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Abstract. High-quality rainfall data are crucial for various climatological and hydrological applications, especially in detailed

modelling at fine temporal and spatial resolutions. However, obtaining precipitation data with fine spatiotemporal resolution

is often challenging due to the limited availability of sub-daily point measurements and the sparse distribution of rainfall sta-

tions in many regions. This paper presents and demonstrates a method to generate the Commonwealth Scientific and Industrial

Research Organisation Hourly Rainfall (CHRain) dataset, which provides hourly and 1 km gridded rainfall surfaces for hydro-5

logical/hydrodynamic modelling. The method applies thin-plate spline interpolation to generate rainfall surfaces using hourly

input time series obtained from hourly rainfall stations, and from daily data disaggregated into hourly intervals based on pat-

terns observed in nearby hourly rainfall stations, and also guided by continuous radar images. The method is used to represent

rainfall patterns and amounts from 2007 to 2022 in the Richmond River catchment in New South Wales, Australia. Our anal-

ysis shows that the performance of the spline interpolation improves with the inclusion of the elevation data. Larger rainfalls10

responded more sensitively to changes in topography, with an optimum supporting DEM horizontal resolution of around 5 km,

in agreement with previous studies. Performance was also significantly enhanced by using a stable spatial occurrence analysis

to reliably remove false zeroes from the data. About 0.26% of the data were found to be false zeroes. The correlation coefficient

of 0.949 shows that the CHRain dataset can adequately reproduce the patterns of hourly rainfall measurements. The spatial

and temporal analyses indicate that the CHRain dataset outperforms other gridded datasets currently available in Australia in15

representing the sub-grid distribution as well as the daily and hourly variation of rainfall across the study area. These are all

essential for capturing the spatiotemporal characteristics of flood inundation in the study area which is frequented by disastrous

flood events.

Copyright statement.

1 Introduction20

High resolution temporal and spatial representations of precipitation data are required in many hydrological applications,

such as modelling flood inundation (Jhong et al., 2017; Pappenberger et al., 2005), analysing catchment responses in rainfall-
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runoff models (Xu et al., 2022; Acharya et al., 2019), and forecasting extreme events and natural hazards (Ficchi et al., 2016;

Mukherjee et al., 2018). Sub-daily and even sub-hourly precipitation data are required to accurately represent the variability of

rainfall especially during extreme flood events or when a catchment receives excessive and intense amount of rainfall within a25

few minutes to several hours (Davis, 2001; Ficchi et al., 2016; Westra et al., 2012). Several studies (Ficchi et al., 2016; Acharya

et al., 2022; Brighenti et al., 2019) indicated that improving the quality of rainfall data temporally can enhance the performance

of rainfall-runoff models in simulating flood peaks, flood frequency, and the timing of the peaks. Peleg et al. (2013) analysed

the subpixel rain distribution by comparing the data from radar with point measurements at high density gauges. The results

showed that a density of 3 rain gauges per radar pixel (4 km � 4 km) will allow an adequate presentation of radar rainfall.30

Peleg et al. (2017) indicated a valuable contribution of 26% of spatial distribution rainfall on the total variability of modelled

urban drainage network. However, high spatial and temporal resolution precipitation data are not always available for those

applications.

There are significant variations in the rainfall patterns in Australia at both regional and seasonal scales (Taschetto and

England, 2009). The rainfall patterns can be observed from rainfall time series measured at stations and gridded data with35

various resolutions. There are more rainfall stations that record at daily intervals than those that record at hourly or sub-hourly

intervals. Observations from daily stations are also available for longer periods than the hourly stations. There are 4765 active

daily rainfall stations with data from the 1960s in Australia. There are 759 sub-daily rainfall stations and only 442 stations

having records more than 20 years long (Morbidelli et al., 2020; Westra et al., 2012). Most rainfall stations are located in

highly populated regions such as the southwest, east-coastal, and south-coastal areas (Morbidelli et al., 2020). The coarse40

distribution of rainfall stations in some regions and the short records of available data limit the ability to generate sub-daily

rainfall data at a high spatial resolution for the whole of Australia.

Some efforts have been invested in disaggregating daily rainfall data to sub-daily (Acharya et al., 2022; Schreider and

Jakeman, 2001; Breinl and Di Baldassarre, 2019). Acharya et al. (2022) disaggregated daily rainfall data from the Australian

Gridded Climate Data (AGCD) version 1 (previously known as Australian Water Availability Project (AWAP) (Jones et al.,45

2009)) to hourly using the patterns from a coarser spatial resolution dataset of the Bureau of Meteorology Atmospheric high-

resolution Regional Reanalysis for Australia (BARRA) (Su et al., 2019). Westra et al. (2012); Breinl and Di Baldassarre (2019)

applied the method of fragments, which finds the relationship between hourly and daily data of the currently available records

and applies a moving window to disaggregate the daily data where the hourly data are not available. A comparison by Pui et al.

(2012) showed that the method of fragments resulted in a better performance in keeping intensity-frequency relationships at the50

hourly scale and disaggregating extreme values than other parameterized methods, such as the random multiplicative cascades

and the randomized Bartlett–Lewis model. These disaggregation methods open options to produce sub-daily time series at a

higher temporal resolution.

Although daily rainfall measurements are reliable and available for a reasonably long period in Australia (although at lim-

ited spatial locations), many hydrological applications require gridded rainfall data to present the rainfall variation over land55

surfaces (e.g., detailed climate inputs for hydrological and hydrodynamic models). Several techniques have been applied to

generate spatial rainfall data in Australia. There are three common types of gridded rainfall data based on point measurements,
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satellite data, and model reanalyses (Chua et al., 2022). The thin-plate spline interpolation method has been widely applied

to generate daily, monthly to mean annual rainfall surfaces (Hutchinson, 1995; Johnson et al., 2016; Hutchinson et al., 2009).

Thin-plate spline interpolation allows the inclusion of topography patterns, which has been shown to have a signi�cant impact60

on the spatial distribution and quantity of rainfall (Johnson et al., 2016). This method was applied to generate the ANUCli-

mate dataset, which is the daily and 0.01°resolution (approximately 1 km) climate gridded data, including daily rainfall from

1900 for the whole of Australia (Hutchinson et al., 2021). Jeffrey et al. (2001) interpolated ground measurement data using

ordinary kriging to generate the climate surfaces of Scienti�c Information For Land Owners (SILO) including daily rainfall

at 0.05°grid. The AWAP dataset also provides daily and monthly spatial rainfall at a resolution of 0.05°(Jones et al., 2009).65

The AWAP dataset are generated using an anomaly-based method, including the application of Barnes successive correction

method (Jones and Trewin, 2000) to generate weighted-anomalies layers at daily time steps, and thin spline interpolation to

provide the relationship between point measurements and locations (longitude, latitude and elevation) (Jones et al., 2009). The

AWAP data was enhanced to produce the AGCD dataset, using statistical interpolation and satellite rainfall data (Chua et al.,

2022). However, Chappell et al. (2013) indicated no clear bene�t of blending satellite data with point measurements compared70

with ordinary point kriging in estimating near real-time rainfall in Australia. The satellite data only appeared to improve rainfall

estimation where the distribution of rainfall stations is sparse (e.g., less than 4 gauges per 10,000 km2)(Chappell et al., 2013).

Instead of using observation such as point measurements or satellite data, the reanalysed rainfall data are usually generated

from models solving deep-atmosphere global non-hydrostatic equations (Wood et al., 2014). BARRA is the �rst gridded dataset

providing hourly rainfall data for the Australasian region at approximately 12 km resolution, with a downscale sub-product of75

1.5 km resolution in 4 areas. The evaluation by Acharya et al. (2019) showed that reanalysed rainfall data (i.e., from BARRA)

had poorer performance compared to interpolated rainfall data (i.e., from AWAP) in terms of representing the point measure-

ments. Lewis et al. (2018) applied a nearest neighbour interpolation scheme to disaggregate 1 km gridded estimates of daily

and monthly areal rainfall for the United Kingdom (CEH-GEAR) to produce an hourly dataset. However, the method is not

applicable in Australia for several reasons. The distribution of hourly rainfall gauges in Australia is much coarser, especially80

in the central and northern parts of Australia, compared with the distribution in the United Kingdom. The record of hourly

measurements is shorter than the daily data and only available from 2007; therefore, a method to disaggregate daily rainfalls to

hourly when there is no or very little hourly observations is needed before we can disaggregate gridded data for those periods.

Despite all the efforts, there are still gaps in generating high resolution temporal and spatial rainfall data, which are relevant to

hydrological purposes, especially for detailed �ood modelling using fully distributed hydrodynamic models.85

An accurate high spatial and temporal resolution rainfall is a critical input for accurately representing �ood volumes and

times of �ood peaks. This paper presents a method to generate the Commonwealth Scienti�c and Industrial Research Organi-

zation Hourly Rainfall (CHRain) dataset, which consists of high temporal (hourly) and spatial resolution (1 km grids) rainfall

surfaces that capture the sub-daily instantaneous variation of rainfall patterns, necessary for modelling heavy rainfall events.

The method uses hourly point rainfall measurements and thin-plate spline interpolation to generate hourly rainfall surfaces at 190

km resolution. In the areas with sparse distribution of hourly rainfall stations, daily measurements are disaggregated to hourly

data using patterns from nearby hourly rainfall stations. We applied the proposed method to produce hourly rainfall surfaces
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for the Richmond River catchment (� 7025 km2) in New South Wales, Australia. The new rainfall surfaces are evaluated using

point measurements and other common gridded datasets currently available in Australia. The method proposed in this study

opens an opportunity to produce high resolution spatiotemporal rainfall surfaces for other regions where detailed modelling is95

to be undertaken.

2 Data and methods

The study area is the Richmond River catchment, located in the northern rivers region of New South Wales, Australia, near the

border between New South Wales and Queensland (Fig.1). The catchment area is approximately 7025 km2. The north and west

sides of the catchment are mostly forested, while the central to the south-east areas are agricultural land (NSW Department of100

Planning & Environment, 2024). The topography of the catchment changes signi�cantly across the landscape. The elevation

ranges between 0 m and 934.6 m across the catchment. Most of the northern and western mountainous areas and the areas

upstream of Lismore are very steep, while the southern and the coastal areas around Casino are very �at. The Richmond River

catchment is an important habitat for endangered fauna and �ora. The national parks and reserves, e.g., the Border Ranges, are

protected under the Australia World Heritage (NSW Department of Planning & Environment, 2024).105

The annual rainfall in the catchment can exceed 1800 mm per year, with particularly high rainfall intensities observed

in the north-east and coastal areas (Lerat et al., 2022). Due to the combination of the topographic and climate conditions,

the Richmond River catchment is prone to extreme and devastating �oods. There were 17 major �ood events from 1945 to

2022, with a maximum daily rainfall of more than 60 mmd-1 (Lerat et al., 2022). The severe �oods in 2017 (1 in 21 Annual

Exceedance Probability (AEP)) and 2022 (the largest observed �ood event in the catchment on record) overtopped the levee110

at Lismore, causing loss of lives and serious damages to businesses and properties. Having a more precise representation of

the rainfall data in the Richmond River catchment is essential for reliable �ood modelling and mitigation in the region. The

analysis was done for an area (30,389 km2) as shown in Fig. 1, which is larger than the Richmond River catchment area, to

adequately support the hourly rainfall interpolation along the catchment boundaries.

2.1 Thin-plate spline interpolation model115

The thin-plate smoothing splines method, as described by Wahba (1990), �ts a "smooth" function to a set of noisy data across a

multidimensional space. Hutchinson (1995) applied the method to generate surfaces of climate variables such as temperature,

rainfall, and evaporation, while considering the impacts of topographic conditions. The model for thin plate spline interpolation

is:

zi = f (x i ) + bT yi + ei for i = 1 ; :::;N ; (1)120

wherex i is a d-dimensional vector of spline independent variables;yi is a p-dimensional vector of independent covariates;zi

is the value of a data point at locationx i ; f is an unknown smooth function ofx i ; b is an unknown p-dimensional vector of
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