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Abstract: This study performs a simultaneous evaluation of gradual and abrupt changes in Australian
annual maximum (AM) flood data using a modified Mann–Kendall and Pettitt change-point detection
test. The results show that AM flood data in eastern Australia is dominated by downward trends.
Depending on the significance level and study period under consideration, about 8% to 33% of stations
are characterised by significant trends, where over 85% of detected significant trends are downward.
Furthermore, the change-point analysis shows that the percentages of stations experiencing one
abrupt change in the mean or in the direction of the trend are in the range of 8% to 33%, of which over
50% occurred in 1991, with a mode in 1995. Prominent resemblance between the monotonic trend
and change-point analysis results is also noticed, in which a negative shift in the mean is observed at
catchments that exhibited downward trends, and a positive shift in the mean is observed in the case
of upward trends. Trend analysis of the segmented AM flood series based on their corresponding
date indicates an absence of a significant trend, which may be attributed to the false detection of
trends when the AM flood data are characterised by a shift in its mean.

Keywords: climate change; trend detection; Mann–Kendall test; Pettitt change-point test; annual
maximum flood

1. Introduction

Extreme meteorological and hydrological events, in particular floods, have been and continue
to be a natural disturbance regime of significant importance in terms of their influence on society,
environment and economic activities [1]. Several major flood events have occurred throughout the
world in recent years, and the perception is that extreme storms and floods have increased in terms
of both intensity and frequency [2–5]. In light of climate change and natural climate variability, the
severity and frequency of these extreme hydrological events and their associated damages are projected
to increase significantly in future [6–9]. In addition, the current flood risk estimation techniques need
to be revised to accommodate the non-stationarity encountered in the natural processes reported by
various studies [10–15]. Changes in floods may be attributed to a range of different contributors,
including natural changes in atmospheric forcings, catchment management and land-use changes
(e.g., urbanisation, deforestation, regulations and storage) which can affect the translation of rainfall to
runoff [6]. In addition, global warming which induces changes in atmospheric composition and in
turn accelerated hydrological cycles can also be another potential contributor to the non-stationary
behaviour of hydro-climatic variables [16].

Various studies have investigated changes in hydro-climatic variables across Australia.
For instance, Plummer et al. [17], Smith et al. [18], Griffiths et al. [19], Gallant et al. [20], Alexander et
al. [21], Pook et al. [22], Cai and Cowan [23], Taschetto and England [24], Alexander and Arblaster [25],
Johnson and Sharma [26] and Laz et al. [27] (among many others) investigated trends in Australian
rainfall and temperature data, and the common findings being that the northwest has experienced
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an increase in rainfall over the last 50 years, while much of eastern Australia and the far southwest
have experienced a decrease. Changes in river flow are also evaluated. Chiew and McMahon [28]
examined trends in annual streamflow of 30 unregulated Australian rivers to identify whether changes
in streamflow are related to changes in climate. They did not find evidence of changes in streamflow
resulting from climate change. Franks and Kuczera [12], Kiem et al. [29] and Micevski et al. [30]
stratified the flood data from New South Wales according to the Interdecadal Pacific Ocean (IPO)
phases, and they found that the post-1945 20-year flood exceeds the pre-1945 20-year flood for most of
the analysed catchments. Pui et al. [31] found that the change in the annual maximum (AM) flood
with change in IPO phase was mainly due to different antecedent wetness conditions preceding the
AM rainfall event, while the AM rain was relatively stationary. Murphy and Timbal [32] reported
that Victoria in south-east Australia has experienced extremely low streamflow since the mid-1990s.
Cai and Cowan [33] have shown that the decrease in annual and/or seasonal streamflow totals in many
locations of south-east Australia is not fully explained by the observed decrease in annual and/or
seasonal rainfall totals. Stratification of Victorian streamflow according to multiple large-scale climate
drivers, and antecedent catchment conditions, provides significantly different streamflow distributions
according to Kiem and Verdon-Kidd [34]. Ishak et al. [9,35,36] investigated trends in AM flood data
at 491 catchments using the Mann–Kendall test with consideration of the serial and inter-station
correlation covering the whole of Australia as one study domain. Moreover, Ishak and Rahman [37]
using monthly maximum, peak-over-threshold (POT) and AM flood data for 131 catchments in Victoria,
Australia, found a resemblance in the results among these flow variables.

Detection of trends in hydro-climatic variables has also been the subject of numerous studies
across the world [38–40]. Investigating a subset of Canadian low flows, Khaliq et al. [41] reported both
increasing and decreasing trends in different parts of the country. Ehsanzadeh et al. [42] found that
winter low flows are increasing in eastern Canada and southern British Columbia, whereas they are
decreasing in western Canada; summer low flows are increasing in central Canada, southern British
Columbia and Newfoundland, whereas they are decreasing in Yukon and northern British Columbia
and also in eastern Ontario and Quebec. Novotny and Stefan [43] investigated the streamflow records
from 36 gauging stations in five major river basins of Minnesota, USA for trend and correlations
using the Mann–Kendall test and moving average method. The authors found that trends differed
significantly from one river basin to another and became more prominent for shorter time windows.
Furthermore, no sites were found to exhibit significant long-term trends when Villarini et al. [44]
assessed the daily flow records from 55 monitoring stations in Europe. Kundzewicz et al. [45]
investigated trends in annual maximum river flows using a worldwide data set of 195 flow records
and found no evidence of increased maximum flows.

In all aforementioned studies in Australia, changes in hydrologic variables were performed under
a monotonic trend or abrupt change assumption independently. This is mainly due to the fact that the
current statistical trend tests cannot accommodate both assumptions, gradual and abrupt changes in
mean or in the direction of trends, concurrently. Moreover, most of the previous studies on trends
in Australian streamflow data emphasised on linking the identified changes to the inter-annual to
inter-decadal climate variability (shifts to phase changes in climatic patterns) for a particular region of
Australia without considering the impact of the flood data dependency (serially and spatially) on the
trend outcomes. Exceptions are the investigations undertaken by [35,36]. A study solely of monotonic
trends in a time series without considering the abrupt shifts in mean or change in direction of trends can
produce deceptive outcomes if the time series is truly characterised by such behaviours [42]. The trend
analysis results can only be meaningful only after identifying the abrupt shift and, in turn, partitioning
the sample data to subsets with different trend behaviour. No work has so far been done in Australia,
which takes into account abrupt changes in trend detection and performing trend analysis on the
segments of flood records discriminated by possible change-points considering Australia as one study
domain. This work thus extends the investigation by Ishak et al. [35,36] whom only examined the
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monotonic trends in the Australian AM flood data. The findings of this study will contribute towards
the growing body of knowledge on the nature of changes in Australian flood data.

2. Study Area and Data

For this study, the whole Australian continent has been selected as one study domain. Australia is
the largest island continent in the southern hemisphere with wide range of climatic zones including the
temperate regions in the south, through the arid expanses of the interior, to the tropical and equatorial
regions of the north. As a consequence, the Australian climate experiences a high degree of spatial
and temporal variability in relation to rainfall, temperature, streamflow and other hydro-climatic
characteristics [46,47]. Generally, its central part (which covers about 75% of the continent) is arid to
semi-arid, the northern part is hot and humid, and the southern part is dominated by winter rainfall.
The average annual rainfall is below 600 mm over 80% of the continent, and below 300 mm over 50%,
making it the world’s second driest continent [48]. Furthermore, the Australian climate is characterised
by high inter-annual rainfall variability, which is linked to a variety of processes, mostly tropical in
origin. These phenomena are known as the El Niño Southern Oscillation in the Pacific Ocean and
Indian Ocean Dipole.

The AM flood data series used in this investigation have been prepared as part of the revision of
the regional flood estimation methods in Australian Rainfall and Runoff [49]. This dataset represents
the most comprehensive quality-controlled flood dataset (in terms of temporal and spatial coverage)
that is currently available in Australia. These data have been subject to necessary quality control.
After screening the AM time series and based on the quality and record length of the sample data,
491 stations, which were used in Ishak et al. [35,45], were also selected for this study. These catchments
represent a wide range of geomorphology and topography (elevation ranging from 6 m to 1754 m) over
the continental scale (e.g., mountainous in the eastern and south-eastern parts of the continent, with
flat terrain in western New South Wales and northern Victoria, with braided rivers in the Northern
Territory and Northern Queensland, and with very old geology in north-western Western Australia [50]).
In terms of land use, the selected catchments are predominantly forested in the south-eastern part,
while the catchments in the northern part have little dense forest. Further information on these data
can be found in [1,51].

The AM flood record lengths of the selected stations are in the range of 30 years to 97 years with an
average value of 38 years and a median value of 34 years. Some 73% of the stations have record lengths
in the range 30–40 years, 18% of the stations in the range 40–50 years and only 9% of the stations greater
than 50 years. The AM flood data values in this study are expressed in cubic meters per second (cms).
The catchment areas range from 1.3 to 4360 km2 with a median value of 280 km2 and a mean value of
374 km2. Some 57 catchments (12%) are in the range of 1.3 to 50 km2, 49 catchments (10%) are in the
range of 50 to 100 km2, 265 catchments (54%) are in the range of 101 to 500 km2, 106 catchments (22%)
are in the range of 501 to 1000 km2, and 15 catchments (3%) are greater than 1000 km2. The geographical
distribution of these stations is presented in Figure 1, which shows that most of the selected catchments
are located near the coastlines which have the highest population density in Australia. The inland of
Australia has relatively sparse geographical coverage of recording stations with good quality data and
hence only a few stations have been selected from this part of Australia.

As the emphasis of this study is on identifying changes in streamflow data, a longer record length
over different study periods is necessary to ensure derived conclusions regarding identified changes
are meaningful. Hence, three separate study periods including 1955–2004 (50-year period), 1965–2004
(40-year period) and 1975–2004 (30-year period) were considered in the detection of changes in the AM
flood data series. A total of 330, 77 and 21 stations were available for the 30-, 40- and 50-year study
periods, respectively. The selected stations had continuous AM flood records over the entire length of
the study period. These study periods were selected based on a trade-off between the total number of
stations available and their record lengths.
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Figure 1. Geographical distribution of the selected 491 stations from all over Australia.

3. Methodology

3.1. Mann–Kendall Test

The most frequently used non-parametric test for identifying monotonic trends in hydro-meteorological
time series is the Mann–Kendall (MK) test [52–54], which is a rank-based distribution-free method for
identifying when trends are significant. The main reason for using non-parametric statistical tests is
that compared to parametric statistical tests, the non-parametric ones are more robust for non-normally
distributed data and censored data, which are frequently encountered in hydro-meteorological time
series. This test has been adopted by a number of studies [35–38,43,55–57].

3.2. Adaptation of Mann–Kendall Test to Account for Serial Correlation

The adoption of the MK test has the advantage of being as powerful as regression-based tests in
many cases, but it is not affected by outliers in the data [58]. While the test does not require the data to
follow a normal distribution, the MK test does require serial independence of the data. The occurrence
of the serial correlation in AM flood data can complicate the inference, as for example a positive serial
correlation can enhance the estimated number of false positive outcomes from the MK test [59,60].
Therefore, it was important to adapt the MK test in order to take into consideration the impact of
serial correlation in the AM flood data when assessing the significance of trends at local scales (αL)
as failure to do so can result in erroneous conclusions [20]. Several approaches have been suggested
to account for the impact of serial correlations on trend identification tests; one of the most widely
used is the variance correction (VC) approach. The general theory behind the VC approach is that n
serially correlated observations contain the same information as n* (<n) uncorrelated observations
(i.e., effective sample size (ESS)). Using the Monte Carlo simulation technique, Yue and Wang [61]
assessed the ability of ESS to lessen the impact of serial correlation on the MK test. The authors found
that if ESS is estimated from a de-trended time series, this can effectually reduce the influence of serial
correlation on the MK test. Otherwise, if ESS is computed from sample data, which is characterised by
a trend, ESS cannot properly eliminate the impact of serial correlation on the MK test. The proposed
approach by Yue and Wang [61] was adopted in this study to evaluate the significance of a trend in a
serially correlated AM flood data series using the following procedure:
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(1) The slope of trend of the AM flood data series is predicted using the non-parametric Sen’s
estimator of slope procedures developed by Sen (1968) [52]:

β = median
(Xk −X j

k− j

)
(1)

where j < k and β is the estimated slope of the trend.
(2) Assuming that the existing trend in AM flood data is monotonic and the data are detrended using

the following expression:
X′t = Xt − Tt = Xt − βt. (2)

(3) Then the MK test variance is computed using the following equation:

Var(S)∗ =
n
n∗

Var(S) = CFVar(S) (3)

where n* is the ESS and CF is the correction faction to account for serial correlation. The ESS (n*)
is computed as:

n∗ =
n

1 + 2
n

n−1∑
k=1

(n− 1)ρk

(4)

where ρk is the lag-k serial correlation coefficient of the AM flood data. The correction factor is,
hence, estimated as:

CF =


1 + 2

n

n−1∑
k=1

(n− k)ρk f or k > 1

1 + 2
ρn+1

1 −nρ2
1+(n−1)ρ1

n(ρ1−1)2 f or k = 1
. (5)

The modified standard MK statistic can then be defined as:

Z∗ =
Z
√

CF
. (6)

3.3. Pettitt Test for Change-Point Detection

The Pettitt change-point approach developed by Pettitt [62] is commonly applied to detect a single
change-point in a hydrological series or climate series with continuous data. In this study, the Pettitt
change-point test was adopted to identify the presence and timing of non-stationarity in the form of an
abrupt shift in the mean of the AM flood data series over time. The test is a non-parametric rank-based
distribution-free test making it more robust in the presence of outliers and skewed data [43,62]. The test
allows for detection of the time “t” at which a possible shift in a time series may occur, by determining
if the two means estimated for both subseries, before and after “t”, are statistically different. The null
hypothesis of the Pettitt test states that no abrupt shift exists in the time series at time “t” and thus
both means of the subseries are consistent. The alternative hypothesis is that change-points exists at
time “t”, in which t = 1, . . . , n as all possible subdivisions of the time series are measured, since t is
unknown herein. The Pettitt test statistic is computed as:

Di j =


+1 (Xi −X j) > 0
0 i f (Xi −X j) = 0
−1 (Xi −X j) < 0

(7)

where Xi and Xj represent the magnitude of the AM flood data series at time i and j respectively, and
Xi precedes Xj in time. To evaluate the test over the entire study period (T) these D statistics are jointed
together as follows:
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Ut,T =
t∑

i=1

T∑
j=t+1

Di j. (8)

Similar to the Mann–Whitney U test the statistic Ut,T measures if the two samples X1, . . . , Xt and
Xt+1, . . . , XT are coming from the same population. The test statistic Ut,T is appraised for all possible
values of t ranging from 1 to T. The following statistic is used to identify the time t (year) which is
presumably used to represent an abrupt shift in the time series:

KT = max
1≤t<T

∣∣∣Ut,T
∣∣∣. (9)

If KT is significantly different from zero, then a change-point occurs in the year t equivalent to the
point in time for which the absolute value of Ut,T is acquired. The significance of the test is assessed
using the Monte Carlo resampling procedure to compute the corresponding p-values.

4. Results

4.1. Trend Analysis under Monotonic Assumption

The results of trend analysis are summarised in Table 1. Columns (1)–(3) of this table present
the total number of tested stations as well as the number of general (irrespective to statistical
significance) upward and downward trends for the three study periods. Note that the difference
between the summation of numbers presented in columns (2) and (3) and that of total number of tested
stations (column (1)) reflects the number of stations with no trends. A comparison of the number of
stations characterised by decreasing trends (column (2)) with those characterised by increasing trends
(column (3)) shows that regardless of the study period, the majority of the selected stations experienced
downward trends during the specific observation period. For instance, the percentage of stations with
negative trends varies from 67% to 78% while the percentage of stations with positive trends varies
from 20% to 32%. A high variability in the trend results is notably seen in Figure 2 that displays the
modified MK Zs statistics for the selected 77 stations for the 40-year study period. The overall trend
results showed that the selected Australian stations were dominated by a negative trend in the AM
flood data series with at least 67% (50-year study period) and at most 78% (30-year study period) of
stations showing a negative trend.

Table 1. Results of trend analysis for different significance levels considering three study periods of
annual maximum (AM) flood data.

Study
Period

General Trends
Significant Trends

5% Significance Level 10% Significance Level

Total Negative Positive Total Negative Positive Total Negative Positive

(1) (2) (3) (4) (5) (6) (7) (8) (9)

30-year 330 258 66 37 34 3 71 64 7
40-year 77 52 25 6 6 0 16 15 1
50-year 21 14 6 7 6 1 7 6 1

The proportion of stations showing significant trends varies between 11% to 22% for the 30-year
study period, 8% to 21% for the 40-year study period and 33% for the 50-year study period depending
on the significance level under consideration as shown in Table 1 (columns (4) and (7)). Regardless
of the study period, there was a remarkable dominance in significant downward trends for the AM
flood data series, as shown in Table 1 (columns (5) and (8)) at both 5% and 10% significance levels.
This domination of downward trends was slightly stronger for the 30-year and 50-year study periods
compared to 40-year period. Furthermore, the percentage of stations with significant downward
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trends was higher than the number expected to have occurred by chance at the significance levels
of 5% and 10%, respectively. For instance, considering the 30-year study period, 64 stations out of
330 (19%) showed a significant downward trend. This was greater than 33 stations which would be
expected to exhibit a trend by chance at the 10% significance level. On the other hand, and despite the
significance level under assessment, the number of stations showing statistically significant upward
trends varies between 1% to 5%, as shown in Table 1 (columns (6) and (9)). These percentages of
stations with significant upward trends were considered to be statistically insignificant as they were
smaller than the likely number to occur by chance at the considered significance levels. Therefore,
it is prominent that the percentages of stations exhibiting significant downward trends exceeded what
would be expected due to random variability regardless of the significance levels under consideration
for the three study periods, and thus the results do imply that trends found in the AM flood data series,
and more precisely that the Australian AM flood data series, are dominated by a downward trend.
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4.2. Change-Point Analysis

The Pettitt change-point test was used in this investigation to identify the presence and timing of
non-stationarity in the form of an abrupt shift in the mean of the AM flood data over the three study
periods. Regardless of the study periods under consideration, the Pettitt change-point analysis results
show a significant negative shift in the mean of the magnitude of the AM flood data at both significance
levels of 5% and 10%. For instance, 66 stations experienced a significant negative shift while 8 stations
exhibited a significant positive shift at significance level of 10% for the 30-year study period. Similarly,
for the 40-year study period, 12 of the shifts are negative and two are positive; and for the 50-year
study period, 6 stations exhibited a significant negative shift and one catchment a positive shift.

Taking into consideration the year in which these abrupt shifts in the mean occurred, the sites
with significant change-points were categorised into six groups as presented in Table 2. The selection
of these time interval periods was established from the review of the results found in the literature.
For instance, previous studies have identified a rainfall deficiency in the mid 80s and 90s [20,32,63,64].
As illustrated in Figure 3, sites exhibiting significant change-points in the mean flood magnitude tended
to be scattered along the coastlines along the continent, although sites in close proximity often showed
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shifts around the same time period. The timing of these abrupt shifts is particularly critical when
investigating the possible causes of non-stationarity in the AM flood data, whether anthropogenic
or due to natural climate variability. Table 3 outlines the number of stations showing significant
change-points in each considered time interval. These results were consistent with the literature of
the abovementioned studies. Namely, the highest number of sites with change-points occurred in the
period from 1991 to 1995 followed by the period from 1996 to 2000.

Table 2. Number of stations exhibiting change-points within the selected time intervals as identified by
the Pettitt test.

Number of Sites with Change-Point

Study Period 1970–1975 1976–1980 1981–1985 1986–1990 1991–1995 1996–2000

30-year - - 5 6 42 21
40-year 2 2 1 2 7 -
50-year 1 4 - - 2 -
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Table 3. Number of stations exhibiting non-stationarity in the form of trends and change-points, along
with the number of stations which show simultaneously trends and abrupt shifts and the remaining
number of stations exhibiting either trends or change-points at the 10% significance level.

Study Period Trend (1) Change-Point (2) Common (3) Remaining
Only Trend (4)

Remaining Only
Change-Point (5)

At the Significance Level of 5%

30-year 37 42 25 12 16
40-year 6 6 3 3 3
50-year 7 7 6 - 1

At the Significance Level of 10%

30-year 71 74 43 28 31
40-year 16 14 11 5 3
50-year 7 7 7 - -
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5. Spatial Distribution of Observed Trends

Owing to similarity of obtained results for the different selected study periods and for the sake
of brevity, only the spatial patterns of observed trends across Australia of the 30-year study period
are discussed here. The spatial distribution of identified significant monotonic trends is presented
in Figure 4 that provides some information on the location of AM flood data series characterised
by upward and downward trends. In this figure, the stations that exhibited significant upward and
downward trends at the relevant significance level are represented by upright and inverted triangles,
respectively, and the stations showing no trend are represented by the crossed yellow circles. Similarly,
Figure 3 shows the locations of the stations for which change-points were detected and the direction
of the associated shift in the mean for the 30-year study period. The parenthesised values within
both figures’ legends corresponded to the number of sites illustrated for their relevant categories.
For instance, at the significance level of 5%, 36 stations experienced a significant negative shift and
6 stations exhibited a significant positive shift for the 30-year study period. Prominent from Figures 3
and 4 is the correspondence in the distribution of the stations with significant downward trends
and significant negative shifts along the eastern coast, the south-eastern and south-western regions
across Australia. The upward trend and positive shift were more visible in the north-western region
of the country. Similar distribution was also observed for the 40-year and 50-year study periods.
Similar findings are also reported in [35,45].Water 2019, 11, x FOR PEER REVIEW 10 of 15 
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the 30-year study period. Upright (inverted) triangles represent stations with a significant increasing
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6. Discussion

The change-point analysis results are comparable to the trend results for the majority of the
examined stations where a significant gradual trend was identified as displayed in Table 3. In the
manner that a negative shift in the mean was observed at stations that exhibited a downward trend
and a positive shift in the mean was observed in the case of an upward trend as demonstrated in
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Figure 5. Columns (1) and (2) of Table 3 present a comparison between the total number of stations that
exhibit a significant trend and change-point; while the number of stations that are common between
both tests is presented in column (3). For instance, of the 42 (74) stations (column (2)) recognised to
have a change-point, 25 (43) stations (column (3)) also presented a significant trend over the entire
30-year study period of record at the significance level of 5% (10%). Similar outcomes were obtained
for the 40-year study period, whilst for the 50-year study period the same stations identified to
have a significant trend experienced an abrupt shift in the mean of the AM flood data (column (3)).
This harmony in detecting change results between the two tests may arguably claim that the presence
of an abrupt shift in the mean of AM flood data could have impacted the results of the trend test,
and lead to spurious conclusions [41].
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Accordingly, for those stations shown in Table 3 (column (3)) presenting a significant change-point
in the mean of the AM flood data series herein, a trend analysis was undertaken independently a
second time for each of the subseries before and after the shift. This approach was adopted in similar
studies to assess the non-stationarity behaviour of hydrological variables [41,65]. Trend analysis of the
segmented AM flood series based on their corresponding change-point date indicates an absence of a
significant trend; in that significant trends were not identified in either subseries (before or after the
shift) for all the stations (in question) analysed for the three study periods at both significance levels
of 5% and 10%. This might propose that the existence of change-points impacted the trend results,
falsely detecting monotonic trends when an abrupt shift in the mean of the distribution was more likely.
However, these results need to be interpreted with precaution, as in most of the cases the segmented
time series have a very short record (less than 15 years) that could mask the identification of gradual
trends (e.g., trend is very weak or just started).

The aforementioned outcomes must be interpreted in conjunction with the results displayed
in columns (4) and (5) of Table 3. These columns show the number of stations that are exclusively
exhibiting either a significant monotonic trend or abrupt shift in the mean of AM flood data. The results
presented in column (4), such as out of the 11% (22%) of the stations showing significant trend, 31% (41%)
are merely exhibiting monotonic trends for the 30-year study period at the significance level of 5% (10%).
For the 40-year study period, 50% (30%) of the stations having significant trends are solely exhibiting
a monotonic trend at the significance level of 5% (10%). Whereas for the 50-year study periods,
the stations experiencing a significant monotonic trend also experienced abrupt shifts. Therefore,
and depending on whether the monotonic trend assumption embraces, the on-site interpretation of
results may vary or even lead to contradictory conclusions. These findings add to the difficultly to
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state whether the identified non-stationarity in the Australian AM flood manifests in most cases as a
change-point or gradual trend, and to draw a generalised conclusion.

The dominance of downward trends in AM flood data in eastern Australia as found in this study
resembles the finding of Do et al. [66]. The decreasing trend in flood data also compares very well with
the trends of extreme rainfall data in this part of Australia [67]. These studies also show that northern
Australia is dominated by an increasing trend in both flood and rainfall data. The observed decreasing
trend in AM flood data in eastern Australia is mainly due to decreasing trends in extreme rainfall
data as noted by [66,67]. Smaller rainfall and longer dry spells affect catchment antecedent conditions,
e.g., a drier catchment produces a relatively smaller runoff.

7. Conclusions

The non-stationarity characteristics (gradual trend and abrupt shift in the mean of annual
maximum (AM) flood data in Australia) were assessed using the Mann–Kendall (MK) and Pettitt
change-point tests. Three study periods were considered here representing 30, 40 and 50 years of
AM flood data. The Pettitt change-point test was adopted to identify the potential abrupt shift in the
mean of the AM flood data, along with the direction and timing of the shift. The potential impact of
change-points on the trend test was also investigated.

Overall, it was found that the Australian AM flood data was characterised by a significant
downward trend. The percentage of stations exhibiting significant downward trends exceeds what is
expected due to random variability, and thus the results confirm that trends do exist in AM flood data
in Australia, and more precisely, the Australian AM flood data are dominated by a downward trend.

The results of change-point analysis were comparable to that of the trend analysis, e.g., a negative
shift in the mean was observed at catchments that exhibit a downward trend, and a positive shift in
the mean was observed in the case of upward trends. A subsequent trend analysis of the subseries
(for those catchments identified with a significant shift in the mean of the AM flood), before and after
the shift, and based on their respective change-point period, demonstrates that none of these subseries
shows a significant trend. It was also found that the number of stations showing an abrupt shift in
the mean of Australian AM flood data were equal or greater than the number of catchments with
monotonic trends. Another important finding was the identification of a good number of stations
exhibiting solely significant monotonic trends or abrupt shifts. From these results it is difficult to
confirm whether the identified non-stationarity in the Australian AM flood data is due to gradual
trends or change-points.

The observed downward trends in the AM flood data were found to be dominant along the eastern,
south-eastern and south-western parts, and an upward trend was observed in the north-western part
of Australia.
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