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Abstract

The Bayesian paradigm provides a powerful unifying methodology for the identifica-
tion and description of objects in images. A prior distribution specifies how the shape (plus
location, size and orientation) of an object varies by meansof a deformable template, and
the likelihood specifies how to generate an image given the specification of an object (or
objects). The posterior distribution is then used to make inferences about the objects of in-
terest. This paper reviews some recent developments in eachof these three areas —prior,
likelihood and analysis of the posterior.

1 Introduction

The identification and description of objects in images is one of the major tasks of high level
image analysis. In general, this is an area in which much of the progress has been made through
clever heuristic suggestions for extracting useful information from images. However, in recent
years a unifying framework based on the Bayesian paradigm has achieved wider acceptance. A
prior model is specified for the location, size, orientation, and shape of objects in the image, and
a likelihood specifies the distribution of either the image itself or of some subset of features in
the image, given the prior information.

The purpose of this paper is to review several examples of this strategy emphasizing recent
developments in Leeds. Two other papers in this proceedingshave substantial review elements
which complement the current paper. van Lieshout (1997) covers prior models, especially point
processes for the number and spatial arrangement of objects, and deformable template models for
shape variability. Titterington (1997) emphasizes low level priors in the form of Markov random
fields together with likelihoods involving independent observations, thus giving rise to hidden
Markov random fields. In addition, this paper builds on two previous review papers of Kent and
Mardia (1994) and Mardiaet al. (1995); see also Kent (1995, 1997) and Mardia (1996, 1997) .

2 Types of object

In this section we give examples of objects based on landmarks in an image. The term “object”
will be used to refer to both physical objects and to more abstract collections of landmarks. Ex-



cept where stated the main focus is on objects in two dimensions.
(1) Objects with a small number of landmarks in 2 or 3 dimensions. The simplest geometric
examples in two dimensions are triangles or other polygons with labelled vertices. Biological
examples include the outline of hands (with landmarks at thetips of the fingers and in the valleys
between), or certain bones on which identifiable landmarks can be located. An example based
on fish is studied by de Souzaet al. (1997).
(2) Objects with continuous outlines. In the hand example it is possible to add a large number
of equally-spaced “pseudo-landmarks” between the identifiable landmarks, giving a discrete ap-
proximation to a continuous curve (Grenanderet al. 1991; Mardiaet al. 1991).
(3) Regular grids. In a time sequence of magnetic resonance (MR) images of a two-dimensional
slice of the heart through one cycle of a heart beat, it is possible to “tag” the heart magnetically,
giving a regular grid of dark horizontal and vertical lines at the start of the cycle. A set of land-
marks can be defined by the intersection points of this grid. As the cycle progresses, the heart
contracts and the grid deforms.The objective is to identifythe grid points from the images, and
to follow the deformation through the cycle (Leeet al. 1997).
(4) Matching sets of unlabelled landmarks. In electrophoresis, a “blob” of biological matter em-
bedded in a gel is subjected to electric forces, first in thex direction, then in they direction, to
separate different proteins by their physical properties.This process gives rise to an image with
a collection of dots (= landmarks), each dot representing a different protein (or noise). The im-
mediate objective is to construct a deformation to match twosuch images, the deformation being
needed to allow for differences in the gels and experimentalconditions. The final objective is to
identify which proteins are present or not in both images. This problem arises from joint work
with Gary Walker, Ian Dryden and Chris Glasbey (Walker 1997).

The examples in this section can be regarded as special casesof the general pattern theory
of Grenander (1993). He emphasizes representations which can describe in a structured way
deformations of objects into related objects.

3 Prior models

The objects in the previous section can be regarded as examples where an “ideal template” is
altered to a “deformed template” which is actually observedin practice. In this section several
strategies are given for modelling these deformations. In many cases it is convenient to separate
out the location, size, orientation and shape of an object, and to model each one independently.
Typically, the location will be given a uniform distribution over the image, and the size will be
given a distribution based on the size of objects expected tobe observed and capable of being
resolved in practice. Orientation (for two-dimensinal objects) might be given a uniform distri-
bution on[0; 2�) or restricted to a narrow range of angles, depending on the orientation.
(1) For a small set of landmarks, the most straightforward modelfor shape is given by a full
multivariate normal distribution for the shape of the object. In practice this distribution is con-
structed either in Bookstein coordinates (Bookstein 1991), or Procrustes tangent coordinates to
shape space (Kent 1994; Mardiaet al. 1997). Training data are needed to estimate the parame-
ters.



(2) With larger numbers of landmarks, a more restricted modelling approach is called for. One
useful strategy is to use a singular multivariate normal distribution based on the dominant prin-
cipal components in Procrustes tangent coordinates for some training data (Kent 1994; Cootes
et al. 1994). Another approach imposes smoothness on the deformedtemplate with a Markov
random field model on the outline (Grenanderet al. 1991; Kent, Mardia and Walder 1996). A
block circulant covariance structure was adopted by Grenander and Miller (1994), where the
ideal template was a circle with no identifiable features. Further details can be found in Kent
et al. (1995). Alternatively, deformations of objects can be achieved through deformations of
Euclidean space, using thin-plate splines (Bookstein 1991), or partial differential equations from
fluid mechanics (Christiensenet al. 1997).
(3) The tagged heart data can be described in terms of landmarks at the intersections of ini-
tially horizontal and vertical grid lines, or alternatively, as the centers of the quadrilaterals (called
“quads”, say) formed by the grid lines. At each time pointt during the heart cycle, a Gaussian
Markov random field prior can be imposed on the quads to ensure(a) quad locations at timet
are close to their positions at timet � 1 (assumed known for this purpose), and (b) deviations
in the positions of quads from their expected positions are similar for neighboring quads in the
grid.
(4) For the electrophoresis problem, the parameters specify the deformation and identify the la-
belling between the two sets of dots in the two images. It is convenient to construct the deforma-
tion out of spline-like functions and to ensure its smoothness through derivative-based penalties.
When thin-plate splines are used to construct the deformation, the penalty involves a “bending
energy” matrix (Bookstein 1991; Mardiaet al. 1996), giving rise to a an improper Gaussian dis-
tribution for the parameters of the deformation. In this application it is more appropriate to build
a deformation out of a tensor product of one-dimensional splines due to the preferred roles of thex andy axes.

4 Likelihoods

Suppose the deformable template defines the outline of an object in a two-dimensional image. A
simple statistical model for the pixel intensitieszl, say, is for thezl to be independently normally
distributed with constant variance�2 and with mean�1 for pixelsinside the object, and mean�2
for pixelsoutside the object. Herel = (l1; l2) labels the pixels in the image. A variation on this
model is to suppose the image of the object is subject to blurring before measurement errors are
added.

However, many types of image are not amenable to such straightforward statistical mod-
elling. Variation in lighting effects, clutter in the image, and an incomplete modelling of the
objects of interest may make it difficult to devise a straightforward likelihood. In these cases it
is often fruitful to pre-process the image first to yield a setof features, and then to model these
features. In this section we describe how these considerations can be applied to the examples
mentioned above.

One of the earliest examples was the HANDS example of Grenander et al. (1991). They
used a simple model of different means inside and outside theobject, plus white noise.



However, in other examples there is not much difference in intensity between the inside and
outside of objects; instead it is the edges which stand out. Thus efforts are needed to model the
edges. Cooteset al. (1994) estimate from training data a mean profile along a normal line seg-
ment to the edge at each landmark and try to match this mean profile to the profile in the image
arising from the current position of the deformable template, using a sum of squares matching
criterion. It should be noted that along each normal line segment, the average value is subtracted
off before matching so that differences in local intensity in the image do not affect the matching.
This approach give rise to a “partial likelihood” because the only aspects of the image which
enter the likelihood lie along selected normals to the current position of the deformed template.
Further the likelihood is rather unusual in that the portionof the image data entering the likeli-
hood changes as the parameters of the deformable template change.

This likelihood has the property that it is higher in value when each edge of the deformed
template sits over an edge in the image. However, the peak in the likelihood can be very narrow
in some applications, and if the deformable template is a moderate distance from the correct
position, there is not much “force” pulling the deformable template to the correct position.

For this reason de Souzaet al. (1997) created an alternative likelihood whose value dimin-
ishes with the distance of an edge in the deformable templateto the nearest strong edge in the
image. Their approach starts by pre-processing the image with an edge filter to produce a bi-
variate image giving the smoothed gradient in thex andy directions. Along a line segment of
specified length normal to the edge at a landmark on the deformable template, the component of
the gradient image along the normal can calculated and its absolute values can be scaled to sum
to1, thus giving a probability distribution. A “partial likelihood” is generated by first choosing a
pixel along the normal segment from this distribution, and then by regarding its signed distance
from the deformable template edge as having a Gaussian distribution with mean0. The effect
of this likelihood is to “pull” the deformable template towards the “nearest strong edge” in the
image.

Next consider more abstract objects such as the tagged heartdata and the electrophoresis
data. Both of these applications can be described in the following framework. Consider two
images on which sets of featuresfxign1 � R2 andfyjgm1 � R2 have been identified, respectively.
Note thatm is not necessarily the same asn and that it is not known how the labelsj should be
matched to the labelsi. The objective is to deform the first image by a mapping�, say, so that
the points�(xi) = x0i, say, match as closely as possible to thefyjg. The smoothness of� is
determined by the prior. Given�, thefyjg are modelled as independent observations from the
mixture of isotropic Gaussian distributions,nXi=1 �iN2(x0i; �2I2);
to generate the likelihood. The mixing proportions�i; P �i = 1; are typically parameters to
be estimated. It may also be useful to add an additional(n+ 1)th category (i = 0; say) to cater
for values ofyj which do not correspond to anyxi.

In this mixture model there is a natural unobserved variableIj, say, for eachyj, which iden-
tifies the appropriate componenti of the mixture distribution. The EM algorithm can be used to
help maximize the posterior density and yields posterior estimates�̂ji = P (Ij = ijdata);



Pi �̂ji = 1: The mode of this distribution for eachj is usually clearcut and gives the estimated
componenti for the featurej. In principle the samei could appear as the same mode for several
choices ofj, but in practice this will not happen for well-spaced data. Values ofi not chosen as
a mode for anyj correspond to features in the first image not present in the second. Conversely,
the modal choicei = 0 arises for those values ofj which correspond to features in the second
image not present in the first.

The tagged heart example is processed sequentially. Suppose that at timet � 1 we have
estimates of the quad locationsfxig. The image at timet is pre-processed to produce a large
set of “potential quad” locationsfyjg (m �= 2n in practice), and a perturbation of thefxig tofx0ig is sought. There is another complication for the heart data.The grid lines disappear more
quickly in fluid (blood) than in the heart wall. Thus it is useful to allow quads to “die” over the
course of the heart cycle when they can no longer be identifiedwith any potential quads.

For the electrophoresis problem, first pre-process each image, lookinge.g. for local maxima,
to produce a set of dot-like features. Letfxig denote the features in the first image andfyjg the
features in the second. For the purposes of fitting a deformation, it is convenient to regard thefxig as fixed, and to regard thefyjg as random coming from the mixture density.

Moss and Hancock (1996) give a similar example matching a a radar image to a digital map
using features based on small line elements in the two images.

5 Summarizing the posterior distribution

Under most of the above models it is straightforward to writedown the posterior density in terms
of the prior specification and the likelihood. For many of theapplications the posterior density
will be very bumpy making deterministic optimization of theposterior density difficult. The
reason for the bumpiness is the interaction in the likelihood factor between a typically smooth
deformable template and a typically noisy discrete image. Thus, stochastic optimization meth-
ods such as Markov Chain Monte Carlo (MCMC) have become popular and successful in recent
years.

An exception to the “bumpiness” problem is the mixture density in Section 4 where the EM
algorithm can be used to help find a (local) maximum of the posterior density. Further, its use is
often more successful than is generally the case in mixture problems because here one is estimat-
ing only a small set of deformation parameters rather than a whole set of means and variances.

Summarizing a distribution is relatively straightforwardwhen the number of parameters is
fixed and the distribution is reasonably unimodal. However,complications arise when the num-
ber of parameters is not fixed. For example, in the heart deformation problem, a single estimate
for each quad status and location is needed at timet. That is, for each quad a decision needs to
be made on whether it will be alive or dead, and the live quads need to be matched to distinct
potential quads. Further, the heart problem is complicatedby strong interactions between the
labelling of nearby quads – if one quad is assigned to a particular potential quad, the neighbors
of the quad cannot be assigned to the same potential quad. Also, a whole section of the grid of
quads may be shifted one column to the right, say, without affecting the fit within that section.
A heuristic method of summarizing the MCMC simulations is given in Leeet al. (1997).



6 Discussion

This paper has emphasized three aspects of Bayesian analysis: the prior, the likelihood, and the
summarization of the posterior. There is scope for further development in each of these areas.

The range of prior models for shape variability is the most well-developed aspect of the three,
but even here there is still a need for more developments in certain areas,e.g. methods for the
regularization of high-dimensional shape variability, methods for longitudinal shape change and
growth, and methods for the description of shape features involving curvature. For example,
ridge curves have become popular features on surfaces in three dimensions such as faces (Kent,
Mardia and West 1996). However, ridge curves can change in unpredictable ways when the un-
derlying template is deformed. It does not seem easy to prescribe how a set of ridge curve should
be deformed, and then to specify a surface which has the desired new ridge curves.

For the likelihood two questions are raised in this paper. The first is whether to model an orig-
inal image or whether to pre-process the image first,e.g. by an edge filter or a local-maximum-
finding filter. The examples of this paper suggest such pre-processing is worthwhile. The second
question is whether it is better to attempt to model the wholeimage given the prior information,
or whether it suffices just to estimate some local aspects of the image near the deformed template
(e.g. as in the “partial likelihood” for the fish example).

Last there is the question of how to summarize the posterior density. Three popular estimates
are the posterior mode (MAP estimator), the marginal posterior modes (MPM estimator), and the
posterior mean. However, the last two methods do not pay any direct attention to the interactions
between the parameters, and the MAP estimator is difficult tocalculate given a limited number
of MCMC simulations. Rue and Hurn (1997) have suggested a promising new approach using
a loss function based on Baddeley’s delta metric for comparing two images. More ideas of this
sort are needed to take spatial context into account when comparing images. Another difficult
question is how to summarize posterior distributions when the number of parameters is not fixed
(e.g. the live and dead quads in the heart example). Green (1995) has some suggestions for sum-
marizing features of the deformed objects, but more work is needed.
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