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Introduction

The key to social and economic development is water, an essential natural resource. Worldwide,
many areas are experiencing water supply and demand mismatches or are under extreme stress due to
water shortages. Water resources have been mismanaged or limited due to an increase in demand
and limitations in available water supply (Banadkooki et al., 2019). Rainfall and runoff are
considered to be the main components of the hydrological cycle. In order to capture the dynamic
relationship between rainfall and runoff, engineers need to develop an accurate model (Tikhamarine
et al., 2022). Rainfall-runoff modeling is one of the methods of estimating runoff and a suitable tool
for studying hydrological processes, evaluating water resources and watershed management
(Abrahart and See, 2000). But the complexity and non-linear nature of the rainfall-runoff process and
the unknown effect of the factors on each other and finally on the outflow of the basin make
modeling more difficult (Moriasi et al., 2007). Therefore, it is necessary to use methods that, in
addition to dynamism, have the ability to develop, have a conceptual and user-friendly structure (Shi
et al., 2012). The role and importance of the mentioned process in water resources studies has caused
this process to be noticed by experts (Guven, 2009). Therefore, several methods such as artificial
neural networks, fuzzy and neuro-fuzzy systems, wavelet analysis, genetic algorithm, genetic
programming and stochastic differential equations have been developed to model the rainfall-runoff
process (Yaseen et al., 2016; Zhang et al., 2019). The development of rainfall-runoff models using
different Al models has been conducted several times in the past two decades, but these models still
have several shortcomings. These drawbacks are usually related to overfitting, difficulty in
initializing the internal parameters related to these models and proposing the proper input-output
architecture of the model (Ahmed et al., 2019).
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Methodology

Rainfall measurements are considered a basis for any hydrological modelling. In this research, in
order to model the rainfall-runoff process, rainfall and discharge variables at different delays were
used as input variables and discharge as output variables. In order to develop the model, the first step
is to split the data into different classes to train, validate and test the model performance. The main
importance of such step is to assure that the model would perform with consistent level of accuracy
in case that the model experienced unseen data rather than those in the training. Debit was used from
one day delay to four days delay and precipitation was also used up to six days delay. Then Pearson's
correlation coefficient was used to find the relationship between input and output variables. Finally,
based on the correlation coefficient, the best input model combination was selected. The time series
of the research data is daily and the ten-year discharge and precipitation statistics were used and a
radar chart was drawn between the variables. An artificial neural network was used for modeling. In
order to find the optimal weight and bias coefficients, meta-heuristic algorithms of black spider and
whale were used. Also, to evaluate the model, the indices of RMSE, MAE and PBIAS were used.

To evaluate the accuracy and performance of the model, we use the evaluation criteria according
to the equations (31) to (35) as follows:
The Root mean square error (RMSE):

RMSE = \/% S 1 (Qpra — Qobs)’ (0 < RMSE < o) )
The coefficient of determination (R2 score):

R?> =1—RSE (0<R?’<1) 2)
Mean Absolute Error (MAE):

MAE =~ %1|Qpra = Qobs| (0 < MAE < ) ©)
Coefficient of correlation (R):

R — Zliv=1(Qobs_Qobs)(Qprd_Qprd)
\/Zli\il(Qobs_Qobs)z Zli\il(Qprd_Q_prd)z

(-1<R<+1) 4

Results and Discussion

In this research, the correlation coefficient was used to find the relationship between the input
and output variables. The results of the research show that the flow rate with a one-day delay had the
highest correlation with the output flow rate. Also, after choosing the best combination of the input
model from the artificial neural network to predict the process Precipitation-runoff was used and
black spider and whale algorithms were used to optimize the weighting and bias coefficients. The
final results showed that all the models had a very good performance in forecasting and were able to
predict the result of the model in a single mode. Finally, a box diagram and time series and data
dispersion were used.

Conclusions

According to the RMSE criteria, it can be said that the ANN-WOA model has the best
performance in predicting the rainfall-runoff process. Also, all the mentioned models showed a very
good performance in the forecasting process. Based on this, the ANN-WOA model has been able to



21
Performance evaluation of ... Vol. 47, No. 3, 2024

improve the accuracy of a single model by 32.4%, the ANN-BWO model by 27.6% and the WANN
network by 22.4%.
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Fig. 1- The location of Karkheh watershed
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Table 1- Statistical parameters of training and test datasets

Statistical Training phase (stage) Training phase (stage)
parameters P (mm) Q(m¥s) P (mm) Q(m%/s)
Maximum 115 263 96 1689
Minimum 0 0 0 0
Mean 0.9712 34.992 1. 396 117.795
Variance 25.5 1153. 649 42. 302 19317. 554
standard deviation 5.049 33. 965 6. 504 138. 987
Skewness 10. 177 1. 826 8. 249 4,874
Kurtosis 146. 848 4.926 89. 332 43. 445
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Table 2- Pearson correlation coefficient between input and output variables and their ranking

inputs Pt) Pt P({t- P(@- Pt Pt P@6) Q4 Q@3 Q(2) Q(t1)
1) 2) 3) 4) 5)
Quantity 0. 0. 0. 0. 0. 0. 0. 0.680 0.703 0.735 0.805
325 280 215 180 133 109 0792
Rank 5 6 7 8 9 10 11 4 3 2 1
$ZIF (28 ) G Sl 69929 BB M s F T Jgua
Table 3- Combination of input models to predict output streamflow rate
Scenario Input variables Output
Number variable
1 Q(t-1) Q(t)
2 Q(t-1), Q(t-2) Q(t)
3 Q(t-1), Q(t-2), Q(t-3) Q(t)
4 Q(t-1), Q(t-2), Q(t-3), Q(t-4) Q)
5 Q(t-1), Q(t-2), Q(t-3), Q(t-4), P (1) Q)
6 Q(t-1), Q(t-2), Q(t-3), Q(t-4), P (), P(t-1) Q)
7 Q(t-1), Q(t-2), Q(t-3), Q(t-4), P (1), P(t-1), P(t-2) Q)
8 Q(t-1), Q(t-2), Q(t-3), Q(t-4), P (1), P(t-1), P(t-2), P(t-3) Q)
0 Q(t'l)v Q(t-Z), Q(t's)! Q(t'4)! P (t)! P(t-l), P(t-2), P(t-3), P(t'4) Q(t)
10 Q(t-1), Q(t-2), Q(t-3), Q(t-4), P (1), P(t-1), P(t-2), P(t-3), P(t-4), P(t-5) Q1)
11 Q(t-1), Q(t-2), Q(t-3), Q(t-4), P (1), P(t-1), P(t-2), P(t-3), P(t-4), P(t-5), P(t-6) Q1)
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Fig. 2- Radar diagram between input and output variables based on Pearson correlation coefficient
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Table 4- Results of model evaluation based on different evaluation criteria in two

phases of training and testing

Models/Evaluation Criteria RMSE MAE NSE PBIAS R?
BWO-Train 14. 270 4. 668 0. 655 -2. 346 0. 828
BWO-Test 48.116 21.192 0.879 2. 9595 0.88
WOA-Train 13. 833 4.775 0.675 -3. 407 0.839
WOA-Test 44,613 19. 968 0. 886 -3.018 0. 897

WANN-Train 14,110 5.176 0. 662 -3. 9251 0.833
WANN-Test 45. 898 20. 654 0. 890 4. 006 0.891
ANN-BWO-Test
800
~ 600
L
™
£ 400 — Predict
© 200 —— Actual
0
0 200 400 600 800
Time (Day)
Fig. 8- Observed and predicted runoff hydrograph by ANN-BWO algorithm in the test phase
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Fig. 9- Observed and predicted runoff hydrograph by ANN-WOA algorithm in the test phase
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Fig. 10- Observed and predicted runoff hydrograph by WANN algorithm in the test phase
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Fig. 11- scatter plot diagram between observation data and real data for ANN-BWO model in the test
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Fig. 13- Scatter plot diagram between observation data and real data for ANN-WOA model in the test
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