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Computing Accurate Correspondences across
Groups of Images
Timothy F. Cootes, Carole J. Twining, Vladimir S. Petrović, Kolawole O. Babalola, and Christopher J. Taylor

Abstract—Groupwise image registration algorithms seek to establish dense correspondences between sets of images. Typically they
involve iteratively improving the registration between each image and an evolving mean. A variety of methods have been proposed,
which differ in their choice of objective function, representation of deformation field and optimisation methods. Given the complexity of
the task, the final accuracy is significantly affected by the choices made for each component. Here we present a groupwise registration
algorithm which can take advantage of the statistics of both the image intensities and the range of shapes across the group to
achieve accurate matching. By testing on large sets of images (in both 2D and 3D), we explore the effects of using different image
representations and different statistical shape constraints. We demonstrate that careful choice of such representations can lead to
significant improvements in overall performance.
Index Terms—Non-rigid registration, correspondence problem, appearance models
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I NTRODUCTION

A

methods for computing dense correspondences across sets of images are now widely
used to both construct statistical models and to analyse
variations across a group. For instance, it is common
to build a mean brain image from a group to define
a standardised co-ordinate frame in which to compare
different examples from the group [1]. Alternatively
statistical models of shape and appearance can be built
which can then be used for further image interpretation
[2], [3].
A variety of different techniques for establishing correspondence have been proposed (see the review below).
The majority involve iteratively updating estimates of
correspondences between each image and an image or
model in a reference frame, usually with the reference
frame evolving towards a group average at the same
time. Each technique requires three core components:
1) a representation of the deformation field
2) an objective function
3) a method of optimisation
Common choices for the deformation field are Bsplines, [4], [5], piece-wise affine [6], [7] and dense (pervoxel) flow fields [8], [9].
Objective functions typically have two components,
one based on image intensities (comparing the warped
UTOMATIC
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target image with the reference) and one based on the
shape (often just a regularisation term). The intensity
term is usually a simple sum of squares error term,
though more robust versions have been used [6], as well
as variants of mutual information [10], and voxel-wise
entropy measures [5].
The shape term is usually a local measure to penalise
excessive local deformation, such as a bending energy
[11]. The statistical information about the shape, estimated from the group, is less often exploited [3], [6].
In this paper we describe a particular version of
groupwise registration (developed from [6]), and use it
to investigate the effects of choices of image features
and shape regularisation on the overall accuracy of the
resulting correspondences.
In particular, we show that local normalisation of
the intensities can improve accuracy, and that using
features other than intensity (such as smoothed gradient
information) at each pixel can help achieve more robust
correspondence in a coarse-to-fine framework.
We also explore using simple local shape constraints to
regularise the resulting mesh, demonstrating that careful
choice can improve the performance.
We apply the registration framework to two large sets
of images. The first is a set of 2D images of faces from
the XM2VTS database [12]. We have detailed manual
annotation of feature points for this data, allowing direct
comparison of the performance of the automatic system
with manual correspondences. The second is a set of 270
3D MR images of the brain, for which we have voxel
labels for various structures. While this does not allow
explicit point by point evaluation of the correspondence
accuracy, it does allow us to evaluate the system using
overlap measures for each labelled structure, which is a
useful indirect assessment.
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The main novelty in this paper is the detailed quantitative evaluation of a group-wise registration algorithm
on large 2D and 3D datasets and the demonstation of
the importance of different components of the algorithm.
The lessons learned about the choices of component
which can significantly improve performance will be
applicable to other group-wise registration methods.
In the following we review the literature on groupwise
correspondence, describe our particular registration algorithm and explore some of the choices for image representation and shape regularisation. We present detailed
results on the face and brain dataset, discuss the applicability of the approach and draw some conclusions.
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BACKGROUND

Finding mappings between structures across a set of
images can facilitate many image analysis tasks. One
particular area of importance is in medical image interpretation, where image registration can help in tasks
as diverse as anatomical atlas matching and labelling,
image classification, and data fusion.
Over the past decade there has been a considerable
growth in interest in the problem of groupwise registration (also called ‘joint alignment’), and a range of
techniques have been developed.
There are two broad approaches - those that aim to
determine a dense correspondence field across a set, and
those seeking to find a sparse set of points or structures
present in every image.
2.1

Dense correspondence methods

The aim of these techniques is to find a set of continuous transformations of space that map each training image into a common reference frame. Almost all
approaches involve iteratively updating estimates of
correspondences between each image and a (possibly
evolving) reference model. They generally differ in their
choice of objective function, representation of deformation or optimisation method.
The earliest work on dense correspondence was that
by Vetter, Jones and Poggio [13], [14] which uses a combination of model fitting and optical flow to estimate dense
vector fields across sets of objects, to build ‘morphable
models’ - statistical models of shape and appearance.
A now common approach is to use a non-rigid registration algorithm (capable of finding the deformation of
one image into another) [15]–[17] to independently map
each image to a chosen reference.
For instance, Guimond et al. [1] used Thirion’s
‘Demons’ algorithm [18] to register sets of images, describing how to iteratively update the group mean.
Frangi et al. used non-rigid B-spline registration [11] to
correspond 3D images and build statistical shape models
[10]. Duchesne and Collins [7] used a multi-resolution
block matching strategy [19] to compute piecewise linear
deformation fields between images, which were used to
build shape and appearance models. Cootes et al. used a
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composition of simple diffeomorphic deformation fields
to register a group of images into a common frame [20].
The field of Computational Anatomy involves estimating diffeomorphisms to warp each example of an object into a common (average) reference frame. Typically
the deformations are represented as dense displacement
fields, which are the integration of dense velocity fields,
estimated using a fluid-flow style algorithm. Joshi et al.
[9], [21] demonstrate how to simultaneously estimate
the reference shape and image in the case of large
scale diffeomorphisms, where linear approximations to
averages break down.
Rather than perform registration to a reference independently, information from the group can be used
to help the process. Marsland et al. [22], [23] describe
a groupwise algorithm which registered images using
clamped-plate splines so as to minimise a description
length measure of the whole set.
Baker et al. [3] also considered building an appearance
model as an image coding problem. The aim is to
construct a model which can encode the set of images as
efficiently as possible. The model parameters are iteratively re-estimated after fitting the current model to the
images, leading to an implicit correspondence defined
across the data set. The model fitting takes account of
the statistics of intensities and shapes across the group.
Cootes et al. [24] describe a related approach which
also aims to minimise a description length measure, with
the added constraint that the deformations should be
diffeomorphic (smooth and invertible). They represent
the deformation fields using a composition of grid-based
diffeomorphic deformations.
Learned-Miller [25] performs groupwise alignment
using a ‘congealing’ approach, in which each image
is repeatedly aligned with a reference so as to minimise a per-pixel entropy measure. The entropy measure
pools information from the whole group. Balci et al.
[5] extended this approach to demonstrate groupwise
registration using B-spline deformations.
The method we propose below (developed from [6])
takes ideas from several of the above, in that it represents
deformations with a piece-wise affine mesh, uses an objective function derived from the MDL coding approach
[23] and involves optimising using methods developed
in non-rigid registration.

2.2 Sparse correspondence
There is extensive work in the object recognition literature about detecting common objects or parts of objects in 2D images, giving sparse sets of corresponding
points across a set. Typically this involves clustering
features detected at interest points across all the images
to detect possible model parts, then looking for common
geometric relationships between the resulting parts. For
instance, see the work of Fergus et al. [26], or for a
general overview of the field [27].
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Langs et al. [28] build sparse models by extracting
many points in each training image, and using point
matching algorithms to locate correspondences.
Kokkinos and Yuille [29] describe constructing both
global shape models and linked parts based models using an EM style optimisation. Rather than work on raw
images, they register edge and ridge primal sketches,
and demonstrate good results on a range of object
classes.
There is also a growing literature on estimating correspondences across groups of multiple point sets - see
for instance [30].
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M ETHODS

We seek to estimate a set of deformation fields which
will allow us to establish dense correspondences across
a set of images. The approach is an extension of our
earlier work [6] in which we estimate a model in a
reference frame which can explain the data as effectively as possible. That work treated the problem in the
Minimum Description Length (MDL) [31] framework,
which has been successfully applied to the groupwise
correspondence problem for both sets of shapes [32], [33]
and sets of images [23].
In the two-part coding formulation of MDL, the objective function is the length of the message required to
transmit the entire training set of data, where the data is
sent by encoding it according to some statistical model.
The objective function can then be written as the sum of
two parts thus:
L = Lmodel + Ldata ,
(1)
which represents the cost of transmitting first the exact
details of the model, and then the data encoded using
that model. In practice, the data term tends to dominate,
since it scales as the number of example images or
shapes in the set, whereas the model term only scales
with the number of modes included. Hence for practical
purposes, it is often convenient to consider just the
data term. The message length for transmitting the data
encoded according to the model can be computed by
using the fundamental result obtained of Shannon [34],
which states that the optimum codeword length for
transmitting the occurrence of some event or data value
x that occurs with probability p(x) is given by:
L(x) = − log p(x).
By making particular choices for the form of the model
pdf p(x), it is possible to generate many of the common
pairwise image similarity measures within this information theoretic framework [35] (e.g., sum-of-squares,
absolute difference, and both mutual information and
normalised mutual information), as well as to construct
inherently groupwise image similarity measures. In the
following, we will continue with this general approach,
and investigate the effects of various choices both for the
form of this pdf, and the effect of including both texture
and shape deformation terms in the objective function.

3

3.1 Basic Framework
Suppose we have a set of training images Ii , i = 1..N ,
which we wish to correspond. We will achieve this
by defining a reference frame, R, and estimating a set
of deformation fields Wi (y) mapping from R to each
training image1 . The mapping from any image i to any
other image j can then be achieved via the reference:
Wi→j (y) = Wj (Wi−1 (y)).
Clearly the inverse should exist, so the deformations
must all be invertible.
We will assume that each deformation field is uniquely
defined by the position of a set of n control points {xk },
so the deformation is a function y′ = W (y; x), where
x = (xT1 ...xTn )T .
Thus the aim is to find the set of control points, xi , for
each image, defining the correspondences on image i.
We assume that each target image can be represented
as a deformed version of a model image instance in the
reference frame,
Is (y) = Ir (W −1 (y; x); t)

(2)

The image in the reference frame is given by some
image function Ir (y; t) with parameters t.
Let r be the vector of residual differences (one per image voxel), between the training image and the warped
version of the reference image, ry = I(y) − Is (y).
Our complete model defines
• The form of texture model Ir (y; t)
• A distribution for the displacements, p(x|M )
• A distribution for the texture parameters p(t|M )
• A distribution for the residuals p(r|x, t, M )
where M is taken to be the set of parameters defining
the texture model and the various distributions (such as
their means and variances etc).
Each of these components may be fixed in advance or
estimated from the data itself during the optimisation
process.
The overall aim of the process then becomes estimating the parameters so as to optimise the correspondences
and model given the images. For a given image, this is
p(x, t|I, M ) ∝ p(I|x, t, M )p(x|M )p(t|M )

(3)

if we assume independent priors for shape and texture
parameters. Although for many tasks shape and texture
parameters are not independent (a fact exploited by the
Active Appearance Model (AAM) [2], for instance), good
results can be achieved with the independence assumption - this is the basis for many of the developments of
the AAM by Matthews et al. [36], and is a fundamental
assumption in almost all non-rigid registration schemes.
To find the optima, we use an iterative approach,
estimating each set of parameters or model component
in turn.
1. Here we take W (y) to be mean spatial transformation applied to
a set of points encoded in vector y, returning a vector of transformed
points.
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For a given image and choice of texture parameters
t, we seek to find the best control points, x, so wish to
optimise
p(x|I, t) ∝ p(I|x, t)p(x)
(4)
where we have dropped the M term for notational
brevity. For a given choice of x and t, the probability
of the image is given by the probability of the residual
difference between target image and model image (from
Eq.2), p(I|x, t) = p(r), so
log p(x|I, t) = log p(r) + log p(x) + const

(5)

Similarly for a given image and set of control points,
the texture parameters can be estimated by maximising
log p(t|I, x) = log p(r) + log p(t) + const

(6)

The texture model and distributions can be estimated
using the current values of the correspondences.
Note that if we were only interested in the correspondences themselves, we could in theory explicitly
integrate out the other parameters. However, this is
likely to be extremely time consuming, given the very
large number of parameters involved.
3.2

The Groupwise Registration algorithm

The aim is to estimate the positions of the control points
on every image, together with the parameters, t, defining
the model image in the reference frame.
It is useful to initialise the algorithm by choosing one
image as an initial reference frame, then performing
pairwise registration onto every other image. As long as
the chosen image is not an extreme outlier, the algorithm
is fairly insensitive to the initial choice.
The basic groupwise registration algorithm proceeds
as follows:
1) Select one image to be used as an initial reference
2) Select control points on this reference image
3) Initial pairwise registration to reference:
a) For each image in turn estimate movement
of control points to optimise match to the
reference image
4) Groupwise registration:
a) Estimate a new reference frame from the mean
of the current points
b) Estimate p(x|M ) from the position of points
in all images
c) Compute the texture model by warping all
images to the reference frame
d) Estimate the distribution of texture parameters, p(t|M ).
e) Estimate the distribution of residuals, p(r|M ).
f) For each image in turn
i) Estimate t to maximise (6).
ii) Estimate x to maximise (5).
g) Repeat until happy

Typically the initial control points on the reference
frame (Step 2) will be a regular mesh (such as that shown
in Figure 1). Though there may be some efficiency gains
in concentrating the control points around strong edges,
we have found little improvement in overall accuracy
compared to a sufficiently dense regular mesh.
To estimate the points in the reference frame (Step 4a),
we apply Generalised Procrustes Analysis [37] to align
each set of control points to a common frame, then take
the mean. In cases where there is only relatively smooth
deformations, the mean set of points will define a valid
warp (ie the associated mesh will not self intersect). If
this is not the case, the reference points can be set to
the control points of the example which is closest to the
mean (an approximation to the median).
For small datasets, to avoid problems with local minima, when optimising on one image we work with a
model built from all images except the current one (a
‘leave-one-out’ approach).
In its current form the algorithm isn’t guaranteed to
converge in all cases - it is possible that if initialisation
is poor some of the points will diverge off the image,
or that the mean reference image would begin cycling
though a series of different states. However, in practice
we terminate after a fixed number of iterations, by which
time we usually find the results have stabilised.
3.3 Piece-wise Affine Deformation Fields
An important issue for a registration algorithm is the
choice of representation for the deformation field. There
are three commonly used classes.
1) A dense field representing the movement of every
pixel (eg fluid deformation models [14]),
2) a composition of simple warps (such as [24], [38])
or
3) fields controlled by a sparse set of control points
(such as [4]). Typically the control points parameterise a set of splines (eg B-splines, thin plate
splines or clamped plate splines).
The algorithm described above requires us to be
able to invert the deformation efficiently, since during
model construction we use W (y; x) to interpolate the
training images, and when evaluating residuals we use
W −1 (y; x) to interpolate the reference frame image. Although we have experimented with smoother interpolating splines, they cannot easily be inverted. Instead we
have adopted piece-wise linear interpolation, in which
the region of interest (RoI) is mosaiced by a set of triangles (in 2D) or tetrahedra (in 3D), the control points being
the nodes of this mesh. For instance, see figure 1. Within
each region we can use an affine approximation of the
deformation field, which is easily inverted. Although the
resulting piece-wise affine representation is not smooth
(the derivatives are not defined at the boundaries), we
have found it to produce good results. It is also simple
to add constraints to prevent non-invertible mappings.
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This has no effect outside the region [−1, 1][−1, 1]. If the
elements of d have a magnitude less than 0.4, this can be
shown to be smooth and invertible (the proof involves
demonstrating that the Jacobian of (7) remains positive
under these conditions). An example of the effect of such
a warp is shown in Figure 2.

Fig. 1. Example face image and mesh of control points
3.4

Optimising the Control Point Positions

The algorithm outlined above involves performing an
optimisation of control points, x, on one image at a time.
Since for a given set of points x we can estimate the
parameters and residuals, the objective function depends
only on x (call it E(x)).
This is a complex non-linear function. To reduce the
chance of falling into local minima, we adopt a coarse
to fine regime, with three distinct stages:
1) Estimate the global affine transformation
2) Optimise the positions of groups of control points
3) Optimise the positions of individual control points
3.4.1 Estimating the affine transformation
We first perform a coarse exhaustive search to estimate
the translation. We then estimate affine transformation
parameters using the Nelder-Mead Downhill Simplex
algorithm [39].
3.4.2 Optimising groups of control points
Given an estimate of the affine transformation, we optimise a sequence of smooth transformations applied to
the control points, effectively moving them in groups.
This allows us to get approximately correct, smooth
solutions quickly.
The most effective method we have found to do this
is inspired by the registration algorithm of Lötjönen and
Mäkelä [38], in which different regions of the image are
selected at random and the points within the region
optimised by applying a smooth local transformation.
The exact form of the local transformation is not
critical during this initialisation stage, as long as it is
smooth and invertible. In the 2D experiments below we
use a simple variant of a grid based deformation [20].
Let G(a : d) be a transformation of space as follows
a′ = G(a : d) = a + k(ax )k(ay )d

(7)

where a = (ax , ay )T , d is the displacement of the origin
(which parameterises the transformation) and k(r) is a
kernel defined as follows

0.5(1 + cos(πr))
|r| < 1
(8)
k(r) =
0
otherwise

Fig. 2. Example of smooth local warp G(a : (0.4, 0.2)) on
regular grid over region [-1,1][-1,1]. The bold line shows
the displacement, d, of the origin.
If we wish to apply this deformation to a rectangular
region of the current control point mesh, we compute
the affine transformation T () which maps the region
[−1, 1][−1, 1] to the desired region. We then define a
deformation function
a′ = GT (a : d) = T (G(T −1 (a) : d))

(9)

(which effectively maps the points to the unit frame,
transforms them, then maps them back).
We can thus optimise the positions by finding the displacement d which optimises E(GT (x : d)). Since d has
only 2 parameters (or 3 in 3D), this can be quite efficient.
To reduce the chance of falling into local minima, we
evaluate this function on a grid of displacements and
choose the best. We find this gives more robust results
than using a simple downhill search.
To ensure we cover the whole region of interest, in
2D we select overlapping rectangles in a grid, visited in
a random order. In the experiments on faces below we
use 3 stages, visiting the image at rectangles first in a
3x3 grid, then 7x7, then 13x13.
For 3D images we use the natural 3D extensions of the
deformations and volumetric grids. In the experiments
on brains we use a 3x3x3 grid before optimising individual control points.
3.4.3 Optimising individual control points
The finest stages of the search involve directly optimising
the control point positions, x. For this we use a simple
gradient based search. By displacing each point independently we can efficiently estimate the first and second
derivatives, gi and hi of the function with respect to
the ith parameter. We then perform a line search along
direction u, where ui = −gi /hi (with a suitable check
to avoid division by zero errors). Figure 4b gives an
example of the final mesh.
Allowing points to move independently leads to the
danger of creating a non-invertible transformation. This
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happens if a triangle or tetrahedra ’flips’, so that two
or more such regions then overlap. To prevent this we
can add a large penalty to the cost function if the signed
area/volume of any element changes sign relative to the
equivalent element in the reference (The signed area of
triangle {0, a, b} is 0.5(ax by − bx ay ), the signed volume
of tetrahedron {0, a, b, c} is (a × b).c/6).
Whether this is important will be data dependent the experiments below were performed without such
penalties, as we found that we did not observe problems
with invertibility.
In addition the basic framework can be modified for
more sophisticated regimes. For instance, it can be useful
to start with a sparse set of control points, and to increase
the density as the search progresses.
3.5

Image Representation

In the ‘interpretation though synthesis’ approach it is
common to work directly with image intensities, possibly with a simple linear normalisation to deal with global
lighting effects [2].
However, it is known that making more explicit use
of edge information can lead to more robust matching.
In the medical image registration field it is common to
use mutual information measures to perform image registration, as they are highly invariant to lighting effects
[40]–[42]. Kokkinos and Yuille [29] perform groupwise
registration on edge and ridge primal sketches.
In the following we demonstrate the effect of using
various different normalisations and gradient information on the performance of registration.
3.5.1 Local z-normalisation
In global linear normalisation, each pixel with value v is
mapped to v ′ = (v − µ)/σ, where µ and σ are the mean
and standard deviation of pixel values across the whole
image (or modelled region).
A more effective approach is to perform a more local
mapping,
v(x) − µ(x)
(10)
v ′ (x) =
max(σ(x), σmin )
where µ(x) and σ(x) are local estimates of the mean and
standard deviation obtained by smoothing the image
and the square of the image, and σmin is a lower bound
included to avoid enhancing noise in flat regions.
This deals with both global and more localised intensity variations.
3.5.2 Gradient information
We represent gradient information by applying Sobel
filters to the result of the local z-normalised image,
computing the absolute values in x and y gradient, then
smoothing.
We then create a three-plane image in which the first
plane is the local z-normalised image, and the other two
are the x and y smoothed absolute gradient images.

6

We have found that registering such combined images
during the early stages of the algorithm leads to significant improvements in robustness, as the smoothed
edge information ensures that major features are aligned
approximately at the start (see results below). In practice
we reduce the degree of smoothing as the algorithm
proceeds, in line with a coarse-to-fine style of search.
3.6 Shape Constraints
It is possible to perform registration without any explicit
constraints on the shape deformation, and in many cases
surprisingly good results can be achieved (see below).
This is because shape constraints only make a significant
positive impact in cases where there is considerable
noise or image ambiguity. Where there are sufficient
features in the image texture, the shape constraints may
be unnecessary.
We have explored a range of forms of shape constraints, and found that often they make the registration
accuracy worse as they tend to pull examples towards a
model mode, and away from the data.
The simplest effective constraint we have found is a
local elastic measure:
X
log p(x) =
log pi (xi )
(11)
i

log pi (xi ) = const − 0.5|xi − (dxi + xµ,i )|2 /σx2

(12)

th

where xi is the position of the i point, xµ,i is the average position of the points in a neighbourhood around
point i (determined by the connectivity of the mesh), and
dxi is the offset of this point from the average for the
reference (mean) shape. A global value of the position
variance σx2 is used for all points. If significant rotation or
scaling is anticipated, the measure can be evaluated after
applying a global affine transformation into a standard
reference frame. This measure penalises local bending.
Although it might seem that a natural extension is
to estimate separate variances for each example from
the training set, or to use a full covariance matrix to
model the local shape, our experience to date is that this
actually reduces overall performance.
3.7 Texture Model
The simplest model of texture is just to record the mean
texture in the reference frame, gµ . In this case there are
no other texture parameters (t is empty, and p(t) = 1).
Again, we find that this works surprisingly well.
To measure the match, we assume an exponential
distribution (which is long tailed, leading to more robustness than a Gaussian model).
Thus
log p(r) = const − |r|/σr
(13)
where r is the difference between image pixel and
equivalent reference pixel and σr is a distribution width
parameter. Below we compare the effect of using an
exponential distribution with that of a Gaussian model.
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3.8

Robust Texture Estimates

Rather than estimate the reference as the mean of all the
data, a more robust result can be obtained by discarding
some outliers. At each stage we construct the reference
shape and texture by selecting the 75% of the examples
which have the smallest absolute deviation in texture
from the (global) mean.
This is particularly useful for avoiding corruption by
the occasional poor model match or occlusion.
3.9

4.1 2D Data: Face Images
We have performed a set of experiments to evaluate the
effect of using the different choices of method above. In
each we compare the result of registration with manual
annotations which define a ground truth.
We use the first image of every person in Session 1
of the XM2VTS database [12], 293 images in total. Note
that 121 of these images (41%) have either facial hair or
glasses occluding some facial features. Each image was
manually cropped to the facial region (see Figure 3).

Choice of Measurement frame

To evaluate a particular warp W (y) between a reference
image, Ir , and a target image, I, a natural approach
is to compare each pixel in the reference frame with
the corresponding pixel in the target frame, evaluating
C(Ir (y), I(W (y))) where C(a, b) is some cost function.
This is effectively deforming the target image into the
reference frame, and is often the simplest and most
efficient approach to implement. However, where there
is local deformation, this can lead to some pixels in the
target frame not contributing as they are not sampled.
An alternative approach is to consider each pixel in
a region of interest in the target frame, and compare
it with the corresponding pixel in the reference frame,
C(Ir (W −1 (y′ ), I(y′ )). This ensures that every pixel in the
target region is ’explained’ by the model. The Minimum
Description Length approach [22] to groupwise registration suggests that the aim should be to completely
explain the target images in terms of the model - this
suggests that every pixel in the RoI should be included
in the cost function.
The RoI is defined by the points on the borders of
the mesh. During early stages of the optimisation we
perform comparisons in the reference frame and allow
the border points to move freely, thus locating the region
of interest in the target frame. In the later stages we
perform comparisons in the target frame, but fix the
border points in place, ensuring the RoI, and therefore
the number of pixels/voxels sampled, remains constant.
Without this constraint there would be a tendency to
reduce the area covered by the mesh to a single point as
this would reduce the description length to zero.
In the following we demonstrate that the latter approach, measuring the differences in the target frame,
leads to improved overall registration performance.
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E XPERIMENTS

We demonstrate the approach to group-wise registration on two data sets. We apply it to 2D images of
faces, for which we have accurate manual annotation,
allowing evaluation of the accuracy of the resulting
correspondences. We also demonstrate it on 3D MR
images of the brain. For this data we have labelled voxel
data, which allows evaluation by computing overlap
measures, which are a surrogate for measures of correspondence accuracy.

Fig. 3. Face image with 20 manually placed landmarks
used for evaluation
Figure 4 gives an example of the results for one image
in the set. Registering all 293 images takes approximately
20 minutes on a dual-core laptop. In this case the robust
reference was used, see Figure 6b.

a) Target image

b) Final mesh

c) Warped reference

d) Comparison

Fig. 4. Example final result for a face. (a) Target image.
(b) Final mesh defining warp from reference to target
(c) Result of warping reference image with mesh (d)
Comparison: alternative squares from (a) and (c)
To evaluate the performance we used the publicly
available manual ground truth points 2 . For each image
we select the 20 feature points shown in Figure 3. We
use an evaluation metric similar to that described by
2. http://personalpages.manchester.ac.uk/staff/timothy.f.cootes
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Cristinacce et al. [43] for measuring the accuracy of facial
feature search.
After applying the registration, we use the resulting
warp fields to map all these ground truth points into
the reference frame, where we compute their mean
positions, giving an estimate of the ‘true’ position of the
feature point on the reference face. Thus if pij is the
position of landmark j on image i, we compute the mean
reference point positions as
p̄j =

N
1 X −1
W (pij )
N i=1 i

20
X
1
di =
|pij − Wi (p̄j )|
20seyes j=1

(15)

where seyes is the separation between the manual eye
centre points (the inter-ocular distance). For examples of
the value of this measure for different results, see Figure
5.
The tables below give the median and the 90th percentile for such point errors over the set of 293 images.
We apply the group-wise algorithm described above
to the data, varying
• the image normalisation and representation,
• the shape constraints,
• whether the errors are measured in target or reference frame and
• the way in which the mean is estimated

(b) di = 5.5%

Reference
No shape
7.6 (13.2)
7.4 (12.6)
5.1 (9.7)
4.8 (7.4)

Frame
elastic
5.1 (10.4)
4.8 (9.5)
3.8 (7.5)
3.5 (5.5)

Target Frame
No shape
elastic
6.3 (12.1)
4.8 (10.3)
6.3 (11.1)
4.6 (9.3)
4.7 (8.9)
3.7 (7.0)
4.2 (6.8)
3.5 (5.3)

TABLE 1
Median and (90%ile) Point-Point registration errors (%)
for different choices of normalisation, shape constraint
and sampling frame. Std.Error≈ 0.1

(14)

We then use the warp fields to project these ’average’
manual points back to each image, and compare them
with the actual point positions. The error measure for a
single image, i, is then

(a) di = 1.9%

Image Features
Linear Norm.
Histo. Eq.
Local z-norm
z-norm+grad

(c) di = 10.3%

Fig. 5. Results of projecting mean annotation onto different examples, demonstrating difference errors.
Figure 5 shows the results of projecting the mean of
the manual points (Eq.14) onto each of three images
using the estimated deformation fields from the best
performing test. Figure 5a shows one of the best results,
5c shows one of the worst results of the 293 images.
Qualitatively the results are good. Since the method
is essentially a local optimisation, good initialisation is
required. For this data it was sufficient to estimate the
translation, scale and orientation for each image using a
coarse exhaustive search. Table 1 summarises the results
of evaluating the accuracy of the registration.
The results demonstrate that

1) Histogram equalisation gives better results than
linear normalisation
2) Local z-normalisation gives better results than histogram equalisation
3) The gradient normalisation gives better results than
local z-normalisation
4) Including local elastic shape constraints is beneficial
5) Measuring errors in the target frame gives better
results than measuring them in the reference frame.
Figure 6a shows the evolution of the model mean
for the best results, demonstrating that the registration
gets more accurate as the algorithm progresses. Since a
significant number of the images include people with
glasses, a shadow of the average glasses appears on the
final mean.
In order to investigate sensitivity to initialisation, we
registered the set using 10 different images as the first
template. The results were almost unchanged, with a
standard deviation of 0.06 on the median errors.
4.1.1 Using a robust reference
To reduce the effects of occlusions and outliers, we repeat
the above experiment using a robust estimate of the
mean (building from the best 75%). Figure 6b shows
the evolution of the robust mean - the glasses, being
outliers, are removed from the mean. Table 2 compares
this with using the global mean (note that the evaluation
is performed over all images, not just the best 75%). This
shows that in practice using a robust mean for this data
makes little overall difference to performance.

Mean
Robust Mean

Reference
No shape
4.8 (7.4)
4.7 (7.4)

Frame
elastic
3.5 (5.5)
3.5 (5.5)

Target Frame
No shape
elastic
4.2 (6.8)
3.5 (5.3)
4.3 (6.9)
3.4 (5.3)

TABLE 2
Median and (90%ile) Point-Point registration errors when
using mean and robust mean (using z-norm+grad
features)

4.1.2 PDF of Intensity Residual
We compared the use of an exponential PDF for the
texture errors with a Gaussian. The former tends to be
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of appearance variation. Note that the inclusion of faces
with glasses leads to a shadowing effect.

Mode 1 (±2.5sd)

Mode 2 (±2.5sd)

Mode 3 (±2.5sd)

Mode 4 (±2.5sd)

Fig. 7. First four modes of an appearance model built
from 293 faces
4.1.4 Effect of choice of mesh density
The results above were generated with meshes of size
16 x 20 nodes. To investigate the effect of the choice of
mesh density we repeated the registration with different
numbers of control points (see Figure 8). In each case
we used elastic shape constraints and measured errors
in the target frame.
Figure 9 shows the results. This demonstrates that
coarse meshes cannot capture the details sufficiently accurately. Beyond a certain size, no further improvement
in performance is observed.

a) Standard Mean

b) Robust Mean

Fig. 6. Evolution of the mean of 293 face images.

PDF Form
Exponential
Gaussian

Reference
No shape
4.8 (7.4)
4.8 (7.6)

Frame
elastic
3.5 (5.5)
3.6 (5.9)

Target Frame
No shape
elastic
4.2 (6.8)
3.5 (5.3)
4.5 (7.0)
3.5 (5.3)

TABLE 3
Median and (90%ile) Point-Point registration errors when
using different PDFs for texture residuals

4x5

8 x 10

12 x 15

Fig. 8. Examples of meshes and resulting mean

5
Median Error (%)

more robust to outliers. Table 3 shows that the use of the
exponential distribution generally gives slightly better
results, but that the effect is not large enough to be
significant.

4.5
4
3.5
3
0

4.1.3

Appearance Models

Statistical shape and appearance (shape+texture) models
[2] have been constructed from the data using the best
registration results. Figure 7 shows the first four modes

5
10
15
20
Number of nodes along x

25

Fig. 9. Median point to point error (%) as a function of
mesh density
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3D Data: MR Images of the Brain

We have applied a 3D version of the algorithm to a set of
270 MR images of the brain, for which we have manual
annotations. The images were T1-weighted, and had
been acquired at different times with different scanners.
The imaged cohorts include both control subjects as well
as subjects with Alzheimer’s Disease, Schizophrenia,
Attention Deficit Hyperactivity Disorder (ADHD), and
prenatal drug exposure. Their ages ranged from 4 years
to 83 years. The segmentation of subcortical structures
was performed at the Centre for Morphometric Analysis,
Boston. The protocol is semi-automated and has been
extensively described (for example see [44], [45]).
To evaluate the groupwise registration, we applied
the algorithm to the complete set of 270 images. This
resulted in an estimate of the mean shape and the mean
intensity features in the reference frame defined by the
mean shape, together with piece-wise linear deformation
fields for every image into this reference. Figure 10
shows the evolution of the mean of the model. The registration took 23 hours on a 20 node (2 GHz) computing
cluster. For each of several labelled structures we used
the deformation fields to map each label image into the
reference and compare it with the average.
More precisely, for a given structure, let Li (x) be a
boolean label image (Li (x) = 1 if x is inside the structure
in image i, Li (x) = 0 otherwise). Let Wi (x) be the warp
from reference frame to image i. We compute a mean
probability image in the reference frame,
270

P (x) =

1 X
Li (Wi (x))
270 i=1

(16)

To evaluate the quality of the result on a particular
image we compute the Dice overlap [46] between P (x)
(thresholded at 0.5), and the normalised label image
Li (Wi (x)) (thresholded at 0.5).
Table 4 shows the mean Dice overlap for several structures when measuring errors in either the reference or
target frame, with and without elastic shape constraints.
In each case local z-normalisation of the intensity was
applied.
The value of the position variance, σx2 was chosen
after experiments on a small subset (10%) of the data.
Automatic selection of a suitable value, which affects
the weighting between shape and texture components,
is difficult and the subject of further research.
The table demonstrates that the best results are
achieved when using the elastic shape constraints, and
when measuring errors in the target frame.
Table 5 shows the effect of different features and
normalisation methods. In this case the ”z-norm+grad”
is a two plane image in which the first plane is a locally
z-normalised version of the original, and the second is
a smoothed absolute gradient image.
In this case errors are measured in the target frame,
and elastic shape constraints used. It demonstrates that
the z-normalisation significantly improves performance

Fig. 10. Evolution of the mean of 270 MR images of the
brain. Local intensity normalisation was used to pre-filter
the images.

over the simple linear normalisation. This is because
the data set includes images from different sites and
scanners, leading to significant differences in intensities
for similar structures.
Again we find that adding the gradient information
improves the overall performance.

5

D ISCUSSION AND C ONCLUSIONS

We have demonstrated that accurate correspondences
can be obtained across large groups of images. There
are many choices which can be made for the features,
normalisation and statistical modelling, which can significantly affect the overall performance of the system.
Extensive experiments suggest that effective results
can be obtained by using local intensity normalisation
and edge based features, using a simple locally elastic
shape constraint and by measuring the errors in the
target frame rather than the reference frame.

[DRAFT PLACEHOLDER] TRANS. PAMI, VOL. 1, NO. 1, JANUARY 2008

Structure
Accumbens
Amigdala
Brain Stem
Caudate
Hippocampus
Ventricle
Pallidum
Putamen
Thalamus
Mean over all

Reference
No shape
68.6%
70.2%
89.8%
81.1%
77.7%
84.2%
79.2%
87.8%
87.0%
80.0%

Frame
elastic
71.9%
73.9%
90.2%
80.5%
79.3%
83.2%
81.4%
88.9%
87.7%
81.3%

Target Frame
No shape
elastic
68.4%
72.4%
71.5%
74.2%
89.9%
90.3%
80.7%
81.3%
78.5%
79.7%
84.8%
83.8%
79.8%
81.5%
88.1%
89.0%
87.0%
88.1%
80.3%
81.6%

TABLE 4
Mean of Dice overlap with average in the reference
frame for different brain structures (270 images).
Standard error ≈ 0.6
Structure
Accumbens
Amigdala
Brain Stem
Caudate
Hippocampus
Ventricle
Pallidum
Putamen
Thalamus
Mean

Linear
14.7%
52.8%
86.5%
66.0%
58.0%
76.5%
46.8%
57.4%
81.1%
58.9%

z-norm
72.4%
74.2%
90.3%
81.3%
79.7%
83.8%
81.5%
89.0%
88.1%
81.6%

z-norm+grad
73.3%
75.0%
91.0%
82.5%
80.7%
85.1%
82.3%
89.8%
88.7%
82.5%

TABLE 5
Mean of Dice overlap with average in the reference
frame for different brain structures (270 images), when
varying image features and normalisation used.
Standard error ≈ 0.6
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distortions of the deformation field - dealing with them
properly is the subject of ongoing research. In the case of
faces the method can deal with modest out of plane head
rotation, but too much will cause features to become
occluded and the method will fail. Also exaggerated
facial expressions can cause problems, partly because
initialisation becomes less reliable.
In future work we will explore more sophisticated
shape and texture models, and other initialisation
regimes. A key unresolved problem is that of choosing
the optimal weighting between the shape components
and the texture components of the model. In the above
we estimated values based on results of a small subset.
This would not be satisfactory for a fully automatic
system.
However, the correspondences obtained from the relatively simple methods described above are accurate
enough to allow the automatic construction of detailed
models of shape and appearance which can be applied
to many different problems.
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