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Abstract

This study aimed to compare linear and non-linear regional flood frequency analysis (RFFA)
models where streamflow data of 88 catchments of New South Wales (NSW), Australia,
were utilized. The Quantile Regression Technique (QRT) was selected as the linear model
and an Artificial Neural Network (ANN) as the non-linear model. Six different flood
quantiles were considered, which are annual exceedance probabilities of 1 in 2 (Q;), 1in 5
(Q5), 1in 10 (Q19), 1in 20 (Qyp), 1 in 50 (Qsp), and 1 in 100 (Q199)- The selected two RFFA
models were compared using a split-sample validation technique (70% data for training
and 30% data for testing) and several statistical indices like relative error (RE), absolute
median relative error (RE;), bias, the median ratio of the predicted and observed flood
quantiles (Q;), and the root mean square error (RMSE). The ANN model exhibited smaller
bias values for Q,, Qs, Qo, and Qsy and smaller Q; values for Q1g, Q9, and Qsy. The REr
values for the ANN model were found to be lower for smaller return periods (Q,, Qs, and
Q10). The overall RE; value considering all six AEPs for the ANN model is 35%, which
is 37% for the QRT model. The results of this study could assist to select a suitable RFFA
technique for design application in the study area.

Keywords: floods; ungauged catchments; regional floods; ANN; Australian rainfall and
runoff (ARR)

1. Introduction

In recent years, flood damage has noticeably increased worldwide [1]. Floods affect
many people globally each year [2]. Flood damage can be reduced by building flood-safe
infrastructure using a risk-based approach. A design flood/flood quantile is used in this
risk-based design [3]. A streamflow associated with a specific annual exceedance probability
(AEP) or return period is called a design flood or flood quantile. For a gauged catchment
having sufficiently long recorded flood data, at-site flood frequency analysis (FFA) is
generally adopted to estimate design floods [4,5]. However, FFA is not directly applicable
to ungauged catchments due to a lack of recorded flood data at the location of interest.
Regional flood frequency analysis (RFFA) is one of the most widely adopted methods for
ungauged catchments. In RFFA, flood-related information is conveyed from a group of
gauged catchments to ungauged ones on the assumption of catchment similarity [6,7].

In RFFA, several linear methods have previously been applied such as the probabilistic
rational method (PRM) [8,9], the index flood method (IFM) [10,11], the quantile regression

Water 2025, 17, 1845

https:/ /doi.org/10.3390/w17131845


https://doi.org/10.3390/w17131845
https://doi.org/10.3390/w17131845
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/water
https://www.mdpi.com
https://doi.org/10.3390/w17131845
https://www.mdpi.com/article/10.3390/w17131845?type=check_update&version=1

Water 2025, 17, 1845

20f 16

technique (QRT) [12,13], kriging [14,15], and the generalized additive model (GAM) [16,17].
The PRM is an approximate method for estimating design floods for small- to medium-sized
catchments [18]. The PRM was the recommended technique for design flood estimation
at ungauged catchments in the 3rd edition of the Australian Rainfall and Runoff (ARR)
guideline (ARR 1987) [19]. However, Rahman et al. [9] noted that the flood quantile
estimates derived from PRM has no uncertainty measure. The IFM method relies on
the identification of homogeneous regions (e.g., using Hosking and Wallis criteria) [20].
Application of the IFM was unsuccessful for Australia since homogeneous regions could
not be identified [21]. The QRT may not need a perfect homogeneous region like the IFM as
noted by Haddad and Rahman [22]. The QRT develops regression equations where a flood
quantile is considered as a dependent variable and the chosen catchment characteristics
as independent variables. The United States Geological Survey recommended the QRT
for RFFA in the 1960s [23]. Rahman et al. [24] compared the QRT and the parameter
regression technique (PRT) using independent component (IC) regression based on data
from 88 catchments in New South Wales (NSW), Australia. The QRT with four predictors
performed better than the PRT with all the ICs as predictor variables [24].

The PRM, QRT, and IFM all are dependent on linearity assumptions, which are
hardly satisfied in hydrological situations, as rainfall runoff is a fundamentally non-linear
process [25]. Recently, Artificial Intelligence (Al)-based techniques have shown a better
performance in simulating non-linear problems [26]. Different Al-based techniques were
tested based on regionalisation, e.g., an artificial neural network (ANN) [27,28], support
vector regression (SVR) [29,30], gene expression programming (GEP) [31,32], an adaptive
fuzzy inference system (ANFIS) [33,34], random forest (RF) [35-37], and Extreme Gradient
Boosting (XGB) [38,39].

A number of ANN-based RFFA techniques provided accurate design flood estimates
as noted below. Dawson et al. [28] showed that ANNs could provide more accurate design
flood estimates than the IFM. Filipova et al. [40] used catchment and flood data of over
4000 catchments in the USA and found that an ANN model with one hidden layer provided
a similar performance as complex multi-layered ANN models. Aziz et al. [41] utilised
data from 452 gauged catchments across eastern Australia to develop an ANN model
and conducted a comparative analysis against the QRT. The study concluded that the
ANN model demonstrated superior performance over the QRT model when limited to two
predictor variables.

Given the inherently non-linear nature of the rainfall-runoff process, traditional linear
RFFA methods often fall short in delivering accurate design flood estimates when com-
pared to non-linear approaches such as ANNSs. Despite this, there is a noticeable lack of
comprehensive studies directly comparing linear and non-linear RFFA methods within the
Australian context. Notably, the current ARR guidelines continue to recommend regression-
based linear RFFA techniques for general application. This study aims to address this gap
by evaluating and comparing the performance of linear and non-linear RFFA methods
specifically for New South Wales (NSW), Australia. The findings are expected to enhance
understanding of regional flood behaviour in NSW and support the development of more
robust and precise RFFA models. Ultimately, this work could inform future updates to the
ARR guidelines by incorporating improved non-linear methodologies for flood estimation.

2. Study Area and Data Selection

New South Wales (NSW) state in Australia was chosen for this research as it has
better quality streamflow data as compared to other Australian states. A total of 88 gauged
catchments were chosen in this research, which were unaffected by major regulation (like
reservoir/dam) and land use changes. Generally, about 20-year-long streamflow data are



Water 2025, 17, 1845

3of16

needed from each station in a region to carry out meaningful RFFA [42]. The AMF data
length ranges from 25 to 89 years for the selected catchments.

Figure 1 shows the location of the study sites. Log-Pearson Type 3 (LP3) distribution
was adopted to carry out FFA using the annual maximum flood (AMF) data of the chosen
sites, since LP3 usually provides more accurate quantile estimates [42]. For FFA, FLIKE
2019 software [4] was used. Design floods/flood quantiles for six AEPs were estimated,
whichare1in2,1in5,1in 10, 1in 20, 1 in 50, and 1 in 100 (denoted by Q», Qs, Q10, Q20,

Qs0, and Q1¢p, respectively).

Figure 1. Location of 88 selected sites.

In an RFFA study, the selection of climatic and catchment characteristics (predictor
variables) is an important step. Several previous studies used eight catchment characteris-
tics to develop RFFA models for southeast Australia [41,43], as shown in Table 1. These
were also adopted in this study.

The data for AREA, Igp. MAR, and MAE were collected from the Australian Govern-
ment website. The data of SF, SDEN, S1085, and FOREST were obtained from 1:100,000
topographic maps as explained in Rahman et al. [24]. Table 1 summarises these data and
Figure 2 shows boxplots of the selected catchment characteristics for the selected 88 stations.
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Table 1. Summary data of the chosen catchment characteristics.
Acronyl'n and Description Influence Min Max Mean Median
Unit Status
AREA, km? Catchment area Direct 8 1010 353.60 260.00
Precipitation having
Igp, mm/h duration of 6 h and 2-year Direct 31.30 87.30 45.10 43.10
return period
MAR, mm Mean annual rainfall Indirect 626.17 1953.23 990.40 909.90
Shortest distance between
the catchment’s centroid and .
SF outlet divided by the square Direct 0.26 1.63 0.76 0.77
root of AREA
MAE,mm  |ieanannual potential Indirect 98040 154330 122280  1185.60
evapotranspiration
Ratio of total stream length
1 g .
SDEN, km and AREA Direct 0.52 5.47 2.84 2.70
Slope of mainstream .
51085, m/km considering 75% length Direct 1.54 49.86 13.02 9.08
FOREST | raction of the forested area Indirect 0.0001 0.99 0.50 0.52
of the catchment
Catchment characteristics are often correlated [22]. The correlations could be either
positive or negative. Table 2 presents correlation coefficients among the predictor variables.
It may be noted from Table 2 that Is;, MAR, and MAE are highly correlated. SDEN is
moderately correlated with Ig;, MAR, and MAE, whereas FOREST has moderate correla-
tions with Igp, MAR, and S1085. With AREA, all other predictors are negatively correlated,
and among them, MAR and S1085 show a moderate correlation. SF shows a very low
correlation with other predictors.
Table 2. Correlation coefficient of the selected catchment characteristics for the 88 stations.
Variables AREA Is2 MAR SF MAE SDEN S1085 FOREST
AREA 1.00
Iz —0.21 1.00
MAR —0.31 0.83 1.00
SF —0.05 0.03 —0.06 1.00
MAE —0.09 0.67 0.53 0.14 1.00
SDEN —0.18 0.37 0.36 0.04 0.39 1.00
$1085 —0.33 —-0.12 —0.02 0.05 —0.29 —0.08 1.00
FOREST —-0.12 0.33 0.40 —0.01 —0.03 0.05 0.39 1.00
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Figure 2. Boxplots of selected catchment characteristics for the selected 88 stations.

3. Methodology

In this study, the adopted overall methodology is illustrated in Figure 3. In the
beginning, the exploration of previous RFFA studies helped to understand assumptions
associated with different RFFA methods. Then, the 88 hydrometric stations were selected
from NSW, Australia. Streamflow data were checked for inconsistency and gaps, and
catchment data (Table 1) were extracted. Afterwards, both the dependent and independent
variables were log-transformed to develop the QRT, which makes the prediction equations
more suitable for handling skewed data.

This study adopted the ANN and the QRT models since these are the most widely
used non-linear and linear models for RFFA, respectively. Separate ANN and QRT models
were developed for each of the six return periods. The models were tested by implementing
a split-sample validation (70% data for training and 30% data for testing). In the split-
sample validation technique, the dataset was divided randomly for training and testing.
It should be noted that other validation methods such as Mote Carlo cross-validation, as
explained by Haddad et al. [44], could be applied. For the ANN model, hyperparameters
were maintained as mentioned in Section 3.2. Finally, the results of both the models were
compared by applying five statistical measures (presented in Section 3.3). The two RFFA
models (QRT and ANN) adopted in this study are explained below.
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[ QRT and ANN model selection to ]

[ Literature Review ] develop RFFA models

QRT and ANN model development Study area s:l.election_, .catchmcnt
by applying split-sample validation characteristics selection, flood
quantile estimation

Performance comparison of the ANN Conclusion and recommendation
models with QRT for each of 6 AEPs

Figure 3. Methodology adopted in this study.
3.1. QRT

In the QRT, an estimation model is formulated by regressing a flood quantile (e.g., Qy)
with a set of catchment characteristics.
The general form of the equation is as follows:

log(Qr) = Po + P1 x log(Xq) + P2 x log(Xa) +...+ Bsg x log(Xs)

Here, Q7 = flood discharge for a given AEP of 1 in T, the independent variables X = (X1,
Xz, ..., Xg), and the regression coefficients are By, B1, B2, . . ., Bs. The regression coefficients
can be estimated by several techniques; however, the ordinary least-squares (OLS) method
is one of the commonly adopted methods.

3.2. ANN

The concept of artificial neural networks (ANNSs) originates from the functioning of
biological neural systems. McCulloch and Pitts [45] proposed a mathematical formulation
of the very first ANN model. ANN architectures can vary, including single-layer, double-
layer, and multilayer designs. In a multilayer network, the first component is the input layer,
followed by one or more hidden layers, and concluding with the output layer. Each layer
has a connection to the following or the same layer nodes depending on the model type.
Two nodes are connected via a weight connection network and an activation function, which
stimulate the neuron initially. Information flows from the input layer through the hidden
layer(s) and ultimately reaches the output layer, which is called forward propagation. The
ANN model makes predictions by manipulating model parameters and weights by using
a backpropagation (BP) process [46]. Figure 4 shows the concept of the multilayer ANN
model. ANN model overfitting is related to the model architecture and the number of data
points used in the model training. In this study, an ANN learning rate of 0.01 and maximum
iterations of 1001 were adopted. The number of hidden layers maintained is 3-5 so that
the model does not suffer from overfitting [47-49]. As the activation function, a Rectified
Linear Unit (ReLU) was adopted to create a non-linearity aspect to the ANN model.

3.3. Statistical Indices

Several statistical indices (Equations (1)—(6)) were utilized for evaluating the developed
RFFA techniques. Both the observed and estimated flood quantiles were log-transformed
by calculating the root mean square error (RMSE) and bias. The reason behind using
log-transformed flood quantiles is to reduce the influence by the large flood peaks in
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modelling [50]. In finding the relative error percentage (RE), median absolute relative error
(RE;) and Qr ratio, observed flood quantiles (Qops) and predicted flood quantiles (Qpyeq)
are adopted. For all the statistical measures, the lowest values are preferred except the Q
where the preferred value is 1.00.

Qpred
r — 1
e Qobs ( )
RE = 2Pe=Qus 10 @)

Qobs

Abs RE = abs(RE) 3)
REr = median|abs(RE)] 4)
RMSE = [\/rnean[(log10Qpred —log10Qobs)?]] m3/s (5)
Bias = mean(log10Qpred — log10Qobs) m3/s (6)

Here, for the test catchments, Qs is the observed flood quantile from FFA, and Qg is
the predicted flood quantile for the test catchment, obtained from the developed prediction
equation based on the QRT and ANN.

Input Hidden Hidden Output

Layer Layer 1 Layer 2 Layer

I Forward Propagation 1

Input —»

| Back Propagation |

Figure 4. Multilayer ANN model concept.

4. Results

Table 3 provides the RE,, bias, and median Q, values for the QRT and ANN models
(based on 27 test catchments). Table 3 reveals that the ANN model outperforms the QRT
model in terms of RE; for Q,, Qs, and Qqg, bias for Q,, Qs, Q»p, and Qsp, and median Q; for
Q10, Q20, and Qsg. The overall median RE; considering all the six AEPs for the ANN model
is 35.45% (which is 37.44% for the QRT). The overall median bias for the ANN model (0.026)
is much smaller than that for the QRT model (—0.050). Furthermore, the overall Q; value
for the ANN model is closer to the ideal value of 1.00 than that of the QRT model. It should
be noted here that none of the two models performed equally well (Table 3) across all the
six AEPs and the three statistical indices.

Figure 5 shows RE box plots associated with the QRT and ANN models for the six
AEPs. For the ANN model, the box widths for Q1g, Qo, and Qs are narrower than those
for the QRT. In relation to bias, the ANN performs better for Q19, Q29, and Qsg than does
the QRT. For Q1q9, the box width is very similar for both the models, and for Q, and Qs,
the box width for the QRT model is much narrower than that for the ANN model. In terms
of bias, the ANN model provides very good results (where the 0-0 reference line very well
aligns with the median value, represented by the solid line with the box).
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Figure 5. Boxplot of RE values associated with QRT and ANN models.

Figure 6 represents histograms of the Abs RE values associated with the QRT and
ANN models. This figure shows that for the ANN model, the number of stations with
Abs RE values less than 25% is higher for all the AEPs except Q,. However, the ANN
shows a higher number of stations with Abs RE values more than 100% for Q,, Qs, and
Qoo compared to the QRT model. These results show that generally, the ANN model
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outperforms the QRT model by producing smaller values of the Abs RE for most of the
stations. It should be noted that for a few catchments, the ANN model did not perform
well, resulting in higher Abs RE values. It would be necessary to carry out further study to

find out the reason for this poorer performance.
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Table 3. Three statistical measures for the two models (QRT and ANN).
AEP RE; RE; Bias Bias Median Q; Median Q,
ORT ANN ORT ANN ORT ANN
Q2 39.12 33.79 —0.072 —0.001 0.86 1.17
Qs 38.40 32.82 —0.087 0.007 0.83 1.18
Q1o 40.40 31.89 —0.014 —0.015 0.91 1.01
Q20 37.14 39.56 —0.017 0.007 0.77 1.05
Qso 36.95 36.95 0.053 —0.032 0.94 0.98
Q100 36.30 35.49 0.033 —0.064 1.11 0.87
Overall 37.44 35.45 ~0.050 0.026 0.89 1.06
Median
Note: Blue colour indicates preferred value.

Figure 7 presents the RMSE bar plot for the QRT and ANN models, which shows that
the ANN produces smaller RMSE values for all the AEPs except the Q»9. For Qyp, both the
models show similar RMSE values

To evaluate the ANN model performance in depth for this study, five poorly performed
catchments based on Q; values higher than 1.5 and five well-performed catchments based
on Qr values in the range of 0.99-1.01 were selected. From Figure 9, it can be stated that
the poorly performed catchments have relatively higher AREA and smaller SDEN values,
and the well-performed catchments have a smaller AREA and a higher 162 and MAR (i.e.,
smaller and wetter catchments).

RMSE
mQRT ®mANN
0.30
0.25
0.20
g 0.16 0.16
= 015 0.1 .14
>
B 610
5 0.05
0.00
Q10 O Q50 010
AFEPs

Figure 7. RMSE bar plot for QRT and ANN models for six AEPs.
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Figure 9. Poorly performed catchments (C1, C2, C3, C4, and C5) and well-performed catchments
(C11, C12, C13, C14, and C15) characteristics in the ANN (thick line represents the median value of a
catchment characteristic considering all the 88 catchments).

5. Discussion

To compare the performance of the ANN model of this study, RE, values for the six
AEPs were compared with few other RFFA studies (Table 4). Rima et al. [51] compared
the GAM and the parameter regression technique (PRT) for RFFA using data from NSW.
In their study, the GAM outperformed the PRT with RE; values ranging from 33 to 39%.
In another study, Ali and Rahman [52] carried out a kriging-based RFFA study where
RE; values for NSW were found in the range of 28.2-35.9%. In another study, Zalnezhad
et al. [43] compared SVM- and ANN-based RFFA models for Australia where the ANN
model showed better performance than the SVM with RE; values ranging from 33 to 54%.
Similarly, Aziz et al. [41] compared ANN and GEP models with the QRT for southeast
Australia. They revealed that the ANN outperformed the other models with RE; values
in the range of 36-46%. The ARR-recommended RFFA model [42] in Australia showed
RE; values ranging from 57.3 to 64.1% in NSW. The ARR-recommended RFFA model used
a LOO validation technique and 558 catchments from eastern Australia. Compared to
the other studies mentioned in Table 4, the ANN model of this study showed generally
better/comparable results by showing lower RE; values ranging from 31.9 to 39.6% in NSW.
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Table 4. Comparison of results of this study with other ones based on the literature.
Study Method Adopted Data Vahda.tlon Comment
Technique
GAM RE; in the
88 gauged A AN
Rima et al. [51] GAM and PRT catchments of LOO range of 34 .40 %,
NSW. Australia validation log-log RE; in the
! range of 36-45%
. Kriging-based 558 catchments from LOO For NSW’ Australia,
Ali and Rahman [52] . o RE; in the range of
RFFA eastern Australia validation
28.2-35.9%
ANN RE; in the
ANN compared with 188 catchments from Split-sample range of 33-54%,
Zalnezhad etal. [43] SVM for RFFA southeast Australia validation SVM RE; in the
range of 36—48%
ANN RE; in the
ANN and GEP 452 stations . range O.f 36-45%,
. . Split-sample GEP RE; in the range
Aziz et al. [41] compared with QRT from eastern e
for RFFA Australia validation of 38-46%,
ORT RE; in the range
of 43-65%
ARR19 RFFA model PRT-based 558 catchments of LOO For NSW’ Australia,
. 1L RE; in the range of
[42] RFFA eastern Australia validation 573_64.1%
ANN compared 88 gauged Split-sample r?rll\I ?3?%—1;9?‘;
This study with QRT catchments of NSW, prtsamp e D
for REFA Australia validation QRT RE; in the range
of 36.3-40.4%

Different methods perform differently; for example, the kriging method performs well
in the dense stream gauging network. The eastern part of Australia is an ideal region for
kriging-based methods, as this region has a dense stream gauging network. It should be
noted that the ARR method used a larger dataset from all the Australian states and the
LOO validation technique, whereas this study used a smaller dataset from the NSW state
and adopted a split-sample validation technique. Generally, the LOO validation technique
provides higher relative error values than the split-sample validation technique. The main
limitations of the current study are that it compares only two RFFA methods (ANN and
QRT) and it applies the ordinary least-squares method to develop the QRT method.

6. Conclusions

This study focuses on the development of RFFA for NSW, Australia, using data from
88 catchments. It compared QRT- and ANN-based RFFA models. A split-sample validation
technique (70% data for training and 30% data for testing) was used to evaluate the per-
formances of these models based on five statistical measures for six different AEPs. It was
found that the ANN model outperforms the QRT model in particular for smaller return
periods (Q>, Qs, and Q1p); however, the median relative error values for higher return peri-
ods are similar for both the methods. For the ANN model, the median relative error values
range from 31.89 to 39.56%, and are 36.30—40.40% for the QRT model. The ANN model
outperforms the currently recommended RFFA model in the Australian Rainfall and Runoff
(ARR) guideline. The ANN model generally performs better than the QRT for smaller
and wetter catchments. It should be noted that for fewer catchments, the ANN models
perform poorly, showing a high estimation error. To improve the ANN model in subsequent
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research, these unusual catchments need to be investigated further. Future studies should
apply bootstrapping and Monte Carlo cross-validation to evaluate the model performance
of the ANN model in a more comprehensive manner. The ANN model developed here
should be tested in other Australian states so that it can be applied nationally.
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