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Abstract

The development of the rainfall-runoff relationship constitutes a fundamental
aspect of hydrological modeling. Given the inherent complexity of this
relationship, accurate runoff prediction plays a pivotal role in water resources
planning and management. This study investigates the rainfall-runoff relationship
within the Khorramabad River Basin, employing simultaneous data from the
Khorramabad Synoptic Station and the Cham-Anjir Hydrometric Station.
Rainfall-runoff modeling was conducted using two conceptual hydrological
models WEAP and IHACRES as well as three artificial intelligence (Al)
approaches, namely Artificial ANN, ANFIS and SVM, to estimate runoff. The
modeling period for all models extended from October 1956 to September 2024,
except for the WEAP model, for which the period October 2010 to September
2023 was selected due to the large number of input parameters required. For the
Al-based models, 80% of the data were used for training and 20% for testing. The
performance of the models was evaluated using standard statistical indicators,
including the R?, NSE and RMSE. The results indicated that, among the
hydrological models, WEAP outperformed IHACRES, and among the Al models,
ANFIS exhibited superior performance compared to ANN and SVM. Overall, the
ANFIS model demonstrated the best performance among all models employed,
with R? =0.96, NSE = 0.98, and RMSE = 2.08 during the training phase, and R?
=0.94, NSE = 0.87, and RMSE = 1.93 during the testing phase. Consequently,
the findings suggest that artificial intelligence models generally outperform
conceptual hydrological models in simulating the rainfall-runoff process.

1. Introduction

Modeling rainfall-runoff processes play a crucial role in hydrology, particularly in semi-arid regions
where water scarcity and hydrological variability pose major challenges for sustainable water
management. Accurate runoff prediction supports flood control, water allocation, and watershed
planning. Traditionally, conceptual hydrological models such as WEAP and IHACRES have been
widely used to simulate rainfall-runoff dynamics (Lotfirad et al. 2019). However, these models are
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constrained by assumptions about catchment homogeneity and simplified process representations that
limit their ability to capture nonlinear and dynamic hydrological interactions.

Recent developments in data-driven artificial intelligence (Al) techniques—such as Artificial Neural
Networks (ANN), Adaptive Neuro-Fuzzy Inference Systems (ANFIS), and Support Vector Machines
(SVM)—offer promising alternatives. These methods can model complex nonlinear relationships
between rainfall and runoff without explicit physical assumptions. Several studies have demonstrated
the superiority of hybrid or Al-based models compared to conceptual approaches, especially in regions
with limited or uncertain data (Asadi et al., 2024; Ramzi et al., 2024). This study aims to evaluate and
compare the performance of conceptual (WEAP, IHACRES) and Al-based (ANN, ANFIS, SVM)
models in simulating rainfall-runoff processes in the Khorramabad River Basin, Iran.

2. Materials and Methods

The study area, the Khorramabad River Basin in western Iran, is a semiarid catchment. Historical hydro-
meteorological data, including precipitation, temperature, wind speed, and relative humidity, were
collected for the 1989-2023 period. Two conceptual models (WEAP and IHACRES) and three Al-
based models (ANN, ANFIS, and SVM) were developed and calibrated.

The WEAP model simulates catchment processes through a soil moisture balance approach, considering
land use, evapotranspiration, infiltration, and runoff routing. The IHACRES model transforms effective
rainfall into streamflow using linear and nonlinear modules (Croke and Jakeman, 2004). For the Al
approaches, monthly rainfall-runoff data were divided into 80% training and 20% testing subsets. The
ANN used a MLP structure with Feed-forward backprop learning; the ANFIS model combined fuzzy
logic with neural learning; and the SVM applied a RBF-kernel for regression optimization.

Model performance was evaluated using the NSE, R? and the RMSE (1, 2 & 3 Eq). Calibration and
validation were performed independently for each model to ensure robust assessment of predictive
accuracy (Nassery et al. 2021).
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3. Discussion and Results
The WEAP and IHACRES models provided acceptable hydrological simulations but showed limited

ability to reproduce peak discharges and seasonal fluctuations. During calibration, WEAP achieved
NSE = 0.83 and R? = 0.71, while IHACRES achieved NSE = 0.74 and R? = 0.64, indicating moderate
predictive power. However, validation results revealed performance degradation in both conceptual
models, emphasizing their sensitivity to parameter uncertainty and changing hydrological conditions.

In contrast, the Al-based models demonstrated substantially higher accuracy. The ANFIS model yielded
the best overall performance with NSE =0.96, R?=0.98, and RMSE = 2.08 during calibration, followed
by the ANN and SVM models with slightly lower but still robust metrics. The superior results of ANFIS
highlight the capability of neuro-fuzzy integration to capture nonlinearities and dynamic feedbacks
within rainfall-runoff processes, as confirmed by similar findings in other basins. The ANN also
performed well in reproducing both high and low flows, while SVM provided stable generalization with
minimal overfitting. Compared to WEAP and IHACRES, Al models better captured rainfall-runoff
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variability, especially during extreme events. These results align with previous studies reporting that
hybrid data-driven models outperform conceptual frameworks in regions with heterogeneous land use
and incomplete climatic data. Table 1 shows the values of the performance evaluation criteria of
different models and Figure 1 shows the fit of observed and simulated runoff in the training and testing
periods of the ANFIS model.

Tablel. Performance evaluation criteria values of different models

Modeling period Hydrological models | Al models
WEAP IHACRES ANN __ ANFIS  SVM
Calibration/Train | & 0.83 0.74 0.79 0.96 0.72
an ;‘:r‘ioo‘a fam- | NSE 0.71 0.64 0.80 0.98 0.73
RMSE | 5.46 735 3.08 2.08 2.61
o R 0.65 0.52 0.76 0.94 0.71
Vahda“."‘fe“ NSE 0.53 0.48 0.83 087 072
perto RMSE | 3.82 4.93 4.87 1.93 3.66
Q_Observed  ---=m---- Q) _Simmlated 160 -
60 Q_Observed
Q_Simulated

[P I

50+
120 4

404

Q (mem)
Q (mem)

: . r - T T T T T T T
200 300 400 500 600 o 2w 40 o0 50 100 120 140

Train period Test period

Figl. Fit of observed and simulated runoff in the training and testing periods for ANFIS model

4. Conclusion

This study confirms that Al-based models, particularly ANFIS, significantly outperform traditional
conceptual hydrological models in simulating rainfall-runoff processes for the Khorramabad Basin.
The integration of data-driven techniques enables accurate representation of complex nonlinear
relationships and temporal variability, which are difficult to capture using physically based methods.
While conceptual models like WEAP and IHACRES remain valuable for scenario analysis and water
management planning, their predictive capability under nonstationary climatic conditions is limited.

Future research should focus on hybrid frameworks combining the physical interpretability of
conceptual models with the adaptive learning capability of Al algorithms. Incorporating remote sensing,
multi-source rainfall data fusion, and Bayesian optimization can further enhance model generalization
and uncertainty quantification. Overall, the findings emphasize the growing potential of intelligent
modeling approaches to improve hydrological prediction and decision-making in data-scarce
environments.
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