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Extended Abstract

Introduction

The rainfall-runoff process is one of the most complex and important components of the hydrological cycle, serving as a
foundation for water resources management, flood forecasting, and watershed planning. Accurate estimation of runoff plays a
critical role in optimizing the use of water resources, particularly in regions where hydrometric data are limited. However, due
to the nonlinear and dynamic interactions between rainfall, temperature, soil moisture, and other climatic variables, physically
based hydrological models often fail to adequately represent the real-world behavior of watersheds. In recent years, artificial
intelligence (Al) and machine learning (ML) methods have emerged as powerful alternatives, offering flexible, data-driven
frameworks capable of learning complex nonlinear relationships without requiring explicit physical equations. Among these
approaches, the Group Method of Data Handling (GMDH), Random Forest (RF), and Adaptive Neuro-Fuzzy Inference System
(ANFIS) models have shown great promise for hydrological applications. Previous studies have demonstrated the effectiveness
of these models, but their performance may vary depending on watershed characteristics and data conditions. Therefore, the
present study aimed to evaluate and compare the predictive performance of the GMDH, RF, and ANFIS models in simulating
daily runoff in two Iranian watersheds i.e., Taleghan and Telvar, representing different topographic and climatic settings, in order

to identify the most accurate and computationally efficient model for daily runoff forecasting.

Materials and Methods

The study was conducted in two Iranian watersheds: Taleghan in Alborz Province and Telvar in Kurdistan Province. The
Taleghan basin covers about 790 km?, with elevations ranging from 1,707 to 4,370 m and a mean elevation of 2,734 m. The
Telvar basin extends over roughly 2,490 km?, with elevations between 1,280 and 2,880 m and an average elevation of 1,927
m. Daily meteorological and hydrological data were obtained from the Regional Water Companies and the Iran Meteorological
Organization for a continuous 13-year period. Input variables included 24-hour rainfall, air temperature, relative humidity, mean
wind speed, total snow precipitation, antecedent precipitation index (API), and antecedent discharge index (ADI). The next-day

discharge was used as the target variable. Preprocessing steps consisted of filling missing values, normalizing the dataset, and
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dividing it into 70% for training and 30% for testing. Identical subsets were applied to all models to ensure consistent comparison.
Three prediction models were implemented in MATLAB. The GMDH model, based on the Kolmogorov—Gabor polynomial,
automatically generated nonlinear polynomial relationships between inputs and output while iteratively selecting the optimal
structure. The ANFIS model combined neural-network learning with fuzzy logic using a Sugeno-type inference system and a
hybrid least-squares/backpropagation training algorithm. The RF model employed an ensemble of decision trees, each trained on
bootstrap samples and random subsets of predictors, with final predictions obtained by averaging all trees. Model performance

was evaluated using the coefficient of determination (R?), Nash—Sutcliffe efficiency (NSE), and root mean square error (RMSE).

Results and Discussion

The modeling results showed that all three Al-based models performed well in simulating daily runoff, but their accuracy
differed between the two watersheds. In the Taleghan basin, the GMDH model achieved the highest accuracy, with R? = 0.8845,
NSE = 0.8836, and RMSE = 4.09. The RF model ranked second with R2=0.8801, NSE = 0.8798, and RMSE = 4.16, showing
only a slight decline relative to GMDH. ANFIS produced the weakest results in Taleghan (R? = 0.8710, NSE = 0.8698, RMSE
= 4.32), likely due to its sensitivity to membership function settings and the noise in the dataset. In the Telvar watershed, the
performance pattern changed slightly. GMDH again provided the best results (RMSE = 0.3631, NSE = 0.9396, R? = 0.9409), but
ANFIS closely matched it with RMSE = 0.3640, NSE = 0.9392, and R? = 0.9406. RF ranked last, achieving RMSE = 0.4017,
NSE = 0.9260, and R? = 0.9273. The lower variability in Telvar likely enabled GMDH and ANFIS to capture stable nonlinear
relationships more effectively. Comparing the best and weakest models showed that GMDH improved RMSE by about 9.6%
in Telvar but only 1.9% in Taleghan. Overall, model superiority appears to depend on watershed characteristics, with GMDH

excelling in stable conditions and RF performing relatively well in more variable settings.

Conclusion

The overall comparison shows that none of the models is universally superior; their effectiveness depends on watershed
characteristics and data quality. The GMDH model demonstrated consistently high accuracy in both basins, particularly where
hydrological conditions were more stable and correlations among variables were stronger. The RF model showed notable
robustness, performing nearly as well as GMDH in the more complex Taleghan watershed, where data variability and noise were
higher. ANFIS, although capable of modeling nonlinear relationships, required careful tuning of fuzzy rules and high-quality
inputs, making it less reliable under variable conditions. These outcomes are consistent with earlier studies, such as those by
Shortridge et al. (2016) and Mosavi et al. (2020), which emphasize that model selection should be adapted to local hydrological
behavior rather than generalized across regions. Comparing performance across two different basins provided valuable insight
into model transferability and highlighted the importance of matching model structure to watershed dynamics. Overall, the
study confirms the potential of Al-based data-driven models for daily runoff prediction and their usefulness as complements
to traditional hydrological approaches. GMDH achieved the best overall performance, while RF offered strong adaptability in
noisy environments. ANFIS performed well when conditions were stable but was more sensitive to data inconsistencies. The
findings suggest that site-specific model selection and the development of hybrid or ensemble methods combining GMDH, RF,
and ANFIS could further improve predictive reliability. Accurate runoff forecasting using these techniques can support flood

warning, reservoir operation, and water management in data-limited mountainous regions.
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Table 1. Statistical characteristics of the hydro-climatic variables of the studied regions
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Temperature (°C)
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Fig 2. GMDH model results for the testing phase: (a) Taleghan watershed (b) Telvar watershed.
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Table 2. Results of the models used in the studied regions
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