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ABSTRACT: The lack of data in rainfall stations of Iran is one of the main problems in design and management of hydrologic
systems. Moreover, the density of these stations network is not sufficient for estimation of rainfall at ungauged regions.
Therefore, regionalization can be an essential tool to be applied for clustering the rainfall and spatial pattern analysis of
homogeneous regions to quantify regional rainfall patterns. Homogeneous regions are usually defined based on different
methods and with consideration of a category of attributes. Selection of attributes as representatives of the study region is an
important aspect in clustering of a region, as is the importance degree (or determined weight) that each of these attributes can
allocate to themselves. Consequently, the aim of this study is to select a broad category of climatic, geographical, and statistical
attributes of the maximum 24-h rainfall of the Urmia Lake Basin for 63 selected stations for the period 1979–2008 and next
to determine an appropriate weight for each of the attributes in each defined category. To investigate the weighting effect in
regionalizing and to determine the appropriate weight for each defined attribute, respectively, Ward’s clustering technique,
principal component analysis, and correlation coefficients matrix methods were used. The homogeneity measure test showed
that all identified clusters are homogeneous. The clustering results showed that based on the different attributes categories,
different results can be presented in terms of the number of clusters, distribution of stations, and spatial pattern of clusters.
Moreover, the performances of the proposed weighting approaches for spatial clustering analysis are better than no-weight
scenario in most modes according to the spatial patterns and homogeneity measurements.
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1. Introduction

The lack of sufficient hydrological data is one of the main
problems in the design and management of hydrologic
systems; moreover, the analysis of data is not always
accurate and satisfactory (Chow et al., 1998). Therefore,
regionalization is an effective tool to help hydrologists in
water resources planning and management to identify the
spatial patterns of rainfall (Modarres and Sarhadi, 2011).
Nowadays, researchers in hydro-climatic fields are explor-
ing and developing techniques for the regionalization of
hydro-climatic data. Depending on the aim of regionaliza-
tion as well as the quality and quantity of available data,
different appropriate methods are used to regionalization
(Olden et al., 2012). One of the regionalization methods
is clustering technique, which is a very common method
for classification (Ramos, 2001). Analysis of clusters
based on case study stations’ characteristics is one of
the available methods for defining non-contiguous areas,
which has been proposed by Hosking and Wallis (1997).
A cluster refers to a category of objects, which have more

* Correspondence to: Z. Dehghan, Department of Water Engineering,
Faculty of Agriculture, Isfahan University of Technology, 8415683111
Isfahan, Iran. E-mail: z.dehghan@ag.iut.ac.ir

similarity together compared to other objects in other
clusters. Having more in common refers to similarity from
a mathematical point of view which is measured based on
certain logics (Hoppner et al., 1999). Three main cluster-
ing methods, which are extensively used in literature, are
hierarchical, non-hierarchical, and fuzzy clustering.

Clustering is used for studying a broad range of hydro-
logic and climatologic issues with different goals. In recent
decades, various studies have been carried out for region-
alizing a basin by different tools. It can be cited to identify
and select the characteristics of the study basin or sta-
tions using the principal component analysis (PCA) tech-
nique as well as regionalization of rainfall using hierar-
chical clustering (Dinpashoh et al., 2004; Eslamian, 2010;
Garcia-Marın et al., 2011; Darand and Mansouri Danesh-
var, 2014). In a number of studies, rainfall regionalization
has been used for regional frequency analysis of flood or
rainfall extreme data (Gaal et al., 2008b; Goyal and Gupta,
2014). Generally, regionalization is performed based on
similarity theory among the study stations and is measured
by distance criterion. From the different distance criteria,
metric distance which is used for determining the proxim-
ity of the study stations in a space characteristic has been
widely applied and describes similarity between a series of
attributes (Burn, 1990; Zrinji and Burn, 1994; Castellarin
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et al., 2001; Ramachandra Rao and Srinivas, 2006a; Gaal
et al., 2008a; Eslamian, 2010).

Identification of a region depends heavily on the selec-
tion of the site’s attributes (Castellarin et al., 2001; Oudin
et al., 2010). In various studies, a variety of attributes has
been used for regionalization. Among these attributes, the
basin physical attributes such as drainage area, average
basin slope, basin’s main river slope, and river length
(Merz and Bloeschl, 2004; Heuvelmans et al., 2006;
Samaniego et al., 2010; Razavi and Coulibaly, 2013);
geographical attributes such as longitude and latitude
(Burn and Goel, 2000; Goswami et al., 2007; Samuel
et al., 2011); measurements of the basin’s time of concen-
tration, delay time, and peak time (Potter and Faulkner,
1987; Castiglioni et al., 2010); meteorological charac-
teristics such as wind direction, average annual rainfall,
rainfall intensity, temperature, solar radiation, and evap-
otranspiration (Chebana and Ouarda, 2008; Zhang et al.,
2008; Post, 2009; Bulygina et al., 2011); and statistical
measures of available time series in the study region (Lima
and Lall, 2010; Wazneh et al., 2013) can be used. These
attributes are selected based on their availability, degree
of importance, and research goals (Bates et al., 1998).

According to the above literature review, many stud-
ies have been carried out in the field of regionalization
and cluster analysis based on a board range of various
attributes. However, in none of them, appropriate weight
has been allocated to each of defined attributes for clus-
tering. In other words, all attributes have been used with a
same degree of importance (equal weight) in the regional-
ization process. The aim of this article is, first, to examine
the effect of different types of attributes on rainfall clus-
tering and regionalization. It is clear that not all attributes
in the defined categories have a similar degree of impor-
tance and participation level in regionalization. To achieve
more accurate results, it is better to enter each attribute
based on its level of importance (or participation) in mod-
els. The second goal of this study, therefore, is to keep all
attributes even with their inconsiderable degree of impor-
tance in the desired category for regionalization by weight-
ing approaches [e.g. PCA and conditional correlation (CC)
matrix techniques]. Then, the performance of all weighted
categories will be evaluated in the regionalization of the
maximum 24-h rainfall (MR) of the study region, as well
as the most appropriate category of attributes and method
of allocating weight will be identified.

2. Materials and methods

2.1. Study region and data

In this study, the Urmia Lake Basin (ULB) is the study
region covering 3.2% of Iran’s area, roughly 52 000 km2.
The ULB is located in northwestern Iran and is surrounded
by parts of the northern slope of the Zagros Mountains and
the southern slopes of Sabalan Mountain, as well as north-
ern, western, and southern slopes of Sahand Mountain
(Ghaheri et al., 1999). The geographical coordinates of the
ULB are between 35∘41′–38∘30′N and 44∘13′–47∘53′E.

Sixty-three stations with a common time period of 30 years
from 1979 to 2008 were selected (Table 1). Altitude of
the selected stations in this study varies between 1280
and 2150 m (Fathian et al., 2015). Figure 1 shows the geo-
graphical location of the ULB, rainfall gauging stations,
and their distribution over the basin. It should be noted that
the numbers, which are next to the position of stations (red
circles), denote the station number according to Table 1.

2.2. Selection of attributes

Attribute selection has a fundamental role in regionaliza-
tion methods. Moreover, success in other stages of the
regionalizing procedure depends on the correct selection
of the number of attributes and their appropriate combina-
tions. Thus, for an effective transfer of information from
gauged basin to the ungauged target regions, a broad cate-
gory of statistical, climatic, and geographical information
and their appropriate combinations is used in this study.
The attributes, which have been calculated for MR, are
the average maximum daily rainfall (AMR), ratio of aver-
age summer rainfall to winter rainfall (Rs/Rw), ratio of
dry to wet days (Dd/Dw), assuming zero rainfall for dry
days, first quintile (MR25th), third quintile (MR75th), linear
coefficient of variation (L-CV), linear coefficient of skew-
ness (L-CS), linear coefficient of kurtosis (L-CK), standard
deviation (SD), ratio of L-CV to L-CS (L-CV/L-CS), ratio
of L-CV to L-CK (L-CV/L-CK), longitude of stations (x),
latitude of stations (y), elevation of stations (h), and dis-
tance (d) of stations from the centre of Urmia Lake (UL).
In order of clustering, these attributes are combined into
seven categories, namely, all attributes (all attr.), climatic
attributes (clim.), geographical attributes (geo.), statistical
attributes (stat.), a combination of climatic and geograph-
ical attributes (clim.&geo.), a combination of climatic and
statistical attributes (clim.&stat.), and a combination of
geographical and statistical attributes (geo.&stat.). Table
S1 in Appendix S1, Supporting information, shows the
attributes that belong to each defined category.

2.3. Weighting approaches for clustering

In this study, two new weighting approaches, namely, PCA
and CC matrix methods are suggested to determine the best
weights for defined attributes for cluster analysis. In the
following sections, a brief description of these methods is
given.

2.3.1. The PCA method

PCA method is the most common statistical multivari-
ate technique developed based on the Hotelling (1933)
study, which identified spatial properties of rainfall statis-
tics and reduced the dimensionality of data (Dinpashoh
et al., 2004; Fazel et al., 2017). This method allows us
to select fewer of the factor loadings known as principal
components (PCs), among the primary large number of
factor loadings, and to delineate the relationship between
the selected variables (Raziei et al., 2008; Jiang et al.,
2014). In this study, Varimax orthogonal rotation matrix
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Table 1. List of rainfall gauging stations used in ULB.

Station
number

Station
name

Longitude
(∘)

Latitude
(∘)

Elevation
(m)

Station
number

Station
name

Longitude
(∘)

Latitude
(∘)

Elevation
(m)

1 Aghbelagh 45.10 37.17 1780 33 Moghanj 46.40 37.30 1654
2 Alasoghl 47.03 36.48 1700 34 Mosh abad 45.20 37.70 1295
3 Babarood 45.23 37.40 1285 35 Nahand 45.30 37.30 1478
4 Baghche mishe 46.80 36.50 1880 36 Nazar abad 44.60 38.20 1620
5 Band oromie 45.02 37.50 1390 37 Orban 44.70 38.30 1640
6 Bitas 45.70 36.70 1420 38 Orumiyeh 45.10 37.70 1328
7 Bostan abad 46.80 37.90 1700 39 Oshnavie 45.10 37.05 1416
8 Chapar abad 45.10 37.00 1470 40 Pey ghale 45.00 37.00 1500
9 Chehrigh olia 44.60 38.10 1600 41 Piah jik 45.27 36.98 1375
10 Choploche 46.40 36.90 1370 42 Pol anian 46.40 36.20 1453
11 Darian 45.60 38.20 1600 43 Pol bahramlo 45.70 36.90 1280
12 Dashband 46.20 36.70 1350 44 Pol sorkh mahabad 45.70 36.80 1309
13 Dizaj 45.10 37.40 1320 45 Rahim abad 46.70 36.30 1837
14 Dorbeh 45.20 37.10 1907 46 Rostaman 46.50 36.10 1900
15 Gachi 44.70 37.80 1936 47 Sad norozlo 46.20 36.90 1330
16 Ghabghabloo 46.20 36.20 1599 48 Saeed abad 46.58 37.98 1800
17 Ghare bagh 45.10 38.10 1460 49 Saeen dej 46.60 36.70 1348
18 Ghasemlo 45.15 37.35 1395 50 Safakhane 46.70 36.40 1635
19 Ghermezighol 46.10 37.70 1800 51 Sahlan 46.10 38.20 1330
20 Gheshlagh amir 46.30 37.30 1508 52 Sahzab 47.70 38.00 1900
21 Ghezel ghabr 46.60 36.60 1350 53 Salmas 44.80 38.20 1350
22 Giah darvan 45.80 36.70 1650 54 Sarighamish 46.50 36.50 1380
23 Hashem abab bibekran 44.90 37.30 1570 55 Sharaf khane 45.48 38.18 1441
24 Heravi 46.50 37.90 1980 56 Shirinkandi leylan 46.27 37.00 1356
25 Kalhor 44.88 37.60 1500 57 Tabriz 46.30 38.10 1370
26 Karim abad 46.60 36.20 1480 58 Tamar 44.87 38.12 1410
27 Khorma zard 46.20 37.40 1550 59 Tapik 44.90 37.70 1450
28 Kotar 45.60 36.70 1380 60 Yalghoz aghaj 44.90 38.20 1300
29 Maraghe 46.30 37.40 1440 61 Zanjir abad 46.00 37.00 1290
30 Miandoab 46.10 37.00 1300 62 Zhar abad 44.97 37.22 1590
31 Miandoab 46.03 37.98 1287 63 Zinjenab 46.03 37.85 2150
32 Mirkoh haji 47.50 38.03 1830 – – – – –

method is used to rotate the primary PCA-computed vari-
ables, in such a way that the highest factor loadings in
each component (variance percentage of each variable) are
extracted from the principal factors (Jollife, 2002; Din-
pashoh et al., 2004). This method is used for finding the
importance degree and participation of each variable in the
final rotated PCs (RPCs). Reader can refer to Hutcheson
and Nick (1999) for more information.

Factor loadings are from correlation type and their
square for each variable is equal to its eigenvalue, which
presents the variance percentage of each variable in PCs.
By determining the contribution of each variable, these
percentages can make a very appropriate weight based on
the level of participation and importance of that variable
(or attribute), compared to other variables in the defined
category. The final number of components is selected in
such a way that more than 90% of the explained variance of
attributes was included. Therefore, to achieve the weight of
each attribute, the variance value of each attribute extracted
from all final components of the rotation matrix is used
in two forms. These two forms are the arithmetic mean
(PCAave) and the maximum (PCAmax) of variances per-
centage (eigenvalues) for each variable, which are applied
as proposed weights for each attribute.

2.3.2. The CC method

In order to select the best way for weighting the defined
attributes for cluster analysis, the correlation matrix
method suggested by Burn (1990) is also applied. This
method has been used for the selection of attributes and
their weighting in another way by Burn (1990), and Rao
and Srinivas (2006b). The CC between attributes has an
inverse relationship with their weight, in such a way that
whatever the correlation values increase the allocated
weights decrease (Burn, 1990; Eslamian, 2009, 2010;
Gaal et al., 2009). Considering the correlation matrix, two
weighting scenarios are specified for the defined attributes
based on an evaluation of different modes. In the first sce-
nario, the maximum correlation coefficient (Corrmax) for
each attribute with other attributes is obtained. This maxi-
mum value of CC is considered as the minimum weight for
that attribute. The second scenario is defined as the aver-
age CC (Corrave) for each attribute as the weight for that
attribute.

2.4. Euclidean distance

Euclidean distance measures a direct line size between
two objects (two stations), in such a way that this distance
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Figure 1. Geographical location of ULB and rain gauge stations of study area. [Colour figure can be viewed at wileyonlinelibrary.com].

measurement is mostly used in clustering and is defined
by the following equation:

dij =

[
M∑

m=1

Wm

(
Xi

m − Yj
m

)2

] 1
2

(1)

where dij is the weighted Euclidean distance between
stations i and j, Wm is the allocated weight to mth attribute
of a target station, Xi

m and Yj
m are the value of mth attribute

in target stations i and j, and M is the number of attributes.
Afterwards, using metric distance values (dij), a simi-
larity matrix is formed. Matrix d is a symmetric metric
distance matrix (dij = dji) with zero values on its main
diagonal (dii = 0). Xm and Ym are the standardized values

of attributes for the target stations, which are standardized
before calculation of dij by one of the normalization
methods. Furthermore, all attributes of the target stations
have the same characteristics, including zero mean and
unit variance (Gaal et al., 2008a).

2.5. Ward’s clustering method

Ward’s method is a widely used clustering technique for
classification of hydro-climatic data, and its aim is to find
dense globular clusters (Ramos, 2001). This method is
often used in regional frequency analysis to describe the
homogeneity of clusters and has a hierarchical clustering
algorithm (Modarres and Sarhadi, 2011). In this technique,
at first, every station is considered as a cluster, then clusters
are pooled using the variance analysis process, and the
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level of similarity between them is measured (Ward and
Joe, 1963; Rao and Srinivas, 2006a).

Ward’s method is used to minimize inter-cluster variance
and at each step; two clusters with minimum distance are
pooled to each other. To implement this method, for each
cluster of r with s station and p attributes in the form of
(X =X1, X2, … , Xp), the following equation can be defined
(Wazneh et al., 2013).

ESSr =
s∑

j=1

(
Xj − Xr

)′ (
Xj − Xr

)
(2)

where ESSr is the error sum of squares,
Xj = (Xj1, Xj2, … , Xjp) is a vector of the attributes at
station j, and Xr is a vector of the mean of attributes into
cluster r. ESSr is calculated for any pooled pair of the
clusters at each step, and the final pooled clusters which
minimize the increase in total ESSr across all clusters,
are then selected (Murtagh and Legendre, 2014; Wazneh
et al., 2013).

2.6. Homogeneity measure test (H)

In order to determine the degree of homogeneity in a clus-
ter of stations and to assess whether the stations are sat-
isfactory to be treated as a homogeneous region, Hosking
and Wallis (1997) suggested a heterogeneity measure. This
test is given by the following equations:

Hj =
(
Vj − 𝜇Vj

)
∕𝜎Vj j = 1, 2, 3 (3)

where 𝜇Vj
and 𝜎Vj

are the mean and SD of Nsim values of
Vj, respectively, and Nsim is the number of simulation data
using four-parameter Kappa distribution. The V-statistics
are defined as follows:

V1 =

{
N∑

i=1

ni

(
(L − CV)i − (L − CV)R

)
∕

N∑
i=1

ni

}1∕2

V2 =
N∑

i=1

{
ni

[(
(L − CV)i − (L − CV)R

)2 +
(
(L − CS)i − (L − CS)R

)2
]1∕2

}
∕

N∑
i=1

ni

V3 =
N∑

i=1

{
ni

[(
(L − CS)i − (L − CS)R

)2 +
(
(L − CK)i − (L − CK)R

)2
]1∕2

}
∕

N∑
i=1

ni (4)

where N is the number of stations, ni is the record
length at station i, and the superscript R is related to the
regional L-moments ratios. For assessing the homogene-
ity measure, a region is acceptably homogeneous if H < 1,
possibly homogeneous if 1≤H < 2, and definitely hetero-
geneous if H ≥ 2 (Zakaria et al., 2012).

3. Results and discussion

3.1. Explanatory data analysis

The ULB is a generally mountainous territory and climati-
cally classified as an arid to the semi-arid region (Ghasemi
and Khalili, 2008). Moreover, the climate condition of
the ULB is primarily continental and described as having

by cold winters and dry, relatively temperate summers
(Stevens et al., 2012). The range of elevation, according
to the digital elevation model (DEM), varies from 1114 to
3758 m above sea level throughout the ULB (Figure 1). In
addition, the elevation of the lake’s body of water and the
neighbouring plains varies above 1114 and below 2000 m.
The annual mean rainfall based on recorded daily rainfall
is 352 mm during 1973–2011 (Farajzadeh et al., 2014).
Figure 2 shows an isohyetal map of maximum amounts
of MR over the ULB. As seen, the density of isohyetal
lines in mountainous regions such as eastern, northwest-
ern, and western regions of ULB is higher than other
regions. MR is observed in the autumn, winter, and spring
seasons, which is in line with Fazel et al. (2017). These
rainfalls, according to Darand and Mansouri Daneshvar
(2014), follow the Mediterranean rainfall pattern that is
connected to the westerly winds and the North Atlantic
Oscillation (NAO). In trend analysis of daily rainfall, Bavil
et al. (2017) showed that the frequency of daily rainfall
in small amounts (<10 mm) has been increasing and large
amounts of rainfall (>15 mm) have been decreasing over a
period of 30 years (1981–2011).

To investigate the spatial structure of MR in the ULB,
Spearman CC is used as a well-known method (Fazel
et al., 2017) that shows a correlation in each pair of sta-
tions against their distance, as demonstrated in Figure 3.
A not very significant correlation relationship is found
between the Spearman correlations of a station’s maxi-
mum rainfall and their distances. According to Figure 3,
among the 1953 CCs, 320 of them are located within the
significant bands at 90% confidence level (|CC|> 0.317).
It can be seen that with increased distance of stations

from each other, CCs decrease, which presents spatially
variable maximum rainfall in the study area. According
to Bacchi and Kottegoda (1995), random behaviour in
rainfall along with errors and uncertainties in measure-
ments can be observed between stations at distances (<50
and d > 200 km) from each other (Figure 3). In addition,
according to Fazel et al. (2017), the structure of pairwise
correlation demonstrates that the ULB may not be a homo-
geneous region and that the homogeneous/heterogeneous
sub-regions should be identified. The result of this section
is in agreement with Fazel et al. (2017), who showed that
there is a spatial random and heterogeneous behaviour of
maximum rainfall across the ULB.
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Figure 2. The isohyetal map for the maximum amounts of maximum 24-h rainfall over the ULB. [Colour figure can be viewed at wileyonlinelibrary
.com].
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Figure 3. The spatial correlation plot against distance for the 63 selected rainfall stations. [Colour figure can be viewed at wileyonlinelibrary.com].

3.2. The results of PCA for the defined attributes

As explained before, PCA as a proven method for climato-
logical regionalization is applied for weighting the defined
attributes for cluster analysis. In this method, at each cat-
egory of attributes, the number of PCs is selected in such
a way that the explained variance reaches more than 90%
(Lowe et al., 2016; Fazel et al., 2017). Figure 4 shows the
PCs obtained from the component matrix for the defined
seven categories of attributes. Based on this figure, the

numbers of first PCs explaining over 90% of total vari-
ance are retained for further analysis and to ensure that the
considered attributes will be able to explain a widespread
part of the basin attributes’ variance. In general, the results
of PCA will be appropriate to extract sufficient numbers
of PCs that can explain the acceptable total variance for
cluster analysis.

As shown in Figure 4(a), the first eight PCs have
explained 93.6% of total variance for the first category
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Figure 4. The graphs of PCA for percentage of explained variance at each category of attributes. [Colour figure can be viewed at wileyonlinelibrary
.com].
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Table 2. The allocated weight for each attribute at all seven categories.

Weighting scenarios (w) y x h d SD L-CV L-CS L-CK L-CV/L-CS L-CV/L-CK MR25th MR75th AMR Dd/Dw Rs/Rw

(a) For all attributes category
1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
PCAave 0.22 0.21 0.26 0.15 0.22 0.20 0.19 0.19 0.19 0.19 0.18 0.21 0.17 0.17 0.22
PCAmax 0.40 0.70 0.47 0.85 0.50 0.95 0.91 0.79 0.81 0.90 0.91 0.93 0.85 0.95 0.73
Corrave 0.73 0.77 0.86 0.82 0.69 0.80 0.80 0.79 0.87 0.88 0.71 0.66 0.69 0.90 0.76
Corrmax 0.26 0.30 0.66 0.30 0.22 0.27 0.27 0.78 0.58 0.07 0.05 0.05 0.27 0.72 0.26
(b) For the climatic attributes category
1 – – – – – – – – – – – – 1 1 1
PCAave – – – – – – – – – – – – 0.39 0.35 0.40
PCAmax – – – – – – – – – – – – 0.97 0.99 0.97
Corrave – – – – – – – – – – – – 0.83 0.95 0.80
Corrmax – – – – – – – – – – – – 0.67 0.93 0.67
(c) For the geographical attributes category
1 1 1 1 1 – – – – – – – – – – –
PCAave 0.41 0.40 0.39 0.49 – – – – – – – – – – –
PCAmax 0.92 0.91 0.97 0.53 – – – – – – – – – – –
Corrave 0.67 0.55 0.79 0.48 – – – – – – – – – – –
Corrmax 0.43 0.30 0.71 0.30 – – – – – – – – – – –
(d) For the statistical attributes category
1 – – – – 1 1 1 1 1 1 1 1 – – –
PCAave – – – – 0.34 0.26 0.27 0.27 0.27 0.27 0.24 0.31 – – –
PCAmax – – – – 0.48 0.95 0.79 0.83 0.96 0.94 0.97 0.82 – – –
Corrave – – – – 0.61 0.74 0.69 0.69 0.83 0.84 0.75 0.61 – – –
Corrmax – – – – 0.26 0.27 0.27 0.27 0.78 0.58 0.14 0.14 – – –
(e) For climatic–geographical attributes category
1 1 1 1 1 – – – – – – – – 1 1 1
PCAave 0.33 0.36 0.29 0.26 – – – – – – – – 0.25 0.25 0.28
PCAmax 0.56 0.59 0.92 0.93 – – – – – – – – 0.89 0.97 0.91
Corrave 0.63 0.65 0.79 0.68 – – – – – – – – 0.81 0.86 0.69
Corrmax 0.26 0.30 0.66 0.30 – – – – – – – – 0.57 0.72 0.26
(f) For the climatic–statistical attributes category
1 – – – – 1 1 1 1 1 1 1 1 1 1 1
PCAave – – – – 0.25 0.21 0.22 0.20 0.20 0.21 0.20 0.24 0.19 0.18 0.21
PCAmax – – – – 0.49 0.94 0.78 0.84 0.96 0.92 0.93 0.84 0.96 0.98 0.91
Corrave – – – – 0.64 0.78 0.74 0.74 0.87 0.85 0.69 0.59 0.64 0.93 0.81
Corrmax – – – – 0.22 0.27 0.27 0.78 0.58 0.07 0.05 0.05 0.27 0.75 0.61
(g) For the geographical–statistical attributes category
1 1 1 1 1 1 1 1 1 1 1 1 1 – – –
PCAave 0.23 0.24 0.20 0.19 0.25 0.21 0.20 0.21 0.22 0.20 0.18 0.23 – – –
PCAmax 0.45 0.93 0.81 0.81 0.93 0.93 0.96 0.82 0.56 0.70 0.91 0.82 – – –
Corrave 0.77 0.77 0.87 0.80 0.69 0.79 0.79 0.78 0.84 0.88 0.76 0.68 – – –
Corrmax 0.43 0.30 0.71 0.30 0.26 0.27 0.27 0.27 0.78 0.58 0.14 0.14 – – –

Table 3. The optimal number of clusters at each of the weighting scenarios and categories.

Weighting scenarios (w) all attr. clim. geo. stat. clim.&geo. clim.&stat. geo.&stat.

1 3 4 5 5 7 5 4
PCAave 3 4 6 4 4 5 4
PCAmax 3 5 6 4 4 3 3
Corrmax 3 4 4 3 3 5 4
Corrave 5 5 4 3 4 3 5
Number of attributes 15 3 4 8 7 11 12

of attributes (all attr.) and after the ninth PC, the total
variance is less than 7%. Given that there are only three
attributes in the clim. category (Figure 4(b)), the total
variance explained by all of the three PCs is above
90%. Moreover, the first three PCs of attributes related
to the geo. category support corresponding variances
(Figure 4(c)). In the case of stat. and clim.&geo. attributes
(Figures 4(d) and (e)), the first five PCs of eight and

seven extracted PCs explaining 96.5 and 95.7% of the
total variance were considered for subsequent analysis,
respectively. For the clim.&stat. category (Figure 4(f)), it
is observed that the first 6 of 11 PCs explain more than
90% of the total variance. For the geo.&stat. attributes
(Figure 4(g)), the results of PCA show that the first
7 of 12 PCs have explained more than 93% of the
variance.
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Furthermore, in order to select the independent and
appropriate attributes and improve the importance of
powerful attributes and loadings, orthogonal Varimax
rotation technique was used for all of the 15 attributes
in the seven categories mentioned in Table in Appendix
S1. The RPC avoids the presence of some attributes that
are simultaneously in most of the components. Table in
Appendix S1 presents the summary of RPC for all seven
categories of attributes. In general, the results obtained
from the Varimax rotation technique show that the stat.
attributes in the first and three hybrid categories, including
all attr., clim.&stat., and geo.&stat. have the highest
loadings, which indicates their importance. Additionally,
it can be seen that the geo. attributes are more important
than the clim. attributes.

3.3. The results of CC matrix analysis

As described in Section 2.3.2., CC matrix is used to deter-
mine the weight allocated to each of the attributes by cor-
relation analysis between attributes as another weighting
method for cluster analysis. Figure S1 in Appendix S1
shows the graphs of CC between attributes for all seven
categories of attributes. As one can see, the range of CC is
different from one category to another and from attribute to
attribute so that the correlation value in some attributes is
less than 0.2 and in some ones, is close to one. The descrip-
tion of CC analyses in the defined attributes for all seven
categories is presented in Appendix S1 in more details.

3.4. The results of weighting scenarios

This study, in accordance with what was mentioned in
the previous sections, considered 15 attributes along with
five weighting scenarios in seven categories of defined
attributes (a total of 35 different scenarios) for regional-
ization of MR in the ULB. These five weighting scenar-
ios, which are defined based on the PCA and CC matrix
methods, include the following scenarios: (1) w= 1: all
attributes have the same weight equal to 1; (2) w=PCAave:
the weight of each attribute is equal to the arithmetic
mean of factor loadings extracted from final RPCs in
the rotated matrix; (3) w=PCAmax: the weight of each
attribute is equal to the maximum eigenvalue of each
attribute extracted from final RPCs (the eigenvalue for
each attribute determines the participation percentage of
the variance for each attribute in the related RPC); (4)
w=Corrmax: the weight of each attribute is equal to the
maximum CC of target attribute with other attributes; (5)
w=Corrave: the weight of each attribute is equal to the
average CC of the target attribute with other attributes.

Table 2 presents the allocated weights to each attribute
obtained from the five weighting scenarios for all seven
categories. As a result from the weighting scenarios, it
is observed that the weights allocated to each attribute
are different in the defined categories so that the highest
weights are related to the PCAmax scenario. This fact
indicates the degree of importance of those attributes for
the rainfall stations. More details about the outputs of
Table 2 are presented in Appendix S1.

Table 4. Homogeneity measure (Hi) of the identified clusters for
each of the weighting scenarios and categories.

Weighting scenarios (w) 1 PCAave PCAmax Corrave Corrmax

(a) For all attributes category
H1 0.25 −0.62 0.42 0.08 0.32
H2 0.65 0.41 0.72 −0.20 0.02
H3 0.51 0.40 0.70 −0.30 0.03
(b) For the climatic attributes category
H1 0.51 0.09 0.46 0.51 0.53
H2 0.75 0.48 0.04 0.74 0.04
H3 0.65 0.25 0.07 0.66 0.06
(c) For the geographical attributes category
H1 0.09 0.29 0.25 0.29 0.56
H2 0.48 0.24 0.24 0.57 0.62
H3 0.25 0.10 0.10 0.42 0.47
(d) For the statistical attributes category
H1 −0.30 −0.11 0.02 −0.21 0.54
H2 −0.84 −0.69 −0.62 −0.47 0.39
H3 −1.23 −1.22 −1.14 −0.43 0.19
(e) For the climatic–geographical attributes category
H1 0.25 0.17 −0.08 0.59 0.71
H2 0.22 0.59 0.09 0.77 0.43
H3 0.03 0.49 −0.28 0.61 0.20
(f) For the climatic–statistical attributes category
H1 −0.59 −0.81 0.20 0.29 −0.46
H2 −0.36 −0.88 −0.19 −0.10 −0.95
H3 −0.62 −1.06 −0.31 −0.47 −1.25
(g) For the geographical–statistical attributes category
H1 −0.69 0.12 0.34 −0.09 0.36
H2 −0.15 −0.04 −0.20 0.64 0.63
H3 0.17 −0.15 −0.30 0.73 0.66

3.5. Delineation of homogeneous regions

After testing different attributes for clustering, the sta-
tions around the study region were classified using Ward’s
method. For this purpose, a similarity matrix is formed
for each category after selecting the attributes and their
appropriate weights concerning MR in the ULB and the
Euclidean distance method. The optimal number of clus-
ters (regions), which has been identified by PCA and
CC methods, is presented in Table 3. The results of
the homogeneity measure test relating to the identified
clusters (regions) for each of the weighting scenarios and
categories are summarized in Table 4.

According to Table 3, one can see that in a fixed region
with the same number of stations, the optimal number of
regions differs in each of the categories and scenarios. The
results demonstrate that an increase or decrease in the num-
ber of attributes cannot definitely increase or decrease the
number of homogeneous regions and cannot present a gen-
eral rule about them. The highest frequency among all
modes is four clusters. The lowest number of clusters is
observed in the first category of attributes (all attr.) in the
first four-weighting scenario, which includes the highest
number of attributes. It can be inferred that the decrease in
the number of attributes has led to an increasing number
of clusters. However, it is obvious that the difference in the
optimal number of clusters is due to the effect of different
allocated weights and their degree of importance and par-
ticipation to each attribute at each category of attributes.
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The results of the first weighting scenario (w= 1) are in
agreement with Modarres and Sarhadi (2011) and Fazel
et al. (2017) over the ULB, so that they reported that the
identified clusters for daily rainfall regionalization can dif-
fer in rainfall characteristics and effects of physiography
and climate.

According to Table 4, the homogeneity statistics show
that the identified regions can be homogeneous when the
three H values are less than the critical value, H < 1. How-
ever, as understood through Hosking and Wallis (1997),
the H1 value has much better discriminatory power than
either H2 or H3 (Modarres and Sarhadi, 2011). In addition,
in order to obtain more accurate and acceptable analyses in
the process of clustering and regional frequency analysis,
if possible, heterogeneous regions should be converted
into homogenous regions (Hosking and Wallis, 1997).
In this regard, the H values can be reduced by remov-
ing or moving discordant stations to form homogenous
regions in the results of this study. As seen from the table,
the degree of homogeneity is different from scenario to
scenario and from category to category. On the basis of
the determined H measures, the clusters relating to w= 1
(Table 4(c)), w= PCAave (Table 4(b) and (e)), w=PCAmax
(Table 4(b)–(e)), w=Corrave (Table 4(a) and (f)), and
w=Corrmax (Table 4(f)) scenarios are more homogeneous
(higher degree of homogeneity) than the other modes. The
homogeneity statistics for each of the attributes’ categories
show that weighting approaches reduce the H measure-
ments and make the identified regions more homogenous.
This implies that the reduction of homogeneity values is a
reason to improve the homogeneity of formed clusters and
the positive effect of applied weights on defined attributes
compared with the no weight mode. Furthermore, because
the main homogeneity statistics is H1 value, so variations
in the H2 and H3 values are not significant. However, the
results of those values have greatly shown improvement of
homogeneity in the weighting scenarios. In the following,
in order to achieve a better understanding of the effect of
weighting scenarios on attributes and how to clustering,
the spatial patterns of clustering were investigated over
the ULB.

Furthermore, on the basis of the optimal number
of clusters identified by Ward’s cluster analysis, the
spatial pattern of homogeneous clusters is seen in
Figures 5(A)–(E) across the ULB for all scenarios
and categories of rainfall stations’ attributes. Figure 5(A)
shows that the rainfall stations located in the south of the
ULB and UL have formed more homogeneous clusters
in all categories. It is also observable that the cluster-
ing approach has established different patterns over the
ULB, depending on the type of attributes in each of the
categories.

According to the spatial cluster analysis of w= 1 sce-
nario, the all attr. (Figure 5(a-A)), clim. (Figure 5(a-B)),
geo. (Figure 5(a-C)), geo.&clim. (Figure 5(a-E)), and
geo.&stat. (Figure 5(a-G)) attributes demonstrate the high
capability of forming regions with the specific special
pattern, as confirmed by homogeneity analysis (Table 4).
As observed in Figure 5(a), the scattering of clusters

mostly located around the lake is higher than that of clus-
ters away from it; thus, the clusters around the lake seem to
be more homogeneous. It can also be seen in Table 4 that
the homogeneity amount, especially H1 and in some cases
H2, for the w= 1 scenario at each of seven categories is
in accordance with the spatial pattern structure of clusters
over the basin. Figure 5(b) indicates that the weighted
attributes for w=PCAave scenario could fairly reduce the
scattering and irregularity of the spatial patterns of clusters
around the lake. According to this figure, the most appro-
priate spatial pattern of clustering is related to clim. and
geo.&stat. categories. As observed, UL in this scenario as
a natural factor could separate the rainfall stations within
the basin into eastern, western, northern, and southern
stations. Furthermore, the results of H measurements
concerning this weighting scenario are largely consistent
with this spatial pattern of aforementioned categories
and H values have also improved compared to the w= 1
scenario.

Regarding the w= PCAmax weighting scenario, the
results show that the clusters for each category of attributes
are more organizable and have a more acceptable spatial
pattern, especially for the clim., geo., stat., and clim.&geo.
categories, than the two previous scenarios across the ULB
(Figure 5(c)). In addition, stations within these regions
mostly cover the eastern, western, southern, and central
parts of the ULB. For the clim. and clim.&geo. categories,
an increase in the spatial integration of formed clusters is
clearly seen in the northern, southern, and western parts
of UL as well as in the south and centre of the study basin.
Furthermore, the H amounts suggest more homogeneity
(reduction of H2 and H3) than the two previous scenarios.

In the case of the w=Corrave scenario, the best spa-
tial patterns for the homogeneous regions are observed
in the category of all attr. and clim.&stat. attributes
(Figure 5(d)). The homogeneity test confirms their verifi-
cation, implying the reduction of H amounts to improve
the homogeneity of clusters. However, in other cate-
gories, the special regularity is not observed in the spatial
pattern of regions. On the basis of the results of this
scenario, UL plays an important but negative role in
the clustering and integration of regions. It can be seen
that the rainfall stations that are far away from UL have
formed more regular regions compared to those located
around it.

For the w=Corrmax scenario, the category concerning
geo.&stat. (Figure 5(e-F)) demonstrates the best clustering
in terms of the spatially homogeneous pattern over the
ULB, and the outputs of homogeneity test validate them.
The spatial pattern about the geo.&stat. category of this
scenario shows a measurable improvement integrating and
separating the clusters compared to the previous scenario
(w=Corrave). The reduction of H2 and H3 values also
confirms the improvement and increase in homogeneity
degree of the formed clusters compared to the w=Corrave
scenario. These findings verify the increased regularity
and integrity in the clusters located in the southeast and
north of UL for the geo.&stat. category. In this scenario, in
contrast to the w=Corrave scenario, UL plays the main role
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(a) (c) (e)

(b) (d)

(g)

(f)

(A)

Figure 5. (A) Spatial pattern of homogenous clusters across the ULB for (w= 1) scenario at (a) all attr., (b) clim., (c) geo., (d) stat., (e) clim.&geo.,
(f) clim.&stat., and (g) geo.&stat. categories. (B) Spatial pattern of homogenous clusters across the ULB for (w= PCAave) scenario at (a) all attr., (b)
clim., (c) geo., (d) stat., (e) clim.&geo., (f) clim.&stat., and (g) geo.&stat. categories. (C) Spatial pattern of homogenous clusters across the ULB for
(w= PCAmax) scenario at (a) all attr., (b) clim., (c) geo., (d) stat., (e) clim.&geo., (f) clim.&stat., and (g) geo.&stat. categories. (D) Spatial pattern
of homogenous clusters across the ULB for (w=Corrave) scenario at (a) all attr., (b) clim., (c) geo., (d) stat., (e) clim.&geo., (f) clim.&stat., and (g)
geo.&stat. categories. (E) Spatial pattern of homogenous clusters across the ULB for (w=Corrmax) scenario at (a) all attr., (b) clim., (c) geo., (d)

stat., (e) clim.&geo., (f) clim.&stat., and (g) geo.&stat. categories. [Colour figure can be viewed at wileyonlinelibrary.com].

in clustering rainfall stations as a positive effective factor
to integrate the clusters. Therefore, it can be observed that
the rainfall stations near UL are mostly separated into
two groups, covering the western and southern parts of
the ULB.

According to the spatial patterns and homogeneity
measurements (Table 4), the performance of clustering
scenarios has been better than w= 1 scenarios in most
modes. For all weighting scenarios, it is also concluded
that the combination of geo. attributes with stat. and
clim. attributes as well as clim. attributes with the stat.
attributes can improve the density of spatial patterns in the

clusters and their separation from each other in the entire
study region. Additionally, it is found that the weighted
attributes can reduce the spatial scattering and heterogene-
ity measure in each of the clusters and defined categories.
Regarding the analysis of homogeneity measurements,
contrary to Hosking and Wallis (1997) who stated H1 is a
better criterion in separating the clusters than either H2 or
H3, the results of this study showed that the investigation
of H2 and H3 or H1, H2, and H3.jointly have more ability
in the analysis, interpretation, and validation of the results
with each other to justify the scattering and regionalization
of clusters. On the basis of the results of the clustering
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Figure 5. Continued. [Colour figure can be viewed at wileyonlinelibrary.com].

analysis (Figure 5), it can be inferred that the rainfall sta-
tions are generally divided into two main groups mostly
located in the western and southern parts by getting away
from UL as well as four groups mainly located in the
northern, southern, western, and eastern parts surround-
ing UL. In general, the results indicate that the type of
attributes and their combinations in different categories
have an effective role in forming clusters, their spatial
integration, and an increase in the degree of homogeneity.

4. Conclusions

In this study, the spatial clustering of MR over the ULB
was studied using PCA and CC analysis methods based
on calculating 15 attributes and seven categories for 63
selected stations. The results of this study can be summa-
rized as follows:

(1) The PCA method was used to weight the defined
attributes by considering the total explained variance
in each category over 90%. Then, the first RPCs were
subjected to cluster analysis. The results showed that
PCA is an appropriate method to determine the suf-
ficient number of PCs that explains the acceptable
total variance. In addition, the results of the Varimax
rotation method showed that the stat. attributes in the
first and third combined categories including all attr.,
clim.&stat., and geo.&stat. had the highest loadings; in
addition, the geo. attributes were more important than
clim. attributes.

(2) The CC showed that the range of correlation values is
different from category to category and from attribute
to attribute. Moreover, the results of the combined cat-
egories showed that in the presence of geo. attributes
in each category, relatively high CC is observed
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Figure 5. Continued. [Colour figure can be viewed at wileyonlinelibrary.com].

between the attributes of that category and other
attributes.

(3) The results of weighting scenarios showed that the
allocated weights of each attribute are different from
category to category based on the type of attributes
and number of regions in each category. This study has
attempted to retain all weighted attributes in different
categories to achieve more efficient regionalization,
and the weighting methods have improved the perfor-
mance of combined categories.

(4) The results of the weighting approach showed that
depending on the defined scenarios, the degree of
importance and the weight of each important attribute
vary for different defined categories. In general, it can
be concluded to some extent that, among five different
weighting modes, the AMR and the Rs/Rw for clim.
attributes as well as the MR75th and the L-CV of 24-h
maximum rainfall for stat. attributes are the

most important attributes with the highest
weights.

(5) The results of Ward’s clustering method showed that
the optimal number of regions (clusters) was different
for each of the categories and scenarios due to the
effect of different allocated weights and their degree of
importance. Furthermore, four cluster rainfall regions
had the highest frequency among all modes in such
a way that the identified clusters were homogeneous
based on the homogeneity measures, which were less
than one for all determined optimal number of regions.

(6) The results of spatial pattern analysis of homogeneous
regions showed that when the weight allocated to each
category is equal to one, the rainfall stations have
been classified into the south parts of ULB. In gen-
eral, the cluster analysis showed that the rainfall sta-
tions have been divided into two main groups mostly
located in the western and southern parts by getting
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Figure 5. Continued. [Colour figure can be viewed at wileyonlinelibrary.com].

away from UL as well as four groups mainly located
in the northern, southern, western, and eastern parts
surrounding UL. Furthermore, it was found that the
weighted attributes can reduce spatial scattering and
the heterogeneity measure in each of the identified
homogeneous regions.

5. Recommendation for future research

This study presented the PCA and CC weighting
approaches in order to weight defined attributes in differ-
ent categories for the spatial clustering of MR; however,
other applicable attributes were not considered. Therefore,
one can use other stat., geo., and clim. attributes for spatial
clustering analysis such as real geographic distance, the
ratio from the cold season to the warm season rainfall,
and so on. It is recommended to consider the weights

with high ranges using other weighting methods to see
the effect of weighting attributes in clustering analysis.
In addition, the effect of weighting attributes should be
considered for other regionalization methods such as arti-
ficial neural network and fuzzy system which may have
merit for comparing the obtained results in this study. In
this regard, one can observe the effect of applying weights
to the attributes and their performance for each of those
methods. It is also possible that the weighting of attributes
has more effect on some variables of the study region for
clustering by changing the attributes affecting the desired
variables.
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