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Again, the reconstructions are broadly similar, but we notice several important features. The 

segmentation in (a) is clearly inadequate. This is largely due to the poor prior specification of 

the texture mean parameters. In reality, the algorithm had not converged at this stage, and did 

not converge for around another 200 iterations, after which the segmentation had improved a 

little relative to the true scene, even though the "Wales" and "Scotland" regions were still 

absent. Thus we infer that the prior specification can effect the rate of convergence of the 

algorithm adversely. The segmentations in (b) and (c) are also inadequate. In (b), the choice of 

f3 has led to the prior field dominating the posterior field, and in (c) the lack of updating of the 

parameters has had an appreciable negative effect. The segmentation achieved using I.C.M. 

depicted in (d) is remarkably good. However, the quality of this segmentation became increas­

ingly worse as the procedure was iterated, indicating that, in this context, f3 = 1.0 is too 

large. We are also left with little probabilistic interpretation of the results. Thus, as reported 

by other authors, it may be advantageous to precede any formal probabilistic analysis using 

the Gibbs Sampler by a small number of iterations of I.e.M., in order to remove the majority 

of isolated pixels created by non-spatial classification techniques. 

(7.7) Image segmentation and pixel classification· conclusions. 

In this chapter we have seen how changepoint techniques can be used directly to achieve 

naive segmentations, and indirectly as the first stage of a probabilistic classification technique 

for simple edge and convex object true scenes. We also saw how the changepoint techniques 

could be used to obtain initial parameter estimates from training data to be used subsequently 

in more sophisticated segmentation schemes. We attempted to overcome the problem of 

coherent parameter estimation in one such scheme implemented via the Gibbs Sampler by 

developing an amended version of the algorithm in which the full conditional posterior distri­

butions of the unknown texture parameters were included in the usual sampling scheme, allow­

ing approximate posterior marginal estimates for these parameters to be obtained. Finally, we 

studied a worked example based on an image derived from a familiar true scene. 
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Appendix 1 : Posterior forms. 

1. Normal. 

1.1. Likelihood (A) - common variance, 9 = (91 ,91 , 'r) 

1.1.1 Prior 1: [91 ,92 , 'r] = constant. 

All parameters known. 

'r known, independent Normal priors for 91 ,92 

[9d = N(Pl, 111- 1) 

[92 ] = N(P2, 112- 1
) 

VI = (J11 ,J12 ,111 ,112) 

[r I Y.lJf 1 ~ 11, -1J2exp{ - ~ [SSQ, + I:z, + 13,1] 

1 ~ 1',. YB = ~ 
(n-r) i=r+l 

(Non-informative limit: 111 ,112 -7 0 ) 
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-r known , Uniform priors for 81 ,82 

tr = r(n-r) 

[8d = U(OI,£I) 

[ 82 ] = U( ~ , £2) 

'" = (01,£1,02,£2) 

[ r I Y. '" 1 ~ t,-l/2exp{ - ~SSQ, } [<p. (e.) - <PM.)][ <P2(e2) - <P2( 82) 1 

<1>1(.) = <1>(r-r)1/2(. -YA)) 

<1>2(.) = <1>( «n-r)-r)1I2(. - YB )) 

<1>(.) - Unit Normal c.d.f 

(Non-informative limit: £1 '£2 ~ 00,01 , ~ ~ - 00) 

1.1.4 Prior 4: [81 ,82 , -r] = [82 1 81 ] 

81 , -r known, dependent Normal prior for 82 conditional on 81 

(W.l.o.g assume 81 = 0) 

[82 181 ] = N(81, 11121) 

'" = (1112) 

Ulr = (n-r)-r + 1112) 

= (n -r) 1112 y-
B
2 

U2r 
Ulr 

r n 
2 - 2 

SSQnr = L Yi + L (Yi - YB ) 
i=1 i=r+l 

(Non-informative limit: 1112 ~ 0) 



Vir = 

V2r = 

V3r = 

Yc = 

K = 
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1.1.5 Prior 5: [81 ,82 , -r] = [82 1 8tl [ 8tl 

-r known, dependent Normal priors for ( 81 ,82 ) 

[82 18tl = N(81 , 77i21) 

[8d = N(P1, 771- 1) 

yt = (Ill ,771 ,7712) 

(r-r + K + 771)«n-r)-r + 7712) 

rK (- - 2 YA - YB ) 
rf + K 

(rf + K)771 ( - )2 
r-r + K + 771 III - Y c 

r-rYA + KYB 

r-r + K 

(n-r)-r7712 

(n-r)-r + 7712 

(Non-informative limit: 771 , 7712 ~ 0) 

81 , -r known, dependent Normal prior for 82 conditional on 81 and -r 

(W.l.o.g assume 81 = 0) 

[82 181 ,-r] = N(81,(rr)-I) 

yt = (r) 

Wlr = (n-r) + r 

W2r = (n-r)r rj 
(n-r) + r 

(Non-informative limit: r ~ 0) 



aIr = 

a2r = 

a3r = 

YD = 

K' = 
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1.1.7 Prior 7: [81 ,82 , 1'] = [82 I 81 , l' ][ 8tl 

l' known , dependent Normal priors for ( 81 , 82 ) conditional on l' 

[82 181 ,1'] = N(81,(rr)-I) 

[ 81 ] = N(Pl, 711- 1) 

." = (J.J.l, r, 71d 

(r1' + K' + 711)«n-r) + r) 

rK' (- -)2 , YA - YB r + K 

r1' + K' ( Y )2 
r1' + K' + 711 J.ll - D 

r1'YA + K'YB 

r1' + K' 

(n-r)'Z'Y 

Wlr 

(Non-informative limit: 711 ' r ~ 0) 

1.1.8 Prior 8: [81 ,82 , 1'] = [81 11'][ 82 11' ][ l' ] 

Independent Normal priors for ( 81 , 82 ) conditional on l' 

Gamma prior for l' 

[81 11'] =N(J.ll,rl1'-I) 

[82 11'] = N(J.l2,r21'-I) 

[1'] = Ga(a/2,P/2) 

." = (J.ll ,J.l2 , rl ,r2 ,a,p) 

(n + a) 
] -1/2 { b b Il} 2 [r I Y, yt oc b1r SSQr + 2r + 3r + ~ 

b1r = (r + rl)«n-r) + r2) 

rrl (PI - YA)2 
r + rl 

b
3r 

= (n-r)r2 (P2 - y
B

)2 
(n-r) + r2 

(Non-informative limit: rl , r2 ,a ,p ~ 0) 
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1.2. Likelihood (8) • common mean, 8 = (8, 'l't ,'l'1) 

1.2.1 Prior 1: [8, 'l'1 , 'l'2] = constant. 

C1r = 

C2r = 

C3r = 

All parameters known. 

! (n-r) { 'l' r 'l' n ) 
[r I Y , yt] oc 'l'? 'l'2 2 exp -...! L (Yi - 8)2 - ~ L ( Yi - 8 f 

2 i=1 2 i=r+1 

1.2.2 Prior 2: [8, 'l'1 , 'l'2] = [8] 

'l'1 , 'l'2 known Normal priors for 8 

[8] = N(P1,1]1-1) 

yt = (J.l1, 1]d 

r'l'1 + (n-r)'l'2 + 1]1 

r(n-r)'l'1 'l'2 (- - f YA - YB 
r'l'1 + (n-r)'l'2 

r(n-r)'l'1'l'21]1(J.l - YEf 
C1r 

r 

SSQ1r = L (Yi - YA)2 
;=1 

r'l'1 YA + (n-r)'l'2YB 

r'l'1 + (n-r)'l'2 

(Non-informative limit: 1]1 ~ 0) 

1.3. Likelihood (C) • different means, variances 8 = (8t , 81 , 'l't ,'l'1) 

1.3.1 Prior 1: [81,82 , 'l'1 , 'l'2] = constant. 

All parameters known. 
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'l'1 ,'l'2 known, independent Normal priors for 01 , O2 

[ 01 1 = N(Pl, 111- 1) 

[02l = N(P2,112- 1) 

'If = (Ill ,1l2, 111,112) 

(Non-informative limit: 111 , 112 ~ 0) 

'l'1 ' 'l'2 known . 

Independent Normal priors for 01 , O2 conditional on 't'l , 't'2 

[01 I 't'1] = N(PI, (rl 'l'1)-I) 

[021't'2] = N(P2,(r2't'2)-I) 

'If = (Ill ,1l2 , rl , r2) 

(r-l) (II-r-l) ( 1 ) 
[ r I Y, 'If] ex el~1/2't'1-2-'t'2-2 -exp - 2 ['t'ISSQlr + 't'2 SSQ2r+ e2r + e3r] 

elr = (r + rl)«n-r) + r2) 

r'l'l rl ( Y- )2 
e2r = III - A 

r + rl 

(n-r)'l'2r2 ( y- )2 
.-:....--~~ 112 - B 
(n-r) + r2 

(Non-informative limit: rl , r2 ~ 0) 
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All parameters unknown. 

Independent Normal priors for 81 ,82 conditional on 'l'1 , 'l'2 

Independent Gamma priors for 'l'1 , 'l'2 

[ 81 l'l'l] = N(p.I, (rl 'l'1)-I) 

[ 82 I 1'2] = N(p.2, (r2 'l'2)-1 ) 

[1'd = Ga( ad2 ,Pd2) 

[ 'l'2] = Ga( a2/2 ,P2/2) 

VI = (J1.1 ,J1.2 ,rl ,r2 ,al ,PI ,a2 ,P2) 

[ I ] -ll2r( r + a I - I ) r( n - r + a2 - 1 ) r Y, VI oc: e Ir 2 2 

(,+CI -I) (,,-'+ CI -I) 

{SSQlr+ e2r +Pd-2'-{SSQ2r + e3r+P2} 2' 

(Non-informative limit: rl , r2 , al ,PI , a2 ,P2 ~ 0) 

2. Poisson. 

2.1.1 Prior 1: [AI' ~] = constant. 

All parameters known. 

[r I Y, VI] oc: Afy, J.Y, exp{ -rAI -(n-r)~} 

2.1.2Prior2: [AI'~] = [Ad[~] 

All parameters unknown. 

Independent Gamma priors for Al , ~ 

[Ad = Ga(al,Pd 

[~] = Ga(a2,P2) 

VI = (al ,PI , a2 ,P2) 

r(a l + ±Yi + !)r(a2 + . ~ Yj + ~) 
i-I 2 l=r+1 

(Non-informative limit: al , a2 ,PI ,P2 ~ 0) 
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Appendix 2 : Edge-detection - examples. 

In this appendix, we present further examples of the use of the changepoint based edge­

detection routines developed in previous chapters. In each case, part (a) depicts the true scene, 

and part (b) the image derived from the true scene under the image formation process in equa­

tion (2.1), where each pixel is corrupted independently and identically with additive zero-mean 

and normally distributed noise. For demonstration purposes, the images were generated to 

exhibit a Signal-Noise ratio of 1.5, and are displayed using a six level grey scale. In figure 

A2-1 through to A2-5, the results depicted in parts (c) to (f) arise as the result of the following 

analyses. Part (c) depicts the results of a full analysis with each row and column treated 

independently using the posterior distribution in (2.11) under a one changepoint assumption. 

Part (d) depicts the results using the binary segmentation technique described in section (3.3.2) 

of chapter 3, under similar assumptions. Part (e) depicts the results of a full analysis using the 

marginalised version of the joint posterior distribution in equation (3.2) under a two 

changepoint assumption. Part (f) depicts the results of a full analysis based on the marginal 

posterior approximation technique using the Gibbs Sampler algorithm discussed in section 

(3.2), with both number of iterations to and number of replications m set equal to one. In each 

case, a non-informative specification for the texture mean-level and noise variance parameters 

was used. In addition, a probability of p = 0.1 was placed on the no changepoint alternative 

model. The amount of computation time required to produce each set of results is recorded in 

each case. In figure A2-6, part (c) depicts the results of an full analysis using (2.11), and parts 

(d), (e), and (f) depict the results obtained using the Gibbs Sampler approximation technique 

to compute the posterior marginal distributions under two, three, and four changepoint 

assumptions. Again, to and m were set equal to 1 in each case. In figure A2-7, part (a) depicts 

a relatively simple three texture true scene, with the homogeneous textures To, T1 , and T2 hav­

ing mean-levels 0.0, 1.0, and, 3.0 respectively, so that the Signal-Noise ratio at the To / T} 

boundary is half that at Tl / T2 boundary. Parts (c) to (f) depict respectively the results of row 

analyses using (2.11), the binary segmentation technique, the marginalised version of (3.2), 

and the Gibbs Sampler based approximation to the posterior marginal distributions with to and 

m equal to 1. Figure A2-8(a) depicts a chessboard type true scene with texture mean-levels 0.0 

and 1.5, and part (b) depicts an image derived when the noise variance is 1.0. Again, parts (c) 

and (d) depict full analysis results obtained using (2.11) and the binary segmentation tech­

nique. Parts (e) and (f) depict the results of Gibbs Sampler based analyses under a three 

changepoint with (to , m) set equal to ( 1 ,1) and (5,3) respectively. 
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Fig A2-3(b) image 
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Fig A2-6(b) Image 
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