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s u m m a r y
One of the several methods in estimating ﬂood quantiles in ungauged or data-scarce watersheds is regional frequency analysis. Amongst the approaches to regional frequency analysis, different clustering techniques have been proposed to determine hydrologically homogeneous regions in the literature. Recently,
Self-Organization feature Map (SOM), a modern hydroinformatic tool, has been applied in several studies
for clustering watersheds. However, further studies are still needed with SOM on the interpretation of
SOM output map for identifying hydrologically homogeneous regions. In this study, two-level SOM
and three clustering methods (fuzzy c-mean, K-mean, and Ward’s Agglomerative hierarchical clustering)
are applied in an effort to identify hydrologically homogeneous regions in Mazandaran province watersheds in the north of Iran, and their results are compared with each other. Firstly the SOM is used to form
a two-dimensional feature map. Next, the output nodes of the SOM are clustered by using uniﬁed distance matrix algorithm and three clustering methods to form regions for ﬂood frequency analysis. The
heterogeneity test indicates the four regions achieved by the two-level SOM and Ward approach after
adjustments are sufﬁciently homogeneous. The results suggest that the combination of SOM and Ward
is much better than the combination of either SOM and FCM or SOM and K-mean.
Ó 2013 Elsevier B.V. All rights reserved.

1. Introduction
In hydrology, estimating the frequency and magnitudes of extreme values such as ﬂoods, rainstorms and droughts is very
important. Because extreme events are rare and their data records
are often short, estimation of the frequencies of extreme events is
difﬁcult. Therefore regional frequency analysis is used for reliable
estimation of hydrologic quantiles. In regional frequency analysis,
a site must be assigned to a homogeneous region because an
approximate homogeneity is required to ensure that a regional frequency analysis is more accurate than an at-site analysis (Hosking
and Wallis, 1997).
When many sites are involved in a regional frequency analysis,
identiﬁcation of homogeneous regions is usually the most difﬁcult
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part of the analysis and requires a great amount of subjective judgment. Cluster analysis has been used successfully to identify
homogeneous regions for regional frequency analysis in hydrology.
There are several methods for watershed clustering such as the kmeans (Burn and Goel, 2000; Burn, 1989), agglomerative hierarchical clustering (Hosking and Wallis, 1997; Nathan and McMahon,
1990) and hybrid clustering (Rao and Srinivas, 2006).
The Self-Organizing feature Map (SOM) algorithm (Kohonen,
1982) is a heuristic model used to visualize and explore linear
and nonlinear relationships in high-dimensional datasets. SOMs
were ﬁrstly used in the 1980s in speech recognition (Kohonen
et al., 1984). SOM is one of the widely used artiﬁcial neural networks (ANN) in many industrial applications such as pattern recognition, biological modeling, data compression, signal processing,
and data mining (Kohonen, 2001). Recently SOM is used as a modern informatics tool to identify the hydrologically homogeneous
regions. Hall and Minns (1999) used SOM in the classiﬁcation of
southwest England and Wales with ﬁve catchment characteristics
per gauging site. They grouped the output neurons into three
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distinct groups in order to obtain three homogeneous regions. Jingyi and Hall (2004) applied Ward’s cluster Method, fuzzy c-means
(FCM) method and SOM to classify the Gan and Ming River basin in
south east of China. Their results indicate that SOM is preferable
over the other two methods. Lin and Wang (2006) proposed a
one-step method to perform cluster analysis and discrimination
analysis based on SOM. They applied this method on the hydrological factors affecting low-ﬂow duration curves in southern Taiwan.
Lin and Chen (2006) applied the SOM, K-means method and Ward’s
method to actual rainfall data in Taiwan to identify homogeneous
regions for regional frequency analysis. They used two-dimensional map to indicate eight clusters of rainfall. Their results
showed that SOM could identify the homogeneous regions more
accurately compared with the other two clustering methods.
Herbst and Casper (2008) used SOM to obtain a topologically ordered classiﬁcation and clustering of the temporal patterns present
in the model outputs obtained from Monte-Carlo simulations. This
clustering of the entire time series allowed them to differentiate
the spectrum of the simulated time series with a high degree of
discriminatory power and showed that the SOM could provide insights into parameter sensitivities, while helping to constrain the
model parameter space to the region that best represents the measured time series. Ley et al. (2011) compared two kinds of inputs
for SOM to investigate hydrological similarity of 53 gauged catchments in Rhinel and Palatinate, Germany. They compared groups of
catchments clustered by response behavior with clusters of catchments based on catchment properties. Results show an overlap of
67% between these two pools of clustered catchments which can
be improved using the topologic correctness of SOMs. Razavi and
Coulibaly (2013) used ﬁve streamﬂow signatures to identify
homogenous watersheds in the Province of Ontario, and compared
them with the classiﬁed watersheds using the selected nonlinear
clustering techniques including Self Organizing Maps (SOMs), standard Non-Linear Principal Component Analysis (NLPCA), and Compact Non-Linear Principal Component Analysis (Compact-NLPCA).
Although SOM has been successfully utilized as a ﬁrst step in
clustering algorithms, it is difﬁcult to distinguish subsets because
there are still no clear boundaries between possible clusters.
Therefore, it is necessary to subdivide the map into different
groups according to the similarity of the weight vectors of the neurons. In order to solve this problem, researchers tried several methods. Lampinen and Oja (1992) proposed a two-level SOM, where
outputs of the ﬁrst SOM are fed into a second SOM as inputs. This
model performs better than SOM and classical K-means algorithms
in classifying artiﬁcial data and sensory information from low-level
feature detectors in a computer vision system. Vesanto and Alhoniemi (2000) applied both hierarchical agglomerative and partitional K-means clustering algorithms to group the output from SOM.
They expressed that the most important beneﬁt of this procedure
was that computational load decreased considerably; moreover
this method could cluster large data sets successfully as well as
handle several different preprocessing strategies in a limited time.
Srinivas et al. (2008) combined self-organizing feature map and
fuzzy clustering to classify watersheds in Indiana, USA. They subdivided the region into seven homogeneous groups. Clearly, more research is still needed in this ﬁeld to gain valuable experiences and
explore alternative approaches.
In this study, we used three methods to divide the trained SOM
units into several subgroups. First, the uniﬁed distance matrix
algorithm (U-matrix) as a visual method was applied. Fuzzy cmean algorithm, Ward’s agglomerative hierarchical clustering
(Ward) and K-mean methods were also applied to the trained
SOM map to compare the subgroups separated by each method.
In the next step, based on l-moment statistics the best method
was selected. Finally adjusted regions are created by a two-level
SOM and then the best regional distribution function and

associated parameters are selected by the L-moment approach.
Flow chart of the methodology proposed to determine hydrologically homogeneous regions is shown in Fig. 1.
2. Self-Organizing feature Map (SOM)
2.1. The SOM algorithm
SOM approximates the probability density function of input
data through an unsupervised learning algorithm, and is not only
an effective method for clustering, but also for the visualization
and abstraction of complex data (Kohonen, 2001). The algorithm
has properties of neighborhood preservation and local resolution
of the input space proportional to the data distribution (Kohonen,
1982, 2001). A SOM consists of two layers: an input layer formed
by a set of nodes (or neurons which are computational units),
and an output layer (Kohonen layer) formed by nodes arranged
in a two-dimensional grid (Fig. 2). The number of output neurons
in an SOM (i.e. map size) is important to detect the deviation of
the data. If the map size is too small, it might not explain some
important differences that should be detected. Conversely, if the
map size is too big, the differences are too small (Wilppu, 1997).
The number of output neurons in an SOM can be selected using
the heuristic rule suggested by Vesanto
pﬃﬃﬃﬃet al. (2000). The optimal
number of map units is close to 5  N , where N is the number
of samples in the data set.
Each node in the input layer is connected to all the nodes in the
output layer by synaptic links. Each output node has a vector of
coefﬁcients associated with input data. The coefﬁcient vector is referred to as a weight (or connection intensity) vector, W, between
the input and output layers. The weights establish a link between
the input units (i.e., feature vector) and their associated output
units (i.e., groups of feature vector) (Fig. 2).
The algorithm can be described as follows: when an input feature vector X is presented to the SOM, the nodes in the output layer
compete with each other, and the winning neuron (the neuron
with the closest match to the presented input) is chosen. The winner and its neighbors, predeﬁned in the algorithm, update their
weight vectors according to the SOM learning rules as follows:

wij ðt þ 1Þ ¼ wij þ aðtÞ  hjc ðtÞ½X i ðtÞ  wij ðtÞ

ð1Þ

where wij(t) is a weight between a node i in the input layer and a
node j in the output layer at iteration time t, a(t) is a learning rate
factor which is a decreasing function of the iteration time t, and
hjc(t) is a neighborhood function (a smoothing kernel deﬁned over
the lattice points) that deﬁnes the size of neighborhood of the winning node (c) to be updated during the learning process. This learning process is continued until a stopping criterion is met, usually,
when weight vectors stabilize or when a number of iterations are
completed. This learning process results in the preservation of the
connection intensities in the weight vectors. A detailed description
of the SOM algorithm can be found in Haykin (2003).
The ﬁnal weight matrix after the SOM step is the m0  n data
matrix W0 .

2

w11
6 .
W0 ¼ 6
4 ..
wn1

3
   w1m0
..
.. 7
7
.
. 5

ð2Þ

   wnm0

2.2. SOM visualization
2.2.1. Uniﬁed distance matrix (U-matrix)
The U-matrix can be used to visualize the distances between
neighboring map units, and thus shows the cluster structure of
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Fig. 1. Flow chart of the methodology proposed to determine hydrologically homogeneous regions.

Fig. 2. Schematic diagram of SOM.

the map: high values of the U-matrix indicate a cluster border;
uniform areas of low values indicate clusters themselves. Each
component plane shows the values of one variable in each map
unit (Vesanto et al., 1999). Therefore, zones of nodes with large
distances between them separate clusters.
2.2.2. Component plots
To analyze the contribution of variables to cluster structures of
the trained SOM, each input variable (component) calculated during the training process is visualized in each neuron on the trained
SOM map in grey scale (Lek et al., 2005). The component plots are
used to determine the zones (units on the map) where the variable
value is high or low, and to observe any correlation or relationship
among the process variables (López García and Machón González,
2004).
3. Clustering SOM units
For clustering the SOM units several methods can be considered, but each method has its advantages and disadvantages for
clustering. The fuzzy clustering method (Srinivas et al.,2008;
Giraudel et al., 2000), hierarchical agglomerative clustering using
the Ward’s method (Hentati et al., 2010) and partition clustering
using the k-means method (Vesanto and Alhoniemi, 2000) were
used to subdivide the trained SOM map into several groups. Vesanto and Alhoniemi (2000) reported that the agglomerative clustering and partition clustering showed clear clusters, although the
U-matrix could not ﬁnd clear boundaries on the trained SOM. Thus,
when the subgroups are separated if no clear clusters have been
formed, it is necessary to compare several clustering methods after
training the SOM.

In this study, the U-matrix, Fuzzy Clustering Method (FCM),
Ward’s agglomerative hierarchical clustering (Ward), and K-mean
methods were applied to separate subsets on the trained SOM.
First, the uniﬁed distance matrix algorithm in a short U-matrix
(Ultsch and Siemon, 1990; Ultsch, 1993) was applied. The U-matrix
calculates the distances between neighboring map units, and these
distances can be visualized to represent clusters using a grey scale
display on the map (Kohonen, 2001). High values of the U-matrix
indicate a cluster border; uniform areas of low values indicate clusters themselves. A fuzzy clustering method (Bezdek, 1981) was
also applied to the trained SOM map. The ﬁnal weight matrix after
the SOM step is fed to FCM algorithm. To select the best patterning
among partitions with different numbers of clusters, six cluster
validity measures were calculated and compared with each other.
The optimum values of validity measures can be found for a solution with low variance within clusters and high variance between
clusters. In order to compare between the FCM and traditional
methods, the SOM weight vectors were used to classify the units
by Ward’s Agglomerative hierarchical clustering (Ward) and the
K-mean methods.
3.1. Fuzzy C-Mean clustering (FCM)
The FCM clustering algorithm (Bezdek, 1981) is a multivariate
data analysis technique and partitions the ﬁnal weight vector,
W 0j ¼ ½w1j . . . wnj   Rn into c{2, . . ., n  1} overlapping or fuzzy clusters, which are identiﬁed by their cluster centers (or prototypes), vi
(i = 1, . . ., c).
3.1.1. FCM algorithm
The partitioning of data into fuzzy clusters is achieved by minimizing the objective function:

MinimizeJðM; V : W 0 Þ ¼

c X
m0
X
2
ðuij Þl d ðW 0j ; v i Þ

ð3Þ

i¼1 j¼1

using an iterative procedure. In Eq. (3), M is the membership matrix,
V is the cluster centers matrix, c is the number of clusters (classes or
groups) and uij is the degree of membership of jth prototype W 0j in
the ith fuzzy cluster. If the Euclidean distance between W 0j and
cluster center vi is large, J is minimized. If the distance is small,
the membership value approaches unity (Hoppner, 2002). The
parameter l e (1, 1) is a weighting exponent (also known as
fuzziﬁcation parameter) that controls the degree of the fuzziness
of the resulting classiﬁcation, which is the degree of overlap
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between clusters. With the minimum meaningful value of l = 1, the
solution is a hard partition; that is, the result obtained is hard (or
crisp). As l approaches inﬁnity (1) the solution approaches its
highest degree of fuzziness (Bezdek, 1981). The choice of l = 2 is
widely accepted as a good choice of fuzziﬁcation parameter (Hathaway and Bezdek, 2001). The matrix M is constrained to contain elements in the range [0, 1] such that
c
X
uij ¼ 1 8j 2 f1; . . . ; m0 g

ð4Þ

i¼1

The second constraint on M matrix is that the coefﬁcients for
each cluster center must sum to less than the number of elements
or

0<

Xm0

u
j¼1 ik

< m0

8i 2 f1; . . . ; cg

ð5Þ

The objective function, J, is minimized by a two-step iteration.
First, the V matrix is initialized with random values, and then the
M matrix is estimated from the ﬁnal weight vector, W 0j , l > 1,
and V where

uij ¼

c
X

ðkw0j

v

0
i k=kwj

2=l1

!1

 v j kÞ

ð6Þ

j¼1

Then, the cluster centers (prototypes) are computed using the
formula

vi ¼

m0
X
l
ðuij Þw0j
j¼1

!,

m0
X
 l
uij ;

16i6c

i. Starting with a sufﬁciently large number of clusters, and successively reducing this number by merging clusters that are
similar (compatible) with respect to some predeﬁned criteria. This approach is called compatible cluster merging.
ii. Clustering data for different values of c, and using validity
measures to assess the goodness of the obtained partitions.
This can be done in two ways:
The ﬁrst approach is to deﬁne a validity function which evaluates a complete partition. An upper bound for the number of clusters must be estimated (cmax), and the algorithms have to be run
with each c e {2, 3, . . ., cmax}. For each partition, the validity function
provides a value such that the results of the analysis can be compared indirectly. In the present study, we used this method to reach
the optimum number of fuzzy clusters. The second approach consists of the deﬁnition of a validity function that evaluates individual
clusters of a cluster partition. Again, cmax has to be estimated and
the cluster analysis has to be carried out for cmax. The resulting clusters are compared with each other on the basis of the validity function. Similar clusters are collected in one cluster; very bad clusters
are eliminated, so the number of clusters is reduced. The procedure
can be repeated until there are no bad clusters.
Different scalar validity measures have been proposed in the literature, but none of them is perfect by oneself, and therefore we
used several indexes in our study, which are described below:
The partition coefﬁcient measures (PC) the amount of ‘‘overlapping’’ between clusters. It is deﬁned by Bezdek (1981) as follows:

ð7Þ

j¼1

In the case of FCM results, the samples may not be 100% a member of a cluster or group; instead, the membership of samples is
graded (partitioned) between groups. The assignment certainty of
SOM units to a speciﬁc cluster is described by its membership value (u) ranging between 0 and 1. The greater the certainty of a sample belongs to a cluster, the closer its membership degree is to 1.
The membership values of all the units sum to 1. A more detailed
discussion of FCM and examples is given by Bezdek (1981) and
Bezdek et al. (1984). The FCM algorithm for partitioning the units
into fuzzy clusters can be summarized in the following steps:
i. Choose a value for the fuzziﬁcation parameter, l, with l > 1.
ii. Choose a value for the stopping criterion, e (e.g., e = 0.0001
gives reasonable convergence).
iii. Choose a distance measure in the variable space (e.g., Euclidean distance).
iv. Choose the number of classes or groups, c, with
c e {2, . . ., n  1}.
v. Initialize M = M(0), e.g., with random memberships or with
memberships from a hard k-means partition.
vi. At iteration it = 1, 2, 3, recalculate C = C(it) using Eq. (6) and
U(it1).
vii. Recalculate M = M(it) using Eq. (6) and C(it).
viii. Compare M(it) to M(it1) in a convenient matrix norm. If
kMðitÞ  Mðit1Þ k < e, then stop; otherwise return to Step (vi).
3.1.2. Fuzzy cluster validity problem
Cluster validity refers to the problem whether a given fuzzy
partition ﬁts to the data. The clustering algorithm always tries to
ﬁnd the best ﬁt for a ﬁxed number of clusters and the parameterized cluster shapes. However this does not mean that even the best
ﬁt is meaningful at all. Either the number of clusters might be
wrong or the cluster shapes might not correspond to the groups
in the data, if the data can be grouped in a meaningful way at
all. Two main approaches to determine the appropriate number
of clusters in the data can be distinguished:

0

PCðMÞ ¼

c X
m
1 X
ðuij Þ2
0
m i¼1 j¼1

ð8Þ

The classiﬁcation entropy index (CE) is the fuzziness of the cluster partition only, which is similar to the partition coefﬁcient.

CEðUÞ ¼ 

m0

hP

1

c Pm 0
j¼1 uik
i¼1

log uij

i

ð9Þ

The fuzziness performance index (FPI) and normalized classiﬁcation entropy (NCE) proposed by Roubens (1982) are deﬁned as:

C  PCðUÞ  1
C1
PEðUÞ
NCEðMÞ ¼
log C

FPIðMÞ ¼ 1 

ð10Þ
ð11Þ

The disadvantage of these measures is the lack of direct connection to the properties of the data themselves. The optimal number
of clusters is obtained at the maximum value of PC and minimum
value of PE, FPI, and NCE.
The Xie–Beni (XB) cluster validity measure (Xie and Beni, 1991)
is the ratio of compactness to separation of a fuzzy c-partition. It is
a function of the data set and the centroids of the clusters



XB M; V : W 0 ¼

Pc Pm0  l
kV i  W 0j k2
i¼1
j¼1 uij
m0 minkv i  v k k2

ð12Þ

i;j–k

In Eq. (12), the term in the numerator is the sum of squares of
fuzzy deviation of each prototype Wij (j = 1, . . ., m0 ) from the fuzzy
centroid of each cluster Vi (i = 1, . . ., c). The magnitude of this term
decreases with increase in compactness of the clusters. The denominator, which measures the minimum separation between cluster
centroids, has a larger value for the clusters that are well separated.
Minimum value of XB implies a good partition, which corresponds
to the compact and well-separated clusters. The value of XB monotonically decreases when the number of clusters gets large. To
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eliminate this problem, Kwon (1998) presented a new cluster validation measure VK, which has a second term in the numerator
termed and ad hoc punishing function.

V K ðM; V : W 0 Þ
Pc Pm0
¼

i¼1

j¼1 ðuik Þ

l

kV i  W 0j k2 þ 1c

Pc

i¼1 kV i

 V 2k

minkV i  V k k2

ð13Þ

i–k

3.2. K-means clustering
The SOM maps may be divided into similar regions, by applying
the non-hierarchical K-means clustering algorithm to the BMUs
(the Best-Matching Units) of the SOM. K-means clustering uses
an algorithm to classify objects by minimizing the sum of squares
of distances between the data and the corresponding cluster centroid. The K-means algorithm can be summarized in the following
steps (Chang et al., 2008):
i. Begin with a decision on the value of K = the number of
clusters.
ii. Place K points into the space represented by the objects that
are being clustered. These points represent the initial group
centroids.
iii. Assign each object to the group that has the closest centroid.
iv. When all objects have been assigned, recalculate the positions of the K centroids.
v. Repeat steps (iii) and (iv) until the centroids no longer move.
vi. This produces a separation of the objects into groups from
which the metric to be minimized can be calculated.
Because of the K-means algorithm requires the user to predeﬁne the number of clusters (k). We used the Davies–Bouldin index
to achieve the optimum number of clusters. The partition with the
minimum of the Davies–Bouldin index is taken as the optimal
partition.

3.3. Ward’s agglomerative hierarchical clustering
Ward’s algorithm (Ward, 1963) is a frequently used technique
for regionalization studies in hydrology and climatology. It is based
on the assumption that if two clusters are merged, the resulting
loss of information, or change in the value of objective function,
will depend only on the relationship between the two merged clusters and not on the relationships with any other clusters. The detailed explanation of Ward’s algorithm can be found in Rao and
Srinivas (2006). In the next section, the ﬁnal weights of the trained
SOM were given to the Ward’s agglomerative hierarchical algorithm as input and the units of the SOM map were further grouped
in different scales.

4. Identiﬁcation of homogeneous regions and regional
distributions based on L-moments
After the formation of clusters, the most frequently applied
tests of regional homogeneity based on the theory of L-moments
are used to compare and modify the clusters which are formed
by clustering algorithms and ﬁnd the best clustering method to
achieve hydrologically homogeneous regions.
Three statistical measures are used to form a homogeneous region, (i) discordancy measure, (ii) heterogeneity measure and (iii)
goodness-of-ﬁt measure (Hosking and Wallis, 1993). The subsequent sections describes these three statistical measures.

4.1. Discordancy measure
The discordancy measure, Di, is used to ﬁnd out unusual sites
from the pooling group (i.e., the sites whose at-site sample L moments are markedly different from the other sites).
 The discordancy
T
measure, Di, is calculated based on a vector U i ¼ si2 ; si3 ; si4 related
to sample l-moments of site i. s2 is a measure of scale and dispersion (LCv), s3 is a measure of skewness (LCs) and s4 is a measure
of kurtosis (LCk). Di is deﬁned as follows:

ÞT S1 ðui  u
Þ
Di ¼ 31 Nðui  u

ð14Þ

N
X
 Þðui  u
 ÞT
S ¼ ðN  1Þ1 ðui  u

ð15Þ

i¼1

N is the number of sites in a given group. Generally, any site with
Di > 3 is considered as discordant (Hosking and Wallis, 1993).
4.2. Regional homogeneity test
The homogeneity of the region is evaluated using homogeneity
measures (H1, H2 and H3) which are based on sample L-moments
(LCv, LCs and LCk), respectively. The H1, H2 and H3 homogeneity
measures are based on the simulation of 500 homogeneous regions
with population parameters equal to the regional average sample
l-moment ratios (Hosking and Wallis, 1997; Tallaksen et al.,
2004). The heterogeneity (H) statistic and V statistic for the sample
and simulated regions take the following forms, respectively:

H ¼ ðV obs  lV Þ=rV
(
,
)1=2
N
N
X

2 X
V1 ¼
ni si2  sR2
ni
i¼1

V2 ¼

ð16Þ
ð17Þ

i¼1

N
n
X
2 
2 o1=2
ni si2  sR2 þ si3  sR3
i¼1

N
n
o
X
2
2 1=2
V3 ¼
ni ðsi3  sR3 Þ þ ðsi4  sR4 Þ
i¼1

,

,

N
X
ni

ð18Þ

i¼1
N
X
ni

ð19Þ

i¼1

ni is record length at site i, si2 ; si3 and si4 are the sample l-coefﬁcient
of variation (LCv), the sample l-coefﬁcient of skewness (LCs) and the
sample l-coefﬁcient of kurtosis (LCk), respectively. The values, sR2 ; sR3
and sR4 are the regional average sample LCv, the regional average
sample LCs, and the regional average sample LCk, respectively, lV
is the mean of simulated V values, rV is the standard deviation of
simulated V values. The value of the H-statistic indicates that the region under consideration is acceptably homogeneous when H < 1,
possibly heterogeneous when 1 6 H < 2, and deﬁnitely heterogeneous when H P 2.
Hosking and Wallis (1993) observed that the statistics H2 and
H3 lacked the power to discriminate between homogeneous and
heterogeneous regions and that H1 based on LCv had much better
discriminating power. Therefore, the H1 statistic is recommended
as a principal indicator of heterogeneity.
4.3. Choosing the regional frequency distributions
The regional frequency distribution is chosen based on the
goodness-of-ﬁt-test, ZDIST (Tallaksen et al., 2004). The statistics
are written as:

Z DIST ¼





sDIST
 s4 þ b4 =r4
4

ð20Þ

Nsim
X
 4m  s4 Þ
b4 ¼ N 1
ðs
sim

(

ð21Þ

m¼1

r4 ¼ ðNsim  1Þ1

N sim
X
m¼1

)1=2
4m  s4 Þ2  Nsim b24
ðs

ð22Þ
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Fig. 3. Location of study area, Mazandaran Province, North of Iran.

Table 1
Watershed attributes under consideration for cluster analysis in the present study.
Attribute

Range

Basin area (km2)
Basin mean elevation (m)
Channel length (km)
Main channel Slope (%)
Mean annual rainfall (mm)
Longitude
Latitude
Station elevation (m)
Basin mean slope (%)
Main river branch length (km)
Basin perimeter (km)

18.71–4026.57
415.1–3074.25
7.1–190.5
1.04–8.54
180–1593
50.37–53.52
36.05–36.54
23–2100
8.66–62.44
1.92–112.34
23.96–404.91
Fig. 4. Scree plot illustrating the 4-factor solution resulting from factor analysis.

Table 2
Descriptive statistics of the created PCs.
PCs

Eigenvalue

Variance %

Cumulative variance %

1
2
3
4
5
6
7
8
9
10
11

4.804
2.925
1.733
0.476
0.355
0.258
0.202
0.14
0.064
0.031
0.012

43.674
26.591
15.752
4.327
3.227
2.347
1.839
1.276
0.581
0.278
0.109

43.674
70.265
86.016
90.343
93.57
95.917
97.756
99.032
99.613
99.891
100

where DIST refers to a candidate statistical distribution, sDIST
is the
4
4 is the regional
population L-kurtosis of the selected distribution, s
average sample L-kurtosis, b4 is the bias of regional average sample
L-kurtosis, r4 is the standard deviation of the regional average
sample L-kurtosis, and Nsim is realizations of a region with N sites.
The four parameter Kappa distribution is used to simulate 500 regions similar to the actual region to estimate b4 and r4. Hosking
and Wallis (1997) imply that the four parameter Kappa distribution
for simulations includes a special case the generalized logistic,

Table 3
Eigenvalues of the principle components. The most effective attributes in PCs
formation are shown in bold.
Attributes

PC 1

PC 2

PC 3

PC 4

Basin area
Basin mean elevation
Channel length
Main channel slope
Mean annual rainfall
Longitude
Latitude
Station elevation
Basin mean slope
Main river branch length
Basin perimeter

0.924
0.216
0.954
0.653
0.199
0.433
0.103
0.214
0.073
0.909
0.982

0.027
0.731
0.159
0.605
0.066
0.747
0.006
0.391
0.936
0.039
0.109

0.024
0.593
0.083
0.029
0.889
0.145
0.366
0.752
0.154
0.022
0.077

0.059
0.142
0.083
0.225
0.173
0.383
0.91
0.273
0.128
0.095
0.017

generalized extreme values and generalized Pareto distributions.
Therefore, this distribution has a capability of representing many
distributions. They judged from simulations that the value of 500
for Nsim should usually be adequate. The parameters belonging to
the Kappa distribution were estimated by using the regional average l-moment ratios. The jZ DIST j 6 1:64 should be for an appropriate
regional distribution, but the distribution giving the minimum
|ZDIST| is considered as the best-ﬁt distribution for the region.
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Fig. 5. LCv–LCs moment ratio diagram for 47 stations in North of Iran.

393

Fig. 7. Uniﬁed distance matrix (U-matrix).

5.2. Data preprocessing
5. Case study
5.1. Study area
In this study, we aim to cluster the Mazandaran’s province
watersheds in the north of Iran. The location map of the study area
is shown in Fig. 3. The mean annual rainfall in the region ranges
from more than 1500 mm in the west to 180 mm in the east of
Mazandaran Province. Most of the eastern part of the province is
located at an elevation of less than 500 m above sea level. The western humid part has a low elevation but the high amount of precipitation makes it more suitable for agricultural activities. Because of
these different climatic and physiographic features, the region is
not hydrologically homogeneous.

In this study, ﬂow records and attributes from 47 watersheds in
Mazandaran province were selected. The attributes at all the 47
watersheds considered in the study were scrutinized to extract
independent attributes for cluster analysis. Ranges of these attributes are presented in Table 1. Compared with using a large number of physical parameters, performing principal component
analysis (PCA) on the catchment descriptors before applying SOM
signiﬁcantly improves the effectiveness of SOM classiﬁcations by
reducing the uncertainty of hydrological predictions in ungauged
sites (Di Prinzio et al., 2011). To see if PCA is an appropriate method
for data reduction, Kaiser–Meyer–Olkin (KMO) statistic was computed. The KMO statistic equal to 0.713 conﬁrmed the application
of PCA on input variables. The characteristics of PCs are presented

Fig. 6. Gradient distributions of PCs in the SOM map trained with 4 PCs.
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Fig. 8. Plot of the cluster validity measures for the classiﬁcation of the SOM units by fuzzy c-means algorithm for number of clusters between 2 and 10.

shows that ﬁrst four components are the best choice. In addition,
most effective attributes in PCs formation are shown by bold font
in Table 3. It is clear that basin area, channel length, main channel
slope, main river branch length, and basin perimeter have the most
effect on the PC1 that includes more than 43.67% of input variables’
variance proportions. In addition, the basin mean elevation, longitude, and basin mean slope have the most effect on the second
component (PC2), which includes more than 26.59% of input variables’ variance proportions. Furthermore, PC3 is affected by the
mean annual rainfall, and station elevation. Latitude has the most
effect on the PC4.
In this study, the ﬁrst four PCs are selected as inputs of SOM and
traditional models.

Fig. 9. Classiﬁcation of 47 stations through the training of SOM with FCM.

Table 4
Homogeneity measures for each cluster formed by PCA input.
Method

SOM + FCM

SOM + Ward

SOM + K-means

Regions

N

H1

N

H1

N

H1

1
2
3
4
5

10
7
11
11
8

0.61
3.2b
0.98
1.63a
1.24a

11
10
11
5
10

0.87
0.82
0.98
4.01b
0.97

7
19
5
5
11

0.11
1
1.47a
4.01b
0.98

N: Number of stations; H1: Homogeneity measures.
a
Possibly heterogeneous.
b
Heterogeneous.

in Table 2. In the table, eigenvalues, variance proportion, and
cumulative variance proportion are shown. According to Table 2,
it is clear that the ﬁrst four PCs (PC1–PC4) indicate 90.3% of total
variance proportion of input variables. Also, screen plot (Fig. 4)

5.3. Results and discussion
The moment ratio diagram (MRD) is an easy way to identify the
regional homogeneity of a region and provides a visual comparison
of sample estimates to population values of l-moments (Stedinger
et al., 1993). Therefore, the moment ratio diagram (MRD) of 47 stations was ﬁrst drawn as an initial inspection of the region (Fig. 5).
The LCv–LCs diagram shows that the distribution of L-moments
around the average is small. Consequently, the entire state of Mazandaran cannot be considered as one homogeneous region. Therefore, the stations must be separated into the homogeneous groups.
At ﬁrst, the ﬁrst four PCs are fed to the SOM model. In this study
the number of nodes in the input layer of the SOM is equal to 4 (i.e.,
the number of principal components chosen for cluster analysis).
The output layer based on Vesanto et al. (2000) suggestion was
made of a total of 36 output nodes in the hexagonal lattice (36
nodes in a grid of 6  6 cells) for providing a better visualization.
A hexagonal lattice is preferred because it does not favor horizontal
or vertical directions (Kohonen, 2001). Through the SOM learning
process, the weight vector was approximately proportional to the
probability density of the data. Therefore, each PC distribution in
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Fig. 10. Two-level clustered SOM. (a) Borders between clusters are obtained by cutting the Dendrogram (b) at the level of ﬁve clusters.

Fig. 11. Classiﬁcation of 47 stations through the training of SOM with K-mean.

Table 5
Homogeneity measures for study area.
Regions

1
2
3
4
5

Before adjustment

After adjustment

N

H1

N

H1

11
10
11
5
10

0.87
0.82
0.98
4.01a
0.97

12
11
11
–
12

0.97
0.89
0.98
–
1

N: Number of stations; H1: Homogeneity measures.
a
Heterogeneous.

the SOM output units can provide their importance in the each
cluster.
Fig. 6 shows distribution gradients of attributes in the SOM map
trained with the ﬁrst four PCs. Dark color represents a high value of
PCs in their given scale bar, whereas white color is a low value.
After training the SOM, the U-matrix algorithm was applied to
cluster the units in the trained map (Fig. 7). High values of the
U-matrix indicate a cluster border and low values with uniform
areas indicate clusters themselves. The results do not show clear
boundaries on the map. Therefore, the SOM weight vectors were
used to classify the units by three clustering algorithms and compare their results to each other.
At ﬁrst, the SOM weight vectors were used to classify the units
by fuzzy c-means algorithm. In Fig. 8 six cluster validity measures
are shown. The Xie–Beni and Kwon indexes show ﬁve clear clusters
based on the minimum value of cluster validity measures. The fuzziness performance (FPI) and normalized classiﬁcation entropy
(NCE) are not shown number of clusters clearly, but FPI has a slow
decreasing tendency with increase in the number of clusters for
c > 5. The partition entropy (PE) and partition coefﬁcient (PC) which
always suggest c = 2 as the best partition are inefﬁcient. In general,
PE is minimized and PC is maximized at c = 2 (Fig. 8). This is because
both of these measures lack direct connection to any property of the
data. While partition entropy exhibits monotonic increasing tendency with increase in the number of clusters, partition coefﬁcient
exhibits monotonic decreasing tendency with increase in the number of clusters (Xie and Beni, 1991; Halkidi et al., 2001). As a result,
both the measures often suggest c = 2 as optimal partition, as seen
in the results of Hall and Minns (1999) and of Srinivas et al. (2008).
Based on Xie–Beni and Kwon indexes results, c = 5 was selected,
and SOM trained map classiﬁed into ﬁve fuzzy clusters (Fig. 9). In
Fig. 9 numbers in the hexagons represent the number of station assigned in each SOM unit in the range of 1–5.

Fig. 12. Location of the hydrologic homogeneous regions after adjustment.
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Table 6
Goodness-of-ﬁt-test measures for study area.
Region
West (cluster 1)
Middle (cluster 2)
West heights (cluster 3)
East (cluster 4)
a

GLOG

GEV
a

0.51
0.44a
0.12a
0.98a

a

0.94
1.13a
0.57a
1.5a

LN3

P III

GPAR

1.75
1.77
1.31a
2.34

3.12
2.87
2.57
3.78

2.43
3.07
2.58
3.19

The distribution may be accepted as a regional distribution.

Table 7
Generalized logistic distribution parameters for each homogeneous region.
Parameters

Location (n)

Scale (a)

Shape (b)

West (cluster 1)
Middle (cluster 2)
West heights (cluster 3)
East (cluster 4)

0.747
0.831
0.827
0.776

0.318
0.288
0.277
0.297

0.397
0.317
0.332
0.382

After that, homogeneity statistic for each cluster was calculated
with results presented in Table 4. Two of the fuzzy clusters are
homogeneous, and two of the fuzzy clusters are possibly heterogeneous, and one of them is completely heterogeneous.
In order to compare between FCM results and traditional methods, the SOM weight vectors were used to classify the units by
Ward’s Agglomerative hierarchical clustering (Ward) and K-mean
methods. Therefore, the SOM units were further grouped into 5
clusters based on dendrogram of a hierarchical cluster analysis
(Fig. 10a and b).
Table 4 represents the homogeneity statistics of the groups extracted from two-level SOM + Ward clustering. According to H1 criterion, 4 groups are homogenous and one is just a heterogeneous
region.
In addition, the SOM weight vectors were used to classify the
units by K-mean clustering method. Based on the Davies–Bouldin index (Davies and Bouldin, 1979) the number of clusters was determined. Minimum value of the Davies–Bouldin index is shown with
the number of clusters equal to ﬁve. The clusters are shown in Fig. 11.
Table 4 represents the homogeneity statistics of the groups extracted from two-level SOM + K-mean clustering. According to H1
criterion, 3 groups are homogenous and 1 of them is acceptably
homogenous, and there is a heterogeneous region.
Overall stations were well organized in the SOM map according
to similarities of their attributes. According to homogeneity test
the clusters deﬁned by the SOM + Ward methods were more
homogeneous than the SOM + FCM and SOM + K-means. Thus,
SOM + Ward method’s result is used to continue calculations.
According to Figs. 6 and 10a, and the bold values in Table 3, it is
clear that, the sites in Cluster 1, 2 and 3 have lowest amount of PC1,
which means low amount of basin area, channel length, main
channel slope, main river branch length, and basin perimeter. In
addition cluster 1 has a high amount of PC4 that shows a high latitude. Therefore cluster 1 is located in the west of Mazandaran
province. Cluster 3 has the largest amount of PC3 and mean annual
rainfall, therefore it is located in the western heights of Mazandaran province.
Cluster 4 has the lowest amount of PC2 that means a low
amount of basin mean elevation, longitude and basin mean slope.
The sites in Cluster 3 are located in the western heights of Mazandaran province with highest mean annual rainfall and elevation. The
sites in Cluster 5 have the highest amount of PC1, which means a
high amount of basin area, channel length, main channel slope,
main river branch length, and basin perimeter.
The regions identiﬁed by the clustering algorithms are, in general, not statistically homogeneous. Consequently, they have to
be adjusted to improve their homogeneity. The sites that were

ﬂagged discordant by the discordancy measure (Eqs. (14) and
(15)) were ﬁrst identiﬁed. Although Hosking and Wallis (1997,
p. 47) provide critical values for the discordancy measure to declare a site unusual, it is worth identifying all the sites with high
discordancy values. Secondly, the heterogeneity measures (Eqs.
(16) and (19)) of the adjusted region were examined as they
change with exclusion of each site from the region. Thirdly, the discordant site, whose exclusion reduces the heterogeneity measures
of the region by a signiﬁcant amount, was identiﬁed and removed.
The general ﬁnding of this step of adjustment was that one station was removed, because its exclusion reduces the heterogeneity
measures of the region 1. One of the regions with 5 stations that
were extremely heterogeneous was removed, because the number
of its sites was low and its sites was scattered in the other regions.
Therefore, four sites joined to other regions and one of the sites
was eliminated. The results of this analysis presented in Table 5
indicate the homogeneity measures before and after adjustment.
The results of two-level SOM + Ward clustering of Mazandaran
province, after adjustment, are shown in Fig. 12. It can be seen that
the region from west to east is divided into four groups that are consistent with the regional precipitation decreasing regime change in
the province. The western heights is in region 3 and the western
plain area with a high amount of precipitation is located in region
1. Eastern dry area of Mazandaran province is in region 4 and the
area with medium precipitation is located in region 2.
The goodness-of-ﬁt measure (ZDIST) is a criterion used to select
the best regional frequency distribution. Based on ZDIST statistics,
generalized logistic distribution with different parameters are
selected for each homogeneous region. Based on this parameter,
the ﬂood quantiles could be calculated with different return periods for each station easily. The ZDIST values (Hosking and Wallis
1993) were calculated using the FORTRAN computer program
developed by Hosking (1991) for 3 parameters distributions Generalized logistic, Lognormal, Pearson type III, Generalized pareto and
Generalized extreme value and presented in Table 6. The ZDIST statistics value in all four regions, for two distributions of Generalized
extreme value and Generalized logistic is less than 1.64 but
Generalized logistic has the lowest value. Based on ZDIST statistics,
Generalized logistic is selected as a regional distribution function
in three homogeneous regions for which, the parameters are
presented in Table 7.

6. Summary and conclusions
Three methods are compared to cluster SOM map units to identify the homogeneous regions for regional ﬂood frequency analysis
in Mazandaran province in the north of Iran. The homogeneity of
the regions obtained using the clustering algorithms is tested by
using the L-moments based homogeneity test of Hosking and Wallis (1997). The best cluster of the Mazandaran province data was
formed with c = 4 by two-level SOM + Ward clustering algorithm.
Finally the generalized logistic distribution with different parameters is the best distribution for each of the four regions according to
the goodness of ﬁt test measure, ZDIST.
The main results of this study are brieﬂy mentioned:
1. SOM is a useful method to achieve homogeneous regions,
because SOM has shown a high performance for visualization
and abstraction of attributes, and displayed a distribution of
each component.
2. However, U-matrix is a good visual tool to initial inspection of
the number of cluster in trained SOM units but it is not a strong
method to identify cluster boundaries on the trained map and
needs other methods such as FCM, Ward or K-mean to classify
the SOM map.
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3. The most important parts of the FCM method is to determine
the optimum number of fuzzy clusters, and the results show
that the Xie–Beni and Kwon cluster validity indexes have the
best results. The partition coefﬁcient measures have monotonic
increasing tendency and classiﬁcation entropy index has monotonic decreasing tendency with increase in the number of clusters and is not appropriate to identify the optimum number of
clusters. The reason of these may be due to the lack of direct
connection to some property of the data. Also, the fuzziness
performance and normalized classiﬁcation entropy do not show
the number of clusters clearly. These results support those of
Srinivas et al. (2008).
4. It is found that Ward’s algorithm is an easy way to cluster SOM
units because Ward’s algorithm does not need to determine the
optimum number of clusters before calculations. Also, the
regions achieved by two-level SOM + Wards were more homogeneous than those by the SOM + FCM and SOM + K-means
methods. Therefore, we recommend the two-level SOM + Ward
clustering method and SOM visualization discussed in this
paper for regionalization of watersheds.
7. Future work
It should be pointed out that there are a great range of
watershed attributes that can be assessed using modern GIS and
digital maps (Wan Jaafar and Han, 2012). In this study, only eleven
attributes are used and further studies to explore other combinations should be carried albeit it is a tedious task to explore and conﬁrm an optimal combination of those attributes (Wan Jaafar et al.,
2011).
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