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Abstract. High-resolution precipitation information is essential for hydrometeorological applications such as extreme
weather monitoring, flood forecasting, and disaster risk management. Despite substantial advances in satellite, radar, and
gauge observations, producing kilometre-resolution sub-daily precipitation analyses over continental domains remains
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 implementation, BRAIN integrates three key data sources from the Australian Bureau of
Meteorology: geostationary satellite rainfall estimates (2 km, 10 min) from Himawari, radar rainfall estimates (1 km, 5 min)
from the national radar network, and rainfall observations from sub-daily rain gauges. The trialled system incorporates
quality control, spatiotemporal aggregation, bias correction, and a simplified statistical 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 overall improves upon satellite-only, radar-
only, and satellite—gauge products. Comparisons with gauge-based interpolation and the current daily operational product
further illustrate the spatial characteristics of the blended analysis, including finer-scale rainfall structures and intensity
variations that are not represented by these products. These results demonstrate the feasibility of the proposed design for
continental-scale, high-resolution multi-source precipitation analysis in the Australian context, with potential applications to
long-term historical reconstruction and near—real-time rainfall analysis. The flexible and scalable system design also allows

future upgrades, including finer spatial and temporal resolutions and the incorporation of additional data sources. Beyond
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Australia, this study provides a practical reference for developing large-scale multi-source precipitation analyses at kilometre

and hourly resolutions.

1 Introduction

Precipitation is a critical component of the water cycle, exerting strong control over hydrological processes and acting as a
primary driver of flooding, which poses significant risks to infrastructure and human safety (Prein et al., 2017). However,
accurately characterising precipitation fields, particularly at high spatial and temporal resolutions, remains challenging due to
their pronounced variability across scales (Nishant et al., 2022; Zhang et al., 2021a). Multiple observational sources provide
complementary information for characterising precipitation. Rain gauges provide relatively direct and reliable measurements
at individual locations but have limited ability to represent spatial variability, particularly in regions with sparse observation
networks (Villarini et al., 2008). Weather radars provide precipitation estimates at high spatial and temporal resolutions over
broader areas but are typically concentrated in densely populated regions, leaving large remote arecas unmonitored (e.g.,
Zhang et al., 2025). Satellite-based precipitation products provide extensive spatial coverage and frequent temporal 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 models with assimilated observations to provide
spatially and temporally complete precipitation fields, although their precipitation estimates depend on model configuration,

physical parameterisations, spatial resolutions, 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 undercatch) 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 precipitation estimates are
affected by uncertainties associated with reflectivity-to-rainfall conversion (Kirsch et al., 2019), attenuation (Delrieu et al.,
1999), beam blockage (McRoberts and Nielsen-Gammon, 2017), ground clutter (Hubbert et al., 2009b, a), 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 difficulties in detecting or quantifying certain precipitation regimes (Chen et al., 2023;
Li et al., 2026; So and Shin, 2018; Upadhyaya et al., 2020; Zhu et al., 2026). Reanalysis precipitation is also subject to
uncertainties inherent in its production process, as precipitation is generally diagnosed by the numerical model rather than
directly assimilated, with its accuracy 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 precipitation conditions. Integrating
information from multiple sources therefore provides an opportunity to leverage their complementary information while

reducing dependence on limitations of any individual source (e.g., Beck et al., 2017, 2019).
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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 methods derive weights for non-gauge data sources from gauge-based skill
metrics and apply them in a grid-aligned manner, but their applicability may be limited in regions with very sparse gauge
coverage. Triple collocation-based approach provides a gauge-independent alternative by estimating 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. Multifractal blending methods aim to combine precipitation information 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 input data. Physically based approaches have also been developed, in which dynamic weighting rules are
assigned according to observational quality and environmental conditions, including 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
offering high flexibility, ML-based approaches have limited interpretability 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 statistical
method with several properties that are well suited to multi-source precipitation blending (e.g., Bhargava and Danard, 1994;
Chua et al., 2022a, 2023; Fortin et al., 2018; Gandin, 1963; 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 according to error characteristics
and spatial proximity. This structure enables the flexible integration of point and gridded observations while accommodating
spatial and temporal data gaps, making statistical interpolation well suited for large-scale precipitation analysis in conditions
with heterogeneous data availability. Building on these properties, multi-source precipitation analysis or reanalysis systems
have been developed and implemented in several countries in the world, including the United States (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 spatial and temporal resolutions. In practice, the achievable spatial and temporal resolution of
such systems is largely constrained by the data source used for the background field. For example, systems based on global

satellite products and NWP outputs commonly at spatial resolutions of around 10 km unless additional interpolation or
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downscaling 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
implementation must be tailored to regional data availability, blending configuration, computational capacity, and

operational requirements, and must be maintained through routine updates as observing systems evolve.

In Australia, several gridded precipitation products based on daily gauge observations have been developed to support
climate and water-related applications (e.g., Jeffrey et al. 2001; Jones et al. 2009; Evans et al. 2020). For example, the
Australian Gridded Climate Data (AGCD) product, formerly known as the Australian Water Availability Project (AWAP)
product (Jones et al., 2009) provides an operational 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 Bureau) (Bari et al., 2026).
Despite these advances, there is currently 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 modelling and forecasting, which
requires rainfall information at sub-daily timescales. In the Bureau’s operational flood forecasting system, inverse distance
weighting (IDW) interpolation is used to derive catchment- and/or sub-catchment-scale rainfall estimates from sub-daily
gauge observations for hydrological modelling (Malone, 1999; Malone and Carroll, 2022), rather than to generate a national
grided rainfall 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% as of year
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 experimental efforts have sought to address this gap. Disaggregation 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 (Su et al., 2024). 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 been extended to a national-scale, kilometre-resolution, sub-daily rainfall product.

Recently, the Bureau has implemented the Himawari-based Convective Rainfall Rate from Cloud Physical Properties
(CRRPH) product, which offers markedly higher spatial (2 km) and temporal (10 min) resolution 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) suitable for near—real-time applications (Bureau of Meteorology, 2024). These
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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 operational uses, 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 that produces hourly rainfall
fields at 2-km resolution across Australia by integrating satellite, radar, and sub-daily gauge observations within a statistical

interpolation framework.
The study makes several key contributions:

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

(i) It presents a continental-scale trial implementation for Australia that integrates all currently available and operationally
manageable satellite, radar, and gauge observations within a unified framework, extending previous multi-source
efforts towards a potentially operational national product.

(iii) It applies and tailors statistical interpolation theory to Australian observational and computational constraints, including
the adoption of an error-informed localisation strategy and a simplified nearest-point representation for radar
observations, thereby enabling scalable, grid-cell-wise and time-step-wise blending at kilometre and hourly resolutions

with minimal computational overhead.

The resulting blended analysis is evaluated from multiple 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 transferable. It allows the future incorporation of additional data sources, including
alternative satellite products, numerical weather prediction (NWP) or reanalysis outputs, and daily gauge observations. The
framework also supports adaptation to finer spatial or temporal resolutions (e.g., 1 km and 30 min) as operational and
research needs evolve and as computational resources increase. Beyond the Australian context, 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 observational conditions.

2 Data sources
Many different data sources are possible for use in generating a blended precipitation product for Australia. In the first

instance, we use three Bureau-managed precipitation observation data sources for blending:
5



160

165

- In situ gauges (15/30-min data aggregated to hourly) from the Bureau and those supplied operationally 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 nationally owned 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 because: (1) All three data sources (in
situ gauges, radar, and satellite) are currently operational, ensuring both feasibility and immediate applicability; (2) Among
these, in situ gauge data are already used operationally to support national flood forecasting services and provide the primary
observational reference for evaluation in this study. Additional datasets are being considered for future upgrades (see Section
5.3 for future directions). The 20222023 period was used for trial development and evaluation to assess the performance of

the initial implementation under near-current observational conditions.
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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) (N=2,155) categorised as within (N=2,122, blue) or outside (N=33, red) the maximum radar range, (b) daily gauges
(N=3,659) similarly categorised as within (N=3,457, blue) or outside (N=112, red) the maximum radar range, (c) radar-based
hourly precipitation accumulation at 0800 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.

2.1 In situ observations

A total of 2,155 sub-daily (aggregated to hourly) (Fig. 1a) and 3,659 independent daily (Fig. 1b) rain gauge stations (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 intervals 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 rigorous quality control procedures, including checks for anomalously
high values based on historical rainfall distributions and gridded Intensity-Frequency-Duration (IFD) statistics, spatial
intercomparisons to detect anomalous 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 use historical,
climatological, and spatial information to identify potentially erroneous high rainfall values while retaining plausible

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 associated with the
original sub-hourly measurements and their accumulation to hourly totals. In addition, some isolated gauges have few nearby

reference stations available for spatial consistency checks, while random or less readily identifiable errors may not be

7
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detected by the quality control procedures. It is also worth noting that rainfall measured by an individual gauge may differ
from the corresponding 2-km grid-cell average because of sub-grid precipitation variability, introducing 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 arrangements. As
this dataset has continued to expand throughout the project, these observations became available after completion of the bias
correction and blending analyses and were therefore used for supplementary independent validation. 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.

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 1-km/5-min resolution. 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 (2022-2023) used in this study covers approximately 72% of the Australian
land area. Further information on Australian weather radar data availability and archiving is provided through the Australian

Unified Radar Archive (https://opus.nci.org.au/spaces/NDP/pages/399803502/Australian+Unified+Radar+Archive).

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 established for each radar based on long-term historical data. Calibrated rainfall
rates are then generated by applying dynamic bias correction to the raw estimates using nearby gauge observations within a
150-km radius over a 15-min time window, employing a Kalman filtering approach (Chumchean et al., 2006). By
incorporating real-time gauge data, calibrated radar rainfall rates provide an additional refinement to the Z-R-based
estimates, ensuring adjustments to current conditions that may deviate from the historical period used to derive the Z-R

relationships.

In this study, we used hourly radar accumulations derived from 5-min calibrated radar rain rates as a blending input for the
target hourly resolution. However, we recalibrated the radar data using gauges within a 300-km radius over a 1-hour window
to increase the availability of co-located radar-gauge pairs for estimating local radar errors. The larger spatial radius allows
more co-located radar-gauge pairs to be included, particularly in gauge-sparse regions, while the longer temporal window
increase gauge availability by accommodating their reporting latency. These two modifications therefore address the spatial
and temporal availability of gauge information, respectively. We refer to the operational calibrated product as RO and the
recalibrated version as R1. In addition, to match the spatial resolution with satellite data, the original 1-km radar grids were
aggregated to 2 km. Figure 1c shows an example of the calibrated radar rainfall hourly accumulation (R1) at a continental

scale, recorded at 0800 UTC on 1 March 2022.
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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. Nevertheless, residual errors and artefacts present in the underlying 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 operational quality
control and processing. In addition, the gauge-based bias correction estimates local radar biases from available gauge
observations and interpolates these estimates to construct spatially continuous bias fields. However, this correction does not
necessarily remove biases across different precipitation intensities, and residual biases may remain for specific rainfall
intensity ranges. Its effectiveness also depends on the availability and representativeness of nearby gauges and on how well
the interpolated 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 coverage. Details of the bias-correction procedure are

provided in Section 3.3.

2.3 Satellite-based observations

The Himawari-based CRRPH v2.1 product (Bureau of Meteorology, 2024) was selected as background filed for this study
because it provides continental coverage at 2-km spatial and 10-min temporal resolution, helping to compensate for gaps in
the ground-based network. The product is derived from the Japanese Himawari-8/9 geostationary satellites, which carry the
Advanced Himawari Imager (AHI) and provide multi-spectral observations of cloud and atmospheric properties over the
Australian region. CRRPH exploits the high-frequency, multi-channel infrared observations from AHI to infer convective

rainfall rates based on cloud physical properties, 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
minutes, 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 standard across all input datasets. This choice
avoids additional spatial resampling of the satellite field and reduces potential interpolation-induced errors. Temporally, the
10-min CRRPH rainfall rates were aggregated to hourly accumulations prior to blending to ensure consistency with other
data sources and downstream hydrological applications. Figure 1d illustrates an example of the CRRPH hourly rainfall
accumulation at the continental scale at 0800 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 infers 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 relationship under different precipitation conditions. To reduce systematic
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discrepancies with gauge observations, a spatially varying local bias correction was applied as described in Section 3.3. SO
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 different precipitation intensities. Residual biases
may therefore remain for 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 interpolated, 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 coverage.

3 Methods

3.1 Workflow

The multi-source blending workflow (Fig. 2) integrates satellite, radar, and gauge data through a multi-step process to
produce a high-resolution blended rainfall product. After temporal/spatial aggregation, quality control, and bias correction,
satellite data serve as the background, 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. Some key steps are detailed in the following subsections.

10
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Figure 2. Workflow of the multi-source statistical interpolation blending process used in 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 for satellite, radar and gauge
data, spatial aggregation for radar data, and quality control for gauge observations. After bias correction, the satellite data
serves as background, radar data serve as the first-layer observations, and gauge data as second-layer observations. The

trialled implementation integrates these inputs to generate the final BRAIN analysis at 2-km spatial and 1-hour temporal
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3.2 Multi-source statistical interpolation

A range of approaches can be selected 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). Statistical interpolation, also commonly
referred to as optimal interpolation (OI), was originally developed within the framework of objective meteorological analysis
(Gandin, 1965) and has been widely used interpolation method in many meteorological 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,
particularly before the development of more advanced variational methods (e.g., Gauthier et al. 2007; Rawlins et al. 2007,
Rabier 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., 2022¢; 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 observations (gauge/radar fields) 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) below. 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 approximations to avoid added complexity from data transformation, while bias correction is applied to both satellite
and radar data to help satisfy the assumption of unbiased errors. Statistical interpolation operates as an iterative, grid-based

analysis adjusting each target grid cell using observations within a predefined search radius (e.g., 200 km in this study).
For a given target grid cell £, the analysis value is computed as:
Ay =By + Xizyw; - (0; — B) (1)

where A, is the analysis value, By, is the background value, O; is the observational value at a nearby location #, and B; is the
corresponding background value, n is the total number of nearby observations. The term O; — B; represents the observational

increment, and w; are the weights assigned to each observation.

The analysis error at the target gird cell k, denoted by E, is then determined as the difference between the theoretical "true

value" T, and the analysis value A:
Ef = (T — A)? = [Ty — By — Xz wi - (0 — BT (2)

Here, T}, denotes the unknown theoretical true value at the target grid cell k, which cannot be directly observed in practice

and is introduced for error definition and derivation purposes.
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By defining the background error f; = T; — B; and observational error &; = 0; — T;, the analysis error equation can be

rewritten as:

Ef = [fi = Ziow; - (f; + e)]? 3)

Minimising this error allows us to optimally assign weights to nearby observations, yielding the most statistically accurate
estimate for each target grid cell. To solve this optimization problem, we take the partial derivative of EZ with respect to

each w; and set it to zero, which leads to the following equation:

Yi=1(fi + &) (fj + sj)wl- =fi(fi+e) i=12,..,n 4)
By expanding and expressing Eq. 4 in standardised form:

Z}Ll(ui]- + 150; + 10, + pi]-al-aj) W =t + 70y, L =1,2,...,n (5)

where:

1
o wj=fifi/ (fiz sz)z ,M;j € R™™ is the background (satellite) error correlation between the ith and jth
observational locations. Similarly, u,; € R1*™ is the background error correlation between the target grid cell k and

the ith observational location.

1
e 1= fig/ (fizsjz)z,‘[ij € R™™ is the correlation between the background error at the ith location and the

observational error at jth location. Similarly, t; is the correlation between the background error at the target grid

cell k and the observational error at the ith observational location.

1
o pi =&/ (sizsjz)z, pij € R™™ is the observational error correlation between the ith and jth observational

locations.

1
o 0, = (giz / fiz)z, 0; € R™1 is the ratio of the standard deviation of observational error to the standard deviation of

background error at the ith observational location.

o w =w; ( fi? / sz)%, w; € R™1 is the scaled weight accounting for differences in background error across between

the ith observational location and target grid cell .
This system of linear equations is solved to determine the optimal weights w;, which are used to obtain the best precipitation
estimate at each target grid cell by combining information from the background field and available observations (e.g., radar
or gauge). The treatment of different observation sources is described below, while the corresponding source-specific error

characteristics are introduced in Section 3.4.
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These equations require knowledge of the background error correlation (j, fy; ), background-to-observation error
correlations (7;;, T;), observational error correlations (p;;), the ratio of observational to background error variances (g;), and

the spatial variation of background errors (f;> / fi).

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 error correlations are assumed to be zero, as different sensor systems are
considered independent. Similarly, the observational-to-background error variance ratio is estimated separately for satellite,
radar, and gauge data using analytical functions (e.g., Bergman 1978; Xie and Xiong 2011; Yu et al. 2020), with the
corresponding ratios computed between different data sources. The most challenging part of statistical interpolation is

determining the observational error correlations (p;;), as it requires accounting for the number of observations in different

cases and their respective sensor systems, particularly as the number of data sources increase.

In this study, both gauge and radar are incorporated as observations. Radar—gauge observational error cross-correlations are
assumed to be zero. Explicit estimation of these cross-correlations requires independent characterisation of both radar and
gauge errors. In particular, robust estimation of gauge representativeness errors generally requires a sufficiently dense gauge
network to provide an independent estimate of areal rainfall, which is difficult to achieve consistently across Australia. Seo
et al. (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 simplifying assumption for the national-scale
implementation. Furthermore, gauges at different locations are also assumed to be independent. Accordingly, radar—gauge
and gauge—gauge observational error correlations are set to zero. However, a full representation of radar-to-radar error
correlations 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 potential for matrix rank deficiency.

To address this issue, an error-informed localisation strategy 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 supplementary
observation. If no valid radar grid cell is available within this radius, no radar observation is included for that target grid cell.
The 200 km radius defines the maximum search range, while the effective influence of the selected radar observation is
further controlled by the distance-dependent error correlation function. In cases where multiple grid cells have the same
minimum distance, the grid cell with the lower 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. Consequently, each local analysis contains at most one radar observation, and no radar—radar error covariance

terms arise in the resulting observation-error covariance matrix. The suitability of this nearest-point approximation has been
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evaluated in our previous study (Zhang et al., 2026). As a result, this approach enables scalable, grid-cell-wise blending
suitable for continental-scale precipitation analysis at kilometre spatial resolution and hourly temporal resolution under

practical computational constraints.

The design offers several advantages. First, it substantially reduces computational complexity by avoiding redundancy in the
statistical interpolation linear system, which is particularly important for continental-scale applications in Australia involving
more than five million grid cells. Second, because each local analysis contains at most one radar observation, it avoids the
need to explicitly represent radar-to-radar error correlations, thereby simplifying the modelling chain and reducing the
number of processing 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
simplicity, the strategy allows radar observations to contribute effectively 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 simplified system of linear equations from Eq. (5):
0 (uij + pijoio) Wi = e, £ =1,2,.,m (6)

where n represents the number of available observations within the influence radius, which is set to 200 km in the trial
implementation. A sensitivity test using an alternative influence radius of 100 km showed only minor differences from the
200-km configuration (Fig. S19). We therefore retained the 200-km radius as a conservative choice to avoid excluding
potentially useful observations, although this incurs greater computational demand 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 involving multiple gauges, up to 20 of the nearest gauges within the 200-km influence radius are
used. When a radar observation is also present, the total number of observations does not exceed 21. This system size

remains computationally manageable.

In Eq. (5), the background-to-observation error correlation terms including 7;;, 7;; and 7y;, are assumed to be zero. This
assumption reflects the negligible correlation 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 different locations and
equal to one at the same location. Under the nearest-point approximation, only a single radar observation is included.
Gauge-radar error correlations are also assumed to be negligible. Under these assumptions, the error correlation matrix p
reduces to the identity matrix (p=1). 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 computationally efficient in all cases. This efficiency is essential for

continental-scale applications and is particularly important for real-time monitoring and nowcasting. It also supports the
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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 optimal

precipitation estimate.
Using the scaled weights w; in Eq (6), the uncertainty information in the blended field can be expressed either as the

estimated error variance of the final analysis (E?) or as its normalised form (f=’§), as below:
k

= =1-YL W (U + Tx00) @)

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

correlations and smaller errors contribute more to reducing the analysis uncertainty.

3.3 Local bias correction of satellite and radar precipitation estimations

Bias correction for satellite and radar data followed a Kalman filtering approach similar to 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 correction because radar
estimates are unavailable outside the radar coverage area. Bias at each gauge location was estimated using a Kalman filter
with an AR(1) model to capture temporal dependence, and the resulting point estimates were interpolated using ordinary
kriging to generate a continuous spatially varying bias field. The corrected product was then obtained by applying the bias

field multiplicatively to the raw product.

The calibrated radar estimates (R1) used in this study differ from the operational Rainfields product (R0) in both temporal
and spatial configuration. RO 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 latency and the short operational update interval. In contrast, R1 uses gauges
within a 300-km radius and a 1-hour window, increasing the number of radar—gauge pairs available for estimating 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 subsequently interpolated using ordinary kriging to construct a spatially continuous bias field.
The larger spatial radius allows more spatially distributed gauge observations to be included, while the longer temporal
window accommodates additional observations associated with gauge reporting latency. This approach also uses the same

available gauge observations for satellite and radar bias correction, subject to the availability of radar observations at each
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gauge location. However, this configuration is tailored to the Australian radar system and can be adjusted for other radar

systems according to their operational configuration and production objectives.

3.4 Error characterisation
Error characterisation is essential for determining observation weights. It involves estimating the error variance and
correlation of each data source for both gauged and ungauged locations. Ideally, this error analysis should be conducted at

each target grid cell to obtain accurate error estimates.

For gauged locations, this task is relatively straightforward, as gauge observations can be used as the reference for estimating
the error characteristics of the background and observational inputs. Although gridded satellite and radar products 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 assumed to be sufficiently
small and were not explicitly considered. Consequently, the estimated error characteristics should be interpreted as relative

measures of uncertainty among different data sources rather than absolute estimates of their true errors.

For ungauged grid locations (99.9% of the 2 km land grid cells nationally), however, the process becomes considerably more
challenging. A common approach is to incorporate spatial and temporal windows to gather sufficient samples. 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° X 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 distribution of hourly gauges means that fixed spatial and temporal windows are generally unsuitable.
Instead, the search windows would need to be adaptively adjusted for every grid cell and time step according to local gauge
availability to ensure sufficient samples, resulting in substantial computational cost, implementation complexity, and

extensive parameter tuning.

To simplify the process, regional error characteristics were estimated by dividing the analysis domain into three subregions.
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 topography around the
radar range, differences in the radar type and hardware configuration, and site-specific Z-R parameters. 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 error 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.
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For error variances, we calculated the squared differences between satellite (or radar) estimates and gauge observations. The
error variance increases with precipitation intensity, making this relationship suitable for fitting error 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 observations was calculated as the error variance. This analysis showed that error variance is a
function of precipitation intensity. Various analytical models were tested to represent the scatter, and the optimised

parameters for the best-fitting curves were obtained.

For error correlations, 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 divided into bins, and within
each bin, the mean error correlation was calculated. This revealed that error correlation is a function of distance. As with
error variances, different analytical 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 evaluated against individual-source
fields and reduced-source blending configurations (i.e., satellite-gauge blending) to determine how the incorporation of

additional observational information affects the analysis performance.

BRAIN was also compared with rainfall products and approaches currently used operationally by the Bureau to provide
additional operational context. Gauge-based IDW interpolation 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 Carroll, 2022), rather than
to generate a national sub-daily gridded rainfall product. AGCD was included as an existing national 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. la. A 20-fold cross-validation was applied, in which the gauges were divided
into 20 non-overlapping groups. For each fold, approximately 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 complementary

evaluation at the daily scale. Hourly BRAIN estimates were converted from UTC to local time and accumulated to daily
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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 from approximately 2000 gauges (see Fig. S13) was collated after completion of
the main analyses and used for supplementary evaluation. As these gauges were not used in either the bias correction or
BRAIN blending processes, this dataset provides an independent assessment of the hourly performance and complements the

primary cross-validation analysis.

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 estimated and observed rainfall, with values closer to 1 indicating
stronger agreement. RMSE measures the overall magnitude of the errors, with lower values indicating better accuracy. Bias
measures systematic overestimation or underestimation, with values closer to zero indicating smaller systematic bias. These

metrics were calculated separately for each gauge to characterise spatial variations in performance.

In addition to the overall evaluation, performance was examined across different rainfall intensities. At each gauge, observed
rainfall was divided into three categories: low (0.2 mm h™! for hourly data or 1 mm day™! for daily data to the 50th percentile),
moderate (50th—90th percentile), and high (>90th percentile). Performance metrics were calculated separately for each
rainfall-intensity category at each gauge. This analysis was used to examine how product behaviour 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 defined 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 under 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 interpolation,
whereby the value from the grid cell with the minimum 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 interpolation. Nevertheless, comparisons between point-based gauge
observations and grid-cell rainfall estimates are subject 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 Euclidean distance, with an inverse-distance power of 2 and no
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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 comparison to the IDW configuration, two additional configurations were considered. IDW-
KS5-L retained the five-gauge configuration 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 configuration used in BRAIN. The sensitivity of the results to these IDW configurations is examined in

Section 5.2.

At the daily scale, BRAIN was compared with the AGCD product, 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 combining 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 comparison with AGCD. The BRAIN daily accumulation accounts for the
UTC-to-local-time conversion, although exact alignment with the daily accumulation period at every location is not possible
because Australia spans multiple time zones, which may introduce minor temporal mismatches. These differences in input
gauge networks, temporal resolution, accumulation periods, 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 potentially 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 operational product
for Australia with an update latency of less than one hour and incorporates a large number of hourly gauge observations and
regional radar data that are not generally used in global precipitation products. These differences need to be carefully
considered when conducting direct product comparisons. The current study therefore focuses on the development and
evaluation of the BRAIN framework, including its performance relative to its constituent data sources and different blending
configurations. We are currently working towards the development of a long-term BRAIN dataset, which will enable more
systematic comparisons with existing global precipitation products. Such comparisons will also provide an important

opportunity to assess the potential benefits of incorporating regional observational datasets.

4 Results

4.1 Satellite and radar bias correction
Figure 3 demonstrates the spatial and statistical improvements in mean bias for satellite and radar precipitation data after bias

correction, evaluated against hourly gauge observations across Australia during the 2022-2023 period.

Before correction, satellite data (Fig. 3a) exhibits a clear latitude-dependent bias pattern, with notable overestimation in

tropical areas that decreases progressively in subtropical and temperate regions (also see Fig. Sla). The corresponding
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histogram (Fig. 3¢) 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 error distribution

(Fig. 3f and Fig. S1c) becomes narrower and more symmetric.

For radar data, the operational Rainfields product (RO, Fig. 3¢c) shows no clear latitude-dependent bias but exhibits localised
errors, particularly over the eastern coast (also see Fig. S1b). The histogram (Fig. 3g) indicates a general tendency toward
overestimation. After the bias correction used in this study (R1, Fig. 3d), spatial consistency improves, and large biases are

reduced. The error distribution (Fig. 3h and Fig. 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.
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Figure 3. Spatial distribution of mean bias (mm h'') for (a, b) satellite precipitation before (SO) 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 Rainfields system calibration (RO) utilizes sub-daily gauges within a 150-km radius and a 15-min time window,
whereas the calibration in this study (R1) is expanded to a 300-km radius and a 1-hour 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 in different subregions is provided in Fig. S1.

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 quadratically with precipitation intensity for both products. Satellite data have
higher variance than radar 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 justifying its greater weighting in
blending. The constant term of the quadratic fit was fixed to ensure an approximate 2:1 error ratio between satellite and
radar. To account for gauge errors, the error variance of a gauge was defined as the precipitation intensity plus one. This was
based on empirical estimates from Xie and Xiong (2011), due to the limited availability of sub-daily gauge data in Australia.
Figure 4b shows that satellite error correlation declines exponentially with distance, consistent across all subregions.
Tropical areas exhibit the highest short-range correlations, followed by subtropical and temperate zones. Only satellite error
correlations are shown, as radar-radar and radar—gauge correlations were not considered. These results highlight region-
specific error characteristics. The quadratic relationship with intensity underscores the need for intensity-dependent error

handling, while the exponential decay in correlation reflects the spatially localised nature of precipitation errors.
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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) Satellite 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.

4.3 Evaluation

4.3.1 Comparison with individual data sources

The overall performance of the blended rainfall (BR-SRG) was first compared with the individual satellite, radar and simple
gauge-based IDW interpolation using the hourly-gauge 20-fold cross-validation and the independent daily-gauge evaluation
(Figs. 5-6). Comparisons were conducted separately within and outside radar coverage, as radar estimates are unavailable at
gauges outside the radar domain. Within radar coverage, where all estimates can be compared consistently and the validation
sample size is sufficient, the comparison was further examined across different rainfall intensities using the hourly 20-fold
cross-validation (Fig. 7), with corresponding results from the independent daily-gauge evaluation provided in the
Supplementary Material (Fig. S3). Performance under different gauge-density conditions was also examined within radar

coverage using the hourly-gauge 20-fold cross-validation (Fig. 8), with corresponding results from the independent daily-
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gauge evaluation provided in the Supplementary Material (Fig. S4). Results from the additional independent hourly-gauge
evaluation, including overall, rainfall-intensity, and gauge-density analyses, are provided in the Supplementary Material

(Figs. S16-S18).

Comparison with the satellite estimates. BR-SRG showed consistently higher correlations, lower RMSE, and smaller
biases than both the original satellite 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. Similar improvements were observed in the independent daily-gauge (Fig. 6) and independent hourly-gauge
evaluation (Fig. S17). The rainfall-intensity analysis further showed that BR-SRG maintained higher correlations, generally
lower RMSE, and smaller biases than SO and S1 across low-, moderate-, and high-intensity rainfall within radar coverage
(Fig. 7). Similar intensity-dependent differences were observed in the independent daily-gauge (Fig. S3) and independent

hourly-gauge (Fig. S17) evaluations.

Comparison with the radar estimates. The bias-corrected radar product (R1) showed strong overall performance within
the 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 independent hourly-gauge (Fig.
S16) evaluations. The rainfall-intensity analysis provides further insight into these differences. BR-SRG generally performed
better than R1 in terms of correlation and RMSE at low and moderate rainfall intensities, whereas R1 performed better at
high rainfall intensities. For bias, however, R1 generally showed less negative bias than BR-SRG across the rainfall-intensity
categories, with the difference becoming more evident at high intensities (Fig. 7, Figs. S3 and S17). However, the intensity-
stratified bias results should be interpreted with caution, as the rainfall-intensity categories are defined based on observations,

which can contribute to a tendency towards negative conditional bias, particularly at high intensities.

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, ¢). Similar differences were observed 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 analysis provided further evidence of these differences, with BR-SRG generally maintaining higher
correlations and lower RMSE than IDW across all intensity categories (Fig. 7, Figs. S3 and S17). Outside radar coverage,
BR-SRG maintained higher correlations than IDW in both the hourly-gauge and daily- gauge evaluations (Fig. 5b, Fig. 6b
and Fig. S16b). BR-SRG also showed lower RMSE in the hourly-gauge evaluation (Fig. 5d and Fig. 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 biases than BR-SRG in both the hourly and daily evaluations (Fig. 5f, Fig. 6f and Fig. S16f).
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640 Figure 5. Performance of different rainfall estimates in the hourly-gauge 20-fold cross-validation, shown separated for
evaluation gauges (a, c, ) 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

645 gauge-based interpolation (IDW). In each fold, hourly gauges for evaluation were selected without replacement.
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Figure 6. Performance of different rainfall estimates in the independent daily-gauge evaluation, shown separately for
evaluation gauges (a, ¢, ¢) 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 (SO), 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.
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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™' < 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' 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.

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 contribution 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
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independent hourly-gauge evaluation (Fig. S16). Differences in mean bias were comparatively small, with both products
generally showing biases close to zero in the overall 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
(Fig. 7, Figs. S3 and S17). However, both products showed increasingly negative biases with increasing rainfall intensity.
Outside radar coverage, differences between BR-SRG and BR-SG were smaller than those observed within radar coverage
(Figs. 5-6); nevertheless, BR-SRG maintained better overall performance, with generally higher correlations, lower RMSE,
and smaller absolute biases than BR-SG. This improvement suggests that nearby radar observations can provide useful

additional information to the blended estimates beyond the radar coverage.

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 between gauge-density conditions. First, gauge density affected the
magnitude of performance but did not change the overall relative performance among the rainfall estimates. BR-SRG
consistently achieved the best overall performance under both low- and high-density conditions. Second, the influence 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 differences 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 remained 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. S18) evaluations, confirming that the overall ranking was robust to variations in
gauge density. The improvement from low- to high-density conditions was more evident in these independent evaluations,
further highlighting the importance of gauge availability for precipitation bias correction, multi-source blending, and gauge-

based interpolation.
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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.

4.4 Spatial and temporal performance of the blended product

Figure 9 shows the spatial performance of the blended product (BR-SRG) using correlation and RMSE metrics against
hourly gauge observations. High correlations are observed across most regions, particularly where gauge density is higher
(Fig. 9a—c). RMSE is generally lower in coastal and well-observed areas, with higher values in regions with sparse gauges or
greater rainfall variability (Fig. 9d—f). Some outliers may result from imperfect gauge quality control or residual errors in
satellite and radar inputs (see Fig. S9). Evaluation may also be biased at gauges with limited data, such as those operating
only during wet seasons. Additional assessments of daily spatial performance (Fig. S13) and monthly temporal performance
at both hourly and daily scales (Fig. S14) are provided in the Supplementary Material. Overall, BR-SRG performs strongly

across Australia, with room for improvement in sparsely gauged regions.
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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!), with higher correlation and lower
RMSE indicating better performance. Panels (b, ¢) and (c, f) show the corresponding longitudinal and latitudinal variations,

respectively, averaged across gauges.

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 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 satellite
and radar estimates and hourly and daily gauge observations are shown in Figs. S5-S6, with the highest gauge-recorded
accumulations summarised in Tables S1-S2. Both satellite and radar captured the major rainfall systems 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. S5a) and radar (Fig. S5b) both identified substantial rainfall over

northern Australia, but the highest rainfall occurred in an area with relatively sparse hourly gauge observations (Fig. S6a).

Only one hourly gauge recorded a 24-h accumulation exceeding 100 mm (168.2 mm), while the next highest accumulation

was 51.4 mm (Table S1). In comparison, the denser daily gauge network (Fig. S6b) provided multiple observations of high
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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 observational information available to BR-SRG for representing the highest

rainfall centre, whereas the additional daily observations provided stronger constraints for AGCD.

During Cyclone Jasper, satellite (Fig. S5¢) and radar (Fig. S5d) clearly captured the intense rainfall system, with several
hourly gauges located within the heavy rainfall centre and recording high rainfall accumulations (Fig. S6c¢). The highest
hourly-gauge-derived 24-h accumulations reached 479.2, 456.5, and 378.4 mm (Table S2). The combination of spatially
distributed satellite and radar estimates with these high-rainfall gauge observations enabled BR-SRG to better represent the

extreme rainfall than in the Cyclone Ellie case.
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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
(Fig. Séb, d), whereas BR-SRG and IDW use the comparatively sparser hourly-gauge network (Fig. S6a, c). BR-SRG and
IDW are accumulated over the indicated UTC periods, whereas AGCD represents the standard daily gauge accumulation
period of approximately 9 am to 9 am 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
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highest observed 24-hour precipitation for each event. Further details of the satellite and radar estimates and gauge

observations are provided in Figs. S5-S6 and Tables S1-S2.

5 Discussion

5.1 Methodological contributions of the BRAIN framework
Multi-source blending of satellite, radar, and gauge precipitation observations using bias correction and statistical
interpolation is not a new concept (e.g., Gandin, 1965; Xie and Xiong, 2011, Yu et al, 2020, Xia et al., 2025), but the BRAIN

framework differs from previous approaches in several 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 substantially
reduces the dimensionality of the statistical interpolation problem while retaining the source-specific error characterisation

(Zhang et al., 2026), differing from the more computationally 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 additional
observation together with gauge observations. This differs from approaches that first combine satellite and radar to construct
a blended background field for subsequent statistical interpolation with gauge observations (e.g. Xia et al., 2025). Because
statistical interpolation requires characterisation of the spatial error structure of the background 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 error characteristics and contributions to

be explicitly represented within the statistical interpolation framework.

A further distinctive feature is that radar information is not restricted by a hard coverage mask. For each target location,
BRAIN searches for the nearest available radar observation 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 reliable radar observation is available. Its effective contribution is
determined by both the distance-dependent error correlation (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 complementary

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 satellite estimate remains the
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background at every target location, while available radar and gauge observations contribute through the statistical

interpolation according to their estimated error characteristics and spatial correlations.

5.2 Behaviour and sensitivity of gauge-based interpolation

The evaluation revealed two notable behaviours of IDW: its ME remained consistently close to zero despite relatively large
RMSE and lower correlation (Fig. 5 and Fig. 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 consistently observed across different
subregions outside radar coverage (Fig. S2). To examine these behaviours, we compared the station-level contributions of
positive and negative errors (Fig. 11, Fig. S20, and Fig. S21). The median positive-error contribution of IDW remained close
to 0.5 across all three evaluations despite relatively large MAE, 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
reflected by the MAE and RMSE. The near-zero ME of IDW therefore primarily reflects error cancellation rather than
uniformly 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 (Fig. 6 and Fig. S20).
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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.
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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.

The sensitivity of IDW (Fig. 12) to its interpolation configuration was further examined using the same rainfall cases (Fig.
10). IDW-KS5 provides a continuous field but can extend gauge influence over long distances in gauge-sparse regions.
Applying a maximum search distance (IDW-K5-L) avoids such long-range interpolation but produces isolated rainfall
patterns and areas without estimates, while increasing the number of gauges (IDW-K20-L) provides only limited
improvement. Despite these differences, all configurations strongly smooth the rainfall field and poorly represent its spatial
structure, particularly in gauge-sparse regions. These limitations are more evident in the spatial case studies 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 unreliable far from available gauges.

(a) IDW-K5 ] ] (b) IDW-K5-L (c) IDW-K20-L

2022-12-22T22Z to 2022-12-23T22Z UTC

Precipitation (mm)

2023-12-12T22Z to 2023-12-13T22Z UTC

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)
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810 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-KS5 corresponds to the IDW configuration used in Fig. 10.
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815 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

820 with the IDW estimates in Figs. 10 and 12.
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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 quality 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 accumulation (Fig. 14a). Conversely, during Cyclone Ellie, radar
substantially underestimated the observed accumulation, while the satellite estimates were higher and partly compensated for
the radar underestimation in the blended analysis (Fig. 14b). 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 satellite estimates may contribute to the negative bias observed in BR-SRG,
although the intensity-stratified bias is also affected by observation-based stratification. Further improvements should

therefore focus on bias correction, particularly in better accounting for systematic biases across different rainfall intensities.
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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.

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 observations,
whereas within radar coverage, radar observations provide an additional constraint and can strongly influence the analysis
when their estimated errors are smaller. When satellite 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 estimated errors are

much smaller than those of the satellite, while areas outside radar coverage remain primarily constrained by the satellite
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background (Fig. 10). Importantly, radar information in the present framework is not restricted by a hard coverage boundary.
Through error-informed localisation, 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 observations, substantially reducing
abrupt discontinuities at radar coverage boundaries. However, it cannot fully eliminate discontinuities when the input
precipitation fields differ substantially. Improving consistency among input sources through better retrieval algorithm,
quality control, and bias correction, together with incorporating additional independent data sources, could further improve

spatial continuity.

A further consideration is the scale mismatch between point-based gauge observations and gridded precipitation estimates.
Gauge measurements represent precipitation at individual locations, whereas satellite, radar, and blended estimates represent
precipitation over grid cells. This representativeness difference affects not only the evaluation but also gauge-based bias
correction and the estimation of error characteristics used in the blending framework. The effect can be particularly evident
for localised and spatially variable hourly rainfall, where a point gauge may record substantially higher or lower rainfall than
the corresponding grid-cell estimate (e.g., Fig. 10), particularly when local rainfall maxima occur within only a small
fraction of the grid cell. Previous studies have attempted to quantify this uncertainty using dense gauge networks and point-
to-area approaches (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 characterise point-to-grid representativeness uncertainty as a

function 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 products, and hourly gauge observations to generate a 2-km, hourly
gridded rainfall analyses for Australia. The system addresses a long-standing need for high-resolution, sub-daily rainfall
information by combining a unified statistical interpolation framework with computational strategies designed for
continental-scale implementation. Comprehensive evaluation over a two-year trial period (2022-2023) demonstrates the
overall benefit of integrating complementary satellite, radar, and gauge information. BR-SRG generally improved rainfall
estimation compared with the individual input sources and simpler two-source configurations. The resulting analyses provide
spatially complete and temporally continuous rainfall fields, supporting the potential application of the framework to both

historical analysis and near-real-time rainfall 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
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temporal resolution, onto which higher-accuracy radar and gauge observations can be integrated according to their
estimated errors and spatial relationships. In regions where ground-based observations are sparse or absent, the
satellite background effectively fills spatial gaps and maintains complete rainfall coverage 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 integrated within a unified
statistical framework. The system is already under active testing within the Bureau’s internal environment and is
technically ready for operationalisation. In the longer term, the framework is designed to support both historical
reconstruction and near—real-time product generation, providing a consistent 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 substantially reduces
modelling and computational complexity, enabling multi-source blending at kilometre and hourly resolutions over
large spatial domains. The results demonstrate the practical feasibility of this approximation 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 generally
showed better overall performance than the individual satellite and radar estimates and the simpler two-source
blending configurations. Gauge availability also affected the performance of gauge-dependent estimation processes,
with greater improvements generally found under higher gauge-density conditions. Comparisons with the gauge-
based IDW reference further illustrate the benefit of incorporating spatially continuous satellite and radar
information, particularly where gauge-only interpolation is constrained by sparse observations. The blended
analyses also showed good agreement with the daily operational AGCD product, supporting their reliability for both
sub-daily and aggregated applications.

Future development of BRAIN will focus on improving input data quality, refining error characterisation, and enhancing
spatial and temporal resolution. Error characterisation is performed offline using historical data. Therefore, introducing or
updating an input product mainly requires repeating this offline estimation and subsequent evaluation, while the operational
analysis remains computationally efficient. Anticipated upgrades to the Himawari-based CRRPH product are expected to
further improve performance, particularly in tropical and radar-sparse regions, while ongoing radar recalibration efforts are
likely to enhance local accuracy. The integration of complementary satellite products (e.g. IMERG), additional ground-based
observations (including daily gauge observations and the expanding availability of third-party sub-daily gauge observations),
and improved representation of error characteristics in sparsely observed regions will further strengthen the system.

Additional products, particularly satellite products, may also introduce cross-source error dependencies due to shared
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retrieval methods and/or calibration procedures. The current independence assumption is a practical simplification 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 Infrastructure (NCI) Data
Catalogue (https://dx.doi.org/10.25914/qc2q-mx21). Radar precipitation data are also available through the NCI Data
Catalogue (https://dx.doi.org/10.25914/5cb686a8d9450). 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
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