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ARTICLE INFO ABSTRACT 

Paper Type:  Research Paper 

This research aims to improve the accuracy of water quality predictions with machine 

learning models. The goal was to analyze the performance of the Random Forest (RF) 

model and the hybrid version with a Genetic Algorithm (GA-RF) for the prediction of 

biochemical oxygen demand (BOD) and dissolved oxygen (DO) for the Nahand River 

Basin, Iran. The hybrid model was performed using eleven years of daily water quality 

data from 2013-2023, with 11 input variables, including total nitrogen, total phosphate, 

nitrite, nitrate, phosphate, nephelometric turbidity unit, water temperature, air temperature, 

electrical conductivity, pH, and flow. A further six scenarios were created with the inputs 

from the water quality data set. The models were evaluated statistically with the coefficient 

of determination (R²), root mean square error (RMSE), Nash-Sutcliffe efficiency (NS), and 

Willmott’s index of agreement (WI). The results showed that the GA-RF consistently 

outperforms the standalone RF. In BOD prediction, also GA-RF-6 and RF-5 had R2 values 

of 0.563 and 0.548, respectively. Also, In DO prediction, GA-RF-5, RF-6 had R2 values 

of 0.81 and 0.792, respectively. The analysis showed that combining the Genetic 

Algorithm and Random Forest can improve predictive accuracy in water quality 

assessments to make better-informed sustainable water resource decisions. 
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1. Introduction 

Surface water resources represent a significant element of the 

Earth’s hydrological cycle, supporting ecological and human 

systems. Rivers, lakes, and wetlands serve as dynamic 

reservoirs that store, move, and redistribute freshwater (Li et 

al., 2018). These ecosystems are habitat for biodiversity, 

upward to/making climate regulation (Gleeson et al., 2020). 

The surface water devices, including river systems, lakes, and 

wetlands, play a critical role in the global and regional water 

cycle, informing precipitation and regulating climate (Gleeson 

et al., 2020). Additionally, surface ecosystems maintain an 

amount of biodiversity and encapsulate a complex suite of 

food webs (Matveyeva and Chernov, 2019). Their 

hydrological flows and dynamics are important for gauging 

and anticipating climate impacts and adaptations, maintenance 

of, and foresight on sustainable management practices, and 

sustainability of the life web (Papa et al., 2023). Moreover, 

surface waters are critically important to agriculture. The 

global freshwater consumption devoted to irrigation is 

estimated to be 69%, and roughly 62% of this irrigation output 

emerges from surface water (Siebert et al., 2013) . 

Deteriorating water quality affects aquatic ecosystems, 

agriculture, and industry. Polluted water negatively affects 

crop quality and water industries (Deka et al., 2024). Monitor 

surface waters to ensure ecosystem health, human health and 

public health and sustainable water availability (Hidayat and 
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Kurniawan, 2024). Predictive modeling on key parameters 

such as biochemical oxygen demand (BOD) and dissolved 

oxygen (DO) are extremely critical to pollution management 

and determining appropriate water management. 

With the increasing adoption of computational methods, 

intelligent models have been widely applied in studies 

predicting various water resource parameters. Researchers 

have highlighted the superior accuracy of these models 

compared to empirical relationships (Beiranvand & Rajaee, 

2022; Moein et al., 2022). In recent decades, intelligent models 

have garnered significant attention across multiple disciplines, 

including water engineering. For instance, Raheli et al. (2017) 

conducted an uncertainty assessment of the MLP by 

developing a hybrid FFA-MLP (firefly algorithm-optimized 

MLP) model for BOD and DO prediction in Malaysia's Langat 

River. The analysis revealed that both MLP and FFA-MLP 

models achieved high predictive accuracy for BOD and DO 

simulations, demonstrating confidence levels of 72% and 

91%, respectively. In a related study, Lorestani et al. (2020) 

examined longitudinal variations in water quality parameters 

within the Kalan Malayer Dam reservoir. The results indicated 

that BOD and chemical oxygen demand (COD) levels 

consistently exceeded WHO standards throughout the 

sampling period, rendering the water unsuitable for domestic 

and drinking purposes. This degradation was primarily 

attributed to upstream pollutant influx. In a separate 

methodological advancement, Cao et al. (2020) developed a 

novel DO prediction approach combining K-means clustering 

with GRU neural network modeling. The analysis 

demonstrated that the GRU model achieved superior accuracy 

and flexibility relative to the K-means approach, exhibiting an 

average absolute error of 0.26 and mean absolute percentage 

error (MAPE) of 3.5%.  

Rafiei et al. (2023) evaluated water quality indices and self-

purification potential in the Balighlychay and Gharasu rivers 

using the QUAL2Kw Model. The evaluation considered the 

most important water quality characteristics, including 

dissolved oxygen (DO), biochemical oxygen demand (BOD), 

nitrate, and phosphate concentrations. The self-purification 

capacities, based on analyses, were extraordinary because 

during wet months of high-flow conditions, the systems had a 

self-purification capacity of 226.6% (DO) and 90.3% (BOD), 

and during dry months of low-flow conditions still had 

considerable potential with DO (281.7%), and BOD (89.1%) 

purification. Despite these natural remediation capabilities, the 

study identified substandard water quality conditions 

throughout most monitored river segments. Complementing 

these findings, Hassani and Ashafteh (2023) investigated DO 

dynamics in the Ekbatan reservoir using the CE-QUAL-W2 

model, with a particular focus on thermal stratification effects. 

Their results established a clear inverse relationship between 

temperature and DO concentrations: a 68% temperature 

increase corresponded to a 37.5% DO reduction, while 

temperature decreases produced proportional DO increases. In 

a methodological advancement, Roshanghar and Davodi 

(2023) implemented an innovative deep learning approach for 

DO prediction, combining Long Short-Term Memory (LSTM) 

networks with dual pre-processing techniques. Their 

framework applied Discrete Wavelet Transform for spatial 

analysis and Complete Ensemble Empirical Mode 

Decomposition for temporal modeling across five Savannah 

River monitoring stations. This integrated approach achieved 

significant error reduction, with wavelet-based spatial 

modeling decreasing RMSE by 2% and empirical mode 

decomposition yielding a 15% RMSE improvement in 

temporal predictions. The optimal performance was observed 

in the one-day-ahead temporal modeling scenario, achieving 

an exceptional RMSE of 0.017 ppm. 

The primary goal of the present research is to develop and 

evaluate a hybrid structure, which is referred to as a Random 

Forest- Genetic Algorithm (RF-GA) model, to predict the 

levels of Biochemical Oxygen Demand (BOD) and Dissolved 

Oxygen (DO) in the Nahand River. The study addresses two 

important shortcomings in the literature. First, the application 

of a combined RF-GA modeling framework to forecast BOD 

and DO is a new methodological contribution. Second, there 

are no previously published studies modelling the water 

quality of the Nahand River in Iran. The proposed RF-GA 

model is used in the Nahand watershed to improve the 

accuracy of prediction and to provide local water management 

strategies with a deeper tool. 

2. Materials and Methods  

2.1 Study area 

This research was accomplished using BOD and DO data that 

was collected daily and represented the full 11-year time frame 

of January 1, 2013 to December 31, 2023 from sites in the 

Nahand River. The Nahand dam was constructed in the East 

Azerbaijan province of Iran, 43 km north of Tabriz (the largest 

city in the province). The dam was built to supply a portion of 

the water of the Nahand River (1 m3/s) for the city of Tabriz. 

The Namand River is one of the large branches of the Ajichay 

River. The Nahand Dam is an earthfill dam with a clay core in 

its center, height at a maximum of 35 m. The crest length of 

the dam is 730 m, and the width is 8 m. The foundation of the 

river bed where the dam is being constructed is at an elevation 

of 1570 m above sea level, and the thickness of the shell at that 

elevation is about 250 m. The mentioned area is situated at a 

geographical site of 38° 13′ north latitude and 28° 46′ east 

longitude. Figure 1 shows the geographical location of the 

river leading to the Nahand Dam. 

Table 1 shows the statistical characteristics and parameters of 

the daily data used during the statistical period. The following 

parameters were used as input parameters, including total 

nitrate (TN), total phosphate (TP), nitrite (NIT), nitrate 

(NITR), phosphate (P), nephelometric turbidity unit (NTU), 

water temperature (C°), air temperature (AT), electrical 

conductivity (EC), potential of hydrogen (pH), and flow rate 

(Q) and the output parameters were Biochemical oxygen 

demand (BOD) and dissolved oxygen (DO). In addition, 70% 

of the data (257 data points) was utilized during the training 

stage of the models, and 30% of the data (121 data points) was 

used randomly for the testing stage.
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Fig. 1 The geographical location of 

the Nahand Dam 

 

 
 

Table 1 Statistical parameters for the variables used 

Parameter/ TN TP NITR NIT P NTU WT AT Q pH EC DO BOD 

unit ppm ppm ppm ppm ppm - °C °C m3/s - μS/cm ppm ppm 

Minimum 0 0 0.1 0 0 0 0 0 0 5.5 376 0 0 

Maximum 3.4 0.1 1.7 0.1 0.2 1000 25.3 36 15 8.9 3280 11.8 3.8 

Mean 0.6 0 0.5 0 0 60.8 12.9 16 0.2 8.2 1019 7.1 2 

Standard 

deviation 
0.7 0 0.2 0 0 178.2 6.3 10.4 0.9 0.3 478.6 1.6 0.5 

 

Table 2 shows the different input-output combinations used in 

the models, selected based on the Pearson correlation 

coefficient between the input parameters and the target 

variables (BOD and DO). The first scenario includes the 

parameters with the lowest correlation, while each subsequent 

scenario incorporates additional parameters with progressively 

higher correlations. Thus, TN and TP had the lowest 

correlation with the target parameters, and the discharge had 

the highest correlation with the target parameter. 

Table 2 Different combinations for predicting BOD and DO parameters 

Scenario Input Output 

1 TN TP          BOD-DO 

2 TN TP NIT  P        BOD-DO 

3 TN TP NIT  P AT NTU      BOD-DO 

4 TN TP NIT  P AT NTU WT EC    BOD-DO 

5 TN TP NIT  P AT NTU WT EC NITR pH              BOD-DO 

6 TN TP NIT  P AT NTU WT EC NITR pH             Q BOD-DO 

 

2.2 Random forest 

The RF model was introduced first by Breiman (2001).  The 

RF is a learning algorithm for a set of multiple regression trees. 

Compared with simple decision trees, RF runs more efficiently 

on high-dimensional datasets and is more accurate and robust 

against noise. Furthermore, RF has many advantages over 

older intelligent algorithms (Rodriguez-Galiano et al., 2015; 

Smith et al., 2013; Wang et al., 2015). RF algorithm exhibits 

several distinctive advantages that make it particularly suitable 

for water quality modeling. First, its computational efficiency 

enables rapid model training while maintaining robust 

performance with high-dimensional input data, including 

comprehensive variable importance analysis. Second, the 

algorithm incorporates intrinsic mechanisms for both 

generalization error estimation and missing data imputation, 

preserving predictive accuracy even under conditions of 

substantial data loss (Breiman, 2001).  

In this study, the Random Forest (RF) model was implemented 

in Python using the scikit-learn library. The daily water quality 

dataset was divided into training and testing subsets. For each 

of the six scenarios, a separate RF model was trained, with 

hyperparameters such as the number of trees and maximum 

depth tuned through grid search and cross-validation. The 

model was executed multiple times to ensure stability and 

consistency of results. After training, the ensemble predictions 

were generated by averaging outputs from all decision trees. 

Variable importance was extracted to interpret model behavior 

and identify dominant factors influencing BOD and DO 

predictions. 
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Fig. 2 Schematic structure of the RF 

 
 

2.3 Genetic algorithm 

GA was first introduced by Holland (1992). Although this 

algorithm is known as one of the oldest metaheuristic 

techniques based on Darwin's theory of evolution, it is one of 

the most efficient algorithms used to solve optimization 

problems. As shown in Fig. 3, the overall design of a GA 

consists of a population in which each component, called a 

chromosome, is considered the solution to each problem. The 

search in this algorithm begins with the random generation of 

the population. The subsequent generations of this population 

are expanded by operators (selection, crossover, and 

mutation). Based on the principle of survival, the population 

develops generation by generation to provide more suitable 

solutions. Like natural evolution, this method causes the next 

generation population to be better adapted to the environment 

than the previous generation, and the optimal individual 

among the final generation population can be considered an 

approximate optimal solution to the problem at hand 

(Goldberg and Holland, 1988). 

Fig. 3 The general process of the GA 

model (Achite et al., 2023) 

 
 

In the present study, the RapidMiner Studio version 2.10 

model was used to implement the RF and GA-RF models. 

Table 3 shows the hyperparameters used to achieve the best 

performance in the GA-RF model to predict the target 

parameters. The hyperparameters were obtained by the hybrid 

model in the form of achieving the minimum error value. So 

that the hybrid model finds the best value in each parameter 

that reduces the prediction error value, to improve the accuracy 

of the model. 
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Table 3 Hyperparameters used in the hybrid model 

Parameter Scenario 1 Scenario 2 Scenario 3 Scenario 4 Scenario 5 Scenario 6 

Number of Trees 21 10 60 33 90 46 

Maximum Depth 4 5 29 100 92 64 

Confidence Level 0.05 0.34 0.29 0.23 0.27 0.3 

Minimum Leaf Size 93 3 16 63 63 82 

Minimum Size for Splitting 50 23 36 59 47 14 

Number of Pre-Pruning Iterations 28 17 25 26 37 52 

Subset Ratio 0.22 0.44 0.79 0.17 0.89 0.14 

Local Random Function 54 28 47 73 68 69 

 

2.4 Evaluation criteria 

The performance of the used models was evaluated using R, 

RMSE, N-S coefficient, and WI using Eqs. 1 through (Amini 

et al., 2014).  

𝑅 =
(∑ (𝑂𝑖−Ō)−

1

𝑁
(𝑃𝑖−𝑃̅𝑁

𝑖=1 )

√∑ (𝑂𝑖−𝑂̅)2𝑁
𝑖=1 ∑ (𝑃𝑖−𝑃̅)2𝑁

𝑖=1

         (1) 

𝑅𝑀𝑆𝐸 = √
1

𝑁
∑ (𝑃𝑖 − 𝑂𝑖)2𝑁

𝑖=1          (2) 

𝑁𝑆 = 1 − [
∑ (𝑂𝑖−𝑃𝑖)2𝑁

𝑖=1

∑ (𝑂𝑖−𝑂𝑖)
2𝑁

𝑖=1

]         (3) 

𝑊𝐼 = 1 − [
∑ (𝑂𝑖−𝑃𝑖)2𝑁

𝑖=1

∑ (|𝑃𝑖−𝑂𝑖| + |𝑂𝑖−𝑂𝑖|)
2𝑁

𝑖=1

]        (4) 

where Oi and Pi are the observed and predicted values, 

respectively, and N is the number of observations. 

3. Results and Discussion 

This study applied Random Forest (RF) and Genetic 

Algorithm-optimized Random Forest (GA-RF) models to 

predict biochemical oxygen demand and dissolved oxygen 

concentrations in the Nahand River using daily water quality 

data from 2013 to 2023. The performance of the models was 

evaluated under six scenarios. Table 4 presents the evaluation 

metrics for each scenario during the testing period. 

3.1 BOD Prediction results 

The performance of the RF and GA-RF models in predicting 

biochemical oxygen demand across six input scenarios is 

presented in Table 4. The RF model showed a steady 

improvement from scenario 1 to scenario 5. In RF-1, the 

prediction capability was notably poor with a coefficient 

determination of 0.01, a root mean square error of 0.37 ppm, a 

negative Nash–Sutcliffe of -0.17, and a low Willmott index of 

0.39. These values indicate that the model was not able to 

capture the patterns in the BOD data with the limited set of 

inputs. 

However, with the addition of key water quality parameters in 

subsequent scenarios, the model’s accuracy improved 

significantly. The RF-2 model showed a clear jump in results 

(R2 = 0.449, RMSE = 0.25 ppm, NS = 0.45, WI = 0.79). It 

showed continual gains in scenarios 3 to 5, and RF-5 was show 

to be the best RF model compared to the standard RF (R2 = 

0.548, RMSE = 0.23 ppm, NS = 0.54, WI = 0.83) and was 

equal to the results of RF-6 (R2 = 0.533, RMSE = 0.23 ppm, 

NS = 0.53, WI = 0.83). The application of a genetic algorithm 

to optimize input selection and model parameters greatly 

improved prediction accuracy from the RF base models. The 

genetic algorithm-RF model (GA-RF), in every scenario, was 

superior in prediction accuracy to the base RF. In GA-RF-1, 

it's seen that the GA-RF model was still not great (R2 = 0.044, 

RMSE = 0.34 ppm), but outperformed RF-1. The optimal 

values occurred in GA-RF-6 (R2 = 0.563, RMSE = 0.22 ppm, 

NS = 0.57, WI = 0.84), providing a more stable and accurate 

estimation of BOD values. GA-RF-4 and GA-RF-5 had 

competitive results with only slightly lower and comparable 

accuracy levels. The GA-RF not only reduced prediction error 

but also improved the reliability of the model through 

optimizing feature combinations and parameter settings. 

3.2 DO Prediction results 

The results of the dissolved oxygen prediction using RF and 

GA-RF models across various scenarios also reveal significant 

insights. The RF-1 model had a weak performance with R2 = 

0.176, RMSE = 1.32 ppm, NS = 0.16, and WI = 0.54, reflecting 

poor model capability when limited inputs were used. 

The models improved significantly and were performing well 

from scenario 2 onward. The models' improved accuracy to a 

great extent, starting from scenarios 3 to 6. The RF-4, RF-5, 

and RF-6 models all had high coefficients of determination at 

approximately 0.792, low RMSE at approximately 0.66 to 0.67 

ppm, and high NS and WI values (NS > 0.78; WI > 0.93) were 

observed in these scenarios, as well. In addition, results 

showed that variables related to air temperature and turbidity 

are therefore significant predictors of dissolved oxygen 

concentrations or factors for oxygen solubility and microbial 

activity. 

GA-RF was the best-performing of all the models. The GA-

RF-5 and GA-RF-6 models had the same results (R2 = 0.81, 

RMSE = 0.63 ppm, NS = 0.81, and WI = 0.95) and slightly 

improved performance when compared with the RF models. 

The GA-RF-5 and GA-RF-6 scenarios also exemplified the 

model's ability to consistently predict DO concentrations in the 

existence of different environmental background conditions. 

GA-RF-4 followed closely with similar accuracy (R2 = 0.81, 

RMSE = 0.65 ppm, NS = 0.80, WI = 0.94), making it a 

competitive alternative. 

Admin
Typewritten text
350



Sadredini et al.., 2025: Prediction of water quality parameters of Nahand River … 

 

Environ. Water Eng. 

2025, 11(3)                                                                                                                                                                                                            Page  

Table 1 Statistical Analyses of the M5 Tree and Kstar ModelTable 4 Results of the evaluation of the studied models for the 

BOD and DO parameters 

Model 
BOD   DO 

R2 RMSE (ppm) NS WI   R2 RMSE (ppm) NS WI 

RF-1 0.01 0.37 -0.17 0.39  0.18 1.32 0.16 0.54 

RF-2 0.45 0.25 0.45 0.79  0.42 1.10 0.42 0.77 

RF-3 0.49 0.24 0.49 0.82  0.74 0.77 0.71 0.90 

RF-4 0.50 0.24 0.50 0.82  0.79 0.67 0.78 0.94 

RF-5 0.55 0.23 0.54 0.83  0.79 0.67 0.79 0.93 

RF-6 0.53 0.23 0.53 0.83  0.79 0.66 0.79 0.93 

GA-RF-1 0.04 0.34 0.04 0.35  0.31 1.21 0.29 0.61 

GA-RF-2 0.52 0.24 0.52 0.81  0.59 0.93 0.59 0.84 

GA-RF-3 0.53 0.24 0.52 0.82  0.77 0.70 0.77 0.93 

GA-RF-4 0.56 0.23 0.55 0.84  0.81 0.65 0.80 0.94 

GA-RF-5 0.55 0.23 0.55 0.83  0.81 0.63 0.81 0.95 

GA-RF-6 0.56 0.22 0.57 0.84  0.81 0.63 0.81 0.95 

3.3 Influence of input scenarios on BOD and DO prediction 

The performance of the RF and GA-RF models under different 

input scenarios revealed the important role of specific water 

quality variables in improving the prediction accuracy for both 

BOD and DO parameters. Evaluating scenarios 1 through 6 

demonstrated that the inclusion of additional inputs, especially 

nutrient concentrations and physical water characteristics, had 

a significant impact on the results. 

For the prediction of biochemical oxygen demand, scenario 2 

showed noticeable improvement compared to scenario 1. This 

improvement was due to the addition of nitrite and phosphate 

parameters. nitrite is a key source of nitrogen for aquatic plants 

and supports their growth in freshwater ecosystems. As the 

plant biomass increases, the demand for oxygen required for 

microbial decomposition of organic matter also increases. This 

leads to higher levels of biochemical oxygen demand. This 

relationship has been noted in previous studies, including 

Antia et al. (1963). Phosphate also aids this process because it 

promotes algal and aquatic vegetation growth. When this 

organic matter is decomposed, it leads to increased oxygen use 

in the water, and, therefore, affects water quality and reduces 

oxygen available to aquatic organisms. This relationship was 

confirmed in the findings of Bhateria and Jain (2016). 

For dissolved oxygen, the prediction in scenario three, which 

included air temperature and turbidity measured in NTU, had 

the best model performance. An increase in air temperature 

corresponds with increases in water temperature, which 

amounts to decreases in the solubility of oxygen. The 

relationship between warmer temperatures and lower 

dissolved oxygen concentrations has been discussed by Kadlec 

and Reddy (2001). Turbidity affects light availability in the 

water and has positive or negative effects on biological activity 

that impacts dissolved oxygen. Increased turbidity may limit 

photosynthesis and also may indicate suspended particles that 

affect oxygen levels via microbial activity and biochemical 

processes. These effects are described in the work of Schenk 

and Bragg (2021). 

The results of all six scenarios demonstrate that the models' 

ability to relate changes in oxygen-related parameters is 

increased with the inclusion of substantive physical and 

chemical input variables. Nutrients such as nitrite and 

phosphate appear to be significant factors in adding organic 

load and therefore oxygen demand, while air temperature and 

turbidity quantity affect the availability of oxygen, oxygen 

saturation, and biological activity in the water. The overall 

improvement of the model's performance with the addition of 

these inputs emphasizes the need to select meaningful 

variables that adequately note the real-world dynamics of 

water quality processes. This outcome is also consistent with 

several simple ecological principles and adds credibility to the 

use of intelligent models for the management of complex river 

systems. Careful selection of input parameters not only 

increases the accuracy of predictions when the model is 

evaluated, but can also assist with assessing the key pollutants 

and primary regulating mechanisms used to assess 

afterpollutant and oxygen variations in the water. 

3.4 Comparative analysis with existing literature 

Comparison with previous studies further highlights the 

effectiveness of the proposed models. For instance, Li et al. 

(2017) applied Multivariate Adaptive Regression Splines, 

Artificial Neural Networks, and SVM (optimized by Particle 

Swarm Optimization (PSO)) to predict DO in a river system. 

The SVM-PSO predicted the DO with 1.27 mg/l RMSE, which 

is considerably higher than the result of 0.63 mg/l obtained in 

this research using GA-RF. 

Similarly, Fathima et al. (2014) predicted BOD using data 

mining algorithms and achieved an RMSE of 0.47 mg/l, which 

is again higher than the 0.22 mg/l reported here using GA-RF. 

These comparisons emphasize the superior accuracy and 

robustness of the hybrid GA-RF model proposed in this 

research for both BOD and DO prediction. 
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Fig. 4 shows the scatter plots of BOD and DO parameters for 

the best scenario in both the single and hybrid models. The 

criterion for selecting the best scenario was based on having 

the highest correlation and the lowest error. However, in a 

scenario that had the same correlation and error as the other 

scenario, the scenario with the lowest inputs was preferred. In 

all scatter plots, the 1:1 line, a 45-degree line, indicates that the 

closer the points are to it, the higher the model accuracy and 

the closer the observed data will be to the predicted data. 

Comparing the coefficients of determination in the four plots 

shows that the GA-RF performed better than the individual RF 

model and increased the correlation between the observed and 

predicted data. However, the fifth scenario also performed well 

in predicting the BOD and DO parameters, and showed that 

the model could achieve adequate accuracy even in the 

absence of the river flow parameter. 

Fig. 4 Scatter plots of BOD and DO parameters for the 

best scenario  in each model: a) RF-5, b) RF-6, c) GA-

RF-6, (d) GA-RF-5. 

  

 

 

 
 

  
 

Fig. 5 shows the box plots of BOD for the models used in six 

scenarios. The first box corresponds to the observed value, and 

the other boxes correspond to the scenario used in each model. 

The hollow cube also indicates the mean value of each series, 

so that the closer the boxes are to the observed mean, the 

greater the accuracy of the model in that scenario. A 

comparison of different scenarios for the RF model reveals that 

none of the scenarios had a value similar to the observed value, 

and therefore none of the scenarios achieved very high 

accuracy. However, the last two scenarios (fifth and sixth) had 

a mean value closer to the observed value. Additionally, for the 

RF model, comparing the observed value with the scenarios 

reveals that the DO has a wide range of approximately 2.5 to 

2.9, whereas all scenarios have a shorter range than the 

observed value; therefore, the model has underestimated the 

DO in all scenarios. However, the sixth scenario had the best 

performance in the single model due to having the closest 

mean and median to the observed value. Comparison of 

scenarios for the GA-RF model also shows that the fifth and 

sixth scenarios had a box closer to the observed value. 

However, the sixth scenario had a slight overestimation in the 

75-25% range of the top of the box, and therefore, the fifth 

scenario had a more appropriate performance . 
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Fig. 5 Box plots of BOD and DO parameters.   
 

 
 

  

4. Conclusion 

The objective of this research was to evaluate the predictive 

ability of the Random Forest (RF) model and its hybrid with 

the Genetic Algorithm (GA-RF) model for two important 

water quality variables for rivers, biochemical oxygen demand 

and dissolved oxygen concentration. These variables must be 

adequately predicted to monitor, manage, and protect 

freshwater ecosystems efficiently. The main goal of the study 

was to identify the best combinations of inputs and model 

structures to create accurate and reliable predictions of BOD 

and DO. To do this, the study examined six different input 

scenarios of different water quality indicators to determine 

their predictive capability and how the models behaved. 

1. The RF model, with five inputs of temperature, pH, nitrate, 

nitrite, and phosphate in the fifth scenario, performed with 

reasonable accuracy with a Nash–Sutcliffe coefficient of 0.54 

and Willmott's index of 0.83. The GA-RF model performed 

better with the sixth scenario (using all input variables), 

achieving an NS of 0.57 and WI of 0.84. 

2. For dissolved oxygen estimation, the sixth scenario 

provided the best performance in the RF model (NS = 0.79, 

WI = 0.93). In contrast, the GA-RF model achieved the highest 

accuracy in the fifth scenario (NS = 0.81, WI = 0.95), 

indicating that careful selection and optimization of inputs 

significantly influence prediction performance for DO. 

3. Across nearly all scenarios, the GA-RF hybrid model 

outperformed the standalone RF model in both BOD and DO 

prediction tasks. This increase in predictive ability was likely 

a result of the GA's ability to optimize feature selection, as well 

as model hyperparameters, which led to models that were more 

robust and generalized.  

The present research can be extended in multiple directions, 

including additional environmental and hydrological variables 

such as land cover characteristics, precipitation, and 

streamflow, which may improve predictive accuracy and 

applicability of future models. Using different metaheuristic 

optimization algorithms may also provide additional insights 

into the improvement in model performance. There may be 

similar potential for using deep learning approaches like Long 

Short-Term Memory (LSTM) networks and Convolutional 

Neural Networks (CNNs) when analyzing temporal water 

quality data. This will support more effectively made and data-

driven designs for water resource management. 
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