Seventh International Conference on Control, Automation,
Robotics And Vision (ICARCV’02), Dec 2002, Singapore

Analogous View Transfer for Gaze Correction in Video Sequences!

Tat-Jen Cham Shyam Krishnamoorthy Michael Jones
School of Computer Engineering Media Laboratory MERL Cambridge Systems
Nanyang Technological University Massachusetts Institute of Technology Mitsubishi Electric

Singapore 639798
Abstract

This paper provides a framework for doing facial gaze cor-
rection in video sequences. The proposed framework in-
volves stages of face registration, face parameter mapping
and face synthesis. We introduce the concept of analogous
views, and derive a novel formulation which extends view
transfers based on epipolar geometry to cope with non-rigid
motion. Additionally, a disparity mapping function is de-
rived which is learned from training data and handles both
spatial disparities as well as pixel-value changes. The dis-
parity mapping function generalizes to facial expressions,
illumination conditions and individuals not in the training
set, as shown by the results obtained.

1 Introduction

The use of video conferencing has seen substantial growth
over the last few years, particularly over the internet. How-
ever, one major hurdle faced in video conferencing is that
while speech is enhanced by visual feedback, current sys-
tems unfortunately distort the natural communication of fa-
cial expressions and language — user experience suffers as
aresult. Figure | illustrates this problem. Since the cam-
era and the screen cannot be co-located, eye-contact will
never be established, facial language does not convey natu-
rally, and users may encounter general awkwardness in the
conversation. Furthermore in a multi-party conferencing
setup, speakers have to declare the person they are speak-
ing to, since other users will not be able to determine the
intended gaze direction of the speaker.

Figure 1: Real-world scenario of video conferencing

This problem is potentially worse if users are video
conferencing through their handhelds or other portable de-
vices. The amount of distortion due to poor camera aim,
hand jitter and low-quality camera lens wilt be significantly
greater in the captured images. Beyond the novelty factor,
it 1s unlikely that users will find sufficient interest to video
conference via portable devices if these problems are not
solved.
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There are a number of methods which attempt to address
this problem. These are discussed later in section 6.
The contributions of this paper are:

e anovel analysis which extends traditional view trans-
fers based on epipolar geometry to cope with non-
rigid body meotion;

o 3 framework which generalizes exemplar-based view
transformations to handle different classes of objects
with a single mapping function;

e a data-driven method which copes with illumination
variation and which can be used for reducing the num-
ber of input parameters required in view transforma-
tion;

& 3 preliminary system for correcting facial gaze direc-
tions of different individuals with different expres-
sions in different illumination conditions.

2 Overview of Gaze Correction
Framework

Figure 2 shows a block diagram of our gaze correction
framework. The proposed system takes as input a camera
unage of a person. The output image shows the person for
which the face or head region has been modified to have a
corrected gaze direction.
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Figure 2: Gaze Correction Block Diagram

The modification is achieved in 3 stages of face regis-
tration, parameter mapping and face synthesis which are
discussed in more detail below:

Face Registration This stage registers the face in the im-
age to a reference face image. The method used is based on
similar work on face models described in [1]. The method
establishes pixel-wise correspondences from the input face
image to a reference image. These comrespondences are ex-
pressed in the form of a flow field

Ty = Tty
vy = vii+ah (1)
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Additionally, the mode! takes into account the gray-level
intensities ¢;; in corresponding pixels. This allows an im-
age to be over-represented by a large vector combining flow
field and pixel values.
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Since the pixel values and flow fields are highly corre-
lated for a face image, g will fall into a low-dimensional
subspace, which can be extracted by performing principal
component analysis (PCA) on a large amount of training
data. Hence the final face image representation can be ex-
pressed in a low-dimensional vector f such that

g=WF

f..‘j

3

where W is a subset of the dominant eigenvectors in the
space of g. The advantage of use a face model is that it
establishes clean correspondences across the untextured re-
glons of skin on faces. If a normal stereo correlation-based
algorithm were to be used, the correspondences will be ex-
tremely noisy. . .

Parameter Mapping The parameter mapping module
takes as input the registered face parameters and maps
the face parameters to one which corresponds to a gaze-
corrected face. The later sections describe the theory be-
hind this, with a detailed description found in section 4.2.

Face Synthesis Here the new face image is synthesized
from the paze-corrected face parameters obtained in the
previous stage. The face image is superimposed over the

originat face.

3 Analogous View Transfer

The system of analogous views is a constrained relation of
four views, as shown in figure 3. View V) is related to
view V3 in the same way that view V3 is related to view Vg,
although the actual relation p 4 may not be known. Addi-
tionally, V) is related to V3 identically as V3 to Vj, although
again the actual relation p g may be unknown. The system

can apply to either views observed in separate cameras, or .

views observed at different time instances from the same
camera, or combinations of both.

The problem of analogous view transfer may then be
phrased in the following way: if images are observed in

Vi, Va2 and V3, how can we predict the image that will be

seen in Vg ?

One simple example for which this problem may apply
concerns video capture with a stereo head/rig. If at a time
instance one camera fails to capture an image, is it possible
to predict the image that should have been observed, based
on the images seen in the previous time instance?

In the case of gaze correction for monocular video con-
ferencing, V; and V3 are views from the actual camera lo-
cation at different time instances. ¥, and Vj represent the
views from a virtual camera co-focated with the video con-
ferencing window on the screen at the same correspond-
ing time instances. For initialization purposes, the user can
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Figure 3: System of Analogous Views

be requested to first look at the conferencing window, for
which the image observed in the camera corresponds o V.
The user can then be requested to look directly at the cam-
era, obtaining the image comesponding to V,. After the
user starts using the system, at any time instance the cam-
era obtains view V3. The goal is therefore to predict the
image in the virtual view V.

3.1 Approaches to Analogous View Trans-
fers '

The are a number of possible ways to attempt view transfer.

For our gaze correction problem, a naive approach
would involve trying to learn a mapping directly between
original images of a face to corrected images by using a
large number of training images. However, training images
do not generalize well because raw images do not form a
smooth subspace within image space {1]. The only way
that this approach will succeed if all possible pairs of orig-
inal and corrected face images are provided, which is im-
possible to achieve.

Alternatively, we can atterapt o learn the mapping be-
tween original and corrected face parameters computed by
the face registration stage. Because the representation in-
volves spatial correspondences as well as pixel intensities,
the parameters generalize much better. This method is
for example, used by Beymer et al. [2] to generate pose
transformations across different faces. However, there are
two constraints to this approach: (a) the spatial comrespon-
dences must be accurately found between faces of different
individuals, not always an casy task especially in different
illumination conditions; and (b) the faces in the training
set must contain near identical poses and expressions in the
test set — particularly difficult if the individuals tested are
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not the same as those in the training set. Additionally, the
number of dimensions per face state vector f is still rea-
sonably large (= 30). Unless sufficient training images arc
provided, the learned mapping will be sparse.

In contrast, the approach proposed in this paper does
not depend on obtaining spatial cerrespondences between
faces in the test set and the training set. By utilizing epipo-
lar geometry across views of the subject, the method can
be directly applied to dissimilar objects in the training and
test sets. For example, there is no restriction to using our
method with a training set of faces, and learning a view-
transformation mapping for trees. Furthermore, unlike tra-
ditional epipolar view-based transfers, our novel extension
incorporates additional views which provide robustness to
non-rigid body motien.

3.2 Epipolar Geometry for Rigid Body Mo-
tion in Analogous Views

We first consider the case where the relation between views
pA and pp are defined by the exirinsic spatial transfor-
mation parameters of the corresponding cameras, or rigid
bedy motion of the scene or object observed in the views.

‘We can specify the transformation from V; to V2 as de-
fined by a rotation matrix R 4 and a translation vector T4,
and similarly Rg and T'g for 13 to V3.

.Suppose X1 is a 3D point in the camera coordinate
frame of V;, and Xa, X3, X4 represent the same point
in the various coordinate frames.

Then between V; and V3
X,"EpXs=0 ®
where Ep is the well-known product of the translation
cross-product matrix and R g. This leads to
(XZ - TA)TRATEBRA(Xq, - TA) =
= XzT Ep X4

0

If we consider x;. to be the corresponding image pro-
jection of X, in homogeneous coordinates, we can derive

projective epipolar constraints for the two cases:

.7 Qpea = 0O
sz Q’B g = 0 (6)
where Q g and Q' are the fundamental matrices given by
Qs = As'EpAp
Qy = ALTEmdp
™

The differences arise from the intrinsic affine camera
matrices for the camera in V1/V; given by A g, and for the
camera in Vo/V} given by Ay, However, if we assume that
apart from focal lengths, the other intrinsic parameters are
very similar between the two cameras, then A%, = %AB
and Qg = Q' modulo an irrelevant scale factor. We may
therefore infer that the epipolar geometry between V', and
V5 is almost identical to that between ¥ and Vj.
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A similar analysis can be made to show that the epipolar
geometry between V7 and V5 and that between V3 and Vg
is identical, i.c.

0
0

17 Qaz2
3T Qamy

@)

The above analysis shows that if we know the epipolar
geomelries relating V3 to V; and Vi to V3, we can recover
the epipolar geometries of the parallel view relations of V
to V3, and V3 to V4. This would allow us to apply tra-
ditional point transfers by solving for the intersection of
epipolar lines. For example, to recover x4 involves solving
the linear system given by

] { Qs

[ Qa
Alternatively, the trifocal tensor [3] can also be used.

T oT

.’BsT

T2

of ] T4=0 )

3.3 View Transfer for Non-Rigid Body Mo-
tion

In the case of video conferencing, a substantial amount of
the head movement is close to rigid body motion. However,
it is ot satisfactory to assume as such, especially since the
lip and eye movement and the changes of facial expres-
sion are important perceptual cues. These are obviously
not rigid body motion with respect to the person’s head.
‘We can consider non-rigid motion as introducing errors to
the epipolar constraint equations.

One peint to note is that while these motion arc non-
rigid over time, the relation of points on an object expressed
1n different camera coordinates is a rigid body transforma-
tion when observed at the same time instance across stereo
cameras. This means that (8) is valid regardless of the mo-
tion. However, (6) has a non-rigid motion error of x4
such that

0
0

z17 Qp (x5 + 5x3)
27 Qg (x4 + 0z4)

(10

Instead of using only the bottom equations of (8) and
{10), we can also combine the top equations and reformu-
late such that

0
an

In this formulation, the estimation error is a function of
(6x4 — 6z3) rather than §a4. Depending on the geometri-
cal arrangement of the views, this error may be very small.

In a video conferencing sctup, the actual and virtual
camera viewpoints typically are not too far apart and have
approximate vertical alignment. Hence any non-rigid mo-
tion error dx3 in V3 is typically tracked by a similar error
624 illV4, such that 6224 — 6&53 =~ 0.

Why does this work? The essential reason is that four
views are used here. The additional view provides infor-
mation redundancy whick can be exploited to reduce er-
rors from violation of non-rigidity.

(@a—21)T Qa {(zs — 23) + (w3 — m2)}
{x2 — 21)T Qg {{w4 — x3) + (§z4 — Oxs}}

!
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Hence we can compute analogous view transfer for non-
rigid motion such as facial expression and lip movement

from the linear system
T ’

|
[ i)

—(z3 — z1)TQalzs — x2)
andz4 = A43 — 3.

Note that the difference between (12) and (9) is a com-
ponent which degenerates to zero under rigid body mo-
tion. However under non-rigid body motion, this compo-
nent helps to compensate for errors due to rigid-body as-
sumptions.

UT
{23 —21)7

(@2 — @1
DT

4 Data-Driven Estimation versus
Analytic Computation for View
Transfer :

Despite having derived the equations for view transfer,

there are two reasons why it is not practical to compute

this analytically:

e The epipolar goometly from V] to Va may change and

must be recomputed in full at each tirpe instance, al-°

though the actual changes may only involve a few de-
grees of freedom.

Gray-level variation in the transferred pixels is ig-
nored. Although the diffuse component of shading
should not change from V3 and Vy, variations will
arise due to the specular reflective components of skin
as well as shadows.

Instead we propose using a data-driven estimation ap-
proach based on training data. However, the previously
derived equations are nevertheless useful in distilling the
relevant measurements to apply. In particular, {(12) can be
expressed as a function f(-):

(e — w3) = flas — 1, T3 — @2, T2 —x1) . (13)

Note that while zy, &2 and ®3 are dependent under
rigid-body assumptions, all the entries are needed in order
to effect computation for non-rigid motion. We also need to
account for changes in the epipolar geometry between V;
and V3 due to motion. Furthermore, we also wish to model
pixel gray-level variations. An augmented function D(-) is
therefore proposed, whick we call the Disparity Mapping
Function:

[

where

Ta%s ] = D(p, v3~v1, v3-1a, va—11) (14
24~ 23
e = [T ik |T

and iy, refers to the gray-level at pixel position zx in view
k, and p is a set of observable/computable parameters
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which will account for the changes in epipolar geometry
between V; and V3 overtime. -

We call p the epipolar variable which should have a
maximum of 8 dimensions (corresponding to the 8 param-
eters in a fundamental matrix) although fewer dimensions
are preferred if the motion is expected to be degenerate.
Ideally, we shouid automatically recover the number of di-
mensions in p (e.g. by performing PCA on training data).
However, for simplicity in our case we intuitively decided
that an orthographic camera assumption is satisfactory and
that the epipolar geometry to vary based on a functien of
3D orientation of the face. Hence p has only 3 parameters
of eye-to-eye rotation angle, eye-to-eye distance ratio and
eye-to-chin distance ratic. The last two ratios are multi-
plied by the sign of the corresponding disparity in the nose
region to disarnbiguate lefi/right or top/down gaze direc-
tions.

Training instances come in the form of previously ob-
served values of the parameters in (14). The data will be
used to model the disparity mapping function as discussed
in the next section. Given a single pixel correspondence in
Vi, V2 and V; together with their gray-levels, the disparity
mapping model will be used to compute the pixel location
and gray-level in V. :

The advantages of using a data~driven disparity mapping
function are

e There is no requirement to compute the full funda-
mental matrices, which is a noise sensitive process.
The robustness is provided by limiting the dimensions
of p.

e There is 1o requirement to have an analytic relation
between fundamental matrices and p. This is leamed
by the disparity mapping model from training data.

e The pixel gray-level variations are also learned di-
rectly from the data.

4.1 Semi-Parametric Modeling of Disparity
Mapping Function

The training data collected for our gaze correction prob-
lem comes in the form of a pair of stereo video sequences.
The number of training instances generated for the dispar-
ity map modeling is extremely larpe since each pixel cor-
respondence in each image frame provides a training in-
stance.

Suppose the input parameters are expressed in a vector

ul = [ pT (wa—v)T (vs—wa)" (v2-vi)T ]
and the output parameters by
wl=[va—v3 |

Each training instance comprises a pair of input and output
parameters,

In order to process the data more efficiently during ac-
tual mapping, the the data is first compressed by applying
vector quantization to the input part of the data. The vector
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quantization is based on simple clustering to a fixed dis-
tance threshold. This generates a set of representatives for
the data. In our experiments, we only need to extract 114
representative data points from over 3 million training in-
stances.

Given an initial input probe of u, we can estimate the
output parameters using locally-weighted regression [4]
with a planar model. The steps for this is

1. Identify the k representative data points which are
closest in input distance to u, given by {w;, w;},j =

(b} Compute the cpipolar variable p from the gener-
ated flow-field.
(c) Loop each set of pixel cormespondences between
the two reference faces and the input face:
i. Compute the disparities £3 — @2, 3 ~ 1,
®g — @1, i3 — 19, i3 — 1y and iz — 7.
ii, Compute the new disparities &4 -~ &3 and
i4 — 3 by using the disparity mapping func-
tion D(-).
iti. The new gaze-comrected flow and gray-level

1.k is represented by 4 and 4.
2. Compute the linear coefficients ar1,...,a for the (d) Recover a gaze-comrected face parameter f'
data points by solving for by projecting the gaze-corrected flow-field and

_!u=[u1 U ] {15)

(o35

Depending on the number of representatives k and
the dimensions of u, the solution for the coefficients
may be underconstrained or overconstrained. In ei-
ther case, the method of singular value decomposition
applies equally well.

. The estimated output parameters may then be com-
puted by
k
W= Z o wy
=1

The use of a planar model for the regression is partic-
vlarly suitable because for a fixed epipolar variable p, the
disparity mapping function is inherently linear because of
(12), with the only possible non-linearity introduced by the
pixel gray-level variation. A locally-linear assumption in
this case is expected to be highty satisfactory.

After computing the output parameters for each set
of pixel correspondences allows us to synthesize a flow
field plus gray-level representation of the corrected image.
However, this process is generally noisy and may not form
an valid face image. However, we can project these into
the face subspace through solving for {3). This generates a
valid face image.

(16)

4.2 Analogous View Transfer for Gaze Cor-
rection

The process to effect analogous view transfer for gaze cor-
rection as part of the parameter mapping stage described in
section 2 is

1. Initially generate the flow-field and pixel gray-levels

of the two reference faces, to get x4, €2, 4y and i for

each pixel.
2. Loop for each new face parameter f:

(a) Generate the flow-field and pixel gray-levels
from f to get 3’s.

1419

gray-levels back into the face-state subspace.
This is te ensure that the generated face is valid.

5 Experimental Results

Training and test data was collected from a single person
tracked with an individualized face model, through the use
of a set of vertical-baseline sterco cameras. The training
data was used to fearn the disparity mapping function.

For testing, only data from the top camera is used for the
gaze-comection. The results are shown i figure 4. Notice
that there is an apparent change in the gaze direction, al-
though there is still significant perceptual differences from
the ground truth.

Model-tracked camera view

Synthesized gaze-corrected view

Model-tracked ground truth

Figure 4: Gaze correction results for test images of the first
individual,
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Additionally, testing data was collected from a separate
individual in a different location with slightly different illu-
mination condition. The results for the gaze cerrection are
shown in figure 5. Once again, there is an obvious change
in the gaze direction, although there appears to be addi-
tional noise in the estimation.

S

Model-tracked camera view

Synthesized gaze-corrected view

Figure 5: Resuits for a separate individual with slightly dif-
ferent illumination conditions. Note that the disparity map-
ping function used is trained on a different individual. Ad-
diticnaily, ne correspordences need to be computed across
individuals, only between views of the same person.

Despite the correction in gaze direction, there are still
strong perceptual differences from what we would like to
see. One problem is simply that the registration only ap-
plies to the face. The obvious distortions in the forehead re-
gion significantly alters the appearance of the person. Use
a full head model (but in 2D) would allow a significant im-
provement to the realism. Additionally, the results suffer
from poor estimation of the iris locations which is a strong
perceptual cue to the gaze direction of the person.

6 Gaze Correction Related Work

One approach to partially solving this problem would be
to design a system in which a camera and the screen are
part of a complex reflection-based setup. Exampiles of such
systems are described in [5]. Such systems are very costly
becanse of the specialized hardware and design required.

Alternatively, there are a number of software-based
methods. The method described in {6] makes use of two
cameras in a stereo setup to create a virtual, geometrically-
correct camera view which is coincidental with the screen.
Unfortunately, a method which depend on stereo cameras
will not have wide applicability since most computers are
equipped with at most one camera.

Another approach is described by Zitnick et al. [7]. This
involves attempting to align a 3D head model to the camera
input images, mapping the image pixels onto the model, ro-
tating the head model to align camera capture and screen

1420

view directions, and rendering a virtual view with cor-
rected head pose. However, the 3D model used is either
a generic head-shape model or even more simply an ellip-
soidai model. The method will not cope well with variation
in head shape of different people.

7 Conclusions

This paper addresses the problem of facial gaze correction
for video conferencing. A framework is proposed which in-
volves face registration, parameter mapping and synthesis.
The concept of analogous view transfer is introduced, and
we showed that how the epipolar geometries may be recov-
cred for view transfer. In particular, we provided analysis
for both rigid and non-rigid motion, and derived a sclu-
tion which is robust to nen-rigid motion for certain camera
configurations. Additionally, we implemented a disparity
mapping function which is learned from training data, and
which is used to compute the spatial transfer of pixels and
changes in pixel gray-levels. This disparity mapping func-
tion generalizes to any face shape, illumination condition
and across individuals. Results were carried out on two
individuals which illustrate this property.
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