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Abstract 2002 Face Recognition Vendor Test [12] highlighted that
illumination and pose variation remain unsolved problems
Hybrid face recognition, using image (2D) and struc- for 2D face recognition. In addition to this there are still
tural (3D) information, has explored the fusion of Nearest problems associated with expression variation.
Neighbour classifiers. This paper examines the effective- Several methods for conducting 3D face recognition
ness of feature modelling for each individual modality, 2D have been proposed. Recent work into 3D face recogni-
and 3D. Furthermore, it is demonstrated that the fusion of tion has proposed the use of point signatures [16], isometri
feature modelling techniques for the 2D and 3D modalities transformations [3] and PCA [4]. Some recent work has
yields performance improvements over the individual clas- explored the modelling of 3D data, in [5] the registration
sifiers. By fusing the feature modelling classifiers for each error from the Iterative Closest Point algorithm was mod-
modality with equal weights the average Equal Error Rate elled with GMMs. Unlike 2D face recogntion illumination
improves from 12.60% for the 2D classifier and 12.10% for and pose variations do not affect 3D face recognition, how-
the 3D classifier to 7.38% for the Hybrid 2D+3D clasiffier. ever, the problem of expression variation remains largely
unsolved. For a more in depth review of 3D face recogni-
tion readers are referred to [2].
Fusing the 2D and 3D modalities for face recognition is
1. Introduction receiving greater attention because of an increased gttere
in multi-modal biometric recognition. Combining the two
Face recognition is an area of biometric research that hagnodalities, 2D and 3D, can be broadly divided into data
received great interest in recent times. The Face Recogfusion, feature fusion and classifier fusion. This work and
nition Grand Challenge (FRGC) [11] highlighted research much of the current work into fused 2D and 3D face recog-
directions still left to be explored in face recognition. An hition explores methods for classifier fusion; in particula
area which remains unsolved is the fusion of 2D and 3D current research has concentrated on performing Nearest
face data for recognition; however, it's noted that 2D and Neighbour (NN) classifier fusion. In [4] separate 2D and 3D
3D face recognition still have their respective challenges  classifiers were formed using PCA-based features, a hybrid
Face recognition using image data (2D face recogni- 2D+3D classifier was then formed by fusing the individual
tion) is a mature field that has been researched for over 20classifiers with linear weights based on the Rank scores for
years. Recent research has made use of Principal Compddentification. A technique using log-Gabor features on 2D
nent Analysis (PCA) [14], the 2D Discrete Cosine Trans- and 3D part face images was described in [6]. The log-
form (2D-DCT) [10] and morphable models [1], among Gabor features were reduced with PCA and the 2D and 3D
others. Thede factostandard for 2D face recognition is classifiers were fused with equal weighted fusion. Despite
eigenfacesvhich is a technique that applies PCA to an im- the ongoing research into hybrid 2D and 3D face recogni-
age and was introduced to the field by Turk and Pentlandtion, work into fusing feature modelling techniques for 2D
[14]. The 2D-DCT based technique proposed in [10] mod- and 3D face recognition remains unaddressed.
els the 2D-DCT features using Gaussian Mixture Models  The work presented in this paper examines the use of
(GMMs). In this work a background, or global, GMM is feature modelling as a method for improving 2D, 3D and
used to derive client dependant models and verification ishybrid 2D+3D face recognition. Initial experiments demon-
performed using the difference of these two scores (from strate that feature modelling is a more effective technique
scoring against the background and client models). Thethan several standard NN classifiers; this is conducted for



both 2D and 3D modalities. Feaure modelling is conducted
using GMMs to describe Intra-Personal (IP) and Extra-
Personal (EP) difference vectors. The fusion of the two
modalities, 2D and 3D, is approached as classifier fusion
and it is shown that weighted summation provides consis-
tent improvements when fusing two feature modelling tech-
nigues from different modalities.

The paper is structured as follows. Related work in 3D
face recognition and 2D PCA-based face recognition will be
presented in Section 2. Following this methods for data nor-
malisation and feature modelling will be described in Sec-
tions 3 and 4 respectively. The experimental procedure is

information, from the two modalities, is not being derived
from the use of alternate feature extraction techniques Th
is also the reason for keeping the feature modelling tech-
nigue constant. For a detailed explanation of GMMs readers
are directed to [13].

2.1. PCA-Based Face Recognition Metrics

Turk and Pentland first introduceijenfaceso the field
of face recognition in [14]. This technique applies eigen-
value decomposition to the covariance matrix of a training
set of M vectorised images. Each image, consists of

outlined in Section 5 and the results are presented in Secy pixe|$ and the average |mag$)(|s calculated from the
tion 6. Conclusions and future work are then presented and)/ training images. The mean normalised images are rep-

discussed in Section 7.

resented by,

2. Related Work Xj = Xj — 1, 1)
and then used to derive the covariance matrix,
Face recognition broadly refers to the tasks of face veri-
fication and face identification. Face verification consi$ts 1 M
comparing an input image claiming an ID against the stored C=+7 X;X] , ()
image of the claimed ID whilst face identification consists j=1

of finding the best matching image (in a database of images)upon which eigenvalue decomposition is applied. The
given the input image. The experiments conducted in this eigenvalues found by this procedure represent the variance
work perform face verification. A flowchart of the process of the corresponding eigenvectors. Therefore the larger
of verification for 2D face recognition is provided in Figure eigenvalues represent those eigenvectors which deshgbe t
1 most variation of the training data.

A review of 2D PCA-based face recognition distance

Fully Claiming to metrics was conducted in [17]. This work found the Maha-
Iﬁ:;ﬁ”ﬁ:;:i be D49 lanobis metric consistently outperformgg, L, and cosine

metrics. In [4] the Mahalanobis metric outperformed other
metrics for 3D face data. A description of each of these
metrics can be found below:
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Figure 1. A flowchart describing the verifica-
tion process for the 2D modality.

d(x,y) =[x =Yl (4)

e Cosine Metric
For this work PCA was chosen as the feature extraction

technique. This has previously been applied to 2D face
recognition in [14] and to 3D face recognition in [4]. The

feature modelling technique chosen is GMMs which has
been used with 2D-DCTs in [10] and is also a standard tech-
nigue used in speaker recognition [13]. Only one feature ex-
traction technique is being used for this work to ensure that
when multi-modal fusion is conducted the complementary

X.y

Y= Ty

(5)

o Mahalanobis Metric

d(x.y.C) = \/x—y)TC x=y)  (6)



wherex andy are the two vectors to compare a@dis The 3D data consisted of point cloud data on a semi-
the covariance matrix derived from the eigenvalues found regularz- andy-grid; there is limited variation along the
through PCA. Note that is a diagonalised covariance ma- grid lines. Every image has four landmark points: the right
trix as eigenvectors are orthogonal. For the experimentseye corner, left eye corner, nose tip and chin. Using three
conducted in this paper the first 30 eigenvalues and eigen-of these landmark points (right eye corner, left eye corner
vectors were retained; this is because of the limited dataand chin) the 3D data is normalised for in-plane and out-
available to conduct feature modelling and the limited im- of-plane rotations. After the data has been normalised for
pact this had on the performance of the NN classifiers. all rotations the valid data is then interpolated onto a lagu
grid of 128 x 128 pixels. This regularised data is then further
processed with a median filter to reduce the effect of noise;

3. Data Normalisation an example output of this procedure is provided in Figure 3.

Data normalisation is a key step in any face recognition
system. It provides a common basis for comparison of two
images (or signals). It was shown in [4] that low resolu-
tion 3D face images significantly hinder recognition perfor
mance, however the same is not true of 2D face images. 40
For this reason the 2D and 3D face images were retained ,, = ,,
at different resolutions. The 2D face data had a resolution % &
of 64 x 64 pixels whereas the the 3D face data had ares- ~Z
olution of 128 x 128 pixels. For both the 2D and 3D face -20
images only part face images, above the mouth region and
below the brow region were used. This was done to reduce
the effect of expression variation.

For the 2D face data only in-plane rotations could be re-
covered. The two eye corners were used to perform the in-
plane normalisation and cropping of the images. Registra-  Figure 3. A mesh plot of a cropped and inter-
tion of the images is based on the eye corners; they reside on  polated 3D face image.
the samey-axis and are separated by 64 pixels. Illlumination
normalisation was conducted by applying local mean win-

dow normalisation, a technique previously used in [9]. The | aqddition to filtering and rotations, the 3D data must
images were also mean and standard deviation normalisegsg pe registered and range normalised. Registration is
to prqvide acommon basis for comparison. An _example 2D zchieved by placing the eye corners on the sgrgeidline

face image which is cropped and fully normalised is pro- separated by 128 pixels. Range normalisation consists of
vided in Figure 2. setting the maximum value to 255 (the maximum value for
a normal 2D image) and adjusting all other values to be rel-
ative to this value. An example of a cropped and fully nor-
malised image is provided in Figure 4.
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4. Feature Modelling

For these experiments feature modelling was conducted
upon difference vectors; which described two forms of vari-
ation Intra- and Extra-Personal. Intra-Personal (IP)arari
tion consists of variations that occur between different im
ages of the same ID whilst Extra-Personal (EP) variation
consists of variations that occur between images of differe

Figure 2. A cropped and fully normalised 2D IDs. The IP and EP variations are modelled using separate
face image, included in this image are the di- GMMs.

mensions defining the position of the regis- Since the two classes (forms of variatiori3) » (IP) and
tered eye corners within the 64 x 64 image. Qgrp (EP), are both described by GMMs this intuitively

leads to the discriminant function for classification [7],



3D Face Dimensions with 4007 joint 2D and 3D images taken across two ses-
sions. The two sessions, Sessionl and Session2, contained
— different sets of IDs but there were 249 crossover IDs (IDs
that were present in both Sessionl and Session2). The data
for each session was split into three disjoint sets; one for
training, one for tuning and one for testing. The tuning data
is used to derive weights for linear fusion and also for eval-
uating classifiers. To ensure that the Train, Tune and Test
sets were disjoint, the IDs were split between the sets with a
2:1:1 ratio respectively. This split is represented in Fégbl

to highlight that crossover IDs used in the Train set for Ses-
sionl were present in the Train set for Session2 but, these
IDs were not present in any of the Test or Tune sets. To

Figure 4. A cropped and fully normalised ensure the consistency of the results 6 random splits £Split
3D face image, included are the dimensions A-F) were used.

defining the position of the registered eye
corners within the 128 x 128 regular grid. Session1 - Fall Data
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wherep(x | Q;p) is the probability that observationbe- Session2 - Spring Dafa

Crossover IDs

longsto clas$;p, p(x | Qep) is the probability that obser-
vationx belongsto clas@ g p, P(£2;p) represents the prob-
ability of classQ;p and P(Qgp) is the probability of class
Qpp. If both classes are considered to be equally likely,
P(Q;p) = P(Qgp) = 0.5, then Equation 7 simplifies to

Non-Crossover
IDs

(=25

g(X) =In(p(x | Qrp)) —In(p(X | QEp)) (8) Figure 5. Diagrams providing an overview of
how the IDs are split, highlighting that the
crossover IDs chosen for the Train, Tune and
Test data sets are the same for both Sessionl
and Session2.

which is the form of the discriminant function used in this
work.

5. Experiments

Two sets of experiments were conducted. The first set of gy o Usage of Enrolment and Background
experiments explored the effectiveness of the feature mod- Data

elling technique and the second set of experiments fused the

]E’eSt 2|D and 3D CIaSSiﬁerﬁ to fm;orm af hybrid 2D+3D classi-  py jescribing the feature vectors with difference vectors,
ier. Also examined was the effect of between-session vari-ye G\M training algorithm is provided with extra obser-

ation and the impact it would have on recognition perfor- \a4ong that are normally unavailable. By forming differ-
mance. All the experiments were conducted on the FRGCg 00 yectors the number of observations is determined by
v2.0 database [11]. This database was split into two S€S+he number of IP permutations possible,

sions; Sessionl consisted of data from Fall2003range and

Session2 consisted of data from Spring2004range. The split D

of this data is discussed in more detail below. Z n; P2, 9)
=1

5.1. Data Split rather than having the number of images available,

D
A subset of the FRGC database, the validation set, was Z N (10)
used for these experiments; in this set there are 466 IDs P v



as the number of observations; whepeis the number of Hybrid 2D+3D Cl assi fier
training IDs available to conduct training angis the num- i
ber of images available for th&" ID.

For these experiments the Train set and enrolment date
were used to derive the GMMs [15]. The enrolment pro-
cess consisted of randomly takify(for these experiments
P = 4) images for every ID in the set (Tune or Test) with
P + 1 images; this left at least 1 image, for each enrolled
ID, to be used for testing. The IP GMMs were derived glob-
ally, to describe all the IDs rather than an individual one, b
forming all the permutations of those IDs in the Train set
with P images; this was done to avoid any bias in the train-
ing scheme. The EP GMMs were derived for each enrolled T et i o Ty (iz‘%'%
ID. The P enrolmentimages were compared against the im-
ages from the Train data to form the difference vectors and
so derive the GMM. With the limited amount of training
data available the GMMs were limited to 4 components.

The P enrolment images meant that for each ID multi-
ple scores were obtained which provide multiple chances
for the correct decision to be made. To perform score mod-
elling the best score was chosen as the matching score. For
example for the.; NN classifier this would mean that

M ss probability (in %

a0

Figure 6. An example Detection Error Trade-
off plot highlights the effectiveness of the hy-
brid 2D+3D face recognition technique when
using feature modelling. The results for the
DET plot comes from the within-session ex-
periments for SplitE Sessionl. Other splits
and sessions show similar trends.

P

L, _bestscore = IIE{l(le) (12)
would provide the best matching score, whesg is thek?" within-session and between-session. Within-session ex-

classifier and® represents the number of enrolmentimages. periments were tests conducted with Train and Test sets
This provides limited score modelling without impactingon from the same session whereas between-session experi-
the effectiveness of the feature modelling technique, Wwhic ments were tests conducted with the Train and Test sets

is a key area of investigation in this work. coming from different sessions.
The within-session experiments, Table 1, indicated that
6. Results and Discussion the IP-EP GMM classifier for 2D and 3D face modalities

performed as well or better than the best NN classifier; the

The experimental results indicate that the IP-EP GMM best NN classifier is chosen to be the optimal classifier from
is an effective classifier for 3D face recognition but the re- the Tune set. However, there were 3 tests for the 2D modal-

sults for IP-EP GMMs for 2D face recognition are incon- 1y where the IP GMM classifier outperformed the the IP-
clusive. However, fusing feature modelling classifiers for EP GMM classifier and further analysis shows that the 2D
the two modalities, 2D and 3D, demonstrates a significant!P GMM classifier performs as well or better than the best
performance increase as is shown in Figure 6. For bothNN classifier in all of the tests.

sets of experiments score range normalisation was trialled The experiments on the between-session variability, Ta-
but the techniques trialled proved detremental to the fusio ble 2, indicated that the IP-EP GMM classifier was not op-
results; the primary range normalisation technique &éll  timal for the 2D face modality. For the 2D modality the IP
was mean and standard deviation normalisation. Results iflGMM classifier consistently outperformed the IP-EP GMM
the following sections are presented as Equal Error Ratesclassifier and performed as well or better than the best NN
(EERs); which is where the False Alarm probability is equal classifier. For the 3D face modality the IP-EP GMM classi-

to the Miss probability. fier performed as well or better than the best NN classifier in
all but 2 of the tests. For these tests, where the best NN clas-
6.1. Nearest Neighbour versus Feature sifier performed better than the IP-EP GMM classifier, the
Modelling IP GMM classifier performed better than the IP-EP GMM.

These experiments demonstrate the effectiveness of fea-
The effectiveness of feature modelling, using GMMs, ture modelling using IP-EP GMMs for PCA feature vec-
against several standard NN classifiers for face verifinatio tors for the 3D modality and the effectiveness of the IP
were analysed. Two sets of experiments were conductedGMMs for describing the PCA feature vectors for the 2D



2D 3D

Best NN | IP GMM | IP-EP GMM || Best NN | IP GMM | IP-EP GMM

Classifier | Classifier| Classifier Classifer| Classifier| Classifier
SplitA Sessionl|| 8.33% 8.33% 7.41% 8.33% 10.19% 5.56%
P Session2|| 8.70% 7.79% 8.70% 14.50% | 15.22% 10.87%
SplitB Sessionl|| 11.02% | 11.02% 9.32% 8.47% 9.32% 5.08%
P Session2|| 11.43% 9.14% 9.71% 18.29% | 16.00% 9.71%
SplitC Sessionl|| 7.08% 7.08% 7.08% 10.62% | 11.50% 5.31%
P Session2|| 12.58% | 11.92% 9.93% 13.25% | 11.92% 10.60%
SplitD Sessionl|| 11.90% 9.52% 7.94% 9.52% 10.32% 6.35%
P Session2|| 12.33% | 10.27% 10.96% 14.38% | 16.44% 11.64%
SplitE Sessionl| 8.87% 8.87% 8.87% 11.29% | 10.48% 6.45%
P Session2| 10.13% | 10.13% 9.49% 15.19% | 14.56% 12.03%
SplitF Sessionl|| 9.73% 8.85% 7.08% 11.50% | 14.16% 7.96%
P Session2| 12.20% | 11.59% 10.98% 17.68% | 16.46% 10.37%

Table 1. Results for Within-Session Variation, Train and Te st sets are from the same sessions, pre-
sented as EERs. Highlighted are the best 2D and 3D classifiers for each test.

2D 3D

Best NN | IPGMM | IP-EP GMM || BestNN | IP GMM | IP-EP GMM

Classifier| Classifier| Classifier Classifier | Classifier| Classifier

SplitA Sess?onl 10.19% | 10.19% 12.96% 8.33% 12.04% 8.33%
Session2|| 10.14% | 9.42% 14.49% 13.04% | 13.77% 11.59%

SplitB Sess?onl 15.25% | 14.41% 21.19% 8.47% 8.47% 6.78%
Session2|| 16.57% | 16.00% 21.14% 16.57% | 16.57% 13.71%

splitC Sessionl|| 9.73% 9.73% 16.81% 10.62% | 11.50% 7.96%
Session2|| 14.57% | 11.92% 15.89% 14.57% | 13.25% 14.57%

SplitD Sess?onl 12.70% | 12.70% 15.08% 11.11% | 11.11% 9.52%
Session2|| 15.75% | 15.75% 17.81% 18.49% | 17.12% 14.38%

SplitE Sessionl|| 12.10% | 11.29% 17.74% 12.10% | 11.29% 10.48%
Session2|| 14.56% | 14.56% 20.89% 14.56% 15.19% 17.82%

SplitF Sess?onl 11.50% | 10.62% 15.04% 11.50% | 11.50% 10.62%
Session2|| 14.63% | 14.63% 19.51% 17.07% 18.29% 19.51%

Table 2. Results for Between-Session Variation, Trainand T est are from different sessions, presented
as EERs. Highlighted are the best 2D and 3D classifiers for eac h test.

modality. It is interesting to note that the combination illumination and pose which significantly affects the perfo

of IP and EP GMMs is effectively fusion of a strong and mance of any 2D classifier.

weak classifier respectively. Although the performance of

the 3D IP-E_P Q_MM clgssifier Was.red_uced \{vhen_ between-g o Fused 2D and 3D Classifier

session variability was introduced it still provided impeal

performance against the best NN classifier. However, ) _

once between-session variability was introduced for the 2D Having determined that the 3D IP-EP GMM and the 2D
modality the performance of the IP-EP GMM classifier was P GMM were the most effective methods of modelling the
significantly reduced such that the IP GMM performed bet- PCA-based features this set of experiments explored pos-
ter. The performance degradation in the 2D modality is sible methods of fusing these classifiers to improve face

likely due to variability between the sessions in terms of récognition. The method explored in this work is the sum
rule. It was shown in [8] that the sum rule is robust to es-
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2D 1P GMM | 3D IP-EP GMM | Hybrid 2D 1P + 3D IP-EP
Classifier Classifier Classifier
SplitA Sessionl| 8.33% 5.56% 3.70%
P Session2|  7.97% 10.87% 4.35%
ol | SesSonl[ 11.02% 5.08% 3.39%
P Session2|  9.14% 9.71% 6.29%
sofic | Sessond] 7.08% 5.31% 2.65%
P Session?|  11.92% 10.60% 5.30%
SplitD Sessionl| 9.52% 6.35% 3.97%
P Session?|  10.27% 11.64% 6.85%
coiie | Sessonl[  8.87% 6.45% 4.03%
P Session?|  10.13% 12.03% 6.96%
SplitE Sessionl| 8.85% 7.96% 4.42%
P Session?|  11.59% 10.37% 5.49%

Table 3. Results for Within-Session Variation, Train and Te st sets are from the same sessions, of the
best 2D, 3D and hybrid 2D+3D classifiers; all results are pres  ented as EERs.

2D IP GMM | 3D IP-EP GMM || Hybrid 2D IP + 3D IP-EP
Classifier Classifier Classifier
SplitA Sessionl 10.19% 8.33% 5.56%
P Session2|  9.42% 11.59% 7.24%
SplitB Sessionl| 14.41% 6.78% 3.39%
P Session2, 16.00% 13.71% 9.71%
SplitC Sessionl 9.73% 7.96% 6.19%
P Session2|  11.92% 14.57% 8.61%
SplitD Sessionl| 12.70% 9.52% 6.35%
P Session2, 15.75% 14.38% 10.27%
SplitE Sessionl| 11.29% 10.48% 6.45%
PHE 1 session2|  14.56% 17.72% 9.49%
SplitE Sessionl 10.62% 10.62% 6.19%
P Session2, 14.63% 19.51% 9.15%

Table 4. Results for Between-Session Variation, Train and T est sets are from different sessions, of
the best 2D, 3D and hybrid 2D+3D classifiers; all results are p resented as EERs.
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