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Abstract
and change detection techniques is proposed The algoritm is based on the nearest neighborm ethod and derived in order

In this paper a new apprwach for classification of multitem poral satellite data sets combining multispectral
to optin ize the average probability for correct classification i e each class is equally inportant The new algoritm was
applied to a study area where satellite inages(SPOT and Landsat TM ) from different seasons were used It showed that
using five seasonal images can substantially inprove the classification accuracy compared to using a single inage As a
large scale application the approach was applied to the DalR iver drainage basin

A's the distributions for different classes are highly overlapping it is not possible to get satisfactory accuracy at pixel level
Instead it is necessary to introduce a new concept pixelw ise probabilistic classifiers The pixelw ise vectors of probabili-
ties can be used to judge how reliable a traditional classification is and to derive m easures of the uncertainty (entropy) for
the individual pixels The probabilistic classifier gives also unbiased area estin ates over atbitrary areas It has been tested

on Wwo test sites of arable land w ith different chamacteristics
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1" INTRODUCTION

The ain w ith this study is to test the usefulness of re-
mote sensing methods for classification of agriculural
crops The test area is located in Dalama Sweden

Characteristic for agriculture fields in that area is that
they are long and narrow; which is a complication for
the classification As a consequence several of the
existing remote sensing classification m ethods w ill not
give satisfactory resulis For exanple the traditional
maximum lkelhood method will not woik for classi-
fication of rare classes To overcome most of the
problem s w ith traditional m ethods we use a new ap-

proach for classification of multitem poral satellite data

Received date 2006-08-10; Accepted date 2007-03-15

sets combining multispectral and change detection
techniques The next section is devoted to descrbe
this new classification algoritm, and to ntroduce the
pixelw ise probabilistic classifier a new concept for
m easuring the uncertainty at the pixel level Section 3
presents the study area and mput data including
masks satellite mages and field data Resulis of the
classification over the study area and discussion are

given in Section 4 A lamge scale application of the

new appmach is presented in Section .

2 METHODS

The classification algoritim developed in this paper
w ill be based on the nearest neighbor (kNN ) meth-
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od introduced by Fix & Hodgesm- The main proce-
dures are as follow s

® Define the taiget function The sum of probabilities
of correct classification for each class is used Note
that it differs from the overall correct classification
rate which is often used in various applications

® Denoise the feature vector The wavelet shrinkage
m ethod based on 2D -wavelet transfom is used to de-

3 .
1. The feature vector consists of

noise the inages[z
com ponents that are pixel values from different spec-
tral bands

® Remove outliers from the reference data W hen the
feature vector has high dinension and the number of
classes is large new data editing m ethods are needed
n oer to rem ove outliers due to poor quality of field
data and to find out the prototypes for each class i
the case of nearest neighbor classifiers This must be
done so that poor quality data is removed at the same
tin e asmost of the natural variations w ithin the differ-
ent classes are kept

® Calculate the infom ation values in the com ponents
in the feature vector Before the feature vector can be
used the com ponents have to be rescaled The size of
the rescaling faclor is a function of the dependence
betw een the studied objects and the com ponent Since
any natural order relation betw een the classes does not
exist conventional dependence measures such as the
correlation coefficient cannot be used Instead m eas-
ures with the origih In mnfomation theory are
used " .

® Detem ne a proper metric W e prefer to use the

follow ing m etric;

Jwalxi(s)—xi(t)lz (1)

where x(s) =[x (s) % (s) > x(s)] and x(t) =

[x (1) = (1) x(1)] are wo pixels at location s
and t with attrbute of the spectral com ponents d is

P
i

o Jq

:ZO‘?/% i

qi and @; are the nteruartile

the din ension of the feature vector w;

the rescaling factos
range and the infom ation value of the ith com ponent
respectively: . and p. is detem ned so the target func-
tion ismaxin ized Forpractical reasons p is restrict-

ed to the positive integers or the reciprocal of them.

Usually themaxinum is achieved when p equals to 1

® Detem ine prototypes for the classes Here the -
fom ation about the occurrence of different classes in
the reference data can be used

® Run a nonparam etric classification Here the nearest
neighbor classifier is used" .

® Declare the quality of classification result by using
probability matrices The probability matrix is based
on the confusion matrix and defined as P =7 P;|

where P; is the probability that class i is classified as
class j

The classification algoritm is derived n order to opti-
m ize the average probability for correct classification

i e each class is equally mportant If we want fo
have good classification perfomance also for amall
classes they have to be overestimated (unless the clas-
sification is 100% perfect). Trmaditional methods as
M axinum likelihood classification or L inearD iscrin i-
nant Analysis (LDA ) with or w ithout prior infom a-
tion fail completely[7]~

However as the distrbutions for different classes are
highly overlapping it is not possible to get satisfactory
accuracy at pixel level Instead it is necessary to in-
troduce a new concept pixelw ise probabilistic classi-
fiers This concept is closely related to fuzzy classifi-
cations see Bezdek et al (1999)[8] for different defi-
nitions Instead of classifying each pixel to a specific
class each pixel is given a probability distribution de-
scribing how lkely the different classes are The
probabilistic classifier derived i this project will be
based on the kNN method A rticles on fuzzy classifi-
cation and kNN are available see e ¢ Bereau &
Dubuisson ( 1991 )[9] and Kissiov & Hadjitodorov
(1992)[10]’ but they have a different scope To be
useful for area estin ation the probabilities must be ex-
tracted from proper class distributions W hen the clas-
sifier uses distances mn feature space to derive the
probabilities it is mtuitively obvious that the probabili-
ties will be mversely proportional to the distances
raised to some power However there is only one
value that is correct and that value is given by the
num ber of components i the feature vector that is

the din ension of the feature space Actually by using

(1]

the density

the nonparametric density estination
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for class ¢ atx('s) will be nversely proportional to the
volme of the nearest neighbor ball w ith center x( s)-
Note that the volume is poportional to the radius
(based on the distance defined in (1)) mised to the
dinension of the feature space

let the class labels be L 2 --+, C. For
each pixel with location s and feature vecior x(s) =
[xi(s)s x(s)* x4 (s) ] the probability that this
pixel belongs to class ¢ is defined as
dist(x(s), ¢)

2 dist(x(s)s ¢)

where dist(x(s), ¢) ™ m nimun distance in the fea-

Specifically

p.(s) = (2)

ure space (using the metric defined m (1)) from
x(s) to the prototypes of class ¢ Thus the probabil-
ity vector at pixel s is obtained as p(s) =[p (s)

p(sheeo e (9) ]

The pixelw ise vectors of probabilities can be used to
judge how reliable a traditional classification is and to
derive m easures of the uncertainty ( entropy) for the

individual pixels Based on the probability vectos the
entropy at pixel s is defined as *2 p. (s) logp. (s) -
c=1

It is extremely important that proper probability distri-
butions allow ng frequency interpretation are derived
othew ise m isleading results are obtaned The proba-
bilistic classifier can also be used to obtain unbiased

area estimates over atbitrary regions
3 STUDY AREA AND INPUT DATA

The study area is located in the eastem partof Dalama
in Sweden Input data includes various masks satel-
lite data( Landsat TM and SPOT mages). difference
mages field data(“block database” )-

® M ap masks M asks from the topographic maps will
be used for stmatification before classification A gri-
culumal area was defmed by the agriculural mask
from the 13100000 scale “blie map”

® Cloud covermasks A ll scenes have been m anually
mterpreted for cloud cover and other mmage data er-
rors Areas covered by clouds haze and shadows
from clouds were digitized .on the screen O ther pixels
having erroneous measutements for different other

reasons were also marked and mcluded m the ““ cloud

mask”, which i reality is a mask defining pixels not
to be used for classification Examples of this are data

dropouts resanpling effects at the scene edges and

“no data” pixels outside the maged area

® Satellite data The mages to be used are either
Landsat TM images or SPOT images The satellite
data were geometric corrected with ortho-correction
methods The data are resampled to 25m pixel size
The follow ing table presents the satellite inages used

mn the study area

Tablel SPOT and Landsat inages used i the study area

Scene Date Spectral bands used
SPOT2 0542268  1998-10-24 Xsl 2 3
Landsal 194018 1999 -05-07 ™ 2 3 4, 5
Landsats  194-018 1999 -07-10 ™ 2 3 4, 5
SPOT-4  054226/227  1999-07-30 XSl 2 3 4
Landsat?  195-018 1999-09-11 ™ 2 3 4, 5

A1l inages used were registered by the Landsat satel-
lites w ith the TM sensor ( Thematic M apper) as the
principal insttment The TM sensor has 7 spectral
bands in visible near infrared m id nfrared and ther-
mal infrared w ith 30 m eter ground resolution M ost of
the satellite data were geom etric corrected w ith ortho-
correction m ethods using the digital elevation model
to remove image parallaxes The geom etric accuracy
requirem ent formultitam poral data classification is to
ain for less than one pixel RMS error This quality
was not reached for all scenes used leading to local
m isalignments beween scenes in some cases The
main reason for this has been the deteriorated geom et-
ric quality of the ageing Landsat® TM senso¥ which
was launched aleady in 1984 and could not be re-
placed completely until 2000 by Landsat-"- The The-
matic M apper data are resampled to 25 meter pixel
size for the continued processing The mmage data is
stored as 8 bit integer data in each band correspond-
ing to digital numbers from 0= 255

® [ield data The “block database”s i e aGIS data-
base w ith polygons grouping the parcels of agriculur-
al units(“blocks” ) that are registered in the JAKS da-
tabase( the adm mistrative database for agriculural aid

in Sweden)- The units can confain either one crop
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(one field unit) or several crops (multi-field unit).

4 RESULTS AND D ISCUSSION

The crops and agricultural land were predefined into
25 classes

spring-sown ), oil seed crops potatoes grassland on

incliding cereals ( aummn-sown and

amble land energy forest (salix), and so on Tables
2 and 3 give the definition of crop classes and differ-
ent them atic levels Because the spectral signature dif-
fers betw een the center and the boundary of the arable
units and from one field units to multi-field units
the pixels along the edges and transition zones were

grouped mnto their own classes

Table 2 C lass definition and different them atic levels

for the study area

C rops Level 3  Level2 Levell
W inter barley 1 1 1
Spring barley 2 2 1
Oats 3 2 1
W inter wheat 4 1 1
Spring w heat 5 2 1
M ixed grain 6 2 1
Rye 7 1 1
Spring tumip rape 8 3 1
Peas 9 7 1
L inseed 10 3 1
Potatoes 11 4 1
B LI
Seed ley 13 5 1
G razing land 14 7 2
M eadow 15 5 2
W oodland pasture 16 7 2
Fallow (one year) 17 7 1
Fallow (—one year) 18 7 1
Energy forest ( salix) 19 6 1
Reed canary grmss (1999) 20 5 1
S traw berries 21 7 1
O ther cultivation of berries 22 7 1
Forest plantation on arable land 23 7 1
O ther land use 24 7 2

Boundary pixels 25 8 3

Table 3 Defmition of the them atic levels

Code Level 2 Level 1

A rable land
G razing land

1 Autmn-sown cereals
Spring-sown cereals
Spring-sown oil seed crops Boundary pixels
Potatoes
G rass land on amable land for hay or silage

Energy forest (salix)

O ther crops

O N Y O W N

Boundary pixels

In field data only few were used as reference data for
classification i e build-up of prototypes for each
class The major part was used for validation

For the pumpose of comparison classification was
done using a single mage and five mages from dif-
ferent seasons tespectively The probability m atrices
at level L are shown in Table 4 and the correspond-
ing results at level 2 are presented in Tables O and 6.
It is evident that the use of multitam poral in ages over
seasons can substantially inprove the classification re-
sult compared to a single mage W ith a single -
age however spring-sown cereals and spring-sown
oil seed crops (C2 and C3 i Table 6) have quite
high accuracy (53% and 70% respectively). At the
them atic level 1| we have very good classification ac-
curacy for amble land (84% ), butmuch lower for
grazing land (50% ). This is mamly depending on
confusion w ith pasture or grass for hay or silage on

amble land

Table 4 Probability matrices at level 1

- .
O seasonal scenes 1 single scene

cl c2 3 cl c2 3
cl 0. 90 0. 09 0. 01 0. 84 0. 14 0. 02
(¥ 0. 36 0. 62 0. 02 0. 49 0. 49 0. 03

TableS Probability matrix using five seasonal

scenes at level 2

cl c2 c3 c4 (o c6 c7 c8

cl 049 0 35 00 000 003 000 014 0 00
¢z 004 078 001 000 003 000 014 001
¢3 000 007 072 000 001 000 020 000
c4d 001 009 001 065 004 0 00 20 0.00
G5, 0,02 002 002 000 063 0,01 0276 002
c6 000 004 000 000 011 056 027
¢7 001 004 000 000 020 001 071 002

=)

o

=]
o
—
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Table 6 Probability matrix using one single scene at level 2

cl C2 3 c4 [o}] 6 c7 c8
¢l 019 030 001 003 011 000 034 001
¢z 004 053 001 001 010 001 027 002
c¢3 001 007 070 000 005 000 017 0 00
c4 002 00z 001 017 037 000 039 001
¢S 002 004 000 005 047 002 038 002
c6 001 014 000 000 012 028 042 003
c7 002 006 001 002 028 004 054 003

Looking further into the classification accuracy at lev-
el 3 in Table 7, it can be found that even w ith in ages

from five occasions it is difficult to identify winter

barley (C1) and winter wheat( C4)- One possible

reason is that the inage from 7th of M ay is too early:
This is confim ed by the infom ation value for spectral
band o The value is only half of that from the inage
taken in July The probabilities of correct classifica-
tion for these wo classes are slightly below 40%.
less than 1% each of

the cultivated area in the study area The other classes

Both crops occupy however

of grains have considerably higher probabilities of cor-
rect classification(957% — 93% ). For other crops and
agriculural landscapes the probability of correct clas-
sification is above 900, except for meadow (C15),
fallow (= lyear) (C18) and other land use(C24),
which as expected has low accuracy(Table 7).

Even though the classification accuracy at pixel level

Table 7 Probability matrix using five seasonal scenes at level 3

c6 ¢c7 ¢8 ¢9 clo ¢l

clz

cl3 cl4 ¢15 ¢16 ¢17 ¢18 19 (20 C22 (23 (¢24 25

0. 38 014 0.04 000 0.00 001 000 000 0. 00 0. 00 0

c2 002 065011 001 0.00 0.02 001 0.00 0.00 0.00 0.00 O

c¢3 002 022 055 000 0.00 0.00 001 000 000 001 000 O

c4d 008 0,22 003 0.36 0.00 0.00 0.07 0.00 0.00 0.00 0.00 O

.00 0.00 0.00 0.00 0.93 0.00 0.00 0.00 0.00 0.00 0.00 O

. 00 0. 0.00 002 000 0.90 0 0.00 0.00 000 0.00 O

0.00 0.07 0.00 0.00 O 0.00 0.00 0.00 0.00 O

. 00 0.01 0.00 000 0.00 O 0.77 0.12 0. 00 O

. 00 0. 0.04 0.00 000 0.00 0 0.00 0.82 000 0.00 0

cl0 001 O 0.02 0.00 0.00 0.00 O 0.00 0.00 0.46 0.00 O

cll 000 006 0.03 0.00 0.00 0.00 O 0.00 0.00 001 O

clz 000 001 0.00 0.01 0.00 000 O 0.00 0.00 . 00 O

cl3 002 013 0.27 0.00 0.00 0.00 O 0.00 0.00 000 0.00 O

.00 0.02 0.01 0.00 0.00 0.00 0 0.00 0.00 000 0.00 O

.00 0.00 0.00 0.00 0.00 0.00 O 0.00 O 0.02 000 O

.00 0.01 0.00 0.00 0.00 0.00 O 0.00 O L 01 0.01 O

.00 0.05 001 O L 00 001 O 0.00 0.00 000 0.00 O

.00 0.02 0.01 0.00 0.00 0.00 O 0.00 O 0.02 0.00 O

cl9 000 002 0.03 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0. 00 O

c20 000 0.00 0.00 0.00 0.00 0.00 .00 0.00 0.00 0.02 0.00 O

c21 000 003 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.06 0.

c22 000 002 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 O

o
[
w

@]
N
=
o

01

03

02

04

00

02

01

62

06

11

00

03

10

L 00(@ PP 99 E- 201 0COR 1A A AL AT Erfd cOTu Al EI 0P b sh b Y.

.00 0.05 0.01 0.00 0.00 0.00 0.01 0.00 0.00 0.00 0.00 0.13 0.00 0.32 0.00 0.04 0. 17

0.00 0.01 0.00 0.00 005 000 000 000 000 000 000 0 00 0 00

001 0.03 0.00 0.01 0.08 0.01 0.00 0.00 0.00 0.00 0.00 0.00 0. 01

0.01 0.03 0.00 0.01 0.10 0.00 0.00 0.00 0.00 0.00 0.00 001 O 01

0.00 0.03 0.00 0.00 0.15 0.02 000 0.00 0.00 0.00 0.00 0. 00 0 00

0.00 0.00 000 000 O .00 0.00 0.00 0.00 0.00 0.00 0.00 0. 00

0.00 0.00 000 0.00 O . 00 0. 0.00 0.00 000 0.00 0. 00 0. 00

0.00 O 0.00 0.00 004 O 0.00 0.00 0.00 0.00 0.00 0. 00

0.00 0O L 02 0. 00 0.00 0.00 0.00 0.00 0.00 0. 00

0.00 O 0.00 0.00 O .00 0. 0.00 0.00 000 0.00 0. 00 0. 00

0.00 0.00 0.00 0.00 0.36 0.00 0.00 0.00 0.00 0.00 0.00 0. 00 0 01

.03 0.01 0.01 0.14 0.02 0.00 0.00 0.01 0.00 0.00 0.00 0. 00

.10 0.00 0.02 0.13 0.01 0.01 001 001 0.00 0.00 0.00 0. 02

0.02 0.00 0.00 0.01 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0. 00

0.00 0.48 0.02 0. 11 O .02 0.01 0.00 0.00 0.01 0.00 0 . 03

0.00 0.68 0.13 0.04 0.00 0.00 0O 0O

S

0.00 0.00 000 0.00 0. 00 0. 00

0.00 0.65 0.01 0.01 0.00 0.00 0.00 0.00 0.00 0.01 0. 01

0.00 0.08 0.00 0.02 0.63 O 0.01 0.02 0.00 0.00 0.00 0.02 0.00

0.00 0.17 0.00 003 016 O 101 0.02 0.00 0.00 0.00 004 O

0.00 0.12 0.00 0.03 0.05 O .56 0.00 0.00 0.00 0.01 001 O

0.00 0.02 0.00 0.10 0.15 0. 00 0.00 0.71 0.00 0.00 0.00 0. 00 O

0.00 0.00 0.00 0.00 0.17 0.00 0.00 0.00 0.72 0.00 0.00 0. 00 O

0.02 042 0.00 0.02 0.07 0.00 0.00 0.00 0.00 0.35 0.00 0 00 O

006 0.03 0.00 0.00 000 000 016 0 01

A0 ights PBseBPel 00 Bt /AP W cnki.t
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by using one single inage is low, the results can be
useful i applications conceming the source apportion-
ment Here it is however mportant to develop sen-
sible area estinates for different subcatchments One
problan in area estin ation based on the classified in -
age Is that snall classes w ill be overestim ated whereas
large classes often underestinated Therefore the ob-
served area has to be corrected By using the M onte
Carlo method and mfomation from the block data-
base unbiased estmate of the confusion matrix can
be derived Then it is possble to calculate an “ area
correction matrix”’s which can be used to obtain unbi-
ased area estinates for the whole satellite scene

The area estination in the study area before and after

correction is summarized i Table 8 for all types of

Table 8 Area estination for all types of units

5 seasonal scenes one single scene
Class
Observed X%  Corrected %o | ObservedX  Corrected %o

cl 141 0. 89 0. 45 0. 81
c2 25. 89 30. 96 13. 20 29. 05
c3 11. 06 11. 60 13. 05 10. 64
a4 0. 99 0. 98 1 93 0. 92
c5 017 0. 06 0. 70 0. 04
c6 0. 42 0. 06 0. 02 0. 08
c7 095 0. 09 0.33 0. 08
a8 0. 84 0. 95 107 0. 94
c9 0. 37 0. 24 232 0. 31
cl10 1. 39 0. 22 0. 55 0. 21
cll 1 47 1. 30 2. 60 1 05
cl2 25. 82 32. 50 19. 51 34. 00
cl13 0 61 0. 32 4 43 0. 32
cld 6. 70 8 82 7. 22 10. 21
cls 033 021 216 0.27
cl6 1. 60 0. 29 3 44 0. 34
cl7 14. 86 7.35 13. 98 7. 35
cl18 1 05 121 0. 76 133
cl19 125 L 24 L 66 1 28
G20 0. 58 0. 05 2. 48 0. 06
c21 0. 49 0. 07 3. 66 0. 05
c22 011 0. 05 015 0. 07
€23 12 0. 05 L 45 0. 07
c24

€25 093 238

o . . ) 0. 100 00
Q 15%94—202109@1% Acageéylc Journdllsglectromc Publishing House: All rights reserved.

units A lthough the observed proportions based on
one mage and five mages respectively may differ
significantly, the differences after corrections becom e
anall For the single inage case one can see that the
observed ( classified) proportion for spring barley
(C2), pasture on armble land (C12) and meadow
(C15) was 13.2%, 19.5% and 2.16%, respective-
ly After correction the proportions became 2%,
34% and 0.27% respectively:

It is worth noticing that the above proportions are only
valid at the scene level In practice often unbiased
area estinates at local level are required as well as
the quality of classification at pixel level Hence the
probabilistic classifier is derived and n on wo anall
test sites These two sites were selected w ith different
chamacteristics of spatial distributions ( hom ogeneous
versus heterogeneous), each of size 16 X16 pixels
The probability for each class at pixel level and the
entopy for each pixel were calculated Fig 1 and
Fig 2 present the map of entropy for test site 1 and
test site 2 rtespectively Note that they are based on
five scenes and at thematic level 2 H igher valies of
entropy indicate uncertain classification at that pixel
By setting some threshold we are able to identify are-
as where the classification accuracy is not satisfacto-
1y In our test site L, most of the entopies are very
low: excepta few pixels with medum size entropies

This indicates that the quality of classification at this

Entropy, 5 scenes

I = (.88

L 0.88001—1.19
.19

Arable unit boundaries
Number of fields /unit
No fields

[ One field

[ =1 field

A
o ——r———
00 400 m

Fig | Entopy map of test site 1

http://www.cnki.t
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| Entropy, 5 scenes
Bl = 0.88

1 0.88001—1.19
__EARL

Arable unit boundaries
Number of fields /unit
No fields

___ One field
>1 field

 — - A

0 100 200 400 m

Fig 2 Entopy map of test site 2

site is high As also expected the accuracy of classi
fication at site 2 (heterogeneous area) became low ex

so that one obtain a number of pixels w ith high entro-
pies( red colored ).

In areas having an unsatisfactory classification it is
possible to take additional field plots and perfom an
mproved classification Here it is inportant that the
classification m ethod can handle different types of ref-
erence data The final productw ill be wo maps one
show ing the pixelw ise classification and the other

giving the classification accuracy at pixel level

5 LARGE SCALE APPLICATIONS

The classification m ethod developed in the study area
was later applied to the Dal River drainage basin
This region is of size 29000km”
Landsat TM scenes to be completely covered The
wo scenes 194-018 and 196-017 were used here
since they cover the large part of the region ( see Ta-
ble 9). The tine points at July 1999 and A ugust 1999

respectively were chosen so that the cloud cover is

and requires five

m inin ized in both scenes

Accodding to results from the study area it would be

desimble {15500k e eteRL R OEUFER S onic B

0. 14 0. 33 0. 05
ubhshmu Ilouse All rlghts reserved http //\x WW cnki.r

for the wﬁm le catchment Itwas however mposs1ble

to get Landsat TM inages to fulfill this requiranent

Table9 Landsat inages used i classification for

the DalR iver drainage basin

Scene Date Spectral bands used
Landsat 194-018 1999-07-10 ™ 2 345
LandsatS 196 -017 1999-08-01 ™ 3,45

A liematively: one can consider using either SPOT i -
ages (10 meter resolution) or MERIS mages (200
meter resolution) to handle the agriculural fields

The fom er dem ands much more wotk in preprocess-
ing to make a useful mosaic spatially over the whole
drainage basin as well as temporally over different
seasons whereas the latier has too low spatial resolu-
tion to distinguish different agricultural units

The crops and agriculural land were predefined in the
sane way as in the study area Note that the number
of classes differs from those in the study area This is
sinply because of the lack of field data in different
scenes Summarized resulls of our classification are
shown i Table 10 for the them atic level 1 and Tables
11 and 12 for the thematic level Z

Table 10 Probability m atrices at level 1

scene 194-018 scene 196 -017

cl c2 cl c2
cl 0. 82 0. 18 0. 81 0.19
c2 0. 35 0. 65 0. 25 0. 75

Table 11 Probability matrix for scene 194-018 at level 2

cl c2 c3 c4 [ot3} c6 c7 c8

¢l 020 026 007 005 005 001 034 003
¢z 008 048 005 002 003 002 026 004
¢3 002 008 061 001 003 001 019 004
c4d 003 002 024 021 007 000 038 004
¢S5 002 005 012 005 024 002 044 005
c6 002 019 001 000 006 036 032 004
c7 002 006 007 002 014 004 058 005
Table 12 Probability matrix for scene 196-017 at level 2
cl Cc2 c3 c4 (of) c6 c7 c8

cl 009 038 — 0.09 0 14 — 0.28 0.00
cz 002 049 — 0.09 0. 09 — 0.29 002
c3 - - - - - - - -

c4 001 026 - 034 0.08 — 0.27 004

c7 001 009 — 0.01 012 — 0.75 0.02
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From Table 10, one can see that classification accura-
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