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Abstract
Design floods are needed to design safe and adequate infrastructure such as bridges, levees and dams.
The estimation of design floods is generally performed by at-site flood frequency analysis (FFA) when
adequate historical streamflow data is available at the site of interest. The 3rd edition of Australian
Rainfall & Runoff (ARR) 1987 recommended the use of the log-Pearson type 3 (LP3) distribution to
estimate design floods for all Australian catchments including South West Western Australia. The 4th
edition of ARR no longer prescribes a particular probability distribution for FFA in Australia. In this
study six different probability distributions are used to assess which probability distribution could be
recommended when performing FFA for catchments located in South West Western Australia. The
distributions that are assessed in this study are: normal distribution, log-normal (LN) distribution,
LP3 distribution, generalised extreme value (GEV) distribution, extreme value type 1 (EV1)
distribution and generalized Pareto (GP) distribution. Use of the software package TUFLOW Flike,
recommended in the 4th edition of ARR, is made to fit the LN, LP3, GEV, EV1 & GP distributions,
while the R software package is used to fit the normal distribution. Goodness of fit testing is performed
to assist in the ranking of the various distributions for the selected catchments. From this study of the
six distributions on 103 catchments located in South West Western Australia we find that the GEV
distribution provides the best estimation of design floods from FFA. However, some catchments in
South West Western Australia do not follow the GEV distribution where other distribution should be
applied. This study highlights the difficulties in recommending a single probability distribution for
FFA in a given region.
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1. INTRODUCTION
Floods are one of the most devastating natural disasters which may cause significant damage to
property and crop, and loss of life. For example, 2010-11 Brisbane flood caused economic damage
over $10 billion and loss of over 30 human lives. Estimation of design flood is one of the most
researched topics in hydrology. One of the most effective methods of design flood estimation is
through the application of flood frequency analysis (FFA). Haddad & Rahman (2010) noted that FFA
is one of the most challenging topics in hydrology as there are many probability distributions and
parameter estimation methods to choose for a given application. FFA assumes that the observed flood
discharges can be described by a selected probability distribution (Merz & Thieken, 2009). The aim of
FFA is to estimate the flood discharge for a given annual exceedance probability (AEP) through the
application of a selected probability distribution to a given flood data set. A design flood is defined as
the peak flood discharge for an associated AEP (Caballero & Rahman, 2014). Wang (2015) noted that
FFA is one of the most efficient methods of design flood estimation when there is adequate flood data
available at the location of interest. Schendel & Thongwichian (2015) noted that estimated design
floods may not perfectly match the recorded flood data due to uncertainty introduced by short data
length and hence understanding of inherent uncertainty in FFA is important (Mirzaei et al., 2015; Yan
& Moradkhani, 2015).
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TUFLOW Flike is a software that has been specifically developed for FFA in Australia as a part of
ARR (Kuczera and Franks, 2016) and has been adopted in this study. Determination of the probability
distribution that best suits a given dataset is important so that informed decisions can be made as to the
most appropriate probability distribution to apply. This is commonly performed through the
application of goodness of fit (GoF) tests. A GoF test describes how well a probability distribution fits
a given flood dataset through analytical and graphical methods (Heo et al., 2013).

2.

STUDY AREA

This study focuses on South West (SW) of Western Australia (WA) located within Drainage Division
6 (BOM, 2012). The study area is presented in Figure 1. Drainage Division 6 has an area of
approximately 326,000 km2, which is bordered by the Indian Ocean to the West, the Great Australian
Bight to the South, the Pilbara-Gascoyne region to the North and the South-Western Plateau region to
the East. Drainage Division 6 is generally considered to have a flat topography, with a maximum
elevation of 1000 m above the mean sea level. Drainage Division 6 is generally found to be made up
of sandy soil and dune systems along the coastal regions. The climate of this region is considered to be
temperate with warm summers and cool winters. A total of 103 gauged catchments from SW WA are
used in this study. These data were collated as a part of ARR Revision ‘Project 5 Regional flood
methods’ (Rahman et al., 2016).

Figure 1 Drainage Division 6 in South West of Western Australia
3. SELECTION OF CANDIDATE PROBABILITY DISTRIBUTIONS
The principal aim of FFA is determination of the relationship between flood magnitude and the return
period (Cunnane, 1978; Cunnane, 1985). The probability distributions that are applied in this study are
as follows; normal (Norm), log-normal (LN), log-Pearson type 3 (LP3), generalised extreme value
(GEV), extreme value type 1 (EV1) and generalised Pareto (GP) distributions.
The non-parametric method (Bardsley, 1989) is also used in this study to visualise the goodness-of-fit
for a given distribution. Cunnane’s plotting position formula is used here, which can be described by:
T = (n+0.2)/(m-0.4)

(1)

where T is the return period in years, n is the sample size and m is the rank of the data.
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4. GOODNESS OF FIT TESTING
In this study, the Easyfit software is adopted to assess the goodness of fit (GoF). Three GoF tests are
built into this software; the Kolmogorov-Smirnov (KS) test, Anderson-Darling (AD) test and the Chisquared (Chi) test. All the three tests are applied to the AM flood data to select the best fit probability
distribution for each of the selected catchments.
The Kolmogorov-Smirnov (KS) test is based on the largest difference between the sample cumulative
distribution function and the hypothesized cumulative distribution function. The sample cumulative
distribution function is described as:
1

𝐹𝑛 (𝑥) = 𝑛 . (𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑜𝑏𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛 ≤ 𝑥)

(2)

where n is the sample size and x is a random sample of the dataset being assessed.
The AD test compares the fit of an observed cumulative distribution function to that of an expected
cumulative distribution function. This test gives more weight to the extreme data values. To perform
an AD test the Anderson-Darling statistic (A2) is determined as below:
1

𝐴2 = −𝑛 − 𝑛 ∑𝑛𝑖=1(2𝑖 − 1) ∙ [𝑙𝑛𝐹(𝑋𝑛 ) + (𝑙𝑛(1 − 𝐹(𝑋𝑛−1+𝑖 )))]

(3)

where n is the sample size and Xn is a sample from the dataset to be assessed.
The Chi-squared test is a simple method to determine if a sample comes from a population that
belongs to a specific distribution. This GoF test is performed on binned data, where binned data
divides the entire range of the dataset into specific intervals for analysis. Each of these bins must
contain a minimum of 5 data points for the Chi-squared test to be valid. After the data has been binned
the Chi-squared statistic (χ2) is determined by the following equation:
𝜒 2 = ∑𝑘𝑖=1

(𝑂𝑖 −𝐸𝑖 )2
𝐸𝑖

(4)

where Oi is the observed frequency for a bin i and Ei is the expected frequency for a bin i which is
calculated by:
𝐸𝑖 = 𝐹(𝑥2 ) − 𝐹(𝑥1 )
(5)
where F is the cumulative distribution function of the probability distribution being assessed and x1, x2
are the limits for bin i.
5. RESULTS AND DISCUSSION
Estimation of the AEP flood quantiles Q50, Q20, Q10, Q5, Q2 & Q1 for the 103 catchments located in
SW WA was performed using the R software package for normal distribution, and TUFLOW Flike,
for the log normal (LN), log-Pearson type 3 (LP3), generalised extreme value (GEV), extreme value
type 1 (EV1) & generalised pareto (GP) distributions. The Kolmogorov-Smirnov (KS), AndersonDarling (AD) and Chi-squared goodness of fit (GoF) tests were applied to each catchment to
determine the best fit distributions for each catchment. The probability distributions were then ranked
according to the GoF test results. On review of the GoF test results, it was decided to exclude the
results obtained from the Chi-squared test as it was inconsistent.
Ranking of the distributions based on the GoF test results was performed through the use of a
consistent ranking system. Liu (2011) describes that there are many ranking systems available but to
ensure consistency it is best to maintain one ranking system for a project. For this study, the
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competitive ranking system has been used for the ranking of the GoF test results. The competitive
ranking system ranks results numerically in descending order with ties in results being given the same
ranking but any results that follow these tied results receiving a skipped ranking value. For example, in
a ranking system of 5, 6, 6 and 7, the first result would receive a rank of 1, the next two results would
receive a rank of 2 and the final result would receive a rank of 4, skipping rank 3. This system has
been chosen due to its simplicity and that there are only 6 distributions for ranking. If more
distribution were to be used then a more in-depth ranking system may be required. For the ranking
scores found within this system a rank of 1 refers to the best fitting distribution result and a rank of 6
refers to the worst fitting distribution result.
The overall ranking for the six probability distributions for the 103 catchments is summarised in Table
1. From these rankings, it can be seen that the GEV provides the overall best choice of probability
distribution for FFA in the SW of WA. This is followed by the LP3, the LN, the GP, the EV1 and
normal distribution.

Distribution
GEV
LP3
LN
GP
EV1
Norm

Table 1. Overall ranking of probability distributions
Average Ranking
Number of Catchments to Achieve Rank 1
with Associated Distribution
1.7
63
2.4
33
3.1
7
3.71
16
3.73
9
5.3
1

From the results presented in Table 1 it can be seen that GEV is the best fit distribution for 63 out of
the 103 sites, i.e. for 61% of the sites. This finding is consistent with Vogel, McMahon & Chiew
(1993) who found (from their study of 7 catchments located in Drainage Division 6) that the GEV was
the best-fit distribution. In sub-region 2 (Albany coast) we find that the LP3 distribution performs the
best with a rank of 1 for the three sites, and GEV is ranked 2nd in this sub-region. Sub-regions 6
(Shannon River), 11 (Preston River) and 13 (Harvey River) have GEV as the rank 1 distribution. Subregions 6 and 11 have EV1 as the 2nd ranking distribution, and sub-region 13 has LP3 as the 2nd
ranking distribution. We can see from Table 1 that the GP distribution is the best fit distribution for 16
sites, and all of these are located along the South West coastline of Drainage Division 6. Only one site
shows normal distribution as the best-fit distribution, which is as expected as normal distribution is
generally a poor descriptor of annual maximum flood data.
6. CONCLUSION
A study of the selection of the best fit probability distributions for flood frequency analysis is
performed for South West of Western Australia (Drainage Division 6). For this study, the observed
annual maximum (AM) streamflow data are analysed through the use of the R software and Tuflow
FLIKE to estimate flood quantiles. A total of six probability distributions are examined: normal
(Norm), log-normal (LN), log-pearson type 3 (LP3), generalised extreme value (GEV), extreme value
type 1 (EV1) and generalised Pareto (GP) distributions. The Kolmogorov-Smirnov (KS) and
Anderson-Darling (AD) goodness of fit (GoF) tests are applied at each of the study catchments to
assess the goodness of fit of the selected distributions. It is found that the GEV distribution provides
the best outcome where 63 out of the 103 sites, i.e. for 61% of the sites have GEV as the best-fit
distribution. The second best performer is the LP3 distribution, which is the best-fit distribution for 33
sites (i.e. for 32% of the sites). The results of this study should be used with caution as there are 39%
of the catchments where GEV is not the best choice in South West of Western Australia and hence an
alternative distribution like LP3 may provide more accurate design flood estimates.
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