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ABSTRACT 
Iron is one of the most prevalent groundwater contaminants and can cause significant aesthetic, operational, and 
infrastructural problems when present at elevated concentrations. This study aims to (i) experimentally evaluate the 
effects of pH, dissolved oxygen (DO), and sodium hypochlorite (NaOCl) dosage on iron removal efficiency, and (ii) develop 
an interpretable Gene Expression Programming (GEP) model to predict the optimal NaOCl dose under varying water-
quality conditions. Laboratory jar test experiments demonstrated that iron oxidation is strongly pH-dependent, with 
maximum removal efficiency (up to 99%) achieved under acidic conditions (pH 4) at a NaOCl dose of 6 mg/L, due to the 
predominance of hypochlorous acid. Under practical near-neutral conditions relevant to drinking-water treatment (pH 
6.5–7.5), aeration alone enhanced iron removal as DO increased, although diminishing returns were observed beyond 6 
mg/L DO due to increased energy demand. A combined treatment strategy involving low-dose pre-chlorination followed 
by aeration exhibited a clear synergistic effect, achieving iron removal efficiencies of approximately 85–89% using 
NaOCl doses of 1–3 mg/L and DO levels of 4–5 mg/L. This approach reduced overall operational costs by approximately 
40% compared with aeration-only treatment. The developed GEP model showed strong predictive performance (R² = 
0.94; RMSE = 0.34 mg/L) and generated explicit mathematical expressions linking oxidant demand to pH, DO, and 
influent iron concentration. Overall, the study confirms the technical and economic advantages of pre-chlorination 
combined with aeration and highlights the potential of GEP as a transparent decision-support tool for optimizing 
groundwater iron removal. 
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1. INTRODUCTION 

Groundwater is a vital source of water for drinking, 
agriculture, and industrial activities, particularly in arid 
and semi-arid regions where surface water resources are 
scarce or unreliable. Its widespread use is largely 
attributed to its perceived microbiological safety, 
resulting from natural filtration through geological 
formations, as well as its broad availability and relative 
resilience to seasonal variability, climate change impacts, 
and accidental contamination events [1], [2]. 
Consequently, many rural communities and small- to 
medium-sized municipalities rely predominantly, and in 
some cases exclusively, on groundwater supplies that 
typically require limited treatment. This reliance 
underscores the critical role of groundwater in ensuring 
water security and continuity of supply in vulnerable 
regions. 

Despite its generally high microbial quality, 
groundwater frequently contains elevated concentrations 
of dissolved minerals, particularly iron. Although iron is 
not considered toxic at typical concentrations, excessive 
levels pose significant aesthetic, operational, and 
infrastructural challenges when they exceed 
recommended limits [3]. The World Health Organization 
(WHO) recommends a guideline value of 0.3 mg/L for iron 
in drinking water to prevent undesirable taste, 
discoloration, staining of fixtures and laundry, and 
clogging of water distribution systems [4]. However, iron 
concentrations in groundwater can vary widely and may 
exceed 50 mg/L, especially in anaerobic aquifers where 
dissolved ferrous iron (Fe²⁺) predominates [5]. 

Iron is one of the most abundant elements in the 
Earth’s crust and is commonly mobilized into groundwater 
through the dissolution of iron-bearing minerals such as 
oxides, sulfides, carbonates, and silicates under reducing 
conditions. In such environments, iron exists primarily in 
its soluble ferrous form (Fe²⁺), which remains stable in the 
absence of oxygen [5]. Upon abstraction and exposure to 
oxidizing conditions, Fe²⁺ is rapidly converted to ferric 
iron (Fe³⁺), leading to the formation and precipitation of 
insoluble iron hydroxides and oxyhydroxide phases, such 
as Fe(OH)₃ [6]. These precipitates are responsible for 
reddish-brown discoloration, metallic taste, and staining 
of plumbing fixtures and sanitary ware, significantly 
reducing consumer confidence in the supplied water. 

From an operational perspective, iron precipitation 
in treatment facilities and distribution networks can lead 
to pipe clogging, increased hydraulic resistance, 
biofouling, and accelerated corrosion. These processes 
increase maintenance requirements, reduce hydraulic 
capacity, and shorten the lifespan of infrastructure. 
Furthermore, iron deposits can promote the growth of 
iron-related bacteria, exacerbating water quality 
degradation and operational instability. Consequently, 
iron removal is not merely a regulatory obligation but a 
fundamental technical requirement in groundwater-
based drinking water systems. Effective de-ironing is 

essential to maintaining distribution system performance, 
ensuring operational reliability, protecting infrastructure 
from fouling and corrosion, preserving aesthetic water 
quality, and ultimately sustaining public acceptance of 
groundwater-derived drinking water supplies. These 
considerations are central to the long-term sustainability 
and social viability of groundwater use. 

In many groundwater sources, ferrous iron co-occurs 
with other reduced species such as manganese (Mn²⁺), 
ammonium (NH₄⁺), hydrogen sulfide (H₂S), and 
occasionally arsenic in its trivalent form (As (III)). The 
presence of these co-contaminants strongly influences 
process selection, treatment sequencing, and overall 
system design. As a result, a wide range of iron removal 
technologies has been developed and implemented. The 
most widely applied ex situ approach is oxidation–
filtration, in which oxidants such as dissolved oxygen or 
chlorine are used to oxidize Fe²⁺ to Fe³⁺, followed by 
filtration of the resulting precipitates [7]. The efficiency of 
this process is highly dependent on water chemistry, 
particularly pH, dissolved oxygen concentration, and iron 
speciation [8]. 

Alternative treatment methods have been developed 
to address specific operational conditions. Ion exchange 
is typically applied at low iron concentrations and in 
systems requiring simultaneous hardness removal, while 
chemical precipitation is more suitable for iron 
concentrations exceeding 10 mg/L [9]. Biological iron 
removal has gained increasing attention as a sustainable, 
chemical-free alternative [10], whereas polyphosphate 
dosing is sometimes used to sequester iron and prevent 
staining without removing it [11]. Membrane-based 
processes, such as ultrafiltration, can also be employed to 
remove iron precipitates following oxidation physically 
[12]. In addition to surface-based treatments, in situ 
techniques—most notably the Vyredox process—aim to 
remove iron within the aquifer itself by establishing an 
oxygenated reactive zone around abstraction wells, 
promoting heterogeneous adsorption and localized 
oxidation of Fe²⁺ on aquifer grains [13], [14]. Such 
approaches are particularly attractive where surface 
treatment capacity is limited. 

Despite the proven effectiveness of aeration and 
chemical oxidation technologies, several critical 
challenges persist. Chief among these is the optimization 
of oxidant dosing, particularly when chlorine-based 
oxidants are employed, due to the associated risk of 
disinfection by-product (DBP) formation and its 
implications for public health. Treatment sequencing—
specifically the comparative performance of pre-
chlorination versus post-aeration chlorination—has 
received limited systematic attention in the existing 
literature. Moreover, recent studies have highlighted the 
lack of dynamic, data-driven models capable of predicting 
the minimum oxidant dose required to achieve a specified 
effluent iron concentration under varying influent 
conditions, including pH, dissolved oxygen, and initial iron 
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levels. Explicit techno-economic analyses that jointly 
consider chemical consumption and aeration energy 
requirements are also notably scarce. 

Accordingly, three key knowledge gaps can be 
identified: (i) limited quantitative evidence comparing the 
effectiveness of pre-chlorination followed by aeration 
versus the reverse treatment sequence under equivalent 
operating conditions; (ii) the lack of operationally 
interpretable models for estimating optimal oxidant 
dosages across a wide range of groundwater chemistries; 
and (iii) insufficient reporting of cost trade-offs that 
integrate both chemical inputs and aeration energy 
consumption. To address these gaps, the present study 
investigates the combined application of aeration and 
chemical oxidation using sodium hypochlorite (NaOCl) for 
iron removal from groundwater. While the individual 
processes are well established, their quantitative 
synergy—particularly the potential kinetic advantage of 
pre-chlorination in reducing downstream aeration energy 
demand—has not been rigorously examined using data-
driven modeling approaches. This study contributes to the 
literature by systematically evaluating treatment 
sequencing and developing a transparent Gene 
Expression Programming (GEP) model to predict optimal 
oxidant dosages, thereby supporting cost-effective, 
evidence-based decision-making for groundwater 
treatment utilities. 

 
 

2. LITERATURE REVIEW 

2.1. Chemical Oxidation and Aeration Kinetics for Iron 
Removal 

Iron removal from groundwater has traditionally relied on 
oxidation-based treatment processes, in which soluble 
ferrous iron (Fe²⁺) is oxidized to insoluble ferric iron (Fe³), 
followed by solid–liquid separation via sedimentation or 
filtration. Early foundational studies established the 
baseline effectiveness of aeration for iron oxidation [15]. 
They demonstrated the influence of oxidant type, dosage, 
and pH on the simultaneous removal of iron and 
manganese using chlorine-based oxidants, including 
sodium hypochlorite (NaOCl) [16], [17]. Owing to its 
simplicity and the absence of chemical addition, aeration 
remains one of the most widely applied iron removal 
techniques. However, its performance is highly sensitive 
to operational parameters, including pH, temperature, 
oxygen transfer efficiency, and hydraulic retention time. 

In practice, achieving regulatory iron limits solely 
through aeration often requires high energy inputs, 
extended contact times, or large reactor volumes. These 
requirements can substantially increase operational costs 
and limit the feasibility of aeration-based systems, 
particularly for small-scale or decentralized water supply 
schemes. Chemical oxidation using chlorine-based 
oxidants offers faster reaction kinetics and improved 
robustness at moderate iron concentrations. Kan et al. 

reported that NaOCl oxidation combined with membrane 
filtration achieved manganese removal efficiencies 
exceeding 90% at pH values above 7 and oxidant doses 
greater than 3 mg/L, with the accumulation of iron–
manganese oxides enhancing long-term treatment 
performance [18]. Similarly, Faye et al. investigated iron 
oxidation kinetics using oxygen, potassium permanganate, 
and NaOCl, concluding that aeration or chlorination alone 
was often insufficient to consistently meet drinking water 
standards under variable groundwater conditions [19]. 
These findings underscore the strong dependence of 
chemical oxidation performance on water chemistry and 
process control. 

More recent studies have shown that iron removal is 
governed not only by homogeneous oxidation and floc 
formation in solution but also by adsorption onto filter 
media or preformed flocs, followed by surface-mediated 
oxidation processes [20]–[22]. While these insights have 
improved mechanistic understanding, many published 
studies still report oxidant performance empirically, 
without providing quantitative guidance on dose 
optimization or sufficiently elucidating the roles of pH and 
dissolved oxygen under dynamic operating conditions. 

 
2.2. Combined and Alternative Iron Removal 

Technologies 

To address the limitations of single-process systems, 
combined treatment schemes integrating aeration and 
chemical oxidation have been increasingly implemented 
in groundwater treatment practice. These hybrid 
configurations can enhance removal efficiency and 
operational resilience; however, their effectiveness is 
strongly influenced by system design and treatment 
sequence. Despite the widespread application of 
aeration–chlorination systems, most studies focus on 
overall removal performance and compliance outcomes, 
rather than systematically evaluating the impact of 
treatment order—such as pre-chlorination followed by 
aeration versus aeration followed by chlorination. 
Consequently, treatment design and operational 
strategies are often based on empirical assumptions, 
introducing uncertainty in chemical dosing requirements 
and energy consumption. 

In parallel, alternative iron removal technologies 
have been investigated. Catalytic filtration using MnO₂-
coated or naturally catalytic media has demonstrated 
high iron and manganese removal efficiencies at 
relatively low influent concentrations (<10 mg L⁻¹), with 
performance strongly influenced by media mineralogy 
and pH [23]. Biological iron-removal processes that 
exploit iron-oxidizing bacteria to facilitate oxidation 
without chemical oxidants have also shown promising 
results under stable operating conditions. Nevertheless, 
both catalytic and biological approaches are associated 
with operational challenges, including sensitivity to 
fluctuations in water chemistry, extended start-up periods, 
process instability, and increased maintenance demands. 
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These constraints limit their broader applicability, 
particularly in resource-constrained or decentralized 
water supply contexts. 

Recent critical reviews confirm that iron and 
manganese removal from groundwater remains an active 
and evolving research field, with growing emphasis on 
advanced and engineered filter media. A comprehensive 
review highlights recent developments in filter material 
design, surface modification strategies, and 
multifunctional treatment pathways that integrate 
oxidation, adsorption, and catalytic mechanisms [24]. 
These studies emphasize that media surface properties, 
material composition, and site-specific operational 
conditions play decisive roles in treatment robustness and 
long-term performance, especially during the transition 
from laboratory-scale experiments to full-scale 
implementation. 

Despite these advances, persistent challenges 
remain, including site-specific variability, sensitivity to 
influent water chemistry, and the lack of systematic 
evaluation frameworks to support process optimization. 
This reinforces the need for integrated approaches that 
combine experimental investigation with data-driven, 
interpretable modeling tools, as pursued in the present 
study. 

 
2.3. Data-Driven Modeling in Drinking Water Treatment 

In recent years, data-driven modeling techniques have 
been increasingly applied in drinking water treatment to 
predict process performance and optimize chemical 
dosing strategies [25]. Machine learning approaches such 
as artificial neural networks (ANNs), support vector 
machines (SVMs), and gene expression programming 
(GEP) have demonstrated strong potential for modeling 
the complex, non-linear relationships inherent in water 
treatment processes. Among these methods, GEP offers 
distinct advantages due to its ability to generate explicit 
mathematical expressions and its high degree of 
interpretability, enabling practitioners to understand the 
influence of individual input variables on model outputs. 

Previous studies have successfully applied GEP to a 
range of water treatment applications, including the 
optimization of poly-aluminum chloride (PACl) dosage 
[26], modeling manganese and ammonium removal [27], 
alum dosing strategies [28], turbidity prediction [29], and 
dissolved organic carbon (DOC) removal [30], [31]. By 
developing predictive models, it becomes possible to 
identify the minimum effective chemical dose required to 
achieve treatment objectives under varying influent 
conditions, thereby enhancing treatment efficiency while 
reducing chemical consumption and the risk of 
disinfection by-product (DBP) formation. However, 
despite these advances, dynamic and data-driven 
predictive models specifically targeting oxidant dosage 
optimization for iron removal remain notably scarce in the 
literature. 

2.4. Gene Expression Programming for Dose Prediction 
and Process Control 

Gene Expression Programming (GEP) has emerged as a 
powerful tool for predicting optimal chemical dosing and 
supporting process control in water treatment systems. 
Compared to traditional machine learning techniques 
such as ANNs and SVMs, GEP offers superior transparency 
and interpretability, as it produces closed-form 
mathematical expressions that explicitly describe the 
relationship between input variables and process 
outcomes. 
 
2.4.1. Interpretability 

A key strength of GEP lies in its ability to generate explicit 
algebraic equations that engineers and operators can 
readily interpret. Unlike ANN and SVM models, which 
often function as “black boxes,” GEP-based models 
provide actionable insights into process behavior and 
variable interactions. This interpretability is particularly 
valuable in operational settings where regulatory 
compliance, process transparency, and informed 
decision-making are essential [32]–[34]. 
 
2.4.2. Closed-Form Expressions: 

Another important advantage of GEP is its ability to 
produce closed-form solutions that directly relate input 
parameters—such as pH, dissolved oxygen, temperature, 
and chemical concentrations—to outputs such as iron 
removal efficiency or optimal oxidant dosage. In contrast, 
ANN and SVM models typically rely on iterative numerical 
procedures and lack explicit analytical expressions, 
limiting their applicability for real-time process control 
and optimization [35], [36]. 
 
2.4.3. Comparison with ANN and SVM 

Although ANNs and SVMs are well-established tools in 
water treatment modeling, they have limitations in 
interpretability, computational intensity, and practical 
implementation. ANNs involve complex neuron 
architectures, while SVMs rely on kernel transformations 
that are difficult to interpret without specialized expertise. 
These models often require extensive training and 
iterative computation to generate predictions, which can 
constrain their use in operational environments [37]–[39]. 

 
2.5. Disinfection By-Products and the Need for Data-

Driven Optimization 

A major limitation of chlorine-based oxidation processes 
is the potential formation of harmful disinfection by-
products (DBPs) resulting from reactions between 
chlorine and natural organic matter. Optimizing oxidant 
dosage is therefore critical, as interactions among 
chlorine, humic substances, and particulate or colloidal 
iron can significantly increase regulated DBP formation, 
intensifying the trade-off between effective iron removal 
and public health protection [5]. Overdosing increases 
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DBP risk and unnecessary chemical use, while 
underdosing may lead to incomplete iron oxidation and 
unstable treatment performance. 

Despite growing interest in advanced process control 
strategies, the literature reveals a clear lack of dynamic, 
data-driven models capable of predicting optimal oxidant 
dosages under variable operational conditions. Although 
artificial intelligence and machine learning methods are 
increasingly applied in water treatment research, their 
use in iron removal optimization particularly for combined 
aeration–oxidation systems with explicit consideration of 
DBP minimization remains limited. Furthermore, explicit 
techno-economic analyses comparing alternative 
treatment sequences and strategies are rarely integrated 
into performance evaluations, restricting the practical 
applicability of existing findings. 

Accordingly, the present study addresses these gaps 
by systematically evaluating the combined use of aeration 
and sodium hypochlorite oxidation for groundwater iron 
removal, with particular emphasis on treatment 
sequencing, oxidant dose optimization, and cost-
effectiveness. By integrating experimental analysis with 
Gene Expression Programming–based modeling, this 
study aims to provide a transparent and operationally 
relevant framework for optimizing iron removal while 
minimizing DBP formation and overall treatment costs. 

3. MATERIALS AND METHODS 

3.1. Water Sample Source 

Water samples were collected from the Al-Mashrafah 
groundwater well, located in the Al-Mashrafah district, 
approximately 20 km from the center of Homs City, Syria. 
The well supplies potable water to the local village and 
has a total depth of 386.75 m. In this study, the first set of 
experiments focused on chemical oxidation using sodium 
hypochlorite, followed by sedimentation and filtration. 
The physicochemical characteristics of the water samples 
across the four experimental series are summarized in 
Table 1. 

Samples were collected in pre-cleaned high-density 
polyethylene (HDPE) bottles, transported on ice, and 
analyzed within 6 h of collection. The pH of the samples 
was adjusted using 0.1 M H₂SO₄ or 0.1 M NaOH and 
verified with a calibrated pH probe (accuracy ±0.01). Jar 
test experiments were conducted in accordance with 
ASTM D2035, consisting of rapid mixing at 150 rpm for 2 
min, slow mixing at 20 rpm for 15 min, and a settling 
period of 90 min unless otherwise specified. After settling, 
the supernatant was filtered through a 0.45-µm 
membrane filter before analysis. 

 
Table 1. Experimental dataset summary (n = 56) 

Parameter Unit Mean SD Parameter 

pH – 7.5 1.46 pH 

Iron (Fe) mg L⁻¹ 1.5 0.28 Iron (Fe) 

Dissolved Oxygen (DO) mg L⁻¹ 4.0 0.79 Dissolved Oxygen (DO) 

Temperature °C 18 0.50 Temperature 

NaOCl dose mg L⁻¹ 2.0 1.90 NaOCl dose 

 
Residual iron concentrations were determined using the 
1,10-phenanthroline colorimetric method with a DR/2010 
spectrophotometer (Hach, USA) at the Homs Water 
Establishment Laboratory. All experimental conditions 
were tested in triplicate (n = 3), and results are reported 
as mean ± standard deviation (SD). 

Iron concentrations were measured using a Hach 
UV/VIS Spectrophotometer DR 2010 following the 
standard phenanthroline method. According to the 
manufacturer’s specifications, the method detection limit 
(MDL) for dissolved iron is approximately 0.02 mg/L, with 
a reliable quantification range extending to several mg/L 
depending on sample dilution. This detection limit is well 
below the regulatory guideline value for iron in drinking 
water (0.3 mg/L), providing sufficient sensitivity to 
evaluate treatment performance and regulatory 
compliance. All reported iron concentrations, including 
values below 0.1 mg/L, exceed the MDL of the instrument 
and are therefore considered analytically reliable [40]. 

 

3.2. Jar Test Procedure 

Jar test experiments were conducted in the 
Environmental Engineering Laboratory at Homs 
University in accordance with ASTM D2035 guidelines. 
The operational parameters were as follows: rapid mixing 
(coagulation) at 150 rpm for 2 min, slow mixing 
(flocculation) at 20 rpm for 15 min, and a settling period 
of 90 min. Following sedimentation, samples were filtered 
under gravity through a 0.45-µm pore-size filter paper. 
Residual iron concentrations were determined using a 
spectrophotometer. 
 
3.2.1. Effect of pH on the Efficiency of Sodium 
Hypochlorite Oxidation 

The objective of these experiments was to determine the 
optimal sodium hypochlorite dosage as a function of 
solution pH. The characteristics of the raw water used 
were as follows: iron concentration of 1.5 mg/L and 
temperature of 18 °C. Experiments were performed using 
a standard jar test apparatus. Samples were subjected to 
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rapid mixing at 150 rpm for 2 min, followed by slow mixing 
at 20 rpm for 15 min, in accordance with ASTM D2035. The 
pH of the samples was adjusted to values of 4, 5, 6, 7, 8, 9, 
and 10 using sodium hydroxide (NaOH) and sulfuric acid 
(H₂SO₄). A calibrated pH probe was immersed in each 
beaker to continuously monitor pH during adjustment. 

Subsequently, sodium hypochlorite (NaOCl) was 
added at doses of 1.5, 3.0, 4.5, and 6.0 mg/L. After rapid 
mixing at 150 rpm for 2 min and a 15-min contact time, 
the samples were allowed to settle for 90 min. The 
supernatant was then filtered and analyzed for residual 
iron concentration. The relationship between sodium 
hypochlorite dosage and residual iron concentration was 
evaluated at each pH level. Each experiment was 
conducted in duplicate, and the average values were 
obtained. 

 
3.2.2. Effect of Dissolved Oxygen on Iron Removal 

To investigate the effect of dissolved oxygen (DO) on iron 
oxidation, water samples were aerated using an air pump. 
Air was introduced into four 1-L cylinders to increase DO 
concentrations. The raw water had an initial DO 
concentration of 3 mg/L and a pH of 7.3. 

Dissolved oxygen levels were monitored 
continuously during aeration. Aeration was terminated 
once DO concentrations of 4, 5, 6, and 7 mg/L were 
achieved, after which the samples were allowed to settle 
for 90 min. The approximate aeration times and 
corresponding air volumes required to reach each DO 
level were as follows: 3 min (10.5 L air/L water) for 4 mg/L, 
8 min (28 L/L) for 5 mg/L, 11 min (38.5 L/L) for 6 mg/L, 
and 16 min (56 L/L) for 7 mg/L. Aeration beyond 16 min 
was ineffective due to temperature-induced changes in 
oxygen solubility and saturation limits. During the settling 
period, samples were collected from the surface every 10 
min, filtered, and analyzed for residual iron concentration. 
 

3.2.3. Effect of pH Adjustment on Aeration Efficiency 

The influence of pH adjustment before aeration on iron 
removal efficiency was evaluated at different dissolved 
oxygen levels. The initial characteristics of the raw water 
were pH 7.0 and DO 3 mg/L. A series of experiments was 
conducted at DO concentrations of 3, 5, and 7 mg/L. At 
the same time, the pH of the raw water was adjusted to 
6.5-8.5 in accordance with the Syrian Standard 
Specification for Drinking Water No. 45 (2007). Sodium 
hydroxide was used to increase pH, while sulfuric acid was 
used to decrease pH. Results indicated that aeration 
efficiency increased with increasing pH, with a 
particularly pronounced improvement observed in the pH 
range of 6.5 to 7.5. 
 
3.2.4. Combined Chemical and Aeration Oxidation 
Treatment 

A combined treatment approach incorporating chemical 
oxidation and aeration was evaluated for iron removal. 
Sodium hypochlorite was applied at 1.5, 3.0, and 4.5 mg/L, 
followed by aeration to raise dissolved oxygen to 4, 5, and 
6 mg/L. After treatment, samples were allowed to settle 
for 60 min. Residual iron concentrations were measured 
every 10 min following filtration.  
 
3.2.5. Effect of Oxidant Dose at Varying Iron 
Concentrations 

Additional experiments were conducted to examine the 
effect of sodium hypochlorite dosage on iron removal at 
different initial iron concentrations. In all experiments, 
the pH of the raw water was maintained at 7.5 and the 
dissolved oxygen concentration was fixed at 3 mg/L. The 
only variable parameter was the initial iron concentration 
in the raw water. Five experimental sets were performed 
under these conditions. The detailed experimental 
parameters are summarized in Table 2, and the 
conceptual framework of the study (Figure 1).

 

 

Figure 1. Conceptual framework of research 



 

[ www.ijeedu.com ]                                                                                                    International Journal of Environment, Engineering and Education, Vol. 8, No. 1, pp. 1-18, 2026 
 

 

7 
 

 

Table 2. Conditions for the five sets of Jar Test experiments 

Set Fe (mg/L) NaOCl (mg/L) pH Temperature (°C) DO (mg/L) 

1 1.5 ± 0.1 1.5, 3.0, 4.5, 6.0 7.0 ± 0.3 18 ± 2 4.0 ± 0.2 

2 1.5 ± 0.1 – 7.0 ± 0.3 18 ± 2 4.0, 5.0, 6.0, 7.0 

3 1.5 ± 0.1 – 6.5, 7.0, 7.5, 8.0 18 ± 2 3.0, 5.0, 7.0 

4 1.5 ± 0.2 1.5, 3.0, 4.5, 6.0 7.0 ± 0.3 18 ± 2 3.0, 4.0, 5.0, 6.0 

5 1.0, 1.5, 2.0, 2.5 ± 0.1 1.5, 3.0, 4.5, 6.0 7.0 ± 0.3 18 ± 2 4.0 ± 0.2 

 

3.3. Gene Expression Programming (GEP) 

Cândida Ferreira introduced Gene Expression 
Programming (GEP) as an evolutionary algorithm that 
combines the representational strengths of genetic 
algorithms (GAs) and genetic programming (GP) [41]. 
Unlike conventional GAs, which employ fixed-length 
binary or real-valued chromosomes, and GP, which 
directly evolves tree-structured programs, GEP utilizes 
fixed-length linear chromosomes (genotype) that are 
subsequently expressed as non-linear expression trees 
(phenotype). 

In GEP, each chromosome consists of one or more 
genes, and each gene is divided into a head and a tail. The 
head may contain both functions and terminals, whereas 
the tail contains only terminals, ensuring that every gene 
is translated into a syntactically valid expression tree. 
Through a decoding process known as Karva notation, 
chromosomes are expressed as one or more expression 
trees, which are then evaluated according to a predefined 
fitness function. 

The evolutionary process of GEP follows standard 
evolutionary computation procedures, including 
population initialization, chromosome decoding, fitness 
evaluation (e.g., regression error or prediction accuracy), 
selection of superior individuals, and the application of 
genetic operators such as mutation, crossover, 
transposition, and gene recombination to generate 
successive generations [36]. 

One of the principal advantages of GEP is its 
interpretability. Because the final model is represented as 
an explicit mathematical expression, the resulting 
relationships can be written in closed form, enabling 
direct physical or mechanistic interpretation. This 
contrasts with black-box models such as artificial neural 
networks (ANNs) and support vector machines (SVMs). 
Consequently, GEP is particularly well-suited for symbolic 
regression, system modeling, and engineering 
optimization problems where transparent functional 
relationships are desirable. 

In this study, GEP was selected due to its ability to 
generate explicit mathematical models, especially when 
dealing with relatively small datasets compared to other 
machine learning approaches. A total of 56 data samples 
were used, of which 70% were randomly assigned to the 
training set and 30% to the test set using the GEP 
software [37].  
 

Table 3. GEP control parameters used in study 

Category Parameter Values 

General settings Function set +, −, ×, ÷, √, exp, 
ln, log, 10ˣ 

Fitness function RMSE 

 Linking function + 

 Data type Floating-point 

 Maximum 
complexity 

10 

Chromosome 
structure 

Number of 
chromosomes 

600 

Head size 7 

 Tail size 3 

 Constants per gene 10 

Genetic 
operators 

Mutation rate 0.0014 

Inversion rate 0.0055 

 IS the transposition 
rate 

0.0055 

 RIS transposition 
rate 

0.0055 

 One-point 
recombination rate 

0.0028 

 Two-point 
recombination rate 

0.0028 

 Gene recombination 
rate 

0.0028 

 Uniform 
recombination rate 

0.0076 

 

To evaluate the performance of the developed predictive 
model, this study employs three primary statistical 
indicators. Root Mean Squared Error (RMSE) quantifies 
the square root of the average of the squared differences 
between the predicted values and the observed (actual) 
values. This metric assigns greater weight to larger errors, 
making it particularly sensitive to significant deviations. 

 

���� = �
1

�
������,� − ����,��

�
�

���

 (1) 

 
The Correlation Coefficient (R), commonly known as the 
Pearson correlation coefficient, measures the strength 
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and direction of the linear relationship between observed 
and predicted values. 

 

� =
∑ �����,� − ����������,� − ������

���

�∑ �����,� − �����
�

∑ �����,� − �����
�

�
���

�
���

 (2) 

 
Mean Absolute Error (MAE) represents the average 
magnitude of the absolute differences between the 
predicted values and the observed values. Unlike RMSE, 
this metric treats all errors uniformly without 
disproportionately emphasizing larger deviations. 

 

��� =
1

�
������,� − ����,��

�

���

 (3) 

 
where: 
�  : The total number of data samples; 
����  : The observed (actual) values; 
����  : The predicted values generated by the model; 

����  : The mean of the observed data, and 

����  : The mean of the predicted data. 

 
 

4. RESULTS 

4.1. Effect of pH Variation on the Efficiency of Sodium 
Hypochlorite 

The chemical treatment of iron-containing water primarily 
aims to oxidize dissolved iron with an appropriate 
oxidizing agent, thereby transforming it into insoluble, 
readily removable compounds. Numerous studies have 
investigated various chemical oxidants for this purpose; 
however, most of the existing literature does not explicitly 
report the dosage levels of sodium hypochlorite used in 
iron removal processes. This lack of detailed dosage 
information highlights the need for systematic evaluation 
of sodium hypochlorite performance across different pH 
conditions and concentration ranges.

 

  
  

  
Figure 2. Iron residuals according to NaOCl and pH levels 

 
The inclusion of acidic pH conditions in the experimental 
design was primarily intended to broaden the parameter 
space and capture the full non-linear response of iron 
oxidation to pH variation when sodium hypochlorite is 
employed as the oxidizing agent. Expanding the pH range 
enhances the robustness of the resulting predictive model 
by enabling more reliable estimation of model coefficients 
and a more accurate representation of chlorine speciation 
effects. Although pH values below the typical drinking-
water range are not intended for operational application, 
they provide critical information for model calibration and 

for elucidating the sensitivity of iron removal efficiency to 
oxidant chemistry. 
 

Table 4. Residual free chlorine concentrations at different 
NaOCl and pH values  

Sample 

(pH) 

NaOCl Dose 

6 mg/L 4.5 mg/L 3 mg/L 1.5 mg/L 

6 0.45 0.29 0.20 0.18 

7 0.50 0.32 0.20 0.20 

8 0.52 0.40 0.23 0.22 

30

60

90

45678910

NaOCL = 1.5 mg/L 

0-0.5 0.5-1 1-1.5

30

60

90

45678910

NaOCL = 3 mg/L 

0-0.5 0.5-1 1-1.5

30

60

90

45678910

NaOCL = 4.5 mg/L 

0-0.5 0.5-1 1-1.5

30

60

90

45678910

NaOCL = 6 mg/L 

0-0.5 0.5-1 1-1.5
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The experimental results clearly demonstrate that the 
effectiveness of sodium hypochlorite (NaOCl) in removing 
iron from groundwater is strongly pH-dependent. A 
maximum iron removal efficiency of 99% was achieved at 
pH 4 with a NaOCl dosage of 6 mg/L, whereas the 
efficiency decreased to 40% at pH 10 under the same 
dosage. This trend was consistently observed across all 
tested NaOCl concentrations, indicating that acidic 
conditions are more favorable for iron removal using this 
treatment approach. The residual free chlorine 
concentrations measured at different NaOCl dosages and 
pH levels (Table 4) support this observation. 
 
4.2. Effect of Dissolved Oxygen Variation on Iron 

Removal Efficiency 

Oxidation by aeration is one of the most widely used 
methods for removing dissolved iron from water. This 
process can be implemented using several techniques, 
including spray aeration and direct air injection. Previous 
studies have consistently shown that increasing the 
dissolved oxygen (DO) concentration enhances iron 
oxidation and, consequently, improves removal efficiency. 
In the present study, the relationship between pH, DO 
concentration, and iron removal efficiency was 
investigated.  
 
Table 5. Effect of changing the value of dissolved oxygen on 

iron removal 

DO 

(mg/L) 

Iron 
concentration 

in raw water 
(mg/L) 

Deposition time (min) 

30 60 90 

Concentration of residual iron in 
water after treatment (mg/L) 

4 1.5 1.20 0.80 0.75 

5 1.5 0.97 0.72 0.51 

6 1.5 0.93 0.52 0.32 

7 1.5 0.75 0.40 0.26 

 
Table 5 summarizes the variation in residual iron 
concentration as a function of DO level, sedimentation 
time, and initial iron concentration. As shown in the table, 
increasing the DO concentration from 4 to 6 mg/L resulted 
in a substantial decrease in residual iron concentration, 
from 0.75 mg/L to 0.32 mg/L, in compliance with the 
permissible limit specified by the Syrian Standard 
Specification for Drinking Water No. (45) of 2007 was 
achieved after approximately 30 minutes of 
sedimentation. Under these conditions, an air-to-water 
ratio of approximately 38.5 L of air per liter of water was 
required. 

Further increases in DO concentration to 7 mg/L led 
to only marginal reductions in residual iron concentration, 
as indicated in Table 5. Although improved removal was 
observed, the associated increase in aeration intensity 
would result in higher electrical energy consumption and 
operational costs. Consequently, the incremental benefit 

of raising the DO concentration beyond 6 mg/L is not 
economically justified. 

To facilitate clearer interpretation of these trends, 
Figure 3 illustrates the percentage of iron removal as a 
function of DO concentration. The figure corroborates the 
tabulated results by demonstrating a sharp increase in 
removal efficiency with increasing DO up to 6 mg/L, 
followed by a plateau at higher DO values. This behavior 
confirms that a DO concentration of 6 mg/L represents an 
optimal operating condition, balancing effective iron 
removal with energy efficiency. 

 

 

Figure 3. Percentage of iron removal according to the DO value 

 
The percentage of iron removal increased with increasing 
dissolved oxygen (DO) concentration, which reflects the 
fundamental objective of the aeration process. At a DO 
concentration of 7 mg/L, the iron removal efficiency 
reached 82.67%. In contrast, at a DO concentration of 4 
mg/L, the residual iron concentration after laboratory 
filtration was 0.26 mg/L, corresponding to approximately 
50% removal efficiency. Previous studies have shown that 
aeration may affect the pH of treated water through 
oxidation reactions. Accordingly, pH was monitored in this 
study by measuring the pH after aeration was terminated 
at a DO concentration of 5 mg/L. The temporal change in 
pH during the oxidation process was analyzed (Figure 4). 

 

 

Figure 4. Change in pH during the oxidation process. 

 
The pH increased slightly during the intermediate stage of 
the oxidation process and returned to its initial level after 
approximately 90 minutes. This temporary increase was 
minor and did not adversely affect water quality standards 
or treatment performance. In addition, longer 
sedimentation times were found to enhance iron removal 
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efficiency. As shown (Table 5), residual iron 
concentrations consistently decreased as the deposition 
time increased from 30 to 90 minutes. This trend can be 
attributed to the time-dependent formation, aggregation, 
and gravitational settling of ferric hydroxide particles 
following iron oxidation. 

 
4.3. Effect of pH Variation of Raw Water on Aeration 

Treatment Efficiency 

The treatment performance at pH 7.5 and pH 8 shows 
relatively similar trends, whereas at pH 6.5 the residual 
iron concentration remains noticeably higher. At pH 6.5, 
the residual iron concentration after 60 minutes of 
aeration is approximately 1.35 mg/L, while at pH 8 it 
decreases to about 0.38 mg/L over the same duration. In 
general, for all tested pH values, the residual iron 

concentration gradually decreases with increasing 
aeration time, indicating that higher pH levels enhance 
iron oxidation and subsequent removal. 

Figure 5 illustrates the effect of pH variation on 
residual iron concentration at dissolved oxygen (DO) 
levels of 3, 5, and 7 mg/L. The horizontal axis represents 
sedimentation time, while the vertical axis indicates the 
remaining iron concentration after sedimentation and 
filtration. The results show a significant reduction in iron 
concentration within the first 20 minutes of 
sedimentation, followed by a more gradual decline. At a 
DO concentration of 5 mg/L, the iron removal efficiency 
reaches approximately 80% at pH 7.5, corresponding to a 
residual iron concentration of about 0.3 mg/L. Further 
increases in pH beyond this level do not result in a 
substantial improvement in removal efficiency. 

 

  

Figure 5. Effect of Changing pH on the Residual Iron Concentration (DO=3, 5, 7 mg/L)  

 
4.4. Combined Treatment of Iron by Chemical Oxidation 

and Aeration Oxidation 

The results clearly demonstrate that an increase in the 
initial iron concentration in raw water corresponds to a 
higher sodium hypochlorite dose required to achieve 
effective iron reduction. At lower oxidant doses, higher 
initial iron concentrations result in elevated residual iron 
levels, indicating insufficient oxidation. Conversely, 
increasing the NaOCl dose enhances iron removal 
efficiency across all tested iron concentrations. 

The combined treatment of aeration and sodium 
hypochlorite (NaOCl) proved economically and 
technically effective for iron removal. At a dissolved 
oxygen (DO) concentration of 4 mg/L, a NaOCl dose of 3 
mg/L achieved an iron removal efficiency of 85.33%, 
reducing residual iron to 0.22 mg/L. Experimental results 
further showed that higher DO levels reduced the NaOCl 
dose required for effective treatment, confirming a 
synergistic effect between oxygenation and chemical 
oxidation in the aeration–chlorination sequence. 

The achieved removal efficiency is comparable to 
values reported in the literature, such as 93% with 
chlorination and rapid sand filtration [34] and up to 88% 
with granular activated carbon (GAC) filtration [42]. 
Unlike adsorption- or filtration-dominated systems, the 
present study focuses on oxidation-driven iron removal, 

highlighting the advantage of NaOCl’s strong, pH-
dependent oxidizing capacity when combined with 
aeration to minimize chemical demand. 

 

 

Figure 6. Effect of varying sodium hypochlorite dose on 
residual iron concentration at different initial iron 
concentrations in raw water. 

 
Differences in treatment mechanisms, influent water 
quality, and operational conditions, including TOC levels, 
contact time, and system configuration, constrain direct 
comparison with previous studies. While reported 
efficiencies appear similar, variations likely reflect 
differing process designs rather than intrinsic 
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performance. By systematically controlling and reporting 
pH, DO, treatment sequence, and influent characteristics, 
this study provides context-specific, reproducible 
evidence that combined NaOCl oxidation and aeration are 
an effective and sustainable approach for groundwater 
iron removal. 

 
4.5. Effect of Oxidant Dose Variation with Changes in 

Raw Water Iron Concentration 

Figure 7 illustrates the results of experiments conducted 
to evaluate the effect of varying sodium hypochlorite 
doses on iron removal at different initial iron 
concentrations in raw water. The figure shows the 
residual iron concentration after treatment with NaOCl at 
1.5, 3.0, 4.5, and 6.0 mg/L. 

 

 

Figure 7. Effect of varying sodium hypochlorite dose on 
residual iron concentration at different initial iron 
concentrations in raw water. 

 
The results clearly demonstrate that an increase in the 
initial iron concentration in raw water corresponds to a 
higher sodium hypochlorite dose required to achieve 
effective iron reduction. At lower oxidant doses, higher 
initial iron concentrations result in elevated residual iron 
levels, indicating insufficient oxidation. Conversely, 
increasing the NaOCl dose enhances iron removal 
efficiency across all tested iron concentrations. This trend 
reflects the increasing oxidant demand associated with 
higher ferrous iron levels and is consistent with the 
stoichiometric and kinetic requirements of iron oxidation 
reactions. The findings emphasize the importance of 
adjusting the oxidant dosage to account for variations in 
influent iron concentration to ensure effective, efficient 
treatment performance. 

 
4.6. Cost of Chemical Oxidation Treatment 

The chemical oxidation process was evaluated for 
groundwater with an average iron concentration of 1.5 
mg/L, a pH of 7.5, and a temperature of 18°C. Laboratory 
optimization experiments indicated that an effective 
sodium hypochlorite (NaOCl) dose of 4.5 mg/L was 
required to achieve complete oxidation of dissolved 
ferrous iron under these conditions. Considering that the 
commercial sodium hypochlorite solution used in this 

study had a concentration of 3%, corresponding to 
approximately 30 g/L of available chlorine, this dose is 
equivalent to a solution consumption of 0.15 mL/L, or 
0.15 L per cubic meter of treated groundwater. Based on 
a local market survey, the unit price of sodium 
hypochlorite was 7000 Syrian Pounds (SYP) per liter. 
Accordingly, the chemical cost of treating 1 cubic meter 
of groundwater using chemical oxidation alone was 
estimated at 1050 SYP/m³, corresponding to 
approximately 0.095 USD/m³ (1 USD = 11,000 SYP). 

 
4.7. Cost of Aeration Oxidation Treatment 

The results of the aeration experiments demonstrated 
that efficient iron removal through aeration required 
increasing the dissolved oxygen concentration to 
approximately 6 mg/L. Achieving this oxygen level 
required supplying approximately 38.5 liters of air per liter 
of water, equivalent to 38.5 cubic meters of air per cubic 
meter of treated water. Aeration was performed using an 
air blower with a nominal capacity of 500 m³/h and a 
power consumption of 18.5 kW. Under steady operating 
conditions, this corresponds to an air delivery rate of 
approximately 27 m³ per kilowatt-hour of electricity. 
Based on these parameters, the energy demand for 
treating one cubic meter of groundwater was estimated at 
1.43 kWh. Considering the local electricity tariff of 1,700 
SYP per kilowatt-hour, the operational cost of aeration 
oxidation was calculated to be approximately 2,431 
SYP/m³, equivalent to about 0.22 USD/m³. 

 
4.8. Cost of Combined Treatment (Pre-Chlorination 

Followed by Aeration) 

The combined treatment approach, consisting of low-dose 
pre-chlorination followed by aeration, demonstrated a 
significant reduction in overall energy consumption. The 
addition of 3 mg/L sodium hypochlorite partially oxidized 
ferrous iron, thereby reducing the dissolved oxygen 
requirement during the subsequent aeration stage. In this 
case, the dissolved oxygen concentration only needed to 
be increased from 3 mg/L to 4 mg/L, which corresponded 
to an air supply of approximately 10.5 liters of air per liter 
of water, or 10.5 m³ of air per cubic meter of treated water. 
This reduced air demand resulted in an energy 
consumption of approximately 0.37 kWh/m³. At an 
electricity cost of 1,700 SYP per kilowatt-hour, the 
aeration cost was estimated at 693 SYP per m³. The 
chemical cost of pre-chlorination was calculated at 700 
SYP/m³, based on a sodium hypochlorite consumption 
rate of 0.1 L/m³. Consequently, the total operational cost 
of the combined treatment process was estimated at 
1,393 SYP/m³, corresponding to approximately 0.13 
USD/m³.  

Table 6 summarizes the operational costs associated 
with the three investigated iron oxidation treatment 
strategies. Among the evaluated options, aeration alone 
exhibits the highest cost due to its substantial energy 
demand. Chemical oxidation using sodium hypochlorite 
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represents the lowest standalone cost; however, it relies 
entirely on continuous chemical consumption. The 
combined pre-chlorination and aeration approach 
provides an optimal balance, reducing energy 

requirements by approximately 74% compared to 
aeration alone, while maintaining a moderate total 
operational cost. 

 
Table 6. Comparison of operational costs for different iron oxidation treatment methods 

Treatment Method 
NaOCl Dose 

(mg/L) 
NaOCl Consumption 

(L/m³) 
Energy Consumption 

(kWh/m³) 
Cost 

(SYP/m³) 
Cost 

(USD/m³)* 

Chemical Oxidation (NaOCl) 4.5 0.15 – 1,050 0.095 

Aeration Oxidation – – 1.43 2,431 0.22 

Combined treatment (pre-
chlorination + aeration) 

3.0 0.10 0.37 1,393 0.13 

*Conversion rate: 1 USD = 11,000 SYP (Source: www.xe.com, 5 January 2026) 

 
Figure 8 presents a comparative evaluation of treatment 
cost and iron removal efficiency for the three investigated 
methods: chemical oxidation (CH-O), aeration oxidation, 
and the combined treatment (pre-chlorination followed by 
aeration). The aeration oxidation method exhibits the 
highest operational cost (2,431 SYP/m³) and the lowest 
removal efficiency (78.7%), primarily due to its high 
energy demand. In contrast, chemical oxidation achieves 
a high removal efficiency (87.5%) at the lowest cost 
(1,050 SYP/m³), owing to the exclusive reliance on 
chemical dosing. The combined treatment method 
demonstrates a favorable balance between cost and 
performance, achieving the highest removal efficiency 
(89%) while reducing the total treatment cost to 1,393 
SYP/m³. 

 

 

Figure 8. Comparison of treatment cost and iron removal 
efficiency for chemical oxidation (CH-O), aeration 
oxidation, and combined treatment methods. 

 
The combined treatment approach, involving pre-
chlorination followed by aeration, offers a technically and 
economically balanced alternative. By applying a 
relatively low NaOCl dose before aeration, the required 
dissolved oxygen level is significantly reduced, thereby 
decreasing energy consumption. Consequently, the total 
treatment cost is reduced by approximately 42.7% 
compared to aeration oxidation alone, while achieving the 
highest iron removal efficiency (89%). These findings 
demonstrate that the combined method represents an 
optimal compromise between treatment efficiency, 

operational cost, and energy demand for groundwater 
iron removal. 

 
4.9. Gene Expression Programming (GEP) Model  

The performance of the Gene Expression Programming 
(GEP) model was evaluated to determine its ability to 
predict the required sodium hypochlorite (NaOCl) dosage 
for iron oxidation. The model was implemented in 
GenXPro and assessed across different chromosome 
configurations, with the GEP control parameters applied 
during model development and optimization (Table 7). 
 
Table 7. GEP control parameters used for model development 

and optimization 

Parameter GEP 1-1 GEP 1-2 GEP 2-1 GEP 2-2 

Function set +, −, ×, ÷, 
√, exp, ln, 

log, 10ˣ 

+, −, ×, ÷, 
√, exp, 
ln, log, 

10ˣ 

+, −, ×, ÷, 
√, exp, ln, 

log, 10ˣ 

+, −, ×, ÷, 
√, exp, 
ln, log, 

10ˣ 

Number of 
chromosomes 

500 600 800 900 

Fitness 
function 

RMSE RMSE RMSE RMSE 

Linking 
function 

+ + + + 

Mutation rate 0.00138 0.01 0.00138 0.01 

Head size 8 7 8 7 

 
Table 8. The performance of the optimal model 

Dataset Data points R² RMSE MAE 

Training set 39 0.95 0.32 0.226 

Testing set 17 0.93 0.36 0.320 

 
Among the tested configurations, the model incorporating 
800 chromosomes exhibited the best overall performance. 
This configuration achieved coefficients of determination 
(R²) of 0.95 and 0.93 for the training and testing datasets, 
respectively, accompanied by low RMSE and MAE values. 
These results indicate strong predictive accuracy and 
good generalization capability. The structural 
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representation of the optimal GEP model, expressed as a 
gene-expression tree (Figure 9). 
 

 
 

 

Figure 9. Gene-expression tree of the optimal GEP model 

 

����� =
1

3.0722157
+ �� +  2�� −  7.973099 +

1

1
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1
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     (4) 

 
Table 9. Variables and constants of the derived GEP model equation 

�� �� �� C1C2 C1C3 C2C5 C2C3 C3C6 

pH Fe DO 3.0755157 7.973099 6.6817344 1.8349620 9.5449601 

 
The optimal GEP model yields a mathematical expression 
that relates NaOCl dosage to the input variables pH, 
dissolved oxygen (DO), and influent iron concentration 
(Fe). The constants and variables defining this equation 
(Table 9), form the basis for the quantitative prediction of 
oxidant demand under varying operational conditions 

Model validation was performed by comparing the 
NaOCl dosages predicted by the GEP model with 
experimentally measured values (Figure 11). A strong 
agreement between the two datasets is observed, with 
prediction errors ranging from 0 to 1.3. This close 
correspondence confirms the GEP model's high accuracy 
in estimating NaOCl requirements.

 

 
 

 

Figure 10. Comparison between predicted and experimental NaOCl dosages 
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The predictive reliability of the model was further 
examined using a scatter plot of observed versus 
predicted NaOCl dosages (Figure 11). The majority of data 
points are clustered near the 1:1 reference line, 
demonstrating a strong correlation and indicating that the 
GEP model maintains robust predictive performance 
across the investigated range of operating conditions. 
 

 

Figure 11. Observed versus predicted NaOCl dosages using the 
GEP Model 

 
To evaluate the influence of individual input variables on 
model output, a sensitivity analysis was conducted. The 
results (Figure 12) indicate that pH and DO are the 
dominant variables, contributing 35.6% and 35.5%, 
respectively, to the overall sensitivity, while influent iron 
concentration accounts for 28.9%. These findings suggest 
that oxidant demand is primarily controlled by 
physicochemical reaction conditions rather than iron 
concentration alone. 
 

 

Figure 12. Sensitivity analysis of input variables in the GEP 
Model for NaOCl dosage prediction. 

 
From a mechanistic perspective, these results are 
consistent with established iron oxidation chemistry. The 
strong influence of pH reflects its critical role in 
controlling chlorine speciation (HOCl/OCl⁻) and iron 
oxidation kinetics. Meanwhile, the substantial 
contribution of DO highlights the importance of oxygen 
availability in facilitating ferrous iron oxidation and 
subsequent ferric hydroxide precipitation. The 
comparatively lower sensitivity associated with influent 
iron concentration indicates that, within the investigated 

range, reaction conditions exert a greater control on 
NaOCl demand than the absolute iron mass. 
 
 

5. DISCUSSION 

The experimental results clearly demonstrate a strong 
dependence of iron removal efficiency on pH when 
sodium hypochlorite (NaOCl) is employed as the oxidizing 
agent. Maximum removal efficiency of 99% was achieved 
at pH 4, consistent with the well-established chemistry of 
chlorine speciation in aqueous systems. As reported by 
Deborde and von Gunten [8], the oxidative capacity of 
chlorine is governed by the pH-dependent equilibrium 
between hypochlorous acid (HOCl) and the hypochlorite 
ion (OCl⁻). Under acidic to neutral conditions, HOCl 
predominates and exhibits a substantially higher 
oxidation potential than OCl⁻, thereby enabling rapid and 
efficient oxidation of ferrous iron (Fe²⁺) to ferric iron (Fe³⁺). 
The superior performance observed at pH 4 in this study 
can therefore be attributed to the dominance of HOCl, 
which accelerates iron oxidation and promotes 
subsequent precipitation as ferric hydroxide.  

Although similar trends have been reported in 
previous studies, much of the existing literature has 
focused on neutral to slightly alkaline conditions relevant 
to drinking water treatment rather than explicitly 
identifying peak oxidation efficiency under acidic 
conditions. While such low pH values are not directly 
applicable to full-scale drinking water systems due to 
regulatory constraints and corrosion concerns [43], these 
findings nonetheless provide valuable mechanistic 
insights into oxidation processes and underscore the 
critical role of pH control in optimizing NaOCl dosing. 
Fundamental studies have shown that hypochlorous acid 
(HOCl), which predominates at pH values below 7.5, is a 
stronger and more kinetically reactive oxidant than the 
hypochlorite ion (OCl⁻), thereby explaining the enhanced 
oxidation efficiency observed under acidic conditions [44]. 
At the same time, under neutral conditions (pH 7–7.5), 
relatively high removal efficiencies of approximately 85% 
were still achieved at moderate NaOCl doses, consistent 
with previously reported chlorination-based iron removal 
studies that document effective performance within the 
neutral pH range commonly employed in conventional 
water treatment applications [45]. 

In addition to pH, the aeration experiments further 
confirmed the significant role of dissolved oxygen (DO) in 
enhancing iron removal efficiency. Increasing DO 
concentrations from 3 to 6 mg/L reduced residual iron 
levels to approximately 0.32 mg/L, whereas further 
increases to 7 mg/L resulted in only marginal 
improvements, indicating diminishing returns with 
respect to additional energy input. This observation is 
consistent with classical iron oxidation kinetics described 
by McPeak and Aronovitch [17], who demonstrated that 
the rate of iron oxidation is directly proportional to the 
dissolved oxygen concentration and to the square of the 
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hydroxide ion concentration. Compared with values 
reported in the literature, the DO levels required in this 
study to meet regulatory limits were comparable or 
slightly lower. This outcome may be attributed to the 
relatively moderate initial iron concentration 
(approximately 1.5 mg/L), controlled laboratory 
conditions, and sufficient settling time that allowed 
complete precipitation and removal of ferric hydroxides. 
Although aeration is an effective, chemical-free 
treatment approach, these results underscore that its 
performance is highly sensitive to operational conditions, 
and excessive aeration yields diminishing improvements 
in removal efficiency while substantially increasing 
energy consumption and operational costs. 

The combined application of chemical oxidation and 
aeration—particularly the sequence of pre-chlorination 
followed by aeration—constitutes one of the most 
significant and novel contributions of this study. Although 
combined treatment systems are commonly employed, 
the influence of treatment sequence has rarely been 
explicitly examined in previous research. Most studies 
emphasize overall removal efficiency without 
differentiating between pre-chlorination followed by 
aeration and aeration followed by chlorination. The 
results presented here clearly demonstrate that pre-
chlorination followed by aeration yields superior 
performance, achieving iron removal efficiencies of 85–
89% at relatively low NaOCl doses (1–3 mg/L) and 
moderate DO concentrations (4–5 mg/L). This enhanced 
performance is attributed to the rapid initial oxidation of 
Fe²⁺ by NaOCl, generating reactive ferric species that, 
upon aeration, improve floc formation, aggregation, and 
settling. In contrast, applying chlorination after aeration 
does not fully exploit this synergistic effect, highlighting 
the treatment sequence as a critical design and 
operational parameter. These findings extend existing 
research by providing experimental evidence that 
underscores the importance of treatment sequence in 
optimizing combined iron removal systems. 

A further innovation of this study is the development 
of a Gene Expression Programming (GEP) model to predict 
the optimal NaOCl dose required for effective iron removal. 
The GEP model exhibited strong predictive performance, 
with a coefficient of determination (R²) of approximately 
0.94 and a root mean square error (RMSE) of 
approximately 0.34 mg/L. These results are comparable to, 
and in some cases exceed, the predictive accuracy of other 
machine learning techniques such as Artificial Neural 
Networks (ANNs) and Support Vector Machines (SVMs), 
which are commonly applied in water treatment modeling. 
However, unlike ANN and SVM approaches, which 
typically function as “black-box” models, GEP generates 
explicit mathematical expressions that directly relate 
input parameters—such as pH, DO, and influent iron 
concentration—to the required NaOCl dose. This 
interpretability represents a significant advantage, 
particularly when working with relatively small datasets, 

as in the present study. Sensitivity analysis further 
revealed that pH and DO exert comparable influences on 
oxidant demand, with their effects slightly exceeding that 
of the initial iron concentration, in agreement with the 
chemical kinetics governing iron oxidation. Collectively, 
these results demonstrate that GEP is well-suited for 
decision-support applications and could be effectively 
integrated into automated dosing and control systems for 
groundwater treatment facilities. 

Many studies on iron removal emphasize treatment 
performance; explicit cost analysis is often neglected 
despite its importance for practical implementation. In 
this study, a comparative cost assessment indicated that 
aeration alone represents the most energy-intensive 
option, whereas chemical oxidation incurs higher 
chemical costs. The combined pre-chlorination–aeration 
strategy achieved an approximate 42.7% reduction in 
overall treatment cost relative to aeration alone, without 
compromising removal efficiency. This reduction is 
primarily attributable to decreased aeration energy 
requirements, enabled by the initial chemical oxidation 
step. By explicitly linking treatment performance to 
operational costs, this study provides a practical 
framework for selecting and optimizing iron-removal 
strategies in real-world applications. The integration of 
experimental investigation, predictive modeling, and 
economic evaluation constitutes a meaningful 
contribution to the literature. It enhances the practical 
relevance of the findings for engineers, operators, and 
decision-makers in the water treatment sector. 
 
 
6. LIMITATIONS 

Despite the insights this study provides, several 
limitations should be considered when interpreting the 
results. The experimental investigation was conducted 
under controlled laboratory-scale conditions, which 
allowed systematic evaluation of key parameters but did 
not fully capture the hydraulic complexity, influent 
variability, and long-term operational dynamics 
characteristic of pilot- or full-scale groundwater 
treatment systems. Factors such as fluctuating flow 
regimes, aging of treatment media, and seasonal 
variations in water quality may influence iron removal 
performance under real-world conditions; therefore, 
direct extrapolation of the findings to full-scale 
applications should be approached with caution. 

In addition, disinfection by-products (DBPs), 
particularly trihalomethanes (THMs), were not analyzed 
despite the use of sodium hypochlorite as an oxidant. 
While the study focused on iron removal efficiency and 
oxidation behavior, the absence of DBP monitoring limits 
the ability to assess potential public health implications 
associated with chlorination under the investigated 
conditions. Furthermore, the gene expression 
programming (GEP) model was developed using a 
relatively small dataset (n = 56). Although appropriate 
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validation techniques were applied, the limited dataset 
may restrict model robustness and generalizability. 
Accordingly, the proposed model should be regarded 
primarily as an interpretative tool for exploring 
relationships between operational parameters and iron 
removal efficiency, rather than as a fully generalized 
predictive model. Expanded datasets and validation under 
pilot- and full-scale conditions are recommended in 
future research. 

 
 

7. CONCLUSION 

This study investigated the removal of iron from 
groundwater using sodium hypochlorite oxidation, 
aeration, and their combined application, with particular 
emphasis on oxidation mechanisms, operational 
feasibility, and predictive modeling. 

First, the results confirm that iron oxidation 
efficiency is strongly influenced by pH-dependent oxidant 
speciation and dissolved oxygen availability. Although 
highly acidic conditions (pH = 4) promote rapid iron 
oxidation due to the predominance of hypochlorous acid, 
this outcome should be interpreted primarily as a 
fundamental kinetic insight rather than a practical 
operational target. Under near-neutral conditions (pH 
6.5–7.5), which are more representative of real-world 
groundwater treatment systems, effective iron removal 
was achieved through appropriate oxidant dosing and 
dissolved oxygen control. 

Second, from an operational standpoint, the 
combined pre-chlorination-aeration treatment strategy 
emerged as the most balanced and practical approach. 
The application of a low-sodium hypochlorite dose (1–3 
mg L⁻¹) before aeration, coupled with an increase in 
dissolved oxygen to approximately 4–5 mg L⁻¹, 
consistently achieved iron removal efficiencies ranging 
from 85% to 89%. This integrated strategy provides a 
favorable compromise between treatment efficiency, 
chemical consumption, and energy demand, rendering it 
more suitable for practical groundwater treatment 
applications than either aeration or chemical oxidation 
applied independently. 

Third, gene expression programming (GEP) proved to 
be a robust, interpretable predictive tool for estimating 
the required oxidant dose across varying operational 
conditions. Unlike black-box machine learning 
approaches, the GEP framework produces explicit 
mathematical expressions that directly relate operational 
variables to treatment performance. These equations can 
be readily implemented for decision support and process 
optimization without reliance on complex programming 
environments, facilitating potential integration into 
automated or semi-automated control systems. 

The findings demonstrate that integrating controlled 
oxidation–aeration strategies with interpretable, data-
driven modeling enhances both mechanistic 

understanding and operational decision-making in 
groundwater iron removal processes. 

Future research should focus on validating the 
proposed treatment strategy at pilot and full scales, 
incorporating disinfection by-product (DBP) analyses—
particularly trihalomethanes—to evaluate potential 
public health implications, and expanding the modeling 
framework using larger datasets that incorporate real-
time sensor inputs (e.g., pH, dissolved oxygen, total 
organic carbon, and manganese). These efforts will 
further improve model robustness, generalizability, and 
practical applicability. 
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