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ABSTRACT

To reduce flood risk, it is critical to accurately estimate design floods, which are associated with
specific annual exceedance probabilities. This study aims to develop a Regional Flood
Frequency Analysis (RFFA) approach that clusters hydrologically diverse catchments into
more homogeneous groups, thereby improving the reliability of design flood estimates.
Traditional regionalisation often fails due to high inhomogeneity. The RFFA approach was
applied and evaluated using 363 catchments in New Zealand. It was found that incorporating
climate zones and catchment characteristics improved homogeneity. Cluster analysis based on
catchment attributes was applied to delineate homogenous regions. The two-parameter Log-
Normal and Pearson 3 distributions were identified as dominant regional probability distribu-
tions. The Generalised Additive Model and Index Flood L-moment approach were used to
estimate regionalised design floods. Model performance, assessed with Jackknife Resampling,
showed significantly smaller error estimates than previous RFFA studies in New Zealand. This
approach provides region-specific design values for flood risk management in both gauged
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and ungauged catchments.
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1. Introduction

Floods are the most frequent and costliest climate
hazard worldwide (Rentschler, Salhab, and Jafino
2022), and New Zealand is no exception. It was esti-
mated that 675,000 people in New Zealand, or 13.5% of
the total population, live in flood-prone areas with
transport, electricity and water infrastructures at risk
(Paulik, Craig, and Collins 2019). Between 1976 and
2023, New Zealand experienced 105 floods, incurring
NZ$ 4.3 billion in insurance payments (inflation-
adjusted to June 2023) (ICNZ 2023). Thus, design
flood estimation, which is a flood discharge associated
with a specific annual exceedance probability, is crucial
in many engineering tasks to reduce flood impacts and
construct infrastructure that withholds flood events.
At-site flood frequency analysis is a straightforward
method for design flood estimation. It requires, however,
sufficient data in terms of quality and length, preferably
30 years of data at the target catchment (Pearson and

Davies 1997). Meanwhile, design flood estimation is
often necessary at a catchment with little or no hydro-
logical data available (Ball et al. 2019; Eslamian 1995). In
this case, the Regional Flood Frequency Analysis (RFFA)
can be used by transferring hydrological information
from a group of gauged catchments to the target
(ungauged) catchment within a hydrologically similar
region (Pearson and Henderson 2004). The RFFA steps
are (i) identifying hydrologically similar regions, (ii)
applying a regional estimation method, and (iii) the
RFFA model validation (Chebana and Ouarda 2008).
Identifying hydrologically similar regions is crucial
and challenging in RFFA as there is no universally
agreed-upon catchment classification system, and
objectives vary between studies (Knoben, Woods,
and Freer 2018; Wagener et al. 2007). Two basic con-
cepts of similarity are: (a) spatial proximity, which
assumes that nearby catchments would behave simi-
larly in terms of flood regimes, and (b) hydrological
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similarity, which assumes that similar catchment char-
acteristics will behave similarly regarding their flood
frequency response (Merz and Bloschl 2005).
Common catchment characteristics used in RFFA stu-
dies include catchment area, annual precipitation,
land use and elevation (Hingray, Picouet, and Musy
2014) and others such as drainage network character-
istics and catchment shape described in Msilini,
Quarda, and Masselot (2022). Most catchment char-
acteristics are commonly available for ungauged
catchments, i.e. from surveys or remote sensing data.

Multivariate analysis, particularly clustering, can be
employed to group catchments into similar hydrolo-
gical regions (Rosbjerg et al. 2013). Various clustering
algorithms exist, such as K-means, Ward, Hierarchical
clustering, and clustering of longitudinal data (Fischer
and Schumann 2023; Noor et al. 2022), yet these
require a pre-defined number of clusters. Meanwhile,
agglomerative exemplar-based clustering
(Bodenhofer, Kothmier, and Hochreiter 2011; Frey
and Dueck 2007) does not require a pre-defined num-
ber of clusters, excels in its simplicity, general applic-
ability, and performance.

There are two well-established regional estimation
approaches: (i) Regression-based methods (Rosbjerg
et al. 2013) and (ii) the Index-flood approach
(Dalrymple 1960). Regression-based RFFA often
assumes linear relationships between the flood quan-
tile (Qr) and catchment characteristics. Yet, hydrolo-
gical processes are complex and often non-linear. The
classic way of dealing with this non-linearity is to
transform the predictors to have linear relationships
with the response variables. However, this can be
time-consuming and inaccurate (Aziz et al. 2014;
Barna et al. 2023).

Several RFFA studies indicate that non-linear
methods, like the Generalised Additive Model
(GAM) (Hastie and Tibshirani 1986), surpass the per-
formance of linear methods in RFFA (Chebana et al.
2014; Durocher, Chebana, and Ouarda 2016,; Ouali,
Chebana, and Ouarda 2016). GAM is a robust method
and, due to the smoothing function, is more flexible to
capture the relationship between Qr and catchment
characteristics, and does not need variable transforma-
tion (Woods 2017). In addition, the flexibility of the
GAM reduces the need to delineate homogenous
regions (Chebana et al. 2014; Noor et al. 2022;
Rahman et al. 2018).

Developing a nationwide RFFA for New Zealand
is challenging due to the country’s diverse topogra-
phy and climate, ranging from cool temperate cli-
mate in the far south, alpine conditions in the
mountainous areas and warm subtropical in the
far north (Collins 2020). In addition, annual rain-
fall across the country varies from less than
250 mm to more than 16,000 mm (NIWA 2023).
The nationwide RFFA study introduced here

optimises the use of hydrological data from differ-
ent parts of the country, overcoming the challenges
of data scarcity in certain regions and enabling
a comprehensive analysis that is essential for con-
sistent and standardised flood frequency analysis,
thereby facilitating informed policy-making and
effective planning.

The first nationwide RFFA study in New Zealand
was conducted by Beable and McKerchar (1982), who
used catchment mean rainfall statistics to group simi-
lar catchments. Later McKerchar and Pearson (1990),
Pearson and McKerchar (1989) employed contour
maps with a specific discharge and a specific flood
frequency factor, and found that the EV1 distribution
adequately fitted the annual flood series. Neither of
these studies conducted model validation to assess the
developed RFFA model performance using indepen-
dent catchments. Henderson and Collins (2016) and
Henderson and Collins (2018) conducted RFFA based
on a North Island and South Island catchment group-
ing. The most recent work on RFFA for New Zealand
was conducted by Griffiths, Singh, and McKerchar
(2020), who also considered the two islands separately,
followed by using catchment characteristics to group
similar regions. Henderson and Collins (2018) and
Griffiths, Singh, and McKerchar (2020) reported
large uncertainties in the performance of their devel-
oped RFFA model. The assessment of the final selected
similar regions in these previous studies has not been
investigated statistically. This can be done, for
instance, using a homogeneity test proposed by
(Hosking and Wallis 1997), as the performance of
regionalisation may be affected by how similar the
grouping is. This present study focuses on sub-
regions of New Zealand based on climate zones to
improve estimation performance.

Sub-regional analysis can provide more localised
and reliable hydrological information for flood risk
assessments and management across different regions.
For instance, the nationwide RFFA in Australia used
sub-regional divisions based on coastal, arid and semi-
arid regions (Rahman et al. 2019). Sub-regional RFFA
has also been conducted globally, and the catchment
grouping was based on five climate classes: tropical,
arid, temperate, continental, and polar (Smith,
Sampson, and Bates 2015). Here, six climate zones
from the River Environment Classification (Snelder,
Biggs, and Woods 2005) are employed as a priori sub-
division. Climate zones have thus far been used in
New Zealand hydrological studies with a different
focus, including estimating the hydrology of ungauged
catchments (Booker and Woods 2014) and character-
ising the baseflow index (Singh et al. 2019).

In order to determine design floods for both gauged
and ungauged catchments with a wide range of char-
acteristics, in this study, an RFFA has been developed
based on GAM and Index Flood and applied to sub-



regions of New Zealand. The objectives of this
study are:

(i) To develop and apply an RFFA approach that
accounts for the spatial heterogeneity in cli-
mate-hydrologic interactions, using climate
zones for the regional sub-division.

(ii) To compare the results of this study with pre-
vious nationwide RFFA studies in New
Zealand, particularly focusing on the error esti-
mate for the 100-year flood (Q;qp). This com-
parison will reveal if the approach proposed in
this study improved the accuracy and reliability
of the design flood estimation.

2. Materials and methods

This section outlines the methodology adopted for
Regional Flood Frequency Analysis in this study. The
first step is data pre-processing, which consists of
preparing annual maximum flow data and catchment
characteristics for analysis. Second, the identification
of hydrologically similar catchments is carried out.
The third step is the regional estimation. Finally, the
fourth step involves model validation using Jackknife
resampling to assess the overall fit of the developed
RFFA model (Figure 1).

2.1. Data and pre-processing

This study used annual maximum flow data and
catchment characteristics from 363 near-natural
catchments across New Zealand (Figure 2) provided
by the National Institute of Water and Atmospheric
Research (NIWA) national database and were collated
alongside data supplied by regional councils. These
catchments were considered near natural because
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Figure 1. Study workflow diagram.

using agglomerative clustering
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they were unaffected by large engineering projects
such as dams or significant water abstractions accord-
ing to the information given by each provider. Data
suitability in terms of stage measurement and rating
curves and related matters was assessed by hydrolo-
gists in the supplying organisations. The catchment
characteristics data were obtained from Leathwick
et al. (2010), Snelder and Biggs (2002) and Singh
et al. (2019). More information regarding the gauging
stations can be found in Booker (2013); Booker and
Woods (2014). Annual maximum flow data were
sourced from daily maximum flow observations
between 1930 and 2012 (ranging from 10 to 81 years
of observation). A minimum record length of ten years
was considered to include areas with sparsely gauged
catchments and at least 335 daily observations for
a given year.

Histograms of the catchment area, mean annual
flow and length of the observation period for the
catchments are shown in Figure 3. The following four-
teen catchment characteristics were utilised: Number
of days with more than 10 mm of rain (RainDays10)
(days/year), annual rainfall variability (AnRainVar)
(mm), particle size of rocks (ParticleSize) (ordinal
scale), catchment elevation (CatElev) (m), runoff
from area of catchments with slope greater than 30°
(Steep_Q) (%), upstream average slope (AveSlope)
(%), catchment area (SiteArea) (km?), drainage den-
sity (DD) (m™), catchment specific flow (Flow) (-),
surface hardness (-), base flow index (BFI) (-), climate
(-), geology category (-) and source of flow (-). These
characteristics were selected based on their demon-
strated relevance in describing flood statistics in New
Zealand, as shown by Fischer, Pahlow, and Singh
(2025,).

As the basis for flood frequency analysis, the annual
maximum flow data of each catchment were assumed
to be stationary which is, no identified change points
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Figure 3. Histogram of (a) Catchment area, (b) Mean annual flow and (c) Length of the observation period for the considered

catchments.

and trends (Volpi et al. 2024,). To check this assump-
tion, the annual maximum flow was examined statis-
tically for evidence of change point in the mean using
the Pettit Test (Pettitt 1979) and Wilcoxon Test
(Wilcoxon 1945) and for evidence of trend using the
Mann-Kendall Test (Kendall 1975; Mann 1945), all

with a 5% significance level. These tests are often used
in hydrology and have the advantage that they are
non-parametric and robust (Fischer and Schumann
2021). If both change-point tests indicated
a significant change in the mean, the mean was
adjusted to be stationary and equal to the mean of



the time series after the change point to consider the
actual state of the catchment. Likewise, if the Mann-
Kendall Test indicated a significant trend, this was
removed. From 363 catchments, only for 18 catch-
ments both the Pettitt- and Wilcoxon tests indicated
a significant change-point in mean, which was
removed. For 10 catchments, a significant trend was
detected and removed. No spatial coherence between
these catchments was observed. In addition, with the
annual maximum flow series, the independence of the
events can be assumed since the variability in stream-
flow occurs on the order of weeks in New Zealand
(Queen et al. 2023).

2.2. Identification of similar catchments

2.2.1. Initial sub-regional division

In RFFA, the most challenging step is identifying
similar catchments with similar flood generation pro-
cesses (Knoben, Woods, and Freer 2018; Wagener
et al. 2007). Therefore, our approach in this study
was to divide the regions in New Zealand based on
North and South Island, then further sub-divide these
based on six climate zones: Warm-Extremely-Wet,
Warm-Wet, Warm-Dry, Cool-Extremely-Wet, Cool-
Wet, and Cool-Dry, to investigate if this further
improves homogeneity. These categories were
assigned according to mean annual precipitation and
mean annual air temperature, following Snelder,
Biggs, and Woods (2005).

To justify the chosen sub-division approach, the
homogeneity test (H-Test) by Hosking and Wallis
(1997) was applied for both the North and South
Island and within each climate zone category. The
sub-division leading to a better statistical homogeneity
level was chosen for further analysis. According to the
H-Test, the region is considered ‘acceptably homoge-
nous’ if H <1, ‘possibly heterogenous’if 1 < H<2, or
‘definitely heterogenous’ if H > 2. The R package
nsRFA was used to perform the homogeneity test
(Viglione 2020). The H-test values, as proposed by
Hosking and Wallis (1997) are derived using
a Monte Carlo simulation under the assumption that
the annual maximum discharges in a region follow
a Kappa distribution. This distribution serves as
a generalised form encompassing several commonly
used distributions in regional frequency analysis, such
as GEV, LN3, and GPA (Hingray, Picouet, and Musy
2014).

2.2.2. Similar catchment grouping using

exemplar-based agglomerative clustering

Since the division into sub-regions alone might not
provide hydrologically similar regions, the exemplar-
based agglomerative clustering was also applied using
the R package apcluster (Bodenhofer, Kothmier, and
Hochreiter 2011; Frey and Dueck 2007) to each of
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these sub-regions. Prior to the cluster analysis,
a preliminary selection of catchment characteristics
specific to each sub-region was conducted using the
Multiple Regression Analysis approach (Hosking and
Wallis 1997; Viglione 2020) to ensure effective cluster-
ing since using all characteristics simultaneously and
adding further characteristics may not provide new
information (Fischer and Schumann 2023).
A multiple Regression Analysis approach was per-
formed with different combinations of catchment
characteristics as descriptors. Descriptors that are
most strongly related to the parameter - in this case,
the coefficient of variation CV or L — CV (Hosking
and Wallis 1997; Viglione 2020)- are chosen to group
catchments in the sub-region using the exemplar-
based agglomerative clustering. The clustering algo-
rithm details can be found in (Frey and Dueck 2007).
The final Homogeneity Test was conducted on the
resulting cluster to check if there had been any
improvement in the level of homogeneity.

2.2.3. Selection of regional distribution functions
based on the goodness of fit test

Three-parameter distributions are more capable of
modelling tail behaviour and skewness due to the
third parameter; however, they have additional uncer-
tainty compared to the two-parameter distributions,
so there is a trade-off between flexibility and increased
uncertainty, especially with short record lengths
(Fischer and Schumann 2023). Therefore, this study
considered seven distribution functions commonly
used in hydrology to fit the annual maximum flow
data, which are the two-parameter Normal (NORM),
two-parameter Log-Normal (LN), two-parameter
Extreme Value Type 1 (EV1), two-parameter
Extreme Value Type 2 (EV2), three-parameter Log
Pearson Type 3 (LP3), three-parameter Pearson type
3 (P3) and three-parameter Generalized Extreme
Value (GEV) distribution (Cunnane 1989; Haddad
and Rahman 2011; Laio, Di Baldassarre, and
Montanari 2009).

The Akaike Information Criterion (AIC) was cho-
sen as the Goodness of Fit criterion to select the flood
frequency distribution for each catchment. For regio-
nalisation, selecting one unique distribution for catch-
ments in a subgroup is essential to avoid significant
variances in the flood quantiles. For this reason, the
most frequently selected distribution in each sub-
group was ranked and then the difference between
the AIC value of the best-fit distribution for each
catchment and the most frequently selected distribu-
tion in the cluster was calculated. After that, the argu-
ment of similar AIC value categories described by
Rafferty, Jansen, and Griffiths (2020) was applied to
choose the regional distribution for each cluster. A
AAIC of less than 2 is defined as weak evidence of
a difference, a AAIC of 2 to 7 as positive evidence and
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only a AAIC greater than 10 indicates very strong
evidence of difference. Therefore, the distribution
function with AAIC less than 7 from the smallest
AIC can be considered to be potentially among the
best fit. Consequently, the most frequent selected dis-
tribution in that cluster can be adopted for a given
catchment in such cases as there is no strong evidence
of significant difference.

For each catchment, the parameters of the regional
distribution were derived using the Maximum
Likelihood (ML) method, as it has been demonstrated
to be asymptotically efficient, as noted in (Laio 2004;
Maidment 1993). The at-site flood quantiles
(Accessisdenied) for three selected return periods
(AccessisdeniedAccessisdenied = 10, 50 and 100 years)
were then calculated. The choice of the return periods
(AccessisdeniedAccessisdenied = 10, 50, 100 years)
reflects common return periods for different engineer-
ing design tasks, and (T = 100 years) has been chosen
in particular to be able to compare the results with
those obtained by previous nationwide RFFA studies
in New Zealand (Griffiths, Singh, and McKerchar
2020; Henderson and Collins 2018). This provides
a benchmark for assessing the improvement in the
RFFA approach proposed in this study.

2.3. Regional estimation

Two approaches were used for the regional estimation
step. The Generalised Additive Model GAM (Hastie
and Tibshirani 1986) was applied for clusters that have
a sufficient number of catchment members (n>10
catchments). For clusters with few catchment mem-
bers (n < 10 catchments) where GAM is not applic-
able, the regional estimation was conducted using the
Index-Flood L-Moment Approach (Hosking and
Wallis 1997). Please note that the aim was to regiona-
lise flood quantiles, as for flood quantiles non-linear
relationships to catchment attributes can be assumed
(Chebana et al. 2014)

2.3.1. Generalised additive model

The relationship between a dependent variable, Y, and
p predictor variables X, X;,...X, can be developed
using multiple linear regression for the i-th observa-
tion and is defined by:

yi =By + Bixin + Bpxio + Poxio + Bk + -+ Byxip
+ &;.

(1

Here, f, and ﬂ](; =1,2,...p) are unknown para-
meters and ¢; is the error term associated with the
i-th observation (i=1,2,...n), where n is the
number of observations (here catchments).
However, hydrological processes are complex and

generally non-linear. To incorporate the non-
linearity between the catchment characteristics
and the flood quantile in RFFA, a non-linear
method, the Generalised Additive Model (GAM),
was applied in this study. GAM enables the incor-
poration of non-linear functions for each variable,
eliminating the need for manual transformation on
each predictor while maintaining the additivity of
the model, which is achieved by replacing each
linear component, /J’jx,-j, in Eq. (1) by the smooth

non-linear function f; x;; . The GAM can in gen-

eral be written as:

P
yi= Byt DSl +e @
=1

J

yi =By +filxa) +folx) + .. 4 fo(xp) +& (3)

Where y; is the response variable for observation i, 3,
is the intercept, f; are smooth functions defining the
relationship between the explanatory variables x;; and
the response variable y;, and ¢ is the error term.
Because of the additive property of GAM, the impact
of each explanatory variable on the response variable
can be analysed separately. The fitting of data for
GAM is performed with the R package mgcv. To
estimate the smooth function, thin plate regression
splines are considered in this study because they are
efficient, do not require the selection of knot locations
and optimise smoothness. The stepwise selection pro-
cedure was employed for the selection of optimal pre-
dictors. Further information regarding this method
can be found in Chebana et al. (2014) and Woods
(2017).

2.3.2. Index-flood with L-moment

The index flood approach (Dalrymple 1960) assumes
that floods will follow similar statistical distributions
in a homogenous region apart from a scaling factor
that reflects the specific local features, the so-called
index flood. Often, the mean is used as the index flood
(Hosking and Wallis 1997). It is expected that the
more homogenous a region is, the greater the benefits
of using regional estimation methods over at-site esti-
mation (Atiem and Harmancioglu 2006). The regio-
nalisation approach suggested by Hosking and Wallis
(1997) was applied. First, for each catchment
i=1,2,... the Probability Weighted Moments
(PWMs) respectively the related unbiased sample

L-Moments of order r 8., were estimated and then
scaled by the mean ﬁo;i:
g P

== (4)
i ﬁo;i
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scaled moments and computed as:

Bri=1 )

Sk Z]zizl ni/g’l:i
Bri= Y (8)
i=1 Mi

AL
Z]i=1 ”i/—gz;i

_ 9
Z]izl nj )

ﬁ;;i =

J o

fry = Z (10)

i=1 i

where 7 is the sample size dependent of the catchment
i and used as a weighing factor, and the sum runs from
1 to the number of catchments j in the cluster. The
regional L-Moments were then used to estimate the
parameters of the chosen regional distribution in each
cluster (Hosking 1990). The L-moments were used in
this case, as the Index Flood method was only applied
to clusters with 10 or less members. In such a case, the
impact of a single member with values deviating
strongly from the remaining members would have
a great impact when wusing ML estimation.
L-Moments, however, are known to be more robust.
The regional quantile §, corresponding to the
return period (T) was then derived. Finally, the catch-
ment-specific quantile was calculated using the

equation
Qi;T = /;)();,'EIT (11)

where 730 is the index flood, the first PWM/L-Moment
estimated for the target catchment. The modelling of
floods for ungauged catchments consists of two parts:

(i) the index flood ﬁo is regionalised and is estimated
through multiple linear regression with the catchment
characteristics specific to each cluster as explanatory
variables. (ii) the ungauged catchment is assigned to
one of the formed clusters (Fischer 2017; Noto and La
Loggia 2009; Viglione 2020). The L-Moments of the
annual maximum data were estimated using the
R package Imomco (Asquith 2023).

2.4. Performance assessment

Jackknife resampling was carried out to assess the
performance of the developed approach. This
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procedure works as follows: first, for each identified
cluster, consecutively, every gauged catchment
within a set of N catchments was temporarily trea-
ted as an ungauged or target catchment by remov-
ing it from the set. Second, the regional estimation
model was constructed using the remaining N — 1
catchments, and finally, this model was applied to
predict the regionalised flood quantiles Q... (T) for
T=10, 50 and 100 years for the target catchment i.
This was repeated for all n catchments. Three sta-
tistical measures, the median Relative Error (RE),
the Trimmed Normalised Mean Squared Error
(TNRMSE), and the median Ratio (R) for the return
period T, were used as the goodness of fit criteria:

‘Qi:reg(T) - Qi:obs(T) =1 I/l:|

RE1 = Median [

Qi:obs(T)
(12)
. 1 n—[nd/2) Qi:reg(T) - Qi:obs(T) g
TNRMSE7 = \/n —[nd] Zi:l+[ﬂ5/2] ( Qi-06s(T) )
(13)
iire, T
RT:Median{giw;gSET%,izl,...,n] (14)

where Qg (T) is the regionalised quantile of return
period T for catchment i and Q;.ops(T) is the at-site
quantile of return period T for catchment i. The at-site
quantile refers to the quantile obtained when fitting
the model to the observed data. The trimming factor &
prevents the largest and smallest quantiles from being
considered in this measure, as these would have a large
impact on the results (Fischer and Schumann 2023).
Values of § investigated in this study are 5%, 10%, and
15%, and the percentage which significantly reduced
error was selected. The median ratio indicates the
degree of bias (over- or under-estimation) (Haddad,
Rahman, and Stedinger 2012; Noor et al. 2022), where
a ratio of 1 indicates a good agreement between the
Qireg(T) and the Q;ops(T). Here a Ry < 0.5 is regarded
as ‘gross under-estimation’, 0.5<Rr<2 indicates
desirable estimates, and a Ry > 2 is a ‘gross over-
estimation’.

3. Results and discussion
3.1. Identification of similar catchments

To compare the different subdivisions applied here for
New Zealand, the homogeneity test (Hosking and
Wallis 1997) was conducted for both the North and
South Islands and within each climate zone. Table 1
shows the homogeneity test results. It was found that
the homogeneity for the climate zones was higher than
that for the North and South Islands. As a result, the
climate zones were selected as the basis for regional
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Table 1. Homogeneity test results for initial justification of
regional subdivision.

Location Climate Zones n H-test
North Island 225 20.81
South Island 138 33.17
North Island Cool Dry - CD 8 254
Cool Wet - CW 72 12.53
Cool Extrem. Wet — CX 23 5.06
Warm Dry — WD 12 3.99
Warm Wet - WW 106 10.64
Warm Extremely Wet — WX 4 1.84
South Island Cool Dry - CD 39 7.24
Cool Wet - CW 52 8.29
Cool Extrem. Wet — CX 47 422

Table 2. Catchment characteristics selected for each climate
zone.

Location Climate Zone Variables  Catchment characteristics
North CD - Cool 6 CatElev, Steep_Q, AveSlope,
Island Dry SiteArea, Flow,
SurfaceHardness
CW - Cool 6 RainDays10, CatElev,
Wet Steep_Q, AveSlope, Flow,
SurfaceHardness
CX - Cool 4 RainDays10, ParticleSize,
Extremely SiteArea, Flow
Wet
WD - Warm 7 RainDays10, AnRainVar,
Dry CatElev, AveSlope,
SiteArea, BFIl, DD
WW - Warm 5 ParticleSize, Steep_Q,
Wet SiteArea, SurfaceHardness,
DD
WX - Warm 2 RainDays10, BFI
Extremely
Wet
South CD - Cool 5 RainDays10, AnRainVar,
Island Dry CatElev, AveSlope,
SiteArea
CW - Cool 5 AnRainVar, CatElev, SiteArea,
Wet Flow, SurfaceHardness
CX - Cool 5 RainDays10, AnRainVar,
Extremely Steep_Q, SiteArea, Flow
Wet

subdivision and for further analysis. It is postulated
that this improves the regionalisation approach.

Considering the total number of catchments in
each climate zone along with the H-test results,
a threshold of < 4 is deemed sufficient, and conse-
quently, there were no further sub-divisions for the
three climate zones for the North Island: The Cool-
Dry, Warm-Dry, and Warm-Extremely Wet category.

For the remaining climate zones, further clustering
was applied, and the considered catchment character-
istics were pre-selected specific to each climate zone
region (Table 2).

For the cluster analysis, three different algorithms
were assessed, namely Ward Cluster followed by
reallocation procedure (Ganora et al. 2009),
Affinity Propagation (AP) Cluster and Exemplar-
based Agglomerative Clustering (Bodenhofer,
Kothmier, and Hochreiter 2011; Frey and Dueck
2007). The Ward and AP clusters led to an excessive

number of clusters, which is not meaningful for
regionalisation since the information content of

small clusters is inadequate. Therefore, these
approaches were disregarded for this study.
However, the Exemplar-based Agglomerative

Clustering effectively identified 18 clusters; therefore,
the total sub-regions for further analysis were 21
clusters, as shown in Figure 4.

The dendrogram (DD-plot) of the results of the
cluster analysis is provided in Appendix 1. In addi-
tion, the homogeneity test results for each cluster,
available in Table 3, showed improvement com-
pared to the initial sub-division by climate zones.
Further division in the clustering tree would result
in clusters with too few members, making them
less meaningful for statistical analysis (see
Appendix 1). Therefore, no further distinction
was applied.

The chosen regional distribution based on the
goodness of fit criterion is shown in Table 3. From
seven tested distributions, the 2-parameter Log-
Normal and Pearson 3 distributions were found to
be the dominant regional distribution for the 21 clus-
ters. This is in contrast to the results of Pearson and
McKerchar (1989), who reported that the EV1 and
EV2 distributions provided the best fit for New
Zealand floods. Griffiths, Singh, and McKerchar
(2020) found that the Log-Logistic distribution was
the best fit for New Zealand data, which is similar to
the Log-Normal distribution. The availability of more
data in the current study and the analysis of sub-
regions applied here are potential reasons for the dif-
fering dominant probability distributions when com-
pared to previous work. The detailed results of the at-
site statistics Q;g, Qsg, and Qo for each catchment are
given in Appendix 2.

3.2. Regional estimation

Based on the number of catchment members, GAM
was applied for 10 clusters: 4, 5, 6, 9, 10, 11, 13, 17, 19,
and 20. The summary of the results obtained with the
developed GAM model is shown in Table 4, and the
smooth functions plot for each predictor variable is
available in Appendix 3.

In developing the GAM model to estimate flood
quantiles for specific return periods (T = 10, 50 and
100 years), predictor variables were chosen via the
stepwise selection procedure. The catchment-
specific flow was found to be the most significant
variable for 4 clusters, and the catchment area was
the most significant variable for 6 clusters. Both
variables have a significant role in influencing
flood volume and timing. The models generally
show good performance, with the adjusted
R-squared (adj. R*) values ranging between 0.41
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Figure 4. Map of catchment locations based on cluster analysis.
Table 3. H-Test results for the different regional distributions.
Location Climate zones All clusters n Regional Distribution H-test
North Island CD - Cool Dry 1 8 Pearson IlI 254
CW - Cool Wet 2 1 Pearson IlI -
3 1 Log Normal -
4 56 Pearson Il 10.70
5 14 Log Normal 4.51
CX - Cool Extremely Wet 6 20 Pearson IlI 336
7 3 Log Normal 3.16
WD - Warm Dry 8 10 EV1 3.99
WW - Warm Wet 9 19 Pearson Il 7.45
10 39 Log Normal 3.51
1 16 Log Normal 0.60
12 7 Pearson Il 1.18
13 25 Pearson Il 8.18
WX - Warm Extremely Wet 14 4 Log Normal 1.84
South Island CD - Cool Dry 15 2 Log Normal 1.36
16 9 Log Normal 2.08
17 27 Pearson Il 5.16
CW - Cool Wet 18 6 Pearson IlI 0.68
19 46 Pearson Il 743
CX - Cool Extremely Wet 20 41 Log Normal 3.58
21 6 Log Normal 0.81

and 0.87, and the deviance explained ranging
between 46% and 90% for most clusters.

Due to insufficient sample sizes for GAM, the
design flood estimation model for clusters with fewer
than ten members, specifically clusters 1, 7, 8, 12, 14,
15, 16, 18, and 21, was developed using the Index flood
method combined with the L-Moment approach. The
summary of the regional quantile §r for each return

period (T = 10, 50 and 100 years) common to all catch-
ments within the same cluster is available in
Appendix 4.

Flood quantiles for clusters 2 and 3, each having
only a single catchment member, were derived by the
at-site flood frequency method due to insufficient data
for regionalisation. The flood frequency plots are pro-
vided in Appendix 5.
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Table 4. Summary table of GAM model results.

Cluster Flood Quantile Significant Predictor Variables Adj. R? Deviance explained
4 Qo s(flow) 0.509 51.8%
Qs 0.466 47.5%
Qoo 0.451 46.1%
5 Qo s(flow) 0.411 49.9%
Qso 042 51%
Q100 0.421 51.1%
6 Qo s(flow) 0.864 88.2%
Qso 0.866 88.3%
Qioo 0.865 88.2%
9 Q1o s(SiteArea) 0.874 89.7%
Qso 0.88 90.5%
Q100 0.877 90.2%
10 Q0 s(SiteArea) 0.714 74.2%
Qs 0.72 74.8%
Qoo 0.721 74.9%
1 Qo s(SiteArea) 0.812 84.4%
Qso 0.796 82.9%
Q100 0.787 82.1%
13 Q0 s(SiteArea) 0.564 61.5%
Qso 0.486 54%
Qioo 0.462 51.7%
17 Qi s(SiteArea) 0.804 83.9%
Qso 0813 84.8%
Q100 0.814 84.9%
19 Q0 s(SiteArea) 0.684 71.1%
Qs 0.663 69.1%
Qoo 0.656 68.3%
20 Qo s(flow) 0.654 66.3%
Qso 0.656 66.4%
Q100 0.693 71.9%

Table 5. Lists of the relative error (RE) (%), trimmed normalised root mean square error (TNRMSE) (%), and ratio (R) for each cluster

using Jackknife resampling.

TNRMSE (%)
Estimation RE (%) 6=10% Ratio

Sub-Region method Cluster Q10 Q50 Q100 Q10 Q50 Q100 Q10 Q50 Q100
NI/CD Index Flood 1 7.79 13.86 15.57 12.75 27.78 33.98 1.01 0.99 0.99
NI/CW GAM 4 38.45 40.65 42.80 175.62 192.98 194.90 1.12 1.24 1.25
NI/CW GAM 5 33.09 37.07 37.79 80.83 80.02 79.93 0.92 0.98 0.99
NI/CX GAM 6 29.85 3271 33.02 55.23 59.41 60.92 0.88 0.90 0.92
NI/CX Index Flood 7 20.77 31.13 34.46 2133 3547 40.80 1.08 1.13 1.15
NI/WD Index Flood 8 8.74 12.83 13.97 8.59 12.61 13.70 1.08 1 1.12
NI/WW GAM 9 28.72 36.60 36.65 45.20 50.80 51.78 0.99 1.07 1.10
NI/WW GAM 10 48.55 48.09 48.27 63.09 67.81 69.80 1.11 1.06 1.06
NI/WW GAM 1 45.93 52.41 53.39 135.49 161.44 174.36 0.90 0.95 0.94
NI/WW Index Flood 12 7.15 10.60 11.55 15.01 33.85 41.45 1.02 1.05 1.05
NI/WW GAM 13 53.74 46.52 47.90 70.06 74.35 76.42 1.15 1.12 1.10
NI/WX Index Flood 14 27.33 45.10 51.72 40.55 75.37 90.29 1.12 1.22 1.26
SI/CD Index Flood 15 2.08 332 3.75 2.18 3.48 3.94 0.99 0.99 0.99
SI/CD Index Flood 16 47.02 63.86 68.43 48.94 81.98 95.46 1.19 1.32 137
SI/CD GAM 17 41.06 46.27 47.30 103.46 124.82 135.25 0.99 1.03 1.05
SI/ICW Index Flood 18 6.45 12.92 14.15 8.32 16.92 20.11 1.02 1.03 1.04
SI/CW GAM 19 39.91 43.65 45.25 71.59 73.68 75.10 1.15 1.08 1.07
SI/CX GAM 20 29.31 31.49 31.21 70.86 69.09 69.08 1.11 1.07 1.07
SI/CX Index Flood 21 5.70 9.30 10.60 6.58 10.55 11.96 1.03 1.05 1.06

Average 27.45 32.55 34.09 54.51 65.92 70.48 1.05 1.07 1.08

Based on these results, the design flood for an
ungauged catchment can now, for practical applica-
tions, be estimated by assigning that catchment to the
previously formed clusters according to the catchment
characteristics. The developed regionalisation proce-
dure for that cluster can then be used to obtain flood
statistics based on the characteristics of the ungauged
catchment. It should be noted that no quantile-
crossing occurred, i.e. compared to large return peri-
ods, quantiles with smaller return periods were always
smaller, see, e.g. Table A.4.1 in Appendix 4.

3.3. Performance assessment and sensitivity of
the approach regarding sample size

The developed model from each cluster was assessed
using Jackknife resampling. Detailed results for
TNRMSE calculated using all § factors (5%, 10% and
15%) are shown in Appendix 6. It was determined that
a & factor of 10% was optimal, as it significantly
reduced errors and thus the impact of single extreme
values, particularly within clusters 4 and 5. The results
are summarised in Table 5 and Figure 5.



Overall, the average median RE for all clusters for
T =10 years return period is 27% and increases for T
=50 and 100 years to 32% and 34%, respectively. This
shows that the models provide reasonable flood esti-
mations close to the at-site flood magnitude.
Considering the average median ratio values, which
provide an indicator of overestimation or underesti-
mation of the prediction model, most values are close
to 1, indicating ‘desirable estimates’. The TNRMSE for
all clusters for T = 10 years return period is 54% and
increases for T'=50 and 100 years to 65% and 70%,
respectively. The Index Flood shows lower RE and
TNRMSE values in several clusters compared to the
GAM method. This difference can be attributed to the
smaller cluster sizes in the Index Flood method, which
leads to better homogeneity and improves perfor-
mance estimation. Meanwhile, the larger cluster sizes
in the GAM method may include catchments with
diverse characteristics. For example, this higher
TNRMSE is primarily due to clusters formed in the
North Island (cluster 4 ‘cool wet’ and cluster 11 ‘warm
wet’) and one cluster in the South Island (cluster 17
‘cool-dry’). In these clusters, certain individual catch-
ment members do not fit the overall model as well as
others, leading to increased errors.

The results confirm that quantile estimates gen-
erally become less accurate for larger return periods,
although there were no large differences between the
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50 and 100-year return periods. Therefore, both
smaller and extreme floods can be equally less accu-
rate. Furthermore, it was also found that catchments
with large RE values mostly have short record
lengths, i.e. less than 30 years. Short record lengths
increase the uncertainty in the parameterisation
therefore also affect the regionalisation result. This
is reflected in Figure 5, where model performance
improves with the inclusion of longer records more
than 20 years. It also slightly increased the average
within cluster homogeneity, from H < 3.80 (>10 year
records) to H<3.18 (>20year records). However,
the difference was modest. Since the study aimed
to assess RFFA applicability in data-scarce basins
where short records are often the only data available
the analysis focused primarily on shorter records,
with longer records used only for additional
comparison.

The finding of larger individual error for some
catchments has also been identified by Henderson
and Collins (2018) and Griffiths, Singh, and
McKerchar (2020). Potential reasons are that some
catchments, especially in the North Island, have sub-
stantially different characteristics from others, such as
pumice soils, karst landscapes, glacial outwash depos-
its, rain shadows and hollows, which can significantly
influence the flood generation process and thus affect
the model error. In future work, the data set should be
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expanded in that regard to identify and address the
sources of these larger errors.

Benchmarks against previous nationwide RFFA in
New Zealand were conducted to evaluate the approach
proposed in this study, as shown in Table 6. The initial
RFFA studies by Beable and McKerchar (1982) and its
extension by Pearson and McKerchar (1989) fitted
EV1 and EV2 distributions to the annual maximum
flow (AMF) and used the Index Flood method. Both
studies did not include an analysis of performance
using independent catchments. Subsequent studies
by Henderson and Collins (2016) and Henderson
and Collins (2018) fitted the GEV distribution to the
AMF, divided New Zealand into North and South
islands, and applied ordinary least squares (OLS)
regression separately for each island. Their results
showed an average RE of 61% for estimating the
mean annual flood (Q,,) for the whole country. The
authors also used the Pearson and McKerchar (1989)
approach for RFFA, and the results showed that the
average RE was 50%. The third national RFFA study
was conducted by Griffiths, Singh, and McKerchar
(2020), which also fitted the GEV distribution for
AMF, used a North and South Island division of
New Zealand, and further applied a Region of
Influence approach based on the statistical depth func-
tion to identify homogenous regions. This was com-
bined with non-parametric regression to estimate the
mean annual flood. Their approach gave an average
RE of 49% and an average RRMSE of 351% for esti-
mating the 100-year flood (Qiqp)-

The current study employed an alternative
approach regarding the subregions. First, the North
and South Island were considered, followed by the
division into climate zones. Furthermore, cluster ana-
lysis was used to group similar catchments to increase
the level of homogeneity within clusters. Based on the
goodness of fit test, it was found that Log-Normal and
P3 distributions were the most dominant regional
distribution in New Zealand. Regional estimation
was then carried out using either GAM or the Index
Flood approach with an average RE of 34% and
TNRMSE of 70% for Qjgo. A 30% and 80% improve-
ment, respectively, compared to the results reported
by Griffiths, Singh, and McKerchar (2020) for Qjgo.

Table 6. Benchmark of RFFA studies.

The error estimate of Qg in the current work is also
smaller than the RE estimation for the mean annual
flood, Q,, as reported by Henderson and Collins
(2018), which is 61% and by Pearson and McKerchar
(1989), which is 50%.

The current findings are also compared with inter-
national RFFA studies, like in Australia particularly
given the geographical proximity and methodological
parallels between Australia and New Zealand. For
example, in Australian Rainfall Runoff (ARR) the
RFFA study divided Australia into 7 sub-regions and
applied a Leave-One-Out (LOO) cross-validation
technique across 853 catchments, with 558 stations
from the eastern states (including 176 in NSW, 186
in VIC, and 196 in QLD). In ARR, the RFFA approach
used parameter regression to regionalise the LP3 dis-
tribution, resulting in a median relative error of
approximately 47% across Qr, T =1,2,5,10,20,50
years (Rahman et al. 2019). Noor et al. (2022) applied
GAM for RFFA in Victoria, Australia and reported the
median RE of Qr, T = 2, 5, 10 years are found to be 16
—41%. Ahmed, Khan, and Rahman (2024), conducted
an RFFA in southeast Australia and use clustering
method for forming homogenous region and reported
the median RE of Qr, T = 5,100 years in the range of
2849%. Q1o is a more extreme event, and it is typically
associated with greater uncertainties compared to Q,,
and smaller return periods, such that an improvement
can also be concluded in this case.

3.4. Limitations and future work

This study used annual maximum flow data in align-
ment with previous Regional Flood Frequency
Analysis (RFFA) studies conducted in New Zealand
(Beable and McKerchar 1982; Griffiths, Singh, and
McKerchar 2020; Henderson and Collins 2018;
McKerchar and Pearson 1990). This approach ensures
methodological consistency and comparability with
existing national practices, facilitating practical appli-
cation. However, limiting the analysis to one flood
event per year may exclude additional significant
events during flood-rich years, potentially leading to
an underestimation of flood frequency. An alternative
is the peak-over-threshold (POT) method, which

References Qr Approach Average median RE (%) Countries
This study Q100 Climate categories 34 New Zealand
Cluster analysis
Generalized Additive Model
Index Flood approach
Griffiths, Singh, and McKerchar (2020) Q100 Region of Influence 49 New Zealand
Index Flood approach
Henderson and Collins (2018) Qm Multiple regression 61 New Zealand
Pearson and McKerchar (1989) Qm Index Flood approach 50 New Zealand
Contour Map
ARR 2019 in Rahman et al. (2019) Qso0 Regression 47 Australia
Ahmed, Khan, and Rahman (2024) Q100 cluster analysis 38 Australia




allows for the inclusion of multiple events per year
(Fischer and Schumann 2023) but often requires sub-
jective decisions regarding threshold selection and
event separation. These added complexities can intro-
duce uncertainty into RFFA models, which the current
approach aim to avoid in this context. In the future,
expanding the time series with additional flood event
data will be beneficial, especially for catchments with
large individual errors and short record lengths <30
years of data. The developed RFFA model is applicable
for the period it covers and only when flood time
series are stationary, i.e. not changing over time
caused by, e.g. a changing climate or land use change.
However, recent studies such as (Collins 2020; Queen
et al. 2023) have reported signals suggesting possible
future changes in flood behaviour in New Zealand.
Therefore, future work using additional flood data
should investigate trends under climate and/or land
use change scenarios while embracing local under-
standing and context (Arheimer et al. 2024) and
through models incorporating time-varying para-
meters or covariates to enhance flood resilience.
Another important point is that the precise relation-
ship between the degree of heterogeneity and quantile
estimation accuracy remains an open question. As
noted in Ahmed, Khan, and Rahman (2024), their
findings showed no clear relationship between regio-
nal homogeneity and estimation performance, high-
lighting a potential contrast with our assumptions and
thus interesting as future research. Finally, in this
approach, focused only on the maximum flood. Yet
it is also useful to statistically evaluate the flood
volume and duration, as such information will help
to design adequate flood protection for flood risk
reduction. A direct comparison between this study
and the previous RFFA studies in New Zealand is
also challenging due to differences in the dataset.
However, since the region of study is identical and
the same metric, Relative Error (RE), was used, the
comparison remains informative.

4. Conclusions

Identifying hydrologically similar regions in RFFA in
regions with diverse climate characteristics and topo-
graphy, such as New Zealand is challenging. Sub-
regional division based on climate zones and catch-
ment characteristics has led to more similar regions
compared to sub-division into North and South Island
only. Among the seven tested distributions, the
2-parameter Log-Normal and Pearson 3 distribution
were found to be the dominant distributions for flood
events and time period considered. Regional estima-
tion models were developed using the Generalised
Additive Model (GAM) and Index-flood L-Moment.
It was shown that the approach of Regional Flood
Frequency Analysis developed here and applied to
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New Zealand provides improved design flood esti-
mates. This can be further refined in future work
using additional catchment characteristics and
extended flow time series. The approach can be imple-
mented in other regions and/or to obtain different
design flood estimates.
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