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Abstract
Hydrological parameter transfer between dissimilar catchments is bound to be associated with errors. As a result of that, 
hydrological prediction at ungauged sites gets affected. If the catchments are similar to each other in some way, then it 
may reduce the error in prediction. The logic mentioned above is applied in the current study, where three regionaliza-
tion approaches, i.e., Inverse Distance Weighted, Kriging and global mean based on spatial proximity between gauged 
and ungauged catchments, were applied on 32 catchments in India. Before application of regionalization techniques, 32 
catchments were categorized into four homogeneous groups using the self-organizing map method. The improvement 
in streamflow regionalization was checked for both calibration (1995–2006) and validation (2007–2011) while moving 
from unclassified to classified catchments. Results suggest that prior classification of catchments into homogeneous 
groups helps in improving the regionalization output. Fifty per cent of the total catchments displayed 10% improvement, 
while 30% of the catchments showed more than 10% improvement. The results imply that an appropriate combination 
of a hydrological model (Soil and Water Assessment Tool), regionalization technique and classification method will yield 
better results for ungauged catchments in streamflow prediction.
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1 Introduction

Streamflow estimation in ungauged catchments always 
remains as one of the challenging tasks for hydrologists. 
The unavailability of long-term hydro-meteorological data 
is the primary cause of this. To make the matter worse, 
most of the river basins present across the globe are either 
partly gauged or entirely ungauged [1–3]. In some cases, 
hydrological parameter observation networks are continu-
ously weakening [4]. Apart from that, due to less number 
of gauging stations for a large river basin, small water-
sheds are devoid of reckonable information [5]. Quantita-
tive knowledge about the availability of water resources 
is very much important for many practical applications 
like flood estimation, watershed management opera-
tions, construction of hydraulic structures, etc. One way of 

streamflow estimation is to transfer the optimized hydro-
logical model parameters from a gauged catchment to a 
nearby catchment that is ungauged. This process is called 
regionalization [6, 7].

In general, distributed physical models (MIKE-SHE and 
Mike 11 NAM), conceptual and semi-distributed models 
(HBV, IHACRES, SWAT) and data-driven models like Arti-
ficial Neural Network (ANN) are being used to simulate 
streamflow in both gauged and ungauged catchments [8]. 
In the case of ungauged catchments, it is not possible to 
calibrate a hydrological model due to the unavailability of 
long-term streamflow measurements. So regionalization 
is considered as a demanding job [1, 8–11]. In addition to 
this, most of the regionalization studies are region specific. 
The reason for that may be due to the effect of regional 
climate, human intervention and scale issues related to 
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catchments. Hence, no universal regionalization method 
is present at the moment [9]. According to Razavi and Cou-
libaly [8], regionalization techniques can be grouped into 
two categories: hydrological model dependent and hydro-
logical model independent. He et al. [12] apprised about 
the first category techniques, while Razavi and Coulibaly 
[8] reviewed extensively about continuous streamflow 
regionalization approaches covering both the categories.

Talking about hydrological model-dependent region-
alization techniques, regression, spatial proximity, physi-
cal similarity are some of the most widely used methods 
to regionalize streamflow in ungauged catchments across 
the world [2, 9, 11, 13–23]. The literature mentioned above 
is a few out of a huge pool of the literature about hydro-
logical model-dependent regionalization. On the con-
trary, hydrological model-independent regionalization 
techniques do not have a rich history in case of ungauged 
catchment analysis. Use of Flow Duration Curve [24–27], 
General Regression Neural Network (GRNN) and Counter-
Propagation Network (CPN) with recurrent feedback loops 
[28], Artificial Neural Networks [29] are some of the exam-
ples of this category.

Beven [30] suggested that two catchments cannot be 
exactly similar to each other. In addition to this hypothesis, 
Ley et al. [31] stated that two nearby catchments exhibit 
contrasting behaviour. So extrapolation of streamflow esti-
mates to dissimilar catchments is likely to be inaccurate 
irrespective of the regionalization techniques [6]. Classi-
fying catchments to various homogeneous groups may 
be the primary step before application of regionalization 
techniques, which may improve the accuracy of the hydro-
logical prediction in ungauged catchments [12]. Some 
popular techniques applied by previous researchers are 
cluster analysis, principal component analysis and multiple 
regression analysis to identify the homogeneous regions 
in ungauged catchment analysis [32–37].

As mentioned above, a lot of individual studies related 
to catchment classification or regionalization have been 
reported in the past. However, the effect of homogene-
ous regions on regionalization was demonstrated by a few 
researchers. Some of those studies are mentioned below. 
Application of classification techniques like Principal Com-
ponent Analysis (PCA) and Canonical Correlation Analysis 
(CCA) before application of Self-Organizing Map (SOM) 
was demonstrated by Di Prinzio et al. [38]. Improved pre-
diction results of streamflow indices such as mean annual 
run-off, mean annual flood and flood quantiles associ-
ated with given exceedance probabilities were obtained. 
Boscarello et al. [39] classified 46 ungauged catchments 
of Italy using SOM technique into three homogeneous 
groups before estimating Flow Duration Curve (FDC). 
Mean absolute percentage error reduced from 11 to 7% 
when regionalization technique was applied on classified 

catchments. The application of catchment classifica-
tion methods; SOM, nonlinear PCA, compact nonlinear 
PCA before regionalization techniques; Inverse Distance 
Weighted (IDW), Multi-Layer Perceptron (MLP), Counter-
Propagation Neural Network (CPNN), and Support Vector 
Machine (SVM) improved the streamflow prediction results 
in ungauged catchments by more than 20% [40].

After the review of the available literature, it came to 
the fore that classifying catchments into homogeneous 
groups according to the similarity pattern have an impact 
on regionalization performance. Regional climate, catch-
ment scale, human activities are some of the likely fac-
tors for which regionalization applications are case spe-
cific. However, an example of an organized application 
of catchment classification followed by regionalization in 
diverse climatic regions is very less documented. Hence, 
the present study is an attempt about the combination of 
catchment classification and regionalization approaches 
for streamflow prediction in ungauged catchments. SOM 
is used to classify the catchments into homogeneous 
groups, while spatial proximity (IDW, Kriging, global mean) 
is applied for streamflow regionalization. In a country like 
India where the issue of prediction in ungauged basins 
(PUB) is less addressed, the present study aims to analyse 
the potential improvement in streamflow regionaliza-
tion results in pre-classified catchments over unclassified 
ones when applied in combination with a semi-distributed 
hydrological model SWAT (Soil and Water Assessment 
Tool).

2  Methods

2.1  Study area and data

The climatic conditions that prevail over India are extraor-
dinary. Thirty-two catchments (Fig. 1) from the eastern and 
southern India spreading over nine river basins with mini-
mum flow regulation were identified as the study area. The 
smallest basin encompasses 728-km2 geographical area, 
while the largest one is 23,501 km2. A variation like geo-
graphical area can be seen in mean annual rainfall also in 
these basins with a minimum of 1000 mm to a maximum 
of 1400 mm. (Source: India Meteorological Department). 
The key to rainfall in India is the southwest monsoon 
which lasts from July to October. Apart from that, southern 
India gets a substantial portion of their annual rainfall dur-
ing October and November because of the northeast mon-
soon. The central and eastern parts of India experience 
the high temperature of around 44 °C during May and 
June. December and January are the coldest months with 
temperature as low as 5 °C. While in the southern part of 
India, summer is hot and humid with a high temperature 



Vol.:(0123456789)

SN Applied Sciences (2019) 1:456 | https://doi.org/10.1007/s42452-019-0476-6 Research Article

of 45 °C, winter is pleasing with a minimum temperature 
of 15 °C. Topography of the catchments in these regions 
accommodates a large variation.

Daily rainfall data of the study area were collected from 
the India Meteorological Department (IMD) for the period 
of the year 1990 to 2011. Similarly, daily streamflow meas-
urement records were collected for the same period from 
India-WRIS database (http://www.india -wris.nrsc.gov.in/
wris.html). The land use database is collected from Bhuvan 
(http://bhuva n.nrsc.gov.in/), and soil data are collected 
from the Food and Agriculture Organization of United 
Nations (http://www.fao.org/soils -porta l/).

2.2  Catchment classification

In the current study, regionalization techniques were 
applied to a single group of thirty-two catchments, fol-
lowed by the unchanged course of events for several 

homogeneous groups consisting of the same 32 catch-
ments. Homogeneity among groups was established 
based on eight catchment attributes (Table 1) and stream-
flow properties. Based on the recommendation of the lit-
erature reviewed, both linear and nonlinear classification 

Fig. 1  Thirty-two Indian catch-
ments used in the study

Table 1  Catchment attributes selected for classification

Catchment attribute Unit

Latitude Degree
Longitude Degree
Catchment area Square kilometre
Mean slope %
Mean elevation meter
Drainage density km/km2

Area covered with forest %
Rapid drainage soil profile %

http://www.india-wris.nrsc.gov.in/wris.html
http://www.india-wris.nrsc.gov.in/wris.html
http://bhuvan.nrsc.gov.in/
http://www.fao.org/soils-portal/
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techniques were tested to classify thirty-two catchments. 
Principal Component Analysis (PCA) along with K-means 
clustering was used as a linear technique, while Self-
Organizing Map (SOM) and Kernel PCA (KPCA) were the 
two nonlinear classification methods used to organize the 
catchments into uniform groups.

2.2.1  Principal Component Analysis (PCA) and K‑means 
clustering

Being one of the simplest multivariable dimension reduc-
tion techniques that orthogonally converts the corre-
lated variables into a smaller set of linearly uncorrelated 
variables (principal components), PCA was applied on 
catchment attributes and daily streamflow time series. 
This technique uses the eigenvector breakdown of the 
covariance matrix of the variables taken as input. The 
lesser number of principal components than the number 
of original variables makes the analysis easier. K-means 
clustering was used to separate the boundaries of the prin-
cipal component scores [37]. K-means algorithm assigns 
an N-dimensional population into K set of groups where 
every data point fits the cluster with the nearest mean. 
The Davies–Bouldin index (DBI) familiarized by Davies and 
Bouldin, [41] is a tool for evaluation of the clustering algo-
rithm. This index is calculated based on inter- and intra-
cluster distance between the centroids of the clusters. The 
lower index implies a compact and appropriate cluster.

where Di ,Dj are the average intracluster distances of all 
points to the centre of that cluster and Ci − Cj is the inter-
cluster distance between the centre of the two clusters. 
The number of groups or clusters was decided based on 
lowest Davies–Bouldin index (DBI) score [40].

2.2.2  Self‑Organizing Map (SOM)

Kohonen [42, 43] introduced a neural network algorithm, 
i.e. SOM, an unsupervised learning method to analyse, 
cluster and model various types of large database [44, 
45]. SOM technique groups the samples or patterns into 
predefined classes and arranges the classes into mean-
ingful maps [45]. The output of the SOM method can be 
represented in the form of a discrete lattice of neurons. 
The ability of this technique is to represent its results in 
an uncomplicated way directly in terms of original vari-
ables which makes it one of the most popular techniques 
in this field. In addition to that, the technique deals with 

(1)DBI =
1

n

n�
i,j=1,i≠j

max

⎛⎜⎜⎝
Di + Dj

���Ci − Cj
���

⎞⎟⎟⎠

nonlinear variables. In the present study, eight catchment 
attributes were taken as input for the SOM approach.

2.2.3  Kernel PCA

KPCA is a nonlinear form of standard PCA. It is an extension 
of traditional PCA over a high-dimensional space using 
kernel function [46]. In case of dispersed uncorrelated vari-
ables in a two-dimensional space, PCA is unable to ease 
the dimensionality, because of scattering of data without 
following a straight line. In such cases, kernel PCA can find 
this nonlinear manifold and find out the linearity present 
in data. Both catchment attributes and daily streamflow 
time series were used for the application of KPCA, which 
has not been applied in the field of catchment classifica-
tion as far as our knowledge is concerned.

Four streamflow signatures [run-off ratio, slope of 
flow duration curve, Base Flow Index (BFI) and stream-
flow elasticity] were estimated from streamflow, rainfall 
and temperature used as inputs for K-means clustering. 
This classification was considered as reference classifica-
tion, and other classifications were compared with it. The 
streamflow signatures express the hydrological phenom-
ena occurs within the catchment in terms of quality as well 
as quantity [37]. Homogeneity of a cluster was determined 
by discordancy measure, while the comparison between 
reference classification and rest of the techniques (PCA, 
SOM and KPCA) was quantified by similarity index (SI). The 
detailed description of the classification methods is pre-
sented in [47]. Figure 2 demonstrates the stepwise applica-
tion of classification techniques in the current study.

where |X | and |Y | symbolize the cardinality of set X  and Y  
correspondingly. |X∖Y | is the cardinality of set difference 
of X  from Y  , and for |Y∖X | it is the contrary.

Set X  was considered clusters obtained from the refer-
ence classification technique, while the other classification 
techniques were represented by set Y .

2.3  SWAT calibration and validation

SWAT is a semi-distributed, continuous hydrological model 
which functions on a daily timescale to predict the impact 
of land management on water, sediment and water quality 
of large ungauged basins [48]. Weather, hydrology, ero-
sion, plant growth, nutrients, pesticides, land manage-
ment and stream routing are some of the key modules 
of SWAT [48]. This model divides the large watershed into 
many sub-watersheds, and it is further subdivided into 
a series of hydrological response units (HRUs), a unique 

(2)

Similarity Index (SI) =
1

2

(
1 − |X�Y | + |Y�X | − |X ∩ Y |

|X | + |Y |
)
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combination of land use, soil and slope. When parameters 
are simulated, it is first estimated for each HRU, and then, 
it is accumulated for the whole watershed as a weighted 
average [49].

SWAT model was calibrated against observed stream-
flow data. The total length of the time series data was 
separated into three phases: model warm up (1990–1994), 
calibration (1995–2006) and validation (2007–2011). SWAT-
CUP was used to calibrate the model. The parameters used 
for calibration are presented in Table 2 with the physical 
significance of each parameter and range of parameters 
used. The optimized parameters were used to validate 
the model without further adjustment in the range of 
parameters.

Three model performance evaluation criteria were 
selected based on the recommendation of Moriasi et al. 
[50]. Those are Nash–Sutcliffe efficiency (NSE), RMSE-
observations standard deviation ratio (RSR) and per cent 
bias (PBIAS).

Nash–Sutcliffe efficiency [51] is a measure of correlation, 
bias and variability [52], which is one of the widely used 
criteria for performance evaluation all over the world by 
researchers [23]. Usually, NSE varies between − ∞ and 1. A 
value of 1 points towards a perfect match between observed 
and simulated value. A value of NSE ≤ 0 suggests that the 
model is no better than the observed mean value [23, 52]. 
Per cent bias (PBIAS) was chosen because it measures the 
average tendency of the simulated data to be larger or 

smaller than their observed counterparts, and it detects 
poor model performances [52]. A positive value represents 
a bias towards underestimation, while a negative value 
suggests a model bias towards overestimation and zero 
represents the optimal value [53]. A value of ± 25% can be 
considered a satisfactory result in case of streamflow estima-
tion [54]. RSR combines the benefits of error index statistics 
which includes a scaling or normalization factor [23, 50]. RSR 
varies from zero to a large positive value. The optimal value 
‘0’ represents null RMSE or residual variation, i.e. a perfect 
model simulation [50]. The mathematical expression of these 
indicators is as follows:

(3)NSE = 1 −

⎛
⎜⎜⎜⎝

∑t

i=1

��
Qobs − Qsim

�2�

∑t

i=1

��
Qobs − Q̄obs

�2�
⎞⎟⎟⎟⎠

(4)RSR =
RMSE

STDEVobs
=

�∑t

i=1

�
Qobs − Qsim

�2
�∑t

i=1

�
Qobs − Q̄obs

�

(5)PBIAS = 100 ×

∑t

i=1

�
Qobs − Qsim

�
i∑t

i=1
Qobs,i

Fig. 2  Flowchart representing 
the catchment classification 
scheme
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where Qobs and Qsim represent the observed and simulated 
streamflow, respectively, while Q̄obs is the mean of the 
observed streamflow and t is the number of observation.

2.4  Regionalization

Transfer of optimized parameters from gauged catch-
ments to ungauged catchments was carried out using 
the following regionalization techniques: Inverse Distance 
Weighted (IDW), Kriging and global mean. A detailed step-
wise implementation of regionalization techniques is pre-
sented in Fig. 3.

2.4.1  IDW

IDW technique works with a known set of points spread 
around an unknown point, the value of that is estimated 
using a weighted average of the values of known points. In 
case of catchment studies, it is based on the inverse spatial 
distance of the centroid of the catchment [55]. For estima-
tion of model parameters in ungauged catchments, all the 
32 catchments were treated as ungauged, one by one [23].

2.4.2  Global mean

In the case of global mean method, the model parameter 
values of the ungauged catchment are estimated using 
arithmetic mean of the optimized parameters obtained 
from gauged catchments.

2.4.3  Kriging

Kriging is an advanced and more sophisticated geostatis-
tical technique than IDW used to interpolate values from 
sample data onto a grid of points for contouring [56]. The 
weights in the Kriging are calculated from variograms 
that measure the degree of correlation among samples 
based on distance and direction between them. Out of the 
many Kriging methods, ordinary Kriging method was used 
for interpolation with a nugget of 10% of the observed 
variance, a sill equal to variance. One of the reasons for 
selecting Kriging was the promising results obtained by 
previous researchers by applying it on a large number of 
basins [11, 16, 17, 57]. Furthermore, this method does not 
require additional parameter calibration.

Table 2  SWAT parameters used in the study

*v_ means the existing parameter value which is to be replaced by a given value, *a_ stands for a given value which is added to the existing 
parameter value, *r_ represents an existing parameter value which is multiplied by (1 + the given value)

Parameters Description Range of param-
eters

Fitted value 
(average)

Min Max

*r__CN2 Initial SCS run-off curve number for moisture condition II − 0.2 0.2 − 0.033
*v__GW_DELAY Groundwater delay time (days) 30 450 320.979
v__ALPHA_BF Baseflow alpha factor (1/days) 0 1 0.451
*a__GWQMN Threshold depth of water in the shallow aquifer required for return flow to occur 

(mm  H2O)
0 25 12.178

v__GW_REVAP Groundwater revap coefficient 0 0.2 0.102
r__REVAPMN Threshold depth of water in the shallow aquifer for revap to occur (mm  H2O) 0 10 4.267
r__SOL_AWC Available water capacity of the first soil layer (mm  H2O/mm soil) − 0.2 0.4 0.142
v__ESCO Soil evaporation compensation factor 0.8 1 0.879
r__SOL_K Saturated hydraulic conductivity (mm/hr) − 0.8 0.8 0.109
v__ALPHA_BNK Baseflow alpha factor for bank storage (days) 0 1 0.375
v__CH_K2 Effective hydraulic conductivity in main channel alluvium (mm/hr) 5 130 118.208
v__EPCO Plant uptake compensation factor − 0.8 1 0.103
r__HRU_SLP Average slope steepness (m/m) 0 0.2 0.133
v__CH_N2 Manning’s n value for the main channel 0 0.3 0.195
r__OV_N Manning’s n value for overland flow − 0.2 0 − 0.052
r__SLSUBBSN Average slope length (m) 0 0.2 0.188
r__SOL_BD Moist bulk density (Mg/m3) − 0.5 0.6 0.147
V_SURLAG Surface run-off lag coefficient 1 10 5.430
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3  Results

PCA result suggests that the first four PCs hold more than 
70% of variation that can be considered as an appropri-
ate percentage of variance for dimension reduction. The 
application of K-means clustering along with DBI created 
four clusters. The same number of clusters was obtained 
from SOM and KPCA method. However, the similarity of 
catchments in terms of their distribution to different clus-
ters in SOM was closely matched with that of the refer-
ence classification. Hence, SOM was further considered as 
the best classification technique. Figure 4 demonstrates 
the distribution of catchments into four clusters with the 
application of SOM.

The overall results obtained from the application of 
the semi-distributed SWAT model in 32 catchments can 
be categorized as ‘good’. Coming to the results of the SWAT 
model calibration and validation, the median values of the 
three model performance indicators (NSE, RSR and PBIAS) 
are 0.70, 0.25 and 16.80% during calibration, and 0.63, 0.26 
and 12.50% during validation period, respectively. Most 
of the NSE values are above 0.6 and above 0.5 during the 
calibration period and validation period, respectively, sug-
gesting a satisfactory performance of the SWAT model for 
most of the catchments. The range of RSR values is found 
between 0.07 and 0.95, and PBIAS is within the acceptable 
range. The results mentioned above suggest the SWAT 
model is capable enough to reproduce the seasonal vari-
ation in streamflow in the selected catchments.

The regionalization techniques were carried out using 
three spatial proximity approaches, i.e. IDW, Kriging and 
global mean, in combination with the SWAT model on 

both classified and unclassified catchments during cali-
bration as well as validation periods. Based on the analysis 
and results obtained [47], the self-organizing map tech-
nique was selected for the classification of catchments into 
four suitable clusters.

IDW and Kriging produced competitive results for both 
unclassified and classified catchments, whereas global 
mean approach is least productive. Table 3 presents the 
minimum, median, mean and maximum values of NSE, 
RSR and PBIAS during calibration and validation periods 
for three regionalization techniques on both unclassi-
fied and classified catchments. It is evident from Table 3 
that the results are improved when the regionalization 
techniques are applied on classified catchments to that 
of unclassified ones. In general, the minimum NSE values 
have shown improvement over unclassified catchments 
to classified ones, irrespective of the regionalization 
methods. There is a decrease in RSR values for each of 
the regionalization technique for classified catchments. 
Overall, PBIAS values have shown marginal improvement 
in case of classified catchments than unclassified ones. To 
quantify the improvement in results, the percentage of 
improvement was estimated. A positive value represents 
a better performance, while a negative value suggests the 
declining effect of catchment classification on streamflow 
regionalization.

Classifying the catchments into homogeneous clus-
ters has a negative impact on a few (8%) catchments. The 
classification scheme is based on similarity in catchment 
attributes. However, few catchments are grouped with 
those catchments which are similar in terms of attributes 
but located distantly from each other. This might have 

Fig. 3  Flowchart representing 
regionalization approach in 
classified as well as unclassified 
catchments



Vol:.(1234567890)

Research Article SN Applied Sciences (2019) 1:456 | https://doi.org/10.1007/s42452-019-0476-6

affected the regionalization performance, which is based 
on spatial distance. Half of the catchments (56%) exhibit 
0–10% improvement, while 33% of catchments exhibit 
10–20% improvement. Only 2% of the total catchments 
show improvement greater than 20%. The impact of catch-
ment classification on each catchment is presented in 
terms of panel maps (Figs. 5, 6 and 7).

3.1  Discussion

Regional climate, soil types and vegetation are a few ele-
ments which make the regionalization studies explicit 
[27]. Most of the selected SWAT parameters are linked to 
these factors. The identified model and objective of the 
study decide the appropriateness of the regionalization 

approach. A different model or change of SWAT param-
eters might have produced different results. A few more 
morphological parameters such as land use class and 
soil group may be added to the list of catchment attrib-
utes. The results of this study suggest that an appropri-
ate combination of hydrological model, classification 
technique and regionalization method may yield good 
results. Though there is a negative impact of classification 
on regionalization results for few catchments, overall it 
improves the results. In the current study, the regionaliza-
tion approaches are based on the spatial distance between 
gauged and ungauged catchments. For example, the 
regionalization model performance for two catchments 
located in the western part of the study area and rela-
tively isolated from the group declined after classification. 

Fig. 4  Distribution of catch-
ments into four clusters using 
SOM [47]
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Similar results are obtained for a catchment placed cen-
trally in the study area. These catchments are grouped 
with catchments which are similar to each other in terms 
of their attributes but located distant to each other. 
Though catchment classification improves the results of 
regionalization, still densely gauged catchment network 
is required for better performance of spatial proximity 
methods. The implemented classification techniques are 
self-sufficient and not dependent on either landscape or 
scale of the catchment. SOM being a nonlinear classifica-
tion technique produced best results among all the clas-
sification techniques.   

The number of catchments considered for this study 
is relatively less compared to the other studies [9, 11, 
17], but the geographical area of each catchment is big-
ger than most of the studies. The regionalization results 
suggest that catchments having smaller drainage area 
have shown greater improvement than the bigger ones. 
The reason behind this may be the selected catchment 
attributes which are capable enough to represent the 
hydrological processes occurring within a smaller drain-
age area rather than a bigger one. In addition to this those 

catchments where land cover is dominant by agricultural 
lands, improvement is higher after classification. One of 
the limitations in this study is that the above-mentioned 
methodologies are applied considering the peripheral 
environment as stationary. Application of all these tech-
niques in the real non-stationary world may provide more 
genuine results.

4  Conclusions

Three spatial proximity regionalization techniques (IDW, 
Kriging and global mean) were applied on 32 unclassified 
and classified (SOM) catchments to check the effective-
ness of homogeneous region on streamflow prediction. 
The process was carried out for calibration (1995–2006) 
and validation (2007–2011) period.

Overall results suggest an improvement when region-
alization techniques were applied on classified catch-
ments. IDW and Kriging produced competitive results and 
superior to results of global mean technique. Half of the 
catchments exhibit 10% of improvement in regionalization 

Fig. 5  Effect of catchment clas-
sification on NSE of regionali-
zation results during a calibra-
tion period and b validation 
period in terms of percentage 
increase/decrease
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results when grouped along with similar catchments. The 
results suggest that the catchment classification method 
should be the primary step before application of region-
alization technique in ungauged catchment analysis. 

Catchment classification helps in getting closer predicted 
streamflow values to that of observed ones, which is nec-
essary for the ungauged catchment.

Fig. 6  Effect of catchment clas-
sification on RSR of regionaliza-
tion results during a calibra-
tion period and b validation 
period in terms of percentage 
increase/decrease
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