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Keywords: o Introduction
Eﬁgﬁ:ﬁ; Si:?%iiﬁ; Precipitation is one of the most critical components of the hydrological cycle, directly
oIS, ! influencing water resources, agriculture, and climate-related risk management. Accurate

learning; Artificial neural . ) . . . . . .
networlg<5' Support vector Precipitation estimation is essential for hydrological modeling, flood forecasting, drought

regression; Shepard monitoring, and agricultural planning. In mountainous and data-scarce regions, however,
interpolation; West reliable precipitation information is difficult to obtain due to the limited density of ground-
Azerbaijan Province. based meteorological stations and the inherent uncertainties of remote sensing products. In

recent years, reanalysis datasets such as ERAS, produced by the European Centre for
. Medium-Range Weather Forecasts (ECMWF), have provided long-term, globally consistent
Received: climate variables. Despite their advantages, these datasets often suffer from systematic

20 April 2025 biases, particularly in regions with complex topography, such as West Azerbaijan Province

. in northwestern Iran. Machine learning (ML) methods, capable of capturing nonlinear and
Rev1s2e7d; (2025 multivariate relationships, have emerged as effective tools for improving precipitation
Hgus estimation by integrating satellite or reanalysis data with ground observations. The objective
Accepted: of this study was to assess the potential of two machine learning techniques—Artificial

29 September 2025 Neur.all Netwo?ks (ANN) and .Suppoﬁ V.ector Regresgion (SVR) —1n reducir}g ERA5S
precipitation biases and improving estimation accuracy in West Azerbaijan Province. The
performance of these approaches was also compared with a traditional interpolation method,
Shepard’s technique, to evaluate the relative benefits of modern ML-based approaches.
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Materials and Methods

The study area, West Azerbaijan Province, is characterized by diverse topography, ranging from lowland
plains to high mountain ranges, leading to significant spatial variability in precipitation patterns. Ground-
based daily precipitation records from 16 synoptic meteorological stations were collected for the period 2010—
2023. ERAS reanalysis precipitation data with a spatial resolution of 0.25° and hourly temporal resolution
were aggregated to daily and monthly scales to match station data. Three modeling approaches were
employed: Shepard interpolation, SVR, and ANN (Multilayer Perceptron). For the machine learning models,
several predictor variables were tested, including ERAS precipitation values, station elevation, latitude,
longitude, and temporal lag features (previous-day and next-day ERAS estimates for daily scale; previous-
month and next-month ERAS estimates for monthly scale). Data were divided into training and testing subsets
using k-fold cross-validation to ensure generalizability. Model evaluation was based on four statistical
metrics: Root Mean Square Error (RMSE), Normalized RMSE (NRMSE), Nash—Sutcliffe Efficiency (NSE),
and Pearson Correlation Coefficient (CC). These indicators provided complementary insights into model
accuracy, relative error, predictive skill, and correlation strength.

Results and Discussion

The results clearly demonstrated the superiority of machine learning models over the conventional Shepard
interpolation method. Among the ML approaches, ANN consistently produced the best performance at both
daily and monthly scales. At the daily scale, the ANN achieved the lowest RMSE (2.73 mm), the highest
correlation coefficient (CC = 0.71), and the highest NSE (0.50), while maintaining a low NRMSE (0.05). In
contrast, the SVR model achieved a moderate improvement over Shepard interpolation but was less accurate
than ANN, particularly in capturing extreme precipitation events. Shepard interpolation, by relying solely on
spatial proximity without considering atmospheric predictors, failed to adequately reproduce precipitation
variability. At the monthly scale, all models showed improved performance due to reduced short-term
variability; however, ANN again outperformed alternatives. The ANN model achieved an RMSE of 10.20
mm, CC of 0.84, and NSE of 0.67. SVR also provided reasonable accuracy, but its performance was less
stable, particularly in stations located in mountainous terrain. Shepard interpolation continued to
underperform compared with ML-based corrections. Feature analysis revealed that including temporal lag
variables significantly enhanced predictive performance, especially at the daily scale. This highlights the
importance of accounting for temporal persistence in precipitation processes. Elevation and spatial
coordinates also contributed to improved accuracy, confirming the influence of topography on precipitation
distribution.

Conclusion

The findings emphasize the effectiveness of machine learning approaches, particularly ANN, in correcting
ERAS precipitation estimates in regions with complex terrain and limited station density. By capturing
nonlinear dependencies and incorporating temporal and spatial features, ANN substantially reduced
systematic biases and improved alignment with ground observations. The comparison with SVR showed that
while kernel-based methods are useful, they are less flexible than neural networks in modeling high-
dimensional feature interactions. Shepard interpolation, though simple and computationally efficient, was
unable to address the structural biases of reanalysis data, underscoring the need for more advanced methods.
This research has both methodological and practical implications. From a methodological perspective, it
demonstrates the importance of combining multiple predictors—including ERAS estimates, station metadata,
and temporal lags—for effective bias correction. From a practical standpoint, the improved precipitation
datasets can support hydrological modeling, water resource management, agricultural planning, and climate
change impact assessments in West Azerbaijan and other regions with similar geographic and data constraints.
Future research could expand on these results by exploring deep learning architectures such as Long Short-
Term Memory (LSTM) networks, which may better capture temporal dynamics, or by incorporating
additional predictors such as temperature, humidity, and atmospheric circulation indices. Moreover, applying
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spatial downscaling techniques in combination with ML approaches could further refine precipitation
estimates at local scales. In conclusion, this study confirms that machine learning, and especially ANN-based
methods, offer a robust and reliable approach to enhancing reanalysis precipitation datasets, thereby
contributing to more accurate climate and hydrological analyses in data-sparse mountainous regions.
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Table 1. Features used in machine learning models
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Table 2. Results of daily data analysis with one input parameter (CP)

Model Fold1 Fold2 Fold3 Fold4 Fold5 Fold6 Fold7 Fold8 Fold9 Fold10 average
RMSE: Raw Shepard (mm)  4.03 3.92 3.95 4.18 4.18 3.91 4.12 3.98 3.91 4.20 4.04
RMSE: SVR (mm) 3.76 3.69 3.61 3.90 3.85 3.63 3.72 3.54 3.66 3.73 3.71
RMSE: MLPregressor (mm) 3.98 342 3.34 3.68 3.60 3.40 3.55 3.33 3.39 3.54 3.52
CC: Raw Shepard 0.47 0.46 0.43 0.40 0.37 0.46 0.44 0.38 0.45 0.37 0.42
CC: SVR 0.43 0.40 0.33 0.34 0.25 0.41 0.43 0.31 0.35 0.30 0.35
CC: MLPregressor -0.26 0.46 0.44 0.41 0.38 0.46 0.44 0.39 0.46 0.38 0.36
NRMSE: Raw Shepard 0.06 0.05 0.05 0.06 0.06 0.05 0.06 0.06 0.05 0.06 0.06
NRMSE: SVR 0.07 0.06 0.06 0.07 0.07 0.06 0.07 0.06 0.06 0.07 0.07
NRMSE: MLPregressor 0.07 0.06 0.06 0.06 0.06 0.06 0.06 0.06 0.06 0.06 0.06
NSE: Raw Shepard -0.14 -0.14 -0.17 -040 -042 -0.12 -0.19 -0.30 -0.16 -0.34 -0.24
NSE: SVR 0.10 0.09 0.06 0.06 0.02 0.10 0.11 0.04 0.07 0.04 0.07
NSE: MLPregressor 0.00 0.21 0.19 0.17 0.14 0.21 0.19 0.15 0.20 0.14 0.16
(CP) o935 yialyly s b byl dlale (ools Julos s ¥ Jgur
Table 3. Results of monthly data analysis with one input parameter (CP)
Model Fold1 Fold2 Fold3 Fold4 FoldS Fold6 Fold7 Fold8 Fold9 Fold10 average
RMSE: Raw Shepard (mm) 2822 2624 2732 26.06 33.19 3131 2845 2852 33.73 23.99 28.70
RMSE: SVR (mm) 2137 2538 23.72 20.06 2426 2681 2252 34.04 30.89 18.85 24.79
RMSE: MLPregressor smmy 2237 2323 2281 1899 2457 2593 2093 52,18 28.23 19.40 25.86
CC: Raw Shepard 0.73 0.84 0.77 0.79 0.74 0.74 0.76 0.83 0.76 0.82 0.78
CC: SVR 0.76 0.79 0.75 0.78 0.75 0.73 0.75 0.70 0.71 0.83 0.75
CC: MLPregressor 0.73 0.83 0.77 0.79 0.74 0.74 0.76 0.00 0.76 0.81 0.69
NRMSE: Raw Shepard 0.15 0.14 0.15 0.14 0.18 0.17 0.15 0.15 0.18 0.13 0.15
NRMSE: SVR 0.10 0.12 0.11 0.10 0.12 0.13 0.11 0.16 0.15 0.09 0.12
NRMSE: MLPregressor 0.11 0.11 0.11 0.09 0.12 0.13 0.10 0.25 0.14 0.09 0.13
NSE: Raw Shepard 0.42 0.61 0.45 0.53 0.42 0.45 0.49 0.60 0.47 0.56 0.50
NSE: SVR 0.56 0.61 0.56 0.58 0.55 0.52 0.49 0.47 0.50 0.68 0.55
NSE: MLPregressor 0.52 0.67 0.60 0.62 0.54 0.55 0.56 -0.25 0.58 0.66 0.51
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Table 4. Results of daily data analysis with 2 input parameters (CP, PE)
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Model Fold1 Fold2 Fold3 Fold4 Fold5 Fold6 Fold7 Fold8 Fold9 Fold10 average
RMSE: Raw Shepard (mm) 4.03 3.92 3.95 4.18 4.18 3.91 4.12 3.98 391 4.20 4.04
RMSE: SVR (mm) 3.29 3.36 3.13 3.37 3.33 3.31 3.44 3.10 3.12 3.24 3.27
RMSE: MLPregressor (mm) 3.22 3.38 3.09 3.15 3.24 3.22 3.27 3.06 3.31 3.26 3.22
CC: Raw Shepard 0.40 0.34 0.41 0.41 0.39 0.41 0.39 0.35 0.41 0.36 0.39
CC: SVR 0.57 0.51 0.55 0.56 0.55 0.52 0.51 0.54 0.58 0.55 0.54
CC: MLPregressor 0.44 0.41 0.45 0.44 0.43 0.45 0.43 0.41 0.44 0.41 0.43
NRMSE: Raw Shepard 0.06 0.05 0.05 0.06 0.06 0.05 0.06 0.06 0.05 0.06 0.06
NRMSE: SVR 0.06 0.06 0.05 0.06 0.06 0.06 0.06 0.05 0.05 0.06 0.06
NRMSE: MLPregressor 0.06 0.06 0.06 0.06 0.06 0.06 0.06 0.06 0.06 0.06 0.06
NSE: Raw Shepard -0.13  -032 -0.12 -0.17 -0.25 -0.16 -0.18 -0.25 -0.20 -0.25 -0.20
NSE: SVR 0.32 0.24 0.29 0.30 0.27 0.25 0.24 0.27 0.33 0.28 0.28
NSE: MLPregressor 0.19 0.16 0.19 0.19 0.18 0.20 0.19 0.16 0.19 0.17 0.18
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Table 5. Results of monthly data analysis with 2 input parameters (CP, PE)

Model Fold1 Fold2 Fold3 Fold4 Fold5 Fold6é Fold7 Fold8 Fold9 Fold10 average
RMSE: Raw
Shepard (mm) 2822 2624 2732  26.06 33.19 3131 28.45 2852  33.73 23.99 28.70
RMSE: SVR (mm) 21.04 3042 2327 20.00 26.06 27.06 2543 33.85 30.02 19.92 25.71
RMSE:
MLPregressor (mm) 2229 2336  23.05 19.09 2488 26.10 2095 2820 28.24 19.25 23.54
CC: Raw Shepard 0.73 0.84 0.77 0.79 0.74 0.74 0.76 0.83 0.76 0.82 0.78
CC: SVR 0.76 0.67 0.76 0.78 0.71 0.73 0.66 0.70 0.73 0.80 0.73
CC: MLPregressor 0.73 0.83 0.77 0.79 0.74 0.74 0.76 0.82 0.76 0.82 0.78
NRMSE: Raw
Shepard 0.15 0.14 0.15 0.14 0.18 0.17 0.15 0.15 0.18 0.13 0.15
NRMSE: SVR 0.10 0.15 0.11 0.10 0.13 0.13 0.12 0.16 0.15 0.10 0.12
NRMSE:
MLPregressor 0.11 0.11 0.11 0.09 0.12 0.13 0.10 0.14 0.14 0.09 0.11
NSE: Raw Shepard 0.42 0.61 0.45 0.53 0.42 0.45 0.49 0.60 0.47 0.56 0.50
NSE: SVR 0.57 0.44 0.58 0.58 0.48 0.51 0.35 0.47 0.53 0.64 0.52
NSE:
MLPregressor 0.52 0.67 0.59 0.62 0.53 0.55 0.56 0.64 0.58 0.67 0.59
(CP, PE, NE) (559)5 yolyly ¥ L (50l ailyg) sbrosls koo gl & Jgur
Table 6. Results of daily data analysis with 3 input parameters (CP, PE, NE)
Model Fold1 Fold2 Fold3 Fold4 Fold5 Fold6 Fold7 Fold8 Fold9 Fold10 average
RMSE: ‘(‘[ﬂf:)s“epard 403 392 395 418 418 391 412 398 391 420  4.04
RMSE: SVR (mm) 3.30 3.44 3.20 3.35 3.56 3.30 3.33 3.13 3.17 3.31 3.31
RMSE: “melf)"eg"ess"" 302 306 28 298 300 28 304 281 28 295 294
CC: Raw Shepard 0.47 0.46 0.43 0.40 0.37 0.46 0.44 0.38 0.45 0.37 0.42
CC: SVR 0.57 0.50 0.53 0.57 0.49 0.53 0.55 0.54 0.57 0.53 0.54
CC: MLPregressor 0.65 0.62 0.64 0.68 0.64 0.66 0.64 0.64 0.66 0.64 0.65
NRMSE: Raw Shepard 0.06 0.05 0.05 0.06 0.06 0.05 0.06 0.06 0.05 0.06 0.06
NRMSE: SVR 0.06 0.06 0.06 0.06 0.06 0.06 0.06 0.05 0.06 0.06 0.06
NRMSE: MLPregressor  0.05 0.05 0.05 0.05 0.05 0.05 0.05 0.05 0.05 0.05 0.05
NSE: Raw Shepard -0.14  -0.14 -0.17 -040 -042 -0.12 -0.19 -030 -0.16 -0.34 -0.24
NSE: SVR 0.31 0.21 0.26 0.31 0.16 0.26 0.29 0.25 0.30 0.25 0.26
NSE: MLPregressor 0.42 0.37 0.41 0.45 0.41 0.43 0.41 0.40 0.44 0.40 0.41
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Table 7. Results of monthly data analysis with 3 input parameters (CP, PE, NE)

Model Fold1 Fold2 Fold3 Fold4 Fold5 Fold6 Fold7 Fold8 Fold9 Fold10 average
RMSE: Raw 28.22 2624 2732  26.06 33.19 3131 2845 2852 33.73 23.99 28.70
Shepard (mm)

RMSE: SVR (mm) 21.66  32.07 21.72 19.87 2795 26.16 24.61 3476  32.57 19.52 26.09

RMSE: 2230 2343 23,12 19.06 25.18 26.25 36.09 28.58  28.26 19.29 25.16

MLPregressor (mm)
CC: Raw Shepard 0.73 0.84 0.77 0.79 0.74 0.74 0.76 0.83 0.76 0.82 0.78
CC: SVR 0.75 0.63 0.80 0.79 0.69 0.75 0.70 0.68 0.68 0.81 0.73
CC: MLPregressor 0.73 0.82 0.77 0.79 0.74 0.74 -0.94 0.81 0.76 0.82 0.60
NRMSE: Raw 0.15 0.14 0.15 0.14 0.18 0.17 0.15 0.15 0.18 0.13 0.15
Shepard
NRMSE: SVR 0.10 0.16 0.11 0.10 0.14 0.13 0.12 0.17 0.16 0.09 0.13
NRMSE:
0.11 0.11 0.11 0.09 0.12 0.13 0.17 0.14 0.14 0.09 0.12
MLPregressor
NSE: Raw Shepard 0.42 0.61 0.45 0.53 0.42 0.45 0.49 0.60 0.47 0.56 0.50
NSE: SVR 0.55 0.38 0.64 0.58 0.40 0.54 0.39 0.45 0.44 0.66 0.50
NSE: MLPregressor 0.52 0.67 0.59 0.62 0.52 0.54 -0.31 0.63 0.58 0.66 0.50
(CP, SA, LO, LA) (5359 eyl sl b ook l9; sbosls Juln gl A Jgor
Table 8. Results of daily data analysis with four input parameters (CP, SA, LO, LA)
Model Fold1 Fold2 Fold3 Fold4 Fold5 Fold6 Fold7 Fold8 Fold9 Fold10 average
RMSE: Raw Shepard (mm)  4.03 3.92 3.95 4.18 4.18 391 4.12 3.98 3.91 4.20 4.04
RMSE: SVR (mm) 3.88 3.77 3.66 3.96 3.84 3.74 3.86 3.57 3.72 3.77 3.78
RMSE: MLPregressor (mm) 3.46 3.35 3.32 3.58 3.52 3.26 343 3.29 3.30 3.44 3.39
CC: Raw Shepard 0.47 0.46 0.43 0.40 0.37 0.46 0.44 0.38 0.45 0.37 0.42
CC: SVR 0.49 0.48 0.44 0.42 0.40 0.50 0.47 0.40 0.47 0.40 0.45
CC: MLPregressor 0.49 0.50 0.46 0.46 0.43 0.53 0.50 0.43 0.50 0.44 0.47
NRMSE: Raw Shepard 0.06 0.05 0.05 0.06 0.06 0.05 0.06 0.06 0.05 0.06 0.06
NRMSE: SVR 0.07 0.07 0.06 0.07 0.07 0.07 0.07 0.06 0.07 0.07 0.07
NRMSE: MLPregressor 0.06 0.06 0.06 0.06 0.06 0.06 0.06 0.06 0.06 0.06 0.06
NSE: Raw Shepard -0.14 -0.14 -0.17 -040 -042 -0.12 -0.19 -0.30 -0.16 -0.34 -0.24
NSE: SVR 0.05 0.04 0.03 0.03 0.03 0.04 0.04 0.03 0.04 0.02 0.04
NSE: MLPregressor 0.24 0.25 0.21 0.21 0.18 0.27 0.25 0.18 0.25 0.19 0.22
(CP, SA, LO, LA) (5335 yiolyly 5k b by ailalo sboools Julos gulis & Jgazr
Table 9. Results of monthly data analysis with four input parameters (CP, SA, LO, LA)

Model Fold1 Fold2 Fold3 Fold4 Fold5 Fold6 Fold7 Fold8 Fold9 Fold10 average
RMSE: Raw 2822 2624 2732 2606 33.19 3131 2845 2852 33.73 23.99 28.70
Shepard (mm)

RMSE: SVR (mm) 2090 21.80 21.53 17.67 2222 2416 1950 2644 2594 18.63 21.88

RMSE: 17.23 1838 1732 1566 17.67 1938 16.73 2145 47.84 16.89 20.86

MLPregressor (mm)
CC: Raw Shepard 0.73 0.84 0.77 0.79 0.74 0.74 0.76 0.83 0.76 0.82 0.78

CC: SVR 0.76 0.85 0.81 0.82 0.79 0.79 0.79 0.85 0.81 0.83 0.81

CC: MLPregressor  0.85 0.89 0.88 0.87 0.87 0.87 0.86 0.91 0.41 0.86 0.83
NRMSE: Raw 15 014 015 014 018 017 015 015 018 013 015

Shepard
NRMSE: SVR 0.10 0.11 0.10 0.09 0.11 0.12 0.09 0.13 0.13 0.09 0.11

NRMSE: 0.08 0.09 0.08 0.08 0.09 0.09 0.08 0.10 0.23 0.08 0.10
MLPregressor

NSE: Raw Shepard  0.42 0.61 0.45 0.53 0.42 0.45 0.49 0.60 0.47 0.56 0.50

NSE: SVR 0.58 0.71 0.64 0.67 0.62 0.61 0.62 0.68 0.65 0.69 0.65

NSE: 071 080 077 074 076 075 072 079 020 074 0.6
MLPregressor
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Table 10. Results of daily data analysis with 6 input parameters (CP, SA, LO, LA, PE, NE)

Model Fold1 Fold2 Fold3 Fold4 Fold5 Fold6 Fold7 Fold8 Fold9 Fold10 average
RMSE: Raw Shepard (mm)  4.03 3.92 3.95 4.18 4.18 391 4.12 3.98 3.91 4.20 4.04
RMSE: SVR (mm) 3.35 3.28 3.18 3.37 3.26 3.19 3.35 3.02 3.20 3.19 3.24
RMSE: MLPregressor (mm) 2.86 2.81 2.75 2.80 2.71 2.62 2.75 2.65 2.64 2.72 2.73
CC: Raw Shepard 0.47 0.46 0.43 0.40 0.37 0.46 0.44 0.38 0.45 0.37 0.42
CC: SVR 0.64 0.61 0.61 0.68 0.65 0.67 0.64 0.65 0.65 0.65 0.64
CC: MLPregressor 0.70 0.68 0.68 0.72 0.72 0.73 0.72 0.68 0.72 0.70 0.71
NRMSE: Raw Shepard 0.06 0.05 0.05 0.06 0.06 0.05 0.06 0.06 0.05 0.06 0.06
NRMSE: SVR 0.06 0.06 0.06 0.06 0.06 0.06 0.06 0.05 0.06 0.06 0.06
NRMSE: MLPregressor 0.05 0.05 0.05 0.05 0.05 0.05 0.05 0.05 0.05 0.05 0.05
NSE: Raw Shepard -0.14 -0.14 -0.17 -040 -042 -0.12 -0.19 -0.30 -0.16 -0.34 -0.24
NSE: SVR 0.29 0.28 0.27 0.30 0.30 0.30 0.28 0.30 0.29 0.30 0.29
NSE: MLPregressor 0.48 0.47 0.46 0.52 0.51 0.53 0.52 0.46 0.52 0.49 0.50
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Table 11. Results of monthly data analysis with 6 input parameters (CP, SA, LO, LA, PE, NE)
Model Fold1 Fold2 Fold3 Fold4 FoldS Fold6 Fold7 Fold8 Fold9 Fold10 average
RMSE: Raw 2822 2624 2732 2606 33.19 3131 2845 2852 33.73 23.99 28.70
Shepard (mm)
RMSE: SVR mm) 21.02 21.86 21.61 17.74 2237 2428 1956 2642 26.01 18.62 21.95
RMSE: 1697 1860 17.17 1565 1773 4154 1623 2178 1871 1665  20.10
MLPregressor (mm)
CC: Raw Shepard 0.73 0.84 0.77 0.79 0.74 0.74 0.76 0.83 0.76 0.82 0.78
CC: SVR 0.76 0.85 0.81 0.82 0.79 0.78 0.79 0.85 0.81 0.83 0.81
CC: MLPregressor  0.85 0.89 0.88 0.87 0.87 0.48 0.87 0.90 0.91 0.87 0.84
NRMSE: Raw 45 014 015 o014 018 017 015 0I5 018 013 0.5
Shepard
NRMSE: SVR 0.10 0.11 0.10 0.09 0.11 0.12 0.09 0.13 0.13 0.09 0.11
NRMSE: 0.08 0.09 0.08 0.08 0.09 0.20 0.08 0.11 0.09 0.08 0.10
MLPregressor
NSE: Raw Shepard  0.42 0.61 0.45 0.53 0.42 0.45 0.49 0.60 0.47 0.56 0.50
NSE: SVR 0.58 0.71 0.64 0.67 0.62 0.61 0.61 0.68 0.64 0.69 0.64
NSE: 072 079 077 074 076 005 073 078 082 075 067
MLPregressor
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Table 12. Results of overall daily data analysis

Model 1 2 3 4 6
RMSE: Raw Shepard (mm) 4.04 4.04 4.04 4.04 4.04
RMSE: SVR (mm) 371 327 331 378 324
RMSE: MLPregressor (mm) 3.52 322 294 339 273
CC: Raw Shepard 042 039 042 042 042
CC: SVR 035 054 054 045 0.64
CC: MLPregressor 036 043 065 047 0.71
NRMSE: Raw Shepard 0.06 0.06 006 0.06 0.06
NRMSE: SVR 0.07 0.06 006 0.07 0.06
NRMSE: MLPregressor 0.06 0.06 005 0.06 0.05
NSE: Raw Shepard -0.24 -020 -024 -0.24 -0.24
NSE: SVR 0.07 028 026 0.04 029

NSE: MLPregressor 0.16 0.18 041 0.22 0.50
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Table 13. Results of overall monthly data analysis

Model 1 2 3 4 6
RMSE: Raw Shepard (mm) 28.70 28.70 28.70 28.70 28.70
RMSE: SVR (mm) 2479 2571 26.09 21.88 21.95
RMSE: MLPregressor (mm) 25.86 23.54 25.16 20.86 20.10
CC: Raw Shepard 0.78 0.78 0.78 0.78 0.78
CC: SVR 0.75 0.73 073 081 0.81
CC: MLPregressor 0.69 0.78 0.60 0.83 0.84
NRMSE: Raw Shepard 0.15 0.15 0.15 0.15 0.15
NRMSE: SVR 0.12 0.12 0.13 0.11 0.11
NRMSE: MLPregressor 0.13 0.11 0.12 0.10 0.10
NSE: Raw Shepard 0.50 0.50 0.50 0.50 0.50
NSE: SVR 0.55 052 050 0.65 0.64
NSE: MLPregressor 0.51 059 0.50 0.66 0.67

RMSE Radar Chart

e RMSE: Raw Shepard(mm) ess=RMSE: SVR(mm)
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Fig 2. Radar plot of RMSE criterion for daily precipitation data
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Fig 3. Radar plot of RMSE criterion for monthly precipitation data
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