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Abstract
We present a review of current methods for 3D face modelling,
3D to 3D and 3D to 2D registration, 3D based recognition, and
3D assisted 2D based recognition. The emphasis is on the 3D
registration which plays a crucial role in the recognition chain.
An evaluation study of a mainstream state-of-the-art 3D face
registration algorithm is carried out and the results discussed.

1. Introduction
To date, most of the research efforts, as well as commercial
developments, have focused on 2D approaches. This focus on
monocular imaging has partly been motivated by costs but to a
certain extent also by the need to retrieve faces from existing
2D image and video database. Last but not least, it has been
inspired by the ability of human vision to recognise a face from
single photographs where the 3D information about the subject
is not available and therefore the 3D sensing capability of the
human perception system cannot be brought to bear on the in-
terpretation task. The aim of this paper is to review the various
ways the 3D data can be used for face recognition and verifi-
cation and identify the weak points of the state-of-the-art. The
paper is organised as follows. In the next section modelling and
representation of 3D facial data is discussed. 3D face registra-
tion is discussed in Section 3. Section 4 expounds on the use
of 3D in face recognition. The paper is drawn to conclusion in
Section 5.

2. 3D face models
3D acquisition systems capture raw measurements of the face
shape together with associated texture image. Measurements
are typically output as a point set or triangulated mesh. Raw
measurement data is typically unstructured, contains errors due
to sensor noise and can contain holes due to occlusion. Di-
rect comparison with measurement data may lead to erroneous
results. An intermediate structured face model is required for
recognition.
Simple models. In the work of Everingham and Zisserman [1]
a 3-D ellipsoid approximation of the person’s head is used to
train a set of generative parts-based constellation models which
generate candidate hypotheses in the image. The detected parts
are then used to align the model across a wide range of pose and
appearance.
Biomechanical models. Biomechanical models which approx-
imate the structure and musculature of the human face have
been widely used in computer animation [2] for simulation of

facial movement during expression and speech. Models have
been developed based on 3D measurement of a persons face
shape and colour appearance [3]. Simplified representations are
used to model both the biomechanical properties of the skin
and underlying anatomical structure. DeCarlo et al. [4] used
anthropometric statistics of face shape to synthesise biome-
chanical models with natural variation in facial characteristics.
Biomechanical model of kinematic structure and variation in
face shape provide a potential basis for model-based recogni-
tion of faces from 3D data or 2D images.
Morphable models. In the approach of Blanz and Vetter [5] a
probabilistic PCA-based model is used to represent the statisti-
cal variation of shape and texture of human heads. The model is
used for fitting the model to particular 2D image data exploiting
stochastic optimization of a multi-variate cost function.

3. Registration

As in 2D automatic face registration remains a critical part of
the system influencing heavily the overall performance. Gen-
erally, most of the registration methods exploiting 3D start by
finding a set of facial landmarks (anchor points, features). Once
a set of landmarks is identified on the face, dense correspon-
dence between the test face and other faces can be established.

3.1. Landmark localization

Landmarks can be defined as such points on the facial surface
that are identifiable reliably over different identities and expres-
sions. In contrast to its relevance for the success of 3D face
recognition, there currently exist only a few algorithms focusing
on automatic landmark localization. The problem of automatic
landmarking relates closely to object class recognition which
is still an open issue. Even a definition of a suitable landmark
is difficult as facial features differ significantly among people.
The optimum set of landmarks can only be determined in re-
lation to the recognition performance of the representation de-
rived from such a set. Approaches attempting to localize land-
marks could be categorized according their dependence on tex-
ture. The importance of texture for localization has not been yet
properly analyzed. Majority of shape-only landmarking algo-
rithms exploit curvature features as e.g. in the work of Colbry
et. al [6]. In the method of Irfanoglu et al. [7], search for
shape-only landmarks is navigated by curvature and symmetry.
Wang et al. [8] presented a method which aims at localization
of four fiducial points in 3D. Landmarks are represented by jets
of point signatures [9].



3.2. 3D to 3D dense registration

A technique that combines an Active Shape Model with Iter-
ative Closest Point method is presented by Hutton et al. [10].
A dense model is built first by aligning the surfaces using a
sparse set of hand-placed landmarks, then using spline warping
to make a dense correspondence with a base mesh. A 3D point
distribution model is then built using all mesh vertices. The
technique is used to fit the model to new faces.

Mao et al. [11], developed a semi-automatic method that
uses 5 manually identified landmarks for Thin-Plate Spline
warping. Rather than taking the nearest point, correspondences
are established taking the most similar point according to a sim-
ilarity criterion that is a combination of distance, curvature, and
a surface normal. We selected Mao’s method to undergo a thor-
ough accuracy evaluation on a challenging set of 3D faces. The
objective of the evaluation was to determine if a single generic
model could be deformed to accurately represent both inter and
intra-personal variations in face shape due to different identity
and expression. This analysis is important for the evaluation
of the robustness of deformable models for 3D face recogni-
tion. Accordingly, two different databases were used. The first
database is a subset of the Face Recognition Grand Challenge
Supplemental Database [12] (referred to as FRGC). It contains
33 faces representing 17 different individuals and a set of 4
landmarks (right eye corner, left eye corner, tip of the nose,
and tip of the chin) per face. The second database is purpose-
collected data of our own (referred to as OWN) and contains
4 sets of 10 faces, each set corresponding to 1 individual act-
ing 10 different expressions. The same set of 4 landmarks as
that in the FRGC data were manually identified for the OWN
database. Both databases were collected with a high-resolution
3dMDfaceTM sensor.

The algorithm was used to establish dense correspondence
between a generic face model (MG) and a 3D surface (MD).
The conformation process comprises of three stages:i) global
mapping, ii) local matchingandiii) energy minimisation. Dur-
ing the global mapping stage, a set of landmarks is identified on
MG andMD. The two sets of landmarks are brought into exact
alignment using the Thin-Plate Spline interpolation technique
[13], which smoothly deformsMG minimizing the bending en-
ergy. The alignedMG andMD are then locally matched by
finding for each vertex ofMG the most similar vertex onMD.
Similarity (S) between a vertex onMG and a vertex onMD

is determined by a weighted sum of the distance between them
(D), the angle between their normals (N ), and the difference
between curvature shape index (C) (see [11] for details):

S = −αD − β(acos(NG · ND)/π) − γ(CG − CD) (1)

where the values of all weights (α, β, γ) sum to one. For the
purposes of this evaluation only distance and curvature differ-
ence were explicitly used in the computation of the similarity
score. The mean and standard deviation are calculated for the
similarity scores of all the most similar vertices, and are used
to determine a threshold. The most similar vertices whose sim-
ilarity score is less than the threshold are deemed unreliable,
discarded, and interpolated from the most similar vertices of
their neighbours. The final set of most similar points (vertices
and interpolated points) is used to guide the energy minimisa-

Figure 1: The target data (a), the generic model (b), and the
conformed model (c). Ground truth landmarks are shown.

tion process that conformsMG to MD. The energy ofMG is
defined as:

E = Eext + ǫEint (2)

where the parameterǫ balances the trade-off between adherence
to MD and maintaining the smoothness ofMG. The external
energy attracts the vertices ofMG to their most similar points
onMD:

Eext =

n
X

i=1

(||x̃i − xi||)
2 (3)

wheren is the number of vertices inMG, xi is the ith vertex
and x̃i is its most similar point onMD. The internal energy
constrains the deformation ofMG thus maintaining its original
topology:

Eint =

n
X

i=1

m
X

j=1

(||xi − xj || − ||x̄i − x̄j ||)
2 (4)

wherem is the number of neighbour vertices of theith vertex,
xi andxj are neighbouring vertices and̄xi and x̄j are their
original positions inMG. The energy function is minimized
using the conjugate gradient method, ending the conformation
process (see Figure 1).

The evaluation protocol was designed to test the conforma-
tion algorithm for fitting accuracy and correspondence consis-
tency. Fitting accuracy was evaluated by measuring the fitting
error, defined at each vertex of the fitted generic model surface
as the distance from the vertex to the closest point on the target
3D surface (which might be another vertex or a point lying on
the surface of a polygon). Since the deformed models are in
correspondence, the fitting error can be statistically evaluated
across different subjects. This setting allows evaluation of the
fitting accuracy for different face areas with both identity and
expression variation. The tradeoff parameterǫ in equation 2
was set to 0.25, as suggested in [14] and experimentally veri-
fied to yield the best deformation results. The weights given to
distance (α) and curvature (γ) in the local matching step of the
conformation process were varied in discrete steps of 0.2 for the
range [0,1] following aγ = 1 − α scheme.

The results on FRGC revealed, that 90% of points lie within
2mm when local matching is guided by distance only (α = 1).
The measurements on the OWN database show fitting accuracy
across drastic expression changes. For OWN database only
85% of points within 2mm fitting error again whenα = 1.
As the curvature is introduced the fitting error increases as ex-
pected, since the definition of fitting error is directly related to
distance. Example of fitting error distribution is shown in Fig-
ure 2.



Figure 2: Fitting error on one subject (α = 1). Error is given in
mmaccording to the grey scale.

To evaluate the correspondence consistency, 16 landmarks
corresponding to 16 vertices of the generic model were man-
ually identified on the faces of the FRGC database. Figure 1
shows the 16 landmarks used for evaluation. The correspon-
dence error was defined at each landmark as the distance be-
tween its location in the conformed model and its location in the
target, which should be zero for perfect correspondence. Eval-
uation showed, that asα is decreased, the correspondence error
for each landmark appears to follow different trends, either in-
creasing or decreasing towards a minimum and then increasing
again. All 16 landmarks selected for the evaluation correspond
to points of the face where curvature shape index reaches local
extrema. Therefore a combination of curvature and distance for
driving local matching near the landmarks can be considered to
be more effective as supported by the results obtained.

The aforementioned findings suggest that a typical state-of-
the-art 3D registration algorithm representative is still far from
perfect in the context of face recognition. The registration part
of the recognition chain must be able to achieve high registra-
tion accuracy and be robust to inter- and intra-personal vari-
ations facilitating accurate preservation of personal traits and
separation of the nonpersonal ones.

3.3. 3D to 2D registration.

These approaches exploit a 3D morphable model which is used
to fit 2D data [5, 15]. In an analysis-by-synthesis loop the al-
gorithm iteratively creates a 3D textured mesh, which is then
rendered back to the image and the parameters of the model
updated according to the differences. This approach easily sep-
arates texture and shape and is used in 3D shape assisted 2D
recognition, see Section 4.2.

4. Recognition

4.1. Recognition using 3D shape only

One of the first approaches investigating the use of range im-
ages in face recognition is the work of Lee and Milios [16].

Correlation between Gaussian images of convex regions on the
face is used as a similarity measure. Another approach is the
method of Gordon [17]. Curvature-based descriptors are com-
puted over various regions of the face and used as features. An-
other curvature-based method is presented by Tanaka et al. [18].
Point signatures are used in the work of Chua et al. [9]. The
algorithm can deal with the human facial expressions. Hesel-
tine et al. [19] proposed an algorithm based on a combination
of a variety of facial surface representations using fishersur-
face method. Other methods together with performance com-
parisons can be found in the survey of Bowyer et al. [20].

4.2. 3D shape assisted 2D recognition

Pose and illumination were identified as major problems in 2D
face recognition. Approaches trying to solve these two issues in
2D are bound to have limited performance due to the intrinsic
3D nature of the problem.

Blanz and Vetter [5] proposed an algorithm which takes
a single image on the input and reconstructs 3D shape and
illumination-free texture. Phong’s model is used to capture the
illumination variance. The model explicitly separates imag-
ing parameters (such as head orientation and illumination) from
personal parameters allowing invariant description of the iden-
tity of faces. Texture and shape parameters yielding the best
fit are used as features. Several distance measures have been
evaluated on the FERET and the CMU-PIE databases.

Zhang and Samaras [21] used Blanz and Vetter’s morphable
model together with a spherical harmonic representation [22]
for 2D recognition. The method is reported to perform well
even when multiple illuminants are present.

These approaches represent significant steps towards the so-
lution of illumination, pose and expression problems. However
there are still several open research problems like full expres-
sion invariance, accuracy of the Lambertian model with regard
to the specular properties of human skin and stability of the
model in presence of glasses, beards and changing hair, etc.

4.3. Recognition using 3D shape and texture

Approaches in this group attempt to exploit all available infor-
mation in the decision process. In most cases, texture and shape
information are fused either at the feature level or the decision
level. In the approach of Lu [23] a robust similarity metric com-
bining texture and shape features is introduced. Bronstein et
al. [24], morph 2D face texture onto a canonical shape com-
puted from the range data. Canonical shape is a surface rep-
resentation, which is invariant to isometric deformations, such
as those resulting from different expressions and postures of the
face. This results in a special 2D image that incorporates the 3D
geometry of the face in an expression-invariant manner. PCA is
then used to capture variability of these signature images. A
comparison of multimodal approaches fusing 2D and 3D is pre-
sented in [20, 25].

5. Conclusion

The review identified considerable scope for further improve-
ments in 3D face biometric technology. As registration error
analysis experiments showed, current algorithms still under-



achieve and do not reach required accuracy. In consequence,
the currently achievable performance of 3D face recognition
systems is not greatly superior to that of 2D systems. Although
some benefits may accrue directly from the fusion of 2D and 3D
face biometric modalities, considerable effort will be required
on all aspects of 3D face processing to reach the level of matu-
rity required from systems to be deployed commercially.
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