Journal of Water and Soil
https://jsw.um.ac.ir b

Research Article
Vol. 39, No. 6, Feb.-Mar. 2026, p.553-572

Monthly Rainfall Simulation Using Hybrid Machine Learning Models: NAMAK
Lake Basin

A. DalirGabrabad***, M.A. Abdollahi®!, A. Ashrafzadeh@**
1- Department of Irrigation and Reclamation Engineering, College of Agriculture and Natural Resources, University of
Tehran, Karaj, Iran
(*- Corresponding Author Email: a.ashrafzadeh@ut.ac.ir)

Received: 29 January 2026 How to cite this article:
Revised: 28 May 2026 DalirGabrabad, A., Abdollahi, M.A., & Ashrafzadeh, A. (2026). Monthly rainfall
Accepted: 01 June 2026 simulation using hybrid machine learning models: NAMAK lake basin. Journal
Auvailable Online: 01 June 2026 of Water and Soil, 39(6), 553-572. (In Persian with English abstract).
https://doi.org/10.22067/jsw.2026.97595.1522

Introduction

Precipitation is a fundamental component of the hydrological cycle and plays a vital role in water resource
management, agriculture, ecosystem sustainability, hydropower generation, disaster mitigation, and urban
planning. Accurate rainfall prediction is essential for effective water allocation, flood and drought risk
management, and the development of early warning systems, thereby reducing potential damages to human
communities and infrastructure. In agriculture, reliable precipitation forecasts support optimal planting schedules
and resource management, leading to increased productivity and reduced weather-related losses. Furthermore,
rainfall prediction is crucial for reservoir operation and sustainable long-term water resource planning.

Due to the limited spatial coverage of ground-based meteorological stations, satellite-based precipitation
products have gained increasing attention as reliable alternatives for regional-scale rainfall analysis. Among
these, the Climate Hazards Group InfraRed Precipitation with Stations (CHIRPS) dataset is widely recognized
for its extensive spatial coverage, relatively high accuracy in arid and mountainous regions, and free
accessibility. CHIRPS integrates satellite observations with ground station data and provides precipitation
estimates at approximately 5 km spatial resolution across multiple temporal scales since 1981. In this study,
monthly mean CHIRPS precipitation data for the period 2000-2024 were extracted and analyzed for rainfall
prediction purposes.

The inherent nonlinearity and complex behavior of precipitation processes make traditional statistical
approaches insufficient for accurate forecasting. Consequently, machine learning techniques have emerged as
powerful tools for modeling complex climatic phenomena. Although numerous previous studies have applied
machine learning algorithms, such as Artificial Neural Networks (ANN), Random Forest (RF), Support Vector
Machines (SVM), and Convolutional Neural Networks (CNN), to rainfall prediction, most have focused on
single-model evaluations or simple model comparisons. However, combining multiple models has been shown to
reduce prediction uncertainty and improve forecast robustness, an approach that has received comparatively
limited attention.

The primary objective of this research is to evaluate the performance of satellite-based CHIRPS precipitation
data and to enhance monthly rainfall prediction using machine learning models implemented in the WEKA
environment. To achieve this goal, fifteen individual machine learning models were first assessed independently.
Subsequently, pairwise combinations of these models (105 combinations in total) were developed using simple
averaging and brute-force weighting strategies to improve predictive accuracy. The novelty of this study lies not
merely in the application of multiple machine learning algorithms but in proposing a systematic, transparent, and
reproducible framework for satellite-based rainfall prediction in data-scarce basins. This framework is region-
independent and can be readily applied to other climatic and hydrological settings.

Authors retain the copyright. This is an open access article distributed under Creative Commons
Ev Attribution 4.0 International License (CC BY 4.0).
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Materials and Methods

This study investigates monthly precipitation prediction in the Salt Lake Basin using satellite-based CHIRPS
data for the period January 2000 to December 2025, extracted via the Google Earth Engine platform. CHIRPS
was selected due to its adequate spatial resolution (0.05°), integration of satellite and ground-based observations,
long-term temporal coverage since 1981, and suitability for arid and semi-arid regions with sparse rain-gauge
networks. Data quality was assessed using the Interquartile Range (IQR) method, and no outliers were detected.
As the dataset exhibited consistent scaling across all time steps, no normalization was applied. The data were
divided into training (January 1999-December 2021) and testing (January 2022—December 2024) subsets. All
modeling procedures were implemented in the WEKA environment using time-series modules. To validate the
CHIRPS dataset, satellite-derived precipitation estimates were compared with observations from four ground
stations over ten years (2007-2017), and basin-scale performance was evaluated using averaged statistical
metrics. Initially, sixteen machine learning models were examined, and one model (Random Tree) was excluded
due to poor performance. The final set of fifteen models included Gaussian Processes, Random Forest, MLP
Regressor, RBF Regressor, Linear Regression, SMOreg, 1Bk, LWL, Additive Regression, Bagging, Random
Committee, Random SubSpace, Decision Table, M5Rules, and M5P. Model hyperparameters were optimized
using the Grid Search tool in WEKA. To improve prediction accuracy and robustness, pairwise ensemble models
were generated using simple averaging, resulting in 105 combined configurations. Additionally, a brute-force
weighting approach was applied by assigning weights between 0 and 1 with a step of 0.1 to each model, subject
to a unity-sum constraint, in order to identify the optimal ensemble structure.

Model performance was evaluated using the correlation coefficient, RMSE, MAE, MSE, bias, and Nash—
Sutcliffe efficiency (NSE), and the most accurate configuration was selected based on testing results.

Results and Discussion

The accuracy of the CHIRPS satellite precipitation product was first evaluated using observed rainfall data
from four rain-gauge stations distributed across the Salt Lake Basin. The validation results indicated a
satisfactory agreement between satellite-derived and observed precipitation, with an overall coefficient of
determination (R2) of approximately 0.69 and an NSE of 0.70, confirming the suitability of CHIRPS data for
monthly rainfall analysis in the study area. Subsequently, the performance of fifteen individual machine learning
models was assessed for monthly precipitation prediction using the testing period (January 2022-December
2024). Model evaluation based on correlation coefficient, RMSE, MAE, MSE, bias, and Nash-Sutcliffe
efficiency (NSE) revealed notable differences among algorithms. Rule-based and tree-based models, particularly
M5Rules and Additive Regression, exhibited superior performance, characterized by higher NSE values, lower
error magnitudes, and relatively small bias. In contrast, instance-based models such as IBk and function-based
models like RBF Regressor showed weaker performance, with larger error dispersion and lower correlation with
observed data. The combined analysis of bias, residual standard deviation, and median absolute error provided a
more comprehensive understanding of model behavior than single error metrics alone. Visual assessments using
Taylor diagrams and scatter plots further confirmed the robustness of M5Rules, followed by Additive Regression
and Random Forest, in capturing both the variability and temporal patterns of observed precipitation.

To enhance prediction accuracy and stability, pairwise combinations of the individual models were
developed using simple averaging, resulting in 105 ensemble configurations. The results demonstrated that most
ensemble models outperformed their corresponding single-model counterparts, as evidenced by higher NSE
values and reduced error metrics. The combination of Additive Regression-M5Rules achieved the best overall
performance, yielding the lowest MAE and MSE and the highest NSE among all tested configurations.
Histogram analysis of NSE values showed that a large proportion of the ensemble models achieved NSE values
above 0.75, indicating the general effectiveness of the ensemble approach rather than improvement limited to
specific combinations. In addition, a brute-force weighting strategy was applied to optimize model contributions
within the ensembles. Compared to simple averaging, the Brute Force approach consistently improved NSE
values by reducing the influence of weaker models and assigning higher weights to more accurate ones. This
improvement was particularly evident in combinations involving low-performing models such as IBk and RBF
Regressor. Nevertheless, simple averaging also produced competitive and stable results without increasing
computational complexity.

Overall, the results indicate that monthly rainfall prediction accuracy depends not only on the choice of
individual algorithms but also on the interaction and complementarity of model errors. The proposed ensemble
framework effectively reduced bias and variance while avoiding overfitting through strict temporal data
separation and independent testing. These findings demonstrate that systematic pairwise model combination,
even with simple averaging, can substantially enhance the accuracy and robustness of precipitation forecasts in
data-scarce and climatically complex regions.
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Conclusion

The Salt Lake Basin is characterized by sparse rain-gauge coverage and high climatic variability, making
accurate monthly precipitation estimation essential for water resources management. This study evaluated the
CHIRPS satellite precipitation dataset and assessed the performance of individual and combined machine
learning models for monthly rainfall prediction. Validation against four ground stations confirmed that CHIRPS
reliably represents the temporal pattern of monthly precipitation in the basin, with acceptable correlation and
Nash-Sutcliffe efficiency values, indicating its suitability for hydrological applications in arid and semi-arid
regions. Among the fifteen evaluated machine learning models, M5Rules, Additive Regression, and Random
Forest exhibited superior performance as single models. Ensemble modeling further improved prediction
accuracy by reducing systematic errors and enhancing robustness. The Additive Regression—-M5Rules
combination achieved the best performance (NSE = 0.88), outperforming all individual models. These results
highlight the effectiveness of integrating CHIRPS data with ensemble machine learning approaches for
improving monthly precipitation prediction in data-scarce basins. The proposed framework provides a reliable
and transferable tool for supporting sustainable water resources management in arid and semi-arid regions.
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2- Machine Learning

3- Geographic Information System

4- Tropical Rainfall Measuring Mission

5- Global Precipitation Measuremen

6- Precipitation Estimation from Remotely Sensed
Information using Artificial Neural Networks

7- Global Precipitation Climatology Centre

8- Climatic Research Unit

9- ECMWEF Reanalysis v5

10- Modern-Era Retrospective Analysis for Research
and Applications, Version 2
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2- Statistical Downscaling Models
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4- ensemble

5- Ensemble K-Star
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Figure 1- Salt Lake Basin
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Table 1- Coordinates of the investigated stations
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Station name  Province  Elevation (m) Longitude (DMS) Latitude (DMS)
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Table 2— Description of the Machine Learning Models used in the study

Je bz Ll &
Model Disadvantages Advantages Refrence
Cushpae &)l fosony (bl baly) ilo e 2Uly
S sl & olue VU Slulxs o S8 slwodls ;3 (g8 2 s f i (Schulz et
Gaussian Processes High computational cost; sensitive to Ability to model complex nonlinear I 2018
; relationships; provides prediction al., )
kernel selection ‘ :
uncertainty; strong performance with small
datasets
9 s ) slual ool 4y 5L £6 g e LS bty 4., M Wt JJM Ry plie Biau &
o5 slayzall ot e slaosly p3 (o8 3 Slos (Biau
Random Forest . AR . Robust to noise; reduces overfitting Scornet
Reduced interpretability; requires tuning compared to a single tree; strong nonlinear 2016)
of tree numbers and parameters performance
cowlie ¢ 5 e bl (" YL &)a8
o ool & (ol o gzally 3 welass & 3L T “b)‘: e Juo Ve 08 (ggr?%egf’
MLP Regressor Requires extensive hyperparameter 8 SEER Counville
tuning; sensitive to small datasets Strong capability for modeling complex 2016)
nonlinear patterns; suitable for time series
. . St balgy gilw s yd ol Al (clino ¢ yunds 1Bz puw odlo (James et
Linear Regression it by ilaie 2 ol . 2 e B O AL
9 Cannot model nonlinear relationships Simple, fast, interpretable; baseline method al., 2021)
SMOreg e L B St;;ig{ ngéj )r;;nfg g.anr:;?m ga;?lz;fect' e (Cg\gntes
: r isy ; ivi -
Complex kernel parameter selection control of overfitting 2020)
Slas ys 03> 3 Cipms 5ySlas fo3ld ulido 4y gl oo sloodly Cunlio fxi595 1503 (o fodkus (Taunk et
IBK Sensitive to data scaling; weak Simple; no distribution assumptions; suitable  zj ">019)
performance on large datasets for local patterns '
Febl r olas gmiia )3 YU (Slubro 4 ja
Oi9 PRV |95 RPN T O o S W KW (Abinaya
LWL ; - . »8 290 ) &) ) ,
High computational cost during Models local behavior; highly flexible 2020)
prediction; sensitive to weighting
parameters
3L LS5 5 Uil poie s L Cobb als (Chen &
Additive Regression Risk of overfitting with too many w JJ‘ ke et O Guestrin,
iterations Reduces bias; improves the base learner 2016)
; Sy pialS YL gyl foslly Siels (Sagi &
Bagging - - : : - Rokach,
Reduced interpretability Reduces variance; high stability 2018)
. Il yo ook ol oo (gyluk done
. b Jde ot 4 i) 0 I ke (Dong et
Random Committee 2 B T ey ili :
Dependent on quality of base learner Improves stability of the base model; easy to 5] 2020)
implement
oo S Sy s Jlazs! Sio b srodh cuslio t Juo (yn (Stsan SalS (Kuncheva
Random SubSpace Reduces correlation among models; s 2014)
suitable for high-dimensional data Possible removal of important features
o35y baily) > Chins 5 )Slas c N (Furnkranz
. i Lo Yy (60 pronds
Decision Table Poor performance on complex e T etal.,
relationships High interpretability; simple 2012)
Sy ol 4 olus G 5 el S (95 5 el C33 S5 (Holmes et
M5Rules Sensitive to noisv data Combines decision trees with linear al., 1999)
Y regression; interpretable and accurate '
MsP o8 o3 3 Al oSl SUrble o ol veletoraning Witi,
. crer . ul 1 I 1PS; !
Possible overfitting with small datasets interpretable 1997)
sl s Sy ool 4 puls e buly) cuslio MLP Sl 550 ol San (Wu et al.
RBF Regressor Sensitive to selection of centers and Faster convergence than MLP; suitable for 2012) '
parameters

local relationships
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1- RMSE: Root Mean Square Error
2- MAE: Mean Absolute Error
3- MSE: Mean Square Error
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Table 3- Accuracy assessment results of CHIRPS data in the study area

ool quie ool U o 8 (ke b g3 0l (nSike ebl (e
Data Source NSE MAE MSE BAIAS Corrolation
(%) (%) (%) (mm) )
CHIRPS 70.00 31.36 19.42 -00.09 0.71
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Figure 2- Taylor diagram of the performance of the models monthly precipitation prediction during the test period
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Gaussian Processes -Additive Regression 18.41 06.00 0.846 0.878 -0.119
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Additive Regression-M5P 0.18.02 06.20 0.841 0.768 -0.020
Decision Table-M5Rules 17.80 06.61 0.831 0.856 -0.272
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