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Extended abstract

Introduction

In recent years and decades, due to minor changes and challenges in sufficient and high-quality water
resources, sustainable water resources have been the subject of various studies and research. The lack of
safe and high-quality water resources is a major obstacle to sustainable development. For this reason,
understanding the processes of the water cycle is very important and requires accurate information about
hydrological phenomena. Runoff from water transfer is one of the main sources meeting various water
demands, including agriculture, industry, and domestic use. The allocation of water resources to these
sectors is planned based on runoff data at different times. A significant portion of precipitation in the
hydrologic cycle is converted into runoff due to watershed characteristics. Considering the issue that the
Lake Urmia Basin is shrinking, identifying the water resources of this basin and its sub-basins is crucial.

Materials and methods

The Ajichai Basin is one of the sub-basins of Lake Urmia. In this study, rainfall data from the Tabriz
synoptic station and runoff data from the Nahand hydrometric station were used. The aim of this research
is to model the daily rainfall-runoff of the Ajichai Basin using intelligent machine learning models,
including Artificial Neural Network (ANN), Support Vector Machine (SVM), Gene Expression
Programming (GEP), and Random Forest (RF). Seventy percent of the data was used for training, and 30%
was used for testing the models. Statistical measures such as the Coefficient of Determination (R2), Root
Mean Square Error (RMSE), Nash-Sutcliffe Efficiency (NSE), and Willmott Index (WI) were used to
evaluate the performance of the models.

Results and discussion

The results of this research showed that all models performed very well in simulating rainfall-runoff in the
Ajichai Basin. According to the obtained results, the GEP model, with R2 equal 0.84, RMSE equal 0.024
m3/s, NSE equal 0.864, and W1 equal 0.968, was the most accurate in modeling rainfall-runoff in the Ajichai
Basin. Based on scatter plots and time series analysis, the GEP model demonstrated higher accuracy than
other models in predicting rainfall-runoff values with a high correlation.

Conclusions

According to the results, all the investigated models showed good capability in modeling daily rainfall-
runoff in the Ajichai Basin. The findings of this research highlight the strong performance of machine
learning models in rainfall-runoff modeling. In general, due to the high accuracy of intelligent models,
particularly the GEP model, in predicting daily rainfall-runoff, it is recommended to apply these methods
to hydrological problems. Additionally, for future research, it is suggested that intelligent methods and data
mining techniques be used to model the precipitation-runoff process in different basins separately for
drought-affected and wet years.
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Table 2. Sixteen scenarios of input combinations used in the present study

Scenario Inputs combination

1 P ()

P(t),P(t1)

P(),P(t1),P(t2)

P(),P(t1),P(t2),P(t3)

Q(t-1),P(),P(t-1)

Q(t1),P(),P(t1),P(t2)

2
3
4
5 Q(t1),P(®)
6
7
8

Q((1),P(®),P(t1),P(t-2),P(t-3)

9 Q(t-1),Q (), P (1)

10 Q(t-1),Q (t-2) , P (1), P (t-1)

11 Q(t-1),Q(t-2), P (1), P (t-1), P (t-2)

12 Q(t-1),Q(t2), P (1), P (t-1), P (t-2) , P (t-3)

13 Q(t-1),Q(t-2), Q(t-3), P (t)

14 Q(t-1), Q(t-2), Q(t-3), P (1), P (t-1)

15 Q(t-1),Q (), Q (t-3) , P (1), P (t-1) , P (t-2)

16 Q(t-1),Q (t-2), Q (t-3) , P (1), P (t-1) , P (t-2) , P (t-3)
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Table 3. Evaluation results of the used models in the present study in training and testing stages

Model Best scenario Stage wi NSE RMSE (m?¥/s) R?
Train 0.999 0.999 0.002 0.85

ANN 5
Test 0.967 0.865 0.024 0.66
Train 0.999 0.999 0.002 0.85

SVM 10
Test 0.968 0.869 0.024 0.81
Train 0.999 0.999 0.002 0.85

GEP 10
Test 0.968 0.864 0.024 0.84
Train 0.999 0.999 0.002 0.83

RF 8
Test 0.968 0.865 0.024 0.74

Joe ey Ol 5l G ol Jloy53 sl
<1+ 1y RMSE «/AY iy R? yalia L SVM
0lis LRF Jae e /APA 11, W 5 +JASQ 1, NSE
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Table 4. Descriptive statistics of observed and simulated runoff

Model Stage Mean (m®/s) Range (m®/s) Standard Deviation (m%s)
Training 1.05 25.60 2.03
Observed
Testing 0.65 23.90 1.23
Training 1.05 17.80 1.86
ANN
Testing 0.68 18.10 1.08
Training 1.05 16.06 1.86
SVM
Testing 0.69 16.02 1.14
Training 1.05 17.80 1.86
GEP
Testing 0.70 31.21 1.32
Training 1.05 17.44 1.86
RF
Testing 0.69 16.86 1.15
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