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Abstract

The main contribution of this paper is the use of an AdaBoost-based learning algorithm which builds a strong

classifier from a set of weak classifiers associated with level curves in the nasal region of 3D faces. Its main

application is person authentication. The basic idea is to represent nasal surfaces using indexed collections of

level curves, and to compare shapes of noses by comparing the shape of their corresponding curves. AdaBoost

considers each curve as a weak classifier and iteratively selects relevant curves to increase the authentication

accuracy. We demonstrate these ideas on a subset taken from FRGC v2 (Face Recognition Grand Challenge)

database. The proposed approach increases authentication performances relative to a simple fusion of scores

from all curves.

Categories and Subject Descriptors (according to ACM CCS):

I.2.10 [Computing Methodologies]: ARTIFICIAL INTELLIGENCE/ Vision and Scene Understanding—Shape

1. Introduction

In order to meet the needs of security, a growing interna-

tional concern, biometrics is presented as a potentially pow-

erful solution. Biometrics aim to use behavioral and/or phys-

iological characteristics of people to recognize them or to

verify their identities. In particular, fingerprint and iris-based

systems have showen good performances. However they re-

quire cooperation of users who may find them intrusive.

Since face recognition is contactless and less restrictive, it

emerges as a more attractive and natural biometric for secu-

rity applications. In the last few years, face recognition using

the 3D shape of the face has emerged as a major research

trend due to its theoretical robustness to lighting condition

and pose variations. However, the problem remains open on

the issue of robustness of these approaches to facial expres-

sions [AAC06].

To deal with facial expression variations, Bronstein et al.

[BBK07] use a geodesic distance function that are invari-

ant to rigid motions and also to facial expressions to some

extent. Similarly in [MMS07], Mpiperis et al. modify their

initial geodesic polar parameterization by disconnecting the

lips. The second alternative is to restrict the study to a part

of the face that remains stable during facial expressions such

as ear [YB07,CB07] and nose [CBF06,DASD09]. Blanz et

al. [BV03] proposed a new approach based on a morphable

model of 3D faces that captures the class-specific properties

of faces. Faltmier et al. [FBF08] propose to match indepen-

dently a committee of regions and then combine the results.

Many of the early methods on 3-D face recognition based

on curves, Samir et al. [SSDK09] used the level curves of the

geodesic distance function that resulted in 3D curves. They

used a non-elastic metric and a path-straightening method

to compute geodesics between these curves. Here also, the

matching was not studied and the correspondence of curves

and points across faces was simply linear.The question is

how to choose the curves which can give best results ? Frank

et al. [tHV09] proposed a 3D face matching framework that

allows profile and contour based face matching.

In this work, we focus on the geometric shape analysis of

the nose. The basic idea is to approximate a nasal surface by

a finite set of geodesic level curves. Using the Riemannian

geometry we define geodesic paths between nasal curves,

and elastic distances between them. To compare any two

nasal surfaces, we try to combine similarity scores produced
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by each pair of corresponding curves. We use AdaBoost al-

gorithm to learn a final classifier which identifies and then

combines the most relevant curves.

2. Riemannian analysis of nasal surfaces

In the last few years, many approaches have been developed

to analyze the shapes of 2D curves. We can cite approaches

based on Fourier descriptors, moments or the median axis.

More recent works in this area consider a formal definition

of shape spaces as a Riemannian manifold of infinite dimen-

sion on which they can use the classic tools for statistical

analysis. Klassen et al. [KSMJ04] in the case of 2D curves

show the efficiency of this approach. Joshi et al. [JKSJ07]

have recently proposed a generalization of this work to the

case of curves defined in R
n. We will adopt this work to our

problem since our 3D curves are defined in R
3.

2.1. Curves analysis in R
3

We start by considering a closed curve β in R
3. Since it is a

closed curve, it is natural to parametrize it using β : S1 →R
3.

Note that the parameterization is not assumed to be arc-

length; we allow a larger class of parameterizations for im-

proved analysis. To analyze the shape of β, we shall repre-
sent it mathematically using a square-root velocity function

(SRVF), denoted by q(t), according to:

q(t)
.
=

β̇(t)
√

‖β̇(t)‖
(1)

Where ‖.‖ is the Euclidean norm and q(t) is a special func-
tion that captures the shape of β and is particularly conve-

nient for shape analysis, as we describe next. The conven-

tional metric for comparing the elastic shape of the curves

becomes an L
2 metric under the representation [JKSJ07].

Similar ideas were presented by Younes [You98]. We define

the set of closed curves in R
3 by:

C = {q : S1 → R
3|

∫

S1
q(t)‖q(t)‖dt = 0} ⊂ L

2(S1,R3)}

(2)

where L
2(S1,R3) denotes the set of all integrable functions

from S
1 to R

3. The quantity
∫

S1
q(t)‖q(t)‖dt is the total dis-

placement in R
3 while moving from the origin of the curve

until the end. When it is zero, the curve is closed. Thus, the

setC represents the set of all closed curves in R
3. It is called

a pre-shape space since curves with same shapes but differ-

ent orientations and re-parameterizations can be represented

by different elements of C. To define a shape, its represen-

tation should be independent of its rotations and reparam-

eterization. This is obtained mathematically by a removing

the rotation group SO(3) and the reparameterization group

Γ from C. As described in [JKSJ07], we define the orbits of

the rotation group SO(3) and the re-parameterization group
Γ as equivalence classes inC. The elements of the set:

[q] = {
√

γ̇(t)Oq(γ(t))|O ∈ SO(3), γ ∈ Γ} (3)

are then deemed equivalent with the same shape. The result-

ing shape space is the set of of such equivalence classes:

S
.
=C/(SO(3)×Γ) (4)

To define geodesics on pre-shape and shape spaces we need

a Riemannian metric. For this purpose we inherit the stan-

dard L
2 metric the large space L

2(S1,R3). For any u,v ∈
L
2(S1,R3), the standard L

2 inner-product is given by:

〈〈u,v〉〉 =

∫

S1
〈u(t),v(t)〉dt . (5)

The computation of geodesics and geodesic distances uti-

lize the intrinsic geometries of these spaces. While the de-

tailed description of the geometries of C and S are given

in [JKSJ07].

Given two curves β1 and β2, represented by their SRVF
respectively q1 and q2, we need to find a geodesic path be-

tween the orbits [q1] and [q2] in the space S. We use in this

context, a numerical method called the path-straightening

method [KS06] which connects the two points [q1] and [q2]
an arbitrary path α and then updates this path repeatedly in

the negative direction of the gradient of energy E.

It has been proven in [KS06] that the critical points of E

are geodesic paths in S. We denote by d(β1,β2) the geodesic
distance between the corresponding equivalence classes [q1]
and [q2] in S.

Figure 1: Examples of geodesic paths between two nasal

surfaces. The first top row shows a geodesic path between

nasal surfaces of two different persons, while the second bot-

tom row is a geodesic path between nasal surfaces of two

different sessions of the same person.

The Figure 1 illustrates two examples of geodesic paths

between nasal curves.

3. 3D face authentication as a binary classification

problem

We propose to use the well-known machine learning al-

gorithm, AdaBoost, introduced by Freund and Schapire in

[FS95], to learn a strong classifier based on a weighted se-

lection of weak classifiers. In our case, the individual level

curves are used to build the weak classifiers. The boosting

can be then used to optimize their performances. AdaBoost

is based on iterative selection of weak classifiers by using a

distribution of training samples. At each iteration, the clas-

sifier is provided and weighted by the quality of its classifi-

cation.
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3.1. Problem formulation

In authentication (called also verification) biometric sce-

nario, the user provides both his/her biometric template and

his/her identity to the system. Then, the task is to accept (a

genuine user) or reject (an impostor) the claimed identity.

A reliable authentication algorithm prohibits impostors ac-

cesses and authorizes genuine accesses. According to this

definition, we can consider the authentication problem as a

binary classification problem in which we define two classes,

the impostor class I and genuine class G. Let us consider a

curve β1λ which belongs to a subject classCp and β2λ a curve

which belongs to a subject class Cg and d(β
1
λ,β2λ) denotes

the distance between the curves β1λ and β2λ. Given a level

curve λ, we define the classes I and G by:

• I = {d(β1λ,β2λ),β1λ ∈Cp,β
2
λ ∈Cg, i 6= j}.

• G= {d(β1λ,β2λ),β1λ ∈Cp,β
2
λ ∈Cg, i= j}.

Given overall distances between the curves of the each

level λ, our goal is to build a binary classifier that mini-

mizes the False Accept Rate (FAR) and the False Reject Rate

(FRR).

3.2. Adaboost for binary classification

The AdaBoost algorithm requires a training phase. This

phase requires a set of training samples xn including both

I and G scores belonging to X = {xn}. These samples are
completely disjointed from the samples used for testing. To

learn and then test AdaBoost algorithm, we use 2000 scans

of 209 different subjects taken from FRGC v2 database

[PFS∗05]. We decompose this set into two subsets: the first

one consists of 1052 scans/images for training and the sec-

ond for the testing phase and contains 948 sessions. Then,

we compute a similarity matrix for each phase for each level

curve.

4. Experimental results

As described in Section 3, we use two subsets of the FRGC

v2 database with one set to train the AdaBoost algorithm

and a second to evaluate the classification results. We will

use the evaluation rates used in conventional biometrics and

particularly in the authentication scenario such as the (Ver-

ification Rate) VR, the (False Accept Rate) FAR, the (False

Reject Rate) FRR, the (True Reject Rate) TRR. The similarity

scores used are extracted randomly from the training matrix

(or test) for the training phase (or test).

We give a comparison of Adaboost-based classifier results

with the classification given by the sum rule dMA, which is

the sum of all distances between the curves at the same level

divided by the number of used curves. Here Λ is a finite set

of values used in approximating a facial surface by facial

curves. Assuming that {β1λ|λ ∈ Λ} and {β1λ|λ ∈ Λ} be the

collections of facial curves associated with the two surfaces,

dMA is defined by:

dMA(S
1,S2) =

1

λ0

λ0

∑
λ=1

d(βλ
1 ,β

λ
2) (6)

We present results obtained in the testing phase. Having

the final classifier, we present the testing samples. The clas-

sifier gives a binary decision (genuine access/impostor ac-

cess). The table 1 shows the performance of our approach

and shows the improvement of results compared to sum rule

results.

AdaBoost (Ad) and Sum rule (SR)

m, l
VR FAR FRR TRR

Ad SR Ad SR Ad SR Ad SR

2000 79.41 64.37 3.46 20.59 35.63 96.54

3000 79.87 69.79 4.61 20.13 30.21 95.39

4000 80.85 68.89 3.88 19.16 31.11 96.13

5000 81.50 68.18 3.04 18.50 31.82 96.96

Table 1: Results of authentication on the testing set, Ad: re-

sults given by using AdaBoost, SR: results given by the Sum

rule

A more detailed analysis of this classifier shows that the

classifiers associated to curves at λ = 8 , λ = 7 and λ = 3

represent the more important weights in the Final classifier.

The figure 2 shows the location of these curves on the nasal

surface. These do not pass through the nostril and thus their

shapes are not affected by these cavities presents in the nos-

trils. These cavities change the shapes of curves which af-

fects the calculation of distances, in particular, the intra-class

distances given by comparing two nasal surfaces of the same

person.

Figure 2: The location of the curves 8, 7 and 3 selected by

AdaBoost

We calculated the pairwise distances between all curves,

for different configurations of curves, for 2000 access gen-

uines and access impostors. The Figure 3 shows four combi-

nations : - (a) curves 3, 7 and 8, - (b) curves 1, 6 and 9 - (c)

c© The Eurographics Association 2011.

103



L. Ballihi et al. / Selecting 3D Curves on the Nasal Surface using AdaBoost for Person Authentication

curves 2, 4 and 5 - (d) 3, 4 and 10. In Figure 3 a point rep-

resents a triple {d(ci3,c
j
3),d(c

i
7,c

j
7),d(c

i
8,c

j
8)}. We can ob-

serve that the sets of impostors access and genuines access

are more separated in the case of similarity scores of curves

8, 3 and 7 compared to other combinations of curves. There-

fore we can say that the AdaBoost algorithm has selected the

best curves and gave them the strongest weight.
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Figure 3: Different distributions of genuines access and

impostors access for different combinations of curves: -(a)

curves 3, 7 and 8 -(b) curves 1,6 and 9 -(c) curves 2, 4 and

5 -(d) 3, 4 and 10.)

5. Conclusion

In this paper we presented a new classifier based on the

3D curves for 3D nose authentication. We proposed using

the AdaBoost algorithm to optimize the performance of au-

thentication as a classification problem with binary decision.

Based on a set of training set, AdaBoost select classifiers as-

sociated to the most relevant on the nose by attribute most

important weights to their associated weak classifiers. Fi-

nally, we presented experiments on testing sets of varying

sizes. These experiments show the interest of introducing the

boosting to improve the authentication results. Future work

will also concentrate on selecting 3D Curves on the facial

surface from the whole FRGC v.2 database.
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