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Abstract.This paper describes a technique for building compact models of the shape and appearance
of flexible objects (such as organs) seen in 2-D images. The models are derived from the statistics of
sets of labelled images of examples of the objects. Each model consists of a flexible shape template,
describing how important points of the object can vary, and a statistical model of the expected grey
levels in regions around each model point. The shape models are parameterised in such a way as to
allow `legal' configurations. Such models have proved useful in a wide variety of applications. We
describehow the models can be used in local image search and give examples of their application to
medicalimages. We also describe how the method can be simply extended to segment 3-D objects in
volume images and to track structures in image sequences.

1 Introduction

Almost every object of interest in the human body can vary in size, shape and appearance. Often this
makes the task of automatically identifying and segmenting interesting structures, such as organs or
bones, very difficult. It can be made easier if suitable models of appearance of the desired structure
are available. To be effective such models must be able to allow for the expected variations in size,
shape and appearance of the structure in the image. There has been considerable interest in developĆ
ing such flexible models or deformable templates [1-18]. However most previous approaches have
either used `hand-crafted' models designed specifically for one particular application or have been
too general to give suitably constrained flexible models (see below). In this paper we present a statistiĆ
cally based technique for building compact models of the shape and appearance of almost any flexible
object and show how they can be used when searching an image for a new example of the object.
Though applicable in many domains these models are particularly useful for medical applications
where variations in shape and appearance are otherwise difficult to model.
Our shape models rely on representing objects by sets of labelled points; each point is placed on a
particular part of the object. By examining the statistics of the positions of the labelled points a `Point
Distribution Model' is derived. The model gives the average positions of the points, and a description
of the main modes of variation found in the training set. The grey-level appearance of objects is
represented by statistical models of the grey-levels in regions around each of the shape model points.
Locating an example of such a model in an image involves choosing values for each of the parameters
so as to best fit the model to the image. An initial guess for the best shape, orientation, scale and
position can be refined by comparing the hypothesised model example with image data and using difĆ
ferences between model and image to deform the shape. The method has similarities with the Active
Contour Models (or snakes) of Kass et al [6], but differs in that global shape constraints are applied;
to make this distinction clear we have adopted the term Active Shape Models. The key point is that
an instance of a model can only deform in ways found in its training set. The methods we present can
be thought of as a two dimensional application of Lowe's refinement technique [7]. Because of the
linear nature of the Point Distribution Model, the mathematics is considerably simpler and can lead
to rapid execution.
As well as being able to capture the variability in shape from different examples, a 2-D PDM can
capture the apparent changes in shape due to slice position through 3-D objects or the temporal variĆ
ation of 2-D objects. They can thus be used to segment 3-D volumes or to track objects in image
sequences.

In this paper we describe the modelling method, present examples of models and show examples of
image segmentation using Active Shape Models. We also demonstrate a model locating ventricles in
a 3D MR image of the brain and tracking the left ventricle of the heart in an echocardiogram seĆ
quence.

2 Background

A number of authors have used flexible models or deformable templates to aid image interpretation.
Such models usually have a number of parameters to control the shape and pose of all or part of the
model. Yuille et al [8,9] and Lipson et al [10] use `hand-crafted' models of faces and transaxial slices
through vertebrae. These have to be individually tailored for each application. Kass et al [6] describe
flexible contour models which are attracted to image features. They are usually free to take almost
any smooth boundary with few constraints on their overall shape. The method of fitting, that of using
image evidence to apply forces and then minimising an energy function, is an effective one. Hinton,
Williams and Revow [11] describe a type of spline snake governed by a number of control points which
have preferred `home' locations to give the snake a particular default shape. Deformations are caused
by moving the control points away from their `home' locations. Although the average shape of an obĆ
ject is represented, the modes of shape variation are only coarsely defined by the number and position
of control points.
Scott [12], Staib and Duncan [13] and Bozma and Duncan [14] all use closed contour shape models,
based on expansions of trigonometric functions, for the interpretation of medical images. However,
the basis functions used are unlikely to give the most compact representation of shape and shape variĆ
ability. Although recording the distributions of each parameter over a set of examples leads to a broad
description of a class of shapes, without knowledge of how the parameters tend to vary together over
the training set the models lack specificity; ie many examples can be generated which are not `legal'
generalisations of the class of shapes.
Pentland and Sclaroff [15], Karaolani et al [16] work with finite element models of flexible objects.
Like the trigonometric models the basis functions used in finite element models are not necessarily
the most effective at describing the variability occurring in a particular class of shapes, and so may not
give the most specific or compact model.
Grenander, Chow and Keenan [17], Mardia, Kent and Walder [18] describe statistical models of
shape. These are local models and the methods used to fit to images impractical for real applications.
Bookstein [19,20] has applied statistical techniques to learn relationships between shape and other
variables for morphometric analysis, but does not generate models which could be used to aid image
interpretation.

3 Modelling Object Shape : Point Distribution Models

Suppose we have a set of images containing examples of a variable structure which we wish to model,
for instance the left ventricle of the heart as seen in an echocardiogram (the chamber to the upper
right in Figure 1). The shape of this chamber can vary both with time, as the heart beats, and between
individuals. We wish to model this shape variation and use the resulting models to interpret images.
3.1 Obtaining the Training Data
In order to model the shape, we represent it by a set of points. For the heart example we have chosen
points around the ventricle boundary, and also around the nearby edge of the right ventricle and the
top of the left atrium. Although we are primarily interseted in the left ventricle, the addition of these
components gives a more specific model which is better able to locate the left ventricle during image
search. The chosen components must be labelled on each shape in a training set. The labelling of
the points is important. Each point represents a particular part of the object or its boundary, so must
be planted in the same way on every training example.
Figure 2 shows some of a set of example shapes, each represented by 96 points. Theses were obtained
by drawing boundaries on each of 66 images. 11 key positions were marked on each boundary, and
the 96 points generated by equalling spacing points along the boundaries between the key positions.
In Figure 2 the points have been connected by lines in a manner defined by a separate model descripĆ
tor file.
3.2 Aligning The Set of Training Shapes
The modelling method works by examining the statistics of the co-ordinates of the labelled points
over the training set. In order to be able to compare equivalent points from different shapes, they

Figure 1. Example of an echocardiogram.
The left ventricle is at the top right.

Figure 2. Examples of heart left ventricle
shapes, each containing 96 points.

must be aligned in the same way with respect to a set of axes. We achieve the required alignment by
scaling, rotating and translating the training shapes so that they correspond as closely as possible. We
have previously [1] described an iterative method which minimises a weighted sum of squares of disĆ
tances between equivalent points on different shapes.
3.3 Capturing the Statistics of a Set of Aligned Shapes
Once a set of N aligned shapes is available the mean shape and variability can be found as follows:
Let xi be a vector describing the n points of the i th shape in the set;
x iĂ +Ă (x i0, Ą y i0, Ą x i1, Ą y i1, Ą AAA, Ą x ik, Ą y ik, Ą AAA, Ą x in*1, Ą y in*1)T
where (xij , yij ) is the jth point of the ith shape.
The mean shape, x , is calculated using
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The modes of variation, the ways in which the points of the shape tend to move together, can be found
by applying principal component analysis to the deviations from the mean as follows [22]. For each
shape in the training set we calculate its deviation from the mean, dxi , where
dx iĂ +Ă x iĂ *Ă x
We can then calculate the 2n x 2n covariance matrix, S, using
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It can be shown that the eigenvectors of the covariance matrix corresponding to the largest eigenvaĆ
lues describe the most significant modes of variation in the variables used to derive the covariance
matrix, and that the proportion of the total variance explained by each eigenvector is equal to the
corresponding eigenvalue [22]. Most of the variation can usually be explained by a small number of
modes, t (<2n). One method for calculating t is to choose the smallest number of modes such that
the sum of their variances explain a sufficiently large proportion of l T, the total variance of all the
variables, where
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The k'th eigenvector affects point l in the model by moving it along a vector parallel to (dxkl , dykl ),
which is obtained from the l'th pair of elements in pk ;
(7)
(dx k0, Ă dyk0, Ă AAAĂ , dx kl, Ă dy kl, Ă AAAĂ , Ă dx kn*1, Ă dy kn*1Ă )
Combinations of vectors, one for each mode, move the modelled landmark points around in the reĆ
gions of the `clouds' of scattered points from the aligned training set. Any shape in the training set
can be approximated using the mean shape and a weighted sum of these deviations obtained from the
first t modes
(8)

xĂ +Ă xĂ )Ă Pb
where PĂ +Ă (p 1Ą p 2Ą AAAĄ p t)

is the matrix of the first t eigenvectors,

bĂ +Ă (b 1Ą b 2Ą AAAĄ bt) T is a vector of weights, one for each eigenvector
the eigenvectors are orthogonal, P TPĂ +Ă I so
(9)
bĂ + P T(xĄ *Ą x)
The above equations allow us to generate new examples of the shapes by varying the parameters (b)
within suitable limits, so the new shapes will be similar to those in the training set. The parameters
are linearly independent, though there may be non-linear dependencies still present. The limits for
each element of b, bk, are derived by examining the distributions of the parameter values required
to generate the training set. If gaussian distributions are assumed one can choose sets of parameters
{ b1 ... bt } such that the Mahalanobis distance (Dm ) from the mean is less than a suitable value, Dmax ;
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3.4 An Example of a Shape Model
A heart model was trained on a set of 66 examples (Figure 2) each comprising 96 points. This illusĆ
trates how one model can represent both shapes and relationships between several objects. The
points represent the boundary of the left ventricle, part of the boundary of the right ventricle and part
of the boundary of the left atrium (below the ventricle in the examples). Figure 3 shows shapes reconĆ
structed by varying each of the first four model parameters in turn, keeping the others zero. The first
mode varies the width of the model, the second the position of the lower part of the ventricle. The
third and fourth modes give other deformations of the chamber boundary.
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Figure 3. Effects of varying each of the first four parameters of the heart ventricle
modelindividually.

The modelling technique has been applied successfully to a wide variety of examples including the
ventricles of the brain in MR images [5], spinal vertebrae in X-rays [21], the outline of the abdomen
and the prostate in MR images (see below), faces [3], hands [1] chromosomes and industrial compoĆ
nents.

4 Modelling Grey Level Appearance

We wish to use our models for locating examples of objects in new images. For this purpose, not only
shape, but also grey-level appearance is important. We account for this by examining the statistics
of the grey levels in regions around each of the labelled model points. Since a given point corresponds

to a particular part of the object, the grey-level patterns about that point in images of different
examples will often be similar. The work of Bailes and Taylor [23] suggests that the location of model
points in images can be improved by incorporating each point's grey-level environment into the
model.
Although in general we could consider a region of any shape around each point , we will concentrate
on one-dimensional profiles normal to curves passing through the points. This requires that we deĆ
fine the connectivity of the model points; In many cases this is straightforward, particularly when the
points lie around a boundary.
In some cases it is efficient to assume that the points lie on strong edges and to seach for such in an
image. However this is not always satisfactory, and it is necessary to have a more general model of
the grey-level appearance. For every model point i in each image, j, we can extract a profile, gij , of
length np pixels, centred at the point. Following Bailes and Taylor [23], we choose to sample the deĆ
rivative of the grey levels along the profile in the image and normalise. This gives invariance to uniĆ
form scaling of the grey levels and the addition of a constant.
If the profile runs from pistart to piend and is of length np pixels, the k th element of the derivative profile
is
g ijkĂ +Ă I j(y i(k)1)) * Ij(y i(k*1))

(11)

where yik is the k th point along the i th profile :
y ikĂ +Ă p istartĂ )Ă k * 1 (p iend * p istart)
np * 1
and Ij (yik ) is the grey level in image j at that point.
We then normalise this profile,
g ij
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For each point, i, we can calculate a mean normalised derivative profile,
Ns

ȍ

g iĂ + 1
gȀ
Ns j+1 ij

(14)

We can then calculate an np x np covariance matrix, Sgi, giving us a statistical description of the exĆ
pected profiles about the point.

5 Using PDMs in Image Search - Active Shape Models

Having generated a flexible shape model and a description of the grey levels about each model point
we would like to find examples of the modelled structures when they are present in images. In genĆ
eral, a procedure for achieving this has two stages:
S A number of hypotheses are made, giving approximate locations of the model points
S Each of the hypotheses is refined and the best chosen.
The initial hypotheses take the form of estimates for the position at which the model should be placed,
its orientation, scale and the shape parameters required to fit the model to the image. We assume
in what follows that we know roughly the position in which the model should be placed and that our
initial hypothesis assumes the mean shape and scale. Hypotheses can be obtained from cue generĆ
ators or by using suitable search techniques. Hill et al [4,5] describe methods for finding flexible obĆ
jects in images which use Genetic Algorithms to generate a set of hypotheses quite rapidly.
Genetic Algorithms (GAs) employ mechanisms analagous to those involved in natural selection to
conduct a search through a given parameter space for the optimum of some objective function, in this
case the fit of the model to the image. The main features of the GA approach are that a population
of different solutions is maintained, and that new solutions are generated by probabalistically recomĆ
bining parts of existing solutions. Optimal solutions are thus evolved by iteratively producing new genĆ
erations of solutions and applying a selective breeding strategy which favours more successful solutions
(good fits of model to data). Each solution in the population consists of the pose and shape paraĆ

meters of a model instance. Because a GA maintains a population of solutions it can compare many
possible alternative image interpretations and select a number of plausible hypotheses.
By choosing a set of shape parameters b for a Point Distribution Model, we define the shape of a
model instance x in a model centred co-ordinate frame. We can then create an instance, X, of the
model in the image frame by defining the position, orientation and scale:
(15)

XĂ +Ă M(s, q)[x]Ą )Ą X c
where

X cĂ +Ă (X c, Ą Y c, Ą X c, Ą Y c, Ą AAA, Ą X c, Ą Y c)T

M(s, q)[Ą ] performs a rotation byq and a scaling by s
(X c, Y c) is the position of the centre of the model in the
image frame.
In this section we describe an iterative method for refining the shape and pose parameters so as to
give a better match between a model instance and structures in the image. The approach is as follows
:
i) Examine a region of the image around each point to calculate the displacement of the point
required to move it to a better location.
ii) From these displacements calculate adjustments to the pose and scale and to the shape paraĆ
meters of the Point Distribution Model.
iii) Update the model parameters; by enforcing limits on the shape parameters, global shape conĆ
straints can be applied ensuring the shape of the model instance remains similar to those of the
training set.
The procedure is repeated until no significant changes result. Because the models deform to better
fit the data, but only in ways which are consistent with the shapes found in the training set we call them
`Active Shape Models' (ASMs).
5.1 Calculating A Suggested Movement For Each Model Point
Given an initial estimate of the positions of a set of model points which we are attempting to fit to
an image we need to estimate a set of adjustments which will move each point toward a better posiĆ
tion. In the case in which the model points represent the boundary of an object (Figure 4) the required
adjustments will move them toward the edges of the image object. If we have a profile model for each
point, the search involves finding a nearby region which better matches the profile model (Figure 5).
At a particular model point we extract a derivative profile, g, from the current image of some length,
l ( >np ), centred at the point and aligned parallel to the orientation we have defined at that point (
for instance, normal to the boundary). We then run the profile model along this sampled profile and
find the point at which the model best matches. If we assume that the points lie on edges, it is simply
a matter of finding the strongest edge along the profile. If we have a more general model of appearĆ
ance we must calculate how well it fits to sub-sections of the sampled profile.
Fit of profile model to
image profile

ModelBoundary
Model Points

d best

d0

Image
Object
Figure 5. Suggested movement of point is
Figure 4. Part of a model boundary
approximating to the edge of an image along normal to boundary, in a direction toĆ
wards the point at which the profile model best
object.
fits the profile sampled from the image.

Given a sampled derivative profile the fit of the model at a point d pixels along it is calculated as folĆ
lows;
(16)
f prof(d)Ă +Ă (h(d) * g)TĂ S *1
g (h(d) * g)
where h(d) is a sub-interval of g of length np pixels centred at d, normalised using (13). This is the
square of the Mahalanobis distance of the sample from the mean grey model and for normally distribĆ

uted data is proportional to the log of the probability of obtaining h(d) from the measured distribution
of grey-levels.
The value of fprof decreases as the fit improves. The point of best fit is thus the point at which fprof (d)
is a minimum.
Suppose dbest is the distance along the sampled profile from the model point to the point of best fit.
We choose a displacement for the model point of dX which is parallel to the profile, in the direction
of the point of best fit, with magnitude
|dX|Ă +Ă 0
|dX|Ă +Ă 0.5d best
|dX|Ă +Ă 0.5d max

if |d best| v d
if d t |d best| t dmax
if d max v |dbest|

(17)

We have used d= 0.5 pixels, dmax = 8 pixels in our experiments.
An alternative approach is to generate potential images such as to those described by Kass et al [6],
possibly one for each model point, describing how likely each point in the image is to be the model
point [24]. Adjustments to the position of each point can then be derived from the gradient of the
potential image at the current estimate of the point's position.
5.2 Calculating the Adjustments to the Pose and Shape Parameters
Using the procedure described above a set of adjustments can be calculated, one for each point of the
shape. We denote such a set as a vector dX, where
dXĂ +Ă (dX 0, Ą dY 0, Ą AAA, Ą dX n*1, Ą dY n*1)T
We aim to adjust the pose and shape parameters to move the points from their current locations in
the image frame, X, to be as close to the suggested new locations (X + dX) as can be arranged whilst
still satisfying the shape constraints of the model. If the current estimate of the model is centred at
(Xc ,Yc ) with orientation q and scale s we would like first to calculate how to update these parameters
to better fit the image. This is achieved by finding the translation (dXc , dYc ), rotation dq and scaling
factor (1+ds) which best maps the current set of points, X, onto the set of points given by (X + dX).
This can be done by a weighted least squares fit [1]. The choice of possible weights is discussed below.
Having adjusted the pose variables there remain residual adjustments which can only be achieved by
deforming the shape of the model. We wish to calculate the adjustments, dx, to the original model
points in the local co-ordinate frame required to cause the scaled, rotated and translated points X
to move by dX when combined with the new scale, rotation and translation parameters.
In [2] we show that
dxĂ +Ă M((s(1 ) ds)) *1, * (q ) dq))[M(s, q)[x] ) dXĂ *Ă dX c]Ă *Ă(18)
x
This gives a way of calculating dx, the suggested movements to the points in the local model co-ordiĆ
nate frame. Since there are only t (<2n) modes of variation available and dx can move the points in
2n different degrees of freedom, we can only achieve an approximation to the deformation required.
The movements are not in general consistent with our shape model. We wish to calculate the adjustĆ
ments to the shape parameters, db, which will best match the model to the suggested new positions.
This can be thought of as minimising a (possibly weighted) sum of squares of differences between
model points and desired points. We wish to minimise
(dxȀ) TWs(dxȀ)

(19)

where Ws is a diagonal matrix of weights, one for each co-ordinate of each point.
dxȀ + ((x ) dx) * (x ) P(b ) db))
+ (dx * Pdb)
It can be shown that (19) is minimised when
(P TWs)dxĂ +Ă (P TW sP)db

(20)

This is a set of t linear equations in the t variables of db, and can be solved using standard matrix algeĆ
bra. In the special case in which all weights are set to unity, Ws = I, Eq.(20) simplifies to
dbĂ +Ă P Tdx

(21)

5.3 Choice of Weights For Pose and Shape Parameter Adjustment Calculation
In the calculation of the adjustments to both the pose and shape parameters we can give a weight to
each point to indicate the confidence we have in the suggested new position for the point. If all
weights are set to unity simplifications can be made which reduce the complexity of the calculations
required (Equation 21).
We have found that decreasing the weight for points which are found to be further away from the curĆ
rent model points than average, and may be outliers, works well:
w iĂ +Ă

1
2 ) |dX i| 2

(22)

5.4 Updating the Pose and Shape Parameters
The equations above allow us to calculate changes to the pose variables, dXc , dYc , dq and ds, and adĆ
justments to the shape parameters db required to improve the match between an object model and
image evidence. When these changes are applied we can ensure that the model only deforms into
shapes consistent with the training set by placing limits on the values of bk . As mentioned above, a
shape can be considered acceptable if the Mahalanobis distance Dm is less than a suitable constant,
Dmax , for instance 3.0 (See Eq. 10). That is to say, the vector b should lie within a hyper-ellipsoid
about the origin. If updating b leads to an implausible shape, ie D m u D max and the point lies outside
the ellipsoid, b can be re-scaled to lie on the closest point of the allowed volume using
D max
(23)
Ă Ă (k + 1..t)
Dm
Note that we have already applied implicit limits of zero to the weights of the eigenvectors truncated
from our representation (ie b i + 0Ă ôĂ i u t). Once the parameters have been updated, and limits
applied where necessary, a new example can be calculated, and new suggested movements derived
for each point. The procedure is repeated until no significant change results.
b kĂ ³Ă b kĂ .

6 Examples of ASMs in Action
6.1 Echocardiograms
Figure 6a shows the initial placement of an instance of the 96 point heart model described above on
part of an echocardiogram not used in the training set (Figure 1 shows a complete image). The initial
placement was obtained by choosing a set of pose parameters and setting all the shape parameters
to zero (corresponding to the mean model shape). In practice such an initial estimate can be obtained
from cues or a global search (Hill et al [5]). Figure 6b shows the model instance after 20 iterations.
After 50 iterations (Figure 6c) the model appears to give a good fit to the data. The shape model used
has 12 degrees of freedom. Each iteration takes about 0.05s on a Sun Sparc workstation.

(a) Initial State

(c) After 50 iterations
(b) After 20 iterations
Figure 6. Echocardiogram image with heart chamber boundary model superimposed,
showing its initial position and its location after 20 and 50 iterations.

The grey-levels around each point are modelled as step edges in the correct direction. During image
search the strongest edge along the profile through each point is taken to be the desired new position
for the point. In this example the model is able to infer the position of the parts of the boundary where

the data is poor (for example, near the top of the ventricle) by using the knowledge of the expected
shape combined with information from the areas of the image where there is good evidence for the
ventricle wall. Without the prior knowledge of the shape given by the model it would not be possible
to delineate the ventricle boundary.
6.2 Locating the prostate.
Figure 7 shows an MR slice through the lower abdomen overlayed with the mean shape of a model
built to represent parts of such an image. The model uses 121 points to represent the boundary of
the abdomen, a section through the prostate (in the centre), the femur heads (on the left and right),
two femoral arteries (upper left and right) and the symphasis pubis (a T-shaped structure useful as
a cue to the position of the prostate). The model was trained on 32 examples, taking two slices and
their reflections (through the line of symmetry) from each of 8 patients. The reflections were used
to increase the effective size of the training set, making use of the assumption that the model would
be symmetrical. The slices were taken at approximately the same position in each patient. As a simple
edge model would be inappropriate (some model points lie on weak edges, and some not on edges
at all), the grey level environment about the model points was represented using grey-levels profile
models 7 pixels long, centred on each point. Figure 7 shows an initial estimate of the pose required
to fit the mean model to an image not used in the training set. Figure 8 shows how the ASM has fitted
to the image after 100 iterations. Each iteration took 0.15 seconds on a Sun Sparc workstation. The
prostate is difficult to locate on its own. By modelling a number of nearby features in the slice it is
much easier to find its boundary.

Figure 7. Example of an MR slice through
the abdomen showing the initial placing of
the mean model.

Figure 8. Model after 100 iterations

6.3 Other Examples
We have applied the techniques described above to a number of different problems in both medical
and industrial fields. For instance segmenting vertebrae in lateral X-rays of the spine [21] and locatĆ
ing facial features [3]. In each case the same procedures were used to build the models and search
images.
6.4 Active Shape Models Applied to 3-D and Time Sequence Images
We have found that a simple 2-D PDM of the first and second ventricles of the brain can capture
not only biological variation between individuals but also changes in shape associated with slice posiĆ
tion and imaging angle (tilt). It is reasonable to assume, therefore, that this 2-D model might be used
to segment brain ventricles from 3-D volume images. This might be achieved by applying a global
search (such as a Genetic Algorithm -GA) to each slice independently. However, because the
changes in ventricular shape between slices are small, we have adopted the following approach :
1 The GA is applied to a single slice and the ventricles located approximately.
2 The approximate solution is refined using the ASM local optimiser.
3 The segmentation generated by the ASM is projected into the next slice of the 3-D volume
to provide an initial approximation of ventricular position in the next slice. The projection
is achieved by measuring the differences in the pose and shape parameters between previĆ
ous slices and using a first order prediction of the parameters for the next slice.
4 Steps 2 and 3 are repeated for each slice.
This proves to be a rapid and accurate mechanism for segmenting the ventricles in 3-D MR datasets.
Figure 9 shows the result of applying the approach to an unseen 3-D MR image of the brain.
We have also applied the technique to temporal image sequences of echocardiograms in order to track
the left ventricle of a beating heart (Figure 10). The model (see Section 3.4) captured the change in

Figure 9. Tracking the First and Second Ventricles of the Brain through slices of a 3D MR DaĆ
taset (selected from 15 slices).

Figure 10. Tracking the left ventricle of a heart in an echocardiogram sequence.

shape resulting from both the biological variation between individuals and changes due to the motion
of the heart through time.

7 Discussion
7.1 The Shape Model
When building shape models it is important that the points are placed on the training images as accuĆ
rately as possible, and the shapes aligned similarly. If not the model will be unable to represent corĆ
rectly the position of each point - it will include terms describing the noise caused by errors in point
location and shape orientation.
The Point Distribution Model can be extended to deal with volume data (eg 3D medical images). For
this labelled sets of 3-D points are required, each of which must be placed in a particular location
on each training example. The problems of devising ways of choosing suitable model points and placĆ
ing them consistently on sets of examples are the subject of continuing research.
The PDM can be used in a classifier. Given an example of a shape, an estimate can be made of how
likely that example is to be a member of the class of shapes described by a model. If labelled points
are placed on the example and the point set aligned with the mean shape, Eq. 9 can be used to calculate
the model parameters required to generate the example. The distributions of the parameters can be
estimated from the training set, allowing probabilities to be assigned. This technique has been sucĆ
cessfully used in a simple handwritten character recognition application [24].
7.2 The Active Shape Model
The iterative approach described above, using image evidence to deform a Point Distribution Model,
is effective at locating objects, given an initial estimate of their position, scale and orientation. How
good an initial estimate is required will depend on how cluttered the image is and how well the model
describes the object in the image.
By allowing the model to deform, but only in ways seen in the set of examples used as a training set,
we have a powerful technique for refinement. The constraints on the shape of the model are applied
by the limits on the shape parameters.
It can be shown that including weights in the calculation of pose and shape parameter adjustments
can slow convergence but leads to better overall results, partly because spurious profile model
matches away from the majority of the model points can be discriminated against [3]. More detailed
models of the grey-level environment about each point give more specific overall models of image

structures and ASMs using such models are less likely to be confused by clutter and noise during image
search.
7.3 Comparison with Other Work
Our Active Shape Models have similarities with the snakes of Kass et al [6] in that they move around
in potential fields, attempting to minimise some function subject to certain constraints on their form.
Snakes are usually free to take up a wide variety of shapes; when it is necessary to ensure they retain
a certain shape, this is usually done by adding terms to the objective function favouring the desired
shape [8]. Active Shape Models explicitly model the shape of an object and the allowed variations
giving a more powerful description. Each model can be generated from a set of examples - the only
requirement is a labelled set of examples upon which to train the model.
7.4 Tracking Structures in Image Sequences
We have demonstrated how Active Shape Models can track structures through sequences of images,
either slices of 3-D volume data or time sequences from videos. In each case we took as our initial
estimate of the shape in a frame a prediction based on the shape in the preceding frames. Since the
ASM is a local optimiser, if fails to find the best location in one frame, this error will be propogated
to the following frames which could lead to a poor result. A more robust scheme could involve more
global searching of each frame to ensure the best fit is achieved. Clearly for the 3-D volume data
a complete 3-D PDM would be more appropriate. The problems of building and using such a model
are currently being addressed and the solutions will be presented in the near future.
7.5 Combining ASMs with Genetic Algorithms
Being a local search technique, the ASM needs a reasonable start position. The global search of a
GA can be used to find good but approximate solutions rapidly. It is thus attractive to consider comĆ
bining the two approaches. There are two ways this might be achieved :
a) Consider the techniques as separate but complementary. As in 6.4 above the GA search is conĆ
ducted and the ASM applied as a refinement procedure to the suggested GA solutions. If the
GA suggests a solution in a non-optimal area of the search space the ASM can do no better
than to locate the local optimum in that area.
b) Incorporate the ASM directly into the GA search; in the GA literature it has been suggested
that incorporating heuristic information and local optimisation techniques within a GA search
can improve performance significantly [25]. The basis of this approach is that the GA can locate
hills in the search space whilst the ASM embedded within the GA can climb to the top of the
hills.
Each of the population of solutions for a GA is assessed by evaluating an objective function which
measures the evidence for a given hypothesis. Our experiments with the latter show that applying a
single iteration of the ASM procedure each time the objective function is evaluated requires minimal
extra work and leads to significant improvements in the rate of convergence of the GA and the quality
of the final fit.

8 Conclusions

The methods we describe allow flexible models of image objects such as organs to be built easily from
sets of example images. The techniques can be applied to a wide variety of objects in different imaging
modalities. The local search technique we presented can be used to locate new examples of the moĆ
delled objects in new images.
We have shown that the local optimisation method described can be fruitfully used in conjunction with
a Genetic Algorithm (GA) search [4,5]. The GA can be run as a cue generator to produce a number
of object hypotheses, which can be refined using the Active Shape Model. Alternatively the ASM can
be embedded within the GA search directly [5]. Both techniques give good results.
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