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Abstract:
Reliable estimation of low ﬂows at ungauged catchments is one of the major challenges in water-resources planning and
management. This study aims at providing at-site and ungauged sites low-ﬂow frequency analysis using regionalization
approach. A two-stage delineating homogeneous region is proposed in this study. Clustering sites with similar low-ﬂow
L-moment ratios is initially conducted, and L-moment-based discordancy and heterogeneity measures are then used to detect
unusual sites. Based on the goodness-of-ﬁt test statistic, the best-ﬁt regional model is identiﬁed in each hydrologically
homogeneous region. The relationship between mean annual 7-day minimum ﬂow and hydro-geomorphic characteristics is also
constructed in each homogeneous region associated with the derived regional model for estimating various low-ﬂow quantiles at
ungauged sites. Uncertainty analysis of model parameters and low-ﬂow estimations is carried out using the Bayesian inference.
Applied in Seﬁdroud basin located in northwestern Iran, two hydrologically homogeneous regions are identiﬁed, i.e. the east and
west regions. The best-ﬁt regional model for the east and west regions are generalized logistic and Pearson type III distributions,
respectively. The results show that the proposed approach provides reasonably good accuracy for at-site as well as ungauged-site
frequency analysis. Besides, interval estimations for model parameters and low ﬂows provide uncertainty information, and the
results indicate that Bayesian conﬁdence intervals are signiﬁcantly reduced when comparing with the outcomes of conventional
t-distribution method. Copyright © 2013 John Wiley & Sons, Ltd.
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INTRODUCTION
Low ﬂow is generally recognized as the minimum ﬂow in
a river during the dry periods of each year. Smakhtin
(2001) indicated that low ﬂow is a seasonal phenomenon
and an integral component of a ﬂow regime of any river,
which is effected by natural factors (such as climate,
topography, soil, etc.) as well as man-made inﬂuences
(e.g. streamﬂow diversion, groundwater abstraction,
artiﬁcial drainage, etc.). Estimation of low-ﬂow statistics
is crucial in many respects of water-resources management.
For example, capacity design and establishment of operating
policy for hydraulic facilities such as hydroelectric power
plants and streamﬂow diversion weirs, determining
discharge permits and location of treatment plants for
water-quality management, estimation of the minimum ﬂow
for environmental protection purpose, and so on.
Low-ﬂow statistics are usually estimated in terms of ﬂow
duration curve, Q95 (the discharge equalled or exceed 95%
of the time), 7Q10 (the minimum 7-day discharge with a
recurrence interval of 10 years), and many other low-ﬂow
indices described in Smakhtin (2001) and Laaha and
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Blöschl (2006b). Many well-developed approaches can be
applied at-site estimation with sufﬁcient streamﬂow records.
However, scare or no data available at sites of interest for
estimation are commonly met in many river basins. To
alleviate such problems, regionalization has been proposed
by pooling at-site information within a hydrologically
similar gauged region to improve estimation at gauged sites
with shorter records or to predict estimations at ungauged
sites. Hosking and Wallis (1997) called this regionalization
concept as ‘trading space for time’.
Traditionally, regionalization groupings consist of
geographically contiguous areas (Nathan and McMahon,
1990). However, sites within such a geographically
contiguous subarea may not possess similarity of hydrologic
or meteorological characteristics. A number of techniques
for regionalization have been developed to pooling sites
with similarity to form a homogeneous region – for
example, cluster analysis (Burn, 1989; Kar et al., 2012),
region-of-inﬂuence approach (Burn, 1990; Haddad and
Rahman, 2012), canonical correlation analysis (Ouarda
et al., 2001), L-moments (Yang et al., 2010), and so on.
GREHYS (1996) had presented detailed reviews of regional
approaches used in ﬂood frequency analysis.
In low-ﬂow studies, Durrans and Tomic (1996),
Smakhtin (2001), and Laaha and Blöschl (2006a) had
also presented a review on regionalization approach. For
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instance, the regional regression approach is employed to
establish the relationship between low-ﬂow characteristics and physiographic and/or climatic characteristics
(e.g. Vogel and Kroll, 1992; Pearson, 1995; Mazvimavi
et al., 2004). In some instances, it needs to divide a larger
heterogeneous region into smaller hydrologic homogeneous
sub-regions to have elaborated estimations. Grouping
methods such as cluster analysis (Nathan and McMahon,
1992; Ramos, 2001), principal component analysis
(Chokmani and Ouarda, 2004), residual pattern approach
(Laaha and Blöschl, 2006b), seasonality index (Laaha
and Blöschl, 2006b), classiﬁcation and regression tree
(Vezza et al., 2010), canonical correlation analysis (Tsakiris
et al., 2011), and L-moments method (Shi et al., 2010) are
commonly used methods to delineate homogeneous regions.
Since its theoretical advantages over other regionalization
approaches, the L-moments method has been widely used in
regional frequency analysis for ﬂoods (Noto and Loggia,
2009; Seckin et al., 2011), extreme rainfall (Parida and
Moalafhi, 2008; Ngongondo et al., 2011), droughts
(Abolverdi and Khalili, 2010; Eslamian et al., 2012),
natural ﬂow regime (Shiau and Wu, 2009), wave heights
(Ma et al., 2006), and low ﬂow (Chen et al. 2006; Modarres,
2008; Shi et al., 2010). Applications of L-moments in lowﬂow studies including Kroll and Vogel (2002) applied the
L-moments to determine the appropriate probability
distribution in USA and indicated that Pearson Type III
and three-parameter lognormal distribution are the recommended distributions for describing 1-, 7-, and 30-day
annual minimum streamﬂow series. Chen et al. (2006)
identiﬁed the three-parameter lognormal distribution is the
most appropriate distribution for the annual 7-day low ﬂow
of the Dongjiang basin in China and established linearregression relationship between mean annual 7-day low
ﬂow and basin area to predict low ﬂow at ungauged sites.
Modarres (2008) carried out regional frequency analysis of
7-day annual minimum ﬂow in northern Iran by L-moments
method and suggested that the generalized logistic distribution (GLOG) has the best overall result. Shi et al. (2010)
employed L-moments-based regional low-ﬂow (annual 7-day
minimum ﬂow) frequency analysis in the karst area of
southwest China and found that the GLOG is the robust
distribution for the study area.
The step that followed delineating homogeneous regions
and establishing regional estimations is to account for the
uncertainty of model parameters and quantile estimations. In
addition to the commonly used asymptotic-approximationbased conﬁdence intervals for characterizing uncertainty
(e.g. Ashkar and Quarda, 1998; Whitley and Hromadka,
1999; Cohn et al., 2001), Bayesian approach offers another
method for uncertainty analysis. The merit of the Bayesian
approach is that the true posterior distribution used in
estimation can reduce uncertainty of model parameters and
quantile estimations, which was indicated by Reis and
Stedinger (2005). Recently there is increasing applications
of the Bayesian approach in hydrologic studies (e.g.
O’Connell, 2005; Reis and Stedinger, 2005; Kim and Lee,
2010; Ouarda and El-Adlouni, 2011; Haddad et al., 2012).
Despite the importance of determining the uncertainties in
Copyright © 2013 John Wiley & Sons, Ltd.

low ﬂow, there are few studies using Bayesian method in
regional low-ﬂow frequency analysis.
Iran is a semi-arid country, and more than 90% of water
use is consumed by agricultural activities (Abbaspour et al.,
2009). Approximately 50% of agricultural water use is
supplied from surface sources. Thus, understanding lowﬂow statistics is increasingly important for water-supply
management in Iran due to fast population growth and
blooming economic developments. A considerable amount
of researches had been devoted to investigate droughts
(e.g. Shiau and Modarres, 2009; Modarres, 2010b;
Modarres and Sarhadi, 2010; Zarch et al., 2011; Shiau
et al., 2012) and low ﬂows (Modarres, 2008, 2010a) in Iran.
This study aims to apply multivariate cluster analysis and
L-moments method to regionalize low ﬂows at the
Seﬁdroud basin located in northwestern Iran and perform
frequency analysis at ungauged sites. In addition, Bayesian
approach is used to estimate uncertainty for obtained model
parameters and various quantiles of low-ﬂow estimations.
The obtained results are useful for assessing effects of watersupply planning and maintenance of water quality during
low-ﬂow seasons in Iran.

STUDY AREA AND DATA USED
Located in the northwestern semi-arid region of Iran,
Seﬁdroud basin has an area of 56 700 km2, which is one of
the largest basins in Iran and encompasses nine provinces:
Zanjan, Kordestan, east Azarbayjan, Qazvin, Ardebil, west
Azarbayjan, Hamedan, Mazandaran, and Tehran (see
Figure 1). The mean annual rainfall in this study area varies
between 400 mm in the west and 500 mm in the east of this
region. Approximate 70–80% of mean annual rainfall
generally occurs between November and May. Uneven
temporal rainfall distribution leads to this population, and
economy fast-growth area heavily depends on water
availability during dry seasons.
Drainage network of this study region consists of
two main rivers: Shahroud river in the east with a length
of 180 km and Ghezel Ozan river in the west with a length
of 800 km, originating respectively from Tehran and
Kordestan mountains. Both Shahroud and Ghezel Ozan
rivers directly impound into the Manjil reservoir, which is
the primary water source of many provinces, especially
for Gilan province. Gilan province, located at downstream of the Manjil dam, is the main rice-production
center in Iran. A total of 2400 km2 cultivated rice farms
heavily depends upon water supplies from the Manjil
reservoir. Recent occurrence of droughts in this region
had essentially affected agricultural activities and reduced
rice production. Thus, low-ﬂow frequency analysis
provides essential information regarding to the operation
strategies of water-supply facilities, riverine ecological
protection, and water quality management during lowﬂow periods.
In this study, annual 7-day minimum ﬂow series of 26
gauged stations in the Seﬁdroud basin are regionalized to
perform regional frequency analysis and used to predict
Hydrol. Process. 28, 1663–1676 (2014)
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Figure 1. Location map of the Seﬁdroud basin located in northwestern Iran

various quantile estimation at ungauged sites. The name,
record length, and some basic statistics of annual 7-day
minimum ﬂow series for these 26 streamﬂow stations in
Seﬁdroud basin are given in Table I. Location of these 26
gauged sites is shown in Figure 2. Generally, greater
mean annual low ﬂows are observed in the east region
because of humid climate in this region. Annual low-ﬂow
time series plots of Galinak station and Yengi Kand
station are, respectively, shown in Figures 3(a) and (b) for
demonstration of wetter and dryer conditions. The mean
annual low ﬂow is increasing with drainage area
generally. For instance, the mean annual low ﬂow of
3.33 m3/s is observed in Siahdasht station with area of
2294.7 km2, while 0.27 m3/s is observed in Jovestan
Alizan station with area of 75.1 km2.

probability distribution by L-skewness and L-kurtosis
(Yang et al., 2010). Greenwood et al. (1979) deﬁned
PWMs as:
br ¼ E fX ½F ðxÞr g

(1)

where F(x) is the cumulative distribution function (cdf) of
X; br is the rth-order PWM.
The ﬁrst four L-moments in terms of PWMs are
(Hosking, 1990):
l1 ¼ b0

(2)

l2 ¼ 2b1  b0

(3)

l3 ¼ 6b2  6b1 þ b0

(4)

l4 ¼ 20b3  30b2 þ 12b1  b0

(5)

REGIONAL FREQUENCY ANALYSIS
L-moments theory

The L-moments have theoretical advantages over
conventional moments since L-moments can characterize
a wider range of distribution. Besides, L-moments are
more robust to the presence of outliers and virtually
unbiased for a small sample (Modarres, 2010b). Hosking
and Wallis (1997) deﬁned L-moments as linear functions
of probability weighted moments (PWM) with the
advantage of offering a description of the shape of a
Copyright © 2013 John Wiley & Sons, Ltd.

The L-moment ratios are then deﬁned in the following:
l1 is a measure of central tendency, t = l2/l1 is a measure
of scale and dispersion and called the L-CV, the ratio l3/l2
referred to t3 is the measure of skewness and called the
L-skewness, and the ratio l4/l2 referred to t4 is the
measure of kurtosis and called the L-kurtosis. The Lmoment ratios will be used for homogeneity analysis in the
regional frequency analysis.
Steps of the L-moments based regional frequency
analysis include: (1) delineation of homogeneous region
Hydrol. Process. 28, 1663–1676 (2014)
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Table I. Basic statistics, L-moments ratios, and discordancy statistics for the selected streamﬂow stations
Region

East

West

a

Station

Record length
(year)

Jovestan
Jovestan Alizan
Siahdasht
Baghkelayeh
Kamakan
Ganedeh
Galinak
Loshan
Poldokhtar
Gharegooni
Koohsalar
Motorkhaneh
Mianesharichay
Mianegharangoo
Hasankhan
Salamat Abad
Dehgolan
Palti
Ostoor
Nesareh
Hashtadjoft
Bayanloo
Mahneshan
Gilvana
Yengi Kanda
Firooz Abada

15
16
22
31
10
10
48
52
38
31
35
52
31
40
20
39
29
24
42
13
32
38
13
44
27
12

Low ﬂow
Drainage2)area
L(km
Mean Standard deviation CV
(m3/s)
(m3/s)
421.7
75.1
2,294.7
719.6
931.8
78.2
812.4
4,865.9
33,394.3
19,865.8
1,059.8
1,835.8
1,979.8
3,543.7
2,552.8
5,925.2
254.3
179.4
42,457.2
1,704.9
1,800.6
5,441.5
23,719.8
49,236.3
2,478.1
1,598.3

2.01
0.27
3.33
2.36
2.71
0.12
2.68
6.17
1.46
0.75
0.07
0.16
0.35
0.43
0.34
0.38
0.02
0.02
2.01
0.06
0.18
0.72
0.86
4.44
0.06
0.10

0.7
0.11
1.20
0.92
0.51
0.07
0.73
2.51
1.87
0.96
0.11
0.21
0.47
0.49
0.48
0.56
0.02
0.02
3.34
0.04
0.20
0.71
0.81
3.83
0.15
0.28

0.20
0.24
0.20
0.22
0.13
0.32
0.15
0.23
0.61
0.61
0.65
0.58
0.55
0.56
0.69
0.70
0.51
0.51
0.65
0.45
0.57
0.51
0.51
0.46
0.86
0.86

LLskewness kurtosis
0.01
0.01
0.03
0.02
0.01
0.09
0.01
0.01
0.46
0.43
0.54
0.44
0.44
0.44
0.46
0.49
0.38
0.58
0.58
0.07
0.37
0.32
0.22
0.23
0.76
0.77

0.16
0.06
0.19
0.20
0.24
0.04
0.20
0.10
0.21
0.20
0.21
0.28
0.35
0.18
0.13
0.17
0.20
0.45
0.35
0.02
0.17
0.20
0.04
0.13
0.49
0.55

Discordancy
measure

0.89
0.57
0.73
1.66
1.56
0.67
1.10
0.52
0.33
0.19
1.19
0.10
0.39
0.89
0.87
0.69
0.35
2.70
0.54
2.17
0.19
0.01
0.91
0.14
2.52
1.90

Stations excluded in the homogeneous region

using cluster analysis, (2) screening of the data using the
discordancy measure Di, (3) homogeneity testing using
the heterogeneity measure H, (4) distribution selection
using the goodness-of-ﬁt test measure ZDIST, and (5)
regional estimation of low ﬂows using the best-ﬁt
regional distribution function. Detailed description of
these steps is given in the following sub-sections.
Clustering-based delineation of homogeneous region

The initial step of the regional frequency analysis is the
delineation of homogeneous regions. Among many
regionalization approaches, Hosking and Wallis (1997)
indicated that cluster analysis of site characteristics is the
most practical method of forming homogeneous regions
from large data set. In this study, two-stage delineating
homogeneous regions are employed. That is, grouping
low-ﬂow characteristics by cluster analysis is conducted
ﬁrst and then detects discordancy and heterogeneity for
the obtained homogeneous regions by the L-momentsbased measures.
The purpose of the cluster analysis is to group sites into
clusters based on high similarity of speciﬁc features such as
geographical, physical, statistical, or stochastic properties. A
hierarchical cluster technique called Ward’s minimum
variance method is employed in this study (Kaufman and
Rousseeuw, 1990), which is widely used in hydro-climatic
Copyright © 2013 John Wiley & Sons, Ltd.

classiﬁcation (Nathan and McMahon 1990; Jackson and
Weinand 1995; Ramos 2001; Modarres and Sarhadi 2011).
Ward’s minimum variance criterion minimizes the total
within-cluster variance. At the initial step, all clusters contain
a single site and calculate the initial cluster distance which is
deﬁned as the squared Euclidean distance between sites. At
each step, the pair of clusters with minimum cluster distance
is merged. That is to ﬁnd the pair of clusters that leads to
minimum increase in total within-cluster variance after
merging. In this study, L-moment ratios (L-CV, L-skewness,
and L-kurtosis) of low-ﬂow series are used to form the
homogeneous regions with similar low-ﬂow characteristics.
The detailed computation procedures of Ward’s method can
be found in Kaufman and Rousseeuw (1990)
Screening of data using the discordancy measure

The discordancy measure is used to screen out the data for
unusual sites. That is, those sites are grossly discordant with
the group as a whole. The discordancy measure, suggested
by Hosking and Wallis (1997), for site i is given by
1
Di ¼ ðui  uÞT S1 ðui  uÞ
3

(6)

where ui is the vector
and L-kurtosis
h of L-CV, L-skewness,
i
for site i, i.e. ui ¼ tðiÞ
vector, i.e.

ðiÞ

t3

ðiÞ

t4

T

;uis the group average
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Figure 2. Location map of the selected streamﬂow gauge stations and the obtained east and west homogeneous regions

(a)

(b)

(c)

(d)

Figure 3. Low-ﬂow time series plot (a, b) and corresponding autocorrelation functions (c, d) for Galinak and Yengi Kand stations
Copyright © 2013 John Wiley & Sons, Ltd.

Hydrol. Process. 28, 1663–1676 (2014)

1668

E. DODANGEH ET AL.
N
1X
u ¼
ui
N i¼1

(7)

where N is the number of sites; S is the matrix of sums of
squares and cross products and is deﬁned as
S¼

N
X

ðui  uÞðui  uÞT

(8)

i¼1

The larger value of Di indicates a greater discordancy.
The critical value of Di to declare site i whether
discordant or not depends on the total number of sites
in a region, which can be found in Hosking and Wallis
(1997). For instance, a site is regarded as discordant if its
Di value exceeds 3 in a region with 15 or more sites.



ðRÞ
 t4 þ B4 =s4
Z DIST ¼ tDIST
4

(11)

where x is the L-kurtosis of the ﬁtted distribution to the data
ðRÞ
using the candidate distribution; t4 is the regional average
L-kurtosis computed from the data of a given region; s4 is
the standard deviation of L-kurtosis from the simulation; B4
is the bias of the regional average sample L-kurtosis.
Detailed computation procedure and deﬁnitions of B4 and
s4 can be found in Hosking and Wallis (1993) and Hosking
and Wallis (1997).
Fitting is said to be adequate if j ZDIST j of a given
distribution is sufﬁciently close to zero. A reasonable
criterion to select appropriate distribution is jZDISTj ≤ 1.64,
which corresponds to acceptance of the hypothesized
distribution at a conﬁdence level of 90% (Hosking and
Wallis 1997).

Regional homogeneity test

In a homogeneous region, all sites should have the same
population L-moments ratios. The L-moment ratio diagrams
such as plots of L-skewness versus L-CV and L-skewness
versus L-kurtosis thus provide visual assessment of the
dispersion. Hosking and Wallis (1993) suggested a
numerical measure to compare the between-site variations
in terms of sample L-moment ratios for a group of sites with
what would be expected for a homogeneous region. The
heterogeneity measure is deﬁned as
H¼

V  mV
sV

(9)

where mV and sV are the mean and standard deviation of
simulated V. Hosking and Wallis (1997) suggested that the
simulations are conducted using the ﬂexible four-parameter
kappa distribution and 500 equivalent regional data
are generated to calculate values of V. The V statistics are
given by
V¼

N  
N
 X
X
2
ni
ni tðiÞ  tðRÞ =
i¼1

(10)

i¼1

where ni is the record length at site i; t(i) is the value of t at
site i; t(R) is the regional average t, which is estimated as the
record-length weighted average of t.
A larger positive value of H indicates that the observed
V more dispersed than that with the hypothesis of
homogeneity. Hosking and Wallis (1997) suggest that a
region can be considered homogeneous if H < 1, possible
heterogeneous if 1 ≤ H < 2, and deﬁnitely heterogeneous
if H ≥ 2.
Selection of a regional distribution

The step after conﬁrming the homogeneity of the study
region is to identify the best-ﬁt distribution for regional
frequency analysis. The concept of goodness of ﬁt is judged
by comparing L-moment ratios of the ﬁtted distribution with
the regional average L-moment ratios of the observed data.
The L-moments-based goodness-of-ﬁt measure suggested
by Hosking and Wallis (1993) is given by
Copyright © 2013 John Wiley & Sons, Ltd.

Index ﬂood method for ungauged-site estimation

Applied the derived regional model to estimate various
low-ﬂow quantiles at ungauged sites needs to construct
the relationship between regional model and at-site model
as well as the relationship between at-site low-ﬂow and
catchment characteristics. The index ﬂood method,
proposed by Dalrymple (1960), is adopted in this study
since its simplicity and popularity. The key assumption of
the index ﬂood method is that the frequency distribution
of each site within a homogeneous region are identical
apart from a site-speciﬁc scaling factor called the index
ﬂood, which reﬂects the hydrologic and physiographic
catchment characteristics of each site. This assumption
can be expressed as
QðiÞ ðF Þ ¼ mðiÞ QðRÞ ðF Þ;

i ¼ 1; 2; . . . ; N

(12)

where Q(i)(F) is the quantile of probability F at site i, Q(R)(F)
is the dimensionless regional quantile of probability F, and
m(i) is the scaling factor at site i. The mean value is employed
as the scaling factor generally.
The regional quantile function Q(R)(F) derived for low
ﬂow is then scaled to the ungauged sites using the
following relationship.


(13)
QðuÞ ðF Þ ¼ f C ðuÞ QðRÞ ðF Þ
where f(C(u)) denotes the scaling factor of the ungauged
site, which depends on the physiographic catchment
characteristics such as drainage area (A), basin slope (BS),
stream length (SL), etc.
Construction of relationship between mean annual
7-day minimum ﬂow and catchment characteristics
associated with the regional low-ﬂow model can be used
to estimate various low-ﬂow quantiles at ungauged sites
using the concept of the index ﬂood method.
Bayesian theory for uncertainty analysis

The most frequently used statistical inference assumes
that unknown parameters are ﬁxed constants and uses
approximate conﬁdence intervals for characterizing the
Hydrol. Process. 28, 1663–1676 (2014)
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uncertainty of estimations. Bayesian inference offers an
alternative approach to treat parameters as random
variables. Probabilistic description about the parameters
is made possible using the Bayesian method since it
provides a full posterior distribution of the parameters.
For estimating a parameter θ from a set of data
y = {y1,......,yn}, Bayesian inference postulates that a
parameter θ has different values and should be described
through probabilistic function. The following steps
describe the essential elements of Bayesian inference.
1. A probability function for θ is formulated as p(θ),
which is known as the prior distribution. The prior
distribution denotes the current knowledge about the
parameter prior to examining the observed data.
2. Given the observed data y, the full probability
function p(y, θ) is described as p( y, θ) = L( y | θ)p(θ),
where L(y | θ) is the likelihood function.
3. Updating information about θ by combining the prior
distribution and the observed data through the calculation
of the posterior distribution.
The posterior distribution is calculated using Bayes’
theorem.

pðθjyÞ ¼

pðy; θÞ LyjθpðθÞ
LyjθÞpðθÞ
(14)
¼
¼Z
pðyÞ
pðyÞ
LðyjθÞpðθÞdθ

R
The quantity p(y) = L( y| θ)p(θ) dθ is the normalizing
constant of the posterior distribution, which is also called
the marginal distribution of y. Bayes’ theorem tells how
to update existing knowledge with new information.
Beginning with a prior distribution p(θ) and after
learning information from observed data y, updated
information about θ and posterior distribution p(θ|y) are
obtained (SAS/STAT, 1999). Detailed computation
procedures about the Bayesian approach for data
analysis can be referred to Lee and Kim (2008) and
Kim and Lee (2010).

RESULTS AND DISCUSSION
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L-moment ratio diagrams

L-moment ratio diagrams are served as a preliminary
homogeneity test of the study area. Figures 4(a) and (b),
respectively, show L-skewness versus L-kurtosis and
L-CV versus L-skewness of all stations in the study area.
Highly scattered L-moment ratios that existed among 26
stations in both ﬁgures indicate that a high degree of
heterogeneity existed in the study area. Clustering based
on low-ﬂow characteristics of each site is then used to
delineate the study area into homogeneous sub-areas.
Forming the homogeneous regions

L-moment ratios (L-CV, L-skewness, and L-kurtosis)based cluster analysis is the ﬁrst-stage delineation of
homogeneous regions. Ward’s cluster method and dissimilarity Euclidean distance measure are used for clustering the
stations. The results show that the 26 selected sites in the
study area can be subdivided into two sub-regions with
similar low-ﬂow characteristics. The ﬁrst group clusters
eight sites located in the Shahroud river basin, while the
remaining 18 sites located in the Ghezel Ozan river basin are
clustered as the second group. These two groups of sites
determined by cluster analysis are located in the east and
west side of the study area and thus, respectively, called the
east and west regions in this study. The east and west
homogeneous regions associated with corresponding sites
are illustrated in Figure 2.

(a)

(b)

Data processing

Randomness of the 26 selected annual 7-day minimum
ﬂow series in the study area is initially assessed by
computing autocorrelation functions at various time lags.
The results show that all the annual low-ﬂow series
exhibit randomness for all time lags except that the lowﬂow series of Yengi Kand station is rejected, which might
be attributed to zero values occurred in the series.
Signiﬁcant lag-1 autocorrelation is observed in Yengi
Kand station. Various time-lag autocorrelation functions
for Galinak and Yengi Kand stations are, respectively,
presented in Figures 3(c) and (d) for demonstration of
randomness and non-randomness.
Copyright © 2013 John Wiley & Sons, Ltd.

Figure 4. L-moment ratios diagrams of 26 sites for (a) L-skewness versus
L-kurtosis, and (b) L-CV versus L-skewness
Hydrol. Process. 28, 1663–1676 (2014)
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Table II. The heterogeneous measure for study area and two
homogeneous regions
Region

Number of stations

H

All
East
Westa
West

26
8
15
18

13.68
0.80
0.92
4.29

a

(a)

Excluded site: Yengi Kand, Firooz Abad, and Gilvan stations

To conﬁrm the homogeneity of the obtained regions,
L-moment-based discordancy and heterogeneity measures
are conducted in the second stage, which are summarized
in Tables I and II. The values of the discordancy measure
of all sites are reported in the Table I. Without D-statistics
exceeding 3 indicates that no discordant site existed in the
study area. However, H of 13.68 for all 26 sites implies
that the study area containing 26 sites cannot be
recognized as a single homogeneous region, which is in
agreement on the L-moment ratios diagrams shown in
Figures 4(a) and (b).
The east region with eight sites is a homogeneous region
since H = 0.80, which is less than 1. The L-moment ratio
diagrams of the east region shown in Figures 5(a) and (b)
also imply that these eight sites form a homogeneous region.
On the contrary, the 18-site west region is a heterogeneous
region due to H = 4.29, which is far greater than 2.
According to the L-moment ratio diagrams of the 18-site
west region shown in Figures 6(a) and (b) and trial-and-error
process, a 15-site west homogeneous region is obtained by
removing Gilvan, Firooz Abad, and Yengi Kand stations.
The heterogeneity measure of this newly obtained 15-site
west region is H = 0.92, which is also reported in Table II.

(b)

Figure 5. L-moment ratios diagrams of eight-site east region for (a) Lskewness versus L-kurtosis, and (b) L-CV versus L-skewness

(a)

Regional low-ﬂow distribution function

The best-ﬁt distribution is identiﬁed following the step
of delineating homogeneous regions. Five commonly
used three-parameter distributions are considered in this
study to represent regional low ﬂows, which include
GLOG, generalized extreme value distribution (GEV),
generalized normal distribution (GNO), Pearson Type 3
distribution (PIII), and generalized Pareto distribution
(GPD). The goodness-of-ﬁt measure of ZDIST proposed
by Hosking and Wallis (1993) is used to identify the
regional best-ﬁt distribution function for the east and west
homogeneous regions.
The values of goodness-of-ﬁt measure for ﬁve
distributions are given in Table III. Acceptance criterion
of jZDISTj ≤ 1.64 indicates that many distributions can be
used as regional low-ﬂow models. For example, GLOG,
GNO, and PIII are accepted as the regional distributions
for the east region, while the GNO, PIII, and GPD are
suitable for the west region. Both the GNO and PIII are
generalized to represent the regional models for east and
west regions. The best-ﬁt regional model is determined by
the distribution with the minimum value of jZDISTj. The
Copyright © 2013 John Wiley & Sons, Ltd.

(b)

Figure 6. L-moment ratios diagrams of 18-site west region for (a) Lskewness versus L-kurtosis, and (b) L-CV versus L-skewness
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Table III. Goodness-of-ﬁt- test for study area and two
homogeneous regions
Region

GLOG

GEV

GNO

PIII

GPD

All
East
West

1.16a
0.17a
3.32

0.09a
1.97
2.86

1.12a
1.41a
1.48a

3.18
1.43a
0.87a

3.08
5.83
0.94a

a

The distribution is accepted as a regional distribution

results indicate that the GLOG and PIII are, respectively,
the best-ﬁt distributions for the east and west regions.
The cdf of the GLOG for the east region is

n
x  eo1k 1
(15)
F ðxÞ ¼ 1 þ 1  k
a
where e, a, and k, respectively, denote the location, scale,
and shape parameters, with values of 0.999, 0.209, and
0.002 estimated from observed data.
The probability density function of the PIII for the west
region is
1 x  gb1 ðxg
(16)
e aÞ
f ðxÞ ¼
aΓðbÞ
a
where g, a, and b denote the location, scale, and shape
parameters, respectively, and estimated values of 1.000,
1.285, and 2.681 are used in this study.
The obtained regional low-ﬂow models expressed in
terms of dimensionless quantile functions (Q(R)(F) in
Equation (12), which is also called the regional growth
curve) for the east and west regions are shown in
Figure 7. A ﬂatter curve is observed for the east region,
while the west-region curve exhibits a larger slope.
Dinpashoh et al. (2004) had indicated that great-slope
growth curves are evident for dry regions and humid
regions have somewhat ﬂatter growth curves. They also
showed that reliable predictions exist in the sites within
the regions with relatively ﬂat growth curve. The results
of the east and west regions agree with the conclusion
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obtained by Dinpashoh et al. (2004). The reliability of
low-ﬂow predictions for both homogeneous regions are
investigated and presented in the following section.
At-site low-ﬂow frequency analysis

To check accuracy of applying the obtained regional
model to at-site frequency analysis, the observed lowﬂow quantiles at each site are compared with the low-ﬂow
quantiles determined from the regional model. Figures 8
(a)–(d), respectively, demonstrate the return periods
(estimated as T = 1/F) from the regional model associated
with observed low-ﬂow quantile for Galinak and Loshan
stations in east region and Motorkhaneh and Gharegooni
stations in west region. Good agreements between the
low-ﬂow quantiles obtained from ﬁtted regional models
and observed at-site data show that the derived regional
model is capable of representing at-site low ﬂows within
the homogeneous region.
Low-ﬂow quantile estimation at ungauged basins

Applying the derived regional model to estimate low
ﬂows at ungauged basins needs to establish the relationship
between the low-ﬂow characteristics and a set of climatic
and topographic factors at gauged sites. In this study, the
mean annual 7-day minimum ﬂow at each site is regression
on a set of four hydro-geomorphic characteristics including
A, BS, SL, and percentage of basin forested (PBF) (Vogel
and Kroll, 1992; Kim and Lee, 2010). That is


Q 7 ¼ b0 þ b1 A þ b2 BS þ b3 SL þ b4 PBF

(17)



where Q 7 denotes the mean annual 7-day minimum ﬂow in
m3/s; A is the drainage area in km2; BS is the basin slop; SL is
the stream length in km; PBF is the PBF in %; b0–b4 are
coefﬁcients.
The number of hydro-geomorphic characteristics and
values of coefﬁcients are determined by the stepwise
multiple regression procedure. At the signiﬁcant level of
1%, b0 = 6.86, b1 = 7.55, and b2 =  0.67 are obtained for the
east region, while the results of the west region are b0 = 1.13,

Figure 7. Dimensionless low-ﬂow quantile functions (regional growth curves) for the east and west regions
Copyright © 2013 John Wiley & Sons, Ltd.
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(a)

(b)

(c)

(d)

Figure 8. Comparison of low ﬂows between regional model and at-site observed data for east region: (a) Galinak station and (b) Loshan station, and west
region: (c) Motorkhaneh station and (d) Gharegooni station

b3 = 0.21, and b4 = 1.81. Coefﬁcients of determination for
the east and west regression models are 0.98 and 0.77,
respectively. Comparison between the observed and model
predicted mean low ﬂow is also presented in Figures 9(a)
and (b) for east and west regions, respectively. Reliable
prediction is clearly obtained in east region because of its
higher coefﬁcient of determination.
Validation of the developed models is also investigated
by test for independence of the residuals using the
Durbin-Watson statistic. Values of 0 and 4 for this
statistic indicate positive and negative autocorrelation,
respectively (Kim and Lee, 2010). No autocorrelation is
found for this statistic equaling to 2. The test results for
the east and west regions are 2.39 and 1.78, respectively,
which indicate that there is no autocorrelation of the
residuals existed in these two regression models. In order
to avoid multicollinearity of regressors, the variance
inﬂation factor (VIF) is calculated. If VIF of any regressor
exceeds 4, multicollinearity is present for that regressor
(Montgomery et al., 2004). The results of VIFs for all
explanatory variables are less than 4, which suggest that
hydro-geomorphic factors used to predict low-ﬂow
characteristics are reasonable for both regions. Summaries
of statistical tests of the developed multiple regression
models are presented in Table IV.
The jackknife resampling procedure (Miller, 1964) is
employed to evaluate model performance. The jackknife
procedure is used in each homogeneous region. Each
time, a site in the homogeneous region is temporarily
removed and assumed as an ungauged site. The multiple
regression model associated with the obtained regional
model is then used for estimation mean annual low ﬂow
Copyright © 2013 John Wiley & Sons, Ltd.

at the target removed site. Two evaluation criteria
including the root mean square error (RMSE) and mean
bias (BIAS) are adopted in this study. That is,
(a)

(b)

Figure 9. Comparison of the observed and predicted mean annual 7-day
 7 ) for (a) east region and (b) west region
low ﬂow (Q
Hydrol. Process. 28, 1663–1676 (2014)
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Table IV. Summaries of statistics for the regional model used to predict mean annual low ﬂow at ungauged sites
Regional model

R2

Durbin-Watson statistic

VIF

RMSE

BIAS

Q ¼ 6:86 þ 7:55A  0:67BS
7
Q ¼ 1:13 þ 0:21SL þ 1:81PBF

0.98
0.77

2.39
1.78

A: 1.86 BS: 1.97
SL: 1.02 FL: 1.02

0.18
1.95

0.04
0.14

Region
East
West



Table V. Bayesian and conventional conﬁdence intervals for model parameters
Conventional method
Regression
Region constants
East
West

b0
b1
b2
b0
b3
b4

Lower bound
(2.5%)
4.96
3.08
1.18
0.41
0.12
0.32

Bayesian method

Mean

Upper bound
(97.5%)

Lower bound
(2.5%)

Mean

Upper bound
(97.5%)

6.86
7.55
0.67
1.13
0.21
1.81

8.87
12.01
0.16
1.85
0.30
3.30

5.36
4.01
1.07
0.54
0.14
0.61

6.86
7.55
0.67
1.13
0.21
1.81

8.38
11.09
0.28
1.72
0.28
3.02

Conventional Bayesian
conﬁdence conﬁdence
interval
interval
3.91
8.93
1.02
1.44
0.18
2.98

3.02
7.08
0.79
1.18
0.14
2.41

(a)

(b)

 7 for (a) east and (b) west region
Figure 10. Bayesian and conventional conﬁdence intervals for Q
Copyright © 2013 John Wiley & Sons, Ltd.
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vﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
u N
u1 X
RMSE ¼ t
ðqi  ^q i Þ2
N i¼1
BIAS ¼

(18)

N
1X
ðqi  ^q i Þ
N i¼1

(19)

where N is the total number of sites being modeled, qi is
the at-site estimation for site i, and ^q i is the estimation
obtained from the regional model for site i.
Table IV reports results of the jackknife resampling
procedure for low-ﬂow regional models in two regions.
According to performance evaluation, the values of
the RMSE and mean BIAS for both regions are less than
2 and 0.15, respectively, which indicate good performances of the developed models for regional estimation
of low ﬂows.
Uncertainty analysis of parameter estimation

Uncertainty in hydrological modeling may be attributed to
inadequate data (Sorooshian and Gupta, 1983), input errors
(Vicuna et al., 2007), and incorrect parameter estimation
(Beven and Binley, 1992). Accounting for uncertainty is
thus necessary in decision process. In this study, Bayesian
approach, instead of conventional t-distribution-based
conﬁdence interval, is used as a robust method to estimate
uncertainty of model parameters.

In this study, two distributions, i.e. Gaussian distribution and inverse gamma distribution are, respectively,
used in east and west regions as the prior distributions. A
total of 10,000 samples are generated from the prior
distribution and used to calculate the quantities of interest
from the posterior distribution associated with the
observed data. Each coefﬁcient of the Equation (17) for
both regional models is considered in the Bayesian
analysis. The values of the regression coefﬁcients
associated with corresponding 95% conﬁdence intervals
(upper and lower bounds) of conventional and Bayesian
methods for both regions are presented in Table V.
Although the mean values of regression coefﬁcients
are identical, conﬁdence intervals obtained by Bayesian
regression are signiﬁcantly reduced when comparing
with those obtained by conventional t-distribution
method. For example, the conﬁdence interval of b0
for the east region is reduced from 3.91 (4.96  8.87
with mean 6.86) obtained by the conventional method to
3.02 (5.36  8.38 with mean 6.86) obtained by the
Bayesian method.
Uncertainty analysis of low-ﬂow quantiles estimation

A similar computation procedure (i.e. identical prior
distributions and generated samples) is used to account
for uncertainty of low-ﬂow quantile estimations. The
mean values associated with 95% conﬁdence intervals of
 7 , 2-, 5-, 10-, 20-, 50-, and 100-year low ﬂows are
Q

Table VI. Bayesian and conventional conﬁdence intervals for various low-ﬂow quantiles
2-year low ﬂow
Conventional method
Region
East

West

10-year low ﬂow

Bayesian method

Conventional method

Bayesian method

Station

Low

Mean

Up

Low

Mean

Up

Low

Mean

Up

Low

Mean

Up

Jovestan
Jovestan Alizan
Siahdasht
Baghkelayeh
Kamakan
Ganedeh
Galinak
Loshan
Poldokhtar
Gharegooni
Koohsalar
Motorkhaneh
Mianesharichay
Mianegharangoo
Hsankhan
Salamat Abad
Dehgolan
Palti
Ostoor
Nesareh
Hashtadjoft
Bayanloo
Mahneshan

1.34
0.00
3.09
1.68
2.10
0.61
1.93
4.27
0.37
0.14
0.00
0.05
0.11
0.06
0.00
0.00
0.03
0.07
0.00
0.04
0.19
0.10
0.27

1.80
0.22
3.60
2.13
2.68
1.13
2.47
5.30
0.50
0.20
0.04
0.10
0.25
0.11
0.02
0.05
0.08
0.15
0.01
0.09
0.27
0.15
0.38

2.26
1.20
4.11
2.57
3.27
1.65
3.01
6.33
0.64
0.26
0.10
0.15
0.38
0.16
0.09
0.11
0.14
0.23
0.08
0.15
0.34
0.21
0.50

1.44
0.00
3.20
1.78
2.21
0.71
2.05
4.47
0.39
0.15
0.00
0.06
0.13
0.07
0.00
0.00
0.04
0.08
0.00
0.05
0.20
0.11
0.29

1.80
0.22
3.60
2.13
2.68
1.13
2.47
5.30
0.50
0.20
0.04
0.10
0.25
0.11
0.02
0.05
0.08
0.15
0.01
0.09
0.27
0.15
0.38

2.16
0.98
3.99
2.47
3.14
1.55
2.89
6.11
0.61
0.25
0.09
0.14
0.35
0.15
0.07
0.10
0.13
0.21
0.06
0.14
0.33
0.20
0.48

0.81
0.00
1.86
1.01
1.26
0.37
1.16
2.56
0.05
0.02
0.00
0.01
0.01
0.01
0.00
0.00
0.00
0.01
0.00
0.01
0.02
0.01
0.04

1.08
0.13
2.16
1.28
1.61
0.68
1.49
3.19
0.07
0.03
0.01
0.01
0.03
0.01
0.00
0.01
0.01
0.02
0.00
0.01
0.04
0.02
0.05

1.36
0.72
2.47
1.54
1.97
0.99
1.81
3.81
0.08
0.03
0.01
0.02
0.05
0.02
0.01
0.01
0.02
0.03
0.01
0.02
0.05
0.03
0.07

0.87
0.00
1.92
1.07
1.33
0.43
1.23
2.69
0.05
0.02
0.00
0.01
0.02
0.01
0.00
0.00
0.00
0.01
0.00
0.01
0.03
0.01
0.04

1.08
0.13
2.16
1.28
1.61
0.68
1.49
3.19
0.07
0.03
0.01
0.01
0.03
0.01
0.00
0.01
0.01
0.02
0.00
0.01
0.04
0.02
0.05

1.30
0.59
2.40
1.48
1.89
0.93
1.74
3.67
0.08
0.03
0.01
0.02
0.05
0.02
0.01
0.01
0.02
0.03
0.01
0.02
0.04
0.03
0.06

Unit: m3/s
Copyright © 2013 John Wiley & Sons, Ltd.
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calculated for both conventional and Bayesian methods
 7 are,
in east and west regions. The results of Q
respectively, shown in Figures 10(a) and (b) for east and
west regions, which indicate that narrower intervals are
obtained by the Bayesian inference for all stations.
Same situations are noted for other low-ﬂow quantile
estimations for all stations. Only parts of mean values
associated with 95% conﬁdence intervals of various
quantiles, including 2- and 10-year low ﬂows, are
reported in Table VI. The results imply that conﬁdence
intervals obtained by Bayesian approach are remarkably
reduced for all stations when comparing with outcomes of
the conventional method. For example, the lower and
upper bounds of 2-year low ﬂow for Poldokhtar station
located in west region are 0.39 and 0.61 m3/s obtained
by the Bayesian method, while the 0.37 and 0.64 m3/s
are obtained by the conventional method. The conﬁdence
interval of 10-year low ﬂow for Jovestan station located
in east region is reduced from 0.55 to 0.43 m3/s when the
conventional method is replaced by the Bayesian
approach. The Bayesian analysis exhibits an advantage
over the conventional method when quantiﬁcation of
uncertainty is needed in decision processes.

SUMMARY AND CONCLUSIONS
Low-ﬂow regionalization is an essential component
for water-resources planning and management in
ungauged or poorly gauged arid and semi-arid regions.
The use of physically based rainfall-runoff approach for
a large basin may not be feasible due to large spatial
variation both in basin characteristics as well as the
hydrologic inputs. This study shows that the statistical
method provides a practical solution for low-ﬂow
regionalization with reasonable accurate results in
Seﬁdroud basin, Iran.
A two-stage delineation of homogeneous region is
proposed in this study. Clustering sites with similar lowﬂow characteristics (L-moment ratios) is ﬁrst conducted,
and L-moment-based discordancy and heterogeneity
measures are then followed to detect unusual sites. Two
homogeneous regions are identiﬁed in the Seﬁdroud
basin, i.e. the east homogeneous region contains eight
sites, while 15 sites are located in the west homogeneous
regions. The best-ﬁt regional distribution function for
each homogeneous region is also identiﬁed using the
L-moment ratios diagrams and goodness-of-ﬁt test
statistic. The results indicate that the GLOG and PIII
distributions are the best-ﬁt regional distribution functions
for the east and west regions, respectively. To apply the
obtained regional model to estimate low ﬂows at the
ungauged sites, the relationship between mean annual
7-day minimum ﬂow of each homogeneous region and a
set of four hydro-geomorphic characteristics (i.e. A, BS,
SL, and PBF) is constructed using the multivariate
stepwise regression scheme. Combining the hydrogeomorphic characteristics at ungauged site to predict
mean annual 7-day minimum ﬂow and the obtained
Copyright © 2013 John Wiley & Sons, Ltd.
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regional low-ﬂow model, estimation of various low-ﬂow
quantiles is made possible. Uncertainty analysis of
parameter estimation and low-ﬂow quantiles prediction
at ungauged sites are carried out using the Bayesian
approach in this study. The results from the Bayesian
inference are compared with the outcomes by the
conventional t-distribution method and indicate that
Bayesian conﬁdence intervals are remarkably reduced.
This study generally shows a useful statistical methodology applying regionalization approach which pooling
at-site information within a homogeneous region and
rescaling the derived regional model for estimation at
ungauged sites. In additional to the point estimates from
the regionalization approach, interval estimates about the
parameters as well as various quantiles are also obtained
by Bayesian inference. Uncertainty analysis of low-ﬂow
estimations at ungauged sites provides decision makers of
water-supply planning and management more robust
information for assessing operation strategies and design
criteria during the low-ﬂow seasons.
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