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Abstract
The Australian Alpine region is highly vulnerable to extreme climate events such
as heavy rainfall and snow falls, these events subsequently impact rainfall erosivity
and hillslope erosion in the region. In this study, the relationship between extreme
rainfall indices (ERIs) and rainfall erosivity was examined across the Alpine region
in New South Wales (NSW) and Australian Capital Territory (ACT) and the surrounding areas including Murray and Murrumbidgee and South East and Tablelands (SET). Rainfall erosivity, hillslope erosion, and their changes were estimated
in the future periods using the revised universal soil loss equation and the
NSW/ACT Regional Climate Modeling (NARCliM) projections. Results from the
study demonstrate a good relationship between ERIs (especially Rx5Day) and rainfall erosivity. The rainfall erosivity and hillslope erosion are projected to increase
about 2 and 8% for the near future (2020–2039), further increase to 8 and 18% for
the far future (2060–2079) in the Alpine region assuming the groundcover is
maintained at the current condition. The change in rainfall erosivity and erosion
risk is highly uneven in space and in season with the highest erosion risk in summer
with an increase about 33% in the next 50 years. The highest erosion risk area is
predicted within SET (maximum rate 19.95 Mg ha−1 year−1), but on average, the
ACT has the highest erosion rate, which is above 1.36 Mg ha−1 year−1 in all
periods. The snowmelt in spring in the Alpine region is estimated to increase the
rainfall erosivity by 13% in the baseline period, up to 24% in the near future, but far
less (about 1%) in the far future due to predicted temperature rise and less snow
available in the Alpine region in the next 50 years.
KEYWORDS
Alpine, extreme rainfall, NARCliM, rainfall erosivity, soil loss

1 | INTRODUCTION
In recent decades, changes in climate extremes have
attracted many attentions around the world because extreme
climate events often result in more impacts on natural and
human systems than their mean values. Rainfall extremes
have been studied on regional, national, and global scales
Int J Climatol. 2020;40:1213–1227.

(Nearing et al., 2004; Alexander et al., 2007; Evans et al.,
2016; Almagro et al., 2017). Extreme rainfall events across
Australia are likely to become more intense and more often,
and temperatures are also projected to continue increasing
with more extremely hot days and fewer extremely cool days
(CSIRO and Bureau of Meteorology, 2015). These studies
found some significant changes in percentiles and frequency
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of extreme events, and the magnitude and the sign of the
changes vary with the season and the region (Alexander
et al., 2007; CSIRO and Bureau of Meteorology, 2015).
Climate change influences the rainfall erosivity, erosive
power, and cause hillslope erosion and land degradation,
due to alteration of rainfall patterns (Almagro et al., 2017).
The climate circulation patterns affected from more water
vapour in the atmosphere is modifying the intensity and frequency of extreme rainfall events. Moreover, temperature
and extreme rainfall events in Australia will increase more
significantly than in many other regions around the world
under warmer climates (Almagro et al., 2017).
Hillslope erosion rates may be expected to change in
response to changes in climate for a variety of reasons, the
most direct of which is the change in the erosive power of
rainfall or rainfall erosivity (Nearing et al., 2004). More
importantly, hillslope erosion occurs mostly during a few
severe storm or extreme events. Large and erosive storms
are also more variable than annual rainfall totals. Trends and
changes in erosive storms or rainfall extremes are therefore
much more important but also difficult to predict in comparison with rainfall totals. Diodato and Bellocchi (2012)
applied extreme precipitation data (95th percentile) to estimate decadal-scale rainfall–runoff erosivity values. While
changes in rainfall amount and intensity are expected to have
significant effects on rainfall erosivity and hillslope erosion;
the magnitude of the impact is not well quantified of the
relationship between rainfall amount and rainfall erosivity;
and the extreme nature of large erosive events.
The downscaled rainfall and snow projections from New
South Wales (NSW) and Australian Capital Territory (ACT)
Regional Climate Modeling (NARCliM) project (Evans
et al., 2014a) have become available for southeast Australia
for the baseline (1990–2009 or BA), near future (2020–2039
or NF), and far future (2060–2079 or FF) periods. NARCliM
simulations provided relatively high spatial (10 km) and
temporal (three hourly) rainfall and snow projections, which
provide an opportunity to investigate changes in extreme
rainfall events (Evans et al., 2014b; 2016).
Snowfall in the Alpine region is common in winter but it
was neglected in the previous studies in hillslope erosion
(Teng et al., 2016). It is believed that the exclusion of snowmelt in erosivity and erosion estimation would result in underestimation of soil loss prediction in the Alpine and its
surrounding areas with snowfall in winters. Although there
are a few studies on impact of snowmelt on erosion in other
Alpine regions in the world, such as estimation of snow gliding processes impact on erosion in Switzerland (Meusburger
et al., 2014), improvement of snowmelt runoff indices in
Canada (Hayhoe et al., 1995) and development of snowmelt
erosion and sediment yield model in Germany (Ollesch et al.,
2006), these sorts of studies have not yet been done in

Australia. This research was therefore arguably the first in
Australia to consider snow melting in hillslope erosion
modelling.
In this study, we examined the relationship between
extreme rainfall indices (ERIs) and rainfall erosivity across
the study area. We calibrated rainfall erosivity estimation
using the snowmelt in Spring (September, October, and
November), and predicted hillslope erosion risk and the seasonal and spatial changes. The specific objectives of this
research were to (a) identify the relationship between ERIs
with rainfall erosivity; (b) simulate the rainfall erosivity
affected by the snowmelt; (c) estimate the rainfall erosivity
variation and changes in the future; and (d) consider extreme
rainfall and snowmelt, and apply them to the monitoring of
soil erosion change. These objectives primarily define the
structural subheadings in Sections 3–5.

2 | STUDY AREA AND DATA SETS
2.1 | Study area
The Australian Alps range from just a few hundred meters
above sea level to the top of Mt Kosciuszko at 2,228 m
(Gorman-Murray, 2008), which are located in southeast
Australia, and straddle eastern Victoria, southeast NSW, and
the ACT. The landscape in this area is characterized by
peaked ranges, and broad, forested valleys, and is the only
true alpine environment in southeast Australia.
The Australian Alps experience a mid-latitude mountain
climate, with no dry season and a mild summer (Räisänen,
2008). Cold temperatures in winter mean that precipitation
falls as snow that then covers the higher altitudes for many
months. The seasonal snow fields are important across a
number of sectors such as biodiversity, water variability, and
winter tourism (Beniston, 2003).
The study area covers the NSW and ACT Alpine region
and its surrounding areas including Murray and Murrumbidgee (MM) and South East and Tablelands (SET), which
are two NSW state planning regions (Figure 1). Outstanding
mountainous areas characteristics include north–south high
topography areas in SET, which is part of Great Dividing
Range and Kosciuszko Nation Park where topography is generally above 1,200 m. It's generally flat for the western MM
region and there is a clear terrain gradient in the eastern MM
region and the SET region, where is much steeper than the
western MM. The mountain range runs almost north–south,
intercepting the prevailing westerly winds in winter and the
easterly winds in summer (Brereton et al., 1995), and acting
as a major climatic barrier separating southeast Australia into
distinct climate zones. The Alpine area generally has more
seasonal variation in precipitation and temperature compared
with the surrounding regions (MM and SET).

ZHU ET AL.

1215

FIGURE 1

The Alpine region, the surrounding state planning regions, the domain of the snow projections, and the snowy hydro snow field
sites. ACT, Australian Capital Territory [Colour figure can be viewed at wileyonlinelibrary.com]

2.2 | Data sets
In this study, simulations from four selected global climate
models (GCMs) were used to drive three selected regional
climate models (RCMs) to form a 12-member GCM/RCM
ensemble (Table 1; Evans et al., 2014a). The four GCMs
are MIROC3.2, ECHAM5, CCCMA3.1, and CSIROMK3.0 from the CMIP3 ensemble (Evans et al., 2014a).
The three RCMs correspond to three different physics
scheme combinations of the Weather Research Forecasting
(WRF, V3.3) model (Skamarock et al., 2008; Ji et al.,
2016). After GCMs dynamical downscaled to regional
scale, local features from each model were accurately represented in projecting future climate conditions. Each
RCM-GCM pair (3 RCMs × 4 GCMs, 12 pairs in total)
has been run for three 20-year periods: 1990–2009 (baseline), 2020–2039 (near future), and 2060–2079 (far future).
Evaluation of NARCliM simulations suggests that the use
of the full ensemble provides a measure of robustness such
that any result that is common through all models in the
ensemble is considered to have higher confidence (Evans
et al., 2016).

This study used the bias-corrected rainfall, snow, and
temperature with a spatial resolution of 10 km (Bormann
TABLE 1

Twelve-member GCM/RCM ensemble from
NARCliM projections
ID

Ensembles

GCM

RCM

M1

CCCMA31_R1

CCCMA3.1

R1

M2

CCCMA31_R2

CCCMA3.1

R2

M3

CCCMA31_R3

CCCMA3.1

R3

M4

CSIROMK3_R1

CSIRO-MK3.0

R1

M5

CSIROMK3_R2

CSIRO-MK3.0

R2

M6

CSIROMK3_R3

CSIRO-MK3.0

R3

M7

ECHAM5_R1

ECHAM5

R1

M8

ECHAM5_R2

ECHAM5

R2

M9

ECHAM5_R3

ECHAM5

R3

M10

MIROC32_R1

MIROC3.2

R1

M11

MIROC32_R2

MIROC3.2

R2

M12

MIROC32_R3

MIROC3.2

R3

Abbreviations: GCM, global climate model; NARCliM, NSW/ACT Regional
Climate Modeling; RCM, regional climate model.
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et al., 2014; Evans et al., 2016) from NARCliM to estimate
the future rainfall erosivity in the Alpine region. Snow depth
and density simulation for the 60 years were extracted from
the snow projections and used to estimate and adjust the
snowmelt runoff (Bormann et al., 2014) and rainfall erosivity during the melting season (spring). To minimize bias,
12-model ensembles derived from NARCliM were used following the recommendation of Evans et al. (2016). The
bias-corrected snowpack data set show large improvements
regarding the simulation of total amounts, seasonality, and
spatial distribution of the snow cover compared with
MODIS products (Di Luca et al., 2017).
Weekly measurements of snow depth and snow water
equivalent at three field sites in the snowy mountains
were automatically recorded from Snowy Hydro Ltd.
(Figure 1). The measurements for the baseline period
(1990–2009), along with the Bureau of Meteorology
(BoM) rainfall data, were used for calibrating the NARCliM snowpack projections.
In addition, the soil property projections for NSW such
as soil organic carbon were obtained from Gray and Bishop
(2017) and used to calculate soil erodibility based on Yang
et al. (2017). Other input data include soil texture from Soil
and Landscape Grid of Australia (Grundy et al., 2015) at a
spatial resolution of 3 arc sec (about 90 m), the 30 m DEM
(shuttle radar topography mission, SRTM), the latest
satellite-derived fractional vegetation cover (version 3.1.0)
at a spatial resolution of 500 m and on monthly basis since
2000 (Guerschman et al., 2009). Spline interpolation was
applied to rescale the BoM gridded precipitation at 5 km to
100 m. Other factors, such as soil texture (90 m), fractional
groundcover (500 m), and DEM (30 m), were resampled to
100 m using ArcGIS in order to be consistent with the rainfall input.

3 | METHODS
In this study, relationship between ERIs with rainfall erosivity
were examined, rainfall erosivity was adjusted and estimated
by considering the snowmelt in spring (September, October,
and November), and hillslope erosion risk and its seasonal
and spatial changes were simulated across the Alpine region
and the surrounding state planning regions (Figure 2).

3.1 | The selection of ERIs
Six ERIs (Table 2) were selected to assess their relationships
with rainfall erosivity for each NARCliM ensemble and
period (Evans et al., 2014b; 2016; Ji et al., 2016). Table 2
demonstrates the definition and method for each index.
These ERIs represent annual accumulated precipitation
(e.g., R95p and R99p), count days with extreme rainfall
depth (e.g., R20mm and R25mm), and those illustrating
monthly rainfall variation (e.g., Rx1day and Rx5day). The
reasons for choosing these six indices are because that they
are common and representative in time steps. Note that only
Rx1day and Rx5day are defined on monthly basis, whilst all
the other indices are defined on an annual basis. Therefore,
only Rx1day and Rx5day were applied to examine the seasonal rainfall extremes and their relationships with the seasonal rainfall erosivity and erosion rates.

3.2 | Snowmelt and rainfall erosivity
estimation
In this study, the snowmelt was considered in simulating
and calibrating the rainfall erosivity across the Alpine region
in spring. The daily snowmelt was estimated from the
models as described in Rango and Martinec (1995) and late
in Bormann et al. (2014):

F I G U R E 2 Flow chart for
implementation. GCM, global climate
model; NARCliM, NSW/ACT
Regional Climate Modeling; RCM,
regional climate model [Colour figure
can be viewed at
wileyonlinelibrary.com]
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The selected six extreme rainfall indices and their definitions

Abbreviation
R20mm

Description

Method

Annual counts of days with rainfall larger than 20 mm

Count the days where: RRij ≥ 20 mm

Days

Count the days where: RRij ≥ 25 mm

Days

R × 1dayj = max(RRij)

mm

R × 5dayj = max(RRkj)

mm

Rnnmm

Unit
a

Days with rainfall larger than 25 mm (annual)
Rx1day (monthly)
Daily maximum 1-day precipitation
Rx5day (monthly)
Rx5day_y (annually)

Maximum 5-day accumulated precipitation (annual and
month). Let RRkj be the precipitation amount for the
5-day interval ending k, period j

R95p

Accumulated precipitation from events above the 95th
percentile. Let RRwj be the daily precipitation amount
on a wet day w (RR ≥1.0 mm) in period i and let
RRwn95 be the 95th percentile of precipitation on wet
days in the period. If w represents the number of wet
days in the period, then

R99p

Accumulated precipitation from events above the 99th
percentile. Let RRwj be the daily precipitation amount
on a wet day w (RR ≥1.0 mm) in period i and let
RRwn99 be the 99th percentile of precipitation on wet
days in the period. If w represents the number of wet
days in the period, then

R95pj =

w
P

RRwj

mm

w =1

where RRwj > RRwn95

R99pj =

w
P

RRwj

mm

w =1

where RRwj > RRwn99

a

Let RRij be the daily precipitation amount on day i in period j.

Mp =k 

ρs
 ðT mean − T ref Þ
ρw

ð1Þ

where Mp is potential snowmelt (mm day−1), ρs is snow
density (g cm−3), ρw is water density (assumed to be
1 g cm−3), Tmean refers to the daily mean temperature, and
Tref is set to 0 C.
The calculation of rainfall erosivity was adjusted by
adding the snowmelt to the rainfall density using the daily
rainfall erosivity model as presented in Yang and Yu (2015):
XN
ð2Þ
E^j =α½1 +η cos ð2πfj −ωÞ d = 1 ðRd +MpÞβ
The daily rainfall amount Rd was calculated from the
bias-corrected daily rainfall projections of all the 12 NARCliM ensembles, the same as the snowmelt was derived
from. N is the number of rain days in the month, and α, β, η,
and ω are empirical coefficients used to describe the seasonal
(monthly) and locational variations (Yang and Yu, 2015).
The relative change (%) of rainfall erosivity with and
without snowmelt adjustment is used to examine the impact
of snowmelt on rainfall erosivity:
Echange =

E snow −E
× 100%
E snow

ð3Þ

where Esnow refers to the erosivity within snowmelt, whilst
E refers to the rainfall erosivity without snowmelt

adjustment, Echange represents the change of rainfall erosivity
when snowmelt is considered.

3.3 | Hillslope erosion estimation
Once the rainfall erosivity is estimated based on the above
methods, the hillslope erosion can be calculated using
RUSLE (Renard et al., 1997) along with other factors, the
conservation practice (P), slope-steepness factor (LS),
groundcover (C), and the soil erodibility (K):
A=R× K × LS × C × P

ð4Þ

where A is the estimate of soil loss (Mg ha−1 year−1), R is
rainfall erosivity factor (MJ mm ha−1 hr−1 year−1) as
described above, K is the soil erodibility factor
(Mg ha hr ha−1 MJ−1 mm−1), LS represents the slope and
steepness factor (unitless) estimated from Digital Elevation
Model (DEM), and C is the cover and management (C) factor (unitless). The erosion control (P) factor (unitless)
defaults to 1 in this study.
The K-factor was estimated based on Yang et al. (2017)
using the recent digital soil maps and soil property projections including soil texture and organic matter (Grundy
et al., 2015; Gray et al., 2016; Gray and Bishop, 2017). The
LS-factor was calculated from the 30 m DEM (SRTM)
based on a comprehensive method as described in Yang
(2015). The C-factor was estimated on monthly basis and
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updated from the latest satellite-derived fractional vegetation
cover (version 3.1.0; Guerschman et al., 2009) based on
methods described in Renard et al. (1997) and Yang (2014).
The C-factor was adjusted with snow cover in winter months
(June, July, and August) based on a snow mask prepared
from the snow depth projection in the Alpine region and a
specific value (0.0044) was assigned to the areas covered
by snow.

3.4 | Model comparisons and accuracy
assessment
Adequate random points (5,000 for the entire study area and
1,550 for Alpine region) were generated in GIS (ESRI
ArcGIS) and used to sample the raster data values from ERIs,
rainfall erosivity, and hillslope erosion for the baseline and
future periods. These randomly sampled data were used for
statistical analyses (linear regression, coefficient of efficiency,
root mean square error [RMSE], and Kolmogorov–Smirnov
test) and analysis of the relationship between rainfall extremes
with erosivity for all the periods (Acquaotta et al., 2016;
Baronetti et al., 2018). The RMSE has been calculated as a
standard statistical metric (Chai and Draxler, 2014; Du et al.,
2016) to measure model performance in this study.
The randomly sampled erosivity and hillslope erosion
values in the baseline period were used for comparison with
results from the BoM gridded rainfall data at 5 km spatial
resolution in the same period (Yang and Yu, 2015). Results
are compared primarily using a two-sample Kolmogorov–
Smirnov (K–S) test (Maurer et al., 2010; Wilks, 2011) to
investigate difference between Rx5day predicted erosivity
and NARCliM/BoM erosivity after paired T test at a 0.05
significance level.
Model performance is also measured by the coefficient of
efficiency, Ec (Nash and Sutcliffe, 1970) as it is commonly
used to assess model performance in hydrology and soil sciences (Yang, 2015).

Ec = 1 −

M
X
i=1

ðyi − y^Þ2 =

M
X

ðyi − yÞ2

ð5Þ

i=1

is the average of observed values, and M represented the
sample size. Essentially, Ec is an indicator of how close the
scatters of projected versus actual values are to the 1:1 line
(Nash and Sutcliffe, 1970). The snow depth and snow water
content are only available at three Snowy Hydro stations,
which are used to validate that derived from the NARCliM
snowpack projection. However, for the entire Alpine region,
the gridded rainfall data and the derived rainfall erosivity
served as reference values for model comparison and
assessment.

4 | RESULTS
4.1 | ERIs and their relationships with rainfall
erosivity
The relationships between ERIs and rainfall erosivity/erosion
were assessed for the 5,000 random points within the region,
which were summarized in Figure 3. Rx5day (maximum
5-day accumulated precipitation) index has the strongest correlation with the mean rainfall erosivity in the baseline
(R2 = .84), near future (R2 = .84), and far future (R2 = .83)
periods (Figure 3a).
Figure 3b reveals that the correlation between the
corresponding ERIs and hillslope erosion is much weaker (correlation less than 0.3) compared with that of rainfall erosivity
(Figure 3a) since hillslope erosion is related to other factors
such as groundcover, soil property, slope steepness, and length,
but rainfall erosivity is mainly related to rainfall duration and
intensity. It suggests that while ERIs might have potential to
indicate rainfall erosivity, they are not good indicators of hillslope erosion risk as other factors need to be considered.
Table 3 further reveals the seasonal associations between
ERIs (Rx1day and Rx5day, explanatory variable) and rainfall erosivity (response variable) for the Alpine region. Both
Rx1day (R2 = .79) and Rx5day (R2 = .81) have slightly
higher correlation with rainfall erosivity in summer, compared with other seasons (Table 3). The correlation between
the selected ERIs and erosivity is positive moderate or relatively insensitive (R2 and Ec around .7) in autumn. Rx5day
has slightly higher seasonal correlation with erosivity (and
therefore erosion) than Rx1day in all periods. With these
relationships, the commonly available ERIs have potential to
be used to predict rainfall erosivity in all seasons.
There is noticeable seasonal variation in correlation between
rainfall erosivity values predicted by Rx5day and those calculated from NARCliM and BoM rainfall data (Table 4). The
correlation in summer is likely to be more reliable with higher
correlation (R2), whereas spring and autumn expected have relatively higher coefficient of efficiency (Ec), smaller RMSE,
and less maximum difference from Kolmogorov–Smirnov (K–
S) test. In contrast, the prediction in winter is the least accurate
(R2 = .33 and Ec = 0.37), higher RMSE, and larger maximum
difference (more than 0.12), especially compare to BoM rainfall based erosivity. There is moderate positive regression relationship from Rx5day predicted erosivity and BoM-based
rainfall erosivity in spring (R2 = .70, Ec = 0.87, and
RMSE = 17.38, and K–S < 0.04), which demonstrates the two
samples come from the same distribution.

4.2 | Impact of snowmelt on erosivity
Adding the snowmelt (mm day−1) as additional rainfall
(Loague and Freeze, 1985; Risse et al., 1993) to the daily
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2060–2079

0.8

Correlation

The correlation
coefficients between different extreme
rainfall indices and rainfall erosivity
(a) and erosion (b)
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0.6

0.4

0.2

0
R20

(b)

R99

Rnnmm

Rx1day

Rx5day

0.5

1990–2009

0.4

Correlation

R95

2020–2039

2060–2079

0.3

0.2

0.1

0
R20

rainfall erosivity model (Yang and Yu, 2015) resulted in
greater variation in rainfall erosivity estimates in the Alpine
region, especially in spring (or October). To examine the
snowmelt impact, rainfall erosivity estimation adjusted by
snowmelt and rainfall (Equations 1 and 2) from the 12 NARCliM ensembles were compared with those calculated from
NARCliM rainfall projections without snowmelt (Yang
et al., 2016). Table 5 compares the differences of annual and
seasonal mean values of rainfall erosivity calculated with
and without the snowmelt component (Equation 1 and 2) for
T A B L E 3 The seasonal relationship
between Rx5day and rainfall erosivity

R95

R99

Rnnmm

Rx1day

Rx5day

the three periods across the Alpine region. The snowmelt in
spring increases the rainfall erosivity in the Alpine area by
13.08% in the baseline period, 23.53% in the near future
period, but almost nil (less than 1%) impact in the far future.
On the annual basis, the snowmelt impact on mean annual
rainfall erosivity is minor due to the less observation particularly in winter, and the change is less than 3% in the baseline
and near future periods, and nil (or negative) impact in the
far future as snowmelt mostly occurs in spring and it has little impact on rainfall erosivity in other seasons.

Baseline (1990–2009)

Near future (2020–2039)

Far future (2060–2079)

Correlation

Rx1day

Rx5day

Rx1day

Rx5day

Rx1day

Rx5day

Summer

0.79

0.82

0.78

0.80

0.79

0.80

Autumn

0.73

0.77

0.70

0.75

0.67

0.72

Winter

0.80

0.80

0.78

0.80

0.76

0.78

Spring

0.79

0.79

0.78

0.77

0.76

0.76
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Correlation between rainfall erosivity (MJ mm ha−1 hr−1 year−1) predicted by Rx5day and those calculated from NARCliM and
BoM rainfall data

TABLE 4

NARCliM

BoM 1990–2009

RMSE

Ec

K–S

R

.82

29.04

0.82

0.03

Autumn

.76

16.05

0.76

Winter

.78

8.67

Spring

.80

11.64

ANN

.79

61.45

Rainfall erosivity

R

Summer

2

BoM 1961–2009

RMSE

Ec

K–S

R2

RMSE

Ec

K–S

.72

33.07

0.85

0.07

.73

32.89

0.85

0.07

0.04

.72

19.24

0.77

0.03

.72

19.30

0.76

0.03

0.78

0.02

.33

30.40

0.37

0.12

.34

29.99

0.37

0.12

0.79

0.02

.70

17.39

0.87

0.04

.71

16.95

0.88

0.03

0.79

0.03

.75

66.97

0.74

0.04

.76

65.55

0.75

0.04

a

2

Abbreviations: BoM, Bureau of Meteorology; NARCliM, NSW/ACT Regional Climate Modeling.
a
Level of significant alpha = 0.05, critical value = 0.04.

TABLE 5

Seasonala and annual rainfall erosivity (MJ mm ha−1 hr−1 year−1) with and without snowmelt adjustment, and their changes
Erosivity with snowmelt

Erosivity without snowmelt

Near
future

Far
future

Base
line

Near
future

326

376

383

346

205

178

270

188

Season

Base line

Summer
Autumn

Change %
Far
future

Base
line (%)

Near
future (%)

Far
future (%)

345

402

−5.78

8.99

−4.73

209

226

9.04

−14.83

19.47

Winter

168

162

170

192

189

206

−12.50

−14.29

−17.48

Spring

294

294

241

260

238

239

13.08

23.53

0.84

ANN

993

1,010

1,064

986

981

1,073

0.71

2.96

−0.84

a

Seasonal rainfall erosivity is the sum of 3 months amount for each season.

4.3 | Rainfall erosivity variations and changes
in the future
Figure 4 and Table 6 show the relative change (%) in rainfall
erosivity for the near future (2020–2039) and the far future
(2060–2079) relative to the baseline (1990–2009). The rainfall erosivity is projected to increase no more than 10% in the
majority of the study area, and approximately 20% for the far
future (Figure 4). In general, the annual rainfall erosivity in
the Alpine region is predicted to increase about 2.22% for the
near future and 8.31% increase for the far future (Table 6).
The changes are highly uneven ranging from 28.89% decrease
in winter in SET in the near future to about 64.27% increase
in autumn in MM in the far future compared to the baseline
period. The largest change occurs in autumn rather than summer in the far future period (Table 6).
From the results in Figure 4, the mean annual rainfall erosivity in ACT is estimated to be the highest in the baseline
period (1,133.38 MJ mm ha−1 hr−1 year−1), but in the near
and far future periods, SET will have more rainfall erosivity
than ACT (NF: 1,120.93 MJ mm ha−1 hr−1 year−1 and FF:
1,233.87 MJ mm ha−1 hr−1 year−1). MM is estimated to be
the area with higher erosivity change in the near future in summer and spring, and also projected with higher rainfall erosivity in the far future but still less than that from the Alpine in
summer (Table 6). The Tablelands area has greater seasonal

variation in near future (+10.57% in summer and −28.89% in
winter) but MM is projected has much more deviation to far
future (+64.27% in autumn and +19.44% in spring).
Summer is believed to be the season with highest rainfall
erosivity whilst winter always has the least across the study
area in all the three-time periods. Rainfall erosivity is projected to decrease in all three regions (MM, SET, and ACT) in
autumn and winter in the near future but expected to
increase in the far future, except for SET in winter (Table 6).
It is necessary to point out that rainfall erosivity derived
from the 12 NARCliM member ensembles vary significantly.
Compared with the results from the gridded daily rainfall data
(Yang et al., 2016) for the baseline period (1990–2009), the
percentage change of mean rainfall erosivity values from the
12 member ensembles range from −8.60 to 32.70%, with an
overall average change about 16% (Figure 5).

4.4 | Hillslope erosion risk and the changes in
the future
The hillslope erosion is projected to increase in the future with
great variation in seasons and locations. The high erosion risk
area is projected in ACT and SET in all periods. These
include some reserved areas close to Batemans Bay and wildness areas near Goobarragandra (Figure 6). It shows the
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F I G U R E 4 Changes of mean annual rainfall erosivity in the near future (2020–2039, a) and the far future (2060–2079, b) compared with the
baseline period (1990–2009). ACT, Australian Capital Territory [Colour figure can be viewed at wileyonlinelibrary.com]
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Mean annual and seasonal change (%) of rainfall erosivity values (MJ mm ha−1 hr−1 year−1) across the study area in the near future
(2020–2039) and the far future (2060–2079)

TABLE 6

Rainfall
erosivity change

Change in near future
MM

SET

Change in far future
ACT

Study area

Alpine

MM

SET

ACT

Study area

Alpine

Summer

26.04

10.57

2.45

20.79

18.43

18.22

18.16

−4.90

17.89

21.47

Autumn

−3.35

−2.39

−16.82

−3.23

−12.65

64.27

26.63

23.99

51.73

32.71

Winter

−11.37

−28.89

−9.12

−16.91

−6.27

30.23

−13.78

14.67

16.01

−0.07

Spring

16.72

3.55

6.05

12.38

1.53

19.44

10.39

−1.72

16.26

−15.27

ANN

13.00

3.22

−2.15

9.68

2.22

28.63

15.83

3.73

24.21

8.31

Abbreviations: ACT, Australian Capital Territory; MM, Murray Murrumbidgee; SET, South East and Tablelands.

projected hillslope erosion risk across the study area in the
baseline period, the same patterns also exhibit in the future
periods.
Table 7 presents further mean annual hillslope erosion in
the Alpine region, the surrounding state planning regions
(MM, SET, and ACT) and the entire study area (all areas) in
the baseline and future periods. ACT and the Alpine areas
have the higher mean annual erosion rate about 1.36 and
1.14 Mg ha−1 year−1, respectively, in the baseline period,
1.40 and 1.20 Mg ha−1 year−1 in the near future, and 1.54
and 1.30 Mg ha−1 year−1 in the far future period. However,
if the maximum erosion rates are considered, the highest
risk areas are estimated in SET where the erosion rate
reaches 19.95 Mg ha−1 year−1 in the baseline period,
17.33 Mg ha−1 year−1 in the near future, and
19.85 Mg ha−1 year−1 in the far future.
Table 8 summarizes the mean annual and seasonal
changes (%) of erosion rates (Mg ha−1 year−1) across the
study area for the near future (2020–2039) and the far future
(2060–2079). SET is likely to experience greater variation of
erosion change in the near future, when mean change is

+18.76% in summer and minimum is −23.69% in winter. In
the far future, more variation of erosion occurs in MM region
(+69.11% in autumn and +21.70% in spring). Summer is the
most vulnerable season with the highest increase in erosion in
the future periods compared to all other seasons.
Although our focus is on rainfall erosivity (or R factor) in
this study, other RUSLE factors need to be considered in estimating hillslope erosion. The conversation practice factor
defaults to 1 (P = 1). It is projected that ACT has high values
in K- and LS-factor (Figure 7), these factors along with the
adjusted rainfall erosivity factor as presented above, resulting
in the highest erosion rates in ACT. The Alpine region
(mountainous) has the highest LS-factor, but the K- and Cfactor are relatively low comparing to other subregions, the
combined effects result in the second highest erosion rate in
the Alpine region. In contrast, the K and C values are high in
MM region, but the corresponding hillslope erosion is projected very low since the area is flat and the LS values are very
small.

5 | DISCUSSIONS
5.1 | ERIs and their relationships with rainfall
erosivity

FIGURE 5

The 12 NARCliM model ensembles and the
variations in snow-melting predictions. NARCliM, NSW/ACT
Regional Climate Modeling [Colour figure can be viewed at
wileyonlinelibrary.com]

As it predicted by CSIRO and Bureau of Meteorology
(2016), Australia is likely to suffer more extreme and more
often rainfall events, and more extremely hot days and fewer
extremely cool days. Nearing et al. (2004) have revealed that
rainfall erosivity is the most important parameter that has the
direct effect of climate change on water erosion. More
importantly, hillslope erosion occurs mostly during a few
severe storm or extreme events (Zhu et al., 2019). Large and
erosive storms are even more variable than annual rainfall
totals. Trends and changes in erosive storms or rainfall
extremes are therefore much more important but also difficult to detect in comparison with rainfall totals.
The results showed that the magnitude of rainfall erosivity increased significantly due to climate change or rainfall
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F I G U R E 6 Predicted hillslope erosion risk in the baseline period (1990–2009), same patterns exist in the future periods. ACT, Australian
Capital Territory [Colour figure can be viewed at wileyonlinelibrary.com]

extremes, which agrees to recent studies by Lee, Lee, and
Julien (2018)). Both ERIs (Rx1day and Rx5day) have
slightly higher positive correlation with rainfall erosivity in
summer compared with other seasons, possibly due to
greater rainfall, and more importantly, higher intensity in
summer. On annual basis, the correlation between the mean
annual erosivity (from all 12 ensembles) and Rx5day is
stronger (R2 = .81) and higher than any other ERIs. Thus,
Rx5day was selected to predict the erosivity and seasonal
variation in this study. The results showed that there is
noticeable seasonal variation in the relationship between
T A B L E 7 Mean and maximum
annual erosion values (Mg ha−1 year−1)
across the study area in baseline
(1990–2009), near future (2020–2039),
and far future (2060–2079)

rainfall erosivity values projected by Rx5day and those
derived from NARCliM and BoM rainfall data. Spring and
autumn are likely to be more reliable than any other seasons
after statistical analysis (R2 > .70, Ec > 0.76), and the pvalue of paired T test (<.05) and also the K–S test statistics
(max difference < 0.04), which both demonstrated the two
samples come from the same distribution.
The ERIs reflected seasonal and annual rainfall amount,
more importantly, quantified the extreme rainfall events. ERIs
projections derived by NARCliM were applied to estimate
rainfall erosivity in my research as we construct the

Erosion
(mg ha−1 year−1)

Baseline
(1990–2009)

Near future
(2020–2039)

Far future
(2060–2079)

MAX

MEAN

MAX

MEAN

MAX

MEAN

MM

14.16

0.16

14.81

0.17

17.08

0.19

SET

19.95

0.79

17.33

0.83

19.85

0.92

ACT

10.54

1.36

10.32

1.40

11.56

1.54

Study area

19.95

0.37

17.33

0.40

19.85

0.44

Alpine

12.30

1.14

12.89

1.20

13.99

1.30

ZHU ET AL.

1224

Mean annual and seasonal changes (%) of erosion values (Mg ha−1 year−1) across the study area in the near future (2020–2039) and
the far future (2060–2079)

TABLE 8

Change in near future
Erosion change

MM

SET

Summer

27.72

18.76

Autumn

−3.30

Change in far future
ACT

All areas

Alpine

MM

SET

9.24

24.62

24.79

21.01

30.47

4.66

−11.73

−0.89

−7.81

69.11

ACT

All areas

Alpine

5.93

23.81

33.28

40.43

39.57

59.60

48.13

Winter

−9.45

−23.69

−3.60

−13.89

−2.10

35.43

−4.99

26.85

22.48

7.18

Spring

19.53

11.00

13.68

16.74

7.39

21.70

21.48

11.12

21.48

−6.34

ANN

15.74

10.95

4.55

14.07

7.91

31.31

27.87

15.56

30.00

18.16

Abbreviations: ACT, Australian Capital Territory; MM, Murray Murrumbidgee; SET, South East and Tablelands.

relationship between ERIs (Rx5day) and monthly rainfall erosivity, and potentially could applied to other areas as a reference especially to where missing the rainfall data in southeast
Australia.

5.2 | Impact of snowmelt on erosivity

12.0

0.05
C-Factor

0.05

K-Factor

LS-Factor
10.0

0.04
0.04

8.0

0.03
6.0

0.03
0.02

4.0

0.02
0.01

2.0

0.01
0.0

0.00
MM

SET

ACT

All areas

Alpine

Slope and steepness (LS) factor
(unitless)

C factor (unitless)
K factor (t ha hr ha–1 MJ–1 mm–1)

Rainfall intensity and its duration are two basic factors for
erosivity, nevertheless, Renard et al. (1997) suggested that
the associated snowmelt factor must be considered as well.
According to the original RUSLE procedure (Wischmeier
and Smith, 1978), it is suggested to adjust the snowmelt erosivity calculation by multiplying local melting season snow
depth by 1.5 and then adding the product to the kinetic
energy multiplying maximum 30-min intensity (EI30). However, this adjustment of the rainfall erosivity does not
account for redistribution of snow by drifting (Renard et al.,
1997; Meusburger et al., 2014) and neglect local surface features, thus is not applicable to this study.
Snowmelt amount (mm day−1) was estimated depending
on the average temperature and snow density at daily scale
and then adding the product to erosivity model (Equation 2)
in this study. Snowfall or rainfall on frozen soil does not
bring erosion (Toy et al., 2002). The results from Figure 5
represented a decrease (−14.83%) of erosivity in autumn for
the near future. One explanation probably because the

snowfall appears as early as autumn in case of climate
change, and subsequent snow cover will reduce the kinetic
energy of rainfall and slow the surface runoff velocity
(Hayhoe et al., 1995). RUSLE2 has been improved by
adding the impact of non-erodible cover from snow. It was
suggested to switch off the RUSLE2 model during the winter months for the snow cover period and turn it on after the
snowmelt has ended the top frozen soils (Foster
et al., 2003).
In contrast, the snowmelt on thawing soil is recognized
as having a highly significant impact on rainfall erosivity
and erosion (Ollesch et al., 2005), due to: effectively greater
surface runoff for the melt period; loss of soil aggregate stability and even more erodible due to these soil remains wet
and repeated freeze–thaw cycle. From our results, the snowmelt impact in spring will increase erosivity by 24%
(Table 5) in the Alpine area in the near future. However,
with predicted temperature rise and snow cover decreasing,
the snowmelt impact on erosivity and erosion is almost nil
(less than 1%) in the far future.
Snowmelt runoff indices that adjusted by Hayhoe et al.
(1995) is suited the winter cases as it considering the soil
erodibility (K-factor) with snow cover. Ollesch et al. (2006)
modelled snowmelt erosion and sediment yield by integrating
surface runoff model and soil erosion model (RUSLE). In
consequence, the empirical value of considering erosivity

FIGURE 7

The mean values of other
RUSLE factors (C, K, and LS) in the study
area and the subregions

ZHU ET AL.

caused by snowmelt was added to the standard monthly erosivity values to calculate effective monthly erosivity values,
especially for the melt period during spring months
(Equation 2).

5.3 | Rainfall erosivity and erosion variations
and changes in the future
Compared with the results estimated from BoM gridded
rainfall for the baseline period, the percentage change of
mean rainfall erosivity values from the 12 member ensembles range from −9 to 33%, with an overall average change
about 16% (Figure 5). The overall 16% overestimate of rainfall erosivity is due to the increase of the mean of annual
rainfall and also the intensity of daily rainfall. The NARCliM projected mean annual rainfall (525 mm year−1) is
overall increase (1.65%), compared with the BoM rainfall
(519 mm year−1) in the same period (1990–2009). To minimize the bias, average monthly rainfall and snowmelt runoff
erosivity were chose to use for spring seasons (September,
October, and November) from all the 12 ensembles in all
periods.
The results showed that M1 and M5 have less than 1%
variation compared to the BoM mean value. M3 and M12
have less than 2% variation compared to the result from
BoM data. Snowmelt and runoff erosivity is more meaningful to be presented by RCMs (SEM: 5.85 for baseline, 2.17
for near future, and 0.57 for far future) as they with less
SEM than GCMs (SEM: 8.72 for baseline, 11.07 for near
future, and 23.96 for far future). Agreed with the work of Ji
et al. (2016), RCM R2 (M2, M5, M8, and M11) is the most
in capturing rainfall variation and snowmelt impact when
compared with R1 and R3 (Figure 5).
The high erosion risk area is predicted to be in ACT,
followed by SET. The high erosion risk is due to the combined effects of steep lands and intense rainfall, as well as
snow melting. Outcomes from this study include time series
(monthly and annual) rainfall extreme indices and erosion
risk for the study area for all the 60-year periods including
the baseline, near future, and far future periods. These time
series maps are useful for locating the high erosion risk seasons and areas across the study area for climate change adaptation, land use planning, and development of cost-effective
erosion control practices.
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and the value of K–S test are larger than the correspond critical value (0.041), which demonstrated the two samples come
from the same distribution.
Impact of snowmelt on rainfall erosivity and erosion need
to be considered in the Alpine region in the baseline and
near future periods. The snowmelt in spring can increase the
erosivity by about 13–24% in the Alpine area. However,
with projected temperature rise and snow cover decreasing,
the snowmelt impact on erosivity and erosion can be ignored
in the far future.
The high erosion risk area is projected to be in ACT,
followed by the Alpine region if the mean erosion rates are
considered. The high erosion risk is due to the combined
effects of steep lands and intense rainfall, as well as snow
melting. The rainfall erosivity and hillslope erosion in the
Alpine region are projected to increase about 2 and 8% for the
near future (2020–2039), further increase to 8 and 18% for the
far future (2060–2079). This highlights the importance of
groundcover maintenance and soil management in these
regions. For the entire study area, rainfall erosivity and hillslope erosion are likely to increase about 10 and 14% in the
near future, about 24 and 30% in the far future on average
across the study area.
This research was the first attempt to use snow data and
precipitation projections to adjust erosivity model and the
cover factor in hillslope erosion modelling. The methodology has been developed and applied in the Alpine region,
with potential to be used elsewhere in the world.
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6 | CONCLUSI ON S
Extreme rainfall indices (e.g., Rx5day) have good relationship with rainfall erosivity in general, thus can be potentially
used to predict erosivity in hillslope erosion estimation.
Spring and autumn are likely to be more reliable than any
other seasons after statistical analysis (R2 > .70, Ec > 0.76),
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