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Abstract

Automatic human Facial Expressions Recognition (FER) is becoming of in-
creased interest. FER finds its applications in many emerging areas such
as affective computing and intelligent human computer interaction. Most
of the existing work on FER has been done using 2D data which suffers
from inherent problems of illumination changes and pose variations. With
the development of 3D image capturing technologies the acquisition of 3D
data is becoming a more feasible task. The 3D data brings a more effective
solution in addressing the issues raised by its 2D counterpart. State-of-the-
art 3D FER methods are often based on a single descriptor which may fail
to handle the large inter-class and intra-class variability of the human fa-
cial expressions. In this work, we explore, for the first time, the usage of
covariance matrices of descriptors, instead of the descriptors themselves, in
3D FER. Since covariance matrices are elements of the non-linear manifold
of Symmetric Positive Definite (SPD) matrices, we particularly look at the
application of manifold-based classification to the problem of 3D FER. We
evaluate the performance of the proposed framework on the BU-3DFE and
the Bosphorus datasets, and demonstrate its superiority compared to the
state-of-the-art methods.

Keywords: Covariance matrix, Manifold, Facial expression, Kernel-SVM.

1. Introduction1

Facial Expression Recognition (FER) has emerged as an active research2

field in several areas, such as human-machine interaction, facial animation,3
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and robotics. The recognition of the movements of the eyes, mouth, and facial4

muscles has attracted a great amount of researchers in the past decade. De-5

tailed surveys of previous work can be found in (Fang et al., 2011, 2012; Zeng6

et al., 2009; Sandbach et al., 2012; Shan et al., 2009; Tian et al., 2003). Most7

of these previous works were developed for 2D data (Fasel and Luettin, 2003;8

Pantic and Rothkrantz, 2000; Zeng et al., 2009; Ilbeygi and Shah-Hosseini,9

2012; Mahersia and Hamrouni, 2015; Chakrabarty et al., 2013). Although10

the remarkable performance achieved, most of these works are still sensitive11

to many variations, particularly illumination and pose. Recent progress in12

3D acquisition techniques, on the other hand, has provided a new alternative13

to overcome these issues (Yin et al., 2006). 3D data bring additional infor-14

mation which are more robust to illumination (Al-Osaimi et al., 2012; Patil15

et al., 2015) and pose changes (Ocegueda et al., 2013).16

1.1. Related works17

3D face datasets become more and more available, providing the world-18

wide researchers of face and FER community a large scale data for training19

and evaluating their approaches. Different approaches were proposed to ad-20

dress the problem of 3D FER. Most of these works focus on recognizing21

six basic expressions; anger (AN), fear (FE), disgust (DI), sadness (SA),22

happiness (HA) and surprise (SU) (Ekman and Friesen, 1971). Proposed23

methods often use 3D local features which capture the geometrical and topo-24

logical properties of the face expression (Bowyer et al., 2006; Zhao et al.,25

2011; Tabia et al., 2011; Mohammadzade and Hatzinakos, 2013). One of the26

main strengths of local features is their flexibility in terms of type of anal-27

ysis that can be performed with. Wang et al. (2006) proposed to extract28

geometric based features to describe facial expressions. These features have29

been estimated using the principle curvature information calculated on the30

3D triangulated mesh model of a face. A linear discriminant analysis classi-31

fier has been used for features classification. Shao et al. (2015) proposed to32

learn sparse features from spatio-temporal local cuboids extracted from the33

face. They applied conditional random fields classifier to train and classify34

the expressions. Other methods use distance-based features between certain35

facial landmarks, from a neutral face. Next they compute the changes due to36

facial deformation (Soyel and Demirel, 2008, 2010; Tang and Huang, 2008;37

Li et al., 2010; Tekguc et al., 2009; Sha et al., 2011; Srivastava and Roy,38

2009). For instance, Soyel and Demirel (2008, 2010) used distance vectors39
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computed between landmarks on the 3D face to describe facial features, and40

used probabilistic neural network for expression classification.41

The use of local features in 3D facial expression recognition, however, has42

several limitations. For instance, 3D face expressions often exhibit large inter-43

class and intra-class variability that cannot be captured with a single feature44

type. This triggers the need for combining different modalities or feature45

types. However, different shape features often have different dimensions,46

scales and variation range, which makes their aggregation difficult without47

normalizing or using blending weights.48

Covariance matrices have been successfully used in the literature for ob-49

ject detection and tracking (Tuzel et al., 2006, 2008), shape retrieval (Tabia50

et al., 2014; Tabia and Laga, 2015), face recognition (Krizaj et al., 2013;51

Hariri et al., 2016), and image set classification (Wang et al., 2012). The use52

of covariance matrices has several advantages. First, they provide a natu-53

ral way for fusing multi-modal features, eventually of different dimensions,54

without normalization or joint distribution estimation. Second, covariance55

matrices extracted from different regions have the same size, which is signif-56

icantly compact compared to the features themselves and to their statistics.57

This enables comparing any regions without being restricted to a constant58

window size or specific feature dimension.59

Covariance matrices, however, lie on the manifold of Symmetric Posi-60

tive Definite (SPD) tensors Sym+

d , a special type of Riemannian manifolds.61

Therefore, matching with covariance matrices requires the computation of62

geodesic distances on the manifold using proper metrics.63

Moreover, Sym+

d manifold has a non-linear structure which makes im-64

possible the use of many conventional classification algorithms such as the65

Support Vector Machines (SVM). Non-linear mappings to Riemannian man-66

ifolds (Tuzel et al., 2008; Yun et al., 2013; Yun and Gu, 2016; Harandi et al.,67

2014a) or the reproducing kernel Hilbert space (Harandi et al., 2014b; Jaya-68

sumana et al., 2013; Khan and Gu, 2014) are, therefore, used to obtain vector69

spaces, in which the metrics for machine learning methods are defined.70

In this paper, we look at the application of manifold-based classification71

of covariance matrices to the problem of 3D FER. We represent each 3D face72

surface using a set of unordered covariance descriptors. We then use kernel73

functions which map covariance matrices into a high dimensional Hilbert74

space. This hence enables to use conventional classification algorithms on75

such non-linear valued data. We evaluate the performance of the proposed76

framework on the BU-3DFE and the Bosphorus datasets, and demonstrate its77

3



Figure 1: Overview of the proposed method.

superiority compared to the state-of-the-art methods. The rest of the paper78

is organized as follows, the proposed method is detailed in Section 1.2. In79

Section 2, we present the covariance matrices on 3D face. Section 3 describes80

the Riemannian geometry of SPD matrices. In Section 4, we explain how to81

classify facial expressions on manifold. Experimental results are presented in82

Section5. Conclusions end the paper.83

1.2. Method overview84

Figure 1 presents an overview of the proposed method. Since raw 3D face85

surfaces may contain imperfections such as holes, spikes, and include some86

undesired parts (clothes, neck, ears, hair, etc.), we successively apply a set of87

preprocessing filters; including (1) a smoothing filter which reduces spikes,88

(2) a cropping filter which returns the central part of the face surface, (3) a89

filling holes filter, and (4) a median filter which removes spikes.90

Once the 3D face mesh has been preprocessed, we uniformly select m91

feature points over the whole 3D surface. The feature points are the center92

of m patches from a paving of the face. Each point has a region of influence,93

which we characterize by the covariance of its geometric features instead of94

directly using the features themselves. Each feature captures some properties95

of the local geometry. They can be of different type, dimension or scale.96

Covariance matrices lie on the (Sym+

d ) which lacks Euclidean structures97

such as norm and inner product. This makes impossible the application98

of conventional clustering algorithms in their original forms. In this paper,99
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we take advantages of recent works on kernel methods on manifold-valued100

data (Harandi et al., 2014a; Tabia and Laga, 2015; Yun and Gu, 2016) and101

explore, for the first time, their usage in 3D FER. Since covariance matrices102

are considered in this work as local descriptors, we propose to apply the103

SVM algorithm to this local representation. For this end, we build a global104

kernel function so that one can compare two 3D facial expressions by using105

the covariance descriptors.106

The proposed 3D FER method has been evaluated on the two well known107

datasets, namely the BU-3DFE and the Bosphorus. Results demonstrate the108

superiority of the proposed method compared to the state-of-the-art ones.109

2. Covariance matrices on 3D face110

Let P = {ρi, i = 1 . . .m} be the set of patches extracted from a 3D111

face. Each patch Pi defines a region around a feature point pi = (xi, yi, zi)
t.112

For each point fj in ρi, we compute a feature vector Fj, of dimension d,113

which encodes the local geometric and spatial properties of the point. In our114

implementation, we considered the following feature vector:115

Fj = [xj, yj, zj, k1, k2, Dj],116

where xj, yj and zj are the three-dimensional coordinates of the point117

pj. k1 and k2 are respectively the min and max principal curvatures. Dj is118

the distance of pj from the origin defined by
√

x2
j + y2j + z2j . We characterize119

each face patch by the covariance matrix Pi:120

Pi =
1

n

∑n

j=1
(Fj − µ)(Fj − µ)T ,121

where µ is the mean of the feature vectors {Fj}j=1...n
computed in the122

patch ρi, and n is the number of points in ρi. The diagonal entries of Pi123

represent the variance of each feature and the non-diagonal entries represent124

their respective co-variations.125

3. Riemannian geometry of SPD matrices126

For the sake of completeness, we discuss in this section the mathematical127

properties of the space of covariance matrices, and the geodesic distance128

that has been used as a kernel metric on the Riemannian manifold of SPD129

matrices.130
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3.1. The space of covariance matrices131

LetM = Sym+

d be the space of all d×d symmetric positive definite (SPD)132

matrices, and thus non-singular covariance matrices. Sym+

d is a non-linear133

Riemannian manifold, i.e. a differentiable manifold in which each tangent134

space TP at P has an inner product 〈·, ·〉P∈M that smoothly varies from point135

to point. The inner product induces a norm for the tangent vectors ∆ ∈ TP136

such that ‖∆‖2 = 〈∆,∆〉P . The shortest curve connecting two points P and137

Q on the manifold is called a geodesic. The length dg(P,Q) of the geodesic138

between P and Q is a proper metric measuring the dissimilarity between the139

covariance matrices P and Q. Let ∆ ∈ TP and P ∈ M. There exists a140

unique geodesic starting at P and shooting in the direction of the tangent141

vector ∆. The exponential map expP : TP 7→ M maps elements ∆ on the142

tangent space TP to points Q on the manifold M. The length of the geodesic143

connecting P to Q is given by dg(P, expP (∆)) = ‖∆‖P .144

3.2. Distance between SPD matrices145

The Riemannian metric of the tangent space TP at a point P is given as146

〈∆, z〉P = trace
(

P− 1

2∆P−1zP− 1

2

)

(Tuzel et al., 2008). The exponential map147

associated to the Riemannian metric expP (∆) = P
1

2 exp
(

P− 1

2∆P− 1

2

)

P
1

2 is148

a global diffeomorphism (a one-to-one, onto, and continuously differentiable149

mapping in both directions). Thus, its inverse is uniquely defined at every150

point on the manifold: logP (Q) = P
1

2 log
(

P− 1

2QP− 1

2

)

P
1

2 . The symbols exp151

and log are the ordinary matrix exponential and logarithm operators, while152

expP and logP are manifold-specific operators, which depend on the point153

P ∈ Sym+

d . The tangent space of Sym+

d is the space of d × d symmetric154

matrices, and both the manifold and the tangent spaces are of dimension155

m = d(d+ 1)/2.156

For symmetric matrices, the ordinary matrix exponential and logarithm157

operators can be computed in the following way. Let P = UDUT be the158

eigenvalue decomposition of the symmetric matrix P . The exponential series159

is defined as: exp (P ) =
∑∞

k=0

Pk

k!
= U exp (D)UT , where exp (D) is the160

diagonal matrix of the eigenvalue exponentials. Similarly, the logarithm is161

given by log (P ) =
∑∞

k=1

−1k−1

k
(P − I)k = U log (D)UT . The exponential162

operator is always defined, whereas the logarithms only exist for symmetric163

matrices with strictly positive eigenvalues. The geodesic distance between164
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two points on Sym+

d is then given by:165

d2g (P,Q) = 〈logP (Q) , logP (Q)〉P

= trace
(

log2
(

P− 1

2QP− 1

2

))

(1)

4. 3D facial expression recognition166

Once covariance matrices have been extracted and the geodesic distance167

has been defined, the expression recognition task can be reduced to covari-168

ance classification. However, the non-linear structure of Sym+

d makes the169

classification of covariance matrices using conventional algorithms such as170

SVM unsuitable. To overcome this issue, we apply a Gaussian radial basis171

function (RBF) which maps the covariance matrices to an infinite dimen-172

sional Hilbert space. This intuitively, yields a very rich representation. In173

Rd, the Gaussian kernel can be expressed as:174

KG(xi, xj) := exp(‖xi − xj‖
2/2σ2), (2)

which makes use of the Euclidean distance between two data points xi and175

xj. To define a kernel on a Riemannian manifold, we would like to replace176

the Euclidean distance by a more accurate geodesic distance on the manifold.177

The advantage of computing positive definite kernels on a Riemannian178

manifold of the SPD matrices is that it directly allows us to make use of179

algorithms developed for Rd while still accounting for the geometry of the180

manifold.181

In the following, we use K(:, :), H and Φ (P ) to denote the kernel function,182

the reproducing kernel Hilbert space, generated by K, and the feature vector183

in H to which P is mapped, respectively. In this article, the function Φ is184

not explicitly expressed and solely the Gaussian kernel is used by changing185

the Euclidean distance by the distance on the Riemannian manifold defined186

by Equation (1):187

K(Pi, Pj) = exp(−dg(Pi,Pj)
2/2σ2), (3)

where Φ is a mapping fromM toH such that dg(Pi, Pj) = ‖Φ(Pi)− Φ(Pj)‖H.188

4.1. Kernel SVM on Riemannian Manifold189

Given a set of labeled samples {(Pi, yi)}
N

i=1
where Pi ∈ M and the labels190

yi ∈ {−1, 1}, the basic idea of SVM is to construct a hyperplane or set of191
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hyperplanes, which is/are used for feature classification. A good separation192

is achieved by the hyperplane that has the largest distance to the nearest193

training data point of any class, called support vectors. The class of a test194

point P is determined by the position of the mapping Φ(P ) in H relative195

to the separating hyperplane. SVM is known to possess good generalization196

properties and to perform well in high-dimensional feature spaces. The map-197

ping Φ is generally non-linear and the decision function is based on the sign198

of:199

h(P ) = b+
N
∑

i=1

αiyi 〈Φ(Pi),Φ(P )〉 . (4)

The kernel K(:, :) is defined by K(Pi, Pj) = 〈Φ(Pi),Φ(P )〉.200

4.2. Expression comparison using matching kernel on manifold201

Since covariance matrices are considered in this work as local descriptors,202

we propose to apply the SVM algorithm to this local representation. For this203

end, we build a global kernel function so that one can compare two 3D facial204

expressions by using the covariance descriptors.205

In order to do so, we propose to use the matching kernel method proposed206

in (Wallraven et al., 2003), which satisfies the Mercer condition and thus is207

suitable for our application.208

Given two expressive faces represented by two sets of covariance matrices209

S1 = {Pi}i=1..n and S2 = {Pj}j=1..n
, we first compute a matrix of similarity210

scores between S1 and S2. Common choices for the similarity measure, called211

also the minor kernel, are the RBF-kernel given by Equation 2. The kernel212

value can then be computed as the average over the best matching scores of213

the elements in S1 and S2 as:214

K(S1, S2) =
1

2

[

K̂ (S1, S2) + K̂ (S2, S1)
]

, (5)

where K̂(S1, S2) =
1

|S1|

|S1|
∑

i=1

max
j=1..|S2|

K(Pi, Pj).215

Our manifold kernel SVM classification method can easily be extended216

to the multi-class case with standard one-vs-one or one-vs-all procedures.217
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5. Experimental results218

We evaluated the performance of the proposed covariance based method219

for 3D FER using two different datasets, namely the BU-3DFE (Yin et al.,220

2006) and the Bosphorus (Savran et al., 2008).221

5.1. Dataset description222

• The Binghamton University 3D Facial Expression dataset (BU-3DFE) (Yin223

et al., 2006) contains 3D face scans and associated texture images of224

100 subjects, displaying six prototypical expressions (anger (AN), dis-225

gust (DI), fear (FE), happiness (HA), sadness (SA), and surprise (SU))226

at four different intensity levels. A neutral face scan for each subject227

is also provided in the dataset. The total number of 3D facial scans is228

2500. The resolution of the 3D models is comprised between 20,000 and229

35,000 polygons, depending on the size of the subject’s face. Figure 2230

presents few examples from the BU-3DFE dataset (Yin et al., 2006). In231

our experiments, we have considered the two highest intensity levels of232

the expressions (i.e. level three, and level four). Generally, facial scans233

in level four capture the apex of a facial expression, whereas scans in234

level three capture its onset. We use the same experimental protocol235

of state-of-the-art methods which eliminate the neutral face and only236

classify the six expressive ones.237

• The Bosphorus dataset (Savran et al., 2008) contains 4666 scans of238

105 subjects. The data is composed of a selected subset of action239

units as well as the six basic expressions, and various head poses and240

occlusions (e.g. beard, moustache, glasses). Only 65 subjects have the241

six prototypical facial expressions mentioned earlier (i.e., AN, HA, FE,242

SA, SU, and DI), and one neutral face (NE). Figure 3 presents the243

seven expressive faces for the same subject (6 expressions + 1 neutral244

scan).245

5.2. Method performance246

In order to demonstrate the performance of the proposed method, we247

have first preprocessed the 3D surfaces. Then, we have uniformly sampled248

m = 30 feature points. Around each feature point pi, we extract one patch249

ρi of radius r = 15%, where r is the radius of the cropped face’s bounding250

sphere. For each patch, we extract 6× 6 covariance matrices computed from251
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Table 2: Comparison of classification rates (%) with state-of-the-art method on BU-3DFE
dataset.

Method HA FE DI AN SA SU Overall
Soyel and Demirel (2010) 94.1 90.0 93.9 91.7 90.8 98.9 93.23
Mpiperis et al. (2008) 99.2 97.9 100 83.6 62.4 100 90.51
Berretti et al. (2010) 86.9 63.6 73.6 81.7 64.6 94.8 77.53
Huynh et al. (2016) 100 86.7 95.2 91.3 87.5 95.7 92.73
Azazi et al. (2015) 93.50 73.67 90.83 78.67 83.67 94.50 85.81
Our method 97.75 91.67 94.67 88.00 85.33 98.33 92.62

Table 3: Protocol comparison with state-of-the-art method on BU-3DFE dataset.

Method Modality Landmark Classifier
Soyel and Demirel (2010) 3D mesh 83 manual NN
Mpiperis et al. (2008) 3D mesh Global registration ML
Berretti et al. (2010) 3D depth 27 manual SVM
Huynh et al. (2016) 2D+3D - CNN
Azazi et al. (2015) 2D+3D 20 automatic SVM
Our method 3D mesh 30 automatic SVM

formance compared to Mpiperis et al. (2008)’s approach when dealing with285

the following expressions: (AN, SA). With respect to Huynh et al. (2016)’s286

work, our approach performs better when dealing with FE and SU expres-287

sions. From the reported results, one can also notice that for all the methods,288

the happiness and the surprise expression are the easiest to be recognized,289

whereas the sadness and anger expressions are more challenging.290

Moreover, the comparison with state-of-the-art methods demonstrates291

that our method gives challenging results (92.62% overall recognition rate).292

This performance is achieved due to the discrimination power of the covari-293

ance descriptors and the accurate classification of the manifold kernel SVM.294

To give more insight about the efficiency of our proposed method and295

the confused expressions, we presented in Table 4 a comparison between the296

items of our confusion matrix with those of Huynh et al. (2016). From this297

table, we can see that AN and SA expressions are the more confusing with298

each other, which is similar to the finding of Huynh et al. (2016) and Azazi299

et al. (2015)’s methods. Our method on the other hand has successfully300

distinguished between FE and SU expressions compared to Huynh et al.301

(2016)’s method which easily confused to classify FE expression into SU.302
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Table 4: Confusing matrix of our proposed method (left items) compared to Huynh et al.
(2016)’s method (right items) on BU-3DFE dataset: Happiness (HA), Fear (FE), Disgust
(DI), Anger (AN), Sadness (SA), Surprise (SU).

Expression HA FE DI AN SA SU
HA 97.75 / 100 0.75 / 0 0 / 0 0 / 0 0 / 0 1.5 / 0
FE 4.7 / 0 91.67 / 86.7 3.63 / 0 0 / 0 0 / 0 0 / 13.3
DI 2.56 / 0 2.77 / 4.8 94.67 / 95.2 0 / 0 0 / 0 0 / 0
AN 0 / 0 0 / 4.4 1.5 / 0 88.00 / 91.3 10.5 / 4.3 0 / 0
SA 0 / 0 0 / 0 2.41 / 0 7.66 / 12.5 85.33 / 87.5 4.6 / 0
SU 0 / 0 0 / 0 0.75 / 4.3 0.92 / 0 0 / 0 98.33 / 95.7

According to the above comparisons with state-of-the-art methods, we303

can clearly see that our method performance is steadier over the six expres-304

sions. This strengthens our first claim about the robustness of covariance305

representation with respect to intra-class facial expressions variabilities as306

well as its efficiency in capturing inter-class ones.307

5.2.2. Experimental results on Bosphorus dataset308

We further evaluated our proposed method on Bosphorus dataset. To309

this end, we followed the same 10 fold-cross validation protocol used by Azazi310

et al. (2015). Results are given in Table 5. From this table, we can see that311

happiness and surprise expressions have the best recognition rate, whereas,312

sadness and fear expressions are more challenging. This behavior is similar313

to that observed on BU-3DFE.314

Table 5: Confusing matrix of facial expression recognition (%) on Bosphorus dataset:
Happiness (HA), Fear (FE), Disgust (DI), Anger (AN), Sadness (SA), Surprise (SU),
Neutral (NE).

Expression HA FE DI AN SA SU NE
HA 93.00 2.50 4.50 0 0 0 0
FE 5.00 81.00 1.00 0 3.50 9.50 0
DI 3.25 3.75 85.25 0 1.75 0 6.00
AN 0 0 7.25 86.25 3.50 0 3.00
SA 0 0 9.25 0 79.75 1.50 9.50
SU 1.50 8.00 0 0 0 90.50 0
NE 0 0 0 10.75 1.75 0 87.50

Table 6 presents a comparison of our recognition performance with state-315

of-the-art methods where the best performance items are presented in bold.316
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We can clearly see that our method gives the highest recognition performance317

(86.17%) followed by Azazi et al. (2015) with 84.10%. Chun et al. (2013)318

which used depth images and 2D texture images, obtained 76.98%. Note319

that in Chun et al. (2013)’s method, landmarks were located manually (see320

Table 7). Wang et al. (2013) used curvature based descriptors with LBP,321

and achieved 76.56%. Vretos et al. (2011) achieved 60.53% using Zernike322

moments.323

Our proposed method achieves the highest classification performance324

compared to the other state-of-the-art methods when dealing with AN, SA325

and NE expressions. Furthermore, compared to Azazi et al. (2015), our pro-326

posed method gives better performance on AN, SA, SU and NE expressions.327

Our method also gives better performance compared to Wang et al. (2013)’s328

approach when dealing with HA, FE, DI, AN, and SA expressions. Note329

that Wang et al. (2013) and Vretos et al. (2011) didn’t use Neutral expres-330

sion (See table 7). Finally, compared to Vretos et al. (2011)’s method, our331

method achieves better recognition performance over the six prototypical332

expressions.333

Table 6: Comparison of classification rates (%) with state-of-the-art method on Bosphorus
dataset.

Method HA FE DI AN SA SU NE Overall
Azazi et al. (2015) 97.50 86.25 90.00 82.50 67.50 83.75 81.25 84.10
Chun et al. (2013) - - - - - - - 76.98
Wang et al. (2013) 92.50 62.80 70.60 63.50 74.50 95.60 - 76.56
Vretos et al. (2011) 92.30 43.10 58.50 70.80 50.80 47.70 - 60.53
Our method 93.00 81.00 85.25 86.25 79.75 90.50 87.50 86.17

Table 7: Protocol comparison with state-of-the-art method on Bosphorus dataset.

Method Modality Landmark Expressions Classifier
Azazi et al. (2015) 2D+3D automatic 7 SVM with EPE
Chun et al. (2013) 2D+3D manual 6 SVM+NN
Wang et al. (2013) 3D automatic 6 SVM
Vretos et al. (2011) 2D+3D automatic 6 SVM
Our method 3D mesh automatic 7 SVM

To further study the efficiency of our method, we present in Table 8 a334

comparison between items of our confusion matrix with those of the best335

state-of-the-art performed method in Table 6 (i.e. Azazi et al. (2015)). This336
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Table 8: Confusing matrix of our proposed method (left items) compared to Azazi et al.
(2015)’s method (right items) on Bosphorus dataset: Happiness (HA), Fear (FE), Disgust
(DI), Anger (AN), Sadness (SA), Surprise (SU), Neutral (NE).

Expression HA FE DI AN SA SU NE
HA 93.00 / 97.50 2.50 / 0 4.50 / 2.50 0 / 0 0 / 0 0 / 0 0 / 0
FE 5.00 / 1.25 81.00 / 86.25 1.00 / 1.25 0 / 1.25 3.50 / 0 9.50 / 10.00 0 / 0
DI 3.25 / 3.75 3.75 / 1.25 85.25 / 90.00 0 / 2.50 1.75 / 0 0 / 0 6.00 / 2.50
AN 0 / 0 0 /1.25 7.25 / 5.00 86.25 / 82.50 3.50 / 2.50 0 / 1.25 3.00 / 7.50
SA 0 / 0 0 / 0 9.25 / 11.25 0 / 5.00 79.75 / 67.50 1.50 / 1.25 9.50 / 15.00
SU 1.50 / 0 8.00 / 13.75 0 / 2.50 0 / 0 0 / 0 90.50 / 83.75 0 / 0
NE 0 / 0 0 / 2.50 0 / 3.75 10.75 / 10.00 1.75 / 1.25 0 / 1.25 87.50 / 81.25

comparison shows that both methods confused in recognizing NE and AN337

expressions with each other, as well as FE and SU expressions. SA expression338

on the other hand is confused with DI and NE expressions. Although both339

methods have quite similar confused expressions, our method has lower error340

compared to Azazi et al. (2015)’s method.341

5.3. System evaluation342

In this section, evaluate the performance of the proposed method with343

respect to the main parameters of the proposed approach when dealing with344

BU-3DFE and Bosphorus datasets. We study the effect of the number of345

sampled points as well as the effect of the patch size, and the position of the346

sampled points on the classification performance. In the first experiment, we347

set the patch radius r = 15% of the cropped face’s bounding sphere and we348

vary the number of sample points m between 10 to 40. The reported results349

in Figure 4 show that the performance over all faces becomes stable when350

the number of sample points is larger than 30. This is predictable since small351

number of points will result in a coarse representation of the 3D face.352

We also analyzed how the classification performance of the proposed353

method varies with respect to the patch radius r . For this end, we set354

the number of sample points m = 30, and vary the patch radius between355

10% to 25% of the total radius of the cropped faces bounding sphere. Please356

note that in this setting, the patches may overlap. Figure 5 shows that the357

performance remains stable when r varies between 15% and 20%. The per-358

formance starts to drop when choosing values outside this interval. Note359

that, similar to all local descriptor, this behavior was predictable since very360

small patches do not capture sufficient geometric properties of the shapes.361

Large patches on the other hand capture only coarse features, which may not362

be sufficiently discriminative.363
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Figure 6: Effect of the position of the sampled points on the classification performance of
the proposed method on BU-3DFE dataset.
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Furthermore, we also study how the classification performance varies with364

respect to the position of the m uniformly sampled points. For this end, we365

apply a uniform sampling using k-means (as described in Section 1.2), for366

seven times. We hence obtain seven different distributions of feature points.367

In this experiment, we set the number of sampled pointsm=30, and the patch368

radius r = 15%. From Figure 6, we can see that the classification performance369

is almost stable with respect to different positions of the sampled points.370

6. Conclusion371

In this paper, we proposed a 3D facial expression recognition method372

based on local covariance descriptors. Covariance descriptors allow the com-373

bination of different types of features, their description power, in turn, is very374

interesting for FER where expressions exhibit large intra-class variability. In375

our method, we represented a facial surface by an unordered set of covari-376

ance descriptors and used a kernel-on-sets approach for FER. We first used a377

Gaussian kernel based mapping from which a global kernel was built. A ker-378

nel SVM classifier is then trained using the global kernel for FER. Reported379

results on BU-3DFE and Bosphorus datasets demonstrates the efficiency of380

the proposed method in classifying 3D facial expressions independently from381

the face identity. The results also demonstrate its superiority compared to382

state-of- the-art methods. Since 3D data provide naturally more information383
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on the geometric proprieties of the facial shape, 3D FER methods are prefer-384

able than their 2D counterpart, especially because of their invariance against385

illumination changes. In the other hand, our covariance based method is386

generic. The covariance matrices can be computed from different type of fea-387

tures including 2D ones and its performance depends on the used features.388
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