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Abstract

Near-real-time (NRT) satellite precipitation data inherits complex and random errors due
to various reasons. The primary objective of this research is to utilize satellite-based pre-
cipitation data for hydrological modelling in ungauged areas. The novelty of this study lies
in the development of a hybrid stacking-based machine learning framework that integrates
hydrologically meaningful predictors: root-zone soil moisture, potential evapotranspira-
tion (PET), and their time-lagged representations to reduce uncertainty in near-real-time
satellite precipitation (GSMaP-NRT). Unlike conventional bias-correction approaches that
rely primarily on statistical adjustment between satellite and gauge rainfall, this study in-
corporates physically relevant catchment-state variables to improve predictive skill, with a
focus on the Ovens River basin in Australia. A calibrated GR4H hydrological model was
used to simulate the runoff of the catchment. Six objective functions were used to evaluate
the performance of the approach. The results demonstrate that stacking machine learning
algorithms reduces the Mean Absolute Error of GSMaP-NRT satellite precipitation data
by 36% and the corresponding modelled streamflow error by 44% for lower precipitation
events (<2 mm/hour). All six objective functions achieved optimal performances within
the low precipitation events. However, RMSE remained high for intermediate and heavy
precipitation events. The model-estimated major streamflow peaks for the years 2010 and
2016, based on gauged precipitation and ML-corrected satellite precipitation, are 41% and
48% lower than the observed streamflow peaks, respectively. The reasons were the inabil-
ity of the GR4H model to capture the perfect initial conditions and the x, time parameter
during the calibration process.

Keywords Machine learning - Satellite precipitation - GSMaP-NRT - Hydrological
simulation - GR4H
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1 Introduction

Catchment precipitation is a key forcing parameter in studies that use hydrological simula-
tion approaches to predict floods (Wang et al. 2021). However, the non-linear behaviour
of streamflow is governed by hydro-meteorological factors and anthropogenic activities,
making accurate flood modelling more challenging (Madhushani et al. 2024). The pri-
mary real-time catchment precipitation data sources are telemetry rain gauges, weather
radar, and satellites. The Bureau of Meteorology Australia collects weather data through
automatic weather stations, meteorological satellites, and drifting ocean buoys, each with
varying reporting frequencies and observation times (Bureau of Meteorology 2024). The
distribution of weather stations is uneven due to socioeconomic and geographical factors
(Spassiani et al. 2023), leading to issues such as the inability of point measurements to
represent precipitation’s spatial distribution accurately. In addition, there can be systematic
and calibration errors (Amini et al. 2024). Even though a dense rain gauge network reduces
uncertainties in interpolated precipitation data, this can be challenging because the techni-
cal and operational costs increase with regular monitoring and maintenance to achieve finer
resolution and more reliable data (Chua et al. 2022; Li et al. 2021). Also, only limited near-
real-time ground-based observations are available for most regions (Kumar et al. 2019). As
a potential solution, many satellite precipitation products (SPPs) have emerged recently,
with some offering high spatial resolution and others high temporal resolution (Chua et al.
2022; Li et al. 2021; Singh and Singh 2024) (Table 1).

SPPs need to be frequently calibrated to remove inherent algorithmic assumptions, atmo-
spheric uncertainties, and sensor biases. These uncertainties arise from multiple sources,
including simplified representations of hydrometeor types in microwave-based products,
reliance on cloud-top temperature in infrared-based estimates, and the inability of satellites
to capture precipitation over complex terrain accurately. Moreover, these uncertainties are
highly non-linear and vary across seasons, precipitation intensities, topographic conditions,
and geographic regions (Kumar et al. 2019; Massari et al. 2018; Rachidi et al. 2023; Wang et
al. 2021). These complexities cannot be comprehensively addressed through conventional
statistical-based bias correction approaches, which often fail in addressing situations where
there are conditions of extreme rainfall events and conditions of mountainous terrain (Hinge
et al. 2022; Nguyen et al. 2024; Priyambodoho et al. 2021).

While gauge-corrected SPPs are readily available, not all of them are provided on a near-
real-time (NRT) mode, limiting their effective use in operational flood forecasting and disas-
ter management applications (Japan Aerospace Exploration Agency 2024). Near-real-time
precipitation estimates are often required for short-term hydrological forecasting, early warn-
ing systems, and emergency response (Bi et al. 2023; Fowdur and Nazir 2022). Consequently,
NRT-SPPs such as PERSIANN-CCS, IMERG-E, GSMaP-NRT, CMORPH, and HydroEsti-
mator have been widely used in previous studies (Ali et al. 2020; Llauca et al. 2021). How-
ever, their direct application remains challenging due to persistent uncertainties, highlighting
the need for improved correction strategies before operational use (Wang et al. 2021).

Recent studies have demonstrated the potential of machine learning (ML) techniques to
overcome some of these limitations by capturing non-linear relationships between precipita-
tion and auxiliary variables (Generoso et al. 2023; Zhao et al. 2025). For example, Kumar
et al. (2019) used Support Vector Regression to improve 3B42RT precipitation estimates
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Table 1 Details of the Satellite Precipitation products (SPPs)

SPP Short Name Data period Resolution Reference

Climate Hazards Group CHIRPS 1981 to the  0.05% 5 km/ Global/ Climate Hazards

Infrared Precipitation with present six-hourly Centre (University

Stations of California 2025)

Climate Prediction Centre CMAP 1979 to 2.59%2.5°/275 km / Climate Prediction

(CPC) Merged Analysis of 2008 Global/ monthly and Centre (National

Precipitation pentad Weather Service

2006)

CPC morphing technique ~ CMORPH 1998 to the  0.073°x0.073° /8 km/ National Centres

present Global/ half hourly for Environmen-

tal Information
(National Center

for Atmospheric

Research 2025)
Global Precipitation GPCP 1979 tothe 2.5°x2.5°/275km/  NOAA (NOAA
Climatology Project present Global/ monthly and 2025)

daily
Integrated Multi-satellite  IMERG 2000 to the 0.1°%0.1°/10km/  NASA (NASA
Retrievals for GPM ver- present Global/ half-hourly 2020)
sion 6
Precipitation Estimation ~ PERSIANN- 1983 tothe 0.25°x0.25°/25km/ NOAANCDC
from Remotely Sensed In- CCS/ CDR present Global/ daily (NOAA 2025)
formation Using Artificial
Neural Networks
TRMM Multi-satellite TMPA 3B42 1998 to 0.25°x0.25°/25km/ NASA (NASA
Precipitation Analysis 2019 Latitudes 50° to -50%  2020)
Three hourly
TerraClimate 1958 to 0.042% 4 km/ Global/  (Abatzoglou 2021)
2023 monthly

Tropical Applications TAMSAT 1983 to the  0.0375% 4 km/ Only (University of
of Meteorology Using present for Africa/ monthly Reading 2025)
Satellite
Global Satellite Mapping ~ GSMaP-NRT 2008 tothe 0.1°%0.1°/10 km / (Japan Aerospace
of Precipitation (NRT, present Global/ hourly Exploration
MVK, Gauge V7) Agency 2024)

using Advanced Scatterometer (ASCAT) soil moisture, and some positive enhancements
were recorded for light and moderate rainfall, but limited success for heavy precipitation.
This predictive performance has been further enhanced with the development of ensemble
and deep learning techniques (Fowdur and Nazir 2022; Zhang et al. 2023), yet many of
these models function as black boxes, with limited physical interpretability (Rachidi et
al. 2023). More recent efforts incorporating explainable artificial intelligence (XAI) have
begun addressing this issue, primarily in streamflow prediction rather than precipitation
correction (Madhushani et al. 2024).

Feature selection and hyperparameter optimization have been identified as critical com-
ponents in ML-based precipitation correction. Several studies highlight the importance and
strong relationship between soil moisture and precipitation, driven by the persistence of soil
moisture signals following rainfall events (Kumar et al. 2019; Massari et al. 2018). Recent
studies have also shown that auxiliary variables such as soil moisture and PET have proven
useful for drought monitoring and have shown successful application for hydrological stud-
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ies (Li et al. 2024; Parajuli et al. 2024). However, most of the studies have been carried out
for daily or monthly aggregated time scales. This is inadequate for identifying the short-
term variability and quick response that is essential for flood forecasting.

Therefore, a critical research gap remains in developing an operational, high-temporal-
resolution machine learning framework capable of reducing uncertainties in near-real-time
satellite precipitation products, particularly for extreme rainfall events in flood-prone, data-
scarce regions.

To address this gap, the present study evaluates the potential of a stacking-based machine
learning approach that integrates Extreme Gradient Boosting Regression, Random Forest,
and Multiple Linear Regression models with satellite-derived soil moisture and PET data at
an hourly resolution. By combining tree-based and linear models, the proposed framework
aims to enhance both predictive accuracy and robustness. The methodology is applied to
GSMaP-NRT precipitation estimates over an Australian river basin prone to frequent flood-
ing, to improve the reliability of NRT satellite precipitation for operational flood forecasting.

2 Study Area and Datasets
2.1 Study Area

The Ovens Basin is in north-east Victoria in Australia. The catchment covers 7985 km?
and is part of the Murray-Darling Basin (MDB). It contributes approximately 6% of the
total runoff of the MDB (CSIRO 2008). Generally, catchment precipitation varies dramati-
cally from the south to the north, ranging from southern alpine areas (1600 mm) to lower
floodplains (550 mm). Even though rain is the main form of precipitation in the basin, a
major component of winter precipitation falls as snow in the alpine region above 1400 m.
The average precipitation is 1196 mm/ year, and the average annual streamflow is 1775 GL
at Peechelba (Murray-Darling Basin Authority 2023). Nearly 65% of the average annual
precipitation occurs in winter from June to August. However, the southern alpine region
receives erratic precipitation during the summer due to the orographic effects (Goulburn-
Murray 2024).

Water management in the Ovens basin is extremely important, as the city of Wangaratta
contributes to the national economy through agriculture and serves as an industrial manu-
facturing hub. The year 1993 was the highest recorded flood in Wangaratta over the last 100
years, causing severe economic losses. There were three other major flood events in 2010,
2016, and 2020. Hume Dam on the Murray River, with a capacity of 1417 GL, located
upstream of the Ovens basin (Fig. 1), plays a major role in flood control in the lower MDB
and in maintaining downstream water security. Accurate Ovens streamflow forecasts enable
efficient control of Hume Dam water releases.

2.2 Data
Since the accuracy of the machine learning approaches will be evaluated through one-to-one
rainfall comparisons and hydrological model output comparisons, this study utilized mul-

tiple hydrological datasets to train the machine learning models and to develop and calibrate
the hydrological model.
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Fig. 1 Stream network and the rain gauging stations of the Ovens basin

2.2.1 Gauged Precipitation Data and PET Data

There were thirty-four rain gauge stations in the Ovens basin. The basin was subdivided into
fifty-three sub-areas for model development. Hourly resolution gauged precipitation data,
sub-area average precipitation data prepared using the inverse distance weighted (IDW)
method, and daily resolution sub-area average potential evapotranspiration (PET) data were
collected from the Bureau of Meteorology, Australia, from 2007 to 2017 period (Bureau of
Meteorology 2024). Assuming diurnal variation in PET (Emmanuel et al. 2023), a sinusoidal
function (Eq. 1) was used to disaggregate daily-resolution data into hourly data for analysis.

Hourly PET(h) = A.sin (71-(}11;6)) €))

Where A is a scaling factor so that the sum of hourly PET=daily PET, h is the hour in
24-hour format (6 to 17 for 6 AM to 5 PM), and PET=0 for all hours not in [6, 18].

2.2.2 Gauged Streamflow Data and Geographic Data

Hourly-resolution streamflow data for 15 gauging stations were collected from the Bureau
of Meteorology, Australia, for the 2007 to 2017 period (Bureau of Meteorology 2024). Geo-
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graphic data, such as surface stream network, surface cartography, surface catchments, and
groundwater mapping, were obtained from the National Geofabric version 3.3 (Geoscience
Australia 2023) provided by the Bureau of Meteorology, Australia. A one-second SRTM-
derived Digital Elevation Model (DEM) was downloaded from Geoscience Australia (Gal-
lant et al. 2011). The surface stream network from the Geofabric dataset was validated
against the DEM flow directions in ArcGIS 10.8.2.

2.2.3 Soil Moisture Data

Daily resolution root zone soil moisture data (5 km spatial resolution) were collected from
the Australian Water Outlook for the same period (Bureau of Meteorology 2024). Root zone
soil moisture represents the percentage of available water content in the top 1 m of the soil
profile (Guillory et al. 2023). This value was converted to soil moisture depth (mm), and
daily resolution data were disaggregated to hourly resolution for the analysis. Since the soil
moisture doesn’t fluctuate sharply daily, unlike PET, a uniform distribution was assumed
for disaggregation.

2.2.4 GSMaP-NRT Satellite Precipitation Data

Hourly GSMaP NRT precipitation data were obtained from the JAXA Global Rainfall
Watch (Japan Aerospace Exploration Agency 2024). Using the point option, the satellite
precipitation data corresponding to the precipitation gauging locations were downloaded
based on their geographical coordinates.

3 Methodology
3.1 Workflow of the Study

The workflow of the study was divided into three key areas: data processing, machine
learning model development, and performance evaluation (Fig. 2). Based on the literature
analysis, possible uncertainties in satellite data were identified, followed by data prepro-
cessing and missing data handling. The machine learning model development was primarily
handled in Python. A detailed explanation of hyperparameter tuning and optimization is
given below. The next section compares the performance of the GSMaP-NRT uncertainty-
reduced precipitation data when applied to the calibrated GR4H model (Wanniarachchi and
Sarukkalige 2023).

3.2 Data Pre-processing

The gauged precipitation data were verified by comparing them with the data archives of the
water measurement information system of the Victorian Department of Environment, Land,
Water, and Planning (Department of Environment, Land, Water & Planning 2023). The
streamflow data were cross-checked against the Department of Environment, Land, Water,
and Planning’s water measurement information system archives and found some deviations,
especially in the peak flow estimates for a few gauging stations. Missing data filtration was
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Fig. 2 Methodology flow chart

done for gauged and satellite data to maintain consistency (Wanniarachchi et al. 2026).
Necessary precautions were taken to ensure all the data were at the same time standard
(UTC). It is useful to analyse the ML model’s performance across different precipitation
classes to understand the ML stack’s ability to reduce uncertainties in satellite precipitation
data. Das et al. (2022) have done a similar comprehensive ML study to classify precipitation
types. The precipitation data were further categorized into precipitation classes (Table 2) to
evaluate the machine learning process in different precipitation classes using the Australian
precipitation threshold classification (Kingston 2023).

3.3 Machine Learning Algorithms

The highly non-linear and non-linearly interacting nature of precipitation makes it inap-
propriate and hard to model using linear relationships. However, the precise design of
predictor variables enables Multiple Linear Regression (MLR) to model specific linear
relationships within the precipitation process (Generoso et al. 2023). In this study, soil
moisture, potential evapotranspiration (PET), satellite-based precipitation estimates,
and their time-lagged representations were used as independent variables to develop the
MLR model, with observed precipitation as the target variable. The dataset was split
into training and testing subsets, with 80% of the data used for model training and 20%

Table 2 Precipitation Threshold Classifications used in different regions

American UK Meteoro- Indonesian Malaysia Australia
Meteorological ~ logical Office Meteorological (Ziarh et al.  (Kings-
Society Department 2021) ton 2023)
No Rain (mm/hr) - - 0-1 - -
Light Rain (mm/hr) <25 <0.5 1-5 <2 <2.5
Moderate (mm/hr) - - 5-10 2-10 2.5-10
Heavy Rain (mm/hr) >7.5 >4 >10 10-20 >10
Extreme (mm/hr) - - >20 >20 -
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reserved for independent performance evaluation. The concept of data split has been
incorporated by employing random sampling methods to guarantee that the performance
of the training and testing data contains samples of the entire spectrum of precipita-
tion classes. However, low levels of precipitation are dominant, with heavy precipitation
occurring infrequently. Care was taken to verify that heavy-precipitation events were
present in both subsets. This ensured that model evaluation remained meaningful across
all precipitation regimes while minimizing sampling bias.

Random Forest (RF) is an ensemble learning method that constructs multiple decision
trees using bootstrap aggregation, commonly known as bagging (Barbhuiya et al. 2024).
Each tree is trained independently on a randomly sampled subset of the training data (with
replacement) and a random subset of predictor variables. This randomness assures the trees
are different in nature; hence, each tree will pick up a different aspect of the data. In the
case of regression, the final RF prediction is determined by averaging the outputs of all
individual trees. This ensemble averaging reduces variance, improves robustness, and limits
overfitting compared to single decision-tree models (Generoso et al. 2023; Tang et al. 2023;
Zhang et al. 2023).

Extreme Gradient Boosting Regression (XGB) follows a boosting framework based on
gradient descent optimization. Unlike bagging-based approaches, boosting builds decision
trees sequentially, where each new tree is trained to correct the residual errors of the com-
bined ensemble of previously built trees (Madhushani et al. 2024). At each iteration, XGB
computes the gradient of the loss function with respect to the current predictions and fits a
new tree to minimize this loss. Regularization terms in the objective function control model
complexity by penalizing overly complex trees, thereby reducing overfitting. Additionally,
the learning rate controls the contribution of each new tree to the ensemble, enabling the
model to learn gradually and improve generalization when smaller learning rates are used
(Kim et al. 2021).

Python libraries including pandas, scikit-learn, matplotlib, pyplot, and seaborn were
used for data processing, modelling, and visualization. The initial hyperparameter values
of the RF and XGB used for the model, as presented in Table 3, were optimized during
the training period. Through the use of various cross-validation processes, the model was
optimized using the XGB early stopping method, ensuring the optimal values of the param-

Table 3 Hyperparameters Random Forest Hyperparameters ~ XGB Hyperparameters
of Random Forest and XGB - -
algorithms n_estimators [100, 200, n_estimators [100,
300] 200,
300]
max_features [‘sqrt’, learning_rate [0.01,
‘log2’] 0.05,
0.1]
max_depth [None, 10, max_depth [3,6,
20, 30] 9]
min_sample_split [2,5,10]  subsample [0.7,
0.8,
0.9]
min_sample_leaf [1,2,4] colsample_bytree [0.7,
0.8,
0.9]
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eters were found through the stopping of the training process when the improvement in the
metrics reached a point where it became negligible, providing a delicate balance between
the accuracy of the model and the computational efficiency of the model.

To further enhance the predictive performance, a stacking ensemble framework is applied
(Das et al. 2022). Stacking ensemble is a more powerful ensemble learning method. In the
stacking ensemble approach, a set of heterogeneous base learners is learned individually. In
the present study, MLR, RF, and XGB algorithms are applied as base learners. The applica-
tion of MLR and RF is to ensure the diversity of the models by incorporating a linear and
a tree-based learning paradigm to learn the characteristics of the precipitation process from
different angles.

In the stacking mechanism, the predictions from the base learners were obtained through
a form of cross-validation, where the data from the training set was utilized. This meant that
the data from the training set was divided into k folds, and for each fold, the base learners
were trained on k-1 folds and then used to predict the remaining fold. This ensured the pre-
diction from each of the base learners used for the meta-model was out-of-sample, prevent-
ing data leakage. The cross-validated data from each of the base learners was then used for
the formation of the meta-model.

For instance, the meta-model was designed in a way that enabled it to learn the optimal
combination of the base learner combinations in a way that best approximated the observed
precipitations. By doing so, the stacking learning framework effectively reduced the bias
and variance, thereby yielding a better performance in terms of generality. The performance
of the stacked learning model was then evaluated on the independent set of data, which was
never used when learning the base learners and the meta-model.

3.4 GR4H Hydrological Model

The GR4J four-parameter parsimonious model, which relates runoff (Q) to rainfall (P) and
evapotranspiration (ET) in daily resolution (Perrin et al. 2003), was identified as a poten-
tial hydrological model. The GR4H model is a variant of GR4J, having the same model
structure but operating with hourly data (Ayzel and Heistermann 2021; Basri et al. 2019;
Han et al. 2019). Wanniarachchi and Sarukkalige (2023) provided the details of the model
schematic, model parameters, units and the calibration procedure.

3.5 Evaluation of Model Efficiency

Objective functions are essential for measuring prediction accuracy because they are sensi-
tive to outliers and can capture overall variability (Lin et al. 2024). The choice of an objec-
tive function is a critical step in the model calibration process, as it directly influences the
behaviour of the optimized model (Huo and Liu 2020; Lin et al. 2024).

The Nash-Sutcliffe Efficiency (NSE) provides a normalized measure of model perfor-
mance relative to a benchmark, typically the mean of the observed parameter (Lin et al.
2024). While NSE evaluates the model’s ability to replicate the full range of streamflow, it
tends to favour peak flows. In contrast, NSE(log) places more emphasis on low flows (Huo
and Liu 2020). Root Mean Squared Error (RMSE) reflects the sum of squared errors, giving
greater weight to larger errors due to squaring, which makes RMSE less robust in the pres-
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ence of outliers (Huo and Liu 2020). The Kling-Gupta Efficiency (KGE) integrates multiple
performance aspects, including correlation, bias, and variability, into a single metric, and a
few recent studies (Lin et al. 2024) considered that KGE to provide a more balanced evalu-
ation of the accuracy and reliability of streamflow predictions, offering valuable insights for
model refinement and decision-making.

In this study, the ML algorithms were optimized with a grid search approach, and opti-
mum hyperparameters were identified for each algorithm. The performance of the stack
approach of the ML models was initially validated by comparing the corrected satellite
precipitation with gauge precipitation. Further analysis of the corrected satellite precipita-
tion was conducted using the calibrated GR4H model. While keeping the model parameters
and other input data constant, only the precipitation input has been changed to observe the
model output. The behaviour of the corrected satellite precipitation was analysed in terms
of the GR4H model-generated streamflow using performance measures such as correlation
coefficient (R?), NSE, NSE(log), RMSE, Bias, and KGE. The mathematical expressions of
these six objective functions are provided in Egs. (2)—(7), respectively:

2
R2 —1_ Z;Lzl (Qobs,i, - Qstat_model,i)

B — 2)
Z?:l (Qobs,i - Qobs)2
n 2
NSE =1— Zi=1 (Qobs,i - %1)2 (3)
Z?:1 (Qobs,i - Qobs)
n 2
NSE(log) — 1 — 2=t (198 Qobii =108 Qeim.i) “
> (log Qobs,i — 10g Qobs )
n 2
RMSE = \/Zizl (Qobs],\i]_ Qsim,i) )
. 2?:1 Qsim
Bias = Z—— — 1
T Qo ©)

KGE = 1\/ (r—1>%+@-1>%+ 8- 1)2)
Where; r= % Z?ZI (Qobs,i—aobs)(Qsim,i—a“m) (7)

__Oobs0sim

/N

Q

0w Q.
= Zim 3= Yeim
Oobs

Q

obs

Where r is the Pearson product-moment correlation coefficient, @) and o are the mean
and the standard deviation of the observed and simulated time series, respectively. a is
the ratio between the simulated and observed standard deviation values, and f is the ratio
between the simulated and observed mean values. When 1, a, and B tend towards 1, the KGE
criterion is maximized (Garcia et al. 2017).
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4 Results and Discussion

This section first compares the raw satellite precipitation with gauge observations to identify
systematic discrepancies. The behaviour of the ML-corrected satellite precipitation is then
examined across three precipitation classes, followed by an evaluation of its implications
for streamflow simulation.

The scatter plot of the sub-area weighted average gauged precipitation with the GSMaP-
NRT raw precipitation data of the Ovens basin (Fig. 3) shows substantial dispersion from
the 1:1 line. GSMaP-NRT data generally underestimates most of the gauged precipitation
records. A limited number of cases exhibit overestimation, where satellite values exceed the
corresponding gauge measurements. This pattern remains evident at the hourly resolution,
suggesting that the discrepancy is not solely a temporal-aggregation effect.

After training the ML stacking model, the relationship between corrected GSMaP-NRT
precipitation and gauge precipitation improved (Fig. 4a). Compared with Fig. 3, the cor-
rected data points are more closely aligned with the 1:1 line, as reflected in the objective
functions presented in Table 4. The correction procedure also reduces the occurrence of
abnormally high satellite precipitation values. Nevertheless, the highest precipitation peaks
remain underestimated, indicating that the bias correction is more effective for moderate
ranges than for extremes.

The distribution of the corrected precipitation data was further analyzed using Kernel
density estimation (KDE) and shown in Fig. 4(b). The KDE shows an elongated concen-
tration along the diagonal, indicating stronger agreement between corrected satellite and
gauge precipitation within the dominant low-intensity regime. The intermediate (2—6 mm/
hour) and heavy (> 6 mm/hour) precipitation classes are less represented in the density plot;
therefore, the model performance in these regimes is evaluated separately in Fig. 5.

Figure 5 indicates that the intermediate precipitation class exhibits improved agreement
after correction, although the dispersion remains larger than in the low-intensity class.

Fig. 3 Scatter plot of GSMaP- 25
NRT Precipitation Vs Gauged
Precipitation

[
(=]

Raw GSMaP-NRT precipitation (mm/hour)

0 5 10 15 20 25
Gauged precipitation (mm/hour)
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Fig. 4 Scatter plot (a) and the density plot (b) of GSMaP-NRT Corrected Precipitation Vs Gauged
Precipitation

Table4 Behaviour of objective functions in Satellite Precipitation bias correction and Streamflow predictions

Compared with the Gauged Precipitation NSE NSE(log) R? BIAS RMSE KGE
data

Raw GSMaP-NRT precipitation -0.301 -0.321 0.554 -0.035 0.589 0.586
Corrected GSMaP-NRT precipitation 0.349 0.371 0.842  0.000 0.403 0.417
Corrected GSMaP-NRT precipitation 0.476 0.513 0.922  0.002 0.170 0.556
(Lower class)

Corrected GSMaP-NRT precipitation (Inter- 0.164 0.163 0.836  0.027 0.802 0.156
mediate class)

Corrected GSMaP-NRT precipitation 0.026 0.034 0.731 -0.133 1.391 -
(Heavy class) 0.178
Compared with the Gauged Streamflow  NSE NSE(log) R? BIAS RMSE KGE
at the catchment outlet

Simulated Streamflow with the gauged 0.814 0.21 0.83 0.001  0.019 0.865
precipitation

Simulated Streamflow with raw GSMaP- 0.245 -0.365 0.356  -0.013 0.039 0.491
NRT precipitation

Simulated Streamflow with corrected 0.766 0.069 0.795 -0.013 0.022 0.826
GSMaP-NRT precipitation

Simulated Streamflow with corrected 0.948 0.953 0.954 -0.002 0.008 0.934

GSMaP-NRT precipitation vs. simulated
streamflow with the gauged precipitation

In contrast, the heavy precipitation class shows a weak or negative trend, and several
corrected values still fall below the 1:1 line. This behaviour coincides with the limited
number of heavy rainfall observations (approximately 0.4% of the dataset). Given this
strong class imbalance, the model is primarily trained on low-intensity events, which
likely contributes to reduced performance in the heavy precipitation regime. These
findings suggest that the stacking model is more stable when trained on the full dataset
rather than separately within sparsely populated classes. Consistent with the graphical
evidence, the objective functions (Table 4) indicate stronger performance in the low-
precipitation class, with higher NSE, R?, and KGE values than in intermediate and heavy
classes. The heavy precipitation class exhibits larger RMSE and a persistent negative
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bias. Because extreme rainfall events are rare yet hydrologically critical, these residual
errors remain a key limitation of the bias-correction framework.

The scatter plot comparing observed streamflow at the catchment outlet with GR4H-sim-
ulated streamflow using gauge precipitation input (Fig. 6a) shows that the model captures
the general trend but underestimates peak flows by approximately 40%. This discrepancy
is consistent with previously reported uncertainties associated with spatial precipitation
interpolation, parameter estimation, and model structural limitations (Moges et al. 2021;
Panchanathan et al. 2024). When corrected GSMaP-NRT precipitation is used as input
(Fig. 6b), the overall correlation and pattern remain similar to the simulation driven by
gauge precipitation. In both cases, the model reproduces the general variability but shows
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Fig. 6 Scatter plot of observed streamflow vs the simulated streamflow for Peechelba station
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greater dispersion at intermediate and high flows. This behaviour may be related to the
calibration strategy of the GR4H model, where parameter optimization based on NSE(log)
tends to prioritize overall water balance and low-to-moderate flows rather than peak flows.

A one-to-one comparison between gauge precipitation and corrected GSMaP-NRT pre-
cipitation (Fig. 4a) already indicated underestimation of peak rainfall. Therefore, some
underestimation of peak streamflow is expected in the hydrological simulations. Despite
this, Fig. 7 shows that the streamflow simulated with corrected satellite precipitation is
highly consistent with that driven by gauge precipitation (R? = 0.954). The clustering of
points near the 1:1 line indicates that both precipitation inputs produce comparable stream-
flow dynamics, although increased dispersion is observed at intermediate flows. This pattern
is also visible in Fig. 6. These results suggest that the corrected GSMaP-NRT precipitation
provides a hydrologically consistent input for the GR4H model. However, comparison with
observed streamflow (Fig. 6) confirms that major peaks remain underestimated. The hydro-
graph comparison over the whole analysis period (Fig. 8) further illustrates this limitation.

During the largest recorded flood event in the Ovens basin (2007-2017), with an observed
peak of 1236.4 m?/s, the simulated peak improved substantially after precipitation correc-
tion from 77.34 m?/s (raw satellite input) to 639.36 m®/s. The simulation driven by gauge
precipitation produced a peak of 721.86 m?/s, which is still considerably lower than the
observed value. These results indicate that both precipitation uncertainty and hydrological
model limitations contribute to the underestimation of peak flows.

At the cumulative scale, GSMaP-NRT precipitation accumulates to 7,985.9 mm over the
study period, while the gauge estimates accumulate to 11,099.65 mm, validating the previ-
ous findings of underestimation. After ML-based correction using soil moisture and PET

Fig. 7 Scatter plot of simulated 0.45
streamflow with the gauged
precipitation Vs the corrected
GSMaP precipitation
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0.4

0.35

0.3

0.25

0.15

0.1

Simulated Streamflow with Corrected GSMaP precipitation (mm/hour)

0 0.05 0.1 0.15 0.2 0.25 0.3 0.35 0.4 0.45
Simulated Streamflow with the gauged precipitation (mm/hour)

@ Springer



Uncertainty Reduction in Near Real-time Satellite Precipitation Estimates... Page 150f 20 188

H

—Observed —Simulated —Rainfall 10

Flow (mm/hour)
H

Flow (mm/hour)

Flow (mm/hour)

2722014 100572016

Fig. 8 Observed and simulated Streamflow hydrographs for the 2007-2017 period using precipitation
data:(a) gauged; (b) GSMaP-NRT; (¢) GSMaP-NRT corrected

as supplementary variables, the cumulative precipitation increases to 11,197 mm, closely
matching the gauge-derived volume while maintaining a realistic temporal distribution.
Figure 8 shows that insufficient antecedent and event precipitation in the raw satellite
product leads to reduced simulated peak flows, particularly during the September 2010
and September 2016 events. Differences between similar streamflow peaks despite varying
gauge-derived precipitation suggest additional uncertainty in spatial rainfall representation.
The uneven distribution of rain gauges, especially in the southeastern alpine region (Fig. 1),
may cause interpolation errors and non-representative catchment averages. An unusually
high satellite estimates further indicate residual sensor and atmospheric uncertainties.
Overall, these findings highlight that while the ML stacking framework substantially
reduces systematic bias in GSMaP-NRT precipitation and improves hydrological consis-
tency, challenges remain in accurately representing extreme precipitation and peak flood
responses. Also, it established the need for bias-correction approaches that explicitly
account for class imbalance, spatial sampling limitations, and event-scale dynamics.

5 Limitations and Future Work
The major challenge in this study was the higher-resolution data, leading to a significant

temporal mismatch between satellite estimates and gauged data. To be able to overcome
this limitation, all model features were tested up to a 3-hour time lag. It is recommended,
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however, that further testing at coarser resolutions and over longer timescales should be
carried out to examine the robustness of the trained machine learning model across catch-
ments. The performance in representing heavy rainfall events may be improved, while
event-based or stratified training strategies may be considered for future work, along with
an investigation into the robustness of the models across a wide range of climatic and hydro-
logical regimes. This approach will help ensure consistency in the findings and allow the
application of the GSMaP-NRT precipitation data with reduced uncertainty for data-scarce
regions. Considering the incorporation of explainable machine learning (XAI) into future
works is necessary for interpreting and justifying the selection of hydrological parameters
used in the model training.

6 Conclusions

In this research, the Random Forest (RF), Multiple Linear Regression (MLR), and Extreme
Gradient Boosting (XGB) models were used. Root-zone soil moisture and PET were used in
the models to reduce the uncertainty in GSMaP-NRT precipitation estimates for the Ovens
Basin. Model performance was evaluated using six objective functions as well as the cali-
brated GR4H hydrological model simulations.

The results show that raw GSMaP-NRT precipitation exhibits a negative bias, high
RMSE, and negative NSE values. The machine-learning-based correction substantially
reduces the bias; however, RMSE remains comparatively high for the intermediate and
heavy precipitation classes. All six objective functions achieved their optimal ranges pri-
marily under low precipitation conditions, indicating that the proposed framework performs
more reliably for frequent, low-intensity rainfall events than for extreme rainfall events.

Streamflow simulations using the GR4H model show that peak discharge estimated with
bias-corrected satellite precipitation remains 48% underestimated, compared with 41% with
gauged precipitation. However, this represents a significant improvement over the 93%
underestimation observed with raw GSMaP-NRT data. These inconsistencies suggest that
remaining errors are influenced not only by limitations in precipitation correction but also
by satellite retrieval uncertainty, the strong imbalance in extreme rainfall events in the data-
set, and the hydrological model’s sensitivity to peak rainfall events.

Despite these limitations, the strong agreement (R? = 0.9544) between simulations driven
by gauged precipitation and corrected satellite precipitation indicates that the proposed
machine-learning framework can improve the consistency of near-real-time satellite rainfall
estimates. The addition of root-zone soil moisture, PET, and their time-lagged representa-
tions appears to improve the model’s ability to reproduce major hydrological signals, par-
ticularly for low to moderate precipitation conditions.

Overall, the application of the stacking-based machine learning framework together
with the GR4H hydrological model demonstrates the potential of integrating data-driven
correction with process-based modelling for applications where ground observations
are limited. However, the results should be interpreted with caution, due to strong class
imbalance (with most samples from low-rainfall scenarios), the temporal disaggregation
assumptions, and the limited representation of extreme events may affect the generaliz-
ability of the approach.
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