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Abstract
Introduction

Prediction of hydrological variables, especially precipitation, is very important in the management and planning
of water resources. For this reason, accurate estimation methods have always been of interest to researchers.
Furthermore, due to the water crisis in different regions, it is necessary to use different methods to predict the
rainfall and the resulting runoff so that comprehensive and appropriate management can be applied in the field of
water distribution. Since the past, various methods have been developed and used by researchers to predict
hydrological variables. The use of classical methods such as multiple linear regression to predict hydrological
variables, especially precipitation, has been one of the most important and widely used methods that have had
good results. Recently, data mining methods have been developed for this purpose. In this research, a
comparison between the performance of the classic multiple linear regression and modern data mining methods
was made in the annual rainfall modeling of Ahvaz city, and finally the best model in terms of performance was
determined.

Materials and Methods

In this study, the annual rainfall of Ahvaz city has been investigated and modeled. Meteorological data from
Ahvaz station was collected over a period of 30 years (1992-2021). The data validation tests including tests of
homogeneity, normality, trend, and outlier data were performed. Annual rainfall modeling of Ahvaz city was
done with Multiple Linear Regression (MLR), Principal Component Analysis (PCA), Gene Expression
Programming (GEP), and Support Vector Machine (SVM). Finally, using the coefficient of determination (R?),
Root Mean Square of Errors (RMSE), Nash-Sutcliffe Efficiency (NSE), and Willmott index (WI), the accuracy
and performance of the models were compared.

Results and Discussion

In this study, XLSTAT software was used to model rainfall with multiple linear regression. In order to simulate
precipitation through the SVM model, it is possible to examine the types of kernel function, among which linear
and polynomial kernels of the second and third degree, which are common types used in hydrology, are selected
and through trial and error the optimal results of this The type of kernels was calculated. According to these
results, the support vector machine model with third degree polynomial kernel was determined as the optimal
method of precipitation modeling. In simulating the precipitation process using gene expression programming,
because this model has the ability to select more effective variables and eliminate variables with less influence,
therefore, in this project, all eight input factors are used to determine meaningful variables and for further
investigation, in addition to the set The default mathematical operators of the program (F1), modes based on the
values of the four main operators (F2) and the set of operators F3 and F4 have been used.

The results of the validation tests that check the homogeneity, trend, normality, and outlier data showed the good
quality of the recorded data and the possibility of using them with a high percentage of confidence to continue
the study. The results of comparing the models showed that the methods of PCA and GEP with R?=0.85,
NSE=0.85, and WI=0.96 and very little difference in RMSE equal 35.49 and 35.70, respectively. They have
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predicted the annual rainfall of Ahvaz with better performance and more accuracy compared to other models.
Considering the water crisis in different regions of the country, especially in Ahvaz, it is suggested to use the
methods introduced in this research to predict rainfall and runoff resulting from it, so that a comprehensive and
appropriate management can be applied in the field of water distribution.

Conclusion

In this research, a comparison was made between classical statistical methods and some modern data mining
methods in forecasting the annual rainfall of Ahvaz city. The hydrological data of Ahvaz synoptic
meteorological station was collected in a period of 30 years (1371-1400) and first the data was verified using
homogeneity, trend, normality and outlier data tests. The results showed the good quality of the recorded data
and the possibility of using them with a high percentage of confidence. Multiple linear regression (MLR),
principal component analysis (PCA), gene expression programming (GEP) and support vector machine (SVM)
methods were used to model precipitation. The results of running the models were compared using the
coefficient of explanation (R2), root mean square errors (RMSE), Nash-Sutcliffe efficiency (NSE) and Wilmot
index (WI). The results showed that the methods of principal component analysis and gene expression
programming with R2 criteria equal to 0.85, NSE equal to 0.85 and WI equal to 0.96 and a very small difference
in RMSE values equal to 35.49 and 35.70, respectively, compared to Other models have better performance and
more accuracy.

According to the results of this research, it is suggested to use modern data mining methods in addition to
classical statistical methods in future researches. Also, it is necessary to pay attention to the use of functions and
optimal factors of models to achieve the best results in future researches. Considering the water crisis in different
parts of the country, especially in Ahvaz, it is suggested to use the methods introduced in this research to predict
the rainfall and runoff caused by it, so that a comprehensive and appropriate management can be applied in the
field of water distribution.
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pp T ™ Tm \Y RA SN TS FG
pp 1.00 0.11 0.10 0.19 -0.11 0.03 -0.13 0.19 0.22
T 0.11 1.00 0.93 0.59 -0.18 -0.05 -0.13 0.26 0.08
™ 0.10 0.93 1.00 0.33 -0.38 0.08 -0.16 0.38 0.09
Tm 0.19 0.59 0.33 1.00 0.14 -0.29 -0.18 -0.13 -0.12
\ -0.11 -0.18 -0.38 0.14 1.00 -0.42 0.28 -0.36 0.03
RA 0.03 -0.05 0.08 -0.29 -0.42 1.00 -0.05 0.76 0.53
SN -0.13 -0.13 -0.16 -0.18 0.28 -0.05 1.00 -0.17 -0.01
TS 0.19 0.26 0.38 -0.13 -0.36 0.76 -0.17 1.00 0.57
FG 0.22 0.08 0.09 -0.12 0.03 0.53 -0.01 0.57 1.00
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Table 3- Results of data validation tests
P-Value o 090l b o9l & iy
0.000 0.05 Pettitt
0.989 0.05 Standard Normal B 1
0.874 0.05 Buishand
0.661 0.05 Von Neumann Ratio
0.920 0.05 Mann-Kendall Ly 2
0.0001 0.05 Shapiro-Wilk
0.0001 0.05 Anderson-Darling
- Sl 3
0.000 0.05 Lilliefors
0.0001 0.05 Jarque-Bera
0.0001 0.05 Grubbs
Sy sloodls 4
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Figure 2- Sen’s slope curve of observed precipitation
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Table 4-Evaluation results of regression models in predict of precipitation
Je op e Sl R? RMSE NSE WI
Best model 0.535 62.11 0.54 0.82
Stepwise 0.434 68.55 0.43 0.76
Forward 0.434 68.55 0.43 0.76
Backward 0.434 68.55 0.43 0.76
By o oSy B9, lalls (ylxiag U (ely Shapiro-Wilk ggel gbs -5 Jgdo
Table 5- Results of Shapiro-Wilk test to evaluate the normality of errors of the multiple linear regression method
P-Value alpha
0.17 0.05
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Figure 3- Scatter Plot of observed values and Standardized Residual of predicted values by multiple linear regression method
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Figure 4- Scatter plot of predicted precipitation by the Multiple Linear Regression (MLR) model and observed precipitation
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Table 6- Eigenvalue table

F1 F2 F3 F4 F5 F6 F7 F8 F9
Eigenvalue 2.896 2.461 1.260 1.013 0.496 0.436 0.278 0.145 0.015
Variability (%) 32.175 27.348 14.002 11.250 5514 4.844 3.087 1.614 0.166
Cumulative % 32.175 59.523 73.525 84.776 90.290 95.134 98.220 99.834 100
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Figure 5- Scree plot of principal components
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Figure 6- Correlation plot between Principal Component’s with variables
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Figure 7- Biplot of the observed precipitation and the studied variables with the first two Principal Components
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Table 7- Evaluation of the method of Principal Component Analysis (PCA) in predict of precipitation

o puxio dlass b yuaio R? RMSE NSE i

4 F1L/F2/F3/F4 0.85 35.49 0.85 0.96
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Table 8- Evaluation of Support Vector Machine (SVM) model structures in predict of precipitation

bl e

R? RMSE NSE Wi . s
0.40 72.17 0.37 0.72 ks 1
0.54 62.93 0.52 0.82 43 2o y5 lilen s 2
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Table 9- Values of factors used in Gene Expression Programming (GEP model)
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Table 10- Evaluation of Gene Expression Programming (GEP) model in predict of precipitation
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R? RMSE NSE WI
0.44 68.81 0.43 0.74 F1 1
0.60 58.41 0.59 0.87 F, 2
0.82 38.94 0.82 0.95 Fs 3
0.85 35.70 0.85 0.96 Fs 4
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Figure 8- Bar plot of Observed and predicted precipitation by (a) MLR, (b) PCA, (c) SVM, and (d) GEP models
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