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Abstract

This paper presents the result of estimating water areas in the Amazon from the optical
remote sensing data by using a new fuzzy estimation method and edge data. Convention-
ally, multi-temporal image data with different water heights are used to estimate the
flooded areas. Optical sensors such as Landsat-TM may be limited by their inability to
penetrate cloudcover in the Amazon regions. However, they have been well stocked in
comparison with SAR (Synthetic Aperture Radar) image data and are useful to classify
landcovers. Thus, this paper proposes a method that uses only one optical image data to
estimate the flooded area, called varzea. Distinction between a pure pixel and a mixel
(mixed pixel) is computed, and the occupancy of landcover classes in the study area is
estimated by a fuzzy estimation method. In addition, estimation maps of the water areas
at high and low levels are drawn from the occupancy of landcover classes and the situation
of water areas is estimated. It is observed that the estimation results using the occupancy
can match the local situation in the study area. As a result of this work, the estimation
ratio indicates that water areas around Parintins-city, Brazil, at high level is an increase of
about 58 % compared with water areas at low levels. The proposed method is applied to
this particular regions, but this approach can also be applied to larger water areas
considering varzea areas. Therefore, it is confirmed that the proposed method is very useful
to estimate water areas in the Amazon from the optical remote sensing images.
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I. Introduction

It is reported that the water level in the
middle and lower Amazon reaches its highest
from May to July and its lowest from Octo-
ber to November (Hida et al., 1995). The
change of the water level reaches about 10

meters at Manaus located in the riverside of
Rio Negro, Brazil. Because of these changes,
an area may come under water at high levels.
Such an area, called varzea, has a lot of
relation to. human activities in the Amazon
region, and particular attention has been paid
toward separate the area to other landforms
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(IBGE, 1977 ; Sternberg, 1995).

A direct survey of a wide area such as the
Amazon is neither practical nor economical.

On the other hand, the remote sensing
technique, nowadays, is very useful and effi-
cient for offering a synoptic view over a wide
area. Therefore, the analysis technique with
the remote sensing data is effective to moni-
tor inundation and estimate water areas in
the Amazon (Leal et al., 1995; Vordsmarty
et al., 1996).

Using the remote sensing data, it is consid-
ered that the use of the multi-temporal image
data with different water heights is a com-
mon method for the estimation of inundation
of the basin scale (Ahn et al., 1993). A
method based on the landcover classification
using only one optical remote sensing data
can be useful to understand the change in the
water areas. In the tropical regions around
the Amazon, optical sensors such as Landsat-
TM (Thematic Mapper) may be limited by
their inability to penetrate
(Hashimoto and Tsuchiya, 1995). It is there-
fore reported that the flood plain and vegeta-

cloudcover

tion are delineated using SAR (Synthetic
Aperture Radar) image (Hess et al., 1995).
However, Landsat-TM data has been well
stocked in comparison with SAR image data
and are useful to classify landcovers. For
these reasons, a new method using optical
remote sensing data for estimating vArzea
areas is proposed in this paper. The method
considering mixel (mixed pixel) is based on a
fuzzy estimation method and edge data. This
paper presents the estimation results for
landcover classification and attempts to
compare the estimation results with the local
landforms obtained in the ground survey. A
case study is conducted and this paper also

tries to draw estimation maps of water areas

for high and low levels.
II. Method

The primary objective of this work 1s to
estimate vAarzea areas by using the optical
remote sensing image. In the conventional
remote sensing supervised classification such as
the maximum likelihood method, classification
results area represented in an one-pixel-one-
class method (Wang, 1990), and the majority
information in a pixel can not be extracted.
Therefore, class mixture needs to be consid-
ered. The approach employed in this analysis
is as follows: 1) distinction between mixels
(mixed pixels) and pure pixels is calculated, 2)
estimation of the occupancy of landcover
classes, and 3) drawing the estimation maps
of water areas at high and low levels.

1) Fuzzy estimation method

(a) A linear function between mixel and pure

pixel

It has been reported that remote sensing
data essentially includes several external
disturbance components, namely, path radi-
ance, sunglitter, scattering and absorption of
atmosphere, surface wave of water, and noise
of the sensing system (Yokoyama, 1983).
There are also the problems in data handling.
For example, training data for supervised
classification is selected by an operator based
on subjectivity. It has been also considered
that the distribution of the CCT count value
(luminous intensity) was including the fuzzi-
ness (Ishibuchi, 1992). Therefore, we assume
that its distinction is a fuzzy number on a
spectral space.

Information in a pixel of the remote sens-
ing data is represented as one-pixel-some-class
instead of one-pixel-one-class considering the
sensor’s resolution. They are called mixels
(mixed pixels). It is also assumed that the



spectral characteristics of the mixel can be
seen as a linear function of reflection levels
of the pure pixels corresponding to the com-
ponent classes. The linear function is ex-

pressed by using the following equation.
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The meaning of the above equation is
explained as follows :

P =(py, -, py)" is the spectral of the mixel.

M.=(my,, =+, my)¢ is the spectral of the
pure pixel.
a =(ay, ***, ay)? is the occupancy of the

landcover classes.

c=1~n . number of landcover classes.

5 . number of spectral bands of the image
data.

The occupancy of the landcover classes a,
and ,_;_y are calculated by equation (1), (2)
and (3) are used as bound conditions.

(b) The estimation model with the fuzzy

simplification reasoning method

A production rule for the estimation ratio
of landcover classes on the pixel is defined
according to a linear function between mixels
and pure pixels, and then the occupancy of the
landcover classes is calculated with the fuzzy
simplification reasoning method (Nishida et
al., 1993).

A fuzzy knowledge base is composed of two
elements : production rule and membership
function. A production rule for the occu-
pancy of the landcover classes in each pixel is
given as follows :

rule: Ry-and Ry—Z,

input : X, ---and X, (4)

output : 20

When the occupancy of the landcover classes

is set optionally, the definition (4) means the
estimation knowledge on a mixel in the fuzzy
set.

where

R; is a fuzzy set of the mixel of the band j,

Z,is a set value of the occupancy: [Z ;=
(ag, =, aw)l,

70 is the output number estimated of the
occupancy : [Zo=(a 1, ap)],

X; is the input value of the spectral band j,

~ 18 the number of set classes,
and ;_,-, is the number of spectral band of
the image data, respectively.

The sum of the occupancy of landcover
classes is assumed as one and the bound
condition is given as follows ;

ﬁ ai=1, a!=0 (c=1, -, N) (5)

=1

The agreement between input value (from X;
to X,) and each production rule is obtained
with the min-operation as given by
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The output value 70 is expressed as follows.
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In calculating estimation occupancy, the
above definition is satisfied with equation
(5).

(¢) Membership function

The CCT count value of each spectral band
is employed as a membership function on a
basis of characteristics of set landcover classes.
When f, (x;) is a probability density function
of each class, function f, (x;) using the aver-
age, variance of the training data (m’:j, asz)
can be expressed as follows ;

1 (x;—mk)?
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(10)
where
fe (x;) is probability density function of the
class c,
m:; is the average of the band j in the
class c,

and o :}2

is the variance of the band in the
class c, respectively.

When the maximum value of the probability
density function is assumed as max f, (x]-),

membership function #, (x;) is given by
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f» (x;) is the probability density function of
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nal matrix of the variance of the mixel,

and @ =(aq,** ay) is the occupancy of the
landcover classes, respectively.

Figure 1 shows an example of membership
function in the proposed method. Fig. 1 (a)
shows probability density function f, (x;) and
Fig. 1(b) shows membership function #, (x;)
according to above definition.

2) Distinction between mixels and pure

pixels

One pixel of a satellite image offers the
integrated information on the resolution area
of the TM sensor. The landforms of the
middle and lower Amazon, which is the study
area in this work, are relatively extensive and
horizontal. It is therefore assumed that the
difference of the CCT count value corresponds
to the optical characters of the landcovers.
As a result, it is reasonable to suppose that
the CCT count value of pixels in the boundary
area has changed in a drastic way. On the
other hand, it is assumed that the CCT count
value of pixels in the same landcovers has
little changed.

Figure 2 shows an example of the relation

between the mixel and the pure pixel. There

membership value

28.0 30.0 32.0 X;
the CCT count value of the
spectral of the mixel.

b) membership function

Fig. 1 Example of probability density and membership function.



Pixel(b) Pixel@ ,**
\ N

River " Forest

Fig. 2 Anexample of the relation between mixel
and pure pixel.

One pixel of a satellite image offers the inte-
grated information on the resolution area of the
TM sensor. When the pixel exists in the bound-
ary area like pixel (a), it is assumed to be a
mixel. Otherwise, when the pixel exists in the
Forest area like pixel (b), it is assumed to be a
pure pixel of the Forest class.

are two landcover classes : forest and river in
the figure. When the pixel exists in the
boundary area like pixel (a), it can be ex-
pressed as a mixel of the Forest class and
River class. Otherwise, when the pixel exists
in the Forest area like pixel (b), it can be
expressed as a pure pixel of the Forest class.

When landcover classification is conducted,
it is important to distinguish mixels from
pure pixels for accurate classification. An
edge pixel means the Dboundary of the
landcovers. The edge pixel can be defined as
a mixel and calculated with local filters
(Takagi and Shimoda, 1991). Therefore, the
local filters are used to calculate the change
of the CCT count value of each spectral band
data. They are shown in Fig. 3.

When the value of any spectral band in a
pixel is larger than the threshold value, the
pixel is assumed to be a mixel. In addition,
the neighbor pixels (eight pixels) surrounding
the noticed mixel are also assumed to be
mixels considering the characteristics of local
filters.

Next, if the largest occupancy of the pixel

(a) (b) (c) (d)

Fig. 3 Local filter.
is used for the direction from west to east.
is used for the direction from north to south.
is used for the direction from northeast to
southwest.
(d) is used for the direction from southeast to
northwest.

T @
—

(c

is more than the threshold value T (T=0~1),
the pixel is classified into the landcover class
with the largest value. In other words, the
classified pixel is assumed to be a pure pixel.
The case of T=0.8 was used in this paper.

If the pixel is assumed to be a mixel, the
occupancy of each component classes of the
mixel is estimated with the fuzzy estimation
method. The estimated value means the each

landcover classes in mixel.
III. Rrmote Sensing Data

1) Study area

TM image (Path-Row: 229-062) taken
from the Landsat 5 satellite on August 4,
1989, was used in this study. This data
consists of seven bands and their cell size is
30mXx30m except for band 6 (its cell size is
120m X120 m). Fig. 4 shows the outline of
study area A located to the West of
Parintins-city (56°44’W, 2°30°S), Brazil. Fig.
o shows study area A with about 30km in
length and about 30 km in width.

2) Training data

Figure 6 shows the local landscape in study
area A taken in July 1995. In the figure, the
dark green colored part corresponds to upland
(terra firme forest) and light green colored
part corresponds to varzea areas, which is
flooded by sediment. An example of varzea

areas is shown in Fig. 7 and terra firme
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Fig. 4 Map around the study area.
Study area A is located to the West of Parintins-
city, Brazil.

Fig. 5§ Study area A.
The image with about 30 km in length and
about 30km in width was taken from the
Landsat 5 Satellite on August 4, 1984 (Path-
Row : 229-062).

forest is shown in Fig. 8, respectively. Both
was taken in July 1996. Water level at
Manaus, Brazil reaches its highest in June
(Hida et al., 1997), and the water level in the
study area is decreasing in July. It is ob-
served that varzea areas can be flooded at
high levels in June, and terra firme forest can

Fig. 6 Landscape in study area A (July, 1995).
In the figure, the dark green colored part is
correspond to upland (terra firme forest) and
the light green colored part is corresponding to
varzea areas, which is flooded by sediment.

Fig. 7 An example of varzea areas in study area
A (July 1996).

The water level in the study area is decreasing

in July and it is observed that varzea areas can

be flooded at high levels.

be never under water at flooded periods.
Therefore, it is evident that the change in the
water level effects the landcover condition.

When supervised classification is conducted
in the proposed method, training data in
estimating landcovers is needed. Therefore,
five training classes (water-1, water-2, varzea,
forest, other classes) were selected on the
basis of the actual landcovers as follows :

1) Water-1 is nutrient-rich water called

white water river.



2) Water-2 is nutrient-poor water called

black water river.

3) Véarzea is the area that goes under water
at high levels and become land areas at
low levels.

4) Forest is the area well grown with the

terra firme forest and can be never

flooded even at flooded periods.
Other classes include clearing,
thick clouds and others.
A training class data composed of three
hundred pixels taken out by the operator in
They were sampled from the

5) roads,

each classes.

Fig. 8 An example of terra firme in study area
A (July 1996).
It is observed that terra firme forest can be

study area, and each class information was
extracted from them. The average and stan-
dard deviation of the CCT count value of the
TM bands in each training class in Fig. 9.
The the of the

landcover classes on a spectral space.

figure shows patterns

IV. Analysis Result and Discussion

1) Classification result

The occupancy of five landcover classes in
each pixel unit was estimated with the pro-
posed method, and then landcover classifica-
tion in the overall study area A was con-
ducted.

Figure 10 shows the classification result
based on the occupancy of five landcover
classes. Estimation ratio has a range from 0
to 1. It is difficult to show all fractional
combinations of the component classes in the
image, and hence in the paper, three groups
showing the classification result were made.
"nearly pure pixel”
For
instance, when the percentage of ”water-1” in
a pixel is more than 80 %, the pixel is repre-
Similarly, the percent-

They are ”"pure pixel”,
and "mixel consists of two classes”.

sented as "water-1".

never under water at flooded periods. age of "water-1” is from 60 % to 80 %, the
180 I
160 | % -
9 140 xR
T 120 ! ,’,’ |-~ water—1 |
£ 100 Ji k¥ ~-o--water-2
3 80 T las varzea
o ATV AR
= 60 >‘A<\ ';;( ‘A/! ‘ B —o—forest !
9 10 §\\\ x/ \di, ‘ﬁ --X-- other classes|
20 D‘::gqé/\ ’/ k{r
0 L L Fhl= S Lh

b1

b2 b3 b4 b5 b6 b7

Fig. 9 The average of CCT count number of training data.
A training class data composed of three hundred pixels were taken

out by the operator.



pixel is represented as “nearly water-1” and
the total percentage of the two classes
("water-1” and "water-2”) is from 40 % to 60
%, the pixel 1is represented as “water-1
+water-2”. Here, the percentage means the
occupancy of the landcover classes in each pixel.

It is reported that the white river (water-
1) and the black river (water-2) have run
without mixing with each other in some areas
(Hida et al., 1997), and the situation can be
observed in Fig. 10. It is also observed
varzea -areas exist between water areas
(water-1 and water-2) and forest (upland).
Landcover classification taking both mixels
and pure pixels into consideration was con-
ducted. There are many mixels in the figure
classified to ”varzea+forest”, “water-1+
varzea” and others. Compared with conven-
tional methods, it seems reasonable to con-
clude that this classification result shows the
condition of the landcovers in detail.

Special attention has been paid to varzea
areas in Fig. 11 and the classification result
of vérzea areas is shown on the basis of its
occupancy at 20 % intervals.

2) Estimation maps

Landcover conditions are estimated with
one Landsat-TM data, and we tried to draw
estimation maps of water areas for high and
low levels using the occupancy of the
landcover classes. In this paper, it is defined
that varzea areas can go under water at high
levels and then can become land area at low
levels. Therefore, the ratio of water areas at
high levels can correspond to the total ratio
of three classes (water-1, water-2 and vérzea).
On the contrary, the ratio of water areas at
low levels can correspond to the total ratio of
two classes (water-1 and water-2). Estima-
tion maps at high and low levels are shown in

Figs. 12 and 13, respectively. The occupancy

of water areas on estimation maps is made at
20 % intervals. When the total percentage of
water areas in a pixel is more than 80 %, the
pixel is represented as “the water area”.
Similarly, when the percentage is between 60
% and 80 %, the pixel is represented as ”the
nearly water area”, when the total percentage
of either water areas or land areas is between
40 % to 60 %, it is also represented as ”the
water and land area”.

It is physically impossible to evaluate the
accuracy of the estimation maps with the
proposed method at this point. However, the
comparison of the estimation results with
actualities obtained in the ground survey can
be effective. Therefore, we try to discuss for
study area A. The ground survey was carried
out in November 1995, February and July
1996, and the condition of landcovers in the
study area was obtained as follows :

1: South area, lower part of this image, is
well grown with terra firme forest
(upland) and never under waters even at
high levels.

2 : The area located in center area can go
under water at high levels.

3 : There are banks in varzea areas and they
can be never flooded at high levels.

Figure 14 shows the area corresponding to
the above issues in study area A. Lower part
in Fig. 12 is estimated as the land area or
nearly land area even at high levels. Next,
the center area is estimated as a land area at
low levels (Fig. 13), and the same area is
estimated as water areas at high levels (Fig.
12). In addition, “water area+land area”
can be seen at high levels (Fig. 12) and the
same area is estimated as land area at low
levels (Fig. 13). The extraction of the bank
area may be limited considered cell size (sen-

sor’s resolution). But the estimation result
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Fig. 10 Classification result in study area A with the proposed method.
Groups as "pure pixel”, "nearly pure pixel” and “"mixel consists of two classes” are made, and the
classification results are displayed. For instance, when the percentage of "water-1” in a pixel is more than
80 %, the pixel is represented as” water-1. Similarly, the percentage of "water-1” is from 60 % to 80 %, the
pixel is represented as "nearly water-1” and the total percent age of the two classes ("water-1” and ”water-2")
is from 40 % to 60 %, the pixel is represented as "water-1 + water-2".

varzea area

B near |y
vyarzea area

B rather

varzea area

o other
classes

Fig. 11 Estimation result of the virzea area in study area A.
The percentage of the varzea area is more than 80 % : the pixel is represented as “varzea area”, the
percentage is from 60 % to 80 % : the pixel is represented as "nearly véarzea area”, the percentage is
from 40 % to 60 % : the pixel is represented as "rather varzea area”, the percentage is less than 40 %:
the pixel 1s represented as "other classes”.
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Fig. 12 Estimation map of the water area at high levels in study area A.
The total percentage of water areas at high levels is more than 80 % : "water area”, the percentage is
from 60 to 80 % : "nearly water area”, the percentage of either water areas or land areas is 40 % ~60
% : "water and land area”.
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Fig. 13 Estimation map of the water area at low levels in study area at low levels in study area A.
The total percentage of water areas at low levels is more than 80 % : "water area”, the percentage is
from 60 to 80 % : "nearly water area”, the percentage of either water areas or land areas is 40 % ~60
% : "water and land area”.



Fig. 14 The area correspond to the knowledge
obtained by the ground survey in study
area A.

The ground survey was carried out in November

1995, February and July 1996.

with the proposed method is allowed to esti-
mate the occupancy of the landcover classes
in a mixel. As a result, it is likely that bank
is displayed as ”"water area-+land area”.

Judging from the above issues, it is clear
that the distribution of the estimation maps
correspond to the condition obtained in the
investigation. It can be concluded that the
results of estimation maps at high and low
levels considering the varzea areas match the
actualities there.

3) Twelve study areas

We tried to see local condition in perspec-
tive from the full scene image data taken by
Landsat 5, with about 170 km in length and
about 185km in width. A mesh in 8X8 pixel
was made, and then landcover classification
was conducted. Fig. 15 shows the classifica-
tion results with the proposed method. While
there is some influence of thin clouds in above
right and below left on the image, it seems

reasonable to conclude that the result shows

the condition of landcovers in this area.

To obtain detailed landcover conditions,
especially, water areas in the Amazon, twelve
study areas were selected including study area
A. Fig. 16 shows the study areas A to L.
The occupancy of five landcover classes was
estimated in each study area. Table 1 shows
the estimation results for the occupancy of
five types landcover classes of each study
area. The estimation ratio of the varzea area
is roughly from 12 % to 33 %. As a result,
the varzea area occupies about 21 % in the
study areas. The total ratio of water areas
at high levels is about 57 % ; the sum of
three classes (water-1, water-2 and varzea),
and the total ratio of water areas at low
levels is about 36 % ; the sum of two classes
(water-1 and water-2). Namely, water areas
around Parintins-city, Brazil at high levels is
an increase of about 58 % compared with
water areas at low levels. The proposed
method is only applied to this particular area
(twelve study areas) and the occupancy of the
landcover classes may not be directly extrapo-
lated to other regions in the Amazon. Using
Landsat-TM image data obtained in large
sphere, this approach can be applied to larger
There-
fore, it is confirmed that the proposed

water areas including vAarzea areas.

method is very useful to estimate water areas
in the Amazon by using the optical remote

sensing images.
V. Conclusion

This paper has presented the estimation
result of water areas in the Amazon with the
optical remote sensing data. The approach
uses the fuzzy estimation method and edge
data in analyzing mixels.

It has been common that multi-temporal

image data are used to estimate the flooded
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Fig. 15 Classification result for the full scene image with the proposed method.
Groups as "pure pixel”, “nearly pure pixel” and “mixel consists of two classes” are made, and the
classification results are displayed. For instance, when the percentage of "water-1” in a pixel is more than
80 %, the pixel is represented as “water-1”. Similarly, the percentage of "water-1” is from 60 % to 80 %,
the pixel is represented as “nearly water-1” and the total percent of the two classes ("water-1” and
"water-2”) is from 40 % to 60 %, the pixel is represented as "water-1 + water-2".



Fig. 16 Twelve study areas (Study area A to L).

Table 1 Estimation result for the occupancy of five landcover classes.

Study area Water-1 Water-2 Varzea Forest Other classes
A 0.181 0.402 0.185 0.203 0.029
B 0.202 0.149 0.204 0.386 0.059
C 0.153 0.118 0.120 0.584 0.025
D 0.143 0.416 0.283 0.126 0.032
E 0.028 0.183 0.108 0.647 0.034
F 0.042 0.281 0.171 0.470 0.036
G 0.075 0.301 0.269 0.321 0.034
H 0.208 0.274 0.266 0.201 0.051
I 0.126 0.128 0.126 0.590 0.030
J 0.036 0.358 0.218 0.330 0.058
K 0.206 0.089 0.330 0.363 0.012
L 0.045 0.212 0.216 0.493 0.034
Average 0.121 0.242 0.208 0.393 0.036

The occupancy of five landcover classes was estimated in each study area. The
total ratio of water areas at high levels is about 57%; the sum of three classes
(water-1, water-2 and varzea), and the total ratio of water areas at low levels is
about 36%; the sum of two classes (water-1 and water-2). Namely, water areas
around Parintins-city, Brazil at high levels is an increase of about 58% compared
with that at low levels.



areas. Optical sensors such as Landsat-TM
may be limited by their inability to penetrate
cloudcover in the Amazon region. However,
they have been well stocked in comparison
with SAR image data and are useful to
Therefore, the method
that uses only one image data to estimate the

classify landcovers.

varzea area was proposed in this paper.

Distinction between pure pixel and mixed
pixel was conducted, and then the occupancy
of landcover classes in the study area was
estimated by a fuzzy estimation method. In
addition, landcover classification was con-
ducted using the occupancy of landcover
classes. We tried to estimate water areas at
a specific time when the data was not ob-
tained, and estimation maps of the water
areas at high and low levels have been drawn
from the results. Comparing estimation
maps with the condition on a basis of a
ground survey, it has been observed that the
estimation results correspond to the local
situation.

As a result of this work, the estimation
ratio indicate that water areas around
Printins-city, Brazil is an increase of about 58
% at high levels compared with water areas
at low levels in the twelve study areas. The
approach is applied only to particular regions
(twelve study areas) and the occupancy of the
landcover classes may not be directly extrapo-
lated to other regions in the Amazon. Using
the Landsat-TM image data obtained in large
sphere, this approach can be applied to larger
There-
fore, it is confirmed that the proposed

water areas including vArzea areas.

method is very useful to estimate water areas
in the Amazon by using the optical remote
sensing images.

It is anticipated that classification result
can be improved with the SAR data. We will

investigate the analysis of the relation be-
tween Landsat-TM data and SAR data for
estimating water areas in the Amazon and
the result will be submitted to this journal in

near future.
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v K%y b TM Efgx 727~ VI BT L KIEOHEE

FEEH OEY - Rl Bl BT

TR TFROMINKMEOEE =L, Bz
&, TV VNNE2 545 1,300 km Fi A E
3% Manaus fFE CIZEFHH 10m 1SEL, &
IKALERIZ AR § 5 B R UL varzea & IFIX LT v
%, varzea | TIBOEHME, HEES L OEN
Wk r i voz 3T SERfmEMz, 7
T UNIRBICBWT L o & b ARG ICH A L
TWAHIEBTH 5,

AWFFEE, 7~V IR TSI BT varzea
BICREB SN L KEHBDOEAL R &L v o 72K
REORLZ CHICES, VE-MEX v UV IH
iz V72 varzea O HEHEEZ HE LT
%o varzea Ml D & 9 R FHEIC X D T BRI
VEALT M HET LA, SRIIICEON
TERBOEEE VD Z R ShTw
AS, LHHEBERIICEE TSI LT, varzealddi
EURKBOWENTRICR D EEbNSL, 7TV
YA BIEERE L W20, SAR (Syn-
thetic Aperture Rader) 7 — % % i\ 7247 5
HEIMESNTVEbO0, F— 58 L UHA
I ZRBHE Vo HxBET L L, ¥ W

THAHI Y F¥ v M TM (Thematic Mapper)
L Y RS S g R F VORI R HEE
TEFERMLT 2UENDH D,

ZZTC, AWFETCIIEHBEERIICEET A2
EIZEY, 1Ko TMEGERS T =V 2N BT
AR OEMRHETE # HAalz, BERRIZIE, oY
Ty ERBMEIIBITIL TIAERENS IV &
WEEaTEEOHRNEIT R, 7 I AG5EEIT
%otze 77 ANAROHEIIIEAD [H\ T
WE | ZRDTOIZHET L LDEZDS, L
77 VA HERmE T, RIS, BT RICED
WCEIRAIRE B & OMBRALREIZ BT 2 KIS O HEE
DHAREERL, TR EoN o2 E - K
IRALIEIZ BT 2 KO 534K % TM HfE 2 5
g L7z, S5, Mz RE e L, 2o
FlIZBWT b O ME % i L T varzea i O
Ex{T R oz, TORRE, B THRE L 72BN
#E1% (Parintins JE@) 12B1F B KL, KK
FFICHET 2 & BRI T 58 % 33 % 1]
REMEDH B Z AR ENT,

*—J—K:)E—bErT U7, varzea, 77 VAR, Ty VT -, KMNEE), I7tbL,
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