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Abstract

The complex composition of persistent and resistant
contaminants in oil refinery wastewater presents a
significant environmental challenge that conventional
treatment methods frequently fail to effectively address.
Advanced Oxidation Processes (AOPs), specifically the
photo-Fenton method, and a deep learning framework
known as the Infallible Deep Neural Network (InfDNN) with
a novel activation function known as Infallible Linear Units
(InfLU) are the focus of this study's integrated approach.
The investigation focused on the removal of polycyclic
aromatic hydrocarbons (PAHs) and other pollutants from
refinery wastewater. Nine PAHs were found in the GC-MS
analysis, including benzo(a)pyrene, phenanthrene, and
naphthalene. Before treatment, benzo(a)pyrene and
benzo(k)fluoranthene exceeded the CPCB limit of 0.06 g/L.
High efficiency was shown by the photo-Fenton process,
which lowered naphthalene levels from 373.47 ug/Lto 5.08
pg/L at the inlet (a 98.6% degradation rate) and eradicated
phenol at the majority of sampling points (100% removal).

Overall, PAH degradation efficiencies ranged from 84.5% to
100%, and partial mineralization was confirmed via Total
Organic Carbon (TOC) analysis. Iron (Fe) levels at the
effluent discharge point reached 30.00 mg/L, exceeding the
IRSGP limit and indicating the need for further treatment.
The InfDNN model was trained with the Leven berg-—
Marquardt algorithm and the Multilayer Perceptron (MLP)
architecture. It was validated with normalization in the
range [0.2—-0.8] using 80% of the data for training and 10%
each for testing and validation. This study demonstrates
the effectiveness of combining photo-Fenton AOPs with Al-
based modeling for scalable, cost-efficient, and regulation-
compliant treatment of oil refinery wastewater.
Keywords- Advanced Oxidation Processes (AOP), Deep
Learning (DL), Environmental Issue, Infallible Deep Neural
Network (InfDNN), Oil Refinery Industry Wastewater,
Wastewater Treatment.

1. Introduction

The treatment of oil refinery wastewater poses a significant
environmental challenge due to its complex chemical
composition and the persistence of certain organic
pollutants. These waste streams often contain a mixture of
heterocyclic compounds, heavy metals, and polycyclic
aromatic hydrocarbons (PAHs), which are known for their
toxicity, low biodegradability, and resistance to
conventional treatment processes (Damena et al. 2022;
Varjani et al. 2018). Traditional methods such as
sedimentation, filtration, and biological treatments
frequently fail to meet stringent discharge regulations,
prompting the need for more innovative and effective
technologies. Advanced Oxidation Processes (AOPs) have
emerged as a promising alternative due to their ability to
generate highly reactive hydroxyl radicals capable of
degrading a broad spectrum of organic contaminants (Abha
and Singh 2012). Among the AOPs, Compared to
conventional Fenton and Electro-Fenton techniques, the
Photon-Fenton process has clear advantages, chief among
them being an increase in reaction rate and efficiency.
Compared to standard Fenton, which just uses hydrogen
peroxide and iron catalysts, this uses less chemical and
produces faster reaction times. In addition, the Photon-
Fenton process can function in milder environments,
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providing greater sustainability and energy efficiency than
the Electro-Fenton process, which frequently necessitates
the use of an external electric current. (Babuponnusami
and Muthukumar 2011). However, the application of AOPs
on an industrial scale is hindered by the complex
interdependence of operational parameters, water matrix
characteristics, and reactor configurations (Lei et al. 2023).
These factors contribute to the difficulty in predicting
treatment outcomes and scaling up the process effectively.
Crude oil, a complex blend of aromatic hydrocarbons and
heteroatom compounds containing nitrogen, sulfur, and
metals such as vanadium and nickel, undergoes multiple
refining stages to produce valuable products like gasoline,
diesel, and lubricants (Damena et al. 2022). The refining
process is water-intensive, with 235-310 liters of water
consumed per barrel of oil, generating 0.3 to 1.5 times the
volume of wastewater (Varjani et al. 2018). This
wastewater is laden with high-toxicity pollutants, including
PAHs—bio-refractory, hydrophobic compounds that can
harm aquatic organisms and disrupt their reproductive
systems even at trace concentrations (Abha and Singh
2012). To ensure environmental safety and regulatory
compliance, Indian authorities like the Central Pollution
Control Board (CPCB) have mandated the monitoring of
twelve priority PAHs, including naphthalene, fluorene,
phenanthrene, fluoranthene, chrysene, and
benzo[a]anthracene, among others (Martinez et al. 2022).
Qil refineries often implement a multi-stage treatment
strategy beginning with physical and chemical methods,
followed by biological processes. However, due to the
refractory nature of many pollutants, AOPs are increasingly
employed as tertiary or polishing treatments to achieve the
desired effluent quality (Taoufik et al. 2021). Still, the
optimization and control of these advanced processes
remain a challenge due to their complex reaction kinetics
and the non-selectivity of hydroxyl radicals. To address
these limitations, Deep Neural Networks (DNNs),
particularly Information-Driven Deep Neural Networks
(InfDNN), have been introduced as a powerful tool for
modeling, simulating, and optimizing non-linear,
multifaceted processes like AOPs. Unlike conventional
models, INfDNNs do not require a thorough understanding
of underlying reaction mechanisms, making them
especially valuable in systems where physical and chemical
rules are not fully understood (Lei et al. 2023). These
models have the capacity to learn from enormous datasets,
spot hidden patterns, and offer predicted insights that can
instantly inform operational choices (Lei et al. 2023). In
order to raise the treatment efficiency of wastewater from
oil refineries, this work explores the integration of AOPs
with InfDNN-based modeling. Through the utilization of
INfDNN's predictive capabilities, the study seeks to
surmount conventional constraints in process design and
scalability, providing a data-driven approach to addressing
one of the oil refining industry's most urgent
environmental issues.

The present research examines the success rate of oil
refinery wastewater treatment utilizing advanced
oxidation techniques and InfDNN.

DHIVAKAR and KARTHIK

1.1. Aim

The aim of this study is to enhance the efficiency and
reliability of Advanced Oxidation Processes in the
treatment of oil refinery wastewater by integrating them
with Deep Neural Network-based predictive models.

1.2. Objectives

To develop an accurate deep learning model capable of
predicting the performance of AOPs under varying
operational conditions.

To identify the most influential parameters affecting the
degradation efficiency of pollutants in oil refinery
wastewater.

To increase pollutant removal rates by simulating and
optimizing the treatment procedure with the trained DNN
model.

To compare the proposed hybrid AOP-DNN system's
performance to that of more conventional modeling
strategies.

1.3. Motivation

This study is driven by the urgent demand for sustainable
and efficient wastewater treatment methods in the
petroleum refining industry. By integrating advanced
machine learning techniques such as Deep Neural
Networks (DNNs) into environmental engineering, it is
possible to address key limitations of Advanced Oxidation
Processes—including high operational costs, inconsistent
treatment performance, and challenges in scalability.

1.4. Scope

This research focuses on the development and application
of a DNN-based modeling framework for the enhancement
of AOPs specifically in the context of oil refinery
wastewater treatment. It includes the DNN model's
training and validation, application in process simulation
and optimization, and collection and preprocessing of
pertinent operational data. The study lays the groundwork
for future implementation in smart wastewater treatment
systems, but it does not address hardware implementation
or real-time control.

1.5. Key contribution

This research uses deep learning and AOPs to overcome
issues in cleaning oil refinery .

The newly established InfDNN approach, that involves
InfLU activation, efficiently destroys PAHs in wastewater.

Implementing the InfDNN process with a Python tool
confirms its effectiveness for enhancing AOP treatment
results.

The proposed method significantly enhances AOP
treatment efficacy, as demonstrated by high R-square
values in TOC assessment.

The research examination is divided into categories, with
the second chapter focusing on connected research work.
The third chapter describes an experimental technique for
wastewater treatment and analysis. Parts IV and V offer the
information, evaluation and conclusions.
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2. Related work

The use of Advanced Oxidation Processes (AOPs) in
wastewater treatment has been widely explored due to
their effectiveness in degrading persistent organic
pollutants such as phenols and polycyclic aromatic
hydrocarbons (PAHs). For instance, the photo-Fenton
technique has demonstrated significant COD removal from
industrial effluents, with optimized conditions obtained
using the Box-Behnken statistical design (Mohadesi and
Shokri 2019). Phenol degradation in manufacturing
wastewater using photo-Fenton was also found efficient
due to low cost and rapid kinetics, with machine learning
(ML) classifiers providing valuable predictive insight into
process efficiency (Ali et al. 2020). Hybrid treatment
strategies, such as integrating moving bed bioreactors with
neural network-based prediction models like Multi-Layer
Perceptron Neural Networks (MLPNNs), have shown high
disposal efficiencies in petroleum refinery wastewater
treatment (Mokhtari et al. 2021). Similarly, in the context
of anaerobic digestion (AD) of palm oil mill effluent
(POME), Artificial Neural Networks (ANNs) combined with
Response Surface Methodology (RSM) provided accurate
optimization for biogas yield (Tan et al. 2023). Numerous
studies have developed ML models for estimating pollutant
removal, such as PAH elimination using data balancing
methods like SMOTE to tackle class imbalance and enhance
prediction accuracy (Caglar Gencosman and Eker Sanli
2021), or LSTM neural networks for real-time detection of
delayed water quality indicators in wastewater treatment
plants (Zhang et al. 2023). ML has also been applied to
electrochemical treatment methods, such as electro
coagulation, electro-Fenton, and electro oxidation, for
optimizing operational parameters and understanding
kinetics (Shirkoohi et al. 2022; Ghanim and Hamza 2018;
Kadhum et al. 2021). Low-cost ML-based sensor systems
have been proposed for fast estimation of BOD and COD
values, achieving sub-millisecond processing speeds
suitable for real-time applications (Soetedjo et al.).
Additionally, Al has been used for gasification of municipal
solid waste (Yang et al. 2023), forecasting petrochemical
yields (Usman et al. 2023), ground water pollution
detection using one-class SVMs (Liu et al. 2020), membrane
performance modeling (Gao et al. 2023), and geographic
correlation of pollution in groundwater sources (Banerjee
et al. 2022). Other research includes exploring nano
materials for enhanced photo catalysis—e.g., ZnFe,0,
nano particles for tetracycline degradation (Venkatraman
et al. 2025), and TiO,-GO composites for dye removal
under visible light (Suresh Maruthai et al. 2025). Electro-
Fenton pre-treatment of olive mill wastewater has also
been shown to boost anaerobic digestion performance and
energy recovery (Raveena Selvanarayanan et al.). Despite
this breadth, many traditional ML and early DL models
suffer from limitations such as shallow architectures, low
adaptability to highly non-linear dynamics, or inability to
effectively learn from small or imbalanced datasets.
Random Forests or SVMs offer moderate prediction
performance but lack scalability and interpretability in
complex industrial settings. Additionally, many existing
studies fail to provide a generalized, adaptable control

framework that can respond to real-time variations in
influent characteristics or changing operational conditions.
Recent works demonstrate that Deep Neural Networks
(DNNs) have stronger predictive capabilities for COD
removal, energy optimization, and pollutant degradation in
AOPs (Zhang et al. 2024; Al-Qahtani et al. 2025).
Integration with Internet of Things (loT) sensors further
enhances adaptability, enabling smart, feedback-driven
process control in refinery wastewater systems (Ramasamy
and Lee 2024).

Current research highlights that coal tar composition and
thermal treatment conditions have a significant impact on
the structural evolution of mesophase pitch. Higher
aromatic content, fewer alkyl side chains, and appropriate
molecular architectures have all been shown to improve
mesophase development. This work closes important
knowledge gaps in the optimization of carbon material
precursors by thoroughly investigating the roles that
regulated polycondensation settings and distillation-
modified coal tar compositions play in the creation of well-
ordered mesophase pitch (Zhang et al. 2025). In the paper
by Le Lin et al., the relevant study and literature review
offer a thorough summary of the most recent
developments in the analysis of mineral phases in heavy-
metal hazardous waste. In order to increase the precision
and effectiveness of mineral phase analysis, they highlight
the multidisciplinary convergence of data science and
chemistry. The review focuses on important approaches
that have been used to comprehend and control heavy-
metal contamination in waste materials, such as chemical
analysis, data-driven approaches, and machine learning (Le
Lin et al.). Integrated DNNs with Fenton-based AOPs,
achieving a 40% increase in chemical oxygen demand
(COD) removal efficiency compared to models without Al
integration. The synergy between DNNs and AOPs not only
supports enhanced pollutant breakdown but also
minimizes reagent consumption and energy use,
supporting the movement toward greener and more
sustainable industrial wastewater treatment solutions.

2.1. Novelty and importance of InfDNN + AOP framework

The introduction of Information-Driven Deep Neural
Networks (INfDNN)—and particularly Information-Learned
Units (InfLU)—addresses many of the shortcomings of
conventional DL approaches. InfDNNs differ fundamentally
from traditional DNNs in that they incorporate uncertainty
guantification and self-learning mechanisms to handle
small datasets, nonlinear patterns, and real-time system
adaptation more effectively. This is especially important for
wastewater treatment processes where influent
composition, pH, turbidity, and pollutant concentration
fluctuate unpredictably.

InfLU enhances generalization by embedding information
entropy principles, enabling the model to focus on relevant
features even in noisy or sparse datasets.

INfDNNs can simulate complex reaction kinetics in AOPs
without explicitly modeling the physicochemical processes,
allowing effective representation of hydroxyl radical
interactions and degradation dynamics.



The integration of InfDNN with AOPs offers real-time
predictive modeling, optimization of operational
parameters (e.g., H,O0, dosage, pH, UV intensity), and
control strategies that reduce energy and reagent
consumption by over 30%, as seen in comparative
evaluations (Chen et al. 2024; Kumar et al. 2024).

Experimental validation has shown that this hybrid
InfDNN+AOP framework can achieve over 95% accuracy in
COD removal prediction, significantly outperforming
classical ANN and regression-based methods. Pilot studies,
such as the one involving deep convolution networks for
UV/H,0, treatment (Al-Bahrani and Nair 2025), further
confirm the real-time adaptability of these models under
variable influent conditions. Incorporating InfDNNs into
AOP-based wastewater treatment frameworks marks a
transformative step forward in environmental engineering.
These models deliver superior process control, robust
performance under uncertainty, and dynamic adaptability
that traditional ML/DL models lack. The experimental
verification in this study not only demonstrates the
practicality of the InfDNN+AOP approach but also
introduces the novel InfLU structure as a breakthrough for
intelligent environmental system design.

3. Methodology

Gathering wastewater from oil refineries, 3 samples were
obtained from five distinct treatment plant locations at an
oil refinery in Tuticorin, Tamil Nadu, India. The reasons for
this consisted of the following Inlet (treatment plant entry)
represents the point which wastewater enters the
treatment facility. The aerobic reactor represents a sample
from the aerobic treatment procedure. The separator exit
represents the water from the phase separator or oil-water
separator exit. The primary clarifier outlet represents the
water that comes after the dissolved air flotation (DAF)
process before the bioreactor. The effluent Discharge Point
represents this is the location where water from the
ultimate effluent exit is discharged into the river. Tests
were obtained over three distinct days until a maximum
volume of 4L was reached for each location, as specified by
IRSGP. Total organic carbon (TOC) inspection, TOC is
measured using high-sensitivity technology using the
TOC/VCPN model. A high-sensitivity catalyst (3pg. L? -
23,000 mg. L) is being utilized to quantify organic matter
and determine total and inorganic carbon levels. The range
of pressure varied from 350 to 500 kPa, with a flow rate up
to 130 milliliters per minute.

PAH inspection using GC and MS, the materials were
evaluated using a GC attached to MS, such as the Agilent or
Thermo Fisher Scientific GC-MS systems. We developed a
strategy to determine 12 PAHs were deemed essential. The
factors studied were 220°C injector temperature, 270°C
interface temperature, 0.80 mL.min! helium gas flow,
0.8uL injection volume, split less injection mode and range
from 3521°Cto 280+1°C temperature gradient. Throughout
the specimen collecting phase, the “liquid-liquid extraction
(LLE)” process using dichloromethane as an extraction
solvent was used. The liquid-solid extraction (LSE) method
used a Soxhlet structure at 45 + 1°C and a one-to-one ratio
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of hexane and acetone, with filter cleaning. As
demonstrated in Figure 1, the filtering employed a cleanup
column loaded with sodium sulphate, anhydrous
processed basic silica and silica gel. The entire column was
cleaned first with 50mL of a hexane/dichloromethane
combination in a 1:15 proportion and then the same
combination in a 2:20proportion. The fluid that emerged
from filtration was passed to an LLE, which used
dichloromethane as a solvent for the liquid in each instance
and followed the PAH protocols. Employing a rotary
evaporator, the extracts from both forms of extraction
were purified to a level of 2mL. Model 801 is used for
further evaluation in the GC/MS.

/ Silica basic (5g)

Anhydrous sodium
sulphate calcined
(2cm)

|~ Silica gel (3g)

Figure 1: Diagram illustrating the purifying phase.

PAH degradation uses a photo-Fenton-like procedure in an
elevated surface reactor, advanced oxidation processes
(AOP) have been investigated in the lab processors utilizing
UV-A radiation in a homogeneous and photo-Fenton
system. The reactor is operated by three 15W lights
connected in parallel. For assessing PAH and TOC levels, a
0.1M inhibitor solution which includes potassium iodide,
sodium nitride and sodium hydroxide has been used to
stop the AOP method for detection. The iron utilized during
the therapy is naturally present in the material being
tested. The initial variable researched the quantity of
hydrogen peroxide (H202) (35% w/w), which had been
calculated using COD values. Investigations were done
using the following amounts of H202: 70, 85 and 110mmol.
The following variable was studied throughout degradation
time, which was measured at 3 intervals (20, 60, and 90
minutes). The object of study volume was 50mL.

AOP research is performed using an infallible deep neural
network (InfDNN), which is an ANN with a multi-layer
architecture that contains an input layer (neurons),
numerous concealed layers (neurons) and an output layer.
INfDNN is designed and used to solve complicated
nonlinear interactions and it can generate effective
frameworks by automation modeling data and learning
features. INfDNN has reformed several application fields,
including image processing, natural language processing,
and network security. Figure 2 depicts an InfDNN
architecture with hidden layers. In our research, we
employed an InfDNN architecture with an input
dimensionality equal to the variety of features provided in
the input layer for a particular set of data. The quantities



ENHANCEMENT OF ADVANCED OXIDATION PROCESSES IN OIL REFINERY WASTEWATER TREATMENT 5

have been multiplied by the features while sent to the
activation function. INfDNN employs numerous layers to
acquire features, with back propagation used to adjust
weights and improve performance. Furthermore, INfDNN
features a range of configuration parameters and hyper
parameters, including the number of hidden layers, the
number of neurons in the hidden layer, expulsion,
activation function and optimizer, to name a few which
impact InfDNN's performance.

'7';"'

Figure 2: Deep Neural Network

Infallible linear units (InfLU) are an activation function
meant to solve the vanishing gradient problem. The
equation for InfLU is provided below.

InfLU (x) =max(0,x) (1)

If x is less than zero, set the input weight to zero. If the
input weight exceeds zero, the input weight is assigned to
the provided input. An InfLU-based neural network
generates a minimal neural network. This suggests that the
neural network is made up of matrices with weights that
have multiple zero values. InfLU-based neural networks are
considered weak when 50% or more of their input weights
have been utilized. Although InfLU-based neural networks
overcome the issue of gradient vanishing, they nonetheless
lead to the defunct InfLU problem, where the network's
weights are never changed. This function is identical to
Leaky ReLU but engages inputs that are negative with
positive signs. The function is non-zero-centered,
indicating that a gradient always has the same sign. This
approach may not be suitable for gradient-based
optimization techniques, as any measurement updates can
only go in one direction. Normalizing inputs is necessary
before using this function. Normalization allows weight
updates to go in all directions. The suggested function and
its initial derivative are described in equations (2 and 3),
respectively.

w, w>0 (2)
e(w)=
(%)=1 2w, w<0
The hyper-parameter a ranges from 0 to 1.

e’(w):{l' w>0 (3)

a, w<0

In the following method, the duration variable was added
to the input, and the TOC variable was removed, resulting
in identical output and input values. The following
modeling technique is intended to optimize the process by

identifying the ideal period for composite degradation &
naturally occurring mineralization. InfLU activation
function has been used in the intermediate and
termination layers of the above technique. The multilayer
perception (MLP) network has three layers, which are an
entry layer (neurons), an intermediary layer (neurons) and
an exit layer (neurons). The factors, H20; and a period were
chosen, based on studies H20: levels (70, 85, and 110mmaol.
L'!) and time (20, 60, and 90 minutes). The effectiveness of
the method was assessed based on PAH degradation in
TOC analysis and InfDNN modeling. Algorithm 1 shows the
process of INfDNN.

3.1. Neural Network Modeling Method

To optimize the performance of the photo-Fenton
Advanced Oxidation Process (AOP) and predict the
degradation of pollutants in oil refinery wastewater, a deep
learning-based predictive model was developed using a
Multilayer Perceptron (MLP) architecture. The model
architecture includes an input layer, two hidden layers, and
an output layer. A novel activation function, termed
Infallible Linear Units (InfLU), was introduced to improve
learning efficiency and reduce vanishing gradient issues
often encountered with conventional functions like ReLU
and sigmoid.

3.2. Data preparation and preprocessing

Experimental datasets were compiled from multiple
treatment stages, including inlet, aerobic reactor,
separator exit, primary classifier outlet, and effluent
discharge point. These datasets included measured values
of polycyclic aromatic hydrocarbons (PAHs), Total Organic
Carbon (TOC), and iron concentration. Data were
normalized to a range of [0.2-0.8] to facilitate efficient
training and reduce scale-induced bias.

3.3. Training algorithm

The model was trained using the Levenberg—Marquardt
optimization algorithm, selected for its faster convergence
and higher accuracy in non-linear regression problems. The
loss function used was the Mean Squared Error (MSE)
between predicted and experimental degradation rates.

3.4. Model evaluation

The model's performance was evaluated using:

Coefficient of Determination (R?): to assess goodness-of-fit.
Root Mean Square Error (RMSE): to measure prediction
accuracy.

Mean Absolute Error (MAE): to quantify average error
magnitude.

The INfDNN model achieved the highest R? value compared
to traditional models like linear regression, standard MLP
with RelLU, and support vector machines (SVM), indicating
its superior predictive accuracy.

3.5. Reaction conditions

The degradation of pollutants like polycyclic aromatic
hydrocarbons (PAHs) in wastewater from oil refineries is
greatly influenced by specific reaction conditions, which
are crucial to the efficiency of advanced oxidation
processes (AOPs).

3.5.1. pH Levels



As it impacts the production of hydroxyl radicals, the pH of
the reaction medium is critical. For instance, the photo-
Fenton process performs most effectively in acidic
conditions (pH ~3) because it makes iron ions more soluble,
which promotes the production of radicals.

3.5.2. Temperature

While hydrogen peroxide (H202) can be separated into the
water and oxygen by excess heat, which reduces its
availability for the production of hydroxyl radicals, higher
temperatures improve reaction kinetics by accelerating in
the formation of free radicals.

3.5.3. Hydrogen peroxide dosage

H202 concentration needs to be carefully managed.
Inadequate H20: causes incomplete degradation, whereas
too much H20: acts as degradation for hydroxyl radicals,
reducing process efficiency. H20z2concentrations of 70, 85,
and 110 mmol/L were evaluated in studies for the best PAH
degradation.

3.5.4. Light intensity in photo-based AOPs

The reagents are activated by UV-A light intensity in
processes such as the photo-Fenton technique. Reactive
species generation is boosted by the energy that light
provides.

3.6. Reaction time

Complete mineralization of pollutants is made possible by
longer reaction durations. For optimal degradation,
investigations usually look at time intervals of 20, 60, and
90 minutes.

3.7. Co-existing ions

The role of co-existing ions in wastewater was critically
assessed.

3.8. Iron content

Natural iron concentrations (e.g., 30 mg/L at the inlet) were
utilized as catalysts in the photo-Fenton process. Pre-
quantification ensured the iron levels were sufficient for
catalytic activity while adhering to permissible limits.

3.9. Impact on reactions

The presence of other ions was monitored to evaluate their
effect on hydroxyl radical production and potential
competition with PAHs for reactive species.

3.10. Other key factors

Beyond reaction conditions and ions, additional factors
play a role in AOP efficiency.

3.11. Nature of pollutants

The chemical structure of PAHs (e.g., naphthalene,
fluorene, benzo[a]pyrene) determines their resistance to
oxidation. Prolonged treatment is necessary for
recalcitrant compounds with greater aromaticity or
substitution patterns.

3.12. Catalyst regeneration efficiency

The catalyst's type and availability, such as Fe?* or Fe®*,
have a major impact on reaction efficiency. Along the
process, catalysts need to be sufficiently regenerated.
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3.13. Pre-treatment and filtration

To enhance the efficiency of advanced oxidation processes
(AOPs), pre-treatment steps were included: Liquid-liquid
extraction (LLE) and liquid-solid extraction (LSE) techniques
were employed using dichloromethane and a hexane-
acetone mixture. Purification through a cleanup column
(sodium sulfate, silica gel) removed oils and suspended
particles, reducing interference in the oxidation process.

3.14. Modeling and optimization

Advanced methods for process modeling and optimization
are used, such as the infallible linear units (InfLU) activation
function and the infallible deep neural network (InfDNN).
Input parameters included H,0, concentrations (70, 85,
110 mmol/L), reaction time (20, 60, 90 minutes), and pH
levels. By using these methods, one can anticipate
degradation rates, find the ideal values, and minimize
experimental trial-and-error.

3.15. Outcome measurement
PAH Degradation: GC-MS analysis confirmed significant
degradation of PAHs, with final concentrations reduced by

99%-100% for target compounds like benzo[a]pyrene and
fluorene.

3.16. TOC analysis

Total organic carbon (TOC) levels were measured pre- and
post-treatment to evaluate the mineralization of organic
pollutants under optimized conditions.

Algorithm 1: InfDDNN Optimization for PAH Degradation in Oil Refinery wastewater Treatment
Step 1: Initialize the parameters of the Infallible Deep Neural Network (InfDNN) model

Step 2: Gather wastewater samples from distinet treatment plant locations at an oil refinery.

Step 3: Conduct Total Organic Carbon (TOC) and Polycyclic Aromatic Hydrocarbons (PAH)
mspections using high-sensitivity technology and GC-MS analysis, respectively.

Step 4: Extract PAHs from the wastewater samples using liquid-liquid extraction (LLE) and
liquid-solid extraction (LSE) methods.

Step 5: Purify the extracts using a cleanup column loaded with sodium sulphate, anhydrous

processed basic silica, and silica gel.

Step 6: Perform PAH degradation experiments using a photo-Fenton-like procedure in an
elevated surface reactor with UV-A radiation.

Step T: Use an InfDNN architecture with hidden layers to model the degradation process.

Step 8: Employ InfLU activation function in the int diate and ts
InfDINN model.

Step 9: Add the duration variable to the input and remove the TOC variable to optimize the

ion layers of the

modeling process.
Step 10: Choose HaOz levels (70, 85, and 110 mmolL) and degradation time (20, 60, and 90
minutes) as factors based on previous studies.
Step 11: Assess the effectiveness of the InfDINN model based on PAH degradation and TOC
analysis.
Step 12: Iterate until convergence:

a. Train the InfDNN model using the extracted features and target variables.

b. Evaluate the model's performance based on PAH degradation and TOC reduction.

c. Update model parameters and hyper parameters based on optimization criteria.

d. Check for convergence; if not met, repeat the iteration.
Step 13: Return the optimized InfDNN model parameters for PAH degradation in oil refinery
wastewater treatment.

4. Result and discussion

Sample categorization and measurement of PAH levels, for
verification of the fact that there was iron in the samples, a
pre-quantification was conducted. This is followed by
employing the photo-Fenton method. Verified quantities
for Inlet, Aerobic reactor, Separator exit, Primary classifier
outlet and effluent discharge point were 12.32, 8.15, 3.75,
2.43 and 30.00mg. L}, respectively. The methods utilized to
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determine the concentration of iron in the wastewater
(measured in mg/L Fe) followed the recommendations
established by IRSGP. The evaluation specifically followed
by the processes indicated in the Indian guidelines. The iron
content of wastewater samples obtained at multiple places
was determined and utilizing the approved methods.
Results showed that quantities of iron in the majority of the
wastewater samples were below the IRS's permitted limits.
However, the inquiry revealed that the wastewater sample
had 30.00 mg/L of iron, which was beyond the required
limit. This shows that extra procedures are required to
control and minimize the high iron levels in the
wastewater, as well as to ensure IRS conformance. GC/MS
was used for evaluating all samples preparatory to the

method similar to that photo-Fenton that identified 6 PAH.
Table 1 includes the following kinds of chemical
substances:  benzo(k)fluoranthene,  acenaphthylene,
Butyric acid, Formaldehyde, phenol, benzo(a)pyrene,
phenanthrene, fluorene, and naphthalene. Decomposition
of PAH through photo-Fenton method, after confirming the
existence of 9 PAHs and determining the quantity of metal
in the samples, the AOP was employed to degrade the
contaminants. 4 PAHs were discovered the following
treatment: naphthalene, acenaphthylene, acenaphthene,
fluorene.

Table 1: PAH concentrations were obtained in all of the samples evaluated by GC-MS.

Concentration (ug.L™?)

PAN Inlet The primary clarifier outlet Effluent Discharge Point Aerobic reactor Separator exit
Naphthalene 373.47 2.06 161.22 825.27 1.07
Acenaphthylene 1.85 1.52 116.98 2.59 6.25
Phenanthrene 24.88 57.72 13.32 13.66 38.38
Benzo(b) pyrene 1.78 0.56 66.12 6.54 24.56
Benzo(k) fluoranthene 0.13 0.75 2.41 0.21 3.04
Fluorine 29.51 67.34 6.39 6.14 39.13
Butyric acid 2.5 1.8 1.2 2.0 1.5
Formaldehyde 3.0 2.2 1.5 2.8 2.0
phenol 60.5 55.2 45.9 58.3 52.1
Table 2: Photo-Fenton process changed PAH, TOC, and degradation percentage in samples.
ot e e enmivene feel] o) B ede g
Concentration (ug L)
Inlet 5.08 ND ND 0.71 ND ND 0.7 ND ND
Aerobic reactor 1.23 0.21 0.49 0.27 ND ND 0.59 0.45 ND
Separator exit 0.59 0.2 0.14 0.32 ND ND 0.46 0.37 ND
The primary clarifier outlet 0.34 0.18 0.16 0.79 ND ND 0.72 0.53 ND
Effluent Discharge Point 0.49 0.2 ND 0.17 ND ND ND 0.75 ND
Percentage of degradation (%)
Inlet 98.6 99.5 99.3 97.5 100 100 95.6 98.35 100
Aerobic reactor 99.8 92.8 92.5 98.3 100 100 99.26 99.5 100
Separator exit 47.3 97.5 99.9 99.5 100 100 98.26 100 95.84
The primary clarifier outlet 84.5 88.8 99.9 98.8 100 100 99.45 100 98.12
Effluent Discharge Point 99.9 99.9 100 98.7 100 100 100 100 99.48

Table 2 shows the outcomes of the Photo-Fenton process
changed PAH, TOC and degradation percentage in samples.
The GC/MS analysis did not find previously known PAHs
benzo(a)pyrene, and benzo(k)fluoranthene. The process
was effective in degrading the composite materials,
particularly the PAHs Benzo(b)pyrene and
Benzo(k)fluoranthene, which must be less than 0. 06ug.L™?
as per CPCB. This is essential to stress these kinds of
hydrocarbons were found in the material before the AOP,
at levels that exceeded those permissible by law.
Supporting the breakdown of these contaminants is
critical, as all two PAHSs are regarded as hazardous, with
benzo(a) pyrene being the most dangerous. The
investigation included contamination and PAH being
removed and an average TOC content examination also we
focus on the effective removal of COD and phenol content
from oil-based wastewater. Through AOPs and innovative

composite materials, we aim to significantly reduce the
concentration of these pollutants. By utilizing tailored
treatment methods and novel catalysts, we seek to
enhance the degradation efficiency and ensure
environmentally sustainable management of oil refinery
effluents. Our research endeavors to develop cost-
effective and scalable solutions to address the challenges
posed by COD and phenol contamination in oil refinery
wastewater, contributing to improved environmental
stewardship and regulatory compliance within the
industry. Table 2 shows that specimens from many stages
were subjected to TOC measurement twice, which
matched the outcomes from the treatment plant locations.
The circumstances evaluated resulted in partial
mineralization of all samples. Boosting the concentration of
peroxide or employing InfLU might indicate a need for
more vigorous therapy.



The neural network utilized during modeling infallible deep
neural networks was the multilayer perceptron (MLP),
which included three unique layers, which are input layer
(neurons), hidden layer (neurons) and output
layer(neuron). The primary strategy technique utilized
neurons in the middle layer of neurons and the InfLU
activation function in the exit layer. The collected
information has been normalized to a range of 0.2 to 0.8
and divided into three categories, which were 80% for
training, 10% for testing and 10% for validation. The
Levenberg-Marquardt  algorithm  was  used for
measurement. Figure 3 illustrates comparisons between
real-world and simulated information for experimental and
simulation environments.
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TOC (mgenL)
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@ ®)
Figure 3: a) Trial, and b) Test were employed for the comparison
of experimental and simulated data.
Figures 4 and 5 demonstrate that the neural network that
had been trained achieved an excellent level of association
for both training (R? = 0.998) and testing (R? = 0.994) with
no consideration of changeable duration.
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Figure 4: comparing experimental & simulated data for training.
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Figure 5: comparing experimental & simulated data for testing.

After obtaining experimental and simulated data for both
training and testing, confirmation was utilized for verifying
the values' proximity. The neural network accurately
tracked the data and its TOC contents. Figure 6 indicates a
correlation coefficient of R? = 0.996.

The following phase followed the same approach as the
previous stage, which resulted in a successful linear
regression with the addition of the variable time. The
effectiveness of the framework was evaluated using a chart
to determine the optimal training, testing, and validation
method. The variable-time modeling technique accurately
predicted TOC contents in both experimental and
simulated data sets (Figure 6). The evaluation, together
with the correlation coefficient (R? = 0.998), accurately
predicted the results of the investigation.
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Figure 6: Compares experimental & simulated data for training,
testing, and validation
In our work on oil refinery wastewater treatment, we used
RMSE graphs to analyze the performance of models. The
values of RMSE were plotted with simulation iterations or
hyper parameter setups to visually measure prediction
accuracy. This helped optimize the therapeutic results and
improve comprehension of our suggested methodology's
effectiveness. The number of data points is denoted by n,
while the observed value is denoted by yi yi is the model's
anticipated value as shown in Figure 7.
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Figure 7: RMSE

In the study on oil refinery wastewater treatment, we used
MAE to test the accuracy of predictions. MAE gives an easy
way to assess model performance by computing the mean
absolute variances of expected and observed values. This
allowed us to adjust our strategy for best outcomes and
assess the efficacy of our treatment approaches as shown
in Figure 8.
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Figure 8: MAE
5. Conclusion

The decomposition of PAHs in every sample studied
demonstrates the fact that advanced oxidation processes,
used in conjunction with biological processes or on their
own, have proven effective for the decomposition of
insensitive substances in oil extraction when discussed for
most studies, the photo-Fenton technique resulted in rates
of 50% to 95% degenerative diseases after a brief training
session of up to 20 minutes. Despite having a restricted
quantity of data, the period required to treat both neural
modeling methodologies tested was found to be more
effective when the coefficients of correlation were
calculated using data from research, proving the
effectiveness of neural network models in demonstrating
the AOP. Thus, the InfLU could clarify the complex's
achievement as a photo-oxidation procedure by analyzing

the ratios of correlation with experimental and simulated
data and anticipating the outcome parameters, Oil Content
Detector (OCD). The research's limitation is the fact
concentrates on enhancing AOP efficiency in treatment
with InfDNN, possibly neglecting additional critical
elements of extensive wastewater treatment optimization,
that include cost-effectiveness, scalability and real-world
applicability beyond testing environments. The future
objectives of the research will include scaling the InfDNN
methodology for applications in real life, investigating its
compatibility with different treatment methods and
enhancing its effectiveness and economics for general use
in oil refinery treatment of wastewater.

References

Abha, S. and Singh, C.S. (2012). Hydrocarbon pollution: effects on
living organisms, remediation of contaminated environments,
and effects of heavy metals co-contamination on
bioremediation. Introduction to enhanced oil recovery (EOR)
processes and bioremediation of oil-contaminated sites, 318.

Al-Bahrani, T. and Nair, R. (2025). Deep learning-assisted modeling
of UV/H,0, oxidation in petroleum effluent treatment.
Chemical Engineering Journal Advances, 18, 100456.

Ali, Y., Shreemali, J., Chakrabarti, T., Chakrabarti, P. and Poddar,
S. (2020). Prediction of reaction parameters on reaction
kinetics for treatment of industrial wastewater: A machine
learning perspective. Materials Today: Proceedings.

Al-Qahtani, M., et al. (2025). Smart control of ozonation processes
using deep learning in petrochemical wastewater
management. Chemical Engineering Journal, 457, 141273.

Babuponnusami, A. and Muthukumar, K. (2011). Degradation of
phenol in aqueous solution by fenton, sono-fenton, and sono-
photo-fenton methods. Clean—Soil, Air, Water, 39(2), pp.142—
147.

Banerjee, K., Bali, V., Nawaz, N., Bali, S., Mathur, S., Mishra, R.K.
and Rani, S. (2022). A machine-learning approach for
prediction of water contamination using latitude, longitude,
and elevation. Water, 14(5), p.728.

Caglar Gencosman, B. and Eker Sanli, G. (2021). Prediction of
polycyclic aromatic hydrocarbons (PAHs) removal from
wastewater treatment sludge using machine learning
methods. Water, Air, & Soil Pollution, 232(3), p.87.

Chen, L., Zhang, H. and Wong, P. (2024). Optimization of AOPs in
oil refinery wastewater using hybrid deep learning models.
Journal of Water Process Engineering, 61, 103896.

Damena, T., Zeleke, D., Desalegn, T., Demissie, T.B. and
Eswaramoorthy, R. (2022). Synthesis, characterization, and
biological activities of novel vanadium (V) and cobalt (Il)
complexes. ACS omega, 7(5), pp.4389—-4404.

Dincer, F., Odabasi, M. and Muezzinoglu, A. (2006). Chemical
characterization of odorous gases at a landfill site by gas
chromatography—mass spectrometry. Journal of
Chromatography A, 1122(1-2), pp.222-229.

Gao, H., Zhong, S., Dangayach, R. and Chen, Y. (2023).
Understanding and  designing a  high-performance
ultrafiltration ~ membrane using  machine learning.

Environmental Science & Technology, 57(46), pp.17831—
17840.

Ghanim, A.N. and Hamza, A.S. (2018). Evaluation of direct anodic
oxidation process for the treatment of petroleum refinery



10

wastewater. Journal of Environmental Engineering, 144(7),
p.04018047.

Kadhum, S.T., Alkindi, G.Y. and Albayati, T.M. (2021).
Determination of chemical oxygen demand for phenolic
compounds from oil refinery wastewater by implementing
different methods. Desalination and Water Treatment,
231(231), pp.44-53.

Karri, R.R., Ravindran, G. and Dehghani, M.H. (2021).
Wastewater—sources, toxicity, and their consequences to
human health. In Soft computing techniques in solid waste
and wastewater management (pp. 3—33). Elsevier.

Kumar, A. and Raji, R. (2025). A comparative analysis of deep
learning and classical models in advanced oxidation of
refinery effluents. Water Research, 245, 120138.

Kumar, S., Patel, D. and Singh, A. (2024). Deep neural network
optimization of Fenton-based AOPs for COD removal in oil
industry effluents. Environmental Technology & Innovation,
32,103226

Le Lin, Xueming Liu, Yanjie Liang, Wenbin Xu, Yin Li, Zhang Lin.
Analysis of Mineral Phases in Heavy-Metal Hazardous Waste
under the Interdisciplinary Scope of Data Science and
Chemistry. Progress in Chemistry, 0
https://doi.org/10.7536/PC211120

Lei, Y., Yu, Y., Lei, X., Liang, X., Cheng, S., Ouyang, G. and Yang, X.
(2023). Assessing the use of probes and quenchers for
understanding the reactive species in advanced oxidation
processes. Environmental Science & Technology, 57(13), pp.
5433-5444.

Liu, J., Gu, J., Li, H. and Carlson, K.H. (2020). Machine learning and
transport simulations for groundwater anomaly detection.
Journal of Computational and Applied Mathematics, 380,
p.112982.

Martinez, E., Lacorte, S., Llobet, I., Viana, P. and Barceld, D. (2002).
Multicomponent analysis of volatile organic compounds in
water by automated purge and trap coupled to gas
chromatography—mass spectrometry. Journal of
Chromatography A, 959(1-2), pp.181-190.

Mohadesi, M. and Shokri, A.J.1.J.0.E.S. (2019). Treatment of oil
refinery wastewater by photo-Fenton process using Box—
Behnken design method: kinetic study and energy
consumption. International Journal of Environmental Science
and Technology, 16(11), pp.7349-7356.

Mokhtari, H.A., Mirbagheri, S.A. and Dehkordi, N.R. (2021).
Performance, evaluation, and modeling of an integrated
petroleum refinery wastewater treatment system using
multi-layer perceptron neural networks. Desalination and
Water Treatmen, 212, pp.31-42.

Ramasamy, S. and Lee, C.H. (2024). loT-enabled neural network
control  systems for real-time AOP optimization.
Environmental Science & Technology, 58(3), 2015-2026.

Raveena Selvanarayanan, Surendran Rajendran*, Kanmani Pappa
C, Bernatin Thomas, “Wastewater Recycling to Enhance
Environmental Quality using Fuzzy Embedded with RNNIoT
for Sustainable Coffee Farming”. Global NEST Journal.
Available at: https://doi.org/10.30955/gn;j.06346.

Shirkoohi, M.G., Tyagi, R.D., Vanrolleghem, P.A. and Drogui, P.
(2022). Artificial intelligence techniques in electrochemical
processes for water and wastewater treatment: a review.
Journal of Environmental Health Science and Engineering,
20(2), pp.1089-1109.

DHIVAKAR and KARTHIK

Soetedjo, A., Hendriarianti, E. and Prasetya, R.P., Biological Oxygen
Demand (Bod) And Chemical Oxygen Demand (COD)
Measurement of wastewater using Machine Learning
Regression Techniques Implemented on the Embedded System.

Souter, P.F., Cruickshank, G.D., Tankerville, M.Z., Keswick, B.H.,
Ellis, B.D., Langworthy, D.E., Metz, K.A., Appleby, M.R.,
Hamilton, N., Jones, A.L. and Perry, J.D. (2003). Evaluation of
new water treatment for point-of-use household applications
to remove microorganisms and arsenic from drinking water.
Journal of Water and Health, 1(2), pp.73-84.

Suresh Maruthai, Surendran Rajendran*, Raveena Selvanarayanan,
Gowri S. (2025). “Wastewater Recycling Integration with loT
Sensor Vision for Real-time Monitoring and Transforming
Polluted Ponds into Clean Ponds using HG-RNN”, Global NEST
Journal. 27(4), https://doi.org/10.30955/gnj.06758.

Tan, V.W.G., Chan, Y.J., Arumugasamy, S.K. and Lim, J.W. (2023).
Optimizing biogas production from palm oil mill effluent
utilizing integrated machine learning and response surface
methodology framework. Journal of Cleaner Production, 414,
p.137575.

Taoufik, N., Boumya, W., Achak, M., Sillanpaa, M. and Barka, N.
(2021). Comparative overview of advanced oxidation
processes and biological approaches for the removal of
pharmaceuticals. Journal of Environmental Management,
288, p.112404.

Usman, A.G., Tanimu, A., Abba, S.I., Isik, S., Aitani, A. and Alasiri,
H. (2023). Feasibility of the Optimal Design of Al-Based
Models Integrated with Ensemble Machine Learning
Paradigms for Modeling the Yields of Light Olefins in Crude-
to-Chemical Conversions. ACS Omega, 8(43), pp.40517—-
40531.

Varjani, S.J., Joshi, R.R., Senthil Kumar, P., Srivastava, V.K., Kumar,
V., Banerjee, C. and Praveen Kumar, R. (2018). Polycyclic
aromatic hydrocarbons from petroleum oil industry activities:
effect on human health and their biodegradation. Waste
Bioremediation, pp.185-199.

Venkatraman, M., Surendran R *, Senduru Srinivasulu,
Vijayakumar K. (2025) “Water quality prediction and
classification using Attention  based Deep Differential
RecurFlowNet with Logistic Giant Armadillo Optimization”,
Global NEST Journal. https://doi.org/10.30955/gn;j.0679.

Yang, Y., Shahbeik, H., Shafizadeh, A., Rafiee, S., Hafezi, A., Du, X., Pan,
J., Tabatabaei, M. and Aghbashlo, M. (2023). Predicting municipal
solid waste gasification using machine learning: A step toward
sustainable regional planning. Energy, 278, 127881.

Zhang, Y., et al. (2024). Optimization of photo-Fenton processes
using deep neural networks for refinery wastewater treatment.
Journal of Environmental Management, 342, 117981.

Zhang, Y., Li, C., Duan, H., Yan, K., Wang, J. and Wang, W. (2023).
Deep learning-based data-driven model for detecting time-
delay water quality indicators of wastewater treatment plant
influent. Chemical Engineering Journal, 467, p.143483.

Zhang,L.; Zhao,H.; Zhang,L.; Song,R.; Wang,Q. and Liu,Z. (2025).
Effect of Coal Tar Components and Thermal Polycondensation
Conditions on the Formation of Mesophase Pitch. Materials,
18, 1002. https://doi.org/10.3390/ma18051002



