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Abstract 

Accurate precipitation estimation at high spatial and temporal resolutions is essential 
for hydrological and meteorological applications, especially in regions experiencing 
water resource degradation. This study presents a robust non-parametric framework 
for disaggregating coarse-resolution satellite precipitation data to finer scales, using 
a hybrid model that integrates Extreme Gradient Boosting (XGBoost) with multivariate 
spatio-temporal fuzzy clustering. Eight clusters were delineated based on Integrated 
Multi-satellite Retrievals for GPM (IMERG) precipitation and Shuttle Radar Topogra-
phy Mission (SRTM) elevation data, with one representative station per cluster used 
for training and validation, and an additional 19 stations employed solely for independ-
ent validation. We downscaled 255 months (June 2000–September 2021) of IMERG 
precipitation data from 11 to 1 km spatial resolution across the Czech Republic. The 
disaggregated precipitation demonstrated marked accuracy improvements when eval-
uated against observed station data, with R2 values ranging from 0.63 to 0.85, RMSE 
between 17.43 mm and 32.41 mm, NSE from 0.39 to 0.82, and KGE spanning 0.67 
to 0.86-indicating a significant reduction in the bias inherent in the original IMERG 
data. The proposed methodology achieved (1) enhanced agreement between disag-
gregated and observed monthly precipitation, (2) significant improvement in IMERG 
data accuracy at finer scales, and (3) demonstrated operational potential in regions 
with sparse ground-based observations. This approach offers a promising solution 
for generating reliable, high-resolution precipitation datasets in data-scarce environ-
ments, with broad applicability in global hydrological and meteorological modelling.
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Introduction
Understanding precipitation variability is fundamental for evaluating hydro-meteoro-
logical extremes [1], disaster risk [2], irrigation management, water resource allocation 
[3], agricultural productivity [4], and hydrological modeling [5, 6]. However, accurate 
precipitation estimation remains challenging due to the sparse distribution and limited 
density of ground-based rain gauge networks, particularly in remote and topographically 
complex areas [7]. Rain gauges provide point-scale observations, often failing to repre-
sent broader regional spatial variability [8]. Consequently, satellite-based precipitation 
products have emerged as valuable alternatives.

Several satellite-derived precipitation products, including TRMM, CMORPH, 
CHIRPS, and PERSIANN, have significantly advanced hydrological and climatologi-
cal research. Among these, the Integrated Multi-satellite Retrievals for GPM (IMERG) 
is particularly notable for its comprehensive global coverage and superior tempo-
ral resolution [9–11]. Nevertheless, the spatial resolution of IMERG data (0.1◦ × 0.1◦ , 
approximately 11  km at the equator) is insufficient for capturing fine-scale variability, 
particularly in regions characterised by complex topography and heterogeneous land-
surface characteristics [12]. Enhancing IMERG’s spatial resolution through effective dis-
aggregation methods is crucial for various local-scale hydrological applications, such as 
water resource planning, drought risk assessment, precision agriculture, and catchment-
level hydrological modelling.

Numerous precipitation disaggregation methods have been explored to overcome 
spatial resolution limitations by employing regression techniques with appropriate pre-
dictors. Regression-based approaches, including exponential regression (ER), multiple 
linear regression (MLR), and geographically weighted regression (GWR), commonly use 
predictors like Normalized Difference Vegetation Index (NDVI), Enhanced Vegetation 
Index (EVI), Land Surface Temperature (LST), and elevation [13–15]. Despite their sim-
plicity, ER and MLR often fail to accurately capture non-linear relationships and spa-
tial heterogeneity, primarily due to their stationary assumptions [16]. GWR partially 
addresses these issues by allowing local model calibration but remains sensitive to multi-
collinearity among predictors [15].

Vegetation indices such as NDVI and EVI are frequently employed due to their robust 
empirical correlation with precipitation; however, their effectiveness diminishes signifi-
cantly during dormant periods, limiting their applicability in temperate zones and colder 
seasons [17]. In contrast, elevation is a stable predictor and particularly effective in cap-
turing orographic effects in mountainous regions [18].

Clustering techniques have increasingly been integrated into disaggregation frame-
works to enhance spatial coherence and regional model calibration. Methods such as 
hierarchical clustering [19], K-means clustering [20], and Poisson cluster models [21, 
22] have improved precipitation estimates by identifying homogeneous climatic regions. 
Nevertheless, these clustering approaches typically remain descriptive unless coupled 
with robust predictive modelling methods [22].

Advances in machine learning, including artificial neural networks (ANN), random 
forests (RF), and Extreme Gradient Boosting (XGBoost), have demonstrated superior 
capabilities in modelling complex, non-linear relationships in precipitation data [23–
26]. Yet, such models often neglect spatial dependencies and fail to account for climatic 
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heterogeneity, limiting their effectiveness across diverse landscapes [27]. Recently devel-
oped hybrid frameworks, such as Auto-searched Orographic and Atmospheric effects 
De-trended Kriging (ASOADeK) [28] and microcanonical multiplicative random cas-
cade (MMRC) combined with K-means clustering [20], show promise but frequently 
lack integration with state-of-the-art machine learning algorithms, thus inadequately 
capturing critical environmental variables.

In recent years, deep learning-based approaches have gained prominence in pre-
cipitation downscaling and disaggregation tasks due to their ability to model complex 
spatial-temporal dependencies effectively. Convolutional Neural Networks (CNNs) 
have demonstrated strong performance by capturing spatial structures and local spa-
tial dependencies inherent in precipitation data [29, 30]. Long Short-Term Memory 
(LSTM) networks, with their capability to model temporal dynamics, have also suc-
cessfully improved precipitation estimates, particularly in capturing sequence-based 
dependencies and temporal autocorrelations in rainfall patterns [31]. Moreover, hybrid 
deep learning frameworks combining CNNs and LSTM have shown enhanced capa-
bilities by simultaneously modelling spatial and temporal features, proving beneficial in 
regions with complex precipitation regimes [32]. Despite their strong predictive capa-
bilities, deep learning methods often require substantial computational resources and 
large, high-quality datasets for training. Additionally, they are sensitive to biases in input 
data, which can propagate through the model and affect performance. These factors 
may limit their operational applicability, particularly in regions with limited historical 
observations or inadequate computational infrastructure. Moreover, recent comparative 
evaluations have demonstrated that machine learning models such as XGBoost not only 
outperform deep learning approaches like Recurrent Neural Network-Long Short-Term 
Memory (RNN-LSTM) in terms of predictive accuracy, computational efficiency, and 
robustness for precipitation estimation [33], but also exhibit superior performance in 
storm prediction tasks compared to LSTM-based models [34]. These findings reinforce 
the rationale for adopting XGBoost in our proposed framework.

To address these limitations, this study proposes a novel hybrid modelling approach 
that integrates Fuzzy Spatial-Temporal Multivariate Clustering with Extreme Gradi-
ent Boosting (XGBoost) to effectively disaggregate IMERG satellite precipitation data. 
Unlike traditional methods, this approach explicitly manages spatial heterogeneity and 
temporal variability, leveraging fuzzy clustering to capture transitional climatic zones 
and spatial uncertainty. Coupled with the predictive capabilities of XGBoost, this frame-
work significantly enhances precipitation downscaling accuracy, especially in regions 
with intricate topography and sparse observational networks.

The specific objectives of this research are: 

1.	 To develop an advanced hybrid modelling approach integrating XGBoost and fuzzy 
spatial-temporal clustering for improved high-resolution precipitation disaggrega-
tion.

2.	 To reduce satellite precipitation biases by incorporating elevation and ground station 
observations into the disaggregation process.

3.	 To rigorously validate model performance across diverse terrains within the Czech 
Republic, demonstrating robustness and generalizability.
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4.	 To generate a comprehensive, high-resolution precipitation dataset suitable for 
hydrological and climatological applications, particularly in regions characterised by 
sparse ground-monitoring networks.

This integrated framework promises substantial improvements for hydrological 
modelling, water resource management, flood forecasting, drought monitoring, 
agricultural planning, and climate resilience strategies, particularly in data-limited 
regions.

Study area
The Czech Republic, located in Central Europe, occupies a strategically significant 
position at the intersection of several major European river basins. It forms part of the 
continental divide separating the North, Baltic, and Black Sea drainage systems, mak-
ing it a crucial hydrological transition zone in Europe. The country hosts approximately 
15,536  km of significant watercourses and is characterised by a well-developed river 
network that includes key rivers such as the Vltava, Elbe (Labe), Morava, and Oder. 
These rivers serve as vital sources for domestic and transboundary water management 
and exhibit considerable variability in flow regimes due to climatic and topographic 
differences.

Climatically, the Czech Republic lies in a temperate continental zone, with significant 
regional variation due to its diverse topography. Uplands and basins dominate the west-
ern and central regions, while the eastern part transitions into lowlands and foothills of 
the Carpathian Mountains. The Bohemian Massif in the west and the Moravian High-
lands in the east create pronounced orographic effects that influence precipitation pat-
terns and runoff behaviour. Elevation ranges from approximately 115 to 1,603 ms above 
sea level, contributing to nationwide microclimates.

The mean annual precipitation is about 684 mm/year, with a distinct seasonal distribu-
tion. Rainfall is generally abundant during spring and summer due to convective storms 
and cyclonic activity, while winter is marked by lower precipitation and frequent snow-
fall, particularly in higher altitudes. There is also a regional gradient: the eastern part of 
the country receives more precipitation during the summer months, whereas the west-
ern region tends to receive higher winter precipitation. These seasonal and spatial vari-
ations in rainfall directly impact soil moisture, evapotranspiration, and river discharge 
patterns-key factors in hydrological modeling and flood risk assessment.

The Czech Republic was chosen as the study area for this research due to its hydro-
logical complexity and contrasting climatic regimes, which present an ideal testbed 
for evaluating high-resolution precipitation disaggregation techniques. The country’s 
diverse landscape, ranging from mountainous terrains to lowland basins and humid and 
semi-humid zones, allows for robust testing of spatial-temporal models under varying 
environmental conditions. Moreover, the availability of dense ground-based meteoro-
logical and hydrological observational networks supports rigorous validation of satellite-
derived precipitation products.

Figure  1b and c present the sub-basin stream order [35] and mean monthly rainfall 
from IMERG satellite data, respectively, over the Czech Republic during the study period 
(June 2000–September 2021), illustrating the country’s pronounced seasonal rainfall 
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variability and spatial heterogeneity. This variability highlights the need for high-resolu-
tion disaggregation methods to capture better-localised precipitation patterns essential 
for hydrological and climate impact assessments.
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Fig. 1  The study area map is presented in three panels: a Europe, with the Czech Republic highlighted in 
red; b sub-basin stream order within the Czech Republic; and c the average monthly precipitation over the 
Czech Republic from June 2000 to September 2021. The precipitation data is derived from IMERG satellite 
observations, with an original spatial resolution of approximately ∼11 km. Training and validation stations 
are also shown in panel (c) as solid circles, where dark green indicates training stations and purple indicates 
validation stations
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Data
Satellite data

The disaggregation accuracy depends on the quality and reliability of input data [36]. 
The bias-corrected satellite precipitation observations from IMERG, which have been 
adjusted using gauge data to reduce systematic errors, are used in this study. These 
corrected estimates are considered less biased compared to raw IMERG satellite 
products and are, therefore, more suitable for hydrological applications. IMERG is a 
global precipitation product with 0.1 degrees spatial resolution and available at half-
hourly, daily, and monthly temporal resolution. The IMERGV06 final run (gauge cor-
rected) at a monthly scale is employed in this study. This product has high accuracy 
with respect to the ground measured station [37] and has been available since June 
2000. Precipitation patterns have been observed to be linked with elevation directly, 
as detailed in the study by [38]. In light of this connection, we utilised elevation data 
in our analysis.

The study utilises the Shuttle Radar Topography Mission (SRTM) Digital Elevation 
Data Version 4, available online at [39]. This dataset, available from 11th to 22nd Feb-
ruary 2002, offers high-quality, global-scale data with a 90-meter spatial resolution 
offering high-quality, global-scale elevation data.

In situ data

The in-situ data from twenty-seven rain-gauge locations distributed throughout the 
Czech Republic (Fig.  4a) are used to validate the disaggregated precipitation data-
sets. This study assumes spatial homogeneity of precipitation within a one-kilometre 
resolution. The disaggregated precipitation estimates are validated against observa-
tions from twenty-seven ground stations, using a point-to-pixel comparison over the 
period 2000-2021 [40–42].

Methodology
Figure 2 presents the flowchart illustrating the methodology adopted for precipitation 
disaggregation. Initially, the IMERG satellite precipitation data and the SRTM eleva-
tion data were resampled to a common spatial resolution of 1  km to ensure proper 
spatial alignment for subsequent analysis. The resample() function from the terra 
R package [43] was utilised to apply three advanced resampling techniques: Cubic, 
Cubic Spline, and Lanczos.

Despite its widespread use for large raster datasets, nearest-neighbour resampling 
has known limitations, such as blocky or jagged raster appearances and the potential 
for pixel value duplication or loss [19, 44, 45]. To overcome these drawbacks and pre-
serve spatial fidelity, interpolation methods that maintain local heterogeneity, edge 
sharpness, and spatial gradients were prioritised.

The selected resampling techniques offered complementary strengths, described as 
follows:
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Cubic: Pixel values were estimated using the weighted average of the 16 nearest pix-
els, offering a balance between smooth transitions and edge preservation, thus suit-
able for continuous variables like precipitation [46].

Cubic Spline: Piecewise cubic polynomials were fitted between data points to 
achieve smooth continuity, making this method ideal for SRTM elevation data where 
realistic gradients are essential [45, 47].

Lanczos: Convolution-based resampling using a windowed sinc function was 
employed to retain fine-scale features and minimise aliasing [48].

Rather than relying on a single method, an ensemble median fusion strategy was 
implemented. This approach was selected over alternatives like mean or weighted com-
posites due to its robustness to outliers and ability to preserve localised extremes. The 
median fusion technique effectively synthesised the strengths of all three methods-
retaining edge sharpness from Lanczos, smooth gradients from Cubic Spline, and inter-
mediate smoothing from Cubic.

The ensemble-resampled IMERG and SRTM datasets served as foundational inputs 
for a clustering-based disaggregation pipeline. Fuzzy spatial-temporal multivariate 

Fig. 2  Flow chart of the methodology for disaggregation of precipitation
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clustering was then applied to these datasets, using the Fuzzy C-Means (FCM) algo-
rithm [49]. Temporal dissimilarities between time series were quantified using Dynamic 
Time Warping (DTW), as implemented in the dtwclust R package [50]. This integration 
enhanced spatial coherence and improved the reliability of disaggregated precipitation.

A total of eight clusters were defined across the Czech Republic, informed by a 
combination of prior knowledge, domain expertise, heuristic reasoning, and iterative 
experimentation. The decision to use eight clusters was based on empirical evaluation 
using the silhouette index-an established internal validation metric-which minimized 
bias and identified eight as the optimal number of clusters among configurations 
ranging from 4 to 12. This clustering scheme effectively captures the geographical 
and climatic heterogeneity of the region, ensuring meaningful spatial representation 
across distinct hydrological zones. Each cluster includes at least one ground observa-
tion station, enhancing the robustness of model training and validation. Time series 
patterns (Fig. 3) and spatial cluster maps (Fig. 4a) confirm the comprehensive repre-
sentation of precipitation variability.

To validate cluster quality, the Silhouette index-an internal Cluster Validity Index 
(CVI)-was computed using the cvi() function in dtwclust [51]. Cluster counts ranging 
from 4 to 12 were evaluated, and the optimal number of clusters was determined to 
be eight, based on the highest Silhouette score. This score, ranging from −1 to 1, con-
firmed strong intra-cluster similarity and inter-cluster separation.

Although each cluster included only one training station, the XGBoost algorithm 
was selected over simpler alternatives such as LSTM due to its superior ability to 
model non-linear relationships among elevation, spatial coordinates, and temporal 
variations. Comparative tests demonstrated that simpler models resulted in higher 
prediction errors and failed to capture orographic complexity. XGBoost, in contrast, 
consistently demonstrated superior performance across validation metrics-even with 
limited training data-and is therefore exclusively highlighted in this study.

A total of 27 ground observation stations were used for training and validation. 
Within each cluster, the most accurate station (contributing approximately 80% of 
the data) was used for training, while the remaining 20% was reserved for validation. 
Additionally, data from 19 independent rain gauge stations were employed to evaluate 
both the IMERG and the disaggregated outputs.

Both the original IMERG data (at   11  km resolution) and the resampled data (at 
1  km resolution via ensemble fusion) were validated against ground observations. 
This dual-validation strategy enabled assessment of the resampling process’s contri-
bution and isolated the improvement resulting from disaggregation.

It must be acknowledged that station-based observations reflect point-scale data, 
while satellite-derived values represent area-averaged estimates over grid cells. This 
mismatch can lead to discrepancies, especially in localised extreme events. However, 
at monthly scales, the effect is generally reduced due to temporal averaging.

The XGBoost model, developed by Chen and Guestrin [52], is based on boosting-a 
method of combining weak learners to form a strong ensemble. Each decision tree in 
the ensemble corrects errors from previous iterations, enhancing performance pro-
gressively. The xgboost R package was used to implement this method.
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For each cluster-specific model, inputs included satellite precipitation, elevation, 
and station observations. Hyperparameters were tuned via randomized grid search 
over the following ranges: nrounds = {50, 100, 200}, max_depth = {2, 5, 10}, eta = 
{0.1, 0.2, 0.3}, gamma = 0, colsample_bytree from 0.5 to 1.0 (in 0.1 increments), min_
child_weight = 1–10, and subsample from 0.5 to 1.0 (in 0.05 increments). A repeated 
10-fold cross-validation (3 repeats) was conducted, and the configuration minimising 
RMSE was selected.

Evaluation metrics

The XGBoost model was evaluated using four metrics: Root Mean Square Error (RMSE), 
Pearson Correlation Coefficient ( R2 ), Nash–Sutcliffe Efficiency (NSE), and Kling–Gupta 
Efficiency (KGE).

RMSE: RMSE assessed the agreement between disaggregated and observed precipita-
tion on a pixel basis:

where yi is the observed station value, ŷi is the disaggregated value, and n is the total 
number of non-missing grid cells.
R
2 : Pearson’s correlation coefficient (r) was used to assess the strength of linear 

association:

The coefficient of determination was then calculated as R2 = r2.
KGE: Kling–Gupta Efficiency was computed as follows [53]:

where r is the correlation, σsim and σobs are standard deviations, and µsim and µobs are 
means of simulated and observed precipitation, respectively.

NSE: The Nash–Sutcliffe Efficiency [54] was calculated as:

This metric ranges from −∞ to 1, where higher values signify better model performance.

Result
This section shows each cluster’s time series patterns of disaggregated precipitation data. 
Following this, we present the training and validation accuracy of the XGBoost model 
using designated evaluation metrics. Lastly, we illustrate an evaluation of both IMERG 

(1)RMSE =

√

√

√

√

1

n

n
∑

i=1

(yi − ŷi)2
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and the disaggregated data compared with respect to ground-based observational sta-
tion datasets.

Clustering

The IMERG parent data comprises 1096× 255 usable pixels once invalid data 
or Not-a-Number (NaN) values are excluded. These pixels have a spatial resolu-
tion of approximately 11  kms. The number 255 in this calculation shows the ras-
ter layers that extend over a monthly timeline from June 2000 to September 2021. 
A median ensemble resampling technique is applied to the data, enhancing the spa-
tial resolution to one kilometer. As a result, the total number of pixels increased to 
119851× 255 . The analysis has further categorised the data into eight distinct clusters. 
Each cluster contained a unique set of pixels, the totals of which are computed to be 
19848× 255, 6157× 255, 18077× 255, 17491× 255, 2848× 255, 22953× 255, 12757× 255 , and 
19684 × 255 for Clusters 1 through 8 respectively.

A time series plot is created for each raster pixel, grouped by cluster, as demonstrated 
in Fig. 3. When cross-referenced with elevation data in Figs. 3 and 4 parts a, b, and c, 
the analysis indicates a pattern of higher precipitation rates in regions of the Czech 
Republic influenced by elevations. Table 1 presents the range of IMERG precipitation, 
disaggregated precipitation, accuracy metrics (i.e., R2 , RMSE, NSE, and KGE), and eleva-
tion for each cluster. The wide range of IMERG values across clusters, combined with 
lower accuracy, suggests limited sensitivity of the original satellite product to elevation-
induced variability. In contrast, the disaggregated precipitation shows substantial dif-
ferentiation among clusters, particularly at higher elevations, demonstrating the added 
value of the clustering-based disaggregation approach. However, for some stations, the 
disaggregated precipitation was unable to fully capture the observed data range. This 
indicates that the proposed fuzzy clustering method not only improves spatial resolution 
but also more effectively captures underlying climatic gradients compared to the origi-
nal coarse-resolution data, as reflected in both the number and quality of the optimal 
clusters.

XGBoost model training and validation results

Within each cluster, the model uses 80 per cent of the data from the eight stations, char-
acterised by the highest accuracy for training purposes, pertaining to the information 
from all eight clusters. This high-quality and carefully quality-controlled station data is 
integrated into the training phase of the model, subsequently facilitating the prediction 
of plausible precipitation scenarios within the equivalent cluster. The degree of training 
and validation accuracy at the pre-selected stations is summarised in Table 2 and Fig. 5. 
The training and validation accuracy at each station reflects the achievement of satis-
factory precipitation disaggregation outcomes. However, the validation accuracy at each 
station is contingent on the reliability of the training data, as depicted by the evaluation 
metrics R2 , RMSE (mm/month), NSE, and KGE. Generally, the IMERG precipitation 
data illustrates a diminished bias at lower elevations, while it presents an intensified bias 
at higher altitudes. Table 2 suggests that the precipitation data from station O1LYSA01 
at the peak elevation exhibits a propensity towards higher bias and extreme values.
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To further improve the generalizability of the XGBoost model across varied envi-
ronmental conditions, we adopted a robust training and validation strategy. Although 
the number of stations is limited, the dataset includes observations from diverse cli-
matic and topographic zones across the Czech Republic. The 80/20 split of training 
and validation was complemented with independent testing on 19 additional stations, 

Fig. 3  Fuzzy spatial-temporal cluster time series plot of disaggregated precipitation data. Each line 
represents the monthly time series of a grid pixel within a specific cluster, with ‘n’ denoting the total number 
of unique pixels (based on unique longitude-latitude pairs) in that cluster. Colours represent different 
individual grid points, each corresponding to a unique longitude-latitude pair within the cluster
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Fig. 4  Spatial visualisation of clustering, elevation, and precipitation over the Czech Republic at 1 km 
resolution. a Spatial distribution of the eight fuzzy spatial-temporal clusters with marked locations of training 
and validation stations; b Topographic elevation map derived from SRTM data, capturing significant terrain 
variations across the country; c Mean monthly precipitation from IMERG satellite data after ensemble 
resampling; d High-resolution disaggregated precipitation map capturing intricate spatial gradients and 
distinct orographic precipitation patterns, which remain obscured in the original IMERG dataset due to its 
coarser resolution
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ensuring spatial diversity. Evaluation metrics including R2 , RMSE, NSE, and KGE 
showed consistent performance across clusters, with an average R2 of 0.81 and RMSE 
of 24.6 mm across validation sites. To benchmark model performance, we compared 
XGBoost with multiple baselines, including Long Short-Term Memory (LSTM). 
XGBoost consistently outperformed these alternatives by yielding lower RMSE and 
higher R2 values; therefore, we present only the results of XGBoost in the manuscript. 
To minimize overfitting, we applied ten-fold cross-validation, early stopping, and grid 
search-based hyperparameter tuning. Furthermore, the residual analysis revealed a 
slightly higher prediction bias in clusters with greater elevation, such as Cluster 5, 

Table 2  Accuracy assessment of the selected eight stations using the XGBoost model with respect 
to the training and validation period against the station measured data

Training Validation

Cluster Station Elevation R
2 RMSE 

(mm/
month)

NSE KGE R
2 RMSE 

(mm/
month)

NSE KGE

1 B2BTUR01 231.98 0.78 14.21 0.69 0.79 0.69 16.60 0.56 0.75

2 O2BRAN01 774.46 0.81 18.49 0.76 0.84 0.80 18.05 0.79 0.88

3 C2NADV01 589.18 0.93 10.50 0.92 0.91 0.87 12.16 0.86 0.93

4 O3KELC01 308.43 0.88 14.61 0.84 0.86 0.74 22.19 0.72 0.85

5 O1LYSA01 1205.99 0.85 31.36 0.82 0.85 0.85 36.30 0.85 0.91

6 L1VSER01 437.32 0.85 14.45 0.81 0.86 0.76 18.16 0.71 0.84

7 L2PRIM01 613.36 0.88 11.92 0.86 0.88 0.87 13.71 0.82 0.85

8 U2VARN01 374.64 0.90 12.65 0.88 0.88 0.87 16.17 0.76 0.75
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Fig. 5  Comparison of observed, IMERG, and disaggregated precipitation at training stations. Boxplots 
represent monthly precipitation values at eight selected training stations. Disaggregated values show 
improved agreement with ground observations compared to the original IMERG data, demonstrating the 
hybrid model’s capacity to reduce bias and enhance accuracy
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which aligns with the known difficulty of modelling orographic effects. However, the 
integration of elevation and cluster ID as features mitigated much of this bias. The 
ensemble-based learning structure of XGBoost, paired with multivariate fuzzy clus-
tering, thus provides a resilient framework for disaggregating precipitation across 
heterogeneous landscapes.

Assessment of IMERG and disaggregated data with respect to ground observed station 

datasets

Our findings, which are shown in detail in Table 3, indicate that there is a high cor-
relation and low error values (e.g ., highR2, lowRMSE) between the majority of the 
precipitation data collected from the station and the data produced by the IMERG. 
This conclusion is further substantiated by the evaluation metrics used for this study. 
These metrics are reliable tools for comparing and validating the consistency and 
accuracy of both data sets, confirming their close correlation. The key performance 

Table 3  Accuracy assessment of the disaggregated and IMERG precipitation against the 27 stations 
measured data for 255 months

Disaggregataed precipitation IMERG precipitation

Cluster Station Elevation R
2 RMSE 

(mm/
month)

NSE KGE R
2 RMSE 

(mm/
month)

NSE KGE

1 P1KRAL01 239.92 0.59 20.09 0.40 0.70 0.67 30.74 0.16 0.59

1 P1PKAR01 238.70 0.63 19.12 0.44 0.71 0.68 32.80 0.04 0.53

1 P2TUHA01 163.39 0.63 19.07 0.47 0.72 0.73 28.66 0.29 0.62

1 B2BTUR01 231.98 0.76 14.72 0.67 0.78 0.72 23.97 0.42 0.68

1 O3PRER01 218.76 0.68 18.95 0.47 0.66 0.74 25.95 0.41 0.68

1 O1MOSN01 247.39 0.58 28.15 0.09 0.48 0.70 32.61 0.37 0.67

2 O2BRAN01 774.46 0.80 18.40 0.77 0.86 0.79 20.65 0.66 0.77

3 C1KOCE01 510.28 0.79 20.26 0.70 0.73 0.81 23.86 0.54 0.69

3 C2NADV01 589.18 0.92 10.85 0.91 0.92 0.90 14.56 0.83 0.83

3 P3NETV01 572.53 0.59 33.12 0.35 0.57 0.59 38.01 0.14 0.52

3 P3KOSE01 509.07 0.81 16.74 0.80 0.87 0.83 17.86 0.74 0.82

3 P3PRIB01 521.23 0.84 15.11 0.81 0.89 0.83 18.80 0.71 0.80

4 P1PLIB01 290.98 0.72 19.27 0.66 0.82 0.75 25.74 0.41 0.68

4 B2DZBA01 343.69 0.64 20.13 0.51 0.74 0.66 27.16 0.30 0.65

4 B2MBRA01 306.53 0.67 18.82 0.53 0.74 0.70 23.67 0.44 0.70

4 O3KELC01 308.43 0.84 16.41 0.81 0.88 0.79 23.35 0.62 0.76

5 O1LYSA01 1205.99 0.85 32.41 0.82 0.89 0.82 57.89 -0.50 0.12

6 L1VSER01 437.32 0.83 15.27 0.79 0.86 0.80 20.69 0.69 0.81

6 L2MANE01 485.23 0.62 25.30 0.35 0.64 0.61 35.68 -0.01 0.51

6 L2KRAL01 444.00 0.59 26.34 0.27 0.61 0.61 36.02 -0.06 0.49

7 L3AS0001 666.19 0.74 18.56 0.71 0.84 0.76 27.46 0.51 0.69

7 L2PRIM01 613.36 0.88 12.30 0.85 0.88 0.85 19.23 0.73 0.81

7 U1MILE01 663.96 0.65 20.58 0.49 0.74 0.65 30.41 0.24 0.61

7 B2NEDV01 710.53 0.76 17.19 0.61 0.72 0.75 22.62 0.54 0.74

8 L1STAN01 359.85 0.65 34.37 0.15 0.56 0.65 33.51 0.12 0.57

8 P1PRUZ01 371.17 0.66 30.84 0.12 0.60 0.65 31.30 0.13 0.59

8 U2VARN01 374.64 0.89 13.43 0.86 0.86 0.85 15.36 0.81 0.85
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indicators, specifically the R2 , the RMSE (mm/month) NSE, and the KGE, for the 
IMERG data across all the stations, range between 0.61−0.90, 14.56−57.79, −0.50−
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Fig. 6  Monthly precipitation comparison across all stations. Boxplots display observed, IMERG, and 
disaggregated precipitation distributions from January to December. The disaggregated outputs more 
closely align with observed values, particularly in summer months when precipitation variability is highest
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Fig. 7  Seasonal-scale comparison of precipitation. Precipitation aggregated by meteorological seasons 
(Winter, Spring, Summer, Autumn) across all stations. Disaggregated precipitation effectively captures 
seasonal trends and extreme values, outperforming the coarse IMERG product
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0.83, and 0.12-85, respectively. Notably, the data from IMERG at higher elevations 
demonstrates a higher bias compared to those at lower elevations. Moreover, the 
IMERG data patterns are shown at monthly and seasonal scales with respect to each 
station by the box plots illustrated in Figs. 6 and 7. IMERG is adept at capturing pat-
terns at monthly and seasonal scales, as substantiated by Figs. 6 and 7. The precision 
of the IMERG data remains satisfactory within an elevation range spanning from 250 
to 774 ms. Nevertheless, IMERG data does not adequately represent the heterogene-
ous spatio-temporal precipitation patterns over the Czech Republic, thereby neces-
sitating further improvements in the accuracy of IMERG data, potentially through 
higher resolution data.

IMERG precipitation data is enhanced through disaggregation, demonstrat-
ing greater congruency with ground-observed station data, as indicated in Table  3. 
The comprehensive accuracy spanning all stations, including training and valida-
tion phases, is also depicted in Table 3. Additionally, the precision of disaggregated 
precipitation surpasses that of IMERG at high altitudes, notably at the O1LYSA01 
station, as depicted in Figs. 6 and 7, and Table 3. A diminished bias in IMERG data 
results in improved accuracy of disaggregated precipitation, a phenomenon demon-
strated by Tables  2 and 3. The reliability of IMERG data significantly influences the 
precision of disaggregated precipitation, with elevated accuracy observed in regions 
where IMERG precipitation data is deemed satisfactory. Disaggregation aids in cur-
tailing the bias of IMERG by enhancing the spatial resolution to 1 km, thereby offer-
ing a more comprehensive representation of spatial variability.

Improvements in the accuracy of IMERG data are achieved through station-specific 
disaggregation, which reduces bias and better captures extreme precipitation events, 
as shown in Fig. 8. Evaluation metrics-R2 , RMSE (mm/month), NSE, and KGE-sum-
marised in Table  3, support the performance gains from disaggregation. Figures  4c 
and d illustrate the enhanced spatio-temporal variability of precipitation captured in 
the disaggregated data, which is not as evident in the original IMERG product.
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Fig. 8  Validation results across independent stations. Boxplots for 19 independent validation stations 
demonstrate enhanced spatial and statistical agreement between disaggregated precipitation and observed 
data. The proposed hybrid model exhibits greater consistency and reliability than the IMERG dataset, 
especially in topographically complex areas
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Despite the overall improvements, model performance varies across stations, espe-
cially at higher elevations. For example, station O1LYSA01, located at 1205.99 m, 
shows relatively high RMSE and negative NSE values. A broader evaluation of model 
performance reveals a trend of reduced accuracy at elevations above approximately 
800 m, indicating a potential influence of terrain complexity. These spatial differences 
in performance metrics suggest that disaggregation improves overall accuracy, but 
localised discrepancies remain, particularly in complex topographic settings.

The disaggregated precipitation map (Fig. 4d) exhibits distinct spatial features-particu-
larly around 50◦ N and 14◦E-that may appear as linear or stream-like bands. However, 
a comparison with the resampled IMERG data (Fig. 4c) and the elevation map (Fig. 4b) 
indicates that these patterns are not resampling artefacts but rather reflect the influence 
of orographic effects on precipitation distribution. The ensemble resampling approach, 
which incorporates cubic, spline, and Lanczos methods, was specifically designed to 
preserve localised gradients. This is evident in the spatial consistency between the resa-
mpled IMERG (Fig. 4c) and the original IMERG precipitation distribution (Fig. 1c), both 
of which align closely with terrain features. Given the strong control of elevation and 
topographic barriers-especially in the western and northern sub-basins-on regional pre-
cipitation, the enhanced spatial resolution of the disaggregated product more clearly cap-
tures these dependencies. While some cluster boundaries in Fig. 1c may appear abrupt, 
this is primarily attributed to sharp elevation gradients and the associated orographic 
influences, which are faithfully preserved through the ensemble resampling process. 
Nonetheless, future refinements could involve terrain-adaptive smoothing or additional 
filtering to further validate these spatial patterns against station-level observations.

Monthly and seasonal patterns of disaggregated precipitation also align more closely 
with observed data compared to IMERG, as shown in Figs. 6 and 7. These figures further 
demonstrate the improved representation of precipitation variability across time scales 
in the disaggregated product.

Discussion
Integrated multi-satellite hydro-meteorological datasets, such as IMERG precipitation 
products, are essential ultra-big data resources for global-scale weather and climate 
analyses. However, their application at national or regional levels requires high-resolu-
tion modelling to accurately capture local-scale variability. While approaches such as 
exponential regression, MLR, and GWR have been widely used for disaggregation, their 
limitations-including stationary assumptions and multicollinearity-are exacerbated by a 
lack of integration with spatial-temporal clustering and elevation sensitivity.

To address these gaps, we propose a novel hybrid modelling approach that synergis-
tically integrates fuzzy multivariate spatio-temporal clustering with the XGBoost algo-
rithm. This framework dynamically learns non-linear spatial and temporal dependencies 
within data clusters sharing similar climatic and topographic features. Fuzzy clustering 
enhances spatial and temporal coherence, while XGBoost effectively models variable 
interactions, thereby reducing within-cluster variability and bias-particularly in high-
elevation areas. Benchmarking results demonstrate that the hybrid model consistently 
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outperforms alternatives across all evaluation metrics ( R2 , RMSE, NSE, and KGE), 
affirming its robustness and generalizability in hydro-meteorological applications.

Recent developments in statistical downscaling, such as the En-GARD framework 
proposed by Gutmann et al. [55], apply analog-based methods that integrate empirical 
quantile mapping with bias correction. These methods perform well in preserving pre-
cipitation characteristics, particularly in complex terrains. However, analog approaches 
typically require extensive, high-quality historical data and may underperform in data-
scarce or non-stationary environments.

By contrast, our method effectively captures non-linear interactions among predic-
tors such as elevation, spatial coordinates, and temporal variability, without the need for 
long-term historical records. Moreover, compared to deep learning models like LSTM-
which require substantial computational resources and large training datasets-XGBoost 
offers superior interpretability and delivers comparable or even improved performance 
relative to both LSTM [34] and RNN-LSTM models [33]. These characteristics make 
the proposed method particularly well-suited for operational applications in data-scarce 
environments.

Applied over the Czech Republic, our approach downscales IMERG precipitation to 
a finer spatial resolution by integrating elevation data within the clustering framework. 
The IMERG dataset, calibrated with rain gauge data [56], generally aligns with ground 
observations, although greater discrepancies occur at higher altitudes. For example, at 
station O1LYSA01 (1205 m), pronounced bias was observed, consistent with the vari-
ability of precipitation over short distances at high elevations [57], and the coarse spatial 
resolution (11 × 11 km) of IMERG pixels [58].

To mitigate this, we combined elevation-based clustering with XGBoost, enabling 
finer-scale disaggregation. Model validation compared disaggregated and resampled 
IMERG estimates with both ground station and cluster-level data. Sources of error-such 
as spatial heterogeneity, grid-cell mismatch [59], and wind-induced gauge undercatch 
[60]-can lead to elevated bias, particularly in mountainous regions. By incorporating 
elevation and precipitation into clustering, the model better captures spatial variability, 
which is critical for realistic environmental and climate modelling [61–63].

Clustering based on spatiotemporal precipitation and climate characteristics, followed 
by training using a representative high-quality station per cluster, improves intra-cluster 
variability representation. Including elevation as a predictor in XGBoost further reduces 
performance variability, particularly in complex terrain. This ensures the predictions are 
grounded in the most reliable observational data for each region.

Eight stations were selected for model training based on data quality. While domain-
informed clustering effectively captured broad spatial patterns, some heterogeneity-
especially in mountainous zones-remains unresolved. Validation performance was 
slightly lower than training, with R2 values ranging from 0.59 to 0.87 versus 0.85 to 0.93 
in training. Notably, RMSE increased at high-elevation stations like O1LYSA01, ris-
ing from 31.36 mm/month to 36.30 mm/month. Although disaggregated precipitation 
showed better agreement with observations, NSE values varied, reflecting spatial perfor-
mance variability.

These discrepancies are expected, due to limitations in IMERG’s resolution, spa-
tial mismatches between pixels and gauges, and undercatch effects [60]. Elevation and 



Page 20 of 24Singh et al. Journal of Big Data          (2025) 12:151 

cluster ID helped mitigate some issues in the XGBoost model, but residual uncertainty 
remains. Nevertheless, ten-fold cross-validation and hyperparameter tuning (e.g., 
nrounds, maxdepth, eta) improved model generalisation and reduced overfitting.

Model reliability strongly depends on the quality of both IMERG and ground station 
data. The use of gauge-corrected IMERG [56] offered a strong baseline. Disaggregation 
significantly improved spatial detail and accuracy. At station O1LYSA01, RMSE dropped 
from 57.89  mm/month (IMERG) to 32.41  mm/month (disaggregated), while NSE 
improved from −0.50 to 0.82 (Table 3), highlighting effective bias mitigation. However, 
residual bias persists due to unresolved spatial mismatches and orographic complexity, 
although the interpretability and computational efficiency of disaggregated precipitation 
make it well-suited for operational deployment.

Broadly, the high-resolution disaggregated precipitation produced by this method can 
substantially enhance hydrological forecasting, particularly for flash flood prediction, 
reservoir management, and drought assessment. This spatial precision also supports 
data-driven water policy planning in topographically complex or data-scarce regions, 
thus contributing to resilient climate adaptation strategies.

Limitations and future work
While this study advances the disaggregation of IMERG satellite precipitation data 
through a hybrid approach combining multivariate clustering and XGBoost, several lim-
itations must be acknowledged. First, model training utilised only eight stations, selected 
based on the availability of daily-scale observational data. As a result, the clustering 
framework-guided by expert judgment rather than fully objective data-driven meth-
ods-may not adequately reflect the complex and heterogeneous precipitation dynamics 
across mountainous terrain.

Second, validation performance revealed signs of overfitting, particularly at higher 
elevations, where there was a noticeable decline in accuracy from training to validation 
phases. This suggests that the model may not generalise well in areas where topographic 
and meteorological conditions deviate significantly from the training data.

Third, uncertainties in precipitation measurements at high-altitude stations-primarily 
due to undercatch caused by strong winds-can propagate into the disaggregated outputs, 
impacting model reliability. Moreover, inherent biases in the IMERG product, especially 
in cold-cloud or snowy environments, may further contribute to inaccuracies in the final 
results.

A further limitation concerns the spatial generalisation of precipitation estimates in 
high-elevation zones. Pixels situated in different corners of the domain but sharing simi-
lar elevations may yield comparable precipitation values, even when their broader cli-
matic contexts differ. While our fuzzy clustering framework incorporates both elevation 
and spatiotemporal precipitation patterns, reliance on a single representative station per 
cluster introduces uncertainty, particularly in geographically remote or topographically 
complex areas.

Additionally, using elevation as the primary topographic predictor may overlook 
key localized orographic processes-such as variations between windward and leeward 
slopes-that strongly influence precipitation. To improve spatial realism and predic-
tive accuracy, especially in mountainous regions, future efforts should incorporate 
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complementary terrain and meteorological variables (e.g., slope orientation, aspect, 
prevailing wind direction), alongside a denser and more spatially distributed training 
network.

Although model hyperparameters were optimised via ten-fold cross-validation, 
detailed sensitivity analyses were not performed. This omission limits confidence in the 
robustness of the model under varying climatic and geographic conditions. Further-
more, uncertainties associated with extreme precipitation events were not quantified, 
which may restrict the applicability of the disaggregated outputs for flood forecasting 
and extreme weather risk assessments.

Another notable limitation is that the disaggregated precipitation outputs do not fully 
capture the wide observed range of monthly precipitation, especially in clusters with 
high rainfall variability. This constraint arises from the dependency of the disaggregated 
values on a single training station per cluster, which may limit the representation of 
intra-cluster variability and extreme values. As evident in Table 1, while disaggregation 
improves upon IMERG estimates, it still underrepresents the full precipitation range 
observed across the 27 validation stations. Incorporating multiple training stations per 
cluster and more diverse training data, depending on the availability of reliable histori-
cal rain gauge records, could enhance the model’s ability to replicate observed extremes.

Future research should therefore prioritise the integration of denser observational 
datasets, adoption of objective clustering methodologies, implementation of robust sen-
sitivity analyses, and explicit quantification of uncertainties related to extreme events. 
These enhancements will strengthen the generalizability, accuracy, and operational value 
of satellite-based precipitation disaggregation approaches across regional and global 
hydrological applications.

Conclusion
In this study, we developed a hybrid learning approach coupling multivariate cluster-
ing with the XGBoost model to spatially disaggregate IMERG satellite precipitation data 
over the Czech Republic. The key findings and outcomes are summarised numerically 
below: 

1.	 The hybrid method effectively disaggregates coarse-resolution IMERG precipitation 
data to a finer 1 km resolution by incorporating elevation data (SRTM) and cluster-
ing similar precipitation patterns, significantly improving agreement with observed 
station data.

2.	 Original IMERG data show limited variability (0.25–384  mm/month), particularly 
at high elevations. The proposed method substantially expands this range (e.g., 
29–477 mm/month at elevations 890–1528 m), better capturing local precipitation 
variability.

3.	 IMERG precipitation exhibits considerable biases at higher elevations (e.g., RMSE = 
57.89 mm/month, NSE = −0.50 at station O1LYSA01, 1205.99 m). While our method 
significantly reduces these biases, particularly at lower elevations (250–774  m), it 
does not entirely eliminate inaccuracies at high altitudes.
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4.	 The developed method enhances both spatial resolution and accuracy, making the 
resulting dataset valuable for various hydrological and meteorological applications, 
particularly under climate change scenarios involving frequent droughts and floods.

5.	 Further research is recommended, incorporating additional environmental variables, 
elevation-dependent bias corrections, extensive observational datasets, and compre-
hensive uncertainty quantification, especially for extreme precipitation events. These 
steps will enhance the applicability and reliability of disaggregated precipitation data 
for broader global hydrological and extreme weather studies.

In conclusion, our approach represents a significant technical advancement in producing 
accurate, high-resolution precipitation datasets suitable for robust water resource man-
agement and policy-making, particularly in areas with limited observational coverage.
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