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Abstract

Accurate precipitation estimation is vital for water resource management, climate monitoring, and natural hazard assessment. How-
ever, satellite precipitation products (SPPs) such as CHIRPS and GPM often exhibit significant biases, particularly over complex 
mountainous regions. This study aims to improve precipitation estimates across Mazandaran Province, northern Iran, by integrating 
satellite data with rain gauge observations through machine learning (ML) approaches. Monthly precipitation records from 190 
stations (2000–2024) were combined with SPPs and environmental predictors, including elevation, soil moisture, temperature, and 
land cover. Two ML models—Extreme Gradient Boosting (XGBoost) and Multi-Layer Perceptron (MLP)—were implemented 
to correct satellite biases and enhance spatial precipitation accuracy. Both models substantially reduced estimation errors relative 
to raw satellite data, with XGBoost achieving superior performance. The mean RMSE decreased by approximately 20–30 mm, 
and correlation coefficients increased from about 0.4–0.5 to 0.6. Feature importance analysis indicated that GPM, CHIRPS, and 
elevation were the most influential predictors. Stratified evaluation by elevation, rainfall intensity, and forest cover revealed that 
XGBoost maintained robust performance under diverse environmental conditions, while MLP was more sensitive to topographic 
variability. Overall, the integration of multi-source data and ML-based bias correction demonstrates strong potential for improving 
precipitation accuracy in regions with complex topography and sparse gauge coverage, supporting more reliable hydrological and 
climate applications.

1. INTRODUCTION

Precipitation is one of the key hydrometeorological variables
that plays a pivotal role in the global water cycle (Xiao et al.,
2022). Accurate precipitation data are critical for numerous ap-
plications, including climate studies, water resource manage-
ment, natural disaster forecasting, and agricultural planning, as
these data can enhance economic and social planning (Kimani
et al., 2018; Zhou et al., 2022). However, precipitation exhibits
significant spatial and temporal variability due to complex inter-
actions between mid-scale atmospheric systems and local con-
ditions such as topography. To mitigate risks associated with
water-related hazards, accurate estimation of regional precipit-
ation characteristics is essential (Kumar et al., 2019; Yoshikane
and Yoshimura, 2022).
Common methods for measuring precipitation include ground-
based rain gauges, weather radars, and satellite observations
(Lober et al., 2023; Wehbe et al., 2020). Ground-based rain
gauges provide the most reliable point-based measurements
(Iqbal et al., 2022; Le et al., 2023), but their spatial coverage,
particularly in semi-arid or mountainous regions, is limited due
to factors such as high altitudes, complicated topography, isol-
ated locations, and insufficient funding (Le et al., 2023). These
instruments may be affected by systematic and random errors
caused by factors such as wind, evaporation, splashing, and
snow drift (Cheema and Bastiaanssen, 2012), and these un-
certainties increase when scaling point measurements to larger
spatial domains (Yang et al., 2016). Despite these limitations,
ground-based rain gauge data are widely accepted as a reliable
source for measuring precipitation at specific points (Kimani et
al., 2018; Zhou et al., 2022). Weather radars offer broader spa-
tial coverage but measure precipitation indirectly and are con-
strained by specific ranges and line-of-sight limitations (Lober
et al., 2023).

Satellite-based precipitation products (SPPs) serve as an altern-
ative for regions with limited or unavailable ground-based data
(Yang et al., 2016) and provide high spatial and temporal cov-
erage (Wehbe et al., 2020). Notable examples of these products
include data from the TRMM mission and its successor GPM,
as well as CMORPH, PERSIANN, and CHIRPS (Lu et al.,
2018; Wehbe et al., 2020). SPPs often exhibit significant dis-
crepancies with ground-based data, necessitating error and bias
reduction to improve the representation of local precipitation
variations (Kimani et al., 2018). Studies have shown that these
products suffer from systematic errors that lead to underestim-
ation or overestimation of precipitation. These errors are in-
herently caused by retrieval algorithms, indirect measurements,
and sensor limitations (Lober et al., 2023; Zhang et al., 2021).
For instance, SPPs primarily rely on passive microwave reflec-
tions and infrared radiation (Iqbal et al., 2022), but infrared
sensors may erroneously detect non-precipitating cold clouds
as precipitation, while passive microwave sensors often under-
estimate intense local precipitation (Zhang et al., 2021). Addi-
tionally, several factors such as topography, geographical loc-
ation, climate, season, and precipitation intensity can further
complicate the errors in SPPs (Kumar et al., 2019; Lober et al.,
2023). Previous studies have indicated that the performance of
these products decreases with increasing elevation and is influ-
enced by wind direction and steep slopes. Complex topography
and steep slopes also contribute to increased errors (Lober et
al., 2023).
Therefore, biases in SPPs represent a significant challenge that
requires correction before their use in hydrometeorological re-
search (Meema et al., 2025). Such corrections can substantially
enhance the accuracy and applicability of these products in hy-
drological modeling (Le et al., 2023). In recent years, numerous
efforts have been made to integrate satellite and ground-based
data to improve the accuracy and spatial coverage of precipita-
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tion estimates. Various methods for bias correction and data in-
tegration have been developed, which can be categorized as fol-
lows: (i) Simple statistical methods: Including inverse variance
weighted averaging (Mastrantonas et al., 2019), and linear scal-
ing (Hashemi et al., 2017), (ii) Statistical methods based on dis-
tribution or residuals: Such as kernel smoothing (Li and Shao,
2010), nonparametric quantile mapping (Katiraie-Boroujerdy
et al., 2020), cumulative distribution function matching and
bias ratio correction (Mastrantonas et al., 2019), (iii) Geostat-
istical methods: Such as geographically weighted regression
(GWR) (Chao et al., 2018) and optimal interpolation (Nie et al.,
2015), (iv) Advanced model-based methods: Including CoKri-
ging (Yan et al., 2021), Censored Shifted Mixture Method (Ma
et al., 2019), and Bayesian bias algorithm (Kimani et al., 2018).
Although these methods are effective, many rely on stringent
assumptions that may not hold in reality. Furthermore, most of
these methods are designed to integrate a single satellite product
with ground-based data, whereas each satellite product has its
own strengths and weaknesses, and their performance varies
across different regions and temporal scales. Integrating mul-
tiple satellite products could significantly improve the accuracy
of estimates (Zhang et al., 2021).
In recent years, machine learning (ML) algorithms have gained
increasing popularity in hydrology and climatology due to their
ability to model complex and nonlinear relationships, lack of
reliance on strict assumptions, flexibility in utilizing auxiliary
variables, capability to integrate multiple satellite products with
ground-based data, and ease of implementation. Numerous
studies have employed models such as Neural Networks (NN),
Random Forests (RF) and Support Vector Machines (SVM).
For example, (Pratama et al., 2018) applied a genetic algorithm
combined with nonlinear power transformation to correct biases
in CHIRPS data. (Kumar et al., 2019) integrated near-real-time
satellite precipitation data with soil moisture data and used non-
linear support vector regression to reduce biases. (Bhuiyan et
al., 2020) utilized random forest and neural network models to
correct errors in the GPM IMERG product in the Brahmaputra
River basin. (Zarei et al., 2021) employed the Random Forest
algorithm to correct biases in global cumulative precipitation
forecasts from six numerical prediction models. (Zhang et al.,
2021) proposed a novel double machine learning (DML) ap-
proach combining classification and regression models of RF,
Artificial Neural Network (ANN), SVM, and Extreme Learn-
ing Machine (ELM) to merge multiple satellite precipitation
products and gauge observations over the Chinese mainland.
(Seo and Ahn, 2023) applied the LSTM model with atmo-
spheric variables derived from WRF to correct biases in daily
summer precipitation. (Meema et al., 2025) combined the ELM
with a zoning approach to correct biases in APHRODITE grid-
ded precipitation data in data-scarce regions, improving pre-
cipitation accuracy and hydrological simulation. These stud-
ies demonstrate the high potential of machine learning in en-
hancing precipitation estimates. Machine learning approaches
offer significant advantages over traditional methods, includ-
ing the ability to model nonlinear and complex relationships
without requiring restrictive assumptions, flexibility in utilizing
diverse data and auxiliary variables, and effective integration
of multiple satellite and ground-based data sources. These fea-
tures make machine learning a powerful tool for improving the
accuracy of precipitation estimates and providing sustainable
and efficient solutions for hydrological and climatic applica-
tions (Zhang et al., 2021).
This study aims to enhance the accuracy of precipitation estim-
ates by exploring and developing novel methods for bias cor-
rection in satellite precipitation products (SPPs) and improving

their performance in practical applications, with an emphasis
on the importance of integrating ground-based and satellite
data using machine learning techniques. To this end, we have
utilized data from two satellite precipitation products, namely
CHIRPS and GPM, along with machine learning models XG-
Boost and neural networks (NN) to improve precipitation es-
timates and correct biases. This approach is designed to lever-
age the strengths of both satellite products and combine them
with ground-based data to provide more accurate precipitation
estimates.
The structure of this paper is organized as follows: Section 2
details the materials and methodology, describing the datasets,
tools, and techniques employed in this study. Section 3 presents
the results, analyzing the performance of the proposed methods.
Finally, Section 4 discusses the findings, their implications, and
potential avenues for future research.

2. MATERIALS AND METHODS

2.1 Study area

The study area is Mazandaran Province, located in northern
Iran (Figure 1). The province covers an area of approximately
23,833 km2, situated between latitudes 35.75◦N and 37.00◦N,
and longitudes 50.3◦E to 54.16◦E. Mazandaran is bounded by
the Caspian Sea to the north and the Alborz mountain range to
the south.
The topography of the province is diverse, with mountainous
terrain in the south and west, and coastal plains in the north-
eastern part, resulting in an elevation difference of about 5,500
meters across the region. Climatically, Mazandaran exhibits a
humid and semi-tropical climate in the coastal areas and a tem-
perate to cold climate in the mountainous zones. The influence
of the Caspian Sea and the province’s complex topography con-
tribute to significant precipitation throughout the year, which
is relatively evenly distributed across seasons but peaks during
autumn and winter. The average annual precipitation is approx-
imately 600 mm. High humidity levels have led to the growth
of dense forests, covering around 41% of the province’s area.

Figure 1. Geographic location of the study area (Mazandaran
Province) in northern Iran, including the distribution of stations

used in this study

2.2 Dataset

(1) Rain gauge:
The study area comprises a total of 190 meteorological stations,
including 18 climatological stations, 149 rain gauge stations,
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and 23 synoptic stations, which are approximately evenly dis-
tributed across the province. Monthly rainfall data from these
stations, spanning the period from 2000 to 2024, were acquired
from the Iran Meteorological Organization.
(2) CHIRPS:
The CHIRPS dataset has been available since 1981 with a spa-
tial resolution of 0.05 degrees and has been released in three
versions (v1.0, v2.0, and v3.0). Versions v2.0 and v3.0 in-
corporate more extensive station and satellite data compared
to the initial release, with version v3.0 further integrating
IMERG data and applying station bias corrections. In this
study, monthly CHIRPS data version 3.0 spanning from 2000 to
2024 were obtained from the Climate Hazards Center (CHC).
(3) GPM IMERG
The GPM IMERG dataset, available since 2000 with a spatial
resolution of 0.1 degrees, has been released in multiple ver-
sions, with the latest being v7.0. Data prior to February 2014
consist of reprocessed measurements from the TRMM mission
and other satellites, processed using advanced algorithms to en-
hance accuracy and consistency with GPM data. Compared to
earlier versions, v6.0 and v7.0 incorporate improved satellite
data intercalibration and enhanced algorithms, with v7.0 fur-
ther integrating advanced infrared retrievals, refined gridding
processes, and additional passive microwave data for greater
accuracy. In this study, monthly GPM IMERG v7.0 data span-
ning from 2000 to 2024 were obtained from the NASA Global
Precipitation Measurement (GPM) mission archive.
(4) Environmental factors
In this study, in addition to precipitation data, the Digital Elev-
ation Model (DEM) from the SRTM mission with a 30-meter
resolution, as well as soil moisture and temperature from the
ERA5-Land dataset, were utilized. The SRTM 30 data, collec-
ted in 2000 by NASA and USGS, provide detailed topographic
information for elevation analyses. The ERA5-Land soil mois-
ture and 2-meter air temperature data, with a spatial resolution
of 0.1 degrees and a monthly temporal resolution, were ob-
tained for the period 2000 to 2024 from the ECMWF. These
data were generated using advanced reanalysis techniques to
ensure high accuracy for hydrological and climatic analyses.
Table 1 presents the datasets used in this study.

Data Datasets Resolution

Precipitation Rain gauges Daily, Points
CHIRPS Daily, ∼5km
GPM IMERG Daily, ∼10km

DEM SRTM -, 30m
Soil Moisture ERA-5 LAND Daily, ∼10km
Temperature ERA-5 LAND Daily, ∼10km

Table 1. Datasets used in this study

2.3 Methodology

This study aims to analyze satellite precipitation data and cor-
rect their biases using two machine learning methods, XGBoost
and MLP. The data were preprocessed, and their spatial resol-
ution was standardized to ensure consistency across different
datasets. Optimal parameters for each model were determined
using Grid Search. To prevent overfitting, Early Stopping was
employed. The methodology involves applying predictive mod-
els to enhance the accuracy of precipitation estimates, with de-
tails of these models described subsequently. The input data for
this study comprised satellite precipitation and auxiliary vari-
ables, such as elevation, soil moisture, and 2-meter air temper-
ature. These data were preprocessed and their spatial resolution

was standardized to ensure consistency across different datasets
for modeling.

2.3.1 Multi-Layer Perceptron (MLP): The MLP, a feed-
forward neural network, was employed in this study to correct
biases in satellite precipitation data. The model consists of two
hidden layers, the first with 100 neurons and the second with
50 neurons, and utilizes the ReLU activation function to cap-
ture nonlinear patterns. The MLP was trained using the Adam
optimization algorithm with an initial learning rate of 0.001 to
minimize precipitation estimation errors and enhance predic-
tion accuracy.

Figure 2. Flowchart for MLP model

2.3.2 Extreme Gradient Boosting (XGBoost): The XG-
Boost (Extreme Gradient Boosting) model, a tree-based ma-
chine learning algorithm, was employed in this study to correct
biases in satellite precipitation data. The model utilizes 509 de-
cision trees with a maximum depth of 5 and a learning rate of
0.01, trained sequentially, optimizing a gradient-based object-
ive function to capture complex patterns. The XGBoost model
was trained to minimize precipitation estimation errors and en-
hance prediction accuracy.

Figure 3. Flowchart for XGBoost model
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2.4 Accuracy Metrics

To assess the accuracy and reliability of the results obtained
from this study, four accuracy metrics were used: Root
Mean Square Error (RMSE), Coefficient of Determination (R²),
Mean Absolute Error (MAE), and Correlation Coefficient (CC).
These metrics, by comparing the outputs of the methods with
reference data, assessed their effectiveness in improving pre-
cipitation estimates and correcting biases in satellite data. The
formulas for these metrics are provided below:

CC =

n∑
i=1

(Ei − E)(Oi −O)√
n∑

i=1

(Ei − E)2 ×
√

n∑
i=1

(Oi −O)2
(1)

MAE =

n∑
i=1

|Ei −Oi|

n
(2)

RMSE =

√√√√ 1

n

n∑
i=1

(Ei −Oi)
2 (3)

R2 = 1−

n∑
i=1

(Ei −Oi)
2

n∑
i=1

(Oi −O)2
(4)

Where Ei is the satellite-based or estimated precipitation at sta-
tion i, Oi is the rain gauge precipitation at station i, E and O
are the mean satellite-based or estimated and rain gauge precip-
itation values, respectively, and n is the number of stations.

3. RESULTS

The dataset used in this study consists of a total of 30,618
samples, divided into training and testing subsets. The train-
ing set covers the period from 2000 to 2019, comprising 25,682
samples, while the testing set includes 4,936 samples from 2019
to 2024.
Input features consist of station ID, satellite-derived precipita-
tion data from CHIRPS and GPM, month of observation, station
elevation, forest/non-forest classification, soil moisture, and
temperature. Ground-based station measurements were used as
the target variable.
Table 2 presents a performance comparison of precipitation es-
timation methods on the test dataset. Evaluation metrics were
calculated on the test dataset for CHIRPS and GPM satellite
products, as well as for the outputs of the XGBoost and MLP
models. Results indicate that machine learning models substan-
tially improve precipitation estimation accuracy.

Dataset RMSE (mm) MAE (mm) R² CC
CHIRPS 59.29 41.00 -0.07 0.41
GPM 72.03 48.86 -0.59 0.48
XGBoost 45.45 29.79 0.37 0.61
MLP 49.48 33.00 0.25 0.52

Table 2. Performance comparison of precipitation estimation
methods on the test dataset. Note: Negative R² values indicate

that model error exceeds the variance of observations

Specifically, for CHIRPS data, RMSE = 59.29 mm, MAE =
41 mm, R² = -0.07, and correlation coefficient (CC) = 0.41
were obtained. For GPM data, RMSE = 72.03 mm, MAE =
48.86 mm, R² = -0.59, and CC = 0.48 were observed. After
applying the XGBoost model, the performance improved
to RMSE = 45.45 mm, MAE = 29.79 mm, R² = 0.37, and
CC = 0.61. The MLP model yielded RMSE = 49.48 mm,
MAE = 33 mm, R² = 0.25, and CC = 0.52. These results
demonstrate that the machine learning models reduced error
by approximately 10 mm and 15 mm compared to CHIRPS
data, and by approximately 23 mm and 28 mm compared
to GPM data for MLP and XGBoost, respectively (Table 2).
Feature importance analysis revealed that GPM data, followed
by CHIRPS data and elevation, had the greatest influence on
the models and contributed most to the improvements.

Dataset RMSE MAE R² CC
Elevation: High, Rainfall: High

CHIRPS 64.80 50.08 -0.51 0.36
GPM 72.37 58.19 -0.89 0.39
XGBoost 74.67 60.82 -1.01 0.55
MLP 85.29 71.59 -1.62 0.43

Elevation: High, Rainfall: Medium
CHIRPS 41.55 30.62 -10.66 0.03
GPM 53.00 40.46 -17.96 0.14
XGBoost 19.14 15.14 -1.47 0.15
MLP 23.93 19.41 -2.87 0.12

Elevation: High, Rainfall: Low
CHIRPS 49.29 37.20 -30.14 -0.09
GPM 49.66 31.36 -30.61 -0.10
XGBoost 28.01 23.33 -9.05 -0.05
MLP 25.27 19.02 -7.18 -0.10

Elevation: Medium, Rainfall: High
CHIRPS 55.23 42.43 -0.71 0.31
GPM 63.83 50.29 -1.29 0.49
XGBoost 67.86 54.77 -1.59 0.34
MLP 69.83 60.53 -1.74 0.49

Elevation: Medium, Rainfall: Medium
CHIRPS 56.10 36.93 -19.25 0.06
GPM 48.61 35.14 -14.20 0.17
XGBoost 17.92 13.96 -1.07 0.25
MLP 25.82 19.35 -3.29 0.10

Elevation: Medium, Rainfall: Low
CHIRPS 70.58 53.56 -45.78 -0.12
GPM 70.88 41.18 -46.18 -0.18
XGBoost 35.60 27.06 -10.90 -0.14
MLP 37.91 25.90 -12.50 -0.20

Elevation: Low, Rainfall: High
CHIRPS 97.00 69.37 -0.34 0.40
GPM 103.13 82.06 -0.51 0.42
XGBoost 97.67 71.78 -0.36 0.43
MLP 108.09 83.01 -0.66 0.43

Elevation: Low, Rainfall: Medium
CHIRPS 43.71 32.07 -9.40 0.26
GPM 59.86 45.81 -18.50 0.35
XGBoost 31.62 21.89 -4.44 0.29
MLP 26.34 19.50 -2.78 0.33

Elevation: Low, Rainfall: Low
CHIRPS 68.51 44.90 -47.51 -0.13
GPM 89.58 50.57 -81.93 -0.11
XGBoost 58.93 40.28 -34.89 -0.13
MLP 53.06 36.97 -28.10 -0.11

Table 3. Evaluation metrics for Forest stations by Elevation and
Rainfall categories

Further evaluation was performed based on various criteria
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(Tables 3 and 4). Stations were categorized into forest and
non-forest groups, and further subdivided into three classes
based on elevation and precipitation percentiles (Table 5).
These classes correspond to low, medium, and high elevation
and precipitation levels.

Dataset RMSE MAE R² CC
Elevation: High, Rainfall: High

CHIRPS 74.51 56.32 -1.57 0.11
GPM 77.16 58.29 -1.76 0.15
XGBoost 66.05 52.20 -1.02 0.43
MLP 75.30 58.90 -1.63 0.14

Elevation: High, Rainfall: Medium
CHIRPS 57.54 39.34 -23.53 0.18
GPM 58.27 44.35 -24.16 0.21
XGBoost 16.73 12.93 -1.07 0.25
MLP 19.17 14.91 -1.72 0.22

Elevation: High, Rainfall: Low
CHIRPS 57.18 41.20 -97.89 -0.01
GPM 53.80 36.02 -86.54 0.09
XGBoost 24.22 19.18 -16.75 0.09
MLP 25.24 20.73 -18.27 0.09

Elevation: Medium, Rainfall: High
CHIRPS 52.98 41.48 -0.76 0.37
GPM 70.34 53.10 -2.09 0.39
XGBoost 48.00 37.03 -0.44 0.54
MLP 52.64 42.00 -0.73 0.48

Elevation: Medium, Rainfall: Medium
CHIRPS 34.11 23.05 -7.62 0.26
GPM 52.11 35.65 -19.12 0.35
XGBoost 18.76 13.25 -1.61 0.38
MLP 19.14 12.72 -1.72 0.34

Elevation: Medium, Rainfall: Low
CHIRPS 55.51 36.77 -91.36 -0.24
GPM 83.90 46.97 -210.00 -0.24
XGBoost 39.09 27.47 -44.81 -0.18
MLP 41.86 29.64 -51.53 -0.24

Elevation: Low, Rainfall: High
CHIRPS 72.49 52.40 -0.42 0.32
GPM 82.06 65.25 -0.81 0.51
XGBoost 53.66 38.88 0.22 0.64
MLP 58.67 41.95 0.07 0.54

Elevation: Low, Rainfall: Medium
CHIRPS 28.34 21.15 -5.33 0.24
GPM 54.92 40.25 -22.77 0.34
XGBoost 25.97 15.58 -4.31 0.28
MLP 27.16 18.75 -4.81 0.27

Elevation: Low, Rainfall: Low
CHIRPS 61.58 41.29 -116.51 -0.37
GPM 103.05 56.81 -328.11 -0.25
XGBoost 52.92 33.86 -85.78 -0.34
MLP 57.19 41.35 -100.35 -0.26

Table 4. Evaluation metrics for Non-Forest stations by Elevation
and Rainfall categories

For non-forest stations, XGBoost generally outperformed MLP.
However, in forested stations, the performance was more vari-
able, and in some cases, the models increased errors. Un-
der high precipitation, RMSE typically increased, but CC and
R² also improved, indicating better model performance. Both
models performed similarly in these cases, with XGBoost
showing slightly better results. Under low precipitation con-
ditions, the trend reversed: RMSE decreased while CC also de-
clined. For medium precipitation levels, both models succeeded
in reducing RMSE while maintaining or improving CC.
Regarding elevation, the models exhibited similar performance

for both forest and non-forest stations when precipitation was
not high. Notably, for non-forest stations at low and medium el-
evations, the models reduced RMSE and increased CC even un-
der high precipitation. Additionally, XGBoost demonstrated ro-
bust performance in non-forest stations with high elevation and
precipitation by reducing RMSE and increasing CC, whereas
MLP was less effective. Neither model performed well for
forest stations under conditions of high elevation and precip-
itation; notably, MLP showed a significant increase in RMSE.
However, both models managed to improve CC in these situ-
ations.

Variable Low Medium High

Non-Forest

Elevation (m) <97 97–1430 >1430
Rainfall (mm) <17.86 17.86–57.50 >57.50

Forest

Elevation (m) <394 394–738 >738
Rainfall (mm) <29.50 29.50–76.50 >76.50

Table 5. Thresholds for Elevation and Rainfall by Forest and
Non-Forest groups

4. DISCUSSION

This research demonstrates the efficacy of machine learning-
based bias correction techniques, specifically XGBoost and
MLP, in improving the accuracy of satellite-derived precipit-
ation data. Both models successfully reduced RMSE and en-
hanced correlation coefficients across various precipitation con-
ditions, with XGBoost outperforming MLP in high precipita-
tion scenarios. However, challenges remain in high-elevation
and medium precipitation conditions, where MLP showed in-
creased RMSE. MLP showed weaker performance in high-
elevation and forested areas, likely due to complex nonlinear re-
lationships between precipitation and environmental variables.
In contrast, XGBoost effectively captured these nonlinear pat-
terns and maintained robust performance across different elev-
ations and land cover types. The integration of satellite data
with soil moisture and elevation information proved effective
in addressing spatial and temporal variability.Figure 4 presents
scatterplots for XGBoost and MLP models for Train and Test
data.

Figure 4. Scatterplots for (A) XGBoost and (B) MLP models for
Train and Test
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The analysis of temporal and spatial precipitation patterns, as
illustrated in Figures 5 to 7, further validates the effective-
ness of the machine learning models. Figure 5 presents the
monthly rainfall trends from 2019 to 2024, where predictions
from both XGBoost and MLP closely align with ground-based
rain gauge data, capturing complex temporal variability better
than raw satellite products. Figure 6 shows the annual precipit-
ation totals, demonstrating that the overestimation in GPM data
is substantially corrected by the machine learning models, res-
ulting in predictions that more accurately reflect observed val-
ues. Additionally, Figure 7 depicts the spatial distribution of
annual rainfall over multiple years, highlighting improved con-
sistency between machine learning model outputs and observed
spatial rainfall patterns, particularly in complex mountainous
terrain where satellite products typically exhibit higher errors.
These findings underscore the robustness and reliability of in-
tegrating multiple satellite datasets with ground observations
using advanced machine learning algorithms to enhance precip-
itation estimation accuracy across diverse temporal and spatial
scales.

Figure 5. Monthly rainfall trends (2019–2024) comparing
satellite data and ML model predictions

Figure 6. Annual precipitation sums (2019–2024) for satellite
data and ML models

Figure 7. Spatial distribution of annual rainfall (2019–2023)
across the study area
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