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ABSTRACT

In this paper, we propose a hierarchical covariance descrip-
tion for 3D face matching and recognition under expression
variation. Unlike feature-based vectors, covariance-based de-
scriptors enable the fusion and the encoding of different types
of features and modalities into a compact representation. The
efficiency of covariance descriptors however may depend on
the size of its region of definition. On the one hand, co-
varying features in a small region do not capture sufficient
properties of the face. On the other hand, large regions only
capture coarse features, which may not be sufficiently dis-
criminative. In this paper, we propose to represent a 3D face
using a set of feature points. Around each feature point, we
consider three covariance description levels. In our experi-
ments, we demonstrate the utility of this representation and
present challenging results on different datasets including the
BU-3DFE and the GAVAB datasets.

Index Terms— Hierarchical covariance descriptor, 3D
face, Covariance matrix, Geodesic distances, Face Matching.

1. INTRODUCTION

Face recognition has become one of most important biomet-
rics technologies over recent two decades. It has gained much
attention during the last few years due to its potential in var-
ious applications including public security, law enforcement,
and video surveillance [1].

Face recognition is classified into two scenarios namely,
verification and identification. In the verification scenario, the
system verifies if a person is indeed who he/she claims to be
(One-to-One match). In the identification scenario, the person
is to be compared to all the enrolled subjects in the database
to determine his or her identity (One-to-All match).

In the last ten years, considerable attention has been paid
to recognizing 2D faces under controlled conditions [32]. How-
ever, overcoming variations in human expressions, poses, and
occlusions is still the most challenging topics. 3D face recog-
nition [23, 13, 30, 5] on the other hand has become more and
more popular due to the increasing advancement of 3D acqui-
sition technologies [20]. The 3D face data is not limited to the
texture of the face but mainly contains its shape. It is in turn

more robust to several variations that 2D face representation
can not overcome [1].

Facial expression variation is one of the main challenges
in face recognition. The facial expressions are generated by
facial muscle contractions, which result in temporary facial
deformations in both facial geometry and texture. These de-
formations decrease the discriminative power of conventional
face representation methods and complicate the face recogni-
tion task by increasing the intra-class variance and decreasing
the inter-class one. To overcome this problem, we propose
to represent a 3D face using a set of feature points. Around
each feature point, we consider three description levels start-
ing from a small region to a bigger overlapped region. We
use a covariance based descriptor [26] to represent each re-
gion. Preserving multiple levels of description is a way of re-
solving 3D face recognition under expression variation when
small regions may be more informative for expressive faces
and bigger regions may be more relevant for matching neutral
ones.

1.1. Related Work

3D face recognition is a very active area. Here, we review the
most important related work. Al-Osaimi et al. [2] employed
the PCA to learn and model expression deformations. The
generic PCA deformation model is built using non-neutral
faces of distinct persons. The expression deformation tem-
plates are used to eliminate the expressions from non-neutral
face scan. A multi-resolution PCA model has been proposed
by ter Haar and Veltkamp [28], they used a limited collection
of facial landmarks along with neutral and expression scans.
A single morphable identity model and seven isolated mor-
phable expression models per subject are built. Expression
is then neutralized and coefficients of identity model are uti-
lized for face recognition. In [22], a statistical model is built
using the correspondence information. PCA shape model can
deal with expressions by including faces with expression in
the training data. Drira et al. [8] proposed to represent fa-
cial surfaces by radial curves emanating from the nose tip and
use elastic shape analysis of these curves to compare faces.
In [25], Sun proposed to measure the minimum possible dis-
tortion when trying to isometrically embed one facial surface



into another. Berretti et al. [3] encoded the geometric infor-
mation of the 3D face surface in the form of a graph. Nodes
of the graph represent equal width iso-geodesic facial stripes
which provide a representation of the local morphology of the
face.

Guo et al. [9] presented the 3D face by a set of keypoints
and their associated local feature descriptors to handle expres-
sion variations. To measure the dissimilarity between faces,
they fused the number of feature matches, the average dis-
tance of matched features, and the number of closest point
pairs after registration. Ratyal et al. [21] have extracted the
T-region from the face to get the facial region having mini-
mum variation with expression. For each region, they extract
the wavelet coefficients and a dictionary learning using K-
SVD. Hariri et al. [11] applied Bag-of-features paradigm for
the quantization of LBP and HoS features extracted from the
3D face mesh and its corresponding 2D depth image, respec-
tively. Moeini et al. [18] have extracted rigid parts of the face
from texture and depth image based on 2D facial landmarks.
The classification is then applied using the Support Vector
Machine. Shape index and spherical bands on the human face
are used in [17] to segment a group of regions on each 3D
facial point cloud. Then the corresponding facial areas are
projected to regional bounding spheres to obtain regional de-
scriptors.

1.2. Contributions of the paper

This paper is an extension of the covariance matching method
proposed in our previous work [10], in which we demon-
strated the usefulness of covariance matrices as local descrip-
tors for 3D face recognition. In this paper, we tackle the issue
of face recognition under facial expression variations. To do
so, we propose to represent a 3D face using a set of feature
points, around each of which we consider three description
levels starting from a small region to a bigger overlapped re-
gion. We use a covariance based descriptor to represent each
region. The performance of the proposed method has been
evaluated on the BU-3DFE and the GAVAB datasets. The re-
mainder of the paper is organized as follows. In Section 2,
the method is detailed. In Section 3, the experiments are pre-
sented. Conclusions end the paper.

2. THE PROPOSED 3D FACE RECOGNITION
SYSTEM

Figure 1 gives an overview of the proposed 3D face recogni-
tion method. After the acquisition step, the input face surface
may contain some imperfections such as holes, spikes and in-
clude some undesired parts (clothes, neck, ears, hair, etc.) and
so on. To remove these imperfections, we apply successively
a set of filters. First, a smoothing filter is applied, which re-
duces spikes in the mesh surface, followed by a cropping filter
which cuts and returns parts of the mesh inside an Euclidean

Fig. 1: Overview of the proposed method.

sphere. Next, a filling holes filter is applied, which identifies
and fills holes in input meshes. The median filter algorithm
is then applied on 3D face vertices to remove spikes. The fil-
ter starts by sorting the z coordinate within a neighborhood,
finding the median, and finally replacing the original z coor-
dinate with the value of the median. Once the 3D face has
been cleaned, we need to align them with a reference face.
The alignment is performed using the Iterative Closest Point
(ICP) [4, 31].

After the preprocessing stage, for each probe face (face
to be recognized) F1 and a gallery face (face in the database)
F0, we uniformly samplem feature points {p1, . . . , pm} from
the gallery F0. The m feature points of F0 are the center
of m patches of radius r, and form a paving of the face. In
our approach, we have explored three different patch radius
accordingly to r1 = 10%, r2 = 20%, and r3 = 30% of the
radius of the cropped face’s bounding sphere. The idea is to
encode local features from both fine and coarse levels. We
then use covariance matrices [10] for each level description.
The advantage of covariance descriptors is that the size of
covariance matrices does not depend on the size of the region
from which they were extracted, but on the size of feature
vectors, therefore, they can be computed from variable sized
regions (three different patch sizes) as shown in Figure 1.

Covariance matrices however are not elements of an Eu-
clidean space; they are elements of a Lie group, which has a
Riemannian structure. Therefore, matching with covariance
matrices requires the computation of geodesic distances on
the manifold using a proper metric. In this paper, we have
applied log-determinant distance. Finally, for the recognition
step, we apply the mean of distances matching strategy be-
tween each pair of homologous patches. To get the global dis-
similarity measure between two faces, we combine the match-
ing scores over the three levels.

2.1. Covariance feature extraction

Let P = {Pi, i = 1 . . .m} be the set of patches extracted
from a 3D face. Each patch Pi defines a region around a
feature point pi = (xi, yi, zi)

t. In this paper, we consider
three different region sizes (called levels) namely: r1 = 10%,
r2 = 20%, and r3 = 30% of the radius of the cropped face’s



bounding sphere. For each point pj in Pi, and within a fixed
level rl, we compute a feature vector fj , of dimension d,
which encodes the local geometric and spatial properties of
the point. In our implementation, we considered the follow-
ing feature vector:

fj = [xj , yj , zj , k1, k2, Dj ] , (1)

where xj , yj and zj are the three-dimensional coordinates of
the point pj . k1 and k2 are respectively the min and max
curvatures. Dj is the distance of pj from the origin defined

by
√
x2j + y2j + z2j .

We characterize each face patch by the covariance matrix
Xi:

Xi =
1

n

n∑
j=1

(fj − µ)(fj − µ)T , (2)

where µ is the mean of the feature vectors {fj}j=1...n com-
puted in the patch Pi, and n is the number of points in Pi.
The diagonal entries of Xi represent the variance of each fea-
ture and the non-diagonal entries represent their respective
co-variations. Using covariance matrices as a region descrip-
tors has several advantages, such as the ability of efficiently
combining multiple features into a single descriptor and the
invariance with respect to the ordering of points and number
of feature vectors used for their computation. The sizes of co-
variance matrices do not depend on the size of the region from
which they were extracted, but on the size of feature vectors;
therefore, they can be computed from variable sized regions.
Furthermore, covariance matrices are low dimensional com-
pared to joint feature histograms.

2.2. Face comparison

In this section, we review and discuss the mathematical prop-
erties of the space of covariance matrices and the geodesic
distance that has been used as dissimilarity measure for com-
paring covariance matrices.

2.2.1. The space of covariance matrices

Let M = Sym+
d be the space of all d × d symmetric posi-

tive definite (SPD) matrices and thus non-singular covariance
matrices. Sym+

d is a non-linear Riemannian manifold, i.e.
a differentiable manifold in which each tangent space TX at
X has an inner product 〈·, ·〉X∈M that smoothly varies from
point to point. The inner product induces a norm for the tan-
gent vectors y ∈ TX such that ‖y‖2 = 〈y, y〉X . The short-
est curve connecting two points X and Y on the manifold
is called a geodesic. The length dg(X,Y ) of the geodesic
between X and Y is a proper metric measuring the dissim-
ilarity between the covariance matrices X and Y . Let y ∈
TX and X ∈ M. There exists a unique geodesic starting
at X and shooting in the direction of the tangent vector y.

The exponential map expX : TX 7→ M maps elements y
on the tangent space TX to points Y on the manifold M.
The length of the geodesic connecting X to Y is given by
dg(X, expX(y)) = ‖y‖X . This geodesic can be approx-
imated by symmetrized “log-determinant” based matrix di-
vergence introduced in [6, 7, 24]. Let X , Y ∈ Sym+

d , the
log-determinant distance between X and Y is defined by:

dg(X,Y ) =

√
log

(
det

(
X + Y

2

))
− 1

2
log(det(X.Y ))

(3)

2.2.2. 3D face matching using SPD matrices

Similar to local features, covariance matrices computed on
3D surfaces can be used as local descriptors for matching two
faces. Let us consider a patch center pi, i = 1, ...,m repre-
sented by a covariance matrix Xi in a gallery 3D face F0 and
a patch center qj , j = 1, .., N represented by the covariance
matrix Yj in a probe 3D face F1. Let cij = c (pi, qj) denote
the cost of matching these two points. This cost is defined as
the distance between the two covariance matrices Xi and Yj .

Given the set of costs cij between all pairs of points pi
on the gallery face F0 and qj on the probe face F1, we define
the total cost of matching the two 3D faces by computing the
mean of distances between each pair of homologous regions
over the three levels as follows:

Cost =
1

n

n∑
i=1

 1

m

m∑
j=1

c (pj , qj)

 (4)

Where m is the number of sampled feature points, n is the
number of levels.

3. EXPERIMENTS

In this section, we evaluate the performance of the proposed
method. We discuss the benefits of the multiple level covari-
ance descriptors, and perform a comprehensive comparison
to the state-of-the-art methods.

3.1. Dataset description

We conducted our experiments on two different datasets; BU-
3DFE [29] and GAVAB [19].

• The BU-3DFE dataset contains the 3D face scans and
their associated 2D textures of 100 subjects, displaying
the six prototypical expressions at four different inten-
sity levels, were captured using the 3DMD acquisition
setup, where the highest level corresponds to the apex
of the expression. This database contains images de-
picting facial expressions of: anger (AN), disgust (DI),
fear (FE), happiness (HA), sadness (SA), and surprise



Fig. 2: Expressive faces from BU-3DFE dataset for the same
subject.

Fig. 3: 3D scans of the same subject from the GAVAB dataset.

(SU). Each expression has four levels of expression in-
tensity. Level 1 and level 2 are considered as low in-
tensity while level 3 and level 4 as high intensity. Each
subject also has a neutral face scan. Thus, there are
a total of 2500 3D faces. The dataset is quite diverse
and contains subjects of both gender. The models cre-
ated were of resolution in the range of 20,000 to 35,000
polygons, depending on the size of the subject’s face.
Examples of 3D faces from this dataset can be seen in
Figure 2.

• The GAVAB dataset contains 549 three-dimensional fa-
cial surface images corresponding to 61 individuals (45
male and 16 female). This database offers three views
per individual in which there are facial expressions (two
of them very pronounced). It also includes many varia-
tions with respect to the pose of each individual. Each
subject in the GAVAB dataset was scanned 9 times for
different poses and facial expressions. The whole set
of individuals are Caucasian and most of them are aged
between 18 to 40 years. There are systematic variations
over the pose and facial expression of each person. In
particular, 2 frontal and 4 rotated images without any
facial expressions. There are also 3 frontal images in
which the subject presents different and accentuated fa-
cial expressions (laugh, smile, and a random expres-
sion chosen by the user). Figure 3 shows an example
of faces taken from this dataset. In this experiment,
we will deal only with expressive faces to assess the
performance of our proposed method under this facial
deformation.

3.2. Experiments and results

Two different protocols have been carried out: 1) Neutral-Vs-
Expressive protocol: a neutral face is used as gallery, where
expressive faces are used as probes (results are reported on
GAVAB and BU-3DFE datasets). 2) Low intensity-Vs-High
intensity protocol: a low expression level is used as gallery,
where high expression levels are used as probes (reported re-
sults on BU-3DFE dataset).

After the preprocessing step, we uniformly sample m =
30 feature points and 6 × 6 covariance matrices computed
from the feature vector: fj=[x, y, z, k1, k2, D]. Next, around
each feature point, we extract three covariance descriptors
with respect to three patch radius (r1 = 10% × r, r2 =
20%× r, r3 = 30%× r), where r is the radius of the cropped
face’s bounding sphere (Section 2). To compare probe and
gallery faces, we compute the mean of distances (given by
eq. 4), which measures their dissimilarity. The class of each
probe face is the identity of the gallery face which minimizes
the matching cost.

To evaluate our method performance we present a Cu-
mulative Match Characteristic curve (CMC) which plots the
recognition rate versus the rank number. The rank-1 recog-
nition rate is the percentage of all probes for which the best
match in the gallery belongs to the same person, which is a
popular evaluation criterion for face identification. The per-
centage of the best and the second-best correct matches is the
rank-2 recognition rate, and so on for higher ranks. To ob-
tain the recognition rate, we compute the number of correctly
classified query images to the total number of query images.

Figure 4 reports the CMC curves of the proposed method
on BU-3DFE dataset (Neutral-vs-Expressive and Low-intensity
vs High-intensity protocols). We can clearly see that the recog-
nition performance with respect to the rank number increases
faster using the first protocol. This behavior can be explained
by the fact that gallery faces are neutral which is a helpful for
face identification. On the other hand, using the second pro-
tocol (i.e. Low intensity-vs-High intensity), gallery faces are
expressive and this is more binding for the matching task.

Table 2 shows the rank-1 recognition performance using
two different protocols when dealing with the three covari-
ance levels on BU-3DFE dataset. Table 3 shows the rank-1
recognition performance using Neutral-vs-Expressive proto-
col when dealing with the three covariance levels on GAVAB
dataset. From these results, it appears that the matching of
the hierarchical covariance levels combination gives higher
recognition performance compared to the use of each level
individually. This behavior can be explained by the fact that
small patches do not capture sufficient geometric properties
of the shapes. Large patches on the other hand capture only
coarse features, which may not be sufficiently discriminative.
The combination of the three patch levels captures both fine
and coarse features, and therefore provides a more accurate
representation.



Table 1: Comparison with state of the art methods on the GAVAB dataset.

Method Drira et al. [8] Li et al. [15] Tabia et al. [27] Mahoor and Abdel-Mottaleb [16] Huang et al. [12] Our method
Neutral+expressive 95.9% 94.68% 94.91% 78% 95.49% 100%

Expressive 94.54% 93.33% 93.30% 72% 93.99% 100%

Fig. 4: The CMC curves of our proposed method on BU-
3DFE dataset. Reported results are obtained using the three
hierarchical covariance levels individually and on their com-
bination.
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(b) Low intensity-Vs-High intensity protocol
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3.3. Comparative results

To compare our experimental results with the state of the art
performance achieved on the BU-3DFE and GAVAB datasets,
we present the rank-1 identification rates of existing algo-
rithms following the same protocol. Table 1 shows that our
method outperforms the other state of the art methods when
dealing with expressive faces on GAVAB dataset. Particu-
larly, Tabia et al. [27] used covariance matching method and
achieved 93.30% rank-1 identification rate. Drira et al. [8]
used radial curves to represent the face surfaces, and they
achieved 94.54% rank-1 identification rate. Furthermore, Huang
et al. [12] used using a multi-scale extended Local Binary Pat-
terns as facial descriptors and achieved 93.99% rank-1 iden-
tification rate. Finally, Li et al. [15] characterize each face by
a set of registered low-level geometric features, and achieved

Table 2: Face recognition rates using hierarchical covariance
method on BU-3DFE dataset.

Protocol Level 1 Level 2 Level 3 All levels
Neutral-Vs-Expressive 93.85% 94.15% 93.70% 95.40%
Low int-Vs-High int 97.25% 97.60% 96.90% 98.25%

Table 3: Face recognition rates using hierarchical covariance
method on GAVAB datasets.

Protocol Level 1 Level 2 Level 3 All levels
Neutral-Vs-Expressive 98.00% 99.45% 98.90% 100%

93.33% rank-1 identification rate.
When dealing with BU-3DFE dataset, compared to Lei et

al. [14], our proposed method achieves higher rank-1 recog-
nition rate on BU-3DFE dataset using Low intensity-Vs-High
intensity identification protocol (98.25% vs 97.7%). This per-
formance is achieved due to the accurate facial description
obtained by covariance descriptors, and reinforced by the hi-
erarchical representation.

4. CONCLUSION

In this paper, we proposed a hierarchical covariance descrip-
tion for 3D face matching and recognition, under expression
variations. We represented a 3D face using a set of feature
points, around each of which we considered three descrip-
tion levels. The levels start from a small region to a big-
ger overlapped region. We used a covariance based descrip-
tor to represent each region. The log-determinant geodesic
distance is used for the face matching. Experimental results
on BU-3DFE and GAVAB datasets showed that the use of
the three hierarchical levels improves the recognition perfor-
mance compared to the use of each level individually. This
performance can be explained by the fact that each hierar-
chical level captures some specific characteristics which are
complementary.
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