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Abstract. Statistical models of the shape and appearance of deformable
objects have become widely used in Computer Vision and Medical Image
Analysis. Here we give an overview of such models and of two efficient al-
gorithms for matching such models to new images (Active Shape Models
and Active Appearance Models). We also describe recent work on au-
tomatically constructing such models from minimally labelled training
images.

1 Statistical Shape Models

Many objects of interest in computer vision can be considered to be some de-
formed version of an ”average” shape. For instance, most human faces have two
eyes, a nose and a mouth in similar relative positions, and good approximations
to each face can be generated by modest distortions of a standard template.
Similarly many anatomical structures (such as human bones, or the heart) have
broadly similar shapes across a population.

Statistical shape models seek to represent such objects. Since their introduc-
tion Point Distribution Models [1], which represent shapes as a linear combina-
tion of modes of variation about the mean, have found wide application.

These represent a shape using a set of points {xi, yi}, (i = 1..n), which
define particular positions on the object of interest. They are placed at consistent
positions on every example in a training set (see Figure 1).

Fig. 1. Examples of faces with 68 points annotated on each, defining correspondences
across the set.
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By applying Procrustes Analysis [2] the examples can be aligned into a com-
mon co-ordinate frame. Principal Component Analysis is then used to build a
linear model of the variation over the set as

x = x̂ + Pb (1)

where x = (x1, y1, ..., xn, yn)T , x̂ is the mean shape, P is a set of eigenvectors
of the covariance matrix describing the modes of variation, and b is a vector of
shape parameters (see [1] for details). For instance, Figure 2 shows the effect of
varying the first three parameters of a face shape model 1.

Varying b1 Varying b2 Varying b3

Fig. 2. First three modes of shape variation of a face model.

Such models typically have far fewer parameters (elements of b) than points,
as they take advantage of the correlation between points on the shape. For
instance, nearby points on a boundary are usually correlated, and symmetries
of the shape reduce the degrees of freedom even further.

Statistical shape models can be used to analyse the differences in shapes
between populations, or can be used to help locate structures in new images.

2 Active Shape Models

An Active Shape Model (ASM) is a method of matching a statistical shape
model of the form described above to a new image. The positions of the points
in the image are given by the equation

X = Tθ(x̂ + Pb) (2)

where Tθ(x) applies a transformation (typically a similarity transformation) to
the set of points encoded in the vector x, with parameters θ (for instance ro-
tation, scaling and translation). Tθ thus defines the mapping from the reference
frame to the target image frame, giving the global pose of the object.

For an ASM we require a method of locating a good candidate position for
each model point in a region. Typically this involves building a statistical model

1 C++ source code for building shape models will be made available in VXL
(vxl.sourceforge.net) in the contrib/mul/msm library
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of the image patch about each point from the training set, then searching the
region for the best match using this model [1, 3].

The Active Shape Model matches using a simple alternating algorithm:

1. Search around each current point position Xi with the associated local model
to find a better position, Zi

2. Find the shape and pose parameters {b, θ} to best fit the model to the found
points {Zi}

Though in early work the local search was along profiles normal to the model
boundaries [1], this is naturally generalised to searching regions around each
point [3]. The local models can either be simple Gaussian models of the im-
age patch [1, 4], or more sophisticated classifiers [5, 6]. Alternatively regression
techniques can be used to directly predict the movement of each point [7].

3 Active Appearance Models

Rather than search for each point independently, as the ASM does, the Active
Appearance Model (AAM) approach is to predict an update to the model pa-
rameters directly from samples of the image. This takes into account correlations
between the image patterns across the shape.

The original formulation [8, 9] was designed to efficiently fit a statistical ap-
pearance model to a new image. Such a model combines a statistical shape model
with a model of image texture in a normalised reference frame. It is a generative
model, in that it can create synthetic images of the objects on which it has been
trained [10, 11]. A texture model is used to generate the intensity pattern in the
reference frame, which is then warped to the target image frame using a defor-
mation defined by the shape model parameters. Figure 3 shows the first three
appearance modes of a face model, demonstrating how shape and texture vary
together.

Fig. 3. First three modes of appearance variation of a face model.

Matching such a model to a new image is a difficult optimisation problem. If
p represents all the model parameters, t(p) the texture generated by the current
model, and s(p) a vector of image samples taken at the current position, then a
simple approach is to seek the parameters which minimise

E(p) = |s(p) − t(p)|2 (3)
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the sum of squared errors between model and image.
By differentiating this equation and making certain approximations, it is pos-

sible to show [12] that a good estimate of the optimal update to the parameters
is given by a simple linear equation,

δp = R(s(p) − t(p)) (4)

where the update matrix R is the pseudo-inverse of a Jacobian which can be
estimated from training data.

The AAM matching algorithm then simply repeats this process, updating
the model parameters based on the difference between the model and the im-
age samples. Usually a coarse-to-fine approach is used, in which low resolution
models are used during the early parts of the search, and later refined with more
detailed models.

Although the derivation of the update matrix R as the pseudo-inverse of the
Jacobian is elegant, it turns out that often it is better to treat the task as a
regression problem, in which we seek the matrix which gives the best parameter
updates. If we generate many random parameter displacements δp on a training
set, and for each compute the residual error r = s(p + δp) − t(p + δp), we can
then use regression methods to estimate the matrix R [9, 13]. This has been
shown to lead to more accurate results than using the inverse of the Jacobian
[13, 14].

This general approach has proved very effective, and has been developed in
many directions including

– a more elegant compositional update scheme [15]
– the inclusion of constraints [16]
– the use of other image features for improved robustness [17, 18]
– methods of dealing with occlusion [19]
– combining 2D and 3D models for face tracking [20]
– more sophisticated update schemes [21, 22, 14]

amongst many others.
Though often used for face model matching, the AAM has been widely ap-

plied in medical image interpretation. For instance, modelling the heart [23],
hand [24], brain [25] or knee [26].

4 Automatic Model Construction

The shape and appearance models used in the above methods rely on training
sets containing points annotated on each of a representative set of images. Man-
ually annotating such data is time consuming, and is particularly difficult for
three dimensional volume images, widely used in medical imaging.

Thus there has been a long history of work attempting to automate the model
building process. The points on each image define the correspondences between
the objects viewed. If such correspondences can be estimated automatically, a
model can be constructed with minimal human intervention.
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If we have the boundary of each 2D object (or surface of each 3D object),
effective correspondence can be found using techniques which optimise the ability
of the resulting model to encode the shapes - Minimum Description Length
methods [27, 28].

Where we only have images, with no annotation, the problem is more chal-
lenging. A common approach is to use non-rigid registration or optical flow
methods to find the correspondences between each image and a reference image.
Some of the earliest work in this vein was by Vetter, Jones and Poggio [29, 30]
who used a combination of model fitting and optical flow to estimate dense vec-
tor fields across sets of objects, to build ‘morphable models’ - statistical models
of shape and appearance.

Registering images to build an average ‘atlas’ is a widely used technique
in medical image analysis. For instance, Guimond et al. [31] used Thirion’s
‘Demons’ algorithm [32] to register sets of images, describing how to iteratively
update the group mean. Frangi et al. used non-rigid B-spine registration [33] to
correspond 3D images and build statistical shape models [34]. Joshi et al. [35, 36]
demonstrate how to simultaneously estimate the reference shape and image in
the case of large scale diffeomorphisms, where linear approximations to averages
break down.

Our early work in this field focused on estimating diffeomorphisms (smooth
invertable mappings) from a reference frame to each target image in a set. We
assume that each image in a set should contain the same structures, and hence
there should be a unique and invertible one-to-one correspondence between all
points on each pair of images - a diffeomorphism (see [37]).

For any two diffeomorphisms f(x), g(x), their composition (f ◦ g)(x) ≡
f (g(x)) is also a diffeomorphism. We can thus construct a wide class of dif-
feomorphic functions by repeated compositions of a basis set of simple diffeo-
morphisms. In [38] we describe a coarse-to-fine algorithm for estimating the
correspondences across a group using such compositions.

Fig. 4. Examples from a training set with resulting control points [39]

However, although the compositional approach can generate deformation
fields which are guaranteed to be invertable, actually computing the inverse
can be difficult, as it usually involves a non-linear optimisation. A more prag-
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matic alternative is to represent deformation fields using a triangulated mesh
(in 2D) or a tetrahedral mesh (in 3D) guided by the control points at the nodes.
Affine interpolation can be used to compute the transformation inside the mesh
elements, leading to a piece-wise affine representation of the warp. As long as
the triangles/tetrahedra do not ‘flip’, the transformation is invertable - one sim-
ply swaps the source and destination control points [39]. Although not smooth,
as there are discontinuities in the derivative at the element boundaries, such
representations are accurate enough for many applications (Figure 4).

In [39, 12] we describe a groupwise image registration algorithm in which such
meshes are used in a Minimum Description Length optimisation framework. A
related method is described by Baker et al. [40].

Figure 5 shows the first three appearance modes of a model constructed
from 300 face images of different people, with the correspondences computed
automatically using the groupwise algorithm from [41].

Mode 1 Mode 2 Mode 3

Fig. 5. First three modes of appearance variation of a face model constructed from
automatically computed correspondences.

h

Examples of hand radiographs Affine Mean

Fig. 6. Examples of hand radiographs, which display considerable shape variation, and
the resulting affine mean (from [42]).
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4.1 Initialising Groupwise Registration

The methods described above work well, given a good enough initialisation. As
they involve local optimisation, if poorly initialised, they fall into local minima.
Typically an affine transformation is estimated as the initialisation. However, for
objects with significant shape variation this may not be sufficient. For example
when registering hand radigraphs (Figure 6), the resulting affine mean is poor,
and further registration does not significantly improve the result as it has fallen
into a local minima.

To overcome this, more accurate initialisation is required. In [43] we show
that by manually annotating a small number of key points on a single image
we can construct a parts+geometry model from the whole training set, which
can accurately locate those points on all the images. Such points give a sparse
corresondence, which can be used to initialise a denser groupwise registration.

Part Model Initial Mean Final Mean Correspondences

Fig. 7. Automatically generated parts+geometry models and results of dense groupwise
registration [42]

In [42] this approach is extended to automatically select a sparse set of points
which can be accurately located across the whole set. We use a variant of the
Genetic Algorithm to select good subsets from a large pool of candidate part
models. For instance, Figure 7 shows the application of this approach to hand
radiographs.

5 Conclusions

Statistical models of shape and appearance are powerful tools for interpretting
images. They can be matched to new images using the Active Shape Model or
Active Appearance Model algorithms or their variants. Such models are built
from annotated training images. Though significant progress has been made in
developing algorithms to automatically estimate suitable correspondences, more
work is required to make such algorithms sufficiently robust on challenging data.

Acknowledgements. Thanks to all to collaborators within ISBE and beyond
who have contributed to this work.
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