides a significant surface area suitable
for adsorption. Higher active sites may be produced by the larger specific surface

area, perhaps leading to improved photocatalytic activity [233].
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Table 4.1. Physicochemical properties of CuWOs and CuWWO4@TiO:

Characteristics Value/Unit
CuWOu CuWO0:@TiO:
BET Surface Area 15.5 m?%/g 174.0 m?/g
Langmuir Surface Area 25.0m?/g 2445483 m?/g
Total pore volume 0.04 cm3/g 0.25 cm3/g
Pore diameter (BET) 10.7 nm 5.9 nm
BJH pore width 80.6 nm 3-5 nm
BJH pore Volume 0.087 cm3/g 0.371 cm¥/g

4.1.6 Electrochemical Impedance Spectroscopy (EIS)

The Electrochemical impedance spectroscopy (EIS) spectra is a valuable
technique for investigating interfacial charge transfer in a semiconductor
materials [234]. Additionally, it offers information on how conductible electrode
surfaces are during reduction or oxidation processes. This method also provides
details on how an electrodes conductance or impedance changes following
modification [235]. A nyquist plot, in which the real component (Z’) and the
imaginary component (Z”) of the impedance are displayed on the x-and y- axes,
respectively, is commonly used to depict electrochemical impedance spectra [236,
237]. The Nyquist plots of the bare and modified electrodes are shown in the
Figure 4.6(a). Randles’s equivalent circuit (Figure 4.7) may be used to illustrate it.
It is made up of the Warburg impedance (W), charge transfer resistance (R«),
solution resistance (Rs), and double- layer capacitance (Cdl). Table 4.2 lists the
values that correspond to these components. As shown in Figure 4.6(a), the
Nyquist plots of altered electrodes reveal that the R« value of CuWO4@TiOs.
CuWO4@TiO2/GCE nyquist plot (Rct) obtained at 61.6 Q) is used to analyse the
EIS parameters from NOVA software. Conversely, bare/GCE, CHI/GCE, and
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CuWO4/GCE, had measured Rct values of 81.6Q, 7220, and 66.9Q),
correspondingly. Higher electron transfer rates are often indicated by smaller
semicircle diameters, whereas slower electron transfer rates are suggested by
larger diameters[238]. According to Figure 4.6(a), the modified electrode displays
a smaller semicircle, confirming a lower electron transfer resistance, while the
bare GCE displays a larger semicircle than other modified GCEs, confirming a

higher electron transfer resistance[239].
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Figure 4.6 Electrochemical analysis of of (a) bare and modified GCE (Inset-
Randles equivalent circuit model) and cyclic voltammograms of (b) bare and
modified GCE. The measurements were recorded in a 5 mM KsFe(CN)g and 0.1

M KCl at 50 mV/sec scan rate.

Additionally, compared to modified GCE, the CuWO:@TiO: modified GCE
displays a smaller semicircle, suggesting that CuWOucould decrease the electron-
transfer resistance at the electrode surface.Consequently, the low Rct values of
CuWO4@TiO/GCE show that it significantly enhances the conductivity and
quicker electron transfer rate on the GCE surface[240] . From the Table 4.2, the
rise in Cdl in modified indicates an augmented effective surface area, enabling
enhanced charge storage at the electrode/electrolyte interface. The Warburg
impedance (W) is decreased, indicating improved ion diffusion properties. Rct,
Cd], and W improvements collectively show how effective surface modification

is at improving the electrode’s electrical conductivity and overall performance.
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Thus, we can derive the electron transfer behaviour of the modified electrode
system and prove that CuWO: nanocomposites can be used for various

photocatalytic applications [241].

Table 4.2. Randles equivalent circuit for both bare and modified electrodes

Electrode Rs(QY) Rt (Q) Cal(F) W(Qs17?)
GCE 19.7 81.6 7.8 x107 0.000170
CHI/GCE 20.7 72.2 8.81 x107 0.000125
CuWO:/GCE 23.6 66.9 1.43 x108 0.000740
CuWO:@TiO:/CHI/GCE 27.1 61.6 2.58 x10¢ 0.000258
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Figure 4.7 Randles equivalent circuit model for bare and modified electrodes:

(a)GCE , (b)CHI/GCE, (c)CuWO4/ GCE, and (d)CuWO@TiO»/CHI/ GCE

4.1.7 Cyclic Voltammetry (CV)

CV is a very effective method for analysing electroactive molecules, particularly
for studying analyte redox reactions (Figure 4.6(b)).The shape and position of
these peaks provide insights into the electrochemical activity and reversibility of
the redox processes. The CV was used to further investigate the electrochemical
behaviour of the unmodified GCE, the modified electrodes such as CHI/GCE,
CuWO4/GCE, TiO: /GCE and CuW0Os@TiO: /GCE within the redox reaction at a
fixed scan rate of 50 mV/s. It was observed that CuWOs@TiO: the displayed the

highest anodic current at around 120 pA at a potential of 0.2 V, indicating strong
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oxidation activity. In comparison, the CuWO4/GCE, TiO: /GCE, CHI/GCE, GCE,
showed lower peak currents of 110uA, 67uA, 59uA, and 48 pA, respectively,
indicating relatively weaker oxidation activity. Similarly, in the cathodic region,
the CuWO4@TiO: photocatalyst showed the highest peak current of 105 HA,
representing high reduction activities, while the CuWO4/GCE, TiO: /GCE,
CHI/GCE, GCE again gave lower peak currents (97 puA, 37 pA ,42 pA, and 28 UA,
respectively) for reduction. This higher redox performance of CuWO:@TiO:
indicates a higher electrochemical surface area and a higher amount of
electrochemically active sites and structural features help to increase the area
related to ion exchange particular surface; hence, Fe(CN)** on the electrode
surface may act effectively in rapid interaction between ions and electrons.These
results emphasized the crucial role of electron transfer properties in determining
the overall electrochemical performance of nanomaterials. Results showed that
the efficiency of fast electron transfer and better conductivity of the modified
electrode revealed a greater current responsiveness of the redox peak current of

CuWO4@TiO2/GCE in comparison with the bare electrode.
4.2 Theoritical Analysis

To understand the electronic structure and photocatalytic performance, we
performed periodic DFT calculations [242, 243]. The results from D3mol
calculations for the compound CuWO, and two models, where Tiis doped at 50%
in the Cu and W positions (as surface interaction of core TiOzand shell CuWOy)
to simulate the experimental conditions, and the results were recorded in Table

4.3.
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Table 4.3. Computational results of CuWOs and CuWO4@TiO2

Energy CuWO: | Ti/Cu@ CuWO: | Ti/W@ CuWO:
Total Energy (eV) -937789 -894730 -151807
Fermi Energy (eV) -6.24 -5.044 -6.912
DFT Energy Gap (eV) 0.539 0.491 0.833
Binding Energy (eV) -65.922 -80.915 -62.48
Kinetic Energy (eV) -530.719 -288.518 -388.75
Electrostatic Energy (eV) 422.486 158.818 288.929
Spin Polarization Energy(eV) 18.496 20.108 15.219
Valence Band Edge (eV) -6.763 -5.255 -7.328
Conduction Band Edge (eV) -6.224 -4.764 -6.495

The total energy which represents the stability of the compound and possible
interface layers indicates that it is the most stable configuration of the interface of
Ti/Cu@CuWOx (Ti is doped in the Cu position) showing almost similar stability
to CuWOa.. In contrast, Ti/W@ CuWOu (Ti-doped in the W position) refers to an
unstable configuration, as seen by its much higher total energy. Thus, we focus

on the two models of CuWOs and Ti/Cu@CuWOs: for further investigations.

As well known, a higher Fermi energy typically corresponds to a higher
potential for conductivity. Thus, Ti/Cu@CuWO: increases the Fermi energy from
-6.37 eV of CuWOxsto -5.044 eV suggesting an enhancement in conductivity and
could exhibit better charge transport than CuWO,, further promoting
photocatalytic efficiency. In addition, the slight increase in spin polarization
energy when Ti/Cu@CuWO: suggests enhanced magnetic behavior. The
structural properties of CuWO, and Ti-doped CuWO, (Ti@CuWO,) were
analyzed to understand the effects of doping on the crystal geometry. The pure
CuWO; structure exhibits Cu-O bond lengths of 1.967 A and 2.076 A, indicative

of slight asymmetry in the coordination environment around the Cu centers.
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Upon introducing Ti dopants, significant changes in the local structure are
observed. When Ti replaces Cu, the Ti-O bond lengths are reduced to 1.947 A
and 2.151 A, while replacing W results in even shorter Ti-O bond lengths of 1.866
A and 2.117 A. These changes highlight the stronger bonding interactions of Ti
compared to Cu or W, leading to localized structural distortions and impacting
electronic properties. However, Ti/Cu@CuWOs raises the valence band edge,
making it easier for electrons to be excited at the interface. Similarly,
Ti/Cu@CuWO: increases the conduction band edge significantly, which may
make electron conduction easier. As expected, the interface of Ti/Cu@CuWO4
slightly decreases the band gap within the visible light range and boosts charge
separation by introducing new states into the conduction and valence bands,
reducing recombination rates as shown in the band structure and PDOS of

CuWOsand Ti/Cu@CuWO: (Figure 4.8).
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Figure 4.8 Optimized structure of (a) CuWOys, (b) Ti@CuWOy; (c) Band structure;
(d) PDOS of CuWOs, and the surface of (e) Ti@CuWOsequivalent circuit model
for bare and modified electrodes: (a)GCE, (b)CHI/GCE, (¢)CuWO4/ GCE, and
(d)CuWO4@TiO/CHI/ GCE.
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4.3 Descriptive Statistics

The statistical properties of the experimental data points used to examine the
degradation of MB dye by a photocatalyst are presented in Table 4.4. The various
statistics computed in the analysis by considering four input parameters:
concentration of MB (mg/L); catalyst dosage (mg/L); light intensity (mW/cm?);
treatment time (min); and there was only one output parameter reflecting the MB
dye degradation, %. The mean values of each variable or parameter denoted its
average level with specific values such as a concentration of MB of 10 mg/L, doses
of catalyst of 250 mg/L, light intensity of 126.75 mW/cm?, treatment times of 45
min, and an average MB degradation of 66.71%, as shown in Table 4.4. The
standard deviation measured data dispersion around the mean. Minimum and
maximum values outline the data’s range that can indicate the extent of
variability. Percentiles- specifically the 25%, 50%, and 75% - divided the data into
quartiles, allowing a view of distribution and identifying potential skewness or
outliers. Skewness measured the asymmetry of data distribution, and a value
closer to zero indicates greater symmetry in the distribution. Kurtosis provided
insight into the shape of the data’s distribution, with negative values suggesting
a flatter-than-normal distribution. Overall, these statistical measures offered a
comprehensive view of the central tendencies, variability, and distributional

patterns in the dataset.
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Table 4.4. Summarized results of the statistical analysis of the experimental data

Statistics Concentrati  Catalyst Light Treatment Degradatio
on of MB dose intensity time (min) n of MB
(mg/L) (mg/L) (mW/cm?) (%)
count 189 189 189 189 189
mean 10 250 126.62333 45 66.71
std 4.09 122.79978 26.868743 30.07 31.35
min 5 100 93.74 0 0
25% 5 100 93.74 15 54
50% 10 250 126.75 45 78
75% 15 400 159.38 75 90
max 15 400 159.38 90 100
Skewness 0 0 -0.007090 0 -1.21058
Kurtosis -1.5 -1.5 -1.50 -1.25 0.196779

In Figure 4.9, the heatmap illustrates the correlation between four input
parameters: concentration of MB, catalyst dose, light intensity, and treatment
time. The output parameter only measured MB dye degradation efficiency. The
analysis revealed a negative correlation (-0.74) between the concentration of MB
and the degradation of MB, suggesting that higher concentrations impede the
degradation process. The correlations for catalyst dose and light intensity were
weaker (-0.22 and -0.15, respectively), implying their negative influence when
considered independently, resulting in higher catalyst dose and light intensity
reduced the MB degradation rate. Conversely, treatment time showed a
significant positive correlation (0.92) with MB degradation efficiency, indicating
its critical role in enhancing dye removal. These findings underscore the
dominant impact of treatment time on MB dye degradation, with concentration
also playing a pivotal role. At the same time, the effects of catalyst dose and light

intensity appear less prominent. The dark colors represent the strong correlation
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between the inputs and the output variable, while lighter colors indicate a weaker

correlation.

Concentration of MB (mg/L)
Light intensity {mW/em?)

Catalyst dose (mg/L
Treatment time (min)
Degradation of MB (%)

:

Concentration of MB (mg/L)

Catalyst dose (mg/L

Light intensity (mW/cm®)

Treatment time (min)

Degradation of MB (%)

Figure 4.9 Heatmap representation of the experimental datasetRandles

4.4 Model Performance Evaluation

In the current study, we used Bayesian optimization to fine-tune the
hyperparameter of ten tested machine learning models with the goal of
maximizing the predictive capability. The optimized hyperparameters for the
tested model of AdaBoost, Bagging, CatBoost, Decision Tree, Extra Trees,
Gradient Boosting, HistGradientBoosting, LightGBM, Random Forest, and
XGBoost are shown in Table 4.5. Figure 4.10 provides the scatter plots of these
models for the training and test data points. This allowed comparing the
experimental and predicted values for each model. Additionally, the plots
indicated a strong correlation between experimental and predicted training data,

clustering the points near the 45-degree reference line. Each model was trained
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and tested using 189 datasets. The hyperparameter setting in machine learning
models has a direct and considerable impact on the model's prediction
performance (Yang and Shami, 2020). Consequently, optimizing the
hyperparameters before the AI model's prediction process is necessary. This
study employed the Bayesian optimization (BO) technique to determine the most
suitable parameter configuration for 10 machine learning models. The BO
technique used the bayes_opt module in the Python computer language
(Nogueira, 2014). Furthermore, the BO fine-tuned the hyperparameters across all
models, conducting 200 iterations. The optimal hyperparameter values for all 10

models were computed, resulting in the values presented in Table 4.5.

This study utilizes the Bayesian optimization (BO) technique, which treats the
objective function as an unknown black box function and aims to identify the
optimal solution that maximizes the function value. The utilization of BO
techniques necessitates the implementation of two fundamental algorithms to
carry out the process of optimization. At first, a surrogate model uses probability
to approximate the shape of an objective function that is not known. The
acquisition function identifies the most advantageous candidate values for
determining the best solution by using a probabilistic estimation of the objective
function. The Backtracking Optimisation (BO) repeatedly executes the two
fundamental algorithms a specified number of times, consistently identifying
potential values that are progressively closer to the accurate solution. Stochastic
analysis-based optimization techniques can track the optimal hyperparameters
much faster than other automated optimization approaches, including grid
search (Victoria and Maragatham, 2021). Table 4.6 outlines the range of
hyperparameters and their optimal values, which were determined through
Bayesian optimization calculations. After training and fine-tuning the identified

ML models, the performance of the corresponding ML models was predicted by
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using scatter plots. In these Figures, the black dotted lines refer to the perfect

regression line determined by the equation y = x.

Table 4.5. Hyper-parameters’” optimal values

Concentration of MB = (0.08818332

Catalyst dose = 0.00717813
Adaboost

Light intensity = 0.04843316

Treatment time = 0.85620540

Concentration of MB=  0.1069742

Catalyst dose = 0.01335607
Bagging

Light intensity = (0.0463456

Treatment time = 0.83332413

Concentration of MB=  0.11675095

Catalyst dose = 0.01765872
CatBoost

Light intensity = 0.05549262

Treatment time = (0.81009770

Concentration of MB = 0.10496018

Catalyst dose = 0.00859749
Decision Tree
Light intensity = 0.05565690
Treatment time = 0.83078543
Concentration of MB = 0.11053477
Catalyst dose = 0.01261744
ExtraTree
Light intensity = 0.04742181
Treatment time = 0.82942598
Concentration of MB = 0.11748337
GradientBoosting

Catalyst dose = 0.01692274
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Light intensity = 0.05443650
Treatment time = 0.81115740
Concentration of MB=  0.11570924
Catalyst dose = 0.01699747
HistGradientBoosting
Light intensity = 0.05559588
Treatment time = (0.81169741
Concentration of MB = 0.11647660
Catalyst dose = 0.01618828
LightBoost
Light intensity = 0.05387521
Treatment time = (0.81345991
Concentration of MB = 0.10700593
Catalyst dose = 0.01344855
Random Forest
Light intensity = 0.04609796
Treatment time = (0.83344756
Concentration of MB=  0.11665398
Catalyst dose = 0.01657912
XGBoost
Light intensity = 0.05383390
Treatment time = 0.81293299
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Table 4.6. Hyper-parameters” optimal values

Adaboost (learning_rate', 0.9878561226091978), (‘'n_estimators', 200)

Bagging (max_features', 1.0), ('max_samples', 1.0), ('n_estimators’,
126)

CatBoost (bagging temperature’, 0.0), (‘depth’, 3), (iterations', 200),

(12_leaf_reg', 0.1), (learning_rate', 0.09457463282239957),
(random_strength', 0.1)

Decision Tree

(ccp_alpha’, 1e-06), ('max_depth’, 16), (‘max_features’,
1.0), (‘max_leaf_nodes', 100), (‘'min_samples_leaf', 1),

(‘min_samples_split', 2), (min_weight_fraction_leaf’, 0.0)

ExtraTree

(max_depth', 15), (‘'max_features', 0.8814683886261658),
(min_samples_leaf', 1), ('min_samples_split', 2),

(‘'m_estimators', 140)

GradientBoosting

(learning_rate', 0.08474802210335118), (‘'max_depth’, 3),
(max_features', 1.0), (‘min_samples_leaf’, 1),
(‘min_samples_split', 20), (‘'n_estimators', 200),
('subsample’, 0.5)

HistGradientBoosting

(12_regularization', 0.1), (learning_rate’,
0.29999999999999993), ('max_bins', 50), (max_depth', 3),
(‘max_iter', 92), (‘'max_leaf_nodes', 20),

(‘min_samples_leaf’, 10)

LightBoost

(‘colsample_bytree', 0.8303967118108533), (learning_rate’,
0.29999999999999993), ('max_depth’, 3),
(‘min_child_samples’, 3), (n_estimators', 79),
(num_leaves', 281), (‘'subsample’, 1.0)])

Random forest

max_depth', 9), ('max_features', 0.7576556648677808),
(min_samples_leaf', 1), ('min_samples_split', 2),
(‘'n_estimators', 200)

XGBoost

(‘colsample_bytree', 0.8259641168870455), (learning_rate',
0.06981634148413023), ('max_depth’, 3),
(min_child_weight’, 1), ('n_estimators', 200), ('subsample’,
0.5)
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The scattered plots in Figure 4.10 compare the performance of ten different ML
models and predict their dye degradation efficiencies. Each plot displays the
training and test data points where the pink points represent the training data,
and the blue points represent the test data. Ideally, the points should align closely
with the diagonal line, representing a perfect correlation between the predicted
and experimental values, indicating the model's accuracy. Among the models,
CatBoost  (Figure  4.10(c)), Gradient  Boosting  (Figure  4.10(f)),
HistGradientBoosting (Figure 4.10(g)), Light GBM (Figure 4.10(h)) and XGBoost
(Figure 4.10(j)) demonstrate the closest alignment to the diagonal line,
showcasing their superior predictive performance with minimal deviation for
training and testing data points. The strong correlation shown in these models
indicates their resilience and excellent capacity to forecast the efficiency of MB
degradation. Notably, the Bagging, Decision Tree, Extra Trees and Random
Forest ML models (as shown in Figures 4.10(b), (d), (e), and (i), respectively)
displayed a wider distribution around the diagonal line, especially in the testing
dataset. These ML models suggested that the four models demonstrated
relatively low predictive accuracy and that they might encounter overfitting
problems during the training phase. The scatter plots for the AdaBoost model
(Figure 4.10(a)) exhibit a moderate level of performance, characterized by a more
compact clustering around the diagonal line compared to the weaker models,
albeit not as close as the top-performing models. This model offers predictions
with a moderate level of variation, suggesting a balanced performance across the
datasets. The scatter plots provide a visual comparison of the predictive
capability of each model, emphasizing the strengths of ensemble-based
approaches such as CatBoost, HGB, GB, LightGBM and XGBoost in modeling

complex nonlinear interactions such as MB dye deterioration.
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Figure 4.10 The scatter plot illustrates the correlation of experimental and
predicted MB dye degradation efficacy as evaluated by the (a) AB, (b) Bagging,
(c) CB, (d) DT, (e) ET, (f) GB, (g) HGB, (h) LGB, (i) RF and (j) XGBoost models.
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To further interpret the assessment and analysis of the predicted results obtained
from the models developed, a residual plot was designed and presented in Figure
4.11. The data points were sorted in an ascending magnitude order in the x-axis
and then filtered using Bayesian methods. Residuals are close to the zero-line,
indicating that the model is also reliable and follows a normal distribution [244].
In this light, the residual divergence of the AdaBoost, Bagging, Decision Tree,
and Random Forest are very high, especially within higher percentage
predictions for MB dye degradation. The residual plots show a big spread in the
variance between the experimental and predicted values. The y-axis ranges from
-15 to +15, with some values gathering above and below zero. Higher residue
ranges indicate that the models give high residue errors that demonstrate poor
model accuracy in predicting the degradation of MB for larger actual degradation
data. Hence, predictions made by the models are less accurate. This could also
mean problems with model generalization, particularly for the more extreme
values within the dataset, which is evidenced by the presence of an unsmooth

residual distribution.

For the residuals plot, the y-axis of the HGB model shows a range of -8 to +8. This
indicates a larger degree of accuracy and practically no margin of error in the
model's predictions. Residuals are evenly distributed along the expected range
of MB degradation, suggesting that this model has the ability to make consistent
predictions of dye degradation without any significant bias or variance. The even
distribution of residuals indicates that this model can handle the intricacies of
this dataset and can thus be very reliable for real-world applications. Among the
models, a special mention goes to the compact clustering around zero of CB
(Figure 4.11(c)), GB (f), LightGBM (h), and XGBoost (j), showing a slightly wider
distribution (-10 to +10) compared to HGB (g). The plot exhibit a uniform
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Figure 4.11 The residual plot illustrates the correlation of experimental and
predicted MB dye degradation efficacy as evaluated by the (a) AB, (b) Bagging,
(c) CB, (d) DT, (e) ET, (f) GB, (g) HGB, (h) LGB, (i) RF and (j) XGBoost models.
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distribution, suggesting that these models provide robust prediction capabilities

with only a few exceptional cases.

These outliers may arise due to the models' susceptibility to certain data points
or fluctuations in the dataset. Nevertheless, these occurrences are infrequent,
indicating that the models are typically dependable but might be improved
through more fine-tuning or changed to enhance their prediction precision. The
ET model, depicted in Figure 4.11e, has residuals that are closely grouped around
the zero line, particularly for the training dataset, similar to the HGB model, but
gives more scatter data points for testing. This arrangement between these factors
demonstrates highly accurate forecasting ability with little systematic and
random errors, even when considering various levels of MB degradation for
testing prediction. The minimal spread of errors indicates the model's ability to
extrapolate from the training data to the testing data, rendering them highly

suitable for precise and dependable predictions.

The evaluation of ten studied machine learning models was assessed through
five common statistical metrics such as R?2, MSE, RMSE, MAE, and MedAE, to
investigate further their accuracy, robustness, and overall predictive capability
for predicting photocatalytic degradation. The coefficient of determination (R?)
describes quantitatively how well the model explains the variance in the
degradation efficiency of input variables alone. A higher R? means the model
captures the most vital factors determining photocatalytic performance. The R?
values of nearly 1 reflect a strong relationship between experimental and
prediction values, reflecting an accurate model fit. The near-perfect R? scores
observed in the training dataset are indicative of excellent fine-tuning of
hyperparameters [42, 43]. The Mean Squared Error (MSE) and the Root Mean
Squared Error (RMSE) calculate the average squared and square-rooted
deviations between predictions and actual values, respectively [42]. While MSE

focuses more on large deviations due to its quadratic term, RMSE yields an
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interpretable error metric in the same units as the target variable, and hence offers

ease of interpretation with regards to the accuracy of the prediction [43, 245].

Table 4.7. Performance matrices of studied ML models

Model R? MSE RMSE MAE MedAE

AdaBoost Training  0.9758 24.988 4.998 4.006 4.0

Testing 0.9351 42.907 6.550 5.691 6.519

Bagging Training  0.9976 2.445 1.563 1.062 0.698

Testing 0.9686 20.740 4.554 3.375 2.293

CatBoost Training  0.9987 1.251 1.118 0.866 0.729

Testing 0.9910 5.915 2.432 1.901 1.430

Decision Tree Training  0.9973 2.782 1.668 1.008 0.500

Testing 0.9650 23.119 4.808 3.465 2.500

Extra Trees Training  0.9998 0.110 0.332 0.194 0.066

Testing 0.9728 17.939 4.235 3.055 2.050

Gradient Training  0.9997 0.281 0.530 0.411 0.311
Boosting

Testing 0.9911 5.865 2.420 1.708 0.980

HistGradient Training  0.9998 0.206 0.454 0.354 0.292
Boosting

Testing 0.9915 5.592 2.365 1.781 1.473

LightGBM Training  0.9998 0.131 0.732 0.274 0.230

Testing 0.9900 6.566 2.696 1.917 1.660

Random Forest = Training 0.9977 2.378 1.542 1.047 0.650

Testing 0.9682 20.983 4.581 3.378 2.230

XGBoost Training  0.9986 1.356 1.164 0.868 0.668

Testing 0.9800 6.591 2.567 1.835 1.261

Mean Absolute Error (MAE) provides a simple estimate of the average prediction

error that does not give heavy penalties to outliers and hence gives an overall
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view of model accuracy over typical cases. On the other hand, Median Absolute
Error (MedAE) is the median of absolute errors, which is useful when there are
outliers or anomalous conditions of degradation since it identifies the typical
error of the prediction. Low values of MSE, MAE, and MedAE reflect better
performance in that model, with minimum deviation of the model's predictions
from the actual data points. Similarly, a lower RMSE means that the predictions
are more accurate [42, 246]. Collectively, these metrics allow an overall model
performance evaluation, thereby supporting the selection of models that give not
only sufficient accuracy in predicting photocatalytic degradation but also
robustness in response to changes in experimental conditions. These metrics also
provide significant information about the ability of each model to accurately fit
the training data and generate predictions on unknown data. The comprehensive

findings are included in Table 4.7, and the radar plot in Figure 4.12.

The HGB model performed outstandingly well on both the training and testing
data. In this model, the R? for the training set was very high at 0.9998, and the
error metrics were all the lowest compared to all the metrics: MSE of 0.206, RMSE
of 0.454, MAE of 0.354, and MedAE of 0.292. These metrics show a robust fitting
result for the training data. During the testing phase, the model consistently
achieved a good R? value of 0.9915 while exhibiting rather low error metrics: 5.592
for MSE, 2.365 for RMSE, 1.781 for MAE, and 1.473 for MedAE. So, the HGB

model could achieve a substantial balance between high precision and efficient

generalization to unseen data. The performances of Gradient Boosting (GB) and

CatBoost (CB) models exhibited good performance, with high values of R? and
showing a relatively small difference in other metrics. For example, the GB model
has a training set R? value of 0.9997 and a testing set R? value of 0.9911, along
with low values of MSE, RMSE, MAE, and MedAE (Table 4.7). Similarly, the CB
provides an R? of 0.9987 on the training set and 0.9910 on the testing set. Both

models have demonstrated excellent accuracy during training, while their results
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on the testing set are excellent but slightly higher error matrices than the HGB
model. Therefore, the performance of these models is comparatively lower for
the prediction of MB. Extra Trees achieves an R? of 0.9998 on the training set but
faces a significant drop in performance on the test set, with a mere R? value of
0.9728. LightGBM and XGBoost attained an outstanding performance in training
efficiency. Similarly, XGBoost demonstrated strong performance, as evidenced
by an R? value of 0.9986 in training and 0.9800 in the testing phase. However,
both of these models exhibited comparatively higher evaluation metrics errors
than the HGB, CB and GB models. In Random Forest, R? drops from 0.9976
during training to 0.9686 during testing. Accompanied by high testing error
values: MSE of 20.983, RMSE of 4.581, MAE of 3.378, and a MedAE of 2.230.
Decision Tree faced a drastic drop in R? values from 0.9973 during training to
0.9650 during testing. Although it performs well, other slightly larger metrics on
the testing data (Table 4.7) suggest that the model might overfit, especially with

simpler, unoptimized tree structures.

Among the diverse ensemble and boosting models, both AdaBoost and Bagging
showed moderate performances. For example, the AdaBoost attained a
respectable R? value both on the training data at 0.9760 and on the test set at
0.9317; hence, it can explain a great deal of variance in dye degradation.
However, its relatively high RMSE values, which were 4.991 for training and
6.719 for testing, indicate problems in dealing with complex interactions within
the data. Therefore, it may lead to overfitting with respect to robust models, such
as HistGradientBoosting or CatBoost model. The Bagging ensemble exhibited
slightly better predictive stability with R? scores of 0.9976 for the training and
0.9686 for testing. Additionally, it recorded a lower RMSE values: 1.563 for
training and 4.554 for testing, showing better balancing between accuracy and
generalization. Though this Bagging model performs better in generalizability

and lower prediction error variance, it still falls short of the top execution models,
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considering that CatBoost and HistGradientBoosting produced higher R? scores
with less than the other four metrics. These observations indicate that while
AdaBoost and Bagging perform well, they tend to lose some precision and
robustness in fully modeling the complexity of photocatalytic dye degradation

compared to the advanced ensemble methods.

The radar plot presents a comprehensive visualization of a model's performance
for photocatalytic dye degradation. The purple and brown-shaded areas
represent the training and testing metrics, respectively. The compact purple area
indicates the lower values of error metrics such as R? score, MSE, RMSE, MAE,
and MedAE, reflecting that the model achieves high accuracy and minimal
prediction errors on training data, as shown in Figure 4.12. In contrast, the
broader brown area for the testing data represents higher values of the given
error metrics, suggesting larger prediction errors and lower accuracy when the
studied model is applied to new, unseen data [42, 43]. The difference between the
training and testing metrics indicates possible overfitting where the model excels
on the training set but generalizes poorly on the testing set. Thus, the radar plot
depicts the limitation of the model in the prediction of unseen data and ascertains
further tuning or regularization to improve generalisation and reduce the

performance differences between training and testing.

In the radar plot analysis of training datasets, distinguished models such as
CatBoost (Figure 4.12(c)), Gradient Boosting (Figure 4.12(f)), and HGB (Figure
4.12(g)) presented great areas in the upper-performance region. These models
displayed high training values of R?, indicating a very good fit with the data on
which the models were trained, whereas each model gives relatively low error
metrics: MSE, RMSE, MAE, and MedAE. The distribution values of these metrics
are located across large and well-concentrated areas in the radar plots, which can
better interpret training data (purple-shaded area) into models with less error,

but test datasets (brown-shaded area) reveal variations in the generalization
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capabilities of the models. Among them, the HGB model (Figure 4.12(g))
surpasses the other models because it retains a significant portion of its optimal
performance area, reflecting its robustness and good generalization to unseen
data. The matrices of the testing set represent a relatively large region of the radar
plot, and the model's high R? as well as the low error of metrics (MSE = 0.21,
RMSE =0.45, MAE =0.35, and MedAE =0.29), reveal uniqueness in generalization
of the HGB model. Conversely, some models like AdaBoost (Figure 4.12(a)),
Bagging (Figure 4.12(b)), Decision Tree (Figure 4.12(d)), Extra Trees (Figure
4.12(e)), and Random Forest (Figure 4.12(i)) show more significant gaps between
the performances of training versus testing. It points out that performance
decreases, which means these models are susceptible to overfitting despite the
successful training metrics. AdaBoost exhibits a much larger area on the testing
plot for their respective metrics (MSE = 42.91, RMSE = 6.55, MAE = 5.69, and
MedAE = 6.52) and a much smaller area on the training plot (MSE = 24.99, RMSE
=5.00, MAE =4.01, and MedAE = 4.0), indicating potential overfitting. Similarly,
Bagging, DT, ET and RF also demonstrate significant performance drop in the
testing set, with radar plots showing smaller areas in the optimal range and larger
areas indicating poorer performance. These discrepancies are reflected in
increased error metrics and reduced values of R?, highlighting the challenges
models face, from training data to unseen data. The sensitive variations in
predictive capabilities stem from several factors, including data characteristics,
the diversity of photocatalyst, the nature of contaminant, the input variables, and
the algorithms employed. Despite these variations, the favorable R? values across
all ten studied models indicate a high level of accuracy and a reliable correlation
between experimental and predicted data. This indicates that these models are

well for predicting MB dye degradation by photocatalysts in aqueous media.
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Figure 4.12 The radar plot on training and testing data (a) AB, (b) Bagging, (c)
CB, (d) DT, (e) ET, (f) GB, (g) HGB, (h) LGB, (i) RF and (j) XGBoost models.
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4.5 Normalized Importance of Variables

Several factors influence the degradation of methylene blue on the photocatalyst,
and the significance of these factors varies. Figure 4.13 presents a comprehensive
relationship between input features and the efficiency of MB dye degradation.
The Figure illustrates the various normalized importance that affects the MB
degradation efficiency. It showed that the treatment time was a pivotal factor in
all models (> 0.80). The concentration of MB dye in the photocatalytic process is
identified as the second most critical factor across all models, exhibiting a
normalized importance over 0.10. It's worth noting that the consideration of the
contaminant concentration was vital across the 189 datasets of the photocatalytic
process. This indicates that a higher concentration of dye materials necessitates
greater doses of photocatalyst. The dye degradation performance is also affected
by light intensity, which can influence the efficiency of MB dye degradation and
alter the surface charge density of the photocatalyst. This was the third key
feature of this study [247, 248]. The physical properties of photocatalysts have a
substantial impact on dye degradation, aligning with the traditional concept of
dye breakdown. Assessing the significance of various input parameters can
provide insights into understanding the mechanisms involved in dye
degradation and inform potential improvements in the photocatalytic process in
the future. Table 4.5 outlines the feature importance of each variable in the
studied model and their influence on the photocatalytic dye degradation process.
Thoughtful decisions were made when optimizing the machine learning model
for specific tasks, striking a balance between the network's complexity and

regularization in order to maximize its learning performance.
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Figure 4.13 The Feature importance analysis for the input and output parameters
for MB dye degradation efficiency as evaluated by (a) AB, (b)Bagging, (c) CB, (d)
DT, (e) ET, (f) GB, (g) HGB, (h) LGB, (i) RF and (j) XGBoost model.

Chapter 4: RESULTS AND DISCUSSION 101



4.6 Best Model and Its Validation

Model robustness is defined as the ability of a model to maintain consistent
performance when faced with new data rather than test data. It is crucial to show
the stable performance of an effective model. An assessment was conducted to
ascertain the accuracy of predictions through a robustness study. Three sets of
modified testing datasets were generated by introducing different levels of
Gaussian white noise into the original test datasets [249]. The robustness of the
HGB model clearly exhibited its constant performance across a range of Gaussian
white noise levels Table 4.8. Although noise levels were between 60% and 80%,
the model achieved impressive R? scores, demonstrating a strong relationship
between experimental and predicted values. It was able to retain an R? value of
>0.9902 at three noise levels from 60% to 80%, while keeping the very same MSE
of 6.3168, RMSE of 2.5133, MAE of 1.9721, and MedAE of 1.3734 at 60% noise as
proof of its resilience in maintaining high accuracy against extreme perturbation
in the data. At 80% noise, the model performance interestingly bit reduced and
fewer error metrics of MSE: 6.5610, RMSE: 2.5614, MAE: 1.9990, MedAE:1.4753,
which is indicative that the model is not just robust but can adapt to a certain
noise level. These findings underpin the robustness of the HGB model when it
comes to making reliable predictions in noisy data with position and pose the
model as a forceful candidate in real-world deployment, where the data quality

may vary.
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Table 4.8. Model robustness test by introducing Gaussian white noise.

Percentage of Noise R? Score MedAE MSE MAE RMSE
60% 0.9903 1.3734 6.3168 1.9721  2.5133
70% 0.9905 1.5397 6.2048 1.9205  2.4909
80% 0.9902 1.4753 6.5610 1.9990  2.5614

SHapley Additive exPlanations (SHAP) analysis offers a robust and precise
measure for assessing the feature importance by attributing the variation in the
model output to specific features. This approach provides a comprehensive
analysis of the ways in which each feature contributes to the predictions derived
from cooperative game theory. It enables the visualization and understanding of
how individual features influence the model's predictions, fostering
transparency and confidence in its functioning. Figure 14a shows the plot of the
importance of the studied best HGB model globally for the features in predicting
MB dye degradation efficiency. The treatment time, with the importance score of
+22.26, was the most affecting variable, followed by concentration of MB with
+6.08, light intensity with +3.72, while catalysts doses had minor effects with
+2.82. This plot shows the most informative features about the decisions that are
coming out of the model. The SHAP summary plot presented in Figure 4.14(b)
confirms this research observation by showing each feature and how it has
influenced the HGB model output. The SHAP values indicate that the treatment
time, concentration of MB, light intensity and doses of photocatalyst have a
significant impact on the model’s predictions. This confirms the importance of

feature ranking illustrated in Figure 4.14.

The evaluation metrics of the studied ML models is illustrated in Table 4.7.
Among these, the HGB model with optimized Bayesian techniques exhibited

superior efficacy to predict methylene blue. The HGB model identified an
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optimal predicted value (Table 4.9) for experimental validation, forecasting a
maximum MB dye degradation efficiency of 98.99% under the following
conditions: an initial MB concentration of 10 mg/L, a catalyst dose of 200 mg/L, a
light intensity of 150 mW/cm?, and a treatment time of 88.6 minutes.
Experimental results yielded approximately the same degradation efficiency of
98.50% under the same conditions. The final model metrics, including an R? score
of 0.9915, MedAE of 1.171, MSE of 5.634, MAE of 1.735, and RMSE of 2.374
suggest that the Bayesian-optimized model efficiently predicts MB dye

degradation.

(a)
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Figure 4.14 (a) Global feature importance assessed through SHAP values, (b)
The summary plot (beeswarm plot) illustrates the distribution of feature

impacts on HGB model.

Chapter 4: RESULTS AND DISCUSSION 104



Table 4.9. Optimized parameters for the HGB model

Initial Conc. Catalyst Light Treatment Predicted MB  Experimental
of MB dose intensity time degradation MB degradation
(mg/L) (mg/L) (mW/cm?) (min) efficiency (%) efficiency

min
(%)
10 200 150 88.6 98.99 98.50

4.7 Comparision for the Prediction dye Degradation

The validation of the studied ML was conducted using data sources from a range
of existing literature that examines the prediction of chemical contaminants,
especially pharmaceutical compounds and dye material degradation
performance in different water metrices. The removal efficiency of dye
contaminants by various nanomaterials and/or catalysts, and the predictive
capabilities of diverse ML approaches is detailed in Table 4.10. This research
encompasses 189 data sets along with four input features; however, the dataset
analyzed is comparatively higher for some experimental data [250-252] but lower
than some reported data [253-255]. The inclusion of numerous variables is
generally unfavourable, as it tends to increase both computational time and data
collection expenses. The superior R? value evident in the current study, when
compared to previous research [250-254], can be attributed to various factors. In
the context of performance metrics, an R? value of 0.8 is indicative of strong
regression model performance [245]. Considering that some sources do not
provide values for all the required variables, the incompleteness of the data input
significantly lowers the accuracy of the prediction. Thus, the predictive power of
this model can be further improved. Table 4.10 presents a comparison between
the results obtained in the current study and those reported in earlier published
studies regarding the catalytic degradation of organic dye pollutants. It was
observed from the results that the HGB model developed in this work

outperforms most of the previously published models, with higher R and lower
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MAE, MSE, RMSE, MedAE values. Therefore, the HGB model developed from

this research enjoys much better predictive performance and is closer to real-

world applications.

Table 4.10. Removal of various chemical contaminants and their prediction

using different machine learning models.

Chapter 4: RESULTS AND DISCUSSION

Contaminants | ML algorithms Best Number | Number | R? Ref.
and model of data | of input
photocatalyst points | features
Ethyl violet by | RSM, ANN-GA ANN- 30 4 0.9940 | [251]
Mn-doped Fe | and ANN-PSO GA
-modified
reduced
graphene
oxide
Methylene CGCNN-MF- | CGCNN- 50 7 0.746 | [256]
blue and ANN ME-
rhodamine B ANN
by six metal
oxide (Zn0O,
SnO, Fex0s,
TiO2, WO;,
and $-MnQO»)
Eriochrome | RSM, ANFISand | ANFIS 234 4 0.9920 | [253]
black-T- ANN
modified clay
Methylene RSM and ANN- ANN- 17 3 0.998 | [252]
blue by PSO PSO
graphene
oxide/chitosan
composites
Malachite Bagging, CB, DT, CB 1200 10 0.999 | [254]
green by noble ET, GB, HGB,
metal-doped LGBM,
BiFeOs (NM- | GaussianProcess,
BiFeOs) ANN and
LightLSTM
106




Malachite
green by noble
metal-doped
BiFeOs (NM-
BiFeO:s)

Gaussian process
regression (GPR)

Matern-
GPR

1200

10

1.00

[257]

Methyl orange
and crystal
violet by
MgFeAl-
layered triple
hydroxide

DT, RE, ET

ET

40

0.9970

[250]

Rhodamine B
by
neodymium-
doped
titanium
dioxide (Nd-
TiOz)

ANN

ANN

308

0.99

[255]

Methylene
blue by

CuWO4@TiO2
photocatalyst

AB, Bagging, CB,
DT, ET, GB,
HGB, LGBM, RF
and XGB

HGB

189

0.9915

This
study

4.8 Degradation of MB by CuW04@TiO:2 NCs Using Photocatalysis Process

The extensive utilization of heterogeneous catalysis processes for the degradation

of dyes has garnered significant interest due to their exceptional efficiency. The

CuWO.4@TiO2 nanocomposite serve as a solid-phase catalyst in the Photocatalysis

processe, thereby producing various ROS, that degrades the dyes present in

aqueous solution. To know photocatalytic performance on the degradation of MB

dyes was investigated for the reaction conditions (10 mg/L of MB, 150 mW/cm?

light intensity, 200 mg/L of CuWO4@TiO:2 nanocomposite, reaction time 90

minutes) by changing the photocatalysis process.
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4.8.1 Degradation of Methylene Blue by Photocatalysis Process

Recent advancements in semiconductor and composite photocatalysts have
focused on their ability to degrade ecologically hazardous organic dyes under
solar irradiation. The photocatalytic performance of TiO,, CuWO, and
CuWO,@TiO, nanocomposites (NCs) was systematically evaluated for
methylene blue (MB) dye removal under solar-simulated light (A = 665 nm), as
illustrated in Figure 4.15.

Prior to irradiation, all dye-catalyst mixtures were kept in the dark for 15 minutes
to ensure adsorption—desorption equilibrium. As seen in Fig. 4.15(a), the UV-Vis
absorption spectra of MB in the presence of CuWO,@TiO, show a continuous
decrease in intensity at the characteristic peak near 664 nm over 90 minutes,
indicating efficient degradation. The initially deep blue color of the MB solution
progressively faded and became almost colorless, visually confirming the
breakdown of dye molecules.Comparative studies (Fig. 4.15 b-d) revealed that
both CuWO; and TiO, demonstrated relatively lower degradation efficiencies
under identical conditions. While CuWO, showed moderate activity, TiO, was
the least effective —attributable to its limited visible-light absorption and faster
electron-hole recombination. Control experiments in the absence of
photocatalysts showed negligible changes, confirming the stability of MB under
solar irradiation alone.The degradation kinetics (Fig. 4.15e) further validated the
superior photocatalytic activity of CuiWO,@TiO,. After 90 minutes of irradiation,
CuWO,@TiO, achieved ~100% MB degradation, compared to ~80% for CuWO,
and ~75% for TiO,. The blank control showed no significant degradation,
reinforcing the essential role of photocatalysts.This enhanced performance of
CuWO,@TiO, nanocomposites is attributed to the formation of an effective
heterojunction, which facilitates improved charge carrier separation and reduces
recombination. Additionally, the broader light absorption capability due to the
CuWO, core allows better harvesting of the solar spectrum. In conclusion,

CuWO,@TiO, nanocomposites exhibit the most efficient photocatalytic
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performance among the tested materials, making them a strong candidate for

environmentally friendly wastewater treatment applications under solar

illumination.
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Figure 4.15 Photocatalytic MB dye degradation by CuWO1@TiOz, (b) CuWOs,
(c) CuWO.4@TiOs, (d) TiO2 MB dye under solar simulated light by photocatalysis
process at the following reaction conditions: 10 mg/L of MB, 150 mW/cm? light

intensity, 200 mg/L of CuWO4@TiO: photocatalyst, reaction time 90 minutes.
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4.8.2 Kinetics of Photocatalytic MB Dye Degradation Reaction
For a better understanding of the efficient degradation of the prepared catalyst,
the 1t order reaction through a Langmuir-Hinshelwood (LH) rule was used to

measure the degradation of dyes is expressed in the following equation [258].
In (Co/C) =kt (4.1)

where k is the first-order rate constant, Co and C are the initial and residual
concentrations of MB, respectively, after irradiation time t (min). The pseudo-
first-order kinetics modelling of the CuWOs, TiO2 and CuWO.@TiO:2 were shown

in Figure 4.16.

Table 4.11. Kinetic data for the degradation rate of MB

Photocatalysts Rate constant Correlation coefficient
CuWOs@TiO2 0.03018 0.9914
CuWOs 0.01966 0.9754
TiO2 0.0167 0.9159

All samples show a high determination coefficient value (R?) indicating a good fit
with the model. Moreover, the slope of the linear fit, which is define as the
photocatalytic degradation rate were also calculated and the value were given in
Table 4.11. It shows that CuWOs combine with TiO: increase the photocatalytic

degradation towards MB dyes.
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Figure 4.16 Kinetics of photocatalytic MB dye degradation reaction

4.9 Reactive Species Analysis of CuWO1@TiO2NCs

To identify the dominant ROS in MB degradation, sodium azide (SA), potassium
dichromate (K:Cr:07), superoxide dismutase (SOD), triethanolamine (TEOA),
and isopropanol (IPA) were employed as radical scavengers for singlet oxygen (
102), electrons (e”), superoxide radicals (O2%), holes (h*), and hydroxyl radicals
(HO?), respectively [259, 260]. Each radical scavenger was dosed separately prior
to catalyst addition, quenching its corresponding radical prior to reaction with
the contaminants. The results of the scavenger tests, shown in Figure. 4.17(a) and
4.17(b) indicate that the addition of scavengers has been shown to reduce the
efficiency of degradation by 89 %, 86 %, 78 %, 76 % and 88 % for TEOA, SA, IPA,
SOD, and K:Cr:0y), respectively. The data indicate that hydroxyl radicals,
superoxide radicals, electrons, and holes played a pivotal role in the
photodegradation process. The order of the active species in the
photodegradation tests of MB dye with CuWO4@TiOzis as follows: superoxide
radicals are at the top, followed by HO* radicals, electrons, singlet oxygen, and
holes. When isopropanol and superoxide dismutase were added, the MB dye

photodegradation process became less effective. The rates of degradation and
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rate constants show that HO* and O:* radicals played a big role in slowing down

the reduction and oxidation processes in the photocatalytic reaction.
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Figure 4.17 MB degradation by CuWO.@TiO: with different scavengers
4.10 Proposed Reaction Mechanism

In the presence of a CuWWO,/TiO; heterojunction, the photocatalytic degradation
rate of methylene blue (MB) is significantly enhanced under visible light
irradiation. This improvement can be attributed to efficient charge separation
and reactive oxygen species (ROS) formation due to the mechanism. The
photogenerated charge carriers possess strong redox abilities but generally do
not react directly with the organic dyes. Instead, they generate active species such
as HO*® and O:* radicals through the reaction of H2O or Oz by charge transfer and
absorption. It is well learned that holes (h*), HO* and O:* radicals are regarded
as the reactive species of photocatalytic degradation of organic pollutants [261].
When the CuWO,/TiO; heterojunction is irradiated by visible light with energy
greater than or equal to its bandgap energy (hv > Eg), electron-hole pairs are
generated in both semiconductors [262]. The electrons in the valence bands (VB)
of both CuWOy and TiO, absorb energy and are excited to their respective
conduction bands (CB), leaving holes in the valence bands. The conduction band
of CuWWQy is lower than that of TiO,, so the photoexcited electrons in the CB of

TiO; are transferred to the CB of CuWOy. Concurrently, the holes in the VB of
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CuWO, are transferred to the VB of TiO,, creating a spatial charge separation that
minimizes electron-hole recombination, thereby enhancing the photocatalytic
degradation of MB using the CuWO,/TiO, heterojunction [263]. The holes in the
VB of TiO, can quickly react with adsorbed H.O or OH" to produce HO". radicals.
These HO* along with O,* produced by the reduction of O, by electrons in the CB
of CuWQ,, are the primary ROS responsible for the photodegradation of MB
[261]. Electrons from the conduction region of TiO, recombine with holes in the
valence region of CuWO,, while the remaining high-energy electrons in CuWO,

and holes in TiO, participate in redox reactions with water and oxygen [263].

The photodegradation mechanism of MB over CuWO4@TiO, heterojunctions is
proposed based on the interaction of the two semiconductors under visible light
irradiation. The photocatalytic activity mainly arises from effectively separating
photoinduced electrons and holes in the heterojunction [264]. When both CuWW O,
and TiO, are exposed to visible light, the electrons in their VB are excited to their
respective CB, leaving holes in the valence band. The energy alignment between
the two semiconductors helps separate charges, which is essential for
degradation. The conduction band of CuWWOy, is at a lower energy level compared
to that of TiO, [220]. As a result, the photogenerated electrons in the conduction
band of TiO, migrate the conduction region of CuWO,. Simultaneously, the holes
in the valence region of CuWO, are moved the valence band of TiO, [265]. This
charge migration enhances charge separation efficiency and minimizes the
recombination of electrons and holes, a critical factor in improving the
heterojunction system's photocatalytic activity. The holes in the valence band of
TiO, possess strong oxidative potential. They can react with adsorbed H,O or
OH- ion to produce HO*, which are highly reactive species in the degradation
process [266]. The electrons in the conduction band of CuWO, can
simultaneously reduce O, to produce O,*~ anions. These ROS such as HO*® and

O,*~ are the primary agents that cause the oxidative degradation of MB.
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The following set of reactions can describe the overall photocatalytic process:

CuWOu@TiOx+ hv — CuWOu(egg) + TiO2(hip)

ecp (TiO2) — egg (CUWOX)

hig( CuWOs) — hi5(TiO2)

hig(TiO2) + H20 — H~+ HO®

ecg( CUWOs) + Oz — 03

HO*® + MB — Degraded Products

03 + MB — Degraded Products

4.11 Stability and Reusability Test of CuiWO:@TiO2 NCs

The catalyst's stability under solar light irradiation is critical to implementing the
photocatalysis technique in real time. Figure 4.18 shows the regeneration analysis
under natural solar light irradiation with MB dye degradation over CuiWO4@TiO:
NCs. According to the regeneration cycle data, CuWO.@TiO:2 NCs can
decompose MB and sustain a relatively high level. We conducted six sequential
tests under the same conditions to study photocatalyst reuse. We recovered the
materials by filtering, ethanol washing, and drying after each degrading cycle
and then utilized them in the subsequent cycle. As seen in (Figure. 4.18), the
regenerated catalyst's performance after five consecutive cycles is still
outstanding for the photocatalytic degradation of MB. CuWO:4@TiO2 NCs shows
the maximum degradation efficiency for the first cycle was observed (99.99%),
whereas an efficiency decrease was obtained for the third (96%) and fifth (92%)
cycles in 90 min. After the sixth cycle, CuWO4@TiO: ability to break down MB

photocatalytically decreased by 10%. This shows that the catalyst is stable during
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the continuous cycle of MB photodegradation, which suggests that it could be

used as a stable photocatalyst for polluting dye for a long time.

100
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Figure 4.18 Stability and reusability test of CuWOs@TiO2 nanocomposites
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Chapter 5: CONCLUSION & RECOMMENDATION

5.1 General Conclusion

The CuWO,@TiO, nanocomposite was synthesized using a hydrothermal
method to enhance photocatalytic degradation of methylene blue (MB) under
visible light. Characterization revealed a low bandgap of 0.491 eV for the
Ti/Cu@CuWO, configuration, which contributes to improved charge separation
and photocatalytic efficiency. The degradation process followed a pseudo-first-

order model, exhibiting a rate constant of 0.030 min™'.

Machine learning models, particularly HistGradientBoosting, demonstrated high
predictive accuracy, achieving R? values of 0.9998 for the training set and 0.9915
for the test set in forecasting degradation efficiency. The CuWO.@TiO,
nanocomposite outperformed both pure CuWO, and TiO,, attributed to
enhanced charge separation, and showed excellent reusability, making it a

promising candidate for sustainable wastewater treatment.

This research advances the development of efficient photocatalytic materials and
serves as a foundation for future studies aimed at applying these findings to real-

world wastewater scenarios.
5.2 Key Findings

CuWO,4@TiO, nanocomposite exhibited significantly higher photocatalytic
activity than pure CuWO; and TiO..

DFT analysis revealed improved electronic structure, charge transfer, and strong
interaction between CuWO, and TiO,, further supporting the enhanced
photocatalytic performance

Methylene blue degradation reached up to 98.50% under optimized condition
included 200 mg/L photocatalyst, 154 mW/cm? light intensity, 88 min reaction

time, and 10 mg/L. MB concentration.
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Machine learning models predicted degradation efficiency with high accuracy,
with HistGradientBoosting achieving R? = 0.9915.

O;* and OH* were identified as the dominant reactive species in MB degradation.
Six cycles of reuse demonstrated the stability and reusability of the CuWO,@TiO,
nanocomposite for wastewater treatment.

The integrated photocatalysis, machine learning, and computational DFT

approach presents a promising, scalable solution for environmental remediation.
5.3 Limitation of the Study

The limitation of the study is that it was carried out only on a lab-scale base

experiment.
5.4 Recommendation for Further Study

Given the growing concerns over water pollution, further research should focus
on the practical application of CuWO,@TiO, nanocomposites in real wastewater
treatment to evaluate their effectiveness beyond controlled laboratory conditions.
Expanding the scope of degradation to include a wider range of organic
pollutants, industrial dyes, would provide a more comprehensive understanding
of the catalyst’s potential. Additionally, investigating the long-term stability and
regeneration capacity of the nanocomposite across multiple reuse cycles is
essential for assessing its economic feasibility. The role of active species in the
degradation process should be further explored to optimize photocatalytic
performance. Integrating advanced machine learning techniques for predictive
modeling and process optimization could significantly enhance large-scale
applicability. Moreover, the combination of CuWO,@TiO, with other advanced
oxidation processes may lead to improved degradation efficiency and a broader

application spectrum.
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