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Abstract: Providing accurate land use/ land cover (LULC), as an important component in remote sensing, have
been a point of concern which subjected to many studies. Researchers have made great efforts in developing
superior classification approaches and techniques which can lead to classification accurateness. This study
was sought to investiagte LULC over Ulu Kinta Catchment in multispectral Landsat TM  by clustering+

approaches. The proposed technique is carried out on data from training part by per-pixel analysis in
corresponding image and principal component (PCA) map to yield a better understanding of DN data set
representation for each LULC classes. A version of PCA has been used on the basis of an optimum order
sample correlation coefficient for enhancing the contribution of the image bands and simulating the best band
combination for unsupervised classification. The result showed that in spite of overlapping in some classes,
first component of PCA map enhanced discrepancies between features and could be an acceptable layer in the
band combination. Furthermore, by considering band combination with the maximum separability the NDVI
index map, band 3 and band 4 of Landsat TM was proposed. Initial number of cluster in the study area fixed to
30 and an unsupervised classification relate to arbitrary selection of the number of classes was carried out. The
application of post-processing method to labeling clusters was also discussed and 8 major classes were
represented. Additionally, the performance of the proposed band combination based on 8 classes was
evaluated and the higher accuracy determined in proposed technique i.e.from 72.1% in previous study incresed
to 80.1%. 
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INTRODUCTION algorithms available [4]. An image classification

Remote sensing   has  produced  important  source parametric and nonparametric, hard and soft (fuzzy)
of data for land use / land cover (LULC) and it is an classification, or per-pixel, sub-pixel and per-field [4]. The
authoritative tool to keep an update  of  universal main steps of image classification might comprise of a
inventories  [1].  Providing  factual  LULC,  as an suitable classification system, selection of training
important   component    in     remote     sensing,   have samples, image preprocessing, feature extraction,
been  a  point  of concern which subjected to many selection of suitable classification approaches, post
studies [2, 3]. classification   processing   and   accuracy   assessment

Researchers have made great efforts in developing [4-7]. Thus, success of image classification and worthy
superior  classification  approaches  and techniques environmental application purpose depends on  the
which can lead to classification accurateness. The main nature and  soundness  of  the  classification methods
purpose of classification  is  to  map  the  input data into adapted [4, 8]. According to McDermid et al. [9] image
information classes as accurately and reasonably as classification, per-pixel models and spatial pattern
possible. In general, a classification system is planned analysis techniques are effective tools for extracting
according to user’s need, spatial resolution of selected information, but scientists and resource managers require
remotely sensed data, image processing and classification guidance for their effective application.

approaches can be grouped as unsupervised, supervised,
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In digital image analysis, data and information are by In the present work, clustering analysis was applied
no means synonymous with each other. On the contrary, on Landsat TM . It followed by, preparing a training part,
they have quite different connotations. Practically, de-correlates the data by transforming DN distribution
remotely sensed data represent values or digital number (per-pixel analysis) in corresponding image and Principal
of the pixels (DN), usually in the multispectral domain [10]. Component Analysis (PCA) map with an optimum order
The range of pixel values and their meaning is a very sample correlation coefficient in training subset image. A
important different between the input satellite data and comparison was made where the initial clusters derived
the classification result regarding as the information with DN data sets representing different land use land
derived from data [11]. As there is a complex relation cover (LULC) type and patterns from Landsat TM and
between information classes and spectral classes, rarely PCA map to found a band combined approach. To yield
they correspond to one another neatly [9]. Furthermore it a better understanding of vegetation, NDVI map has
is almost impossible for one information classes to be demonstrated the feasibility to band combination
linked uniquely with a spectral class. recommended. Finally the unsupervised classification

The task of image classification is to merge these results were contributed. 
different spectral clusters rationally to form meaningful
information classes [2, 12]. There are various ways of MATERIAL AND METHODS
approaching the use of satellite imagery for determining
LULC change in environments. Yang and Lo [5] extract Study Area: The study was carried out in the Ulu Kinta
LULC by a times series of Landsat TM and MSS images. Catchment in the state of Perak, Peninsular Malaysia
Their technique also included radiometric normalization to (Figure 1)., between latitudes 4° 29’ to 4° 31’ North and
establish a common radiometric response among multi longitudes 101°03’ to 101°12’ East. The Ulu Kinta
–date/ multi sensor data and an unsupervised Catchment   is   approximately  30,752  ha  in  area  and  is
classification using clustering approach. The major a  sub-catchment  for  the  Kinta River basin. The height
problem was the loss of forest and urban sprawl. Stefanov of the  study  area  is  between  38m  in  West to 2160 m
et al. [12] introduced an expert system approach with an on  the North and East parts of the hilly area.
integration of remotely sensed data with land use data, Characterized by a variety of land cover types, mainly
spatial texture and digital elevation (DEM) to obtain upland forest, agriculture fields, mixed urban area and
greater classification accuracy. Where the accuracy barren land covering fairly large homogenous fields. The
ranged from 73% to 99%. But it was not successful in upstream area consists of very steep slopes covered in
commercial and industrial classes  due  to  similarity of primary jungle. 
sub pixel component where the user accuracy  was  49%.
Cihlar et al. [13] focused on two different approaches; an Methodology: The main objective of this study is to
iterative approach by fuzzy k-means and a sequential one extract  the  several land information which can be later
as used in the classification by ground control point use for wide variety of purpose. Multispectral
(CGP). As the result of two approaches was different they classification is a complex process of sorting pixels into a
tested a combination of those two technique and found finite number of individual  classes,  or  categories of
that a combined approach, in which a large number of data, based on their data files values [9]. If a pixel satisfies
clusters (80 in that case) is produced by FKM and then a certain set of criteria, the pixel is assigned to the class
merged using CPG, yielded the most consistent clusters that corresponds to those criteria. Thus an appropriate
among  images  in  terms of both spectral homogeneity classification system and an adequate number of training
and spatial cohesiveness. While the spectral and spatial samples are fundamentals for a successful classification
cluster differences were not large (~10%). Han et al. [1] [4]. Fig. 2 illustrated image processing procedure. It
carried out a classification based on the data set from should be mentioned that this study focused on the
SPOT4/VEGITATION. They operated a per-pixel basis to classification procedure that breaks  down  into  two
remove detector blindness to filter cloud combination and parts: First principal component analysis (PCA), a
finally to detect both atmospheric and surface anisotropy statistical approach for image processing to decrease the
effects. Then by using the K-means clustering method, number of correlated image bands and to increase the
LULC classification results have been comparable with interpretability of components  as combinations to
the Coordination of Information on the Environment multiple bands [15]. Then classifying (using a decision
(CORINE) database which serves as a reference to rule), to generate representative  data  samples  and to
appraise the reliability of the study [14]. improve classfication accuracy.

+
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a) Perak state and location of the catchment in the state
b) Topography map of the study area (DEM), c) Landsat TM band 1,2,3, 6 Augest 2005
Fig. 1: Location of the Ulu.Kinta catchment (Ipoh, Malaysia), 

Image Pre-Processing approximation of a cubic function, rather than a linear
Geo-Referencing: In this part the Landsat TM image, function, is applied to those 16 input values) was applied
received on 6 August 2005 with 30-m resolution for band to resample the dataset. Finally, a subset of the rectified
1 to 5 and 7 (120m for band 6), was geometrically rectified image covering the entire Ulu Kinta river Basin was
by using the 1:50000 map of the study area [3]. extracted. All image processing steps were carried out
Topographic, land use maps for the study area were used using ERDAS IMAGINE 9.2 software. 
for identification of ground control points (GCPs). More
than 25 GCPs were located on Landsat TM identify the Image Classification
rectified skewed Orthomorphic (RSO) projection easting Principal Component Analysis: A principal component
and northing of each point as data input. The first order analysis was performed to refine the spectral resolution
polynomial model was applied in the study area because and data redundancy. PCA is able to fulfill three
there were no significant advantages in rectification with objectives:
higher order polynomials. The total RMSE calculated were
0.5530 pixels which correspond 15.3 meters in the ground. Fist, to ascertain the information content of each

The image Re-sampling is the process of multispectral band.
extrapolating data values for the pixels on the new grid Second, to identify the most informative bands.
from the values of the source pixels. Thus the cubic Third, transformation of the information content onto
convolution (a set of 16 pixels, in a 4 * 4 array, are orthogonal axes increases spectral separability of
averaged to determine the output data file value and an certain spectrally adjacent classes.
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Fig. 2: Image processing procedure

Training Classifier: Features are well-known with Normalized different Vegetation Index analysis (NDVI):
respect to their spectral and physical characteristics Vegetation index (VI) is an arithmetic disparity between
which could be helpful to increase accuracy of pixels values in two or more spectral bands of the same
classification   [16].   Moreover   it   is  practical to imagery. Because of discrepancy reflectance of features
consider various pre-classification transformations to over different wavelength ranges, it is able to enhance
distinguish categories from each other. As the vegetation through subtraction of one spectral band from
unsupervised classification involves  algorithm  that another. The spectral data from the sensor has generally
examine the unknown pixels in an image and amassed been made available as the normalized difference
them into a number of classes based on the natural vegetation index (NDVI). It is calculated from reflectance
grouping or clusters present in the image values [1], factors in the near-infrared (NIR) and red regions of the
consequently  natural  groupings  in  the data identified electromagnetic spectrum (Eqn 1). 
by  plotting  a  scatter  diagram  regarding to original
image  and  PCA  image  extracted  for the most (1)
informative component. This is the techniques for
processing of multiband data make use of a two Clustering Analysis (Classification): Interactive Self-
dimensional  histogram,  where  the  data  file values of Organizing Data Analysis Technique (ISODATA)
one band have been plotted against the data file of clustering method  uses  the  minimum spectral distance
another band. to  assign   a  cluster  for each candidate pixel in the most
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Table 1: Classification scheme in the study area
Legend Class (code) Description
1 Urban Area
2 Forest Land
3 Crop Land
4 Water Body
5 Wet Land 
6 Grass Land
7 Barren Land
8 Cloud

informative PCA images of Landsat TM. This algorithm is
iterative in that it repeatedly performs an entire
classification and recalculates statistics. For this process,
the parameter 30 for number of classes, 0.950 convergence
threshold (the maximum percentage of pixel whose class
values are allowed to be unchanged between iterations)
and 15 maximum number of iterations to be performed. The
ISODATA cluster classes were later labeled based on the
classification scheme in Table 1 (Table 1). The categories
were later reduced by recoding several groups into one
common class of the same theme.

RESULT AND DISCUSSION

Principle   Component      and    Training    Analysis:
The corresponding  images  and spectral enhanced
images are presented in Fig. 3. To demonstrate the
optimum band combination with the best spectral
distribution of pixel values to look for discrepancies,
scatter plot of different band combination were plotted
from corresponding image and spectral enhancement
image (PCA), respectively. The evidence would be
strength by the spectral distance between the candidate
pixels for combination of different bands (Fig. 4). There
are certain things that could be added to bolster the
information that is already here. First of all, the response
of band combination in corresponding image  for  band  1

Fig. 3: a)Landsat TM image, b)PCA image 

vs. band 2 and band 2 vs. band 3 is represented
overlapping and may not show sharp boundaries on the
image. Despite, responses of two band combination after
PCA enhancement were shown significant distinctive.
This outstanding response clearly identifies a cogent
enhanced image role to take in account in proposed new
band combination. 

Secondly, the hypothesis of using PCA component
in band combination would be strength by specifying
Eigen value and Eigen vector for the variance- covariance

Table 2: Eigen value, cumulative Eigen value and Eigen vector matrix for the Landsat TM image in Fig 3b

---------------------------------------------------------------------------------------------------- PCA Component ------------------------------------------------------------------------
PCA Component 1 2 3 4 5 6 7
Eigen Value 2282.122 287.50412 134.95424 27.782631 14.127843 6.6759433 1.3287759
Percentage (%) 82.850814 10.437633 4.8994178 1.0086287 0.5129013 0.2423654 0.0482403
Cumulative (%) 82.85 93.29 98.19 99.20 99.71 99.95 100.00
Spectral Band 
1 0.492 -0.266 -0.505 0.353 -0.451 -0.234 -0.222
2 0.292 -0.109 -0.203 0.080 0.273 -0.067 0.881
3 0.413 -0.229 -0.111 -0.086 0.751 0.175 -0.402
4 0.210 0.890 -0.280 0.175 0.060 0.224 -0.041
5 0.570 0.223 0.532 -0.321 -0.101 -0.478 -0.015
7 0.361 -0.153 0.239 -0.144 -0.357 0.794 0.100
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(a) (b)

(c) (d)

Fig. 4: Scatter plot of different band combination, a and b) band combination before spectral enhancement for band 1 vs. band 2 and band 2 vs. band 3, c
and d) band combination for previous band combination after spectral enhancement

Fig. 5: Distribution of negitation derived from NDVI image produced from Landsat TM 

matrix. (Table 2). As the roll of thumb is to discard all Table 2 evidenced that information mainly allocated in
components that contain far less than the average band 1, 2 and 3. 
contribution of each component [17]. Thus component 1 All in all, although the PCA maps seem largely to
and 2 should be retained in order to assess the amount of accept the band combination, it still demonstrates
information, as theirs cumulative percentage showed 93.29 overlapping in some combinations and features specially
%. Accordingly (100-93.29) percent or 6.71% of total in cooperating grass land with forest land and water body.
information was lost if the first two component images Thus to improve this problem the NDVI index could be
(33.33%)  are  retained.  Furthermore,  Eigen  vector in another choices.
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Fig. 6: Map of different band used for unsupervised classification, respectively

Fig. 7: ISODATA map 

Fig. 8: The land use map of Landsat TM classification band   combination   with    the    maximum   separability

NDVI Index: The reflection of vegetation is peaked, in
sharp contrast to soil and water that have a much lover
reflectance (Fig. 5). 

As soil and water have a reflection very similar to in
the near-infrared, subtraction of two bands leads to a near
zero difference in the resultant image for them. Relatively,
NDVI has found more effective in quantifying vegetative
cover on the ground. 

Band  Combination  and  Data  Merging:  Considering
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Table 3: Band combination used for classification
Layer Band combination
1 Band 1 from PCA First component
2 Band 2 from PCA First component
3 Band 3 from PCA First component
4 NDVI Index
5 Landsat TM band 4
6 Landsat TM band 3

Table 4: Summary of  land use classification and evaluation result of
unsupervised classification of study area

Class name % of total User accuracy % User accuracy % [18]
Urban 3.40 78.2 60
Forest 80.30 85.6 69.3
Cropland 5.10 79.6 77.8
Water body 3.61 80.3 72.4
Wet land 0.41 69.1 -
Grassland 4.38 78.4 67.6
Barren land 2.79 89.7 85.5

between classes as the best combination for classification
was done according to corresponding image, PCA
component result, scatter plot of the feature and NDVI
map. Hence the layers of data in the final enhanced image
are as Table 3 and Fig. 6, respectively. 

Unsupervised Classification: In this study, the initial
number of clusters is arbitrary fixed to 30. The major
issues in an unsupervised classification relate to the
arbitrary selection of the number of classes and their
labeling. Fig. 7 shows the classification map of 30 classes
from clustering according to selected bands.

In order to post-treatment, catchment area was
clipped then labeling cluster was performed in supervised
manner, using NDVI, scatter plot result, signature and
ancillary map. Accordingly, classes with spectral
similarities were combined into 8 major classes (urban,
forest, crop land, water body, wet land, grass land, barren
land and cloud). The final classification map of the study
area was presented in Fig. 8 and Table 4. The result
indicated that the forest area was the largest, the ratio of
forest area reached to 80.3%. the next highest was
cropland with a ratio of 5.1%, grassland was 4.38%, water
(including water bodies and wet land) area was 4.02%,
urban area was 3.4% and barren land was 2.79%. Hence
mainly land use condition of Ulu Kinta catchment was
forestry.

The value of user accuracy extracted from study
performed by Bawahidi (2005) also presented in Table 4.
When each LULC type was compared among the different
study, the result indicated accuracy of all classed have
been improved. In contrast, this study could separate
water body from wetland. Besides overall accuracy in 2011. Forest Classification Using IRS Satellite Data.
previous  study  and  this  study  is

72.1% and 80.1%, respectively. Thus by changing band
combination and using NDVI index in classification the
accuracy of classification improved.

CONCLUSION

Although the unsupervised classification is a widely
used classifier, it could not perform satisfactorily in
deriving accurate and reliable classification itself. In this
study, we were able to significantly improve LULC maps
by incorporating additional data, such scatter plot, PCA
and NDVI value of the Landsat imagery using a
hypothesis testing framework based system of
classification. The resulting PCC maps can be
satisfactorily used for detailed post classification change
recognition. This study has established the value of
scatter plot result and knowledge-based rules into an
unsupervised classification scheme to improve accuracy
of LULC classification.
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