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Abstract—A method of classification of digitized multispectral image
data is described. It is designed to exploit a particular type of depen-
dence between adjacent states of nature that is characteristic of the
data. The advantages of this, as opposed to the conventional “per
point” approach, are greater accuracy and efficiency, and the results
are in a more desirable form for most purposes. Experimental results
from both aircraft and satellite data are included.

ECHO (extraction and classification of homogeneous objects)



II. SAMPLE CLASSIFICATION

Each pixel in an object is a g-dimensional random variable,

P(xl wf):r
x € R denotes this class-conditional density function for the

ith class. Another common assumption is that the classes can

be defined such that p(x|W;) is approximately multi-variate
normal (MVN); i.e.,

p(xl w;) = N(x, Mir E'!)
2 (12nC;] exp (e - M) 7' (x - M) ™"

for some g-dimensional positive-definite, covariance matrix C;
and some mean vector M; € R9. Parametric estimates of these



II. SAMPLE CLASSIFICATION

Two pixels in spatial proximity to one-another are uncondi-
tionally correlated, with the degree of correlation decreasing
as the distance between them increases.

we assume class-conditional independence

X=(X,, -,X,)ER" represents a set of pixels in some object

One popular approach is the “minimum distance (MD) strategy

Bhattacharyya distance, which for N(x; M;, C,) and N(x; M, C)

is given by:
C; + 0)2)?
le(lnn( +0)2
+ IC;1 ICl

+tf((5f+E’)*1(M5-M)(Mf-M)’))- (1)



II. SAMPLE CLASSIFICATION

Our preference is the maximum likelihood (ML) strategy
which assigns X to class 7 if

In p(X|W;) = max In p(X|W;).

Due to the assumption of class-conditional independence,
these quantities can be computed as:

1 ~ ~
In p(X|W;) = - "2“tf (C;'S,)

~ 1 ~ s
+M,"ICITISI - _2“ H(MI;C;]'M; +In |2TTC,_'|),

n N 7
S, =X, S,=> XX (2)
i=1 i=1
Of course: M=8,/n and C=5,/n-MM*!. Formula (2)~ IS
much faster to compute than formula (1) for each ($;,5,)



II. SAMPLE CLASSIFICATION

the ML strategy is computationally efficient.

Chernoff bound for ML .npo-memory classification (n=1) can
be extended to provide an error bound for ML sample classifi-



III. IMAGE PARTITIONING

At the first level of testing, each group becomes a

unit called a “cell,” provided that it satisfies a relatively mild
criterion of homogeneity.

At the second level, an individual cell is compared to an ad-
jacent “field,” which is simply a group of one or more con-
nected cells that have previously been merged. If the two

samples appear statistically similar by some appropriate cri-
terion, then they too are merged.



[II. IMAGE PARTITIONING Annexation Criterion

Let X=(X,, --,X,) represent the pixels in a group of one
or more cells which have been merged by successive annexa-
tions. Let Y=(Y,,---,Y,,) represent the pixels in an adja-
cent, non-singular cell. Since both X and Y have satisfied cer-
tain criteria of homogeneity, we assume that each is a sample
from a MVN population. Let f and g represent the correspond-
ing density functions. It is desired to test the (null) hypothesis
that f=g. This is a composite hypothesis, since it does not
specify f and g. The “likelihood ratio procedure” [10] pro-
vides an effective statistic for testing this hypothesis. Van
Trees [11] refers to it as the “generalized likelihood ratio.”



[II. IMAGE PARTITIONING Annexation Criterion

Let

Ho(x,y) = {p(x,y\f,8): g=f, [EQ)
Hi(x,y)=1{px,yIf.8): fEQ, g€}

where p(x, ylf,g) is the conditional joint density of X and Y
evaluated at x ER"™ and y €R™9, and Q is a set of MVN
density functions. The assumption of class-conditional inde-
pendence enables us to express the joint-density of pixels as
the product of their marginal densities. Thus:

p(x,y\f,8) = p(xIf) p(y|g) = (ﬁ f(x:)) ( ﬁ g(yf))-

i=1 i=1



[II. IMAGE PARTITIONING Annexation Criterion

The generalized likelihood ratio is given by:
SsupHo(X,Y) max p(Xlf yp(Y1f)
supH,(X,Y) jlrléﬂé( p(X|f) Sl’}éaé p(Ylg)

A

For an “unsupervised” approach to partitioning we take §2 to
be the following set of functions of x € R?:

Q= {N(x;M,C): MERY,

C = symmetric and positive-definite }



[II. IMAGE PARTITIONING Annexation Criterion

For a “supervised” approach to partitioning we take £2 to
be:

Q={pxW): i=1,---,K}.

This greatly simplifies each hypothesis, but paradoxically the
resultant test criterion is much more complicated:

max p(X | W;) p(Y | W)

A= - 6
max p(X|W;) max p(Y | W;) ©)




[II. IMAGE PARTITIONING Annexation Criterion

Anderson [12] shows that:
A=A Ay
where
Ay = (141/1B)NP?
Az =(1Ax/nl" |Ay[mI™ [|AIN|V)!F2

we can construct a significance test of the null
hypothesis. A; and A, are independent under the null hy-
pothesis [12], so the procedure we use is to test A, at signifi-
cance level o; and A, at level «,, and reject the null hypoth-
esis if either test produces a rejection.



[II. IMAGE PARTITIONING Annexation Criterion

For a “supervised” approach to partitioning we take {2 to
be:

Q={pxW): i=1,---,K}.

This greatly simplifies each hypothesis, but paradoxically the
resultant test criterion is much more complicated:

max p(X |W;) p(Y W)

A= - 6
max p(X|W;) max p(Y|W;) ©)

T RS g i)

In other words, we reject the null hypothesis if A<T or
equivalently -log A > ¢. Otherwise we accept it. Experimen-

tally we investigate the effect of different values of 7 on
performance.



[II. IMAGE PARTITIONING Cell Selection Criterion



III. IMAGE PARTITIONING Cell Selection Criterion |

“Cell selection” refers to the Level-1 test which is used to
detect cells that overlap boundaries. Such cells frequently ex-
hibit abnormally large variances. Thus, in the unsupervised
mode, we say that a cell is singular if the ratio of the square
root of the sample variance to the sample mean falls above
some threshold, ¢, in any channel.



[II. IMAGE PARTITIONING Cell Selection Criterion |

In the supervised mode we call a cell singular if Q;(Y) > c,
where:

Q,(Y)=tr(5}‘ i Yfo) Eyli Y+m-M,-‘f‘}'1M;
=] =1
where j is such that:
In p(Y|W;) = max In p(Y|W;)
1 =
=max - = (m - In|2nC;] + Oi(Y)).

The decision rule is to accept the hypothesis that Y is homoge-
neous if @y(Y) <c, where c is a prespecified threshold. Other-
wise the hypothesis is rejected. This criterion has the particu-



IV. EXPERIMENTAL RESULTS

Two aircraft and two LANDSAT-1 data sets, for which large
amounts of training and test data are available, were classified
by the following six methods:

1. Conventional ML No-Memory Classification [14]
2. Supervised Cell Selection only (#=0); ML Sample
Classification |

3. “Optimized” MUV Unsupervised Partitioning; ML Sam-
ple Classification

4. Supervised Partitioning (# = 4); ML Sample Classification

5. ML Sample Classification of Test Areas Only

6. MD (Bhattacharyya) Sample Classification of Test Areas
Only [14].



IV. EXPERIMENTAL RESULTS

method #1. method #4

e s ey SRR T & " g T

Fig. 2. Gray-scale-coded classification maps produced by no-memory
classifier (left) and sample classifier (right).



fu, s, x/acaxsnEcnnun LI - W Wa== JEREzsrcssszesEmmEw

afuzfusx ) fansanna LEFi 2T LT W W Fi 2E= mfazzsc=fffiz=sxumz EEEWE
sfzazzneznfazn fonmannanannnEn , FRRRENN Ry - W ] S o aEE= = /egzxer==rx=xrEx=== ®ER
nfff feman LEE PR S R L E L b F sess = af JEEE=E mfffcss=cazscasnssnEsnEN L N
- ET T EEEREIESEE NS b - & EszEE® RS ENICEEEESANESESTER 4 T
EEEE [P I T EI T EE R T F 2 48 1 & L] HeEzzxo= 4 -
I FITTETE NS Y ¥ F W W W WEzzzz=xzx
sEESEAEs R e mEEw 4 W T
EEEEE FEFETTREREREEEEERS L Bl = & W WHN W, e NS l EEAEEESD=EE
BT EENEEEEEENREEEFREEREEE N T L L L EFEEFrExRkix 3 FERERESS
sxsssxazcn /exmennewnmew fojy [ . +% W Wi . WrzsEz=xz=== t IEETTERESE
EZsssmErzsEsEssassscsssss=| W § Wkt - W/ Hssswssszzszxx FEENETsSESSXSEEEETS= 3
EENEFSEIZEIESEESSCIESENSIE _BE W oWy EIFEESEEEEE® IERE=SXI=-EXE==SSZEEFT E
mpsEErsrssEsEssssnxnx Jaj &k & F W FEEEEEEENNETN  EEFNETETIICSEEETEETEE N
cE-ExrEs-ezER JANEESEENEE |t$$iHHHHH}HH- Mgl | zxzazsxxenr IEEEESE-=STS=SxES=SFS =
sxsxmssrr /e srcaEx LT W W WEsr[azsssawsncxx ERErEEEIENSTEN S S S EE '
cf: M EEEEIEIIESSCaEEEESSEVEmE= 8 lTafW W WiWh Wezsrzzszszzszzzax CTENENCEEENSEENEE == !
EEEESERSEEN /EEEEE NS EE| *x W W W W JEpsEEEs s aEmEEEERET FERMTESSEEFESSN T = F
E—ﬂ cxz zxxcax-acssnnnnwen W /S * fW.W Wf /W,s=ssszszssscszszssx ENENEINEESZEE=Ec == WW { [
eEassasssmasssEasaxhy & HsEw - il fu.ll:::ll-I-l::-u:l ERRTETICCSEETSEICSENETEWW
h-l sesszaczsnansnanel/ WEEtes sxeny W WowoaWWH W . yess EEzszzEz=E=SEaEE S/ hHHuuuuuuuuuHuuHuu
sEEEEEE magaEmEn/ sfEreayd W W] WWN = - zzznsrzzszEsa=as )/ el T I e T e e
I sanEn e sxzsxmmexf] LL L |-~HHHHHHHHHIHHHHHHHI Essxszzccxz=x=fJ ) - s i I e T
EERENEN, xS, " w L Wa oo ] W W=~ =W == zxzsrersasmsmmn /) 1 o o e o e
o Eam wm e, N RN *] @ W o W - HHHlHﬂHHHﬁHHH FTEIEEARTINED I o b B
afumz, ", = =, WEW= ®[x g% W= === == EEFEESEET i 1 ol e o el e el
m smaEE muw_ mnl =W F "oy W HHHHHHHHHHHH‘ HHH‘HHN‘HﬂHHH TZsxEZT=T =T by Tl ol T 0 B B B e
EEE EERER, f .. WH.E F ¥ W W WA W AN W e ERSEEFEETE P 1 e
m =aamELumLal . WO p EeEs, W oao—HHHRHWHRNRE WWE W ==m=zzz=z/f/ | = W W W W W W e W
Taw wa=]S ae WWI DL/ LR, =—WHH===W=WHN W s=azawws/f e 1 v
= WEhy wEkEy R —”HhHH“"HHHH'I”"HHH"HHHH Trwm wRER ool 1l o i b e e b B
W oaa w — W o == = e = EE=E= i e e ] e
,_J L W keE, 2 - W o == W == W WHE==W W= LA b Il 1 W o i T T O B
- W FE L L L ] * =W WA WA W WW fiemws Tl el el e ] Tl B
..q: 1 o WM SN Ee] | W= WA W WE R W W T. LEEELL e e D B R
£ . W fawns £ L ==pH= W= RAE W] W W W ' LA o o T e T
1 =W S H* ] e a s ewa MWW, WA W WA i farEsd I T T B ol B
[_( 11 W FThW==W = o= Fh=WH W W === W W e e ’r feiids 4
W oas W o= W. I=—aa====H-————WH WA NH N[ o= fers Tl o e e e B B W
Z Tas . SaWbWE = ¥ e = === =W | W TR W] il Tod e e
M o = aHW. ] [ == WH W= W W (W W W W feed Tl 1 e o I e el B B B
m FATET o ittt = e ] - e e e B BB
FETFE oo ToWab $W W=Whh===W—Wh=i=W= W | ][ W] W 1 ol I e e ] o B B el
:E - . . . ,.'lHHtH]k o e o O T T Wl T Y e e T ) e
- - " ] W= W= W == WHW == W= W W 1 ol o e T Bl e
. W oW W -— s mmammmm mscapE= = W W e e e e ] i B B
::: rir - sa= W WWW H == 1 W= W= i e B el e e B B T
1/ 1 w oMW b W WA R 0 o e B B B
il . oW FWE  HW- W= WW - WH- —==== LA L L 1 o i T B
LIJ 1477 =Tw= = F W= W=——d -- i W- WA - W o e b e B
n- - e Fs o» . TWW W W I i i HHHHHHHHHHHHHHHHHHHHHHH 1 ol el el ol e T B o T
——— 4 . Fo=—= W WA WA e e e e e B ol el el o T e e B e Rl
———— ra b1 W W e i e e B 1 o o e B L el W
>< ——— 1 = N - LL L Wik WWW==Wh AN WA W o T B B B B
- - fa w o = o i B o o e ] i T T B e B
LIJ —— « 11 - =l e e T T Tl e e e B O B W
—_—— L] ] W=HWHHANNY HEWE H ~H WA o e T e e B i
— ate [em, ., b=l O e e e ol e e D B B
—— 1 = oW + 0 e el e B e el e el o el e e e e e B e W W
- — 1 - - - W WWW 1 e ] e e T T ol T Tl B e
— e 1 Fa sw W= WWHWW WH =EWWW WH Wb =W W W ol i e e o e T B B D
— LE . e s W= W i LLLCL L] e T ] i e
-— 4 cis W =  WEW Wi W W e W W W T e o B B B B
—_— ———— W /S s W =W WA W RN W W W A T o o T B B
B 1 . S - WHH W W oW=We  WHE W W W W el o e T B o Tl B
= o 4 =  wl=tW WeWHNAW HHFHHHHHHwHHHHHHH“HHHHIHTH - I il I B i B
Fp——— . Fa - W 2] WoW e e e el e Y o e o e T B B B T B
————= « WOH L F WW HHHHHHHHHHHHHHHHHNHHHHHHHHHHHHH ————— o B B B
- - =1 W 1 e e bl e el T B W —_———— o o ol e B
—— s] aW=W ol e i T B I m——— 4 bl e B b B
——————— . = o B B T e B e T —————— ol e ] B i B T
———— ——— e W AW W s AN A A W me———— HHHHHHHHHHHHHHRHHHHHHHHHHHHHHHHHHH
_____ - i W WA A W WA, W e b el il T T B B e
————— R = Tew FHHHNNN=HWHHEWN — =W —WH W mem——— 3 HHHHHHHHHHHHHHHHHHHHhHHHHHNHHHHhHh
————— W = W A - = ———— WA W= 2= =gz ===
______ . - . W ITIT1I]]] s=====s===c-s:EEsEmSEE==== —— F LEEL LR L zE=zzzc==x
T L T YR EEE e =
—— . W INELEEE] = -
S —— W W 4. .===E= ———————
—————— . /Allz==z== ——————— 4
- s aa afpsF==== EINEEEFSESAESSS ——————— [{
m———m——— [ 1] |1 fE==x== ®EESPEFsaTEEFEPEREEF===s= =  wes———— f
_____ — N IaWf F=m=ms= EESTSEEISSSCESEFEESSESE - — AR
—————— tHHi He= == EMEESFEEETIToXXRESS ———— e S
N l - - f-l = ESEIETEERSEEXSSEEEES m————————
——— m—— . . 1_[(]“ EENNSEEFENIZEIT=EEE —m—————
S . ud -.= .;.;:--::::::::::r S — L
e | NV === S — !
= s e e . s Y za= S —
mres———, M L TEEE ——— e |
———— s ] - I sswEs ez |[=z=xrs=y=====22 e ————
—————— P W/ iszsmEps=sssrmEEESEERESSS=== o __ it

Fig. 3. Logogrammatic classification maps produced by no-memory classifier (left) and sample classifier (right).



IV. EXPERIMENTAL RESULTS

Figure 3 shows the centers of these two maps in greater de-
tail. Each class is represented by an assigned symbol and each
symbol represents one pixel. The four rectangular areas are
test areas designated as wooded pasture (displayed as a blank).



IV. EXPERIMENTAL RESULTS
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Fig. 4. Classification performance of six different methods applied to
four different data sets.



IV. EXPERIMENTAL RESULTS
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Fig. 4. Classification performance of six different methods applied to
four different data sets.
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The results for the supervised mode, however, are much
more stable. Figure 5 shows only the results for 7 =4, which
are not always the optimum results, but they are within 1% of
the optimum in all 4 cases. Figure 5 shows a typical example
of the effect of # on classification error rate.
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g. 5. Effect of annexation threshold (f) on classification perfor-
mance—run 72064412.



V. CONCLUSION

We have successfully exploited the redundancy of states that
is characteristic of sampled imagery of ground scenes to
achieve better accuracy and reduce the number of actual classi-
fications required. The only training used is the same as that
required by a conventional maximum likelihood, no-memory
classifier; i.e., estimates of the classconditional, marginal
densities for a single pixel. Thus we have not relied on specific
spatial features, textural information (class-conditional spatial
correlation), or on the contextual information associated with
spatial relationships of objects.
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