4B

d Classification of Remote Sensing Images
Using Fuzzy Technique

Dhia'a K. Mahdi

ersity of rhdad-Irag

ICIENCE

eived: 7/12/2004 Accepted: 317102005

Abstract

 injormation

i - - -1t N Ll oy T} 1 !
g 413 i Al e Y claadl Slhealy dnadl el e peadl 32 e sa
dx idec 3 oo o4y LAYl bl ediaiud Alee Liie
T R P I go%las
& 2 g slea

imprecise

Introduction
The current remote sensing image analysis

the majority of reveals an important factor
i ity lies in the loss

al remotely ysis qua

ation in the process of image

spectral infi

1cation. The

and : y levels of imag

08§ 18 causec

classificatio

repre

(1]. In the current

's because current senting




Mahdi

representation. a pixel can be assigned a single
attribute with respect a given theme: €.g. cover
class. Clearly, such a representation scheme has
difficulty in dealing with situations which cannot
be precisely described by a single attribute [2].

Fuzzy set theory [3] provides useful concepts
and tools to deal with imprecise information.
Partial membership allows that the information
about more complex situations, such as cover
mixture or intermediate conditions can be better
represented and utilized. A fuzzy supervised
classification methad has been developed in this
research: this methad improves remote sensing
classification in the aspects of

image
of geographical information,

representation
partitioning of spectral  space, and 3)- the

1)-
2)-
estimate of classification parameters.

Fuzzy Partition of Spectral Space

In remote sensing pixel measurement vectors
are often considered as points in a spectral space.
Pixels with similar spectral characteristics form
groups which correspond to various ground -
cover classes that the analyst defined.
The groups of pixels are referred to as spectral
classes. To classify pixels into groups, the
spectral space should be partitioned into regions.
each of which corresponds to one of the
information classes defined.
Traditionally. the information
implicitly represented as classical sets, Thus, a

classes are

partition of spectral space is based on the
principles of classical set theory. Such a partition
is usually called a hard partition [1]. In a hard
partition, as long as a pixel vector resides within
spectral region, it is assigned a single cover class
which corresponds to the spectral class.
assignment imptlies full membership in that class
and no membership in the other classes. The
passibility that a pixel may partially belong to a
class and simultaneously belong to more than
one class is excluded. A great deal of valuable
spectral information contained in pixel vector
positions is discarded when the membership is
determined. Final output of the classification is
represented in a one pixel one class image. No
information a bout the mixture or
intermediate condition is available. This is an

cover

important reason for current poor extraction of

spectral information,

Fuzzy sct  theory can
representation for the geographical information,
much of which cannot be described well by a
In a fuzzy representation for the

provide a better

single class.
geographical information, land cover classes can
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be defined as a fuzzy sets, and pixels as set
elements. Each pixel is attached with a group of
membership grades to indicate the extent to
which the pixel belongs to certain classes.

Thus a spectral space is not partitioned by sharp
surfaces and such partition is referred to as a
fuzzy partition of spectral space [3]. Formally,
fuzzy partition of spectral space is a family of
on universe X such that
provide a better
information,

fuzzy sets Fi. F> - .
[uzzy set theory can
representation  for seographical
much of which cannot be described well by a
single class. In a fuzzy representation for
geographical information, land cover classes can
be defined as a fuzzy sets, and pixels as set
elements. Each pixel is attached with a group of
the extent to

membership grades to indicate
classes.

which the pixel belongs to certain
Thus a spectral space is not partitioned by sharp
surfaces and such partition is referred 10 as a
fuzzy  partition of spectral — space  [3]-
Formally, fuzzy partition of spectral space is a
family of fuzzy scts F; sFaweaFy on unjverse X

such that

Vxe X
0< fF(x)<I
Y fF (x)z0
v X
fFx) =1 ()

Where Fy.Fa,..Fi, represents the spectral classes, X
is the whole pixels, m is number of predefined
classes, x is a pixel measurement vector, and

fF is the membership function of the fuzzy set
Fi(1 Sism).
The fuzzy partition can be recorded in a fuzzy

partition matrix:

TG0 (3 ) L ()
1, (e ) AP (5 ) ()

1F, (X)) JF, (x5)o fEL (X))

Where n is the number of pixels, and x;s are
pixels (1 <i<nm) A hard partition matrix can be
derived from the fuzzy partition matrix by
changing the maximum value in each column
into 17 and others into 707
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means of five classes.
Note:
W=water
F—forest

= G-
B=bare
U=urban

orass

Table(1): Confusion Matrix

A%% F G B

0 0 86
G 4 30 0 83
U 0 0 0 3 33 91
Overall Accuracy = 88%

Table (2): Fuzzy and conventional Means

Band 3 4 6

UzZZY 33 9.4 24
W '
Conv Ll 29.5 23.7
: ‘ Fuzzy 37 169 1082
F
Cony 35 108.7
) Fuzzy 13.1 47.5 104.5
G
Conv 43 AT73 04.7
) Fuzzy 57.8 T2 103.5
B
conv 61.2 782 106.5
Fuzzy s13 608 678
L
conv 51.1 60.5 67
And the following are the fuzzy
conventional covariance matrices for the class of

Urban areas:

ce matrix =
18 7889

7613 |
10947 10167
21024
24691

12022

78.18

24691 |

10997

76.13 10167

Fig (2) is

area and table (3) is the conlus

Fig (2): Classification Output of the Fuzzy

Table (3): Confusion Matrix of the Fuzzy
Classification

W F G B u

W 2 | 0 0 )
F 0 15 0 U
G VU 340 0
B 0 0 35 0

i 4 2 30

U ()

Overall accuracy = 93
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