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One of the most basic needs for existence is water, which also has a significant impact 

on human society. For instance, water is crucial for productivity in the agricultural sector and 

all facets of socioeconomic growth. Water quality is essential to human health, ecological 

health, and a number of economic activities. Poor water quality can have far-reaching 

consequences that affect several facets of society and the environment. Water source 

degradation is the term used to describe the deterioration of freshwater resources due to a 

variety of circumstances. Affects the availability and quality of water from natural sources 

such reservoirs, rivers, lakes, and aquifers. Degradation of water sources is caused by a 

variety of human activities and environmental conditions. In order to reduce environmental 

issues and maintain the wellbeing of ecosystems, human populations, and economies, water 

quality is crucial [1]. 

Therefore, maintaining biodiversity, safeguarding drinking water, and putting into 

practice sustainable water policy all depend on continuous monitoring. In order to simplify 

data for stakeholders, water quality assessment often entails testing a variety of 

physicochemical indicators, including dissolved oxygen (DO), pH, conductivity, TDS, 

temperature, and turbidity, and getting the results into a WQI. The basic classification of WQI 

into categories like "excellent" to "unsuitable" [2]. 

The most common source of consumers is surface water. In this way, in order to make 

the surface water drinkable, stricter treatments would be needed. Studying surface water 

bodies is important and necessary. Surface water is typically used for irrigation and drinking. 

In order to assess if the surface water is suitable for drinking and other uses, we investigated 

its physicochemical characteristics. 

The Water Quality Index (WQI) of water can indicate whether the general quality of 

water bodies poses a risk to several uses of water, including drinking water supply, recreation 

and aesthetics, agriculture and animal irrigation water, and aquatic life habitat. WQI is a 

single-value indication of the water quality. It incorporates the data pool that is produced 

following the calculation of weights for the used parameters [3]. Indices like: CCME-WQI, 

NSFWQI, OWQI, and WAWQI are the most often used WQI. These WQI have been useful 

for estimating the quality of water in certain locations. The many quantities and kinds of 

water quality parameters are frequently the basis for these indices. The water quality (WQ) 

parameter is contrasted with the corresponding regional standards. The widely utilized 

WAWQI in poor nations was used to discuss the WAWQI approach. Based on their acquired 

numerical value, the WQI condenses vast amounts of water quality data into straightforward 
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phrases, such as excellent, good, bad, extremely poor, and unsuitable. Multiple WQ 

parameters are combined into a single mathematical formula by the WAWQI. 

The WAWQI is chosen to determine the WQ of a certain location for consumption. 

The researchers can use it with ease and simplicity. WQI's ability to condense complex data 

into understandable language is one of its advantages. Based on several WQ factors, the WQI 

gives a single figure that represents overall WQ at a specific location and time. The public can 

solve a number of water-related issues by using the WQI as a tool to compare the WQ of 

different water sources. For this reason, we have selected this WAWQI for water quality 

resilience [4]. 

The traditional techniques of calculating water quality indices are characterized by 

great technical and economic difficulties due to the need for periodical sampling and 

continuous laboratory analyses, which are time consuming and expensive. They also are 

susceptible to human error or data gaps due to sensor and monitoring equipment failures. In 

this present era, a revolutionary transformation is happening by combining Machine Learning 

(ML) methods with environmental measurement and sensing systems to overcome these 

obstacles. Machine learning algorithms (Support Vector Regression (SVR) and Random 

Forest (RF) are characterized by an excellent ability to handle large data streams, derive 

complex patterns, and perform non-linear modeling of the association between several 

physicochemical variables without the need of pre-specified mathematical equations. 

The main problem addressed by this research revolves around the efficiency and 

capability of machine learning algorithms (SVR and Random Forest) in building intelligent 

predictive models capable of accurately predicting the WQI. We did also feature selection of 

parameters using RF and found the most influential parameter in WQI prediction. 

The work carried out consists of three chapters, presented as follows: 

Chapter one provides a detailed literature review and historical perspective of water 

quality assessment. It focuses on the emergence and growth of Water Quality Indices (WQIs) 

as analytical tools since the middle of the twentieth century. This chapter emphasizes the 

importance of these indices in the reduction of complex multi-dimensional physicochemical 

parameters into single simplified dimensionless index scores. This synthesis allows decision 

makers and non-technical stakeholders to quickly assess the state of water resources and 

understand the trends of environmental degradation without delving in the sophisticated 

laboratory details. 
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Chapter Two is devoted to materials and methods, elaborating the engineering 

methodology used for data preparation and the theoretical basis of artificial intelligence. This 

chapter discusses data pre-processing mechanisms, including data cleaning, such as linear 

interpolation to handle missing values due to sensor failures, statistical evaluation techniques, 

and data normalization to ensure stable training dynamics. It also provides a structural and 

architectural analysis of the intelligent algorithms used, namely Random Forest (RF) and 

Support Vector Regression (SVR) as well as the statistical metrics used to assess the 

performance of the models. 

Finally, Chapter Three represents the empirical core and field study of this research, 

focusing on water quality assessment and prediction at the Tilesdit Dam in the Bouira 

province as a case study. This chapter presents the analytical calculation and intelligent 

prediction results of the WAWQI. This is followed by the display and discussion of the 

predictive performance of the machine learning models SVR and RF in estimating the 

WAWQI values. The chapter concludes by discussing the engineering significance of 

deploying these low-power intelligent models into embedded systems within the dam's local 

monitoring station to provide real-time alerts for the sustainable protection of this vital water 

resource. 

The last part of this study presents a general conclusion revisiting the different steps 

performed, summarizing the main results obtained and emphasizing the future perspectives 

envisioned for the development of intelligent ecological monitoring systems. 
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I.1 Introduction  

 Water quality is a dynamic attribute influenced by various physical, chemical, and 

biological parameters. Accurate assessment therefore requires an understanding of the 

interrelationships among these parameters and the external conditions affecting them. 

Individual parameters alone are insufficient for evaluating overall water quality, which creates 

the need for effective reporting tools. Water quality indices (WQIs) offer a strategic approach 

for synthesizing complex data into a single value that is understandable to stakeholders. 

Despite their usefulness in summarizing water quality information, WQIs have several 

limitations, including possible data loss through aggregation, subjective parameter weighting, 

and the absence of a universal index. 

I.2 History of the Concept of Water Quality Assessment 

In the late 20th century, WQIs emerged as essential tools for assessing the quality of 

water, particularly in rivers. In 1965, Horton was the first to ever create a water pollution 

control rating system based on the use of 10 variables, including DO and pH. In 1970, Brown 

et al., developed a WQI using 9 variables, determining their significance by calculated mean 

arithmetic for each variable, and then aggregating them geometrically. In 1982 Steinhart et al., 

built a form of an Environmental Quality Index (EQI) specifically for the Great Lakes, which 

included biological, physical and toxic factors. The British Columbia WQI was developed by 

Canada and changed in 2001 to the CCME WQI (Canadian Council of Ministers of the 

Environment). The WQI for Taiwan was developed by Liou et al., and the WQI developed by 

Said et al., used logarithmic aggregation in Florida, which utilized fewer variables compared 

to other WQIs. The Malaysian WQI was developed using six variables and additive 

aggregation. The Hanh and Almeida indices were both created with this goal in mind. Created 

in Vietnam (Hanh) and in Argentina (Almeida), these new indices attempt to make 

improvements by decreasing redundancy among the different variables and using expert 

opinion to determine how much weight to give to each of the nine major factors measuring 

water quality. Each of these indices uses a scale that ranks water quality on a continuum from 

poor through to excellent [5, 6]. 

Figure 1.1 presents the historical development of Water Quality Indices, WQIs, from 

the first Horton Index in 1965 to later regional indices, such as the West Java Index in 2017. It 

shows how the concept of water quality assessment began in the United States and then 

spread 
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To different countries and regions, including Scotland, Canada, New Zealand, Poland, 

Taiwan, Vietnam, Malaysia, and Argentina. 

The fundamental WQIs are original indices developed for specific regions or 

environmental contexts. These include the Horton Index, SRDD Index, Ross Index, 

Environmental Quality Index, Smith Index, Dojlido Index, British Columbia WQI, Liou 

Index, Said Index, Malaysia Index, and Almeida Index. The first modified versions were 

adapted from earlier models to fit local water conditions, monitoring needs, or national 

standards. For example, the NSF Index was derived from the Horton Index. Later, the Dinius 

Index, Oregon Index, and West Java Index were derived from or influenced by the NSF 

Index. This shows the central role of the NSF Index in the evolution of later WQIs. 

The figure also indicates two main trends in the development of WQIs. Some indices 

were created as independent tools for specific countries or regions, while others were 

produced by modifying previous models. This reflects the need to adjust WQI methods 

according to local environmental conditions, available parameters, and water management 

objectives. 

Overall, the figure highlights the gradual evolution of WQIs from general models 

toward more localized and adapted indices. It suggests water quality assessment has become 

more region-specific over time, since each country or basin requires an index suited to its own 

physical, chemical, biological, and regulatory conditions. 

 

Figure 1.1. Historical development of the WQI model [11]. 
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I.3 Different Uses of Water 

Water is vital to many facets of daily life and economy. It is required for domestic tasks 

like cooking, drinking, cleaning, and personal hygiene. In agriculture, water helps irrigation 

and livestock care. Solvents in chemical processes, manufacturing, and cooling systems are 

examples of industrial uses. Water is also crucial to the production of energy, particularly for 

power plant cooling and hydroelectric power. Additionally, it promotes human well-being, 

ecosystem preservation, and leisure and environmental activities [7]. 

I.4 Definition of Water Quality Index 

Water Quality Indicators (WQIs) are mathematical constructs that combine sets of data 

and parameters to produce a single numerical or dimensionless measure known as a 

composite index. The values of WQIs are typically between 0 and 100. WQIs also can 

provide information about various aspects of water quality (such as qualitative parameters) 

within established categories and rank water quality as poor, good, or excellent. WQIs 

provide a broad overview of the water quality, while making relevant data publicly available. 

They are useful in managing water resources, watersheds, and the treatment of wastewater. 

WQIs improve water quality reporting and assist decision making. 

I.4.1 Categories of WQI 

An essential first step in comprehending how water resources are assessed and their 

uses are appropriately directed is the classification of the water quality index. Because water 

monitoring has a variety of goals, different models with different mathematical philosophies 

and criteria have been devised. These indices can be broadly classified into four kinds, from 

those that rely on expert opinion to those that use statistical analysis to guarantee objectivity 

and lessen human bias. 

I.4.1.1 Public Indices 

These indices, such as the (NSFWQI), are used for overall water quality and disregard 

the type of water usage within the study procedure. 

I.4.1.2Specific Consumption Indices 

The Oregon and British Columbia indices, for example, classify water based on its use 

and consumption for drinking, industry, and ecosystem preservation, among other purposes. 
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I.4.1.3 Designing/Planning Indices 

Third, creating or organizing indices: This class serves as a tool for organizing water 

quality management initiatives and supporting decision-making.  

I.4.1.4Statistical Indices 

These indices are based on statistical techniques and do not take into account 

individual opinions Here, statistical methods are employed to assess the data. Relevance-

bound assumptions of water quality observations are a crucial component of the statistical 

technique. [8] 

I.4.2 Methodological Framework for WQI Calculation 

The methodology for calculating WQI has been modified by scientists and experts.  

A popular WQI approach involves the following steps (Figure 1.2): 

I.4.2.1 Water Quality Measurement Parameter Selection 

Parameter selection is based on management objectives and the environmental 

characteristics of the study area. Since numerous variables significantly impact water quality, 

it is recommended to use variables categorized into five main groups: oxygen content, 

eutrophication, health factors, physical properties, and dissolved substances. 

I.4.2.2 Standardized Scale Transformation of Raw Data Parameters 

Various statistical methods can be used for parameter transformation. All parameters 

are converted from raw data of different dimensions and units to a standardized scale. This 

process generates a dimensionless scale and produces sub-indices. 

I.4.2.3 Providing weights to the parameters  

Weights are assigned to each parameter based on its importance and impact on water 

quality. The determination of weights requires expert consultation. Weights are based on 

drinking water standards established by international and national authoritative organizations. 

I.4.2.4 Combining Sub-Indices Using a Mathematical Expression 

This is often done with arithmetic or geometric averages [6]. 
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Figure 1.2. Phases of WQI development [9]. 

I.4.3 Different methods for WQI determination 

Water quality is assessed using water quality indices. It is necessary to have a basic 

understanding of water quality in order to apply these indices. The National Sanitation 

Foundation Water Quality Index (NSFWQI), the Council of Ministers of Environment 

Canada Water Quality Index (CCMEWQI), the Oregon Water Quality Index (OWQI), and the 

Weighted Arithmetic Water Quality Index (WAWQI), which is the subject of this chapter, are 

some of the current water quality indices. Water quality is assessed using water quality 

indices. It is necessary to have a basic understanding of water quality in order to apply these 

indices. The NSFWQI, the CCMEWQI, the OWQI, and the WAWQI, which is the subject of 

this chapter, are some of the current water quality indices. The standards used to make these 

indices are not the same as regional standards, and they are used differently in each region. 

They also help show the yearly cycles, trends, and changes in water quality over time and 

space. These indices show the quality of the water in lakes, streams, rivers, and reservoirs in 

other words [10]. 

I.4.3.1 National Sanitation Foundation Water Quality Index (NSFWQI) 

Brown developed the NSF WQI in 1965 as a modified version of the Horton model. It 

has been used to assess surface water quality in multiple domains [11]. 

The NSFWQI is a frequently used indicator that measures nine parameters: pH, total 

solids, fecal coliform, total phosphate, dissolved oxygen, BOD5, nitrate, turbidity, and 

temperature [12]. NSFWQI is calculated as follows: 

       ∑       
                                                                                                        (1.1) 
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Where,  

Qi = sub-index for ith water quality parameter;  

Wi= weight associated with ith water quality parameter;   

n = number of water quality parameters. 

I.4.3.2 Canadian Council of Ministers of the Environment Water Quality Index 

(CCME WQI) 

The CCMEWQI approach simplifies difficult and technical information. The multi-

variable water quality data is tested and compared to user-determined criteria. The sampling 

methodology needs at least four parameters to be sampled four times, but does not specify 

which ones to use, leaving it up to the user to choose. However, parameters may vary across 

stations [13] . To calculate index scores in the CCME WQI approach, use the following 

relation: 

        
√  

    
    

 

     
                                                                                                    (1.2) 

Where, Scope (F1) = Number of variables, whose objectives are not met. 

   
                            

                           
                                                                                   (1.3) 

Frequency (F2) = Number of times by which the objectives are not met.  

   
                        

                       
                                                                                          (1.4) 

⮚ The word "excursion" refers to when the number of an individual parameter exceeds 

the minimum (when the target is less than). 

a) When the test value must not exceed the objective: 

           (
                  

          
)                                                                                    (1.5) 

 

b) When the test value must not fall below the objective: 

            (
          

                  
)                                                                                   (1.6) 

Normalized sum of excursions     
∑           

 
   

               
                                                         (1.7) 
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Amplitude (F3) = Amount by which the objectives are not met [14]. 

   
   

            
                                                                                                                 (1.8) 

I.4.3.3 Oregon Water Quality Index (OWQI) 

Describes the quality of surface water bodies. This descriptive technique for water 

quality uses eight physical, chemical, and biological parameters: temperature, dissolved 

oxygen (DO), biochemical oxygen demand (BOD), pH, ammonia+nitrate nitrogen, total 

phosphorus, total dissolved solids (TDS), and coliforms. The recommended index is based on 

the NSF-WQI model. The distinction resides in the calculus approach and the weight of 

parameters, which are not considered in this scenario. This method's mathematical 

representation is based on the notion of arithmetic average [15] and is expressed using a 

formula: 

     
 

√∑     
   

                                                                                                                (1.9) 

Where, n is the number of parameters, SIi is the value of parameter i. 

I.4.3.4 Weighted Arithmetic Water Quality Index Method (WAWQI) 

The weighted arithmetic (WA) approach is often used to examine WQI. The WA 

technique classifies WQ based on purity using widely measurable characteristics. This 

approach has been frequently used. The concept of this strategy is based on the weight of each 

parameter. The weight ranges from less than 0.000667 to more than 330. The weights vary 

significantly. The relative weights are calculated using values that are inversely proportional 

to the parameter standards [16]. WQI is calculated using the following formulae: 

      
∑      

   
   

∑   
   
   

                                                                                                         (1.10) 

In Table 1.1 represent an overview of Water Quality Rating as per different Water Quality 

Index methods; we will see the details of calculating this indicator later. 
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Table 1.1. Water Quality Rating as per different Water Quality Index methods [17]. 

National Sanitation Foundation Water Quality Index (NSFWQI) 

WQI Value Rating of Water Quality 

91-100 Excellent water quality 

71-90 Good water quality 

51-70 Medium water quality 

26-50 Bad water quality 

0-25 Very bad water quality 

Canadian Council of Ministers of the Environment Water Quality Index (CCME WQI) 

95-100 Excellent water quality 

80-94 Good water quality 

60-79 Fair water quality 

45-59 Marginal water quality 

0-44 Poor water quality 

Oregon Water Quality Index (OWQI) 

90-100 Excellent water quality 

85-89 Good water quality 

80-84 Fair water quality 

60-79 Poor water quality 

0-59 Very poor water quality 

Weighted Arithmetic Water Quality Index Method(WAWQI) 

Above 100 Unsuitable for drinking purpose 

76-100 Very Poor water quality 

51-75 Poor water quality 

26-50 Good water quality 

0-25 Excellent water quality 
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I.5 Selection of Water Quality Parameters 

I.5.1 Water quality standards 

Evaluating the quality of water in important resources like dams and groundwater is a 

very important step in making sure they are safe for different uses. According to Algerian 

national standards and World Health Organization (WHO) recommendations, water that is 

consumed must not contain pathogens, toxic substances, or high levels of minerals or organic 

matter that could make it hard to use in farming, industry, or everyday life. It should also keep 

its physical properties, such as being clear and not having any bad smells or tastes. The WQI 

is a strong numerical tool that makes it easier to evaluate these complicated variables. This 

index combines different physical and chemical factors into one score, which makes it easy to 

see how the water is doing (from "Excellent" to "Unsuitable"). [18] 

Table 1.2. Standard maximum values of certain parameters to be used in this study [19]. 

Parameters Si (standard maximum value, Algeria) 

pH 9 

Conductivity (à 25 °C ms/cm) 2800 

Temperature (°C) 25 

Turbidity (NTU) 5 

Total Dissolved Solids (mg/L) 500 

Dissolved Oxygen (mg/L) 5 

Chlorides Cl
- 
(mg/L) 250 

Sulphates SO 4
-2

 (mg/L) 250 

Nitrates NO
-
3  (mg/L) 50 

Phosphates PO4
-3

 (mg/L) 0.5 
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I.5.2 Water quality measurement parameters 

I.5.2.1 Physicochemical parameters 

I.5.2.1.1 pH Level 

The acidity or alkalinity of water is indicated by the pH level.exemple it is commonly 

accepted that drinking water should have a pH between 6.5 and 8.5. Extreme pH water can 

contain dangerous pollutants and erode pipes [20]. 

I.5.2.1.2 Temperature 

The temperature evolution is determined by the method of use of the water before to 

its discharge, as well as the path of the water prior to the exhaust or purification station. In 

general, water should be evacuated into the environment at temperatures below 30°C; hotter 

water constitutes pollution [21].    

I.5.2.1.3 Total Dissolved Solids (TDS)  

TDS determines the total concentration of dissolved components in water, which 

includes minerals, salts, and metals. Low TDS levels (less than 500 mg/L) are preferable for 

drinking water, however higher levels may impair flavor and usability [20]. 

I.5.2.1.4 Electrical Conductivity (EC) 

EC assesses the capacity of water to conduct electricity, which is proportional to the 

concentration of dissolved ions (salts). It serves as an indirect indication of TDS levels. High 

EC values indicate high mineral concentration [20]. 

I.5.2.1.5 Dissolved oxygen 

The Water Quality Index (WQI) uses dissolved oxygen (DO) as a key measure of 

water quality because it shows how healthy the water is for living things. 

If the DO levels are high, the water is good; if they are low, the water is getting worse because 

of organic pollution. If the DO level goes down, the WQI value goes down too, which means 

the water is of lower quality. On the other hand, if the DO level goes up, the WQI value goes 

up, which means the water is good for aquatic life [21]. 
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I.5.2.2 Pollution parameters  

I.5.2.2.1 Sulfate  

  Sulfates come from the natural breakdown of some minerals, like gypsum. They can 

also come from human activities, like industrial discharges (mining, metal processing), 

wastewater, burning trash, or leachate from landfills. The most sulfates that can be in water is 

250 mg/L. Concentrations above this limit are not considered dangerous, but they may cause 

stomach problems, especially diarrhea, especially in kids. Sulfates are chemical elements that 

are often checked in reservoir and well waters because they can be harmful at high levels [21]. 

I.5.2.2.2 Nitrate Concentration 

Agricultural runoff and sewage are common sources of nitrates in groundwater. High 

amounts (more than 50 mg/L) can be dangerous, especially to newborns, and are an indication 

of contamination [20]. 

I.5.2.2.3 Chloride Concentration 

Chloride levels indicate salty water infiltration or pollution due to sewage and 

industrial activity. Elevated chloride levels can render water unpleasant and unsuitable for 

irrigation [20]. 

I.6 Water Quality Index (WQI)  

The Water Quality Index (WQI) is a standard way to check the quality of water and see 

if it is safe to drink. The most common way to check the quality of water is to use WQI. The 

weighted arithmetic index was calculated using the weighted average (WA) method. To figure 

out the WQI, you need to give different physical and chemical parameters weights (wi) based 

on how they affect water quality. There are four main steps to WQI: choosing parameters, 

giving those weights (wi) and calculating weights (Wi), calculating sub-indices (Si), and 

finally adding them all together to get the final WQI. The weights given range from 1 to 5, 

with higher weights meaning a bigger effect on water quality. We figured out the WQI by 

doing the following: 

Step 1: The quality rating scale of Sub-indices (qi) for all variables, used the following 

equation to figure out:       

    
  

  
                                                                                                                       (1.11) 

Where; 
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 The sub-index qi is the quality rating for the ith parameter. 

 Ci is the measured concentration value (mg/l) of each parameter. 

 Si is the standard maximum value of each parameter. 

  For pH and DO parameters specifically, where Vi = Ideal value which is considered as 

7.0 for pH and 14.6 mg/l for DO, the qi was calculated by using given equation: 

   
       

      
                                                                                                                  (1.12) 

Step 2: The following equation was used to figure out the relative weight for each parameter 

Wi: 

   
 

  
                                                                                                                              (1.13) 

Where k is the constant of proportionality, and can also find it using the following equation: 

  
 

∑
 

  

 
   

                                                                                                                           (1.14) 

The relative weight Wi can calculate also by another equation: 

   
  

∑   
 
   

                                                                                                                       (1.15) 

Where;    is the relative weight    is the proposed and selected weight of each 

parameter and n is the total number of parameters. 

Step 3: To calculate the water quality index (WQI), first determined the sub-index of each 

parameter and the relative weight, with the final calculation using the following equation: 

                                                                                                                             (1.16) 

General formulae:    

     ∑    
 
                                                                                                                     (1.17) 

Where     the sub-index of the ith parameter, and n is the total number of variables 

considered. 
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Table 1.3. Classification of water quality based on the WQI scale and corresponding water status [22] 

WQI Range Water quality Class Description 

0 - 25 Excellent Drinking water, Irrigation and industry 

26-50 Good Drinking water, Irrigation and industry 

51-75 Poor Irrigation and industry 

76-100 Very poor Irrigation 

>100 Unsuitable for drinking Proper treatment 

I.7 Justification for use of WQI 

Are used to review water quality monitoring data and provide considerable 

interpretation of results, particularly when pollutant concentrations are below water quality 

criteria. WQI may be used to monitor water quality without the need for frequent sample. 

WQIs enable specialists to contextualize monitoring data, analyze the success of regulatory 

initiatives, and efficiently communicate water quality information to stakeholders. Indices 

were used for many monitoring objectives, including water quality evaluation, treatment, 

usage, public information, research and development, and environmental planning [23, 24]. 

I.8 Conclusion 

This chapter provided a comprehensive overview of water quality monitoring. The 

Water Quality Index is a useful and simple technique for reporting water quality data. It has 

proven effective in evaluating temporal and spatial changes in water quality in different 

regions worldwide. Water quality indices convert large and complex water quality datasets 

into a single value in a simple and reproducible way. Their wide and successful application 

over the past 60 years demonstrates their importance in water quality assessment. They help 

summarize large amounts of complex scientific data and clearly describe water quality status 

to the public. Even non-technical stakeholders understand the simple dimensionless index 

score. 

The next chapter focuses on the theoretical aspects of Machine Learning 

implementation. It examines how Machine Learning, when applied to multi-sensor data, 

provides a reliable approach for constructing predictive models to improve water quality 

evaluation through pattern identification. 
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II.1 Introduction 

Machine learning has greatly transformed water quality assessment by replacing manual 

calculation methods with automated, adaptable computational techniques. Unlike traditional 

approaches that depend on fixed mathematical formulas, machine learning algorithms—such 

as Random Forest (RF) and Support Vector Regression (SVR), can effectively model 

complex relationships among water quality parameters like pH and dissolved oxygen. These 

algorithms facilitate accurate prediction of the WQI using historical data, enhancing real-time 

monitoring capabilities and enabling forecasting of future water pollution trends. 

II.2 Study Area Description 

II.2.1 Geographic Location 

The Tilesdit Dam is located in northern Algeria, approximately 18 km east of Bouira 

city and 4 km from National Road No. 5. Geographically, the dam is situated on Oued Eddous 

at the outlet of a 843 km² watershed [52]. As shown in Figure II.1, the latitude and longitude 

of the study area are 35° 13′ 22″ N and 4° 14′ 23″ E, respectively. 

 

Figure 2.1. Geographic location of Tilesdit dam in Bouira, Algeria. 

II.2.2 Climate Characteristics 

The climate of the study area significantly influences the hydrological cycle and the 

water quality in the Tilesdit Dam. Based on regional geographic data, the climate is classified 

as Semi-Arid Mediterranean, characterized by: 
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 Seasonal Variation: The area experiences two main seasons—a hot, dry summer and 

a cold, moist winter—causing notable fluctuations in the water’s physical and chemical 

properties. 

 Precipitation: Water inflow depends on annual rainfall averaging 500–600 mm in 

this part of northern Algeria. 

 Temperature Influence: High summer temperatures increase evaporation rates, 

potentially raising the concentrations of minerals and pollutants in the reservoir [52]. 

II.2.3 Water Source Description 

The reservoir is designed to store water with a total capacity of 167 million m³ and a 

surface area of 843 hectares. The average annual water inflow is estimated at 65 million m³ 

the dam serves a dual purpose: providing 23 million m³ for potable and industrial water 

supply, and 50 million m³ for agricultural irrigation. The water flows from Oued Eddous into 

Oued Sahal, eventually joining the Soummam basin [52]. 

II.3 Data Sources and Sensors Information 

The reliability of any machine learning model depends on the quality and consistency of 

the input data. For this study, the dataset was acquired through rigorous daily monitoring at 

the Tilesdit Dam. The technical services department at the dam utilized high-precision 

instrumentation and automated sensors to record the physical and chemical properties of the 

water. 

The raw data consists of a comprehensive set of various parameters, which are essential 

for understanding the ecological and chemical status of the reservoir. These parameters 

include: 

 Physical Parameters: Temperature, Turbidity, and Electrical Conductivity (EC). 

 Chemical Parameters: pH, Dissolved Oxygen (DO), Chemical Oxygen Demand (COD), 

Biochemical Oxygen Demand (BOD), and Suspended Solids (SS). 

The use of continuous sensing technology ensures that the dataset captures the dynamic 

changes in water quality caused by seasonal transitions and human activities. These 800 

observations were later organized into a digital format, forming the basis for training the 

SVR, Random Forest, and ANN models discussed later in this chapter. 
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II.4 Data Preprocessing Strategy 

II.4.1 Data Cleaning 

 Cleaning up the Data before we can train our machine learning models, we need to 

make sure our raw data is accurate and reliable. To do this, we follow a three-step cleaning 

process. First, we deal with missing values. Sometimes, our sensors don't work properly or 

there are errors when we're sending the data, which means we're left with gaps in our data. To 

fix this, we use a method called Linear Interpolation to fill in the missing values. This helps us 

keep the timeline of our data intact, which is really important when we're trying to forecast 

what will happen in a certain area over time. Next, we look for outliers. These are 

measurements that don't seem right, like a pH value that's way outside the normal range or a 

sudden spike in turbidity that's probably just a mistake. We use something called the Z-score 

method to find these outliers, and if they don't make sense in the real world, we get rid of 

them so they don't mess up our models. Finally, we make sure everything is consistent. Since 

we're getting data from lots of different places, we need to make sure all the units of 

measurement are the same and that our clocks are all synchronized. This way, we can be sure 

that our data is reliable and will work well with our models. By following these steps, we can 

be confident that our data is clean and ready to use. This is a crucial part of our process, as it 

helps us build models that are accurate and useful [52].  

II.4.2 Data Normalization and Standardization  

The Data Normalization and Standardization is an important step when we are working 

with machine learning (Figure 2.1). This is especially true when we are dealing with water 

quality indices that're not the same. The Data Normalization and Standardization helps to 

make sure that all the parameters are treated equally by the model. 

The dataset has features with different values. For example the pH values are between 0 

and 14. Other parameters can be in the thousands. If we do not scale these features the 

algorithms like Support Vector Regression or Neural Networks may not work properly. They 

may give importance to the features with bigger ranges. This can lead to poor results and bad 

predictions. 

To avoid this problem we use two methods. 

* Normalization: this method changes the data so that it is within a range usually 

between 0 and 1. This method works well when the data does not follow a normal 

distribution. 
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* Standardization: this method changes the data so that it is around a mean of 0 and a 

standard deviation of 1. This method is very good at handling outliers, which's very important 

when we are dealing with data, from sensors that monitor dams. 

Using these methods makes the model more stable. Reduces the time it takes to train. It 

also makes sure that the features are balanced across the 37 x 11 matrix. The Data 

Normalization and Standardization is a step that helps the model to work properly. [52]  

 

Figure 2.2. Mathematical formulation and visual distribution of Normalization versus 

Standardization methods. 

II.4.3 Correlation Analysis of Water Quality Parameters 

Before feeding the 800 samples into our machine learning models, it is essential to 

understand the statistical relationships between the 8 physicochemical parameters. We 

conducted a Correlation Analysis using the Pearson Correlation Coefficient to identify how 

different variables (such as Temperature, Turbidity, and Conductivity) influence the target pH 

or WQI [46]. 

This step is crucial for three reasons: 

1. Redundancy Reduction: It helps identify if two sensors are giving nearly identical 

information, allowing us to simplify the model. 



Chapter II                                                                                           Machines leaning Methods  

 

21 
 

2. Feature Importance: It reveals which variables have the strongest impact on water 

quality. 

3. Data Insight: For the 800 observations, a correlation "Heatmap" provides a visual 

summary of the reservoir's chemical behavior over the study period. 

By analyzing the correlation matrix, we ensure that the RF and SVR models are trained on the 

most significant features, leading to higher accuracy and lower error rates [52].  

II.5 Machine Learning Framework 

II.5.1 Support Vector Regression (SVR) 

1.1. Support Vector Regression 

 Support Vector Regression (SVR) is an extension of Support Vector Machines (SVM) 

developed by Vapnik, commonly used for regression and classification purposes. The 

fundamental purpose of SVR is to identify an optimal hyperplane by looking for a function 

f(x) that deviates from the target values y by no more than ε, while maximizing the margin, 

employing an ε-insensitive loss function that ignores mistakes less than ε. Figure 2.2 

illustrates how the SVR model fits the data, and a linear relation represents the nonlinear 

function f(x) of the hyperplane: 

     〈   〉                   (2.1) 

Where w and b are the coefficients that have to be estimated from data.  

 Any function that satisfies Mercer's theorem can be used as a kernel function to compute a 

dot product in feature space. It employs a high-dimensional transformation through kernel 

nonlinear functions ϕ(x). 
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 The Gaussian kernel, often known as the Radial Basis Function (RBF), is the most widely 

utilized kernel: 
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 The three main SVR parameters are C, ε, and kernel parameters. C regulates 

regularization, ε establishes the insensitivity margin, and the Lagrange multipliers αi and αi  

modify the predictions in the direction of the goal value. The unrealizable constraints of the 

convex optimization problem, also known as the soft margin, can be managed by introducing 

spring variables (or relaxation variables) using the linear ε-insensitive loss function f(x) 

(Figure 2.2-a). Figures 2.2-b and 22-c depict the linear ε-insensitive loss function, which is 

expressed as follows: 
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The final decision function is expressed as: 
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where     is the number of support vectors contribute to the prediction. 

 
Figure 2.2. SVR Predictive Function Components: (a) Soft Margin, (b) ε-Insensitive Loss function, 

(c) Optimal hyperplane and Support Vector. 

Support Vector Regression is a useful way to predict things like water quality 

parameters. This is because it can deal with things that're not straight forward. For example it 

can handle things that're not linear. 

According to some people who did a study Support Vector Regression is very good at 

predicting water quality. This is because it uses something called Kernel. These Kernel 

Functions can take the information we have. Turn it into something that is more useful. They 

can make it easier to find the way to predict things. 
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Some people have used Support Vector Regression to study rivers. They have tried 

Kernel Functions like the RBF and the Pearson VII Universal Kernel. They found out that 

using these Kernel Functions with Support Vector Regression can give good results. It can 

even be better than using methods. 

In our study we used Support Vector Regression because it can help us make sure our 

results are good and will work in situations. This is really important when we are dealing with 

a lot of information, from sensors [52].  

II.5.2 Random Forest (RF) 

 The Random Forest method is a way of learning that works by making a lot of decision 

trees when it is being trained. The Random Forest is strong because it can put together what it 

learns from individual trees to get a better and more stable result. 

 The Random Forest method was first talked about by Breiman [03]. In the case of 

studying water Al-Nahid [03] and others showed that the Random Forest is very good at 

predicting the quality of water because it does not get confused by much data and it can 

handle complicated relationships in big datasets from the environment. The Random Forest 

uses a technique called Bootstrap Aggregating where each tree is trained on a set of data. This 

helps to make sure the trees are different and it reduces the differences in the model.  

 For the water quality dataset the Random Forest model is used to understand the 

relationships, between the 8 physical and chemical features and the pH values we are trying to 

predict. The Random Forest method gives us a way to predict what will happen and it works 

well with the SVR approach. 

The figure 2.3 explains a random forest regression workflow: 

Source data first becomes measured data, and then the dataset is split into two parts: 

80% for training and 20% for testing or validation. 

 In Step 1, the random forest is built. The training data is divided into several subsets. Each 

subset trains one decision tree. These trees work independently, so Decision tree 1, Decision 

tree i, and Decision tree n learn different patterns from the data. 

 In Step 2, each decision tree gives its own prediction. Since this is regression, the final 

prediction comes from combining the outputs of all trees, usually by averaging their predicted 

values. This reduces the error compared with relying on one decision tree. 
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After prediction, the model performance is evaluated using the test data. The figure uses 

MSE, Mean Squared Error, as the performance metric. A lower MSE means the predicted 

values are closer to the measured values. 

 In Step 3, feature contribution ranking is calculated. This step identifies which input 

variables had the strongest influence on the model prediction. In random forest regression, 

feature importance is often estimated by measuring how much each feature reduces prediction 

error across the trees. 

 

Figure 2.3. Workflow of Random Forest Regression and Feature Importance Ranking. 

II.6 Feature Importance and selection Strategy 

We use a feature selection strategy to pick the input data for predicting WQI values. 

This approach, used by Latifoğlu and Doğan helps simplify the data. 

Hydrological data often has variables and changes over time. So we need to choose the 

important features. Research on river basins shows that using variables with a RFR-based 

selection method gives accurate predictions. 
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By using this strategy we focus on the relevant features related to space and time. This 

helps in ways: 

 It makes our model less complicated. Prevents it from fitting too closely to the training data. 

 It finds the significant time delays between water quality parameters and the pH value we 

are trying to predict. 

  It supports reliable decisions for managing water at the water quality monitoring system. 

We apply the feature selection strategy to achieve these benefits and improve 

prediction. The strategy helps us get results, similar, to previous studies that achieved best 

results [05]. 

II.6.1 Importance for Instrumentation and Machine Learning 

The use of Machine Learning in instrumentation systems is a step forward for 

environmental monitoring. At the water quality monitoring we can see why this combination 

is important in ways: 

 Sensor Data Fusion: Instrumentation systems generate complex data, and machine 

learning identifies patterns that traditional methods might overlook by processing sensor 

inputs via SVR and Random Forest. 

 Non-linear Calibration: While many sensors assume linear relationships, water 

parameters like pH and turbidity are non-linear; machine learning models these complexities 

without manual sensor adjustment. 

 Virtual Sensing (Soft Sensors): Machine learning enables the creation of "soft sensors" 

to predict difficult-to-measure chemical levels using basic parameters like temperature, 

reducing the need for expensive hardware. 

 Noise and Fault Tolerance: These models enhance system reliability by detecting sensor 

faults or transmission errors, ensuring continuous monitoring of water quality [05].  

II.7 Model Training and Validation 

II.7.1 Training Process 

The training process is really important because this is where the machine learning 

model figures out how to connect the dots between the input variables and the Water Quality 

Index (WQI). 
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According to Ehteram (2024) the training process has a key steps that make it work 

well. 

 Data Preprocessing: First we take the data from sensors like pH, Turbidity and DO and 

clean it up so the learning algorithm can use it. This step is crucial because the model needs 

data to find meaningful patterns in the water quality parameters. 

 Layer-wise Feature Extraction: In the architectures the training starts with convolutional 

layers that look for special features and patterns in the data. Then we use activation functions 

like the Rectified Linear Unit (ReLU) to add some complexity to the model. 

 Recursive. Temporal Dependencies: For the hybrid models the training process uses layers 

like CRNN that help the network learn about short-term and long-term patterns in the water 

resource data. 

 Optimization via Backpropagation: We adjust the models parameters, like the weights and 

biases to minimize the loss function. We use the Adam optimizer to do this, which helps the 

model learn at the pace. 

 Stopping Criteria: The training keeps going until it meets a condition like a low enough 

error rate or a set number of iterations which means the Water Quality Index model is ready to 

make good predictions [00]. 

II.7.2 Cross-Validation Method 

To ensure the reliability and robustness of predictive models, a systematic validation 

approach is essential. As noted by Ehteram et al. (2024), K-fold cross-validation (KFCV) is a 

highly effective technique for assessing model performance and determining suitable training 

and testing data sizes. 

The key steps in implementing KFCV are: 

 Dataset Partitioning: The dataset is split into K equal-sized subsets or "folds." 

 Iterative Training and Testing: In each iteration, the model is trained on (K-1) folds and 

validated on the remaining fold. 

 Performance Averaging: Performance metrics from all K iterations are averaged to 

provide an unbiased overall estimate. 

 Risk Reduction: By using multiple validation sets, KFCV reduces overfitting and under 

fitting risks, making the model less sensitive to data partitioning. 
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This rigorous validation process helps ensure that the predictive system for the water quality 

monitoring accurately forecasts the Water Quality Index (WQI) for new, unseen 

environmental data [03]. 

II.7.3 Testing and Evaluation Metrics 

To quantify the predictive accuracy and efficiency of the developed models, several 

statistical evaluation metrics are employed. According to Ehteram et al. (2024), these metrics 

provide a comprehensive assessment of the model's ability to forecast the Water Quality 

Index (WQI) by comparing predicted values with observed data: 

 Coefficient of Determination (R
2
): This metric indicates the proportion of variance in 

the dependent variable that is predictable from the independent variables. A value closer to 

1.0 signifies a near-perfect correlation between the sensor inputs and the predicted WQI. 

 Mean Absolute Error (MAE):  Without taking into account the direction of the errors, it 

calculates the average size of the errors in a set of forecasts. Higher precision in the 

monitoring system is indicated by lower MAE values. 

 Root Mean Square Error (RMSE): This is a standard way to measure the error of a 

model in predicting quantitative data. It is particularly sensitive to outliers, ensuring that any 

significant deviations in water quality are accurately captured [05]. 
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Table 2.1. Mathematical Formulation of Performance Evaluation Metrics [02]. 

Description Formula Mathematical 
M

etrics 

 dependent the in variance of proportion the Measures

model the by explained variable 
     

∑      ̂    
   

∑       ̅ 
  

   

 

Coefficient of 

Determination 

(R
2
) 

 

Measures the average magnitude of the errors in a set of 

predictions, without considering their direction. 

 

 

     
 

 
∑ |    ̂|

{ }

{   }

 

Mean 

Absolute 

Error (MAE) 

 errors, prediction the of deviation standard the Measures

errors large emphasizing 
       √

 

 
∑      ̂ 

 

{ }

{   }

 

 

Root Mean 

Square Error 

(RMSE) 
 

 

II.8 Conclusion 

This chapter has established the theoretical and methodological foundation for the 

intelligent prediction of the Water Quality Index (WQI). By exploring machine learning 

architectures such as Support Vector Regression (SVR) and Random Forest, we identified key 

algorithms capable of managing the non-linear complexities inherent in environmental data. 

The adoption of the K-fold cross-validation method alongside rigorous performance 

metrics—including (R
2
), MAE and RMSE, provides a robust framework for model training 

and validation. These approaches ensure that the predictive system is both accurate and 

generalizable to new data. 

This foundational framework sets the stage for the next chapter, where these models 

will be implemented and tested using the Tilesdit Dam dataset to identify the most effective 

solution for real-time water quality monitoring.   
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III.1 Introduction 

Water is a fundamental element for human life and health. It transports essential 

nutrients and helps regulate physiological functions. In its natural state, water is rarely pure, 

since it often contains physical, chemical, and biological substances that require strict 

monitoring and treatment to meet safety standards. Water quality assessment has a direct 

impact on public health. It depends on several qualitative and quantitative variables, 

especially when water is intended for drinking or irrigation. For this reason, strong 

mathematical methods are needed to combine the physicochemical properties of water into a 

single indicator that represents its overall water quality. The WQI, provides this type of 

assessment. It expresses water quality as a single dimensionless value calculated from a set of 

measured water parameters. 

The main objective of this study is to examine the different parameters, complexities, 

and computational requirements involved in WQI analysis. Estimating the Water Quality 

Index without direct analytical calculation is a pattern-recognition problem, since the model 

must identify relationships between several physicochemical variables and the final water 

quality class or value. In this context, the study presents the main steps required to calculate 

the WQI and develop a machine learning model capable of predicting it. 

This chapter focuses on the practical application of the methodology established in the 

previous sections. Using real data collected from the Tilesdit Dam, the study aims to 

implement an intelligent water quality monitoring system. The next sections describe the 

study area, the physical and chemical parameters measured, and the application of ML models 

to predict the WQI, in accordance with World Health Organization (WHO) guidelines and 

Algerian national standards. 

III.2 Data Collection and Sampling: 

III.2.1 Sampling Strategy 

Our study is based on a large dataset that was collected for the purpose of modeling 

water quality. The dataset comprises 800 surface water samples, subjected to measurement 

and physicochemical analysis to guarantee an accurate depiction of the water resource status.  

The database contains six basic variables or physicochemical indicators that are used as inputs 

for the predictive models, as shown in Figure 3.2 and Table 3.1 provides a summary of 

descriptive statistics for used water quality variables: 

 pH: To measure the acidity or alkalinity of the aqueous environment. 
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 Electrical Conductivity (EC): Reflecting the concentration of dissolved salts. 

 Temperature: Which directly affects chemical and biological reactions in the water. 

 Turbidity: To evaluate water clarity and the presence of suspended solids. 

 Total Dissolved Solids (TDS): A measure of the total dissolved organic and inorganic 

substances. 

 Dissolved Oxygen (DO): A vital indicator for the health of aquatic ecosystems. 

 

Figure 3.1. Evolution of descriptive parameters from 2016 to 2018. 

Table 3.1. Descriptive statistics for used water quality variables. 

Parameters 

Statistical measure 

Minimum Maximum Mean 
Standard 

Deviation 

Temp (°C) 9,80 27,20 12,16 1,28 

pH 7,07 9,80 7,87 0,18 

EC (µS/cm) 515,00 649,00 568,59 33,47 

Turb (NTU) 0,76 23,81 4,93 1,81 

TDS(mg/L) 256,00 589,00 294,19 4,48 

DO (mg/L) 0,64 8,05 4,31 0,53 

This dataset is the basis for making the suggested decision support tool. It was first used 

to figure out the WQI using the standard analytical method. Then, it was used to train and test 

ML algorithms, to make sure that a highly accurate predictive model was created. Measured 

Parameters: 
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To find out how good the water is, you need to measure a set of core physicochemical 

parameters and compare them to the WHO international limits. These indicators are very 

important for describing the chemical and physical properties of the water environment. Each 

one shows a different part of pollution or ecological balance. For the sake of statistical 

calculations, each parameter is given a weight (wi) based on how much it affects water 

quality, Where the relative weight (wi) which is the weight of a parameter shows how much 

that parameter affects public health. The weights are given numbers from 1, to 5. The 

parameters that can hurt people’s health more get relative weights and this is decided using 

the rules of the World Health Organization. For example, Dissolved Oxygen is a very 

important indicator, so it gets a higher weight. This table shows a summary of these 

parameters, what they do, and the reference values that were used: 

Table 3.2. Standard values and relative weights of water quality parameters. 

Parameter Description Role in Water Quality WHO Standard 

pH 
Measure of water acidity 

or alkalinity (0–14 scale) 

Controls chemical reactions and 

affects aquatic life; indicates 

possible pollution 

6.5 – 8.5 

TDS(mg/L) 

Total concentration of 

dissolved substances 

(salts, minerals, organic 

matter) 

Indicates mineralization and 

pollution level; affects taste and 

usability 

≤ 500 (desirable) 

Temperature (°C) Degree of heat in water 
Influences chemical reactions 

and dissolved oxygen levels 

≤ 25°C 

(recommended) 

DO(mg/L) 
Amount of dissolved 

oxygen in water 

Essential for aquatic life; low 

values indicate pollution 

 

≥ 5 mg/L 

Conductivity 

(µS/cm) 

Ability of water to 

conduct electricity due to 

ions 

Reflects salinity and dissolved 

ion concentration 
≤ 1500 µS/cm 

Turbidity (NTU) 
Measure of water clarity 

(suspended particles) 

Indicates suspended particles 

and contamination 
≤ 5 NTU 

III.2.2 Water Quality Index Calculation 

The Water Quality Index (WQI) is an effective instrument for communicating water 

quality. It provides a consistent unit of measurement, making it an important feature in 

surface water management. Quality of water indices (WQIs) are used to measure water's 

appropriateness for various purposes. These indicators indicate the level of water quality in 

lakes, streams, rivers, and reservoirs. Most WQIs compare determinants to regulatory criteria 

[02]. There are many methods for water quality index quantification. In this study methods 

was selected: the WA-WQI. 

The WQI was used to aggregate various variables and their dimensions into a single value 

from water quality dataset of Tilesdit Dam. The calculation and formulation of the WQI 
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involved the three steps mentioned above, according to the equations 1.11 to 1.15 and Table 

1.3. The dataset on water quality provided by the Tilesidt station was used in this analysis.  

From Tables 3.3 and 3.4, the weight (Wi) of each of the six parameters was calculated 

using Equation 3 and the standard set (Si) for each parameter, according to the guidelines. 

After calculating the WQI, the values ranged from 57,69 to 125.99. Most of the WQI values 

fell between "Good" and "Poor," with a few instances categorized as "Unsuitable for 

Drinking". An example of the calculation of the WQI for these physicochemical parameters 

and tis classes is shown in table 3.5. The obtained WA-WQI values are shown in Figure 3.3.  

Table 3.3. Relative weights and standard values of water quality variables used in WQI calculation. 

Parameters 
WHO 

Standard 

Algerian 

Standard 

Si 

Standard maximum value, 

Algeria 

Relative Weight 

(Wi) 

Temp (°C) 20-32 25 25 0.07227153 

pH 7 - 8 6.5 - 9 9 0.20075426 

EC (µS/cm) 1500 ≤ 2800 2800 0.00064528 

Turb (NTU) 5 ≤ 5 5 0.36135767 

TDS (mg/L) 1000 ≤ 500 500 0.00361358 

DO (mg/L) 5 ≤ 5 5 0.36135767 

The relative weight (Wi) of each physicochemical parameter and the proportionality 

constant K are first calculated using the maximum values from the Algerian standard for 

surface water of the studied physicochemical parameters. An example of the calculation of the 

Water Quality Index (WQI) for these physicochemical parameters is shown in Table 3.4. 

Table 3.3. Weight of physicochemical parameters and Algerian standard for surface water quality 

(Algerian standard for water quality, 2016 and 2018). 

 
pH 

TDS 

(mg/L) 

Temperature 

(°C) 

DO 

(mg/L) 

Conductivity 

(µS/cm) 

Turbidity 

(NTU) 

Si 9 500 25 5 2800 5 

 
  

⁄  0.1111 0.002 0.04 0.2 0.00035 0.2 

2
0

1
6
-2

0
1

8
 

Wi 0.20075 0.00361 0.07227 0.36135 0.00064 0.36135 

∑
 

  

 0.55346825 

  
 

∑
 
  

 
1.80678836 
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Figure 3.1. Variation in Sample Features of Six Selected WQ Parameters. 

 

Table 3.5. An example of the calculation of the Water Quality Index (WQI) 

pH 
Conductivity 

(µS/cm) 

Temperature 

(°C) 

Turbidity 

(NTU) 

TDS 

(mg/l) 

DO 

(mg/l) 
WQI WQ Class 

7.74 580 11.5 3.80 291 4.41 76.80 Very poor 

7.55 521 12.4 3.59 291 3.67 76.42 Very poor 

7.76 525 11.9 3.36 293 4.3 74.35 Poor 

7.80 523 14.5 3.10 292 3.95 74.94 poor 

8.05 600 10.3 7.42 300 5.41 101.97 Unsuitable for drinking 

The objective behind collecting data related to these parameters is to develop two 

models: an analytical model based on the calculation of the WQI index, and another model 

based on machine learning, both allowing the identification of water quality states through the 

artificial calculation of the WQI. Experimental descriptive data collected over a long period, 

several years, could help achieve this objective. It is therefore useful to have at least one year 

to archive data in order to establish a sufficiently complete knowledge base capable of 

functioning properly. This highlights the need for a knowledge base rich in information, 

which first requires data collection over a long period, as well as the involvement of an 

expert. 

III.3 Proposed framework 

The five steps of the proposed intelligent WQ assessment framework are as follows: (i) 

Physicochemical WQ sample data collection from the study area, (ii) WQ data is used to 
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calculate the WQI using the weighted arithmetic average method, (iii) Application of Machine 

learning models (RF and SVR), (iv) Evaluation and analysis to identify the most suitable 

model. Figure 3.4 shows details of how the suggested framework was developed. 

 

Figure 3.2. Flowchart of the proposed methodology for WQI prediction using ML models. 

Developing intelligent models for comprehensive water quality assessment using 

implemented sensors for data collection is the objective of this work. In order to process large 

datasets, this advanced system (Figure 3.3) often integrates particular hardware and software 

components. It is further improved, feature selection and other data preprocessing techniques, 

as well as classification or prediction algorithms for decision-making. To find the best choice 

for a water quality assessment, all of these procedures are carried out in our advanced 

framework for the suggested approach of water quality assessment. 

III.4 Results and Analysis 

III.4.1 Model Selection 

The two ML models RF and SVR are employed to predict the WQI after data 

preprocessing and to identify patterns and predict future events [32]. The aim of this study is 
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to assess the effectiveness of these models in predicting the WQI. Both the two models are 

trained and tested using the WQ dataset, which consists of 800 samples collected from the 

Tilesdit Dam station in Bouira, Algeria, covering the period from 2016 to 2018.  

SVR uses kernel functions to map the input data into high-dimensional feature spaces, 

and predict water quality indices. Some of the important kernels are Linear, Polynomial, 

Gaussian RBF and Sigmoid. We have two important hyperparameters: ε (epsilon), which is 

the width of the margin, and C, the regularization parameter that trades off correct 

classification of training examples against maximum margin (the size of ε). Because SVR 

tries to fit points that are within the margin, support vectors come into play. This optimization 

aims to maximize the margin while keeping prediction errors at ≤ ε. This SVR model was 

designed in Python and fine-tuned for a comparison with the RFR model [02]. The RF model 

is used in this work to assess and forecast the effects of water quality indicators.  A RF model 

is made up of a huge number of independent decision trees that function as an ensemble. For 

this regression job, the final forecast is calculated by averaging the forecasts of each 

individual tree. In this study, Python was used to implement the models [02] [33]. 

III.4.2 Model Evaluation Metrics 

During the study period, both RF and SVR were used to model characteristics of the 

actual WQI values versus modeled values [33]. The following statistical indicators have been 

chosen to assess the prediction correctness and forecasting accuracy of those fashions: 

 R² (Score): Indicates the proportion of variance for the WQI that is explained by the 

input physicochemical parameters. Its value ranges between 3 and 3; the closer it is to 1, the 

better the model is at understanding changes in water quality. This means that the selected 

input parameters are the primary factors that account for the variations observed in water 

quality. 

 Mean Squared Error (MSE): calculates the average squared difference between 

predicted and actual values of WQI, by squaring the differences (the errors), this metric 

magnifies large errors, resulting in significantly higher values that may indicate a flaw in the 

training phase. Its value starts from 0 and increases as the error grows; a lower MSE indicates 

that the model is more stable and less prone to making large predictive errors. 

 Root Mean Squared Error (RMSE): is the square root of the MSE and measures the 

average magnitude of errors using the same units as the WQI. It reflects how far the predicted 
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values deviate from the actual values. The closer the RMSE is to 0, the more accurate the 

model and the more reliable it becomes for monitoring water quality. 

 Mean Absolute Error (MAE): the Average Value of (MAE) is calculated as the 

average absolute difference between the predicted and actual values.by ignoring the error's 

direction to take the absolute value, a low MAE indicates that the model's daily predictions 

consistently closely match the measured values. MAE is sensitive but not as sensitive as 

RMSE. When used together, the model's errors are stable and consistent across 800 samples. 

III.4.3 Training and Testing results 

The main purpose of the dataset is to design and confirm a predictive strategy for WQI 

prediction, which will improve model generalization by enriching the dataset to more 

accurately represent current water quality parameters. As seen in Table 3.1, the six parameters 

in the dataset—Temp, pH, EC, Turb, TDS, and DO—are all derived from direct observations. 

The calculated WQI values serve as reference points for training the two machine 

learning models and evaluating the accuracy of their predictions, namely the SVR and RF 

models. The next step is to use these WQI values to train and test how well the two selected 

models predict WQI. This shift moves the study from a traditional analytical method toward 

machine learning methods that support the forecasting of future WQI values. 

In preparation for both models, we divided the dataset into two sub-datasets: a training 

set 80% (640 Samples) for model building (representative enough) and a test set 20% (160 

Samples) for validation, using 5-Fold cross-validation based on WQ parameters, were split 

into five groups of 128 samples each. Four subsets were used for training and the fifth for 

internal validation in each iteration. This process of rotation guarantees that each data point is 

used for training and testing, which minimizes the risk of overfitting and ensures the 

reliability of the WQI predictions for the Tilesdit Dam. All water quality metrics used on 

input combinations are standardized using the Min-Max scaler to ensure that the values were 

within a specified range, typically between 0 and 1 [33]. This cross-validation method helps 

mitigate overfitting and provides a robust estimate of the model performance on independent 

datasets. Performance was evaluated using metrics such as MAE, MSE, RMSE, and R². Our 

simulation investigation employed the following hardware: a personal PC with a 2.11 GHz 

Intel CoreTM i7-8665U processor and 16 GB of RAM. All proposed solutions were 

implemented using Anaconda Navigator 2.6.3 and Python 3.12 in a Windows 10 (64-bit) 

operating system environment. 
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Using GridSearchCV with 5-fold cross-validation, we systematically tuned three 

important parameters for the SVR prediction method: the penalty factor C (tested values [0.1, 

1, 10, 100]), the RBF kernel bandwidth γ (evaluated [0.01, 0.1, 1, 'scale', 'auto']), and the 

epsilon-tube width ε (explored [0.01, 0.1, 0.5]). As a result, while bad parameter selection 

may result in underfitting or overfitting issues, appropriate parameter selection in both models 

can produce outstanding outcomes. To choose the best model for WQI prediction, it is crucial 

to take into account the chosen performance measures for the two models.  

To acquire the training and testing results, we can evaluate the model’s results during 

both steps by analyzing performance metrics between the observed and predicted WQI values 

of the two models. A thorough comparison of the RF and SVR models' performance is shown 

in Table 3.6, which also includes the average metric values from the 5-fold cross-validation. 

To choose the optimal model for prediction, these indicators must be identified during both 

the training and validation stages. These measures are essential for comprehending prediction 

error margins, model accuracy, and the percentage of WQI variance that can be accounted for 

by the water quality parameters. 

Table 3.5. Average performance metrics of RF and SVR methods for WQI prediction using 5-Fold 

cross-validation on training and testing datasets [35] [43] [44]. 

Model 
Training data Testing data 

MSE RMSE MAE R2 MSE RMSE MAE R2 

SVR 0.0013 0.04 0.02 0.999 0.001 0.03 0.02 0.999 

RFR 0.27 0.52 0.37 0.997 1.02 1.01 0.78 0.986 

 

The results show that both models perform well, but SVR with GridSearchCV (C = 500,    

ε = 0.01, γ = 0.001), gives much better predictive accuracy than RFR. For the SVR model, the 

error values are extremely low in both training and testing data. The training MSE is 0.0013, 

RMSE is 0.04, and MAE is 0.02, while the testing MSE is 0.001, RMSE is 0.03, and MAE is 

0.02. The R² value is 0.999 for both training and testing. This means the SVR model explains 

almost 99.9% of the variation in the target variable. The similarity between training and 

testing results also shows strong generalization, with no clear sign of overfitting. The RFR 

model also shows good performance, especially because its R² values are high. It achieves an 

R² of 0.997 in training and 0.986 in testing. This means the model explains 99.7% of the 

variance in the training data and 98.6% in the testing data. Still, its prediction errors are much 

higher than those of SVR. For example, the testing RMSE of RF is 1.01, compared with only 

0.03 for SVR. The testing MAE is also higher, 0.78 for RF compared with 0.02 for SVR. 
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The difference between training and testing performance is larger in the RF model. Its 

MSE increases from 0.27 in training to 1.02 in testing, which suggests a slight reduction in 

predictive stability when applied to unseen test data. This does not indicate severe overfitting, 

because the testing R² remains high, but it shows that RF is less accurate and less stable than 

SVR. 

 Figures 3.5, 3.6, 3.7, and 3.8 display the training and testing results for WQI prediction. 

Plots comparing real and predicted WQI values for the SVR and RF models, respectively, 

using the training and testing sets are shown in Figures 3.5 and 3.7. The link between the 

actual and anticipated WQI values for each ward, based on the SVR and RF models, is 

depicted in scatter plots in Figures 3.6 and 3.8. A thorough comparison of the models' 

performance across various data subsets is made possible by these figures, which show how 

effectively the models perform on the target variable. 

 

Figure 3.3. WQI values prediction results for SVR and RF models in the training phase. 
 

 

 

 

 

 

 

 

 

Figure 3.4. Scatter plot of predicted WQI values using SVR and RF models in the training phase. 
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Figure 3.5. WQI values prediction results for SVR and RF models in the testing phase. 

 

 

 

 

 

 

 

 

Figure 3.6. Scatter plot of predicted WQI values using SVR and RF models in the testing phase. 

Overall, SVR is the best-performing model in this comparison. It provides the lowest 

prediction errors and the highest R² values for both training and testing data. Based on these 

results, SVR is more suitable for prediction than RF. The near-perfect SVR results should still 

be checked carefully to make sure there is no data leakage, repeated samples, or preprocessing 

error, especially if the dataset is small. 

III.4.4 Feature selection and importance analysis using RF model 

Selecting features is a crucial stage for enhancing both the effectiveness and clarity of a 

model, particularly because environmental datasets frequently experience multicollinearity 

and variable significance issues. This study had two main goals in choosing the most 

impactful features for WQI prediction: first, we wanted to simplify the model by reducing the 

number of features without losing any information, and second, to improve the predictive 
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accuracy of the Random Forest model by concentrating on the most important 

physicochemical parameters. This dual task learning framework using the RF approach 

structured the model to prioritize the most informative inputs, promoting more stable training 

dynamics and enhanced interpretability. This section outlines the method used to evaluate 

feature importance and presents the ranked outcomes applied for additional model training 

[35]. 

In developing the dual-task RF model compared to SVR model, this study used a real 

database of 800 samples collected between 2016 and 2018 from Tilesdit Dam in Bouira, 

Algeria, including pH, temperature (T°), conductivity (C), turbidity (Turb), total dissolved 

solids (TD), and dissolved oxygen (DO). The index was initially computed analytically using 

the Weighted Arithmetic Index approach. These parameters were selected because they are 

the most frequently monitored at the production station at the study site. For a comprehensive 

assessment, the dataset was randomly split into training and testing subsets using a hold-out 

approach, with 80% allocated to training and validation and 20% reserved for testing the WQI 

prediction performance through metrics such as MAE, RMSE, and R². The data were then 

normalized using the Min-Max scaler to place all values within a defined range, usually 

between 0 and 1. For the SVR model, systematic hyperparameter tuning was performed using 

GridSearchCV with 5-fold cross-validation.   

WQI prediction using both the full set and several reduced sets of indicators, in order to 

assess how reducing the number of parameters affects the accuracy of WQI estimates 

compared with analytical methods. In order to optimize the accuracy of WQI prediction by 

using a minimal set of water characteristics, the study sought to identify important water 

parameters and the most dependable models, taking seasonal variations in the water 

environment into account [35]. 

Model performance through the learning steps was assessed by comparing the 

calculated and predicted WQI values using evaluation metrics. Figure 3.9 shows the 

importance of each input water quality parameter, as determined by the RF method while 

tables 3.7 and 3.8 presents the performances metric values of RF and SVR methods 

respectively,  with both full and reduced indicator sets. 
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Figure 3.7. Importance of input parameters (RF) 

Table 3.7. Performance metrics for RF-based feature selection and WQI prediction (best results are in 

bold) [34] [45] . 

Nb_variables Variables R2 RMSE MAE 

Full indicators pH, C, T°, Turb, TDS, DO 0.985814 1.013995 0.782286 

4 Turb, DO, pH, T° 0.986929 0.973312 0.734582 

3 Turb, DO, pH 0.986058 1.005221 0.775226 

2 Turb, DO 0.976875 1.294622 0.99573 

1 Turb 0.808777 3.722814 2.923929 

5 pH, C, T°, TDS, DO 0.451788 6.303409 4.422737 

 

Table 3.8. Performance metrics for RF-based feature selection and SVR based WQI prediction (best 

results are in bold). [43][44] 

Nb_variables Variables R2 RMSE MAE 

Full indicators pH, C, T°, Turb, TDS, DO 0.999850 0.104293 0.079780 

4 Turb, DO, pH, T° 0.999845 0.105898 0.066893 

3 Turb, DO, pH 0.995437 0.575059 0.422346 

2 Turb, DO 0.982021 1.141528 0.857830 

1 Turb 0.858698 3.200182 2.480106 

5 pH, C, T°, TDS, DO 0.478043 6.150618 4.195459 

Table 3.7 shows that the RF model achieved its best WQI prediction performance when 

four variables were used: Turb, DO, pH, and T°. This combination produced the highest R² 

value, 0.986929, and the lowest error values, with RMSE = 0.973312 and MAE = 0.734582. 

These results are slightly better than the model using all indicators, which recorded R² = 

0.985814, RMSE = 1.013995, and MAE = 0.782286. This means that removing less 

informative variables improved the model slightly and reduced prediction error. 
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The three-variable subset, Turb, DO, and pH, also gave strong results, with R² = 

0.986058, RMSE = 1.005221, and MAE = 0.775226. Its performance remains close to the 

four-variable subset, showing that Turb, DO, and pH are the most influential predictors for 

WQI estimation. The two-variable model, Turb and DO, still performed well, but its error 

increased, which indicates that pH and T° add useful information to the model. 

The weakest performance appears when Turb is excluded from the selected variables. 

The five-variable subset, pH, C, T°, TDS, and DO, recorded R² = 0.451788, RMSE = 

6.303409, and MAE = 4.422737. This sharp decline confirms the dominant role of turbidity in 

predicting WQI. Even when used alone, Turb achieved R² = 0.808777, which supports its 

strong explanatory power. 

Table 3.8 shows that SVR produced much higher prediction accuracy than RF when 

using the same RFR-based feature selection strategy. The full-indicator SVR model achieved 

the highest R², 0.999850, and the lowest RMSE, 0.104293. The four-variable subset, Turb, 

DO, pH, and T°, gave almost identical performance, with R² = 0.999845 and RMSE = 

0.105898, while producing the lowest MAE, 0.066893. This means that the four-variable 

subset provides nearly the same predictive accuracy as the full model while using fewer input 

variables. 

The SVR results also confirm the importance of Turb. When Turb was excluded in the 

five-variable subset, model performance dropped sharply to R² = 0.478043, RMSE = 

6.150618, and MAE = 4.195459. In contrast, Turb alone produced R² = 0.858698, which is 

higher than the single-variable RF result. This confirms that turbidity is the key variable for 

WQI prediction in this dataset. 

Overall, the best reduced feature set is Turb, DO, pH, and T°. It offers the best balance 

between accuracy and model simplicity. The comparison also shows that SVR is more 

accurate than RF for WQI prediction, especially when using the full indicators or the four 

most relevant variables. The RF model provides a compact method for assessing feature 

importance [30]. The much poorer result obtained with five variables, compared with the full 

model and the four-variable model, confirms that turbidity plays a dominant role in accurate 

WQI prediction, as it is the most important input influencing parameter. 

Although the RF model yielded lower prediction results compared to the SVR model in 

the prediction task, it remains valuable for feature selection and feature importance analysis. 
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Within this dual-task learning framework, the RF approach identifies the most relevant 

variables, while the SVR model is used for the final WQI prediction. 

III.5 Discussion and Practical Implications 

The results demonstrate that integrating machine learning techniques establishes a 

robust framework for environmental water quality monitoring. The system operates through 

three main components: 

III.5.1 Intelligent Data Aggregation 

The system functions as an intelligent aggregator, processing four key inputs-Turbidity, 

Dissolved Oxygen, pH, and Temperature—to estimate a comprehensive WQI using patterns 

learned via RF and SVR algorithms. This approach reduces reliance on time-consuming 

laboratory titrations, minimizes human error, and lowers operational costs. It allows field 

operators to make timely decisions based on reliable, synthesized data. 

III.5.2 Robustness and Generalization 

Analysis of training and testing results confirms that the system achieves high 

generalization, capturing the underlying chemical relationships among water quality 

parameters rather than simply memorizing the data. GridSearchCV effectively optimized the 

SVR parameters, while the RF algorithm demonstrated superior stability in handling the non-

linear noise inherent in sensor measurements. 

III.5.3 Practical Real-Time Deployment  

Once trained, the models require minimal computational resources, making them 

suitable for deployment on embedded systems or microcontrollers at the Tilsdit Dam. 

Integration into a local monitoring station enables real-time alerts whenever the WQI deviates 

from safe thresholds. This improvement addresses delays associated with traditional manual 

methods, allowing authorities to respond promptly to potential contamination events and 

enhance water resource management. 

III.6 Conclusion 

This chapter establishes the methodological framework for the intelligent prediction of 

water quality. The SVR and RF techniques were applied to develop WQI modeling in the 

study area. Presented as a prediction problem, both techniques produced very good simulation 

results. The real database from the Tilesdit station in Bouira, applied to these methods, 

included a large dataset collected for six water quality parameters, demonstrating the 
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effectiveness of both approaches. A rigorous data preprocessing pipeline—including data 

cleaning via linear interpolation and feature scaling through normalization and 

standardization—ensured that the raw sensor data was reliable and balanced. Additionally, the 

detailed presentation of the SVR and RF algorithms provides a clear understanding of the 

mathematical models selected to capture the non-linear complexities of the reservoir's water 

quality index. The strategic integration of these machine learning methods, along with K-fold 

cross-validation and standard evaluation metrics (R², MSE, MAE, and RMSE), establishes a 

solid foundation. The WQI proved to be a useful tool for decision-making and comparative 

assessment of water quality over time and across space. Subsequently, the six key parameters 

were selected to develop the two methods. High correlation coefficient values, with R² 

exceeding 0.98, were obtained for both models during the training and testing phases. The 

SVR method successfully predicted the WQI with high accuracy. Although the RF model 

yielded lower prediction results than the SVR model, it remains valuable for feature selection 

and analysis of variable importance. Within this dual-task framework, the RF approach 

identifies the most relevant variables, while the SVR model is used for the final WQI 

prediction. 

This research demonstrates that statistical learning-based methods are powerful and 

reliable for estimating water quality in wetlands and other water bodies. These techniques are 

recommended for accurate, rapid, and cost-effective water quality assessments across 

production systems worldwide. 
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The sustainable management and ecological protection of water resources represent a 

critical environmental challenge that demands modern, high-reliability engineering solutions. 

Traditional water quality monitoring frameworks rely heavily on periodic manual sampling 

and laboratory chemical analyses, which suffer from delayed response times and vulnerability 

to data gaps caused by hardware malfunctions. To overcome these technological barriers, this 

thesis has successfully designed and evaluated an intelligent, data-driven framework that 

bridges Electronic Instrumentation with advanced computational intelligence, taking the 

Tilesdit Dam in Bouira Province, Algeria, as a vital regional case study. 

The systematic execution of this research was carried out across three highly integrated 

phases based entirely on a customized Python environment: 

 First, a comprehensive analysis of environmental context and historical data was 

established, confirming the importance of Water Quality Indices (WQIs) in reducing complex, 

multi-dimensional physicochemical datasets into a single, dimensionless, and interpretable 

metrics. 

 Second, a rigorous data preprocessing pipeline was developed.  A dataset consisting of 

6 key parameters was condition-monitored, utilizing normalization and standardization to 

ensure stable signal dynamics. The empirical core of the study successfully executed the 

machine learning models, specifically Support Vector Regression (SVR) and Random Forest 

(RF). The data was methodically split into 80% for training and 20% for testing, utilizing the 

k-fold cross-validation technique to predict both the Weighted Arithmetic Water Quality 

Index (WAWQI). 

 Third, a feature importance and selection strategy was executed using Random Forest to 

determine the most influential inputs. 

The numerical results obtained in this study have significant implications for the design 

of next-generation environmental monitoring stations. The physicochemical processes 

governing water chemistry are inherently stochastic and non-linear, rendering traditional 

linear sensor calibration curves insufficient. The machine learning architectures employed in 

this research effectively captured these complex transformations. The RF model demonstrated 

exceptional robustness due to its ensemble bootstrap aggregation structure, while the SVR 

framework achieved high accuracy in minimizing standard telemetry performance metrics. 
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To evaluate the validity of the two models, SVR and RF, performance metrics utilizing 

MSE, RMSE, MAE, and R2 were used with k-fold cross-validation. The results indicate that 

the SVR model offers the highest performance in training and testing phases with R2 superior 

at 0.99 compared to the results of RF model. According to performance metrics, the SVR 

model outperformed the RF model during both the training and testing steps, while the RF 

model also performed effectively. With lower error rates, a higher correlation with observed 

values, and robust performance on new data, the SVR model outperformed other models in 

predicting the WQI, making it an accurate and sustainable alternative for traditional methods 

and a valuable tool for monitoring and evaluating surface water quality in the study area. 

In water treatment and dam monitoring, physical probes capable of measuring complex 

chemical concentrations are expensive, require extensive maintenance, and are prone to 

chemical drift over time. By deploying the optimized, low-power machine learning models 

developed in this study, it is possible to mathematically replicate the behaviour of these costly 

hardware probes. Using input signals from simple, durable physical sensors, the embedded 

intelligence layer can generate precise real-time estimates of complex parameters and global 

WAWQI scores. Feature selection and importance analysis substantially reduce structural 

deployment costs and enable continuous, automated monitoring without human intervention 

and it can improve the models' predictive ability and offer accurate and well selected 

parameters for WQI prediction. Advanced methods, such as correlation analysis, data 

preprocessing, hyperparameter tuning and optimization, and the removal of unnecessary 

parameters, should be used to evaluate the relative significance of different input WQ 

parameters in the prediction process. 

In order to improve the prediction of the WQI, future research ought to try to extend by 

using a larger database, including soft sensors for chemical features that are not continually 

measurable. To improve the prediction model's accuracy, researchers can investigate various 

architectures, optimization strategies, hybrid approaches, and other innovative deep learning 

techniques.  

This study demonstrates that the evolution of Electronic Instrumentation is deeply 

dependent on its synergy with artificial intelligence. The smart monitoring framework 

established for the Tilesdit Dam shifts the paradigm from passive data logging to active, real-

time prediction within Embedded Systems. This scalable, robust, and cost-effective blueprint 

can be readily implemented across various water infrastructures in Algeria, ensuring the 

intelligent preservation of our most vital natural resource. 
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 ملخص

ب لإداسح ٔزًبيخ يٕاسد انًيبِ انسطسيخ. رجسث ْزِ انذساسخ في رمييى ٔرُجؤ خٕدح انًيبِ ثبسزخذاو كم يٍ الأسبنيت يعُذ يشالجخ خٕدح انًيبِ أيشًا أسبسيً 

ثزدًيع عذح يعبييش ندٕدح انًيبِ في ليًخ ٔازذح رًثم  (WQI) انزسهيهيخ ٔرمُيبد انزعهى الآني. رمٕو الأسبنيت انزسهيهيخ نسسبة يؤشش خٕدح انًيبِ

 يخ نهًيبِ. يعُذ رجُي طشق يٕثٕلخ نهزعهى الآني في انزُجؤ ثًؤشش خٕدح انًيبِ أيشًا زيٕيبً نزسميك َزبئح دليمخ يٍ خلال الاسزفبدح يٍاندٕدح الإخًبن

 ذاعًخبد انانًعبندخ انسبسٕثيخ نزمشيت انًؤشش ثُبءً عهى يزغيشاد إدخبل يعمذح ٔيدًعخ. رمُيىّ ْزِ انذساسخ فعبنيخ كم يٍ الاَسذاس ثٕاسطخ انًزدٓ

(SVR) ٔالاَسذاس ثبنغبثبد انعشٕائيخ (RFR)  في انزُجؤ ثًؤشش خٕدح انًيبِ نهًيبِ انسطسيخ. رى زسبة يؤشش خٕدح انًيبِ ثبسزخذاو طشيمخ انسسبة

إنى يدًٕعخ ثيبَبد انسسبثيخ انًٕصَٔخ نزسذيذ فئبد اندٕدح الأسبسيخ ٔرمييى خٕدح انًيبِ انسطسيخ عُذ سذ ريهسذيذ في انجٕيشح، اندضائش، اسزُبدًا 

انكهيخ، رزضًٍ سزخ يعبييش فيضيٕكيًيبئيخ سئيسيخ: انشلى انٓيذسٔخيُي، دسخخ انسشاسح، انزٕصيهيخ انكٓشثبئيخ، انعكبسح، انًٕاد انصهجخ انزائجخ 

 R² لذو دلخ فبئمخ، يع ليى SVR ٔالأكسديٍ انًزاة. رى رمييى أداء ًَبرج انزُجؤ ثبسزخذاو عذح يمبييس إزصبئيخ. أظٓشد رمييًبد الأداء أٌ ًَٕرج

إنى أٌ انعكبسح كبَذ انعبيم الأكثش رأثيشًا في انزُجؤ  RFR ٔأخطبء رُجؤ طفيفخ. ٔأشبسد رسهيم أًْيخ انًزغيشاد ثبسزخذاو ًَٕرج 3.222رزدبٔص 

، إلا SVR أظٓش َزبئح رُجؤ ألم يٍ RFR في انزُجؤ ثبنًؤشش ثذلخ عبنيخ. عهى انشغى يٍ أٌ ًَٕرج SVR انذليك ثًؤشش خٕدح انًيبِ. َدر ًَٕرج

أًْيخ انًزغيشاد،  RFR أَّ يظم را ليًخ لاخزيبس انًزغيشاد ٔرسذيذ أْى انعٕايم راد انصهخ. ضًٍ ْزا الإطبس رٔ انًٓبو انًضدٔخخ، يسذد ًَٕرج

انًيبِ في انٕلذ انفعهي يع رمهيم الاعزًبد عهى  ثبنزُجؤ انُٓبئي نًؤشش خٕدح انًيبِ. يزير الإطبس انًمزشذ يشالجخ ركيخ ٔخٕدح SVR ثيًُب يمٕو ًَٕرج

 .انزسبنيم انًخجشيخ، يٕفشًا أداح فعبنخ يٍ زيث انزكهفخ، سشيعخ ٔيٕثٕلخ لارخبر انمشاساد انجيئيخ ٔإداسح انًٕاسد

 ، انزعهى الآني، الاَسذاس(WQI) انًيبِ انسطسيخ، يؤشش خٕدح انًيبِ الكلمات المفتاحية9
Abstract:  

Water quality monitoring is essential for managing and protecting surface water resources. This study investigates the 

assessment and prediction of water quality using both analytical and machine learning approaches. Analytical methods 

for calculating the Water Quality Index (WQI) aggregate multiple water quality parameters into a single value 

representing overall water quality. Adopting reliable machine learning methods for predicting the WQI is crucial for 

achieving accurate results by leveraging computational processing to approximate the WQI from complex, combined 

input variables. This study evaluates the efficacy of Support Vector Regression (SVR) and Random Forest Regression 

(RFR) in predicting the WQI of surface water. The WQI was calculated using the Weighted Arithmetic Method to 

establish baseline water quality classes and assess the surface water quality at Tilesdit Dam in Bouira, Algeria, based 

on a dataset of six key physicochemical parameters: pH, temperature, electrical conductivity, turbidity, total dissolved 

solids, and dissolved oxygen. The performance of the prediction models was evaluated using multiple statistical 

metrics. Performance evaluation demonstrated that SVR provided superior accuracy, with R² values exceeding 0.999 

and minimal prediction errors. Feature importance analysis using the RFR model indicated that turbidity was the most 

influential parameter for accurate WQI prediction. SVR successfully predicted the WQI with high accuracy. Although 

RFR yielded lower prediction results than SVR, it remains valuable for feature selection and identifying the most 

relevant variables. Within this dual-task framework, RFR determines variable importance, while SVR performs the 

final WQI prediction. The proposed framework enables intelligent, real-time water quality monitoring with reduced 

reliance on laboratory analyses, providing a cost-effective, rapid, and reliable tool for environmental decision-making 

and management. 

Keywords: Surface water, Water Quality Index (WQI), Machines learning, Regression 

 

Résumé : 

La surveillance de la qualité de l'eau est essentielle pour la gestion et la protection des ressources en eau de surface. 

Cette étude examine l'évaluation et la prédiction de la qualité de l'eau en utilisant à la fois des méthodes analytiques et 

des approches d'apprentissage automatique. Les méthodes analytiques de calcul de l'Indice de Qualité de l'Eau (IQE) 

regroupent plusieurs paramètres de qualité de l'eau en une seule valeur représentant la qualité globale de l'eau. 

L'adoption de méthodes fiables d'apprentissage automatique pour prédire l'IQE est cruciale afin d'obtenir des résultats 

précis en exploitant le traitement computationnel pour approximer l'IQE à partir de variables d'entrée complexes et 

combinées. Cette étude évalue l'efficacité de la Régression par Vecteurs de Support (SVR) et de la Régression par 

Forêt Aléatoire (RFR) dans la prédiction de l'IQE de l'eau de surface. L'IQE a été calculé en utilisant la Méthode 

Arithmétique Pondérée afin d'établir des classes de qualité de l'eau de référence et d'évaluer la qualité de l'eau de 

surface au barrage de Tilesdit à Bouira, Algérie, sur la base d'un ensemble de données comprenant six paramètres 

physico-chimiques clés : pH, température, conductivité électrique, turbidité, solides dissous totaux et oxygène dissous. 

La performance des modèles de prédiction a été évaluée à l'aide de plusieurs indicateurs statistiques. L'évaluation des 

performances a montré que la SVR offrait une précision supérieure, avec des valeurs de R² dépassant 0,999 et des 

erreurs de prédiction minimales. L'analyse de l'importance des variables à l'aide du modèle RFR a indiqué que la 

turbidité était le paramètre le plus influent pour une prédiction précise de l'IQE. La SVR a permis de prédire l'IQE avec 

une grande précision. Bien que la RFR ait fourni des résultats de prédiction inférieurs à ceux de la SVR, elle reste utile 

pour la sélection des variables et l'identification des paramètres les plus pertinents. Dans ce cadre à double tâche, la 

RFR détermine l'importance des variables, tandis que la SVR effectue la prédiction finale de l'IQE. Le cadre proposé 

permet une surveillance intelligente et en temps réel de la qualité de l'eau, avec une dépendance réduite aux analyses 

en laboratoire, offrant un outil rapide, fiable et économique pour la prise de décision et la gestion environnementale. 

Mots-clés : Eaux de surface, Indice de qualité de l'eau (IQE), Apprentissage Automatique, Régression 

 


