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ABSTRACT

This paper presents an improved technique for determining
the 3D structure of the human face form stereo images. The
approach targets specific regions of the face individually.
An application of the approach to estimate the 3D structure
of the nose is presented. Stereo matching is extended and
applied to colour in addition to grayscale, which improves
matching in a low texture image like parts of the skin of a
human face. Left-Right consistency check is used to deter-
mine erroneous disparity estimates. Prior knowledge of the
nose structureis used in conjunction to improve the quality
of the 3D nose estimates.

1. INTRODUCTION

Face recognition isamethod of biometric identification that
works by taking afacial image of a person, extracting use-
ful features and comparing these features. A database of
face templates for comparison is created during the training
process and used in recognition.

The difficulty with image based face recognition is that
images used in the recognition process generally vary com-
pared to the images acquired for the recognition database.
Thus the face recognition system must be able to cope with
numerous possible variations including viewpoint, illumi-
nation, expression, age, facial hair, occlusion, spectacles
and background changes.

An alternate approach to the face recognition problemis
to generate a 3D model of the face. The 3D data of the face
is used either singlarly to directly compare to a database of
3D face models, or in conjuction with the 2D images.

Singularly a3D model can be used to match to adatabase
of 3D face models. Thiswould require the use of 3D object
recognition techniques [1]. The success of this approach
relies on the level of discrimination between 3D models
of different people and the similarity of 3D models of the
same person. Thiswould requireavery precise and detailed
model of a personsface.

In conjuction with a standard 2D image, the 3D model
can provide the required facial structure information to cor-

rect face alignment problems associated with 2D face recog-
nition tasks. In particular, out of plane head rotations can
be partially corrected given the 2D image and the 3D face
model.

The generation 3D face models from stereo imagery re-
quires two cameras capturing an image of a scene at the
same time from dlightly separated viewpoints. The images
are first rectified such that the image rows are aligned be-
tween the two images. Each pixel is then match from one
image to their corresponding equivalent pixel in the alter-
nate stereo image. Generally matching single pixels proves
inadequate and awindow of surrounding pixelsisused. Match-
ing entails finding the equivalent window of pixels across
the stereo image pair. A measure of the relationship or de-
gree of correspondence between image windows is used to
select the best suited region from a search space. There are
several good general stereo matching techniques covered by
[2] and [3]. These include techniques based on a Sum of
Absolute Differences (SAD), Sum of Squared Differences
(SSD) and Normalised Cross Correlation (NCC).

A simplified approach isto select features such as edges
or corners and match these features across the images. The
result is a sparse group of depth estimates which is inade-
quate for the 3D face recognition. We choose to perform
window based pixel by pixel matching in this work and en-
hance its capabilities. Given the problem of 3D face mod-
elling from stereo images, the input is no longer arbitrary
and it is advantageous to use prior knowledge of the struc-
ture of ahuman face. While faces vary between peoplethere
isageneral structurefor aface, this general structure can be
utilized to target the stereo matching techniques and criteria
adaptively over specific regions. Different techniques and
criteria may suit individual face regions such as the chin
and lip, cheek, eyes, forehead or nose regions.

The effectiveness of stereo matching algorithms depends
on the variation of pixel values within the template and can-
didate matching windows. The greater the variation of pixel
values within matching windows the better the probability
of finding a unique match [4]. This problem can be re-
duced by using alarger matching window which introduces



a greater number of pixels and possibly a unique window.
Thisintroduces further problemswhen considering surfaces
containing discontinuities [4]. Unfortunately the texture of
the human facial skin is relatively bland in certain regions
and increasing the size of the matching windows will re-
duce the precision with which the face can be modeled in
the non-bland regions. Dividing the face into specific re-
gions alows this problem to be considered and individual
solutions tailored for each region. The resulting 3D model
is expect to provide amore accurate depth model acrossthe
entire selected region with fewer significant errors.

This paper is organised into the following sections: Sec-
tion 2 explainsfacial region decomposition, the stereo match-
ing agorithm, an extended colour stereo matching algo-
rithm, coarse to fine matching constraint and Left to right
consistency check. Section 3 presentstheresults of thetech-
nique applied to the nose region. Section 4concludeswith a
discussion of the performance.

2. RECONSTRUCTION APPROACH
2.1. Facial Feature Extraction

The human face can be considered to be composed of sev-
eral regions. Each region has a specific feature or unique
structural property, for example the cheek region is rela-
tively smooth with a gentle curvature and a consistent tex-
ture, while the eye regions have changesin depth and ava-
riety of textures. It is possible to consider each region of the
face separately and apply individual matching techniques
to various regions of the face depending upon the regions
structure and texture. Furthermore prior knowledge of each
region can be applied to generate improved 3D models.

The selected face region for this paper isthe noseregion.
The nose is of interest due to the relatively smooth contour
which varies at several points across the face. Small discon-
tinuities, located at the base of the nose, alow application
specific constraints. The nose also consists of skin with lit-
tle texture variation.

Thenoseregion needsto be extracted from the two stereo
images of the face presented in figure 1. The procedure to
extract the selected regions consists of the following steps:
Simple skin segmentation, Face contour extraction, Face ap-
proximation by an ellipse, Eye localization using ellipse lo-
cation and dimensions, and Nose region localization based
on eyeregion properties. Theresulting noseregionsare pre-
sented in figure 2.

2.2. Stereo Matching Algorithm

The stereo matching problem reguires that for each pixel in
the left image a corresponding pixel in the right image be
found. We use rectified images [5] which reduce the search
space down to a single image line. The matching is gen-
erally performed by taking a window around the candidate

Fig. 1. Thefull face image prior to nose extract. The image
has aresolution of 1280 x 960 pixels

Fig. 2. The selected and extracted (a) left nose image, (b)
right nose image.

pixel and comparing it to the candidate matching pixel win-
dow.

The matching functions are based upon the afforemen-
tioned SAD, SSD or NCC agorithms [2]. We found that
both the SAD and SSD algorithms performed extremely
poorly in the nose region owing to alack of intensity varia-
tion. The Zero-mean Normalised Cross Correlation (ZNCC)
algorithm [6] was also tested using intensity images with a
window size of 9 pixels. The resulting surface was very
noisy. This is again due to little variation in skin texture
across the nose region and the small window size.

2.3. Colour Stereo Matching

The intensity variation across the nose imageislow and did
not produced adequate quality disparity results. The stereo
matching was improved by extending the matching function
similarly to the work of Muhlmann et al. [7]. Muhlmann et
a. usethe Sum of Absolute Difference (SAD) to calculatea
matching measure for each of RGB planes separately. The
individual SAD colour planes scores are summed to pro-
duce final matching measure. We extended the ZNCC algo-
rithm to utilise the colour information by using the summa-
tion of the three ZNCC results for each of the RGB planes
presented in equation 1.



I(u,v,y) =
Y () (1 (@,0)=T71)- (T2 (w,y+0)) = I12)
VE oy Trt (o) =L2)-X () r2 (u0) —Lr2)
3 ) Tg1 (w,9) = Tg1)-(Iga (u,y+v)) —Ig2)
V' oy T (@0) = I51)- 3 (4 ) (g2 (w,0)) = Tg2)
Z(uy,u)(]bl(“ﬂ)))_lgl)'(Ib2(uvy+1)))_lg2)
V' oy T (w,0)) = 10)-X (4 (T2 (w0)) — Ii2)

(D

Utilising colour information in the stereo matching pro-
cess improves the 3D model by reducing the number of er-
roneous matches.

2.4. Coarseto FineMatching

A coarse to fine matching strategy is implemented to con-
strain the matching region. Thisis achieved by selecting a
large matching window, in this case a window size of 19
pixels. The largest disparity is determined and the search
space for al subsequent matching windows in constrained
to the largest disparity value (a small variation is added to
allow for variances at the largest disparity values).

The coarse to fine matching strategy is updated for each
reduced matching window size (from 19 pixelsto 7 pixels
in 2 pixel decrements). This constraint has the advantage of
reducing the search space and thus reducing the processing
time.

Given that correspondenceis determined for 7 different
window sizes each producing two disparity mapswith vary-
ing accuracy and noise properties, these can be combined
to produce asingle estimate. The larger window correspon-
dence results produced a stepped result with minimal noise,
while the smaller window size results produced a smoother
response but with considerably more noise. Simply taking
the mean of the estimates produced a disparity map with
sub-pixel disparity estimates although with substantial noise
due to outliers. A median estimate produced a stepped dis-
parity map with minimal visua errors. A third option is
to discard the largest and smallest disparity estimates, as-
suming that these estimates are outliers. The mean of the
remaining estimates produces a similar noise-reduced but
stepped-discontinuousdisparity estimate in the nose region.

2.5. Left toRight Consistency Check

A common check for correctness of disparity estimates is
to perform correspondence from the left to right image and
also from the right to left image. If the disparities don’t
match then the estimate is marked as bad. While this ap-
proach may be suitable for certain stereo matching appli-
cations, the resulting 3D model would contain insufficient
disparity estimates.

The unique approach is to consider the error between
the left and right disparity estimates. The result of calculat-
ing the error is presented in figure 3. It is evident that the
greatest error is aong the slope of the nose while the least

error is present in the nose/cheek convergency region and
the ridge of the nose.

The disparity estimate error is calculated separately for
each window size. If the left-right disparity error is one or
less pixels, the disparity estimate for that pixel islabelled as
acceptable. If the number of pixelswith acceptable disparity
estimates is greater than a threshold ( in this case 5 out of
7), the acceptable estimates are averaged to produce afinal
disparity estimate. The unacceptable disparities are mark as
such and processed further.

Fig. 3. The accumilated error image from Left-Right con-
sistency check. The darker regionsindicate that more of the
window sizes has Left-Right consistency errors.

2.6. Using Prior Knowledge of the Nose

Selecting a particular region of the face allows certain as-
sumptionsand constraintsto be applied to achieveimproved
results. These assumptions and constraints may not work
across an entire face but achieve imrpoved results when lo-
calised to aface region.

The error plot of figure 3 illustrates that the largest |eft-
right consistency error (the darkest region) is down the slop-
ing side of the nose. Combining the Left-Right and Right-
Left disparity estimates using an average, resultsin a broad
nose tip and broad nose ridge shown in figure 4. These re-
sults arise from the averaging of erroneous disparity esti-
mates with good disparity estimates. It is not possible to
determine which disparity estimates are correct and which
areincorrect without prior knowledge of the structure of the
underlying depth data, in this case the nose. By analysing
the error values we have determined that the sign of the er-
ror indicates which group of disparity estimates (Left-Right
or Right-Left) providethe best disparity estimates. Thusfor
anegative error we select the Left-Right disparity estimates
and the Right-L eft disparity estimates for the positive error.
Compare the resulting nose shapes from the standard aver-
aging in figure 4 to the results from using the prior knowl-
edgeinfigureb.

3. RESULTS

Utilising the prior knowledge of the nose shape and the er-
rors between the Left-Right and Right-Left disparity esti-



Fig. 4. Theresulting 3D shape of the nose using L eft-Right
and Right-Left averaged disparity estimates. The nose has
a broader shape dueto the variationsin disparity estimates.

mates, we can improve the shape of the nose by narrowing
the nose width. Comparing a direct averaging of the dispar-
ity estimates from both the Left and Right imagesin figure
4 to those of a nose estimate utilising only the appropriate
viewpoint and Left-Right consistent disparity, shown in fig-
ureb.

4. CONCLUSION

This paper has presented afew improvementsto stereo match-
ing techniques for calculating disparity and hence the 3D
structure specifically for the human face.

Using a colour matching algorithm improves the stereo
matching for the human face regions containing minimal
texture variation.

A coarse to fine matching criteria hel ps reduce the error
associated with smaller stereo matching windows by con-
straining the matching region to previous determined dis-
parity ranges. This also reduces the computational cost by
reducing the search region.

The Left-Right consistency check identifies the dispar-
ity estimates which differ between the left and the right
match persepectives. Normally these are discarded, how-
ever we have been able to apply thisinformationin conjunc-
tion with prior knowledge of the nose structure to provide
denser depth maps and to improve the nose shape.

This framework for 3D face reconstruction allows indi-
vidual face regions to be considered and specific improve-
ments made to each region. Its application to other parts of
the face will be explored in future work.
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Fig. 5. Thefinal 3D shape of the nose using prior knowledge
regarding the results of Left-Right and Right-L eft disparity
estimates. The nose has a narrow shape due to the correct
selection of disparity estimates.
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