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Appendix 1 : Posterior forms.

1. Normal.

1.1. Likelihood (A) - common variance , 8 = (6;,6,,7)
1.1.1 Prior 1 : [6,,6,,7] = constant.

All parameters known.

[rIY,'I’]“eXp[_g[ié(Yi—el)2+ i (Yi‘92)2]}

i=r+l1

1.12 Prior2: [6,.6,,7] = [6,][6,]
7 known , independent Normal priors for 6, , 0,
[6:] = Ny, i)
[6,] = N, n5")
v = (M1.82,M1,72)

[r]Y,y] = tl,'l/zexp[ —%[SSQ, + by, + 13,

ty, = (rt + m)}{((n-N7 + 12)

rm > 2
= Ny, -
t2r (rT+ 771)( A ul)
I3, = (n=r)2 ()_’B - ﬂ2)2

(n=r)T + 17)

$50, = £ OG- TP+ 3 (=T

i=1 i=r+l
— 1ZX
Yy= -2 Y
ri=1
1 n
¥, = Y ¥
B (n—r)i=r+l ‘

(Non-informative limit : 17, ,7, — 0)
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1.1.3 Prior3: [6,,6,,7] = [6,][6,]
7 known , Uniform priors for 6, , 6,
[6:] = U8, .5)
[6.] = U .¢)
v = (51,81s52’€2)

[" Y, V’] o< z,'”zexp{ - %SSQr] [4’1(81) — (6] [452(32) - @,(5,)]

t, = r(in-r)
Q1(.) = &((r))'?(. - 1y))
Dy(.) = H((n-NDV*(. - Tp))
@(.) — Unit Normal c.d.f

(Non-informative limit : €, ,&, — 0,8, ,8, — —e0)

1.14 Prior4: [6,,6,,7] = [6,] 6]
6, ,7 known , dependent Normal prior for 8, conditional on 8,
(W.lo.g assume 6, = 0)
[6216:] = N(6;.713)

v = (72)

[r]Y,y] ul',l’zexp[ —%[SSQ,W + uz,]]

Uy = ((”“’)T + 7712)

(n=r)7N12 }_’3

Uy =
Uy,

$50, = L Y2+ 3 (Yi-Tp)
i=1

i=r+1

(Non-informative limit : 77, — 0)
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L15 Prior5: [6,,6,,7] = [6:16,][6,]
7 known , dependent Normal priors for ( 8, , 6, )
[6:16,] = N6, .733")
[6:] = Ny, a1
v = (K1,71,M2)

[r1Y,y] e vl;llzexP[ _%[SSQr + vzr]]exp{ —%]

Vyy = (1T + K + n)((n-7)T + 143)

rK

U,, = Yi — Vo )?
(rt+ K)m = \2
Uy, = -Y
3 rT+K+7]1(u1 c)
- rTYA'FKYB
Yo = —4 8
rt+ K
n-r)t
K - (n—r)T712

(n—n7 + Ny

(Non-informative limit : 17, ,7;, — 0)

1.1.6 Prior 6 : [6,.,6,,7] = [6,]6,7]
6, ,7 known , dependent Normal prior for 8, conditional on 8, and 7
(W.l.o.g assume 6, = 0)
[6,16,,7] = N(6;.(r)")

y = (7)

[r1Y.y] - w;"z{ -2 [550u + w2,]]

Wi & (n_r) + 7Y

(n—-r)y 72

War = (n-r) +y B

(Non-informative limit : ¥ — 0)
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L.1.7 Prior 7: [6,.6,,7] = [6,]6,,7][6,]
7 known , dependent Normal priors for (6, ,6,) conditional on
[6216,.7] = N(6,,()7")
[6:] = N(uy.ni")
v = (11.7.m)

[r1Y,y] = af,”2[ —%[SSQ, + az,]]{ —"73]

ayy = (7 + K’ + n)((n-r) + 9

rk’ -
Ay, = Y, - Y,
2r r + K/( A B)

rt + K’ _
a,, = - Y,)?
3r T+ K+ nl(#l D)
— rTYA + K,YB
YD = —'——'—’—

rt+ K
KI = (n_r)ry

Wir

(Non-informative limit : 17, ,7 — 0)
1.18 Prior 8: [6,.6,,7] = [6,]|7][6:]7][7]

Independent Normal priors for (6, , 6,) conditional on 7
Gamma prior for 7
[6:17] = N(p.ne™')
[6217] = N(u2.%577")
[7] = Ga(a/2,B/2)
v = (U1.42.1 V2,0, B)

n+a)

[71Y,y] = b5;'?{SSQ, + by, + b3, + /3}'( g

(r + r)(n—r) + 12)

™M = \2
= -Y
b2r r + 71(#1 A)

_ (-1 A
b3, = ’(n'__r) + ,},2(}12 YB)

2
5
I

(Non-informative limit : %, ,%,a,8 — 0)
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1.2. Likelihood (B) - common mean 0 = (0,17,1,)
1.2.1 Prior 1: [6,7,,7,] = constant.

All parameters known.

r (n-r)
- — T r n
[F1Y.y] = iz, 2 exp{—;lz (Yi-0P-2 3 (-0

i=1 i=r+1

122 Prior2: [0,7),7,] = [6]
71, T, known Normal priors for 8
[6] = N(uy.n)
v = (K1.m)

r (n-n

- 1
[r | Y,'I/] oc 61,1/21'12 Ts 2 exp{ _E[TISSQII‘ + TzSSQz, + Cp, + C3,]}

Ciy = rip+(n—-nt, + 1,

r(n-rt,7, -

r = Y, - ¥p)
€2 rty + (n—r)rz( D)
r(n-r)T,7 =
C3, = . . an(ﬂ - Ty
1r
§8Q1, = X (Yi-T1,)°

i=1

It

§8Q,, = ¥ (¥, -¥p)

i=r+l

)—; _ rTI?A + (n—r)TZYB
E rt; + (n—-n7,

(Non-informative limit : 7; — 0)

1.3. Likelihood (C) - different means , variances 8 = (6;,6,,7;,7;)
1.3.1 Prior 1: [6,,6,,7,,7,] = constant.
All parameters known.
(n-r)

[r|Y,'I’] < 71" T2 2 expl — 71 %, (Yi"el)z‘fz ) (Yi'92)2
i=1

i=r+l

N~
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1.32 Prior2: [6,,6,,7,,7,] = [6,][6,]
7y, T2 known , independent Normal priors for 6, , 6,
[6:] = Ny,
[6:] = N, .ns")
Vo= (B1.H2.71.72)

r (n— r)

[r I Y»'l’] o dlr Tl () 2 exp{ T A [TISSQIr + T2SSQ2r + d2r + d3r]]

di, = (1 + M) ((n-01, + 1)

rt My = \2
d,, = -Y
2 rTl + 771 (u A)
(n-ry5,n —
d3r = 22 (}12 - YB)2

(n-r7, + n,

(Non-informative limit : 177 ,7, — 0)

1.3.3 Prior 3 : [91,92,71,1'2] = [01|Tl][92|1‘2]

T;,T, known .

Independent Normal priors for 6, , 8, conditional on 7, ,7,
[6:]17:] = Ny, (ne)™)

[62]172] = Nz, (27)7")

y = (ﬂl M2, ’7'2)

(r-1) (n—r-1) 1
(3 2 Ty 2 exXp —'2—[TISSQ1,+T2SSQ2,+62,+€3,]

1/2

[rIY,l/I] o< el_,

ey, = (¢ + 1)(n=r) + 12)

rtih 5 \2
- -7
e2r r + yl (#l A)
P (n— r)'r272 ( )
¥ -+ h

(Non-informative limit : 73,7 — 0)
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1.3.4 Prior 4 : [91 ,62 »T1 ,Tz] = [91 l Tl] [92 | T2]
All parameters unknown.
Independent Normal priors for 8, ,8, conditional on 7, , 7,

Independent Gamma priors for 7, ,7,
[6:17:] = N .(nm)™)
[6:172] = Ny, (n2)™")

(7] = Ga(ay/2.8./2)

(%] = Ga(0/2.8,/2)

y = (ﬂl Mo Y1200, By ,az’ﬂz)

[71Y,y] = e{,mr(f“L_o;l:_l)F(n —r+a - 1)

2

(r#al—l) (n—r+ a‘—l)

{SSQ1r+ 82r+ﬂ1}T{SSQ2r+ e3r+ﬁ2} :

(Non-informative limit : 7, ,% , 01,81 ,0,,8, — 0)

2. Poisson.

2.1.1 Prior 1: [4;,4,] = constant.

All parameters known.

[r1Y,y] = A?Jl‘gz‘y'exp{—rll—(n—r)kz}

2.1.2 Prior 2: [41,4,] = [A1][2:]

All parameters unknown.
Independent Gamma priors for 4, ,4,
[4:] = Ga(a1.B)

[2.] = Ga(a, .B2)

v = (01.51.2.5)

F(a1+é‘,lY,-+%)F(a2+ in+%)

i=r+l

1
@, + ZY‘*—E
N

[’IY’V’] o< a‘+zy‘+1
(By+r} & B+ n-r}

(Non-informative limit : a; ,a; , B, B, = 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 (¢) 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 ¢, 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, t, 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, T,, and T, hav-
ing mean-levels 0.0,1.0,and,3.0 respectively, so that the Signal-Noise ratio at the Ty /T
boundary is half that at T / T, 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 £, 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 (¢) and (f) depict the results of Gibbs Sampler based analyses under a threc

changepoint with (f ,m) set equal to (1,1) and (5,3) respectively.



Fig A2-1(a) : true scene
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Fig A2-1(e) : 112.8 seconds

Fig A2-1(f) : 23.4 seconds
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Fig A2-2(a) : true scene
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Fig A2-3(e) : 116.5 seconds
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Fig A2-3(b) : image
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Fig A2-8(a) : true scene
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Fig A2-8(b) : image
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