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Abstract: Non verbal communication has its own benefits and importance from the perspective of many
applications. Facial expressions are one of the significant forms of non verbal communication amongst other
major non verbal communication indicators like brain signals, body posture, gesture and actions etc. used
prominently to convey the emotional state/ mood of a person. Emotion recognition serve wide range of
applications like healthcare, patient pain monitoring, driver alert system, cognitive assessment, e- learning,
animation etc. Emotion classifier is modeled around the features fed to the model in the form of feature vector
i.e. set of prominent features/attributes. The correctness in extracting the facial features has tremendous impact
on classifier accuracy. The paper presents the study of various popular and unigue techniques used so far for
facial feature extraction and emotion classification. Various techniques of facial expressions analysis are
compared over the performance parameters like recognition accuracy, number of emotions addressed, Database
used for experimentation, classifier used etc.
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I. INTRODUCTION

Emotions are integral part of human personality. Scientific findings have established universality of
human emotions across the globe. Scientists have established that emotions can play pivotal role in rational
intelligence (memory, decision making etc) and social intelligence (Communication, adaption etc). Study of
emotions/moods of any person can be interlinked with learning capabilities, behavioral aspect of that person [1].

Emotion recognition can be categorized in verbal and non verbal category. Verbal category uses voice
as input and non verbal category can use facial expressions, EEG signals, Gait, gestures and body posture etc. as
input. Depending upon the application requirement single modality of input can be used or expanded to bi-
modal, multi- modal inputs [2]-[3].

The study undertaken is focused to facial expressions as input. The scope of the study is limited to
symmetric facial expressions whereas asymmetric facial expressions [4] are not part of the study. Extraction of
facial features from facial expressions is the most crucial step towards achieving emotion recognition. The
extracted features can be local [5]-[6], global [7]-[8] or hybrid in nature[9].

Researchers have experimented many methods based on local features as well as global features. Both
local and global features have their own merits and combination of both local and global features which is called
hybrid features possesses merits of both local and global features. Some of the representative methods are
discussed in details in further section of the paper.

Rest of the paper is developed under various sections. Section 11 discusses the related work done in the
area of facial features extraction for emotion classification. Section Il discusses basics of Facial features
extraction. Section IV provides the details of some of the facial features extraction techniques. Section V
provides analysis of facial features extraction techniques and emotion recognition. Conclusion is part of section
V1.

Il. RELATED WORK
This section discusses the work done so far by various researchers in the field of emotion recognition
through facial expressions. Propositions of some of the authors is presented in this section.
Hong-Bo et al. [10] proposed a facial expression recognition system based on a novel local Gabor
filter bank. The method uses a two-stage feature compression method PCA plus LDA to select and compress the
Gabor feature and minimum distance classifier to recognize facial expressions. The method is effective for both
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dimension reduction and good recognition performance in comparison with traditional entire Gabor filter bank.
The best average recognition rate achieves 97.33% for JAFFE facial expression database.

Shishir Bashyal et al. [11] have proposed an efficient approach for facial expression recognition using
Gabor filters as feature extractor and linear vector quantization as classifier. JAFFE database is used for
experimentation and obtained accuracy is more than 90%.

Xuding Xie et al. [12] have proposed SMOM - Spatial maximum occurrence model based on statistical
parameters and used ESTM — elastic shape based texture matching algorithm for shape and texture based facial
expression recognition.

Ligang Zhang et al. [13] take the basis as variety in representing features of face as static, dynamic,
point based geometric or region based appearance features. Author focuses on static images and experimented
for distance features. These features are extracted using patch based Gabor Filters. The method provides good
results.

Ahmad Poursaberi et al. [14] have proposed a new method which utilizes both texture and geometric
information of facial fiducial points. Gauss Laguerre transform is used for extraction of texture information for
various facial expressions.

Allaert, B. et al.[15] have experimented on non frontal images. Authors have proposed experiments to
quantify the impact of free head movements using representative expression recognition approaches (LBP, LBP-
TOP, HOOF).Authors have proposed an experimental protocol (SNaP-2DFe) that records facial expressions
under controlled light. Two cameras are used for capturing facial expressions, one attached on the head and one
placed in front of the subject.

This study reveals various approaches followed by researchers for emotion recognition. Detailed
analysis is carried out in further sections of the paper.

I11. BASICS OF FACIAL FEATURES EXTRACTION
Facial expressions are one of the most popularly used mode of emotion recognition. Extraction of facial
features from face is crucial step towards designing of emotion classifier. This section discusses the categories
of facial expressions, steps involved in facial features extraction.

3.1. Categories of Facial Expressions

Universality of six basic emotions and neutral mood are acknowledged and accepted worldwide. So the
facial expressions are categorized in seven basic classes. The emotions are labeled as happy, fear, anger,
surprise, disgust sad and neutral. Sample images from JAFFE-Japanese Female Face Expression database [16]
for all seven classes are as shown in Fig 1.

Sad

Fig. 1: JAFFE database expressions [16]

3.2. Steps of Facial Feature Extraction

Automatic recognition of facial expressions from static face image is quite complex in view of the
challenges like variations in orientation of face, occlusion, illumination variation, age etc, The basic steps
involved in facial features extraction are as displayed in Fig. 2. The extracted features are further fed to
classifier for facial expressions/emotion classification.

Pre Facial Features
Input ) Face Detection ) Feature
Processing Extractiaon

!

Irnage “ector

Fig. 2: Basic steps in facial Features Extraction [17]
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Pre processing is the intermediate step which is used to eliminate noise effect and adjust the contrast
and brightness of the image by using appropriate filters. Pre processing can also deal with pose and occlusion
etc. prior to face detection.

The important step in this process is face detection and one of the popular methods used for this is
Color Based Segmentation. Color based segmentation method works on the principle that color of the skin is
not white, green, red, or any unnatural color of that nature. While different ethnic groups have different levels of
melanin and pigmentation, the range of colors that human facial skin takes on is clearly a subspace of the total
color space. This face -color correlations helps in limiting face search/detection in input image. In pursuing this
goal, various color spaces can be explored. Three color spaces which are commonly used are RGB, HSV and
YCbCr space [17].

While RGB may be the most commonly used basis for color description, it has the negative aspect that
each of the coordinates (red, green, and blue) is subject to luminance effects from the lighting intensity of the
environment, an aspect which does not necessarily provide relevant information about whether a particular
image patch is skin or not skin. The range for blue color is suggested as 0:836G —14 to 0:836G + 44 . If the
value for B falls in this range then the image patch is skin otherwise not skin.

The HSV color space is much more intuitive and provides color information in a manner more in line
to humans perception of colors and the way artists typically mix colors. Hue describes the basic pure color of
the image, saturation gives the manner by which this pure color (hue) is diluted by white light and value
provides an achromatic notion of the intensity of the color. H-hue and S-saturation provide useful
discriminating information regarding skin. H values tend to occupy very narrow ranges towards both the bottom
and top of its possible values. This is the most noticeable trend and is used to derive the range for H as 19-240.
If the H value falls in this range then it is considered as not skin otherwise skin.

YCbCr color space is analyzed to remove areas that are likely not to be skin. After experimenting with
various thresholds, researchers have stated that the best results are found by using the range for Cb between 102
to 128 for skin and if values do not fall in this range then the image patch is considered as not skin.

The approaches used for facial features extraction and facial expressions recognition are discussed in
following subsection.

3.3. Approaches of Facial Expression Recognition

Most of the existing research work and literature on facial expression recognition and analysis classify
the numerous methodologies used for static images as well as image sequence roughly into three categories: 1)
Appearance based method, represented as Eigen faces, Fisher Faces and other machine learning techniques such
as neural networks and Support Vector machine etc. 2) Model Based methods represented as graph matching,
optical flow based method etc. 3) Hybrid of Appearance based and model based methods, such as AAM —
Active Appearance Model .Appearance based methods which uses mostly global features are superior to model
based methods, the one which uses local features, in terms of system complexity and performance
reproducibility [18] - [19].

Facial expressions extraction algorithms are classified in two categories in terms of the approach
adapted by them: Holistic approach and local approach. In holistic approach the complete face is considered as
input and then corresponding features of expressions are extracted using PCA - Principal Component Analysis
or Eigen faces, ICA - Independent Component Analysis and LDA - Linear Discriminant Analysis or Fisher
faces, Gabor filters, Wavelet transform etc.. The Local approach divides the face image into certain small blocks
and the feature extraction algorithms are applied on the same. Some of these algorithms are LBP - Local Binary
Pattern, SIFT -Scale Invariant Feature Transformation, LDN-Local Directional Number, HOG-Histogram of
Oriented Gradients etc.

The extracted features are further fed to model the classifier for facial expression classification. Some
of the popularly used classifiers are SVM - Support Vector Machine, NN- Neural Networks and its variants,
kNN - k Nearest Neighbors, random forest, rule based techniques etc.

IV. DETAILS OF FACIAL EXPRESSION RECOGNITION TECHNIQUES
This section reveals the details of some of the facial expressions recognition techniques experimented
by different authors.

4.1. Discrete Wavelet Transform Technique

One of the efficient tool for feature extraction is Discrete Wavelet Transform which allows the image
analysis at multiple resolutions. DWT - Discrete Wavelet Transform inherently uses high pass filter and low
pass filter to give detail of image and approximate image respectively. Approximate image can be further split
into next level of approximation and detail depending upon application [20].
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The process of sub band decomposition is carried out through row and column wise processing with
decimation by 2. Representation of first level decomposition is as shown below in Fig. 3 and steps followed to
implement DWT are revealed through the flow diagram shown in Fig. 4.

M/2 M/2
N/2 LL LH
N/2 HL HH

Fig. 3: First Level Decomposition [20]

Original Cropped Histagram Discrete Wavelet 20-LDA One against
lrnage | andScled | g Equalization | Transformation - Redudion | OnE
Linear 54l

Fig. 4: Flow diagram using DWT [20]

4.2. Gabor Filters and SVM Technique

This technique follows the conventional approach of extracting the facial expressions through Gabor
filters and further classification is done using support vector machine. The technique provides very good
recognition rate and very low FAR- False Acceptance Rate and FRR- False Rejection Rate [21].

4.3. Genetic Algorithms and Neural Network Technique

This technique uses the approach of Genetic Algorithm[22] which plays the important role of
optimization of feature selection with the use of appropriate fitness function and further enhances the
performance of emotion classifier. This technique uses the highly relevant image processing techniques for
identifying facial features under uneven lighting condition. The steps involved are revealed through Fig 5.

Trnage Acquinng ROl and Cropping Feature GenetcAlgorthm Ermotion
Leguisition | Histograrm - the | | Extradion [g] usingellipsefitness [ | Classificdon
Equalization Regions funchion

Fig. 5: Process flow using Genetic Algorithm [22]

The fitness function used is ellipse as shape of eyes and mouth resembles with ellipse. Mouth and eye
region play significant role in emotion recognition. Edge detected eye and Lip regions are as shown in Fig. 6
and Fig. 7. Neural network of configuration 3 x 20 x 3 is used for classification.

Fig 7: Sobel edge deteed Mouth/ip rgion[22]
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4.4, Gabor Filters and Neural Networks Technique

The strong reason to use Gabor filters [23] is due to the biological relevance that the receptive field
profiles of neurons in the primary visual cortex of human being are oriented and have spatial frequencies.
Important visual properties like spatial localization, orientation, selectivity and spatial frequency characteristics
are well exploited by Gabor filters. In this study Gabor filter coefficient based neural network approach is
proposed for face recognition as well as expression recognition. Design and use of fuzzily skewed filter for
noise elimination is one of the key elements of this technique. VVarious methods like EBGM, log-polar and rms
scaling Gabor are experimented to evaluate the performance parameters like correct recognition and correct
rejection.

These Facial feature extraction techniques focus on various performance parameters like Recognition
rate, Recognition accuracy, FRR, FAR etc. The detailed analysis is done in section V of the paper.

V. ANALYSIS OF EMOTION RECOGNITION BASED ON FACIAL FEATURES
Prominent performance parameters which can be used to evaluate the facial features classification
techniques are recognition rate, accuracy, Image size considered, false rejection rate, classification technique,
database used, no. of emotions detected etc.
Details of different techniques experimented by various researchers for facial feature extraction and
emotion classification are as tabulated in Table 1.

TABLE 1: Details of emotion classification methods

Author (Year) | Feature Extraction Accuracy Classification | Database Used No. of
[Ref. Technique (In %) technique Emotions
No./Citation]
Jianzhu Guo Et | CNN - Range of Rate | Neural iCV-MEFED 6 basic
Al. (2018) [24] | Convolutional of Network data set classes and
Neural Network misclassificatio 45+
nis 0.37-0.68 dominant
and
complement
ary classes
Chao Qi et al. LBP - Local Binary 84% SVM - Support | CK+
(2018) [25] Pattern Vector 6
88% Machine
Softmax
Bing-Fei Wu et | Deep Convolutional 87.78% Adaptive (CK+),
al.(2018) [26] Neural Network 96.27% Feature Radboud Faces
mapping database, 7
90.57% Amsterdam
dynamic facial
expression set
Biao Yang et WMDNN - 97% Neural CK+
al. (2017)[27] weighted mixture 92.2% Networks JAFFE 6
deep neural network 92.3% Oulu-CASIA
Yuanyuan Taylor feature 91.86% CNN- JAFFE and
Ding et pattern (TFP) based Convolutional | Cohn_Kanade 6
al.(2017) [28] on the LBP Neural data sets
Network
Kamlesh MLBP- Modified 94.66% mGA - Micro CK+
Mistry et al. Local Binary (Ensemble Genetic 7
(2017) [29] Pattern SVM Algorithms
90.70% (SVM)
MD. Zia Uddin | LDPP - Local 92.50% DBN - Deep Locally created
et al. (2017) directional position Belief Network | Video database 6
[30] pattern
S. L. Happy et | Facial patch based 94.09% SVM CK+ Database
al. (2015)[7] local features 96.66% JAFFE 6
Database
Kingsley SVD - Singular 90% HMM - Hidden | CMU-PIE 6
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Oryina Akputu | Value Markov Model
et al. (2013) Decomposition
[31]
Wenfei Gu et Radial encoding of 89.67% Hierarchical JAFFE CK
al. (2012) [19] | local Gabor 91.51% Classifier 7
Features
Usman Tariq et | HG(Hierarchical 80% SVM GEMEP -
al. (2012) Gaussianianization - Geneva
[32] Patch based Multimodal
SIFT(Scale Emotion
Invariant feature Portrayals - 6
transform) and Facial
MF(Motion Recognition
Features) - Point and Analysis
Based database
Ligang Zhang | Patch based Gabor 92.93 % (Linear | SVM JAFFE CK
et al (2011) Features Kernel) 6
[13] 94.48% (RBF
Kernel)
Emily Mower | Geometry based 68.2% SVM (RBF IEMOCAP
etal. (2011) [2] | facial points Kernel) 4
Seyed Mehdi Zernike moments 92.8% NB - Naive JAFFE
Lajevardi et al. | (order 10) 73.2% Base Classifier | Database CK+ 7
(2010) [33] Database
Filareti Geometry based 75.42% Rule Based Real Time
Tsalakanidou features Classification Images 5
et al (2010)
[34]
R. Ramnathan | 2D Gabor Filters 83.3% SVM JAFFE
et al. (2009) 7
[21]
M. Geometry based 87% GA - Genetic SEA - South
Karthigayam et | Features Algorithmand | East Asian 7
al.(2008) [22] (15 facial points and NN-Neural Face Database
27 Action Units) Network
Frank Y. Shin | DWT - Discrete 94.13% SVM JAFFE
et al. (2008) Wavelet Transform (RBF Kernel) Database 7
[20]
Matthew S. AAM-Active 82.48% ANN FEEDTUM -
Ratliff et al. Appreance Model Locally created 7
(2008)[18] database
Shishir Bashyal | Gabor Wavelets 87.51% LVQ-Linear JAFFE
et al. (2007) Vector 7
[11] Quantization
Al-Amin rms scaling Gabor 84.50% MLP- CMU-PIE
Bhuiyan et al. Multilayer
(2007) [23] Perceptron 6
(Back
propagation)
Zhengyou Geometry based 73.3% Multilayer JAFFE
Zhang et al. features Perceptron 6
(1998) [35] Gabor Wavelets 92.2%
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V1. CONCLUSION

Emotion recognition has tremendous potential in application domains like cognitive assessment,
healthcare, clinical practices, e-learning, animation, driver alert systems, interactive Television etc. The study
carried out provides details of various facial feature extraction and classification techniques which can be used
as ready reference by researcher community for further development in this area.

The significant building block of emotion recognition is extraction of facial features. Efficient
implementation of this step helps in achieving reduction in classification time while improving the
classification accuracy. There is a need to select appropriate combination of facial feature extraction technique
and emotion classifier to obtain desired performance parameters in relevance to the application under
consideration.

The papers summarized under this study do not provide much details of algorithms to address
occlusion and pose variation, as most of the authors have dealt with frontal faces. The study can be further
extended for inclusion of algorithms used to address pose variation and occlusion as well as asymmetric facial
features.
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