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 Accurate precipitation estimation in hyper-arid regions is fundamentally challenged 
by sparse observational networks and complex atmospheric dynamics. This study 
evaluates and corrects the errors of IMERG (Final V07) and GSMaP satellite 
precipitation products using 18 years (2005–2023) of daily synoptic data from 
Birjand, representing the hyper-arid climate of eastern Iran. Baseline evaluations 
indicated that GSMaP outperformed IMERG in continuous metrics (RMSE = 3.25 
vs. 4.40 mm/day); however, both exhibited systematic underestimation, primarily 
driven by sub-cloud evaporation (the Virga effect). Categorically, IMERG 
demonstrated higher detection sensitivity (POD = 0.763), whereas GSMaP more 
effectively minimized false alarms. Bivariate density analysis revealed a notable 
finding: absolute estimation errors are significantly driven by surface 
thermodynamic conditions (maximum temperature and relative humidity, P-value < 
0.01), while the dynamic impact of wind speed was statistically insignificant. Finally, 
applying a multiple linear regression (MLR) bias correction framework incorporating 
these meteorological covariates successfully reduced IMERG's RMSE by 14.1%. 
The findings demonstrate that integrating surface thermodynamic data with satellite 
retrieval algorithms via regression models substantially mitigates precipitation 
uncertainties in data-scarce hyper-arid basins.  
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1. Introduction 

 
Precipitation is a fundamental component of the global hydrological 
cycle, playing a critical role in water resource management, climate 
modeling, flood forecasting, and drought monitoring (Cao et al. 2025; 
Conte et al. 2026). Access to continuous and accurate precipitation 

data is particularly vital in arid and semi-arid regions, which are highly 
vulnerable to extreme spatial and temporal rainfall variability and severe 
water scarcity (Li et al. 2025) and severe water scarcity, which 
frequently exacerbate the functional challenges of groundwater 
management and aquifer recharge in these plains (Akbarpour et al. 
2024; Shamshirgaran et al. 2025). Traditionally, ground-based rain 
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gauge networks have been considered the most reliable source of 
precipitation measurements (Zhang et al. 2025b). However, their 
sparse distribution, high maintenance costs in remote or rugged 
terrains, and susceptibility to measurement errors caused by wind and 
evaporation significantly limit their large-scale applicability (Saeed 
Abdelrazaq et al. 2026; Mardani et al. 2025). 

To overcome these limitations, satellite precipitation products 
(SPPs) have emerged as an effective alternative, offering extensive 
spatial coverage and high temporal resolution (Pellicone et al. 2025; 
Tosan et al. 2024). Following the launch of the global precipitation 
measurement (GPM) mission, a new generation of high-resolution 
products such as the Integrated Multi-satellitE Retrievals for GPM 
(IMERG) and the global satellite mapping of precipitation (GSMaP) was 
introduced (Meng et al. 2025). By integrating observations from passive 
microwave (PMW) and infrared (IR) sensors, these products have 
substantially improved global precipitation estimation (Ji et al. 2025). 
Despite these technological advancements, satellite retrievals still 
exhibit systematic biases and uncertainties rooted in sensor limitations, 
retrieval algorithm assumptions, and complex topographic interactions 
(Gou et al. 2026; Tosan et al. 2026a). In hyper-arid climates, a major 
challenge is the sub-cloud evaporation phenomenon, commonly known 
as Virga, where falling raindrops evaporate before reaching the surface 
(Baig et al. 2025). Satellite sensors often misclassify these signals as 
surface precipitation, leading to significant overestimation and false 
alarms (Shirmohammadi Aliakbarkhani et al. 2025). 

Recent studies emphasize that the performance and error margins 
of satellite products are strongly modulated by local thermodynamic and 
dynamic atmospheric conditions (Xiong et al. 2025; Montiel et al. 2026). 
Meteorological variables such as air temperature, relative humidity, and 
wind speed can alter the signals received by sensors and affect the 
detection of the precipitation phase (Bisht et al. 2025). Therefore, a 
purely statistical evaluation of these products is insufficient; exploring 
the physical relationships between satellite errors and meteorological 
variables is crucial. Consequently, applying machine learning and 
regression-based bias correction frameworks that incorporate auxiliary 
meteorological variables has been proposed as a novel approach to 
enhance the accuracy of satellite data in ungauged or sparsely gauged 
regions (Yao et al. 2024).  

Despite numerous global evaluations of GPM-era products, their 
behavior under the specific hyper-arid climatic conditions of eastern 
Iran, as well as the identification of meteorological drivers affecting their 
errors, remains insufficiently explored. A critical synthesis of recent 
literature (2025–2026) reveals that while numerous studies have 
evaluated GPM-era products across various topographies, the majority 
have treated satellite biases as purely statistical phenomena to be 
corrected via mathematical mapping (e.g., Baig et al. 2025; Xiong et al. 
2025). Although some recent investigations have acknowledged the 
influence of meteorological parameters on retrieval accuracy (Bisht et 
al. 2025), a clear methodological gap remains: the physical 
mechanisms driving these errors, specifically the thermodynamic sub-
cloud evaporation (Virga effect) in hyper-arid environments, are rarely 

integrated directly into the bias correction algorithms as dynamic 
physical constraints. Existing literature often relies on complex, black-
box machine learning models that, while statistically robust, lack 
physical interpretability regarding how atmospheric temperature and 
humidity independently force satellite overestimations in water-scarce 
regimes, a fundamental challenge recently highlighted in the push for 
Explainable AI (XAI) and advanced multi-source data fusion (Nourani 
et al. 2025; Tosan et al. 2026b).While previous studies have extensively 
evaluated satellite precipitation products using standard statistical 
metrics, few have deeply investigated the physical and thermodynamic 
drivers of these errors in hyper-arid environments. The main novelty 
and scientific contribution of this study lie in transitioning from a purely 
descriptive statistical evaluation to a physically-driven framework. By 
decoding the meteorological factors (i.e., temperature, humidity, and 
wind speed) influencing IMERG and GSMaP uncertainties and 
consequently proposing a thermodynamic-based MLR model, this work 
provides a practical and lightweight approach to mitigate systematic 
biases in data-scarce regions. 

To address this gap, this study provides a comprehensive 
evaluation and bias correction of IMERG and GSMaP precipitation 
products using long-term synoptic data from the Birjand station, 
representing the hyper-arid climate of eastern Iran. The specific 
objectives of this study are to: 1) conduct a baseline continuous and 
categorical evaluation of satellite products against ground 
observations; 2) analyze the sensitivity of satellite absolute errors to 
thermodynamic and dynamic atmospheric variables (temperature, 
humidity, and wind speed) using bivariate density distributions; and 3) 
develop a bias correction framework based on multiple linear 
regression (MLR) to mitigate uncertainties and provide reliable climate 
data for sustainable water resource management in the region. 
 
2. Materials and methods 
2.1. Study area and datasets  
 
This study focuses on Birjand, the capital city of South Khorasan 
province in eastern Iran, geographically situated at approximately 
32°52' N latitude and 59°12' E longitude (Fig. 1). Based on the De 
Martonne and Ivanov climate classification indices, the region is 
characterized by a hyper-arid and desert climate (Tosan and Maroosi, 
2024). The mean annual minimum and maximum temperatures in 
Birjand are 8 °C and 24 °C, respectively. The area experiences a 
substantial mean annual potential evapotranspiration of approximately 
2,700 mm against a sparse and highly variable average annual 
precipitation of only 120 mm (Ramezani Moghadam et al. 2018). This 
limited rainfall is primarily driven by Mediterranean synoptic systems 
during the winter months and sporadic convective showers in the 
spring.  The limited and highly variable water resources in this region 
are exceptionally critical for sustaining high-value agricultural crops, 
particularly saffron, whose yield and production challenges are strictly 
tied to hydro-climatic fluctuations (Feizi and Tosan, 2017; Rezvani 
Moghaddam et al. 2016; Yaqubi et al. 2024).

 
Fig. 1. Location map of the study area and Birjand Station. 



 

Naseri and Noorizehab. / Journal of Applied Research in Water and Wastewater x (202x) xx-xxx 

 
The reference dataset comprises daily ground-based 

meteorological observations obtained from the Birjand synoptic station 
for a long-term period from 2005 to 2023. The extracted variables 
include daily precipitation (Pobs), maximum temperature (Tmax), 
relative humidity (RH), and wind speed (WS). For the satellite 
precipitation datasets, two state-of-the-art products were utilized: the 
IMERG Final Run (V07) and the GSMaP product. Both products offer a 
high spatial resolution of 0.1° × 0.1° and were aggregated to a daily 
temporal scale to match the ground observations over the identical 18-
year period. 
 
2.2. Statistical evaluation metrics  
 
To benchmark the accuracy of the satellite products against the ground 
observations, a suite of widely adopted continuous statistical metrics 
was employed. These metrics include the Pearson correlation 
coefficient (CC), root mean square error (RMSE), mean absolute error 
(MAE), and relative bias (RB). The CC evaluates the linear agreement 
between the datasets, whereas RMSE and MAE quantify the magnitude 
of the estimation error. The equations are defined as follows: 
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where Ei and Oi denote the satellite-estimated and gauge-observed 
precipitation for day i, respectively, and n is the total number of days. 
To address rigorous hydrological evaluation standards, the Nash–
Sutcliffe efficiency (NSE) and Kling–Gupta efficiency (KGE) were 
incorporated. NSE normalizes the model's error variance against the 
observed variance, while KGE provides a diagnostically robust metric 
by simultaneously evaluating correlation, spatial variability bias, and 
mean bias. These are calculated as: 

𝑁𝑆𝐸 = 1 −
∑ (𝐸𝑖 − 𝑂𝑖)

2𝑛
𝑖=1

∑ (𝑂𝑖 − 𝑂̅)2𝑛
𝑖=1

 (5) 

𝐾𝐺𝐸 = 1 − √(𝑟 − 1)2 + (𝛼 − 1)2 + (𝛽 − 1)2 (6) 

where r is the Pearson correlation coefficient between estimates and 
observations (equivalent to CC), 𝛼 = 𝜎𝐸/𝜎𝑂 represents the ratio of the 
standard deviation of the estimated values (𝜎𝐸) to that of the observed 

values (𝜎𝑂), and 𝛽 = 𝐸̅ 𝑂̅⁄  is the ratio of their respective means. 
 
2.3. Categorical evaluation (precipitation detection) 

 
To assess the capability of the satellite products in accurately detecting 
precipitation events (rain/no-rain discrimination), categorical metrics 
were calculated using a daily precipitation threshold of 0.1 mm. This 
threshold was selected because 0.1 mm represents the minimum 
measurable amount of precipitation by standard ground-based rain 
gauges. Furthermore, adopting this threshold effectively filters out non-
precipitating clouds, light dew, and instrumental noise, thereby 
preventing artificial inflation of the false alarm ratio (FAR) and ensuring 
a reliable calculation of categorical metrics (Tang et al. 2020; Tian et al. 
2018). The metrics include the Probability of Detection (POD), FAR, 
and Critical Success Index (CSI). 

(7) 𝑃𝑂𝐷 =
𝐻

𝐻 +𝑀
 

(8) 𝐹𝐴𝑅 =
𝐹

𝐻 + 𝐹
 

(9) 𝐶𝑆𝐼 =
𝐻

𝐻 +𝑀 + 𝐹
 

where, H (Hits) represents events correctly detected by the satellite, M 
(Misses) denotes observed events missed by the satellite, and F (false 
alarms) indicates events erroneously reported by the satellite when no 
rain was observed. 
 

2.3. Bias correction using MLR 
 
To mitigate the systematic errors inherent in satellite retrievals, a MLR 
model was developed. Unlike conventional linear scaling that only 
utilizes precipitation data, this study incorporates local meteorological 
covariates to dynamically adjust the satellite estimates. The MLR model 
is expressed as: 

(10) 𝑃𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑒𝑑 = 𝛽0 + 𝛽1𝑃𝑠𝑎𝑡 + 𝛽2𝑇𝑚𝑎𝑥 + 𝛽3𝑅𝐻 + 𝛽4𝑊𝑆 

where, Pcorrected is the adjusted daily precipitation, Psat is the raw satellite 
estimate (IMERG or GSMaP), and 𝛽0  to 𝛽4  are the regression 
coefficients optimized using the ordinary least squares method. To 
ensure the statistical validity of the MLR model, fundamental regression 
assumptions were rigorously tested prior to modeling. Multicollinearity 
among the predictors was assessed using the variance inflation factor 
(VIF), confirming that all values remained well below the critical 
threshold of 5. Furthermore, to prevent overfitting and guarantee model 
robustness, a rigorous k-fold cross-validation (k=5) approach was 
implemented across the 18-year dataset, replacing the conventional 
data-split method. Negative corrected precipitation values, which lack 
physical meaning, were subsequently forced to zero. 
 
3. Results and discussion 
3.1. Baseline evaluation of gridded precipitation products 
 
To attain a precise understanding of the systematic and random errors 
associated with the precipitation products, the initial step evaluated the 
daily-scale performance of the IMERG and GSMaP satellites against 
observational data from the Birjand synoptic station. The continuous 
statistical metrics (Table 1) reveal significant differences in the accuracy 
of these two products. GSMaP demonstrated considerable superiority 
over IMERG, recording a CC of 0.677 and a RMSE of 3.25 mm/day, 
compared to IMERG's CC of 0.416 and RMSE of 4.40 mm/day. The 
slightly better performance of GSMaP in certain arid and semi-arid 
topographies aligns with recent regional evaluations (Tosan et al. 
2026c). The superior performance of GSMaP in this hyper-arid 
environment can be attributed to its specialized 
Orographic/Topographic Rainfall effect correction and the specific 
parameterization of its passive microwave (PMW) retrieval algorithm. 
These algorithmic adjustments appear more adept at filtering out false 
precipitation signals associated with sub-cloud evaporation over hot 
and dry land surfaces compared to IMERG. 

Table 1. Continuous statistical metrics for the performance evaluation 
of satellite precipitation products. 

Satellite 
product 

CC 
(Pearson) 

RMSE 
(mm/day) 

MAE 
(mm/day) 

RB 
(%) 

IMERG 
(Final V07) 

0.416 4.40 2.49 -7.5 

GSMaP 0.677 3.25 1.70 -15.5 

The scatter plots (Fig. 2a and 2b) further confirm that GSMaP 
estimates are more consistent with the reference line (1:1), whereas the 
dispersion of IMERG data increases notably, particularly during heavier 
rainfall events. A critical point in Table 1 is the presence of a negative 
RB in both products (-7.5% for IMERG and -15.5% for GSMaP). This 
systematic underestimation in arid regions is largely attributed to the 
sub-cloud evaporation of raindrops before reaching the surface—
known as the Virga effect (Nikoo et al. 2026)—as well as the combined 
effects of wind and topography leading to inaccurate retrievals by 
passive microwave sensors (Tan et al. 2026). Despite this, the monthly 
precipitation distribution (Fig. 2c) demonstrates that both products 
successfully simulated the region's seasonal precipitation regime, 
including the winter and spring peaks, with acceptable accuracy. 
 
3.2. Categorical evaluation (precipitation detection) 
 
Beyond quantitative values, the ability of the gridded products to 
correctly detect the occurrence or non-occurrence of precipitation 
(using a 0.1 mm threshold) was assessed using categorical indices 
(Fig. 3). The results indicate a contrasting and noteworthy behavior 
between the two products. IMERG exhibited very high sensitivity in 
tracking precipitation systems, recording a POD of 0.763, meaning it 
correctly identified over 76% of rainy days at the Birjand station. 
However, as observed in similar continental evaluations, this high 
sensitivity leads to an overestimation of precipitation frequency, 
increasing the FAR to 0.340 (Xiong et al. 2025).



 

Naseri and Noorizehab. / Journal of Applied Research in Water and Wastewater x (202x) xx-xxx 

 

 

 

 
Fig. 2. Baseline performance of satellite products: (a) Scatter plot of IMERG vs. gauge observations; (b) Scatter plot of GSMaP vs. gauge 

observations, with the dashed black line representing the 1:1 reference line; and (c) Comparison of average monthly precipitation distribution 
over the 18-year period. 

 

 
Fig. 3. Bar chart comparing (a) categorical metrics, POD, FAR, and (b) CSI, for IMERG and GSMaP, using a 0.1 mm/day precipitation 

threshold. 
 

In contrast, GSMaP adopted a more conservative approach. 
Although its detection strength (POD = 0.618) was lower than that of 
IMERG, its stricter algorithms resulted in a significantly lower false 
alarm (FAR = 0.207). Ultimately, the CSI, which represents the overall 
performance of the model in detecting precipitation, showed that both 
products achieved similar final performance in distinguishing wet and 
dry days in the region's climate (CSI ≈ 0.53 to 0.54). This contrast, 
IMERG's high sensitivity versus GSMaP's high precision, serves as a 
vital guide for selecting datasets in drought monitoring and early 
warning systems (Gheysouri et al. 2025). 

3.3. Sensitivity analysis of satellite errors to thermodynamic and 
dynamic atmospheric conditions 
 
To better comprehend the physical mechanisms affecting the 
uncertainty of precipitation products, the relationship between the 
absolute errors of IMERG and GSMaP estimates and the 
meteorological parameters of the Birjand station (maximum 
temperature, relative humidity, and wind speed) was evaluated using 
2D density distribution plots (Fig. 4) and the Pearson correlation test. 
The statistical analysis revealed a significant relationship (at a 99% 
confidence level, P-value < 0.01) between satellite errors and 
thermodynamic variables. Quantitatively, as illustrated in the correlation 
heatmap (Figure 5), maximum temperature exhibits a significant 
negative correlation with estimation error (r = -0.103 for IMERG and r = 

-0.120 for GSMaP). The concentration of error density at lower 
temperatures in the bivariate KDE plots (Figure 4) physically 
corroborates that satellite sensors experience reduced accuracy during 
cold seasons when encountering cold cloud systems and solid 
precipitation. This thermodynamic limitation aligns perfectly with recent 
global benchmark studies (e.g., Sohi et al. 2025; Xiong et al. 2025), 
which highlighted the inherent uncertainties of PMW retrievals over cold 
surfaces. On the other hand, relative humidity exhibited a significant 
positive correlation (r ≈ 0.20) with the absolute error magnitude. This 
confirms that in hyper-arid environments, dry sub-cloud layers 
aggressively evaporate falling precipitation (the Virga effect), causing 
the satellites to drastically overestimate surface rainfall, a critical 
hydrological implication for flash flood early warning systems in desert 
basins (Nikoo et al. 2026). 

On the other hand, relative humidity exhibited a significant positive 
correlation (r ≈ 0.20) with the absolute error magnitude. Conversely, 
examining the effect of the dynamic parameter (wind speed) on the 
error margin showed no statistically significant relationship (P-value > 
0.05) between wind speed and the error of gridded products in the study 
area, contradicting common assumptions about wind-induced 
undercatch. This finding proves that in the arid climate of South 
Khorasan, satellite errors are primarily thermodynamic in nature rather 
than dynamic. Details of the Pearson correlations among all hydro-
climatic variables are visually summarized in the correlation heatmap 
(Fig. 5). 
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Fig. 4. Bivariate density distribution (KDE) plots illustrating the concentration of satellite absolute estimation errors under varying surface 

meteorological conditions: maximum temperature (left), relative humidity (middle), and wind speed (right). 
 

 

 
Fig. 5. Pearson correlation matrix (Heatmap) of hydro-climatic variables and satellite absolute errors. 

 
3.4. Precipitation estimation improvement using MLR  
 
Having established the sensitivity of satellite product errors to 
meteorological variables, the final step evaluated the efficacy of a MLR 
model to correct satellite estimates. In this framework, the initial satellite 
estimate, along with maximum temperature, relative humidity, and wind 
speed, were inputted as predictors, while the synoptic station 
precipitation served as the target variable. The integration of 
meteorological covariates into machine learning and regression 
frameworks has recently been proven to significantly enhance bias 
correction performance (Yao et al. 2024). The model evaluation results 
(Table 2 and Fig. 6) demonstrate the effectiveness of this approach, 
particularly for IMERG. Applying the meteorological correction to 
IMERG data reduced the RMSE from 4.40 to 3.78 mm/day, 

representing a measurable 14.1% improvement. Simultaneously, the 
CC for this product improved from 0.416 to 0.493. 

Table 2. Performance evaluation of the MLR model in correcting the 
errors of satellite precipitation products. 

Product / 
state 

CC RMSE 
(mm/day) 

MAE 
(mm/day) 

NSE KGE 

IMERG 
(original) 

0.416 4.40 2.49 -
0.027 

0.395 

IMERG 
(corrected) 

0.493 3.78 2.34 0.243 0.278 

The scatter plots (Fig. 6a and 6b) clearly illustrate that after 
applying the model, the dispersion of erroneous data decreased, and 
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the corrected values converged much better toward the ideal 1:1 line. 
Similar bias correction techniques, such as Artificial Neural Networks 
(ANN), have also shown substantial RMSE reduction in neighboring 
arid regions like Saudi Arabia (Elsebaie et al. 2025). 

In contrast, GSMaP, which already possessed high baseline 
accuracy in the region, experienced a more conservative improvement 
(a 4.4% reduction in RMSE and a CC increase to 0.699). This 
significant difference in responsiveness to the correction model proves 
that IMERG's retrieval algorithms suffer from greater weaknesses in 
understanding local thermodynamic conditions in the arid regions of the 
Middle East. Integrating these algorithms with surface temperature and 
humidity data can largely compensate for this algorithmic limitation 
(Zhang et al. 2025b). The findings of this section offer a lightweight, 
practical, and reliable computational framework for water resource 
engineers to generate more accurate precipitation data in poorly 

gauged basins. To further validate the robustness of the MLR model, 
advanced hydrological metrics were evaluated. The application of the 
correction framework remarkably improved the NSE for IMERG from a 
negative value (-0.027) to a positive skill score (0.243), indicating that 
he corrected estimates transitioned from being worse than the observed 
mean to possessing actual predictive skill. Conversely, the KGE 
experienced a slight decrease from 0.395 to 0.278. This behavior is a 
well-documented mathematical characteristic of linear regression 
models; while MLR effectively minimizes absolute errors (hence 
improving RMSE and NSE), it inherently compresses the variance of 
the predicted values, which adversely affects the variability ratio (α) 
component of the KGE metric. Furthermore, a 5-fold cross-validation 
confirmed the model's temporal stability, yielding a consistent mean R2 
of 0.224 across folds without signs of overfitting.

 
Figure 6. Scatter plots comparing original and MLR-corrected satellite precipitation estimates against gauge observations. 

 
4. Conclusions 
 
This study comprehensively evaluated the performance of two leading 
satellite precipitation products, IMERG (Final Run V07) and GSMaP, 
against 18 years (2005–2023) of daily synoptic observations in eastern 
Iran. Subsequently, it investigated the meteorological drivers of 
estimation uncertainties and proposed a bias correction framework 
using MLR. The baseline evaluation revealed that GSMaP generally 
outperformed IMERG in continuous statistical metrics (RMSE = 3.25 vs. 
4.40 mm/day). However, both products exhibited a systematic 
underestimation (negative RB), primarily driven by the sub-cloud 
evaporation of raindrops (the Virga effect) which is highly prevalent in 
arid climates. From a categorical perspective, IMERG demonstrated a 
higher sensitivity and POD = 0.763 at the cost of elevated false alarms, 
whereas GSMaP provided a more conservative but precise detection 
capability. An important finding of this research is the pronounced 

sensitivity of satellite retrieval errors to local thermodynamic conditions. 
Bivariate density analysis and correlation tests confirmed that absolute 
estimation errors significantly increase under lower temperatures and 
higher relative humidity (P-value < 0.01). This indicates the ongoing 
limitations of microwave sensors in detecting solid precipitation and 
cold cloud systems. Conversely, the dynamic effect of wind speed 
showed no statistically significant impact on precipitation estimation 
errors, demonstrating that satellite uncertainties in this specific hyper-
arid environment are primarily thermodynamic rather than dynamic. 
Addressing these thermodynamic uncertainties, the integration of 
surface meteorological covariates (maximum temperature, relative 
humidity, and wind speed) into an MLR bias correction model yielded 
substantial improvements. The proposed framework successfully 
reduced the RMSE of IMERG by 14.1% and increased its CC, 
effectively mitigating the inherent retrieval biases and pulling the 
scattered estimates closer to the 1:1 reference line. It is important to 
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acknowledge that this study relies on long-term observations from a 
single synoptic station, which may limit the spatial representation of the 
findings. While Birjand serves as an excellent representative of hyper-
arid conditions, further investigations incorporating a denser network of 
gauges across diverse topographies are recommended to confirm the 
spatial generalizability of these thermodynamic relationships across 
other hyper-arid basins. Ultimately, this study demonstrates that while 
raw SPPs possess inherent uncertainties in hyper-arid regions, their 
integration with local meteorological variables through lightweight 
machine learning and regression algorithms can generate significantly 
improved datasets. These corrected, high-resolution precipitation 
products hold significant potential for advancing hydrological modeling, 
extreme event forecasting, and sustainable water resource 
management in data-scarce environments. 
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