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Abstract

Facial expressions of a person representing similar emotion are not always
unique. Naturally, the facial features of a subject taken from different
instances of the same emotion have wide variations. In the presence of two
or more facial features, the variation of the attributes together makes the
emotion recognition problem more complicated. This variation is the main
source of uncertainty in the emotion recognition problem, which has been
addressed here in two steps using type-2 fuzzy sets. First a type-2 fuzzy face
space is constructed with the background knowledge of facial features of
different subjects for different emotions. Second, the emotion of an
unknown facial expression is determined based on the consensus of the
measured facial features with the fuzzy face space. Both interval and general
type-2 fuzzy sets (GT2FS) have been used separately to model the fuzzy
face space. The interval type-2 fuzzy set (IT2FS) involves primary
membership functions for m facial features obtained from n-subjects, each
having l-in- stances of facial expressions for a given emotion. The GT2FS in
addition to employing the primary membership functions mentioned above
also involves the secondary memberships for individual primary
membership curve, which has been obtained here by formulating and
solving an optimization problem. The optimization problem here attempts
to minimize the difference between two decoded signals: the first one being
the type-1 defuzzification of the average primary membership functions
obtained from the n-subjects, while the second one refers to the type-2
defuzzified signal for a given primary membership function with secondary
memberships as unknown. The uncertainty management policy adopted
using GT2FS has resulted in a classification accuracy of 98.333% in
comparison to 91.667% obtained by its interval type-2 counterpart. A small
improvement (approximately 2.5%) in classification accuracy by IT2FS has
been attained by pre-processing measurements using the well-known
interval approach.

This thesis presents a fuzzy relational approach to human emotion
recognition from facial expressions and its control. The proposed scheme
uses external stimulus to excite specific emotions in human subjects whose
facial expressions are analysedby segmenting and localizing the individual
frames into regionsof interest. Selected facial features such as eye opening,
mouth opening, and the length of eyebrow constriction are extracted from
the localized regions, fuzzified, and mapped onto an emotion space by
employing Mamdani-type relational models. A scheme for the validation of
the system parameters is also presented. Thispaper also provides a fuzzy
scheme for controlling the transition of emotion dynamics toward a desired
state. Experimental results and computer simulations indicate that the
proposed scheme for emotion recognition and control is simple and robust,
with good accuracy.
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INTRODUCTION & OBJECTIVE

HUMANS often use nonverbal cues such as hand gestures, facial expressions, and
tone of the voice to express feelings in interpersonal communications.
Unfortunately, currently available human—computer interfaces do not take
complete advantage of these valuable communicative media and thusare
unable to provide the full benefits of natural interactionto the users. Human—
computer interactions could significantly be improved if computers could
recognize the emotion of the users from their facial expressions and hand
gestures, andreact in a friendly manner according to the users’ needs and
preferences [4].

The phrase daffective computing [30] is currently gaining popularity in the
literature of human—computer interfaces [35], [46]. The primary role of
affective computing is to monitor the affective states of people engaged in
critical/accident-prone environments to provide assistance in terms of
appropriate alerts to prevent accidents. Li and Ji [25] proposed a probabilistic
framework to dynamically model and recognize the users’ affective states so as
to provide them with corrective assistancein a timely and efficient manner.
Picard et al. [31] stressed thesignificance of human emotions on their affective
psychological states. Rani et al. [32] presented a novel scheme for the fusionof
multiple psychological indices for real-time detection of a specific affective state
(anxiety) of people using fuzzy logic and regression trees, and compared the
relative merits of the two schemes. Among the other interesting applications in
affective computing, the works of Scheirer et al. [35], Conati [7],Kramer et al.
[22], and Rani et al. [32], [33] deserve special mention.

Apart from human—computer interfaces, emotion recognition by computers has
interesting applications in computerized psychological counselling and therapy,
and in the detection of criminal and antisocial motives. The identification of
human emotions from facial expressions by a machine is a complex problem for
the following reasons. First, identification of the exact facial expression from a
blurred facial image is not an easy task. Second, segmentation of a facial image
into regions of interest is difficult, particularly when the regions do not have
significant differences in their imaging attributes. Third, unlikehumans, machines
usually do not have visual perception to mapfacial expressions into emotions.

Very few works on human emotion detection have so far been reported in the
current literature on machine intelligence. Ekman and Friesen [9] proposed a
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scheme for the recognition of facial expressions from the movements of cheek,
chin, and wrinkles. They have reported that there exist many basic movements
of human eyes, eyebrows, and mouth that have direct correlation with facial
expressions. Kobayashi and Hara [18]—

[20] designed a scheme for the recognition of human facial expressions using the
well-known backpropagation neural algorithms [16], [39]-[41]. Their scheme is
capable of recognizing six common facial expressions depicting happiness,
sadness, fear, anger, surprise, and disgust. Among the well-known methods of
determining human emotions, Fourier descriptor [40], template matching [2],
neural network models [11], [34], [40], and fuzzy integral [15] techniques
deserve special mention. Yamada [45] proposed a new method of recognizing
emotionsthrough the classification of visual information. Fernandez Dols et al.
proposed a scheme for decoding emotions from facial expression and content
[12]. Kawakami et al. [16] analysed in detail the scope of emotion modelling
from facial expressions. Busso and Narayanan compared the scope of facial
expressions, speech, and multimodal information in emotion recognition [4].
Cohen et al. [5], [6] considered temporal variations in facial expressions, which
are displayed in live video to recognize emotions. She proposed a new
architecture of hiddenMarkov models to automatically segment and recognize
facialexpressions. Gao et al. [13] presented a methodology for facialexpression
recognition from a single facial image using line- based caricatures. Lanitis et al.
[23] proposed a novel techniquefor the automatic interpretation and coding of
face images using flexible models. Examples of other important works on the
recognition of facial expression for conveying emotions include[3], [8], [10], [24],
[26], [34], [37], [38], and [44].

This thesis provides an alternative scheme for human emotion recognition from
facial images, and its control, using fuzzylogic. Audio visual stimulus is used to
excite the emotions of subjects, and their facial expressions are recorded as
video movie clips. The individual video frames are analysed to segment the facial
images into regions of interest. Fuzzy C-means(FCM) clustering [1] is used for
the segmentation of the facialimages into three important regions containing
mouth, eyes, and eyebrows. Next, a fuzzy reasoning algorithm is invokedto
map fuzzified attributes of the facial expressions into fuzzy emotions. The exact
emotion is extracted from fuzzified emotions by a denormalization procedure
similar to defuzzification(fuzzy decoding). The proposed scheme is both robust
and insensitive to noise because of the nonlinear mapping of imageattributes to
emotions in the fuzzy domain. Experimental results show that the detection

2
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accuracies of emotions for adult male, adult female, and children of 812 years
are as high as 88%, 92%, and 96%, respectively, outperforming the percentage
accuracies of the existing techniques [26], [43]. This work alsoproposes a scheme
for controlling emotion [36] by judiciously selecting appropriate audio visual
stimulus for presentation be-fore the subject. The selection of the audio visual
stimulus is undertaken using fuzzy logic. Experimental results show that the
proposed control scheme has good experimental accuracy and repeatability.

EMOTION recognition is currently gaining importance for its increasing scope of
applications in human—computer interactive systems. Several modalities of
emotion recogni- tion, including facial expression, voice, gesture, and posture
have been studied in the literature. However, irrespective of the modality,
emotion recognition comprises two fundamental steps involving feature
extraction and classification [78]. Fea- ture extraction refers to determining a set
of features/attributes, preferably independent, which together represents a
given emo- tional expression. Classification aims at mapping emotional
features into one of several emotion classes.

Performance of an emotion recognition system greatly de- pends on feature
selection and classifier design. A good clas- sification algorithm sometimes
cannot yield high classification accuracy for poorly selected features. On the
other hand, even using a large set of features, describing an emotion, we oc-
casionally fail to recognize the emotion correctly because of a poor classifier.
Most commonly used techniques for feature selection in the emotion
recognition problem include principal component analysis (PCA) [101],
independent component anal- ysis [102], rough sets [84], [103], Gabor filter [62],
and Fourier descriptors [67]. Among the popularly used techniques for emotion
classification, neural net-based mapping [45], [46], [60], fuzzy relational
approach [56], linear discriminate analysis [60], support vector machine (SVM)
[50], and hidden Markov model [101], [104] need special mention. A brief
overview of the existing research on emotion recognition is given next.

Ekman and Friesen took an early attempt to recognize facial expression from
the movements of cheek, chin, and wrinkles [66]. Their experiments confirmed
the existence of a good correlation between basic movements of the facial
action units [55], [61] and facial expressions [43], [44], {47], [49], [52],[61]-
[64]. Kobayashi and Hara [57]—-[59] designed a scheme for the recognition of
human facial expressions using the well-known back-propagation neural
networks [80], [85]. Their scheme is capable of recognizing six common facial
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expressions depicting happiness, sadness, fear, anger, surprise, and disgust.
Yamada proposed an alternative method of emotion recognition through
classification of visual information [91].

Fernandez-Dols et al. proposed a scheme for decoding emotions from facial
expressions and content [92]. Kawakami et al. [85] designed a method for the
construction of emotion space using neural networks. Busso and Narayanan [93]
analyzed the scope of facial expressions, speech, and multi-modal information
in emotion recognition. Metallinou et al. [113] employed content-sensitive
learning for audio-visual emotion recognition. In [115], Metallinou et al
proposed a novel approach to visual emotion recognition using a compact
representation of face and viseme information. In [116], Metallinou et al.
presented an approach to decision level fusion for handling multi-modal
information in emotion recognition. Lee et al. [117] employed a hierarchical
binary tree for emotion recognition. Mower et al. designed an interesting
scheme about human perception of audio-visual synthetic emotion character in
the presence of conflicting information [118]. Cohen et al. [94] developed a
scheme for emotion recognition from the temporal variations in facial
expressions obtained from the live video sequence of the subjects. They used
hidden Markov model to automatically segment and recognize facial expression.
Gao et al. presented a scheme for facial expression recognition from a single
facial image using line based caricatures [95]. Among other significant
contributions in emotion recognition, the works presented in [48], [50], [51],
[53], [54], [57]-[59], [65]-[70], [72]-[74], [77],

[82], [88], [98], [99], [102], [112], [114], [119]-[122] need special mention. For
a more complete literature survey, which cannot be given here for space

restriction, readers may refer to two outstanding works by Panticetal. [99],
[109].

Emotional features greatly depend on the psychological states of the subjects.
For example, facial expressions of a subject, while experiencing the same
emotion, have wider variations, resulting in significant changes in individual
feature. Further, different subjects experiencing the same emotion have
differences in their facial features. Repeated experiments with a large number
of subjects, each having multiple instances of similar emotional experience,
reveal that apparently there exists a small but random variation of facial features
around specific fixed points [107]. The variation between different instances of
facial expression for similar emotive experience of an individual can be regarded
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as an intra-personal level uncertainty [83]. On the other hand, the variation in
facial expression of individuals for similar emotional experience can be treated
as inter- personal level uncertainty [83].

The variations in features can be modeled with fuzzy sets. Classical (type-1 (T1))
fuzzy sets, pioneered by Zadeh [108], have widely been used over the last five
decades for modeling uncertainty of ill-defined systems. T1 fuzzy sets employ a
single membership function to represent the degree of uncertainty in
measurements of a given feature. Hence, it can capture the variation in
measurements of a given feature for different instances of a specific emotion
experienced by a subject. In [56], the authors have considered a fixed
membership function to model the uncertainty involved in a feature for a given
emotion, disregarding the possibility of variation in the membership curves for
different subjects.

This thesis, however, models the above form of inter-personal level uncertainty
by interval type-2 (T2) fuzzy sets (IT2FS). IT2FS employs an upper and a lower
membership function (UMF and LMF) to capture the uncertainty involved in a
given measurement of a feature within the bounds of its two membership
curves at the point of the measurement. However, the degree of correct
assignment of membership for each membership curve embedded between the
UMF and LMF in IT2FS is treated as unity, which is not always appropriate.

General T2 fuzzy set (GT2FS) can overcome the above problem by considering a
secondary membership grade that represents the correctness in (primary)
membership assignment at each measurement points. Naturally, GT2FS is
expected to give us better results in emotion classification for its
representational advantage over IT2FS.

One fundamental problem in GT2FS that limits its application in classification
problems, perhaps, is due to users’ in- ability to correctly specify the secondary
memberships. In this work, we determine the secondary memberships by
extracting certain knowledge from the individual primary assignments for each
feature of a given emotion for a subject. The knowledge extracted is encoded as
an optimization problem with secondary memberships as unknown. The solution
to the optimization problem carried out offline provides the secondary grades.
The secondary grades are later aggregated with the primary memberships of
individual feature for all subjects at the given measurement point to obtain
modified primary memberships.
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The work provides two alternative approaches to emotion recognition from an
unknown facial expression, when the emotion class of individual facial
expression of a large number of experimental subjects is available. The first
approach deals with IT2FS to construct a fuzzy face space based on the
measurements of a set of features from a given set of facial expressions carrying
different emotions. An unknown facial expression is classified into one of several
emotion classes by determining the maximum support of individual emotion
classes to a given set of measurements of a facial expression. The class having the
maximum support is declared as the emotion of the unknown facial expression.
In spirit, this is similar to how a fuzzy rule- based system for classification works.

The second approach employs GT2FS to construct a fuzzy face space, comprising
both primary and secondary member- ship functions, obtained from known
facial expressions of several subjects containing multiple instances of the same
emotion for each subject. The emotion class of an unknown facial expression is

determined by computing the support of each class to the given facial
expression. The class with the maximum support is the winner. The maximum
support evaluation here employs both primary and secondary memberships,
and thus is slightly different than the IT2FS-based classification.

Experiments reveal that the classification accuracy of emotion of an unknown
person by the GT2FS-based scheme is as high as 98%. When secondary
memberships are ignored, and classification is performed with IT2FS, the
classification accuracy falls by a margin of 7%. The additional 7% classification
accuracy obtained by GT2FS, however, has to pay a price for additional
complexity of (mx n x k) multiplications, where m, n, and k denote the number
of features, number of subjects, and number of emotion classes, respectively.
A 2.5% improvement in classification accuracy by IT2FS has been attained by
pre-processing measurements and selecting membership functions using the
well-known interval approach (IA) [110].
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RELATED WORK
Emotion recognition is an active research challenge in the domain of Social
Signal Processing (SSP) [124]. Many studies proposed different methods as well
as different nonverbal cues as a social signal to recognize emotion; from facial
expression, eye gaze, vocal intonation, and gesture [125]. Amongst all, facial
expression is a nonverbal cue which gives more information about human
emotion [126]. Many existing researches use facial expressions to recognize
basic emotion [127]-[130]. Basic emotion recognition becomes popular in the
community based on assumption that basic emotion classes have clear and
distinguished characteristics. Meanwhile, less effort has been made on another
type of emotion, or mixed emotion class. There are several existing studies in
the literature which utilized various methods for basic emotion recognition,
such as multilayer neural network [131], multi-kernel SVM [132], and
convolutional neural network (CNN) [133], [134]. Those researches were
reporting a very good performance. The problem is, human real emotions are
not limited to basic emotion types only. This remains an open challenge, to
recognize human real and natural emotions, in terms of mixed emotion. Mixed
emotions are defined as an affective experiences which activating two or more
basic emotions, usually in opposite valences such as happy and sad [135].
Another name for this emotion class is complex emotion, multiple emotion,
blended emotion, compound emotion, and so on. Compound emotion
recognition as a combination of two different basic emotions in a static image
was proposed by Du (2014) using Support Vector Machine classifier [136].
Another work for mixed emotion recognition in a temporal image was done by
Liliana (2017) using Conditional Random Fields [137]. Unfortunately, the
limitation of those works are in capturing real emotions which were limited only
to two basic emotions in a single occurrence in Du [136], and a single basic
emotion in each image frame which formed a sequence of mixed emotion in
Liliana [137]. The novelty of this proposed research is to overcome the limitation
of the existing studies in recognizing human natural emotion as a combination
of multiple basic emotions. Fuzzy emotion framework recognizes the occurrence
of multiple emotions in a facial expression image as well as describes the
intensity of each emotion involved. To the best of our known, this approach has
not been proposed in anywhere. The existing fuzzy approaches were using fuzzy
logic as a basic emotion classifier [138]—[140], but not in recognizing a real fuzzy
emotion. This is different from the proposed research, where fuzzy knowledge-
based is used for fuzzy emotion recognition to show the fuzzy emotions and the
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fuzzy degrees of each emotion contained in a face image. This is conceptually
distinguishing between existing research and the proposed research. Feature
extraction has an important role in classification process. Facial feature selection
is @ mechanism to provide a meaningful representation of a facial expression
image. Several feature extraction techniques were used for facial expression
recognition, most of them were based on facial shape [141], appearance [142],
or hybrid features which combined shape and appearance features [128], [130].
Active Appearance Model (AAM) is a very well-known template-based method
that combines shape and appearance features to produce facial landmarks as an
important facial features [143]. This research utilizes AAM to detect facial
important points in an input image which results a set of facial points in a
Cartesian coordinates [144]. The next section describes our proposed work, the
fuzzy emotion recognition framework.

Several works have investigated methods for achieving high accuracy of emotion
recognition. Older survey papers published in
2014: Wu et al. (2014) and Kotakowska et al. (2014) reviewed recent research
on emotion recognition but did not adopt a comprehensive approach. The most
relevant current emotion recognition research survey studies, to our
knowledge, are Sharma & Dhall (2021), Imani &
Montazer (2019) and Jam et al. (2021). Sharma & Dhall (2021) clearly pointed
out the benefits of emotion recognition on visual, speech, text and EEG. The two
fusion methods are thoroughly explained, and many datasets are investigated.
But only unimodal methods are considered in the survey. Inlmani &
Montazer (2019), the authors evaluated numerous emotion recognition
technologies used in e-learning systems and listed their benefits and drawbacks.
Yet tools used for emotion acquisition are not
mentioned. Jam et al. (2021) mainly focused on identifying social and emotional
feature of human-robot interactions using deep learning methods. More
research into the correlation of detailed descriptions of emotions to emaojis is
needed in the survey.

Alswaidan & Menai (2020) presented a detailed taxonomy of text emotion
recognition methods, which also provided an in-depth explanation of main
features and different available approaches. Various explicit and implicit
emotion recognition techniques in text are explained and the different
approaches found in the literature, their main features, their advantages and
limitations, and comparisons are illustrated in their survey. On the other hand,
the survey does not discuss tools and datasets. Abdullah et al. (2021) presented
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different multimodal emotion recognition methods that combine modalities,
such as images and text, and facial expression combined with body's
physiological responses. The findings in this survey indicated that combining
multiple modalities in emotion recognition improves the recognition accuracy
of emotions. Baltrusaitis et al. (2018) provided a five-tiered taxonomy based on
the challenges that are encountered in every multimodal emotion recognition
method. These five challenges include: fusion, alignment, representation, co-
learning, and translation. Their paper identified co-learning as an area to be
explored. However, this overview report mostly concentrated on multimodal
research from the last ten years.

Lim et al. (2020) mainly focused on eye tracking methods and classifiers used for
this data. This study underlines the necessity for combining physiological
signals with eye-tracking modality. However, the results of this survey were not
properly discussed or compared between inter-subject and intra-subject
classification performance rates. Malla et al. (2020) specified a taxonomy
for speech emotion recognition methods. The three main components of their
work: speech data, feature extraction, and DFC taxonomy (classification), were
classified using a CNN-based speech emotion recognition. This increases the
likelihood of correctly identifying the emotion in the speech. The survey is
exhaustive in its domain but is also limited as it only focuses on speech emotion
resulting in a very low number of modalities.

Table 1. Comparison of existing surveys on emotion recognition.

Authors Taxonomy followed Method
Alswaidan & Text emotion recognition Rule-based, classical
Menai (2020) methods learning,
deep learning, and
hybrid.
Abdullah et al. (2021) Multimodal emotion recog- Neural network
nition methods architecture and
deep learning
technique.
Wu et al. (2014) audiovisual emotion recog- Deep learning, datasets
nition techniques (GEMEP,RML and

VAM) are explained.
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Taxonomy followed

Technical challenges faced
by multimodal researchers

Social signals and emotional

expressions in real-world human-

robot interactions.

Taxonomy involves Eye
tracking methods

Speech emotion recognition
methods

sensory data detection
available on modern
smartphones.

Various emotions recogni-
tion methods have been rep-
resented for online learning
platforms.

emotion recognition on vi-
sual, speech, text, EEG.
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Method

Different co-learning
methods.

Deep learning
methods.

machine learning
algorithms.

MFCC, STFT, ECC and
Classifica-

tion is done by
combining CNN and
LSTM.

machine learning
approaches im-
plemented to
recognize emotional
states.

Classification based on
feature and

machine or deep
learning methods.

Deep learning
classifiers and feature
level and decision level
fusion.
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LITERATURE SURVEY

Facial Emotion Recognition is a technology used for analysing sentiments by
different sources, such as pictures and videos. It belongs to the family of
technologies often referred to as ‘affective computing’, a multidisciplinary field
of research on computer’s capabilities to recognise and interpret human
emotions and affective states and it often builds on Artificial Intelligence
technologies.

Fuzzy logic is an approach to computing based on "degrees of truth” rather than
the usual "true or false" (1 or 0) Boolean logic on which the modern computer is
based.

The idea of fuzzy logic was first advanced by Lotfi Zadeh of the University of
California at Berkeley in the 1960s. Zadeh was working on the problem of
computer understanding of natural language. Natural language -- like most other
activities in life and indeed the universe -- is not easily translated into the absolute
terms of 0 and 1. Whether everything is ultimately describable in binary terms is
a philosophical question worth pursuing, but in practice, much data we might
want to feed a computer is in some state in between and so, frequently, are the
results of computing. It may help to see fuzzy logic as the way reasoning really
works and binary, or Boolean, logic is simply a special case of it.

Boolean logic vs. fuzzy logic

Boolean logic Fuzzy logic

Yes/1 Very much/0.9
Fairly so/0.75
Is it hot? Is it hot? Moderately/0.5
Somewhat/0.25

No/0 Very little/0.1

What is Fuzzy Control?
o Itis atechnique to embody human-like thinkings into a control system.
« Itmay not be designed to give accurate reasoning but it is designed to give
acceptable reasoning.
o It can emulate human deductive thinking, that is, the process people use
to infer conclusions from what they know.
o Any uncertainties can be easily dealt with the help of fuzzy logic.
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Advantages of Fuzzy Logic System

This system can work with any type of inputs whether it is imprecise,
distorted or noisy input information.

The construction of Fuzzy Logic Systems is easy and understandable.
Fuzzy logic comes with mathematical concepts of set theory and the
reasoning of that is quite simple.

It provides a very efficient solution to complex problems in all fields of life
as it resembles human reasoning and decision-making.

The algorithms can be described with little data, so little memory is
required.

Disadvantages of Fuzzy Logic Systems

Many researchers proposed different ways to solve a given problem
through fuzzy logic which leads to ambiguity. There is no systematic
approach to solve a given problem through fuzzy logic.

Proof of its characteristics is difficult or impossible in most cases because
every time we do not get a mathematical description of our approach.
As fuzzy logic works on precise as well as imprecise data so most of the
time accuracy is compromised.

Application

It is used in the aerospace field for altitude control of spacecraft and
satellites.

It has been used in the automotive system for speed control, traffic
control.

It is used for decision-making support systems and personal evaluation in
the large company business.

It has application in the chemical industry for controlling the pH, drying,
chemical distillation process.

Fuzzy logic is used in Natural language processing and various intensive
applications in Artificial Intelligence.

Fuzzy logic is extensively used in modern control systems such as expert
systems.

Fuzzy Logic is used with Neural Networks as it mimics how a person would
make decisions, only much faster. It is done by Aggregation of data and
changing it into more meaningful data by forming partial truths as Fuzzy
sets.

In artificial intelligence (Al) systems, fuzzy logic is used to imitate human

reasoning and cognition. Rather than strictly binary cases of truth, fuzzy logic

12
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includes 0 and 1 as extreme cases of truth but with various intermediate degrees
of truth.

As a result, fuzzy logic is well-suited for the following:

« Engineering for decisions without clear certainties and uncertainties, or with
imprecise data -- such as with natural language processing technologies; and
regulating and controlling machine outputs, according to multiple
inputs/input variables -- such as with temperature control systems.

Various types of Al systems and technologies use fuzzy logic. This includes
vehicle intelligence, consumer electronics, medicine, software, chemicals and
aerospace.

« In automobiles, fuzzy logic is used for gear selection and is based on factors
such as engine load, road conditions and style of driving.

o In dishwashers, fuzzy logic is used to determine the washing strategy and
power needed, which is based on factors such as the number of dishes and
the level of food residue on the dishes.

« In copy machines, fuzzy logic is used to adjust drum voltage based on factors
such as humidity, picture density and temperature.

» Inaerospace, fuzzy logic is used to manage altitude control for satellites and
spacecrafts based on environmental factors.

« In medicine, fuzzy logic is used for computer-aided diagnoses, based on
factors such as symptoms and medical history.

e In chemical distillation, fuzzy logic is used to control pH and temperature
variables.

« In natural language processing, fuzzy logic is used to determine semantic
relations between concepts represented by words and other linguistic
variables.

13
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In environmental control systems, such as air conditioners and heaters, fuzzy
logic determines output based on factors such as current temperature and
target temperature.

In a business rules engine, fuzzy logic may be used to streamline decision-
making according to predetermined criteria.

14
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CHAPTER 1

Emotion Recognition from Facial Expressions and Its Control Using Fuzzy Logic

FILTERING, SEGMENTATION, AND LOCALIZATION OF FACIAL COMPONENTS

The identification of facial expressions by pixel-wise analysis of images is both
tedious and time consuming. This chapter attempts to extract significant
components of facial expressionsthrough segmentation of the image. Because
of the differencesin the regional profiles on an image, simple segmentation
algorithms, such as histogram-based thresholding techniques, do not always
yield good results. After conducting several experiments, we concluded that
for the segmentation of the mouth region, a color-sensitive segmentation
algorithm is mostappropriate. Further, because of apparent nonuniformity in
the lip color profile, a fuzzy segmentation algorithm is preferred. A color-
sensitive FCM clustering algorithm [9] has, therefore, been selected for the
segmentation of the mouth region.

Segmentation of the eye regions, however, in most images has successfully
been performed by the traditional thresholdingmethod. The hair region in
human face can also easily be segmented by the thresholding technique.
Segmentation of the mouth and eye regions is required for the subsequent
determination of MO and EO, respectively. Segmentation of the eyebrow
region is equally useful in determining the length of EBC. Thedetails of the
segmentation techniques of different regions are presented below.

A. Segmentation of the Mouth Region

Before segmenting the mouth region, we first represent the image in the L
a b space from its conventional red—green—blue (RGB) spate. The La b system
has the additional benefit of representing a perceptually uniform cél*orspace.
It defines a uniform matrix space representation ofcolor so that a perceptual
color difference is represented by the Euclidean distance. The color
information, however, is notadequate to identify the lip region. The position
informationof pixels together with their color would be a good featureto
segment the lip region from the face. The FCM clustering algorithm that we
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employ to detect the lip region is supplied with both color and pixel-position
information of the image.

The FCM clustering algorithm is a well-known technique for unsupervised
pattern recognition. However, its use in image segmentation in general and
lip region segmentation in par- ticular is a novel area of research. A
description of the FCM clustering algorithm can be found in books on fuzzy
pattern recognition (see, e.g., [1], [17], and [45]). In this work, wejust
demonstrate how to use FCM clustering in the present application.

A pixel in this work is described by five attributes: three attribu*t(*es of color
information (L a b) and two attributesof position information (x, y). The
objective of the clustering algorithm is to classify the set of 5-D data points
into two classes/partitions—the lip region and the nonlip region. Initial
membership values are assigned to each 5-D pixel, such that thesum of the
memberships in the two regions is equal to one. Thatis, for the kth pixel xx, we
have

L(xk) + NL(xk) = 1 (1)
where L(xx) and NL(xx) denote the membership of xx to fallin the lip and
nonlip regions, respectively.
Given the initial membership values of L(xk) and NL(x)

for k = 1 to n2 (assuming that the image is of size n xn), we use the FCM
algorithm to determine the cluster centers V. and Vi of the lip and the nonlip
regions as

o ]
n- n-

Vi, = Z [Lixx)]™ xx/ Z [Lx)]™ (2)
k=1 k=1

n
n<

VL = Z [:\;I.I:__\:[-.; ]:m XK/ Z [_"\'f.[};kj]m . (3)
k=1 k=1

where V; denotes the jth cluster center for =

Determination of the cluster centers [by (2) and (3)] and membership evaluation
[by (4) and (5)] are repeated several times following the FCM algorithm until the
positions of the cluster centers do not further change.

Fig. 1 presents a section of a facial image with a largeMO. This image is
passed through a median filter, and the resulting image is shown in Fig. 2.
Application of the FCM algorithm to the image in Fig. 2 yields the image in Fig. 3.
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Fig. 4demonstrates the computation of MO (Section lll).

Fig. 1. Original face image. Fig. 2. Median-filtered image.

1

Fig. 3. Image after applying FCM clustering.

Fig. 4. Measurement of MO from the dips in
average intensity plot.

B. Segmentation of the Eye Region

The eye region in a monochrome image has a sharp contrast to the rest of
the face. Consequently, the thresholding method can be employed to
segment the eye region from the image. Images grabbed at poor illumination
conditions have a very low average intensity value. Segmentation of the eye
region in these cases is difficult because of the presence of dark eyebrows in
the neighborhood of the eye region. To overcome this problem, we consider

17



Emotion Recognition from Facial Expressions and Its Control

images grabbed under good illuminating conditions. After segmentation of
the image, we need to localize the left and right eyes on the image. In this
work, we use a template matching scheme to localize the eyes. The eye
template we used is similar to the template shown in Fig. 5. The template
matching scheme, taken from our previous works [2], [21], attempts to
minimize the Euclidean distance between a fuzzy descriptor of the template
and the fuzzy descriptor of the part of the image where the template is
located. Even when the template is not a part of the image, the nearest
matched location of the template in the image can be traced.

Fig. 5. Synthetic eye template.

C. Localization of EBC Region

In a facial image, eyebrows are the second darkest region after the hair region.
The hair region is easily segmented by setting a very low threshold in the
histogram-based thresholding algorithm. The eye regions are also segmented
by thresholding. A search for a dark narrow template can easily localize the
eyebrows. Note that the localization of the eyebrow is essential for
determining its length. This will be undertaken in the next section.

DETERMINATION OF FACIAL ATTRIBUTES

In this section, we present a scheme for the measurements offacial extracts
such as MO, EO, and the length of EBC.

A. Determination of MO

After segmentation of the mouth region, we plot the average intensity profile
against the MO. The dark region in the segmented image represents the lip
profile, whereas the white regions embedded in the dark region indicate the
teeth. Noisy images, however, may include false white patches. Fig. 4, for
instance, includes a white patch on the lip region.

Determination of MO in a black and white image is easier because of the
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presence of the white teeth. A plot of the averageintensity profile against the
MO reveals that the curve has several minima, out of which the first and third
correspondto the inner region of the top lip and the inner region of the bottom
lip, respectively. The difference between the preceding two measurements
along the Y-axis gives a measure of the MO.An experimental instance of MO is
shown in Fig. 4, where thepixel count between the thick horizontal lines gives
a measure of MO. When no white band is detected in the mouth region, MO is
set to zero. When only two minima are observed in the plot of average
intensity, the gap between the two minima is themeasure of MO.

B. Determination of EO

After the localization of the eyes, the count of dark pixels(intensity < 30)
plus the count of white pixels (intensity > 225)is plotted against the x-position.
If the peak of this plot occurs at x = a, then the ordinate at x = a provides a
measure of theEO (Fig. 6).

Dark pixel count having

intensity <30 —
—\
./

White pixel count having
intensity > 225 —

pixel count —

White pixel count + dark

X-position —

Fig. 6. Determination of the EO.
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c. Determination of the Length of EBC

Constriction in the forehead region can be explained as a collection of white
and dark patches called hilly and valley regions, respectively. The valley regions
are usually darker thanthe hilly regions. Usually, the width of the patches is
around 10-15 pixels for a given facial image of 512 x 512 pixels.

Let l.v be the average intensity in a selected rectangular profile on the
forehead, and let I; be the intensity of pixel(i, j). To determine the length of
EBC on the forehead region, we scan for variation in intensity along the x-axis
of the selected rectangular region. The maximum x-width that includes
variation in intensity is defined as the length of EBC. The length of the EBC has
been measured in Fig. 7 by using the precedingprinciple. An algorithm for EBC
is presented as follows.

1) Take a narrow strip over the eyebrow region with thick- ness two-thirds of
the width of the forehead, which is determined by the maximum count of
pixels along the length of projections from the hairline edge to the top
edges of the eyebrows.

2) The length | of the strip is determined by identifying its intersection with
the hair regions at both ends. Determinethe center of the strip, and select
a window of x-length 2//3 symmetric with respect to the center.

3) For x-positions central to window-right-end, do the following.

a) Select nine vertical lines in the window and compute the average
intensity on each line.

b) Calculate the variance of the nine average intensity values.

c) If the variance is below a threshold, stop. Else, shift one pixel right.

i

Fig. 7. Determination of EBC in the selected rectangular patch, identified by image segmentation.
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4) Determine the total right shift.

5) Following a procedure similar to step 3, determine thetotal left shift.

6) Compute length of EBC = total left shift +total right shift.

FUZZY RELATIONAL MODEL FOR EMOTION DETECTION

Fuzzy logic is a mathematical approach that can be used to make predictions
about human emotions and facial expressions. This technique is based on the
idea that there is a lot of uncertainty and imprecision in the way people feel and
express themselves. By using fuzzy logic, it is possible to make more accurate
predictions about what someone is feeling by considering all the different
variables that can affect their emotions. This approach has been shown to be
particularly effective in predicting the sentiment of social media posts and
comments.

Fuzzy logic has been used in many different fields, including sentiment analysis.
To predict human emotions, facial expressions are analysed and categorized into
six basic emotions: happiness, sadness, anger, fear, surprise, and disgust. Each
of these emotions can be further divided into more specific sub-categories. For
example, happiness can be subdivided into joy, contentment, love, etc. Once the
facial expressions have been categorized, they are then represented as a set of
fuzzy rules. These rules are then used to make predictions about future
emotions based on current and past facial expressions. Fuzzy logic is a very
effective tool for sentiment analysis because it considers the subjective nature
of human emotions. Unlike other methods which rely on objective criteria, such
as the tone of voice or the choice of words used, fuzzy logic can Capture the
nuances and subtleties of human emotion that are often missed by other
methods. This makes it an invaluable tool for research into human emotions and
their triggers.

In this section, the encoding of facial attributes and their mapping to the

emotion space are described using Mamdani- type implication relations.

A. Fuzzification (Encoding) of Facial Attributes

The measurements we obtain on MO, EO, and EBC are encoded into three
distinct fuzzy sets: HIGH, LOW, and MODERATE. The typical membership
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functions [29] that we have used in our simulation are presented below. For
any continuous feature x, we have

HIGH(x) =1 - exp(-ax), a=>0
LOW(x)=exp(— bx), b=0
MODERATE(X) = eXp — (X~ Xuea) /20,

where xmean and o® are the mean and variance of the parameter x, respectively.

For the best performance, we need to determine the optimal values of a, b,
and o. Details of these are discussed in Section VI.

B. Fuzzy Relational Model for Emotion Detection

Examination of a large facial database reveals that the degree of a specific
human emotion, such as happiness or anger, greatly depends on the degree of
MO, EO, and length of EBC. The following two sample rules describe the
problem of mapping from the fuzzified measurement space of facial extracts
to the fuzzified emotion space.

Rule 1: IF (eye-opening is MODERATE) & (mouth-opening is
SMALL) & (eyebrow-constriction is LARGE)

THEN emotion is VERY-MUCH-DISGUSTED.
Rule 2: IF (eye-opening is LARGE) &

(Mouth-opening is SMALL / MODERATE) & (eyebrow-constriction is
SMALL)

THEN emotion is VERY-MUCH-HAPPY.

Since each rule contains antecedent clauses of three fuzzy variables, their
conjunctive effect is taken into account to determine the fuzzy relational
matrix. The general formulation ofa production rule with an antecedent clause
of three linguistic variables and one consequent clause of a single linguistic
vari-able is discussed below. Consider, for instance, the following fuzzy rule.

If xisA andyisB andz isCthen w is D.
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Fig. 8. Structure of a fuzzy relational matrix.

Let A(x), B(y), C(z), and D(w) be the membership distributions of linguistic
variables x, y, z, and w belonging to A, B, C, and D, respectively. Then, the
membership distribution of the clause “xis Aandy is Band zis C” is given by
t[A(x), B(y), C(z)], where t denotes the fuzzy t-norm operator [29]. Using
Mamdani-type implication operator, the relation between the antecedent and
consequent clauses for the given rule is described by

R(% Y, z; w) = Min [t (A(x), B(y), C(z)), D(w)] . (6)
Taking Min as the t-norm, we can rewrite the preceding expression as
R(% v, z; w) =Min [Min (A(x), B(y), C(z)), D(w]]
=Min [A(x), B(y), C(z), D(w)] . (7)

Now, given an unknown distribution of (A'(x), B’(y), C’(z)), where A’ A, B/ B,

and C ~ C, we can evaluate D/(w) by the following fuzzy relational
equation:

D'(w) = Min (A'(x), B(y), C(z) oR(xvy,zw). (8)

For discrete systems, the relation R(x, y, z; w) is representedby a matrix (Fig.
8), where X, Vi, zi, and w; denote specific arguments (corresponding to the
variables x, y, z, and w,respectively).

In our proposed application, the row index of the relational matrix is
represented by conjunctive sets of values of MO, EO,and EBC. The column
index of the relational matrix denotes the possible values of six emotions:
anxiety, disgust, fear, happiness, sadness, and surprise.
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For determining the emotion of a person, we define two vectors: fuzzy
descriptor vector F and emotion vector M. The structural forms of these two
vectors are given as

F = [S(eo) M(eo) L(eo) S(mo) M(mo) L(mo)
xS(ebc) M(ebc) L(ebc)]. (9)

where S, M, and L stand for SMALL, MEDIUM, and LARGE, respectively. We also
have

M = [VA(emotion) MA(emotion) N-SoA(emotion)
VD(emotion)MD(emotion)N-SoD(emotion) VAf(emotion) MAf(emotion)
N-SoAf(emotion)  VH(emotion) = MH(emotion)  N-SoH(emotion)
VS(emotion) MS(mod) N-SoS(emotion) VSr(emotion) MSr(emotion) N-
SoSr(emotion)] (10)

where V, M, N-SO denote VERY, MODERATELY, and NOT-SO, and A, D, Af, H, S,
and Sr denote ANXIOUS, DISGUSTED, AFRAID, HAPPY, SAD, and SURPRISED,
respectively.

The relational equation used for the proposed system is given by
M =F’ oRem (11),

where RFM is the fuzzy relational matrix with the row and column indices as
described above, and the ith component of the F’ vector is given by
Min{A’(xi),B’(yi),C’(zi)}, where the variables xi, yi, zi E{eo, mo, ebc}, and the fuzzy
sets A’, B/, C’ €{S,M, L} are determined by the premise of the ith fuzzy rule.

Given an F’ vector and the relational matrix RFM, we can easily compute the
encoded emotion vector M using the preceding relational equation. Finally, to
determine the membership of the emotions from their fuzzy memberships, we
need to employ a decoding scheme (12), where w1, w2, and w3 denote the
weights of the respective graded memberships, which in the present context
have (arbitrarily) been set to 0.33 each.

EXPERIMENTS AND RESULTS

The experiment is conducted in a laboratory environment, where illumination,
sounds, and temperature are controlled to maintain uniformity in experimental
conditions. Most of the subjects of the experiments are students, young faculty
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members, and family members of the faculties. The experiment includes two
sessions: a presentation session followed by a face-monitoring session. In the
presentation session, audiovisual clips from commercial films are projected on
a screen in front of individual subjects as a stimulus to excite their brain for
arousal of emotion. A computer-controlled pan-tilt-type high resolution camera
is used for the online monitoring of facial expressions of the subjects in the next
phase. The grabbed images of facial expressions are stored in a computer for
feature analysis in the subsequent phase.

Experiments were undertaken over a period of two years to identify the
appropriate audiovisual movie clips that cause arousal of six different emotions:
anxiety, disgust, fear, happiness, sadness, and surprise. A questionnaire was
prepared to determine the consensus of the observers about the arousal of the
first five emotions using a given set of audiovisual clips. It includes questions to
a given observer on the percentage level of excitation of different emotions by
a set of 60 audiovisual movie clips. The independent responses of 50 observers
were collected, and the results are summarized in Table I|. Clearly, the
percentages in each row total 100.

The arousal of surprise, however, requires a subject to possess prior background
information about an object or a scene, and arousal starts when the
object/scene significantly differs from the general expectation. The main
difficulty to get someone surprised with a movie clip is that the clip should be
long enough to prepare the background knowledge before a “strange” scene is
presented. To eliminate possible errors in the selection of the stimulus due to
background differences among the subjects, it is reasonable to employ
alternative means, rather than audiovisual movie clips, to cause arousal of
surprise. Our experiments showed that an attempt at recognizing lost friends
(usually schoolmates) from their current photographs causes arousal of surprise.
TABLE |
ASSESSMENT OF THE AROUSAL POTENTIAL OF SELECTED AUDIOVISUAL
MOVIE CLIPS IN EXCITING DIFFERENT EMOTIONS

Subjects used to | Title of Percentage of arousal of different emotions by a clip
assess the emotion | audio- Anger Anxiety Happiness | Sadness | Fear | Relax-
aroused by the | visual ation
audio-visual clips | clip
Subject 1 Clip 1 0 0 80 0 0 20
Subject 2 Clipl 0 0 75 0 0 25
Subject 50 Clipl 0 0 78 0 0 22
Subject 1 Clip 2 0 82 0 9 9 0
Subject 2 Clip 2 0 80 0 12 8 0
Subject 50 Clip 2 0 84 0 10 6 0
Subject 1 Clip 60 78 10 0 0 12 0
Subject 2 Clip 60 30 16 0 0 4 0
ZS5
Subject 50 Clip 60 84 8 0 0 8 0
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To identify the right movie clips capable of exciting specific emotions, we need
to define a few parameters that would help indicate a consensus of the
observers about the arousal of an emotion.

We have the following.

Oji,k Percentage level of excitation of emotion j by an observer
K using audiovisual clip i.

Eji Average percentage score of excitation assigned to emotion
j by n observers using clip i.

oji ~ Standard deviation of the percentage score assigned to emotion j by all
the subjects using clip i.

n Total number of observers.

Eji and gji are evaluated using the following expressions:

k=1

o5 =y [Z:;oji_k. — chi;:{..-'u] : (14)
k=1

The emotion w for which Ewi = maxj{Eji} is the most likely aroused emotion due
to excitation by audiovisual clip i.

The Ewi values are obtained fori =1 to 60.

We next select six audiovisual clips from the pool of 60 movie samples such that
the selected movies best excite six specific emotions. The selection was made
by using the average-to-standard-deviation ratio for competitive audiovisual
clips employed to excite the same emotion. The audiovisual clip for which the
average-to-standard-deviation ratio is the largest is considered to be the most
significant sample to excite a desired emotion.
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SHBNIEN e

SHENARD

Fig. 9. Movie clips containing four frames (row-wise) used to excite anxiety, disgust, fear,
happiness, and sadness.

TABLE I
THEME OF THE MOVIE CLIPS CAUSING STIMULATION OF SPECIFIC
EMOTIONS
Emotion
stimulated
Movie title by the Theme of the movie clip
movie clip
Mr. and Mrs. lyer (Indian, subtitled in | Anxiety A scene of possible murder
English)
Razz (Indian, Hindi) Disgust A sudden high-pitch shout of
a lady in the jungle
Volcano (American) Fear A girl surrounded by lava
erupted from a volcano
Chhadmabeshi (Indian, Bengali) Pidppiness Funny actions and words
Sarfarosh (Indian, Hindi) Sadness Sudden killing of tourists
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Fig. 10. Arousal of anxiety, disgust, fear, happiness, and sadness using the stimulator in Fig. 9 (female subject).
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Fig. 11. Arousal of anxiety, disgust, fear, happiness, and sadness using the stimulator in Fig. 9 (male
subject).
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TABLE 1l

SUMMARY OF RESULTS OF MEM?I\IERFSIEIPHE)VALUATION FOR THE EMOTIONS

Audio Emotion Feature extracted Memb. for eo Memb. for mo Memb. for ebc

visual expected (in pixels)

clip title | *© be eo | mo | ebe Low Mod Hi | Low Mod | Hi | Low Mod Hi
aroused

Clip 1 Anxiety 6 2 20 0.8 0.6 0.2 0.9 0.6 0.1 0.1 0.5 0.7

Clip 2 Disgust 5 1 26 0.9 05 | o1 0.95 05 | 08 | o1 04 0.9

Clip 3 Fear 10 | 6 5 0.1 03 | 09 | 02 08 |06 | o8 0.2 0.1

Clip 4 Happiness 8 11 1 0.1 0.4 0.8 0.1 0.7 0.9 0.9 0.3 0.09

Clip 5 Sadness 3 4 2 0.9 04 | o1 | 07 08 |02 o9 0.4 0.09

TABLE IV

RESULTS OF PERCENTAGE CLASSIFICATION OF AROUSED EMOTIONS IN SIX

CLASSES FOR ADULT MALES

Aroused emotion obtained from facial expression

Desired

Emotion Anger Anxiety Fear Surprise Happiness Sadness
Anger 88.5 5.5 4.0 0.0 0.0 2.0
Anxiety 4.0 88.2 3.8 0.0 0.0 4.0
Fear 0.0 1.0 88.4 0.0 0.0 10.6
Surprise 0.0 0.0 0.0 91.2 8.8 0.0
Happiness 0.0 0.0 0.0 9.8 90.2 0.0
Sadness 0.0 3.8 8.0 0.0 0.0 88.2

TABLE V

RESULTS OF PERCENTAGE CLASSIFICATION OF AROUSED EMOTIONS IN SIX

CLASSES FOR ADULT FEMALES

Aroused emotion obtained from facial expression

Desired

Emotion Anger Anxiety Fear Surprise Happiness Sadness
Anger 922 3.8 2.0 0.0 0.0 2.0
Anxiety 1.4 92.4 4.2 0.0 0.0 2.0
Fear 0.0 2.0 92.6 0.0 0.0 54
Surprise 0.0 0.0 0.0 92.2 7.8 0.0
Happiness 0.0 0.0 0.0 7.2 92.4 0.0
Sadness 0.0 2.0 54 0.0 0.0 92.6
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TABLE VI

RESULTS OF PERCENTAGE CLASSIFICATION OF AROUSED EMOTIONS IN SIX
CLASSES FOR CHILDREN IN AGE GROUP 8-12 YEARS

Aroused emotion obtained from facial expression

Desired

Emotion Anger Anxiety Fear Surprise Happiness Sadness
Anger 96.0 1.2 2.2 0.0 0.0 0.6
Anxiety 0.6 96.2 2.2 0.0 0.0 1.0
Fear 0.0 1.6 96.4 0.0 0.0 2.0
Surprise 0.0 0.0 0.0 96.5 3.5 0.0
Happiness 0.0 0.0 0.0 3.4 96.6 0.0
Sadness 0.0 1.8 2.2 0.0 0.0 96.0

Fig. 9 presents the five most significant audiovisual movie clips selected from
the pool of 60 movies, where each clipwas the most successful to excite one
of the five emotions. Table Il summarizes the theme of the selected movies.
The selected clips are presented before 300 people, and their facial expressions
are recorded. Figs. 10 and 11 show two representative examples of one female
and one male in the age group 22-25 years.

Image segmentation is used to segment the mouth region, eye region, and
eyebrow region of individual frames for each clip. MO, EO, and length of EBC
are then determined for the individual frames of each clip. The averages of
EO, MO, and EBC over all the frames under a recorded emotion clip are then
evaluated. The membership of EO, MO, and EBC in the three fuzzy sets (Low,
Medium, and High) are then evaluated using the membership functions given
in Section IV. The results of membership evaluation for the emotion clips
given in Fig. 10 are presented in Table Il

After evaluation of the memberships, we determine the emotion vector M by
using (11), and then employ decoding rule [see (12)] to determine the
membership of different emotions for thefive clips. The emotion that comes up
with the highest value isregarded as the emotion of the individual clips. The
preceding analysis is repeated for 300 people including 100 children,100
adult males, and 100 adult females, and the results of emotion classification
are presented in Tables IV-VI. Eachof these tables shows six “aroused”
emotions, whereas the “desired” emotion refers to the emotion tag of the
most significant audiovisual sample.

The experimental results obtained from Tables IV-VI revealthat the accuracy in
the classification of emotion for adult male,adult female, and children (8-12

31



Emotion Recognition from Facial Expressions and Its Control

years) are 88.2%, 92.2%, and 96%, respectively. The classification accuracies
obtained in this work are better than the existing results on accuracy reported
elsewhere [19], [20], [26], [43].

VALIDATION OF THE SYSTEM PERFORMANCE

After a prototype design of an intelligent system is complete, we need to
validate its performance. The term validation here refers to building the right
system that truly resembles the system intended to be built. In other words,
validation refers to the relative performance of the system that has been
designed, and suggests reformulation of the problem characteristics and
concepts based on the deviation of its performance from that of the desired
(ideal) system [18]. It has experimentally been observed that the performance
of the proposed system greatly depends on the parameters of the fuzzy
encoders [28]. To determine optimal settings of the parameters, a scheme for
the validation of the system’s performance is proposed in Fig. 12.

In Fig. 12, we tune the parameters a, b, xmean (or m), and o of the fuzzy
encoders by a supervised learning algorithm, so as to generate the desired
emotion from given measurements of the facial extract. The backpropagation
algorithm has been employed to experimentally determine the parameters a, b,
m, and o. The feedforward neural network used for the realization of the
backpropagation algorithm has three layers with 26 neurons in the hidden layer.
The number of neurons in the input and output layers are determined by the
dimensions of F/ vector and M vector, respectively. The root mean square error
accuracy of the algorithm was set to 0.001. For a sample space of approximately
100 known emotions of different persons, the experiment is conducted, and the
following values of the parameters are found to yield the best results:a=2.2, b
=1.9, xmean=2.0,and 0 =0.17.
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Fig. 12. Validation of the proposed system by tuning the parameters a, b, m, and o of the
encoders.

EMOTION TRANSITION AND ITS CONTROL

The emotion of a person at a given time is determined by the current state of
his/her mind. The current state of one’s mind is mainly controlled by the positive
and negative influences of input sensory data, including voice, video clips,
ultrasonic signals, and music. We propose a model of emotion transition
dynamics where the strength of an emotion at time t + 1 depends on the
strength of all emotions of a subject at time t, and the positive/negative
influences that have been applied as stimulation at time t.

A. Model
We have the following.

mi(t) Positive unnormalized singleton membership of the ith
emotion at time t.

[wi] Weight matrix of dimension n n, where w; denotes a
cognitive(memory-based) degree of transitionfrom the ith to the jth emotional
state,and is a signed finite real number.

POS-IN(strengthk, t) Fuzzy membership distribution of aninput stimulus with
strength k to act as a positive  influence at time' t.

NEG-IN(input, t) Fuzzy membership distribution of an input stimulus with
strength / to act as a negative influence at time t.
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bik Weight representing the influence of aninput with strength k
on the ith emotional state.

Ci/ Weight representing the influence of aninput with strength /
on the ith emotional state.

The unnormalized membership value of an emotional state i at timet+ 1 can be
expressed as a function of the unnormalized membership values of all possible
emotional states j, and the membership distribution of the input positive and
negative influences at time t, i.e.,

ny(t+1) = Z"‘-":.j -my(t) + Z b; i - POS-IN(strength., t) _ Z-:-,—_,' - NEG-IN(strength,, t).

¥ vk "
The first term in the right-hand side of (15) accounts for the cognitive transition
of emotional states, which concerns human memory, whereas the second and
third terms indicate the effect of external influence on the membership of the
ith emotional state. The weights wij of the cognitive memory are considered
time invariant. Since wij’s are time invariant, controlling the transition of
emotional states can be accomplished by POS-IN(strengthk, t) and NEG-
IN(strengthl, t). The positive terms on the right side of (15) indicate that with a
growth in mj and POS-IN(strengthk, t), mi(t + 1) also increases. The negative sign
of the third term signifies that with a growth in NEG-IN(strength/, t), mi(t + 1)
decreases.

A person’s emotional state changes from happy to anxious on a negative input,
e.g., when he/she runs the risk of losing something. An anxious person becomes
sad when he suffers a loss. A sad person becomes disgusted when he realizes
that he is not responsible for his loss/failure. In other words, with increasing
negative influence (neg), the human emotion undergoes a transition in the
following order:

Neg neg

disgusted <= sad = anxious —— happy.
Alternatively, with increasing positive influence (pos), the human emotion has a
gradual transition from the disgusted state to the happy state, as follows:

. pOsE poE . pis
disgusted — sad — anxious — happy.

Combining the preceding two state transition schemes, we can represent
emotion transitions by a graph (see Fig. 13).
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We have the following.

M = [mi] Unnormalized membership vector of dimension n x 1,
whose ith element denotes the unnormalized singleton membership of emotion
i at time t.

U = [POS-IN(strengthk, t)] Positive influence membership vector of
dimension mx1 whose kth component denotes the fuzzy membership of
strength k of the input stimulus.

u/ = [NEG-IN(input/, t)] Negative influence membership vector of
dimension (m x 1), whose Ith component denotes the fuzzy membership of
strength / of the input stimulus.

B = [bij] n x m companion matrix to u vector.

C = [cij] n x m companion matrix to u/ vector.

neg neg neg
D
—> —>
pos pos

pos

Fig. 13. Proposed emotion transition graph.

Considering the emotion transition dynamics [see (15)] fori = 1 to n, we can
represent the complete system of emotion transition in vector-matrix form as

M(t + 1) = W.M(t) + Bu-Ci/. (16a)

The weight matrix W in (16a) is given by

From
To Happy Anxious Sad Angry
Happy Wi, 1 W1, 2 W1, 3 W1, 4
Anxious W2, | W22 W) 3 W 4
W =
Sad W3, | W3, 2 W3, 3 W3, 4
Angry Wi, 1 W4, 2 Wy, 3 W4, 4

To keep the membership vector M normalized, we use the following scaling
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operation:
MS(t +1) = M(t + 1)/ 1_1'215 (mi(t+1)}.  (16b)

Normalization of memberships in [0, 1] is needed for convenience of
interpretation, but is not directly related to the emotion control problem
undertaken here.

A control-theoretic representation of emotion transition dynamics [(16a) and
(16b)] is given in Fig. 14, where the system has an inherent delayed positive
feedback along with provision for control with external input vectors puand u’.

Properties of the Model

In an autonomous system, the system states change with- out application of any control inputs.
The emotion transition dynamics can be compared with an autonomous system witha setting of u
= ¢/ = 0. The limit cyclic behavior of an autonomous emotion transition dynamics is given in the
followingtheorem.

Theorem 1: The vector M (t + 1) in an autonomous emotion transition dynamics with u = ¢/ = 0
exhibits limit cyclic behavior after every k-iterations if W* = 1.

Proof: Since u =y’ = 0, we can rewrite (16a) as
M(t + 1) = W.M(t).
Iterating t =0 to (k -1), we have
M(1) = W.M(0)

M(2) = W.M(1) = W*M(0)

M(k) = WM (0).
Since the membership vector exhibits limit cyclic behavior after every k-
iterations, we have

M(k) = M(0)

Which in turn requires W* = 1.
Theorem 1 indicates that without external perturbation, the cognitive memory

helps in maintaining_a recurrent relation in _emotjonal states under a
restrictive selection of memory weights, satisfying W* = I.

For steering the system states in Fig. 13 toward the happy state, we need to
provide positive influences in the state diagram at any state. Similarly, for
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controlling the state transitionstoward the disgusted state from any states, we
submit a negative influence at states. This, however, demands a prerequisite of
controllability of the membership state vector M. The control-lability of a
given state vector M to a desired state is examinedby Theorem 2.

Theorem 2: The necessary and sufficient condition for the state transition
system to be controllable is that the controllability matrices should have rank
equal to n.

P = (BWBWB,... W*'B)
Q= (CWCWi,..., W C)

Proof: The proof follows from the test criterion of controllability of linear
systems [27].

Emotion Control by Mamdani’s Model

In a closed-loop process control system [21], error is defined as the
difference of the set point (reference input) and the process response, and
the task of a controller is to gradually reduce the error toward zero. When
the emotional state transition is regarded as a process, we define error as the
gualitativedifference between the desired and the current emotional states.
To quantitatively represent error, we attach an index to the individual
emotional states in Fig. 13, such that when the erroris positive (negative), we
can guide the error toward zero by applying a positive (negative) influence.
One possible indexing scheme that satisfies the above principle is given in
Table VII.

Unit delay A

+ +
@ 3 Zj M (t+1)

(5] [c]

B Control inputs B

Fig. 14. Emotion transition dynamics.
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TABLE VII
INDEXING OF EMOTIONAL STATES
Emotion Index
Happy 4
Anxious 3
Sad 2
Disgusted 1

We can now quantify error as the difference between the desired emotional
index (DEI) and the current emotional index (CEl). For example, if the desired
emotion is happiness, and the current emotion is sadness, then the erroris e =
DElI - CEl = 4 - 2 = 2. Similarly, when the desired emotion is disgust, and the
current emotion is happiness, error e = DEl - CEl =1-4 = -3,

Naturally, for the generation of control signals, we need to consider both sign
and magnitude of the error. To eliminate the effect of noise in controlling
emotion, instead of directly using the signed errors, we fuzzify the magnitude of
errors into four fuzzy sets (i.e., SMALL, MODERATE, LARGE, and VERY LARGE)
and the sign of errors into two fuzzy sets (i.e., POSITIVE and NEGATIVE) using
nonlinear (Gaussian-type) membership functions. The nonlinearity of the
membership functions eliminates the small Gaussian noise (with zero mean and
small variance) over the actual measurement of error.

Further, to generate fuzzy control signals u and i/, we need to represent the
strength of positive and negative influences in four fuzzy sets (i.e., SMALL,
MODERATE, LARGE, and VERY LARGE) as well. Tables VIII and IX provide a list of
membership functions used for fuzzy control.

In this work, parameter selection of the membership functions has been
achieved by trial and error. To attain the best performance of the controller, we
considered 50 single-step control instances and found that the settings in Table
X gave the best performance for all the 50 instances.

Let AMPLITUDE and SIGN be two fuzzy universes of error, and let STRENGTH be
a fuzzy universe of positive/negative influences. Here, SMALL, MODERATE,
LARGE, and VERY LARGE are fuzzy subsets of AMPLITUDE and STRENGTH,
whereas POSITIVE and NEGATIVE are fuzzy subsets of the universe SIGN. Let x,
y, and z be fuzzy linguistic variables, with x and y denoting error and z denoting
positive/negative influence. Let Ai and Ci be any singleton fuzzy subset of
{SMALL MODERATE,LARGE,VERY-LARGE}, and let Bi be a singleton subset of
{POSITIVE,NEGATIVE}. The general form of the ith fuzzy control rule is as follows.

Rule Ri: If x is Ai and y is Bi Then z is Ci.
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Typical examples of the ith rule are given below.
Rulel: If error is SMALL and error is POSITIVE

Then apply positive influence of SMALL strength.
Rule2: If error is MODERATE and error is NEGATIVE

Then apply negative influence of MODERATE strength.
The Mamdani-type implication relation for Rulei is now given by
Ri(x, y; z) = Min [Min (Ai(x),Bi(y)),Ci(z)] . (17)

Now, for a given distribution of A/(x) and B’(y), where A’ = Ai, and B’ = Bi, we can
evaluate

C’i(z) = MiA/(x),B/(y) o Ri(x, y; z). (18)

To take the aggregation of all the n rules, we determine

C/(z) = Max 'C;".f;-.;:] _ (19)

i=1

Example 1: In this example, we illustrate the construction of Ri(x, y; z) and the
evaluation of C’i (z). Given

POSITIVE(error) ={1/0.2, 2/0.5, 3/0.6}
SMALL(error) ={0/0.9, 1/0.1, 2/0.01, 3/0.005}
SMALL(pos-in) ={2/0.9, 10/0.6, 20/0.21, 30/0.01}.

TABLE VIII

MEMBERSHIP FUNCTIONS OF MAGNITUDE OF ERROR AND UNSIGNED
STRENGTH OF POSITIVE/NEGATIVE INFLUENCE

Signal Membership Functions
SMALL MODERATE LARGE VERY-LARGE
Magnitude of error | exp(- k;. le]) exp(-ks.(lef - 1_5)2) 1- exp(-ks. lef) 1-exp (-ky .le])
(eD
Unsigned strength | exp (-k," . [s]) exp(-ky. (s| -1.5)%) 1-exp(-ky. [s)) 1- exp(-ky. |s])
of influence ([s|)

TABLE IX
MEMBERSHIP FUNCTIONS OF SIGN OF ERROR

Signal Membership Functions
POSITIVE NEGATIVE
Error (e) 1 - exp(-ks. e). 0<e<3 1 - exp(-ks. le[), -3<e<0
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TABLE X
SELECTED PARAMETERS OF THE MEMBERSHIP FUNCTIONS
Parameter | K, ks ks ky ki’ k' ks k, ks
Selected 015 | 0.2 0.16 | 0.008 | 0.16 0.14 018 | 0.008 0.10
value

The relational matrix R (error, error; pos-in) can now be evaluated by
Mamdani’s implication function as follows:

Min [POSITIVE(error), SMALL(error)]
= {(1,0)/0.2, (1, 1)/0.1, (1, 2)/0.01, (1, 3)/0.005 ;
(2, 0)/0.5, (2, 1)/0.1, (2, 2)/0.01, (2, 3)/0.005 ;

(3, 0)/0.6, (3, 1)/0.1, (3, 2)/0.01, (3, 3)/0.005}.
Using (17), the R (error, error; pos-in) matrix is now obtained as

pos-influence

€€ 02 10 20 30

/ 1,0 02 0.2 0.2 001
1.1 01 0.1 0.1 001
1,2 001 001 001 001
1.3 0,005 0005 0.005 0.005
2,0 05 0.5 0.2 001
2,1 01 0.1 0.1 0.01
2,2 001 001 001 001
2,3 0,005 0.005 0.005 0.005
3.0 0.6 0.6 0.2 001
3,1 01 0.1 0.1 0.01
3

.2 001 001 001 001
\3.3 0005 0.005 0.005 E].[Jﬂ:ﬁlj

Let us now consider the observed membership distribution of error to be
positive and small as follows:

POSITIVE/(error) ={1/0.1, 2/0.5, 3/0.7}
SMALL(error) ={0/0.2, /0.1, 2/0.4, 3/0.5}.
We can evaluate

SMALL/(pos-in)
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= Min POSITIVE/(error), SMALL/(error)
o R(error, error; pos-in)
=[0.10.10.10.10.20.10.40.50.20.10.40.5]
o R(error, error; pos-in)
=[02/0.2 10/0.2 20/0.2 30/0.01].

To determine the strength of audiovisual movies to be selected for
presentation to the subject, we need to defuzzify (decode) the control signal
Ci(pos-in) or Ci(neg-in). Let

C(pos-in) = (x1/C(x1), X2/C(x2),..., Xn/C(xn)}.
Then, centroidal-type defuzzification (decoding) [21] yields the value of the

control signal

n n
Xaeffey = »_ C(xi)/ Y _ C(xi)-
i=1 i=1

Example 2: Let
C(pos-in) =[1/0.2, 3/0.2, 6/0.2, 9/0.1].

The defuzzification of the control signal by the centre of gravity method is
obtained as

. _1><[].?+3/[]_Q—G\[]_2+ﬂ\{).1
Kdeffzy = 02+02+02+01

=4.14.
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Fig. 15. Complete scheme of Mamdani-type emotion control.

Architecture of the Proposed Emotion Control Scheme

A complete scheme of the Mamdani-type emotion control ispresented in Fig.
15. The scheme includes an emotion transition dynamics with provision for
control inputs u and i/, and a fuzzy controller to generate the necessary
control signals. The fuzzy controller compares DEl and CEl, and their
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differenceis passed through the AMPLITUDE and SIGN fuzzy encoder. A fuzzy
relational approach to the automatic reasoning introduced earlier in this work
is then 'employed to determine the membership distribution of Ci(pos-in)
and C/(neg-in) using the ith fired rule. The MAX units determine the
maximum of Ci(pos-in) and C/(neg-in) that corresponds to all the firedrules,
resulting in u and i/, which are supplied as control inputs to the emotion
transition dynamics. The generation of control signals u and ¢’ are continued
until the next emotional index (NEI) is equal to the DEI. When NEl is equal

toDEI, the control switches S and S/, which were closed sincestartup, are
opened, as further transition of emotion is no longerrequired.

The decoding units are required to defuzzify the control signals g and p’. The
decoding process yields the absolute strength of audiovisual movies in the range
[ 3, +b], where integers a and b are determined by system resources, as discussed
in Section V. The decoding process thus selects the audiovisual movie of
appropriate strength for presentation to the subjects. Note that there are two
fuzzy decoders in Fig. 15. When the error is positive, only fuzzy decoderl is used.
On the other hand, when the error is negative, fuzzy decoder 2 is used.

Experiments and Result

The proposed architecture (Fig. 15) was studied on300 individuals at
Jadavpur Uﬁiversity. The experiment began with 100 audiovisual movies
labeled with a positive/negative integer in [ a, +b], which represents the
strength of positive/ negative external stimulus. The labeling was done by a
group of 50 volunteers who assigned a score in [ a, +b]. The averageof the scores
assigned to an audiovisual movie stimulus is rounded-off to the nearest integer
and used as its label. When the variance of the assigned scores for a movie is
above a selected small threshold (  1.8), we drop it from the list. In this manner,
we selected only 60 movies, dropping 40 movie samples. This signifies that the
scores obtained from 50 volun teers are close enough for the selected 60
audiovisual movies, which indicates good accuracy of the stimulus.

The current emotion of a subject is detected by the emotion recognition scheme
presented in the previous sections. The desired emotion is randomly selected
for a given subject. The control scheme outlined in Section IV is then invoked.
When fuzzy decoder 1 or 2 (Fig. 15) generates a signed score, the nearest
available average-scored audiovisual movie is selectedfor presentation to the
subject. Note that when error e is equal to m (m <= 3), we need to select a
sequence of at leastm audiovisual movies until NEI becomes equal to DEI. An
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experimental instance of emotion control is shown in Fig. 16, where the current
emotion of the subject at time t = 0 is disgust, and the desired emotion is
happiness. This requires three state transitions in emotions, which can be
undertakenby presenting three audiovisual movies of strength +28 units,+16
units, and +08 units, in succession, to the subject. Here,DEI = 3, and CEl = 0;
therefore, error e = DEI  CEl = 3 >0. Since the error is positive, we apply
positive instances of suitable strength as decided by the fuzzy controller. If the
errorwere negative, then the fuzzy controller would have selected audiovisual
stimuli of negative strength.

Two interesting points of the experiment include 1) good experimental accuracy
and 2) repeatability. Experimental ac- curacy ensures that we could always
control the error to zero. Repeatability ensures that for the same subject and
the same pair of current and desired emotional states, the selected setof
audiovisual movies is unique. Robustness of the control algorithm is thus
established. In Fig. 16, the widths of the control pulses are 3, 2, and 2 s. At
time t = 0, the error is large and positive. Therefore, the control signal
generated has a positive strength of long duration. Then, with a gradual
decrease in error, the strength of the control signal and its duration decrease.

28

16 —

08 —

Time (in seconds) —

Fig. 16. Submission of audiovisual stimulus of strength 28, 16, and 8 for controlling the emotion of
a subject from the disgusted state (leftmost) to a final happy state through sad and anxious states
(in that order).
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CHAPTER 2

General and Interval Type-2 Fuzzy Face-Space Approach to Emotion Recognition
PRELIMINARIES ON T2 FUZZY SETS

In this section, we define some terminologies related to T1 and T2 fuzzy sets.
These definitions will be used throughout the work.

Definition 1: Given a universe of discourse X, a conventional T1 fuzzy set A
defined on X, is given by a 2-D membership function, also called T1
membership function. The (primary) membership function, denoted by uA(x), is
a crisp number in [0, 1] for a generic element x € X. Usually, the fuzzy set A is
expressed as a two tuple [78], given by

A ={lx pA(x)) [ & EX}. (1)

An alternative representation of the fuzzy set A is also found in the literature
as given in (2).

A= [ palx)|x (2)

reX

Where | denotes union of all admissible x. Definition 2: A T2 fuzzy set A is
characterized by a 3-D membership function, also called T2 membership
function, which itself is fuzzy. The T2 membership function is usually denoted
by uA~(x, u), where x €X,and u €Jx <0, 1] [81].

Usually, the fuzzy set A” is expressed as a two tuple:

A”={((x, u), u " Alx, u)) [x EX, u €Jx €0, 1]} (3) , where uA~(x, u) €0, 1]. An
alternative form of representation of the T2 fuzzy set is given in (4)

A= / / p (e, u)|(z,u), J, € [0,1] 4)
reX ucdy
f [ felu)

?.'fh.J';—
reX

- iz, Iy C [0,1] (5)

Where fx(u) = uA~(x, u) €[0, 1]. The /'] denotes union over all admissible x
and u [81].

Definition 3: At each point of x, say x = x’, the 2-D plane containing axes u and
U(x’, u)is called the vertical slice of uA~(x, u). A secondary membership function
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is a vertical slice of uA~(x, u). Symbolically, it is given by uA~(x, u) at x = x/ for x/
eXand Wu €Jx/ €]0, 1]

palr = ' u) = f fer(u)|u, J; € [0,1] (6)
e _.':

Where 0 < fx’ (u) £ 1. The amplitude of a secondary membership function is
called secondary grade (of membership). In (6) Jx’ is the primary membership
of x’.

Definition 4: Uncertainty in the primary membership of a T2 fuzzy set A™ is
represented by a bounded region, called footprint of uncertainty (FOU) [81],
which is the defined as the union of all primary memberships, i.e.,

FOU(A)= U J,. (7)

J':.'_:"
If all the secondary grades of a T2 fuzzy set A™ are equal to 1, i.e,,

pilz,u) =1vr e X, Vue J, C[0,1] (8)

then A” is called IT2FS. The FOU is bounded by two curves, called the Lower and
the Upper Membership functions, denoted by u ~ A (x) and uA~(x), respectively,
where u ~ A(x) and uA™(x) at all x, respectively, take up the minimum and the
maximum of the membership functions of the embedded T1 fuzzy sets [80] in
the FOU.

UNCERTAINTY MANAGEMENT IN Fuzzy FACE SPACE FOR EMOTION RECOGNITION

This section provides a general overview of the proposed scheme for emotion
recognition using T2 fuzzy sets. Here, the emotion recognition problem is
considered as uncertainty management in fuzzy space after encoding the
measured facial attributes by T2 fuzzy sets.

Let F={f1, f2, ..., fm} be the set of m facial features. Let uA~(fi) be the primary
membership in [0,1] of the feature fi to be a member of set A™, and u(fi, HA™(fi))
be the secondary membership of the measured variable fiin [0,1]. A primary and
secondary membership function corresponds to a particular emotion class c, are
denoted by uA~c(fi) and u(fi, uA~c(fi)), respectively. If the measurement of a
facial feature, fi, is performed p times on the same subject experiencing the
same emotion, and the measurements are quantized into g intervals of equal
size, we can evaluate the frequency of occurrence of the measured variable fiin
g quantized intervals. The interval containing the highest frequency of
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occurrence then can be identified, and its center, mi, approximately represents
the mode of the measurement variable fi. The second moment, oi, around mi is
determined and a bell-shaped (Gaussian) membership function centered at mi
and with a spread oi is used to represent the membership function of the
random variable fi. This function represents the membership of fi to be CLOSE-
TO the central value, mi. It may be noted that a bell-shaped (Gaussian-like)
membership curve would have a peak at the center with a membership value
one, indicating that membership at this point is the largest for an obvious reason
of having the highest frequency of fi at the center.

On repetition of the above experiment for variable fi on n subjects, each
experiencing the same emotion, we obtain n such membership functions, each
one for one individual subject.

Naturally, the measurement variable fi now has both intraand inter-personal
level uncertainty. The intra-level uncertainty occurs due to the pre-assumption
of a specific (Gaussian) primary membership function, and the inter-level
uncertainty occurs due to multiplicity of the membership functions for n
subjects. Thus, a new measurement for an unknown facial expression can be
encoded using all the n-membership curves, giving n possible membership
values, thereby giving rise to uncertainty in the fuzzy space.

Emotion: ANGER

&£.(f)

Primary Memberships -->

;. (1)

0.5 : 1
f;  feature f; >

Fig. 1 Experimental FOU for feature fi = Mouth-Opening.

The uncertainty involved in the present problem has been addressed here by
three distinctive approaches: 1) IT2FS, 2) IA-IT2FS, and 3) GT2FS. The first
approach is simple, but more error prone as it ignores the intra-level
uncertainty. The second and the third approaches are robust as they are capable
to take care of both the uncertainties. However, the modality of uncertainty
management by the second and the third approaches is significantly different.
The second approach models each subject’s interval using a uniform probability
distribution, and thus the mean and variance of each interval are mapped into
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an embedded T1 fuzzy set. The third approach handles intra- and inter-personal
level uncertainty compositely by fusing the primary and the secondary
membership functions into an embedded interval T2 membership function. All
three approaches have many common steps. Hence, we first present the steps
involved in IT2FS and then explain the two techniques without repeating the
common steps further.

Principles Used in the IT2FS Approach

A. Principles Used in the IT2FS Approach The primary membership functions for
a given feature value fi corresponding to a particular emotion ¢ taken from n-
subjects together forms a IT2FS A™c, whose FOU is bounded by a lower and an
upper membership curves T;i.(filand i ;.(f:) respectively, where

Eﬁ.z"»f* ) =Min -{_Irf_]iﬁ[ff- ]_Ir."_"i:_::f,-;u _____ n'i (fi I}, (9)
B (fi) =Mazx {p (fi). 1% ()., u (f:)} (10)

are evaluated for all fi, and ‘Iff},'lfa J;1=Jj=mn. denotesthe primary membership
function of feature fi for subject jin IT2FS A”c. Fig. 1 provides the FOU for a given
feature fi. Now, for a given measurement f/ i, we obtain an interval

5.7 75D representing the entire span of uncertainty of the measurement
variable f ‘i in the fuzzy space, induced by n primary membership distributions:

The interval [Qi‘;.ﬁ'lffﬁ 3'-1_“.1::-?ff':_3:] is evaluated by replacing fi by f/ in (9) and (10),
respectively. If there exist m different facial features, then for each feature, we
would have such an interval, and consequently we obtain m such intervals given

by

[ (7)) e ()] [ (#) B (£)] oo

The proposed IT2FS reasoning system employs a particular format of rules,
commonly used in fuzzy classification problems [89]. Consider for instance a
fuzzy rule, given by Rc:if flisA"1 AND f2isA”2.... AND fmis A"m then emotion
class is c. Here, fi for i = 1 to m are m-measurements (feature values) and
A"1,A72,...,A"mare IT2FS on the respective domains

A = [Ir.' i(llf;}..?f_,;,[f,-jf Wi, (11)
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Since an emotion is characterized by all of these m features, to find the overall
support of the m features (m measurements made for the unknown subject) to
the emotion class c represented by the n primary memberships, we use the fuzzy

meet operation §min — \fin ){Eﬁ.:- (fJJ . (f] e (L]} (12)

smex = Min {3, (fj) i, (f] T (r) } . (13)

Thus, we can say that the unknown subject is experiencing the emotion class ¢
at least to the extent smin c, and at most to the extent smax c .

To reduce the nonspecificity associated with the interval sc-i = [smin ¢, smax c
], different approaches can be taken. For example, the most conservative
approach would be to use lower bound, while the most liberal view would be to
use the upper bound of the interval as the support for the class c. In the absence
of any additional information, a balanced approach would be to use center of
the interval as the support for the class ¢ by the n primary memberships to the
unknown subject. This idea is supported byMendel [84] and Lee [90].We
compute the center Sc of the interval Sc-i

lr\-'*::'!f” 4 _,_;;'Ili-:.'.i'}
..'J -

=

S, = (14)

expression is in emotion class c. Now, to predict the emotion of a person from
his facial expression, we determine Sc for each emotion class. Presuming that
there exist k emotion classes, let us denote the degree by which the emotion
classes 1, 2, ..., k support the unknown facial expression be S1, S2, . .. .Sk,
respectively.

Since a given facial expression may convey different emotions with different
degrees, we resolve the conflict by ranking the Si for i = 1 to k, and thus
determine the emotion class r, for which Sr >= Si for all i.

The principle of selection of the emotion class r from a set of competitive
emotions, satisfying the above inequality holds, since the joint occurrence of the
fuzzy memberships, induced by (54)—(56), for all the features of the given facial
expression for emotion r is the greatest among the same values for all other
emotions.
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Principles Used in the GT2FS Approach

The previous approach employs a reasoning mechanism to compute the degree
of support of kK emotion classes induced by m features for each class to an
unknown facial expression using a set of k x m IT2FS. The GT2FS-based reasoning
realized with measurements taken from n-subjects, however, requires k xm x n
GT2FSs to determine the emotion class of an unknown facial expression. The
current approach tunes the primary membership values for the given
measurements using the secondary memberships of the same measurement,
and thus reduces the degree of intra-level uncertainty of the primary
distributions. The reduction in the degree of uncertainty helps in improving the
classification accuracy of emotion at the cost of additional complexity required
to evaluate T2 secondary distributions and also to reason with k x m x n fuzzy
sets.

Let fi be the measurement of the ith feature for a subject with an unknown
emotion class. Now, by consulting the n primary membership functions that
were generated from n-subjects in the training data for a given emotion class, c,
we obtain n primary membership values corresponding to fifor emotion class ¢
as given byt (fi): 15, (fi): - 15, (fi), Let the secondary membership values for each
primary membership value, respectively, be#(fis 15, (i) i fos i (Fi)) s mlfis i ()

Note that, these secondary membership values correspond to emotion class c.
unless clarity demands, we have avoided (here and elsewhere) use of a subscript
to represent the emotion class. We now fuse (aggregate) the evidences provided
by the primary and secondary membership values to obtain the modified
primary membership supports. A plausible way of fusing would be to use a T-
norm. Here, we use the product. The product always lies within the FOU and
thus satisfies Mendellohn Representation Theorem [39]. Further higher is the
secondary membership, higher is the product representing new embedded fuzzy
membership. Since the secondary membership represents the degree of
correctness in primary membership, the product helps in reduction of intra-level
uncertainty. Thus, for subject j of the training data representing emotion class c,
we obtain

el (F)=ws (F)x (fi by (F)) Vi=1,com (19)

where ""#5.(/) denotes the modified primary membership value for jth training
subject for cth emotion class. The secondary membership values used in the
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above product function are evaluated using their primary memberships

obtained by a procedure discussed dy i (/) in Section IV.
1".. P

The next step is to determine the range of [medy, (! ) mod ;—,1 (t/)).forj=1ton,

comprising the minimum and the maximum given by

uu.:':lﬁ;l (}(4/) :ﬂ[';n{mod” l‘1 (f/)
: : ’
mml!(‘li_ii (}11/) o mml“tﬁi (](P/)} ( |6)
mod— _( ¢/ _; ,Jmod 1 o/
¥ (}‘, ) _;’Urm{ I (fJ )
J
mc..lcl;l,li_.ii (f,./) o llll”l}"‘i-fi (}l’/ )} ) ( |7)

Now, for m features, the rule-based T2 classification is performed in a similar
. . . . ey —_ Y . o el
manner as in the previous section with pi(fi) and mi(f7) by p;(f;) and

modpy (f/), Respectively.

Methodology

We briefly discuss the main steps involved in fuzzy facespace construction based
on the measurements of m facial features for n-subjects, each having / instances
of facial expression for a particular emotion. We need to classify a facial
expression of an unknown person into one of k emotion classes. IT2FS-Based
Emotion Recognition:

1) We extract m facial features for n subjects, each having / (/ could be different
for different emotion classes) instances of facial expression for a particular
emotion. The above features are extracted for k-emotion classes.

2) We construct a fuzzy face space for each emotion class separately. The fuzzy
face space for an emotion class comprises a set of n primary membership
functions for each feature. Thus, we have m groups (denoted by m rows of
blocks in Fig. 2) of n-primary membership functions (containing n blocks
under each row of Fig. 2). Each primary membership curve is constructed
from /-facial instances of a subject attempted to exhibit a particular emotion
in her facial expression by acting.
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3) For a given set of features/!,f4.---./n obtained from an unknown facial
expression, we determine the range of membership for feature /7, given by
[%2~ (/)44 (7/)], where A™ is an IT2FS with a primary membership function
defined as CLOSE-TO-center-value-m of the respective membership
function.

4)

Emotion class r

IfS, =S; V/ i then emotion class=r

S
S max
1

Sl"“" kl“il\
Fuzzy Meet < Fuzzy Meet <
Operation ceollecccccccccoccsccscnee Operation
Emotion| FIN o T “motion k ~ - (f
motion - Iﬁ_,i(»/l ) //‘1(./1 ), Emotion k Iﬁ,((fl )o /’;(./l L
= 2 ! J J
s 1
Emotionl
£/ L (> B (S,

Fig. 2.The IT2FSS-based emotion recognition.

5) Now, for an emotion class j, we take fuzzy meet operation over the ranges
for each feature to evaluate the range of uncertainty for individual emotion
class. The meet operation here is computed by taking cumulative t-norm
(here we use min) of pA~(f/) and ua™(f/) separately for i = 1 to m, and thus
obtaining S/™"and S, respectively (see top of Fig. 2).

6) The support of the j-th emotion class to the measurements is evaluated by
computing the average S;of S™"and Sjmax.

7) Now, we determine the maximum support offered by all the k emotion

classes, and declare the unknown facial expression to have emotion r, if 5,2
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Sifor all emotion class i = 1 to k. The suffix j in [u™"a (f/), u™a (f/)]; refers to

the range in that interval for emotion j.

GT2FS-Based Emotion Recognition:
1) This step is same as the step 1 of IT2FS-based emotion recognition.

2) The construction of the primary membership functions here follows the
same procedure as given in step 2 of IT2FS-based recognition scheme. In
addition, we need to construct secondary membership functions for
individual primary membership curves. The procedure for construction of
secondary membership functions will be discussed in Section IV. The
complete scheme of construction of T2FFS, considering all k emotion
classes, is given in Fig. 3.

3) For a given feature f/, we consult each primary and secondary membership
curve under a given emotion class, and take the product of primary and
secondary membership at f; = f/. The resulting membership value obtained
for the membership curves for the subject w in the training data is given by

mod (ﬁ_/) =t (f/) X (f,;/-,#f'{ (f;/)) (18)

where the notations have their usual meaning. Now, for w = 1 to n, we

evaluate “md“ffi(-ff/), and thus obtain the minimum and the maximum values of
"4, to obtain a range of uncertainty [™9uA-(f/),™¢ us"(f/)]. This is
repeated for all features under each emotion class. In Fig. 4 we, unlike
conventional approaches, present secondary membership functions against
feature f/, for i = 1 to m. Such representation is required to demonstrate the

computation of ™9uA-~(f/).
4) Step 4 is the same as that in IT2FS-based recognition scheme with the

replacement of u ~(f/) and ua™(f/),
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Fig. 3. General type-2 fuzzy face-space construction for m features, k emotion classes, and n subjects.

respectively, by modya-(f/) andimod,uA*(ﬁ/). Steps 5 and 6 are exactly similar to
those in IT2FS-based recognition scheme. A complete scheme for GT2FS-based

emotion recognition, considering support of k-emotion classes is given in Fig.
5.

.FUZZY T2 MEMBERSHIP EVALUATION

In this, we discuss T2 membership evaluation [89]—[81]. Although theoretically
very sound, T2 fuzzy set has limitedly been used over the last two decades
because of the users’ inadequate knowledge to correctly assign the secondary
memberships. This work, however, overcomes this problem by extracting T2
membership function from its T1 counterpart by an evolutionary algorithm. A
brief outline to the construction of secondary membership function is given in

this section.
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Intuitively, when an expert assigns a grade of membership, she is relatively more
certain to determine the location of the peaks and the minima of the function,
but may not have enough background knowledge to correctly assign the
membership values at other points. Presuming that the (secondary)
membership values at the peak and the minima are close to 1, we attempt to
compute secondary memberships at the remaining part of the secondary
membership function. The following assumptions are used to construct an
objective function, which is minimized to obtain the solution of the problem.

1) Let x = x, and x = x4 be two successive optima (peak/minimum) on the
primary membership function ua(x). Then, at any point x lying between x,
and x,, the secondary membership u(x,ua(x)) will be smaller than both

U(Xp, a(Xp)) and p(xg, 1a(xqg)).

2) The fall-off in secondary membership at a point x away from its value at a
peak/minimum u(x,, ta(xp)) is exponential, given by

H(x,Ha(x)) = p(xp, Ha(Xp)).-exp(=]x = Xp]). (19)

3) The secondary membership at any point x between two consecutive optima
at x = xpand x = x4 in the primary membership is selected from the range
[a, 8], where

@ = ji (g, pa(y)) . exp (=[x — ) }
B = plxg,palry)).exp(=|z —)) | (20)

T1 defuzzification over the average of n primary membership functions
should return the same value as obtained by T2 defuzzification for a given
primary membership function for any given source. This assumption holds
because the two modalities of defuzzification, representing the same real-
world parameter, should return close values, ignoring the average inter-
personal level of uncertainty while taking the average of n-primary
membership functions.

4) The unknown secondary membership at two values of x separated by a small
positive 6 should have a small difference. This is required to avoid sharp
changes in the secondary grade.

Let the primary membership functions for feature fi = x from n sources be
pil@), (@) 15 (2) Then, the average membership function which represents a
special form of fuzzy aggregation is given by
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n .
S it (2)
py(r) = L vz (21)
! n

i.e., at each position of x = xj, the above membership aggregation is employed
to evaluate a new composite membership profile ua™(x). The defuzzified signal
obtained by the centroid method [36] from the averaged primary membership

function is given by

i (@) (22)
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Fig. 4. Computing support of the general type-2 fuzzy FS for emotion class i.
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Fig. 5.GT2FFS-based emotion classification.

Further, the T2 centroidal defuzzified signal obtained from the ith primary and
secondary membership functions here is defined as

E .1'.;."3 (z).p (.z-.lr."f-\ :;.1'])
G= —— _ . (23)
L . | . L - |
%,ﬁ'_i (x).p (.1 N |_.rf.)

The products of primary and secondary memberships are used in (23) to refine
the primary memberships by the degree of certainty of the corresponding
secondary values.

Using assumptions 3 and 4, we construct a performance index Ji to compute
secondary membership for the ith subject for a given emotion

TR-1

J=@=224 Y {n((w+0), 15 (@+0) —p (2,45 (2)) )

(24).

The second term in (24) acts as a regularizing term to prevent abrupt changes in
the membership function. In (24),x1 and xzare the smallest and the largest values
of a given feature considered over R sampled points of“i(*). In (24), & = (xg -
x1)/(R - 1) and xk= x1+ (k — 1). 6 for k = 1,....,R. The secondary membership
evaluation problem now transforms to minimization of J; by selecting wla, piz(@)
from a given range [a,8], where a and 8 are the secondary memberships at the
two optima in secondary membership around the point x. Expressions (20) are
used to compute o and 8 for each x separately. Note that, for each subject
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carrying individual emotion, we have to define (23) and (24) and find the optimal
secondary membership functions.
Any derivative-free optimization algorithm can be used to minimize J; with

respect to secondary memberships, and obtain ,u(.r,,u'tﬂ (z)) at each x except the
optima on the secondary membership. Differential evolution (DE) [76] is one
such derivative-free optimization algorithm, which has fewer control
parameters, and has outperformed the well-known binary coded genetic
algorithm [96] and particle swarm optimization algorithms [97] with respect to
standard benchmark functions [87]. Further, DE is simple and involves only a few
lines code, which motivated us to employ it to solve the above optimization
problem.

An outline to basic DE [76] is given in the Appendix. An algorithm to compute
the secondary membership function of a T2 fuzzy set from its primary
counterpart using DE is given below.

1) Obtain the averaged primary membership function pa~(x) from the primary
membership functions obtained from n sources, i.e., i = 1,....,n. Evaluate c,
and also ¢ for a selected primary membership distribution #(@using (22)
and (23), respectively.

2) Find the optima on’i (%) for given j. Let the set of x corresponding to the

optima be S. Set the secondary membership“(%“ﬁ(a’)) to 0.99 (close to one)
forall x €S.

3) For each x € X, where x /€ S, identify the optima closest around x from S.
Let they be located at x = x, and x = x4, where x, < x < x4. Determine o and 8

for each x, given by (20).
4) For each x, where u(x,1/A-(x)) lies in [a,8], minimize J; by DE.

5) Obtain u(x,A-(x)) for all x after the DE converges. 6) Repeat step 2 onwards

for all j.

For a Gaussian primary membership function, the minimum occurs at infinity,
but the minimum value is practically zero when x is m + 40, where m and o are

mean and standard deviation of x. In Step 2, the minimum is taken as m * 4¢,
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and we obtain x by dividing the range [m - 40,m + 40] into equal intervals of

same length (here 20 intervals).

An illustrative plot of secondary membership function for a given primary is
given in Fig. 6.

FILTERING UNWANTED DATA POINTS IN FEATURE SPACE USING INTERVAL
APPROACH

The IT2FS-based scheme for emotion recognition given in Section Il is
computationally efficient with good classification accuracy. However, its
performance depends greatly on the measurements obtained from facial
expressions of the experimental subjects. In order to reduce the effect of
outliers, we here present a scheme of data pre-processing/filtering and selection
of membership functions following the well-known IA [110].

The important steps of IA used in the present context are re-structured for the
present application as outlined below. Let [a”,b")] be the end-point interval of
measurements of a given facial feature for the ith subject obtained from /
instances of her facial expressions for a specific emotion.

Step 1) (Outlier processing): This step divides the two sets of lower and upper
data end-points: a'? and b, respectively, for i = 1 to n subjects in
quartiles, and tests the acceptability of each data end-point by satisfying
the following criteria:

a € [Q4(0.25)~1.5IQR,,Q,(0.75)+ 1.5IQR,]
b € [Q4(0.25)—1.5IQRy, Qy(0.75)+1.5IQR,] 3 (25)
LY €[Q1(0.25)=1.5IQR, Qr(0.75)+1.51QRy |

where Qj(x) denotes the quartile ranges containing the first x% of the data
points in the j-th data set. Here, j € {a,b,L} and a,b denote lower, upper end
points of intervals, and L is the length of an interval. IQR denotes intra-quartile
range and is defined by Q(0.75) minus Q(0.25). The suffixes a,b and L in IQR
denote the IQR for left, right end points and interval length, respectively. L? s
defined as the length of data interval = b - g, for i = 1 to n. The reduced set
of data end-points after outlier processing is r’.
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Fig. 6. (a) The primary membership function for a given feature and (b) its corresponding secondary
membership function obtained by minimizing /..

Step 2) (Tolerance limit processing): This step deals with tolerance limit
processing by presuming the data distributions to be Gaussian, and
testing whether lower/upper data end-points: a,b"” and interval length
L% ie within mean plus/minus k(= 2.752) times the standard deviation of
the data points. The number 2.752 appears in the scenario for statistical
validation with 20 data end-point intervals for 20 subjects [110].

If a data interval [a",b"] and its length L") satisfy (26), the interval is
accepted, otherwise rejected:

a' € [my — ksy,my + ks
b € [m, — ks, m, + ks, |
(26)

L@ ¢ [-m,_ —ksp,mp + kS.L]

where, mjand s; denotes sample mean and standard deviation for j €
{Lr,L}, for the n’ set of data points/intervals. After tolerance processing,

the reduced set of data end-points is n”’.

Step 3) (Reasonable-interval test): This step checks whether intervals are

reasonable, i.e., they are overlapped. This has been performed by
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computing &, given in (27) and then by testing whether lower bounds
of each interval a'? < & and upper bound b") > &, where &*is one of the
possible values of

[.l.lr,f.rl.: s ) -i-.n_-f.r..l:u.'.- ) +2 '{”.‘I ”._)l' In (:_)J I

ar—T=
[ T

(27)

where mjand o/are sample mean and variance of the n”/left endpoints and
mrand o,are sample mean and variance of the n”/right endpoints. If m;<=
& <= m,is satisfied, then the data intervals are retained and dropped
otherwise. The remaining number of data points after the drop of some
intervals is called n””.

Step 4) (FOU selection): This step is used for the selection of the right FOU among
triangle, left shoulder, and right shoulder. For each FOU, the criteria can
be found in [110]. We here reproduce the results for triangular FOU only,
as our results to be given in Section VI yields triangular FOU. For triangular
FOU, the conditions are

my <5.831m; — 1.328—2<

/77
Sq
m, <0.171m; +8.29 — 1'328\/W
my > m (28)

where s.= standard deviation of [b") - 5.831a")] for i = 1 to n’”/, s4= standard

deviation of [b") - 0.17a") - 8.29] fori =1 to n’”.

Step 5) (FOU parameter evaluation): This step deals with parameter evaluation
of the triangular membership functions for the existing data intervals
[ b]. For each interval [a?,b)], we obtain the parameters i/r and bi/r
representing the end-points of the x-coordinates of the base for a
symmetric triangular membership function as reproduced below [68]:

CIE‘?F — % [(a(i) + b(i)) _ \/i (5(1) . a(,;))] (29)
bg‘l}F — % [(a(i) + b(i)) +2 (b(z') B a(,j))]

We use these membership functions in place of Gaussian membership functions
in our IT2FS approach and call this approach as IT-IT2FS
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LEE;

Fig. 7. Facial features.

(@) (b)

Fig. 7.(a) Localized eye search region, and (b) detection of eye features.

EXPERIMENTS DETAILS

Here, we consider the following k(= 5) emotion classes: anger, fear, disgust,
happiness, and relaxation. The experiment is conducted with two sets of
subjects: 1) the first set of n(= 20) subjects is considered for designing the fuzzy
face space and 2) the other set of 40 facial expressions taken from six unknown
subjects is considered to validate the result of the proposed emotion
classification scheme. Five facial features (i.e., m = 5) have been used here to
design the T2 fuzzy face space.

We now briefly overview the main steps of feature extraction followed by fuzzy
face-space construction and emotion recognition of an unknown subject using
the pre-constructed face space.

Feature Extraction

Feature extraction is a fundamental step in emotion recognition. This work
considers extraction of features from emotionally rich facial expressions
synthesized by the subjects by acting. Existing research results [56], [70] reveal
that the most important facial regions responsible for the manifestation of
emotion are the eyes and the lips. This motivated us to select the following
features: Left eye opening (EO,), right eye opening (EOg), Distance between the
Lower Eyelid to the Eyebrow for the Left Eye (LEE.), distance between the lower
eyelid to eyebrow for the right eye (LEEr), and the maximum mouth opening
(MO) including the lower and the upper lips. Fig. 7 explains the above facial
features on a selected facial image.
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For extraction of any of the features mentioned above, the first step that needs
to be carried out is to separate out the skin and the non-skin regions of the
image.

Estimation of Eye Features (EO. LEE, EOr, and LEEg): To compute the eye
features, we first localize the eye region as shown in Fig. 8(a). The image in Fig.
8(a) is now transformed to gray scale, and average intensity over each row of
pixels is evaluated. Now, we identify the row with the maximum dip in average
intensity, while scanning the image from top. This row indicates the first dark
region from top, i.e., the eyebrow region (Fig. 8(b)). Similarly, we detect the
lower eyelid by identifying the row with the maximum dip in intensity in the gray
scale image, while scanning the face up from the bottommost row. The location
of the top eyelid region is identified by scanning the face up from the marked
lower eyelid until the maximum dip occurs in the gray scale image.

(b) (c)

Fig. 8. (a) Mouth search area, (b) lip cluster, and (c) graph of average intensity over each row against
the row position.

Estimation of MO: In order to estimate the MO, we first localize the mouth
region as shown in Fig. 9(a). Then, a conversion from R-G-B to perceptually
uniform L* - a*- b* color space is undertaken in order to represent the perceptual
difference in color by Euclidean distance [111]. The k-means clustering algorithm
is applied next on this image to segment the image into three clusters, namely
skin, lip, and teeth regions. Each cluster is now transformed to gray scale, and
the one with the highest average gradient of the boundary points (in intensity)
is declared as the lip region. Now, to obtain the MO, we plot the average
intensity over each row of Fig. 9(b) against the row number. The width of the
zero-crossing zone in the plot (Fig. 9(c)) provides a measure of MO.

Experiments are undertaken both on colored image database such as the Indian
Women (Jadavpur University) database, and gray scale images including
Japanese Female Facial Expression (JAFFE) and Cohn-Kanade databases. The
principles of feature extraction introduced above are equally applicable in both
color and gray scale images. However, for color images, we need a conversion
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to gray scale to determine the features of eye and mouth of the subject. In
addition, for the gray scale facial images, segmentation of lip-, skin-, and teeth-
regions is performed with intensity data only, unlike the case in color images,
where we use the 3-D data points (L*,a*,b*) as the input to the k-means algorithm
for segmentation.

Selective images from three facial expression databases are given in Fig. 10.
Training and test image data partition for three experimental databases is given
in Table I. The training data in Table | include / instances for n subjects for k
distinct emotions.

The following explanation in this section is given with respect to Indian Woman
Database (Jadavpur University).

Creating the T2 Fuzzy Face Space

The interval T2 fuzzy face space contains only the primary membership
distributions for each facial feature. Since we have five facial features, and the
experiment includes five distinct emotions of 20 subjects, we obtain 20 x5 x5 =
500 primary membership curves. To compute primary memberships, ten
instances of a given emotion are used. These 500 membership curves are
grouped into 25 heads, each containing 20 membership curves of 20 subjects for
a specific feature for a given emotion. Fig. 11 gives an illustration of one such
group of 20 membership functions for the feature EO. for the emotion: Anger.
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Fig. 9. Experiment done on different databases: (a) JAFFE, (b) Indian women database (Jadavpur
University), (c) Cohn-Kanade database.

TABLE |
TRAINING AND TEST DATA FOR THREE DATABASES

Databases used Training Images Test Images
selected at random
(nxIxk)
JAFFE 5%3x5 40
Indian Woman(J.U) 20x10%5 40
Cohn-Kanade 10%5%5 40

For each primary membership function, we have a corresponding secondary
membership function. Thus, we obtain 500 secondary membership functions.
Two illustrative T2 secondary memberships for subjects 1 and 2 for the feature
EO. for the emotion anger are given in Fig. 12. The axes in the figure represent
feature (EOL), primary and secondary membership values as indicated.
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Fig. 11. (a) Secondary membership curve of subject 1. (b) Secondary membership curve of subject 2
for emotion anger.

Emotion Recognition of an Unknown Facial Expression

The emotion recognition problem addressed here attempts to determine the
emotion of an unknown person from her facial expression. To keep the
measurements in an emotional expression normalized and free from distance
variation from the camera focal plane, we construct a bounding box, covering
only the face region, and the reciprocal of the diagonal of the bounding box is
used as a scale factor for normalization of the measurements. The normalized
features obtained from Fig. 13 are listed in Table Il. We now briefly explain the
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experimental results obtained by two alternative reasoning methodologies
incorporating IT2FS and GT2FS.

Fig. 12.Facial image of an unknown subject.

TABLE 1l
EXTRACTED FEATURES OF FIG. 13

EOp EOr MO LEEL LEER
0.026 | 0.026 0.135 0.115 0.115

TABLE 11l
CALCULATED TYPE-2 PRIMARY MEMBERSHIP VALUES
FOR THE FEATURE: EOL UNDER EMOTION: DISGUST

Feature: EQ; (pri)

Primary Memberships (ppri)
065010 015 [ 045 |0.18 [ 0.55]0.06 | 041 | 0.16 |0.12

03810451009 | 0.19 | 0.67 | 0.68 | 0.52 [ 0.44 | 0.37 [ 0.55
Range (min{ pyrif, max{ pyri})=[0.06, 0.68]

TABLE IV

CALCULATED RANGES OF PRIMARY MEMBERSHIPS AND CENTRE
VALUE FOR EACH EMOTION

Range of Primary Membership for Features | Range S/

after fuzzy
Emotion | o | Eog | MO | LEE | LEEg Op]::zfiton
(centre)
oo v [ 558 oo | G2 | i
Disgust | 000 | %954 10052 | 0-058 | 0-0.78 ‘()00255

0.194- | 0.042- | 0.038- | 0-0.067
0914 | 0.74 0.729 | (0.0335)
0.12- | 0.57- 0.64- 0-0.687
0.897 | 0.85 0.89 (0.3435)

- 0.076- | 0.081- | 0-0.052
0.052 | 0.89 0.92 (0.026)

Fear [0-0.067| 0-0.071

Happiness |0 - 0.687 | 0-0.694

Relaxed [0-0.384( 0-0.393
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IT2FS-Based Recognition: The IT2FS-based recognition scheme considers a fuzzy
face space of five sets of 20 primary membership functions as in Fig. 11, where
each set refers to one particular feature obtained from 20 sources for an
individual emotion. Consequently, for five distinct emotions, we have 25 such
sets of primary membership functions. Table Ill provides the evaluation of T2
primary membership values for the feature, EO, consulting 20 primary functions
obtained from 20 subjects, representing the facial expression for disgust. The
range of these memberships is given in the last row of Table Ill. For each feature,
we obtain five tables like Table Ill, each one for a given emotion. Thus, for five
features, we would have altogether 25 such tables.

Table IV provides the results of individual range in primary membership for each
feature experimented under different emotional conditions. For example, the
entry (0—0.18) corresponding to the row anger and column EO. gives an idea
about the extent of the EO. for the unknown subject matches with known
subjects from the emotion class anger. The results of computing fuzzy meet
operation over the range of individual features taken from facial expressions of
the subjects under the same emotional condition are given in Table IV. The
average of the ranges along with its center value is also given in Table IV. It is
observed that the center has the largest value (= 0.3435) for the emotion:
happiness.

TABLE V
RESULTS OF EXECUTION OF IA ON FEATURE
EO. DATA SET FOR EMOTION: ANGER

Data Preprocessing

Data points taken: 20 pairs of a® 5@ for i=1 to 20 subjects

Step-1: Outlier Processing
Result: deleted point is [0.021, 0.113]

Step- 2: Tolerance Limit Processing
Result: no deletion

Step- 3: Reasonable- interval Rest
Result: no deletion

FOU Selection:

Step- 4:

Computed values for: S¢&= 0.0934; Sg= 0.0179;

Test Condition (given in Fig. 14)

Result: FOU = Triangle as (m;, m,) = (0.0755, 0.12257) lies in the
interior FOU (triangle) obtained by satisfying (28)

Triangle Parameter Evaluation

Step- 5:
dpgrs by evaluated from (29)
Result: Given in Fig. 15.
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(0.0755, 0.1257)

0 2 4 6 8 10
m; —p
Fig. 13. Graphical selection of FOU by testing that the point (m,m,) = (0.0755,0.1257) plotted in the
figure lies under the triangular zone obtained by satisfying inequalities in (28).

IT2FS-Based Recognition With Pre-Processing of Features Using the Interval
Approach (Hereafter IA-IT2FS): The IA introduced in Section V has two
fundamental merits. It eliminates noisy data points obtained from facial data of
the subjects. It also helps in identifying the primary membership functions for
each feature of a facial expression representing a specific emotion by a
statistically meaningful approach. The results of execution of adapted IA
algorithm given in the last section for the feature EO, for the emotion anger are
given in Table V for convenience. After similar tables for all features of all
possible emotions are determined, we use the statistically significant FOU for
each feature of each emotion. In Fig. 14, we provide an illustrative experimental
FOU for the feature EO, for emotion anger by performing step 4 of Section V.
The parameters of the FOU, here triangles, are evaluated by step 5 of Section V.
Now, for an unknown facial expression, we follow the steps of IT2FSbased
approach to recognize the emotion exhibited in the facial expression. Our
experiments reveal that the pre-processing steps by IA help in improving the
recognition accuracy of the IT2FS scheme by 2.5% (Fig. 15).

GT2FS-Based Recognition: We now briefly illustrate the GT2FS-based reasoning
for emotion classification. Here, the secondary membership function
corresponding to the individual primary membership function of five features
obtained from facial expressions carrying five distinct emotions for 20 different
subjects are determined using membership functions like Fig. 12.

Table VI provides the summary of the primary and secondary memberships
obtained for EQ, for the emotion: disgust. The range computation for the feature
EO. is also shown in the last column of Table VI. The same computations are
repeated for all emotions, and the range evaluated in the last column of Table
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Vil indicates that the center of this range here too has the largest value (= 0.301)
for the emotion: happiness.

TABLE VI
CALCULATED TYPE-2 MEMBERSHIP VALUES FOR
THE FEATURE: EOL UNDER EMOTION: DISGUST

Primary Secondary mod_ Range

Feature | Memberships | memberships | © “HEn®  imin '|.L"'”'d 1.

1 1 [

(Ltpri) { Hsec) Faec max ™)
064 (b (M (039
0.1 087 0087
015 (85 01275
045 (.53 (L2385
LN .74 (1332
.35 (.52 {286
.08 (b 38 00704
0.0 (53 02173
016 (78 01248
012 (| 04T 2

Bl e 067 e 003004355
043 .38 0.261
009 (39 0h 0801
019 0.7 01368
067 (.64 14355
068 (.58 (3544
052 (.55 0,286
044 .67 (2548
037 LY [ 28EA
{155 (h53 02495

TABLE VII

CALCULATED RANGES OF PRIMARY MEMBERSHIP
CENTRE VALUE FOR EACH EMOTION

Range of Secondary Membership for Range S/

Features after fuzzy
Emotion Meet
EOL EOg | MO | LEE_ | LEEg | operation
(centre)

026 - | 0.0006 - | 0.0006- | 0-021
0983 | 0763 | 0790 | (0.105)
. 0.039- | 0.031- 0-0
Disgust 04355 | 0433 0-0 | 0-0.15 | 0.-0.13 (0)

0.04- | 0.044- | 0.038- | 0-0295
Fear 1003121002954 o315 | 0564 | 0571 | (0.1475)
0273-] 0.06- | 0.064- | 0-0.602
098 | 093 | 097 | (0.301)

0.001- | 0.001- 0-0
Relaxed |0-0.425(0-0421| 0-0 0.758 0.742 (0)

Anger 0-021 [0-0.27

Happiness | 0 - 0.602 | 0-0.606

71



Emotion Recognition from Facial Expressions and Its Control

TABLE VIl
PERCENTAGE ACCURACY OF OUR PROPOSED
METHODS OVER THREE DATABASES

JAFFE Indian Women {_ohn- Average
(Jadaypan Fanade | Accuracy (ol
Liniversity) last 3 columns)
IT2FS Qi 02 5% 02 5% 91.667T%
IA-IT2FS 92 5y Q504G Q5% 94, 167%
GT2FS 97 3% 100% O7.5% 98 333%
PERFORMANCE ANALYSIS

Performance analysis for emotion recognition itself is an open-ended research
problem, as there is a dearth of literature on this topic. This work, compares the
relative performance of the proposed GT2FS algorithms with five traditional
emotion recognition algorithms/techniques and the IA-IT2FS and IT2FS-based
schemes introduced here, considering a common framework in terms of their
features and databases. The algorithms used for comparison include linear SVM
classifier [70], (T1) fuzzy relational approach [56], PCA [75], multilayer
perceptron (MLP) [43], [71], radial basis function network (RBFN) [43], [71],
IT2FS, and IA-IT2FS [110].

Table VIII shows the classification accuracy of our proposed three algorithms
using three facial image databases, i.e., JAFFE, Indian Women Face Database
(Jadavpur University), and Cohn-Kanade database. Experimental classification
accuracy obtained for different other algorithms mentioned above using the
three databases is given in Table X.

Two statistical tests called McNemar’s test [100] and Friedman test [101], and
one new test, called root mean square error test are undertaken to analyze the
relative performance of the proposed algorithms over existing ones.

McNemar’s Test

Let fa and fz be two classifiers obtained by algorithms A and B, when both the
algorithms have a common training set R.

Let no1 be the number of examples misclassified by fabut not by fz, and niobe the
number of examples misclassified by fz but not by fa. Then, under the null
hypothesis that
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both algorithms have the same error rate, the statistic Z in (30) follows a x> with
degree of freedom equals to 1 [101]:

(|nor = n10| — 1)2

Not +N1p (30)

Z:

Let A be the proposed GT2FS algorithm and B is one of the other seven
algorithms. We thus evaluate Z = Z; through Z;, where Z,denotes the comparator
statistic of misclassification between the GT2FS (Algorithm: A) and the jth of the
seven algorithms (Algorithm: B), where the suffix j refers to the algorithm in row
number j of Table IX.

Table IX is evaluated to obtain Z: through Z7 and the hypothesis has been
rejected, if Z > xi.0.95=3.84 where xi.0.95 =334 js the value of the chi square
distribution for 1 degree of freedom at probability of 0.05 [123].

The last inequality indicates that if the null hypothesis is true, then the
probability of y?to be more than 3.84 is less than 0.05. If the hypothesis is not
rejected, we consider its acceptance. The decision about acceptance or rejection
is also included in Table IX.

It is evident from Table IX that McNemar’s test cannot distinguish the
performance of the five classification algorithms: IT2FS, IA-IT2FS, SVM, fuzzy
relational approach, and PCA that support the hypothesis. Hence, next we use
the Friedman test for ranking the algorithms.
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TABLE IX

STATISTICAL COMPARISON OF PERFORMANCE USING MC NEMAR’S
TEST WITH THREE DATABASES

Reference Algorithm A=GT2FS
Classifier JAFFE Database Indian Database Cohn-Kanade
Algorithm (Jadavpur Database
B used for University)
comparison
7 Comm Z; Comm Z; Comm
ents on ents on ents on
accepta accepta accepta
nce/ nce/ nce/
rejection rejection rejection
of of of
hypoth hypoth hypoth
esis esis esis
IT2FS 1.333 Accept 1.333 Accept 0.5 Accept
IA-IT2FS 0.5 Accept 0.5 Accept 0 Accept
SVM 1.333 Accept 0 Accept 1.333 Accept
Fuzzy 2.25 Accept 1.333 Accept 1.333 Accept
Relational
Approach
PCA 0 Accept 2.25 Accept 2.25 Accept
MLP 8.1 Reject 8.1 Reject 8.1 Reject
RBFN 11.077 Reject 10.083 Reject 10.083 Reject

Friedman Test

The Friedman test [100] ranks the algorithms for each data sets separately. The
best performing algorithm gets rank 1. In case of ties, average ranks are used.

TABLE X
AVERAGE RANKING OF CLASSIFICATION ALGORITHMS BY FRIEDMAN

TEST, WHERE, CA = Classifier Algorithm, A = GT2FS, B1=SVM, B, =
IT2FS, B3 = IA-IT2FS, B4 = Fuzzy Relational Approach, Bs = PCA, Be =
MLP, B7 = RBFN
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CA | Classification Accuracy Ranks obtained through Avera
tested by databases experiments with databases ge
JAFFE Indian | Cohn- JAFFE | Indian | Cohn- Rank

Kanade Kanade | (R;)

A 97.5 100 97.5 1 1 1 1

B, 90.33 97.57 | 88.11 4 2 5 3.667

By |90 92.5 92.5 5 4 3 A

B3 92.5 95 95 3 3 2 2.667

By | 875 92 90 6 5 4 5

Bs | 95 875 875 2 6 6 4.667

Bs | 72.5 75 72.5 7 7 7 7

By | 65 67.5 67.5 8 8 8 8

Let r/ be the rank of jth algorithm on the ith data set. The average rank of

algorithm j then is evaluated by

| T_
feyen (31)

The null hypothesis here states that all the algorithms are equivalent, so their
individual ranks R;should be equal. Under the null hypothesis, for large enough
N and k, the Friedman statistic y*rin (32) is distributed as a y* with k-1 degrees
of freedom. Here, k = 8 and N = 3. A larger N of course is desirable; however,
emotion databases being fewer, finding large N is not feasible. Here, we consider
percentage accuracy of classification as the basis of rank. Table X provides the
percentage accuracy of classification with respect to three databases, JAFFE,
Indian Woman (Jadavpur University), and Cohn-Kanade and the respective ranks
of the algorithm

12N k+1
2 _ 2
TRk D Z

(32)

Now, using N = 3, k = 8, and the ranks in Table X, we obtain
Xi = 17.67 > X7 005 = 14.067[123], wherex?. 0.95 = 14.067 is the value of the chi square
distribution for 7° of freedom at probability of 0.05 [123]

12N k+1
2 2
Xr = k(k+1) ZR

=17.67 > X7 (.95(14.067).
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Thus, the hypothesis that the algorithms are equivalent is rejected. Therefore,
the performances of the algorithms are determined by their ranks only. The
order of ranking of the algorithm is apparent from their average ranks. The
smaller the average rank, the better is the algorithm. Let “>” be a comparator of
relative ranks where x > y means the algorithm x is better in rank than algorithm
y. Table X indicates that the relative order of ranking of the algorithm by
Friedman test as,

GT2FS>IA-IT2FS > SVM > IT2FS > PCA >Fuzzy Relational Approach > MLP > RBFN.
It is clear from Table X that the average rank of GT2FS is 1 and average rank of
IT2FS and IA-IT2FS are 4 and 2, respectively, claiming GT2FS outperforms all the
algorithms by Friedman test.
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CHAPTER 3
Sample run of Programs

We have to perform median filtering over an input bitmap image file: pic.omp
and generates an output file: med_file.bmp. The output image should be (103 *
77) pixels and removes noise from the source file to an appreciable extent.

After successfully running the program, again we have to read the image file
‘med_file.omp’ (which was already created) and writes the pixel features (gray
scale or any suitable transform of gray scale) in the file ‘pix_dat.txt’. The Initial
random seeds to be used as initial membership values for FCM classification are
further generated and written in the file ‘init_file.txt’.

After successfully running the above two programs, we have to perform image
segmentation by fuzzy c-means clustering algorithm. It requires two input files:
‘pix_dat.txt” & ‘init_file.txt’ (Already generated) and generates an output file
cluster.omp. The file ‘pix_dat.txt’ contains pixel information such as I’, a’, b’
values and ‘init_file.txt’ contains initial membership of pixels to fall in the lip and
non-lip class. The ‘cluster.omp’ is the output file containing the segmented
mouth region.

Finally we have to determine the average intensity in each row of the segmented
mouth region and plots it against the height of the image. (Basically this program
calculates the peak mouth opening. The input image file is ‘cluster.bmp’ and the
output image file is ‘intensity.bmp’

In this work, user's emotion using its facial expressions will be detected. These
expressions can be derived from the live feed via system's camera or any pre-
exisiting image available in the memory. Emotions possessed by humans can be
recognized and has a vast scope of study in the computer vision industry upon
which several researches have already been done. The work has been
implemented using Python (2.7, Open Source Computer Vision Library (OpenCV)
and NumPy. The scanned image(testing dataset) is being compared to the
training dataset and thus emotion is predicted. The objective of this paper is to
develop a system which can analyze the image and predict the expression of the
person. The study proves that this procedure is workable and produces valid
results.
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OpenCV is Open Computer Vision Library [4]. It is a free
for all extensive library which consists of more than 2500
algorithms  specifically designed to carry out Computer Vision
and Machine Learning related projects. These algorithms can
be put to use to carry out different tasks such as Face
Recognition, Object Identification, Camera Movement
Tracking, Scenery Recognition etc.

For successful implementation of this project, the following
packages of Python 2.7 have to be downloaded and installed:
Python 2.7.x, NumPy, Glob and Random. Python will be
installed in the default location, C drive in this case. Open
Python IDLE, import all the packages and start working.

NumPy is one of the |libraries of Python which is used

for complex technical evaluation. It is used for
implementation of multidimensional arrays which
consists of various mathematical formulas to process.

[9]. The array declared in a program has a dimension which
is called as axis.

Random Module picks or chooses a random number or an
element from a given list of elements. This module supports
those functions which provide access to such operations.
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Code:

import numpy as np

import cv2

import skfuzzy as fuzz

import matplotlib.pyplot as plt

def preprocess_image(input_image):
img = cv2.imread(input_image)
if img is None:
raise ValueError("Image not found.™)
# Convert to grayscale for edge detection and to Lab for color
segmentation
gray_img = cv2.cvtColor(img, cv2.COLOR_BGR2GRAY)
lab_img = cv2.cvtColor(img, cv2.COLOR_BGR2Lab)
# Save the grayscale image resized to 103x77
resized gray_img = cv2.resize(gray_img, (103, 77))
cv2.imwrite("med_file.bmp", resized gray img)
return img, gray_img, lab _img[:, :, 1]

def extract_features_and_seeds(lab_img, feature_file, seed_file):
L, a, b = cv2.split(lab_img) # Split the Lab image into channels
features = np.stack([L.flatten(), a.flatten(), b.flatten()], axis=1)
# Save features for clustering
np.savetxt(feature file, features, fmt='%d %d %d")
# Generate seeds for fuzzy c-means
seeds = np.random.rand(features.shape[@], 2)

# Create two random membership values for each
pixel
seeds[:, 1] = 1 - seeds[:, 9]
np.savetxt(seed file, seeds, fmt='%f %f')

def fuzzy c_means(feature_file, num_clusters):

pixel data = np.loadtxt(feature_file)

data = np.transpose(pixel data)

n_samples, n_features = data.shape

# Randomly initialize centers

np.random.seed(42)

initial centers = np.random.rand(num_clusters, n_features)

cntr, u, , , _, _, _ = fuzz.cluster.cmeans(

data, num_clusters, 2.0, error=0.005, maxiter=1000,

init=initial centers)

return cntr, u

def segment_mouth(img, gray_img, a_channel, output_image):

red_mask = cv2.adaptiveThreshold(a_channel, 255,
cv2.ADAPTIVE_THRESH_MEAN_C, cv2.THRESH_BINARY_INV, 15, 10)

edges = cv2.Canny(gray_img, 50, 150)

combined mask = cv2.bitwise or(red_mask, edges)

kernel = cv2.getStructuringElement(cv2.MORPH_ELLIPSE, (5, 5))

morphed _mask = cv2.morphologyEx(combined mask, cv2.MORPH_CLOSE,
kernel)

morphed_mask = cv2.morphologyEx(morphed_mask, cv2.MORPH_OPEN, kernel)
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mouth_interior = cv2.bitwise_and(gray_img, gray_img,
mask=morphed_mask)

_, interior_mask = cv2.threshold(mouth_interior, 30, 255,
cv2.THRESH_BINARY)

output = np.full(img.shape, 255, dtype=np.uint8)

output[interior_mask == 255] = [50, 50, 50] # Gray

cv2.imwrite(output_image, output)

def analyze_and_plot_intensity(output_image):
img = cv2.imread(output_image, cv2.IMREAD_GRAYSCALE)
average_intensity = np.mean(img, axis=1)
plt.figure()
plt.plot(average_intensity, range(len(average_intensity)))
plt.gca().invert_yaxis()
plt.title('Average Intensity vs. Image Height')
plt.xlabel('Average Intensity')
plt.ylabel('Image Height')
plt.savefig('intensity plot.png')
plt.show()

def main():
input_image = r"C:\Users\CDAC\Desktop\Suchismita\JU\PIC.bmp"
feature_file = r"C:\Users\CDAC\Desktop\Suchismita\JU\pix_dat.txt"
seed_file = r"C:\Users\CDAC\Desktop\Suchismita\JU\init_file.txt"
output_image = r"C:\Users\CDAC\Desktop\Suchismita\JU\cluster.bmp"
num _clusters = 2

img, gray img, a_channel = preprocess_image(input_image)
lab img = cv2.cvtColor(img, cv2.COLOR_BGR2Lab)
extract_features_and_seeds(lab_img, feature_file, seed_file)
cntr, u = fuzzy_c_means(feature_file, num_clusters)
segment_mouth(img, gray img, a_channel, output_image)
analyze_and_plot_intensity(output_image)

print("Picture Coversion successful.")

print("The input file is PIC.bmp.")

print("The output file after median filtering is med_file.bmp.")

print("Height of the image is 77.")

print("Width of the image is 103.")

print("Two files named pix_dat.txt and init_file.txt generated

successfully.")

print("cluster.bmp is created successfully after applying fuzzy-C-means

clustering.")

print("Output file is intensity.bmp.")

print("The intensity data of the picture has been extracted.")

if __name__ == "__main__":

main()
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Sample Run:

C:\Python37\python.exe C:/Users/CDAC/Desktop/Suchismita/JU/All.py
Picture Coversion successful.

The input file is PIC.bmp.

The output file after median filtering is med_file.bmp.

Height of the image is 77.

Width of the image is 103.

Two files named pix_dat.txt and init_file.txt generated successfully.
cluster.bomp is created successfully after applying fuzzy-C-means clustering.
Output file is intensity.bmp.

The intensity data of the picture has been extracted.

Process finished with exit code 0

Fig. 1. Inputimage (PIC.bmp) Fig. 2. Output image after median filtering
(med_file.bmp)
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Fig. 5. cluster.bmp
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CHAPTER 4

Conclusion & Future Scope

The merits of the proposed scheme for emotion detection lie in the
segmentation of the mouth region by FCM clustering and determination of
the MO from the minima in average- pixel intensity plot of the mouth region.
The proposed EO determination also adds value to the emotion detection
system. The fuzzy relational approach to emotion detection from facial
feature space to emotion space has a high classification accuracy of around
90%, which is better than other reported results. Because of its good
classification accuracy, the proposed emotion detection scheme is expected
to have applications in next-generation human—machine interactive systems.

The ranking of audiovisual stimulus considered in this project also provides a
new approach to determining the best movies toexcite specific emotions.

The existing emotion detection methods hardly consider theeffect of near-
past stimulation on the current arousal of emotion. To overcome this
problem, we submitted an audiovisual stimulus of relaxation before
submission of any other movie clip to excite emotions. A state transition in
emotion by an audiovisual movie thus always occurs at a relaxed state of mind,
giving full effect of the current stimulus on the excitatory sub-system of the
brain and causing arousal of the desired emotionwith its full manifestation
on the facial expression. Feature extraction from the face becomes easy when
the manifestationof facial expression truly resembles the aroused emotion.

An important aspect of this work is the design of an emotioncontrol scheme.
The accuracy of the control scheme ensuresconvergence of the control
algorithm with a zero error, andrepeatability ensures the right selection of
audiovisual stimulus. The proposed scheme of emotion recognition and
control can be applied in system design for two different problemdomains.
First, it can serve as an intelligent layer in the next-generation human—
machine interactive system. Such a systemwould have extensive applications
in the frontier technology of pervasive and ubiquitous computing [42].
Second, the emotionmonitoring and control scheme would be useful for
psycho-logical counseling and therapeutic applications. The pioneeringworks
on the “structure of emotion” by Gordon [14] and the“emotional control of
cognition” by Simon [36] would finda new direction with the proposed
automation for emotion recognition and control.
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The project presents three automatic emotion recognition systems based on
IT2FS, IA-IT2FS, and GT2FS. In order to classify an unknown facial expression,
these systems make use of the background knowledge about a large face
database with known emotion classes. The GT2FS-based recognition scheme
requires T2 secondary membership functions, which are obtained using an
innovative evolutionary approach that is also proposed in this work. All the
schemes first construct a fuzzy face space, and then infer the emotion class of
the unknown facial expression by determining the maximum support of the
individual emotion classes using the pre-constructed fuzzy face space. The class
with the highest support is assigned as the emotion of the unknown facial
expression.

The IT2FS-based recognition scheme takes care of the inter subject level
uncertainty in computing the maximum support of individual emotion class. The
GT2FS-based recognition scheme, however, takes care of both the inter- and
intra-subject level uncertainty, and thus offers higher classification accuracy for
the same set of features. Using three data sets, the classification accuracy
obtained by employing GT2FS is 98.333%, by IT2FS is 91.667%, and by IA-IT2FS
is 94.167%.

The more the number of subjects used for constructing the fuzzy face space, the
better would be the fuzzy face space, and thus better would be the classification
accuracy. Since the fuzzy face space is created offline, the online computational
load to recognize emotion is insignificantly small in IT2FS. The computational
load in GT2FS, however, is large as it includes an optimization procedure to
determine the secondary membership for each emotion and for each subject.
However, this additional complexity in GT2FS, offers approximately 7%
improvement in classification accuracy in comparison to that by IT2FS. The IA-
IT2FS has around 2.5% gain in classification accuracy with no more additional
computational complexity than IT2FS. It may be noted that the necessary
computations in IA-IT2FS for data filtering and membership function selection is
performed offline. The statistical tests employed clearly indicate that GT2FS
outperforms the seven selected algorithms.

The problems that may be taken up as future research are briefly outlined
below. First, new alternative strategies are to be designed to determine
secondary memberships without using optimization techniques. Second, a more
formal and systematic approach to fuse secondary and primary memberships to
reduce uncertainty in the fuzzy face space is to be developed. Last, we would try
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to explore the power of fuzzy logic to determine emotion classes in absence of
sufficient (or even no) measurements. Facial features, for example MO, may be
directly encoded into fuzzy features with fuzzy sets, such as “a little,” “more,”
and “not so large,” and then an IT2FS-based model may be adopted to recognize
emotion of unknown subjects.

Classification accuracy under this circumstance could be poor, but a more
human-like interpretation of emotion can be given in the absence of precise
measurements.

The perception of an ‘emotion’ is still the major lacunae of the FER systems. The
manifestation of emotions differs across cultures, ethnic groups, and
geographical locations and sometimes even between individuals. The
observations in this work highlight the significance of different configurations of
fuzzy inference systems, aiding the design of an apt FER system for
understanding a perception of emotion. The future scope of this
work is to evaluate the performance of a fuzzy-based FER system with a
combination of heterogeneous membership functions for more datasets and
diverse feature subsets to obtain robust recognition systems.
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