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Abstract -- The aim of this work is the application ad) choice of fuzzy membership function and membership values
techniques based on fuzzy logic for integrating and classifyicmmputing;

spectral data and spatial information. The analysis wasestimation of buffer around the set of known targets;
performed on a Landsat-TM image and on a set of map fiejJdnodulation of membership values in buffer areas;

data. d) hard classification from fuzzy classification;

Firstly fuzzy membership values of Landsat image pixed$ accuracy assessment
were calculated and a buffer area was defined around mapixed classification.
field data for each considered class.

The membership values were then modulated using spatial APPLIED METHODOLOGY
information derived from known targets.

Finally the accuracy of the classification was assessed on &he chosen membership function for computing fuzzy
set of test data. The obtained results shown a significanembership values of each pixel to considered class has been
improvement compared to more traditional methods thfe following (Figure 1):
classification.

INTRODUCTION 4

Adequation of techniques for processing remote sensing
imagery improves the knowledge of Earth’ surface and
contributes remarkably to the development of policies for He
planning and monitoring of environmental resources. The
possibility of using different type of data can increase our

ability to visually discriminate between different ground Omin NORM max
targets.

The fusion techniques of optical imagery with other if norm =min, them¢(x) =1
information require appropriate procedures for data analysis|. if norm =max, them¢(x) =0
Furthermore it becomes necessary to determine suitabl
methodologies of classification which take into account the Figure 1. Membership function

heterogeneity of the acquired data and the indeterminateness of
considered targets.

In this work we used fuzzy logic for integrating and The adopted norm is defined as the absolute distance from
classifying spectral and spatial information. More particulartye mean of the considered class normalized by the standard
the analysis was performed on a Landsat-TM image d#viation:

Southern Italy and on cartographic data. _
The map field data are represented by geographical 6 [Xip ~ Xcb

coordinates of training pixels and by vector files of nom(x )= '

hydrography of the considered area. € ; o,

These known targets were used for modulating the fuzzy
membership values of all pixels located in the'w
neighbourhood. The size of the neighbourhood was defiq_ ith considered pixel
differently for each class according to the experts’s opinion. ¢ = ah considered class

The steps of the applied methodology were the foIIowingsb = kth considered band

ere:
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)_(c,b = mean of th class in the th band

- g

O, = b normalized standard deviation

bz o
=1

0, = standard deviation of thébtband.

Next, the physical distances of each pixel from map field
data have been calculated (Figure 2a). Figure 3 - Modulation values
For each class a buffer area around the set of know targets
(training pixels and hydrographic vector files) were defined on

the ground based on expert's knowledge (Table 1). These RESULTS
windows delimit the pixels which the membership to the
considered class is most probable (Figure 2b). In order to verify the accuracy of results, the error matrix
and the K indices have been computed on hard classification
Table 1 derived from fuzzy classification against a sample of ground
DIMENSION OF BUFFER AREA FOR EACH CLASS truth pixels.
Class meters Class meters The hard classification was produced by assigning each
Grass covered arga  200| Cultivated area 250 pixel to the class having the highest membership value. We
Orchards 250| Forest 100 considered a fixed threshold value, under which the pixel was
Non vegetated are@ ~ 100| Road network 60 labelled non classified:
Shady forest 500| Urban area 150
Hydrograph 8
P 100 it Ho(x )= Maxu(x),  thenx Oclassc

We assigned these pixels to values between 0 (assigned . .
ffe e results were compared with conventional
c

the central pixel of the buffer area) and 1 (assigned to { assifications (minimum distance and maximum likelihood)

ixels of rnal fin modulation val o . . S .
E)FigeuerOB)exte al edge) defined as modulation values, and hard classification not integrating spatial information.

In order to integrate the spectral and the spatial informatioAn the Table 2 we have reported the values of global index K

we assumed that the pixels located around the known tarﬁé‘g the conditional index K for classes *Urban area” and

belong most likely to the same class of the target. Hence t‘?‘d | Nlet\/\k;ork. Tr;ﬁse two (t:IassE%_twefre_ IChﬁsﬁn tmorfe
membership values of these neighbour pixels were modif Icuiarly because they prove 1o exhibit a fairly high rate o

: ; : alse classifications in prior studies.
using the modulation values drawn from spatial data: . . . .
9 P One can see that the integration of the spatial information

ym significantly improved the accuracy of the classification both
in term of global K and conditional K.
The resulting images have been filtered applying a median
filter, which size was identical to the class buffer size.

final membership value p¢(x

Table 2
4 x COMPARISON OF RESULTS
\ AN Algorithm Global K Conditional K
! Urban a.| Road netw.
AN A Minimum distance 0.37 0.26 0.27
e Maximum likelihood 0.46 0.33 0.25
Fuzzy  cl norf  0.30 0.44 0.19
a) physical distances from streams b) buffer area integrated with spatial
information
Figure 2: Hydrographic network Fuzzy cl. integrated 0.42 0.60 0.28
with spatial
information
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Finally the mixed classification was considered; the mix€&2ONCLUSIONS
classes are represented by the combination of the two classes
having the highest fuzzy membership values. The use of different data sources and their integration
Superimposing the mixed classification image on the officisilgnificantly improved the performance of the adopted fuzzy
cartography of the considered area it becomes obvious tiassification technique. In particular, the applied
correspondence is better than with maximum likelihoadethodologie, by allowing the modulation of membership

classification. values of each class, enhanced itslitgbto discriminate
It is then confirmed that the “Urban area” and “Roaamong all considered soil coverage, especially in the difficult
Network” classes are better identified (Figure 4). case of the urban agglomerates.
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Figure 4: Comparison of results
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