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Abstract

In this paper, we introduce a new system for profile-
based face recognition. The specific scenario involves a
driver entering a gated area and using his/her side-view im-
age (s/he sits inside the vehicle) as identification. The sys-
tem has two modes: enrollment and identification. At the
enrollment mode, 3D face models of subjects are acquired
and the profiles extracted under different poses are stored
to form a gallery database. At the identification mode, 2D
images are acquired, and the corresponding planar profiles
are extracted and used as probes. Then, probes are matched
to the gallery profiles to determine identity. The matching is
implemented using implicit shape registration via the vec-
tor distance functions. In our experiments, the implicit reg-
istration recognition exhibited higher accuracy than the it-
erative closest point methodology due to the use of more
general transformations. The performance of our system is
illustrated using a variety of databases.

1. Introduction

Compared with other biometrics technologies, face
recognition has gained a considerable attention in the last
decades due to its non-intrusive characteristics. Numer-
ous face recognition methods have been proposed [2, 19].
However, most of these methods are designed to work with
frontal face images. In many cases, a frontal facial image is
not available (e.g., the situation of the car driver entering a
gated area).

Profile-based face recognition poses several challenges:
different poses, varying illumination, occlusion, and facial
expressions. A system can use either the full side-view im-
ages or the silhouette of a subject’s face as input.

This paper introduces a new approach for the side-view
face profile recognition problem. The specific scenario in-
volves a driver entering a gated area and using his/her side-
view image (s/he sits inside the vehicle) as identification.
The gallery includes face profiles information under differ-
ent poses collected from different subjects during enroll-

ment. These profiles are generated by projecting the 3D
face models. Probe profiles are extracted from the input
images and compared with the gallery profiles. The com-
parison between different profiles is implemented using an
implicit shape registration approach. Our contributions are:
1) Employing 3D face models in the gallery database of the
recognition system to handle rotation variations in the input
probe images and hence improve the recognition rate; 2)
Using implicit registration for profiles matching (which al-
lows using general transformation functions and hence ob-
tain higher accuracy); and 3) Designing a new system for
recognizing car drivers which can be applied at access con-
trol points.

The rest of this paper is organized as follows: A sum-
mary of the related research is presented in Sec.2. Section
3 presents our methodology in detail. The experimental re-
sults and discussion are presented in Sec.4 while conclu-
sion and future work are given in Sec.5.

2. Previous Work

The problem addressed in this paper is to recognize a
subject from a side-view face image. In the literature, there
exist two categories of related work: appearance-based and
profile-based methods. Appearance-based methods use the
side-view face image as input directly. Profile-based meth-
ods use the profile extracted from the side-view image.

In the appearance-based methods, there are two differ-
ent scenarios for side face recognition. In the first one, the
probe is the side face and the gallery is the frontal face. This
is an extreme situation of face recognition across pose. De-
tailed literature reviews about face recognition across pose
are provided in [20, 9]. However, most methods are only
able to work on face images with limited variations in pose
and the performance drastically decreases when applied to
data with−90o to 90o pose change. Blanzet al. [5] pro-
posed face identification across different poses based on a
3D morphable model. However, the prealignment had to be
done manually and thus cannot achieve automatic recogni-
tion. In the second scenario, both the probe and gallery are
side-view face images. This could be considered as an ex-
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ample of multi-view face recognition [20, 9]. Pentlandet
al. [17] proposed to extend the popular eigenface approach
on a database of 21 people with poses from−90o to 90o.
Zhou and Bhanu [22] proposed to apply PCA and multiple
discriminant analysis in side-view face recognition. In or-
der to align the side-view face images in both training and
test sets, the fiducial points extracted by a curvature-based
method were used.

Generally, including the texture information of the hu-
man face results in more discriminating results. However,
in an outdoor situation, the texture of the face is sensitive
to illumination variations. The performance of appearance-
based methods will deteriorate under changing lighting con-
ditions. In contrast, profile-based methods use the shape
information of the human face and are insensitive to the il-
lumination changing. The method proposed in this paper
falls under the profile-based recognition category.

In the 70’s, Harmonet al. [11] published their seminal
work in face profile recognition. They extract the geometry
features of the face profile to form a 10-dimensional fea-
ture vector, according to the positions of 9 fiducial points
on the profile. In their later work [10], the number of fidu-
cial points was increased to 11 to form a 17-dimensional
feature vector for each profile. A96% recognition accuracy
rate was reported.

Bhanu and Zhou [4] proposed a method using dynamic
time warping (DTW) to match face profiles. According
to the curvature value of each point on the profile, the
pronasale and the nasion points are found and used to crop
the face part and discard of the non-face parts. The sim-
ilarity score between the probe and each profile in the
gallery are computed by the DTW based on curvature. Their
method was evaluated on two side-view face databases, re-
porting a recognition rate of almost90% as the best result.
Zhou and Bhanu [21] extended this work to face profile
recognition in video by constructing a high-resolution side
face image from a series of aligned low-resolution side face
images. Computing the fiducial point positions based on
curvature in these methods is very crucial since it depends
on scale-space preprocessing. This is biased towards the
size of the profile and the variance of the Gaussian applied
to estimate the required scale. Applying the scale-space
approach on different profiles does not guarantee the same
curvature patterns in all cases.

Accurate localization of the fiducial points greatly af-
fects the recognition results. To the best of our knowledge,
there is no fiducial points detection algorithm which is able
to work correctly and robustly on large databases. In or-
der to overcome this, registration-based methods have been
proposed.

Panet al. [15] presented an experimental comparison
for the face profile recognition problem. The authors com-
pared different profile alignment methods, such as tangent-

based normalization, 2D iterative closest point alignment
(2D ICP) and simulated annealing (SA) alignment. In addi-
tion to the side-view face image databases, the profiles ex-
tracted from 3D database are also used to evaluate different
methods. They concluded that the SA and 2D ICP method
achieved the best recognition performance.

Gao and Leung [8] proposed a string matching method
for face profile recognition. The face profile is first trans-
formed into a series of line segments. Then each line seg-
ment is represented by its attributes such as the length, ori-
entation and midpoint. After performing the merge domain
string matching method, the distance score of the probe and
the gallery profiles were computed. The approach assumes
that the two compared profiles have the same curve details
and fails whenever occlusion occurs.

The two approaches described use only 2D profiles
(probe and gallery) ignoring the head pose variation which
may occlude some part of the face profile. In their com-
parison, no results have been reported for the comparison
between 2D and 3D profiles.

Wu et al. [18] proposed a face recognition method based
on three different curves extracted from the 3D face model.
Besides the face profile, they use two horizontal curves of a
3D face. After the registration between probe and gallery
profiles using SA-based alignment, the partial Hausdorff
score distance is applied to compute the similarity between
the probe and gallery. This work addresses the problem only
for 3D input data which is not the case in our target appli-
cation. Recognizing 2D profiles is very important since ob-
taining the planar profiles from a digital image is much eas-
ier and widely applicable than extracting the three curves
used in the above technique.

In addition to human authentication, facial profile anal-
ysis has been applied in many areas (i.e., facial expression
analysis [16], and 3D face reconstruction [7]).

3. Methods

The main idea behind our approach is to compare 2D
planar profiles against 3D face models and obtain the best
match. The comparison is handled by projecting the 3D
model for a given pose and obtaining the corresponding sil-
houette. These silhouettes represent profiles that can be
registered and matched with the probes. This has many
advantages. Storing 3D facial data allows greater flexibil-
ity, better understanding of face recognition issues, and re-
quires no training compared to a statistical modeling ap-
proach. Projecting the 3D models to obtain 2D profiles
simplifies the problem and avoids 2D/3D registration which
is one of the most difficult problems in computer vision.
Our face recognition system encompasses two modes, en-
rollment and identification.

3.1 Enrollment: Raw data are collected and their metadata



Figure 1. Hardware setup of the enrollment station.

(a) (b) (c)

Figure 2. Depiction of: (a) AFM, (b) raw Data, and (c) fitted AFM.

generated after processing are stored in our database: E.1)
Data Acquisition, E.2) 3D Face Model Fitting, E.3) Gener-
ating a 2D Profile Gallery from the 3D Fitted Face Data.

Step E.1-Data Acquisition: The data acquisition hard-
ware consists of a 2-pod 3dMD [1] system, a Canon DSLR,
and a Logitech webcam. The system captures both a 2D
face image and 3D face data simultaneously. The setup of
data acquisition is depicted in Fig.1. The 2-pod 3dMD sys-
tem is used to build the 3D face model. The DSLR and
webcam cameras capture different resolution images for the
subject. Correspondences between the 3D data and the 2D
images are established through calibration.

Step E.2-Face Model Fitting: Based on the work of
Kakadiariset al. [12], we use the annotated face model
(AFM) that defines the control points of a subdivision sur-
face and is annotated into different areas (e.g., mouth, nose,
eyes). These facial areas have different properties associ-
ated with them which are used by our method. For example,
the mouth area, is considered less rigid than the nose area
in the fitting step.

This process aims to fit a generic face model to the 3D
scan of the subject [12]. First, the model is globally aligned
to the subject and local deformations match the subject face
area. An example is depicted in Fig.2 where the generic
face model is fitted to the subject scan to generate the cor-
responding fitted AFM. This step is necessary to obtain 3D
face models suitable to form the gallery database (various
examples are depicted in Fig.3).

Step E.3-Generating the Gallery Profiles:The 3D face

Figure 3. Selected fitted 3D face models from which gallery pro-
files are derived.

(a) (b) (c) (d)

Figure 4. The top row illustrates a 3D face model at different
poses. The bottom row depicts the corresponding gallery profiles:
(a) Standard pose profile (rotation angles are zeros), (b) Rotation
around x-axis only by10o, (c) Rotation around y-axis only by10o,
and (d) Rotation around x-axis followed by y (10

o for each) where
the z-axis points outwards from the face.

model is stored in the gallery database along with 2D pla-
nar profiles. For each pose, the model is projected using
perspective projection given the corresponding camera pa-
rameters, resulting in a 2D binary image. The projection
image is scanned line by line from left to right to keep the
first white pixel (edge points) as a profile point and hence
eliminate the non-profile parts. An example of a 3D face at
four poses, is depicted in Fig.4. Using the AFM helps in
marking different profile regions (e.g., nose, mouth) as de-
picted in Fig.2(a). Computing profile fiducial points can be
performed automatically and stored in our gallery database.

3.2 Identification: This mode has the following steps: I.1)
Data acquisition, I.2) Extracting probe profiles from input
digital images, I.3) Registering the probe and gallery pro-
files, I.4) Computing the distance score and deciding the
identity of the person by selecting the gallery profile with



Figure 5. Hardware setup of the Identification station.

the minimum distance score to the probe.
Step I.1-Data Acquisition: The hardware at the identi-

fication station consists of a Canon DSLR and a Logitech
webcam (Fig.5). Using two different cameras allows dif-
ferent resolutions for the same subject and hence we can
explore the effect of resolution on the recognition results.

Step I.2-Profile Extraction from Side-View Face Im-
age: The face detection software developed by Pittsburgh
Pattern Recognition, Inc. is applied to the side-view facial
image to detect the facial area. The profile extraction pro-
cess is currently performed by the semi-automatic approach
described by Chodorowskiet al [6]. By marking an initial
position and then moving along the face profile, we can ex-
tract the profile curve. An example of a side-view image
and its profile is depicted in Fig.6.

(a) (b)
Figure 6. Face profile extraction: (a) a side-view face imageand
(b) its profile curve.

Step I.3-Profile Registration: Determining point-wise
correspondences (between the two given 2D shape profiles
α andβ) is the objective of the profile registration. The
first profile is called the source (or moving) shape while
the other one is called the target one. A transformation
A = A(X) that includes scaleS, rotationR, and trans-

(a) (b) (c)

Figure 7. Shape representation (gray level map): (a) Conventional
distance transformation function, (b) The first projectionof the
vector function (φ1), (c) The second projection of the vector func-
tion (φ2).

lation T, is considered. This paper uses an implicit regis-
tration approach. However, for the sake of comparison, we
will start by illustrating a modified version of the ICP algo-
rithm.

ICP Registration: Iterative Closest Point (ICP) [3], has
been applied widely to the 3D shape registration problem.
Good initialization is required for the ICP to converge as
fast as possible and provide good registration. Each profile
has two end points (upper pointA and lower pointB) and
the nose tip (C). The nose tip is marked automatically as
the point with the maximum distance from the line passing
through the end points (measured in the normal direction).
Estimating the initial parameters is performed as follows:

1. Scaling: According to the Euclidean distance between
the two pointsB andC, a uniform scale factor is com-
puted (sx = sy).

2. Rotation: The source profile is rotated so as to make
the slope of the line defined byC andB match the slope
of the equivalent line in the target profile.

3. Translation: The source profile is translated to make
the pointC on both profiles match.

After the coarse alignment, the conventional ICP algo-
rithm is used to enhance the registration results.

Implicit Registration: For implicit registration, the vec-
tor distance function (VDF) representation [13, 14] is used
to handle the registration problem. This kind of registra-
tion does not need any point correspondences. The profile
is defined implicitly by the functionΦ : R2 → R2. This
function represents the vector from the current point to the



closest position on the profile. An example is given for one
of the database profiles in Fig.7 with the conventional dis-
tance transform. The profile points always satisfy the con-
dition |Φ| = 0. The function has two components (projec-
tions) defined asφ1 andφ2. A vector dissimilarity measure
can be computed directly as:

r = Φβ(A) − SRΦα(X),

whereΦα andΦβ represent the VDF representations of pro-
files α andβ. Scaling, rotating, and translating the profile
result in a new map that can be computed directly from the
original one. This kind of representation is more suitable
for the profile shape (open curve) than the usual conven-
tional distance map. Thus, the energy to be minimized will
be the sum of the squared dissimilarity measures as follows:

E(S,R,T) =

∫
Ω

r
T
rdΩ.

The complexity of the problem is reduced by considering
only points around the zero level of the vector function since
far away points can be neglected using the narrow band se-
lection functionδ [14]. The matching space is limited to a
small band around the curve that can be selected by intro-
ducing the following energy function:

E(S,R,T) =

∫
Ω

δǫ(Φα, Φβ)rT
rdΩ.

Note that the scale in this case is more general than that
one used with the ICP method and hence we obtain better
registration. The optimization of this function is accom-
plished using a gradient descent approach.

Step I.4-Computing Distance Between Different Pro-
files: Next, we define a distance score between two regis-
tered profiles. LetC(p) : [0, 1] ∈ R → R2 be a planar pro-
file curve with a parameterp. We use the 2-norm distance
definition to compare the profiles after the registration step
as follows:

ξ =
∫ 1

p=0
‖Cα(p) − C

β(q)‖dp,

whereCβ(q) is the closest point on the profileβ to the point
C

α(p) on profileα. Using an implicit representation for the
profiles, the score can be written as follows:

ξ
′

=
∫
Ω

δǫ(Φα)‖Φα − Φβ‖dΩ.

whereδ is defined to work only around the zero crossing of
Φα andǫ → 0.

4. Experimental Results

For our experiments, we created four different databases
with different conditions:
D1: consists of 40 side face images from 10 subjects (Fig.

8). Image resolution is1280 × 1024. The images were ac-
quired in a standard profile view. Five subjects wear glasses.
D2: contains 69 side face images from 10 subjects. Sub-
jects are asked to assume standard pose and remove their
glasses. Image resolution is3888× 2592.
D3: consists of 96 side face images from 9 subjects. The
subjects are asked to assume a variety of poses. The images
have the same resolution asD2. The above three databases
use the same subjects to generate the side-view images un-
der different conditions.
D4: contains 289 side face images from 44 subjects. Each
subject is asked to assume 5 to 6 poses without glasses. Its
images have the same resolution asD2 andD3.

3D face data have been captured for eleven subjects.
Their 3D face models are generated by fitting the AFM.
Each 3D model is projected at different poses to generate
its gallery profile. Four poses are considered which result
in 44 gallery profiles. Two different techniques are con-
sidered for the registration process: ICP and implicit reg-
istration using VDF. The Cumulative Match Characteristic
(CMC) and the Receiver Operating Characteristic (ROC)
curves are plotted in each case. We notice that recogni-
tion rate is enhanced (by using VDF registration) inD1 by
about10% andD3 by almost2% (Fig. 9). The ICP tech-
nique results in a better performance inD2 by about1.5%.
The improvement using the implicit registration is expected
since the technique allows using a more general transfor-
mation and hence achieves better registration. However,
that did not occur withD2 because sometimes a profile is
perfectly registered with another profile of a different sub-
ject. This results in a mismatch where the score considers
only the distance between the profiles. Another advantage
of using the implicit registration technique is that it does
not need any point correspondences like the ICP method.
The results obtained usingD1 are recorded for the implicit
registration using only one pose gallery which implies that
the registration is more successful than ICP (which uses 4
poses). Recognition rate for the profiles ofD3 is low for
both methods since the profiles in this case have larger pose
variations than those considered with the gallery. Also this
database contains datasets with different facial expressions.
In Fig. 10, observe that using four poses (corresponding to
different rotations of the 3D model) in the gallery database
enhances the performance of the system. The ROC is im-
proved especially at low false acceptance rates.

The ROC depicts the advantage of using implicit reg-
istration over ICP (see Fig.11). The equal error rate
(EER) shows the difference between the two registration
techniques results in Fig.11. There is a large difference
in D2 ROC results which means that ICP does not deliver
perfect registration even with the same subject profiles.

For tests usingD4, we created a gallery with 3 poses for
each of the 44 subjects. Again, identification results have



Figure 8. Sample images from the three databases (D1, D2, D3, andD4) given in each raw.

been measured and the CMC curve is plotted in Fig.12(a).
At rank 1, the implicit registration still results in betterre-
sults by about 4%. The ICP approach results in missing 12
probes more than VDF in identification. Also, it is clear
that using multi pose projections in the gallery enhanced
the results by 6.43% (Fig.12). Using additional poses will
enhance the results but will affect the computational time
dramatically.

5. Conclusion and Future Work

We have presented a profile-based recognition system.
We illustrated the set up for the approach to be used for
recognition of car drivers from their side-view images. Pro-
file distance measures are computed after minimizing the
difference between the probe and gallery using two different
registration techniques. Four different databases are used to
provide probe profiles. The 3D face models are used to gen-
erate gallery profiles. The 3D model is projected at different
poses to overcome the profile changes in the probe images
due to head pose. Implicit registration shows better perfor-
mance than that of the ICP.

We plan a number of future enhancements to this work.
For example, additional profile information should be used
(e.g., side-view texture information) to form a complete 2D-
3D recognition system.
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