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Abstract

In the field of irrigation, water quality has an effective role in determining the compatibility of water with soil and
different crops. As a valuable tool for water quality assessment, the Wilcox diagram enables stakeholders to
promote sustainable agricultural practices by reducing potential risks related to water salinity and sodium content.
However, measuring sodium absorption ratio (SAR) and electrical conductivity (EC) parameters is associated
with various challenges such as cost and time, calibration error, and maintenance problems. So, this research was
carried out to predict SAR and EC parameters using easily accessible parameters including sulfate and chloride
in Qatur river located in the northwest of Iran from 1993 to 2019. The models used included random forest (RF)
and support vector regression (SVR) which have been optimized by genetic algorithm (GA), fruit fly algorithm
and Golden ball optimization (GBO). The analysis of the results of this research showed that the RF-GA model
had the least error in the Qatur river station with root mean square error of 0.809 meq.lit-1 and 0.146 dS.m--1 for
SAR and EC parameters, respectively. Also, The SVR-GBO model with the root mean square error of 0.809
meq.lit-1 and 0.146 dS.m-1 and SVR-FOA with the root mean square error of 0.998 meq.lit-1 and 0.169 dS.m-1
for SAR and EC parameters, respectively had suitable performance. Finally, the evaluation of the utilized
parameters indicated that chloride plays an important role in predicting SAR and EC parameters, and if sulfate is
not measured, it can be used as a promising alternative.

Introduction

The process of measuring both EC and SAR parameters is a laborious task and necessitates
considerable monetary investment, especially when dealing with a substantial quantity of samples
(Wagas et al., 2024). Consequently, the utilization of alternative methodologies has gained paramount
importance. The present research aims to accurately predict the EC and SAR parameters in the Qatur
River located in the Aras River catchment, Iran, using the support vector regression (SVR) and random
forest (RF) models optimized with fruit fly (FOA), genetic (GA), and golden ball (GBO) algorithms.
Finally, the models will be evaluated using different evaluation criteria.


https://jise.scu.ac.ir/

2
Sharafi et al., 48 (3) 2025 DOI:10.22055/jise.2024.47590.2131

Methodology
Study area

In recent years, the quality of the Aras River has potentially decreased due to factors such as intense
agricultural activities and the need to monitor water quality has become more important than in the past.
Therefore, to monitor the water quality, the condition of Qatur River, in the right branch of Aras River,
Iran, has been investigated.

Random forest (RF)

The random forest algorithm is a potent ensemble learning algorithm widely used for diverse tasks
such as regression, classification, and unsupervised learning. It was presented by Breiman and is known
for its superior performance (Breiman 2001).

Support vector regression (SVR)

Support vector regression (SVR) is an algorithm belonging to the domain of machine learning,
specifically designed for the purpose of regression tasks. SVR was introduced by Vapnik and
Chervonenkis (1974).

Genetic algorithm (GA)

Genetic algorithms (GAs) are a type of non-deterministic models that are inspired by Darwinian
theory (Hie 1997). Unlike other optimization methods, GA focuses on evaluating the objective function
(McKinney and Lin 1994).

Fruit fly optimization algorithm (FOA)

The Fruit Fly Optimization Algorithm (FOA) is a nature-inspired optimization algorithm based on
the behavior of fruit flies, first proposed by Pan (2012). It is a metaheuristic algorithm that aims to find
the best solution to a given problem (Wang et al., 2022).

Golden Ball Optimization (GBO)

The Golden Ball Optimization algorithm is an innovative meta-heuristic method inspired by soccer
game tactics and strategies. In this algorithm, players are considered as search agents in the problem
space that pursue a common goal through cooperation and interaction (Osaba et al., 2014).

Also, in this research, three different scenarios have been utilized to evaluate the role of input
parameters on SAR and EC parameters. Table (1) also indicates the scenarios utilized to evaluate the
role of input parameters.

Table 1- The input combinations of the studied models.

Scenario Input Output
1 SO, SAR-EC
2 Cl SAR-EC
3 SO, Cl SAR-EC

Results and Discussion

Tables (2) presents the results of the models utilized in the test period based on R, RMSE, NRMSE,
NS, and WI criteria for Qatur River station. The evaluation of the studied models of the SAR parameter
prediction indicated that the RF-GA-3 model with criteria R = 0.983, RMSE = 0.809 (meg/lit), NRMSE
=0.024, NS = 0.965, and WI = 0.991 has had the best performance compared to other models. For the
EC parameter, the results also indicated that the RF-GA-3 model with criteria R = 0.995, RMSE = 0.146
(dS/m), NRMSE =0.012, NS = 0.991, and WI = 0.998 has the highest accuracy. Also, the results are in
agreement with the results of Hassan et al., (2021) who predicted water quality parameters utilizing
classification algorithms and indicated that the MLR model with an accuracy of 99.83% is known as a
valuable model in EC parameter prediction.

Conclusions
Wilcox diagram divides water into different classes using SAR and EC parameters. This
investigation has been carried out to predict SAR and EC parameters utilizing easily accessible
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parameters including sulfate and chloride in Qatur River station. The utilized models include RF, RF-
GA, SVR, and SVR-FOA, which were evaluated utilizing different evaluation criteria. The evaluation
of the outcomes of this examination indicated that the RF-GA-3 model with R = 0.983, and 0.995,
respectively, for SAR and EC parameters had the highest accuracy in the Qatur River station. One of
the limitations of the present investigation is the lack of access to data from other stations to evaluate
the accuracy of the models used. Therefore, it is suggested to utilize data from different stations to check
the ability of models for future studies.

Table 2- The evaluation results of the models used in Qatur River station.

Parameter SAR EC
. RMSE RMSE

Scenario R (meg/lit) NRMSE NS WI R (dS/m) NRMSE NS WI
RF-1 0.862 2.348 0.069 0.708 0.925 0.876 0.813 0.064 0.708 0.931
RF-2 0.969 1.078 0.032 0.938 0.984 0.989 0.219 0.017 0.979 0.995
RF-3 0.977 0.923 0.027 0.955 0.989 0.992 0.215 0.017 0.900 0.995
RF-GA-1 0.896 1.927 0.057 0.803 0.943 0.918 0.598 0.047 0.842 0.957
RF-GA-2 0.977 0.939 0.028 0.953 0.988 0.990 0.213 0.017 0.980 0.995
RF-GA-3 0.983 0.809 0.024 0.965 0.991 0.995 0.146 0.012 0.991 0.998
RF-GBO-1 0.887 2.011 0.059 0.786 0.938 0.902 0.661 0.052 0.807 0.948
RF-GBO-2 0.974 0.981 0.029 0.949 0.987 0.989 0.225 0.018 0.978 0.994
RF-GBO-3 0.980 0.877 0.026 0.959 0.990 0.995 0.154 0.012 0.990 0.997
SVR-1 0.869 2.194 0.065 0.745 0.915 0.869 0.764 0.060 0.743 0.914
SVR-2 0.966 1.128 0.033 0.933 0.983 0.987 0.241 0.019 0.974 0.993
SVR-3 0.970 1.068 0.032 0.940 0.984 0.991 0.229 0.018 0.977 0.995
SVR-FOA-1 0.913 1.840 0.054 0.821 0.942 0.908 0.645 0.051 0.817 0.942
SVR-FOA-2 0.974 0.998 0.028 0.947 0.987 0.996 0.234 0.019 0.976 0.993
SVR-FOA-3 0.973 1.050 0.031 0.942 0.984 0.994 0.169 0.013 0.987 0.999
SVR-GBO-1 0.874 2.166 0.064 0.752 0.916 0.988 0.235 0.019 0.976 0.994
SVR-GBO-2 0.968 1.097 0.032 0.936 0.983 0.993 0.182 0.014 0.985 0.996
SVR-GBO-3 0.972 1.042 0.031 0.943 0.984 0.994 0.176 0.014 0.986 0.997
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Fig. 1- Geographical location of the Aras basin.
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Table 1- Statistics of training and testing datasets in Qatur river

Training set

Testing set

Statistical parameters

04 Cl SAR EC SO, Cl SAR EC
Unit mg/lit mg/lit - dS/m mg/lit mg/lit - dS/m
Mean 2,12 482 253 1148.19 2.15 4.7 253 11327
Minimum 0.1 0.05 0.06 200 0.22 0.1 0.06 240
Maximum 1028 170  40.76 20150 26.63 114  33.86 12870
Standard deviation 291 14.16 4.5 1723.12 313 1222 435 15056
o 5o S 4l b Jood do S U amd a0 o] (SVR) (Gluidy 513 5 Ogums 57

(GA) o3 iz 5551
5l =9 (Genetic Algorithm’s) 5 slapis ;X
Slodds 48,3 pledl gyl 4 ylas jl a8 Aitn a8 e glaJae
LGA (gjloduy slosy, ple &5, (Hile 1997)
oo el Plue b b 6,15 (S Olitde dmlw 4 gl
» (McKinney and Lin 1994) by S5y Ll
I S S8 San @b byl BGA (ose
cgopi dai cpais 1) s sl oyl &S ol 0l GA (blse
oiblS 4 pl L osaddy dbi Sl s & A o godiue
Albadr et ) 55 o a8 e dige Sy 53 (8l 15 s

4 glte w2l o (SVR) oty jbp (g S)

Slal gy ol by & cuwl puile xSk o)
orile w2y 51 s ol ol 033 o g
Cal 045 32 (Support vector machine) ;ludy by
Luwgs SVR 398 0 o3l (caiails Jluwo (sly Gios a5
OgeySy b Byme (1974) Chervonenkis 4 Vapnik
EMSn & (S Sl o5 by (SVR) ol oy
S ot sl Bae o] )3 & sl 0ad Sk 5 S)
sb 4 &b & 3l (Hamdi et al., 2018) cul dtwgy yite
duwlxe gl (e-insensitive 10ss) olus e jpo ab
opl (Karal 2017) 18 o odlazl (55500 (claodly ) lallas
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Table 2- The values of hyperparameters used for the studied models

parameter SVR FOA GA GBO
LR - 0.1 - -
FR - 0.5 - -
maxgen - 100 200 200
sizepop - 30 50 50
kernel RBF - - -
C 1 - - -
€ 0.001 - - -
Y 0.01 - - -
Exploration factor - - - 0.7
Learning coefficient - - - 1.5
Inertia weight - - - 0.7
Convergence tolerance - - - 10

adllae 3390 S o STy oolawl 3390 (S sl -1 Jouz

Table 3- Scenarios used for the studied models

Scenario Input Output
1 SO4 SAR-EC
2 Cl SAR-EC
3 SO4 Cl SAR-EC
RMSE SLa sl
NRMSE = f o o (v) EC 5 SAR lajushl oiin ¢y polbs adlas ,
Correlation )  Stwer cops  obj)l  slolee
NS = 1— [Z?’:1(0i—Pi)2] %) Root mean ) s lype Slke i {coefficient
Zit1(0-00? o Jloy slas Slupe ke i (squared error
<ups (Normalized Root mean squared error)
-1 2iL1(0-P)? y . " i e
wIl =1 [Zf;l(lPi—ﬁil+|0i—ﬁil)2] ) u=>ls 9 (Nash-Sutcliffe coefficient) oSGl i

i i pay O 5 Pilialin dlis N YU L, j»

O, 5 P, puizpan im0 i | Slanlie 5 o0 i sty
ol 1y Slwlie 5 od ogtn pilie pwSle Cuipa

2D 0

odlizw!l (Willmott’s index of agreement) cgaby (38ls5
ool 015 0391 (B) B (V) (slaalslro 45 48 L

R = — Z0-00(PiPD)
\/2?]:1(01'—0_1')22?’:1(1’[-_5)2

()

1
RMSE =JNZ{L1(P1- —0))?
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Table 4- The evaluation results of the models used in Qatur river station

Parameter SAR EC
Scenario (Ilj}:([]i}i) NRMSE NS WI R Eil\s/l/f'nE) NRMSE NS WI

RF-1 0.862 2.348 0.069 0.708 0.925 0.876 0.813 0.064 0.708 0.931
RF-2 0.969 1.078 0.032 0.938 0.984 0.989 0.219 0.017 0.979  0.995
RF-3 0.977 0.923 0.027 0.955 0.989 0.992 0.215 0.017 0.900 0.995
RF-GA-1 0.896 1.927 0.057 0.803 0.943 0.918 0.598 0.047 0.842  0.957
RF-GA-2 0.977 0.939 0.028 0.953 0.988 0990 0.213 0.017 0.980 0.995
RF-GA-3 0.983 0.809 0.024 0.965 0.991 0.995 0.146 0.012 0.991 0.998
RF-GBO-1 0.887 2.011 0.059 0.786 0.938 0.902 0.661 0.052 0.807 0.948
RF-GBO-2 0.974 0.981 0.029 0.949 0.987 0.989 0.225 0.018 0.978 0.994
RF-GBO-3 0.980 0.877 0.026 0.959 0.990 0.995 0.154 0.012 0.990 0.997
SVR-1 0.869 2.194 0.065 0.745 0.915 0.869 0.764 0.060 0.743 0914
SVR-2 0.966 1.128 0.033 0.933 0.983 0987 0.241 0.019 0.974 0.993
SVR-3 0.970 1.068 0.032 0.940 0.984 0.991 0.229 0.018 0.977 0.995
SVR-FOA-1 0.913 1.840 0.054 0.821 0.942 0.908 0.645 0.051 0.817 0.942
SVR-FOA-2 0.974 0.998 0.028 0.947 0.987 0996 0.234 0.019 0.976  0.993
SVR-FOA-3 0.973 1.050 0.031 0.942 0.984 0.994 0.169 0.013 0.987 0.999
SVR-GBO-1 0.874 2.166 0.064 0.752 0916 0.988 0.235 0.019 0.976  0.994
SVR-GBO-2 0.968 1.097 0.032 0.936 0.983 0.993 0.182 0.014 0.985 0.996
SVR-GBO-3 0.972 1.042 0.031 0.943 0.984 0.994 0.176 0.014 0.986 0.997
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