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Double Markov Random Fields and
Bayesian Image Segmentation

Dina E. Melas and Simon P. Wilson

Abstract—Markov random fields are used extensively in model- uncertainty in the segmentation and properties of the texture
based approaches to image segmentation and, under the Bayesiarg|asses.
aradigm, are implemented through Markov chain Monte Carlo At A thi ot ;
FMCMg) methodsr.) In this paper, wegdescribe aclass of such models There are thr?e objectives inthis paper. The f|r§t IS to describe
(the double Markov random field) for images composed of several .the general notion of a d.ouble M.arkov random field model fpr
textures, which we consider to be the natural hierarchical model images composed of regions of different texture. Our contention
for such a task. We show how several of the Bayesian approaches inis that this represents a natural model for the task of segmenta-
the literature can be viewed as modifications of this model, made in tjon. Our second objective is to show that many of the Markov
order to make MCMC implementation possible. From asimulation  on40m field models used for segmentation can be viewed as
study, conclusions are made concerning the performance of these . . .
modified models. adaptations of this model so that MCMC can be used. Five such
general adaptations are described. The final objective is to com-
pare, by a simulation study, the performance of these adapta-
tions. We conclude that one of the models seems to perform
better overall than the others, and this is applied to segment a
|. INTRODUCTION satellite image.

HE MARKOV random field has been used in many model- The paper is organize_d as follgws. Septiqn Il defines .the
I based solutions to image analysis problems, including ﬂ%quble Markov ra_ndom f|e_Id and its apphcagon to Be}ye§|an
of image segmentation. In image segmentation, a digital ima"%age segmentation. Section Il describes five modifications

is to be divided into regions that are deemed to possess sim 'Ihe mode_l to enable segmgntat_ion by MCMC' S_ection N
IS a comparison of these modifications by a simulation study,

local properties, which, here, are taken to be texture. Applic§ X .
tions include and Section V applies the most successful model to land-use
L o estimation from satellite radar images. Section VI completes

* land-use estimation from satellite images;

: : . . the paper with some concluding remarks.
» computer-aided medical diagnosis; pap 9

» content-based image retrieval;
* image compression; [I. DOUBLE MARKOV RANDOM FIELD
* recovery of shape information from an image.

. . . . onsider a rectangular lattice of pixel sit8sAn image con-
We consider so-called supervised and semi-unsupervise,

. . ; sofanarray of grey valués, ), s and labelgy, ) .cs, iden-
segmentation, where the number of texture classes in the IM3eng the texta/re t?/peypresgr?t )V\E/g assume tﬁgt zhfafé?am(-

is known but information about their properties is either knowfﬁres in the image and that each texture, defined on a, o6
or unknown, respectively. In a Bayesian approach, the goalal'si\ﬂarkov random fieldl™. parameterizec,i by,., with nei,gh-

to infer the posterior distribution of possible segmentatio thood system having a set of cliqu&s The label process is

and, Wher_e hecessary, any unknown model parameters. Bther Markov random field, parameterized by and with
approach is implemented through Markov chain Monte Car, bighborhood system represented by the set of cligyesll

(MCMC) methods, usually the Gibbs sampler. Althoug e fields are independent, conditional on model parameters, and

computationally more expensive than many other approac Ssir distributions have the followina Gibbs representation:
the MCMC approach has the advantage that the analt;g?sl ISHIbUH v wing i P ion:

also yields, through the posterior distribution, information on

Index Terms—Bayesian statistics, hierarchical model, image seg-
mentation, Markov random field, remote sensing.
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the collageX = (77*),cs, and the joint distribution foX and on the labels would not usually have the convenient local in-
Yis teraction structure introduced by the Markov property in the
label field model. This means that Gibbs sampling directly from
P(X=zY =yl ...,0r,B) (5) is not possible. As a result, several computationally feasible
models have been proposed that are in the same spirit but allow
R Gibbs sampling. In this section, we specify five such models.
=P(Y =y|B) H P (Tgr =g, |9,,) (3) They can be viewed as approximations to the general model of
r=1 (2)—(4) made to resolve two issues: dependence of the partition
functions on the labels and the assumed boundary structure be-
whereS, = {s € S : y, =r}andTg , zs, denotel” andz  tween regions.
restricted toS;.. The first, which we call Model I, recovers the local interac-
In order to evaluaté’(Ts = s, |6,), itis necessary to iden- tjon structure on the labels by redefining the texture models to be
tify the interaction structure of pixels that have missing neighusal, thus creating partition functions of a simple form. The
bors. This is generally intractable, leading to the use of variogger four modify (3) to define posterior full conditional dis-
boundary assumptions. The marginal distribution on the regiogutions onY that admit a Gibbs formulation. Model Il uses
is then approximated by the joint distribution of the sites ifoncausal texture models, but the partition function is ignored.
S, conditioned on the assumed boundary values. One commganvodels 111-V, local noncausal texture models are combined
boundary approximation is the free boundary, where pixels @forder to simplify the dependence of the partition function on
the edges of the region have fewer neighbors than those in theiiks |abels. These five models cover many of the Markov random
tel’ior. Another pOSSIbIlIty iS aﬁxed boundary, Whel’e the m|ss|%|d approaches that have been proposed in the |iterature_
neighboring values of the pixels on the edges are replaced byn Mmodels I, 111, IV, and V, we will see that the modifications
arbitrary fixed values. The often-used toroidal structure is ng§ the original double Markov random field have the effect of
applicable in this case because the sets of pielsre not nec- jntroducing an external field to the prior model for the labels.
essarily rectangular. From (1), under a free boundary structufge effect in Model Il is less clear, but it can be interpreted as

we would have placing a prior on parameters that is proportional to the partition
functions. We also note that only in Model | does the full con-
exp | — Z Vi o (2016,) ditional eqqation define a probability model; the others dp nqt
] eC. S give a consistent model and should be seen as an approximation
P (T, =ws,16,) = Zs.(6,) - (4)  tothe true full conditionals of the double Markov random field.

At the end of the section, we discuss an auxiliary variable ap-

Equations (2)—(4) define the double Markov random field: Broach that would directly sample the posterior from the double
phrase that was, to our knowledge, first used in [1]. Inferendéarkov random field model but at a potentially large increase

is now based on the posterior density in computation.
Py, 01, ..., 0R, 02 A. Model I: Causal Texture Model
xP(X=z,Y=ylb,...,0r3)nb1,...,0r,8) (5) The7™ are modeled as causal Gaussian autoregressive (AR)

processes. Assume that sitesSiare labeled lexicographically.
in the semi-supervised case for a prior distributienor Then
P(ylby, ..., Or, B, z) in the supervised case. A best single
segmentatiog* is then sele(;ted from the postgrior distriput!on. TT = p, + Z br (TTF — ) + 00l (6)
Two are considered in the literature: the maximarposteriori
(MAP) y* = argmax, P(Y = y|z), or the marginal posterior _ ‘ ‘
modey} = argmax,, P(Y, = y.|z). These are motivated by = {%k, if (s, J>_k7 s> @)
by decision theory; they are the segmentations that minimize v 0,  otherwise
posterior expected loss, when the loss function is 0-1 (for ) ) .
MAP) or the number of misclassified pixels (for MPM). Thdo' 7~ = 1, ..., B, where(s, j) meanss and; are neighbors,
former is found by stochastic maximization—usually simulateid: /)+ means neighbors of clique type(vertically, horizon-
annealing in tandem with Gibbs sampling (see [2]—and tﬁglly,. or diagonally ne|ghpor|ng, etcy,. is the standard deV|a.—
latter by Gibbs sampling of the posterior, and picking the molipn in the texture, and the are independent standard Gaussian

frequently generated label at each site after convergenceti&rs- Conditions > j imposes the causality. Fig. 1 shows a
deemed to have occurred (see, for a recent example, [3]). realization of a causal AR process with the second-order neigh-
' ’ borhood system and a strong horizontal correlation, along with

the Gaussian Markov random field with the same parameters for

comparison. We see that the two are similar, but the MRF has a

better defined texture. Simulations with other parameter values
Although (3) represents our ideal model, it cannot be readihave supported this observation.

used because the partition functioffg, (6,.) cannot be com-  For segmentation, the outcome is that the posteribrimfain-

puted. Even if one were to approximate them, their dependeriais a local interaction structure and can be simulated with

Ji (s, 5)

I1l. M ODIFYING THE DOUBLE MARKOV RANDOM FIELD
MODEL
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Fig. 1. Realization of a causal Gaussian AR process on the left, Withvge observe that this WOL!Id be the pOSte”_Or obtained from the

realization of the Gaussian Markov random field having the same parametd@uble Markov random field, were the priors on the parame-

on the right. ters to be proportional to the partition functions. However, there
seems no argument, other than computational convenience, why

MCMC. Under a first-order Potts model f&f, the log full con- one should specify such a prior.

ditionals are, up to an additive constant

log (P (Y; =rlz, yj, j # 5, 0, ) Another possibility is to consider the grey levels to be com-
= _% log(270?) posed of a set of overlapping square winddWs; ) ;s of size
n X n centered at, whose values are those of the corresponding
) window in X . Within each window, the texturk, is assumed,
1 and the windows are assumed independent gkerhis re-
— = \ Ts — Uy — o (L5 — e
202 pe= 2 D dnle— ) duces (4) to

P (T3, = ws,10-)

Y Y ) ® 5

k=1 j: (s, )i exp |~

C. Model llI: Overlapping Window

k=1 j: (@, j)n
s>j

Vi e (cl0:)

c€C: cCW,
whered(u) = 1if w = 0, and is 0 otherwisey is the number of - H Z,.(6,) (10)
different clique types in the neighborhood system, and the types oCS-

k = 1andk = 2 are the first-order doubleton cliques (horizonwhere the partition functioi,.(¢,.) is that ove¥;. In the case
tally and vertically neighboring pairs). Although causal modelsf a CAR model with a toroidal boundary assumptiéi(4,.)
have computational advantages, the directionality implied in théuld be the normalizing constant of ai-dimensional mul-
definition means that they have less discriminating power thamigariate normal, with mean and variance structure specified by
Markov random field. However, in supervised segmentation, tlg; see [7] for the form of the covariance matrix as a function of
model will still perform well in many situations, as we demoné,.. Thus, Z,.(#,.) is a function of the determinant ofi¢ x n?
strate later in Section IV. An early discussion of such causalatrix, and readily computable for small although the com-
models is in [4]. This model is an example of a Markov mesputational effort grows quickly with. In supervised segmen-

model, further examples of which are in [5]. tation, we need compute these only once (one for each texture),
- . whereas in semi-unsupervised segmentation, they would have
B. Model II: Ignore the Partition Function Term to be recomputed at each MCMC iteration. This model is used

Model Il is defined by ignoring the partition function termgn [8]—{10], with windows of size 3« 3; a similar model is pre-
Zs. (6,) in (4). Doing this, we obtain the model of [6], which issented in [11].
used as a template model to divide an image into two regionsFor Gaussian CAR texture models and a Potts model for the
Again, a Markov structure on the posterior Xfis recovered. labels, and with fixed boundary conditions, the log full condi-
When a Potts model is assumed 6and Gaussian conditional tionals of the posterior of” are, up to an additive constant
autoregressive (CAR) for tHE", that is, thel™ follow the non-

causal AR model” = p,. + Zj: (o) Gy, (L] — pin) + orel, log (P (ys =rlz, v, j # s, 0, B))
whereg,,, = ¢, if (s, j)x, we obtain the following log full 1
conditional, up to an additive constant = —log(Z:(0:)) = 55 > @i —m)
TjEw,
1Og (P (Y; = 7’|.Z‘, Yis J 7& S, 97‘7 /3)) K
1
_ (@ —m)® - = > (@j— )by (1= i)
202 T k=1 (G, O
. (@5 = )P (3 — ) :
+> > ( e ) 6(r — uy) +68Y 5(r — u;). (11)
k=1j: (s, s r k=1 j: (s, j)s
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Unfortunately, calculation of..(8,.) for other MRF models can F. MCMC from the Double Markov Random Field
still be a lengthy task, even for small and is only practical SinceP(X = 2,Y = ylb1, ..., 0r, B) x P(Y = y|)
in supervised segmentation, where their calculation is only fgrR * p(7vg, ) an MCMC scheme is then to sample the

quired once. on the complement of,. givenT% = zs,, and then, sample
D. Model IV: Use the Pseudo-Likelihood YRfrom th,,e full conditional proportlonal t(.P(Y = ulp)
IL;.—; P(T7)6,). In the supervised case, this would allow for
Model Ill is susceptible to considerable boundary effects gie sampling from the double MRF posterior. For the Gaussian
the edges between different textures because a single teXMRF case, such conditional distributions on fie are multi-
model is assumed in each window. This effect increases with ipariate Gaussian and can be calculated (see [15] for an efficient
creasing window size. The minimum size of window that can kfiethod). However, such an approach has its own problems. For
considered without losing textural information is one that cofexture classes with only a few pixels assigned, one is faced
tains the neighborhood of the central pixel. Model IV is the@ith simulating a realization of the texture across almost the
defined to be Model Il but where the window size is the neighentire image conditional on this small sample. Although not
borhood of the central pixel. Thus applied to image analysis, experience in [16] of simulation
P (Tgr = -TST|97‘) of Gaussian Markov random fields showed that convergence
problems can easily arise. This would be particularly true in the
semi-unsupervised case, where parameters from classes with
exp | = Z Viye (2c;6r) only a few pixels assigned would not be well estimated. We do
= H cCCr: S;‘: . (12) not pursue this idea further here.
sCS, r
This model corresponds to using the pseudo-likelihood of tf& EStimation of Model Parameters
double Markov random field model for the posterior distribu- In a Gibbs sampling scheme to simulate from (5), in a semi-
tion, as defined in [12]. The pseudo-likelihood has also beemsupervised approach, we also require the full conditionals of
used in a Bayesian approach in [13]. The boundary effect stll model parameters, which are a function of the partition func-
exists in that at the boundary this term is a function of somgn. It is possible to approximate the partition function, but it
grey levels that are from another texture. Under Gaussian CASomputationally expensive; see [17] for an example using the
texture models and a Potts model for the labels, the full condicheme of [18].
tionals of the posterior of” are This approximation can only be practically evaluated for the
log (P (ys = 7|z, yj, j # s, 6, B)) texture parameters of Model I, where the dependence on the
_ _% log(2r02) label parameter is from the partition function of the label model,
and therefore, the partition function does not need to be re-eval-

2

K uated at each iteration of the sampler. In Models IV and V, we

Ty — fhy — Z Z G (T — por) can make an approximation to the full conditiorjal by restricting.
k=1j: (s, j)x the dependence of the parameters to terms in (12). With uni-

- 202 form prior distributions over some suitable range on all texture

) parameters, the full conditionals féy are then proportional to
n /32 §(r —y;). (13) the pseudo-likelihood function
K=1 s (s 0 PL(b; v, y, B) = [ Plys=rlz, y;, 5 #5, 6., 8). (15)

E. Model V: Pseudo-Likelihood, but Ignore Grey Levels from a S

Different Texture In the case of Gaussian CAR parameters, the range of allowable
A modified version of (13) was used in [14], where Onll}/alues is determined in [19], and the full conditionals are given

neighboring grey levels corresponding to pixels with the santfé [20, App. 2]. .
label as pixels were included in the full conditional. Under !N all cases, where a Potts model is assumed for the labels,
Gaussian CAR textures and an Ising model prior for the Iabe@,e full conditional of/3 is not available. We either consider it

the full conditionals for the posterior af are fixed or sample from the pseudo-likelihood of the model; this
log (P (ys = rla, yj. j # 5, 6ry ) latter case we call thadapnveglgquthm. .
We note that the pseudo-likelihood estimate/ofends to
=—3 log(2707) overestimate its value in MPM segmentation, leaving it above
2 the “critical” temperature for the Ising model 8f~ 0.88. Since
K values of/3 above this value place most probability on segmen-
Ts— p — Z Z G (Tj — pr) tations with large regions of one class, this implies the possi-
k=1 j: (s, 5)u bility of oversmooth segmentations [21, ch. 5]. In MAP segmen-
_ Yi =T tation, 3 is confounded with the temperature parameter; there-
207 fore, its estimate is meaningless. Our experience here is that the
2 mean and variance parameters of the CAR model are estimated
+75 Z 8(r — ;). (14) well, whereas the correlation parameters may not be. It has also
k=1 j: (s, j)s been observed that this approach underestimates uncertainty in
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the full conditionals [22]. Thus, this approach cannot be recom-
mended if parameter estimates are the objective. However, w
are interested merely in differentiating between classes and th:
(3 be calibrated to permit a reasonable segmentation.

H. Implementation Issues

To estimate the MPM segmentation using any of the models
one samples from the full conditional of the labels as specified;
then, in the semi-unsupervised case, one also samples paran
ters; for Models IV and V, one can use (15). This is repeated unti f &
“convergence” occurs, whereupon samples are stored for eac ;
label. When “enough” have been collected, the most-often sam
pled label at each pixel after convergence is said to be the clas
at that point. The MAP segmentation is obtained using simu-
lated annealing; therefore, it requires in addition a sequence ¢
temperatureq?, 75, ... decreasing to 0, and at thgh itera- :
tion of the MCMC sampler, labels are sampled from the dis- &
tribution proportional toP(y, = 7|z, y;, j # s, 0, B)/ T
and parameters from that proportionalRa.(8,.; =, y, 3)1/™.
Once the temperature is near 0, the sampling stops, and the cur-
rent segmentation is taken to be the MAP. Several temperature

Fig. 2. Label map and the 3 textured images to be used in the simulation study.

IV. SIMULATION EXPERIMENTS

seguences can be considered, such as geoniéirie (07,1, In this section, we compare the five models with a simulation
for 0 < p < 1) or logarithmic {;, = 1/(a + blog(n))); theo- study. We assume second-order Gaussian CAR models for the
retical discussion of the merits of these is found in [2]. textures and a Potts model for the labels, with the exception of

We always initialize with a random segmentation, and djodel I, where the causal AR model is assumed, that is, (8),
average, this seems to work well. One can, of course, start fréf (11), (13), and (14) are the relevant full conditionals for
an initial crude segmentation, but it is well documented that- Three different 128< 128 images are used, as displayed
these MCMC approaches are liable to remain in local posterifr Fig- 2. Each is composed of two textures according to the
maxima (see [23] for a simple example in the case of imadfé'® label map in the figure. Images 1 and 2 are realizations of
restoration); therefore, the segmentation is sensitive to t#@ussian CAR models, and image 3 is a composition of images
starting conditions. For example, starting with a segmentati@h!eaves and grass. In image 1, the mean and variance of both
where all pixels are in one class, our experience is, even fd@SSes is the same, whereas in image 2, they are not.
the simple images to be analyzed in the next section, that thafwo sets of simulations are conducted, comprising a total of
algorithm may only move slowly from this state. Other MCMC49 experiments. The first set is super\{ised, with the_m_ain goal
approaches to sampling labels, such as the Swendsen—\/\l&fn@‘)mpa””g the performance of the five models. Within each
algorithm, can improve this situation [24]. set, there are various options we might select:

Another issue is the number of iterations. This depends on * model;
image size, complexity, and the number of classes, and there* image;
are clearly no absolute rules that one can follow. For MPM seg- * window size in the case of Model ll;
mentation, we require that the MCMC has reached equilibrium * whether to fixg or sample it.
before using the sampled labels to determine the MPM; moRer the latter, we choose values/@®around and above the crit-
itoring 3 or the number of pixels assigned to each class is &al value of 0.88 to compare with the sampled values, which
indicator of when the method has reached an equilibrium. \ere generally in the range 1.0-1.5 (see Fig. 3 for a typical trace
general, we then again run the algorithm for as many iteratioosampled values gf). The true texture parameter values are
as it took to reach equilibrium and use these to determine thged for images 1 and 2 and the maximum likelihood estimates
MPM segmentation. For the MAP segmentation, too few itefer image 3 (see [12]). A uniform prior fg# on the range (0, 4)
ations implies a quickly decreasing temperature and a riskisfused, which gives support over critical temperature values.
being caught in a local maximum far from the global. Our ex- In the semi-unsupervised case, we only consider Model IV.
perience is that 100 iterations is an absolute lower bound fbhnis is because we conclude from the first set of experiments
either MAP or MPM, and for most images, many more wilthat Models IV and V give better segmentations than Models |,
be needed. For example, for images of size %0600, seg- I, orlll. Models Il and Il are also computationally more expen-
mented into about five classes, 1000—2000 iterations are usive: Model Il because the label full conditionals are determined
ally required for MPM segmentation. We emphasize that thebg the current label of each particular neighbor and cannot be
numbers are no substitute for monitoring and evaluation of tpee-computed for each sweep of all labels, as for Models IV
algorithm for each image that is segmented. and V, and Model Il because the computation of the partition
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TABLE |
MEDIAN AND INTERQUARTILE RANGE (IN PARENTHESEY OF MISCLASSIFIED
PIXEL PERCENTAGE IN SUPERVISED SEGMENTATION. WINDOW SIZE OF
MOoDEL Il I s ALSO GIVEN

Exp. | Im. | Model | 8 % pixels

No. | No. misclassified

" 1 T |08] 46069

2 T |11 32(149)

3 |1 T |13 63034

4 T |14 9143

@ 5 T |15 115(67)

6 T | ad || 37.1(0.35)

7 |08 | 16.7 (0.43)

8 M | 11| 9.7(001)

05k 9 | 1 T [13] 82(12)

' 10 T (14| 7819

11 I 15 77 (1.4)

12 T | ad || 133 (081

13 T/15 | ad. | 5.8 (0-20)

14 /11 | ad. | 3.9 (0.11)

15 | 1 [T/9 | ad. || 3.0 (0.079)

16 /7 | ad. || 3.0 (0.085)

0 . \ . . . . . . . 17 /5 | ad || 42 (0.088)

0 20 40 60 80 100 120 140 160 180 200 18 v 0.8 5.8 (0.54)

iteration 19 IV |11 23(0.33)

20 | 1 [V |13 1.9(0.28

Fig. 3. Sampled values gf for semi-unsupervised segmentation of Image 1 21 v 1.4 ]| 1.9(0.35)
using Model IV. 22 V| 15| 1.82(0.32)
23 TV | ad | L81(0.28)

24 V|08 6.4 (030)

functions on the windowV, has to be redone at each iteration. 25 V|10 29(0.57)
Model V then fails to give a good segmentation at all if one starts 2 ! x }; ;3 Eg?g;

at an initially random configuration of labels because many sites 28 V15 3418
would have few neighbors of the same label; therefore, the full 29 VvV |ad || 25 (057)
conditional of the texture parameters contains no information 20, giﬁ e Eggii;
from the data. In this set, therefore, we concentrate on the effect 32 /5 [ad || 2.9 (002)
of sampling3 on the segmentation. Eight different experiments 33 III/3 [ad. || 1.8 (0.0031)
are run. Uniform priors are assumed for all CAR parameters: 34 | 2 [ IV Jad ]0.54(0.088)

35 2 \4 ad. || 0.32 (0.032)

over [0, 255] fory, [0, 255] for 2, and over the allowable 36 TIi/9 | ad. || 4.8 (0.066)
range for the clique parameters. 37 | 3 /7 ag 33 (ggg(l))

For both supervised and semi-unsupervised experiments, gg ﬁgg S 502095%
Gibbs sampling was used, with an initial burn-in of 100 40 | 3 | IV |ad || 14(0.15)
iterations, and the MPM taken to be the most observed label at 41 [ 3 [ V Jed | 11019

each site on the next 100 iterations. This is a small number of

iterations, but it is adequate for such small and simple imagew made based on these results. However, the computational cost
see Fig. 3, which shows sampled valuegidbr segmentation of Model IV is considerably less since, in the label sampling step
of image 1 using Model IV, which converges after abouteach pixel, terms in the full conditional probabilities [see (13)]
80 iterations. Note that the value @of is considerably over can be precomputed for each texture and stored in a look-up
the “critical” temperature of the Ising model, gt ~ 0.88, taple. Each run with Model IV took, on average, 18% of the
supporting the observation that the pseudo-likelihood overggne of Model V. This contrast in computational cost allows us
timates/3. The adequacy of the number of iterations was al§g recommend the use Model IV, where this factor is important.
determined by pilot runs of 500 iterations. Each experimepty Image 1, when Models IV and V are used, the adaptive ver-
consisted of 100 separate segmentation runs. Since the MEWMh of the algorithm can be contrasted with the case where the
is that segmentation that minimizes the expected number|ghe| field parametep is fixed. The adaptive algorithm gives
misclassified labels, we adopt as our performance measugguits that are at least as good as the best choice Gfithtie.
the number of misclassified labels in the MPM segmentatiope conclude that, although the pseudo-likelihood does not es-
compared with the true label map in Fig. 2. timate its value well, incorporating in the sampling process
gives a better segmentation on the average at a cost of a slight
increase in computation time. These results also emphasize the
Table | lists each of the 41 experiments conducted under sensitivity of these methods to the choicesofvhen it is fixed.
pervised segmentation. In almost all comparable cases, the us®ne can also see that images 2 and 3 were segmented more
of Model IV or V gives better results than for Models Il or 11l. successfully than image 1 (experiments 13-41). This is not sur-
The performance of Model | can be good but is very sensitiygising, given that both classes in image 1 have the same mean
to the choice of3, and further, it performs very badly whe¢his  and variance, whereas in 2 and 3, they do not. Another inter-
sampled. Between Models IV and V, no strong conclusions casting result is that Model V performed better than Model IV in

A. Supervised Segmentation
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TABLE I
MEDIAN AND INTERQUARTILE RANGE (IN PARENTHESE9 OF THE PERCENTAGE
OF MISCLASSIFIED PIXELS OVER 100 RUNS OF THE SEMI-UNSUPERVISED
SEGMENTATION EXPERIMENTSWITH MODEL IV

Exp. | Image | 8 % pixels
No. No. misclassified
42 0.8 || 8.2 (0.49)
43 10 || 3.4(0.43)
44 1 1.1 2.7 (0.50)
45 1.3 3.1(2.5)
46 1.5 9.2 (13.6)
47 ad. || 2.0 (0.47)
18 2 | ad. || 0.46 (0.038)
19 3 |ad || 2.27 (0.77)
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Fig.4. Results of Experiments 42 to 49. Boxplots of misclassified pixels under
Model IV with Image 1 over 100 segmentations with gay= 0.8, (b) 3 = 1.0,
()3 =1.1,(d)s =1.3,(e)3 = 1.5, and (f) 5 adaptive.

images 2 and 3 butworse inimage 1. We believe that because tt
classes inimages 2 and 3 are so distinct, Model V has the advai
tage over Model IV because it eliminates any boundary effects
by excluding pixels in the other class from the full conditional.
However, in image 1, the boundary effect is much less becaus| |
the classes have the same mean and variance. In this case, wija
dominates is the greater uncertainty (in the sense that the fu
conditional probability of each class is nearer 0.5) with Model
V than Model IV at boundaries because the full conditional is
not based on the full neighborhood. We therefore conclude that
Model V is preferable over Model IV when the classes have dis-
tinct means but not when classes are close in mean.

There is also considerable difference in the variability in per- When comparing the results of the adaptive segmentation al-
formance, as indicated by the interquartile range. This seem@gsithm on the three images (experiments 47-49), it can be seen

be mainly an image effect, with the most challenging (image {tf)at there is more variability in the results corresponding to the
showing the largest variability. image composed by natural textures, whereas the best results
are obtained with Image 2.

Fig. 6. MPM segmentation of the image in Fig. 5 into four classes.

B. Semi-Unsupervised Segmentation

Table 1l lists each of the eight experiments conducted under V. APPLICATION TO A SATELLITE IMAGE

semi-unsupervised segmentation. For Image 1, the segmentaAs an illustration of the best performing model, we segment
tion algorithm with fixed/ is compared with the adaptive ver-a satellite image. The image in Fig. 5 is of an agricultural region
sion, where the latter gives better results (experiments 42—47Holland at a resolution of 10 m/pixel. The semi-unsupervised
see also Fig. 4). Each run took, on average, only 2% longer fdPM segmentation algorithm was applied to this image with
the adaptive case than the fix8dase. Therefore, we concludean adaptives. The algorithm was run for 1000 iterations, and
that sampling? improves the segmentation. the results are based on the last 600 iterations. Fig. 6 displays
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Fig. 9. Estimates of the posterior density of (top) the mean intensity for class
2, which is colored dark gray in Fig. 6, and (bottom) the percentage of pixels in
class 2.

wherejp,; is the proportion of timeg, was sampled as clags

with lighter colors indicating higher entropy. This gives a mea-
sure of uncertainty in the class of each pixel, and we see that
class 2 (colored dark gray in the segmentation) has the lowest
uncertainty in general, and the highest uncertainty occurs at the
borders between regions.

By looking at the relative proportion of values sampled, esti-
mates of posterior distributions of parameters can be made. The
top of Fig. 9 is an estimate of the posterior distribution of the
mean of class 2. Similar plots can be made for all other model
parameters, although we recall that the pseudo-likelihood may
not be a good approximation for the posterior of correlation pa-
rameters. Having recorded at each iteration the number of pixels
in each class, we can construct the lower plot, which is an es-
timate of the posterior distribution of the percentage of pixels
that are in this class: something that might be of interest in ap-
Fig. 8. Entropy of MPM segmentation of the image in Fig. 5 into four classeplications to land-use estimation.

the results for an MPM segment_atio_n intc_) four classes. Fig. 7 V. CONCLUDING REMARKS
then shows the MPM segmentation into five classes, based on ) ) )
the same number of iterations. We see that the classes assignély simulation study of the type we have described cannot

black and dark gray in Fig. 6 have remained but that the otHé@Pe to address all the interesting issues and must restrict itself
two classes have been split and divided out very differently intd SOme way. In this study, we have concentrated on how the five
three new classes in Fig. 7. The classification into five class@§thods perform on simple images and on the value of adapting
certainly appears less tidy, but it has distinguished a new cla¥sing the pseudo-likelihood approximation. Other interesting
(assigned white) of lighter colored fields. issues that we have not addressed include MPM versus MAP
Some of the additional analyses available, in the four-clag8gmentation, performance on larger images with more classes,
case, from the MCMC are given in Figs. 8 and 9. Fig. 8 is tHbe effect of assuming different order neighborhoods for labels
entropy in marginal posterior distribution of each label, that ig2nd textures, and the performance of the MCMC method for the
true double Markov random field model.

R . . .

o — Z 5.5 log(p.)) According to our performance measure and considering the
T & Poj 08\ Psj computational complexity involved, Model IV showed the best

ffsj_>o performance and, indeed, in semi-unsupervised segmentation,
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is the only one that we have been able to implement satisfactt2]
rily. Where classes have distinct means, Model V may be better
at the expense of greater computing time. We also conclude th&tﬂ
in general, sampling of from the pseudo-likelihood improves

the segmentation, in spite of the fact that it tends to be overestil4l
mated.

Some future developments of these techniques include fully
unsupervised segmentation using Markov random field model$!°]
where R is unknown. This is possible under the Bayesian apyyg)
proach by MCMC if one uses reversible jump methods, but this
is at the expense of considerable additional computational effoﬁn
[25], [26]. The issue of what constitutes a reasonable priokfor
or what loss function is appropriate for such segmentation, still
needs to be addressed; this latter issue clearly depends on the 815!
jective of the segmentation. Indeed, development of techniques
that allow a wider range of loss functions to be used, other thap9]
0—1 and number of misclassified pixels, would allow the method
to be specialized for particular applications. Some discussion cr§0]
possible alternative loss functions in image analysis more gen-
erally are given in [27] and [28]. Such developments will add
further computational costs to the approach, but we emphasiizell
that the power of the MCMC approach is not in its speed but in
the additional information on uncertainties in the segmentatiof??]
that can be obtained. [23]
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