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----------------------------------------------------------------------ABSTRACT------------------------------------------------------------Rapid urbanization often witness deterioration of regional river quality. As part of the management process, it is
important to assess the baseline characteristics of the river basin environment so that sustainable development can
be pursued. Over recent years a huge library of data mining algorithms has been developed to tackle a variety of
data-rich environmental problems.
Data mining is now becoming the most popular technique for handling huge amount of environmental or water
quality data. Certain techniques such as Artificial Neural Networks, Clustering, Case-Based Reasoning and more
recently Bayesian Decision Networks have found application in environmental modeling.
In the current research study data mining technique, cluster analysis (CA) was applied to a large environmental
data set of chemical and micro-biological indicators of river water quality. The study was carried out by using longterm water quality monitoring data of river Satluj. The results obtained allowed detecting natural clusters of
monitoring locations with similar water quality type and identifying important discriminant variables responsible
for the clustering. This objective separation or clustering could lead to an optimization of river monitoring
techniques and are believed to be valuable to water resources managers in understanding complex nature of water
quality issues to improve water quality.
Keywords – Cluster analysis, Data mining, river water quality. Optimization, Satluj watershed

1. INTRODUCTION

R

eal hydrochemical data sets contain not only important
information useful for quality assessment and/or
treatment technology but also confusing noise. Mostly,
measured variables are not normally distributed, often colinear or autocorrelated, containing outliers, erroneous or
nonsense values. In order to reveal mutual dependence or
logical structures of data, there are several chemometric
procedures generally called as data mining techniques.
Some of them are based on the reduction of data
dimensionality, such as principal component analysis [15,
16], factor analysis, cluster analysis [17, 18], independent
component analysis [1], independent factor analysis [2],
generative topographic mapping [3], etc.
The water environment quality issue is a subject of ongoing
concerned with the development of economy in any
country. Especially, in India, the water resources problems
related to environmental degradation have increasingly
been serious, because of the rapid industrialization and
urban sprawl. Due to their roles in transporting domestic
and industrial wastewater and non-point source pollutants

from agricultural land in their vast drainage basins, rivers
are among the most vulnerable water bodies to pollution.
Anthropogenic influence (urbanization, industrial and
agricultural activities, increasing consumption of water
resources) as well as natural process (changes in
precipitation inputs, erosion, weathering of crustal
materials) degrade surface water quality and impair their
use for drinking, industrial, agriculture, recreation or other
purposes [4, 5]. In order to effectively manage and research
river water environment, obtaining water environment
quality parameter data is indispensable. Although the
regular measurements needs doing much work, because of
spatial and temporal variation of water environment quality,
monitoring by regular measurements, which will provide a
representative and reliable estimation of surface water
quality, is necessary. The long-term monitoring for many
profiles in different reach will generate a large and complex
database, which needs a good approach to interpret [19].
The application of different multivariate statistical
techniques, such as cluster analysis (CA), principal
component analysis (PCA), factor analysis (FA), helps in
the interpretation of complex data matrices to better
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understand the water quality and ecological status of the
studied systems, allows the identification of possible factors
that influence water environment systems and offers a
valuable tool for reliable management of water resources [6,
7, 8]. In recent years, many studies related with these
methods have been carried out. For instance, Boyacioglu
and Boyacioglu [9] use the PCA and CA to classify the
sampling sites and to identify the latent pollution source.
Mendiguchía et al. [10] used the CA to divide a watershed
to four zones with different water quality except using PCA
to identify the main pollutants. According to the above
researches, it can be concluded that these methods could be
used to assess the relationships between variables and
possible pattern in distribution of measured data. As a
result, in the study, we mainly use CA to identify several
zones with different water quality and PCA to find the most
important factors that describe the natural and
anthropogenic influences.
Usually, the trials are undertaken to assess river water
quality or to optimize the monitoring procedure by:
classifying sampling locations, revealing links between
water quality parameters, identifying possible sources of
pollution or modeling the contribution of the identified
sources to the formation of the total concentration of the
monitored chemical tracers.
In the present study, a large data matrix, obtained during a
7-year (April 2004–March 2011) monitoring program, is
subjected to different multivariate statistical techniques to
extract information about the similarities or dissimilarities
between sampling sites, and the influence of possible source
on the water quality parameters of River Satluj watershed.
The specific objectives are to: (1) identify several zones
with different water quality, (2) extract the parameters that
are most important in assessing variations in river water
quality of different zones, (3) find a good approach to
assess the water quality reasonably. It can be helpful to the
managers to understand the main pollutants of each cluster
of sampling sites, and to take effective measures to manage
the water resources, respectively.
2. SATLUJ RIVER AND ITS BASIN
The Satluj river is one of the five great rivers of undivided
Punjab. It originates in Tibetan Plateau, flows through the
Himalayan Range in Indian state of Himachal Pradesh and
enters in the plains of Punjab from the Shivalik hills near
Nangal. It flows in east-west direction. Most of the river
water is diverted for irrigation, municipal and industrial
uses at the Nangal head-works and very little of the river
water flows in the river beyond Nangal. Flow in the river
includes the seepages and the water intentionally let into the
river mainly due to the differences in hydal power
generation at Bhakra and in water diversion at Nangal for
meeting the varying irrigational water demands. Beyond
Nangal the river flows across the Punjab plains for about
238 km and then joins the river Beas at the Harike wetland
system, a manmade wetland system created from the
construction of head-works for diverting the river water for
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agricultural, municipal and industrial uses [11]. In this 238
km stretch of the river, the Himachal Pradesh hills
bordering the Punjab state and the agricultural plains and
urban settlements of a major part of the Punjab state
constitute the catchments of the Satluj river. Downstream to
the confluence point with the Beas river, at the Harike headworks, the river water is again mostly diverted for
irrigation, municipal and industrial uses.
Watershed area (between 31°45’N 74°57’E and 30°45’N
76°50’E) of the river in this stretch is about 10,880 km2.
Out of which sub-watershed area for the main course of the
Satluj river is 3053.18 km2 from Nangal head-works till
Harike head-works. Eight monitoring locations within this
sub-watershed (SAT-1 to SAT-8) are currently identified
for monthly assessment of the water quality. Fig. 1 shows
the Satluj watershed along with the sampling locations.

Figure 1: Map of Satluj river watershed showing
monitoring stations.
3. CLUSTER ANALYSIS OF WATER QUALITY MONITORING
DATA

In the present study, optimization of the Satluj river water
quality monitoring program was targeted through cluster
analysis. The main objective was to reduce the number of
monitoring stations (from the present 8), to reduce the
frequency of sampling (from the present monthly
sampling), and to minimize the number of parameters for
which the samples should be tested. This optimization study
effectively used the monitoring data accumulated during a 7
years period (April 2004-March 2011). The sampling
strategy was designed in such a way to cover a wide range
of determinants at key sites that accurately represent the
water environment quality of the river system and account
for tributary inputs that can have important impacts upon
downstream water quality. Advanced statistical techniques
(cluster analysis and principal component analysis) in
combination with Water Quality Index (general purpose)
approach were used to rationally optimize the monitoring
program. Current study provides the details of the
optimization study undertaken using cluster analysis.
Cluster Analysis (CA) groups the objects (cases) into
classes (clusters) on the basis of similarities within a class
and dissimilarities between different classes. The results of

International Journal of Advanced Networking Applications (IJANA)

ISSN No. : 0975-0290

CA help in interpreting the data and indicate the spatial and
temporal patterns. In hierarchical clustering, clusters are
formed sequentially by starting with the most similar pair of
objects and forming higher clusters step by step [6, 12, 13].
CA was performed on the transformed water quality data
sets by means of the Ward’s method using squared
Euclidean distance as a measure of similarity [14]. Monthly
water quality data of the 8 monitoring stations on the Satluj
River was subjected to cluster analysis. In order to interpret
the cluster significance some degree of subjectivity was
used. Final clustering was decided while giving due
importance to the spatial and temporal consecutiveness.
Spatial clustering was done first and the temporal data was
grouped as per the spatial clustering prior to the temporal
cluster analysis. Cluster significance was determined using
the criterion of similarity factor greater than 0.8 and the
most similar consecutive sampling sites in a cluster were
considered as one Spatial Group (SG) and the most similar
sampling months in a cluster were considered as one
Temporal Group (TG). Based on the analysis, both
sampling stations and sampling frequencies were
rationalized.
Prior to CA, the descriptor variables (pollution indicators)
were block standardized by range (autoscaling) to avoid any
effects of scale of units on the distance measurements. In all
clustering algorithms discussed in this paper, the squared
Euclidean distance was used to measure similarity among
clusters while Ward’s method was used as an
agglomeration technique.
Results obtained from the CA for spatial grouping are
shown in Fig. 2.

0.976
0.997
0.997
0.881
0.881

SAT-4
SAT-5
SAT-6
SAT-7
SAT-8
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SG-4
SG-5
SG-6

The similarities detected among the sampling stations and
the SGs indentified on the basis of the similarities are
presented in Table-1. The minimum similarity of 0.881 was
observed among the two stations (SAT-7 and SAT-8)
grouped into the SG-6.
CA was then applied for the 6 SGs independently for
detecting temporal similarities and temporal grouping. The
results obtained from the analysis are shown in Fig. 3(a) to
Fig. 3(f). On the basis of the similarities among the 12
sampling months for each of the SG, temporal groups (TGs)
were identified.

Figure 3(a): Cluster dendogram showing temporal grouping for SG 1

Figure 2: Cluster dendrogram showing similarity between
different sampling stations of river Satluj.
The results indicate based on the similarities, four spatial
groups (SGs) are possible. But when the condition of only
adjacent stations along the river can be grouped together is
applied, the existing 8 sampling stations can be divided into
6 SGs.
Table 1: Clustering strategy for development of Spatial
Groups.
Station
SAT-1
SAT-2
SAT-3

Similarity Factor
0.986
0.815
0.986

Spatial Group
SG-1
SG-2
SG-3

Figure 3(b): Cluster dendogram showing temporal grouping for SG 2
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Figure 3(c): Cluster dendogram showing temporal grouping for SG 3
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adjacent months of sampling events can be grouped, has
marginally increased the number of TGs. Except in SG-5,
close similarities were observed between March and May
months in all the other 5 SGs. Since March and May are not
two consecutive months, despite the similarities both the
months were de-clustered.
From the cluster analysis, one can conclude that the number
of sampling stations can be reduced from the present 8 to 6
stations. The future six monitoring stations can be S-1, S-2,
S-3, S-4, S-5 or S-6 and S-7 or S-8. Similarly from the
temporal cluster analysis one can conclude that the
sampling frequency can be reduced to 8 months for SG-1,
11 months for SG-2, 9 months for SG-3, 10 months for SG4, 10 months for SG-5 and 9 months for SG-6. Say for SG1, the sampling can be avoided during June or July, August
or September, and for two months during October to
December. Table 3 provides the details on the reduced
sampling stations and sampling frequencies for the 6 SGs.
In summary, the sampling stations can be reduced from 8 to
6, and the total number of samplings over the year can be
reduced to 57 from 96 (40.6% reduction).
4. CONCLUSION

Figure 3(d): Cluster dendogram showing temporal grouping for SG 4

Figure 3(e): Cluster dendogram showing temporal grouping for SG 5

Figure 3(f): Cluster dendogram showing temporal grouping for SG 6

Table 2 provides the details of the temporal groups
identified. Application of the condition that only the

The study offers a multivariate data mining strategy to
assess the river water quality. The simultaneous
performance of several classification and projection
environ-metric methods makes it possible to detect not only
the hidden factors responsible for the monitoring data
structure for short- or long-term observation modes but to
find some specific features of the locations of sampling,
often different in short-term assessment as compared to the
long-term one. In this case study, cluster analysis was used
to evaluate spatial and temporal variations in surface water
quality of Satluj river basin. Based on obtained information,
it is possible to design an optimal sampling strategy, which
could reduce the number of sampling stations, the
frequency of sampling, the number of samples collected and
associate costs and will also help to understand complex
nature of water quality issues and determine priorities to
improve water quality.
Factor Analysis and Principle Component Analysis will be
effectively used in future studies to find inter-parameter
associations existing between different pollutants. This data
mining technique will further help in reducing the number
of pollution parameters to be tested and subsequent cost of
analysis. Also in future, the authors propose to use these
data mining techniques for designing a water quality
management system for Satluj River Basin. The finding of
the current research study could be helpful to managers and
government agencies in better water quality management
for achieving the goal of sustainable use of the water
resources.
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Month
s
Jan
Feb
Mar
Apr
May
June
July
Aug
Sep
Oct
Nov
Dec

SG-1
Similarity
Factor
0.635
0.536
0.976
0.721
0.976
0.804
0.804
0.951
0.951
0.857
0.911
0.911

G 1,8

G 1,7

G 1,6

Temporal
Group
G 1,1
G 1,2
G 1,3
G 1,4
G 1,5
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Table 3: Chart matrix for the suggested sampling frequency on the basis of cluster analysis
Months
Sampling
SG-1
SG-2
SG-3
SG-4
SG-5
SG-6
Frequency
January
G 1,1
G 3,1
G 6,1
3
February
G 1,2
G 2,1
G 3,2
G 4,1
G 5,1
G 6,2
6
March
G 1,3
G 2,2
G 3,3
G 4,2
G 5,2
G 6,3
6
April
G 1,4
G 2,3
G 3,4
G 4,3
G 5,3
G 6,4
6
May
G 1,5
G 2,4
G 3,5
G 4,4
G 5,4
G 6,5
6
June
G 1,6
G 2,5
G 3,6
G 4,5
G 5,5
G 6,6
6
July
G 2,6
G 4,6
G 5,6
3
August
G 1,7
G 2,7
G 3,7
G 4,7
G 5,7
G 6,7
6
September
G 2,8
G 3,8
G 4,8
G 5,8
4
October
G 2,9
G 4,9
G 5,9
G 6,8
4
November
G 2,10
G 3,9
3
G 1,8
December
G 2,11
G 3,1
G 4,10
G 5,10
G 6,9
4
Sampling
8
11
9
10
10
9
57
Frequency

Table 2: Clustering strategy for development of Temporal Groups (TGs) for different SGs.
SG-2
SG-3
SG-4
SG-5
Similarity Temporal Similarity Temporal Similarity Temporal Similarity Temporal
Factor
Group
Factor
Group
Factor
Group
Factor
Group
0.907
0.940
G 3,1
0.857
0.939
G 2,1
G 4,1
G 5,1
0.907
0.763
G 3,2
0.857
0.939
0.949
G 2,2
0.905
G 3,3
0.914
G 4,2
0.774
G 5,2
0.548
G 2,3
0.579
G 3,4
0.956
G 4,3
0.611
G 5,3
0.949
G 2,4
0.905
G 3,5
0.914
G 4,4
0.218
G 5,4
0.977
G 2,5
0.868
G 3,6
0.956
G 4,5
0.893
G 5,5
0.430
G 2,6
0.973
0.788
G 4,6
0.693
G 5,6
G 3,7
0.863
G 2,7
0.973
0.788
G 4,7
0.893
G 5,7
0.817
G 2,8
0.868
G 3,8
0.532
G 4,8
0.836
G 5,8
0.977
G 2,9
0.816
0.644
G 4,9
0.527
G 5,9
G 3,9
0.817
G 2,10
0.816
0.986
0.971
G 4,10
G 5,10
0.430
G 2,11
0.940
G 3,1
0.986
0.971
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SG-6
Similarit
y Factor
0.937
0.773
0.816
0.937
0.816
0.859
0.898
0.965
0.965
0.987
0.987
0.773
G 6,9

G 6,8

G 6,7

Temporal
Group
G 6,1
G 6,2
G 6,3
G 6,4
G 6,5
G 6,6

