
Citation: Hossain, I.; Imteaz, M.;

Gato-Trinidad, S.; Yilmaz, A.G.

Comparison of Future Design Rainfall

with Current Design Rainfall: A Case

Study in New South Wales, Australia.

Atmosphere 2024, 15, 739. https://

doi.org/10.3390/atmos15070739

Academic Editor: Dae Il Jeong

Received: 2 June 2024

Revised: 19 June 2024

Accepted: 20 June 2024

Published: 21 June 2024

Copyright: © 2024 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

atmosphere

Article

Comparison of Future Design Rainfall with Current Design
Rainfall: A Case Study in New South Wales, Australia
Iqbal Hossain 1,* , Monzur Imteaz 1 , Shirley Gato-Trinidad 1 and Abdullah Gokhan Yilmaz 2

1 Department of Civil and Construction Engineering, Swinburne University of Technology,
Hawthorn 3122, Australia; mimteaz@swin.edu.au (M.I.); sgatotrinidad@swin.edu.au (S.G.-T.)

2 Department of Engineering, La Trobe University, Melbourne 3086, Australia; g.yilmaz@latrobe.edu.au
* Correspondence: ihossain@swin.edu.au

Abstract: Climate change impacts have the potential to alter the design rainfall estimates around the
world. Decreasing trends in the summer and winter rainfall in New South Wales (NSW), Australia
have already been observed due to climate variability and change. The derivation of design rainfall
from historical rainfall, which is required for the design of stormwater management infrastructure,
may be ineffective and costly. It is essential to consider climate change impacts in estimating
design rainfall for the successful design of stormwater management infrastructure. In this study,
the probability of the occurrence of daily extreme rainfall has been assessed under climate change
conditions. The assessment was performed using data from 29 meteorological stations in NSW,
Australia. For the evaluation of future design rainfall, the probability of the occurrence of extreme
rainfall for different recurrence intervals was developed from daily extreme rainfall for the periods of
2020 to 2099 and compared with the current Australian Bureau of Meteorology (BoM) design rainfall
estimates. The historical mean extreme rainfall across NSW varied from 37.71 mm to 147.3 mm,
indicating the topographic and climatic influences on extreme rainfall. The outcomes of the study
suggested that the future design rainfall will be significantly different from the current BoM estimates
for most of the studied stations. The comparison of the results showed that future rainfall in NSW
will change from −4.7% to +60% for a 100-year recurrence interval. However, for a 2-year recurrence
interval, the potential design rainfall change varies from an approximately 8% increase to a 40%
decrease. This study revealed that the currently designed stormwater management infrastructure
will be idle in the changing climate.

Keywords: climate change; design rainfall; extreme rainfall; probability of occurrence; drought

1. Introduction

It is widely accepted that the design rainfall, which is employed for the design of
stormwater management infrastructure, is tremendously influenced by climate change. The
influence of global climate change on the changing intensity, frequency, and duration of ex-
treme rainfall, including the hydrologic cycle, has been reported by many researchers [1–4].
Climate change is expected to have profound impacts on natural phenomena, e.g., increased
floods, erosions, landslides, and health impacts [5]. Damage to property, including loss
of life, is significantly impacted by these increased natural hazards [6,7]. Therefore, it is
essentially important to have a proper understanding of the influence of climate change on
design rainfall, which is conventionally used to design flood mitigation structures.

Design rainfalls are traditionally determined from the intensity–frequency–duration
(IFD) curve or table. IFD, which is also called intensity–duration–frequency (IDF), usually
determines the relationship between extreme rainfall intensity, frequency, and duration.
The conventional IDF curve is derived on the basis of historical extreme rainfall data under
the stationarity assumption. The IDF curve is used to characterize drought by a few re-
searchers [8]. However, rainfall is considered a complex atmospheric global phenomenon,
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and it has the potential to change over time due to changes in the atmospheric compo-
nents [9]. As a result, the IDF relationship will change over time due to climate change
and variability. Consequently, the adequacy of stormwater management infrastructure,
which is constructed to reduce flood effects, will be significantly impacted by the changes
in design rainfall [10–13].

Historical annual extreme rainfall is typically used to characterize the future extreme
rainfall for different recurrence intervals under the assumption of stationarity [2]. As
climate change has profound impacts on the frequency, duration, and magnitude of extreme
rainfall, the stationary assumption has the potential to misinterpret future conditions [14].
Kourtis and Tsihrintzis [15] and Fowler et al. [16] also noted that stormwater management
infrastructure designed based on historical extreme rainfall will be inadequate to convey
the excessive runoff caused by climate change. Consequently, urban drainage systems may
fail posing threats to infrastructure and properties including the environment [17]. Recent
trends in extreme rainfall in Australia suggested the fact that there will be changes in future
extreme rainfall [18–20].

In addition to climate change impacts on rainfall (and design rainfall), Australian
rainfall is extremely manipulated by several climate drivers including El-Nino Southern
Oscillation (ENSO), Indian Ocean Dipole (IOD), and Southern Annual Mode (SAM) [21–24].
Due to the natural variability and changes in the large-scale climatic modes from excessive
greenhouse gas emissions, rainfall in the southeast area of Australia has decreased over the
last 20 years [25]. In most parts of NSW, there has been a 12% reduction in rainfall since the
late 1990s. Although the intensity of short-duration extreme rainfall increased in the north,
the drivers of heavy rainfall declined in the south [25]. As a result, declined streamflow has
been observed in three quarters of the gauge stations in NSW since 1975. Winter and spring
rainfall, including surface runoff and streamflow, is projected to decrease significantly
in most parts of NSW due to climate change [26]. Therefore, traditional approaches to
drainage design systems impose additional capital and maintenance costs [27].

The influence of climate change impacts on design rainfall has been examined in
many parts of the world. For example, Martel et al. [28] found that there will be increased
extreme rainfall all over the world. Bibi and Tekesa [9] and Bulti et al. [11] investigated
the influences of climate change on the IDF curve development in Ethiopia and observed
that urban flooding will increase due to climate change. In the same region, Meresa
et al. [29] showed that there is potential to increase streamflow by 50% due to climate
change. Climate change has the capability to influence design rainfall in the USA by up
to 300% [10]. Hajani [30] demonstrated that a non-stationary analysis of climate change
has better potential to derive the IDF in NSW, Australia. Yazdanfar and Sharma [27] and
Hajani [30] recognized the importance of considering climate change influences in design
rainfall estimation for drainage design.

In Australia, the national guideline of the Australian Bureau of Meteorology (BoM)
provides design rainfalls to design flood mitigation structures. However, climate change
impacts on design rainfall estimation have not been implemented yet [31]. Therefore,
stormwater management infrastructure designed considering the historical rainfall has the
potential to be inefficient, under/over-designed, and uncertain. A few researchers have
attempted to develop design rainfall from the projected data in Australia. For example,
ref. [32] developed derived rainfall using the projected rainfall and found 9% to 41%
increase in the future design rainfall. A decrease in frequent flooding for the projected
rainfall was observed by Wasko et al. [33]. Nevertheless, the alteration of design rainfall
and its estimation due to climate change remains challenging.

The main aim of this research is to identify the impacts of climate change on the
probability of the occurrence of extreme rainfall for different recurrence intervals in NSW,
Australia. More specifically, the estimation of design rainfalls from the projected extreme
rainfall data and their comparison with the current Australian standard is the prime focus
of this study. This paper has the potential to contribute to a better understanding of climate
change’s influence on design rainfalls, which are essential for the design and construction
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of new stormwater infrastructure, and the management of existing infrastructure. An
improved understanding of climate change impacts on design rainfall has the potential
to reduce flood risks and economic losses. This study helps to strengthen the current
knowledge regarding the derivation of design rainfall and the future re-development of
the IDF table/curve incorporating climate change impacts.

2. Study Area

This study is conducted in NSW, Australia. The NSW state is located on the eastern
coast of Australia, facing the southwesterly seas of the Pacific Ocean. The GPS coordinates
of NSW are 31◦50′24.388′′ S and 145◦36′46.0548′′ E. The southern, western, and northern
parts of the state are surrounded by land masses, whereas the eastern part of the state over-
looks the Sea of Tasmania and the Coral Sea. The state is about 810,000 square kilometers,
consisting of residential, industrial, and commercial areas including green and open spaces.
The topographic elevation of the state ranges from 1000 m to 2229 m.

The recorded minimum temperature of the state was observed as −23 ◦C in winter
(June), whilst the recorded extreme temperature was noted as 49.7 ◦C in summer (Decem-
ber). The average maximum and minimum annual rainfall in NSW were between 150 mm
and 500 mm, respectively. The highest recorded daily rainfall was observed at 415.2 mm
for the study period (1900–2019).

Rainfall Data

Two sets of daily rainfall data (historical rainfall data and future project rainfall data)
were collected and applied to fulfill the objectives of this research. Historical daily rainfall
data from 1900 to 2019 from 29 meteorological stations were obtained from the SILO
database (https://www.longpaddock.qld.gov.au/silo/, accessed on 1 August 2020). The
SILO obtains data from the Australian BoM, which is the executive agency of the Australian
government and provides weather service nationwide. A missing value in the SILO data is
automatically filled using the interpolation technique. Table 1 shows the list of the rainfall
stations used in this study.

Table 1. Locations of the selected stations used in this study.

Station No Station Name Latitude Longitude Elevation Mean Extreme Standard Deviation

48027 Cobar MO 31.48 145.83 260 42.65 19.1
48031 Collarenebri (Albert St) 29.54 148.58 145 63.83 37.67
49002 Balranald (Rsl) 34.64 143.56 61 38.36 16.35
50031 Peak Hill Post Office 32.72 148.19 285 56.64 22.94
50052 Condobolin Ag Research Stn 33.07 147.23 195 43.20 17.94
51049 Trangie Research Station AWS 31.99 147.95 215 51.12 25.20
52020 Mungindi Post Office 28.98 148.99 160 61.04 25.67
54003 Barraba (Clifton Lane) 30.38 150.61 499 61.79 26.39
55049 Quirindi Post Office 31.51 150.68 390 57.61 18.53
56018 Inverell Research Centre 29.78 151.08 664 60.43 20.64
56032 Tenterfield (Federation Park) 29.05 152.02 838 66.41 26.66
58158 Murwillumbah (Bray Park) 28.34 153.38 8 147.3 67.68
60085 Yarras (Mount Seaview) 31.39 152.25 155 120.5 55.19
61288 Lostock Dam 32.33 151.46 200 69.78 33.47
63005 Bathurst Agricultural Station 33.43 149.56 713 49.09 17.62
64008 Coonabarabran (Showgrounds) 31.28 149.28 520 71.08 27.33
68192 Camden Airport AWS 34.04 150.69 74 78.30 36.94
69132 Braidwood Racecourse AWS 35.43 149.78 665 70.05 29.15
70005 Bombala (Therry Street) 36.91 149.24 705 61.69 30.10
70263 Goulburn TAFE 34.75 149.7 670 57.94 24.11
70278 Cooma Visitors Centre 36.23 149.12 778 48.34 18.94
71041 Thredbo Village 36.5 148.3 1380 72.78 26.38
72043 Tumbarumba Post Office 35.78 148.01 645 57.35 19.77

https://www.longpaddock.qld.gov.au/silo/


Atmosphere 2024, 15, 739 4 of 16

Table 1. Cont.

Station No Station Name Latitude Longitude Elevation Mean Extreme Standard Deviation

72150 Wagga Wagga AMO 35.16 147.46 212 44.27 17.70
73007 Burrinjuck Dam 35 148.6 390 61.42 27.89
73014 Grenfell (Manganese Rd) 33.89 148.15 390 53.10 18.73
74106 Tocumwal Airport 35.82 145.6 114 42.14 17.33
75032 Hillston Airport 33.49 145.52 122 43.15 19.85
75041 Griffith Airport AWS 34.25 146.07 134 37.71 19.95

Table 1 shows that the average extreme rainfall across NSW varies from 37.71 mm
to 147.3 mm. The geography and climatic pattern of the state have the potential to have
a much higher variation in extreme rainfall. The standard deviation of extreme rainfall
fluctuates from 16.35 to 67.68, indicating that extreme rainfall varies significantly across the
state, as shown in Table 1.

These stations, which have recorded long-term historical data and are well-spread
across the state, were selected for the analysis. The spatial distribution of the selected
stations is shown in Figure 1.
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The evaluation of climate change impacts on the designed rainfall depends on the
accuracy of the climate model [34,35]. Three criteria (availability of long-term projected data,
spatially fine resolution of projected data, and authenticity of modeling outcomes applying
statistical techniques) are suggested by Smith et al. [36] in the selection of the Global Climate
Model (GCM). Future (projected) daily rainfall data for this research were obtained from the
NSW climate data portal (https://climatedata-beta.environment.nsw.gov.au/, accessed on
1 August 2020). The projected data in the portal apply to the NSW and Australian Regional
Climate Modeling (NARCLiM) projections [37]. NARCLiM is the NSW government-
led project for generating detailed climate projections, where internationally recognized
techniques are adopted. Although many governments and research organizations provide
data for climate projections derived from the GCM, only a few of them are easily accessible
and tailored to support regional decision-making. NARCliM is one of the sources of climate
projections that provide the most comprehensive and reliable data reliable southeastern
Australia, including NSW. Since the projection of the NARCLiM follows the international
best practice process for downscaling future data, precipitation data from NARCLiM was
collected and applied in this research.

Although NARCliM is capable of generating climatic projection outputs from four
separate GCM outputs, bias-corrected daily data from CSIRO ACCESS 3.0 were used in
this research. It is worth noting that NARCliM adopts the dynamic downscaling method
to generate high-resolution climatic projections. This process helps in capturing regional
climatic attributes more precisely and supports the evaluation of localized climate impacts.
The spatial resolution of the data set was 10 km.

3. Methods

The probability of the occurrence of daily extreme rainfall for different recurrence
intervals has been evaluated in this research. To fulfill the objectives of this research, daily
extreme rainfall for the period of 2020 to 2099 is used to derive the daily design rainfall for
different recurrence intervals and compared with the current Australian BoM estimates.
The overall process applied in this research involves (i) processing the observed rainfall
data, (ii) processing the projected rainfall data, (iii) a frequency analysis of the extreme
rainfall data, and (iv) a comparison of the outcomes with the current guideline. A graphical
representation of the methodological framework is shown in Figure 2.

Project rainfall data obtained from NARCliM are limited to daily time steps. Therefore,
it is required to derive the extreme rainfall from the daily time-series data sets. There
are two frequently applied techniques (block maxima approach and peak over threshold
or POT approach) to extract the extreme value [2,38]. In hydrological applications, the
most common technique for extreme data extraction is the block maxima approach, where
the maximum value over a period (usually one year) is obtained. On the other hand, all
maximum values over a threshold are obtained in the POT approach. The selection of an
appropriate threshold value is the most challenging task in the POT technique. Furthermore,
too low a threshold violates the assumption of independency in the data sets, and too high
a threshold leads the data sets to have high variance, which has the potential to increase
uncertainty [39]. Due to the simplicity and common application in hydrology, the block
maxima approach has been adopted in this research to obtain extreme rainfall data sets. In
this research, the duration of a calendar year is considered as the block length. The extreme
rainfall from the daily records is extracted from each block for further analysis. The extreme
is obtained from both the historical and projected rainfall separately.

The probability of the occurrence of severe events is conventionally determined by
applying a frequency analysis. To depict the entire spatial and temporal pattern of extreme
events, only one or two statistical distributions is not sufficient. Therefore, numerous distri-
butions are examined by hydrologists in different parts of the world [40]. Although there
are different theoretical distributions to fit the extreme data series, the generalized extreme
value distribution (GEVD) is the most applied technique in rainfall frequency analysis [2,41].
The GEVD is the collective of three statistical distributions that are commonly applied for

https://climatedata-beta.environment.nsw.gov.au/
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flood hazard analysis. Rainfall IDF curves/tables are generally used for determining the
design rainfall for different recurrence intervals using the GEVD. In this study, the GEVD
is adopted for estimating the rainfall depth for standard recurrence intervals.
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The GEVD is fitted to the extreme data sets extracted from historical (1900 to 2019)
and projected (2020 to 2099) extreme rainfall in NSW, Australia. The three parameters of
the GEVD can be expressed according to the probability density function, as shown in
Equation (1):

f (x) = exp

{
−
[

1 + ξ

(
y − µ

σ

)− 1
ξ

]}
(1)

where
{

y : 1 + ξ
(

y−µ
σ

)
> 0

}
, µ, σ, and ξ are defined as the location, scale, and shape

parameters, respectively, for the GEVD.
The estimation of the GEVD parameters can be determined by applying numerous

techniques. However, the L-moments method is the recommended approach in determin-
ing the hydrological extremes [42–45]. Therefore, the L-moments method is adopted in
this study.

RT =

{
µ̂ − σ̂

ξ̂
×

[
1 − (−log(1 − p))ξ̂

]
f or ξ̂ ̸= 0

µ̂ − σ̂ × log(−log(1 − p)) f or ξ̂ = 0
(2)

where RT is the rainfall depth for a T-year return period, and T = 1/p, where p is the
non-exceedance probability.

The performance of the analysis is assessed and compared with the Australian Rainfall
and Runoff (ARR), which is the national guideline to select design rainfall in Australia. The
graphical comparison and percentage change in the daily design rainfall from the ARR are
reviewed for the standard recurrence intervals. The evaluation is performed for each of the
meteorological locations.
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4. Results and Discussion

The main objective of this research was the evaluation of climate change influences on
design rainfalls. To achieve the main aim, statistics of extreme rainfall were determined
for historical and projected extreme rainfalls. Table 2 shows the statistics of the extreme
rainfall for the selected stations in NSW, Australia.

In comparing with the historical extreme rainfall, the GCM underestimates the extreme
rainfall for most of the meteorological stations, as shown in Table 2. For some stations,
the variation is much higher. As such, the observed extreme rainfall at station #60085 is
415.20 mm; however, the projected rainfall for the same station was obtained as 240.75 mm,
as evidenced in Table 2. This argument is valid for the majority of the meteorological
stations in NSW. The outcomes of this study oppose the claim made by Feng et al. [46], who
discovered that global daily extreme precipitation will increase by 50%. However, their
study adopted extreme rainfall from the CMPI6 model. The overall accuracy of extreme
data sets was tested by using the coefficient of variation (CV). It is apparent from Table 2
that the CV for the extreme data of projected rainfall is lower than that of the historical
extreme rainfall for most of the chosen stations. Therefore, the variability of the extreme
data from the mean values is relatively low for the projected rainfall. This may be one of
the reasons for having a lower extreme value for the projected rainfall.

Table 2. Climate change effects on the statistics of extreme rainfall.

Station No
1900–2019 1920–2099

Maximum Mean Standard Deviation CV Maximum Mean Standard Deviation CV

48027 113.20 42.65 19.10 0.45 130.81 61.29 25.72 0.42
48031 312.00 63.83 37.67 0.59 119.12 66.64 24.45 0.37
49002 93.30 38.36 16.35 0.43 38.04 24.38 6.36 0.26
50031 133.90 56.64 22.94 0.41 73.28 51.42 13.14 0.26
50052 127.20 43.20 17.94 0.42 81.06 46.12 14.53 0.32
51049 226.80 51.12 25.20 0.49 102.73 62.72 14.68 0.23
52020 208.00 61.04 25.67 0.42 154.79 63.46 32.72 0.52
54003 194.30 61.79 26.39 0.43 109.27 62.16 23.39 0.38
55049 136.70 57.61 18.53 0.32 125.91 63.22 23.65 0.37
56018 140.00 60.43 20.64 0.34 112.23 64.67 19.50 0.30
56032 190.60 66.41 26.66 0.40 98.44 57.55 19.91 0.35
58158 338.60 147.33 67.68 0.46 162.90 85.49 24.71 0.29
60085 415.20 120.53 55.19 0.46 240.75 104.76 41.81 0.40
61288 184.10 69.78 33.47 0.48 172.26 85.89 32.82 0.38
63005 108.70 49.09 17.62 0.36 73.73 49.28 11.47 0.23
64008 167.60 71.08 27.33 0.38 89.97 64.20 14.02 0.22
68192 198.70 78.30 36.94 0.47 117.78 65.45 23.27 0.36
69132 201.00 70.05 29.15 0.42 131.78 69.26 27.12 0.39
70005 249.40 61.69 30.10 0.49 105.24 49.19 23.25 0.47
70263 148.20 57.94 24.11 0.42 74.99 47.28 12.51 0.26
70278 107.20 48.34 18.94 0.39 124.61 46.71 23.86 0.51
71041 165.50 72.78 26.38 0.36 104.06 56.86 17.22 0.30
72043 164.60 57.35 19.77 0.34 90.84 61.33 15.67 0.26
72150 110.80 44.27 17.70 0.40 68.07 43.34 12.49 0.29
73007 162.50 61.42 27.89 0.45 88.98 58.82 17.60 0.30
73014 110.70 53.10 18.73 0.35 101.72 55.64 16.95 0.30
74106 117.70 42.14 17.33 0.41 75.92 35.83 14.49 0.40
75032 123.00 43.15 19.85 0.46 105.71 38.47 19.64 0.51
75041 149.80 37.71 19.95 0.53 57.09 37.59 10.63 0.28

Table 3 shows the three linear moments of the extreme data sets. As shown in the table,
the variances of the extreme data sets are too high, indicating higher variability of both
historical and projected extreme rainfall. The skewness of the extreme data sets shows that
the distribution of data is not symmetrical; rather, they are highly skewed. Obviously, the
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distributions of the data are more peaked than the normal distribution, as demonstrated by
the high kurtosis values both for the historical and projected extreme rainfall.

Table 3. Three linear moments of the extreme data sets.

Station No
1900–2019 1920–2099

Variance Skewness Kurtosis Variance Skewness Kurtosis

48027 364.92 1.42 5.41 526.35 0.93 3.86
48031 1418.67 3.25 18.62 648.1 1 4.53
49002 267.32 0.98 3.87 98.9 1.43 6.49
50031 526.35 1.1 4.03 280.57 0.73 3.48
50052 321.87 1.3 6.46 207.82 0.6 3.19
51049 635.05 3.34 21.57 422.48 0.77 3.67
52020 658.74 1.95 10.83 642.36 1.11 4.33
54003 696.22 2.22 9.58 583.52 2.48 11.7
55049 343.48 1.06 4.86 540.21 1.13 4.2
56018 425.94 1.24 5.07 370.46 0.83 3.52
56032 710.83 1.45 6.15 273.49 0.7 3.09
58158 4580.39 0.84 3.2 903.31 1.22 5
60085 3046.05 1.71 8.61 991.33 1.94 9
61288 1119.96 1.17 3.99 729.13 1.05 3.84
63005 310.47 1.16 4.34 140.62 0.68 3.07
64008 746.88 1.2 4.39 588.87 1.24 5.52
68192 1364.79 1.17 4 564.59 0.82 3.36
69132 849.61 1.68 7.63 1276.26 1.6 5.84
70005 905.76 3.07 17.24 356.22 0.73 3.27
70263 581.05 1.44 5.25 277.17 1.01 4.15
70278 358.64 0.86 3.23 311.08 1.43 6.23
71041 695.65 1.13 4.31 250.01 0.94 4.33
72043 391.01 1.91 10.01 280.97 0.86 3.68
72150 313.18 1.52 5.48 244.19 1.21 4.12
73007 777.64 1.91 6.98 191.53 1.07 5.42
73014 350.95 0.73 3.15 375.76 1.54 6.42
74106 300.47 1.42 6.15 175.95 1.02 4.29
75032 394.08 1.6 6.48 261.18 1.84 8.31
75041 398.14 2.89 14.52 254.04 0.98 4.54

The derivation of design rainfall using the GEVD requires the identification of its three
parameters (location, scale, and shape). The Australian BoM also adopted this technique
for the estimation of the GEVD parameters for design rainfall investigation. Accordingly,
the L-moments parameter estimation technique has been applied in this research. Table 4
shows the estimated GEVD parameters for the selected stations.

As shown in Table 4, the shape parameter of the GEVD is either zero or positive
for the historical rainfall. This indicates that historical extreme rainfall follows either the
Fréchet (when the shape parameter is positive) distribution or the Gumbel (when the shape
parameter is zero) distribution. A similar observation is found for the projected rainfall.
However, the negative shape parameter is found for four stations, where the GEVD is the
Weibull type. However, there is no consistency to follow the distribution type between the
historical and projected extreme rainfall. For example, Station #48027 follows the Fréchet
type distribution for the historical data, whereas it follows the Gumbel distribution for
the projected rainfall, as evidenced in Table 4. This variation may arise from the potential
climate change variables used in the projected rainfall estimation.
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Table 4. Climate change effects on the GEV parameter estimation.

Station #
1900 to 2019 2020 to 2099

Location Scale Shape Location Scale Shape

48027 33.6 12.9 0.1 46.5 18.2 0.0
48031 48.0 18.4 0.2 52.7 20.1 0.0
49002 30.9 12.6 0.0 21.3 7.3 0.0
50031 45.7 16.2 0.1 44.6 14.1 −0.1
50052 35.2 13.9 0.0 38.2 12.3 −0.1
51049 40.6 14.2 0.1 55.9 11.5 0.0
52020 49.6 18.1 0.1 47.0 18.3 0.1
54003 50.1 15.6 0.1 49.9 13.3 0.2
55049 49.3 14.6 0.0 55.1 16.7 0.1
56018 51.1 15.4 0.0 55.3 15.6 0.0
56032 53.4 17.3 0.2 46.3 13.9 −0.1
58158 116.0 52.1 0.0 72.6 22.9 0.0
60065 94.4 36.7 0.1 75.8 20.6 0.1
61288 52.6 21.0 0.2 67.0 19.8 0.1
63005 41.0 13.0 0.0 41.9 9.9 0.0
64008 57.8 18.6 0.1 65.8 18.7 0.0
68192 60.1 24.4 0.2 53.3 19.1 0.0
69132 57.0 20.5 0.1 50.0 20.4 0.2
70005 48.9 16.7 0.2 41.7 15.7 0.0
70263 46.3 15.3 0.2 40.7 12.7 0.0
70278 39.2 13.9 0.1 38.6 12.3 0.1
71041 60.5 19.2 0.1 51.8 13.0 0.0
72043 48.8 14.4 0.0 57.0 13.6 0.0
72150 35.8 11.1 0.2 38.4 10.6 0.1
73007 48.5 15.9 0.2 45.1 11.3 −0.1
73014 44.6 15.1 0.0 41.3 13.0 0.1
74106 34.2 12.5 0.1 32.1 10.2 0.0
75032 34.0 13.4 0.1 33.1 10.9 0.1
75041 28.9 10.0 0.2 36.8 12.9 0.0

A comparison of the return level estimations between the projected and historical
extremes is presented in Table 5. The evaluation is performed for 2-year, 5-year, 10-year,
20-year, 50-year, and 100-year return periods for 24 h-duration rainfall depths. Obviously,
the design rainfall increases with the increased return periods. For example, the 2-year
design rainfall for station #50031 is 51.9 mm, whereas the 100-year design rainfall for the
same station is 137.1 mm. However, the magnitude of the design rainfall for a particular
recurrence interval varies across NSW. Nevertheless, there are significant variations in the
design rainfall developed using the historical rainfall (1900–2019) and projected rainfall
(2020–2099), as evidenced in Table 5. As such, the 100-year design rainfall for station #48027
is 110.3 mm when developed using the historical rainfall. For the same rainfall station, the
design rainfall is 131.0 mm when derived using the projected rainfall. The 100-year design
rainfall derived from the historical rainfall ranges from 91.1 mm to 371.4 mm. For the same
return period, the design rainfall estimated from the projected rainfall is between 58.1 mm
and 217.7 mm.

The probability of the occurrence of the design rainfall based on the projected rainfall
is lower than that of the historical rainfall for most of the stations. For some meteorological
stations, a significant difference is discovered between the design rainfalls derived from
the projected rainfall and historical rainfall. Differences in the climatic parameters between
historical and projected rainfall formulation have profound impacts to produce such
variation. In addition, spatial location, proximity to mountains or the ocean, atmospheric
circulation, prevailing wind direction, topographic and orographic effects, urbanization, etc.
have the potential to influence extreme rainfall significantly. The estimation of the design
rainfall in this research from historical data does not consider the future climate change
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scenarios. Emission scenarios and the associated climate change impacts are considered in
determining the projected rainfall.

Table 5. Climate change effects on the return level estimation.

Station #
1900 to 2019 2020 to 2099

2 Years 5 Years 10 Years 20 Years 50 Years 100 Years 2 Years 5 Years 10 Years 20 Years 50 Years 100 Years

48027 38.5 54.9 66.8 79.0 96.3 110.3 53.2 73.9 87.6 100.9 118.1 131.0
48031 53.5 78.7 100.9 127.7 172.4 215.4 60.1 82.8 97.8 112.2 130.8 144.7
49002 35.5 50.1 59.8 69.3 81.7 91.1 24.0 32.6 38.5 44.3 52.1 58.1
50031 51.9 72.1 86.5 101.1 121.1 137.1 49.7 64.9 74.5 83.3 94.2 102.1
50052 40.5 56.2 66.4 75.9 88.0 96.8 42.6 55.8 64.0 71.6 80.9 87.5
51049 45.1 63.3 78.0 94.5 120.0 142.7 60.1 73.3 82.3 91.0 102.5 111.3
52020 56.3 77.9 92.9 107.8 127.9 143.6 53.8 76.2 92.3 108.6 131.2 149.4
54003 55.1 75.2 91.5 109.7 137.8 162.8 54.9 73.2 87.9 104.2 129.4 151.6
55049 54.4 70.9 81.9 92.5 106.4 116.9 61.3 81.6 96.1 110.7 130.8 146.9
56018 56.5 74.5 87.0 99.3 116.0 128.9 61.0 78.5 89.9 100.8 114.7 125.0
56032 60.3 83.1 100.1 117.9 143.6 164.8 51.3 66.4 75.9 84.6 95.5 103.4
58158 135.1 196.3 237.7 277.9 331.0 371.4 81.0 107.2 124.6 141.5 163.4 180.0
60065 109.2 156.2 189.9 224.3 272.0 310.3 83.5 109.4 128.4 148.1 176.1 199.0
61288 61.7 90.8 112.6 135.8 169.5 197.8 74.4 98.5 115.6 132.9 156.7 175.6
63005 45.5 60.9 71.8 82.8 97.8 109.7 45.5 56.3 63.3 69.7 77.8 83.7
64008 65.4 89.3 106.3 123.7 147.8 167.1 72.7 93.9 108.0 121.6 139.2 152.5
68192 69.7 101.8 125.7 150.7 186.6 216.3 60.3 81.9 96.1 109.8 127.5 140.7
69132 64.3 88.8 106.3 123.9 148.3 167.7 57.8 86.6 110.3 137.2 179.5 217.7
70005 54.7 76.7 94.1 113.4 142.6 168.2 47.4 64.6 75.6 85.8 98.7 108.0
70263 52.0 72.2 87.8 104.6 129.4 150.6 45.4 60.1 70.0 79.7 92.5 102.3
70278 44.8 61.9 73.7 85.2 100.7 112.6 43.2 58.5 69.6 81.0 96.9 109.9
71041 67.4 90.6 107.0 123.6 146.3 164.4 56.5 70.7 79.7 88.0 98.5 106.1
72043 53.8 70.2 81.5 92.9 108.3 120.2 62.0 77.1 86.9 96.2 108.0 116.8
72150 39.9 54.6 65.9 78.3 96.6 112.4 42.4 55.9 66.0 76.6 91.8 104.4
73007 53.9 75.3 93.0 113.3 145.3 174.4 49.2 61.3 68.9 75.9 84.5 90.6
73014 50.2 67.3 78.4 88.7 101.8 111.4 46.1 62.5 74.6 87.2 105.2 119.9
74106 38.9 53.9 64.2 74.5 88.2 98.9 35.9 47.6 55.5 63.1 73.1 80.7
75032 39.0 55.7 67.8 80.3 97.9 112.1 37.2 50.6 60.4 70.4 84.5 95.9
75041 32.5 46.7 58.6 72.4 94.4 114.7 41.5 55.9 65.2 73.9 85.0 93.2

The outcomes of this study are aligned with the existing literature where the projected
rainfall from the GCM produces different rainfall depths and intensities [47,48]. However,
higher rainfall depths and intensities were also observed by Simonovic and Peck [49] from
the extreme value of projected rainfall compared with the historical data. Therefore, climate
change impacts significantly influence design rainfall, which is the essential element for
the design of stormwater management infrastructure. Consequently, these impacts should
be considered in the derivation of design rainfall in NSW. The difference in the data length
may be attributed to the variation between the historical and projected rainfall [40,43,44].
In this research, historical data are collected for 119 years, whereas the projected rainfall
data are collected for 80 years.

A graphical representation of the investigation of climate change impacts on design
rainfall is shown in Figure 3. The comparison is illustrated between the design rainfall ex-
tracted from the Australian BoM and the design rainfall prepared from the extreme rainfall
of the projected data for the same stations. It is worth noting that the Australian BoM does
not include climate change impacts in the estimation of design rainfall. As demonstrated in
Figure 3, the daily design rainfall will decrease due to potential climate change in NSW
for the selected nine meteorological stations in three different regions (northeast, central,
and southeast). Other stations also exhibit a similar trend. It is obvious that climate change
influence has significant impacts on the design rainfall in NSW, and future daily design
rainfall will decrease due to potential climate change impacts. Furthermore, there is a high
variation in the magnitude of the high-recurrence intervals and a low variation for the
low-recurrence intervals, as shown in Figure 3. These outcomes are consistent with the
results observed by Meresa et al. [29].



Atmosphere 2024, 15, 739 11 of 16

Atmosphere 2024, 15, x FOR PEER REVIEW 12 of 17 
 

 

 

Figure 3. Comparison of the design rainfall between ARR and projected rainfall for nine meteorological stations ((a–c) are in the northeastern region, (d–f) are in 
the central region, and (g–i) are in the southeast region). 

 

Figure 3. Comparison of the design rainfall between ARR and projected rainfall for nine meteorological stations ((a–c) are in the northeastern region, (d–f) are in the
central region, and (g–i) are in the southeast region).



Atmosphere 2024, 15, 739 12 of 16

The percentage changes in the daily design rainfall due to climate change in NSW
are shown in Table 6. These changes are estimated considering the design rainfall in the
Australian BoM as the base. As discussed, the comparisons show that the probability of the
occurrence of future extreme rainfall in NSW will decrease in most of the regions for most
of the recurrence intervals. As shown in Table 6, the daily design rainfall will decrease for
27 out of the 29 meteorological stations for the 100-year recurrence interval. The decrease
amount ranges from 4% to 60.8% due to potential changes in the climatic parameters in
NSW. The two stations where an increase in the future daily design rainfall is observed
ranges from 0.6% to 4.7%, as evidenced in Table 6. Similar outcomes are observed for
all other recurrence intervals. However, other parts of the world have the potential to
have different outcomes due to topographic and climatic variability. For example, Yang
et al. [50] observed increased extreme rainfall in summer and a −15.38% to +32.33% change
in extreme rainfall in winter in Germany. This research acknowledges the impacts of global
warming on the spatial and temporal variability of extreme rainfall.

Table 6. Changes in the percentage of daily design rainfall from the ARR design rainfall due to
climate change in NSW.

Station # 2 Years 5 Years 10 Years 20 Years 50 Years 100 Years

48027 8.1% 5.1% 2.9% 0.9% −3.2% −5.7%
48031 −5.4% −9.8% −14.2% −18.1% −24.0% −27.7%
49002 −40.1% −43.0% −44.0% −44.7% −45.4% −45.7%
50031 −14.5% −17.1% −18.9% −20.7% −24.0% −26.0%
50052 −15.1% −20.2% −23.3% −26.2% −30.3% −33.2%
51049 4.8% −8.9% −15.9% −21.5% −28.3% −33.0%
52020 −16.6% −17.8% −18.4% −19.0% −21.0% −22.6%
54003 −13.7% −14.0% −13.0% −10.9% −7.6% −4.0%
55049 −5.3% −4.1% −3.0% −2.0% −0.1% 0.6%
56018 −12.3% −13.0% −13.5% −14.6% −16.9% −18.3%
56032 −26.4% −29.4% −32.3% −34.9% −38.8% −41.9%
58158 −47.7% −53.2% −55.8% −57.8% −59.6% −60.8%
60065 −29.8% −33.3% −34.5% −35.0% −35.3% −35.0%
61288 −13.1% −15.8% −17.5% −18.0% −20.1% −21.6%
63005 −13.7% −19.2% −22.3% −25.0% −28.6% −31.4%
64008 −4.5% −8.8% −12.2% −15.0% −18.1% −20.6%
68192 −20.4% −24.2% −27.2% −30.1% −32.2% −33.6%
69132 −25.8% −19.8% −14.5% −9.7% −1.9% 4.7%
70005 −33.6% −35.4% −37.5% −40.0% −43.0% −45.2%
70263 −21.4% −23.7% −25.6% −27.5% −29.9% −31.8%
70278 −15.6% −16.3% −16.5% −16.5% −17.2% −17.4%
71041 −37.5% −40.1% −41.9% −43.2% −45.9% −47.5%
72043 0.6% −2.4% −4.4% −5.7% −8.4% −10.2%
72150 −16.6% −17.7% −17.4% −16.7% −15.0% −13.7%
73007 −16.1% −22.4% −27.1% −31.6% −36.5% −40.0%
73014 −18.1% −17.3% −15.8% −13.7% −10.1% −7.7%
74106 −20.7% −24.4% −26.4% −28.2% −30.4% −31.7%
75032 −19.7% −20.5% −19.9% −18.8% −18.0% −16.6%
75041 −3.4% −5.5% −7.7% −10.2% −13.0% −15.3%

It should be noted that the derivation of design rainfall in the Australian BoM applies
regional smoothing to the outputs from the GEVD. This research considers the application
of the GEVD to the projected rainfall without considering regional smoothing. However,
there will not be much variation from the output of this research after the application of
regional smoothing, as observed by Hossain et al. [42]. Therefore, potential climate change
impacts should be incorporated into the derivation of design rainfall in the Australian BoM.
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The findings of this study suggest decreased extreme rainfall in NSW and hence
decreased flood potentiality from climate change consequences. It is common practice to
design stormwater management infrastructure from design rainfall developed from histori-
cal extreme rainfall. This hypothesis seems to be invalid under climate change conditions
due to probable shifts in the frequency and magnitude of extreme rainfall. Moreover, the
uncertainty of current stormwater management will be increased for the future design
rainfall attained from projected rainfall. Nevertheless, contradictory consequences were
discovered in other parts of the world. Some researchers [51–53] noted higher severity
and risks of flood from climate-change-induced extreme rainfall. The probable cause of
the conflicting observations may be the changes in the characteristics of the climatic vari-
ables. Apparently, the outcomes of this research are compatible with the research outcomes
obtained from similar topographic locations [54]. Consequently, regional investigation
into the influences of climate change impacts on design rainfall is crucial for the effective
design of stormwater management infrastructure. Risks and uncertainty surrounding
inadequate drainage systems can be addressed by the findings of this research. As the
currently adopted design rainfall is overestimated, this study has the potential to enhance
the current state of knowledge in the cost-effective design of stormwater management
infrastructure.

5. Conclusions and Recommendations

The investigation into climate change impacts on design rainfall in NSW, Australia
has been demonstrated in this research. Projected rainfall (2020 to 2099) from the GCM
(CSIRO BOM ACCESS 3.0) and historical rainfall (1900 to 2019) were evaluated to determine
the probability of the occurrence of the design rainfall for different recurrence intervals.
To identify the variation in the design rainfall estimated from the projected data, the
computed design rainfall was compared with the standard design rainfall obtained from
the Australian BoM. The following are the major conclusions from this study:

• Future extreme rainfall will be significantly impacted by climate change in most parts of
NSW; nevertheless, this change has different impacts on different recurrence intervals.

• The future design rainfall will be decreased in most of the locations in NSW, indicating
the potential for drought with the changing climate.

• The probability of the occurrence of an increase in the future design rainfall is 4.7%,
whereas the probability of a decrease in the design rainfall is up to 60% for the 100-year
recurrence interval. This changing rate varies amongst the recurrence intervals. How-
ever, the design rainfall will decrease for most of the meteorological stations in NSW.

• Stormwater management infrastructure that is designed from historical extreme rain-
fall will lead to over-design or under-design, leading to uncertainty in flood mitigation.
Global climate model and return periods have considerable influence on the extent of
this uncertainty.

Further analysis is required to have a better understanding of climate change impacts
on flood risks and the associated stormwater infrastructure design in NSW. The current
procedure adopted by the Australian BoM for the derivation of design rainfall should be
revised to include potential climate changes impacts. It should be noted that this study
concentrates on the analysis of daily extreme rainfall. Further investigation of climate
change impacts should be conducted on sub-daily rainfall for an improved understanding
of the influences.
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