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Abstract Landuse and land cover are most important part which is linked with the environment and
climate in various ways. This is also important for the modeling of greenhouse gas emissions, carbon
balance etc., and is important for understanding the landscape features. The main objective of the
present work is to reduce uncertainties in the landuse and land cover pattern. Remote sensing
technique is extremely important for the classification purposes by empirical observation and
algorithms. In case of present study, a part of Narmada river basin was taken where change in the
landuse and landcover was assessed from the Landsat images of the year 2011 with two
classification techniques of Maximum Likelihood Classification (MLC) and Fuzzy C-Mean (FCM). The
major landuse classes are water body, built-up, vegetation, agricultural land and fallow land. The
image has been digitally classified by both MLC and FCM algorithms which have been validated by
the accuracy assessment process. The overall accuracy achieved by the FCM was about 84% while
with MLC it was about 79%. The Survey of India toposheet was used as the base map for the
purpose of geo-correction. FCM was found to be more accurate in comparison to MLC because of its
soft classification technique.
Keywords Landuse, Narmada River Basin, MLC, FCM, Accuracy
1. Introduction
The landuse change intensity with respect to the population growth of the world has led to such
consequences for the environment that resulted in the detail study of these transformations (Wu et al.,
2006). Landuse is considered as one of the basic supposition for understanding the global
environment changes. Landuse and land cover mapping is an extremely important component, where
different parameters are combined together. Remote sensing technology has helped for global
information monitoring for the landuse and land cover in the form of spatial, spectral and temporal
resolution. This technology has reduced the survey time, availability of latest maps, digital image
classification, etc. Since 1972, Landsat satellite data have been used for digital classification for the
preparation of landuse classes (Townshend, 1992; Hall et al., 1995; Lu and Weng, 2007). Change in
the landuse and land cover was analysed by many researchers like He et al. (2000) and Zhang et al.
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(2002) who have used multi-temporal satellite images for classifying landuse in the city area of
Beijing. Maximum likelihood classification (MLC) is very popular and is used in wide extent throughout
the world for extraction of landuse classes (Huang et al., 2002). The MLC classification is a
parametric approach where selected classes of signatures are assumed in normal distribution. Some
non-parametric types of classification techniques are also there which are considered to have better
accuracy for deriving classes (Kavzoglu and Reis, 2008). Some of these well-known non-parametric
techniques are Fuzzy C-Mean, Decision Trees, Support Vector Machines (SVM), Artificial Neural
Networks (ANN) etc. In fuzzy, a point may be assigned to a particular cluster with its degree of
belonging to that particular cluster that is measured from the centroid point of the cluster. So problem
of any hard classification can be avoided. Number of studies has been done with the application of
fuzzy C-Mean. Lucieer (2006) used fuzzy C-Means classifier for estimation of the vegetation units.
According to Foody (1992), Lucieer (2006) and Lu and Weng (2007), fuzzy technique of classification
is important because it can overlap hard classes with the soft technique.
Present study compares the landuse classification techniques of MLC and Fuzzy C-Means to assess
the classification accuracy using Landsat satellite imagery. Spatial accuracy was analyzed with the
outputs of both the classification techniques in a part of Narmada river basin of Madhya Pradesh of
India.
2. Study Area
The study area includes Burhanpur, Barwani, Sehore, Khandwa, Indore, Harda, Dewas, East Nimar
and West Nimar districts. It is a part of Narmada river basin of Madhya Pradesh. The area stretches
°
°
°
°
2
from 21 23’51” to 22 54’55”N and 75 21’41” to 77 20’53”E and covers about 52970 km areas. The
region experiences subtropical climate with hot dry summer and a cool dry winter. The rainfall
average is about 1370 mm and it decreases from east to west (Figure 1).

Figure 1: Study Area

3. Data and Methods
For the purpose of classification, Landsat TM satellite imagery was used for applying the methods of
Maximum Likelihood Classification (MLC) and Fuzzy C-Mean algorithms. The Landsat TM data of
2011 was used which was corrected geometrically and radiometrically for removing the errors.
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Landuse classification of images with the MLC and Fuzzy C-Means were done and accuracy
assessment was applied to compare both the techniques.
3.1. Maximum Likelihood Classification (MLC) Technique
MLC is considered as a process to determine known class distribution as the maximum for a given
statistic (Scott & Symons, 1971). It is one of the most widely used processes in remote sensing. Here,
a pixel having maximum likelihood is assigned to the corresponding class. If there are m numbers of
predefined classes, then the class a posteriori probability is given as

Pk Pk x 
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where P (k) represents the prior probability of class k and P(x | k) is considered as the conditional
probability for observing x from the class k (probability density function). For the normal distributions,
the likelihood function, P(x | k), is given as following
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where x = (x1, x2 . . . xn) stands for the vector of a pixel with n number of bands; Lk(x) is the
T
likelihood membership function of x belonging to class k and μk = (μk1 μk2 . . . μkn) represents the
mean of the kth class;
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is the variance covariance matrix of the class k.

(3)

3.2. Supervised Fuzzy C-Mean Method
Jain and Dubes (1988) give many types of existing clustering techniques where images have been
classified by applying supervised classification technique with fuzzy logic. The fuzzy technique gives a
natural model where a pixel may have partial membership value corresponding to many land cover
categories. This algorithm operates on the basis of iterative minimization of the objective function.
C
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Where,
Y = {Y1, Y2 . . . . . YN}  R = the data,
c = number of clusters in Y; 2  c  n,
m = weighting exponent;
1  m <
U = fuzzy c-partition of Y;
U  Mfc
v = (v1, v2 . . . . . vc) = vectors of centers,
vi = (vi1, vi2, .., vin) = center of cluster i,
n

A

= induced A-norm on R", and

A = positive-definite (n × n) weight matrix.
The following constraints are fulfilled by the membership values,
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The objective function is the sum of square of Euclidean distances from each input sample and its
corresponding cluster centre, and these distances are weighted by the memberships of fuzzy. It is
given in the following equations:
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The membership value of each class is dependent on its distance to the centre of the corresponding
cluster. Smaller will be the influence of samples having small membership values with greater value of
m (Bezdek et al., 1984).
3.3. Accuracy Assessment
Number of methods for accuracy assessment can be found. One common technique is error matrix
(Congalton, 1991; Foody, 2002). In this study, overall, producer’s and user’s accuracy have been
calculated. Producer’s accuracy is found by dividing the accurate number of sampling points in one
class by the total number of points taken from the reference data. For user’s accuracy, correct
classified points are divided by the total number of points which are already been classified in that
particular class.
3.4. Kappa Coefficient
Kappa is a discrete multivariate technique that is used for the measurement of the accuracy of maps
and error matrices derived by remote sensing. The Khat statistic is given as
r
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here ‘r’ is the number of rows in the matrix Xij showing number of observations in row ‘i’ and column ‘j’,

X

X

and i  and  i are the marginal totals for the ‘i’ and I respectively, and N gives the total number of
observation (Lillesand and Kiefer., 2000).
Change in the land use and comparison of accuracy of two methods are represented in the given land
use classes.
4. Results and Analysis
4.1. Accuracy in Classification
Total of 120 points were taken for accuracy assessment in case of both the classification results.
Producer and user accuracy of water body, built-up, dense vegetation, grass land and fallow land are
80%, 77.78%, 76.67%, 83.02%, 73.91% and 66.67%, 77.78%, 79.31%, 81.48%, 77.27% of MLC
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technique respectively. In Fuzzy C-Mean tecnique, producer and user accuracy of water body, builtup, vegetation, agricultural land and fallow land are 83.33%, 91.67%, 84.62%, 85.42%, 78.57% and
83.33%, 84.62%, 81.48%, 85.42%, 84.62% respectively (Table 1).
Table 1: Error Matrix

Class Name

Reference
Totals

Water body
Built-up
Dense Vegetation
Grass land
Fallow land
Total

5
9
30
53
23
120

Water body
Built-up
Dense Vegetation
Grass land
Fallow land
Total

6
12
26
48
28
120

1990
Classified
Number of
Totals
Correct Points
MLC (2011)
6
4
9
7
29
23
54
44
22
17
120
95
Fuzzy C-Mean
6
5
13
11
27
22
48
41
26
22
120
101

Producers
Accuracy (%)

Users
Accuracy (%)

80.00
77.78
76.67
83.02
73.91
…………

66.67
77.78
79.31
81.48
77.27
…………

83.33
91.67
84.62
85.42
78.57
………...

83.33
84.62
81.48
85.42
84.62
………...

Kappa statistics of the following landuse in MLC are 0.65, 0.76, 0.72, 0.67, 0.72 and in Fuzzy C-Mean
they are 0.82, 0.83, 0.76, 0.76 and 0.80 recpectively. The overall kappa statistics and overall
accuracy for MLC are 0.70 and 79.17% and in Fuzzy C-Mean they are 0.78 and 84.17% respectively.
Thus difference in overall accuracy is 5% between two methods (Table 2 and Table 3).
Table 2: Kappa Statistics
Class Name
Water body
Built-up
Vegetation
Agricultural land
Fallow land

MLC (2011)
0.65
0.76
0.72
0.67
0.72

Fuzzy C-Mean (2011)
0.82
0.83
0.76
0.76
0.80

Table 3: Overall Kappa Statistics and Overall Accuracy
Category
Over all kappa statistics
Over all accuracy (%)

MLC (2011)
0.70
79.17

Fuzzy C-Mean (2011)
0.78
84.17

4.2. Statistics of MLC and Fuzzy C-Mean
Water body area from MLC and Fuzzy C-Mean techniques are about 884 km² and 930 km²
respectively. Built-up areas are differing in 3.32% in two methods while difference in area of
vegetation is 1.64%. Agricultural land and fallow land is showing difference of 5.72% and 3.82%
respectively (Table 4, Figure 2 and Figure 3).
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Table 4: Distribution of Area of Different Landuse

Classes
Water
Built up
Vegetation
Agricultural land
Fallow Land
Total

MLC
2011 (Area in km²)
883.94
1471.68
5004.31
9518.64
3679.42
20558

2011 (%)
4.30
7.16
24.34
46.30
17.90
100

Fuzzy C-Mean
2011 (Area in km²) 2011 (%)
930.42
4.53
2154.32
10.48
4665.85
22.70
8341.78
40.58
4465.63
21.72
20558
100

Figure 2: Landuse/ Land Cover Maps from MLC

Figure 3: Landuse/ Land Cover Maps from Fuzzy C-Mean
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Spatial similarity from the outputs of MLC and Fuzzy C-Mean was carried out for each of the landuse
classes. 83% of the area has matched i.e. 83% of area is same for both the type of classifications;
only 17% of the area has not matched or is different (Figure 4).

Figure 4: Spatial Similarity of MLC and Fuzzy C-Mean

5. Conclusion
Two different types of classification like MLC and Fuzzy C-mean techniques have been applied in a
part of Narmada river basin in Madhya Pradesh to identify the more accurate method. Verification with
ground observation was done with handheld GPS (Global Positioning System) after classifications to
assess the level of accuracy. Level of accuracy has been found to be better in case of Fuzzy C-Mean
algorithm than MLC, although the difference in area of the landuse classes is less. 83% of similarity in
area was observed in both the methods with only 17% of difference. Nonetheless, Fuzzy C-Mean is
considered to be superior to MLC landuse classification because of better accuracy achieved.
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