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Extended abstract

Introduction

Accurate runoff prediction plays a crucial role in water resource management, flood control and climate
change adaptation planning. Given the nonlinear, complex and multifactorial nature of hydrological
processes, the use of data-driven methods and machine learning algorithms has become an efficient
approach for runoff analysis and modeling in recent years. Two individual models, XGBoost, CatBoost and
a hybrid model of this two single models, (Cat-XG)Boost were evaluated to predict runoff in the Karaj
watershed. Few studies have compared these two algorithms and presented an intelligent hybrid
combination at the monthly level.While filling this research gap the present study can provide practical
guidance for water resource planners and resource management warning systems in climate change
conditions.

Materials and method

In the present study, the efficiency of two widely used individual deep learning models, including CatBoost,
XGBoost and a novel hybrid model called (Cat-XG)Boost were evaluated in predicting monthly runoff in
the Karaj watershed. For this purpose, monthly average discharge data from five hydrometric stations of
Gachsara, Sira-Kaloan, Sira-Karaj, Neshtarud and Pol-e-Khab Dorud with maximum monthly average
discharge of 17.22, 16.56, 12.11, 0.36 and 0.28, respectively, in the Karaj watershed during the long-term
statistical period of 30 years (1371-1400) were used as model inputs. After performing preprocessing,
normalization, outlier removal, stationarity check and input transformation processes, the models were used
as inputs. The models were measured with 4 evaluation criteria NS, R, RMSE and MAE. The predictions
of the studied models were recorded in 4 states. First, the average discharge of the past 3 months was
considered as the model input. In the second scenario, the average discharge of the 6 months before was
entered into the model. The third scenario was designed using three consecutive delay seasons (9 months)
of monthly average discharge. The fourth scenario included a year of consecutive time lag.

Results and discussion

The prediction results showed that the hybrid model (Cat-XG)Boost with a significant difference provides
the best performance in predicting monthly runoff of the Karaj watershed compared to the two individual
models evaluated. This model recorded NS above 0.957 and correlation above 0.939 in all stations studied.
In addition, it recorded significantly fewer errors than the other two models. While the individual models
XGBoost and CatBoost, especially in stations with more extensive data, faced increased errors. Analysis
of correlation diagrams also showed that the integrated model had the highest agreement with the actual
values and identified complex runoff patterns with higher accuracy. The results obtained from the present
study were also consistent with international studies. The two individual models studied provided average
performance in predicting values related to extreme climate events but by combining the two individual
models and introducing the hybrid model Boost(Cat-XG), the defects in the individual models were covered
and also by eliminating existing errors, much more accurate predictions were recorded.
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Conclusion

The results of the present study indicate that the hybrid model (Cat-XG)Boost can be used as a powerful
tool for runoff prediction in mountainous and climate change-sensitive basins and play an effective role in
the development of rapid warning systems, reservoir management and strategic water resource planning.
The findings of the present study confirm that combined approaches in the face of complex hydrological
data have a significant advantage over single models. This model can be used as a useful tool in water
resource management studies, prediction of drought and seasonal floods and presentation of decision-
making scenarios at the basin level.
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Table 1. Hyperparameter values used in models

Station Model [ 0, 0, 0, Qo A2 Epochs LR
Gachsar XG 0.5163 0.3341 0.3761 0.3952 2.57 17 56 0.0431
CAT 0.5194 0.3145 0.3952 0.3881 2.12 21 61 0.0651
CAT-XG 05671 0.3453 0.2831 0.4113 2.03 24 93 0.0631
XG 0.5241 0.3641 0.2742 0.4011 2.93 13 121 0.0328
Sira-Kalvan oot 0.5306 0.3448 0.3456 0.4116 2.81 18 128 0.0617
CAT-XG  0.5021 0.3652 0.2776 0.4017 2.03 31 133 0.0713
XG 0.5312 0.3021 0.2331 0.4112 2.42 32 132 0.0610
Sira-Karaj  caT 0.5149 0.3112 0.2456 0.3983 351 17 143 0.0614
CAT-XG 05223 0.3342 0.3652 0.4323 3.66 16 157 0.0713
XG 0.5661 0.3341 0.3841 0.4467 3.03 14 181 0.0619
,\Taoslhlt(:r%?;d CAT 0.5248 0.3563 0.3452 0.3839 2.94 35 202 0.0513
CAT-XG  0.5436 0.3228 0.3113 0.4112 2.83 41 205 0.0711
XG 0.5118 0.3316 0.2328 0.4661 3.06 36 133 0.6611
Pol khab-
Moroud  CAT 0.5234 0.3417 0.2667 0.3956 2.54 61 146 0.6441
CAT-XG 05776 0.3811 0.3643 0.4773 2.33 53 151 0.6652
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Table 2. Statistical results of input data to the CatBoost model for predicting the runoff

Trainig Dataset

Test Dataset

Station Composition number
NS RMSE MAE R NS RMSE MAE R
4 0.624  7.403 7.287 0.597 0.613 7.424 7.318 0.584
Gachsar 3 0.621  7.409 7.289 0.594 0.608 7.425 7.321 0.579
41253
2 0.617 7.411 7.292 0.588  0.603 7.431 7.325 0.573
1 0.613  7.413 7.301 0.583  0.598 7.432 7.328 0.569
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Station Composition number Trainig Dataset Test Dataset
NS RMSE MAE R NS RMSE MAE R
4 0623 7.417 7304 0596  0.612 7.434 7334 0583
Sira-Kalvan 3 0619 7421 7307 0594  0.607 7.437 7336 0587
41936
2 0616 7.422 7309 0586  0.602 7.439 7341 0573
1 0612  7.424 7312 0581 0597 7.441 7344 0566
4 0622 5203 5131 0595  0.611 5.241 5147 0582
Sira-Karaj 3 0618 5207 5134 0593  0.606 5.244 5149 0578
41101
2 0615 5212 5137 0585  0.601 5.253 5156 0572
1 0611 5217 5141 0579 059 5.254 5157  0.568
4 0621 0.183 0124 0594  0.609 0.197 0137 0581
Pol Khab- 3 0617 0187 0127 0592  0.605 0.202 0141 0577
Nashtaroud
41087 2 0614 0.193 0133 0584 0599 0.203 0144 0571
1 0609  0.201 0141 0578 0595 0.206 0151 0567
4 0619 0.204 0142 0593  0.608 0213 0154 0579
Pol Khab- 3 0616 0.207 0144 0591 0604 0214 0157 0576
Moroud
41935
2 0612 0213 0147 0583 0598 0.217 0161 0569
1 0608 0216 0151 0577 0594 0221 0164 0566

XGBOOSt Juo b Sl (o S 5 53ledie gz (5395 slaosls (slel s —F Jour
Table 3. Statistical results of input data to the XGBoost model for predicting the runoff

. Composition Trainig Dataset Test Dataset
Station number
NS RMSE MAE R NS RMSE MAE R
4 0.673 6.357 6.294 0.644 0.657 6.402 6.309 0.629
Gachsar 3 0.669 6.361 6.296 0.641 0.654 6.406 6.312 0.624
41253
2 0.664 6.364 6.298 0.637 0.651 6.409 6.317 0.621
1 0.661 6.366 6.301 0.633 0.647 6.413 6.321 6.417
4 0.672 6.371 6.304 0.643 0.656 6.417 6.327 0.628
Sira- 3 0.668 6.373 6.309 0.641 0.654 6.421 6.331 0.623
Kalvan
41936
2 0.663 6.374 6.313 0.636 0.651 6.423 6.339 0.619
1 0.659 6.377 6.318 0.632 0.644 6.427 6.343 0.616
4 0.671 4.483 4.306 0.642 0.655 4.503 4.328 0.627
Sira-Karaj 3 0.667 4.489 4.309 0.639 0.653 4.507 4.336 0.622
41101
2 0.662 4.493 4.317 0.635 0.649 4,512 4.344 0.618
1 0.658 4.496 4.321 0.631 0.643 4,517 4.351 0.614
4 0.669 0.146 0.103 0.641 0.654 0.163 0.121 0.625
Pol Khab-
Nashtaroud 3 0.666 0.149 0.107 0.638 0.652 0.164 0.122 0.621
41987

2 0.661 0.151 0.109 0.634 0.648 0.171 0.125 0.617
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Station Composition Trainig Dataset Test Dataset
number
NS RMSE MAE R NS RMSE MAE R
1 0.657 0.154 0.112 0.629 0.642 0.174 0.131 0.613
4 0.668 0.167 0.114 0.639 0.653 0.179 0.134 0.624
Pol Khab- 3 0.665  0.169 0117 0637 0651 0.181 0137 0619
Moroud
41935
2 0.659 0.174 0.121 0.633 0.647 0.183 0.139 0.616
1 0.657 0.177 0.124 0.628 0.641 0.185 0.141 0.612
(XG-Cat)Boost Jowo b Glls, (s siem 5 3ladon cg (699,9 slaosls L;)L«J = -f Jous
Table 4. Statistical results of input data to the (Cat-XG)Boost hybrid model for predicting the runoff
. Composition Train Dataset Test Dataset
Station
number
NS RMSE MAE R NS RMSE MAE R
4 0.986 1.493 1.424 0.969 0.974 1.504 1.437 0.957
Gachsar 3 0.982 1.494 1.427 0.964 0.971 1.507 1.439 0.953
41253
2 0.976 1.496 1.429 0.961 0.967 1511 1.441 0.949
1 0.969 1.497 1431 0.957 0.963 1.513 1.443 0.944
4 0.985 1.501 1.433 0.968 0.973 1.516 1.446 0.956
Sira- 3 0.982 1.502 1.434 0.963 0.971 1.517 1.449 0.953
Kalvan
41936
2 0.975 1.504 1.437 0.959 0.966 1.523 1.452 0.948
1 0.968 1.507 1.439 0.956 0.962 1.527 1.454 0.943
4 0.984 1.046 1.017 0.967 0.972 1.057 1.031 0.955
Sira-Karaj 3 0.981 1.048 1.019 0.962 0.969 1.061 1.032 0.952
41101
2 0.974 1.048 1.021 0.958 0.965 1.063 1.034 0.947
1 0.966 1.051 1.024 0.955 0.961 1.064 1.039 0.942
4 0.982 0.017 0.006 0.966 0.971 0.021 0.011 0.954
Pol Khab- 3 0.979 0.018 0.009 0.961 0.968 0.024 0.012 0.951
Nashtaroud
41987 2 0.973 0.019 0.011 0.957 0.964 0.026 0.014 0.946
1 0.965 0.022 0.013 0.954 0.959 0.028 0.019 0.941
4 0.981 0.023 0.014 0.965 0.969 0.029 0.021 0.953
Pol Khab- 3 0.978 0.025 0.016 0.959 0.967 0.031 0023  0.949
Moroud
41935
2 0.972 0.027 0.019 0.956 0.963 0.034 0.024 0.945
1 0.964 0.029 0.021 0.953 0.958 0.037 0.027 0.939
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Fig. 6. Comparison diagram of model correlations
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