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Abstract. High-resolution precipitation information is es-
sential for hydrometeorological applications such as extreme
weather monitoring, flood forecasting, and disaster risk man-
agement. Despite substantial advances in satellite, radar,
and gauge observations, producing kilometre-resolution sub-
daily precipitation analyses over continental domains re-
mains challenging due to heterogeneous data availability,
scale mismatches, and computational constraints. This study
presents the design and trial implementation of BRAIN
(blended rainfall), a continental-scale, kilometre-resolution
hourly precipitation analysis for Australia. In this initial im-
plementation, BRAIN integrates three key data sources from
the Australian Bureau of Meteorology: geostationary satel-
lite rainfall estimates (2 km, 10 min) from Himawari, radar
rainfall estimates (1 km, 5 min) from the national radar net-
work, and rainfall observations from sub-daily rain gauges.
The trialled system incorporates quality control, spatiotem-
poral aggregation, bias correction, and a simplified statisti-
cal interpolation configuration designed to balance analysis
performance and computational scalability at the continental
scale. Source contributions are weighted according to their
spatial and temporal error characteristics, allowing each data
type to influence the analysis where it is most informative.
The initial implementation produces hourly rainfall fields at
2 km resolution across the Australian continent. Evaluation
over the 2022–2023 trial period indicates that the blended
analysis improves overall upon satellite-only, radar-only, and

satellite–gauge products. Comparisons with gauge-based in-
terpolation and the current daily operational product further
illustrate the spatial characteristics of the blended analysis,
including finer-scale rainfall structures and intensity varia-
tions that are not represented by these products. These re-
sults demonstrate the feasibility of the proposed design for
continental-scale, high-resolution multi-source precipitation
analysis in the Australian context, with potential applica-
tions to long-term historical reconstruction and near-real-
time rainfall analysis. The flexible and scalable system de-
sign also allows future upgrades, including finer spatial and
temporal resolutions and the incorporation of additional data
sources. Beyond Australia, this study provides a practical ref-
erence for developing large-scale multi-source precipitation
analyses at kilometre and hourly resolutions.

1 Introduction

Precipitation is a critical component of the water cycle, ex-
erting strong control over hydrological processes and act-
ing as a primary driver of flooding, which poses significant
risks to infrastructure and human safety (Prein et al., 2017).
However, accurately characterising precipitation fields, par-
ticularly at high spatial and temporal resolutions, remains
challenging due to their pronounced variability across scales
(Nishant et al., 2022; Zhang et al., 2021a).
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Multiple observational sources provide complementary in-
formation for characterising precipitation. Rain gauges pro-
vide relatively direct and reliable measurements at individual
locations but have limited ability to represent spatial vari-
ability, particularly in regions with sparse observation net-
works (Villarini et al., 2008). Weather radars provide pre-
cipitation estimates at high spatial and temporal resolutions
over broader areas but are typically concentrated in densely
populated regions, leaving large remote areas unmonitored
(e.g., Zhang et al., 2025). Satellite-based precipitation prod-
ucts provide extensive spatial coverage and frequent tem-
poral sampling, offering valuable precipitation information
where ground-based observations are unavailable (e.g., Sun
et al., 2018; Zhang et al., 2021b, c). Reanalysis products
combine numerical weather prediction (NWP) models with
assimilated observations to provide spatially and temporally
complete precipitation fields, although their precipitation es-
timates depend on model configuration, physical parame-
terisations, spatial resolution, and data assimilation systems
(e.g., Su et al., 2019, 2021, 2025).

Despite these complementary strengths, each source is
subject to distinct uncertainties. Gauge measurements can
be affected by instrumental errors (e.g., wind-induced under-
catch) and local sampling limitations (e.g., discrete tipping
in tipping-bucket gauges) (Ciach, 2003; Dunn et al., 2025;
Ochoa-Rodriguez et al., 2019; Segovia-Cardozo et al., 2023),
while their point-scale measurements may not fully represent
precipitation averaged over a larger grid cell. Radar precipi-
tation estimates are affected by uncertainties associated with
reflectivity-to-rainfall conversion (Kirsch et al., 2019), at-
tenuation (Delrieu et al., 1999), beam blockage (McRoberts
and Nielsen-Gammon, 2017), ground clutter (Hubbert et al.,
2009a, b), and range-dependent sampling (Ochoa-Rodriguez
et al., 2019). Satellite precipitation estimates rely on indirect
relationships between remotely sensed cloud or hydrometeor
properties and surface precipitation and are therefore subject
to retrieval and algorithmic uncertainties, including difficul-
ties in detecting or quantifying certain precipitation regimes
(Chen et al., 2023; Li et al., 2026; So and Shin, 2018; Upad-
hyaya et al., 2020; Zhu et al., 2026). Reanalysis precipita-
tion is also subject to uncertainties inherent in its production
process, as precipitation is generally diagnosed by the nu-
merical model rather than directly assimilated, with its ac-
curacy therefore depending strongly on model physics and
parameterisations (e.g., Su et al., 2019, 2021, 2025). These
errors can vary substantially across space, time, and pre-
cipitation conditions. Integrating information from multiple
sources therefore provides an opportunity to leverage their
complementary strengths while reducing dependence on the
limitations of any individual source (e.g., Beck et al., 2017,
2019).

A range of approaches have been developed for multi-
source precipitation blending (e.g., Xu et al., 2024; Zhang et
al., 2025). For example, performance-based averaging meth-
ods derive weights for non-gauge data sources from gauge-

based skill metrics and apply them in a grid-aligned man-
ner, but their applicability may be limited in regions with
very sparse gauge coverage. Triple collocation-based ap-
proaches provide a gauge-independent alternative by estimat-
ing weights from independent data sources (e.g., Dong et al.,
2022; Koster et al., 2021; Xu et al., 2020). However, both
performance-based and triple collocation-based approaches
typically require spatially complete datasets and assign fixed
source weights over time, limiting their applicability under
heterogeneous data coverage, such as mixtures of spatially
incomplete gridded fields and point observations. Multifrac-
tal blending methods aim to combine precipitation informa-
tion across spatial scales (e.g., Imhoff et al., 2023; Renzullo
et al., 2017), but their implementation can be challenging
when consistent scaling behaviour is not evident in the in-
put data. Physically based approaches have also been devel-
oped, in which dynamic weighting rules are assigned accord-
ing to observational quality and environmental conditions,
including those used in the operational national-scale Multi-
Radar Multi-Sensor (MRMS) system in the United States
(e.g., Martinaitis et al., 2020).

More recently, machine learning-based approaches have
been explored (e.g., Gavahi et al., 2023; Kossieris et al.,
2024; Xu et al., 2024), in which non-gauge data sources
are treated as input features and model relationships are
learned using gauge observations as targets. While offer-
ing high flexibility, ML-based approaches have limited in-
terpretability and substantial computational demands, which
have constrained their adoption in operational precipitation
analysis. In addition, many of the above approaches typically
do not assimilate gauge observations directly as a primary
data source in the blending step, which can limit performance
in gauge-rich regions where point observations provide the
most accurate precipitation information.

Compared with the approaches discussed above, statistical
interpolation, also known as optimal interpolation, is a statis-
tical method with several properties that are well suited to
multi-source precipitation blending (e.g., Bhargava and Da-
nard, 1994; Chua et al., 2022a, 2023; Fortin et al., 2018;
Gandin, 1965; Mahfouf et al., 2007; Shen et al., 2014, 2018).
A defining feature of statistical interpolation is that rain
gauge observations are explicitly assimilated as a primary
data source, rather than being used only indirectly for weight
estimation, bias correction, or model training. The grid-wise,
time-step-wise formulation combines a spatially complete
background field with observational increments weighted ac-
cording to error characteristics and spatial proximity. This
structure enables the flexible integration of point and grid-
ded observations while accommodating spatial and tempo-
ral data gaps, making statistical interpolation well suited to
large-scale precipitation analysis under conditions with het-
erogeneous data availability.

Building on these properties, multi-source precipitation
analysis or reanalysis systems have been developed and im-
plemented in several countries, including the United States
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(e.g., Xie et al., 2010), Canada (e.g., Fortin et al., 2015, 2018;
Khedhaouiria et al., 2020, 2022; Mahfouf et al., 2007), the
United Kingdom (e.g., Yu et al., 2020), China (Shen et al.,
2014, 2018; Xia and Wang, 2025; Xie and Xiong, 2011), and
France (e.g., Hyfte et al., 2023), with a wide range of spa-
tial and temporal resolutions. In practice, the achievable spa-
tial and temporal resolution of such systems is largely con-
strained by the data source used for the background field.
For example, systems based on global satellite products and
NWP outputs commonly operate at spatial resolutions of
around 10 km unless additional interpolation or downscal-
ing is applied, with temporal resolutions typically ranging
from hourly to several-hourly intervals, depending on data
availability and computational cost. Although these systems
generally follow similar blending principles, each implemen-
tation must be tailored to regional data availability, blend-
ing configuration, computational capacity, and operational
requirements, and must be maintained through routine up-
dates as observing systems evolve.

In Australia, several gridded precipitation products based
on daily gauge observations have been developed to sup-
port climate and water-related applications (e.g., Jeffrey et
al., 2001; Jones et al., 2009; Evans et al., 2020). For exam-
ple, the Australian Gridded Climate Data (AGCD) product,
formerly known as the Australian Water Availability Project
(AWAP) product (Jones et al., 2009), provides an opera-
tional 5 km daily rainfall dataset that is widely used, with
a higher-resolution version (i.e., 1 km) recently developed
by the Australian Bureau of Meteorology (hereafter, the Bu-
reau) (Bari et al., 2026). Despite these advances, there is cur-
rently no national operational gridded rainfall product that
provides high-resolution precipitation at sub-daily timescales
(e.g., hourly). This gap is particularly relevant to flood mod-
elling and forecasting, which require rainfall information at
sub-daily timescales. In the Bureau’s operational flood fore-
casting system, inverse distance weighting (IDW) interpo-
lation is used to derive catchment- and/or sub-catchment-
scale rainfall estimates from sub-daily gauge observations
for hydrological modelling (Malone, 1999; Malone and Car-
roll, 2022), rather than to generate a national gridded rain-
fall product. While radar-based rainfall products (Seed et al.,
2007) offer high spatial and temporal resolution, their limited
coverage leaves a substantial fraction of the Australian land
area unmonitored (approximately 28 % in 2023), particularly
in remote regions (see Fig. 1c). Satellite-derived sub-daily
precipitation estimates are also available, but their relatively
coarse resolution (e.g., 10 km) and uncertainty constrain their
suitability compared with gauge-based analyses (Islam et al.,
2020).

The lack of a national, high-resolution sub-daily rainfall
product highlights the need for a multi-source precipitation
analysis for Australia (Nishant et al., 2022). Several experi-
mental efforts have sought to address this gap. Disaggrega-
tion approaches infer sub-daily rainfall from daily products
using high-frequency data such as reanalysis (Acharya et al.,

2022), but their accuracy depends on the ability of reanalysis
to realistically represent sub-daily precipitation and is further
limited by data latency for near-real-time applications (e.g.,
Su et al., 2025). Blending-based studies have demonstrated
the potential of integrating multiple data sources, including
satellite–gauge merging using statistical interpolation at the
monthly scale (Chua et al., 2022a, b) and catchment-scale
blending of NWP, satellite, and radar data using multifractal
methods (Renzullo et al., 2017). However, these efforts have
not yet resulted in a national-scale, kilometre-resolution, sub-
daily rainfall product.

Recently, the Bureau has implemented the Himawari-
based Convective Rainfall Rate from Cloud Physical Prop-
erties (CRRPH) product, which offers markedly higher spa-
tial (2 km) and temporal (10 min) resolutions than existing
global satellite products such as the Integrated Multi-satellite
Retrievals for Global Precipitation Measurement (IMERG,
10 km and 30 min), with frequent updates (15 min) suit-
able for near-real-time applications (Bureau of Meteorol-
ogy, 2024). These characteristics provide a promising basis
for developing kilometre-resolution, sub-daily precipitation
analyses at the national scale.

As part of recent national efforts to advance high-
resolution precipitation analysis, the Bureau has initiated
the Next Generation Rainfall Project. The project aims to
develop a new generation of rainfall products to support
both historical applications, such as climate analysis and
hydrological model calibration, and near-real-time opera-
tional applications, including flood forecasting and disaster
response. Within this context, this paper presents the design
and national-scale trial implementation of BRAIN (Blended
Rainfall). BRAIN is a multi-source precipitation analysis
system that produces hourly rainfall fields at 2 km resolution
across Australia by integrating satellite, radar, and sub-daily
gauge observations within a statistical interpolation frame-
work.

The study makes several key contributions:

i. It systematically examines the role of the latest Hi-
mawari CRRPH satellite rainfall product as a high-
resolution background field and investigates its interac-
tion with radar and sub-daily gauge observations within
the blended analysis, building on recent advances by the
Bureau in satellite-based rainfall estimation.

ii. It presents a continental-scale trial implementation for
Australia that integrates all currently available and op-
erationally manageable satellite, radar, and gauge obser-
vations within a unified framework, extending previous
multi-source efforts towards a potentially national oper-
ational product.

iii. It applies and adapts statistical interpolation theory to
Australian observational and computational constraints,
including the adoption of an error-informed localisation
strategy and a simplified nearest-point representation

https://doi.org/10.5194/hess-30-6701-2026 Hydrol. Earth Syst. Sci., 30, 6701–6730, 2026



6704 Y. Zhang et al.: Design and trial implementation of hourly precipitation analysis for Australia

for radar observations. These adaptations enable scal-
able, grid-cell-wise and time-step-wise blending at kilo-
metre and hourly resolutions with low computational
overhead.

The resulting blended analysis is evaluated from multi-
ple complementary perspectives, including comparisons with
single-source fields, two-source blending configurations, and
existing operational products and approaches. The BRAIN
framework is designed to be extensible, scalable, and trans-
ferable. It allows for the future incorporation of additional
data sources, including alternative satellite products, NWP
outputs or reanalysis products, and daily gauge observations
(e.g., Zhang et al., 2027). The framework also supports adap-
tation to finer spatial or temporal resolutions (e.g., 1 km and
30 min) as operational and research needs evolve and as com-
putational resources increase. Beyond the Australian con-
text, BRAIN provides a practical reference for large-scale
multi-source precipitation analysis at kilometre and hourly
resolutions, complementing existing regional-, national-, and
basin-scale implementations under heterogeneous observa-
tional conditions.

2 Data sources

Many different data sources are possible for use in generat-
ing a blended precipitation product for Australia. In the first
instance, we use three Bureau-managed precipitation data
sources for blending:

– In situ rain gauges (15/30 min data aggregated to
hourly) from the Bureau and those supplied opera-
tionally by other jurisdictional agencies to support the
Bureau’s flood forecasting and warning responsibilities.

– Radar rainfall rates (5 min, 1 km grid) from the Bureau’s
national radar network.

– Satellite rainfall estimates processed from Himawari
(10 min, 2 km grid).

As detailed further below, these data feeds were chosen for
the initial implementation for two main reasons: (1) all three
data sources (in situ gauges, radar, and satellite) are currently
operational, ensuring both feasibility and immediate applica-
bility; and (2) among these, in situ gauge observations are al-
ready used operationally to support national flood forecasting
services and provide the primary observational reference for
evaluation in this study. Additional datasets are being consid-
ered for future upgrades (see Sect. 5.3 for future directions).
The 2022–2023 period was used for trial development and
evaluation to assess the performance of the initial implemen-
tation under near-current observational conditions.

2.1 In situ observations

A total of 2155 sub-daily rain gauge stations (with obser-
vations aggregated to hourly resolution; Fig. 1a) and 3659
independent daily rain gauge stations (Fig. 1b) (Bureau of
Meteorology, 2025) were used in this study. The hourly
gauges, sourced from both automatic weather stations and
flood warning stations, were recorded at sub-hourly inter-
vals and served as the primary input for the blending process.
The daily gauges, obtained primarily from human-recorded
observations, provided an independent evaluation dataset for
the final blended product. To prevent redundancy, any gauge
present in both datasets was retained only in the hourly
dataset. The network density varies significantly for hourly
gauges (Fig. 1a), with some areas – particularly along the
populated and flood-prone Great Dividing Range in eastern
Australia – having dense coverage, while others have little to
no data. In contrast, daily gauges (Fig. 1b) are more evenly
distributed, though substantial data voids remain, particularly
in the arid and sparsely populated western interior.

Both the hourly and daily datasets were subjected to rigor-
ous quality control procedures, including checks for anoma-
lously high values based on historical rainfall distributions
and gridded Intensity-Frequency-Duration (IFD) statistics.
Additional procedures included spatial intercomparisons to
detect anomalously high values or prolonged periods of zero
values indicative of instrument failure or gauge blockage,
intercomparisons between sub-daily and daily observations
where both were available, and checks for long sequences
of identical non-zero values. Specifically, potential rainfall
spikes were identified using thresholds of two and four times
the historical 99.9th percentile. Extreme rainfall observations
were also checked against local IFD statistics, including the
1 % Annual Exceedance Probability (AEP) and 1-in-1000-
year rainfall thresholds. Spatial consistency checks further
compared unusually high observations with neighbouring
gauges within 50 km. These complementary checks used his-
torical, climatological, and spatial information to identify po-
tentially erroneous high rainfall values while retaining plau-
sible extreme rainfall observations.

Although the quality control procedures remove many
identifiable erroneous observations, residual measurement
and sampling uncertainties may remain in the gauge data
used in this study. The hourly observations are aggregated
from sub-hourly measurements, primarily from tipping-
bucket gauges, and may therefore retain uncertainties asso-
ciated with the original sub-hourly measurements and their
aggregation into hourly totals. In addition, some isolated
gauges have few nearby reference stations available for spa-
tial consistency checks, while random or less readily identifi-
able errors may not be detected by the quality control proce-
dures. It is also worth noting that rainfall measured by an in-
dividual gauge may differ from the corresponding 2 km grid-
cell average because of sub-grid precipitation variability, in-
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Figure 1. Spatial distribution and coverage of the data sources used in this study: (a) hourly gauges (aggregated from sub-daily observa-
tions; N = 2155) categorised as within (N = 2122, blue) or outside (N = 33, red) the maximum radar range, (b) daily gauges (N = 3659)
similarly categorised as within (N = 3547, blue) or outside (N = 112, red) the maximum radar range, (c) radar-based hourly precipitation
accumulation at 08:00 UTC on 1 March 2022, with a maximum radar range of approximately 300 km and a spatial resolution of 1 km, and
(d) satellite-based precipitation (CRRPH) for the same time, with seamless spatial coverage at a 2 km resolution. The tropical, subtropical,
and temperate subregions used in subsequent analyses are indicated by the horizontal dashed lines.

troducing spatial representativeness uncertainty when point
observations are used to represent gridded precipitation.

An additional independent hourly dataset (approximately
2000 stations) was obtained from third-party providers,
including local councils, water utilities, and other water
management organisations through ongoing data-sharing ar-
rangements. As this dataset continued to expand throughout
the project, these observations became available only after
completion of the bias correction and blending analyses and
were therefore used for supplementary independent valida-
tion. These observations were subjected to the same quality
control procedures as the primary hourly gauge dataset. The
spatial distribution of these hourly gauge stations is shown in
Fig. S15 in the Supplement.

2.2 Radar-based observations

Radar rainfall estimates (Bureau of Meteorology, 2022)
were obtained from the Bureau’s operational Rainfields
system, which provides real-time data at a spatial resolution
of 1 km and a temporal resolution of 5 min. Weather radar
observations have been available in Australia since the
late 1990s, with the network progressively expanding from
coverage concentrated around major population centres
to its current broader coverage. The radar network dur-
ing 2022–2023 used in this study covered approximately
72 % of the Australian land area. Further information on
Australian weather radar data availability and archiving
is provided by the Australian Unified Radar Archive
(https://opus.nci.org.au/spaces/NDP/pages/399803502/
Australian+Unified+Radar+Archive, last access: 9 Octo-
ber 2026).
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The Rainfields system offers both raw and calibrated
radar rainfall rates. Raw rainfall rates are derived using
reflectivity–rainfall rate (Z–R) relationships, which are es-
tablished for each radar based on long-term historical data.
Calibrated rainfall rates are then generated by applying dy-
namic bias correction to the raw estimates using nearby
gauge observations within a 150 km radius and a 15 min time
window, employing a Kalman filtering approach (Chum-
chean et al., 2006). By incorporating real-time gauge data,
calibrated radar rainfall rates provide an additional refine-
ment to the Z–R-based estimates, allowing adjustments to
reflect current conditions that may deviate from those during
the historical period used to derive the Z–R relationships.

In this study, we used hourly radar accumulations derived
from 5 min calibrated radar rainfall rates as a blending in-
put at the target hourly resolution. However, we recalibrated
the radar data using gauges within a 300 km radius and a 1 h
window to increase the availability of co-located radar-gauge
pairs for estimating local radar errors. The larger spatial ra-
dius allows more co-located radar-gauge pairs to be included,
particularly in gauge-sparse regions, while the longer tempo-
ral window increases gauge availability by accommodating
their reporting latency. These two modifications therefore ad-
dress the spatial and temporal availability of gauge informa-
tion, respectively. We refer to the operational calibrated prod-
uct as R0 and the recalibrated version as R1. In addition, to
match the spatial resolution of the satellite data, the original
1 km radar grids were aggregated to 2 km. Figure 1c shows
an example of the recalibrated hourly radar rainfall accumu-
lation (R1) across Australia at 08:00 UTC on 1 March 2022.

The R1 radar estimates used for blending benefit from
both the operational Rainfields calibration and the additional
hourly gauge-based recalibration applied in this study. Nev-
ertheless, residual errors and artefacts present in the under-
lying radar observations may remain after these corrections.
For example, local effects associated with beam blockage,
anomalous echoes, and other retrieval or sampling issues
may not always be fully identified or removed during opera-
tional quality control and processing.

In addition, the gauge-based bias correction estimates lo-
cal radar biases from available gauge observations and in-
terpolates these estimates to construct spatially continuous
bias fields. However, this correction does not necessarily re-
move biases across all precipitation intensities, and residual
biases may remain within specific rainfall intensity ranges.
Its effectiveness also depends on the availability and repre-
sentativeness of nearby gauges and on how well the interpo-
lated bias field represents the spatial variability of the actual
radar bias. The correction may therefore be less effective in
areas far from available gauges or with sparse gauge cover-
age. Details of the bias-correction procedure are provided in
Sect. 3.3.

2.3 Satellite-based observations

The Himawari-based CRRPH v2.1 product (Bureau of Mete-
orology, 2024) was selected as the background field for this
study because it provides continental coverage at a spatial
resolution of 2 km and a temporal resolution of 10 min, help-
ing to compensate for gaps in the ground-based observation
network. The product is derived from observations collected
by the Japanese Himawari-8/9 geostationary satellites, which
carry the Advanced Himawari Imager (AHI) and provide
multi-spectral observations of cloud and atmospheric prop-
erties over the Australian region. CRRPH exploits the high-
frequency, multi-channel infrared observations from AHI to
infer convective rainfall rates based on cloud physical prop-
erties, including cloud optical depth and effective radius.

The CRRPH product is available from 2015 onwards and
is updated operationally with a latency of approximately
15 min, making it suitable for near-real-time applications. In
this study, the native 2 km spatial resolution of CRRPH was
adopted as the target grid for blending, thereby defining a
common spatial grid across all input datasets. This choice
avoids additional spatial resampling of the satellite field
and reduces potential interpolation-induced errors. Tempo-
rally, the 10 min CRRPH rainfall rates were aggregated to
hourly accumulations prior to blending to ensure consistency
with other data sources and downstream hydrological ap-
plications. Figure 1d illustrates an example of the CRRPH
hourly rainfall accumulation across Australia at 08:00 UTC
on 1 March 2022, highlighting its ability to represent large-
scale precipitation patterns with fine spatial detail. As with
other satellite-based precipitation products, CRRPH rainfall
estimates are subject to systematic biases.

As an infrared satellite precipitation product, CRRPH in-
fers surface rainfall indirectly from cloud properties observed
by the Himawari AHI. Retrieval errors may therefore occur
when the observed cloud characteristics do not adequately
represent the occurrence or intensity of surface precipitation
(Karagiannidis et al., 2023; So and Shin, 2018). In addition,
the calibrated lookup tables used to convert retrieved cloud
properties into rainfall rates represent empirical relationships
and may not fully capture variations in the cloud–rainfall re-
lationship under different precipitation conditions.

To reduce systematic discrepancies with gauge observa-
tions, a spatially varying local bias correction was applied,
as described in Sect. 3.3. S0 denotes the original CRRPH
product without bias correction, while S1 denotes the bias-
corrected product used as the background field for blending.
The correction is designed to reduce the overall systematic
bias of CRRPH relative to gauge observations towards zero,
but does not necessarily remove biases across all precipita-
tion intensities. Residual biases may therefore remain within
specific rainfall intensity ranges. Moreover, the correction
cannot fully address errors in rainfall occurrence or spatial
structure inherent in the satellite retrieval. As the estimated
bias field is derived from available gauges and spatially in-
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terpolated, its effectiveness depends on the availability and
representativeness of nearby gauges and may be reduced in
areas far from available gauges or with sparse gauge cover-
age.

3 Methods

3.1 Workflow

The multi-source blending workflow (Fig. 2) integrates satel-
lite, radar, and gauge data through a multi-step process to
produce a high-resolution blended rainfall product. After
temporal and spatial aggregation, quality control, and bias
correction, satellite data serve as the background field, radar
data as the first-layer observations, and gauge data as the
second-layer observations. These inputs are then combined
using the multi-source statistical interpolation framework to
generate the final blended rainfall (BRAIN) product. The key
processing steps are described in the following subsections.

3.2 Multi-source statistical interpolation

A range of approaches have been developed for producing
blended gridded datasets (e.g., Yin et al., 2021; Gavahi et al.,
2023; Khedhaouiria et al., 2022; Chappell et al., 2013; Shen
et al., 2014; Yu et al., 2020; Zhang et al., 2025). Statistical
interpolation, also commonly referred to as optimal interpo-
lation (OI), was originally developed within the framework
of objective meteorological analysis (Gandin, 1965) and has
been widely used as an interpolation method by many me-
teorological organisations (e.g., Mitchell et al., 1990; Huang
et al., 1997; De Mey, 1994; Lorenc et al., 1991) for blending
or assimilating observations with weather models, particu-
larly before the development of more advanced variational
methods (e.g., Gauthier et al., 2007; Rawlins et al., 2007; Ra-
bier et al., 2000; Rabier, 2005). More recently, OI and related
statistical interpolation approaches have been widely applied
to precipitation interpolation and blending (e.g., Bergman,
1978; Chua et al., 2023; Mahfouf et al., 2007; Xia and Wang,
2025; Xie and Xiong, 2011; Yu et al., 2020).

Statistical interpolation enables the integration of multi-
source precipitation data by updating a background estimate
– in this case, the satellite-derived first guess – based on ob-
servations (gauge and radar data) to generate an analysis,
with adjustments weighted according to the estimated error
characteristics of each data source. The formulation adopted
in this study follows the established OI framework (Gandin,
1965; Xie and Xiong, 2011; Yu et al., 2020; Mahfouf et al.,
2007; Zhang et al., 2026), as described by Eqs. (1)–(5) be-
low. A detailed derivation of the formulation is provided in
our recent study (Zhang et al., 2026). The method assumes
Gaussian error distributions, which may not strictly hold for
precipitation but are commonly used as an approximation to
avoid the additional complexity associated with data trans-
formation, while bias correction is applied to both satellite

and radar data to help satisfy the assumption of unbiased er-
rors. Statistical interpolation operates as an iterative, grid-
based analysis, adjusting each target grid cell using observa-
tions within a predefined search radius (e.g., 200 km in this
study).

For a given target grid cell k, the analysis value is com-
puted as:

Ak = Bk +

n∑
i=1

wi · (Oi −Bi) (1)

where Ak is the analysis value, Bk is the background value,
Oi is the observation value at a nearby location i, Bi is the
corresponding background value, and n is the total number
of nearby observations. The term Oi −Bi represents the ob-
servation increment, and wi are the weights assigned to each
observation.

The analysis error at the target grid cell k, denoted by Ek ,
is then determined as the difference between the theoretical
“true value” Tk and the analysis value Ak:

E2
k = (Tk −Ak)

2
=

[
Tk −Bk −

n∑
i=1

wi · (Oi −Bi)

]2

(2)

Here, Tk denotes the unknown theoretical true value at the
target grid cell k, which cannot be directly observed in prac-
tice and is introduced for error definition and derivation pur-
poses.

By defining the background error fi = Ti −Bi and obser-
vation error εi =Oi − Ti , the analysis error equation can be
rewritten as:

E2
k =

[
fk −

n∑
i=1

wi · (fi + εi)

]2

(3)

Minimising this error allows us to optimally assign
weights to nearby observations, yielding the most statisti-
cally accurate estimate for each target grid cell. To solve this
optimisation problem, we take the partial derivative of E2

k

with respect to each wi and set it to zero, which leads to the
following equation:
n∑
j=1

(fi + εi)
(
fj + εj

)
wi = fk (fi + εi) , i = 1,2, . . .,n (4)

By expanding and expressing Eq. (4) in standardised form:
n∑
j=1

(
µij + τijσj + τjiσi + ρijσiσj

)
w′i

= µki + τkiσi, i = 1,2, . . .,n (5)

where:

– µij = fifj/
(
fi

2fj
2) 1

2 ,µij ∈ Rn×n is the background
(satellite) error correlation between the ith and j th ob-
servation locations. Similarly, µki ∈ R1×n is the back-
ground error correlation between the target grid cell k
and the ith observation location.
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Figure 2. Workflow of the multi-source statistical interpolation blending process used in the BRAIN (Blended Rainfall) analysis. The inputs
include Himawari satellite CRRPH data (2 km, 10 min), Rainfields radar data (1 km, 5 min), and sub-daily gauge observations (point data,
15/30 min). The workflow includes temporal aggregation of satellite, radar and gauge data, spatial aggregation of radar data, and quality
control of gauge observations. After bias correction, the satellite data serve as the background field, radar data serve as the first-layer
observations, and gauge data serve as the second-layer observations. The trialled implementation integrates these inputs to generate the final
BRAIN analysis at a spatial resolution of 2 km and a temporal resolution of 1 h.

– τij = fiεj/
(
fi

2εj
2) 1

2 ,τij ∈ Rn×n is the correlation be-
tween the background error at the ith location and the
observation error at the j th location. Similarly, τki is
the correlation between the background error at the tar-
get grid cell k and the observation error at the ith obser-
vation location.

– ρij = εiεj/
(
εi

2εj
2) 1

2 ,ρij ∈ Rn×n is the observation er-
ror correlation between the ith and j th observation lo-
cations.

– σi =
(
εi

2/fi
2) 1

2 ,σi ∈ Rn×1 is the ratio of the standard
deviation of the observation error to the standard de-
viation of the background error at the ith observation
location.

– w′i = wi
(
fi

2/fk
2) 1

2 ,w′i ∈ R
n×1 is the scaled weight ac-

counting for differences in background error between
the ith observation location and the target grid cell k.

This system of linear equations is solved to determine the
optimal weights wi , which are used to obtain the optimal
precipitation estimate at each target grid cell by combining

information from the background field and available obser-
vations (e.g., radar and gauge data). The treatment of differ-
ent observation sources is described below, while the corre-
sponding source-specific error characteristics are introduced
in Sect. 3.4.

These equations require knowledge of the background er-
ror correlations (µij ,µki), background-to-observation error
correlations (τij ,τki), observation error correlations (ρij ), the
ratios of observation to background error variances (σi), and
the spatial variation in background errors (fi2/fk2).

The background error correlation is typically derived from
an analytical function (e.g., Bergman, 1978; Xie and Xiong,
2011; Yu et al., 2020), while background-to-observation er-
ror correlations are assumed to be zero, as errors from differ-
ent sensor systems are considered independent. Similarly, the
observation-to-background error variance ratio is estimated
separately for satellite, radar, and gauge data using analyt-
ical functions (e.g., Bergman, 1978; Xie and Xiong, 2011;
Yu et al., 2020), with the corresponding ratios computed be-
tween different data sources. The most challenging part of
statistical interpolation is determining the observation error
correlations (ρij ), as this requires accounting for the number
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of observations in different cases and their respective sensor
systems, particularly as the number of data sources increases.

In this study, both gauge and radar data are incorpo-
rated as observations. Radar–gauge observation error cross-
correlations are assumed to be zero. Explicit estimation of
these cross-correlations requires independent characterisa-
tion of both radar and gauge errors. In particular, robust esti-
mation of gauge representativeness errors generally requires
a sufficiently dense gauge network to provide an independent
estimate of areal rainfall, which is difficult to achieve con-
sistently across Australia. Seo and Krajewski (2011), using
high-density gauge networks, showed that radar–gauge error
correlations can vary across individual samples and scales,
but their mean correlations remained close to zero across the
spatial and temporal scales examined. We therefore adopt
zero radar–gauge error cross-correlation as a practical simpli-
fying assumption for the national-scale implementation. Fur-
thermore, errors from gauges at different locations are also
assumed to be independent. Accordingly, radar–gauge and
gauge–gauge observation error correlations are set to zero.
However, a full representation of radar-to-radar error corre-
lations would require retaining potentially hundreds of radar
grid cells within the influence radius (e.g., 200 km in this
study) for each target grid cell, substantially increasing the
size of the observation-error covariance matrix (i.e., in Eq. 5),
computational cost, and risk of matrix rank deficiency.

To address this issue, an error-informed localisation strat-
egy is adopted within the statistical interpolation framework.
Specifically, a highly efficient implementation is introduced
in which only the nearest radar grid cell within a 200 km
search radius, identified as the grid cell with the minimum
Euclidean distance to the target grid cell, is retained as a sup-
plementary observation. If no valid radar grid cell is avail-
able within this radius, no radar observation is included for
that target grid cell. The 200 km radius defines the maxi-
mum search range, while the effective influence of the se-
lected radar observation is further controlled by the distance-
dependent error correlation function. In cases where mul-
tiple grid cells have the same minimum distance, the grid
cell with the lowest error variance is retained. This nearest-
point approximation reflects a deliberate selection strategy
that prioritises the most locally relevant radar information
while avoiding dilution by redundant contributions. Conse-
quently, each local analysis contains at most one radar ob-
servation, and no radar–radar error covariance terms arise in
the resulting observation-error covariance matrix. The suit-
ability of this nearest-point approximation has been evalu-
ated in our previous study (Zhang et al., 2026). As a result,
this approach enables scalable, grid-cell-wise blending suit-
able for continental-scale precipitation analysis at kilometre-
scale spatial and hourly temporal resolutions under practical
computational constraints.

The design offers several advantages. First, it substantially
reduces computational complexity by limiting the number of
radar observations included in the statistical interpolation lin-

ear system, which is particularly important for continental-
scale applications in Australia involving more than five mil-
lion grid cells. Second, because each local analysis contains
at most one radar observation, it avoids the need to explic-
itly represent radar-to-radar error correlations, thereby sim-
plifying the modelling chain and reducing the number of pro-
cessing steps. Third, by constraining the spatial influence of
radar observations, the approach limits error extrapolation,
an important consideration given the directional and range-
dependent nature of radar errors. Finally, despite its simplic-
ity, the strategy allows radar observations to contribute ef-
fectively both within and outside radar coverage, ensuring
consistency and spatial continuity across data sources in the
blended rainfall fields.

Following the above strategy and design, we solve the sim-
plified system of linear equations given by Eq. (5):

n∑
j=1

(
µij + ρijσiσj

)
w′i = µki, i = 1,2, . . .,n (6)

where n represents the number of available observations
within the search radius, which is set to 200 km in the trial
implementation. A sensitivity test using an alternative search
radius of 100 km showed only minor differences compared
with the 200 km configuration (Fig. S23). We therefore re-
tained the 200 km radius as a conservative choice to avoid
excluding potentially useful observations, although this in-
curs a slightly higher computational cost than using a 100 km
radius.

The number of observations varies depending on data
availability and includes five possible cases: (1) a single radar
grid cell, (2) a single gauge, (3) multiple gauges, (4) one
or more gauges combined with one radar grid cell, and (5)
no available gauge or radar observations. For cases involv-
ing multiple gauges, up to the 20 nearest gauges within the
200 km search radius are used. When a radar observation is
also present, the total number of observations does not ex-
ceed 21. This system size remains computationally manage-
able.

In Eq. (5), the background-to-observation error correla-
tion terms, including τij , τji and τki , are assumed to be zero.
This assumption reflects the negligible correlations between
background and observation errors and leads directly to the
simplified formulation in Eq. (6). And then gauge-to-gauge
error correlations are assumed to be zero between differ-
ent locations and equal to one at the same location. Under
the nearest-point approximation, only a single radar observa-
tion is included. Gauge–radar error correlations are also as-
sumed to be negligible. Under these assumptions, the obser-
vation error correlation matrix ρ reduces to the identity ma-
trix (ρ = I). The radar observation contributes only through
its self-correlation, which is represented by the final diagonal
element and set to one.

With these simplifications, the linear system remains com-
putationally efficient in all cases. This efficiency is essential
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for continental-scale applications and is particularly impor-
tant for real-time monitoring and nowcasting. It also supports
the efficient production and iterative refinement of long-term
historical products at high spatial and temporal resolution.
Once the weights are determined, the analysis value at the
target grid cell is computed using Eq. (1), yielding the opti-
mal precipitation estimate.

Using the scaled weights w′i from Eq. (6), the uncertainty
information in the blended field can be expressed either as
the estimated error variance of the final analysis (E2

k ) or as

its normalised form (E
2
k

f 2
k

), as below:

E2
k

f 2
k

= 1−
n∑
i=1

w′i · (µki + τkiσi) (7)

This formulation shows how the analysis error is reduced
according to the correlation between each observation and
the background error at the target location, together with the
associated observation error. Observations with stronger cor-
relations and smaller errors contribute more to reducing the
analysis uncertainty.

3.3 Local bias correction of satellite and radar
precipitation estimates

Bias correction for satellite and radar data followed a Kalman
filtering approach similar to that of Chumchean et al. (2006),
but was adapted from the original mean-field framework
to estimate spatially varying local bias fields at the target
hourly timescale. Bias estimation was based on co-located
satellite/radar–gauge pairs, obtained by extracting satellite or
radar estimates at gauge locations and pairing them with the
corresponding gauge observations. All available gauges were
included in the satellite bias correction, whereas only gauges
within radar coverage were included in the radar bias correc-
tion because radar estimates are unavailable outside the radar
coverage area. Bias at each gauge location was estimated us-
ing a Kalman filter with an autoregressive model of order one
(AR(1)) to capture temporal dependence, and the resulting
point-based bias estimates were interpolated using ordinary
kriging to generate a continuous spatially varying bias field.
The corrected precipitation estimates were then obtained by
applying the bias field multiplicatively to the raw precipita-
tion estimates.

The calibrated radar estimates (R1) used in this study dif-
fer from the operational Rainfields product (R0) in both tem-
poral and spatial configurations. R0 applies bias correction
using gauges within a 150 km radius and a 15 min window.
The spatial radius limits the number of nearby co-located
radar–gauge pairs available for local bias estimation, while
the temporal window is constrained by gauge reporting la-
tency and the short operational update interval. In contrast,
R1 uses gauges within a 300 km radius and a 1 h window,
increasing the number of radar–gauge pairs available for es-

timating the local radar bias. No predefined limit is imposed
on the number of pairs within this radius. All available pairs
are considered, with their point-scale bias estimates subse-
quently interpolated using ordinary kriging to construct a
spatially continuous bias field. The larger spatial radius al-
lows more spatially distributed gauge observations to be in-
cluded, while the longer temporal window accommodates
additional observations that become available after account-
ing for gauge reporting latency. This approach also uses the
same set of available gauge observations for satellite and
radar bias correction, subject to the availability of radar ob-
servations at each gauge location. However, this configura-
tion is tailored to the Australian radar system and can be ad-
justed for other radar systems according to their operational
configurations and production objectives.

3.4 Error characterisation

Error characterisation is essential for determining observa-
tion weights. It involves estimating the error variances and
correlations of each data source for both gauged and un-
gauged locations. Ideally, this error analysis should be con-
ducted at each target grid cell to obtain accurate error esti-
mates.

For gauged locations, this task is relatively straightfor-
ward, as gauge observations can be used as a reference for
estimating the error characteristics of the background and ob-
servation inputs. Although gridded satellite and radar prod-
ucts represent areal averages while gauges provide point
measurements, the gauge network is generally too sparse to
derive reliable areal-average estimates at the 2 km grid scale.
Therefore, point gauge observations were used directly as
the reference. At the 2 km spatial resolution adopted in this
study, point-to-area representativeness differences were as-
sumed to be sufficiently small and were not explicitly consid-
ered. Consequently, the estimated error characteristics should
be interpreted as relative measures of uncertainty among dif-
ferent data sources rather than absolute estimates of their true
errors.

For ungauged grid cells (99.9 % of the national 2 km land
grid cells), however, error characterisation becomes consid-
erably more challenging. A common approach is to incorpo-
rate spatial and temporal windows to gather sufficient sam-
ples. For example, for a target grid cell, one might analyse
data from preceding month to capture recent performance
and include all available hourly gauges within a 10°× 10°
longitude–latitude window to account for spatial variability.
However, implementing such a strategy is impractical for the
kilometre-scale national framework considered in this study.
A 2 km resolution product over Australia comprises more
than 5 million grid cells (including ocean areas of interest,
see Fig. 1d). Furthermore, the sparse and highly uneven dis-
tribution of hourly gauges means that fixed spatial and tem-
poral windows are generally unsuitable. Instead, the search
windows would need to be adaptively adjusted for each grid
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cell and time step according to local gauge availability to
ensure sufficient samples, resulting in substantial computa-
tional costs, implementation complexity, and extensive pa-
rameter tuning.

To simplify the process, regional error characteristics were
estimated by dividing the analysis domain into three subre-
gions. Satellite errors showed a clear latitudinal dependence,
with larger errors generally occurring in tropical northern
Australia. In contrast, radar error characteristics are more
radar-specific, with errors differing depending on local to-
pography around the radar range, differences in the radar
type and hardware configuration, and site-specific Z–R pa-
rameters. In addition, the bias correction of radar data helped
reduce range-dependent error to some extent. Nevertheless,
for simplicity and consistency in this first instance, the same
regional divisions were applied to both satellite and radar er-
ror characterisation. Specifically, the Australian domain was
divided into tropical, subtropical, and temperate subregions.
Within each subregion, analytical functions describing error
variances and error correlations were fitted using data from
gauged locations, and the resulting error characteristics were
subsequently applied to ungauged locations within the same
subregion.

For error variance estimation, we calculated the squared
differences between satellite (or radar) estimates and gauge
observations. The error variance increases with precipita-
tion intensity, making this relationship suitable for fitting er-
ror variance curves. To capture this, precipitation intensities
were divided into bins, and within each bin, the mean squared
error between satellite (or radar) estimates and gauge obser-
vations was calculated as an estimate of the error variance.
This analysis showed that error variance is a function of pre-
cipitation intensity. Various analytical models were tested to
represent the scatter, and the optimised parameters for the
best-fitting curves were obtained.

For error correlation estimation, pairs of satellite (or radar)
estimates and gauge observations were collected, and the
error correlation was calculated for each pair along with
their corresponding distance. Distances were similarly di-
vided into bins, and within each bin, the mean error corre-
lation was calculated. This revealed that error correlation is
a function of distance. As with error variances, different ana-
lytical models were applied to the scatter, and the optimised
parameters for the best-fitting curves were determined.

3.5 Evaluation strategies

The evaluation was designed primarily to assess the
added value of integrating satellite, radar, and gauge
observations within the BRAIN framework. The three-
source satellite–radar–gauge analysis was therefore eval-
uated against individual-source fields and reduced-source
blending configurations (i.e., satellite–gauge blending) to
determine how the incorporation of additional observation
sources affects analysis performance.

BRAIN was also compared with rainfall products and
methods currently used operationally by the Bureau to pro-
vide additional operational context. Gauge-based IDW in-
terpolation was included as a simple gauge-only reference
because it is currently used in the Bureau’s operational
flood forecasting system to estimate catchment- and/or sub-
catchment-scale rainfall from sub-daily gauge observations
for hydrological modelling (Malone, 1999; Malone and Car-
roll, 2022), rather than to generate a national sub-daily grid-
ded rainfall product. AGCD was included as an existing na-
tional operational daily gridded rainfall product (Jones et al.,
2009).

3.5.1 Evaluation datasets and cross-validation

Three gauge datasets were used to provide complementary
evaluations of BRAIN. The primary hourly evaluation used
the sub-daily gauge observations shown in Fig. 1a. A 20-fold
cross-validation was conducted, in which the gauges were di-
vided into 20 non-overlapping groups. For each fold, approx-
imately 95 % of the gauges were retained for blending, while
the remaining 5 % were withheld and used exclusively for
validation. This procedure was repeated across all 20 folds
so that each gauge was used once for validation. The same
folds were applied to the gauge-based IDW interpolation to
ensure a consistent comparison.

A separate daily gauge dataset (Fig. 1b), independent of
the sub-daily gauges used for blending, was used for com-
plementary evaluation at the daily scale. Hourly BRAIN es-
timates were converted from UTC to local time and accu-
mulated to daily totals to match the daily gauge observation
period. The resulting daily estimates were compared with
these observations, providing an independent assessment at
a longer accumulation timescale.

An additional independent hourly dataset comprising ap-
proximately 2000 gauges (see Fig. S15) was collated after
the completion of the main analyses and used for supplemen-
tary evaluation. As these gauges were not used in either the
bias correction or BRAIN blending processes, this dataset
provides a further independent assessment of hourly perfor-
mance and complements the primary cross-validation analy-
sis.

3.5.2 Performance metrics and stratified evaluation

Performance was evaluated using three metrics: correlation,
root mean square error (RMSE), and mean bias. Correlation
measures the strength of the linear relationship between esti-
mated and observed rainfall, with values closer to 1 indicat-
ing stronger agreement. RMSE measures the overall magni-
tude of the errors, with lower values indicating better accu-
racy. Mean bias measures systematic overestimation or un-
derestimation, with values closer to zero indicating smaller
systematic bias. These metrics were calculated separately for
each gauge to characterise spatial variations in performance.
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In addition to the overall evaluation, performance was ex-
amined across different rainfall intensities. At each gauge,
observed rainfall was divided into three categories: low (from
0.2 mm h−1 for hourly data or 1 mm d−1 for daily data up
to the 50th percentile), moderate (50th–90th percentile), and
high (> 90th percentile). Performance metrics were calcu-
lated separately for each rainfall-intensity category at each
gauge. This analysis was used to examine how product be-
haviour varies with rainfall intensity.

Performance was also evaluated according to local gauge
density to examine the influence of gauge availability. For
each validation gauge and time step, gauge density was de-
fined as the number of available gauges used for blending
within a 200 km radius. Low- and high-density conditions
were defined as gauge densities below the 25th percentile and
above the 75th percentile of the gauge-density distribution,
respectively. Performance was then evaluated separately un-
der these contrasting gauge-density conditions to assess the
sensitivity of the blended analysis to gauge availability.

For all gauge-based evaluations, gridded estimates were
matched to gauge locations using nearest-neighbour interpo-
lation, whereby the value from the grid cell with the mini-
mum Euclidean distance to each gauge location was selected.
This approach preserves the values of the original gridded
analyses and avoids additional spatial smoothing that may
be introduced by interpolation methods such as bilinear in-
terpolation. Nevertheless, comparisons between point-based
gauge observations and grid-cell rainfall estimates are sub-
ject to inherent point-to-area representativeness differences,
which should be considered when interpreting the evaluation
results.

3.5.3 IDW implementation and comparison with
AGCD

Gauge-based IDW interpolation was included as a simple
gauge-only reference. The primary IDW configuration used
the five nearest available gauges, selected according to Eu-
clidean distance, with an inverse-distance weighting power
of 2 and no maximum search distance. This configuration
is referred to as IDW-K5 and is shortened to IDW in the
main evaluation. To examine the sensitivity of the compar-
ison to the IDW configuration, two additional configurations
were considered. IDW-K5-L retained the five-gauge config-
uration of IDW-K5 but imposed a maximum search distance
of 200 km, allowing the effect of the distance constraint to
be examined. IDW-K20-L used up to 20 gauges within a
200 km radius, consistent with the gauge-selection configu-
ration used in BRAIN. The sensitivity of the results to these
IDW configurations is examined in Sect. 5.2.

At the daily scale, BRAIN was compared with AGCD, an
existing national operational daily gridded rainfall product.
AGCD is a 5 km gauge-based gridded analysis derived from
daily gauge observations using an anomaly-based approach
that combines Barnes successive-correction analysis with a

climatological background (Jones et al., 2009). The daily
gauge network used for AGCD is substantially denser than
the sub-daily gauge network available to BRAIN. Hourly
BRAIN estimates were accumulated to daily totals for com-
parison with AGCD. Daily BRAIN accumulation accounted
for the conversion from UTC to local time to align with the
09:00 a.m. to 09:00 a.m. observation periods used by AGCD.
However, half-hour time-zone offsets in some Australian re-
gions and daylight saving time adjustments meant that exact
alignment could not always be achieved, potentially intro-
ducing minor temporal mismatches. These differences in in-
put gauge networks, temporal resolution, accumulation peri-
ods, and product design should therefore be considered when
interpreting the comparison between BRAIN and AGCD.

There are several existing global precipitation products
(e.g., Beck et al., 2019; Ma et al., 2025) that could poten-
tially be used for comparison with BRAIN. However, these
products differ from BRAIN in their spatial and temporal
resolutions, operational objectives, and observational inputs.
In particular, BRAIN is designed as a high-resolution op-
erational product for Australia with a target data latency of
less than one hour and incorporates a large number of hourly
gauge observations and regional radar data that are not gen-
erally used in global precipitation products. These differ-
ences should be carefully considered in direct product com-
parisons. The current study therefore focuses on the devel-
opment and evaluation of the BRAIN framework, includ-
ing its performance relative to its constituent data sources
and different blending configurations. We are currently work-
ing towards the development of a long-term BRAIN dataset,
which will enable more systematic comparisons with exist-
ing global precipitation products. Such comparisons will also
provide an important opportunity to assess the potential ben-
efits of incorporating regional observational datasets.

4 Results

4.1 Satellite and radar bias correction

Figure 3 demonstrates the spatial patterns and statistical im-
provements in mean bias for satellite and radar precipita-
tion estimates after bias correction, evaluated against hourly
gauge observations across Australia over 2022–2023 period.

Before correction, satellite data exhibit a clear latitude-
dependent bias pattern, with notable overestimation in tropi-
cal regions, which decreases progressively towards subtrop-
ical and temperate regions (Fig. 3a; see also Fig. S1a in the
Supplement). The corresponding histogram (Fig. 3e) reveals
a highly positive-skewed distribution, indicating substantial
overestimation across most hourly gauges. After correction,
biases (Fig. 3b) are significantly reduced where initial errors
were large, and the bias distribution (Figs. 3f and S1c) be-
comes narrower and more symmetric.
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For radar data, the operational Rainfields product shows
no clear latitude-dependent bias but exhibits localised er-
rors, particularly along the east coast (R0, Fig. 3c; see also
Fig. S1b). The histogram (Fig. 3g) indicates a general ten-
dency toward overestimation. After applying the bias cor-
rection used in this study (R1, Fig. 3d), the spatial distribu-
tion of biases becomes more consistent, and large biases are
reduced. The error distributions (Figs. 3h and S1d) become
more symmetric and centred around zero.

These results highlight the importance of bias correction
as a critical pre-processing step to reduce systematic errors
and improve the quality of inputs for blending.

4.2 Error characterisation

Figure 4 presents a subregion-dependent analysis of error
variance and error correlation for satellite and radar products.
Figure 4a shows that error variance increases approximately
quadratically with precipitation intensity for both products.
Satellite data have higher error variance than radar data
across all intensities, especially in tropical regions, where
the fitted curve is steepest. Radar consistently shows lower
error variance, reflecting its generally higher accuracy and
supporting the assignment of greater weights to radar obser-
vations in blending. The constant term of the quadratic fit
was fixed to ensure an approximate 2 : 1 error variance ra-
tio between satellite and radar. To account for gauge errors,
the error variance of each gauge was defined as the precip-
itation intensity plus one. This parameterisation was based
on empirical estimates from Xie and Xiong (2011), given the
limited availability of sub-daily gauge data in Australia.

Figure 4b shows that satellite error correlation declines ex-
ponentially with distance, with a similar pattern observed
across all subregions. Tropical areas exhibit the highest
short-range correlations, followed by subtropical and tem-
perate regions. Only satellite error correlations are shown,
as radar–radar and radar–gauge correlations were not con-
sidered in the blending framework. These results high-
light region-specific error characteristics. The quadratic re-
lationship with intensity underscores the need for intensity-
dependent error variance estimation, while the exponential
decay in correlation reflects the spatially localised nature of
precipitation errors.

4.3 Evaluation

4.3.1 Comparison with individual data sources

The overall performance of the blended rainfall product (BR-
SRG) was first compared with that of the individual satel-
lite, radar and simple gauge-based IDW interpolation using
the hourly-gauge 20-fold cross-validation and the indepen-
dent daily-gauge evaluation. The performance distributions
are presented as box plots in Figs. 5 and 6, respectively. Com-
parisons were conducted separately within and outside radar

coverage, as radar estimates are unavailable at gauges outside
the radar domain. Corresponding spatial comparisons among
S1, R1, IDW, and BR-SRG are provided in the Supplement
for the hourly-gauge cross-validation (Figs. S5–S7) and in-
dependent daily-gauge evaluation (Figs. S8–S10), showing
correlation, RMSE, and mean bias, respectively.

Within radar coverage, where all estimates could be com-
pared consistently and sufficient validation samples were
available, performance was further examined across differ-
ent rainfall intensities using the hourly-gauge 20-fold cross-
validation (Fig. 7). Corresponding results from the indepen-
dent daily-gauge evaluation are provided in the Supplement
(Fig. S3).

Results from the additional independent hourly-gauge
evaluation are also provided in the Supplement, including
overall performance distributions (Fig. S16) and spatial com-
parisons among S1, R1, IDW, and BR-SRG in terms of corre-
lation, RMSE, and mean bias (Figs. S17–S19, respectively).
The corresponding rainfall-intensity analysis is presented in
Fig. S20.

Comparison with the satellite estimates

BR-SRG showed consistently higher correlations, lower
RMSE, and smaller biases than both the original satel-
lite product (S0) and its bias-corrected version (S1). In the
hourly cross-validation, these improvements were evident
both within and outside radar coverage (Fig. 5), although
the differences were greater within radar coverage. Simi-
lar improvements were observed in the independent daily-
gauge (Fig. 6) and independent hourly-gauge evaluations
(Fig. S16). The rainfall-intensity analysis further showed that
BR-SRG maintained higher correlations, generally lower
RMSE, and smaller biases than S0 and S1 across low-,
moderate-, and high-intensity rainfall categories within radar
coverage (Fig. 7). Similar intensity-dependent differences
were observed in the independent daily-gauge (Fig. S3) and
independent hourly-gauge evaluations (Fig. S20).

Comparison with the radar estimates

The bias-corrected radar product (R1) showed strong over-
all performance within radar coverage. In the hourly-gauge
cross-validation, R1 had slightly higher correlation and lower
RMSE than BR-SRG, whereas BR-SRG showed a smaller
absolute bias (Fig. 5). In contrast, BR-SRG generally showed
higher correlation, lower RMSE, and smaller absolute bias
than R1 in both the independent daily-gauge (Fig. 6) and in-
dependent hourly-gauge (Fig. S16) evaluations. The rainfall-
intensity analysis provided further insight into these differ-
ences. BR-SRG generally performed better than R1 in terms
of correlation and RMSE at low and moderate rainfall in-
tensities, whereas R1 performed better at high rainfall inten-
sities. For bias, however, R1 generally showed a less nega-
tive bias than BR-SRG across all rainfall-intensity categories,
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Figure 3. Spatial distribution of mean bias (mm h−1) for (a, b) satellite precipitation before (S0) and after (S1) bias correction, and (c,
d) radar precipitation calibrated using the operational Rainfields system (R0) and the method in this study (R1). The operational Rainfields
calibration (R0) uses sub-daily gauges within a 150 km radius and a 15 min time window, whereas the calibration in this study (R1) uses
a 300 km radius and a 1 h time window. The analysis includes all available hourly gauges from 2022 to 2023. Histograms illustrate the
error distributions across all hourly gauges for the corresponding datasets, with the dashed line marking zero bias. The boundaries of the
tropical, subtropical, and temperate subregions used in the regional analysis are indicated in each panel. Note that fewer gauges are shown
for radar because gauges outside radar coverage are excluded. An extended analysis across different subregions is provided in Fig. S1 of the
Supplement.

with the difference becoming more evident at high intensities
(Figs. 7, S3 and S20).

The more negative bias of BR-SRG relative to R1 at high
rainfall intensities may result from the blending process.
Radar estimates can better capture localised intense rainfall,
whereas incorporating satellite estimates may smooth rainfall
peaks in some cases. However, the effects of blending vary
between rainfall events, as further illustrated by the selected
case studies in Sect. 5.3.

The negative biases observed for both R1 and BR-SRG
at high rainfall intensities should also be interpreted with
caution for two reasons. First, rainfall-intensity categories
were defined using gauge observations, which may introduce

conditional sampling bias. For example, cases where gauges
record heavy rainfall but gridded estimates are lower are in-
cluded in the high-intensity category, whereas cases where
gridded estimates indicate heavy rainfall but gauges record
lower intensities are assigned to lower-intensity categories.
This sampling effect may contribute to the negative biases
observed at high observed rainfall intensities. Second, gauges
provide point measurements, whereas R1 and BR-SRG rep-
resent gridded rainfall estimates. Differences in spatial rep-
resentativeness may also contribute to the observed negative
biases, particularly for highly localised rainfall events.
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Figure 4. Estimated error characteristics of satellite and radar precipitation estimates across tropical, subtropical, and temperate regions.
(a) Error variance as a function of precipitation intensity, with quadratic functions fitted separately for each data source and region. (b) Satel-
lite error correlation as a function of distance, with exponential decay functions fitted separately for each region. Radar error variance in
different zones does not fully reflect the spatial characteristics of individual radars, as their errors are more radar-specific. For simplicity, we
grouped radars within the same subregions and derived the error variance curves accordingly.

Comparison with IDW interpolation

Within radar coverage, BR-SRG showed substantially higher
correlations and lower RMSE than IDW in the hourly-gauge
cross-validation (Fig. 5a, c). Similar differences were ob-
served in the independent daily-gauge evaluation (Fig. 6a,
c) and were further supported by the independent hourly-
gauge evaluation (Fig. S16a, c). The rainfall-intensity anal-
ysis provided further evidence of these differences, with BR-
SRG generally maintaining higher correlations and lower
RMSE than IDW across all intensity categories (Figs. 7,
S3 and S20). Outside radar coverage, BR-SRG maintained
higher correlations than IDW in both the hourly-gauge and
daily- gauge evaluations (Figs. 5b, 6b and S16b). BR-SRG
also showed lower RMSE in the hourly-gauge evaluation
(Figs. 5d and S16d), whereas its RMSE was slightly higher
than that of IDW in the daily evaluation (Fig. 6d). In terms
of bias, however, IDW generally showed smaller absolute bi-
ases than BR-SRG in both the hourly and daily evaluations
(Figs. 5f, 6f and S16f). The possible reasons for the perfor-
mance differences between BR-SRG and IDW are discussed
in Sect. 5.2.

4.3.2 Comparison of three-source and two-source
blending

The three-source blended product (BR-SRG; satellite–radar–
gauge) was also compared with the two-source combination
(BR-SG; satellite–gauge) to assess the additional contribu-
tion of radar observations. Within radar coverage, BR-SRG
consistently showed higher correlations and lower RMSE
than BR-SG in the hourly-gauge cross-validation (Fig. 5).
Similar improvements were observed in the independent
daily-gauge evaluation (Fig. 6) and were further supported
by the independent hourly-gauge evaluation (Fig. S16). Dif-
ferences in mean bias were comparatively small, with both
products generally showing biases close to zero in the over-
all evaluations. The rainfall-intensity analysis further showed
that BR-SRG generally maintained higher correlations and
lower RMSE than BR-SG across low, moderate, and high
rainfall intensities (Figs. 7, S3 and S20). However, both
products showed increasingly negative biases with increas-
ing rainfall intensity. Outside radar coverage, differences be-
tween BR-SRG and BR-SG were smaller than those ob-
served within radar coverage (Figs. 5, 6 and S16). Neverthe-
less, BR-SRG maintained better overall performance, with
generally higher correlations, lower RMSE, and smaller ab-
solute biases than BR-SG. This improvement suggests that
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Figure 5. Performance of different rainfall estimates in the hourly-gauge 20-fold cross-validation, shown separated for evaluation gauges
(a, c, e) within radar range and (b, d, f) outside radar range (see Fig. 1a). Panels show correlation (a, b), RMSE (c, d), and mean bias (e,
f). Higher correlation, lower RMSE, and bias closer to zero indicate better performance. Products include raw satellite (S0), bias-corrected
satellite (S1), original radar (R0), bias-corrected radar (R1), two-source blend (BR-SG; BRAIN with satellite and gauge), three-source blend
(BR-SRG; BRAIN with satellite, radar and gauge), and gauge-based interpolation (IDW). In each fold, hourly gauges for evaluation were
selected without replacement.

nearby radar observations can provide useful additional in-
formation to the blended estimates beyond the radar cover-
age.

4.3.3 Performance under different gauge-density
conditions

Gauge-density effects were examined using the hourly-gauge
20-fold cross-validation (Fig. 8). The analysis was restricted
to areas within radar coverage because radar observations
are unavailable outside these areas and the gauge network
is generally too sparse for a meaningful comparison be-
tween gauge-density conditions. First, gauge density affected
the magnitude of performance but did not change the over-
all relative performance among the rainfall estimates. BR-
SRG consistently achieved the best overall performance un-
der both low- and high-density conditions. Second, the influ-
ence of gauge density was most evident in correlation, which

generally increased under high-density conditions across the
gauge-dependent estimation processes. Changes in RMSE
and mean bias were less consistent, likely reflecting differ-
ences in rainfall characteristics between the low- and high-
density regions in addition to gauge-density effects. This
density dependence was particularly pronounced for gauge-
only IDW interpolation, which showed substantially lower
and more variable correlations under low-density conditions
but much higher and more consistent correlations under high-
density conditions. Notably, however, its mean bias remained
close to zero under both low- and high-density conditions.

The relative performance of the rainfall estimates re-
mained consistent across all three evaluation datasets. BR-
SRG maintained the best overall performance under both
low- and high-density conditions in the independent daily-
gauge (Fig. S4) and independent hourly-gauge (Fig. S21)
evaluations, confirming that the overall ranking was robust
to variations in gauge density. The improvement from low-
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Figure 6. Performance of different rainfall estimates in the independent daily-gauge evaluation, shown separately for evaluation gauges (a,
c, e) within and (b, d, f) outside radar coverage (see Fig. 1b). Panels show (a, b) correlation, (c, d) RMSE, and (e, f) mean bias. Higher
correlation, lower RMSE, and mean bias closer to zero indicate better performance. The evaluated rainfall estimates include the raw satellite
estimate (S0), bias-corrected satellite estimate (S1), original radar estimate (R0), bias-corrected radar estimate (R1), two-source satellite–
gauge blend (BR-SG), three-source satellite–radar–gauge blend (BR-SRG), and gauge-based IDW interpolation.

to high-density conditions was more evident in these inde-
pendent evaluations, further highlighting the importance of
gauge availability for precipitation bias correction, multi-
source blending, and gauge-based interpolation.

4.4 Spatial and temporal performance of the blended
product

Figure 9 shows the spatial performance of the blended prod-
uct (BR-SRG) in terms of correlation and RMSE metrics
evaluated against hourly gauge observations using the 20-
fold cross-validation. High correlations were observed across
most regions, particularly where gauge density is higher
(Fig. 9a–c). RMSE was generally lower in coastal and well-
observed areas, with higher values in regions with sparse
gauges or greater rainfall variability (Fig. 9d–f). Some out-
liers may be attributed to imperfect gauge quality control or
residual errors in satellite and radar inputs (e.g., Fig. S6; see

also Figs. S9 and S18). Performance estimates may also be
affected by limited gauge records, such as those from gauges
operating during wet seasons.

Additional spatial performance maps based on indepen-
dent daily-gauge (Fig. S11) and hourly-gauge (Fig. S22)
evaluations are presented in the Supplement. Monthly varia-
tions in performance at both hourly and daily scales are also
presented in Fig. S12 in the Supplement. Overall, BR-SRG
demonstrated good performance across Australia, with room
for improvement in sparsely gauged regions.

4.5 Demonstration of BRAIN in selected rainfall events

Figure 10 demonstrates the spatial characteristics of the
hourly blended product (BR-SRG) for two selected extreme
precipitation events, alongside the AGCD daily product and
hourly gauge-based IDW interpolation: a 24 h accumulation
during Cyclone Ellie from 22:00 UTC on 22 December to
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Figure 7. Performance of different rainfall estimates across rainfall-intensity categories in the hourly-gauge 20-fold cross-validation. At
each gauge, observed rainfall was divided into three categories: low (0.2 mm h−1<Pobs≤P50), moderate (P50<Pobs≤P90), and high
(Pobs>P90), where P50 and P90 are the 50th and 90th percentiles of observed rainfall above 0.2 mm h−1 at each gauge, respectively. Panels
show (a–c) correlation, (d–f) RMSE, and (g–i) mean bias. Each box represents the distribution of station-based metrics across gauges. As
the rainfall-intensity categories are defined based on observations, the mean bias for these categories should be interpreted with caution,
particularly for high-intensity rainfall, where observation-based stratification can contribute to a tendency towards negative conditional bias.

22:00 UTC on 23 December 2022, and a 24 h accumulation
during Cyclone Jasper from 22:00 UTC on 12 December to
22:00 UTC on 13 December 2023. The corresponding satel-
lite and radar estimates are shown in Fig. S13. Hourly and
daily gauge observations are shown in Fig. S14. The highest
daily rainfall accumulations recorded by sub-daily and daily
gauges during Cyclone Ellie and Cyclone Jasper are sum-
marised in Tables S1 and S2, respectively.

Both satellite and radar captured the major rainfall sys-
tems associated with the two events, with satellite providing
spatially continuous information across Australia and radar
providing additional high-resolution information within its
coverage. By integrating these spatially distributed estimates
with gauge observations, BR-SRG captured the broad-scale
rainfall patterns while retaining finer-scale spatial structures
and variations in precipitation intensity that were less evident
in AGCD and IDW.

The representation of the most intense rainfall, however,
depended on how well the different observations captured the
rainfall maxima. During Cyclone Ellie, satellite (Fig. S13a)

and radar (Fig. S13b) both identified substantial rainfall over
northern Australia, but the highest rainfall occurred in an area
with relatively sparse hourly gauge observations (Fig. S14a).
Only one hourly gauge recorded a 24 h accumulation exceed-
ing 100 mm (168.2 mm), while the next highest accumula-
tion was 51.4 mm (Table S1). In comparison, the denser daily
gauge network (Fig. S14b) provided multiple observations of
high rainfall, including accumulations of 208.0, 184.6, and
141.4 mm (Table S1). The limited sampling of the rainfall
maximum by hourly gauges therefore constrained the obser-
vational information available to BR-SRG (Fig. 10a) for rep-
resenting the highest rainfall centre, whereas the additional
daily observations provided stronger constraints for AGCD
(Fig. 10b).

During Cyclone Jasper, satellite (Fig. S13c) and radar
(Fig. S13d) clearly captured the intense rainfall system, with
several hourly gauges located within the heavy rainfall centre
and recording high rainfall accumulations (Fig. S14c). The
highest hourly-gauge-derived 24 h accumulations reached
479.2, 456.5, and 378.4 mm (Table S2). The combination of
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Figure 8. Performance of different rainfall estimates under low- and high-gauge-density conditions in the hourly-gauge 20-fold cross-
validation, considering evaluation gauges within radar coverage only. Low- and high-density conditions correspond to the lower (≤ 25th
percentile) and upper (≥ 75th percentile) tails of the gauge-density distribution, respectively, with gauge density defined as the number
of available gauges within a 200 km radius. Panels show (a, b) correlation, (c, d) RMSE, and (e, f) mean bias. Each box represents the
distribution of station-based metrics across 528 gauges.

spatially distributed satellite and radar estimates with these
high-rainfall gauge observations enabled BR-SRG (Fig. 10d)
to better represent the extreme rainfall than in the Cyclone
Ellie case (Fig. 10a).

5 Discussion

5.1 Methodological contributions of the BRAIN
framework

Multi-source blending of satellite, radar, and gauge precipi-
tation observations using bias correction and statistical inter-
polation is not a new concept (e.g., Gandin, 1965; Xie and
Xiong, 2011; Yu et al., 2020; Xia and Wang, 2025), but the
BRAIN framework differs from previous approaches in sev-
eral aspects of its implementation.

First, BRAIN was designed for computationally efficient
application over a continental-scale domain such as Australia
at high spatial and temporal resolution. The nearest-radar-
point approximation within the localisation strategy substan-
tially reduces the dimensionality of the statistical interpola-
tion problem while retaining the source-specific error charac-
terisation (Zhang et al., 2026), differing from the more com-
putationally intensive formulation used in UKGrsHP (Yu et
al., 2020).

BRAIN also uses a single satellite product as the spatially
continuous background, with radar incorporated as an ad-
ditional observation together with gauge observations. This
differs from approaches that first combine satellite and radar
to construct a blended background field for subsequent sta-
tistical interpolation with gauge observations (e.g., Xia and
Wang, 2025). Because statistical interpolation requires char-
acterisation of the spatial error structure of the background
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Figure 9. Spatial performance of the blended estimate (BR-SRG) evaluated against hourly gauge observations across Australia. Panels show
the spatial distributions of (a) correlation and (d) RMSE (mm h−1), with higher correlation and lower RMSE indicating better performance.
Panels (b), (e) and (c), (f) show the corresponding longitudinal and latitudinal variations, respectively, averaged across gauges.

field, such pre-blending produces a new background whose
error characteristics may differ from those of the original
satellite and/or radar products. By retaining satellite and
radar as separate sources, BRAIN allows their respective er-
ror characteristics and contributions to be explicitly repre-
sented within the statistical interpolation framework.

A further distinctive feature is that radar information is
not restricted by a hard coverage mask. For each target loca-
tion, BRAIN searches for the nearest available radar observa-
tion within a predefined maximum distance (200 km in this
study). Consequently, radar information can still contribute
to the blended estimate when the target location lies outside
radar coverage, provided that a sufficiently close and reli-
able radar observation is available. Its effective contribution
is determined by both the distance-dependent error correla-
tion (Fig. 4b) and the estimated error variance, with greater
weight generally assigned to observations that are closer to
the target location and have lower estimated errors. Even
when the nearby radar estimate is not more accurate than the
local satellite estimate on its own, it can provide complemen-
tary information that can improve the resulting estimate after
blending.

This formulation allows radar information to contribute
both within and near radar-covered regions, providing a
gradual transition across radar-coverage boundaries while
retaining the satellite estimate as the spatially continuous
background. This differs from simple radar extrapolation,
in which rainfall information within the radar domain is
spatially extended into areas without radar observations. In
BRAIN, the radar field itself is not extrapolated. The satel-
lite estimate remains the background at every target loca-
tion, while available radar and gauge observations contribute

through the statistical interpolation according to their esti-
mated error characteristics and spatial correlations.

5.2 Behaviour and sensitivity of gauge-based
interpolation

The evaluation revealed two notable behaviours of IDW: its
mean error (ME, or mean bias) remained consistently close
to zero despite relatively large RMSE and lower correlation
(Figs. 5 and S16), while its relative performance improved
from hourly to daily evaluation, achieving a lower RMSE
than BR-SRG at the daily timescale (Fig. 6), a pattern con-
sistently observed across different subregions outside radar
coverage (Fig. S2). To examine these behaviours, we com-
pared the station-level contributions of positive and negative
errors (Figs. 11, S24, and S25). The median positive-error
contribution of IDW remained close to 0.5 across all three
evaluations despite relatively large MAE (mean absolute er-
ror), indicating nearly equal contributions from positive and
negative errors. At the hourly scale, this balance results in a
near-zero ME despite relatively large individual errors, as re-
flected by the MAE and RMSE. The near-zero ME of IDW
therefore primarily reflects error cancellation rather than uni-
formly small estimation errors. When hourly precipitation is
accumulated to daily totals, these opposing errors can further
offset over time, reducing the accumulated daily errors and
contributing to the improved relative performance of IDW at
the daily timescale (Figs. 6 and S24).

The sensitivity of IDW (Fig. 12) to its interpolation con-
figuration was further examined using the same rainfall cases
(Fig. 10). IDW-K5 provides a continuous field but can ex-
tend gauge influence over long distances in gauge-sparse re-

Hydrol. Earth Syst. Sci., 30, 6701–6730, 2026 https://doi.org/10.5194/hess-30-6701-2026



Y. Zhang et al.: Design and trial implementation of hourly precipitation analysis for Australia 6721

Figure 10. Example rainfall analyses from the three-source blend (BR-SRG; 2 km and hourly), AGCD (5 km and daily), and gauge-based
IDW interpolation (2 km and hourly) for two selected 24 h periods during extreme precipitation events: (a–c) Cyclone Ellie, from 22:00
UTC on 22 December to 22:00 UTC on 23 December 2022, and (d–f) Cyclone Jasper, from 22:00 UTC on 12 December to 22:00 UTC on
13 December 2023. Note that AGCD incorporates the denser daily-gauge network (e.g., Fig. S14b, d), whereas BR-SRG and IDW use the
comparatively sparser hourly-gauge network (Fig. S14a, c). BR-SRG and IDW are accumulated over the indicated UTC periods, whereas
AGCD represents the standard daily gauge accumulation period of approximately 09:00 a.m. to 09:00 a.m. local time, ending on 23 December
2022 and 14 December 2023, respectively, with the exact UTC period varying across Australian time zones. The red square indicates the
location of the gauge with the highest observed 24 h precipitation for each event. Further details of the satellite and radar estimates and gauge
observations are provided in Figs. S13 and S14 and Tables S1 and S2.

gions. Applying a maximum search distance (IDW-K5-L)
avoids such long-range interpolation but produces isolated
rainfall patterns and areas without estimates, while increas-
ing the number of gauges (IDW-K20-L) provides only lim-
ited improvement. Despite these differences, all configura-
tions strongly smooth the rainfall field and poorly repre-
sent its spatial structure, particularly in gauge-sparse regions.
These limitations are more evident in the spatial case stud-
ies than in the point-based validation above, which evaluates
performance only at gauge locations.

More sophisticated gauge-based interpolation methods,
such as thin-plate spline (TPS; Nguyen et al., 2026) (Fig. 13),
can improve spatial continuity but remain constrained by
sparse gauge observations, with local rainfall features being
overly smoothed and estimates becoming increasingly unre-
liable far from available gauges.

5.3 Limitations and future directions

One limitation of the current framework is the propagation
of residual errors from input observations into the blended
analysis. Residual errors that are not identified through qual-
ity control, particularly for gauge observations, or are not
fully removed by bias correction, particularly for satellite
and radar estimates, can propagate into the blended analysis.
Although the statistical interpolation weighting accounts for
the intensity-dependent error characteristics of each source,
an individual source generally does not receive complete
weight, as this would require the error of the other sources to
become overwhelmingly large in comparison. Consequently,
residual biases in sources retaining non-zero weights can
propagate into the final analysis.

For example, during Cyclone Jasper, underestimation in
the satellite estimates contributed to underestimation in BR-
SRG even when radar closely represented the observed ac-
cumulation (Fig. 14b). Conversely, during Cyclone Ellie,
radar substantially underestimated the observed accumula-
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Figure 11. Relationship between positive-error contribution and mean absolute error (MAE) across evaluation gauges in the hourly-gauge 20-
fold cross-validation for S1, BR-SRG, and IDW, evaluated (a–c) within and (d–f) outside radar coverage. Each point represents an individual
gauge. Positive-error contribution is defined as the magnitude of positive errors relative to the total absolute error, such that a value of 0.5
indicates equal contributions from positive and negative errors. The vertical dashed line marks this balance point.

tion, while the satellite estimates were higher and partly com-
pensated for the radar underestimation in the blended analy-
sis (Fig. 14a). These contrasting cases demonstrate the value
of retaining complementary information from multiple data
sources, rather than simply increasing the contribution of a
single source.

Together with the relative differences among S1, R1, BR-
SG, and BR-SRG in the rainfall-intensity analysis (Fig. 7),
these cases suggest that residual underestimation in the satel-
lite estimates may contribute to the negative bias observed
in BR-SRG, although the intensity-stratified bias is also af-
fected by observation-based stratification. Further improve-
ments should therefore focus on bias correction, particularly
in better accounting for systematic biases across different
rainfall intensities.

A second limitation concerns the spatial continuity of the
blended precipitation field, particularly across radar coverage
boundaries. Outside radar coverage, the analysis is primarily
constrained by the satellite background and gauge observa-
tions, whereas within radar coverage, radar observations pro-
vide an additional constraint and can strongly influence the
analysis when their estimated errors are smaller. When satel-
lite and radar estimates are broadly consistent, the transition
is generally smooth. However, large discrepancies between
the two sources can produce visible spatial transitions near
radar coverage boundaries. This occurs because the analysis

within radar coverage is adjusted towards radar when its es-
timated errors are much smaller than those of the satellite,
while areas outside radar coverage remain primarily con-
strained by the satellite background (Fig. 10). Importantly,
radar information in the present framework is not restricted
by a hard coverage boundary. Through error-informed local-
isation, surrounding radar observations can influence nearby
areas beyond the nominal radar coverage, with their influence
gradually decreasing with distance. This provides a smoother
transition between radar-dominated and satellite-dominated
regions than approaches relying solely on co-located ob-
servations, substantially reducing abrupt discontinuities at
radar coverage boundaries. However, it cannot fully elimi-
nate discontinuities when the input precipitation fields dif-
fer substantially. Improving consistency among input sources
through better retrieval algorithm, quality control, and bias
correction, together with incorporating additional indepen-
dent data sources, could further improve spatial continuity.

A further consideration is the scale mismatch between
point-based gauge observations and gridded precipitation es-
timates. Gauge measurements represent precipitation at in-
dividual locations, whereas satellite, radar, and blended es-
timates represent precipitation over grid cells. This repre-
sentativeness difference affects not only the evaluation but
also gauge-based bias correction and the estimation of er-
ror characteristics used in the blending framework. The ef-
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Figure 12. Sensitivity of 24 h accumulated precipitation estimates to different IDW configurations for two selected extreme precipitation
events: (a–c) Cyclone Ellie, from 22:00 UTC on 22 December to 22:00 UTC on 23 December 2022, and (d–f) Cyclone Jasper, from
22:00 UTC on 12 December to 22:00 UTC on 13 December 2023. The three configurations are IDW-K5 (a, d), using the five nearest gauges
without a maximum search distance; IDW-K5-L (b, e), using up to five nearest gauges within a 200 km search radius; and IDW-K20-L (c, f),
using up to 20 nearest gauges within the same search radius. IDW-K5 corresponds to the IDW configuration used in Fig. 10.

fect can be particularly evident for localised and spatially
variable hourly rainfall, where a point gauge may record
substantially higher or lower rainfall than the correspond-
ing grid-cell estimate (e.g., Fig. 10), particularly when lo-
cal rainfall maxima occur within only a small fraction of the
grid cell. Previous studies have attempted to quantify this un-
certainty using dense gauge networks and point-to-area ap-
proaches (Bohnenstengel et al., 2011; Li et al., 2026; Tang et
al., 2018), but it remains difficult to eliminate where gauge
observations are sparse. Future work could explicitly charac-
terise point-to-grid representativeness uncertainty as a func-
tion of gauge density, rainfall intensity, and spatial scale.

6 Conclusions

In this study, we developed and trialled BRAIN, a national-
scale multi-source precipitation analysis system that blends
Himawari satellite rainfall estimates, Rainfields radar prod-
ucts, and hourly gauge observations to generate 2 km, hourly
gridded rainfall analyses for Australia. The system addresses
a long-standing need for high-resolution, sub-daily rain-

fall information by combining a unified statistical inter-
polation framework with computational strategies designed
for continental-scale implementation. Comprehensive eval-
uation over a two-year trial period (2022–2023) demon-
strates the overall benefit of integrating complementary satel-
lite, radar, and gauge information. BR-SRG generally im-
proved rainfall estimation compared with the individual input
sources and simpler two-source configurations. The resulting
analyses provide spatially complete and temporally continu-
ous rainfall fields, supporting the potential application of the
framework to both historical analysis and near-real-time rain-
fall estimation.

The key conclusions of this study can be summarised as
follows:

1. The high-frequency Himawari CRRPH product is
demonstrated to be an effective background field for
national-scale precipitation blending. Its key role is to
provide a spatially complete first guess at very high
spatial and temporal resolution, onto which higher-
accuracy radar and gauge observations can be integrated
according to their estimated errors and spatial relation-
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Figure 13. Gauge-based precipitation estimates obtained using locally fitted two-dimensional thin-plate spline (TPS) interpolation for two
selected extreme precipitation events: (a, b) Cyclone Ellie, from 22:00 UTC on 22 December to 22:00 UTC on 23 December 2022, and
(c, d) Cyclone Jasper, from 22:00 UTC on 12 December to 22:00 UTC on 13 December 2023. The two configurations are TPS-K20 (a, c),
fitted locally using the 20 nearest gauges, and TPS-K50 (b, d), fitted locally using the 50 nearest gauges. These estimates provide additional
gauge-based interpolation examples for comparison with the IDW estimates in Figs. 10 and 12.

ships. In regions where ground-based observations are
sparse or absent, the satellite background effectively
fills spatial gaps and maintains complete rainfall cover-
age across the continental domain. At the same time, the
evaluation highlights the importance of bias correction
and the remaining influence of satellite retrieval errors
on the final analysis, particularly where ground-based
observations are limited.

2. The continental-scale trial demonstrates that all
currently available and operationally manageable
observation-based data sources in Australia, including
satellite, radar, and gauge observations, can be inte-
grated within a unified statistical framework. The sys-
tem is already under active testing within the Bureau’s

internal environment and is technically ready for op-
erationalisation. In the longer term, the framework is
designed to support both historical reconstruction and
near-real-time product generation, providing a consis-
tent and flexible rainfall analysis for a wide range of
users.

3. The error-informed localisation strategy embedded
within the statistical interpolation framework is shown
to be effective at continental scale. In particular, the
nearest-point approximation for gridded radar substan-
tially reduces modelling and computational complex-
ity, enabling multi-source blending at kilometre and
hourly resolutions over large spatial domains. The re-
sults demonstrate the practical feasibility of this approx-
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Figure 14. Temporal evolution of precipitation at selected gauge locations during (a) Cyclone Ellie and (b) Cyclone Jasper. Each panel shows
cumulative precipitation (top) and hourly precipitation (bottom) from gauge observations and different rainfall estimates. Insets indicate the
locations of the selected gauges.

imation for large-scale implementation while retaining
the major benefits of incorporating radar information.

4. The added value of the blended product is confirmed
through comprehensive comparisons. BR-SRG gener-
ally showed better overall performance than the in-
dividual satellite and radar estimates and the simpler
two-source blending configurations. Gauge availability
also affected the performance of gauge-dependent esti-

mation processes, with greater improvements generally
found under higher gauge-density conditions. Compar-
isons with the gauge-based IDW reference and daily op-
erational AGCD product in selected cases further illus-
trate the benefit of incorporating spatially continuous
satellite and radar information. The blended analysis
captures finer-scale rainfall structures and spatial vari-
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ations in rainfall intensity that are not fully represented
by these products.

Future development of BRAIN will focus on improving
input data quality, refining error characterisation, and en-
hancing spatial and temporal resolution. Error characterisa-
tion is performed offline using historical data. Therefore, in-
troducing or updating an input product mainly requires re-
peating this offline estimation and subsequent evaluation,
while the operational analysis remains computationally effi-
cient. Anticipated upgrades to the Himawari-based CRRPH
product are expected to further improve performance, par-
ticularly in tropical and radar-sparse regions, while ongo-
ing radar recalibration efforts are likely to enhance local
accuracy. The integration of complementary satellite prod-
ucts (e.g., IMERG), additional ground-based observations
(including daily gauge observations and the expanding avail-
ability of third-party sub-daily gauge observations), and im-
proved representation of error characteristics in sparsely ob-
served regions will further strengthen the system (e.g., Zhang
et al., 2027). Additional products, particularly satellite prod-
ucts, may also introduce cross-source error dependencies due
to shared retrieval methods and/or calibration procedures.
The current independence assumption is a practical simplifi-
cation and should therefore be re-evaluated when extending
BRAIN to additional data sources.

Overall, BRAIN represents an important step towards
an operational national sub-daily rainfall analysis capability
for Australia. Beyond its immediate regional relevance, this
study provides an additional reference for large-scale multi-
source precipitation analysis systems at kilometre and hourly
resolutions under heterogeneous observational conditions.

Data availability. The Himawari CRRPH satellite precipitation
data can be accessed via the National Computational Infras-
tructure (NCI) Data Catalogue (https://doi.org/10.25914/qc2q-
mx21, Bureau of Meteorology, 2024). Radar precipitation
data are also available through the NCI Data Catalogue
(https://doi.org/10.25914/5cb686a8d9450, Bureau of Meteorology,
2022). The BRAIN product is currently on pre-production test and
working to allow its transition into production. Other datasets that
are not openly accessible can be requested from the Australian Bu-
reau of Meteorology.

Supplement. The supplement related to this article is available on-
line at https://doi.org/10.5194/hess-30-6701-2026-supplement.

Author contributions. YZ developed the methodology, performed
the formal analysis, implemented the software, carried out the val-
idation and visualisation, and prepared the original draft of the
manuscript. QW, AF, JP, BT, and CV contributed to the concep-
tualisation, investigation, methodology, formal analysis, and vali-
dation of the study. AF, JP, BT, CV, and VV curated the datasets
used in the analysis. QW, AF, and CV were responsible for fund-

ing acquisition, project administration, and supervision. AF and CV
provided key resources supporting the study. CS contributed to the
formal analysis, methodology, investigation, and validation. All au-
thors contributed to manuscript review and editing and approved the
final version.

Competing interests. The contact author has declared that none of
the authors has any competing interests.

Disclaimer. Publisher’s note: Copernicus Publications remains
neutral with regard to jurisdictional claims made in the text, pub-
lished maps, institutional affiliations, or any other geographical rep-
resentation in this paper. The authors bear the ultimate responsibil-
ity for providing appropriate place names. Views expressed in the
text are those of the authors and do not necessarily reflect the views
of the publisher.

Acknowledgements. We sincerely thank Bureau of Meteorology’s
scientists Dr. Zhi-Weng Chua, Dr. Caroline Poulsen for their valu-
able feedback during the internal review process of this manuscript.
We also thank Dr. Mahadi Hasan for his assistance in processing
the additional hourly gauge dataset and the Bureau’s flood and data
teams for support supplying that data. We gratefully acknowledge
the numerous organisations and agencies across the Australian wa-
ter sector for their contributions of flood and water information to
the Bureau of Meteorology under the Water Act 2007. This re-
search was undertaken with the assistance of resources and services
provided by the National Computational Infrastructure (NCI Aus-
tralia), which is supported by the Australian Government.

Financial support. This research has been supported by the Aus-
tralian Bureau of Meteorology as part of the Next Generation Rain-
fall Project.

Review statement. This paper was edited by Roger Moussa and re-
viewed by three anonymous referees.

References

Acharya, S. C., Nathan, R., Wang, Q. J., and Su, C.-H.: Temporal
disaggregation of daily rainfall measurements using regional re-
analysis for hydrological applications, J. Hydrol., 610, 127867,
https://doi.org/10.1016/j.jhydrol.2022.127867, 2022.

Bari, M., Hasan, M., Evans, A., Frost, A., and Chua, Z.-
W.: Development of operational 0.01-degree resolution grid-
ded historical daily precipitation data for Australia, Journal
of Southern Hemisphere Earth Systems Science, ES25008,
https://doi.org/10.1071/ES25008, 2026.

Beck, H. E., van Dijk, A. I. J. M., Levizzani, V., Schellekens,
J., Miralles, D. G., Martens, B., and de Roo, A.: MSWEP: 3-
hourly 0.25° global gridded precipitation (1979–2015) by merg-

Hydrol. Earth Syst. Sci., 30, 6701–6730, 2026 https://doi.org/10.5194/hess-30-6701-2026

https://doi.org/10.25914/qc2q-mx21
https://doi.org/10.25914/qc2q-mx21
https://doi.org/10.25914/5cb686a8d9450
https://doi.org/10.5194/hess-30-6701-2026-supplement
https://doi.org/10.1016/j.jhydrol.2022.127867
https://doi.org/10.1071/ES25008


Y. Zhang et al.: Design and trial implementation of hourly precipitation analysis for Australia 6727

ing gauge, satellite, and reanalysis data, Hydrol. Earth Syst. Sci.,
21, 589–615, https://doi.org/10.5194/hess-21-589-2017, 2017.

Beck, H. E., Wood, E. F., Pan, M., Fisher, C. K., Miralles, D.
G., van Dijk, A. I. J. M., McVicar, T. R., and Adler, R. F.:
MSWEP V2 Global 3-Hourly 0.1° Precipitation: Methodology
and Quantitative Assessment, B. Am. Meteorol. Soc., 100, 473–
500, https://doi.org/10.1175/BAMS-D-17-0138.1, 2019.

Bergman, K. H.: Role of Observational Errors in Optimum In-
terpolation Analysis, B. Am. Meteorol. Soc., 59, 1603–1611,
https://doi.org/10.1175/1520-0477-59.12.1603, 1978.

Bhargava, M. and Danard, M.: Application of Optimum Interpola-
tion to the Analysis of Precipitation in Complex Terrain, J. Appl.
Meteorol. Clim., 33, 508–518, https://doi.org/10.1175/1520-
0450(1994)033<0508:AOOITT>2.0.CO;2, 1994.

Bohnenstengel, S. I., Schlünzen, K. H., and Beyrich, F.: Represen-
tativity of in situ precipitation measurements – A case study for
the LITFASS area in North-Eastern Germany, J. Hydrol., 400,
387–395, https://doi.org/10.1016/j.jhydrol.2011.01.052, 2011.

Bureau of Meteorology: AURA – Operational Radar Network
Archive, National Computational Infrastructure [data set],
https://doi.org/10.25914/5cb686a8d9450, 2022.

Bureau of Meteorology: Himawari 8/9 – Convective Rain Rate –
Physically Based (CRRPH) (V2.1) [data set], National Compu-
tational Infrastructure [data set], https://doi.org/10.25914/qc2q-
mx21, 2024.

Bureau of Meteorology: Australia Rainfall and River Conditions,
Bureau of Meteorology, Australian Government, https://www.
bom.gov.au/australia/flood/, last access: 20 February 2025.

Chappell, A., Renzullo, L. J., Raupach, T. H., and Hay-
lock, M.: Evaluating geostatistical methods of blend-
ing satellite and gauge data to estimate near real-time
daily rainfall for Australia, J. Hydrol., 493, 105–114,
https://doi.org/10.1016/j.jhydrol.2013.04.024, 2013.

Chen, H., Wen, D., Du, Y., Xiong, L., and Wang, L.:
Errors of five satellite precipitation products for dif-
ferent rainfall intensities, Atmos. Res., 285, 106622,
https://doi.org/10.1016/j.atmosres.2023.106622, 2023.

Chua, Z.-W., Kuleshov, Y., Watkins, A. B., Choy, S., and Sun, C.:
A Two-Step Approach to Blending GSMaP Satellite Rainfall Es-
timates with Gauge Observations over Australia, Remote Sens.,
14, 1903, https://doi.org/10.3390/rs14081903, 2022a.

Chua, Z.-W., Evans, A., Kuleshov, Y., Watkins, A., Choy, S., and
Sun, C.: Enhancing the Australian Gridded Climate Dataset
rainfall analysis using satellite data, Sci. Rep., 12, 20691,
https://doi.org/10.1038/s41598-022-25255-6, 2022b.

Chua, Z.-W., Kuleshov, Y., Watkins, A. B., Choy, S., and Sun, C.: A
Statistical Interpolation of Satellite Data with Rain Gauge Data
over Papua New Guinea, J. Hydrometeorol., 24, 2369–2387,
https://doi.org/10.1175/JHM-D-23-0035.1, 2023.

Chumchean, S., Seed, A., and Sharma, A.: Correcting of real-time
radar rainfall bias using a Kalman filtering approach, J. Hydrol.,
317, 123–137, https://doi.org/10.1016/j.jhydrol.2005.05.013,
2006.

Ciach, G. J.: Local Random Errors in Tipping-Bucket
Rain Gauge Measurements, J. Atmos. Ocean.
Tech., 20, 752–759, https://doi.org/10.1175/1520-
0426(2003)20<752:LREITB>2.0.CO;2, 2003.

Delrieu, G., Hucke, L., and Creutin, J. D.: Attenuation in
Rain for X- and C-Band Weather Radar Systems: Sen-

sitivity with respect to the Drop Size Distribution, J.
Appl. Meteorol. Clim., 38, 57–68, https://doi.org/10.1175/1520-
0450(1999)038<0057:AIRFXA>2.0.CO;2, 1999.

De Mey, P.: Optimal Interpolation in a model of the Azores Cur-
rent in 1986–88, in: Data Assimilation: Tools for Modelling the
Ocean in a Global Change Perspective, edited by: Brasseur, P. P.
and Nihoul, J. C. J., Springer-Verlag, Berlin, Heidelberg, 85–105,
https://doi.org/10.1007/978-3-642-78939-7_4, 1994.

Dong, J., Crow, W. T., Chen, X., Tangdamrongsub, N., Gao,
M., Sun, S., Qiu, J., Wei, L., Gao, H., and Duan, Z.:
Statistical uncertainty analysis-based precipitation merging
(SUPER): A new framework for improved global precip-
itation estimation, Remote Sens. Environ., 283, 113299,
https://doi.org/10.1016/j.rse.2022.113299, 2022.

Dunn, R. E., Fowler, H. J., Green, A. C., and Lewis, E.: Tipping-
bucket rain gauges: a review of the undercatch phenomenon, and
methods for its reduction and correction, Weather, 80, 196–205,
https://doi.org/10.1002/wea.7736, 2025.

Evans, A., Jones, D., Smalley, R., and Lellyett, S.: An enhanced
gridded rainfall analysis scheme for Australia, Bureau Research
Report No. 041, Bureau of Meteorology, Melbourne, Australia,
https://nla.gov.au/nla.obj-2786078795 (last access: 9 October
2026), 2020.

Fortin, V., Roy, G., Donaldson, N., and Mahidjiba, A.: Assimila-
tion of radar quantitative precipitation estimations in the Cana-
dian Precipitation Analysis (CaPA), J. Hydrol., 531, 296–307,
https://doi.org/10.1016/j.jhydrol.2015.08.003, 2015.

Fortin, V., Roy, G., Stadnyk, T., Koenig, K., Gasset, N., and
Mahidjiba, A.: Ten Years of Science Based on the Cana-
dian Precipitation Analysis: A CaPA System Overview
and Literature Review, Atmos.-Ocean, 56, 178–196,
https://doi.org/10.1080/07055900.2018.1474728, 2018.

Gandin, L. S.: Objective Analysis of Meteorological Fields,
translated from Russian, Israel Program for Scientific
Translations, Jerusalem, 242 pp., https://archive.org/details/
objectiveanalysi0000lsga (last access: 13 October 2026), 1965.

Gauthier, P., Tanguay, M., Laroche, S., Pellerin, S., and Morneau, J.:
Extension of 3DVAR to 4DVAR: Implementation of 4DVAR at
the Meteorological Service of Canada, Mon. Weather Rev., 135,
2339–2354, https://doi.org/10.1175/MWR3394.1, 2007.

Gavahi, K., Foroumandi, E., and Moradkhani, H.: A
deep learning-based framework for multi-source pre-
cipitation fusion, Remote Sens. Environ., 295, 113723,
https://doi.org/10.1016/j.rse.2023.113723, 2023.

Huang, X.-Y., Gustafsson, N., and Källén, E. R.: Using
an adjoint model to improve an optimum interpolation-
based data-assimilation system, Tellus A, 49, 161–176,
https://doi.org/10.3402/tellusa.v49i2.14461, 1997.

Hubbert, J. C., Dixon, M., Ellis, S. M., and Meymaris, G.:
Weather Radar Ground Clutter. Part I: Identification, Model-
ing, and Simulation, J. Atmos. Ocean. Tech., 26, 1165–1180,
https://doi.org/10.1175/2009JTECHA1159.1, 2009a.

Hubbert, J. C., Dixon, M., and Ellis, S. M.: Weather
Radar Ground Clutter. Part II: Real-Time Identification
and Filtering, J. Atmos. Oceanic Tech., 26, 1181–1197,
https://doi.org/10.1175/2009JTECHA1160.1, 2009b.

Hyfte, S. V., Moigne, P. L., Bazile, E., Verrelle, A., and
Boone, A.: High-Resolution Reanalysis of Daily Precipita-

https://doi.org/10.5194/hess-30-6701-2026 Hydrol. Earth Syst. Sci., 30, 6701–6730, 2026

https://doi.org/10.5194/hess-21-589-2017
https://doi.org/10.1175/BAMS-D-17-0138.1
https://doi.org/10.1175/1520-0477-59.12.1603
https://doi.org/10.1175/1520-0450(1994)033<0508:AOOITT>2.0.CO;2
https://doi.org/10.1175/1520-0450(1994)033<0508:AOOITT>2.0.CO;2
https://doi.org/10.1016/j.jhydrol.2011.01.052
https://doi.org/10.25914/5cb686a8d9450
https://doi.org/10.25914/qc2q-mx21
https://doi.org/10.25914/qc2q-mx21
https://www.bom.gov.au/australia/flood/
https://www.bom.gov.au/australia/flood/
https://doi.org/10.1016/j.jhydrol.2013.04.024
https://doi.org/10.1016/j.atmosres.2023.106622
https://doi.org/10.3390/rs14081903
https://doi.org/10.1038/s41598-022-25255-6
https://doi.org/10.1175/JHM-D-23-0035.1
https://doi.org/10.1016/j.jhydrol.2005.05.013
https://doi.org/10.1175/1520-0426(2003)20<752:LREITB>2.0.CO;2
https://doi.org/10.1175/1520-0426(2003)20<752:LREITB>2.0.CO;2
https://doi.org/10.1175/1520-0450(1999)038<0057:AIRFXA>2.0.CO;2
https://doi.org/10.1175/1520-0450(1999)038<0057:AIRFXA>2.0.CO;2
https://doi.org/10.1007/978-3-642-78939-7_4
https://doi.org/10.1016/j.rse.2022.113299
https://doi.org/10.1002/wea.7736
https://nla.gov.au/nla.obj-2786078795
https://doi.org/10.1016/j.jhydrol.2015.08.003
https://doi.org/10.1080/07055900.2018.1474728
https://archive.org/details/objectiveanalysi0000lsga
https://archive.org/details/objectiveanalysi0000lsga
https://doi.org/10.1175/MWR3394.1
https://doi.org/10.1016/j.rse.2023.113723
https://doi.org/10.3402/tellusa.v49i2.14461
https://doi.org/10.1175/2009JTECHA1159.1
https://doi.org/10.1175/2009JTECHA1160.1


6728 Y. Zhang et al.: Design and trial implementation of hourly precipitation analysis for Australia

tion using AROME Model Over France, Tellus A, 75, 27–49,
https://doi.org/10.16993/tellusa.95, 2023.

Imhoff, R. O., De Cruz, L., Dewettinck, W., Brauer, C. C., Uijlen-
hoet, R., van Heeringen, K.-J., Velasco-Forero, C., Nerini, D.,
Van Ginderachter, M., and Weerts, A. H.: Scale-dependent blend-
ing of ensemble rainfall nowcasts and numerical weather predic-
tion in the open-source pysteps library, Q. J. Roy. Meteor. Soc.,
149, 1335–1364, https://doi.org/10.1002/qj.4461, 2023.

Islam, Md. A., Yu, B., and Cartwright, N.: Assessment and compari-
son of five satellite precipitation products in Australia, J. Hydrol.,
590, 125474, https://doi.org/10.1016/j.jhydrol.2020.125474,
2020.

Jeffrey, S. J., Carter, J. O., Moodie, K. B., and Beswick, A. R.: Us-
ing spatial interpolation to construct a comprehensive archive of
Australian climate data, Environ. Model. Softw., 16, 309–330,
https://doi.org/10.1016/S1364-8152(01)00008-1, 2001.

Jones, D., Wang, W., and Fawcett, R.: High-quality spatial climate
data-sets for Australia, Austr. Meteorol. Oceanogr. J., 58, 233–
248, https://doi.org/10.22499/2.5804.003, 2009.

Karagiannidis, A., Lahuerta, J. A., Calbet, X., Lliso, L., Lagou-
vardos, K., Kotroni, V., and Ripodas, P.: Efficiency of
the NWC SAF Version 2021 CRRPh Precipitation Prod-
uct: Comparison against Previous NWC SAF Precipitation
Products and the Influence of Topography, Climate, 11, 34,
https://doi.org/10.3390/cli11020034, 2023.

Khedhaouiria, D., Bélair, S., Fortin, V., Roy, G., and Lespinas,
F.: High-Resolution (2.5 km) Ensemble Precipitation Anal-
ysis across Canada, J. Hydrometeorol., 21, 2023–2039,
https://doi.org/10.1175/JHM-D-19-0282.1, 2020.

Khedhaouiria, D., Bélair, S., Fortin, V., Roy, G., and Lespinas,
F.: Using a hybrid optimal interpolation–ensemble Kalman filter
for the Canadian Precipitation Analysis, Nonlin. Processes Geo-
phys., 29, 329–344, https://doi.org/10.5194/npg-29-329-2022,
2022.

Kirsch, B., Clemens, M., and Ament, F.: Stratiform and Convec-
tive Radar Reflectivity–Rain Rate Relationships and Their Po-
tential to Improve Radar Rainfall Estimates, J. Appl. Meteo-
rol. Clim., 58, 2259–2271, https://doi.org/10.1175/JAMC-D-19-
0077.1, 2019.

Kossieris, P., Tsoukalas, I., Brocca, L., Mosaffa, H., Makropoulos,
C., and Anghelea, A.: Precipitation data merging via machine
learning: Revisiting conceptual and technical aspects, J. Hydrol.,
637, 131424, https://doi.org/10.1016/j.jhydrol.2024.131424,
2024.

Koster, R. D., Liu, Q., Reichle, R. H., and Huffman, G. J.: Im-
proved Estimates of Pentad Precipitation Through the Merg-
ing of Independent Precipitation Data Sets, Water Resour. Res.
, 57, e2021WR030330, https://doi.org/10.1029/2021WR030330,
2021.

Li, Y., Han, B., Chen, L., Zhou, R., and Li, R.: Refine the Uncer-
tainty of GPM IMERG Precipitation Product Accounting for the
Inherent Error From Rain Gauges Estimations, Earth Space Sci.,
13, e2025EA004745, https://doi.org/10.1029/2025EA004745,
2026.

Lorenc, A. C., Bell, R. S., and Macpherson, B.: The Me-
teorological Office analysis correction data assimila-
tion scheme, Q. J. Roy. Meteor. Soc., 117, 59–89,
https://doi.org/10.1002/qj.49711749704, 1991.

Ma, Z., Xu, J., Dong, B., Hu, X., Hu, H., Yan, S., Zhu, S.,
He, K., Shi, Z., Chen, Y., Fang, X., Zhang, Q., Gu, S.,
and Weng, F.: GMCP: A Fully Global Multisource Merging-
and-Calibration Precipitation Dataset (1-Hourly, 0.1°, Global,
2000–the Present), B. Am. Meteorol. Soc., 106, E596–E624,
https://doi.org/10.1175/BAMS-D-24-0051.1, 2025.

Mahfouf, J., Brasnett, B., and Gagnon, S.: A Canadian precipitation
analysis (CaPA) project: Description and preliminary results,
Atmos.-Ocean, 45, 1–17, https://doi.org/10.3137/ao.v450101,
2007.

Malone, T.: Using URBS for Real Time Flood Modelling,
in: Water 99 Joint Congress: 25th Hydrology & Water Re-
sources Symposium and 2nd International Conference on Wa-
ter Resources & Environment Research, Brisbane, Australia,
6–8 July 1999, Institution of Engineers, Australia, Barton,
ACT, 603–608, https://search.informit.org/doi/10.3316/informit.
705872257387556 (last access: 13 October 2026), 1999.

Malone, T. and Carroll, D.: Guidelines for URBS routing parame-
ters, in: 40th Hydrology & Water Resources Symposium 2022
(HWRS 2022): The Past, the Present, the Future, Brisbane,
Australia, 30 November–2 December 2022, Engineers Aus-
tralia, 145–155, https://search.informit.org/doi/10.3316/informit.
905985293458115 (last access: 13 October 2026), 2022.

Martinaitis, S. M., Osborne, A. P., Simpson, M. J., Zhang,
J., Howard, K. W., Cocks, S. B., Arthur, A., Langston,
C., and Kaney, B. T.: A Physically Based Multisen-
sor Quantitative Precipitation Estimation Approach for Gap-
Filling Radar Coverage, J. Hydrometeorol., 21, 1485–1511,
https://doi.org/10.1175/JHM-D-19-0264.1, 2020.

McRoberts, D. B. and Nielsen-Gammon, J. W.: Detecting Beam
Blockage in Radar-Based Precipitation Estimates, J. Atmos.
Ocean. Tech., 34, 1407–1422, https://doi.org/10.1175/JTECH-
D-16-0174.1, 2017.

Mitchell, H. L., Charette, C., Chouinard, C., and Brasnett, B.:
Revised Interpolation Statistics for the Canadian Data As-
similation Procedure: Their Derivation and Application, Mon.
Weather Rev., 118, 1591–1614, https://doi.org/10.1175/1520-
0493(1990)118<1591:RISFTC>2.0.CO;2, 1990.

Nguyen, C., Vaze, J., Mateo, C. M. R., Hutchinson, M. F., and Teng,
J.: Elevation dependent spatial interpolation of hourly rainfall for
accurate flood inundation modelling, Hydrol. Earth Syst. Sci., 30,
45–66, https://doi.org/10.5194/hess-30-45-2026, 2026.

Nishant, N., Sherwood, S., Prasad, A., Ji, F., and Singh, A.:
Impact of Higher Spatial Resolution on Precipitation Proper-
ties Over Australia, Geophys. Res. Lett., 49, e2022GL100717,
https://doi.org/10.1029/2022GL100717, 2022.

Ochoa-Rodriguez, S., Wang, L.-P., Willems, P., and Onof, C.: A Re-
view of Radar-Rain Gauge Data Merging Methods and Their Po-
tential for Urban Hydrological Applications, Water Resour. Res.,
55, 6356–6391, https://doi.org/10.1029/2018WR023332, 2019.

Prein, A. F., Rasmussen, R. M., Ikeda, K., Liu, C., Clark,
M. P., and Holland, G. J.: The future intensification of
hourly precipitation extremes, Nat. Clim. Change, 7, 48–52,
https://doi.org/10.1038/nclimate3168, 2017.

Rabier, F.: Overview of global data assimilation developments in
numerical weather-prediction centres, Q. J. Roy. Meteor. Soc.,
131, 3215–3233, https://doi.org/10.1256/qj.05.129, 2005.

Rabier, F., Järvinen, H., Klinker, E., Mahfouf, J.-F., and Sim-
mons, A.: The ECMWF operational implementation of four-

Hydrol. Earth Syst. Sci., 30, 6701–6730, 2026 https://doi.org/10.5194/hess-30-6701-2026

https://doi.org/10.16993/tellusa.95
https://doi.org/10.1002/qj.4461
https://doi.org/10.1016/j.jhydrol.2020.125474
https://doi.org/10.1016/S1364-8152(01)00008-1
https://doi.org/10.22499/2.5804.003
https://doi.org/10.3390/cli11020034
https://doi.org/10.1175/JHM-D-19-0282.1
https://doi.org/10.5194/npg-29-329-2022
https://doi.org/10.1175/JAMC-D-19-0077.1
https://doi.org/10.1175/JAMC-D-19-0077.1
https://doi.org/10.1016/j.jhydrol.2024.131424
https://doi.org/10.1029/2021WR030330
https://doi.org/10.1029/2025EA004745
https://doi.org/10.1002/qj.49711749704
https://doi.org/10.1175/BAMS-D-24-0051.1
https://doi.org/10.3137/ao.v450101
https://search.informit.org/doi/10.3316/informit.705872257387556
https://search.informit.org/doi/10.3316/informit.705872257387556
https://search.informit.org/doi/10.3316/informit.905985293458115
https://search.informit.org/doi/10.3316/informit.905985293458115
https://doi.org/10.1175/JHM-D-19-0264.1
https://doi.org/10.1175/JTECH-D-16-0174.1
https://doi.org/10.1175/JTECH-D-16-0174.1
https://doi.org/10.1175/1520-0493(1990)118<1591:RISFTC>2.0.CO;2
https://doi.org/10.1175/1520-0493(1990)118<1591:RISFTC>2.0.CO;2
https://doi.org/10.5194/hess-30-45-2026
https://doi.org/10.1029/2022GL100717
https://doi.org/10.1029/2018WR023332
https://doi.org/10.1038/nclimate3168
https://doi.org/10.1256/qj.05.129


Y. Zhang et al.: Design and trial implementation of hourly precipitation analysis for Australia 6729

dimensional variational assimilation. I: Experimental results with
simplified physics, Q. J. Roy. Meteor. Soc., 126, 1143–1170,
https://doi.org/10.1002/qj.49712656415, 2000.

Rawlins, F., Ballard, S. P., Bovis, K. J., Clayton, A. M., Li,
D., Inverarity, G. W., Lorenc, A. C., and Payne, T. J.:
The Met Office global four-dimensional variational data as-
similation scheme, Q. J. Roy. Meteor. Soc., 133, 347–362,
https://doi.org/10.1002/qj.32, 2007.

Renzullo, L. J., Velasco-Forero, C. A., and Seed, A. W.: Blend-
ing radar, NWP and satellite data for real-time ensemble rainfall
analysis: a scale-dependent method, CSIRO, Technical Report
EP174236, https://doi.org/10.4225/08/594eb78c96025, 2017.

Seed, A., Duthie, E., and Chumchean, S.: Rainfields: the Aus-
tralian Bureau of Meteorology system for quantitative pre-
cipitation estimation, in: Proceedings 33rd AMS Conference
on Radar Meteorology, Cairns, Australia, 6–10 August 2007,
American Meteorological Society, https://ams.confex.com/ams/
33Radar/techprogram/paper_123340.htm (last access: 9 October
2026), 2007.

Segovia-Cardozo, D. A., Bernal-Basurco, C., and Rodríguez-
Sinobas, L.: Tipping Bucket Rain Gauges in Hydrologi-
cal Research: Summary on Measurement Uncertainties, Cal-
ibration, and Error Reduction Strategies, Sensors, 23, 5385,
https://doi.org/10.3390/s23125385, 2023.

Seo, B.-C. and Krajewski, W. F.: Investigation of the scale-
dependent variability of radar-rainfall and rain gauge
error covariance, Adv. Water Resour., 34, 152–163,
https://doi.org/10.1016/j.advwatres.2010.10.006, 2011.

Shen, Y., Zhao, P., Pan, Y., and Yu, J.: A high spa-
tiotemporal gauge-satellite merged precipitation analysis
over China, J. Geophys. Res.-Atmos., 119, 3063–3075,
https://doi.org/10.1002/2013JD020686, 2014.

Shen, Y., Hong, Z., Pan, Y., Yu, J., and Maguire, L.:
China’s 1 km Merged Gauge, Radar and Satellite Ex-
perimental Precipitation Dataset, Remote Sens., 10, 264,
https://doi.org/10.3390/rs10020264, 2018.

So, D. and Shin, D.-B.: Classification of precipitating clouds
using satellite infrared observations and its implications for
rainfall estimation, Q. J. Roy. Meteor. Soc., 144, 133–144,
https://doi.org/10.1002/qj.3288, 2018.

Su, C.-H., Eizenberg, N., Steinle, P., Jakob, D., Fox-Hughes, P.,
White, C. J., Rennie, S., Franklin, C., Dharssi, I., and Zhu,
H.: BARRA v1.0: the Bureau of Meteorology Atmospheric
high-resolution Regional Reanalysis for Australia, Geosci.
Model Dev., 12, 2049–2068, https://doi.org/10.5194/gmd-12-
2049-2019, 2019.

Su, C.-H., Eizenberg, N., Jakob, D., Fox-Hughes, P., Steinle, P.,
White, C. J., and Franklin, C.: BARRA v1.0: kilometre-scale
downscaling of an Australian regional atmospheric reanalysis
over four midlatitude domains, Geosci. Model Dev., 14, 4357–
4378, https://doi.org/10.5194/gmd-14-4357-2021, 2021.

Su, C.-H., Torrance, J., Rennie, S., Howard, E., Stassen, C.,
Warren, R., Smith, A., Dharssi, I., Pepler, A., Tian, S., Lip-
son, M., Steinle, P., Franklin, C., Le, T., Wang, C., Ma-
soumi, S., and Le Marshall, J.: The Australian regional at-
mospheric reanalysis system, version 2 – BARRA2, Journal
of Southern Hemisphere Earth Systems Science, 75, ES25032,
https://doi.org/10.1071/ES25032, 2025.

Sun, Q., Miao, C., Duan, Q., Ashouri, H., Sorooshian, S., and Hsu,
K.: A Review of Global Precipitation Data Sets: Data Sources,
Estimation, and Intercomparisons, Rev. Geophys., 56, 79–107,
https://doi.org/10.1002/2017RG000574, 2018.

Tang, G., Behrangi, A., Long, D., Li, C., and Hong, Y.: Account-
ing for spatiotemporal errors of gauges: A critical step to eval-
uate gridded precipitation products, J. Hydrol., 559, 294–306,
https://doi.org/10.1016/j.jhydrol.2018.02.057, 2018.

Upadhyaya, S. A., Kirstetter, P.-E., Gourley, J. J., and Kuligowski,
R. J.: On the Propagation of Satellite Precipitation Estimation
Errors: From Passive Microwave to Infrared Estimates, J. Hy-
drometeorol., 21, 1367–1381, https://doi.org/10.1175/JHM-D-
19-0293.1, 2020.

Villarini, G., Mandapaka, P. V., Krajewski, W. F., and Moore,
R. J.: Rainfall and sampling uncertainties: A rain gauge
perspective, J. Geophys. Res.-Atmos., 113, D11102,
https://doi.org/10.1029/2007JD009214, 2008.

Xia, H. and Wang, K.: Hourly, kilometer-scale precipitation merged
from rain gauge, ground-based radar and satellites over east Asia:
methods, evaluation and applications, J. Hydrol., 662, 134148,
https://doi.org/10.1016/j.jhydrol.2025.134148, 2025.

Xie, P. and Xiong, A.-Y.: A conceptual model for con-
structing high-resolution gauge-satellite merged precipi-
tation analyses, J. Geophys. Res.-Atmos., 116, D21106,
https://doi.org/10.1029/2011JD016118, 2011.

Xie, P., Chen, M., and Shi, W.: CPC unified gauge-based analy-
sis of global daily precipitation, in: 24th Conference on Hydrol-
ogy, Atlanta, GA, USA, 18 January 2010, American Meteoro-
logical Society, presentation 2.3A, https://ams.confex.com/ams/
90annual/webprogram/Paper163676.html (last access: 9 October
2026), 2010.

Xu, L., Chen, N., Moradkhani, H., Zhang, X., and Hu, C.:
Improving Global Monthly and Daily Precipitation Estima-
tion by Fusing Gauge Observations, Remote Sensing, and Re-
analysis Data Sets, Water Resour. Res., 56, e2019WR026444,
https://doi.org/10.1029/2019WR026444, 2020.

Xu, Y., Tang, G., Li, L., and Wan, W.: Multi-source pre-
cipitation estimation using machine learning: Clari-
fication and benchmarking, J. Hydrol., 635, 131195,
https://doi.org/10.1016/j.jhydrol.2024.131195, 2024.

Yin, J., Guo, S., Gu, L., Zeng, Z., Liu, D., Chen, J.,
Shen, Y., and Xu, C.-Y.: Blending multi-satellite, atmo-
spheric reanalysis and gauge precipitation products to fa-
cilitate hydrological modelling, J. Hydrol., 593, 125878,
https://doi.org/10.1016/j.jhydrol.2020.125878, 2021.

Yu, J., Li, X.-F., Lewis, E., Blenkinsop, S., and Fowler, H. J.: UKGr-
sHP: a UK high-resolution gauge–radar–satellite merged hourly
precipitation analysis dataset, Clim. Dynam., 54, 2919–2940,
https://doi.org/10.1007/s00382-020-05144-2, 2020.

Zhang, W., Furtado, K., Wu, P., Zhou, T., Chadwick, R., Marzin, C.,
Rostron, J., and Sexton, D.: Increasing precipitation variability
on daily-to-multiyear time scales in a warmer world, Sci. Adv.,
7, eabf8021, https://doi.org/10.1126/sciadv.abf8021, 2021a.

Zhang, Y., Ye, A., Nguyen, P., Analui, B., Sorooshian, S., and Hsu,
K.: Error Characteristics and Scale Dependence of Current Satel-
lite Precipitation Estimates Products in Hydrological Modeling,
Remote Sens., 13, 3061, https://doi.org/10.3390/rs13163061,
2021b.

https://doi.org/10.5194/hess-30-6701-2026 Hydrol. Earth Syst. Sci., 30, 6701–6730, 2026

https://doi.org/10.1002/qj.49712656415
https://doi.org/10.1002/qj.32
https://doi.org/10.4225/08/594eb78c96025
https://ams.confex.com/ams/33Radar/techprogram/paper_123340.htm
https://ams.confex.com/ams/33Radar/techprogram/paper_123340.htm
https://doi.org/10.3390/s23125385
https://doi.org/10.1016/j.advwatres.2010.10.006
https://doi.org/10.1002/2013JD020686
https://doi.org/10.3390/rs10020264
https://doi.org/10.1002/qj.3288
https://doi.org/10.5194/gmd-12-2049-2019
https://doi.org/10.5194/gmd-12-2049-2019
https://doi.org/10.5194/gmd-14-4357-2021
https://doi.org/10.1071/ES25032
https://doi.org/10.1002/2017RG000574
https://doi.org/10.1016/j.jhydrol.2018.02.057
https://doi.org/10.1175/JHM-D-19-0293.1
https://doi.org/10.1175/JHM-D-19-0293.1
https://doi.org/10.1029/2007JD009214
https://doi.org/10.1016/j.jhydrol.2025.134148
https://doi.org/10.1029/2011JD016118
https://ams.confex.com/ams/90annual/webprogram/Paper163676.html
https://ams.confex.com/ams/90annual/webprogram/Paper163676.html
https://doi.org/10.1029/2019WR026444
https://doi.org/10.1016/j.jhydrol.2024.131195
https://doi.org/10.1016/j.jhydrol.2020.125878
https://doi.org/10.1007/s00382-020-05144-2
https://doi.org/10.1126/sciadv.abf8021
https://doi.org/10.3390/rs13163061


6730 Y. Zhang et al.: Design and trial implementation of hourly precipitation analysis for Australia

Zhang, Y., Ye, A., Nguyen, P., Analui, B., Sorooshian, S., and
Hsu, K.: New Insights Into Error Decomposition for Precip-
itation Products, Geophys. Res. Lett., 48, e2021GL094092,
https://doi.org/10.1029/2021GL094092, 2021c.

Zhang, Y., Wang, Q. J., Frost, A. J., Trewin, B., Pudashine,
J., Velasco-Forero, C., Su, C.-H., and Villani, V.: Advanc-
ing High-Resolution Precipitation Analysis for Operational Hy-
drological Applications in Australia: Data Sources, Method-
ologies, and Recommendations, WIREs Water, 12, e70037,
https://doi.org/10.1002/wat2.70037, 2025.

Zhang, Y., Wang, Q. J., Frost, A. J., Pudashine, J., Trewin, B.,
Velasco-Forero, C., Su, C.-H., and Villani, V.: A localisation
strategy for scalable and efficient multi-source precipitation
blending at high resolutions over large domains, J. Hydrol., 677,
135831, https://doi.org/10.1016/j.jhydrol.2026.135831, 2026.

Zhang, Y., Wang, Q. J., Frost, A. J., Pudashine, J., Trewin, B.,
Velasco-Forero, C., Su, C.-H., Hasan, M. M., and Villani, V.:
When radar and hourly gauges are scarce: Sharpening gridded
precipitation estimates using daily observations, Atmos. Res.,
345, 109368, https://doi.org/10.1016/j.atmosres.2026.109368,
2027.

Zhu, S., Tang, G., Sorooshian, S., Huffman, G. J., Duan, Q.,
Yan, S., Behrangi, A., Papalexiou, S. M., Nguyen, P., Hsu,
K., Wen, Y., Liu, Z., Li, Z., Chen, M., Laviola, S., and
Hong, Y.: A Review of the Past Half Century of Geo-
stationary Satellite Thermal Observations for Global Precip-
itation Estimation: Developments, achievements, and future
prospects, IEEE Geosci. Remote Sens. Mag., 14, 369–391,
https://doi.org/10.1109/MGRS.2026.3665828, 2026.

Hydrol. Earth Syst. Sci., 30, 6701–6730, 2026 https://doi.org/10.5194/hess-30-6701-2026

https://doi.org/10.1029/2021GL094092
https://doi.org/10.1002/wat2.70037
https://doi.org/10.1016/j.jhydrol.2026.135831
https://doi.org/10.1016/j.atmosres.2026.109368
https://doi.org/10.1109/MGRS.2026.3665828

	Abstract
	Introduction
	Data sources
	In situ observations
	Radar-based observations
	Satellite-based observations

	Methods
	Workflow
	Multi-source statistical interpolation
	Local bias correction of satellite and radar precipitation estimates
	Error characterisation
	Evaluation strategies
	Evaluation datasets and cross-validation
	Performance metrics and stratified evaluation
	IDW implementation and comparison with AGCD


	Results
	Satellite and radar bias correction
	Error characterisation
	Evaluation
	Comparison with individual data sources
	Comparison of three-source and two-source blending
	Performance under different gauge-density conditions

	Spatial and temporal performance of the blended product
	Demonstration of BRAIN in selected rainfall events

	Discussion
	Methodological contributions of the BRAIN framework
	Behaviour and sensitivity of gauge-based interpolation
	Limitations and future directions

	Conclusions
	Data availability
	Supplement
	Author contributions
	Competing interests
	Disclaimer
	Acknowledgements
	Financial support
	Review statement
	References

