
Facial Expression Recognition with Occlusions
Based on Geometric Representation

Jadisha Y. Ramı́rez Cornejo1, Helio Pedrini1(B),
and Francisco Flórez-Revuelta2
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Abstract. In recent years, emotion recognition based on facial expres-
sions has received increasing attention by the scientific community in sev-
eral knowledge domains, such as emotional analysis, pattern recognition,
behavior prediction, interpersonal relations, human-computer interac-
tions, among others. This work describes an emotion recognition system
based on facial expressions robust to occlusions. Initially, the occluded
facial expression to be recognized is reconstructed through Robust Prin-
cipal Component Analysis (RPCA). Then, a fiducial point detection is
performed to extract facial expression features, represented by Gabor
wavelets and geometric features. The feature vector space is reduced
using Principal Component Analysis (PCA) and Linear Discriminant
Analysis (LDA). Finally, K-nearest neighbor algorithm (K-NN) and Sup-
port Vector Machine (SVM) classifiers are used to recognize the expres-
sions. Three public data sets are used to evaluate our results. The geo-
metric representation achieved high accuracy rates for occluded and non-
occluded faces compared to approaches available in the literature.

Keywords: Facial expression · Emotion recognition · Occlusion · Fidu-
cial landmarks

1 Introduction

In recent years, human emotion has been studied in various knowledge fields.
Emotion is a physiological reaction or subjective experience of human beings,
which can be expressed as facial expressions, body movement, voice intonation,
cardiac rhythm, among other forms [13]. However, facial expressions are a uni-
versal and non-verbal communication mode that shows emotions in all human
beings, which allow to communicate emotional information in an easier, simple
and natural way. A facial expression consists of one or more facial muscula-
ture movements, which is functionally the same for adults and newborns. Facial
expressions are independent on culture, gender and age. Furthermore, there is
strong evidence of universal facial expressions for seven emotions: anger, con-
tempt, disgust, fear, happiness, sadness and surprise [3].
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Research has recently been conducted to develop robust devices that can
help to understand emotions and moods of human beings. Furthermore, investi-
gations are carried out to apply these devices in the development of automated
tools for behavioral research, airport security, video surveillance systems, aggres-
sion detector for CCTV, on-board emotion detector for drivers. Therefore, facial
expression recognition plays an important role for affective computing research.

Facial expression recognition can be categorized into two major approaches:
frame-based and sequence-based. The former recognizes facial expressions from
a single image frame, whereas the latter is based on recognition over an image
sequence, taking into account temporal information [13], such as skin color
changes, facial muscle movement, head movement, among other factors.

Automatic facial expression recognition systems usually involve three main
stages: facial detection, facial expression feature extraction and representation,
and expression recognition. A persistent problem on developing facial expression
recognition systems is that most of them are based on image collections that do
not reflect real and natural scenes. Besides, the majority of them do not deal
with occlusions caused by sunglasses, hats, scarves, beard, etc. The omission of
these factors during the training stage could affect facial expression recognition
accuracy.

In this paper, we propose a novel and effective methodology for facial expres-
sion recognition robust to occlusions. The approach is composed of five stages.
The first one consists on performing the occluded facial expression reconstruc-
tion using the Dual Algorithm, which is based on RPCA principles [4]. The
second step resides on detecting the facial fiducial points automatically. The
third phase consists on extracting two types of features: Gabor wavelets and
geometric representations. The next step performs a feature reduction through
PCA and LDA. The latter phase aims to recognize occluded facial expressions
using K-NN and SVM classifiers.

Our approach achieved high recognition accuracy rates for occluded and non-
occluded images on three data sets, using a geometric representation. The results
obtained with the proposed method were compared against other approaches
available in the literature. A Gabor representation proposed showed to work
better with non-occluded faces. Furthermore, the proposed feature extraction
methods did not demand high computational resources.

The remainder of the paper is organized as follows. Section 2 presents the
methodology proposed in this work, describing the preprocessing, the facial
expression reconstruction, the facial feature extraction and the feature reduction
stage. Section 3 describes and discusses the experiments and results. Section 4
concludes the paper with final remarks and directions for future work.

2 Methodology

The proposed methodology for facial expression recognition with occlusions is
composed of five main steps: preprocessing, facial expression reconstruction,
facial feature extraction, feature reduction and classification. These stages are
described as follows.
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The image preprocessing stage is crucial to the expression recognition task,
whose main purpose is to obtain occluded facial expression images with aligned
faces, uniform size and shape, and randomized occluded facial regions. This pre-
processing procedure consists in the following seven steps: (1) automatic detec-
tion of fiducial points through Chehra Face and Eyes Tracking Software [2]; (2)
extraction of eye coordinate features; (3) rotation of the images to align the eye
coordinates; (4) scaling of the images proportionally to the minimum distance d
between the eyes; (5) cropping of the face region using an appropriate bounding
rectangle; (6) conversion of the color images to gray-scale; (7) addition of ran-
domized black rectangles to occlude facial regions, including left eye, right eye,
two eyes, bottom left side of the face, bottom right side of the face or bottom
side of the face, as illustrated in Figure 1.

Fig. 1. Cropped images with occluded facial regions from the MUG data set.

PCA is widely used as a tool for reducing high-dimensional feature subspaces.
However, PCA does not work well with grossly corrupted observations, such as
variations of facial expressions, occluded faces, image noise, illumination prob-
lems, etc. Instead, RPCA [4] performs robustly with missing data and outliers.
RPCA is an extension of the classical PCA procedure and it has been shown to
perform better, among other approaches, for the reconstruction of occluded facial
expressions [6] and to contribute in achieving better facial expression recognition
accuracy [10].

Several experiments conducted over the training set demonstrated the RPCA
algorithm to be effective for facial expression reconstruction using 150 iterations
and a parameter regularization λ = 1√

max (m,n)
[5], where m and n are the size

of matrix D.
After performing the facial expression reconstruction, we project all samples

of the testing set onto the space created by RPCA. Thereafter, we fill all occluded
facial regions set from the reconstructed faces for both training and testing
sets. Hence, we perform the contrast-limited adaptive histogram equalization
(CLAHE) over the reconstructed facial regions to enhance the image contrast to
facilitate of facial fiducial points detection. Figure 2 shows the process.

Two types of facial features, Gabor wavelet and geometric representation,
are extracted for facial expression recognition.

After performing experiments with different sets of Gabor wavelet kernels,
we decide to use 20 Gabor wavelet kernels at five scales (v = {0, 1, 2, 3, 4}) and
four orientations (μ = {1, 2, 3, 4}), with σ = kmax = π, and f =

√
2. This

combination provides a proper recognition accuracy rate.
This set of kernels is used for convolving a facial image region of 15×15 pixels

around the location of 22 facial fiducial points: six points for the corners and
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(a) (b) (c) (d) (e)

Fig. 2. (a) Cropped images without occlusions from the Cohn-Kanade database, (b)
faces with occluded regions; (c) reconstructed faces; (d) filling the occluded facial
regions from (c); (e) facial fiducial points detected.

middle of the eyebrows; eight points for the corners and middle of the borders
of the eyes; four points for the superior and inferior side of the nose; and four
points for the left, right, superior and inferior border of the mouth. Figure 3(a)
shows the location of these 22 points.

Each convolved image region is divided into 9 (3×3) equivalent blocks of 5×5
pixels, as shown in Figure 3(d), and two measures are calculated from each one:
mean and standard deviation [14]. The Gabor wavelet representation is basically
the concatenation of the two measures calculated from each block of 5×5 pixels
for all the regions around the location of the selected fiducial points, resulting
in a feature vector of length 2×9×20×22=7920. Figure 3 illustrates the process.

As suggested in [11], the geometric representation uses eight 2D facial fiducial
points: two points for the middle of the eyebrows (1-2); two points for eye’s inner
corner (3-4); and four points for the left, right, superior and inferior border of
the mouth (5-8). Figure 4 shows the localization of the eight facial points.

We calculated the mean μ and standard deviation σ of the set of facial
selected points per each class. Each x- and y-coordinates are projected to a [0, 1]

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

Fig. 3. (a) 22 facial fiducial points of a cropped image from the JAFFE database, (b)
the 20 convolution results of Gabor wavelets of the region around the location of the
outer corner of the eyebrow; (c) the convolution results at orientation µ and scale v;
(d) the convolution result is divided into 9 sub-blocks.



Facial Expression Recognition with Occlusions 267

(a)

d5d3
d6

1 2

3 4

5

8

6 7

d2

d1

d4

(b)

Fig. 4. (a) Eight 2D facial fiducial points detected of a cropped image from the Cohn-
Kanade database; (b) the six distances calculated from the eight selected facial points.
Adapted from [11].

interval, considering the upper left corner as the origin. These points form a fea-
ture vector of length 16. This feature vector is normalized as f ′

l = [(fi−μi)/2σi]+1
2 ,

where f ′
l is the normalization form of fi, the ith (i = 1, . . . , 16) feature across

the training data [11].
The geometric representation helps to describe the position of the facial

points to each other. Thereby, six distances are calculated from the selected
points, as shown in Figure 4 (b). These distances are normalized according to
face width. For further consideration, the two distances d1 and d2 are the average
values of the mirrored distances of each side of the face. The two distances d5
and d6 are calculated using the intersection point of the line between the points
of the superior and inferior borders of the mouth, and the line between the left
and right corner of the mouth. Hence, the set of selected points and distances
calculated form a vector of 22 features.

Two approaches for feature reduction, i.e., PCA and LDA, are used sequen-
tially. Thereby, we apply this procedure individually for the texture feature vec-
tor and the geometric feature vector. Hence, we used SVM and KNN classifica-
tion techniques for comparing the recognition rates.

3 Experimental Results

The proposed methodology has been tested on three facial expression data sets:
the Cohn-Kanade (CK+) [8] data set, the Japanese Female Facial Expression
(JAFFE) [9] data set and the MUG Facial Expression data set [1].

The CK data set is available in two versions, such that we used the second one
(CK+) that contains 593 sequential images of posed and non-posed expressions
from 123 subjects, labeled as one of seven facial expressions, i.e., anger, contempt,
disgust, fear, happy, sadness and surprise. Each image sequence incorporates the
onset with a neutral facial expression to peak a facial expression. The CK+ data
set also includes some metadata as 68 facial landmarks [8].

The JAFFE data set contains 213 images of seven facial expressions, i.e.,
anger, disgust, fear, happiness, neutral, sadness and surprise, performed by 10
Japanese female models [9].
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The MUG data set consists of two parts, where we used the static image col-
lection of 86 subjects performing seven facial expressions as the JAFFE database,
without occlusions. The MUG data set also contains 80 facial points [1].

Initially, for each data set, we randomly choose 80% of samples of each class
for the training set and the remaining 20% for the testing set. Then, 50% of the
training set samples of each class were occluded and a similar procedure was
applied to the testing set. We set 20 different randomized collections of occluded
and non-occluded data to perform experiments for each of the three data sets.

From these image collections, we performed experiments using Gabor
wavelet and geometric representation following four methods: PCA+K-NN,
PCA+LDA+K-NN, PCA+SVM and PCA+LDA+SVM. The results are shown
in Tables 1 and 2, whose values represent the average facial expression recogni-
tion accuracy rate from performing 20 experiments with different collections. It
is relevant to clarify that RPCA is always applied independently of the feature
reduction and classification methods applied.

Table 1. Average accuracy, in percentage, for non-occluded facial images using Gabor
wavelet and geometric representation.

Method Gabor Representation Geometric Representation

CK+ JAFFE MUG CK+ JAFFE MUG

PCA + K-NN 59.71 86.20 79.06 36.20 43.93 61.16
PCA + LDA + K-NN 92.76 95.36 91.84 99.78 99.17 99.94
PCA + SVM 86.12 93.21 85.95 95.75 93.34 93.80
PCA + LDA + SVM 94.03 95.12 91.33 97.47 96.91 99.24

Table 2. Average accuracy, in percentage, for occluded facial images using Gabor
wavelet and geometric representation.

Method Gabor Representation Geometric Representation

CK+ JAFFE MUG CK+ JAFFE MUG

PCA + K-NN 50.17 48.58 55.76 36.65 32.62 43.49
PCA + LDA + K-NN 84.63 82.51 81.21 98.73 98.21 99.43
PCA + SVM 76.87 73.48 67.76 95.30 88.69 92.92
PCA + LDA + SVM 85.68 82.86 81.02 97.47 95.95 98.67

From our experiments, it is possible to see that the PCA+LDA approach
achieves better recognition accuracy than just using PCA. Also, we can observe
that the geometric representation reaches higher facial expression recognition
accuracy among occluded and non-occluded image collections compared with
Gabor wavelet representation. From Tables 1 and 2, we can notice that a recog-
nition accuracy of non-occluded collections is much better than among occluded
image collections using a Gabor wavelet representation due to the difficulty on
recovering the occlusion images. We can also see that an accuracy rate of non-
occluded collections is slightly better than among occluded image collections
using a geometric representation.
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We compared our methods to others available in the literature that apply ran-
dom partial occlusions over the faces for both training and testing phases. Table 3
summarizes the best results achieved by our method on each data set, as well
as a comparison against other state-of-the-art approaches available in the litera-
ture. There are few similar works that consider occlusions on the training stage,
then it can be seen that the proposed method - Geometric+PCA+LDA+K-NN
- obtains the best results for CK+ and JAFFE datasets, not only for occluded
images, even for non-occluded images. Table 3 is sorted in descending order by
occluded recognition accuracy rate.

Table 3. Accuracy rates, in percentage, for non-occluded images and for comparable
methods that work with random partial occlusions on the faces in both training and
testing phases.

Data Set Approach Strategy Non-Occlusion Occlusion

CK+
Ours Geometric+PCA+LDA+K-NN 99.78 98.73
Ours Gabor+PCA+LDA+SVM 94.03 85.68
Liu et al. [7] Maximum Likelihood Estima-

tion Sparse Representation
94.29 85.24

JAFFE
Ours Geometric+PCA+LDA+K-NN 99.17 98.21
Liu et al. [7] Maximum Likelihood Estima-

tion Sparse Representation
93.42 86.73

Ours Gabor+PCA+LDA+SVM 95.12 82.86
Zhang et al. [12] Gabor template and SVM 81.20 48.80

MUG
Ours Geometric+PCA+LDA+K-NN 99.94 99.43
Ours Gabor+PCA+LDA+K-NN 91.84 81.21

4 Conclusions and Future Work

Using RPCA to perform occluded facial expression reconstruction task allowed to
obtain a better accuracy for facial fiducial point detection. Experimental results
have shown that geometric representation for facial expression recognition can
achieve robustness to occluded and non-occluded faces. A normalized geometric
representation for facial expression recognition has proven to be independent on
gender, race and age. Furthermore, it has also been shown that discriminant
feature selection techniques, such as PCA and LDA, can contribute to increase
recognition accuracy significantly.

Despite the fact that the Gabor wavelet representation did not provide a
high accuracy for occluded facial expression recognition, the achieved accuracy
is superior and competitive compared to other similar works. Also, an accuracy
rate achieved for facial expression recognition without occlusions is competitive
as well as other similar works. Furthermore, Gabor wavelet representation does
not demand high computational resources to generate a feature vector, because
of the convolution of small regions around few facial fiducial points.
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In order to achieve better accuracy using a Gabor wavelet representation, new
facial fiducial point set and facial reconstruction algorithm improvements will
be explored. Also, there is a need to research the development of an automatic
occlusion detector for facial expression recognition systems robust to occlusions.
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