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Channel reduction

(additive noise)



(correlation)

1

1

Texp [ 2 (X- 7T ¥ (X )
(22 °
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a-

trimmed

C- means

C- means
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NSGLDM

N N

SGLDM

run- length

- Vi -

GLRLM

()



Dynamic KL

- Ohta

- IDL Visual C++

- Windows 98
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Histogram

KL



. a- trimmed

. Dynamic KL

- Stop LANSAT

. Kernel
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SUMMARY

The observation of the earth with satellite provides very important
information for various areas such as environment, agriculture, geology,
ocean, military, and so on. For the efficient use of the information, it is
necessary to process and to anayze the electromagnetic signals. It is
needed to compress the huge amount of satellite data effectively and to
reduce the dimension of the data by unnecessary channel reduction. Also,
the image data should be enhanced the image data with noise reduction
and spatia filtering of multichannel satellite data and to emphasize edges
of region boundaries and improve the contrast.

In this research, we have developed the processing and analysis

algorithms that include

- nonlinear noise reduction techniques with noise modelling
- vector features induced from matrices for the texture, and a
neural net classifier

- dynamic KL-transform for region segmentation

for multichannel satellite data, and the software environments to integrate
the developed agorithms. In the experiment, our proposed WVa -M filter
performs best in NMSE sense, the proposed vector features for texture
shows pretty good classification results, and we showed the dynamic
KL-transform can be efficiently used to segment the multichannel data
such as SPOT and LANDSAT. The developed software can be easily



extended by adding the new methods potentially developed in the feature,

because it is well structured in object-oriented fashion.
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1958 ,

(median) : (order statistics) :
(stack) : (morphological)

1971  Tukey : (edge)
(coding), (filed rate up- conversion),

(vector median : VMF),



- trimmed (vector a -trimmed mean filter : Va TM)

(fuzzy cluster)

, a -trimmed
(weighted) a -trimmed
C- mean
(possibilistic c- mean clustering) :
C- mean
C- mean
(robust membership)
smoothing
(objective function)
a -trimmed
a -trimmed
a -trimmed



smooth

NMSE(Normalized Mean Squared Error)

a -trimmed



SGLDM (Spatial Gray Level Dependence Matrix),
NSGLDM (Neighboring Spatial Gray

Level Dependence Matrix), run- length
GLRLM(Gray Level Run Length Matrix) . Haralick
Haralick

(correlation) :

Lee SGLDM

(viewing point)



Correlogram

SGLDM
(Spatial Gray Level Dependence Matrix), GLRLM (Gray Level Run
Length Matrix), NSGLDM (Neighboring Spatial Gray Level
Dependence Matrix) SVDM
(Spatial Vector Dependence Matrix), CRLM (Vector Run Length
Matrix), NSVDM (Neighboring Spatial Vector Dependence Matrix)

SPOT



SPOT, Landsat

KL : Ohta
Dynamic KL
KL
Ohta
Dynamic KL

(oversegmentation)

Visual C++
PC



Dynamic KL

Dynamic KL

Graphic User



Dynamic KL



2.1

: MSS, TM, VNIR, SWIR, SAR
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1960



21

ot i
e A %lr_ > "é;
\1 =
B B
§ ! v
II“., // F =
; )
__CV ik — S 4
i =

Energy Source or Illumnation (A
Radi ation and the At nosphere (B)
Interaction wth the Target (O
Recording of Energy by the Sensor (D
Transm ssi on, Reception, and Processing (E)

Interpretation and Anal ysis (F)
Application (G

21

21
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DB

2.2

( 1 1A 1B 2A

2B)

- IB o
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2.3

< SPOT- 1 (HRV) >
Al titude 832 Km
Inclination 98.7
Repeat | nterval 26
Swath Wdth 60 Km x (60 - 85 Kn)
Bands 1 2 3 Pan
Sensitivity O._50 O._61 O._79 0._51
) 059 | 0.68 | 0.89 | 0.73
Resol ution (m 20 20 20 10
< LANDSAT- 5 (TM >
Al titude 705 Km
Inclination 98. 2
Repeat | nterval 16
Swath Wdth 185 Kmx 170 Km
Bands 1 2 3 4 5 6 7
Sensi tivity O._42 O._52 O._63 O._76 1._55 19.4 2._08
) 0.52 | 0.60 | 0.69 | 0.90 | 1.75 | 12.5 | 2.35
Resol ution (nm 30 30 30 30 30 | 120 | 30

- 13 -




3.1

(additive noise)

31
S, .{:} . a,
::r/-\ - a
* N 2
83 ""‘O = 33
n, Ny N
31
a=s+n
, S =[ s1, s, s3] , N =[ ng,

- 14 -
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’ 3 n ’
. 8 Smin
0, Sma 255
f(0= —f—e 7 (3-1)
n =E{x} , . X
H(X )= —2—Fep [ 3(X- )7 (X~ ) (3-2)
(2m"4 2 ?
» P /]

7= E{x;} , 2: E{ XX T } (Covariance) ) Zij =

E{xi, xj} 2. pxp symmetric positive definite

] 0 ]

- 15 -



>

o 0 0
= |0 0
7=100,0 ---, 0" X 070
. (32 p= 3
1 T
f(X)= —25— exp[- 57 X x]
(27) 20‘3
'—%(xf+x§+ x§)
1 -
f(XyXoXg)= ——35— e 2
(27) 2(73
(3-3) :
.
fx)= —5-e 2
= [n1 n2 n3T
(> diagonal ), A

- 16 -

(3-3)

(3-4)

(3-5)



A
dy A ag
A= |ay az ag
Az Az Az

_ T
y a; = [ay, ap, asl

2

7= E[s]=E[a] -n]=

aiTE[ n nT]aj= a;

T

s = [s] s2 3T

= a2

s

aiT cE[n]= aiT

E[ss]= E | a,' n ajT n]=E [ a,’ nn

2, a;

- 17 -

T

7

a;]

(3-6)

(3-7)

(3-8)



o 0 ©
o @© Qo
c o o

(3-2)

o o%
o % O

“c © O

Zn: 0‘2| =

[0,0,0]"

Th =

(3-6)

i=123

© 7= 0,

[0,0,0]"

7s=

(3-9)

=1

a’+ 2b?
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, 0= b+ 2bv 1- 2b° (correlation coefficient)

, b A

3.2 (VMF: Vector Median
Filter)

smoothing ,

(root signal) : :

- 19 -



maximum
likelihood

median-like

DETECTOR
n (1)
- + } -
n._"f{.r)
¥
I TO : »
S, (1) . , VECTOR | Sou(1)
"t M op : SIGNAL
¥ P ' PROGESSING
L) |
'y
n’ () ()
= + ! L -

F
ng (1)

3.2

maximum likelihood
(3-10)

f(x)= e allx- Bl (3_10)

- 20 -



.Y a (scaling factor) :

norm B : (3-10)
B maximum likelihood
B likelihood B

L(B)= lzu[l?’e» all xi- All,
L(B (3-12)

k- B

(suboptimal)

L2 norm

Z
Z

(3-14)

- 21 -

11l

L2

(3-11)

(3-12)

(3-13)



0= [T%e (3-14)
a; Bi 8

likelihood L(p)

2enlki- Bl + e+ aler Bal) (3-15)
(3-15) al=a2=..=ad

{x1, ..., xNt
(3-16)
2 xums xills < 2500%5- % 1l (3-16)

(3-13)  (3-16)
, (313

3.3 3.4 (3-13)

(edge jitter)

- 22 .



34

(3-13)

3.3 BVDF

RED

GREEN

3.3

RED bi

eoe & "IN [ | VECTOR N 66600
MEDIAN

Gme-e—e- GREEN

34

N

5 (3.13)
(edge jitter)

| SCALAR |
MEDIAN | & oo Sk

RED

S-0-0-CCH

F

GVDF

- 23 -



3.3.1 BVDF(Basic Vector Directional Filter)

f(x): z'—>z" , We Z
n : m
X, 1=1 23, ...,n
o fF(x) f, . f m
m

BVDF VDF(Vector Directional Filter)

) {f, i= 123, n} BVDF fED
BVDF[f1, f2 ..., fi : ,fB {fii=1 2 .., n} :

izilA( fgp, i) < i=ilA( f,, f), Vi=1, 2 - n

BVDF

. BVDF

- 24 -



. BVDF

2 fop
{fl 1= 1,2,' n} ’
{fi} fum
2t fuull < 20 f- filL Vi= 12,00 (3-17)
c 2l fell fe= fum

(> 0), [l fi- fymll

I fe foull= 2sin3t (3-18)

’ Q)i: A(fii fVM)'

C S Tl Ssin 2t
, @, ,sin% %( )
BVDF
| BVDF
| | BVDF
£, fa

- 25 -



35

Vo=

352

3.3.2 GVDF(Generalized Vector Directional Filters)

BVDF )
., BVDF
ijW
f,ew, i=1,2:--k, k<n
BVDF
{f,, i= 1,2 - n} GVDF S@ = GVDFJf},
f2 ..., frl
Sep= { f(l)’ f(z) f(k)} f(i)E{ fjr i= 1, 2,---,n} (3_19)

- 26 -



a

superset

. GVDF
BVDF

, GVDF

3-6 GVDF

3.6

(@)
(©)

GVDF

: (magnitude processing)

- 27 -

(3-20)
(3-21)
(3-22)
(3-22)
. GVDF BVDF
BVDF
k



36 (a) 1
, (©) n=5, k=3 GVDF , (d) GVDF

F C )

. 36 (0 (d)
©) GVDF 36 (d)
()



Directional
Processing
.ﬂ',;‘=;,2 ..... " |
37
VDF
3.4 o -trimmed
o -trimmed
3.4.1 a -trimmed

(additive white Gaussian noise)

o -trimmed

breakdown point &

1
Q

o -trimmed

a % a %

- 29 -

Magnitude
Processing

F

o

. o -trimmed



, P o -trimmed

Yij= kzzl akT X (k) (3'23)
. n
T 1 1 1 T
k [ n(l- 2a) ' n(l- 2a) n(l- 2a)
20 % ,
(1-2a )%
trimming long tailed
short tailed
3.4.2 a-trimmed
o -trimmed , O -trimmed
o -trimmed

- 30 -



20 %

, a -trimmed
o -trimmed
o -trimmed X;
W,
sum- S
W, = ' 24
' (n(1- 2a)- 1)(si+ S+ *** + Sy 20) (3- )
n , S
, sum 219
, a -trimmed
n(1-—_2e)
Yij= kzzl W, X (3'25)
a -trimmed a -trimmed
a
-trimmed

- 31 -



3.5

3.5.1 C- mean

(fuzzy clustering)

c-means(FCM)
%

nearest mean

In= 2 20w (X, V)

d*( X;, V)= ( X;-
A px p positive definite , P
, C , N
(fuzziness index) : (3-26)

FCM

- 32 -

(hard clustering)

(3-26)

VLA (X;- V).



Hij

2 ) (328) i=1 2 ..

(fuzzy centroid) Vv,

3 ) (327

FCM 7

- 33 -

(3-27)

(3-29)

(3-29)

J.,  strict



3.5.2 (possibilistic) c- mean

c-mean Bezdek

C-mean

FCM “equal evidence" ”ignorance"

c-mean(PCM)
FCM
PCM

In(L, U)= 3 230 di+ 2n 201 )"

(3-26)

- 34 -

Raghu

7

(3-30)



(Theorem) 1 :X={xyXz......, Xn}

’ L= (Bl, """" BC)
, dj X;
B , U= [uy]
Cx N
U uy= [1+ (d&g) ™ 17 ° . dn(L, U)
. prototype FCM
) :
U
, U J.(L, U) Uj;
(B uy)= ufdi+ p(1- up)" (3-31)
(3'31) uij y 0
u,= L (3-32)
dﬁ m- 1
1+ |—
)
(3-32) ;U [0,1]

prototype

- 35 -



, (3-30)
FCM . ,
prototype FCM

v Ujj B X

. prototype  compatibility :

: FCM
3.5.3 (Fuzzy Cluster Filter)
c-mean (PCM)
, PCM
FCM
. PCM

- 36 -



noise)

w

1N

(3-34)

)

(1)

)

outlier(spike

, prototype

d?(x,, a) Xy prototype

(3-34)

(3-36)

a(0)= vector median(x,), k= 1,2, ......,K
prototype

prototype 0 0
, n (3-33)

] 1 N e L

prototype
a(j- 1)

prototype a
(3-35)
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n
(3-33) , (3-34)
(3-35)
r] )
(3-36)
()™ - d¥(xi0 )
7= K = - (3_33)
25 ()"
K , K=1
_ 1
p(x)= 1 (3-34)
d*(x, a)) "
1+ ( 7 )
xgﬂdZ(Xk, a)
- (1D (33
, (D, I o -cut

- 38 -



, M € [1, )

3.6

(smooth)

3.6.1

kzil(#k)m * Xk

2 ()"

(fuzziness)

- 39 -

(blurring)

(3-36)



f(x) : Z2— Zm

, Z f
W < 722 xi e W i=12,....n
n w Cf(xi) X , X() R-
w [
X@ , XM w

(outlier vector)

VR = [ x ™ x| (3-37)
VR W
(deviation)
VR
, VR
X0 ( )
, X0 ( )
. VR
VR . ,
W

(dispersion measure)
(Vector Dispersion Edge Detector : VDED)

- 40 -



VDED

= 080 (Il Zaw X Il Zaw X 'l -l Zawx 'l
= 0SO( || 2 @y X 'N)i=1,2,...k (3-38)
0so 0O a;
long-tailed(impulsive or double
exponential)

minj( | x Y

min

VR
k
x ), =2 o, ko k<n (3-39)
k-1
min

k

3*3 k<=3
k

- 41 -



3.6.2

If the p is color edge then
If the p is the outlier of edge side consisting of small pixels
and large pixels
then the corresponding pixel p be vector median
Else
make p equal p
Else
If the p is the outlier in the current window
then the corresponding pixel p be vector median
Else

make p equal p

- 42 -
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3.7

p =0.5
(NMSE)

SPOT-2

(o =15)

-trimmed

o -trimmed

, 3 256x 256 SPOT
(correlation)
, NMsE
1, 2, 3 SPOT
4% , VMF 3 SPOT
, FCF VMF
a -trimmed
, SPOT-1  SPOT-2
a -trimmed
, a
o -trimmed
o -trimmed
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1. SPOT-1 NMSE (x 10" ?)
Noise Fer Vel T
Model VMF GVDF (a = 04, M M
m=13) a =01 a =01
: : .
|mpuls_|ve 4 % 25750 2.2526 2.4794 2.0954 2.0850
(p=05)
Gaussian =15 25906 2.2672 2.1547 2.0003 1.9964
(p=05)
2. SPOT-2 NMSE (x 10" %)
Noise Fer v T
VMF GVDF (a =04, M
M odel m=13) a=o01 @ =01
impulsive 4 % 1.6045 1.4074 1.4957 1.2997 1.3129
(0=05)
Gaussian 0215 ) 657, 1.4799 1.3241 1.2342 1.2315
(0=05)
3. SPOT-3 NMSE (x 10 ?)
o FCF VaT WVaT
o VMF GVDF | (a = 04, M M
m=13) a =01 a =01
. . .
impulsive 4 %/, 1431 3.8254 4.0013 3.5352 3.5229
(p=05)
G?“:’S_'ag ?)15 4.2751 3.8718 37331 3.3890 3.3836
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a) SPOT-1 (b) SPOT- 1

(g)a=01VaTM

3.8 4% SPOT-1
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(6) =04, m=1.3 FCF (f) @=01 V @ TM

(@) =01V aTM
39 4% SPOT-2
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(9) =00V a TM

3.10 4% SPOT-3
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(9) =01V ¢ TM

3.11 ¢=15 SPOT-1
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(e) @=0.4, m=1.3 FCF f)@=01V aTM

(g)a=01VaTM

3.12 ¢=15 SPOT -2

- B0 -



inE Z

(@) =01V aTM

3.13 0¢=15 SPOT -3

- B1 -



4.1

- 52 -

GIS



: : (T exture)

Pixel pattern

Cooccrrence feature

Haralick

Gray- level difference feature

Feature derived from fourier transform

W avelet based feature
wavelet

Feature derived by markov random field model
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SGLDM (Spatial Gray Level Dependence M atrix),
NSGLDM (Neighboring Spatial Gray

Level Dependence Matrix), run- length
GLRLM(Gray Level Run Length Matrix) . Haralick
Landsat 1
7% , Shin
Showengerdt 73%
96%
Haralick

(correlation) :

SGLDM

(viewing point)

- 54 -



Correlogram

SGLDM
(Spatial Gray Level Dependence Matrix), GLRLM (Gray Level Run
Length Matrix), NSGLDM (Neighboring Spatial Gray Level
Dependence Matrix) SVDM (Spatial
Vector Dependence Matrix), CRLM (Vector Run Length Matrix),
NSVDM (Neighboring Spatial Vector Dependence Matrix)

SPOT

(Training Sites)

- 55 -



4.2

4.2.1

SGLDM
NSGLDM Run- Length GLRLM

SVDM, NSVDM, VRLM

(1)SVDM (Spatial Vector Dependence Matrix)
SGLDM (Spatial Gray Level Dependence Matrix)

, G, ) nxn
I(i,j)= m (i, 1) m
SVDM(m, n) d %
SVDM(m,n) =
Card [{(i,]), (k, ) = IxXI| o((i,]), (k,1))= d, (4-1)

angle ((i,j), (k,1))= 86, 1(i,j)=m, I(k,)=n }]

- 56 -



, Card() (Cardinality) . o0, )

, angle(.,.)
(4- 2 (4-3)
o((i,]), (k1)) = max( li- k|, li- 1) (4-2)
angle((i,j), (k,1)) = tan” '((1- j)/ (k- i)) (4-3)
d=1 , g 0°,45°,907,135°
R , R?
41 d=1, 4=0"
SVDM
mo mo ml ml mO ml m2 m3
m, m, m, m, my 4 2 1 0
m, 2 4 0 0
Mo | Mz | Mz | M2 m, 1 0 6 1
m, m, ms ms m, 0 0 1 2
(a) (b)SVDM (d= 1, 6= 0°)
4.1 SVDM

(2) NSVDM (Neighboring Spatial Vector Dependence Matrix)
NSGLDM (Neighboring Spatial Gray Level Dependence Matrix)
I(.,.) NSVDM
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NSVDM(m, n)=

card [{(i,j)e! | I(i,j)= m, Card [{(k 1)El |

(4-4)
(k) =+=(0,7), o((,]), (k1))=d, 1(i,])= Ik 1) }]
= n}]
NSVDM SVDM
: d (neighboring)
SVDM d
SVDM : 4.2
NSVDM

m, m, m, ms m, # of pixels
o|1 2|3 |4|5 6 |7]|s8
Mo | Ma) Mz) M2) Mo mo | 0|0 1|0]0lo0olo0o|lo]o
Mo | Mo | Mz | Mz | M,y m,  0o/o|1|1l0]0]o0o|lo]lo
Mg | Mg | M, | m, | m, m, | o]0/ 0|0 4|21 0]0]O
Mo | Mo | My| Mg | My m, 0 1 0 0 0 0 0 0 0

(@ (b)NSVDM
42 NSVDM
(3) VRLM (Vector Run Length Matrix)

GLRLM (Gray Level Run Length Matrix) :

I1(.,.) VRLM %
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VRLM(m, n)=

(4-5)
Card[{(i,j)e! | I(i,j)=m, £ (m, &= n }]
z(m, 6) 6 m  run-length
VRLM : VRLM
VRLM
4.3 VRLM
Run Length
Mo | M1 ) M2 | My 1] 23] 4
My | M, | my | mg Mo 4 0 0 0
m, 1 0 1 0
m,  m; | m; | my
m, 3,0 0 0
Mg | Mo | Mg | Mg m, 3 1 0 0
(a) (b) VRLM (6=10")
43 VRLM
(4) Correlogrm
1(.,.) H
Hi(m) = Card[{(i,j) & I [ I(i,j)= m }] (4-6)
J.
Haung 1., .) Correlogram

- BO -



Corr(m, n) =

Card[{(i,]), (k, 1) € IxI | I(i,j)= m, 4-7
o((i,]), (k,1))=d, I(k )= n}]
Corr(m, n) m
, d n
Corr(m, n) d=1 SVDM 4

Autocorrelogram Corr(m, n)

Autocorr (m) = Corr(m, m) (4- 8)

4.3

SVDM, NSVDM, VRLM, Correlogram
(projection) NSVDM_R, NSVvDM _w,

NSVDM_M, VRLM_R, VRLM_W, VRLM _M

SVDM
(4-1) (4-7) SVDM 6
; 0 SVDM
Correlogram : (4-9
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Autocorrelogram : 0
SVDM_D (4- 10) . J. Huang
Correlogram SVDM
Autocorrelogram SVDM
NSVDM
Autocorrelogram SVDM _D

SVDM_ D(m) = SVDM(m, m) (4-9)
SVDM_ D(m) = 2, nxNSVDM(m, n) (4- 10)
NSVDM
. NSVDM
(4-11)
(4-12)
: SVDM_D(m)
NSVDM (4-13)
NSVDM_ R(m)= >, NSVDM(m,n) (4- 11)
NSVDM_ W(m)= >, n XNSVDM(m,n) (4- 12)
NSVDM_ M(m)= NSVDM_ W(m)/NSVDM_ R(m) (4- 13)
VRLM VRLM
VRLM (4- 19)
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(4- 15)
run- length
(4- 16) :
VRLM
(4-17)

VRLM_ R(m)= 2, VRLM(m, n)
VRLM_ W(m)= 2 nxVRLM(m,n)

VRLM_ M(m)= VRLM_ W(m)/VRLM_ R(m)

VRLM_ W(m)= NSVDM_ R(m)

(4- 14)
(4- 15)

(4- 16)
(4-17)

SVDM_D Autocorrelogram
SVDM

SVDM_D Histogram

NSVDM_R Histogram

NSVDM | NSVDM_W

Autocorrelogram

NSVDM_M | NSVDM_W/NSVDM_R

VRLM VRLM_W

VRLM_R Run- length
Histogram
VRLM_M VRLM_W/VRLM_R Run- length
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, SVDM 0
Color correlogram

Color correlogram SVDM

Autocorrelogram : NSVDM
NSVDM_ W
SVDM , NSVDM
NSVDM R VRLM
VRLM W . 1
4.4
441 ( )
()
()
A B 0 1
()
A. (mean square error)

MSE = Z (A[i] - BIi]? (4- 18)
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B. Max- Min

K = M (min(AG), B(i)) | (4- 19)
C. Hausdorff distance
a(A.B) = [ a(A(a),B(a)) da (4-20)
, A(a) B(a) A (i) B(i) a- level
a , al., -)
Hausdorff  distance A(a)= [aLa,],
B(a)= [by,b,]

d(A(a),B(a)) = max{la;- byl |a,- b,[} (4-21)

D. Dubois Prade

S(A,B) = a8 I 1AUB | (4- 22)

A()B = min[A (i), B(i)],

A lUB

max [A (i), B(i)]
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Al = 2A(0)

cardinarity
E. Bhattacharyya
B(A.B) = - In 2VA()- B() (4- 23)
F. Matusima
M(A,B) = \/ go(\/A(i) - VB(i)? (4- 24)

4.4.2
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—> — > Indexing

'

- -
—> —>
4.4
4.4.3
4.6 2
(Two- layer perceptron) , 64
16 (hidden layer)
3
. 1x 64 16
(aggregation) , 16
4.5

(Back- Propagation Algorithm) :

Gradient Descent
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w = -0.5 ~ 0.5 Random

7 =0.5
3
1+ exp(- _2Wij . xj‘)
=

E= (yi- Y)?

No

Yes

STOP

- 67 -

. 1
— Xj'=
1+ exp(- k:ilek . xk)
Wir;ewz Wﬁld' 277i2(yi' Yyi(1l-yi)
WFkaNZ Wflid' 27+ x;' (1- Xj')iil(yi' Yyi(1- ydwg - Xy
4.5




Agricultural grass

.
)
>
®©
-
-
]
o
o
]
(@]

Input Layer

45.1

1997 9 29

512x 512

4.7

SPOT

Red, Green, Blue

2,3

4.8
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64

4.7 SPOT Multispectral Image captured in Sept. 29, 1997.

o gt
¥ "
||
(a) Tree (b) Water (c) Agricultural grass
4.8
4.5.2
(Training) (T esting)
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SPOT

(Histogram Equalization)

256

(Median Filtering) :

4 64
(Indexing)
4.8
6
: 85x 85
, RGB 64
16x 16 4
289 : 29
260
6 64

4.6
: 0.01 100%
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81 ,
5000 0.01
4.9
4.7
(Ground Truth Map) (Reference Data)
9 (b) (d)

VRLM R, VRLM_W (NSVDM _R), NSVDM _W

NSVDM_M
, VRLM M
NSVDM_M VRLM_W (NSVDM _R)
VRLM_R (NSVDM W)
VRLM_W (NSVDM _R) NSVDM M,

VRLM_R, NSVDM_W
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(a) Classified image using VRLM_R (b) Classified image using VRLM_W

F

(c) Classified image using VRLM_M

P &

(e) Classified image using NSVDM_W (f) Classified image using NSVDM_M

4.9
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Dynamic KL
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SPOT, Landsat

KL

5.1 Ohta

Ohata
Dynamic KL

5.1 : 5.1
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5.1 Dynamic KL

Dynamic KL

mask
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thresholding
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8 : 7 Picture Stack Push

9 2
10
51 0 1, 1 2 , 2
3 4 .3 4,5 6 , 4 7
. Ohta
5.2 Dynamic KL
Ohta

5.2

LiE e g Histogram
Smoothing
Y
H3E 37|
S l ="
e | MErging | g——m

| I | Segmentation |
SR \ : |

52 Dynamic KL




Dynamic KL

1: KL
2 KL (0~255)
3:
4 : Smoothing
5 : Smoothing
6 :
7 Merging
53 55 SPOT-1
. (9 3 , (b) 4 5
53 (b-1) 23 129, (b-2) 98,
(b-3) 14 : 6 5

Merging 54
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n |""I h:n' J'i'fM

(a-1) (b-1)

B M .m’ !' l' 0

(a-2) (b-2)

I ! L||.::|.'1.|VII:I£:b !"qullul |

(a-3) (b-3)
5.3 KL smoothing(SPOT - 1)

5.4 (SPOT- 1)

- 78 -



5.3

5.3.1 SPOT
5 256x
256 SPOT
KL
: Dynamic KL
55 1, 2, 3 Red, Green,
Blue : 5 55
(Covariance Matrix)
6 7 55
8
Ohta . Ohta 8

l,= (R+ G+ B)/3
l,= (R- B)/2 or (B- R)/2

1s= (2G- R- B)/ 4
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(6) SPOT-5

5.5 Dynamic KL SPOT



5. SPOT Covariance Matrix

Covariance Matrix

4866.14746 4802.68520 2313.05148
SPOT-1 4802.68520 5671.68613 3760.66006
2313.05148 3760.66006 7683.54018

6108.63582 5363.88239 3456.21836
SPOT -2 5363.88239 5239.04692 3634.76742
3456.21836 3634.76742 3729.31362

4303.68965 3589.18187 1073.58133
SPOT -3 3589.18187 4646.66119 2647.86566
1073.58133 2647.86566 4267.85834

6060.27015 5909.87762 1373.43997
SPOT -4 5909.87762 5930.22710 1322.21414
1373.43997 1322.21414 3178.01201

6059.07428 6227.26829 175.19189
SPOT-5 6227.26829 6475.43736 277.94705
175.19189 277.94705 3057.74068

6. SPOT Eigen Value
Eigen values
SPOT-1 13403.71812 4498.89420 318.76145
SPOT-2 13596.10940 1277.35505 203.53192
SPOT-3 9462.29938 3262.02007 493.88973
SPOT-4 12303.69487 2780.03883 84.77556
SPOT-5 12508.94570 3048.30025 35.00637
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7. SPOT

Eigen Vector

eigen vector

normalized eigen vector

0.50814 -0.52877 0.67985

0.29438 -0.32170 0.43865

SPOT-1 0.61091 - 0.33513 -0.71727 0.35391 - 0.20389 - 0.46280

0.60711 0.77980 0.15274 0.35171 0.47442 0.09855

0.64786 - 0.51421 - 0.56202 0.37816 - 0.35361 - 0.34985

SPOT-2 0.61269 - 0.08666 0.78556 0.35763 - 0.05960 0.48899

0.45264 0.85328 - 0.25891 0.26421 0.58679 -0.16116

0.56900 - 0.57215 0.59066 0.33239 -0.39009 0.35483

SPOT- 3 0.67909 - 0.07815 - 0.72989 0.39670 - 0.05328 - 0.43847

0.46377 0.81642 0.34407 0.27091 0.55663 0.20670

0.69627 -0.13881 - 0.70423 0.43824 - 0.10946 - 0.49476

SPOT-4 0.68804 - 0.15043 0.70991 0.43306 -0.11863 0.49875

0.20448 0.97883 0.00924 0.12870 0.77191 0.00649

0.69466 - 0.03969 0.71824 0.48000 -0.03788 0.50017

SPOT-5 0.71853 - 0.00892 - 0.69543 0.49650 - 0.00852 - 0.48429

0.03401 0.99917 0.02232 0.02350 0.95361 0.01554

8. Ohta Eigenvector

RGB wRL wG@ wBl| wRR w&@ wiBR| wRB w&@ wB
Cylinder 0.269 0.363 0.367| 0.469 0.095 -0.437/-0.308 0.461 -0.231
Building 0.269 0.340 0.391] 0479 0.103 -0.418/-0.296 0.485 -0.219
Seaside 0.258 0.380 0.362/-0.585 0.056 0.358/-0.176 0.464 -0.360
Girl 0.336 0.354 0.309/-0.493 0.193 0.314/-0.094 0.474 -0.436
Room 0.193 0.341 0467, 0.612 0.079 -0.310/-0.209 0.507 -0.284
Home 0.197 0328 0476/ 0.492 0.180 -0.318/-0.313 0.484 -0.204
Auto 0.304 0.317 0378/ 0.239 0.309 -0.452/-0.514 0.450 0.036
Face 0.175 0411 0414 0523 0.128 -0.349/-0.295 0.416 -0.289
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(e) SPOT-5

5.6 5.5
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5.3.2 Landsat

2 512 x 512 Landsat SPOT
5.7 Landsat 7 6
6 ) 57 6
Landsat- 2
Landsat 8 SPOT
58, 59, 510
, 511
(oversegmentati-
on)
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9. Landsat

Covariance matrix

Covarian

ce matrix

Landsat- 1

102.72869 60.97401 142.49942
60.97401 40.29620 96.31617
142.49942 96.31617 243.24302
- 39.83434 -9.13828 6.44907
52.47755 53.15751 175.04691
93.38970 67.64375  184.1239%6

-39.83434  52.47755 93.38970
-9.13828 5315751 67.64375

6.44907 175.04691 184.12396
534.53564 720.68909 241.67865
720.68909 1754.47552 668.12989
241.67865 668.12989 508.33876

Landsat- 2

82.35275 30.35067 51.05922
30.35067 40.15176 50.30067
51.05922 50.30067 245.93191
40.73788 62.55291 154.94927
149.00318 183.72075 338.58157
79.02383 97.34251 188.24006

40.73788 149.00318 79.02383
62.55291 183.72075 97.34251
154.94927 338.58157 188.24006
668.83763 885.74093 386.24609
885.74093 1903.99404 904.51936
386.24609 904.51936 518.05077

10. Landsat

Eigen vector

normalized

eigen vector

Landsat- 1

0.02000
0.01899
0.05983
0.21380
0.48121
0.20618

0.17972
0.11128
0.26549
- 0.19307
- 0.04647
0.20395

0.01944
0.03271
0.10142
0.41399
-0.26877
0.16367

0.13785 0.54703
0.09512 0.03687
0.23362 - 0.35299
0.11186 0.05206
0.06468 - 0.00571
- 0.35686 0.00533

- 0.15692
0.66317
-0.17418
- 0.00182
0.00200
0.00191

Landsat- 2

0.03339
0.04092
0.08300
0.21287
0.42373
0.20609

0.10431
0.07349
0.17070 0.52447
-0.40794 0.17943
0.07346 - 0.16878
0.17010 - 0.06089

0.05013
0.01630

- 045110 0.23319
-0.08841 0.03930
0.04796 - 0.09551
-0.00597 0.11621
- 0.10768 - 0.21039
0.29889 0.30542

- 0.15030
0.67982
- 0.04151
0.04270
- 0.04958
- 0.03609
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(a) band 1 (b) band 2
(c) band 3 (d) band 4

(e) band 5 (f) band 7

5.7 Landsat- 1
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58 Landsat-2 band 1

(a) band 1 (b) band 2 (c) band 3
l !

(d) band 4 (e) band 5 (f) band 7

5.9 Landsat- 2 ( KL )
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(a) Landsat- 1 (b) Landsat- 2
5.12



6.1

6.2

PC

. CPU

. RAM

. HDD

. VIDEO CARD

. OS

Visual C++

. IBM PC

: Pentium 11 330

: 64M B

: 8GB

. Graphic Blaster 4M SGRAM PCI
: Visual C++ 6.0

: MS-Windows95/98
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6.2.1

6.1
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6.2.3

- VMF(Vector Median Filter)

- GVDF(Generalized Vector Median Filter)
- FCF(Fuzzy C-Mean Filter)

- Vector o-trimmed Average Filter

- Weighted Vector o- trimmed Average Filter

* Performance
- NMSE(Normalized Mean Square Error)

6.7
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Yalues of Option

6.9
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GIS
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- Dynamic KL

NMSE(Normalized Mean Squared Error)

a -trimmed

SGLDM, NSGLDM, GLRLM
SVDM, NSVDM, VRLM :

VRLM M ,
NSVDM R (VRLM W)
VRLM R,
NSVDM_ W
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NSVDM_M
6
Dynamic KL SPOT, Landsat
KL
Ohta
Dynamic KL
Ohta
Dynamic KL
(oversegmentation)
Visual C++
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