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Abstract

The reliability of extreme estimates of hydro-meteorological events such as extreme rainfalls may be questionable due to limited histori-
cal rainfall records. The problem of limited rainfall records, however, can be overcome by extrapolating information from gauged to
ungauged rainfall catchments, which requires information on the homogeneity among rainfall catchments. The purpose of this study is to
introduce a new regionalization algorithm to identify the most suitable agglomerative hierarchical clustering (AHC) algorithm and the
optimum number of homogeneous rainfall catchments for non-stationary rainfall time series. The new algorithm is based on the Tech-
nique for Order of Preference by Similarity to Ideal Solution (TOPSIS) algorithm. This study also suggests the use of Bootstrap K-
sample Anderson Darling (BKAD) test for validating regionalized homogeneous rainfall catchments. The Cophenetic Correlation C oeffi-
cients (CCC) from ten similarity measures are used as attributes for the TOPSIS algorithm to identify the most suitable AHC algorithm
out of seven algorithms considered. The C-index (dc;), Davies-Bouldin index (dpg), Dunn index (dp;) and Gamma index (dg) are then
used as attributes for the TOPSIS algorithm to determine the optimum number of homogeneous rainfall catchments. The results show
that the most suitable AHC algorithm is able to cluster twenty rainfall catchments in Kuantan River Basin, Malaysia into two optimum
significant homogeneous clusters. The results also imply that the BKAD test is invariant towards the number of Bootstrap samples in the
validation of homogeneous rainfall catchments.

Keywords: Agglomerative Hierarchical Clustering Algorithm; Bootstrap K-Sample Anderson-Darling Test; Non-Stationary Time Series; TOPSIS Algo-

rithm

1. Introduction

The reliability of water resource management planning, hydraulic
structure design and flood plain zoning are highly dependent on
the extreme estimates of hydro-meteorological events such as
extreme rainfalls. This reliability, however, is often restricted due
to limited records of historical rainfalls of ungauged catchments.
Several regionalization algorithms have been suggested to over-
come this restriction by extrapolating information from gauged to
ungauged catchments, such as the agglomerative hierarchical clus-
tering (AHC) algorithm [2], [6], [10], [15], [17], [32], [35], [44],
the principal component algorithm [5], [42], the canonical correla-
tion algorithm [7] and the neural network algorithm [16], [26].

The AHC algorithm is widely used in the area of hydrological
regionalization [11]. For examples, Burn et al. [6] applied the
simple linkage clustering algorithm and heterogeneity measures to
regionalize and validate homogeneous catchments in the West-
Central Canada. Guttman [15] applied the average linkage and
Ward’s minimum variance clustering algorithms to regionalize

precipitation catchments in the United States, and validated the
homogeneous catchments using the discordance and heterogeneity
measures. Venkatesh and Jose [44] regionalized and validated
homogeneous rainfall catchments in the Western Ghats using the
Ward’s minimum variance clustering algorithm and the analysis of
variance. In the later years, Ngongondo et al. [32] and Pansera et
al. [35] proposed an efficient two-stage clustering algorithm to
regionalize homogeneous catchments of the Southern Malawi and
Brazil respectively, where the homogeneous catchments were
validated by the discordance and heterogeneity measures.

Several studies on regionalization of homogeneous catchments in
Malaysia were also carried out. Ahmad et al. [2] concluded that
the complete linkage clustering algorithm based on the correlation
similarity metric is the most appropriate algorithm to regionalize
homogeneous catchments in Peninsular Malaysia, and suggested
that the optimum number of clusters to be determined when the
majority of internal clustering validation indices show similar
results. In another study, Hamdan et al. [17] regionalized rainfall
patterns using the rainfall amount curves, and regionalized and
validated homogeneous catchments using the complete linkage
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clustering algorithm and the adaptive Neyman test. Recently,
Chuan et al. [10] proposed another efficient regionalized algo-
rithm in identifying homogeneous precipitation catchments in
Kuantan River Basin, Pahang. Their proposed regionalized algo-
rithm is the associated between the average linkage hierarchical
clustering algorithm and multi-scale bootstrap resampling.

Most of the previous studies showed that the identification of the
most appropriate AHC algorithm and the optimum number of
homogeneous catchments is applied to stationary rainfall time
series. On the other hand, the discordant and heterogeneity
measures are more suitable for low skewed data [45]. Therefore, a
new regionalization algorithm which is more suitable for non-
stationary extreme rainfall time series is essential as past studies
have shown that regional phenomenon, such as the monsoon, El
Nino-Southern Oscillation, Indian Ocean Dipole and Madden-
Julian Oscillation, have created non-stationary components in
climate variability [1], [43].

The main objective of this study is to propose a new regionaliza-
tion algorithm to identify the most appropriate AHC algorithm and
the optimum number of homogeneous catchments for non-
stationary rainfall time series using the Technique for Order of
Preference by Similarity to Ideal Solution (TOPSIS) algorithm.
The use of Bootstraps K-sample Anderson Darling (BKAD) test is
also proposed in this study to validate regionalized homogeneous
catchments. The rest of this article is organized as follows: Section
2 provides the description of the study areas, while the methodol-
ogies for analyzing the monthly historical rainfall data are de-
scribed in Section 3. Section 4 discusses the results. The conclud-
ing remarks and future works are presented in Section 5.

2. Study areas

Pahang is considered as one of the substantial districts of agricul-
tural land use in Malaysia [31]. The state is often exposed to risks
of flood occurrence during the Northeast Monsoon, which could
result in massive impacts in terms of economic damages and fatal-
ities. Even though Malaysia has transforms into a relatively open
state-oriented and a newly industrialized market, the agriculture
sector remains to play a significant role in ensuring food security,

economic growth, socio-economic improvement, employment
generation and poverty reduction of the nation [3], [14], [20].
Therefore, intelligent and adequate water resource management
planning, hydraulic structure design and flood plain zoning are
highly required to secure the agriculture activities which are sup-
posedly unaffected by the quality and quantity of the water supply.
The monthly historical rainfall records from twenty rainfall
catchments in Kuantan River Basin, Malaysia are considered in
this study. The Kuantan River Basin is known as one of the signif-
icant tributaries that irrigates the majority of the rural, urban, agri-
culture and industrial areas of Kuantan District [49]. The locations
of the twenty rainfall catchments are shown in Fig. 1, and the in-
formation on each station are illustrated in Table 1. The monthly
rainfall records cover the period of February 2010 until November
2014, and are obtained from Department of Irrigation and Drain-
age (DID), Malaysia, which coverage period of the Northeast
Monsoon. Despite the short period of monthly rainfall records is
used in this study, however, this sample size is sufficient for risk
assessment [25].

Fig. 1: Location of 20 Selected Rainfall Catchments in Kuantan River
Basin, Pahang.

Table 1: Characteristics and Summary Statistics of Monthly Rainfall Historical Records of 20 Selected Rainfall Catchments in Kuantan River Basin,

Pahang

Stn Stn Name Ev Lat Long MN CV

01 Sri Damai 149 03°44°47" 103°13°20" 90,5552 165.6909
02 Paya Bungor 34.7 03°41°30” 102°56°00"° 158.1138 77.1298
03 mm””g FUE 374 03°39°10” 103°07°10° 181.5224 715749
04 Kampung Bahru 7.6 03°37°50" 103°18°55 179.6224 92.8763
05 JKR Gambang 413 03°42°20" 103°07°00"° 234.0069 66.1214
06 Paya Besar 6.0 03°46°20" 103°16°50"° 162.8810 93.1208
07 ggimpung e 119 03°43°50” 103°18°00” 210.9621 94.1730
08 Ladang Ulu Lepar 917 03°50°25" 102°48°00"° 167.2017 65.7289
09 Ladang Mentiga 9.4 03°48°58" 103°19°30° 199.1931 73.1688
10 Panching 714 03°48°53" 103°09°38"° 234.0707 86.9853
11 Paya Pinang 6.7 03°50°30" 103°15°30° 209.7328 93.7746
12 3PS Pahang 10.3 03°48°30" 103°19°45 180.8603 97.8549
13 Ladang Jeram 14 03°53°40" 103°23°00° 210.9414 119.5480
14 Sungai Lembing 331 03°55°00" 103°02°10° 245.6690 62.2638
15 Ladang Nada 16.9 03°54°30” 103°06°20"° 227.9431 73.9733
16 r';]‘::]ang ERRE e 03°54°00" 103°08°00"° 201.8638 74.4579
17 Balok 41 03°56°40" 103°23°00° 220.8241 110.4599
18 Bukit Sagu 20.9 03°56°14” 103°12°52” 511.7517 79.6973
19 Kampung Cherating 9.0 04°05°35" 103°22°50"° 2212155 108.1321
20 E?anung SlgEl 585 04°30°00”’ 103°23°40”° 228.7362 108.5308

*Note: Stn: Station; Ev: Elevation (In Meters); Lat: Latitude (North); Long: Longitude (East); MN: Monthly Average of Rainfall Amount (in Millime-

ters); CV: Coefficient of Variation (percentage).



3. Methodologies

An overview of the proposed algorithms to identify the most suit-
able AHC algorithm and the optimum number of homogeneous
catchments is presented in Fig. 2.
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Fig. 2: Overview of the Proposed Algorithm.

3.1. Data screening

The missing daily rainfall records are imputed by applying the
superior imputation algorithm of missing rainfall records which is
proposed in Saeed et al. [36]. Let the imputed historical daily rain-
fall records for K rainfall catchments are aggregated into J

months as X=[%, | :i.(i)=1 2 ..., J, (K). The unitization func-

tion, which is based on the coefficient of variations (as shown in
Table 1), is applied to diminish the variability among the rainfall
catchments:

min{X, |

max{X, | ~min{X, |

i

)A(J

X, =
1)

Hence, a new transformed data, X =[x, |, : x, [0, 1] is resulted.

The accuracy of extreme estimates in the analysis of stationary
regional frequency is liable on the inherent assumptions of no
serial correlation over time and spatial independence in the rainfall
catchments time series. It should be highlighted that this study is
independent of these assumptions, and focuses on the non-
stationary regional frequency analysis. The Mann-Kendall trend
[28] test carried out on the monthly historical rainfall records
showed that the rainfalls are restricted from serial correlation over
time.

3.2. Agglomerative hierarchical clustering algorithms

The agglomerative hierarchical clustering (AHC) algorithm based
on several mechanisms such as the complete linkage (CL), cen-
troid (CM), group average (GA), median (MM), simple average
(SA), single linkage (SL) and Ward’s minimum variance (WM) is
an unsupervised learning approach which is applied to identify
natural homogeneous rainfall catchments. In principle, the AHC
algorithm is performed with K -1 successive fusions, by agglom-
erating the closest (or farthest) pair of the rainfall catchments
based on the predetermined distance metric, until K rainfall
catchments is agglomerated as a single cluster (or dendrogram).

Let 5(X,, X, ) represents the smallest predetermined similarity

distance for a single cluster, X , comprising the agglomerated
pair of X, and X_ clusters. A new dendrogrammatic distance,

5 (X,, X,), between a new single cluster, X, and the remaining

non-agglomerated clusters, X, is resulted by updating the general
dendrogrammatic distance function [24]:

5 (X,.X,)=BS(X, . X, )+ B5(X, . X, )+ B5(X, . X, )+
BI5(X,. X, )-8(X,.X,)

@

The coefficients of the distance function are 8, g,, 8, and g,
and the related formulas for the coefficients based on seven mech-
anisms considered in this study are summarized in Table 2. The
number of rainfall catchments in cluster X , X_ and X, are de-

noted by n , n_ and n, respectively.

Table 2: Coefficients of Distance Function for Seven Mechanisms of
AHC Algorithms

Vi Coefficients
c
A b, B, B,
CL 0.5 0.5 0 0.5
n, n, M,
Cm n, +n, n,+n, (n, +n, )2 v
n n
GA Po Yo 0 0
n +n n_+n
Po o Po Qo
MM 0.5 0.5 -0.25 0
SA 0.5 0.5 0 0
SL 0.5 0.5 0 -0.5
WM nﬂo + nq n% + nq nﬁ 0
n,+n, +n n,+n, +n n, +n, +n,

*Note: Mch: Mechanisms
3.3. Similarity distance metrics

The AHC algorithm is frequently associated with a similarity dis-
tance (SD) metric. The Euclidean distance is a well-known SD
metric, and is often applied in the AHC algorithm in previous
hydrological studies. A series of comparative studies concerning
the effectiveness of the SD metrics in the AHC algorithm were
also carried out in other multidisciplinary areas [21], [33], [38],
[41].

This study further investigates the efficiency of several SD metrics
in the AHC algorithm. Ten measures of SD metrics without upper
bound are considered in this study, namely the Altgower (s,,),

Binomial (s,,), Canberra (5,,), Euclidean (5,), Gower (8,),

cD ED

Horn (6,,), Jaccard (8,), Kulczynski (5,,), Manhattan (5,,)

HD MD

and Sgrensen (5,,), which can be formulated as the followings:
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S (X, Xq):Té{(xp),*(xq),} 180 %) E o X
CARERRR @A) _ - {8*(X,, X))=6*(X,, X,)}
{z{é(xs, X, )=5(X,, X)) x }
{4} <)) B
2(X 2(X * _S* ?
g O 120 S{0+(X X )-8 *(x., X )
X,), '

4
1) -(x),
8 (X, xq)=nwx) " ,Zl{(xp) (X)) }
e T (5)
e (XD’ XQ): g{(XD)J 7(Xa).}2 ©)
5 (% %) =3 5{%,), (%) | -
N - Y = AN CAYCRY
T Bl
(o)) £l )
{,,{ }} i= } } (8)
5o (X,. X,)= 22 X), (%)
E{(XD)J _(xa),}_'—g XP)J _(xa), (9)
S0 (X,, X,)=1 'Z’lm‘in{«X” "(X“)‘>}+
KD p? N Zé{(xp)l}
Smin{((x,),.(X,), )}
25{(x) | )
éMD(XD’ Xa)zg{(xv), _(XQ)J } (11)
5,(X,, X )=JJ§{(X° J_(x")‘}
B i{(xv 7(Xq)}
EUC (12)
where Mo, ) is the number of non-zero monthly historical

rainfall amounts in clusters X and X ;X X eX,, and n ‘

{(6), (x4, 0
is the number of pairs of zero monthly rainfall amounts in clusters
X, and X,.

Let 5(X,, X,) represents the SD metric between two clusters, X,
and X; X,X eX,. The performance of the SD metrics in the

AHC algorithms is evaluated using the cophenetic correlation
coefficient (R.), which is formulated as below:

The results of Kruskal-Wallis H test on the computed R_ indicate

that there are significant differences among the ten similarity
measures considered. Therefore, the R_, which is based on simi-

larity measures, are used as attributes for the TOPSIS algorithm to
identify the most suitable AHC algorithm.

3.4. Multi-criteria decision making algorithm

In previous studies, the AHC algorithms are often determined
based on prior knowledge [15], [17], [32]. In other studies, Panse-
ra et al. [35] and Saracli et al. [38] proposed the identification of
the most appropriate AHC algorithm based on the R_. Previous

studies [2], [35] suggested that the identification of the optimum
number of homogeneous catchments is based on several internal
clustering validation indices. Therefore, the TOPSIS algorithm,
which is a multi-criteria decision making algorithm originated
from Hwang and Yoon [19], is suggested in this study as an alter-
native algorithm to identify the most suitable AHC algorithm and
to determine the optimum number of homogenous rainfall catch-
ments.

The TOPSIS algorithm is an effective probabilistic analytical
model, which is extensively researched in the literatures of multi-

disciplinary areas [12], [34,] [37], [40]. Let T=[tm]w;
p.(q)=1 2, ---,P,(Q) represents the normalized matrix of R,

with P attributes and Q alternatives. The main objective of the

normalized matrix is to ensure the comparability across attributes.
Based on the principle of TOPSIS algorithm, the designated best
alternative shows the highest value of relative closeness(C), and

is given as:

ZP (6 pq 6q )2
C=r an = o = =
2 6pu 6117 2 6ua 6;
D:l( ) JD:I( ) (] 1)

where ¢; =max {0, }, 6, =min{d, }, 0<C<1 and ¢,=wt, is the

q

weighted normalized observations with weight function:

(15)
on condition that iwﬂ =1

3.5. Homogeneity validation indices

In principle, clustering validation indices can be categorized into
external and internal criteria, and are used to evaluate the good-
ness of the identified natural homogenous cluster [29]. Since ex-
ternal clustering validation indices requires prior information re-
garding the data, several hydrological studies [2], [22], [35] used
internal validation indices in identifying the optimum number of
homogeneous catchments. However, past studies have shown that
the determination of the optimum number of homogeneous catch-
ments based on selected validation indices are considerably sub-
jective, due to inappropriate combinations of validation indices
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that may affect the final results [8], [13]. This uncertainty, howev-
er, may be overcome by using several well-known validation indi-
ces, such as the C-index (s,), Davies-Bouldin index (s,,), Dunn
index (8, ), and Gamma index (&, ), which are suggested in this
study as attributes for the TOPSIS algorithm.

Suppose X:[Xjk]m are partitioned into M disjoint clusters of

homogeneous catchments, X=[C] ;i=1 2, ...,M with centroid

oK, !
— X . . . .
C=13 ﬁ Therefore, the aforementioned validation indices can

be expressed as:

{z S {0 (Xuxa ) -

O

xfmnfote )

Kone Xoge X

8 { 5 {ngx{c?(xmwxwk)}}_

Koy Ko e X

x fmin{olx,, ., )}}}

Kouke Koy X (16)
550 (Xlk’éwa) é‘ED (Xjk‘élh)
Z{ K, }+z{ K,
max = =~
Ci, Ciy X Ta#ly 550 (C‘ y Ci“ )
503 -
M a7
cn'l”]x{mfllp {55‘7 (Xi' € Cin 'X'i € C'B )}}
T max| max {6, (x,x, I (18)
X i > | {é‘en(xwk’X%lk)<5ﬁ’(x“k’X“k )}
TR
dex 2 2 Crex 2 (19)

3.6. Bootstrap K-sample Anderson darling test

In the past decades, several homogeneity tests [9], [27], [46], [48]
were introduced in hydrological literatures. These homogeneity
tests were routinely applied to validate regionalized homogeneous
catchments, especially after the introduction of the L-moment
heterogeneity measures by Hosking and Wallis [18]. Even though
the efficiency of the L-moment heterogeneity measures is restrict-
ed to highly skewed hydrological data [45], this restriction can be
competently overcome by using the Bootstrap K-sample Anderson
Darling (BKAD) test.

The BKAD test is a generalized classical Anderson Darling good-
ness-of-fit test which is free from any statistical assumption [39],
145]. Let x, <x, <---<x,, be the pooled ordered sample of X.

(K

The test statistic of BKAD, ¢, and its variance, V(#,,), can be
formulated as:

) 7JK71(anK —j)2
b = =Tk —)
TR (20)

_T(K -3)

V(#hoo) =iy (7K £ 1, (0K + 7K )

(21)

where n, represents the number of observations in the kth sam-
ple that are no more than the jth smallest observation in the pooled
samples, and y,,7,, 7, and y, are defined as:

7 =2K [3K +J§1L __2)]

= ]

2

x1(3IK?+2JK +2J +K
yzz—J—[JKZ—&]K +3K—z( k )

]

K-2 JK
Y
7 (K =j)(i +1)]
/2 =—J3[2JK 430 +3K —’217(‘”'( _‘}J ~7K)
we JK?+K +2) ]
= (K —1)(j +1)
2[ xe 20K —2] —3K J

yo=—2|30K +3) +5K — ¥ S TL0 TR
J 7 (K -j)(i+1)

(22)

Based on this rank test, the regionalized homogeneous catchments
have considerable heterogeneity if and only if

__ UBKAD

. —(K -1)
T —Zeo VY 7
BKAD V(ﬁ';xm)

= 'K«

(23)

Since the BKAD test is performed solely based on the ranks of
sample observations, the stability property of this rank test is ques-
tionable. As an alternative, the bootstrap resampling approach is
applied to determine the acceptable limits of the BKAD test.

4. Results and discussion

4.1. ldentification of homogeneous rainfall catchments

Fig. 3 illustrates the descriptive statistics of the monthly rainfall
historical records for 20 selected rainfall catchments in Kuantan
River Basin after applying the unitization function. Based on the
measure of central tendency, the average monthly rainfalls of Sta-
tion 18 is significantly higher, while the average monthly rainfalls
of Station 01 is significantly lower compared to other rainfall
catchments. The non-parametric multiple comparison test show
that there are significant differences between Station 05 with Sta-
tions 02 and 08. The statistical evidences indicate that the average
monthly rainfalls of Station 14 is higher than Stations 02, 03, 06,
08 and 18 at & =0.05.

Table 3 and Table 4 respectively illustrate the performances of
seven AHC algorithms and ten selected SD metrics based on the
TOPSIS algorithm. The GA algorithm (shown in Table 3) is more
superior than the other six algorithms, as displayed by the highest
relative closeness. In terms of attributes, the 5, (shown in Table

4) is more superior than the other nine SD metrics. Thus, the GA
algorithm with 5, attribute is the most suitable algorithm among

the seventy AHC algorithms tested in this study. It should be not-
ed that seven AHC algorithms with ten SD metrics attributes con-
sidered in this study resulted into a total of seventy AHC algo-
rithms.
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Fig. 3: Descriptive Statistics of Monthly Rainfall Historical Records of 20
Selected Rainfall Catchments in Kuantan River Basin.

Table 3: Ranking and Performance for AHC Algorithms

sD AHC
CL CM GA MM SA SL WM
S 0.9621 0.9646 0.972 0.9574 0.9649 0.9690 0.9298
[ 0.9099 0.9576 0.9669 0.9550 0.9578 0.9583 0.9110
[ 0.8984 0.9407 0.9566 0.9313 0.9525 0.9426 0.8851
O 0.9501 0.9554 0.9672 0.9254 0.9590 0.9630 0.9194
Oep 0.9625 0.9636 0.9712 0.9536 0.9632 0.9668 0.9032
S 0.8542 0.9352 0.9383 0.8917 0.9204 0.9336 0.8121
S, 0.9089 0.9161 0.9438 0.9056 0.9351 0.9268 0.8379
So 0.8643 0.8853 0.9117 0.8305 0.9005 0.8967 0.7516
Sy 0.9265 0.9402 0.9499 0.9280 0.9422 0.9359 0.8830
Suo 0.9625 0.9636 0.9712 0.9536 0.9632 0.9668 0.9032
Ranked 5 4 1 6 3 2 7
Table 4: Ranking and Performance for SD Metrics
SD AHC Ranked
CL CM GA MM SA SL WM
O 0.9621 0.9646 0.9720 0.9574 0.9649 0.9690 0.9298 1
O 0.9099 0.9576 0.9669 0.9550 0.9578 0.9583 0.9110 5
O 0.8984 0.9407 0.9566 0.9313 0.9525 0.9426 0.8851 7
S 0.9501 0.9554 0.9672 0.9254 0.9590 0.9630 0.9194 2
O 0.9625 0.9636 0.9712 0.9536 0.9632 0.9668 0.9032 3
S 0.8542 0.9352 0.9383 0.8917 0.9204 0.9336 0.8121 9
Sy 0.9089 0.9161 0.9438 0.9056 0.9351 0.9268 0.8379 8
So 0.8643 0.8853 0.9117 0.8305 0.9005 0.8967 0.7516 10
Oy 0.9265 0.9402 0.9499 0.9280 0.9422 0.9359 0.8830 6
Ouo 0.9625 0.9636 0.9712 0.9536 0.9632 0.9668 0.9032 3

4.2. ldentification of optimum number of homogeneous
rainfall catchments

An approach to determine the optimum number of homogeneous
catchments using the best algorithm, which is the group average
(GA) algorithm with the Altgower (3, ) attribute, is presented in
this section.

The Davies-Bouldin index (8,,) and the Dunn index (&,,) are the
two well-known internal clustering validation indices applied in
multidisciplinary studies [2], [4], [23], [30], [35]. Since the value
of ¢§,, should be as low as possible, and the value of &, should be

as high as possible, the absolute difference between &, and &,

are used as a comparative baseline in this study to determine the
optimum number of homogeneous rainfall. This comparative base-
line is shown in Table 5.

The performance of several combinations of internal clustering
validation indices, which are used as attributes for the TOPSIS
algorithm, is illustrated in the Table 6. Four indices, namely the C-
index (&), Davies-Bouldin index (6,,), Dunn index (¢,), and
Gamma index (8,), and four differences approaches, namely
8 =S, 680’ 3,67, and 8,,,5,6,.6,°, are considered in

this study. The results of the Mann-Whitney U-test on the attrib-
utes of approach? and approach® indicate that there are significant
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differences among the internal clustering validation indices, re-
spectively. Therefore, the combination of these all four internal
clustering validation indices is also considered.

Table 5: Performance for Homogeneity Validation Indices

Homogeneity validation indices

Number of clusters

5DB 5D\ é‘CI 5GI
2 0.7004 0.4435 0.3281 0.6639
3 1.7628 0.3699 0.2617 0.6959
4 1.7690 0.2896 0.2682 0.5016
5 1.4409 0.3187 0.2697 0.5890
6 1.4875 0.3105 0.2548 0.6348
7 1.2442 0.5863 0.5153 0.7374
8 1.2026 0.5863 0.5092 0.6912
9 1.1021 0.6232 0.5280 0.7448
10 0.9941 0.6232 0.5282 0.7314
11 0.9289 0.6232 0.4938 0.7581
12 0.8452 0.6232 0.4733 0.7862
13 0.7791 0.6232 0.4810 0.7650
14 0.7836 0.6232 0.4797 0.6827
15 0.6455 0.8466 0.5806 0.9583
16 0.5428 0.8466 0.5226 0.9632
17 0.4494 0.9902 0.6163 0.9973
18 0.4350 0.7969 0.6332 0.9840
19 0.2907 1.0423 1.0000 1.0000

Table 6: Ranking for Homogeneity Validation Indices

Number of clusters  Ranked
‘593 - 5DI ‘1 é‘ns ' 5DI2 50 ’ 5&3 5\)3 ’ 5DI ’ 50 ’ 5G|4

2 18 17 18 18
3 10 14 17 14
4 12 12 10 12
5 7 2 8 1
6 6 1 13 2
7 1 7 14 7
8 2 8 7 8
9 3 9 3 9
10 9 3 11 3
11 8 4 15 4
12 5 5 16 6
13 4 6 6 5
14 11 10 5 10
15 13 11 2 11
16 14 13 4 13
17 15 15 9 16
18 16 16 12 17
19 17 18 1 15

Fig. 4 presents the results of regionalized homogeneous catch-
ments based on the most appropriate AHC algorithm (GA algo-
rithm with s, attribute) and four differences approaches (ap-

proach!, approach?, approach®, and approach). The optimum
number of homogeneous catchments, which is provided by ap-
proach’, is seven clusters. It can also be seen from the figures that
the optimum number of homogeneous catchments reduce to six
and five clusters when .., 5, (from approach?) and &,,, &, o,

5., (from approach®) are used as attributes, but increase to nineteen
clusters when &, and &, (in approach®) are used as attributes.

The optimum number of homogeneous catchments suggested in
this study (seven clusters) is reasonable as it is consistent with the
results of the non-parametric multiple comparison tests.
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Fig. 4: A), B), C) and D) are the Locations of Optimum Number of Ho-
mogeneous Rainfall Catchments Determined from approach’, approach?,
approach® and approach’, Respectively.
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4.3. Validation of homogeneous regionalized rainfall
catchments

The homogeneity of regionalized rainfall catchments in this study
is suggested to be validated by the BKAD test. The results of the
BKAD test with sample size 50, 100, 500, 1000, 5000 and 10000
are presented in Table 7. Several algorithms from previous studies
are also compared, namely Modified Ahmad et al. [2]*, Modified
Hamdan et al. [17]%, Modified Ahmad et al. [2]** and Modified
Hamdan et al. [17]**. The results in Table 7 show that all regional-
ized rainfall catchments are significantly homogeneous at
a=0.05 and are invariant to the number of Bootstrap samples.

However, the statistical significance do not imply that all of the
algorithms are efficient and applicable in this study. Several algo-

rithms, however, have resulted in a large number of clusters such
as Modified Ahmad et al. [2]* and Hamdan et al. [17]*. Even
though the results from Modified Ahmad et al. [2]? and Hamdan et
al. [17]? algorithms are not shown here, these algorithms have
resulted in nineteen homogeneous clusters.

The results of non-parametric multiple comparison tests indicate
that Stations 01, 14 and 18 are outliers as the three rainfall catch-
ments cannot be merged with other rainfall catchments. The non-
parametric tests also show that Stations 02 and 08 should be not
located in the same cluster with Station 05. Therefore, the results
from the approach® algorithm are considered as inappropriate
since they are inconsistent with the results of the non-parametric
multiple comparison tests.

Table 7: Validation of Homogeneous Regionalized Rainfall Catchments Using BKAD Test with Various Sample Sizes

. . P-values
Algorithm Cluster  Homogeneous rainfall catchments 50 100 500 1000 5000 10000
1 01 - - - - - -
2 02,08 06200 06100 05320 05220 05008 0.4946
3 03,06, 12 06000 05500 05800 05800 05870 0.5880
4 04,07, 15, 16 07600 07200 0.6680 0.6690 0.6844 0.6898
Modified Ahmad etal. [2]* 5 05,11 04400 03700 0.3980 0.3880 0.3950 0.3997
Modified Hamdan et al. 6 09 - - - - - -
[a71* 7 10 - - - - - -
8 13 - - - - - -
9 14 ; ; ; ; ; .
10 17,19, 20 01200 0.0700 0.0600 00620 00792 0.0796
11 18 - - - - - -
1 01 - - - - - -

- wm 2 02,08, 09, 10 04200 04000 03480 0.3470 03336 0.3321
mgg:;:gg ﬁgr’:ggnegfgl (21 5 03,06, 12, 13, 17, 19, 20 0.8400 0.8400 0.8200 0.8260 0.8228 0.8279
[P : 4 04,05, 07, 11, 15, 16 06600 07400 05940 0.6100 06342 0.6210

5 14 - - - - - -
6 18 - - - - - -
1 01 - - - - - -
2 02,08 06200 06100 05320 05220 05008 0.4946
3 03,04, 05, 06, 07, 11, 12, 13, 15,16, 17,19,20 09600 0.9300 09280 09240 09252 0.9306
approach’ 4 09 - - - - - -
5 10 - - - - - -
6 14 - - - - - -
7 18 - - - - - -
1 01 - - - - - -
2 02,08 06200 06100 05320 05220 05008 0.4946
approach’ 3 03,04, 05, 06. 07, 11, 12, 13, 15,16, 17,19,20  0.6000 04900 05140 05090 05094 05075
4 09, 10 09200 09900 09260 09190 09292 0.9297
5 14 - - - - - -
6 18 - - - - - -
1 01 - - - - - -
) 2 (1)3 gg’ 04,05,06,07,08,11,12,13,15,16,17, (9600 09700 09260 09190 09190 0.9184
EHREEE 3 09, 10 06200 05700 04780 04950 05098 0.5045
4 14 ) } } ) - -
5 18 - - - - - -

The algorithms that produce smaller and suitable number of ho-
mogeneous clusters are Modified Ahmad et al. [2]>*, Hamdan et al.
[17]%*, approach! and approach?. By comparing these four algo-
rithms, the approach® algorithm is the most appropriate algorithm
to regionalize the twenty rainfall catchments considered in this
study. The optimum number of homogenous catchments suggest-
ed by this algorithm is consistent with the results of the non-
parametric multiple comparison tests. However, under this algo-
rithm, Stations 09 and 10 are misplaced because their average
monthly rainfall amounts are not significantly different compared
to all rainfall catchments in Cluster 3.

After merging Clusters 3 and 4 together, the BKAD tests show
very strong statistical evidences of homogenous rainfall catch-
ments, where the p-values for sample size 50, 100, 500, 1000,
5000 and 10000 are 0.9200, 0.9300, 0.8920, 0.8850, 0.8932 and
0.8949, respectively. After excluding the outliers (Stations 01, 14,
and 18), the twenty rainfall catchments can be finally regionalized
into two different homogeneous rainfall catchments, which are
Cluster 1 (Stations 02, 03, 04, 05, 06, 07, 08, and 11) and Cluster
2 (Stations 09, 10, 12, 13, 15, 16, 17, 19, and 20).

5. Conclusion

This study has proposed a new regionalization algorithm, which
does not require prior knowledge and capabilities, to determine the
most suitable agglomerative hierarchical clustering (AHC) algo-
rithm and the optimum number of homogeneous rainfall catch-
ments for non-stationary rainfall time series. The new algorithm is
based on the TOPSIS algorithm, and is used for regionalizing
homogeneous rainfall catchments from twenty selected monthly
rainfall time series of monitoring stations in Kuantan River Basin,
Malaysia. The regionalized homogeneous catchments resulted
from the proposed algorithms are suggested to be validated using
the Bootstrap K-sample Anderson-Darling (BKAD) test with vari-
ous sample sizes. The results show that the group average (GA)
agglomerative hierarchical clustering (AHC) algorithm with the
Altgower (5,,) similarity metrics is the best algorithm out of a

total of seventy AHC algorithms considered. The results also indi-
cate that the BKAD test is invariant towards the number of Boot-
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strap samples in the validation of homogeneous rainfall catch-
ments. For future works, the proposed regionalized algorithms are
suggested to be implemented to the non-stationary rainfall time-
series from East-Coast regions, Malaysia.
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