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Abstract

The current methods of estimating context distribution function in contextual classifier are to
“classify and count” GTGM (ground-truth-guided-method) and unbiased estimator.® In this
paper we propose a new contextual classifier whoes context distribution is replaced by context
probability that is estimated from transition probability. The classification accuracy increases

considerably compared with the classical one.
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oldbx o 2  Aebalel] oA classificationo] g =82 #4244 ground resolution
elements ol ™ & multispectral pixel valued| pattern recognition 7} {8 o] g9A] 2 &7
Al 7tell RotZch Zael A F2 classification?] A& T7F 7= = RFo A gdtAel
spectral 3t A 8ul ohzl F7kAel A RE T = P o] AL ek F4H A
e} sbul Al Bol ¥, A, x4 ;A Fol ek
o8] dt F7tHal A BE TR 7| classifier 24 contextual classifier & 72383
Y pixels 8] A8 5 o) &3} ubyolrl o] 9} Z2 contextual classifier &
EE 3% 24 49 weighting &9 context distribution 2 o] @A} F3l kel FA|
el & =FolA & o] context distribution & context probability 2t M 2$ wei-
ghting function &2 x| 24 classification®] BT E FAnch 433 d + Y+
ut & A x]4tel  context probability = transition probability 258 7% 4 1o, o]R
L 2714 Ao 4 non-— stationary gt 5A-L sFA
Aol BF9 WAelA Brld, spectral §F S&-el ot T2 A wrt of )2 o] Asst

A E7E 2137t B AL dedstel a8, ol e} 2 AR A el ko] golxlx oA o}
5 9y A4 At Aol wel AlAbg golbxlAl "l webA, ol2idt A+ multiprocessor-
system 5¢ &z Az} 8 FEH, ool sAuxr dFsF R8st [-16d4F con
textual classifier®] o] &2 wj7dol] g A2 sl [-20l4 2 £Fo] A A& non-sta-
tionary contextual classifier(NSCC)ell wdt A3} o) " 2] contextual classifier &°¢] 4}

23} context distribution & F3F= wylEol] it Aol Ut -3+ AdA S Ve F
I et
I. 8 2
1. Contextual Classifier
contextual classifier | o] 23 W A& & A Zow &7} 3ek multispectral image

data= N=N; x N, ¢] multivariate pixels 2] €2 o] Fojzicl L& ol% pixel 2] A,
mE 9 4, No & oA pixels ] Hiro 2 #olsld,
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image data set X= {X(S), S&Q},
T2 A @={S=(4, j), 1<i<N, 1<i<Ng},

R 733‘3- K= {Wl, Wy, creeeeeeeceenes s Wm}

T Ak f1x] SelA 9 ald pixels o A2 X(S) pixel 248 7H7o] &

o7 Aot
=4 o] % ohl2hs) L- 149 pixels 24 49E 4+ 9o 2P 1] F A4 oF 2
o},
i'l’j
L | g | i Ll | i | it
i+1’j
L-S choice

L-3 choice

2! 1. Examples of neighborhood set

+H#3te A& Co g EAsH, X(S)Y Suke £/E5 0, 2 &

Csoll oA 71+ loss & il AalAl & g Lo, )X loss=L(6, Ci)E &

Al = ek wleld, AA imageo Hd loss v+ A N pixelsol g sFoez

vhd & glek

91z S9| pixel &

_1
Loss—N§ L (8, Cy)

e Alollel Q14 pixels 2] 3 &2 THF by M4 imageol it 7|H loss= R(X) =
;IZE[L(BS, C (X)) 3 2ol 2ot olf X, & Q4 pixels & % L — vector o2k, 5
4, al# pixels E7l8] class conditionally independent s}e}s, L (e, o) 345 0—1 &
Ags2 A o o33 22 2ATF g(X)E A7 25 We 2 X 7 £7E o
71 £4L F 47} S, o]Ao] contextual classifier & 3-F wkwjo] =}

L
ex(X) = ZG(Ve) (X /W)
W € Kp k=1

Vp =K
Vp : 758t 259 w9 vector (813 pixels EF)
G(Vr) : ¥-Fslel & imageol A9 Vp ol 22 el F4o] vehde 4duE

f (Xs /Wi) : class conditional densities
f(Xs /W)=

o]a], ®-& pixels -2 class conditionally independent d+e}3 714511,
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W 9] Gaussian 248 T8 ¢+ Ak =3, d8bH 02 G(Vp) + noncontextual cla-
_%_

ssifier & Z 324 ¢ ek
2. Non-stationary contextual classifier

contextual classifier 7} A& W3 " ol & A L5488 Hol7] & simulated
data set < A}€3ck &, simulation < %13} ul= = template 25¥ context distribution
2 Ak a2, AAY data § ohFE A5, ol T template & & 5 g2, wel4
dulA gl w4 0 2 training sample ol W3l non contextual classifier & A2 olA Y =
72X e context distribution 45 T3+ “classify and count” ubwo] gho] 22qic}
28+e] GTGM, unbiased estimator ¥y %¢] d+&=dl, GTGM-L ground truth data®
dl, 2R 2% context distribution & T35+ Ho|i, unbiased estimator = MSEyp =
E[Tve(X) ~G(Vp)] =Var [(Tve(X)) + bvp & F] A& mean squared error & # £3}4]7|
€ estimator Tvp(X) & < wholch ARt AL ¥ & F2sHs] wietek

o] 9} o] | F7=|9] Wyl = G(Vp)+= A data set =+ block data set 2¥¢ F
Mow, o] AL context distributione] image A WA= g block <tllA UAs}ele 7}
Aolck a#lu, AAlel 9lo]A context distribution & place to place, © kol7} pixel to
pixel #3leglele A S | AY 4+ Uk E =LA+ pixel to pixel #W3lsl+= %, non-
stationary3l= context probability Pc(Ve (S)) & A A1gtel P.(Vp (S)) & $13] Sell4] Ve
o &7 TAol vehd &S onlstr, 4709 14 pixel & 17 29 Fo] mAYL A o}
e o} o] el

P.(Vp (S)) =P (Wp(S) /W,(S1)) * P(W,(S) /W,(S:))
* P (Wp(S) /Wp(S3)) * P (Wy(S) /W(Sy))
Ve = (b, a, a, b, ¢)

S1 a
S2 S S3 a b b
S4 c
(a) location (b) class

gl 2, Context formation

olal P(W,(S)/W,(S;)) 52 transition probability 4], dulx o g P (W, (S)  W,(S+
(i, INE S+ (4, N A& {(4,7/) ENL} 9] pixel o] Wy o]zt 718 o S x]9 pixel
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o] Wy d HES el F& Zolck 19 A4 £ 4 91%o] context probability P, ( Vp
(S) 4 9nl+ 43 SolA Ve o 2 FAEL 71 + sl 5] H3lch o] context pro-
bability & NSCC¥ £7F2A &9 weighting function &% 34| =}k
Transition probability & oS3 o] & % Ut ? YA ol 4 AR T Q= multi-
'spectral image data = Gaussian distribution & 7} th= 7}de] usd 3l5] 22 class con
ditional densities P(X(S)/Wy) ¥ multivariate Gaussian function &2 FA|¥ 4 9o}

- 1 oL CMY)TE, -
P(X(S)/Wi) =~ exp { = (X(8) -M) " LT (X(S) =M}

q : dimension of data
My : class means

2k : class covariance matrics

Landsat data processingell 2le] 9ulx o & Landsat [ MSSdata+ 4 bando|Y} pro-
cessing time 52| ¥4 2 band & 2 band & T4 AF&&rck & =Fod4+= Karhunen-
Loeve transformation & A}83lg e, wetd q+ 27 ek =3, Jd Mk o covari-
ance matrlcesZk data set o4 =% training sample & A1A ¥l ©] samplee] 3t
mean 3 covariance matrices® T3l I class & ] Z3tch o] 9} o] T3t class  condi-
tional densities P(X(S)./Wi) ¢} 7z class @] a priori weight P(Wy) & initial pixel
label probabilitie == a posteriori &% th-&3t o] Tt}

Po(Wi(S)) =P (Wi /X (S))
_ P(X(S) /W) P (W)
T X P(X(S)/W.) P(W,)

eec

o]w] a priori weight P(Wy) &= 9d¥l% © 2 uniform a priori weight & 2}-£3Ic} 29
initial pixel label 35 % Y%-¥ transition probability+ ol e 424 T3 4+ g}

P (Wi (S) | We(S+ (4, 7))
=1/36 5 L Po(Wk(S+S4)) Po(We(S+S;+S:))

Sy €Sy S, €5,

1725 2 P (W(S+ (4, j)+Ss))

S3€Ngg
Ngs : S+ (7, ) pixel o] A2 712 25702] 1% pixels
Ne : Sell T42& & 9/19 <14 pixels
Ny : S+ S, ¢ 4L F 4749 1% pixels
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w}2bA], context probability = oF2] ¢} Zo] transition probability ¢} F2o 2 EAIF 4 )
o=, ola] A4kl e pixel 9| windows 1Y 33 2t}

XXX XX
XXX XX XX
XX Xnxxix XX XXX XX
XXnphnixxkx XX XXX XX
XXXnxxx XXnhpnxzx P . pixel to be classified
XX XX X XX XX X X X X X n : neighborhood set
X X X X X X X XX XXX X : window pixels
4-nn window 2-nn window

gl 3. Nonstationary window

L-1
P(Ve(S) = T P (Wi(S)|Wy(S+ (i, /)
i, jENL
193 Aol windows] 7] Q14 pixel o] A $5 Lo 2Hl Waln) Anpor 4 -

nearest neighborhood 7} go] x9lcl =3, windowst A& Hel wle} 2Fol olA adap-

tive 3t EF7F FAege ERolv,

4% & KAISMIPS (Korea Advanced Institute of Science and Technology Micro-
computer Image Processing System) o4 o] Fo{F =, KAISMIPS & MC 68000 CPUE 7}

Al Cromemco system3} Ramtek 9300 graphic display system, Trilog color plotter 5.2

ERE R

i. Real data
44 datael Wt AFHAo 2 1981 o] Ha)A) Seoul A9 Landsat MSS datad 4l
3k o] scene- 50 X 50 pixel & o] iz o, 47129 BH 5 02 o]Bo]n
ek o] 4712l AH & %, 4, AEA, W & So]™ o] dataol 3t Bayes classifier,
contextual classifier(2—nn, 4—nn), Nonstationary contextual classifier ¢ =3t 2 3}7}
Table | ¥ 2% 40 lch Table 1 o4 & 4= 3J%¢] NSCC(4—nn)9 A%, Bayes cla-
ssifier B vt 10 % o]4 contextual classifier(classify and count)® .t} 8 % o]4} Ags

7 57h & ¢ 4 Uk oldl overall accuracy 2,

A28 £ pixel /42 pixel & % x 100(%)
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o] 3L class by average + # class®| % A3 % 3 Fzto] )

Table 1. Comparison of classifier accuracy (Real data)

DATA SET CLASSIFIER OVERALL CLASS BY
ACCURACY AVERAGE
BAYES
. . 67.1% 75.4%
(uniform a priory)
t2 CONTEXTUAL (2-
Landsa : (Z-nn) 72.8% 78.2%
(classify count)
Seoul, 1981 CONTEXTUAL (4-nn) a1 193
50x50 (classify count) e el
NSCC (2-nn) 79.3% 85.1%
NSCC(4-nn) 83.1% 87.1%

(b (©)

(d) (e)
2l 4. Visual comparison of real data classification results

a) Bayes b) contextual (classify count) L=3 ¢) Contextual L=5 d) NSCC L=3 e¢) NSCC L=5

ii, Computer generated data

AA datacl Sle4 HEE £ template & w5 F glomg, 100 % Y Fsleln Qe 4+
%o =2 computer generated data set 5 5ol AP S & ¥ gtrl Data generation® ¥
Y2 A4 data®| training sample 248 mean¥ variance & T3}, o|AL sAI
Gaussian random number generatorZH-E image datas nkEv} ulel4], computer gene-
rated data set = AA| data?] class ¥ mean, variance &} 8]<3lm Gaussian 2T & 7}z

ot Table 2 += o] data ®] Bayes classifier (uniform a priori, estimated a priori), con-
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textual classifier(2—nn), NSCC(2—nn)e¢] dl3t A& A2 Jely $31 Qo o] A%
47l data g} A7 E NSCCo A 2571 Bayes classifier Vi Contextual classifier®)
Anch Abks] = o 4 gk AR HdHol YA 50 X 50 pixel & image & 73] 9

82
M 4—nn9 A$ window | Foll 56 x 562 image 7} % 85}k

Table 2. Comparison of classifier accuracy (Simulated data)

OVERALL CLASS BY
DATA SET LASSIFIE
CLASSIFIER ACCURACY AVERAGE
BAYES
. . 90.6% 81.3%
(uniform a priory)
SIMULATED BAYES
. R 91.1% 81.3%
50x50 (estimated a priory)
X
CONTEXTUAL (2-
: (2m) 96.9% 93.4%
(classify count)
NSCC (2-nn) 99.3% 98.4%

(a) () (c)

2! 5. Visual comparison of simulated data classification results

2) Bayes b) contextual (classify count) L=3 ¢) NSCC L=3

I. a2 &

¥ kB4 = Non-—stationary contextual classifier & 2] A &3 contextual cla-

ssifier 7} AA Ak o] vl Z£a9 contextual classifier 8 context distribution fun-
ction W4loll context probability & weighting function & 24 AH-g3st30, o1RA-L 2749
izl A WElst= =, LA 9 ulel A non-— stationary 3t §4 & Zreth 9 w2 adap-
tive 3k A-8o] 7}538T computer generated data ¥ A2 Landsat I MSS data 5
AR A Agal ¥ A3, ZTelo) contextual classifier(*classify and count”) v+ Bayes
classifier .ot 423 £ 22% A2 £ ek webA, non—stationary contextual cl-

assifier & 593 %0 AR 9753 oo H2alA 22 4 vk w1, o) WL o
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F£ data 9] o] @i BARL A4k & AH83e] w2} processing timeo] ol Azly com-
puter component 2] ¥ 3} multiprocessor &2 8o 2 avlx] & TA7 HAe ¢god
g} g ARk
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