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Extended Abstract

Introduction: In recent decades, the increased intensity and frequency of flood events due to climate change,
urbanization, and land degradation have become a major challenge in water resource management. The occurrence of
flash floods in mountainous areas of the country, including the Taleghan watershed, results in consequences such as soil
erosion, damage to infrastructure and threats to water resources. Therefore, accurate prediction of flood discharge and
hydrological behavior of watersheds is essential for timely decision-making in early warning systems and risk
management. The present study aimed to evaluate and compare the performance of three models, XBeach, DBN, and
LightGBM, in predicting the maximum monthly flood discharge in the Taleghan watershed.

Materials and methods: The data used included time series of monthly discharge from hydrometric stations in the region
over several consecutive years. To evaluate the effect of temporal memory, four different seasonal combinations were
designed, including lags of one to four seasons (each season consisting of three months) in the discharge modeling. After
preprocessing, standardization and separation into training and test sets, the data were analyzed within the framework of
the three models using the R programming software. The physical model XBeach was analyzed as a process-based
baseline, while the DBN model was implemented using the structure of dynamic Bayesian networks and probabilistic
hidden layers to represent temporal dependencies of the data. The LightGBM model was designed as a gradient boosting
tree, with optimization of learning parameters and non-surface growth of trees. The performance of the models was
evaluated using the statistical indices NSE, RMSE, MAE and the correlation coefficient (R).

Results and Discussion: The results showed that the LightGBM model had a significantly better performance than the
other two models in all stations and in all temporal combinations. With NSE values ranging from 0.908 to 0.931 and
correlation coefficient between 0.896 and 0.918, this model showed the highest degree of agreement with the observed
data. Also, the RMSE error values for the LightGBM model at the studied stations ranged from 0.079 to 0.131, indicating
the high accuracy of the model in predicting the maximum monthly discharge. The DBN model provided good
performance with NSE values between 0.864 and 0.896 and correlation coefficient 0.816 to 0.832, while the XBeach
numerical model with NSE values of 0.834 to 0.862 and correlation of 0.807 to 0.823 had lower accuracy than the two
data-driven models. Despite the relative superiority of the DBN model over XBeach, the performance difference between
the two models was not statistically significant in most temporal combinations. Given the complexity of the network
structure and the higher computational cost of DBN, the use of the XBeach model is suggested as a more practical option
in the second rank. In addition, the ability of the LightGBM model to reproduce seasonal fluctuations and strong flow
trends was more significant than other models. The DBN model also performed better compared to XBeach, but the
statistical difference resulting from the evaluation criteria between the two models was not significant in most
combinations. Considering the complexity of the network structure, high computation time, and cost of adjusting DBN
parameters, the use of the XBeach numerical model is recommended as a more economically and practically efficient
option. In contrast, the ability of LightGBM to combine nonlinear features of input data and learn complex patterns made
this model the most accurate and stable option for flow prediction.

Conclusion: Correlation analyses between observational and predicted data showed that the points resulting from the
LightGBM model had the highest density along the one-to-one correlation line and showed the least dispersion, while
the XBeach and DBN models had more deviation from the correlation line. These findings are consistent with recent
studies that have reported the effectiveness of gradient boosting algorithms in flow and flood prediction. Overall, the
findings of this study suggest that the use of lightweight and fast data-driven models such as LightGBM can play an
important role in the development of flood forecasting systems in mountainous basins such as Taleghan. High accuracy,
fast update capability, low computational requirements, and the possibility of integrating with remote sensing data make
this model a suitable option for use in early warning systems and intelligent water resource management. The main
innovation of this research is to provide a quantitative and systematic comparison between lightweight data-driven
models, deep learning, and physical process models for predicting the maximum monthly discharge, as well as analyzing
the sensitivity of their performance to the input temporal memory length, which leads to the presentation of an
operational decision-making framework based on accuracy and computational cost.
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Figure 2- Flowchart of the research process
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Table 2- Statistical results of input data for modeling and forecasting floods with the LightGBM model
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0.918 0.338 0.352 0931 0924 0.331 0.345 0.974 4
0912 0.342 0.355 0928 0919 0.334 0.348 0.969 3 Olws
0.907 0.343 0.358 0923 0914 0.335 0.351 0.963 2
0.902 0.348 0.359 0917 0911 0.337 0.354 0.957 1
0.917  0.097 0.121 0929 0.923 0.093 0.113 0.974 4
0911 0.101 0.123 0.927 0918 0.095 0.114 0.968 3 Olws (3 0
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Table 3- Statistical results of input data for modeling and forecasting floods with the Xbeach model
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0.823 1.356 1.458 0.862 0.843 1321 1432 0.823 4
0821 1359 1461 0.854 0.835 1.325 1435 0.868 3 Olwe>
0.817 1.363 1.467 0.847 0.831 1.327 1439 0.863 2
0.809 1.368 1.471 0.841 0.824 1331 1441 0.859 1
0.822 0425 0451 0.861 0.842 0423 0437 0871 4
0.819 0428 0454 0852 0.834 0424 0441 0.867 3 Olws ol e
0.816 0431 0455 0.844 0.829 0.427 0.443 0.861 2
0.812 0434 0457 0.837 0.821 0431 0444 0.853 1
0822 0364 0383 0859 0.841 0.352 0.371 0.871 4
0817 0365 0.388 0851 0.832 0.355 0.372 0.866 3 Ol olyle
0.814 0.368 0.391 0.843 0.826 0.359 0.374 0.859 2
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0821 0374 0393 0.858 0.838 0.362 0.379 0.869 4 j
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0811 0299 0.315 0.841 0.824 0.295 0.308 0.855 2
0.807 0.303 0221 0.834 0.816 0.298 0.312 0.843 1
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Table 4- Statistical results of input data for modeling and forecasting floods with the DBN model
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0.832 1307 1409 0881 0.85 1302 1403 0.893 4
0.827 1.312 1.413 0.877 0.849 1.304 1.407 0.887 3 e
0.823 1.314 1,417 0.873 0.841 1.307 1.411 0.883 2
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0.818 0.271 0.293 0.868 0.832 0.264  0.289 0.877 2
0.816  0.274 0.295 0.864 0.826  0.265 0.291 0.866 1
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Figure 3- Model correlation comparison chart
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