UNIVERSITYOF
BIRMINGHAM

iversit}/]ofBirmin am
esearch at Birmingham

Impact of higher spatial resolution on precipitation

properties over Australia
Nishant, Nidhi; Sherwood, Steven; Prasad, Abhnil; Ji, Fei; Singh, Ajit

DOI:
10.1029/202291100717

License:
Creative Commons: Attribution-NonCommercial-NoDerivs (CC BY-NC-ND)

Document Version
Publisher's PDF, also known as Version of record

Citation for published version (Harvard):

Nishant, N, Sherwood, S, Prasad, A, Ji, F & Singh, A 2022, 'Impact of higher spatial resolution on precipitation
properties over Australia’, Geophysical Research Letters, vol. 49, no. 23, e2022GL100717.
https://doi.org/10.1029/2022g1100717

Link to publication on Research at Birmingham portal

General rights

Unless a licence is specified above, all rights (including copyright and moral rights) in this document are retained by the authors and/or the
copyright holders. The express permission of the copyright holder must be obtained for any use of this material other than for purposes
permitted by law.

*Users may freely distribute the URL that is used to identify this publication.

*Users may download and/or print one copy of the publication from the University of Birmingham research portal for the purpose of private
study or non-commercial research.

*User may use extracts from the document in line with the concept of ‘fair dealing’ under the Copyright, Designs and Patents Act 1988 (?)
*Users may not further distribute the material nor use it for the purposes of commercial gain.

Where a licence is displayed above, please note the terms and conditions of the licence govern your use of this document.

When citing, please reference the published version.

Take down policy
While the University of Birmingham exercises care and attention in making items available there are rare occasions when an item has been
uploaded in error or has been deemed to be commercially or otherwise sensitive.

If you believe that this is the case for this document, please contact UBIRA@Ilists.bham.ac.uk providing details and we will remove access to
the work immediately and investigate.

Download date: 02. May. 2024


https://doi.org/10.1029/2022gl100717
https://doi.org/10.1029/2022gl100717
https://birmingham.elsevierpure.com/en/publications/83b57ff6-521a-4666-a00d-359da9e161b5

Geophysical Research Letters’

RESEARCH LETTER
10.1029/2022GL100717

Key Points:

e Increasing the horizontal resolution
alone did not help address problems
with simulating regional precipitation
in this case study

e Significant model developments are
required to reap the benefits of high
horizontal resolution

Supporting Information:

Supporting Information may be found in
the online version of this article.

Correspondence to:

N. Nishant,
n.nidhi @unsw.edu.au

Citation:

Nishant, N., Sherwood, S., Prasad, A.,
Ji, F., & Singh, A. (2022). Impact of
higher spatial resolution on precipitation
properties over Australia. Geophysical
Research Letters, 49, €2022GL100717.
https://doi.org/10.1029/2022GL100717

Received 8 AUG 2022
Accepted 20 NOV 2022

Author Contributions:

Conceptualization: Nidhi Nishant,
Steven Sherwood

Writing — review & editing: Nidhi
Nishant, Abhnil Prasad, Fei Ji, Ajit Singh

© 2022. The Authors.

This is an open access article under

the terms of the Creative Commons
Attribution-NonCommercial-NoDerivs
License, which permits use and
distribution in any medium, provided the
original work is properly cited, the use is
non-commercial and no modifications or
adaptations are made.

'.) Check for updates

A G s

> SPACE SCIENCE

ok

Impact of Higher Spatial Resolution on Precipitation
Properties Over Australia

Nidhi Nishant!? (2, Steven Sherwood'? (2, Abhnil Prasad'? (2, Fei Ji?* (2, and Ajit Singh**
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Abstract Coarse resolution datasets often poorly capture precipitation properties. It is commonly

expected that skill at the local level should increase by refining spatial resolution. Here, we examine the
influence of spatial resolution on the accuracy of means and extremes in precipitation by comparing
high-resolution dynamically downscaled data against the driving lower-resolution reanalysis. We show that the
higher-resolution data are less accurate than lower-resolution data for both mean and extreme precipitation. The
quantitative deterioration (increase in the domain averaged relative error) from coarse to high resolution varies
typically between 1%—8% and 5%—30% for mean and extreme precipitation, respectively. We also find that the
finer-scale variability resolved only by the higher-resolution system and successfully predicted by that system is
of negligible magnitude compared to the overall error (less than 1%). We conclude that finer-scale resolution by
itself does not necessarily bring a meaningful improvement in local simulation accuracy.

Plain Language Summary In this study, we examined the impact of spatial resolution on

means and extremes in precipitation using high-resolution dynamically downscaled data against the driving
lower-resolution reanalysis over Australia. We report that high-resolution data are less accurate than lower
resolution data for standard statistics of precipitation. We also discuss the possible reasons for the deterioration
and variations between previous studies. The results highlight that increasing the horizontal resolution alone
will not help address problems with precipitation. Significant model developments and data assimilation
techniques are required to reap the benefits of high horizontal resolution.

1. Introduction

Changes in global and regional precipitation characteristics are among the most relevant aspects of climate
change in a warming world (IPCC, 2021). Climate models are valuable tools for studying climate variability and
climate change; however, the current state-of-the-art climate models generally show significant biases in simulat-
ing precipitation, especially its extremes (Grose et al., 2020; Kao & Ganguly, 2011; Toreti et al., 2013). Climate
models represent small-scale processes such as convection using sub-grid models known as parameterizations,
and these parameterizations contribute substantially to uncertainty in precipitation projections (Bony et al., 2015;
Daleu et al., 2016; Wilcox and Donner, 2007). Precipitation characteristics are also greatly dependent on topogra-
phy, orography, and spatial variations, which the coarse resolution of climate models fail to represent accurately.

There are broadly two reasons why a finer grid might improve an atmospheric or climate simulation. First, better
numerical resolution of processes such as atmospheric convection, eddies or land-atmosphere interactions and
topographic effects could produce more accurate calculations on all scales, even to global-scale circulations or
phenomena like El Nino. Second, for a given large-scale accuracy, a more refined grid could add local detail that
a coarser grid cannot resolve. How valuable this detail will depend on the situation; for initial-value numerical
weather prediction, for example, any detail that observations can constrain is important, and forecast centers run
at the highest affordable resolutions (now approaching 10 km for global domains). For climate applications, the
benefits are harder to verify and may derive mainly from detail in the boundary conditions (land surface and
orography).

From an ensemble of regional and global climate simulations (RCM and GCM, respectively), previous stud-
ies have concluded that precipitation intensity increases with increases in spatial resolution (Bador et al., 2020;
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Caldwell, 2010; Kopparla et al., 2013; Rauscher et al., 2016). These studies evaluate outputs from climate models
run independently at high and low resolution, respectively. Although these studies provide valuable insights on
model performance for simulating precipitation properties based on spatial resolution, the finest spatial resolution
of any of the models examined in these studies was 25 km, which is insufficient to resolve convection. The recent
intercomparison project on global storm-resolving models, that is, Dynamics of the Atmospheric general circu-
lation Modeled on Non-hydrostatic Domains (DYAMOND), provides 40-day (1 August-10 September 2016)
global simulations at less than 5 km spatial resolution (Stevens et al., 2019). Recent studies have evaluated the
impact of higher resolution on climate statistics like the diurnal cycle of precipitation, water and energy budgets,
location, and width of the Intertropical Convergence Zone (ITCZ), the position of the polar jet and land-sea
contrast (Arnold et al., 2020; Hohenegger et al., 2020) using DYAMOND simulations, however, the impact of
spatial resolution on precipitation extremes in DYAMOND simulations remains unexplored due to the short
period of the available data.

In the last two decades, there has been a growing demand for high-resolution regional climate data using dynam-
ical downscaling (Cabos et al., 2019; Dosio et al., 2015; Evans et al., 2014; Nishant et al., 2021). One of the
reasons for producing high resolution regional climate data is that it enables diverse applications ranging from
traditional climate studies to industrial applications, including regional climate change impact assessments (Fall
et al., 2010) and extreme event reconstructions (Zick & Matyas, 2016).

Sharma and Huang (2012) evaluated climate downscaling experiments driven by NCEP Global Analysis using
the Weather Research and Forecasting (WRF) model in a nested setup, that is, where the fine resolution child
domain is embedded within the coarse resolution parent domain. They found that refinement of spatial resolution
does not guarantee better results and that finer resolution (6 and 3 km) nested runs produced excessive, mean
rainfall while the coarser resolution (12 km) simulations were the closest to the observations in terms of relative
bias. On the other hand, Jeworrek et al. (2021) evaluated WRF simulations driven by the Global Deterministic
Prediction System (GDPS) model. They simulated three nested domains of spatial resolution of 27, 9, and 3 km
over the complex terrain of southwest British Columbia. They found that high resolution produced lower relative
biases and a more accurate spread in the precipitation intensity distribution, yet higher relative standard devia-
tions of errors (i.e., the RMS difference between forecasts and observations). Similarly, Qiu et al. (2020) using a
WREF nested modeling system consisting of a 20 and 5 km domain and driven by ERA-Interim reanalysis, found
that high-5-km simulations have lower biases and RMS errors than low-20-km simulations for intensity and
frequency of precipitation.

The large-scale drivers in GCMs running independently at fine and coarse resolution can show variance, as these
models are designed to balance model resolution, physics complexity and computational requirements. There-
fore, disentangling the benefits of spatial resolution from other variabilities in the GCMs running independently
at fine and coarse resolution is challenging. However, with nested domain dynamical downscaled simulations,
the large-scale drivers remain the same for both resolutions, and thus, such an approach can focus on the impact
of finer detail and possible improvements in local accuracy given the same continental-scale conditions. It will
not, however, reveal any improvements to continental-scale circulations that could result from using higher global
resolution.

Despite the many model-based studies evaluating the impact of spatial resolution on precipitation characteris-
tics, only a few studies have evaluated this with convection-permitting resolution dynamically downscaled data
against the driving lower-resolution data (Jeworrek et al., 2021; Qiu et al., 2020). All these studies are moreover
based on free-running dynamical downscaled simulations, which gradually deviate from the driving fields due to
the accumulation of simulated errors, known as “climate drift” (Mai et al., 2020).

Fortunately, over the Australian continent, there exists high-resolution dynamical downscaled and lower-resolution
driving reanalysis data, known as the Bureau of Meteorology Atmospheric high-resolution Regional Reanalysis
for Australia (BARRA; Su et al., 2019). The BARRA project delivers Australia-wide (identified as BARRA-R)
reanalysis data with approximately 12 km horizontal resolution and additional convection-resolving scale (1.5 km
horizontal grid-length) downscaling (BARRA-SY, BARRA-PH, BARRA-AD, and BARRA-TA), nested within
BARRA-R, centered on major Australian cities (Sydney, Perth, Adelaide, and Tasmania) generating additional
high-resolution information needed for local-scale applications. BARRA-SY, BARRA-PH, BARRA-AD, and
BARRA-TA are together referred to as BARRA-C (Su et al., 2021). BARRA-C is like a typical downscaling
simulation, except it has a better way of incorporating observed large-scale driving field through initial and
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boundary conditions (Su et al., 2021). For this reason, BARRA-C should be more accurate than typical climate
downscaling (even using reanalysis as a driver), let alone a free-running GCM. This allows a more incisive test of
the benefit of resolution, assuming the large-scale fields are close to reality.

Therefore, in this study, we evaluate the impact of spatial resolution on precipitation properties using convection
permitting-resolution dynamical downscaled BARRA-C data against the driving lower-resolution BARRA-R
reanalysis data over Australia. We examine two research questions. First, does higher resolution improve the
accuracy at the coarser scales and by how much? Second, how much finer scale variability, which is not predicted
by a lower resolution system, is successfully predicted by a high-resolution system?

2. Data and Methods
2.1. Bureau of Meteorology Atmospheric High-Resolution Regional Reanalysis for Australia (BARRA)

BARRA is the first atmospheric regional reanalysis over Australia, New Zealand, and Southeast Asia available
between 1990 and 2019. BARRA-R, which is at a 12 km resolution over Australia, New Zealand and the maritime
continent, is produced using version 10.2 of the Unified Model (UM; Davies et al., 2005). The atmospheric model
uses a non-hydrostatic, fully compressible, deep-atmosphere formulation. Its dynamical core solves the equations
of motion using mass-conserving, semi-implicit, semi-Lagrangian, and time-integration methods. BARRA-R
is configured with 70 vertical levels extending from near the surface to 80 km above sea level: 50 model levels
below 18 km and 20 levels above this. BARRA-R uses a community land-surface model, the Joint UK Land
Environment Simulator (JULES; Best et al., 2011). The land-surface model simulates rainfall partitioning into
canopy interception, surface runoff, and infiltration and uses Richards' equation and Darcy's law to model soil
hydrology. BARRA-R uses the mass flux convective parameterization scheme of Gregory and Rowntree (1990).

The BARRA-R sequential data assimilation process is initialized using ERA-Interim reanalysis fields (Dee
et al., 2011). After the initialization, the only relationship with ERA-Interim is solely through the lateral bound-
ary conditions. Hourly lateral boundary conditions for BARRA-R are interpolated from ERA-Interim's 6-hourly
analysis fields at 0.75° X 0.75° resolution. BARRA-R assimilates observations from land-surface stations, ships,
drifting buoys, aircrafts, radiosondes, wind profilers, and satellite observations, namely retrieved wind, radiances,
and bending angle. Before being assimilated, observations are screened to select the best-quality observations,
remove duplicates, and reduce data redundancy (Rawlins et al., 2007).

BARRA-R drives convection permitting (1.5 km) downscaling models over smaller subdomains centered
over the Australian capital cities (Su et al., 2021), which will be the regions of study here. These domains
are BARRA-SY, BARRA-PH, BARRA-AD, and BARRA-TA, centered on Australian capital cities Sydney,
Perth, Adelaide, and Tasmania, respectively. In contrast to statistical or parametric downscaling, BARRA-SY,
BARRA-PH, BARRA-AD, and BARRA-TA, that is, BARRA-C, uses dynamical downscaling and incorporates
equivalent-resolution 6-hourly BARRA-R data as initial conditions to generate 1.5 km horizontal grids that
satisfy dynamical equations of the atmosphere and honor the land surface characteristics and heterogeneity.

BARRA-C is constrained by BARRA-R at the lateral boundaries using the method of relaxation and blend-
ing (Bush et al., 2020; Davies et al., 2005). The boundary conditions force the development of the larger-scale
features within the BARRA-C domains and ensures the benefits of the BARRA-R reanalysis (i.e., incorporating
equivalent-resolution observational data) are inherited by BARRA-C, wherein the nested model is treated as a
physically consistent interpolator of the driving model (Su et al., 2021). BARRA-C is run without convection
parameterization and relies on the model dynamics to represent convective motions. While convection is still not
fully resolved at 1.5 km resolution, removal of the cumulus parameterization has been shown to result in more
realistic behavior (Clark et al., 2016).

BARRA-C offers higher resolution in space and time than existing global reanalyzes and has been developed
specifically for Australia. Studies have shown that BARRA-C provides a realistic depiction of the meteorology
at and near the surface over land as diagnosed by temperature, wind speed, surface pressure, and precipitation
(Suetal., 2021).
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2.2. Australia Gridded Climate Data (AGCD)

BARRA-R 12km domain

>

We use observational precipitation estimates from the AGCD data (Jones
et al., 2009; previously known as Australian Water Availability Project
[AWAP]) to compare precipitation from BARRA with observations for the

historical period, that is, 1990-2019. This daily, gridded precipitation data
set has a spatial resolution of 0.05° and is obtained from an interpolation of
station data across the Australian continent. Most of these stations are in the

more heavily populated coastal areas with a sparser representation inland.

2.3. Methodology

75°S

This study focuses primarily on data over the four Australian capital cities
using the 1.5 km data from dynamically downscaled domains (BARRA-SY,
BARRA-PH, BARRA-AD, and BARRA-TA) and the 12-km reanalysis data

55°E

Figure 1. Bureau of Meteorology Atmospheric High-Resolution Regional
Reanalysis for Australia (BARRA) domain map. BARRA-R Regional 12 km
domain within the light blue dotted box covers all of Australia, New Zealand

over the BARRA-R domain (Figure 1). We perform the analysis for both
mean and extreme precipitation. We calculate four annual extreme precipita-
tion indices based on the daily precipitation data. These indices are the annual
maximum of daily precipitation (Rx1Day [mm]), annual 99th percentile of

and the maritime continent. Smaller black boxes are the 1.5 km subdomains precipitation (R99p [mm]), annual 95th percentile of precipitation (R95p
centered over some major Australian cities, Sydney, Tasmania, Adelaide and [mm]), and number of days when precipitation is greater than 10 mm (R10mm
Perth. Source (http://www.bom.gov.au/research/projects/reanalysis/). [days]). Each index is computed for each location within the domain using the

ensemble of all observing times. These four indices are chosen to capture the
intensity, frequency, and duration aspects of the precipitation extremes.

The “Skill metric” we used to evaluate the performance of reanalysis data is simply the relative error in an index,
defined in Equation 1, which measures the absolute error relative to the magnitude of the observable.

Skill metric[j = |(XReanalysis,j - XObservution,»/» >/X0bservatiun,»j| * 100 (1)

XReanalysis;; a1d X opservation;; in Equation 1 are the values of one of the above-listed statistics at a single grid point
"jj" from the BARRA reanalysis and AGCD observation, respectively. The skill metric is calculated on either
the 12-km or 1.5-km grids (see below). To address the first research question, that is, whether higher resolution
improves the accuracy seen at the coarser scales, we re-gridded all data to 12-km resolution using bilinear inter-
polation. We use the climate data operator bilinear interpolation tool for re-gridding. To measure the “Accuracy
premium,” that is, the added value of high resolution, we subtract the skill metric of the re-gridded 1.5-km reso-
lution data from that of the 12-km data at each grid point, as shown in Equation 2.

Accuracy Premiumy;...;okm gria = (Skill MetricLRU — Skill MetricHRU) 2)

Here, Skill MetricHR,/ and SkillMetricLRu are the skill metric at each 12-km grid point of the high and lower
resolution data, respectively. The accuracy premium gives the quantitative measure of the added accuracy of high
resolution, with positive values denoting improvement of accuracy relative to the natively 12-km simulation. We
also compare the higher- and lower-resolution data for their skill in capturing the domain averaged absolute bias
and pattern correlation.

To address the second research question—that is, if the higher resolution data have any skill in predicting the
extra detail not predicted by the coarser scales—we instead re-gridded the lower-resolution data to higher resolu-
tion (again using bilinear interpolation). We then calculate the accuracy premium again at each 1.5-km grid point
using the same methodology as above, that is, subtract the skill metric of the lower resolution data with the skill
metric of the higher resolution data (Equation 3).

Accuracy Premiumy;...; skmgria = (Skill MetricLR,l, — Skill MetricHR,l,) 3)

Here, Skill MetricHRU and Skill MetricLR” are the skill metric at each 1.5-km grid point of the high and lower
resolution data, respectively. This accuracy premium (Accuracy Premiumy;...; skmgria) is then re-gridded back to
coarse resolution that is, 12 km (Equation 4).

NISHANT ET AL.

4of 12

851807 SUOLILIOD BAIER1D 8(edt|dde ay) Aq peusenob aJe sapie O ‘SN Jo S9Nl 1o} AR1q1T8UIIUQ /8|1 UO (SUONIPUOD-PUR-SULBILIOY A8 | IMATe1q BUI|UO//SANL) SUORIPUOD PUe SWB | 84} 88S *[£202/T0/60] U0 AriqITauIuO A8|IM ‘Wee | SeLes puy seoinosaig weybuiwiig JO AiseAln Ad ZT200T 192202/620T 0T/10p/wod As|im Ariqipuljuo'sgndnbe//sdny Wwoly pepeojumod ‘€2 ‘2202 ‘2008vr6T


http://www.bom.gov.au/research/projects/reanalysis/

~1
AGU

ADVANCING EARTH
AND SPACE SCIENCE

Geophysical Research Letters 10.1029/2022GL100717

(Accuracy Premiumy;...1 skm grid ) = Regridded (Accuracy Premiumy;...; skmgria ) 4)

regridded to 12km
The “geographical skill premium” (Equation 5) is then calculated on the coarse grid by subtracting this re-gridded,
1.5-km skill score (Equation 4) from the previous, 12-km skill score (Equation 2).

Geographical Skill Premium = ((Accuracy Premiumy;...1 skmgria ) regridded to 12km

(S))

—Accuracy Premium;; ... 2km grid)

Positive values of geographical skill premium indicate that higher resolution has skill in predicting the finer scale
variability that is not resolved by the lower-resolution system. To examine the impact of gridding method on
the results, we re-did the entire analysis by using climate data operator flux-conserving method and found that
re-gridding method has no impact on the results.

3. Results

For mean precipitation (Figures 2a-2d), the high-resolution data show added accuracy (i.e., positive accuracy
premium) over the lower-resolution data only over mountains regions in BARRA-SY and BARRA-TA, and
western coastlines in BARRA-PH. For most of the inland regions, the high-resolution data shows deterioration
in skill (i.e., negative accuracy premium). These results are consistent for all the sub-domains (BARRA-SY,
BARRA-AD and BARRA-PH) except BARRA-TA where the skill premium shows large spatial variation in sign
and magnitude for both means and extremes in precipitation. The noise over BARRA-TA can be partly explained
by the complex terrain over this region which results in uneven distribution of precipitation which both high- and
low-resolution data is unable to capture (Figures S1 and S2 in Supporting Information S1).

For extreme precipitation indices we see higher resolution data are typically more inaccurate than lower-resolution
data for all the regions (Figures S3—S10 in Supporting Information S1). For R99p and Rx1Day, high resolution
BARRA-SY, BARRA-PH, and BARRA-AD data show substantially larger error in comparison to coarse resolu-
tion data. Due to this, the skill premium consistently shows large deterioration (more than 20%). Like R99p and
Rx1Day, R10 mm also shows similar results that is, deterioration in skill with high resolution for BARR-PH and
BARRA-AD. However, here BARRA-SY and BARRA-TA show added accuracy over most part of the domain.
For R95p, there is no consistent added accuracy or deterioration throughout the domain, however domain average
shows slight decline in skill with high resolution. BARRA-TA shows similar results, that is, noisy spatial pattern
of skill premium as mean precipitation for all the extremes.

Opverall, high resolution data are less accurate than lower-resolution data for both means and extremes in precip-
itation. The similarity between the results in mean and extremes of precipitation can be attributed to the fact
that model uncertainty in mean and extreme precipitation is tightly coupled (Nishant & Sherwood, 2021). These
results are also consistent with Su et al. (2021), who showed that high resolution BARRA-C that is, BARRA-SY,
BARRA-TA, BARRA-AD, and BARRA-PH produce too much heavy rain and not enough light rain in comparison
to driving lower resolution BARRA-R data. Thus, BARRA-C brings no added value for wet extremes like 95th
to 99th percentile of precipitation. Their study was, however limited to added value analysis only at the domain
mean level. In contrast, we in this study examine the spatial pattern of added value and find similar results. The
authors also argued that the uncertainly in BARRA-C can be potentially due to the still under-resolved convection
and the model's inability to resolve detrainment from convective updrafts.

Some of the errors in high-resolution data over the topographically complex areas might be attributable to the
limitations in observations over these regions. Chubb et al. (2016) compared AGCD data against a spatially dense
independent gauge network in the Snowy Mountains regions of the BARRA-SY domain. Their results suggested
that AGCD data underestimated the precipitation amount by about 15% over these regions. They attributed this
dry bias to a lack of stations in the area needed to represent the precipitation climatology empirically and the
inability of the AGCD analysis to account for the steep topography exposed to the prevailing winds. Due to the
uncertainties in the observational data, it is difficult to ascertain whether high-resolution data add information
initially missing in the observations or if they add noise over the topographically complex areas.
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Figure 2. Spatial variation of accuracy premium (added accuracy) added by high-resolution for mean and extremes in precipitation for the BARRA-SY (a, e, i, m, q),
BARRA-TA (b, f, j, n, r), BARRA-PH (c, g, k, 0, s) and BARRA-AD (d, h, |, p, t). Here, positive values mean added accuracy. Here the first, second, third, fourth and
fifth rows show mean, 99th and 95th percentile, maximum 1-day and number of days greater than 10 mm of precipitation, respectively.
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Quantitatively for mean precipitation and the extreme measures R99p, R95p, Rx1day, and R10 mm, we see no
added accuracy of high-resolution data for all the subdomains except BARRA-SY and BARRA-TA for R10mm.
The geographical skill premium, that is, the finer scale variability which is not predicted by a lower resolution
system but is successfully predicted by a high-resolution system, is found to be very small (less than ~1%)
and spatially noisy for both mean and extreme precipitation, with no systematic positive tendency except in
BARRA-AD (Figure 3).

The evaluation of domain-averaged statistics suggests that high-resolution data deteriorates mean absolute bias
and relative bias, whereas it slightly improves pattern correlation (Figure 4). The deterioration in biases is small-
est for mean precipitation (between 1% and 8% deterioration in relative bias) and largest for R99p and Rx1Day
(between 5% and 30% deterioration in relative bias). R10mm and R95p show similar deterioration as mean
precipitation, except for BARRA-SY and BARRA-TA, which show improvement in bias from coarse to high
resolution for RI0Omm. BARRA-SY records the highest biases for both means and extremes in precipitation
(Figures 4a—4e), potentially due to the topographical complexity in the domain.

High-resolution data show a slightly stronger pattern correlation with observations than the lower-resolution
data for all the analyzed variables (Figures 4k—40). However, the improvement in pattern correlation between
the two resolutions is found to be small. The most significant improvement in pattern correlation from lower to
high resolution is seen over the BARRA-SY domain for the same reason discussed earlier in the paper. There
are however some exceptions to this pattern. For example, BARRA-TA, shows negligible improvement to slight
deterioration in pattern correlation from coarse to high resolution for mean precipitation, R99p and R95p whereas
BARRA-AD shows deterioration in pattern correlation for Rx1day. There is minimal difference between lower to
high resolution when the data is either re-gridded to 12 or 1.5 km resolution (solid and dotted lines: Figure 4) for
all the three metrics, that is, mean absolute and relative bias and pattern correlation.

4. Conclusion and Discussion

In this work, we evaluated the impact of spatial resolution on means and extremes in precipitation using
high-resolution dynamical downscaled data (BARRA-C; 1.5 km) against the driving lower-resolution reanalysis
data over Australia (BARRA-R; 12 km). We find that high-resolution data are less accurate than low resolu-
tion data typically for both mean and extremes in precipitation. Standard statistics of the precipitation distribu-
tion (mean precipitation, R99p, R95p, Rx1Day, and R10mm) show negative skill improvement: ~1%-8% and
5%—-30% increase in relative error for mean and extreme precipitation from lower to high resolution. This result
occurs even though the higher-resolution simulation incorporates equivalent-resolution BARRA-R data (which
is guided by a suite of observations) as initial and boundary conditions, which would not be the case for a global
and regional climate model prediction. We also find that finer scale detail, which is represented only by the
higher-resolution grid, is a negligible source of additional skill at the local level, either because there is little
detail in the rainfall statistics, or it is not well predicted.

These results agree with those of past studies that examined increasing resolution of global simulations (down to
~25 km) which also found decreasing accuracy (i.e., closeness with observations) in the simulation of precipita-
tion extremes (Bador et al., 2020; Caldwell, 2010; Kopparla et al., 2013; Rauscher et al., 2016). Past downscaling
studies with non-parametrized, convection-permitting inner grids have also shown a typical tendency of excessive
precipitation extremes and worse bias than with coarser grids, suggesting no added value for precipitation statis-
tics (Chan et al., 2013; Fosser et al., 2020; Kendon et al., 2014; Sharma & Huang, 2012). Our results, however, do
not agree with some of the regional model-based studies with a typical high resolution of ~3-10 km (Jeworrek
et al., 2021; Olsson et al., 2015; Qiu et al., 2020; Torma et al., 2015). These studies which kept the convective
parameterizations on at the higher resolution, found that higher-resolution model data simulated some precipita-
tion characteristics better than coarse resolution, especially in terms of biases.

We speculate that the differences in findings between the two groups of studies can be attributed to the modeling
design. In particular, studies finding added value were based on models in which convective parameterization
is used at both finer and coarser scales (Jeworrek et al., 2021; Olsson et al., 2015; Qiu et al., 2020; Torma
et al., 2015). On the other hand, the above studies finding no added value are based on models in which convec-
tive parameterization is used at the coarser scale but switched off at the finer scale.
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Figure 3. Spatial variation of geographical skill premium added by high-resolution for mean and extremes in precipitation for the BARRA-SY (a, e, i, m, q),
BARRA-TA (b, f, j, n, r), BARRA-PH (c, g, k, 0, s) and BARRA-AD (d, h, I, p, t). Here, positive values indicate that higher resolution has skill in predicting the finer
scale variability that is not resolved by the lower-resolution system. Here the first, second, third, fourth and fifth rows show mean, 99th and 95th percentile, maximum
1-day and number of days greater than 10 mm of precipitation, respectively.
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Figure 4. Domain averaged error metrics for averages of high- and lower-resolution reanalysis data. Here (a—e), (f—j) and (k—o0) show mean absolute bias, relative

bias and pattern correlation, respectively. In contrast, red, blue, green and yellow color represents BARR-SY, BARRA-AD, BARRA-TA, and BARRA-PH regions,
respectively. LR and HR are abbreviations for lower and high resolution, respectively. Here solid and dashed line represents data re-gridded to 12 and 1.5-km resolution,
respectively. Here the first, second, third, fourth and fifth columns show the mean, 99th percentile, maximum one day, number of days greater than 10 mm and 95th

percentile of precipitation, respectively.

A model design can be challenging at grid resolutions that are not fine enough (between 1 and 5 km) to fully
resolve processes explicitly, yet much finer than is assumed in the approximating schemes. At such grid reso-
lution, the model is still insufficient to adequately trigger and represent small convective showers, individual
convective cells, or updrafts (e.g., Bryan et al., 2003; Clark et al., 2016), and may require parameterized convec-
tion at least to some degree (e.g., Deng & Stauffer, 2006; Lean et al., 2008; Roberts & Lean, 2008). Although it
remains debatable, based on the results of this study and the studies cited above, we can argue that convective
parametrization should be turned on at scales that are not fine enough to gain the advantage of higher resolution
on precipitation properties.

We also suggest that more tests of optimization are required for high-resolution RCMs. For example, RCMs
in nested-domain setups are typically tested and selected based on their performance at the coarser scales. The
selected model configuration is then used to run the higher resolution model. We suggest that RCM selection for
dynamical downscaling should be based on the evaluation of performance of high-resolution model. We recom-
mend future studies to investigate this with a properly designed experiment.

We must note certain caveats of our results. First, they are purely based on means and extremes of precipitation.
It can be argued that added value could appear for other climate variables. For example, we did not examine
sub-daily precipitation, hydrological variability, and extremes like drought. Second, this study only used three
standard metrics (i.e., relative bias, mean absolute bias, and pattern correlation) to determine skill and did not
examine the joint distribution of multiple variables or strong morphology. Third, we use a single observational
data set to validate the reanalysis data. Over topographically complex regions, AGCD data have been found to
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show dry bias due to a lack of stations in the area needed to represent the precipitation climatology empirically
and the inability of the AGCD analysis to account for the steep topography exposed to prevailing winds (Chubb
et al., 2016). We acknowledge that observational uncertainties should be considered carefully while determining
whether high-resolution data adds information initially missing in the observations or if it adds noise over these
areas.

Nonetheless, deterioration of accuracy at higher horizontal resolution for standard statistics of the precipitation
distribution shows that increasing the horizontal resolution alone will not help address problems with precipi-
tation. More progress in the data assimilation processes of the driving reanalysis datasets requires significant
improvement in the precipitation properties to get proper global-scale circulations and climate variability. These
improvements in the driving reanalysis datasets, together with the improvement in the representation of physical
processes in the dynamical downscaling, will add to the benefits of increasing spatial resolution. Therefore, there
remains enormous scope for significant model developments and data assimilation techniques to reap the bene-
fits of high horizontal resolution. In a future study, it would be crucial to analyze in detail the physical processes
(e.g., large scale vs. convective precipitation, precipitation associated with frontal systems or tropical cyclones,
orographic precipitation over steep terrain, etc.) associated with extreme precipitation in low- and high-resolution
models to gain a better understanding of where the model improvements can be focused for better results.

Conflict of Interest

The authors declare no conflicts of interest relevant to this study.

Data Availability Statement

BARRA data that support the findings of this study can be accessed by emailing helpdesk.reanalysis@bom.gov.
au and requesting access to NCI (National Computational Infrastructure) Gadi project data cj37. More details
about the BARRA data set can be found on the following website: http://www.bom.gov.au/research/projects/
reanalysis/, “How to get access” section. Data from AGCD are available freely at the Bureau of Meteorology
website http://www.bom.gov.au/climate/data/. The data set is also available on the NCI Gadi project zv2. Detail
on how to access the data can be found http://climate-cms.wikis.unsw.edu.au/AGCD.

References

Arnold, N. P, Putman, W. M., & Freitas, S. R. (2020). Impact of resolution and parameterized convection on the diurnal cycle of precipita-
tion in a global nonhydrostatic model. Journal of the Meteorological Society of Japan Series I, 98(6), 1279-1304. https://doi.org/10.2151/
jmsj.2020-066

Bador, M., Boé, J., Terray, L., Alexander, L. V., Baker, A., Bellucci, A., et al. (2020). Impact of higher spatial atmospheric resolution on precip-
itation extremes over land in global climate models. Journal of Geophysical Research: Atmospheres, 125(13), €2019JD032184. https://doi.
org/10.1029/2019jd032184

Best, M. J., Pryor, M., Clark, D. B., Rooney, G. G., Essery, R., Ménard, C. B., et al. (2011). The Joint UK Land Environment Simulator
(JULES), model description—Part 1: Energy and water fluxes. Geoscientific Model Development, 4(3), 677-699. https://doi.org/10.5194/
gmd-4-677-2011

Bony, S., Stevens, B., Frierson, D. M., Jakob, C., Kageyama, M., Pincus, R., et al. (2015). Clouds, circulation and climate sensitivity. Nature
Geoscience, 8(4), 261-268. https://doi.org/10.1038/nge02398

Bryan, G. H., Wyngaard, J. C., & Fritsch, J. M. (2003). Resolution requirements for the simulation of deep moist convection. Monthly Weather
Review, 131(10), 2394-2416. https://doi.org/10.1175/1520-0493(2003)131<2394:rrfts0>2.0.co;2

Bush, M., Allen, T., Bain, C., Boutle, I., Edwards, J., Finnenkoetter, A., et al. (2020). The first Met Office unified model-JULES regional
atmosphere and land configuration, RAL1. Geoscientific Model Development, 13(4), 1999-2029. https://doi.org/10.5194/gmd-13-1999-2020

Cabos, W., Sein, D. V., Duran-Quesada, A., Liguori, G., Koldunov, N. V., Martinez-Lopez, B., et al. (2019). Dynamical downscaling of historical
climate over CORDEX Central America domain with a regionally coupled atmosphere—ocean model. Climate Dynamics, 52(7), 4305-4328.
https://doi.org/10.1007/s00382-018-4381-2

Caldwell, P. (2010). California wintertime precipitation bias in regional and global climate models. Journal of Applied Meteorology and Clima-
tology, 49(10), 2147-2158. https://doi.org/10.1175/2010jamc2388.1

Chan, S. C., Kendon, E. J., Fowler, H. J., Blenkinsop, S., Ferro, C. A., & Stephenson, D. B. (2013). Does increasing the spatial resolution
of a regional climate model improve the simulated daily precipitation? Climate Dynamics, 41(5), 1475-1495. https://doi.org/10.1007/
s00382-012-1568-9

Chubb, T. H., Manton, M. J., Siems, S. T., & Peace, A. D. (2016). Evaluation of the AWAP daily precipitation spatial analysis with an inde-
pendent gauge network in the Snowy Mountains. Journal of Southern Hemisphere Earth Systems Science, 66(1), 55-67. https://doi.
0rg/10.22499/3.6601.006

Clark, P., Roberts, N., Lean, H., Ballard, S. P., & Charlton-Perez, C. (2016). Convection-permitting models: A step-change in rainfall forecasting.
Meteorological Applications, 23(2), 165-181. https://doi.org/10.1002/met.1538

NISHANT ET AL.

10 of 12

851807 SUOLILIOD BAIER1D 8(edt|dde ay) Aq peusenob aJe sapie O ‘SN Jo S9Nl 1o} AR1q1T8UIIUQ /8|1 UO (SUONIPUOD-PUR-SULBILIOY A8 | IMATe1q BUI|UO//SANL) SUORIPUOD PUe SWB | 84} 88S *[£202/T0/60] U0 AriqITauIuO A8|IM ‘Wee | SeLes puy seoinosaig weybuiwiig JO AiseAln Ad ZT200T 192202/620T 0T/10p/wod As|im Ariqipuljuo'sgndnbe//sdny Wwoly pepeojumod ‘€2 ‘2202 ‘2008vr6T


mailto:helpdesk.reanalysis@bom.gov.au
mailto:helpdesk.reanalysis@bom.gov.au
http://www.bom.gov.au/research/projects/reanalysis/
http://www.bom.gov.au/research/projects/reanalysis/
http://www.bom.gov.au/climate/data/
http://climate-cms.wikis.unsw.edu.au/AGCD
https://doi.org/10.2151/jmsj.2020-066
https://doi.org/10.2151/jmsj.2020-066
https://doi.org/10.1029/2019jd032184
https://doi.org/10.1029/2019jd032184
https://doi.org/10.5194/gmd-4-677-2011
https://doi.org/10.5194/gmd-4-677-2011
https://doi.org/10.1038/ngeo2398
https://doi.org/10.1175/1520-0493(2003)131%3C2394:rrftso%3E2.0.co;2
https://doi.org/10.5194/gmd-13-1999-2020
https://doi.org/10.1007/s00382-018-4381-2
https://doi.org/10.1175/2010jamc2388.1
https://doi.org/10.1007/s00382-012-1568-9
https://doi.org/10.1007/s00382-012-1568-9
https://doi.org/10.22499/3.6601.006
https://doi.org/10.22499/3.6601.006
https://doi.org/10.1002/met.1538

A7t |
NI
ADVANCING EARTH
AND SPACE SCIENCE

Geophysical Research Letters 10.1029/2022GL100717

Daleu, C. L., Plant, R. S., Woolnough, S. J., Sessions, S., Herman, M. J., Sobel, A, et al. (2016). Intercomparison of methods of coupling between
convection and large-scale circulation: 2. Comparison over nonuniform surface conditions. Journal of Advances in Modeling Earth Systems,
8(1), 387-405. https://doi.org/10.1002/2015ms000570

Davies, T., Cullen, M. J., Malcolm, A. J., Mawson, M. H., Staniforth, A., White, A. A., & Wood, N. (2005). A new dynamical core for the Met
Office's global and regional modelling of the atmosphere. Quarterly Journal of the Royal Meteorological Society: A Journal of the Atmos-
pheric Sciences, Applied Meteorology and Physical Oceanography, 131(608), 1759-1782. https://doi.org/10.1256/qj.04.101

Dee, D. P, Uppala, S. M., Simmons, A. J., Berrisford, P., Poli, P., Kobayashi, S., et al. (2011). The ERA-Interim reanalysis: Configuration
and performance of the data assimilation system. Quarterly Journal of the Royal Meteorological Society, 137(656), 553—-597. https://doi.
org/10.1002/qj.828

Deng, A., & Stauffer, D. R. (2006). On improving 4-km mesoscale model simulations. Journal of Applied Meteorology and Climatology, 45(3),
361-381. https://doi.org/10.1175/jam2341.1

Dosio, A., Panitz, H. J., Schubert-Frisius, M., & Liithi, D. (2015). Dynamical downscaling of CMIP5 global circulation models over
CORDEX-Africa with COSMO-CLM: Evaluation over the present climate and analysis of the added value. Climate Dynamics, 44(9), 2637—
2661. https://doi.org/10.1007/s00382-014-2262-x

Evans, J. P, Ji, F, Lee, C., Smith, P., Argiieso, D., & Fita, L. (2014). Design of a regional climate modelling projection ensemble experiment—
NARCIiM. Geoscientific Model Development, 7(2), 621-629. https://doi.org/10.5194/gmd-7-621-2014

Fall, S., Niyogi, D., Gluhovsky, A., Pielke Sr, R. A., Kalnay, E., & Rochon, G. (2010). Impacts of land use land cover on temperature trends
over the continental United States: Assessment using the North American Regional Reanalysis. International Journal of Climatology, 30(13),
1980-1993. https://doi.org/10.1002/joc.1996

Fosser, G., Kendon, E. J., Stephenson, D., & Tucker, S. (2020). Convection-permitting models offer promise of more certain extreme rainfall
projections. Geophysical Research Letters, 47(13), €2020GL088151. https://doi.org/10.1029/2020g1088151

Gregory, D., & Rowntree, P.R. (1990). A mass flux convection scheme with representation of cloud ensemble characteristics and stability-dependent
closure. Monthly Weather Review, 118(7), 1483—1506. https://doi.org/10.1175/1520-0493(1990)118<1483:amfcsw>2.0.co;2

Grose, M. R., Narsey, S., Delage, F. P, Dowdy, A. J., Bador, M., Boschat, G., et al. (2020). Insights from CMIP6 for Australia's future climate.
Earth's Future, 8(5), €2019EF001469. https://doi.org/10.1029/2019ef001469

Hohenegger, C., Kornblueh, L., Klocke, D., Becker, T., Cioni, G., Engels, J. F., et al. (2020). Climate statistics in global simulations of the
atmosphere, from 80 to 2.5 km grid spacing. Journal of the Meteorological Society of Japan Series II, 98(1), 73-91. https://doi.org/10.2151/
jmsj.2020-005

IPCC. (2021). Climate change 2021: The physical science basis. In V. Masson-Delmotte, P. Zhai, A. Pirani, S. L. Connors, C. Péan, et al. (Eds.),
Contribution of working group I to the sixth assessment report of the intergovernmental panel on climate change. Cambridge University Press.
Retrieved from https://www.ipcc.ch/report/ar6/wgl/downloads/report/IPCC_AR6_WGI_Full_Report.pdf

Jeworrek, J., West, G., & Stull, R. (2021). WRF precipitation performance and predictability for systematically varied parameterizations over
complex terrain. Weather and Forecasting, 36(3), 893-913. https://doi.org/10.1175/waf-d-20-0195.1

Jones, D. A., Wang, W., & Fawcett, R. (2009). High-quality spatial climate data-sets for Australia. Australian Meteorological and Oceanographic
Journal, 58(4), 233-248. https://doi.org/10.22499/2.5804.003

Kao, S.-C., & Ganguly, A. R. (2011). Intensity, duration, and frequency of precipitation extremes under 21st-century warming scenarios. Journal
of Geophysical Research, 116(D16), D16119. https://doi.org/10.1029/2010jd015529

Kendon, E. J., Roberts, N. M., Fowler, H. J., Roberts, M. J., Chan, S. C., & Senior, C. A. (2014). Heavier summer downpours with climate change
revealed by weather forecast resolution model. Nature Climate Change, 4(7), 570-576. https://doi.org/10.1038/nclimate2258

Kopparla, P., Fischer, E. M., Hannay, C., & Knutti, R. (2013). Improved simulation of extreme precipitation in a high-resolution atmosphere
model. Geophysical Research Letters, 40(21), 5803-5808. https://doi.org/10.1002/2013g1057866

Lean, H. W., Clark, P. A., Dixon, M., Roberts, N. M., Fitch, A., Forbes, R., & Halliwell, C. (2008). Characteristics of high-resolution versions
of the Met Office Unified Model for forecasting convection over the United Kingdom. Monthly Weather Review, 136(9), 3408-3424. https://
doi.org/10.1175/2008mwr2332.1

Mai, X., Qiu, X., Yang, Y., & Ma, Y. (2020). Impacts of spectral nudging parameters on dynamical downscaling in summer over mainland China.
Frontiers of Earth Science, 8, 574754. https://doi.org/10.3389/feart.2020.574754

Nishant, N., Evans, J. P, Di Virgilio, G., Downes, S. M., Ji, F., Cheung, K. K., et al. (2021). Introducing NARCIiM1.5: Evaluating the
performance of regional climate projections for Southeast Australia for 1950-2100. Earth's Future, 9(7), €2020EF001833. https://doi.
org/10.1029/2020ef001833

Nishant, N., & Sherwood, S. C. (2021). How strongly are mean and extreme precipitation coupled? Geophysical Research Letters, 48(10),
€2020GL092075. https://doi.org/10.1029/2020g1092075

Olsson, J., Berg, P., & Kawamura, A. (2015). Impact of RCM spatial resolution on the reproduction of local, subdaily precipitation. Journal of
Hydrometeorology, 16(2), 534-547. https://doi.org/10.1175/jhm-d-14-0007.1

Qiu, L., Im, E. S., Hur, J., & Shim, K. M. (2020). Added value of very high resolution climate simulations over South Korea using WRF modeling
system. Climate Dynamics, 54(1), 173-189. https://doi.org/10.1007/s00382-019-04992-x

Rauscher, S. A., O’Brien, T. A., Piani, C., Coppola, E., Giorgi, F., Collins, W. D., & Lawston, P. M. (2016). A multimodel intercomparison of
resolution effects on precipitation: Simulations and theory. Climate Dynamics, 47(7), 2205-2218. https://doi.org/10.1007/s00382-015-2959-5

Rawlins, F., Ballard, S. P., Bovis, K. J., Clayton, A. M., Li, D., Inverarity, G. W., et al. (2007). The Met Office global four-dimensional variational
data assimilation scheme. Quarterly Journal of the Royal Meteorological Society: A Journal of the Atmospheric Sciences, Applied Meteorology
and Physical Oceanography, 133(623), 347-362. https://doi.org/10.1002/qj.32

Roberts, N. M., & Lean, H. W. (2008). Scale-selective verification of rainfall accumulations from high-resolution forecasts of convective events.
Monthly Weather Review, 136(1), 78-97. https://doi.org/10.1175/2007mwr2123.1

Sharma, A., & Huang, H. P. (2012). Regional climate simulation for Arizona: Impact of resolution on precipitation. Advances in Meteorology,
2012, 1-13. https://doi.org/10.1155/2012/505726

Stevens, B., Satoh, M., Auger, L., Biercamp, J., Bretherton, C. S., Chen, X, et al. (2019). DYAMOND: The DYnamics of the Atmospheric
general circulation Modeled On Non-hydrostatic Domains. Progress in Earth and Planetary Science, 6(1), 1-17. https://doi.org/10.1186/
s40645-019-0304-z

Su, C. H., Eizenberg, N., Jakob, D., Fox-Hughes, P., Steinle, P., White, C. J., & Franklin, C. (2021). BARRA v1. 0: Kilometre-scale downscal-
ing of an Australian regional atmospheric reanalysis over four midlatitude domains. Geoscientific Model Development, 14(7), 4357-4378.
https://doi.org/10.5194/gmd-14-4357-2021

NISHANT ET AL.

11 of 12

85U8017 SUOLILIOD BAeRID 3|eotdde 3Ly A peusenob e Sapike O ‘@SN J0 S9jnu 10} ARiq17 8UIIUO AB]IA UO (SUORIPUOD-PUB-SLLBY W08 1M Aeld1Bul|Uo//Sd1Y) SUORIPUOD PUe SWIS L 84} 88S *[£202/T0/60] U0 A%iqiTauliuo |1 ‘Ues L SfLss puy seoinossi3 urybuiuilg JO AseAN Ag LT200T 192202/620T 0T/10pAL0D" A 1m:Areiqijeutjuo'sgndnfe//sdiy woiy pepeojumod ‘€2 ‘220z ‘L008776T


https://doi.org/10.1002/2015ms000570
https://doi.org/10.1256/qj.04.101
https://doi.org/10.1002/qj.828
https://doi.org/10.1002/qj.828
https://doi.org/10.1175/jam2341.1
https://doi.org/10.1007/s00382-014-2262-x
https://doi.org/10.5194/gmd-7-621-2014
https://doi.org/10.1002/joc.1996
https://doi.org/10.1029/2020gl088151
https://doi.org/10.1175/1520-0493(1990)118%3C1483:amfcsw%3E2.0.co;2
https://doi.org/10.1029/2019ef001469
https://doi.org/10.2151/jmsj.2020-005
https://doi.org/10.2151/jmsj.2020-005
https://www.ipcc.ch/report/ar6/wg1/downloads/report/IPCC_AR6_WGI_Full_Report.pdf
https://doi.org/10.1175/waf-d-20-0195.1
https://doi.org/10.22499/2.5804.003
https://doi.org/10.1029/2010jd015529
https://doi.org/10.1038/nclimate2258
https://doi.org/10.1002/2013gl057866
https://doi.org/10.1175/2008mwr2332.1
https://doi.org/10.1175/2008mwr2332.1
https://doi.org/10.3389/feart.2020.574754
https://doi.org/10.1029/2020ef001833
https://doi.org/10.1029/2020ef001833
https://doi.org/10.1029/2020gl092075
https://doi.org/10.1175/jhm-d-14-0007.1
https://doi.org/10.1007/s00382-019-04992-x
https://doi.org/10.1007/s00382-015-2959-5
https://doi.org/10.1002/qj.32
https://doi.org/10.1175/2007mwr2123.1
https://doi.org/10.1155/2012/505726
https://doi.org/10.1186/s40645-019-0304-z
https://doi.org/10.1186/s40645-019-0304-z
https://doi.org/10.5194/gmd-14-4357-2021

A7t |
NI
ADVANCING EARTH
AND SPACE SCIENCE

Geophysical Research Letters 10.1029/2022GL100717

Su, C. H,, Eizenberg, N., Steinle, P., Jakob, D., Fox-Hughes, P., White, C. J., et al. (2019). BARRA v1.0: The Bureau of meteorology atmos-
pheric high-resolution regional reanalysis for Australia. Geoscientific Model Development, 12(5), 2049-2068. https://doi.org/10.5194/
gmd-12-2049-2019

Toreti, A., Naveau, P., Zampieri, M., Schindler, A., Scoccimarro, E., Xoplaki, E., et al. (2013). Projections of global changes in precipita-
tion extremes from Coupled Model Intercomparison Project Phase 5 models. Geophysical Research Letters, 40(18), 4887—4892. https://doi.
org/10.1002/gr1.50940

Torma, C., Giorgi, F., & Coppola, E. (2015). Added value of regional climate modeling over areas characterized by complex terrain—Precipitation
over the Alps. Journal of Geophysical Research: Atmospheres, 120(9), 3957-3972. https://doi.org/10.1002/2014jd022781

Wilcox, E. M., & Donner, L. J. (2007). The frequency of extreme rain events in satellite rain-rate estimates and an atmospheric general circulation
model. Journal of Climate, 20(1), 53—69. https://doi.org/10.1175/JCLI3987.1

Zick, S. E., & Matyas, C.J. (2016). A shape metric methodology for studying the evolving geometries of synoptic-scale precipitation patterns in
tropical cyclones. Annals of the Association of American Geographers, 106(6), 1217-1235. https://doi.org/10.1080/24694452.2016.1206460

NISHANT ET AL.

12 of 12

85U8017 SUOLILIOD BAeRID 3|eotdde 3Ly A peusenob e Sapike O ‘@SN J0 S9jnu 10} ARiq17 8UIIUO AB]IA UO (SUORIPUOD-PUB-SLLBY W08 1M Aeld1Bul|Uo//Sd1Y) SUORIPUOD PUe SWIS L 84} 88S *[£202/T0/60] U0 A%iqiTauliuo |1 ‘Ues L SfLss puy seoinossi3 urybuiuilg JO AseAN Ag LT200T 192202/620T 0T/10pAL0D" A 1m:Areiqijeutjuo'sgndnfe//sdiy woiy pepeojumod ‘€2 ‘220z ‘L008776T


https://doi.org/10.5194/gmd-12-2049-2019
https://doi.org/10.5194/gmd-12-2049-2019
https://doi.org/10.1002/grl.50940
https://doi.org/10.1002/grl.50940
https://doi.org/10.1002/2014jd022781
https://doi.org/10.1175/JCLI3987.1
https://doi.org/10.1080/24694452.2016.1206460

	Impact of Higher Spatial Resolution on Precipitation Properties Over Australia
	Abstract
	Plain Language Summary
	1. Introduction
	2. Data and Methods
	2.1. Bureau of Meteorology Atmospheric High-Resolution Regional Reanalysis for Australia (BARRA)
	2.2. Australia Gridded Climate Data (AGCD)
	2.3. Methodology

	3. Results
	4. Conclusion and Discussion
	Conflict of Interest
	Data Availability Statement
	References


