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Abstract: This study investigates the degradation kinetics of polycyclic aromatic hydrocarbons (PAHs)
in contaminated soil using hydrogen peroxide (H2O2) and the Fenton process (H2O2/Fe2+). The effect
of oxidant concentration and the Fenton molar ratio on PAH decomposition efficiency is examined.
Results reveal that increasing H2O2 concentration above 25 mmol/samples leads to a slight increase in
the rate constants for both first- and second-order reactions. The Fenton process demonstrates higher
efficiency in PAH degradation compared to H2O2 alone, achieving decomposition yields ranging
from 84.7% to 99.9%. pH evolution during the oxidation process influences PAH degradation, with
alkaline conditions favoring lower elimination rates. Fourier-transform infrared (FTIR) spectroscopy
analysis indicates significant elimination of PAHs after treatment, with both oxidants showing
comparable efficacy in complete hydrocarbon degradation. The mechanisms of PAH degradation by
H2O2 and the Fenton process involve hydroxyl radical formation, with the latter exhibiting greater
efficiency due to Fe2+ catalysis. Gaussian process regression (GPR) modeling accurately predicts
reduced concentration, with optimized ARD-Exponential kernel function demonstrating superior
performance. The Improved Grey Wolf Optimizer algorithm facilitates optimization of reaction
conditions, yielding a high degree of agreement between experimental and predicted values. A
MATLAB 2022b interface is developed for efficient optimization and prediction of C/C0, a critical
parameter in PAH degradation studies. This integrated approach offers insights into optimizing the
efficiency of oxidant-based PAH remediation techniques, with potential applications in contaminated
soil remediation.

Keywords: soil pollution; polycyclic aromatic hydrocarbons; hydrogen peroxide; the Fenton reagent;
chemical oxidation; Gaussian process regression; Improved Grey Wolf Optimizer
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1. Introduction

Polyaromatic hydrocarbons (PAHs) represent a pervasive environmental challenge,
ubiquitous in their occurrence and formidable in their impact. Originating primarily from
the incomplete combustion of diverse organic materials such as coal, petroleum, gasoline,
and wood, these compounds have earned their place as high-priority pollutants. The
urgency surrounding PAHs is fueled by their marked toxicity, carcinogenicity, teratogenic-
ity, and a remarkable resistance to degradation [1]. Their ability to exhibit low water
solubility and exceptional chemical stability perpetuates their presence in soil, creating
lasting repercussions for both ecosystems and human health [2]. As industrial activities
significantly contribute to soil pollution, the imperative for effective and sustainable soil
remediation strategies becomes increasingly apparent [3,4]. The classification of PAHs as
persistent organic pollutants (POPs) underscores the magnitude of the challenge, neces-
sitating comprehensive, ecologically sound, cost-effective, and efficient soil restoration
approaches [5]. The intricate interplay between PAHs and soil further complicates the reme-
diation landscape. These compounds exhibit sequestration and strong sorption tendencies
to soil organic matter, rendering them less accessible and posing a formidable challenge to
traditional treatment methodologies such as biological processes, soil extraction, or wash-
ing. In response, the avenue of chemical oxidation emerges as a promising and dynamic
solution, presenting opportunities for targeted and effective pollutant degradation. Success
in this endeavor hinges on a nuanced understanding of soil properties, contaminant levels,
and specific remediation objectives, recognizing that the efficiency of these methods is
contingent upon the effective interaction between oxidants and contaminants [6,7]. Within
this context, mixed chemical oxidation, characterized by the sequential combination of
surfactants and oxidants, has demonstrated noteworthy success in removing PAHs from
contaminated soils, showcasing robust remediation efficiency across diverse soil particles
and pollution levels [8,9]. Extensive work has been devoted to developing soil remediation
techniques [10], which mainly involves physical, chemical, and biological processes or/and
their combinations. Advanced oxidation processes (AOPs) are powerful chemical methods
with growing popularity for organic-contaminated soil remediation, being considered more
effective than physical and biological approaches [11]. The process of chemical oxida-
tion, involving the injection of an oxidant solution into the treatment zone, serves as a
transformative tool, particularly in soils burdened by a historical legacy of contamination
by toxic and persistent organic pollutants [12,13]. In this intricate landscape, hydrogen
peroxide (H2O2) and hydrogen peroxide via the Fenton reaction emerge as key oxidants.
One of the most frequently AOPs used is the Fenton process (H2O2 + Fe2+), where H2O2
is the oxidant species and homogeneous Fe(II) acts as a catalyst for hydrogen peroxide
decomposition [14,15], each with its unique characteristics and applications. While the
application of hydrogen peroxide is tempered by its limitations under neutral pH condi-
tions due to the formation of water, the Fenton reaction provides a pathway marked by
high reactivity of the hydroxyl radical (OH), capable of oxidizing a diverse array of organic
contaminants, facilitated by an alkaline pH in the chemical reaction [14,16]. The research
into the chemical oxidation of PAHs, often conducted at the laboratory scale in stirred
closed reactors, offers valuable insights. Frequently utilizing samples from industrially
contaminated areas marked by petroleum activity, these studies investigate the effects
of chosen oxidants, providing a foundation for a deeper understanding of the intricate
dynamics involved in pollutant removal [17,18]. The careful selection of oxidants in such
studies is guided not only by their effectiveness but also by the imperative to preserve the
integrity of the soil environment. Noteworthy observations, such as the influence of Fenton
reagent on total organic carbon (TOC) content in the soil and its impact on indigenous soil
microbe growth, contribute key insights into enhancing PAH remediation strategies and
evaluating their ecological implications [19]. As concerns surrounding the environmental
impact of rapid petroleum hydrocarbon degradation through chemical oxidation continue
to grow, the quest for environmentally friendly activation methods gains prominence [20].
Against this backdrop, this study sets out with the overarching objective of comprehen-
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sively assessing the efficiency of chemical oxidation. It aims to unravel the multifaceted
impact of this remediation strategy on PAH content, availability, structure, and crucial soil
properties, such as organic matter content and pH. Through meticulous treatment of eight
contrasting samples of contaminated soil, coupled with a stringent control of pH and tem-
perature, the study seeks to contribute to the evolving understanding of environmentally
conscious approaches to soil remediation. The chosen oxidants, hydrogen peroxide and a
modified Fenton reagent, serve as focal points in exploring the delicate balance between
effectiveness and environmental preservation [21]. In essence, this investigation endeavors
to navigate the complexities of PAH remediation, advancing our understanding of chemi-
cal oxidation as a potent tool in the pursuit of a sustainable and ecologically responsible
remediation strategy. In this research, a comprehensive exploration of polycyclic aromatic
hydrocarbons (PAHs) degradation was conducted through chemical oxidation processes
using hydrogen peroxide (H2O2) and the Fenton method (H2O2/Fe2+). The experiments
investigated the impact of oxidant concentration and the H2O2/Fenton molar ratio on the
kinetics of PAH decomposition, while also monitoring pH evolution during oxidation. A
comparative analysis of degradation results revealed significantly higher efficiency of the
Fenton method compared to isolated H2O2. Additionally, an examination of degradation
mechanisms elucidated the underlying chemical reactions involved in PAH decomposition.
Concurrently, Gaussian process regression (GPR) modeling was employed to optimize
degradation conditions, integrating the Improved Grey Wolf Optimizer (IGWO) algorithm
to determine optimal settings. Finally, an optimization and prediction interface were de-
veloped using MATLAB, aimed at minimizing the reduced concentration ratio (C/C0),
a critical parameter of the study, through IGWO. This interface allows researchers and
practitioners to input necessary parameters for optimization, providing precise and reliable
results based on the GPR model. This work collectively represents a crucial contribution to
the development of effective remediation strategies against PAH contamination in soils,
underscoring the importance of predictive modeling in environmental management. The
novelty of this work lies in several aspects. Firstly, it provides a comprehensive investiga-
tion into the degradation of polycyclic aromatic hydrocarbons (PAHs) using both hydrogen
peroxide (H2O2) and the Fenton process (H2O2/Fe2+), considering factors such as oxidant
concentration and the H2O2/Fenton molar ratio. This holistic approach contributes to a
deeper understanding of the degradation kinetics and mechanisms involved. Secondly, the
integration of Gaussian process regression (GPR) modeling, coupled with the Improved
Grey Wolf Optimizer (IGWO) algorithm, for optimizing degradation conditions represents
an innovative methodological approach. This combination allows for the identification of
optimal degradation settings, enhancing the efficiency and effectiveness of the remedia-
tion process. Furthermore, the development of an optimization and prediction interface
using MATLAB adds practical value to the research. This interface facilitates the input of
parameters for optimization and provides accurate predictions based on the GPR model,
offering a user-friendly tool for researchers and practitioners in the field of environmental
management. Overall, the novelty of this work lies in its integrated approach, combining
experimental investigations, advanced modeling techniques, and practical application
development to address the challenge of PAH contamination in soils.

2. Materials and Methods
2.1. Reagents

The chemicals used are hydrogen peroxide (H2O2, 50%), and ferrous sulfate hep-
tahydrate (FeSO4·7H2O, 84%). All products were supplied by Sigma Aldrich, Saint-Louis,
MO, USA.

2.2. Contaminated Soil Sampling and Preparation of Samples

Sampling activities were meticulously carried out at a refinery station situated in the
GL1-Z zone in Arzew (Oran), western Algeria, where the environment has been signifi-
cantly impacted by a year-long presence of petroleum activities, resulting in contamination
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with polycyclic aromatic hydrocarbons (PAHs). The collection of soil samples was a
thorough process, encompassing depths from 0 m to 2.9 m. Post-collection, the samples
underwent a series of meticulous procedures, including air-drying at room temperature,
sieving to a granularity of 0.8 mm, and homogenization utilizing the quartering method
(performed twice). These steps were undertaken to derive a representative sample, denoted
as PS, which encapsulates the characteristics of the polluted soil. Subsequently, the PS
sample was conscientiously stored at 4 ◦C in a dark environment, ensuring the preservation
of its integrity until future analysis [22].

The analytical results for the collected soil samples provided insights into their compo-
sition, revealing a distinctive silty–sandy texture. These findings, crucial for understanding
the soil’s characteristics, are comprehensively detailed in Table 1.

Table 1. Properties of the contaminated soil.

Texture pH
Electric

Conductivity
(mS/m)

Organic
Matter

(%)
Humidity Density

(g/cm3)

Sand 40%
Silt 48% 7.05 8.06 6.0 0.12 2.60
Clay 12%

The extraction process involved drawing the upper organic phase (ranging from 10 to
25 mL) using a liquid-phase microinjector, followed by meticulous dilution to 1.0 mL with
n-hexane in preparation for gas chromatography–mass spectrometry (GC-MS) analysis.
To ensure precision, all degradation experiments mentioned earlier were conducted with
careful repetition, totaling three iterations. After employing acetonitrile for solvent extrac-
tion of the sorbed polycyclic aromatic hydrocarbons (PAHs), the quantification of these
compounds was performed utilizing a GC-MS system (Shimadzu). This system featured a
diode array UV detector, a Prosphere C-18 column (Alltech, 250 mm × 46 mm, particle size
5 µm), and a pre-column (Alltech, 150 mm × 4.6 mm).

The mobile phase comprised an 85% mixture of acetonitrile and 15% ultrapure water,
with a flow rate set at 0.4 mL min−1. External calibrations were performed using a standard
mixture of 16 PAHs from the US Environmental Protection Agency (USEPA) in acetonitrile
within the 1–100 mg/L range (Dr. Ehrenstorfer PAH-Mix 9) with five calibration levels. Five
calibration levels were employed to ensure accuracy in the calibration process. The detailed
and comprehensive results stemming from these analyses are methodically presented in
Table 2.

Table 2. Composition of polluted soil.

Elements Concentration
(mg/kg Soil) Elements Concentration

(mg/kg Soil)

BTEX

Benzene <0.01
Ethylbenzene <0.01

Styrene <0.01
Toluene 0.001
Xylene 0.001

Total BTEX 0.005

PAHs

Naphtalene 27.12 Crysene 16.00
Acenaphtylene 3.56 Benzo(a)anthracene 98.20
Acenaphtene 91.22 Benzo(b)fluoranthene 102.60

Fluorene 98.06 Benzo(k)fluoranthene 31.00
Phénanthrene 250.03 Benzo(a)pyrene 44.37

Anthracene 44.67 Dibenzo(a,h)anthracene 11.20
Fluoranthene 182.67 Benzo(g,h,i)perylene 32.30

Pyrene 139.80 Indeno(1,2,3-cd)pyrene 27.20
Total 1200
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The soil samples slated for treatment revealed a total concentration of approximately
1200 mg/kg of polycyclic aromatic hydrocarbons (PAHs). Notably, phenanthrene emerged
as the predominant pollutant within the soil under consideration, being recognized as a
model pollutant.

2.3. Experimental Procedure

In this research, the process of oxidation was implemented using hydrogen peroxide
(H2O2) and the Fenton reagent. The Fenton reagent involves the combination of hydrogen
peroxide with ferrous ions (Fe2+) acting as a catalyst, where a 0.5 M solution of heptahy-
drated ferrous sulfate (FeSO4) was employed.

For each treatment, a soil sample containing pollutants (30 g) was mixed with distilled
water in a 3:10 solid-to-liquid ratio within a 250 mL Erlenmeyer flask. The amount of
water added was carefully determined to achieve a final solution volume (including the
volume of the added oxidant) of approximately 100 mL. The soil–water mixture underwent
magnetic stirring (300 rpm) for several minutes to ensure the creation of a homogeneous soil
suspension. Following this, the oxidant was added gradually, with meticulous attention to
preventing an excessive temperature rise. In the Fenton process, the catalyst was introduced
first, followed by the oxidant. The Fenton (Fe(II)/Fe(III) + H2O2) process with a neutral pH
maintains solubility, and thus enhances the production of oxidative species and extends
the applicability of Fenton oxidation to a wider pH range [23–25].

Guided by prior studies on Fenton oxidation of crude oil hydrocarbons [26], concen-
trations of hydrogen peroxide and ferrous sulfate were chosen, encompassing two different
molar ratios of H2O2:Fe2+ (50:1, 50:2, 100:1 and 100:2). The precise amounts of oxidant
and catalyst for each sample are detailed in Table 3. Duplicate oxidation experiments were
conducted under room temperature conditions (20 ◦C).

Table 3. Experimental conditions.

Oxidant Tests H2O2:Fe2+

Molar Ratio

Oxidant
Concentration/M
H2O2:Fe2+

H2O2

H1 25:0

5
H2 50:0
H3 100:0
H4 200:0

Fenton

F1 50:1 5:0.5
F2 50:2 5:0.5
F3 100:1 5:0.5
F4 100:2 5:0.5

2.4. Kinetics of PAH degradation in soil

In delving into the intricate dynamics of PAH degradation, we scrutinize the oxidation
capacity as it evolves. The equilibrium of the chemical reaction manifests after a specified
duration of interaction between the oxidant and the pollutant. The rate constant is extracted
through the application of the model formulated by La Gergen [27], a choice made for its
simplicity and its proven efficacy in the oxidation of organic compounds. The first-order
and the second-order nonlinear reaction kinetics models were used to study the kinetics of
PAH degradation using H2O2 and the Fenton oxidation process. The individual expressions
were presented in the form of the equations below:

dCt

dt
= −k1Ct (1)

dCt

dt
= −k2(Ct)

2 (2)



Processes 2024, 12, 621 6 of 22

where k1 and k2 represent the first-order and second-order kinetic rate constants, re-
spectively; t is the reaction time and Ct is the PAH concentration at time t. Integrating
Equations (1) and (2), give the following Equations (3) and (4):

Ct = C0e−k1t (3)

1
Ct

=
1

C0
+ k2t (4)

where k1 and k2 represent the rate constants of first-order and second-order kinetics model.
C0 and Ct are the initial concentration and the concentration at time t respectively.

To accurately ascertain the rate constant for the direct oxidation reaction initiated
by the Fenton reagent, it is crucial to study it independently from the secondary reaction
in which hydrogen peroxide (H2O2) with Fe2+ decomposes, generating OH• radicals. In
practical terms, this oxidation yields OH• radicals that directly degrade the pollutant. The
relationship between reaction time and the logarithmic concentration of various systems
with different initial concentrations was determined under pH 8 conditions, with a reaction
time of 60 min. A widely embraced model relies on reaction assumptions (Langmuir–
Hinshelwood, 1921). The oxidation reaction catalyzed by H2O2 with Fe2+ is presumed to
exhibit complete degradation capacity associated with a limited number of pollutant sites
(monolayer coverage).

The reaction rate of H2O2 for a mass m of Fe2+ catalyst:

r =
rm

m
= k[H2O2] (5)

The degradation efficiency of the 16 PAHs was computed as follows:

E =
∑ [PAH]initial −∑[PAH]final

∑[PAH]initial
× 100 (6)

where ∑[PAH] initial and ∑[PAH] final represent the concentrations of the 16 PAHs in the
soil sample before and after oxidation (g/kg), respectively.

2.5. Gaussian Process Regression

Gaussian regression, also known as Gaussian process regression, stands as a sophisti-
cated approach in machine learning for modeling probabilistic functions from observed
data [28]. Unlike parametric regression models that impose specific assumptions on the
data distribution, Gaussian processes embrace a non-parametric approach, thereby of-
fering increased flexibility to represent complex relationships among variables [29]. In
the realm of artificial intelligence, this model finds a plethora of applications, including
time series prediction, modeling of unknown functions, and Bayesian optimization [30].
Fundamentally, a Gaussian process is defined by a probability distribution over functions,
where each potential function is characterized by a mean and associated covariance [31].
The procedure for estimating the target function involves leveraging the properties of this
distribution by using the observed data to update estimates of the mean and covariance [32].
This Bayesian approach offers the advantage of robust modeling while allowing precise
quantification of uncertainty, which proves particularly useful in cases where data are
limited or noisy [28]. Gaussian regression represents a powerful and flexible tool in the
field of artificial intelligence, offering an elegant probabilistic method for modeling and
predicting complex phenomena [30]. Its judicious use helps solve a variety of problems,
thereby contributing to the advancement of research and applications in this ever-evolving
domain [8].
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In this comprehensive study, Gaussian process regression (GPR) served as the cor-
nerstone for constructing a robust mathematical model aimed at predicting the reduced
concentration (C/C0), a critical parameter influenced by time (X1), H2O2 dose (X2), and
Fe2+ dose (X3), all of which were carefully optimized within the scope of this research
endeavor. With the dataset meticulously collected, a strategic division ensued, allocating
70% for training, and 30% for validation, ensuring the integrity and reliability of the model.
To harness the full potential of GPR, a thorough exploration was conducted, scrutinizing 10
distinctive kernel functions, ranging from the conventional exponential and exponential
squared to the more intricate Matern32, Matern52, quadratic rational, ARD exponential,
ARD exponential squared, ARD Matern32, ARD Matern52, and ARD quadratic rational.
This exploration extended further, delving into a myriad of basis functions, including
constant, linear, Pure Quadratic, and zero, while meticulously fine-tuning the parameters—
Kernel Scale [sigmaM, sigmaF], and sigma—of each kernel function to achieve optimal
performance. Amidst this intricate optimization process, the assessment of the model’s
efficacy hinged upon two pivotal criteria: the coefficient of correlation, a measure of the
model’s ability to capture underlying trends, and the root mean square error (RMSE), a
quantification of the model’s predictive accuracy [29,33,34].

R =

N
∑

i=1

(
yexp − yexp

)(
ypred − ypred

)
√

N
∑

i=1

(
yexp − yexp

)2 N
∑

i=1

(
ypred − ypred

)2
(7)

RMSE =

√√√√( 1
N

)(N ∑

∑
i=1

[(
ypredexp()

)
[]2
]
()

)
(8)

where N is the number of data samples, K is the number of variables (inputs), yexp and ypred
are the experimental and the predicted values respectively, yexp and ypred are respectively
the average values of the experimental and the predicted values.

3. Results and Discussion
3.1. Effect of Oxidant Concentration
3.1.1. Effect of H2O2 Concentration

Figure 1 shows the kinetics of the variation in the C/C0 ratio of PAHs as a function of
H2O2 concentration for a duration of 60 min. The first series of experiments was carried
out to investigate the effect of initial H2O2 concentration on HAP degradation kinetics.
The C/C0 ratios of PAHs decomposition as a function of time are shown in Figure 1. Dur-
ing treatment, the C/C0 ratio decreases progressively from 1 to 0.429, 0.373, 0.303 and
0.244 for samples H1, H2, H3, and H4 respectively. However, Increasing H2O2 concentra-
tion above 25 mmol/samples results in a slight increase in the rate constant 0.013 min−1

0.017 min−1 0.019 min−1 and 0.023 min−1 for the first order and 0.017, 0.025, 0.03 and
0.035 L mol−1 min−1 for the second order for samples H1, H2, H3 and H4, respectively.
This increase has been reported in several works including Aleboyeh, A et al. [35] and
Chang, M. W. et al. [13]. where they attribute this to the fact that increasing the concentra-
tion of H2O2 above the optimum results in the transformation of the hydroxyl radicals to
hydroperoxyl radicals, which are characterized by their lower oxidation capacity.

3.1.2. Effect of the Fenton Molar Ratio

Figure 2 depicts the kinetics portraying the fluctuation in the C/C0 ratio of PAHs
over a 60 min duration influenced by the Fenton molar ratio. This experimental series was
designed to scrutinize the impact of varying the H2O2/Fe2+ molar ratio on the efficiency of
PAH decomposition, as depicted in Figure 2. The variation in the H2O2/Fe2+ ratio leads to
a decrease in the concentration ratio, reaching as low as 0.0017 for sample F4. The decrease
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in the rate constant observed in Table 4 may be attributed to the augmented Fenton ion
concentration, resulting in a diminished number of catalytically reactive sites.
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Table 4. Kinetics of the Oxidation Reaction in the Reaction Mixture.

1st Order 2nd Order 1st Order 2nd Order

R2 k·min−1 R2 k·L/mol·min R2 k·min−1 R2 k·L/mol·min
H1 0.95 0.013 0.97 0.017 F1 0.97 0.039 0.997 0.069
H2 0.95 0.017 0.98 0.025 F2 0.97 0.043 0.997 0.077
H3 0.94 0.019 0.97 0.03 F3 0.98 0.055 0.975 0.097
H4 0.94 0.023 0.95 0.035 F4 0.98 0.066 0.958 0.118

3.2. Comparative Evaluation of Degradation Results Using H2O2 and H2O2/Fe2+

PAH degradation efficiency ranged from 57%, 62.7%, 69.7%, and 75.6% for H2O2 assays
H1, H2, H3, and H4, respectively. In the case involving the Fenton reagent, decomposition
yields ranged from 84.7%, 88.3%, 95.5% and 99.9% for samples F1, F2, F3, and F4, respectively
after 60 min of treatment (Figure 3). Pollutant destruction when using Fenton exceeded
that of H2O2 alone, probably due to the fact that decomposition in the case of H2O2
is ensured by the highly reactive radicals formed, which are characterized by a short
half-life, underlining the effectiveness of this oxidant for old contamination. During the
Fenton process, the reaction between H2O2 and Fe2+ results in the production of mainly
hydroxyl radicals, hydroperoxyl radicals and high-valent iron complexes, which can oxidize
PAHs. Consequently, Fenton has been shown to be a potentially viable approach for the
remediation of contaminated soils [5,24,36].

Processes 2024, 12, x FOR PEER REVIEW  9  of  23 
 

 

Table 4. Kinetics of the Oxidation Reaction in the Reaction Mixture. 

1st Order    2nd Order  1st Order  2nd Order 

  R2  k/min  R2  k·L/mol·min    R2  k/s  R2  k·L/mol·min 

H1  0.95  0.013  0.97  0.017  F1  0.97  0.039  0.997 0.069 

H2  0.95  0.017  0.98  0.025  F2  0.97  0.043  0.997 0.077 

H3  0.94  0.019  0.97  0.03  F3  0.98  0.055  0.975 0.097 

H4  0.94  0.023  0.95  0.035  F4  0.98  0.066  0.958 0.118 

3.2. Comparative Evaluation of Degradation Results Using H2O2 and H2O2/Fe2+ 

PAH degradation efficiency ranged from 57%, 62.7%, 69.7%, and 75.6% for H2O2 as-

says H1, H2, H3, and H4, respectively. In the case involving the Fenton reagent, decompo-

sition yields ranged  from 84.7%, 88.3%, 95.5% and 99.9%  for samples F1, F2, F3, and F4, 

respectively after 60 min of treatment (Figure 3). Pollutant destruction when using Fenton 

exceeded that of H2O2 alone, probably due to the fact that decomposition in the case of 

H2O2 is ensured by the highly reactive radicals formed, which are characterized by a short 

half-life, underlining the effectiveness of this oxidant for old contamination. During the 

Fenton process, the reaction between H2O2 and Fe2+ results in the production of mainly 

hydroxyl radicals, hydroperoxyl radicals and high-valent iron complexes, which can oxi-

dize PAHs. Consequently, H2O2/Fenton has been  shown  to be a potentially viable ap-

proach for the remediation of contaminated soils [5,24,36]. 

 
Figure 3. Cont.



Processes 2024, 12, 621 10 of 22
Processes 2024, 12, x FOR PEER REVIEW  10  of  23 
 

 

 

 
(c) 

Figure 3. HAPs degradation rate (a) with H2O2 (b) with H2O2/Fe2+ (c) Comparative analysis of deg-

radation rate using H2O2 and H2O2/Fenton system. 

3.3. pH Evolution during the Oxidation Process 

The pH of the reaction system played a pivotal role in the degradation of polycyclic 

aromatic hydrocarbons (PAHs). The study of the initial pH effects was conducted for the 

reaction mixture using hydrogen peroxide, ranging between 7.1 and 8.01, as depicted in 

Figure 4a. As in the case of Fenton reagent utilization, a notable increase in pH from 7.3 to 

8.6 was observed (Figure 4b), indicating the alkaline nature of the reaction mixture due to 

H1    F1 H2   F2 H3   F3 H4    F4
0

20

40

60

80

100

69.7 %
62.7 %

57 %

E
lim

in
at

io
n

 %

75.58 %

84.7 % 88.3 %

99.8 %
95.4 %

Figure 3. PAHs degradation rate (a) with H2O2 (b) with H2O2/Fe2+ (c) Comparative analysis of
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3.3. pH Evolution during the Oxidation Process

The pH of the reaction system played a pivotal role in the degradation of polycyclic
aromatic hydrocarbons (PAHs). The study of the initial pH effects was conducted for the
reaction mixture using hydrogen peroxide, ranging between 7.1 and 8.01, as depicted in
Figure 4a. As in the case of Fenton reagent utilization, a notable increase in pH from 7.3 to
8.6 was observed (Figure 4b), indicating the alkaline nature of the reaction mixture due to
the production of hydroxyl ions (OH−). This suggests that an elevation in the system’s pH
resulted in a substantial reduction in the elimination rate of PAHs [37–41]. Since PAHs are
a series of non-ionizable organic compounds, this pH-dependent degradation behavior
could be attributed to the characteristics of the oxidant. Therefore, the pH of the reaction
system emerged as a critical factor in PAH degradation, exhibiting different first-order
reaction rates in both cases and leading to an enhanced elimination of PAHs. To ensure
the efficient presence of catalysis at neutral pH despite the low solubility of Fe(III), iron
minerals naturally occurring in soils (normally iron in its oxidized state Fe(III)) have also
been used as catalysts instead of soluble iron (Fe(II)) [42]. The progressive solubilization of
the native iron minerals allows the decomposition of H2O2 and pollutants oxidation in soils
without pH adjustment [43,44]. Similarly, heterogeneous Fenton reactions can effectively
degrade refractory organic pollutants in soils at even circumneutral pH ranges [45].

Processes 2024, 12, x FOR PEER REVIEW  11  of  23 
 

 

the production of hydroxyl ions (OH−). This suggests that an elevation in the system’s pH 

resulted in a substantial reduction in the elimination rate of PAHs [37–41]. Since PAHs are 

a series of non-ionizable organic compounds, this pH-dependent degradation behavior 

could be attributed to the characteristics of the oxidant. Therefore, the pH of the reaction 

system emerged as a critical  factor  in PAH degradation, exhibiting different first-order 

reaction rates in both cases and leading to an enhanced elimination of PAHs. To ensure 

the efficient presence of catalysis at neutral pH despite the low solubility of Fe(III), iron 

minerals naturally occurring in soils (normally iron in its oxidized state Fe(III)) have also 

been used as catalysts instead of soluble iron (Fe(II)) [42]. The progressive solubilization 

of the native iron minerals allows the decomposition of H2O2 and pollutants oxidation in 

soils without pH adjustment [43,44]. Similarly, heterogeneous Fenton reactions can effec-

tively degrade refractory organic pollutants in soils at even circumneutral pH ranges [45]. 

0 10 20 30 40 50 60

7.0

7.2

7.4

7.6

7.8

8.0

8.2

pH

Time (min)

 H1

 H2

 H3

 H4

(a)

 

0 10 20 30 40 50 60

7.4

7.6

7.8

8.0

8.2

8.4

8.6

p
H

Time (min)

 F1

 F2

 F3

 F4

(b)

 

Figure 4. Variation of pH during chemical oxidation by H2O2 (a) and Fenton reagent (b). 
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3.4. Impact of Fenton Oxidation on Treated Soil

The infrared spectra of samples were acquired at room temperature employing a
Perkin Elmer Fourier-transform infrared (FTIR) spectrometer. This instrument operates
within the spectral range of 4000 to 400 cm−1, encompassing both the mid-infrared and near-
infrared regions, allowing for comprehensive analysis of molecular vibrations. Utilizing
the attenuated total reflection (ATR) technique, the samples were prepared and measured.
The ATR technique facilitates direct analysis of solid, liquid, and even thin film samples
without the need for extensive sample preparation. Spectra were collected with a high
spectral resolution of 4 cm−1, ensuring fine detail and accuracy in the recorded vibrational
spectra, thus enabling precise characterization of the chemical bonds present within the
samples. The IR spectrum providing insight into the characteristic functional groups within
soil contaminated by PAHs sheds light on the presence of alkyl groups (-CH2-, =CH2,
CH3) stemming from aliphatic chains (stretching vibrations) [46]. This is evident in the
highly intense bands observed within the region of 2855.14 to 2921.14 cm−1 (represented
in the Figure 5 by the grey color). Additionally, aromatic (C=C) groups exhibit peaks at
1420.66 cm−1 [47], (see the purple color in Figure 5a,b), and the existence of monosubstituted
alkenes is indicated at 1009.33 cm−1 (represented by a cyan color). Furthermore, the
functional group characteristic of a meta-disubstituted benzene compound is identified
within the range of 691.26 to 797.5 cm−1 (represented by a green color) [48]. Upon closer
examination of the peaks at varying concentrations of utilized Fenton, it becomes apparent
that the alkyl group band at 2921.14 cm−1 is absent, along with the disappearance of peaks
at 1420.66 cm−1, confirming the nonexistence of aromatic groups [49]. Additionally, the
peaks displayed from 1083.90 to 1085.58 cm−1 suggest lingering traces of alkenes in the
treated samples. Notably, the functional group of a meta-disubstituted benzene compound
persists at 798.93 cm−1. These findings are visually represented in Figure 4a [50]. In the
IR analysis of polluted soil treated with hydrogen peroxide as the oxidant, as presented
in Figure 4b, a resemblance to the Fenton-treated samples is observed, with the absence
of the alkyl group band at 2921.14 cm−1 and the disappearance of peaks at 1420.66 cm−1,
indicating the nonexistence of aromatic groups. Traces of alkenes are still discernible in the
peaks ranging from 1083.75 to 1087.22 cm−1. The functional group of a meta-disubstituted
benzene compound is also evident at 798.93 cm−1 in the treated samples. These results
elucidate the significant elimination rate, attributed to the comprehensive oxidation of
PAHs and the efficacy of the chosen oxidant.

Comparing the IR spectra of polluted soil to soil treated with both oxidants under-
scores the equal efficiency in achieving complete hydrocarbon degradation. Peak intensity
observations reveal that F is lower than PS, while in H, it surpasses PS (indicating the
presence of organic OH groups). Although a small amount of [H2O2] for F1 and F2 suffices,
a larger quantity is required for H3 and H4 to decrease peak intensity.

The suggestion to employ a concentrated hydrogen peroxide solution for treating poly-
cyclic aromatic hydrocarbons (PAHs) attached to non-aqueous phase liquids is rooted in
the development of an alternative reductive pathway. This pathway demonstrates efficacy
in breaking down organic compounds that exhibit resistance to hydroxyl radicals. Under
robust Fenton conditions, the overall mechanism proposes the interaction of adsorbed
PAHs with either aqueously present or surface-generated hydroxyl radicals (OH•).

This proposed mechanism underscores the intricate interplay of hydrogen peroxide
and iron ions, leading to the generation of hydroxyl radicals (OH•). The ensuing oxidative
power of these radicals facilitates the degradation of PAHs adsorbed onto non-aqueous
phase liquids.

This interpretation aligns with the experimental results, emphasizing the significance
of understanding the underlying chemical processes for optimizing the degradation effi-
ciency of persistent organic pollutants in contaminated soil.
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3.5. Proposed Mechanism of the Hydrogen Peroxide and Fenton Degradation

The mechanisms of polycyclic aromatic hydrocarbons (PAHs) degradation by hydro-
gen peroxide (H2O2) alone and the Fenton process (H2O2/Fe2+) share a common basis of
highly reactive hydroxyl radicals (OH•) formation [51], as shown in Figure 6. When H2O2
is used alone, it spontaneously decomposes to generate OH•, which attacks PAHs, breaking
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them down into smaller fragments. In the Fenton process, the addition of iron (II) (Fe2+)
acts as a catalyst, promoting more efficient OH• formation. Fe2+ reduces H2O2, generating
OH• and regenerating Fe2+ in the process. The OH• then attack PAHs [52], leading to their
degradation. Both mechanisms involve PAH decomposition by hydroxyl radicals, but the
Fenton process, with the addition of Fe2+, exhibits greater efficiency in generating more
OH• to accelerate the degradation process [53].
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Reactions for the H2O2 Mechanism:
Decomposition of hydrogen peroxide:

H2O2 → OH− + OH• (9)

Attack of hydroxyl radicals (OH•) on PAHs:

HAP + OH• → HAP• + H2O (10)

Reactions for the Fenton Process (H2O2/Fe2+):
Formation of hydroxyl radicals (OH•):

Fe2+ + H2O2 → Fe3+ + OH− + OH• (11)

Attack of hydroxyl radicals on PAHs:

HAP + OH• → HAP• + H2O (12)

Chain reactions:
Resulting fragments from PAHs can themselves react with hydroxyl radicals, thus

initiating a chain reaction.
Formation of oxidized species:
Resulting degradation products may undergo further oxidation reactions, forming

oxidized compounds that are easier to degrade or eliminate.
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Regeneration of iron (II) (Fe2+):

Fe3+ + e− → Fe2+ (13)

The iron (III) (Fe3+) formed during the reaction is reduced back to iron (II) (Fe2+) by
electrons released in the reaction, allowing for the regeneration of the ferrous catalyst.

3.6. Gaussian Process Regression

As previously indicated, to obtain the best model, we explored a diverse range of
kernel functions, from conventional ones such as exponential and exponential squared,
to more intricate ones such as Matern32, Matern52, quadratic rational, ARD exponential,
ARD exponential squared, ARD Matern32, ARD Matern52, and ARD quadratic rational.
This exploration further extended to encompass a myriad of basis functions, including
constant, linear, PureQuadratic, and zero. Simultaneously, the parameters—Kernel Scale
[sigmaM, sigmaF], and sigma—of each kernel function were meticulously fine-tuned to
achieve optimal performance. The results of the best model obtained were represented in
Table 5, highlighting the values of Kernel Scale [sigmaM, sigmaF], and sigma, the number
of parameters, as well as the correlation coefficients and RMSE for each phase of the
study. This reminder helps to contextualize the forthcoming results within the utilized
methodology and will facilitate their interpretation.

Table 5. Performances of the GPR model.

Kernel
Function

Basis
Function Kernel Scale Sigma Quantite R RMSE (1.0 e-03)

SigmaM SigmaF Train Val All Train Val All

ARD-
Exponential Constant

18.8299
160.0958
51.8017

0.6258 0.0029 44 1.0000 0.9997 0.9999 0.1392 0.0212 0.1173

The results from the Table 5 demonstrate exceptional performance of the model at each
phase of optimization. The use of the ARD-Exponential kernel function combined with a
constant basis function appears to be the optimal configuration for achieving these high
performances. This combination allows for flexible adaptation to the data while ensuring
precise modeling of relationships between input variables. Additionally, the coefficient
of correlation (R) reaching the maximum value of 1 for all phases indicates a perfect
correlation between predicted and actual values during training, validation, and across all
data. This underscores the model’s ability to effectively capture trends and relationships
between variables. Similarly, the extremely low values of RMSE (root mean square error)
for each phase, notably 0.1392 × 10−3 for training, 0.0212 × 10−3 for validation, and
0.1173 × 10−3 for all data, denote remarkable precision in the model’s predictions, with
minimal deviations between predicted and actual values. Regarding the choices of kernel
and basis functions, these results confirm the reliability and effectiveness of the optimized
model in predicting reduced concentration, highlighting its potential application across
various research and industry domains.

These results are visually presented in Figure 7, providing a graphical representation
of the findings.

3.6.1. Residual Analysis of Model GPR

A detailed residual analysis was carried out to provide a comprehensive validation of
the model’s efficacy and reliability. Initially, the experimental and predicted values were
overlaid on a graph (Figure 8a), enabling a visual comparison to assess their alignment.
This graphical representation facilitated the identification of any systematic deviations or
patterns in the model’s predictions across different phases [33]. Additionally, a second
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analytical approach was employed, where an error histogram was constructed to visualize
the distribution of residuals for each phase (Figure 8b) [28,33]. This method allowed for a
deeper exploration of the discrepancies between predicted and observed values, shedding
light on potential outliers or areas of inconsistency. By combining these techniques, a thor-
ough examination of the model’s performance was achieved, offering valuable insights into
its predictive capabilities and highlighting any areas for refinement or further investigation.
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The findings underscore a compelling coherence between the experimental data and
the model’s predictions (Figure 8a), affirming the robustness of the developed model. This
harmonious alignment not only validates the model’s capacity to faithfully capture the
intricate nuances within the dataset but also attests to its reliability in providing accurate
predictions. Moreover, this alignment was further accentuated by a meticulous error
analysis, meticulously illustrated through a histogram depiction (Figure 8b). Noteworthy
is the discernible clustering of errors within a remarkably narrow range, confined within
the interval of [−0.0003, 0.0003] (Figure 8b). This nuanced examination reveals a striking
precision in the model’s predictions, with the overwhelming majority of discrepancies
being minute. Such precision reinforces the model’s resilience and aptitude, bolstering its
applicability across various domains.

3.6.2. Optimization and Validation of the Optimum Conditions

The Improved Grey Wolf Optimizer algorithm (IGWO) emerged as a cornerstone in
achieving optimization [33,34]. Leveraging its robust optimization capabilities, the algo-
rithm facilitated the attainment of an optimal solution (minimization of C/C0), which was
subsequently rigorously validated within the laboratory setting. Following this validation,
a thorough examination of predictive accuracy ensued, entailing the meticulous calculation
of errors between predicted and experimental values. These insightful results were metic-
ulously compiled and presented in Table 6, offering a detailed portrayal of the model’s
predictive performance and its alignment with experimental data.
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Table 6. Comparison between actual and predicted responses at optimum conditions.

X1 = 60. X2 = 200. and X3 = 2

C/C0 experimental values 0.001

C/C0 predicted values 0

Error 0.001

Where:
Error = Experimental response − Predicted response (14)

The results presented in Table 6 demonstrate a remarkable consistency between the
experimental values of C/C0 (reduced concentration) and the model predictions. Initially,
the experimental measurements revealed a value of 0.001, while the model had antici-
pated a value of 0. Although this slight disparity results in a prediction error of 0.001,
it nevertheless underscores the precision of the model in its forecasts. This observation
sheds light on the undeniable effectiveness and reliability of the model in representing the
studied phenomena.

3.6.3. Interface for Optimization and Prediction

To enhance the predictive capabilities of our research, we have developed a bespoke
application using MATLAB (Figure 9). This application serves the purpose of optimizing
the minimization of C/C0, a critical parameter in our study, employing the IGWO algo-
rithm. This optimization process is founded upon the robust model created through GPR,
which accurately captures the underlying dynamics of the system under investigation.
By integrating these advanced computational techniques, our methodology not only en-
sures the precision of our predictions but also provides a streamlined approach for further
exploration and analysis in our research domain.
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4. Conclusions

This study provides valuable insights into the breakdown kinetics of polycyclic aro-
matic hydrocarbons (PAHs) using both hydrogen peroxide (H2O2) and the Fenton process
(H2O2/Fe2+). The results demonstrate the effectiveness of both H2O2 and the Fenton
process in degrading PAHs, with the latter showing greater efficiency, achieving decompo-
sition rates ranging from 84.7% to 99.9%. The pH changes during oxidation significantly
affect PAH degradation, underlining the importance of maintaining optimal pH levels
for successful remediation. Additionally, Fourier-transform infrared (FTIR) spectroscopy
analysis confirms significant PAH removal post-treatment, with both oxidants exhibiting
similar efficacy in achieving complete hydrocarbon degradation. The mechanisms underly-
ing PAH degradation, primarily through the formation of hydroxyl radicals, highlight the
enhanced efficiency of the Fenton process facilitated by Fe2+ catalysis. The Gaussian process
regression (GPR) model, especially using the ARD-Exponential kernel function, accurately
predicts reduced concentrations, demonstrating superior performance. Utilizing the Im-
proved Grey Wolf Optimizer algorithm allows for the optimization of reaction conditions,
resulting in strong agreement between experimental and predicted values. Furthermore,
the creation of a MATLAB interface offers a user-friendly platform for efficient optimization
and prediction, catering to the needs of researchers and practitioners. In conclusion, this
integrated approach presents promising avenues for enhancing oxidant-based PAH remedi-
ation techniques, particularly in soil remediation efforts. Future research endeavors should
focus on refining optimization strategies and exploring additional factors influencing PAH
degradation kinetics, ultimately advancing the effectiveness of remediation in real-world
environmental contexts.
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