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Abstract

We demonstrate that a small number of 2D sta-
tistical models are suÆcient to capture the shape and
appearance of a face from any viewpoint (full pro�le
to fronto-parallel). Each model is linear and can be
matched rapidly to new images using the Active Ap-
pearance Model algorithm. We show how such a set of
models can be used to estimate head pose, to track faces
through large angles of head rotation and to synthesize
faces from unseen viewpoints.

1 Introduction

The appearance of a face in a 2D image can change
dramatically as the viewing angle changes. The major-
ity of work on face tracking and recognition assumes
near fronto-parallel views, and tends to break down
when presented with large rotations or pro�le views.
Three general approaches have been used to deal with
this; a) use a full 3D model [15], b) introduce non-
linearities into a 2D model [6] and c) use a set of models
to represent appearance from di�erent view points [11].
In this paper we explore the last approach, using statis-
tical models of shape and appearance to represent the
variations in appearance from a particular viewpoint.

These appearance models are trained on example
images labelled with sets of landmarks to de�ne the
correspondences between images [1]. Lanitis et. al.[9]
showed that a linear model was suÆcient to simulate
considerable changes in viewpoint, as long as all the
modelled features (the landmarks) remained visible.
A model trained on near fronto-parallel face images
can cope with pose variations of up to 45o either side.
For much larger angle displacements, some features be-
come occluded, and the assumptions of the model break
down.

We demonstrate that to deal with full 180o ro-
tation (from left pro�le to right pro�le), we need

only 5 models, roughly centred on viewpoints at -
90o,-45o,0o,45o,90o (where 0o corresponds to fronto-
parallel). The pairs of models at �90o (full pro�le)
and �45o(half pro�le) are simply re
ections of each
other, so there are only 3 distinct models. We can
use these models for estimating head pose, for track-
ing faces through wide changes in orientation and for
synthesizing new views of a subject given a single view.

Each model is trained on labelled images of a variety
of people with a range of orientations chosen so none
of the features for that model become occluded. The
di�erent models use di�erent sets of features (see Fig-
ure 1). Each example view can then be approximated
using the appropriate appearance model with a vector
of parameters, c. We assume that as the orientation
changes, the parameters, c, trace out an approximately
elliptical path. We can learn the relationship between c
and head orientation, allowing us to both estimate the
orientation of any head and to be able to synthesize a
face at any orientation.

By using the Active Appearance Model algorithm
[4, 1] we can match any of the individual models to
a new image rapidly. If we know in advance the ap-
proximate pose, we can easily select the most suitable
model. If we do not know, we can search with each of
the �ve models and choose the one which achieves the
best match. Once a model is selected and matched, we
can estimate the head pose, and thus track the face,
switching to a new model if the head pose varies sig-
ni�cantly.

Given a single image of a new person, we can match
the models to estimate the pose. We can then use the
best �tting model to generate new views from angles
similar to that of the original image. We can also ex-
ploit correlations across models of di�erent views to
estimate the appearance of the subject in a completely
di�erent view. Though this can perhaps be done most
e�ectively with a full 3D model [15], we demonstrate
that good results can be achieved just with a set of 2D
models.



In the following we describe the techniques in more
detail and give examples of the model, its ability to
estimate pose, to track faces and to synthesize unseen
views.

2 Background

Statistical models of shape and texture have been
widely used for recognition, tracking and synthesis [7,
9, 4, 14], but have tended to only be used with near
fronto-parallel images.

Moghaddam and Pentland [11] describe using view-
based eigenface models to represent a wide variety of
viewpoints. Our work is similar to this, but by in-
cluding shape variation (rather than the rigid eigen-
patches), we require fewer models and can obtain bet-
ter reconstructions with fewer model modes.

Maurer and von der Malsburg [10] demonstrated
tracking heads through wide angles by tracking graphs
whose nodes are facial features, located with Gabor
jets. The system is e�ective for tracking, but is not able
to synthesize the appearance of the face being tracked.

Murase and Nayar [6] showed that the projections
of multiple views of a rigid object into an eigenspace
fell on a 2D manifold in that space. By modelling this
manifold they could recognise objects from arbitrary
views. A similar approach has been taken by Gong
et. al.[13, 8] who use non-linear representations of the
projections into an eigen-face space for tracking and
pose estimation, and by Graham and Allinson [5] who
use it for recognition from unfamiliar viewpoints.

Romdhani et. al.[12] has extended the Active Shape
Model to deal with full 180o rotation of a face using a
non-linear model. However, the non-linearities mean
the method is slow to match to a new image.

Vetter [15] has demonstrated how a 3D statistical
model of face shape and texture can be used to gener-
ate new views given a single view. The model can be
matched to a new image from more or less any view-
point using a general optimisation scheme, though this
is slow. By explicitly taking into account the 3D nature
of the problem, this approach is likely to yield better
reconstructions than the purely 2D method described
below. However, the view based models we propose
could be used to drive the parameters of the 3D head
model, speeding up matching times.

3 Statistical Models of Appearance

An appearance model can represent both the shape
and texture variability seen in a training set. The train-
ing set consists of labelled images, where key landmark

points are marked on each example object. The train-
ing set is usually labelled manually, though automatic
methods are being developed. For instance, Figure 1
shows examples of labelled images used to train the
view-based face models.

Pro�le Half Pro�le Frontal

Figure 1. Examples from the training sets for
the models

Given such a set we can generate a statistical mod-
els of shape and texture variation (see [1, 4] for de-
tails). The shape of an object can be represented as
a vector x and the texture (grey-levels or colour val-
ues) represented as a vector g. The appearance model
has parameters, c, controlling the shape and texture
according to

x = �x+Qsc

g = �g +Qgc
(1)

where �x is the mean shape, �g the mean texture and
Qs,Qs are matrices describing the modes of variation
derived from the training set.

We trained three distinct models on data similar
to that shown in Figure 1. The pro�le model was
trained on 234 landmarked images taken of 15 individ-
uals from di�erent orientations. The half-pro�le model
was trained on 82 images, and the frontal model on 294
images.

An example image can be synthesised for a given c
by generating a texture image from the vector g and
warping it using the control points described by x. For
instance, Figure 2 shows the e�ects of varying the �rst
two appearance model parameters, c1, c2, of models
trained on a set of face images, labelled as shown in
Figure 1. These change both the shape and the texture
component of the synthesised image.
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c1 varies �2 s.d.s c2 varies �2 s.d.s

Figure 2. First two modes of the face models
(top to bottom: pro�le, half-pro�le and frontal)

4 Predicting Pose

We assume that the model parameters are related
to the viewing angle, �, approximately as

c = c0 + cc cos(�) + cs sin(�) (2)

where c0, cc and cs are vectors estimated from train-
ing data (see below).

(Here we consider only rotation about a vertical axis
- head turning. Nodding can be dealt with in a similar
way.)

This is an accurate representation of the relation-
ship between the shape, x, and orientation angle under
an aÆne projection (the landmarks trace circles in 3D
which are projected to ellipses in 2D), but our exper-
iments suggest it is also an acceptable approximation
for the appearance model parameters, c.

In order to learn the relationship for a given model,
we must know the orientation of each of our train-
ing examples. We do not yet have access to a system
which can measure it accurately, such as that used by
[12, 8, 13]. However, we are able to estimate the angle
by �nding the frames in our training sequences at full
pro�le and fronto-parallel by eye, then assuming a con-
stant rate of rotation across the frames between. This
leads to images labelled with orientations, �i, accurate
to about �10o. For each such image we �nd the best
�tting model parameters, ci. We then perform regres-
sion between fcig and the vectors f(1; cos(�i); sin(�i))

0g
to learn c0,cc and cs.

Figure 3 shows reconstructions in which the orien-
tation, �, is varied in Equation 2.

Given a new example with parameters c, we can
estimate its orientation as follows. Let R�1

c be
the left pseudo-inverse of the matrix (ccjcs) (thus
R�1

c (ccjcs) = I2).

-105o -80o -60o

-60o -40o -20o

-45o 0 +45o

Figure 3. Rotation modes of three face models

Let

(xa; ya)
0 = R�1

c (c � c0) (3)

then the best estimate of the orientation is
tan�1(ya=xa).

Figure 4 shows the predicted orientations vs the ac-
tual orientations for the training sets for each of the
models. It demonstrates that equation 2 is an accept-
able model of parameter variation under rotation.

5 Tracking through wide angles

We can use the set of models to track faces through
wide angle changes (full left pro�le to full right pro�le).
We use a simple scheme in which we keep an estimate of
the current head orientation and use it to choose which
model should be used to match to the next image.

To track a face through a sequence we locate it in the
�rst frame using a global search scheme similar to that
described in [3]. This involves placing a model instance
centred on each point on a grid across the image, then
running a few iterations of the AAM algorithm. Poor
�ts are discarded and good ones retained for more it-
erations. This is repeated for each model, and the best
�tting model is used to estimate the position and ori-
entation of the head.

3



-150

-100

-50

0

50

100

150

-150 -100 -50 0 50 100 150

P
re

di
ct

ed
 A

ng
le

 (
de

g.
)

Actual Angle (deg.)

Figure 4. Prediction vs actual angle across
training set

Model Angle Range
Left Pro�le -110o - -60o

Left Half-Pro�le -60o - -40o

Frontal -40o - 40o

Right Half-Pro�le 40o - 60o

Right Pro�le 60o - 110o

Table 1. Valid angle ranges for each model

We then project the current best model instance into
the next frame and run a multi-resolution seach with
the AAM. We estimate the head orientation from the
results of the search, as described above. We then use
the orientation to choose the most appropriate model
with which to continue. Each model is valid over a par-
ticular range of angles, determined from its training set
(see Table 1). If the orientation suggests changing to
a new model, we estimate the parameters of the new
model from those of the current best �t. We then per-
form an AAM search to match the new model more ac-
curately. This process is repeated for each subsequent
frame, switching to new models as the angle estimate
dictates.

When switching to a new model we must estimate
the image pose (position, within image orientation and
scale) and model parameters of the new example from
those of the old. We assume linear relationships which
can be determined from the training sets for each
model, as long as there are some images (with interme-
diate head orientations) which belong to the training
sets for both models.

Figure 7 shows the results of using the models to
track the face in a new test sequence (in this case a
previously unseen sequence of a person who is in the
training set). The model reconstruction is shown su-

perimposed on frames from the sequence. The methods
appears to track well, and is able to reconstruct a con-
vincing simulation of the sequence.

We used this system to track 15 new sequences of
the people in the training set. Each sequence contained
between 20 and 30 frames. Figure 5 shows the estimate
of the angle from tracking against the actual angle. In
all but one case the tracking succeeded, and a good es-
timate of the angle is obtained. In one case the models
lost track and were unable to recover.

The system currently works o�-line, loading se-
quences from disk. On a 450MHz Pentium III it runs
at about 3 frames per second, though so far little work
has been done to optimise this.

Actual Angle (deg.)

Pr
ed

ic
te

d 
A

ng
le

 (
de

g.
)

−100 −75 −50 −25 0 25 50 75 100

−100

−75

−50

−25

0

25

50

75

100

Figure 5. Comparison of angle derived from
AAM tracking with actual angle (15 sequences)

6 Predicting Unseen Views

Given a single view of a new person, we can �nd
the best model match and determine their head orien-
tation. We can then use the best model to synthesize
new views at any orientation that can be represented
by the model. If the best matching parameters are c,
we use equation 3 to estimate the angle, �. Let cres
be the residual vector not explained by the rotation
model, ie

cres = c� (c0 + cc cos(�) + cs sin(�)) (4)

To reconstruct at a new angle, �, we simply use the
parameters

4



c(�) = c0 + cc cos(�) + cs sin(�) + cres (5)

This only allows us to vary the angle in the range
de�ned by the closest model. Since the models all rep-
resent the same 3D structure, we anticipate that there
will be correlations between parameters for di�erent
views of the same individual. To do this e�ectively we
must �rst project out the e�ects of pose, lighting etc.
A principled approach to this is described in [2]. How-
ever, for our experiments, since there is little lighting
or expression change in the training set, it is suÆcient
just to remove the orientation components.

In order to learn the relationship between param-
eters in one model and those in another, we perform
the following steps. For each frame in the training set
we use equation 4 to determine the orientation inde-
pendent component of the parameters for each model.
We then compute the mean of such residuals for each
person. Let ĉi;j be the mean of such residuals in the
ith model for the jth person. By applying PCA to the
means for a given model, we can �nd the projection,
Pj , into an `identity' sub-space.

Let the projection of each mean in the subspace be

bij = PT
j (ĉi;j � ĉj) (6)

where ĉj is the mean of the means.
We can use linear regression to learn the relationship

which maps each bij in the identity space of the jth

model to the corresponding mean bik in the identity
space of the kth model,

bij = rjk +Rjkbik (7)

Thus to reconstruct a new view of a person given a
match in a di�erent view;

1. remove the e�ects of orientation (Eq.4),

2. project into the identity sub-space for the model
(Eq.6),

3. project across into the subspace of the target model
(Eq.7),

4. project that into the residual space (inverting Eq.6)

5. add the appropriate orientation (Eq. 5).

Figure 6 demonstrates this. Models were built on
the data for all but one person. The pro�le model was
then matched to a pro�le image of the missing person
(the reconstruction is shown). The method described
above is then used to predict the appearance using the
frontal model at two di�erent angles. For comparison,
corresponding images of the person at similar angles
are shown. Given the small nature of the training set
(in this case only 14 people, yielding a 13-D identity
space), the results are encouraging.

Best Fit New View New View

Figure 6. The best �t with a pro�le model is
projected to the frontal model to predict new
views

7 Discussion and Conclusions

We have demonstrated that a small number of view-
based statistical models of appearance can represent
the face from a wide range of viewing angles. Although
we have concentrated on rotation about a vertical axis,
rotation about a horizontal axis (nodding) could easily
be included (and probably wouldn't require any extra
models for modest rotations). We have shown that
the models can be used to track faces through wide
angle changes, and that they can be used to predict
appearance from new viewpoints given a single image
of a person.

So far we have only tested the methods on a rela-
tively small and clean data set. We intend to gather
more data in order to obtain better generalisation abil-
ity, to include expression and lighting changes and to
investigate its performance on more cluttered back-
grounds. We hope to obtain better calibrated train-
ing images in order to obtain more accurate angle es-
timates.

We anticipate the approach will be useful in many
applications, including driving animated avatars, cal-
culating head pose and making face recognition sys-
tems more invariant to viewing angle.
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