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Abstract - This paper evaluates the
classification accuracy and complexity of
Explicit Fuzzy (EF) and Gaussian Maximum
Likelihood (GML) methods for multi-band
Land Satellite (Landsat) Thematic Mapper
(TM). Fuzzy approach has been expected to
be more capable to solve uncertainties
compared to the conventional statistical
approach. The EF method consists of the
following three steps. Each’ corresponding
pixels of multi-band Landsat TM images are
transformed into a matrix of membership
degrees that forms a representation of fuzzy
input values. A minimum fuzzy reasoning
rule is applied to the fuzzy input values to
get a fuzzy ouipet value of each
corresponding multi-band pixels. The last
step is the defuzzification process based on
the maXimum degree of membership. In the
case study of using small number of bands
(two bands) both the EF and GML methods
give a comparable good classification
accuracy and complexity. But when the
number of bands increases to seven bands,
the running time of EF increases to twice or
three times longer than the GML, while their
classification accuracies remain about the
same to the ones using only two bands.

1. Introduction

This study was carried out due to
the claim that the use of Explicit Fuzzy (EF)
method gives better classification accuracy
and about the same complexity compared to
the use of conventional Gaussian Maximum
Likelihood (GML) method {1]. According

statistical due to the computation of the
membership function.

The GML is a hard classification
method which may be not good for mixed-
pixel area. The EF is a fuzzy classification
method that is expected to perform better in
solving uncertain problems. Due to the
claim made by Melganti [1] that the funning
time of EF is about the same to the GML, it
will be interested to have the EF method
with the expectation that it may give betier
classification accuracy. Another interesting
thing is that the EF method have used a
Gaussian model tc compute the membership
function.

I1. Dzta and Methodology

Three sets of seven-band Land
Satellite (Landsat) Thematic Mapper (TM)
data were used for experiments. The areas
include Middle Java, Saguling, and Risu.
The EF [1] and GML methods were
implemented using MATLAB facility for
comparison purpose.

The training and testing processes
have been done using configuration of 25%
samples for training and 75% samples for
testing and configurations of 50%-50% and
75%-25%, respectively. These three
configurations of sample data for training
and testing are meant to see the influence of
training sample data size. User accuracy
and producer accuracy are used as
classification accuracy measures and
generalization measures.  Running time
measures are used as complexity measures

to the theory [2], the fuzzy approach usually of the EF and GML methods.
has more complexity compared to the
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IIL. The Explicit Fuzzy (EF) Method

Hard or crisp classification uses a
principal of ‘one pixel belongs to only one
object class’, while fuzzy classification
assumes that ‘one pixel may belong to
several classes of objects’. EF method
consists of three steps: (i) explicit
fuzzification; (ii) minimum fuzzy reasoning
rule; and (iii) defuzzification [1].

IIL1. Explicit Fuzzification

Explicit fuzzification estimates each
band contribution to each class of object and
is represented using a Gaussian model.
Fuzzy domain consists of several fuzzy sets
that represent a band. Each fuzzy set
consists of several fuzzy subsets that
represent an object class. Each fuzzy subset
of class j in fuzzy set band n, where n= 1, 2,
3. ..., N, is defined by a membership
function f, {(x,), x, is the gray level intensity
of pixel X in band n. The representation of
pixel X in N-dimensional is as follows:

X=lx. 0z ] M
where N is the number of bands. Gaussian
is chosen to be a model of the membership
function due to its robustness and simplicity.

The mean and standard deviation of
each class intensity distribution within each
band are used to compute the membership
function of each pixel. The mean () of
each class signature represents the ideal
pixel of the comesponding class that does
clearly belong to a certain class of object.
The standard deviation (7) of each class
_signature represents the range of its fuzzy
subset. The membership function of class j
in band n can be represented as follows:

(x" —'Un,j)2 > 2)

f,,'j(xn)=exp - 3

2r .
n,j

where [, ; is the mean of class j in band n,
and 7, ; is the standard deviation of class j

inbandn,j=1,2,3,...,5in=123, e s
N. J is the number of object classes and N is
the number of bands.

ISSN-1411-1284

Fuzzification process computes the
degree of m=mbership of each pixel for all
class j and band n. As a result an input fuzzy
matrix Fip with an order of NxJ is obtained.
For a multi-band images that have J number
of object classes and N number of bands, the
input fuzzy matrix Fip can be represented as
follows:

G fi2m) o A

Fip= N212)  f22052) . f350x2)

3)

INAGN) IN20N) . SN JGN)

I1.2. Minimum Fuzzy Reasoning Rule

Minimum fuzzy reasoning rule is
applied to the input fuzzy matrix Fip. The
most effective membership function over
band n that characterizes an object class j is
the minimum one. Finally, an output fuzzy
vector Fop with an order of J is obtained as
shown in Equaticn (4).

F'op=[F, (X),F, Q.. F, X, ()
where F, (X) =min(f,;(x,)) 5)

HN1.3. Defozzification

Defuzzification is done by appiying
a maximum rule to the obtained Fop to get a
single hard output. The maximum valae
represents the most similarity measure of a
pixel belongs to a certain class. A pixel
belongs to class j if only if:
Viel2,..,Ndaizj,F(X)2F,(X) (6)

IV. The Gaassian Maximum Likelihcod
(GML) Method

A pattern vector in N-dimensional
space can be represented as a vector

x= (xl,xz reres Xy )T and there are pattern
classes @,,@,,....®,,j=12,..,J . J is the

number of pattern classes. If each pattem
class is assumed to have a Gaussian
distribution, then the Gaussian density
function of pattern x given j® pattern class

{3,4], is shown in Equation (7). m ; is the
mean vector of object class j and C; is
the covariance matrix of object class j. The
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GML classifier will assign a pattern class x
to an object class @; if and only if the result
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of Equation (8) has a maximum value for a
certain j,

- L I e .
p(X/wj)—(Zﬂ)”’lejlm eXP( 5 (x=m;)"C; (x—m,.)),J—l,Z,.-.,J 0
d,(x)=hP@ )11 lc |~1[( ~m )’ C7 ]

(x)= ) 2n =3 x—m;) j(x—mj) ®
V. Experimental Results

The experiments have used all
bands and two optimal combination of
bands. Configurations of 25%-75%, 50%-
50%, and 75%-25% portions of samples for
training and testing are used. Producer and
user accuracies were used for measuring
classification  accuracies.  Experimental
results based on Saguling data area are
shown in Tabie 1, Tabie 2, and Tabie 3.
Table 1 shows the results of using 2 and 7
bands, using different sample portions for
training and testing, and their classification
accuracy based on the user and producer
accuracies. Table Z shows the computation
complexity based on running time, and
Table 3 shows the degree of generalization

based on the difference between the user and
producer accuracies.

V1. Concluding Remarks

Based on the case study using data of
Middle Java, Saguling, and Riau area the
following conclusions can be summarized.
In the case study of using small number of
bands (two bands) both the EF and GML
mcthods  give a  comparable  good
classification accuracy, complexity, and
level of generalization. But when the
number of bands increases to seven bands,
the running time of EF increases to twice or
three times longer than the GML, while their
classification accuracies remain about the
same to the ones using only two bands.

Table 1. Classification accuracies for Saguling case study.

Classification Accaracy 25% Traming - | 50% Traipirg- | 75% Training -
75% Testing 50% Testing 25% Testing
PA UA PA UA PA UA
Allbands | EF | Traimmg | 928 | 934 | 946 | 9659 | 9453 | 94.65
are used Testing | 844 8779 | 826 86.3 95.6 95.71
GML | Trainmng | 100 100 %6 | 961 | 9786 | 9791
Testing | 7406 | 8054 | 90 9122 | 96 | 96 -
Tomdsor | EF | Traimng | 908 | 9087 | 942 | 9421 | %24 | 9235
Z‘;‘:;i’,‘,‘,‘em Testing | 8153 | 8364 | 818 | 8499 | 936 | o4
Transform e | 812 | 8272 | 902 | 91 044 | 94.58
(PCT) are
selected Testing | 7573 | 7693 | 152 | 1927 | 956 | 9613
Songnd | EF | Triming | 816 | 8216 | 938 | 9404 | 9266 | 9288
‘;“;‘,,‘ff 5:) are Testing | 8293 | 8723 | 824 | 8539 | 916 | 9254
selocted ML | Traiming | 972 | 9657 | 982 | 93.13 | 952 | 951
Testng | 89.73 | 9008 | 868 | 8867 | 96 97.24
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Tabel 2. Running time complexity for Saguling case study.

Running Classifier | 25% - 75% | 50% - 50% | 75% - 25%
Time
All bands EF 83.741 83.77 84.441
are used GML 39.627 39.266 39.627
2 bands of EF 31.124 30.974 30.924
PCT are GML 36.202 35.952 35.992
used
2 original EF 30.934 31.074 30.885
bands are GML 36.142 36.132 36.082
used

Tabel 3. Level of generalization for Saguling case study.

A maks = |PA - UA| 25%, - 15% | 50%, - 50% | 75%, - 25%
All bands are EF Training 0.6 1.99 0.12
used Testing 3.39 3.7 0.11
GML Training 0 0.01 0.05
Testing 6.48 1.22 0
2 bands of PCT | EF Training 0.07 0.01 0.1
are used Testing 2.11 3.19 0.4
GML Training 1.52 0.8 0.18
Testing 12 407 0.53
Band 2 and EF Training 0.56 0.24 0.22
band 5 are used Testing 4.3 2.99 0.94
GML Training 0.63 5.97 0.1
Testing 0.35 1.87 1.24
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