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Abstract

Facial expressions play a crucial role in human social interaction; and this is the
primary component needed to be integrated into machines to make human computer
interaction more user friendly. Although, humans are very e�cient in recognizing
even the minute changes in facial expression but for machines it is a very complex
task. Recently, this area of research has attracted much needed attention due to its
broad spectrum of application. However, expression analysis in an unconstrained
environment is a very di�cult task. Variations in illumination, facial features, head
pose and changes in background make it very di�cult to correctly recognize emotions
in an open setup for commercial applications.

This thesis develops deep learning based representation learning methods for analyz-
ing facial expressions. In this work, multiple frameworks are developed for di�erent
applications of facial expression analysis. First proposed framework analyzes the
emotional sentiment represented by an image based on its content. The proposed
system investigates the faces and background in the image, and extracts facial and
scene features from them, respectively. Two di�erent convolutional neural networks
are used to extract facial and scene features. Conditional occurrence of these fea-
tures is modeled using long short term memory networks to predict the sentiment
represented by the image.

The second framework, proposed in this work, predicts likability of the multimedia
content based on the facial expression of the viewer. A database with two di�erent
sets of video samples was collected for the task under unconstrained environment.
First set of samples consists of videos to be watched by recruited subjects called
as stimulants. Second set of samples are recordings of facial expressions of subjects
while watching stimulants. The proposed framework is a multimodal system which
learns spatio-temporal features from the videos of subject to predict the likability.
Combination of ’3D convolutional neural network’ and ’convolutional neural network
- long short term memory network’ models are used to extract the features from
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spatial and temporal variations of face. Another model (designed using long short
term memory networks) was used to analyze motion of facial landmarks in the videos
of subjects.

Lastly, an activation function (Linearized Sigmoidal Activation) is proposed to im-
prove the learning capacity of the deep learning models. Modeling non-linear de-
pendencies in the data is very complex task. Higher nonlinearity activation function
tend to have the problem of vanishing and exploding gradients. While, linear acti-
vation functions, like ReLU, do not have enough learning capacity. The proposed
activation function have segment wise nonlinear behavior. It has linear charac-
teristics inside a given segment, whereas nonlinear relationship exists among the
segments.
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1 Introduction

1.1 Overview

With the recent advancements in the technology, humans have started encounter
machines at di�erent levels of their lives. This interaction with technology is on rise
and have become integral part of our daily routine. Interestingly, many people end
up spending more time interacting with machine than with their human counter-
parts. No one can avoid this evolution of technology and have to adapt to this new
era of technology. In spite of such a deep Human Computer Interaction (HCI) at
every level of society, machines have not been able to process the emotional part of
the message restricting e�ectual communication between the two. The competence
of such a communication relies on the ability of the machine to perceive and inter-
pret emotional state of user. Additionally, the state of mind of the person or the
intention of communication is being given is not specified clearly through a speech
signal or an input text message to the computer. Presently, non-verbal information
does not have any significant role in HCI based systems.

Both verbal and non-verbal communication is vital for our everyday interaction and
nurtures interpersonal relationships. Non-verbal communication [10] includes non-
verbal queues; like, gestures, facial expressions, eye contact and posture etc. Facial
expression is most convincing form of non-verbal communication, as it provides
most accurate information about a�ective state, temperament or intention of the
message [11]. Apart from molding the nature of conversation, facial expressions are
an ingenuous method of communicating generous amount of information with only a
simple facial gesture [12]. [13] explains that while decoding information, if the facial
expressions are not in accordance with the verbal speech, then facial expression
information takes lead over vocal communication.

The emerging trends in computing environment are leaning progressively towards
communicating substantial amount of information through a�ective states or expres-
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CHAPTER 1. INTRODUCTION

sions by contriving human-centered designs instead of computer centered designs
[14, 15, 16]. A tremendous amount of information divulged through those a�ective
states is usually ignored by traditional HCI systems that only convey user’s inten-
tional input. With this paradigm shift, humans will interact with machines not only
through the intentional inputs but also through their manner of conduct i.e. a�ec-
tive states [17]. Therefore, automatic facial expression recognition has emerged as a
leading field of research within computer vision research community in last decade.

Facial Expression Recognition (FER) finds applications in a wide range of areas;
like, human computer interaction, entertainment, deceit detection, behavior mon-
itoring, medical treatment etc. The recognition of facial expressions, one of the
most important forms of non-verbal communication, is not new to the evolutionary
journey of human evolution. Ever since the dawn of civilization, humans are able
to understand various facial expressions everyday without any extra e�ort. Many
great philosophers and thinkers like Aristotle and Stewart studied facial expressions
to understand human behavior. Darwin extended this study of facial expressions to
an empirical realm through his acclaimed theory of evolution. Ekman in 1971 [18],
defined facial expression recognition for computer vision as the task of classifying
input facial features in one of the six basic or universal emotions: happiness, sad-
ness, fear, disgust, surprise and anger. Recognition of these facial expressions by
computes is still a very tedious task due to change in facial appearance caused by
pose variations, illumination variations, camera quality and angle changes.

1.2 Applications

Facial expression analysis has applications in a wide spectrum. Some areas that
benefit from the analysis of a�ective state of user are:

1. Psychological disorder diagnosis and treatment: Facial Action Coding System
(FACS) are able to recognize minor muscle movement, which get ignored by
human eye. FACS has been in use for diagnosis and treatment of depression,
schizophrenia, and other psychopathological disorders [19]. FACS based ex-
pression analysis system is also used to identify alcohol related intoxication
[20].

2. Pain monitoring for patients: Pain monitoring is a very critical task and needs
a manual handing currently. Lack of health personals requires this task to be
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automated with FER based system. [21] reports that facial expressions can
be used to measure the level of pain.

3. Commercial application: FER also holds a great potential in commercial ap-
plications. For example, expression analysis system can be installed at marts
to get an automated feedback on customer experience. It can also be used to
test the user response to advertisements, movies and pilot TV series, etc [22].

4. Smart homes: Smart homes find a broad range of applications related to FER.
[23] shows some interesting application of FER for human centered systems.
FER system can be used to control type of music, lighting condition and room
temperature etc. through expression observation.

5. Robotics: Expression analysis can be useful in producing robots with better
interactive skills. Consumer robots with ability to analyze expression can be
highly e�ective in communication and interaction [17], as facial expression are
most important type non-verbal communication.

6. Realistic gaming: Gaming companies are trying to enhance user experience by
providing more realistic virtual environment and highly human like avatars.
The industry can infuse facial expression recognition to provide more realistic
avatars for their customers. Facial expression can be recorded using the web-
cam and later can be analyzed to provide various other features; like, di�culty
control, game music etc.

7. EmotiChat: An interesting application of the facial expression analysis is in
chatting applications. [24] presented a framework which automatically ana-
lyzes expressions of user and generates corresponding emoticon.

1.3 Challenges

There has been a significant amount of research on FER and various methods has
been proposed. But there are still some inherent problems that need to be addressed
by the research community. Following are some of the challenges that need attention:

1. Although methods for automatic facial expression recognition produce good
results on di�erent datasets, but they fail drastically for real-time applications.
It happens because apart from being computationally expensive they require
high dimensional feature vector to complete the task.
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2. There is a need for novel methods that uses low resolution images as input
which can adequately support many real world applications such as smart
meeting, video conferencing and visual surveillance etc. based on facial ex-
pression recognition system.

3. Out of several facial expression recognition methods, very few provide good
results on low resolution images.

4. Apart from recognizing the six classical emotions, there is a dire need of new
methods to recognize more complex facial expressions (such as fatigue, pain,
and mental states, such as, agreeing, disagreeing, lie, frustration, thinking).
This may open ways for realizing numerous novel application in Human Com-
puter Interaction.

5. Most of the facial expression analysis datasets are developed in controlled
environment. Models designed on these datasets fail to provide any significant
result in real world scenarios.

6. Several other challanges such as expression intensity estimation, spontaneous
expression recognition, micro expression recognition (brief involuntary facial
expression that lasts only 1/25 of a second), mis-alignment problem, illumina-
tion, and face pose variation etc. need attention from research community.

1.4 Objectives of the dissertation

This thesis work was conducted with main focus on following three objectives:

1. To study, explore and identify various available techniques, architectures and
frameworks for facial expression analysis.

2. Development of the framework for facial expression analysis for understanding
emotion using representation learning.

3. To evaluate the proposed framework for facial expression analysis using per-
formance parameters; like, classification accuracy, computation cost, time per
frame etc.
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1.5 Structure of the dissertation

Chapter 1 provides overview of a�ective computing, and presents the application
and challenges related to the field. It also presents the contributions of the thesis
and list of publications produced under this research work.

Chapter 2 discusses the basics emotions, their interpretation and types. It also
discusses various approaches available to extract the emotion from raw facial image.
Basic deep learning architectures like convolutional neural network and recurrent
neural networks are also presented in this chapter.

Chapter 3 provides the state of the art literature available to the various problems
studied in this thesis. This chapter provides the literature on di�erent approaches
used to study a�ective state and application of the a�ective state in various com-
mercial and social applications. We also present recent developments on the archi-
tectural aspects of the deep learning algorithms.

Chapter 4 presents our work on emotional sentiment analysis represented by the
image. This chapter provides the implementation and the comparative analysis of
the proposed framework against the state of the art methods.

Chapter 6 presents a novel activation function which was design during this thesis
work to boost the representation capability of the deep learning algorithms. Pro-
posed activation function help convolutional neural networks in learning the better
feature representations for correct classification of emotions. Proposed function is
evaluated on other tasks in addition to facial expression analysis.

Chapter 5 presents a novel framework designed in this period for prediction of the
likability of any multimedia video based on the facial expressions of the viewer. This
framework is a multimodal system and each component of the system is evaluated
against each other to present the clearer contribution of each submodule in the final
accuracy of the system.

Chapter 7 presents the final conclusion of the thesis. This chapter discuss the
contribution of this thesis and future scope for the further research.

1.6 Contributions

The contributions of this dissertation are as follows:
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1. A novel system is developed to label the sentiments represented by an image
into three basic emotions: positive, neutral and negative. A multimodal sys-
tem is developed with the combination of global and local features. Global
features incorporate low dimensional representation of the scene presented in
the image while the local features are extracted from the faces of the people
present in image. Representational learning approach based on deep convolu-
tional neural networks is used to learn both the feature representations.

2. It also presets a novel activation function to model non-linear spatial depen-
dencies in data such as speech, images and videos. The proposed activation
function is divided into multiple segments, each having linear behavior within
its range, but have non-linear relationship amongst all the segments. This
helps in increasing learning capacity of deep learning model. Multiple experi-
ments are conducted to show the achievement of higher performance on tasks,
like facial emotion recognition, by proposed function.

3. A novel video based framework is developed to automatically produce user
feedback based on his/her expressions against the video being watched by
subject. A database is created by recruiting the subjects to watch the pre-
selected set of videos and provided their response against each of them. A
multimodal system is developed, which uses the geometric as well as the ap-
pearance information from the subject’s face, to predict the label for the shown
multimedia content.

1.7 Publications

• V. S. Bawa and V. Kumar, "Emotional sentiment analysis for a group of people
based on transfer learning with a multi-modal system," Neural Computing and
Applications, pp. 1-12, 2018.

• V. S. Bawa and V. Kumar, "Linearized sigmoidal activation: A novel activa-
tion function with tractable non-linear characteristics to boost representation
capability," Expert Systems with Applications, vol. 120, pp. 346-356, 2019.

• V. S. Bawa and V. Kumar, "An automatic multimedia likability prediction
system based on facial expressions of the observer," Under review.
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2 Basics of a�ective computing

2.1 Emotion and its interpretation

Humans realized importance emotion and facial expressions in daily social inter-
action, and since then, their analysis and utilization for di�erent applications has
become eminent area of research. According to some researchers, over the course of
evolution many mammals, including humans, developed emotions as an evolution-
ary process to support their vital life tasks by adapting to the environmental and
psychological changes around them [1].

The way we behave, make decisions and communicate with others are influenced by
their a�ective states and facial expressions, which are an important part of human
life [25]. Individual’s actions are influenced by his/her a�ective state and the af-
fective states of people around them. Unfortunately, psychologists themselves have
not reached to a consensus on the definition of emotion and a�ect. However, some
of the most acclaimed approaches to define it in psychological research are based on
discrete categories and dimensional representations [26, 27, 28]. All these theories
provide information about the expression of an a�ect and its interpretation. There-
fore, they form a reliable premise to understand the idea of a�ect for the purpose of
automatic a�ect recognition.

2.1.1 Emotion categories

According to Paul Ekman, emotions can be segregated in terms of discrete categories
[1]. He assorts various emotions in six categories: happiness, sadness, surprise, fear,
anger and disgust (shown in fig 2.1). He also suggested that all these emotions
evolved in the similar manner for the whole mankind so that their perception and
interpretation stay similar.
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Figure 2.1: Seven basic classes of emotions: happiness, sadness, fear, anger, surprise,
disgust and neutral (left to right) [1].

More emotion categories are introduced in the later works; such as, boredom, con-
tempt and engagement etc. [29, 30]. [2] extended basic emotions further into com-
pound emotions, which are combination of basic six emotions. Compound emotions
show signs of two of more basic emotions resulting in a new a�ective state of subject
(shown in fig. 2.2). [31] studied facial expressions corresponding to the emotions
like amusement, pride and relief in addition to basic emotions.

Figure 2.2: Facial expression corresponding to compound emotions: Happily sur-
prised, happily disgusted, sadly fearful, sadly angry, sadly surprised,
sadly disgusted, fearfully angry, fearfully surprised [2].

Many cross-cultural studies suggest that regardless of culture, the facial expressions
of these prime emotions are perceived in the same way. Paul Ekman carried out
ground breaking research in the field of facial expression recognition in his landmark
papers based on basic emotions and the Facial Action Coding System (FACS) [32].

2.1.2 Facial action coding system

Facial Action Coding System (FACS) is developed by Paul Ekman to taxonomize the
movement of facial muscle into di�erent categories of expression and emotions. FACS
map the facial muscle movement into di�erent categories (refer fig. 2.3a). These
categories are called as Action Units (AUs). Some examples of the action units are
shown in fig. 2.3b. Each action unit corresponds to a specific state of a single facial
muscle region. For example, AU1 represent the rise of inner eye brow while AU2
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represents the rise of outer eye brow. Combination of these action units are used to
identity the emotion represented by the face. FACS is most widely used system for
the analysis of facial expressions to date [33]. This system finds many application,
including micro expression analysis for lie detection, psychological disorder diagnosis
etc.

(a) The image represents
the facial muscle move-
ment corresponding to
the experienced emo-
tion.

(b) Di�erent action unit corresponding to di�erent
facial muscle and their movement.

Figure 2.3: Some examples of the action units used in facial action coding system.

2.2 Facial expression recognition system

Block diagram of basic facial expression analysis system is shown in fig 2.4. A
FER system contains five steps. First, an image is preprocessed to remove any
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Figure 2.4: Block diagram of basic facial expression recognition system.

type of noise or artifact. Preprocessing is very important due to the variations in
illumination, head pose and camera parameters. Preprocessing generally includes
contrast stretching, image smoothing, image normalization and face alignment (to
correct the tilt in face angle).

Feature extraction is performed to extract the useful structural components from the
image to identify the emotion. Feature extraction techniques (used in FER system)
are of two types: geometry based features and appearance based feature. Feature
extraction is discussed in detail in Section 2.3. In feature selection process, only the
informative features are kept. These selected features are passed to classifier, which
classifies them on the basis of their distribution. Accuracy of the model depends on
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the combination of feature extraction algorithm and classifier. If feature extraction
algorithm is incapable of producing distinctive features for di�erent classes, classifier
will fail as well. Similarly, if we use a weak classifier (e.g. linear boundary based),
even if our feature extraction algorithm is good, classifier would not be able to
provide good accuracy, unless those features are linearly separable.

Mostly used classifiers provide class probabilities as output. These class probabilities
of the validation data are used to evaluate the performance of designed system.
Validation set consists of the data samples that are not used for training the models.
These samples are used as universal set to test the performance of model. It is very
important that validation set is selected randomly from the available sample set
otherwise the evaluated performance of the model will be biased.

2.3 Feature extraction methods

Feature extraction algorithms reduce the dimensionality of very high dimensional
data, and make it more manageable and interpretable for the task in hand. Feature
extraction methods are divided into two categories based on the approach used by
them to extract features. These categories are discussed in the following subsections.

2.3.1 Hand crafted feature extraction approaches

These algorithms are designed by the human based on the application. The hand
crafted feature extraction algorithms are designed to discard irrelevant information
from the data for given task. In other words, feature extraction algorithms transform
high dimensional input data into low dimensional data without loosing relevant
information. Hand crafted feature extraction methods can be further divided into
two types:

• Appearance based methods: The appearance based features use texture,
edge information and orientations of edges to generate a feature description
about the image. These features do not consider physical structure of the input
image (geometry). Most common appearance based feature extraction meth-
ods are Gabor descriptor [34], Histogram of Oriented Gradients (HOG) [35],
Local Binary Patterns [36] and Scale Invariant Feature Transform (SIFT)[37]
etc. Most commonly used methods (like, HOG and SIFT) are based on the
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edge orientation features of the image. Orientation based methods are more
robust than the texture based methods because of their immunity to the vari-
ation in lighting condition and other physical characteristics of subject, like
color.

• Geometry based methods: Geometry based features extract the geometric
characteristics of the data, like placement of ear, nose, eyes etc. Most common
approach for extracting the geometry of the face is facial landmark detection
[38, 39]. Geometry based methods are not considered reliable due to di�culty
in correct detection of facial landmarks. Additionally, developing a robust
model, based on the correspondence between these landmarks, is very di�cult.

2.3.2 Feature learning approaches

Feature learning methods (also called as representation learning) involve deep learn-
ing (neural network) based algorithms. Advantage of the feature learning methods
is that we do not need to design a feature extraction algorithm for every new task.
Secondly, accuracy of hand crafted feature extraction algorithms depends on the
quality of the technique developed by the developer. Whereas, feature learning al-
gorithms are general purpose frameworks which extract relevant features from the
provided data and labels. Formally, under supervised setup (when data and target
labels are given), if X is the input data and Y is the output of the system. Then,
learning algorithm maps the input data to the output labels, represented as:

f(X) æ Y (2.1)

The task of the learning algorithm is to learn the function (f) which maps the input
data to the given output. In the case of a�ective computing, X can be interpreted
as input facial features or raw pixel values, and Y could be the emotion category for
classification model or intensity of emotion for regressive model. From probabilistic
point of view, a learning problem is referred to as finding correct distribution of
input data corresponding to the given set of labels:

Y = P (X | ◊) ’ X œ RN (2.2)
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The eq. 2.2 represents the probabilistic interpretation of a learning system. Here,
◊ is the model parameters. These parameters are learned during the training to
represent the correct relation between the input (X) and output (Y ).

2.4 FER databases

There are mainly two type of databases available on a�ective computing: static
image based and video sequence based. One of the most famous dataset based on
image is CK+ also known as Extended Cohn-Kanade dataset [40]. This dataset
contains 8 di�erent emotions labeled as: neutral, sadness, surprise, happiness, fear,
anger, contempt and disgust. Dataset contains 640 ◊ 490 size gray scale images
with posed expressions captured in controlled environment. Japanese Female Facial
Expressions (JAFFE) [41] dataset contains images of Japanese female faces. Dataset
contains all the basic emotion classes and is developed in controlled environment.
A�ectNet [42] is the most recent dataset developed for a�ective state analysis. It
contains 450,000 manually annotated and 500,000 automatically annotated samples.
The dataset is developed in wild setup to present the challenges faced in real time
facial expression analysis.

Belfast database [43] is a famous dataset in video sequence based emotion analy-
sis. Dataset is divided into three sets and contain video of frame sizes 720 ◊ 576
and 1920 ◊ 1080. In total, dataset contains 1400 samples recorded in natural en-
vironment. Multimedia Understanding Group (MUG) [44] dataset contains 7 basic
emotions. The dataset has 1462 video samples of size 896 ◊ 896 captured at 19 fps.
Annotated Facial Expression in Wild (AFEW) [45] database contains small clips
cropped from di�erent movies. Dataset contains all basic 7 emotion classes and
1426 video sequences.

In present thesis, we use Static Facial Expression in Wild (SFEW) [45], which con-
tains statics images extracted from movies. This dataset was developed by extract-
ing single frame from the movie clips collected for AFEW dataset. Dataset has wild
setup because movie scene have random and uncontrolled backgrounds. We also
used Group based Emotion Recognition (GER) dataset [46]. This dataset contains
images with groups of people. Our target is to identify emotion represented by
group of people present in image. Dataset has three classes: Positive, Negative and
Neutral.
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2.5 Basic of deep learning

Deep learning algorithm have been deployed in wide range of application with very
successful results. Hence, a�ective computing researcher has also used di�erent
variants of these models in various research problems. This section provides insight
into various successful deep learning architectures in a�ect analysis.

2.5.1 Convolutional Neural Networks

Convolutional Neural Networks (CNN) [47] are a special type of neural network
which are very e�cient in learning features from data with fixed spatial structural
geometry. CNNs use two dimensional kernels for convolution with smaller local set
of data points. Fig. 2.5 depicts the basic working principle of the CNN. In a CNN
architecture, input image (I)1 is convolved with kernel (K) to produce the output
feature map (F ). Mathematically this operation can be represented as:

F (i, j) =
ÿ

m

ÿ

n

I (i + m, j + n) ◊ K (m, n) (2.3)

where, i and j are coordinates of output feature map and input image, and m and n

represent size of the kernel for given layer.

Each layer has multiple number of kernels convolving with same set of feature maps;
i.e., for p number of kernels denoted by Kp

l , output feature map Fl can be represented
as eq. 2.4.

F p
l (i, j) =

ÿ

m

ÿ

n

ÿ

d

Fl≠1 (i + m, j + n, d) ◊ Kp
l (m, n, d) (2.4)

where, parameter l represents layer number in the model, and d is number of feature
maps produced by previous layer (input depth of current layer).

The output of the convolution layer (F p
l ) is then passed through a non-linearity

also called as activation function. Rectified Linear Unit (ReLU) [7] is the most
1We are assuming input dataset to be consisted of images only.
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Figure 2.5: Basic working principle of convolutional neural networks.

commonly used type of non-linearity. The output of the activation function (Op
l )

can be represented as below:

Op
l (i, j) = –

A
ÿ

m

ÿ

n

ÿ

d

Fl≠1 (i + m, j + n, d) ◊ Kp
l (m, n, d)

B

(2.5)

where – represents the activation function.

Most commonly used activation functions are:

1. ReLU activation function:

–(x) =

Y
_]

_[

0 if x < 0

x if x Ø 0
(2.6)

2. Sigmoid activation function:

‡(x) = 1
1 + e≠x

(2.7)

3. Hypertangent activation function:

tanh(x) = ex ≠ e≠x

ex + e≠x
(2.8)

Pooling is also one of the core concepts of the CNN architecture. Pooling layer is used
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for reduction of the feature vector, which leads to compressed feature representation
corresponding to a very high dimensional data. There are di�erent types of pooling
operations, e.g. average pooling, max pooling, global average pooling etc.

2 4 20

10 7 15

8

6

0 30 7 1

50 1232 5

10 20

32 50

5.7 12.2

16.75 17.5

Feature input

Maxpooling

Average pooling

Figure 2.6: Pooling operations used in CNN models, two examples are depicted here.

If the size of a pooling kernel is (k ◊ k), then that kernel produces single output
corresponding to (k ◊ k) features as shown in fig. 2.6. Hence, it will be able to
provide the feature compression ratio of 1 : k2. As shown in fig. 2.6, di�erent type
of operation can be used for pooling of features. Most common pooling operation
are max pooling and average pooling. The max pooling operation reflect only the
feature with highest activation values while all other features are discarded. Intuition
behind this operation is that only the strong activity are the most important for
correct classification. Additionally, this operation helps in extracting robust and
invariant features. Similarly, if average pooling is used, it generate the average
value for each of the pooling region. Hence, each feature has equal contribution in
the output map.

2.5.2 Recurrent Neural Networks

Recurrent Neural Network (RNN) [47] are another special type of neural networks.
These networks are good at analyzing the conditional distribution of various input
parameters. A simple RNN architecture is shown in fig. 2.7. xt, xt+1, xt+2 . . .
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represent the inputs, Ht, Ht+1, Ht+2 . . . are the hidden states of recurrent cell, and yt,
yt+1, yt+2 . . . are the their corresponding outputs at time t, t+1, t+2 . . ., respectively.

Figure 2.7: RNN based architecture for showing relation between input and output
of the model at time . . . , t ≠ 1, t, t + 1, . . ..

Probability of receiving an output vector, given the input vectors, is represented by
following equation:

P (y1, y2 . . . yT Õ|x1, x2 . . . xT ) =
TŸ

t=1
P (yt|x1, x2 . . . xT ) (2.9)

where y1, y2 . . . yT Õ represent output vector and x1, x2 . . . xT represent input vector
for RNN with sequences length of T Õ and T , respectively. Physical implementa-
tion of the probability estimation using RNN is shown in fig. 2.7. At the time of
implementation, eq. 2.9 is represented as:

yt = f–(Ht, xt; ◊) ’ t = 1, 2, 3 . . . T (2.10)

Ht = f—(Ht≠1, xt; ◊) ’ t = 1, 2, 3 . . . T (2.11)
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Ht≠1 = f“(Ht≠2, xt≠1; ◊) ’ t = 1, 2, 3 . . . T (2.12)

where, yt is output of the model at time t. This output is function of current hidden
state (Ht) and current input vector (xt) when the model parameters (◊) are given.

A hidden state is represented as a function of previous hidden state (Ht≠1) and
corresponding input (xt) ( refer fig. 2.7). From eqs. 2.10, 2.11 and 2.12; the output
can be represented as a function of all previous inputs (eq. 2.13).

yt = f–(f—(f“(. . . (. . . xt≠2, xt≠1, xt; ◊)))) ’ t = 1, 2, 3 . . . T (2.13)

Long short term memory networks

Long Short Term Memory (LSTM) network is one of the most commonly used RNN
architectures. This architecture was proposed by Hochreiter et al. in 1997 [48].
But the successful use of these networks came almost a decade later. Alex Graves
popularized these networks by successfully using them on hand writing recognition
[49] and speech recognition [50]. LSTM concur the most fundamental problems of
RNNs which is their inability to learn long term dependencies. In vanilla RNNs,
gradient gets over amplified or compressed to vanishing point as the length of the
input sequence increases. The gated structure of LSTM assists in controlling the
flow of gradient in very long sequences. Hence, These networks, unlike vanilla RNN,
do not face the problem of vanishing or exploding gradients in case of data with
long term dependencies [47].

One memory element of LSTM network is shown in fig 2.8. LSTMs are slightly
di�erent in architecture and operation than common recurrent neural networks; but,
their performance is much better due to their ability to exploit long term temporal
dependencies. LSTM consists of multiple gates namely input gate (It), output gate
(Ot), forget Gate (Ft) which control flow to and from the memory cell (Ct). These
gates are used to control the output and internal state of memory cell.

In fig 2.8, connectivity of input data (Xt) to the state of memory cell is controlled
by input gate (It) and state of input gate is decided by the mechanism given in eq.
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Figure 2.8: Single elementary block of Long Short Term Memory (LSTM) network.

2.14. Input gate acts as switch, controlled by output of cell (Ht) and input value
(Xt).

It = ‡(WiXt + UiHt + bi) (2.14)

where, Ht is the output of cell and Wi, Ui and bi are trainable model parameters.

When input gate is switched on, input gets through the gate and provides an aux-
iliary state (C̃t) to the cell. The auxiliary state is given by eq. 2.15 (this is not the
final state of cell). Here, Wc, Uc and bc are trainable model parameters.

C̃t = tanh(WcXt + UcHt≠1 + bc) (2.15)

If input gate (It) and forget gate (Ft) are closed, model maintains cell state and
keep looping at every new iteration. Forget gate (Ft) is used to erase the cell state
when information becomes irrelevant. The erasing mechanism is given by eq. 2.16,
where Wf , Uf and bf are trainable model parameters. Sigmoidal (‡) non linearity
is used to control the state of this gate. Actual state of the cell is calculated using
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state of It and Ft, refer eq. 2.17.

Ft = ‡(WfXt + UfHt≠1 + bf ) (2.16)

Ct = It ◊ C̃t + Ft ◊ Ct≠1 (2.17)

The output gate (Ot) is used to control the output of each memory cell, which in turn
a�ects the contribution of each cell at each iteration. The state of Ot is calculated
using eq 2.18. Ot is used to calculate final output of the model (Ht), refer eq. 2.19.

Ot = ‡(WoXt + UoHt≠1 + VoCt + bo) (2.18)

Ht = Ot ◊ tanh(Ct) (2.19)
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3 Literature review

Even after many decades of research, e�cient and accurate detection of human facial
expression has not been achieved. Fully automated facial expression and emotion
analysis systems find applications in numerous fields [51, 52, 53]. The relevant
literature is discussed in this chapter on expression analysis technique.

3.1 Basic a�ective computing approaches

Di�erent approaches to design a facial expression analysis system are discussed in
this section. These approaches can be divided into three fundamental categories:
statics (image) based, dynamics (video) based and multi-modal.

3.1.1 Static image based methods

X

Y

Figure 3.1: Block diagram of static image based FER system.

These approaches use single image to infer the represented emotion. The basic
building blocks of static methods are shown in fig. 3.1. Static methods use spatial
feature (discussed in Section 2.3) to generate a low dimensional feature vector. This
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feature vector comprises hand crafted or learned information necessary for correctly
classifying the image. Image based methods generally have inferior performance
due to their reliance on just current state of the facial expressions. Hence, they
are not suitable in identification of complex and hybrid emotions. Yet their low
computational requirement makes them a suitable alternative for identification of
basic emotions in commercial applications [54, 55].

[56] showed that facial landmarks have Grassmannian properties in a�ne shape
space. They also demonstrated that Grassmannian manifold can be used to repre-
sent all the facial deformations created by facial expressions. This technique removes
the e�ect of variation in camera coordinate system on geometric features, and helps
in dealing with facial alignment issues.

[57] explored the Bag of Words (BOW) based approaches for facial expression anal-
ysis. They used the combination of spatial pyramid framework, augmented by mul-
tiscale dense SIFT features, locality-constrained linear coding and max-pooling fea-
tures in BOWs. The authors states that combination of these features is capable of
improving the classification accuracy for a linear classifier as well.

[58] developed a Local Fisher Discriminant Analysis (LFDA) based method to rec-
ognize facial expressions in encrypted domain. According to authors, this methods
has the benefit that expression recognition can be performed with images in their
encrypted form without revealing any content.

[59] presented a patch based approach for facial expression analysis. The patches
are extracted from prominent facial areas based on location of the facial landmarks.
Further processing on these extracted patches provides the saliency patches, which
contribute to the correct classification of expressions, rest of the patches are dis-
carded. Patch based approach reduces the computation cost and improves classifi-
cation accuracy for low resolution images.

Yu et al. [45] developed a ensemble based model to categorize the facial emotions
in SFEW dataset [45]. SFEW dataset contains images from the movie scenes. Task
requires the classification of the facial emotion of the main subject into seven basic
emotional categories. The paper uses ensemble of CNNs with di�erent architecture
to classify the emotion. All the models are pretrained on the large Facial Expression
Recognition (FER-2013) dataset [60]. Hinge loss and log likelihood are used as loss
functions for optimization of the models. Output of the models in ensemble is
averaged to get the final prediction.
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[61] developed an images based system to assess the level of pain for the patient
under observation. The paper presents a novel feature descriptor for assessing the
pain from facial activity of the patient. The feature descriptor uses combination of
both geometric and appearance based features to accurately model the facial activity
in reference to level of pain.

3.1.2 Dynamics (video) based methods

X

Y

T

Figure 3.2: Block diagram of dynamics (video) based methods.

In dynamic approaches, combination of spatial as well as temporal activity is used
to model the emotions represented by a face (refer fig. 3.2). Dynamic methods are
able to overcome the limitation of the static approaches by analyzing the variation
in facial activity with time. These methods tend to be computationally expensive
and can not be deployed on mobile devices for real time applications.

[62] presented a dynamic Bayesian network based model to track and extract the
facial activity. Model learns the evolution of facial expressions, and interaction of
local and global facial features with each other. Bayesian model combines the prior
knowledge with learnt features from training data to provide a better modeling
capability.

Long et al. [63] developed an unsupervised approach to classify video from unlabeled
video data. First, Independent Component Analysis (ICA) is used to extract spatio-
temporal features from the video, and then, these features are used to classify the
video for specific application. According to authors, this approach is able to perform
better than the statistical approaches for facial expression analysis task.
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A novel feature extraction technique called as Local Gabor Binary Pattern from
Three Orthogonal Planes (LGBP-TOP) was proposed by [64] to extract spatial as
well as temporal features, simultaneously. The proposed feature extraction method
was combination of two previously successful methods: LGBP and TOP. The meth-
ods use Gabor filter independently in XY, XT and YT planes. Results showed
that these features are very robust to misalignment of the facial axis in consecutive
frames.

[65] presented another feature extraction method for extraction of spatio-temporal
features. According to the paper, proposed Spatio Temporal Local Monogenic Bi-
nary Pattern (STLMBP) features are invariant to orientation, phase and illumina-
tion variation. Hence, they are good at extracting features in unconstrained environ-
ment. The monogenic filters were used to extract magnitude, phase and orientation
of images. Multiple kernel based learning approaches were used on these features
for correct classification.

Fan et al. [66] developed a hybrid network for emotion recognition in videos. Net-
work contained two input pipelines. First network was 3D convolutional neural
network (3D-CNN), which has capability to extract spatio-temporal features simul-
taneously. Second pipeline had CNN paired RNN. CNN extracted the spatial fea-
tures and RNN learned the temporal relationship between the features of successive
frame.

3.1.3 Multiple modality based methods

X

Y

T Video

EEG signal

Figure 3.3: Block diagram of multimodal systems for FER.
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Multimodal approaches combine image or video data along with other physical sig-
nals captured from subject; such as, audio, EEG, ECG etc. Addition of other phys-
ical signals provide more concrete information on the state of the subject, leading
to a better hypothesis. Fig. 3.3 shows the block diagram of a general multimodal
system.

Han et al. [67] uses multimodal regression approach to analyze the valence and
arousal activity on face. The paper uses strength modeling technique which hier-
archically combine models based on their strengths. Support vector regression and
Bidirectional Long Short Term Memory (BLSTM) network were used to learn and
extract the features from audio and visual modalities.

[68] developed a Brain Computer Interaction (BCI) system for emotional analysis
using EEG signal. They employ multiple prepossessing and feature extraction meth-
ods to accurately classify the emotion. Kernel based classifier is used to classify the
valance and arousal activity from physiological signal. [69] developed a sentiment
analysis system based on textual and multimedia information present in the social
media posts. The paper employs multi kernel learning approach to train di�erent
models simultaneously for di�erent modalities of input data. CNNs are used to
extract the features from video and text inputs while openSMILE [70] is used to
extract the audio features.

A deep belief network based system was developed by Zheng et al. [71] to classify
the emotions in positive, negative and neutral categories. The EEG signals were
collected by providing external stimuli to subjects with di�erent types of videos.
Experiments were conducted with di�erent number of EEG profiles; i.e. 4, 6, 9 and
12 channels.

[72] developed a multimodal system with specialist models learning specific modal-
ities from the input video sequence. The system was designed for the video based
emotion recognition challenge in the the emotion recognition in wild (EmotiW) com-
petition. In this ensemble of models, CNN focused on visual spatial features from
input frame, deep belief net learned the audio modalities and K-mean clustering
algorithm extracted features from the mouth regions of each frame. These features
were combined and passed to final classifier to predict the emotion represented by
the image.

Kaya et al. [73] developed a multimodal system for EmotiW competition. The pa-
per used combination of both feature learning and hand crafted feature extraction
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methods. CNN was used to learn spatial activity corresponding to di�erent emo-
tions. Conventional (hand crafted) feature extractors; like, SIFT-FUN, LPQ-TOP,
LGBP-TOP etc., are also used to extract visual structure from the face. The paper
uses openSMILE library [70] to extract the audio features from the input video.
Two di�erent models (Partial Least Square (PLS) and Extreme Learning Machine
(ELM)) are trained independently on these extracted features. Later, The output
scores of these two models are combined using weighted averaging.

Turker et al. [74] used audio and video features to identify the laughter in the
natural environment. Dataset was manually labeled for laughter sound and other
environmental noises. Combination of head pose and facial features are used along
with raw audio to identify the required event. Di�erent modalities are fused and
classified with the help of SVM classifier. Deep neural network was also infused into
the system to increase the detection accuracy of the system.

3.2 A�ective computing for sentiment analysis

A�ective computing has huge scope in analysis of sentiment from human facial ex-
pressions in social media and other applications. With recent growth of the internet
and social media platforms, these platforms have become accessible to huge amount
of population. Hence, companies use them for advertisement and retrieving user
feedback (sentiment). But most the data uploaded by users contains multimedia
images. Sentiment of these images can not be extracted by traditional NLP based
sentiment analysis systems. Hence, new approaches are being developed to extract
the sentiment from images. Most of these image based sentiment analysis systems
use hand crafted feature extraction approaches, such as, Local Binary Patterns
(LBP) [75], Histogram of Oriented Gradients (HOG) [35], Scale Invariant Feature
Transform (SIFT)[76], etc.

CENTRIST [77] (a scene level feature descriptor) was used by [9] to extract senti-
ment represented by the input image. CENTRIST feature descriptors were extracted
to encode the scene level sentiment information. Then, Pyramid Histogram of Ori-
ented Gradients (PHOG) and Local Phase Quantization (LPQ) feature extractor
were used, on the segmented faces of people in the scene, to identify their facial ex-
pression. A multikernel classifier is used on fused features to predict the sentiment
of the image.
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Li et al. [78] developed a system to predict happiness intensity represented by an
image. The system predicted increasing level of happiness with score in between 0
and 5. The system contained four submodules arranged as four stages of processing.
First and second stage were used to extract scene level and facial level features, re-
spectively. Third stage uses LSTM model, which was trained on extracted features
to learn conditional dependence between all the features. Last stage applies regres-
sion model on the output of third stage to predict the happiness intensity between
defined levels.

Geometric feature based model was developed by Vonikakis et al. for happiness
intensity prediction [79]. This paper used forty nine facial keypoints to learn facial
muscle movement corresponding to the level of happiness represented by the image.
In another work by Sun et al. [80], hand crafted feature methods (like, Dense SIFT)
are combined with the featuring learning approach to extract much robust but task
specific feature representations. LSTM model is used on these extracted feature
representations to learn their joint probability distribution. A densely connected
neural network is used on the output of LSTM as regression model to predict the
happiness intensity.

You et al. [81] used CNN based progressive learning approach to learn the target
sentiment from a weakly labeled dataset collected from Flickr. They also used fine
tuning to make model more e�cient on the sentiment classification. The CNN model
was pretrained using large weakly labeled Flickr dataset, and later fine tuned using
manually labels images collected from twitter. [82] studied social media images to
analyze the social interaction between individuals, and how it influences individuals
on the social media platform. A probabilistic graph based model was proposed by
them to analyze the influence of one individual over another in the image. This
influence graph was used to predict the emotion represented by the image.

A very illustrious frame for sentiment analysis known as Sentribute was proposed
by Yuan et al. [83]. The framework predicts the emotion represented by the image
based on the content of that image which doesn’t necessarily have to have humans. It
takes low level features from the image and converts them into the mid level features
using set of classifier. They also extract face features using Eigenface model, which
are later fused with mid level scene features (if the image contains the faces). The
final classifier predict the sentiment represented by the image using these combined
set of features. SentiBank [84] is another emotional sentiment analysis framework
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developed for sentiment prediction from images in social media. SentiBank links
each social media image to one of the 1200 Adjective Noun Pair (ANP); these ANPs
are then used for prediction of final emotion.

3.3 Deep learning architectures

Last decade has seen huge amount of research in deep learning due to its success
in wide range of applications [85, 86, 87, 88, 89]. One of the main reason for this
recent success of neural networks is availability of large datasets produced by in-
dustrial giants. Secondly, induction of Graphical Processing Units (GPU) into deep
learning research has greatly increased computation power and reduced the develop-
ment time for new test architectures. Deep learning algorithms are now performing
significantly better than conventional learning algorithms in computer vision ap-
plications; such as, image classification [90, 6, 3], image segmentation [91], object
detection [85, 86, 87], image enhancement [88, 92], image retrieval [89, 93, 94] and
tracking [95]. Additionally, machine learning approaches are now being used in
di�erent multidisciplinary domains with very good results [96, 97, 98, 99].

First big breakthrough in deep learning was by [3]. In year 2012, the deep convolu-
tion neural network proposed by Krizhevsky et al., called as AlexNet (fig. 3.4), was
able to outperform the conventional learning algorithms in ImageNet competition
[100] for the classification task. The competition requires computer vision algorithm
to correctly classify the images into one of the thousand classes. The model was able
to achieve 15.3% error rate against its nearest competitor with error rate of 26.2%.
This network used dropout [101], minibatch learning along with momentum based
SGD optimization [102]. This event triggered the interest of research community
back into neural network research.

In year 2014, [4] proposed VGGNet architecture (shown in fig. 3.5) with more depth
and higher kernel count to beat the AlexNet on ImageNet dataset. The key idea
of this paper was that they replaced larger sized kernels (11 ◊ 11) by smaller sized
and constant sized kernels (3 ◊ 3). This model also had higher depth of 16 layer
in comparison to AlexNet. According to authors, smaller sized kernels and higher
depth provided model the capability to learn more robust features.

Same year, [5] proposed an inception based CNN architecture. It has also gained a
lot of popularity in computer vision application due to its robust and general purpose
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Figure 3.4: Architecture of the AlexNet CNN model [3].

Figure 3.5: Architecture of VGGNet CNN model [4].

learning architecture. Instead of using constant size kernels in a given layer, as used
by its predecessors, inception architecture used di�erent sized kernels as shown in
fig. 3.6. Each layer has multiple kernels of di�erent sizes, convolving with same
input data parallelly. Fig. 3.6 shows single layer of the inception based architecture.
These blocks are stacked together to build the required depth for a given task.
This architecture had 22 layer and 4 million parameters. On the contrary, AlexNet
and VGGNet had 60 million and 138 million parameters, respectively (even with
much lower depth). This reduction in parameter count was due to removal of dense
layer, which were used earlier as part of classification module at the end of feature
reduction process.

Another very commonly used CNN architecture, called as Residual Neural Network
(ResNet), was proposed by [6]. The ResNet architecture used skip connection ap-
proach (refer fig. 3.7). ResNet model is divided in blocks called as residual blocks
(shown in fig. 3.7). Each block uses skip connection which connects the input (x) to
output (F (x)) of that block and every block contains multiple convolutional layers.
This skip connection or residue addition approach helps to avoid vanishing gradient
problem in architectures with very high depth. The paper was able to optimize the
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Figure 3.6: Inception block used in CNN architecture proposed by [5].

model with a depth of 150 layers using the residue learning approach.

Figure 3.7: Architecture of residual network [6].

[103] proposed DenseNet CNN architecture using residual learning approach from
di�erent prospective. DenseNet connects current layer of the model with all its
preceding layers using residual connections. According to authors, using output of
previous layers at each layer helps in concurring the problem of vanishing gradient,
and also helps in reducing parameter count.

The Xception CNN architecture [104], proposed by Chollet, improves learning mech-
anism in CNN architectures. The paper proposes depthwise separable convolution
operation. Although, general architecture of the proposed model is same as [5] with
a single exception that instead of performing convolution for the complete depth
of the model, Xception architecture only considers a part of feature depth for con-
volution operation. The mechanism helps in reducing the parameter count of the
model.
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[105] proposed network-in-network architecture to increase representation capability
of the CNN model. It places multilayer perceptron (MLP) network between two
consecutive convolution layers. Thus, instead of directly passing convolved features
from the previous layer, they are passed through MLP. MLP provides the nonlinear
local relationship between the features of current layer.

[106] proposed maxout based CNN architecture. The architecture keeps only max-
imum value of the output feature maps in a layer. Model compares all the feature
values produced by di�erent kernels for a particular location in the feature map and
retains only highest value for that location while discarding the rest. Thus, only
most dominant features of the input data are considered for further processing. This
procedure improves generalization capability of the CNN model.

3.4 Non-linear data modeling with deep learning

A simple perceptron is a linear modeling function given by equation below:

y = f(W X + B) (3.1)

where W and B are the weights and biases of the model, and X and y are input
and output. The activation function (f) plays a very important role in nonlinear
modeling of data for neural networks.

The earlier activation, like sigmoidal and hyper tangent function, had problem of
exploding and vanishing gradients. Hence, the older neural networks were unable
to scale the depth limiting their representational capabilities. In 2010, Niar et
al. proposed a new activation function called as Rectified Linear Unit (ReLU)
[7]. Till date, ReLU is an acclaimed activation function, and is used in most of
the applications. Reason for the success of ReLU is its linear behavior and non-
saturating nature (shown in fig. 3.8). ReLU clips negative part of the input and
transfers positive part to output without any alteration (eq. 3.2). This helps linear
flow of gradient during back propagation in deep models. On the other hand, when
unit is stuck with a negative value of input due to random initialization, it never
gets a chance to change the connected weights (as no gradient will flow through that
unit).
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Figure 3.8: Rectified linear unit activation function [7].

f(y) =

Y
_]

_[

y, if y > 0

0, if y Æ 0
(3.2)

To overcome the problem of dead units in ReLU, a number of other activation
functions have been proposed. Leaky ReLU [8] (shown in fig. 3.9) resolves the
predicament by assigning non-zero slope value to the negative section of the input,
while positive part of the signal is treated similar to ReLU (eq. 3.3).

Figure 3.9: Leaky rectified linear unit activation function [8].

f(y) =

Y
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y if y > 0

ay if y Æ 0
(3.3)
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Parametric rectified linear unit (PReLU) [107] uses trainable parameter as the slope
coe�cient instead of predefined value for the negative part of the input (eq. 3.4).
Negative slope coe�cients are trained along with the model weights during train-
ing. Activation functions in all of the layers learn di�erent parameter values, and
therefore they show unique activation behavior for the negative part of input in each
layer. [107] claims that PReLU is the major factor in surpassing human level clas-
sification accuracy on ImageNet [100]. [108] proposed Randomized Leaky Rectified
Linear Unit (RLReLU), which uses non-linear random coe�cient instead of linear.
Negative slope coe�cient is sampled from the distribution around given slope value.
It helps in avoiding chances of over fitting over the training data.

f(y) =

Y
_]

_[

ym, if y > 0

amym, if y Æ 0
(3.4)

Some other activation units use non-linear functions to model the activity of neuron.
[109] proposed exponential linear unit (ELU), which uses exponential function to
model the negative part of the input (eq. 3.5). ELU provides solution to output
variance and bias problems. Saturation in negative part pushes activity of neurons
toward zero mean, and pulls down the variance in the negative part. It was ad-
vanced by Parametric Exponential Linear Unit (PELU) [110], which used trainable
parameters to control behavior of the exponential function.

f(y) =

Y
_]

_[

y, if y > 0

a(ey ≠ 1), if y Æ 0
(3.5)

Goodfellow et al. [106] proposed maxout activation function, which takes maximum
value out of outputs produced by several neurons. Adaptive Piecewise Linear (APL)
unit proposed by Agostinelli et al. [111] uses hinge shared linear function as acti-
vation layer. It calculates piecewise linear function independently for each neuron
and learn them during training process. [112] also proposed a trainable activation
function, whose shape can be learned using linear regression model. The activation
function can take any shape according to the given data. A non-linear activation
function was proposed by [113] to solve time varying non-linear equations. Authors
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also proposed that activation can help neural network converge in a finite time.
Mathematical formulation for the upper bound on convergence time was presented
in the paper. [114] designed an activation function specially for recurrent neural
dynamics. The paper tries to find the roots of non-linear equations using recurrent
neural network based on this activation function.
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4 Sentiment analysis from social
media images

4.1 Introduction

Analysis of social media content is helping companies to analyze customers’ behav-
ior and design their products and services accordingly. Sentiment analysis of textual
data, from various social media sources, provides a convenient way to collect cus-
tomer’s experiences and is used by companies to make their products better. In
recent years, a sharp surge has been observed in multimedia content on social media
platforms compared to textual. It creates the need for a system capable of analyz-
ing the multimedia content and produce relevant information. Social media images
mostly contain multiple individuals in a wide range of social settings. Extracting
emotional sentiment from these images is a very complex task due to variation in
background conditions and number of subjects in the image.

There are multiple independent factors a�ecting perceived emotion in a group image.
Some times di�erent local regional features may convey di�erent information; such
as, there could be very high variation in facial expressions of individuals within a
single image. For example, if we look at fig 4.1, face labeled as FACE-1 represents
neutral emotion whereas face FACE-2 shows positive (happy) emotion, but whole
image is labeled as negative emotion in the dataset [9]. Therefore, it is not correct
to predict the sentiment in an image based on just a few faces. Surroundings of
individuals also play a key role in final group emotion prediction. Hence, a multi
modal system, which can capture various independent features from the given scene,
is required for such a task.

We use EmotiW Group E�ect Database (GED) 2.0 [9], developed by EmotiW 2017
competition organizers. In this dataset, images of a group of people are divided into
three categories representing positive, negative and neutral emotions. The dataset
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contains images from a wide range of social scenarios. The objective is to predict
correct emotion on test data by considering all possible local and global factors
contributing to final perceived emotion in an image.

Present chapter proposes a novel method to predict the sentiment represented by an
image by combining local features (facial expressions of subjects) and global features
(scene level physical characteristics) in an image. Joint probability distribution of
physical and facial features provides the sentiment represented by the image. This
unknown distribution over facial and scene features is learnt using Long Short Term
Memory (LSTM) networks. We use Tensorflow [115] library for designing di�erent
types of deep learning models, and OpenCV [116] for data preprocessing and other
image operations.

FACE-1
FACE-2

Figure 4.1: Sample from Group E�ect Database 2.0 [9] representing diversity of facial
as well as surrounding features.

4.2 Proposed method

In spite of considerable amount of research in facial emotion analysis, social group
images based sentiment analysis remains under-explored. This work targets this
problem with deep Convolutional Neural Network (CNN) based feature learning
instead of hand crafted feature extraction techniques. Hand crafted feature extrac-
tion techniques sometimes miss key features contributing to the final label whereas
feature learning techniques do not have such limitations [83, 84]. The proposed sys-
tem contains two CNN based models to learn two di�erent modalities. First model
(scene CNN model) learns scene level features to identify the emotional sentiment
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represented by the image. In second model (face CNN model), we train a di�erent
CNN architecture to learn to predict facial emotions on the faces of subjects in the
image.

Figure 4.2: Proposed image based group sentiment analysis system. The system
extracts features from scene and face separately, and then stacks them
for overall score calculation using LSTM.

Block diagram of the proposed framework for group level emotion classification is
shown in fig 4.2. The system contains two submodules:

1. Scene feature extraction submodule focuses on scene level spatial components
contributing to final label, and

2. Face feature extraction submodule extracts facial expression of people in an
image.

LSTM network is used to produce a multivariate joint distribution over the face and
scene features. The LSTM model is chosen for the task, based on their better ability
to model conditional joint distribution of inputs over other types of recurrent neural
networks. Output multivariate joint distribution is used to estimate the probability
of co-occurrence of various features in images for a predefined class using Softmax
regression model.

4.2.1 Dataset

Group E�ect Database (GED) 2.0 [9] contains images from all types of social sce-
narios we encounter in daily life. The dataset is divided into three sets for training,
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validation and testing. The training data has 3630 training images divided into:
1159 samples for negative emotion, 1199 samples for neutral, and 1272 samples for
positive emotion. Validation data has 2065 images containing 564, 728 and 773 im-
ages for negative, neutral and positive emotions, respectively. The test data contains
772 unlabeled images. Some random samples from GED 2.0 dataset are shown in fig
4.3, which represent the diversity of conditions covered by dataset. With very few
training samples in GED 2.0, it is impossible to train a large CNN model without
struggling with over-fitting. Therefore, we use ImageNet dataset [100] in this work
for model pre-training. Additionally, FER-2013 [117] and SFEW 2.0 [118] facial
emotion databases are used for training the Face-model (refer Section 4.2.3).

(a) Negative sample (b) Neutral sample (c) Positive sample

Figure 4.3: Sample images from GED 2.0 dataset

Data preprocessing

The training data contains very low number of images (only 1159, 1199 and 1272
samples of negative, neutral and positive emotion category, respectively) to train
a deep CNN model. Therefore, data augmentation techniques are used to increase
the number of samples. For augmentation, a random batch of images are read from
each category. For each image, a sample is generated by cropping 3/5 region along
the height and width. Five such samples are generated per image. Four samples
are generated by cropping regions from each of the four corners, and fifth sample is
from the center. Then these samples are flipped horizontally. In total, each training
image provides 10 samples to train the model, thus providing 3630 ◊ 10 samples.
The pixel values of images in training data are normalized within range [≠1, 1] to
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maintain a uniform color spectrum throughout the dataset, eq. 4.1.

xnormalized(i, j) = 2 ◊ x(i, j)
xmax

≠ 1 (4.1)

here, xnormalized(i, j) is the normalized output and x(i, j) is input image. xmax

represents the maximum pixel value in the given image.

4.2.2 Scene-model

A CNN model based on Inception V3 [119] architecture is developed as base model
for learning the scene level contributing features. This model would be referred as
Scene-model in rest of this chapter. [119] achieved highest classification accuracy
on world’s largest image dataset (ImageNet). It makes Inception architecture best
feature extractor for any computer vision task. [119] also combines multiple sized
kernels, providing a receptive field which combines multiple sized spatial correlation
based on target label requirements.

The Inception V3 modules (shown in fig 3.6) are stacked together to get the re-
quired depth in the model. “Previous layer” block (fig 3.6) represents output of
the preceding layer, which is passed to four parallel pipelines performing multilevel
convolution with kernels of size 1 ◊ 1, 3 ◊ 3 and 5 ◊ 5. These di�erent sized kernels
are able to capture di�erent sized spatial correlations. Output of all these kernels
are finally concatenated at “Filter concatenation” block.

Model training

Scene-model developed for scene feature extraction is based on Inception V3 archi-
tecture and contains 11 inception modules, shown in fig 4.4. In fig 4.4, Block ≠ n

(n œ 1 . . . 11) represent the Inception V3 modules from fig 3.6. This model is
pre-trained on ImageNet dataset to get a generalized initial weight configuration.
Pre-training the model on enormous ImageNet dataset helps in achieving generalized
weight configuration, suitable for extracting wide variety of features.

This pre-trained model is then fine tuned with task specific dataset (GED 2.0) using
data augmentation (refer Section 4.2.1). Instead of fine tuning the whole model from
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Figure 4.4: Fine tuning of Scene-model architecture to extract scene level features.
Some of the layers are frozen and the rest remain trainable for faster and
accurate prediction of group emotion.

end to end, we fine tune only certain percentage of the total weights. The choice,
whether the weights of a certain layer are going to be fine-tuned or kept frozen, is
made empirically. Model is trained multiple times for each set of frozen layers. Table
4.1 shows the maximum accuracy achieved by fine tuned Scene-model with di�erent
number of frozen layers. For this experiment, initial layers of models are frozen and
end layers are fine tuned. In first experiment, when all the parameters of the model
are fine tuned, it achieves lowest validation accuracy of 54.16. Similarly, accuracy
also decreases when only last block of model is fine tuned. In general, model is
able to achieve highest accuracy when around half of the layers are fine tuned in
comparison to full fine-tuned model. Although, there is no specific pattern observed
in the fine tuning process. But as a rule of thumb, it is better to search for best fine
tuned model around space where approximately half of the layers are frozen. This
significantly reduces search space and computation cost. The representation of fine
tuning of the model is also shown in fig 4.4.

The experimental results are also supported by the work of Zeiler et al. [120]. Ac-
cording to which, the initial layers of model learn local pixel correlation in receptive
field of their respective kernels. But as we go deeper into the model, level of ab-
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straction starts to increase and end layers in CNN models generally learn objects
or object parts for given data. This implies that local features in all objects are
generally same (e.g. edges, texture, etc.), but global features change with data.
From this discussion, we can establish the fact that during domain transfer process,
there is no need for fine-tuning the whole model because initial model layers learn
generic features. Therefore, only backend of the model needs to be fine tuned with
application specific dataset. This phenomenon is also substantiated by the results
of table 4.1.

Table 4.1: E�ect of changing number of trainable weights during fine-tuning on
model accuracy.

S.No. Trainable blocks Frozen blocks Model name Validation accuracy
1 block-1 - block-11 None FreezeNone 54.16
2 block-3 - block-11 block-1 - block-2 Freeze_1-2 66.19
3 block-5 - block-11 block-1 - block-4 Freeze_1-4 65.29
4 block-7 - block-11 block-1 - block-6 Freeze_1-6 65.70
5 block-8 - block-11 block-1 - block-7 Freeze_1-7 66.40
6 block-9 - block-11 block-1 - block-8 Freeze_1-8 64.57
7 block-11 block-1 - block-10 Freeze_1-10 62.49

Figure 4.5: Bar chart showing the e�ect of fine tuning of di�erent number of blocks
in Inception based Scene-model.

Bar chart of the model accuracies at di�erent number of frozen layers is shown
in fig 4.5 and plot of validation accuracy of the model with respect to number of
training epochs for di�erent number of frozen layers is shown in fig 4.6. freezeNone
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represents the model with all the fine tuned layers and freeze_1 ≠ 2, freeze_1 ≠
4, freeze_1 ≠ 6, freeze_1 ≠ 7, freeze_1 ≠ 8, freeze_1 ≠ 10 represent models
with 2, 4, 6, 7, 8, 10 layers kept frozen during fine tuning, respectively. Plots
reveal some interesting facts about the model behavior during fine tuning with
di�erent number of layers. The model with lower number of trainable layers have
faster convergence rate than the model with higher number of trainable layers. For
example, freeze_1 ≠ 10 (black curve) reaches its best performance within just 10
epochs, while freezeNone (blue curve) takes around 40 epochs to achieve best
validation accuracy. Another important obserbation from this experiment is that
models with very few fine tuned backend layers show very sharp slope in validation
accuracy till they reach plateau. While the models with all or maximum number of
layers fine tuned, show very slow progress in validation accuracy.

Figure 4.6: Plot of progress in validation accuracy of model with respect to epochs
during fine-tuning process for di�erent number of layers kept frozen.

Once fine tuning procedure is established, categorical cross-entropy is used as loss
to measure the deviation given by eq. 4.2.

L(yÕ, y) = ≠ 1
N

Nÿ

i=0
[yilog(yÕ

i) + (1 ≠ yi)log(1 ≠ yÕ
i)] (4.2)

where, L(yÕ, y) is the value of loss, yi and yÕ
i denote target and predicted labels,

respectively. N is total number of samples per mini-batch.

RMSProp gradient descent optimization method is used to back-propagate the error
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through network. If Lt is the loss value for a particular example and ◊t is the
parameters’ value at time t, and “ and – are decay terms for gradient and leaning
rate, respectively. Then, the mean square term (rt) is given by:

rt = (1 ≠ “) [LÕ
t(◊t)]2 + “rt≠1 (4.3)

here, LÕ
t is derivative of loss with respect to parameters ◊t. “ is the momentum term

and can be used to control the contribution of present and past gradients.

Actual update gradient (vt+1) is calculated using following eq:

vt+1 = –
Ô

rt
LÕ

t(◊t) (4.4)

here, – is the learning rate of optimization function.

For set of parameters defined by ◊t at time t, the next set of values (◊t+1) are given
by eq. 4.5:

◊t+1 = ◊t ≠ vt+1 (4.5)

The model is trained for 50 epochs with scheduled learning rate. At the start of
training 0.001 learning rate is used, and test loss is observed at the end of each
epoch. If test loss does not improve for 5 continuous epochs then learning rate is
dropped by a factor of 1/5. This policy is adopted for complete training process.

4.2.3 Face-model

After training the CNN model to classify the sentiment in an image based on scene
features, a second model is developed and trained to extract the facial emotions of
individuals in the image.

43



CHAPTER 4. SENTIMENT ANALYSIS FROM SOCIAL MEDIA IMAGES

4.2.3.1 Face data preprocessing

FER-2013 [117] and SFEW 2.0 [118] datasets are used to train the model for di�erent
classes of facial emotions. Both datasets have seven basic emotion; i.e., angry,
disgust, fear, happy, neutral, sad, and surprise. Some samples from both of the
datasets are shown in fig 4.7. FER-2013 dataset has cropped (48 ◊ 48) gray scale
face images. While SFEW 2.0 dataset has wide scale images from movies with
much smaller region of interest and sometimes even have more than one faces in
image. Therefore, initially faces are segmented using Viola-Jones face detector [121]
in SFEW 2.0 dataset, and then face, corresponding to the labeled emotion (base
face), is identified based on area (face with maximum surface area). These faces
are resized to (48 ◊ 48) gray scale image (same size as FER-2013 dataset) to have a
uniform dimensionality of dataset.

(a) Samples from Fer-
2013 dataset.

(b) Samples from SFEW 2.0 dataset.

Figure 4.7: Sample images representing nature of data and emotions in facial emo-
tion recognition datasets.

4.2.3.2 Face-model training

A second CNN model (Face-model) designed to classify the facial emotion is based
on Xception architecture [104]. The Face-model is pre-trained on the combination
of FER-2013 and SFEW 2.0 facial emotion datasets. Training set of FER-2013, and
training and test set of SFEW 2.0 are used as training data for the Face-model. Test
set of FER-2013 dataset is used to validate the performance of Face-model. This
model is designed to predict 7 basic facial emotions.
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The Face-model is not fine tuned for task specific dataset (as discussed in 4.1); as in
GED 2.0 dataset, locally individual faces might provide wrong information regarding
the globally perceived emotion. Therefore, the same model trained on SFEW 2.0
and FER-2013 is used without any fine tuning.

4.2.4 Face-Scene-model

For final model, which exploits both local as well as global features, we use Face-
model and Scene-model as feature extractors. These models take raw image pixels
and provide mid level feature representations. The features can also be treated
as n-dimensional (n is number of feature per image) distribution of data based on
di�erent characteristics. Joint probability distribution of these features is modeled
by Long Short Term Memory (LSTM) [122] models.

For training of LSTM model, training dataset (images from GED 2.0) is passed
through Scene-model to extract scene level features at global average pooling layer
(layer before classification layer), refer fig. 4.4. Then faces in training images are ex-
tracted (using Viola-Jones face detector) and resized to (48 ◊ 48) gray scale images.
Similar to Scene-model, all extracted faces pass through Face-model, and facial fea-
tures are acquired from global average pooling layer (layer just before classification
layer). Both Scene-model and Face-model provide 2048 dimensional scene and facial
features.

Number of faces per image can vary a lot from image to image; therefore, top five
faces (based on their percentage area in the image) are selected for feature extraction.
This provides a uniform (5 ◊ 2048) dimensionality of facial feature set. If an image
has less number of faces, then output feature set is zero padded with ((5≠n)◊2048)
sized array; where, n is number of faces detected in an image. Since LSTM networks
are order dependent, these features (extracted using Face-model and Scene-model)
are stacked together in a predefined fixed order. During feature stacking, scene
features are always first vector followed by any random order of facial features.

Features from global average pooling layer in Scene and Face models are concate-
nated resulting in (6 ◊ 2048) sized input vector. Single LSTM layer is used with
128 LSTM cells, providing 128 dimensional output vector. The choice of the order
of LSTM model is based on empirical evaluation. Softmax regression model is used
to convert this 128 dimensional joint distribution of global and local features into
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class scores.

Figure 4.8: LSTM based architecture for showing relation between input and output
of the model

The probability of receiving an output vector, given the face and scene feature
vectors, is represented by following equation:

P (y1, y2....yT Õ|x1, x2.......xT ) =
TŸ

t=1
P (yt|x1, x2.......xT ) (4.6)

where y1, y2....yT Õ represent output vector and x1, x2.......xT represent input vector
for LSTM. The input and output sequences have length T and T Õ, respectively. In
proposed model, input is combination of scene and face features; therefore, equa-
tion can be rewritten in terms of input scene vector (S) and face feature vectors
(F1, F2...Fn) each with size (1 ◊ 2048) (eq. 4.7). Hence, conditional probability
of output vector (P (y1, y2....yT Õ|x1, x2.......xT )) is presented as the product of con-
ditional probability of output given scene feature vector P (yt|S) and face feature
vector P (yt|F1, F2......Fn), respectively (eq. 4.7).

P (y1, y2....yT Õ|x1, x2.......xT ) =
nŸ

t=1
P (yt|F1, F2......Fn) ◊ P (yt|S) (4.7)

Physical implementation of the probability estimation using LSTM (for eq. 4.7) is
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shown in fig. 4.8. At the time of implementation, eq. 4.7 is represented as:

yt = f–(Ht, xt; ◊) ’ t = 1, 2, 3.......T (4.8)

Ht = f—(Ht≠1, xt; ◊) ’ t = 1, 2, 3.......T (4.9)

Ht≠1 = f“(Ht≠2, xt≠1; ◊) ’ t = 1, 2, 3.......T (4.10)

where, yt is output of the model at time t. This output is function of current hidden
state (Ht) and current input vector (xt), given the model parameters (◊). In fig.
4.8, current hidden state is represented as a function of previous hidden state (Ht≠1)
and current input (xt). Similarly, previous hidden sate is represented as a function
of its input (xt≠1) and previous state (Ht≠2), and so on.

By combing eqs. 4.8, 4.9 and 4.10; we rewrite the output as the function of all
previous inputs (eq. 4.11).

yt = f–(f—(f“(......(....xt≠2, xt≠1, xt; ◊)))) ’ t = 1, 2, 3.......T (4.11)

Combination of LSTM and Softmax regression setup is trained on the training data
of GED 2.0 with categorical cross-entropy as the loss function (refer eq. 4.2) and
RMSprop algorithm (eq. 4.3-4.5) for gradient back-propagation.

4.3 Results and discussion

We evaluate test data on Scene-model as well as on complete Face-Scene-model.
First, performance of Scene-model is analyzed on validation set; and later, it is
combined with Face-model to check improvement in model accuracy.
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The Scene-model by itself is also able to achieve a decent accuracy of 63.43%. Table
4.2 shows category-wise accuracy achieved by Scene-model. The Scene-model is able
to achieve higher accuracy on positive emotion compared to negative and neutral.
Confusion matrix for the Scene-model is shown in table 4.3.

Table 4.2: Scene-model accuracy for positive, neutral and negative emotion along
with overall accuracy.

Category Accuracy
Overall Classification Accuracy 63.43%
Positive Classification Accuracy 62.06%
Neutral Classification Accuracy 57.57%
Negative Classification Accuracy 57.43%

Table 4.3: Confusion matrix for Scene-model presenting the number of correctly clas-
sified and misclassified samples for each class.

Positive Neutral Negative
Positive 193 88 30
Neutral 29 95 41
Negative 38 88 170

Detailed description of performance of complete Face-Scene-model for each target
class is given in table 4.4. Proposed model is able to achieve overall accuracy of
66.34% with highest accuracy of 69.93% for the negative group emotions. Confu-
sion matrix for the Face-Scene-model is shown in table 4.5. By analyzing the model
performance, it is observed that model has di�culty in classifying the neutral emo-
tions and is biased toward negative emotions. Inclusion of Face-model has improved
accuracy of Face-Scene-model in negative class when compared with Scene-model
alone.

Table 4.4: Face-Scene-model accuracy for positive, neutral and negative emotion
along with overall accuracy.

Category Accuracy
Overall Classification Accuracy 66.34%
Positive Classification Accuracy 63.02%
Neutral Classification Accuracy 46.06%
Negative Classification Accuracy 69.93%
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Table 4.5: Confusion matrix for Scene-model presenting the number of correctly clas-
sified and misclassified samples for each class.

Positive Neutral Negative
Positive 196 66 49
Neutral 31 76 58
Negative 35 54 207

The proposed model is compared against other state of the art techniques used
for scene classification [77, 123, 124, 125]. For comparative analysis, we considered
scene feature extractor like scale-invariant feature transform (SIFT), Speeded Up
Robust Features (SURF) [126] and Oriented FAST, Oriented BRIEF (ORB) [127]
and CENTRIST [77]. All of them are known for their local scene feature encoding
e�ciency. In CENTRIST based classifier, Support Vector Machine (SVM) classifier
is trained on CENTRIST features to classify the image [9]. For CENTRIST feature
extraction, image is divided into 4 ◊ 4 non-overlapping regions. Then CENTRIST,
a Census transform based feature extractor, is used to extract features of these
regions.

In rest of the methods shown in table, three levels of clustering are used to create
visual word dictionary. Cluster size of 100, 200 and 400 is chosen for SIFT, SURF
and ORB feature descriptors. Both SIFT and SURF provides higher density of spa-
cial keypoints (3000 to 5000). Each keypoint is encoded into 128 and 64 dimensional
space for SIFT and SURF, respectively. On the other hand, ORB is more e�cient
and robust algorithm. It uses FAST (Features from Accelerated Segment Test) [128]
corner detector and provides comparatively more robust and lesser number of key-
points. ORB uses BRIEF (Binary Robust Independent Elementary Features) [129]
feature descriptor and provides 32 dimensional descriptor.

Feature vector received from all descriptors are concatenated and clustered into
100, 200 and 400 size clusters using k nearest neighbor clustering algorithm. These
clusters are used as visual word dictionary to create visual Bag Of Words (BOW)
for training classifier. Again, SVM classifier is used to classify these BOW features.

Table 4.6, shows comparative performance analysis of Scene-model and Face-Scene-
model against other state of the art techniques. Models using ORB feature with
SVM classifier are referred as ORB-100, ORB-200 and ORB-400 (number represents
the cluster size); models using SURF feature with SVM are presented as SURF-100,
SURF-200 and SURF-400; and models based on SIFT and SVM are denoted as
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SIFT-100, SIFT-200 and SIFT-400 in table 4.6. ORB descriptor based models
achieve 42.24%, 38.88% and 36.55% accuracy on test set with 100, 200 and 400
cluster size, respectively. SURF based models achieve 49.11%, 47.43% and 46.26%
accuracy on test set with cluster size of 100, 200 and 400, respectively. Although
SIFT descriptor uses 128 sized feature vector, but SIFT based models achieve ac-
curacy of 44.10%, 44.48% and 42.80% only with cluster size of 100, 200 and 400,
respectively.

Base line model uses CENTRIST features to encode scene level information and
achieves 52.93% and 53.62% accuracy on validation and test data, respectively.
Scene-model, as we have fine tuned only half of the model layers, is able to use
learnt scene description to encode task specific feature information. It is able to
achieve 66.40% and 63.43% accuracy on validation data and test data, respectively.
Complete Face-Scene-model, which combines face features extracted by Face-model
with the Scene-model features, gives 68.53% and 66.34% accuracy on validation and
test data, respectively. Clearly, including local facial features in the final model
improves the performance, resulting in 2.9% higher accuracy in Face-Scene-model
than scene based model alone.

Table 4.6: Comparison of proposed model accuracy with state of the art models.

S.No. Model Name
BOW

clusters
Validation

accuracy (%)
Test

accuracy (%)
1. ORB-100 100 41.31 42.24
2. ORB-200 200 41.94 38.88
3. ORB-400 400 39.85 36.55
4. SURF-100 100 51.19 49.11
5. SURF-200 200 49.20 47.43
6. SURF-400 400 47.94 46.26
7. SIFT-100 100 46.78 44.10
8. SIFT-200 200 47.55 44.48
9. SIFT-400 400 47.41 42.80
10 CENTRIST (base line) - 52.97 53.62
11 Scene model - 66.40 63.43
12 Face-Scene model - 68.53 66.34
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Figure 4.9: Bar chart of respective accuracies of Scene-model and Face-Scene-model
against other state of the art models.

4.4 Conclusions

A novel framework is proposed in this work to analyze emotional sentiment in an
image of a group of people. The framework is developed and tested on Group
E�ect Database 2.0. The proposed system contains two sub-modules, one of which
focuses on scene level global features while the other targets facial expression based
local features. Two di�erent convolutional neural networks are designed and trained
to learn scene features and facial expressions in an image, respectively. Features
extracted by the scene feature extraction network and the face feature extraction
network are given to LSTM network to learn joint distribution of features. Finally,
these features are classified into positive, negative and neutral emotion by using
Softmax regression. The solo scene based classifier is able to achieve a test accuracy
of 63.43%, while by combining local face features with it, the test accuracy of the
model becomes 66.34%.
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5 Multimedia likability prediction
system

5.1 Introduction

Facial expressions are the most powerful non-verbal tools used by humans to share
di�erent type information between themselves. Facial expressions have played sig-
nificant role in the evolution of our species [130]. The expression convey true human
response to any applied stimuli, irrespective of the person’s intent to conceal his
reaction. Study of facial expression finds application in wide range of area; such
as, mental health diagnosis [131], gaming experience [132], customer services [133],
automotive safety [134] and human machine interaction [135]. In last decade, facial
expression analysis and emotion recognition has attracted substantial amount of
interest from computer vision research community [56, 136, 40, 45, 60].

Involvement of di�erent facial muscles makes facial expression analysis a very com-
plex task [137]. The movement of facial muscles can also vary for each individual.
There are two di�erent type of approaches used to analyze facial expressions: appear-
ance based methods [138, 139] and geometry based methods [140, 141]. Appearance
based methods rely on various feature extraction techniques to capture the variation
in facial features. Geometry based methods use fiducial facial point to model the
movement of di�erent facial muscles.

Most common application for study of facial expression is in human emotion recog-
nition. According to earlier work of Paul Ekman [142], emotions can be divided
into six basic categories: happy, sad, surprise, disgust, fear and anger. Although,
more categories of emotions have been included by later works; such as, boredom,
contempt and engagement etc. [29, 30]. These emotions are used to understand sub-
ject response and infer decisions. But, humans exhibit very complex behavior and
sometimes response of subject to the provided stimuli can be a hybrid emotion; i.e.
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generated emotion can be a combination of multiple emotions. Hence, approaches
based on expression to emotion mapping can fail in complex scenarios.

Earlier emotion recognition and expression analysis methods used to rely on static
images [143, 59, 56]. These methods use local spatial structures to identify the
existing emotion. In other scenarios, where facial expression changes with time,
these static methods remain inadequate. In such cases, dynamic (video) methods
are preferred, which can extract spatial as well as temporal information from video
of face [65, 62]. Sometimes multiple modalities are also used to understand the true
emotion of subject [144, 145].

This work focuses on the commercial aspect of the facial expression analysis. In
this chapter, we present a novel framework for automatic evaluation of likability
of multimedia content by observing the facial expression of viewer. The system
produces output in three classes: like, neutral and dislike. The following reasons
make this task very intricate in nature:

1. The expression e�ectuated on face of subject are stimulated by the content
of observed multimedia. Hence, expressions elicited are natural instead of
acted ones. Natural expressions create very insignificant muscle movement in
comparison to the acted ones. Therefore, they are hard to recognize correctly.

2. The multimedia can have a wide variety of content leading to wide range
of expressions. For example, two di�erent videos liked by a subject can have
very di�erent content and cause completely unique set of expressions. In other
words, collected dataset will have very high intra-class variance.

3. Even in a single observed video, the subject can produce wide range of expres-
sions depending on the flow of content.

The proposed system is a multi-modal system, which captures di�erent types of
features from subject face. The ensemble based architecture is designed to learn
spatio-temporal features from input video sequence. The system is trained from end
to end in single training cycle.

5.2 Motivation

With the advent of internet technology, online multimedia content has been contin-
uously increasing. It has shown an exponentially increasing trend in last decade.
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Popularity of social media sites like Youtube, Facebook, Twitter etc. are also one of
the root factors. Facebook has around 2.23 billion active users every month [146].
Similarly, Youtube hosts more than 1.5 billion users every month [147]. Approxi-
mately, 30 million user use Youtube on daily basis out of its total user bank [148].
Over 300,000 user are paying Youtube for its services and 50 million users have
uploaded a total of more than 5 billion videos.

This vast outreach of social media platforms has made them biggest commercial plat-
form of this era. A large number of people are using these platforms as their main
source of income. The corporations use these platforms to promote their products
through advertisements. Additionally, online streaming services like Netflix, Ama-
zon prime and Hulu etc. have also become mainstream sources of entertainment.

All these platforms are great way to get real-time feedback from the user and improve
the quality of product. But current feedback systems ask user to manually provide
feedback in the form of comments or by pressing like/dislike button. It has been
observed that even a well performing content gets only around 4% view to feedback
ratio. Whereas, maximum of the content gets less than 1% feedback. These statistics
are too low and susceptible to deception. The feedback received by these methods
can vary from true response, and is very small to be of any significance at early
stage.

An automated feedback system based on facial expression of the viewer is a much
better and faster way to collect the feedback of your target audience with 100%
feedback rate. As the expression of the user are immune to deception, it is a good
way to collect true response.

5.3 Data acquisition

5.3.1 Experimental setup

Data collection is very critical step for the development of a reliable system in any
type of application. Any kind of biases and constraints in collected data can limit
the scope of developed system. Hence, we tried to make the data collection process
as realistic as possible.

Data collection process requires collection of two types of data. First data is the
video samples, which are used to stimulate the natural response on face of subjects.
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Figure 5.1: Some random samples from the videos used to stimulate the subject
response.

Second data is the recorded response of volunteers against the shown video. For
response stimulation, we selected more than 150 videos from a wide variety genres,
such as, movie, music, sports, fights, war, speech, advertisements etc. Some samples
from the used videos are shown in fig. 5.1 and number of samples in each genre are
presented in table 5.1. Duration of these video clips varies between 2 mins and 5
mins. Length of recorded response is very important in this case. We observed that
response of a subject varies a lot throughout the recording session. Hence, it is not
feasible to identify the correct viewer sentiment based on a short length clip (e.g.
5-10 sec).

Table 5.1: Table showing the number of videos belonging to each genre.

Genre Number of sample
Movie 25
Music 16
Speech 13

Advertisement 50
War/fight 18

Horror 11
Comedy 21

5.3.2 Sample recording

All recorded samples have a frame rate of 15 fps and frame size 640◊480. In total, 73
volunteers were recruited for the task of response recording. All the recordings are
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conducted in uncontrolled environment. Di�erent locations and lighting conditions
can be observed in all the samples shown in fig 5.2.

Figure 5.2: Samples from the recorded videos of subjects while watching the multi-
media content.

Subjects are selected to maximize the diversity in gender and facial characteristics
(shown in fig. 5.2). Subjects have wide range of facial features, such as, beard,
mustache, turban, glasses etc. All the subject have age between 17 and 28 years.
More details on subjects are given in table 5.2. Each subject is shown a video to
stimulate the facial expressions; and these expressions are recorded using webcam.
Only 3 to 6 samples are recorded from single subject in one sitting to avoid e�ect of
physical fatigue. Each subject is urged to watch video from di�erent genres to get
a uniform number of samples for all categories of videos. Subjects are asked to rate
the video in three classes: “Like”, “Neutral”, “Dislike”.

Table 5.2: Details of the volunteers recruited as subjects for data acquisition.

Male Female Total
Video count 254 143 397

Subject count 29 44 73

Minimum age 18
Maximum age 28
Median of age 20
Mean of age 21.4
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5.4 Proposed Method

5.4.1 Preprocessing of data

Figure 5.3: Block diagram of video preprocessing pipeline for the proposed system.

Deep neural networks are prone to overfitting and require large amount of data to
achieve a better generalization on test data. Hence, multiple preprocessing methods
are used on original videos to increase sample count for the training process. Block
diagram of the data preprocessing pipeline is shown in fig. 5.3.

All the original videos of subjects are recorded at 15 fps. Using high frame rate
can be computationally very expensive and do not hold any substantial advantage.
Hence, first step of preprocessing is frame subsampling. We reduce the frame rate
to 1 fps which is neither too low to loose significant information nor too high to
increase computational requirements of framework. In next step, recorded videos
are split into 1 min samples to increase the sample count for training data. One
minute duration is long enough to provide enough arousal activity from subject’s
faces to correctly identify the response. This process enables us to increase sample
count from 397 to 1372. Process of frame rate reduction and video splitting is also
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shown in fig. 5.4. Total number of samples for each category after this procedure
are shown in table 5.3.
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Figure 5.4: The frame rate reduction and video splitting procedure (a) Original video
sample (b) Video sample of same duration but with reduced frame rate
(c) Video split into multiple sample of 1 min duration.

Table 5.3: Count of samples belonging to each of the three categories.

Categories Number of samples
Like 773

Neutral 317
Dislike 282

Total sample 1372

Next stage in preprocessing is segmentation of faces and extraction of facial land-
marks in each frame. Dlib library [149] is used to extract the faces as well as
facial landmarks from the input frames. The faces are extracted with frame size of
(100 ◊ 100) in RGB color space. Then, all 68 facial landmarks are extracted from
each of the frame (shown in fig 5.5c). Each landmark has x & y coordinate, hence
the output array of landmarks for each frame has (2 ◊ 68) size. Results of face
segmentation and landmark detection are shown in fig. 5.5.

Extracted facial landmarks are used for face alignment. A�ne transformation [150]
is used to align faces based on the location of selected landmarks. Only aligned face
videos are used for model training. Data augmentation is also incorporated in the
data preprocessing pipeline to further increase the variability in the data. We can
not use all of the commonly used augmentation techniques on facial images due to
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(a)

(b)

(c)

Figure 5.5: Results of segment faces and detected facial landmarks in video sequence
(a) Frame from actual recorded video (b) Extracted faces from one frame
of video sequence (c) Extracted facial landmarks from one frame of of
video sequence

special geometry of faces. Three augmentation methods are used in this work: Face
flipping, face scaling, and additive Gaussian noise. For face scaling, a scaling factor
of 1.1 is used. Higher scaling factor can eliminate the important facial information.
Additive Gaussian noise is also added to the frames of input video to achieve better
generalization behavior from model. The Gaussian noise is generated with the help
of following equation:

Ng(z) = 1
‡

Ô
2fi

e≠ (z≠µ)2
2‡2 (5.1)

here, Ng(z) represents the probability density function for Gaussian noise for given
pixel value (z). µ and ‡ are mean and standard deviation for the noise and can be
adjusted to change the amount of noise added into input sample.

The last stage of pipeline is data normalization. Data normalization is used to limit
the range of data values so that all the videos have similar sample structure. The
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formula used for data normalization is as follows:

Xnorm(i, j) = x(i, j) ≠ Xmin

Xmax ≠ Xmin
(5.2)

here, Xnorm is the output pixel value for input pixel value x at coordinates (i, j).
Xmax and Xmin are maximum and minimum value present in matrix for a given
batch, respectively.

5.4.2 Proposed architecture

A novel Deep Composite Neural Architecture (DCNA) is proposed to learn the
arousal activity on the faces of subject. DCNA is an ensemble of three di�erent
models, which learn di�erent modalities from the input video sequence (shown in
fig. 5.6). The models in the ensemble of DCNA are named as: TCNN-LSTM,
3D-CNN and Dual-LSTM.

The first model (TCNN-LSTM) is the combination of time distributed CNN (TCNN)
and LSTM (represented as LSTM-1 in fig. 5.6). The second model is a 3D convo-
lutional neural network (3D-CNN), which has three dimensional kernels to extract
spatio-temporal features from the frames of video sequence. The third model does
not take video sequence as input but uses coordinates of all 68 facial landmarks to
map the arousal patterns of di�erent landmarks in the given time sequence. This
model contains two LSTMs (LSTM-2 and LSTM-3) to extract temporal patterns in
both x and y coordinates independently. The architectural details, like kernel size
and kernel count for TCNN and 3D-CNN, are given in table 5.4 and 5.5, respectively.
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Figure 5.6: Proposed Deep Composite Neural Architecture (DCNA) with ensem-
ble of three submodules to learn di�erent modalities from input video
sequence. The model is a single cycle end to end trainable system.

Table 5.4: Layer wise kernel size and count for TCNN architecture.

Layer Kernel size Kernel count
Conv2D 3 ◊ 3 12
Conv2D 3 ◊ 3 12

Maxpool2D 2 ◊ 2 12
Conv2D 3 ◊ 3 16
Conv2D 3 ◊ 3 16

Maxpool2D 2 ◊ 2 16
Conv2D 3 ◊ 3 20
Conv2D 3 ◊ 3 20

Maxpool2D 2 ◊ 2 20
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Table 5.5: Layer wise kernel size and count for 3D-CNN architecture.

Layer Kernel size Kernel count
Conv3D 3 ◊ 3 ◊ 3 12
Conv3D 3 ◊ 3 ◊ 3 12

Maxpool3D 2 ◊ 2 ◊ 2 12
Conv3D 3 ◊ 3 ◊ 3 16
Conv3D 3 ◊ 3 ◊ 3 16

Maxpool3D 2 ◊ 2 ◊ 2 16
Conv3D 3 ◊ 3 ◊ 3 20
Conv3D 3 ◊ 3 ◊ 3 20

Maxpool3D 1 ◊ 2 ◊ 2 20

The TCNN model is a 6 convolutional layer based CNN model (table 5.4). It fetches
one frame at a time and produces a reduced feature vector per frame. Convolutional
neural network extracts feature from the each frame and produces a 2304 dimensional
feature vector for each image. Features extracted at each layer can be represented
by eq. 5.3.

Fl(i, j) =
ÿ

m

ÿ

n

ÿ

d

Fl≠1(i + m, j + n, d) ◊ Kl(m, n, d) (5.3)

here, Fl is the output feature map for convolutional layer (l) and Fl≠1 is the output
feature map of previous layer. Kl is the convolutional kernel for current layer with
size (m ◊ n). d representer the depth (number of kernels in previous layer). The
final output of a time distributed CNN (TCNN) can be represented as:

V1i = f—(w—, b—, Ii) ’ i = (1, 2, 3 . . . 60) (5.4)

V1i is output feature vector for input image frame (Ii) of a video, i varies from 1 to
60 as each video has 60 frames. f— is the function representing CNN model with
weights w— and biases b—.

Proposed model uses multi level noise induction at di�erent stage of feature learn-
ing. This noise propels model to learn true data distribution and helps to avoid
overfitting. Dropout is used as noise with random dropout value of 0.2. Output
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after multiplying with binary noise vector becomes:

X1i = V1i ◊ Ñdropout (5.5)

here, Ñdropout represents the random binary vector for dropout of feature vector with
a probability of 0.2. The output feature sequence (X1i) is passed through the LSTM-
1 to learn the temporal dependencies between features of di�erent time frames of
input video.

Hidden state of any memory cell (Hs) of LSTM can be defined as a function of
previous hidden state (Hs≠1) and input at current time step (Xs) (refer eq. 5.6).

Hs = f–(Hs≠1, Xs) ’ Xs œ RL◊T (5.6)

here, Xs is a real valued vector of dimensions (L ◊ T ), L represents the length of
a single vector and T represents the number of time steps in a given sequence. Hs

can also be represented mathematically in term of parameters (w–, u–, b–) and input
data (Xs) as shown in eq. 5.7.

Hs = Hf (w–Xs + u–Hs≠1 + b–) ’ s œ [1, T ] (5.7)

and input to LSTM is the output of TCNN, hence:

Xs = X1i (5.8)

Output feature vector (F1) generated by LSTM-1 represents the probability of
occurrence of feature vector (Xt+1) given the feature vector for previous frames
(Xt, Xt≠1, . . . . . .), which can be mathematically represented as:

F1 = P (Xt+1|Xt, Xt≠1, . . . . . . X2, X1) (5.9)

63



CHAPTER 5. MULTIMEDIA LIKABILITY PREDICTION SYSTEM

By chain rule of probability, we can decompose equation for F1 as:

F1 = P (Xt+1|Xt) ◊ P (Xt|Xt≠1) ◊ P (Xt≠1|Xt≠2) . . . . . . (5.10)

The above equation can also be rewritten as:

F1 =
TŸ

t=1
P (Xt+1|Xt) (5.11)

Similar to the first model of ensemble, second model (3D-CNN) also uses convolution
based operation to extract spatial as well as temporal features from input video
sequence. The operation can be mathematically represented as:

Fl(i, j, k) =
ÿ

m

ÿ

n

ÿ

o

ÿ

d

Fl≠1(i + m, j + n, k + o, d) ◊ Kl(m, n, o, d) (5.12)

here, Fl represents the output feature map after convolution with 3 dimensional
kernel (Kl) of size (m ◊ n ◊ o). d representer the depth (number of kernels in
previous layer). It can be observed from eq. 5.12 and eq. 5.3 that both, output
features and convolutional kernel, have an extra dimension in case of 3D-CNN. The
final output of the 3D-CNN model can be represented as:

V2i = f“(w“, b“, Ivideo) (5.13)

here, V2i is output feature vector for complete input video sequence (Ivideo). f“ is the
function representing 3D-CNN model with weights w“ and biases b“. Architectural
details of 3D-CNN model are given in table 5.5.

Dropout is also used at the output of 3D-CNN model to learn the true data dis-
tribution for a particular category with dropout probability of 0.2 (shown in eq.
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5.14).

X2i = V2i ◊ Ñdropout (5.14)

The noisy output (X2i) is then further passed through a fully connected layer to
compress the feature vector. Final output (F2) can be represented as a function of
weight (w◊), biases (b◊) and input (X2i) of fully connected layer (eq. 5.15).

F2 = f◊(w◊, b◊, X2i) (5.15)

The third model in ensemble is used to model e�ect of arousal activity on the facial
landmarks. Sequence of x coordinate of landmarks is given to LSTM-2, and sequence
of y coordinates is given to LSTM-3. Output features of LSTM-2 and LSTM-3 are
concatenated and passed through a fully connected layer for feature compression.

Coordinate of all 68 landmarks for 60 frames can be represented as L (x, y, n, f),
where x and y represent the coordinate value in x and y direction. n represents the
landmark number (varying from 1 to 68), and f is the frame number for the given set
of coordinates. LSTM can not model two dimensional temporal sequence, therefore
we separately model the activity in x and y direction for each of the landmark.
LSTM-2 models the sequence of x coordinates of landmarks (L x

t ) which can be
mathematically represented as (used directly from previously derived eq. 5.11):

V3 =
TŸ

t=1
P (L x

t+1|L x
t ) (5.16)

here, V3 is conditionally dependent feature vector of size 128 for x coordinates.

LSTM-3 models the sequence of y coordinates of landmarks (L y
t ) which can be

mathematically represented as:

V4 =
TŸ

t=1
P (L y

t+1|L
y

t ) (5.17)
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here, V4 is conditionally dependent feature vector of size 128 for y coordinates.

Final output after feature compression through a fully connected layer can be rep-
resented as a function of weight (w”), biases (b”) and inputs (V3 and V4) of fully
connected layer (eq. 5.18).

F3 = f”(w”, b”, V3, V4) (5.18)

The final three outputs of three models are fused and passed trough a fully connected
model to get a combined class score. The final output (Mout) of the composite
architecture can be represented as:

Mout = f÷(w÷, b÷, F1, F2, F3) (5.19)

5.4.3 Model optimization

Categorical cross-entropy (shown in eq. 6.14) is used as loss function to train the
end to end system.

L(yÕ, y) = ≠ 1
N

Nÿ

i=0
[yilog(yÕ

i) + (1 ≠ yi)log(1 ≠ yÕ
i)] (5.20)

here, L(yÕ, y) is the loss value, yÕ
i and yi denote predicted and target labels, respec-

tively and N represents the sample count in single mini-batch. In proposed work,
mini-batch size of 10 is used to train the model.

We use RMSprop [151] optimizer to update model parameters according to value
of loss function. If Lt is the loss value for a given minibatch and wt is the model
parameters; then, gradient term (gt) for current minibatch is given by:

gt = (1 ≠ “) [LÕ
t]

2 + “gt≠1 (5.21)
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here, “ represents the momentum term, which can be used to control the contribution
of present and past gradients in the current updation of parameter. The parameter
updation value (�wt) is given by following equation:

�wt = ≠ ÷Ô
gt + ‘

◊ LÕ
t (5.22)

here, ÷ is the learning rate of the algorithm and ‘ is the mathematical constant used
to avoid non-integer value for parameter update. The final value of model parameter
is sum of model parameter value and updation value (refer in eq. 5.23).

wt+1 = wt + �wt (5.23)

Out of total 1372 video samples generated after preprocessing of data, we use 1200
samples for training and 172 samples for testing. All the models are trained for 150
epochs with minibatch learning. Batch normalization is used on output of all the
activation layers of all the models. Batch normalization helps in avoiding exploding
and vanishing gradient problems.

5.5 Results and discussion

Each model in the ensemble of deep composite neural architecture (DCNA) is of
paramount importance. We tested each modality independently to study their per-
formance for the proposed problem. Table 5.6 shows test and training accuracies
achieved by all of three basic models individually. Each of these models are trained
using same training data pipeline described in Section 5.4.1. 3D-CNN model is able
to achieve the highest accuracy out of three with test accuracy at 73.83.

Both the combinations of vision based models with landmark based model are able
to significantly improve the performance (shown in table 5.7). Combination of
TCNN-LSTM and Dual-LSTM models achieves same test accuracy as combina-
tion of 3D-CNN and Dual-LSTM models. Although, combination of TCNN-LSTM
and Dual-LSTM achieve lower accuracy on ’Neutral’ class and higher accuracy on
both ’Like’ and ’Dislike’ categories. Both of these models achieve significantly lower
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Table 5.6: Accuracy achieved by proposed composite neural architecture on test
data.

Model Parameters Test Accuracy Train accuracy
TCNN-LSTM 1,553,223 55.23 56.50

3D-CNN 5,198,479 73.83 99.25
Dual-LSTM 218,371 53.23 56.50

performance on neutral class because lack of arousal activity on face make it di�cult
to correctly identify the class.

Full DCNA has significantly higher performance when multi-level dropout is used
in the architecture (shown in table 5.7). Elimination of dropout noise from model
reduces test accuracy by 15.12%. Plot of training and test accuracy of CDNA with
and without dropout are shown in fig. 5.8. Plot reveals that model starts to overfit
training data in the absence of dropout at early stage of training. It is important
to notice that data augmentation is used in both of these models.

Confusion matrices for all the four models (refer table 5.7) are shown in fig. 5.7.
Although, both the model combinations (TCNN + Dual-LSTM and 3D-CNN +
Dual-LSTM) are able to achieve equal test accuracy but confusion matrices of both
the models provide in depth information about quality of results achieved by both
the models. TCNN + Dual-LSTM (refer fig. 5.7a) has very biased behavior toward
’Like’ category, and labels most of the neutral class samples in positive category
along with actual ones. Whereas, 3D-CNN + LSTM model has significantly lower
recall rate for neutral category (refer fig. 5.7b). Hence, even when test accuracy
is same, 3D-CNN based model is able to learn much better feature representation
than TCNN based model.

Similarly, confusion matrices for DCNA model with and without multi-level dropout
are shown in fig. 5.7c and fig. 5.7d, respectively. Without induction of dropout in
feature vectors, model is not able to learn the correct feature representations for
’Neutral’ and ’Dislike’ classes. The higher accuracy on positive class is because
model classifies any arousal activity on face into positive class, and hence recall rate
is very high for neutral and dislike classes. Dropout at multiple stage of feature
extraction process removes some percentage of compressed feature representation,
forcing model to learn more robust features.
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(a) (b)

(c) (d)

Figure 5.7: Confusion matrices for di�erent models shown in table 5.7 (a) Confusion
matrix for TCNN-LSTM + Dual-LSTM (b) Confusion matrix for 3D-
CNN + Dual-LSTM (c) Confusion matrix for DCNA (without dropout)
(d) Confusion matrix for DCNA (with multi-level dropout).

Figure 5.10: Bar chart showing the comparative analysis of test accuracies achieved
by di�erent models.
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Figure 5.8: Plot of training and validation accuracy for DCNA with and without
dropout.

Proposed model is tested with di�erent kernel counts and optimizers (refer table
5.8). The DCNA (low capacity), in table 5.8, represents the model with kernel count
shown in table 5.4 and table 5.5 for model TCNN and 3D-CNN, respectively. The
model DCNA (medium capacity) and DCNA (high capacity) have 8 and 16 higher
kernels in each layer than DCNA (low capacity), respectively. We can observe that
increase in capacity of model actually reduces the test accuracy of the model. Intu-
itive explanation for this behavior is that higher dimensionality of parameter space
makes it hard for gradient descent based optimizers to learn the correct parameter
configuration. The proposed model is also tested with di�erent optimizers. RM-
Sprop [151], ADAM [152] and SGD [151] optimizer are able to achieve test accuracy
of 80.81%, 75.58% and 72.67%, respectively (refer table 5.8).

Plot of validation accuracy of di�erent variants of DCNA without the progress of
training is shown in fig. 5.9. Although all the models show similar pattern in valida-
tion accuracy, the empirical selection of di�erent parameters helps in improving the
model performance. Barchart of the test accuracies achieved by all the test models
is shown in fig. 5.10.

We also analyzed the internal layers of the proposed model to understand the learn-
ing characteristics of the model. Activation behavior of di�erent layers of the ap-
pearance modeling network (TCNN) and dynamics modeling architecture are shown
in fig. 5.11. Outputs of the 4th layer and 6th layer of 3D-CNN and TCNN models
can be observed in the figure. Both the models show higher activation values in
key facial areas like eyes, nose and lips. However, models were not provided with
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Figure 5.9: Plot of validation accuracy with progress of training for di�erent variants
of DCNA.

any specific information to lean the focus on these areas. These results employ that
proposed architecture is able to correctly identify the key facial areas and extract
the facial dynamics corresponding to each category.

Figure 5.11: Analysis of activity of internal layers of TCNN and 3D-CNN models.

5.6 Conclusion

This work presents a novel framework to automatically generate users’ response
to the viewed commercial multimedia based on their facial expressions. For this
experiment, volunteers were recruited to observe the videos of di�erent genre. Facial
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expressions of these observers are recorded against di�erent genre of videos to cover
di�erent muscular activity. Subjects are also asked to provide their response against
the watched multimedia, which is divided into three categories: Like, Neutral and
Dislike.

A novel deep composite neural architecture is designed to learn the feature represen-
tation from the subject’s face for this classification task. The proposed model uses
ensemble of three di�erent neural architectures to learn di�erent modalities from the
input data. The 3D convolutional neural network is used to extract spatio-temporal
features from the input video. Similarly, long short term memory network is used to
model the temporal dependencies between the features of di�erent frames extracted
by time distributed convolutional neural network. The third model (Dual-LSTM)
is used to learn the sequential arousal activity observed in facial landmarks against
each category.

Di�erent combinations of all three basic models are studied to understand the learn-
ing behavior of each model. Final deep composite neural architecture is able to
achieve highest accuracy of 80.81% with a multi-level dropout procedure. We pre-
sented the activity of internal layers of di�erent models to provide an insight into
learning behavior of these models.
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6 Activation function for non-linear
spatial dependencies

6.1 Introduction

In recent years, remarkable growth has been seen in deep neural networks (deep
learning) after a long period of inactivity. This resurgence of neural networks has
been largely due to increased computation power and emergence of large image
datasets, like ImageNet, CIFAR-10, CIFAR-100, SVHN etc. Induction of Graphical
Processing Units (GPU) in deep learning has also dramatically decreased the train-
ing time [153, 3]. Deep learning algorithms are now producing significantly higher
performance than conventional algorithms in computer vision applications, such as
image classification [90, 6, 3], image segmentation [91], object detection [85, 86, 87],
image enhancement [88, 92], image retrieval [89, 93] and tracking [95].

Recent attention to deep learning has brought us better training strategies for big-
ger and deeper networks. These deep networks have substantially higher number
of parameters, which dispenses much more learning power to models for learning
better feature representations. Representation learning capability of Convolutional
Neural Networks (CNN) is proportional to the depth of the model [4]. However,
when depth of the model is increased, gradient flow in distant layer starts to vanish
[154, 155]. Consequently, only deeper layers of the model learn representations and
remaining layers remain useless. Models with higher number of parameters are also
prone to over fitting. With emergence of better activation functions [7], regulariza-
tion techniques [101], data augmentation [3, 5], pre-training [156] etc., di�culty of
training deep neural networks has virtually resolved.

There has been considerable amount of work on activation functions. Among all non-
saturating activation functions, Rectified Linear Unit (ReLU) [7] is most significant
development contributing to success of deep convolutional neural network. Earlier,
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Artificial Neural Networks (ANN) used saturating functions (like hyperbolic tangent
and sigmoid) as activation of neurons [157, 158, 159, 160]. This makes it very di�cult
to back propagate the error if any unit is initialized in saturating range of the
activation function. Both hyperbolic tangent and sigmoid activations have higher
order non-linear behavior making them prone to over fitting [101, 161]. Hence, it
is impossible to train neural network with multiple hidden layers. With the advent
of ReLU, problems of over fitting and vanishing gradient got scraped. ReLU (refer
fig. 3.8) is a linear function which clips the negative part of the input and forwards
positive part una�ected. Therefore, gradient flow remains unhindered even with
increased depth of the model.

There are two categories of activation functions. First type of approaches consider
all the neurons and layers as identical and treat them the similar manner. These
techniques make a sensible analysis of the task in hand and then a single fixed acti-
vation function is selected accordingly. Second category uses parametric strategies;
where, parameters are learned either independently for layers or individual neurons.
This class of functions provides di�erent activation response either for each layer or
for each neuron. Although these types of activation functions have performed better
than standard activation functions in some applications, but their parametric nature
increases number of trainable parameters. Increased number of parameters require
more storage space and computational power.

In this chapter, we propose a novel Linearized Sigmoidal Activation (LiSA) function,
which holds the advantages of both saturating and non-saturating activations. It
shows segment wise linear behavior similar to non-saturating activation functions.
But instead of modeling activity of neurons with a completely linear function, LiSA
makes smaller non-linear range segments; which provides LiSA capability to learn
higher order non-linear transformations similar to saturating activation functions.
This non-linearity is of paramount importance while modeling higher complexity
data. Neural network acquires much higher potential to learn non-linear repre-
sentation, when all data range segments are provided with distinctive activation
coe�cient. LiSA (fig 6.1) exhibits linear behavior for middle range segment of input
(linear activity region), hence data passes una�ected (similar to ReLU); whereas
input values with high variance (value outside linear activity region) are suppressed.
In spite of suppressing characteristics, units do not saturate even when data shows
high variance, and the flow of gradient remains unhindered.
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All the activation functions presented in the section 3.4 focus on the negative part
of the signal. However, we propose a novel function which not only takes negative
part in account but also encapsulates non-linear nature of the mutual relation of
neurons.

6.2 Motivation

Before introducing our novel activation function, we discuss the basic flaw and lim-
itations of the most commonly used activation functions (non-linearities) in deep
neural networks. All recent activation functions are derived from ReLU and inherit
all its basic behavioral characteristics (like non-saturating nature). Theoretically,
ReLU is not non-linear function despite being actively used in most of applications,
as it models only the linear relationship between data. To elaborate this, we con-
sider an example of simple perceptron with weight matrix (W ) and bias (B). For
input (X), output is given by:

Y = WX + B (6.1)

Output (Z) after applying non-linearity is given by

Z = f(Y ) = f(WX + B) (6.2)

We can rewrite this as

Z = Y ¶ I = WX ¶ I + B, where Im◊n œ {0, 1} (6.3)

here, m and n are dimensions of the output matrix (Y ). I is a m ◊ n binary matrix
and its values are given by following equation

I =

Y
_]

_[

1 if y > 0

0 if y Æ 0
(6.4)
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here y represents the elements in the output matrix (Y ).

Above discussion proves that ReLU is a linear function and clips certain part of
the signal either randomly or based on gradient (fig 6.7e). The random clipping
happens due to weight initialization. Output of some neurons fall in negative region
if weights of neuron are negative. Hence, that neuron never receives any gradient
and stays in same state. Second reason for clipping is gradient flow. If final score
is invariant to activity of a neuron then gradient tries to suppress the activity by
moving output of neuron into negative region.

A simple experiment is used to visualize the above judgment. In this experiment, we
replaced ReLU with linear activation in the model and observe its e�ect on model
performance. The results (table 6.1) show very minor decrease in test accuracy.
On CIFAR-10 and MNIST datasets, ReLU improves model accuracy only by 1.69%
and 0.61%, respectively. Hence, the only major advantage that ReLU provides is
sparse activation. To gain non-linear modeling capacity, activation functions, like
PReLU, use channel wise non-linear behavior. But still, modeling capacity of the
activation function remains same in all the individual channels. In other words,
although di�erent activation slopes are used for the negative part, but structure
of activation function remains the same. We rectify above discussed limitation of
activation functions by proposing a range-wise non-linear activation function, which
is yet immune to problems of saturating activation.

Table 6.1: E�ect of changing ReLU activation with linear activation on model accu-
racy with CIFAR-10 and MNIST datasets.

Activation Accuracy on CIFAR-10 (%) Accuracy on MNIST (%)
ReLU 72.82 99.41

Linear activation 71.13 98.80
Di�erence (�) 1.69 0.61

6.3 Proposed method

6.3.1 Linearized sigmoidal activation

We present a novel activation function that provides non-linear behavior according
to the segments of data range. Instead of considering data into only two segments
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(positive or negative), proposed linearized sigmoidal activation (LiSA) function di-
vides data range into multiple segments. The data within a single range segment
hold linear relation, whereas the data points from di�erent range segments hold a
non-linear relationship. In other words, all the data points falling in the single range
segment (e.g. within linear, positive or negative activity region) will hold a linear
association. Hence, model can exploit wide range of linear and non-linear structural
associations in data. Above mentioned behavior brings qualities of saturating and
non-saturating activation functions into LiSA. Similar to non-saturating activation
function, LiSA provides a smooth gradient flow even in models with much higher
depth and hence does not su�er from vanishing gradient problem. On the other
hand, LiSA is able to model higher order non-linear data associations because all
the segments exhibit di�erent activation behavior.

Proposed linearized sigmoidal activation function is presented in eq. 6.5 with cor-
responding visual representation in fig. 6.1. Where, –1 and –2 are empirically
identified slope coe�cients, and y and f(y) are input and output of the layer, re-
spectively.

f(y) =

Y
____]

____[

–1y ≠ –1 + 1, if 1 < y < Œ

y, if 0 Æ y Æ 1

–2y, if ≠ Œ < y < 0

(6.5)

The function considers input data range in three activity regions:

• Positive activity region (1 < y < Œ),

• Linear activity region (0 Æ y Æ 1), and

• Negative activity region (≠Œ < y < 0)

Output in negative activity region is controlled by negative slope coe�cient (–2) and
output for positive activity region is controlled by positive slope coe�cient (–1). The
linear activity region has direct input to output mapping.

The proposed activation function shows interesting behavior traits as it can take
shape of most of the common activation functions. For example, if the coe�cients
in eq. 6.5 are set as follows: –1 = 1 and –2 = 0, the proposed function transforms
into ReLU activation function (eq. 6.6).
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Figure 6.1: Proposed linearized sigmoidal activation function.

f(y) =

Y
____]

____[

y, if 1 < y < Œ

y, if 0 Æ y Æ 1

0, if ≠ Œ < y < 0

=

Y
_]

_[

y, if 0 Æ y Æ Œ

0, if ≠ Œ < y < 0
(6.6)

Similarly, if slope coe�cients of proposed activation function are set as: –1 = 1
and –2 = a. Then, the propose activation function takes the shape of Leaky ReLU
activation function (refer eq. 6.7).

f(y) =

Y
____]

____[

y, if 1 < y < Œ

y, if 0 Æ y Æ 1

ay, if ≠ Œ < y < 0

=

Y
_]

_[

y, if 0 Æ y Æ Œ

ay, if ≠ Œ < y < 0
(6.7)
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6.3.2 Adaptive linearized sigmoidal activation

This section presents Adaptive Linearized Sigmoidal Activation (ALiSA) function.
ALiSA uses trainable slope parameters which can adjust themselves to required value
according to task in hand. These trainable slope parameters are trained alongside
the model parameters during training process.

The basic structure of ALiSA remains same as LiSA. Hence, same figure can be
used to represent the function (refer fig. 6.1). However, mathematical formulation
is slightly di�erent and is shown in eq. 6.8.

f(y) =

Y
____]

____[

–k
1yk ≠ –k

1 + 1, if 1 < y < Œ

yk, if 0 Æ y Æ 1

–k
2yk, if ≠ Œ < y < 0

(6.8)

here, –k
1 represents the channel-wise positive slope coe�cient and –k

2 represents the
channel-wise negative slope coe�cient. yk is the input to the activation function
and k is number of channels. f(y) is output of the activation function.

Similar to LiSA, adaptive linearized sigmoidal activation function can also manifest
a wide range of functional structures. For example, if coe�cient in eq. 6.8 are set
as: –k

1 = 1 and –k
2 = ak. Then, proposed activation function transforms itself into

parametric rectified linear unit (refer eq. 6.9).

f(y) =

Y
____]

____[

yk, if 1 < y < Œ

yk, if 0 Æ y Æ 1

akyk, if ≠ Œ < y < 0

=

Y
_]

_[

yk, if 0 Æ y Æ Œ

akyk, if ≠ Œ < y < 0
(6.9)

During backpropagation, gradients through proposed activation function can also be
calculated segment-wise. LiSA has fixed slope coe�cients, hence gradient through
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LiSA with respect to its input (y) can be given by eq. 6.10. Gradient for both
negative and positive segments will remain di�erent if the condition (–1 ”= –2) is
satisfied.

df(y)
dy

=

Y
____]

____[

–1, if 1 < y < Œ

1, if 0 < y < 1

–2, if ≠ Œ < y < 0

(6.10)

In case of ALiSA, both of the model weights as well as the layer parameters are
trainable, hence we calculate the gradients with respect to input as well as activation
slope coe�cients. Gradient with respect to the input is given by eq. 6.11. The
gradients with respect to positive and negative slope coe�cients are given by eqs.
6.12 and 6.13.

ˆf(y)
ˆyk

=

Y
____]

____[

–k
1, if 1 < y < Œ

1, if 0 < y < 1

–k
2, if ≠ Œ < y < 0

(6.11)

ˆf(y)
ˆ–k

1
=

Y
____]

____[

yk ≠ 1, if 1 < y < Œ

0, if 0 < y < 1

0, if ≠ Œ < y < 0

(6.12)

ˆf(y)
ˆ–k

2
=

Y
____]

____[

0, if 1 < y < Œ

0, if 0 < y < 1

yk, if ≠ Œ < y < 0

(6.13)
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6.4 Experiment

6.4.1 Experimental setup

Im
ageConvolutional

kernel

Feature m
aps

Convolution and 
activation unit

Figure 6.2: CNN architecture used for testing the performance of proposed activa-
tion functions against the state of the art activation functions.

We use VGGNet [4] based CNN architecture to test the proposed activation func-
tions (shown in fig. 6.2). Eight layer VGG architecture is used with six convolutional
layers and two dense layers. First and second convolutional layers contain 32 ker-
nels. Kernel count for third and fourth layer is 48 and last two convolutional layers
have 64 kernels. Kernel size of all convolutional layers is (3◊3). Model architecture
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and training condition are kept same in all the experiments. Weight initializations
for the models are also kept same for comparative performance analysis.

Performance of proposed activation functions is evaluated on following benchmark
datasets: CIFAR-10 [162], MNIST [163], Street View House Number (SVHN) [164],
Facial Expression Recognition (FER-2013) [117]. Comparative analysis is conducted
against state of the art activation functions: Rectified Linear Unit (ReLU), leaky
Rectified Linear Unit (Leaky ReLU), Parametric Rectified Linear Unit (PReLU),
Exponential Linear Unit (ELU) and Scaled Exponential Linear Unit (SELU).

For uniform test scenario, categorical cross-entropy (eq. 6.14) function is used as
loss function for all the models, given by following equation.

L(yÕ, y) = ≠ 1
N

Nÿ

i=0
[yilog(yÕ

i) + (1 ≠ yi)log(1 ≠ yÕ
i)] (6.14)

where, L(yÕ, y) is the loss function, yi and yÕ
i denote actual and predicted labels,

respectively. N is total number of samples per mini-batch.

RMSprop [165] algorithm is used in all the experiments for gradient backpropaga-
tion. If Lt is the loss value for a particular example and ◊t is the parameters’ value
at time t. Then, mean square term (rt) is given by eq. 6.15. Where, “ is the mo-
mentum term and is used to control the contribution of past gradients values, and
LÕ

t denotes derivative of loss with respect to parameters (◊t).

rt = (1 ≠ “) [LÕ
t(◊t)]2 + “rt≠1 (6.15)

Actual update gradient (vt+1) is calculated using eq. 6.16. Scaling of current gradient
(LÕ

t(◊t)) with the mean square term (rt) provides smoother and uniform gradients.

vt+1 = –
Ô

rt
LÕ

t(◊t) (6.16)

here, – is the learning rate of optimization function.
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For set of parameters defined by ◊t at time t, the next set of values (◊t+1) are given
by:

◊t+1 = ◊t ≠ vt+1 (6.17)

6.4.2 Analysis of linearized sigmoidal activation

Proposed activation function (LiSA) has two hyper-parameters: –1 and –2 (refer
eq. 6.5). Choice of –1 and –2 is based on empirical evaluation. In experiments, it
has been observed that best value of LiSA parameters lies between 0.15 and 0.25,
generally. The exact value for parameters can only be identified using heuristic
search method for the selected application and model architecture.

Activation behavior of LiSA has been tested for two activation scenarios. In first
case, both positive and negative slope coe�cients are assigned same value (eq. 6.18).
It transforms eq. 6.5 into eq. 6.19.

–1 = –2 = – (6.18)

f(y) =

Y
____]

____[

–y ≠ – + 1, if 1 < y < Œ

y, if 0 Æ y Æ 1

–y, if ≠ Œ < y < 0

(6.19)

In eq. 6.19, optimum value of – can be found using heuristic search through single
parameter space. To analyze the e�ect of slope coe�cient of activation layer on the
performance of convolutional neural network model, we conduct trials for slope value
(–) from 0.05 to 0.35 range while keeping all the other training parameters constant.
The model performance is evaluated at a step size of 0.05 for slope coe�cient. The
performance statistics (validation loss, training loss and validation accuracy) of a
CNN model (shown in fig 6.2) with di�erent values of – are presented in table 6.2.

The relationship between the slope coe�cients and model accuracy is plotted in
fig. 6.3. From fig. 6.3 and table 6.2, we can observe that model accuracy initially
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Table 6.2: Analysis of e�ect of slope coe�cient’s values in single slope LiSA based
model on validation loss, training loss and validation accuracy.

LiSA parameter (–) Validation loss Training loss Validation accuracy (%)
0.05 1.062 1.513 80.37
0.10 1.065 1.492 80.38
0.15 1.039 1.444 81.03
0.20 1.011 1.453 80.33
0.25 0.992 1.434 79.96
0.30 0.999 1.412 78.52
0.35 0.991 1.408 77.41

s
Figure 6.3: Plot showing the relation between the slope coe�cient (–) in single slope

LiSA and validation accuracy achieved by the model.

increases with increase in the slope coe�cient value, but starts to decrease after
certain value. It is observed in experiments that best value of parameter in single
slope LiSA lies around 0.15.

In second case, LiSA is tested with standard structure where both positive (–1) and
negative (–2) slope coe�cients are considered to be di�erent. E�ect of both the
slope coe�cients on model accuracy is shown in table 6.3 and table 6.4. Heuristic
search approach is used on both the parameters in succession. Table 6.3 shows the
performance of model when positive slope coe�cient is swept, while keeping negative
slope coe�cient constant at 0.2. Similarly, e�ects of negative slope coe�cient on
model performance with constant positive slope coe�cient are presented in 6.4. The
best parameter value from table 6.3 is selected as positive slope coe�cient for table
6.4 tests.
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Plot of model accuracy against both the slope coe�cients is shown in fig 6.4. Both
the parameters show behavior similar to single slope LiSA. Initially accuracy in-
creases with increase in parameter value, but after a threshold the continuous fall
is observed in accuracy. Both the parameters have di�erent optimum values. The
model achieves highest accuracy with positive slope coe�cient at 0.25 and nega-
tive slope coe�cient at 0.15. Highest accuracy achieved by the dual slope LiSA is
81.12%. If we compare the performance of both single and dual slope LiSA func-
tions, the dual slope LiSA attains 0.08% higher accuracy than single slope version.
In other words, providing di�erent activation behavior to positive and negative ac-
tivity regions improves model performance.

Table 6.3: Analysis of e�ect of variation in positive slope coe�cient (–1) on model
performance with negative slope coe�cient (–2) at a constant value of
0.2.

LiSA parameter Validation loss Training loss Validation accuracy (%)
–1 –2

0.05 0.2 1.007 1.458 79.80
0.10 0.2 1.026 1.453 79.72
0.15 0.2 1.017 1.459 80.15
0.20 0.2 1.011 1.453 80.33
0.25 0.2 1.020 1.449 80.98
0.30 0.2 0.992 1.449 80.24
0.35 0.2 0.988 1.452 79.98

Table 6.4: Analysis of e�ect of variation in negative slope coe�cient (–2) on model
performance with positive slope coe�cient (–1) at a constant value of
0.25.

LiSA parameter Validation loss Training loss Validation accuracy (%)
–1 –2

0.25 0.05 1.088 1.525 80.30
0.25 0.10 1.061 1.476 80.23
0.25 0.15 1.013 1.445 81.12
0.25 0.20 1.020 1.450 80.98
0.25 0.25 0.992 1.434 79.96
0.25 0.30 0.988 1.414 78.95
0.25 0.35 0.987 1.409 77.99
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Figure 6.4: Plot showing the relation between the value of slope coe�cients (–1 and
–2) and validation accuracy achieved by the model.

6.4.3 Analysis of adaptive linearized sigmoidal activation

The proposed ALiSA function is also tested under two scenarios (similar to LiSA).
In first case, trainable slope coe�cients of positive and negative activity regions
are considered equal. Therefore, same parameter is trained according to activity in
positive as well as negative activity regions. This can be formalized as below:

–k
1 = –k

2 = –k (6.20)

Substitute eq. 6.20 in eq. 6.8, the equation for single slope ALiSA becomes:

f(y) =

Y
____]

____[

–kyk ≠ –k + 1, if 1 < y < Œ

yk, if 0 Æ y Æ 1

–kyk, if ≠ Œ < y < 0

(6.21)

In second case, standard ALiSA function is used with dual slope coe�cients (refer eq.
6.8). Both the slope coe�cients are trained independently during model training.
Gradients are given by eqs. 6.12 and 6.13 for dual slope ALiSA. Parameters of both
single and dual slope ALiSA are initialized to 0.2 at the start of training.

The accuracy achieved by CNN models, trained using both versions of ALiSA, is
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Table 6.5: Accuracy achieved by ALiSA with single and dual trainable slope coe�-
cients. ALiSA-1 represents the CNN model with single parameter acti-
vation and ALiSA-2 represents model with dual parameter activation.

Activation Validation loss Training loss Validation accuracy (%)
ALiSA-1 1.015 1.442 79.77
ALiSA-2 0.998 1.449 80.34

shown in table 6.5. Single slope ALiSA achieves accuracy of 79.77%. Dual slope
ALiSA attains 80.34% providing improvement of 0.57% over single slope ALiSA.
Binding of the gradients for positive and negative activity regions in single slope
ALiSA is the reason for lower performance. Parameter update equation for the
single slope ALiSA can be written as:

–t+1 = –t ≠ ˆf(y)
ˆ–

(6.22)

where, ˆf(y)
ˆ–

=

Y
____]

____[

yk ≠ 1, if 1 < y < Œ

0, if 0 < y < 1

yk, if ≠ Œ < y < 0

(6.23)

From eq. 6.23, it can be observed that due to presence of single trainable coe�-
cient for both positive and negative part of input, non-linearity in positive activity
region of ALiSA a�ects the activity characteristics of negative activity region and
vice versa. Due to this mutual dependence of positive and negative activity regions,
higher correlation in positive activity region a�ects the activation characteristics of
the layer for negative data components as well, resulting in decrease of model ac-
curacy. Although, single coe�cient ALiSA has advantage of lower memory space
requirement to store the coe�cients, and lower computational complexity for gradi-
ent calculation during back-propagation.

Layer by layer learned coe�cients for single and dual slope ALiSA are shown in
table 6.6. ALiSA-1 and ALiSA-2 denote the single and dual slope ALiSA in table
6.6. CNN architecture used in the experiments has seven activation layers. All the
layers in the model learn very di�erent coe�cients from each others depending on
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data. When both models use same training data and training condition, learned
coe�cients in single parameter ALiSA are also very di�erent from the parameters
learned by dual parameter ALiSA even.

Table 6.6: Layer-wise analysis of the trainable parameter values of ALiSA with single
and dual trainable parameter.

Activation layer ALiSA-1 ALiSA-2
–k –k

1 –k
2

Activation-1 0.055 0.131 -0.136
Activation-2 0.088 0.095 0.422
Activation-3 0.019 0.025 0.563
Activation-4 0.043 0.055 0.546
Activation-5 0.010 0.003 1.023
Activation-6 0.137 0.151 0.714
Activation-7 0.018 0.005 0.086

Single parameter ALiSA shows very low slope coe�cient value in all the layers except
layer-6. From this we can infer that model is trying to clip o� any sample values
beyond the linear range of the model. In other words, the layer has started to behave
more like ReLU with positive threshold clipping.

In dual parameter ALiSA, positive as well as negative slope coe�cients show very
high variation. The negative slope coe�cients have higher value than positive slope
coe�cients of corresponding layers. Higher value of negative slope coe�cients in-
dicates higher contribution of negative data samples in the final score. In general,
positive slope coe�cients (–k

1) of initial layers have higher values than the deep
layers.

6.5 Results and discussion

6.5.1 CIFAR-10

CIFAR-10 dataset is a benchmark dataset most commonly used in testing deep learn-
ing algorithms. Dataset contains 32◊32 sized color images, organized in ten classes.
The dataset has 50,000 training images and 10,000 test images. Data is normalized
using global contrast normalization to limit the input range. Performance of the
proposed activation functions against the state of the art functions is presented in
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table 6.7. Performance evaluation tests are conducted using the architecture shown
in fig. 6.2. Leaky ReLU activation has the highest performance between all state of
the art methods with 79.75% classification accuracy. All proposed activation func-
tions are able to surpass this performance. Dual parameter LiSA (LiSA-2) achieves
highest accuracy with 81.12% providing improvement of 1.37%.

We also test the proposed activation function against ReLU on di�erent model ar-
chitectures to test the scalability. Proposed function is tested on two CNN models
with di�erent depths (8 layer and 6 layer). Function is also tested with and with-
out dropout. Results of the tests are shown in table 6.8. Single slope LiSA layer
is used against ReLU in all of these tests. LiSA based model perform better than
ReLU based model in all the test scenarios. In 6 layer and 8 layer CNN model,
LiSA based model has 1.2% and 3.2% higher accuracy. Proposed activation func-
tion achieves 3.6% higher classification accuracy against ReLU when dropout of 0.4
is used. It reflects better modeling ability of proposed activation function under
di�erent architectural conditions.

Table 6.7: Classification accuracy of proposed activation functions against state of
the art methods on CIFAR-10 dataset.

Activation function Parameter value Accuracy
ReLU [7] Nil 77.43

Leaky ReLU [8] 0.2 79.75
PReLU [107] Nil 76.43
SELU [166] 0.2 74.58
ELU [109] Nil 77.89

LiSA-1 0.15 81.03
LiSA-2 * 0.25, 0.15 81.12
ALiSA-1 Nil 79.77
ALiSA-2 Nil 80.34

6.5.2 MNIST

MNIST is a binary image dataset of digits. It contains ten classes and have images of
size 28◊28 with 60,000 training and 10,000 test samples. The dataset is preprocessed
with global contrast normalization to limit the input range. No data augmentation
is used in the experiments. Due to low complexity of dataset, all models are able to
achieve higher accuracy on this dataset.
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Table 6.8: Di�erent CNN architectures for testing scalability of the proposed acti-
vation function against structural variations.

Model Activation Dropout – Accuracy
CNN (6 layer) ReLU Nil Nil 72.82
CNN (6 layer) LiSA Nil 0.2 74.02
CNN (8 layer) ReLU Nil Nil 72.85
CNN (8 layer) LiSA Nil 0.2 76.05
CNN (8 layer) ReLU 0.4 Nil 77.43
CNN (8 layer) LiSA 0.4 0.2 81.03

Leaky ReLU again acquires the highest accuracy of 99.42% among the base activa-
tion functions (refer table 6.9). The proposed dual slope LiSA (LiSA-2) surpasses
Leaky ReLU by gaining the accuracy of 99.53%. Single slope LiSA (LiSA-1) also
achieves the approximately same accuracy as Leaky ReLU. Although, their adaptive
versions (ALiSA-1 for single slope ALiSA and ALiSA-2 for dual slope ALiSA) fall
little behind in performance. In our analysis, we found that trainable parameters of
ALiSA take little more time to find optimum coe�cient values for the best results.
Since Adaptive versions (ALiSA) based models are also trained for equal number of
epochs as other models in the tests, they too fall slightly short in performance.

Table 6.9: Classification accuracy of proposed activation functions against state of
the art methods on MNIST dataset.

Activation function Parameter value Accuracy
ReLU [7] Nil 99.39

Leaky ReLU [8] 0.2 99.42
PReLU [107] Nil 99.40
SELU [166] 0.2 98.97
ELU [109] Nil 99.29

LiSA-1 0.15 99.41
LiSA-2 * 0.175, 0.25 99.53
ALiSA-1 Nil 99.36
ALiSA-2 Nil 99.38

6.5.3 SVHN

Street View House Number (SVHN) is a dataset of digits similar to MNIST, but
it contains real world images of digits from house numbers marked on the streets.

92



6.5. RESULTS AND DISCUSSION

SVHN dataset contains 32 ◊ 32 color images of digits with ten classes. It is divided
into 73,527 training and 26,032 test samples. There are 531,131 additional images.
We only used training and test data in our experiments. Image may contain multiple
digits in single image. The target of task is to classify image based on digit in the
center.

On SVHN, proposed dual slope LiSA activation achieves highest classification accu-
racy (94.07%) closely followed by single slope ALiSA (ALiSA-1) and Leaky ReLU
with 94.02%. Table 6.10 shows the accuracy achieved my all the activation functions.

Table 6.10: Classification accuracy of proposed activation functions against state 0f
the art methods on Street View House Number dataset.

Activation function Parameter value Accuracy
ReLU [7] Nil 93.93

Leaky ReLU [8] 0.2 94.02
PReLU [107] Nil 93.33
SELU [166] 0.2 90.37
ELU [109] Nil 92.51

LiSA-1 0.15 93.86
LiSA-2 * 0.25, 0.15 94.07
ALiSA-1 Nil 94.02
ALiSA-2 Nil 93.83

6.5.4 FER-2013

Facial expression recognition dataset (FER-2013) contains images of human faces.
Faces represents seven human emotion i.e. angry, disgust, fear, happy, sad, surprise
and neutral. Dataset contains 48◊48 size gray scale images. There are 28,709 images
in training set and 3,589 images in both validation and test set. In our experiments,
we use training and validation sets for training, and test set for testing.

The adaptive proposed activation (ALiSA) based models deliver the highest accu-
racy on this dataset (refer table 6.11). Highest accuracy (61.95%) is achieved by
dual slope ALiSA (ALiSA-2) followed by single slope LISA and ALiSA at 61.63%
and 61.61%, respectively. Leaky ReLU is able to provide the highest classification
accuracy among the base models but lower than proposed models.
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Table 6.11: Classification accuracy of proposed activation functions against state of
the art methods on FER-2013 dataset.

Activation function Parameter value Accuracy
ReLU [7] Nil 60.85

Leaky ReLU [8] 0.2 61.48
PReLU [107] Nil 58.08
SELU [166] 0.2 53.99
ELU [109] Nil 58.01

LiSA-1 0.15 61.63
LiSA-2 0.15, 0.25 61.17

ALiSA-1 Nil 61.61
ALiSA-2 * Nil 61.95

6.5.5 Convergence and activation characteristics

Time taken by a model to converge is one of the very important traits of deep
learning models. Fast convergence leads to lesser training time and lower power
computation. Analysis of the convergence characteristics is shown in fig. 6.6. Rate
of decay of training loss is much higher in proposed models in comparison to the
state of the art models (refer fig. 6.6a).

Non-adaptive activation (LiSA-1 and LiSA-2) based models are able to maintain
lowest loss value till the end of training process. Whereas, adaptive activation func-
tion (ALiSA-1 and ALiSA-2) observe small rise in loss towards the end. However,
the validation loss (fig. 6.6b) of adaptive activation functions is the lowest of all.
Similarly, adaptive activation functions are able to maintain higher validation accu-
racy (fig. 6.6c) than ReLU [7] and Leaky ReLU [8] based models.

Output maps of the activation functions also convey a significant amount of infor-
mation about model’s learning ability and learned features [120, 167]. Analysis of
the activity in feature maps of di�erent layers is shown in fig. 6.7. Output of acti-
vation functions for multiple kernels of first, fourth and sixth layers are selected to
provide the insight on learning behavior of models. Layers are chosen based on their
association with initial, middle and end sections of the model. Activity of kernels
for non-adaptive single and dual parameter model are shown in fig. 6.7a and 6.7b,
respectively. Similarly, activity of kernels of adaptive single and dual parameter
models is shown in fig. 6.7c and 6.7d, respectively. For comparative analysis, acti-
vation maps of ReLU [7] and Leaky ReLU [8] based models are shown in fig. 6.7e
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Figure 6.5: Collective bar chart showing test accuracy of proposed activation func-
tions against state of the art on CIFAR-10, MNIST, SVHN and FER-
2013 datasets, respectively.

and 6.7f, respectively.

Activation maps of proposed activation functions cover wider spectrum and include
outputs in all three regions of activity. After the analysis of all the activation maps
for di�erent images, we found that higher number of kernels of initial layers produce
output in linear and negative regions of activity. But as we go deeper, more number
of kernels show output activity in all three regions. This behavior can be used to infer
that initial layer of the model learn linear patterns, deeper layers learn higher order
non-linear patterns. On the other hand, output feature maps of ReLU activation
function shows very sparse activity. Most of output maps for ReLU based model
are zero and hence, these maps block the flow of gradient to all units. This can also
be seen as a reason for observed dead kernels in ReLU based models (fig. 6.7e).

6.6 Conclusion

The proposed linearized sigmoidal activation function decomposes full range of data
into small non-linear segments. Each segment holds distinct activation behavior.
It helps to learn non-linear transformation for better feature representation. We
investigated two di�erent variants of proposed activation function. First activation
function (LiSA) uses empirically evaluated hyper-parameters. Experimental eval-
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uation shows that for best performance, positive and negative slope coe�cients in
dual slope LiSA should be set to 0.25 and 0.15, respectively. Whereas, single slope
LiSA should preferably be used with coe�cient value of 0.15. Second version (AL-
iSA) uses trainable slope coe�cients, which are learned during the training process
along side the model parameters. ALiSA is also tested in single slope and dual slope
versions.

In experiments, initially we test the e�ect of di�erent slope coe�cients on the clas-
sification accuracy. Later, performances of proposed activation functions are tested
on bench mark datasets: CIFAR-10, MNIST, SVHN and FER-2013. Dual slope
LiSA is able to achieve highest accuracy on CIFAR-10, MNIST and SVHN datasets.
On FER-2013, dual slope ALiSA provides the best results. Experiments demon-
strate that proposed activation function performs better than other state of the art
activation functions on all datasets.
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(a) Plot of training loss.

(b) Plot of validation loss.

(c) Plot of validation accuracy.

Figure 6.6: Plots showing rate of convergence of proposed activation based model
against state of the art.
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(a) Activity map for LiSA-1 activation function(b) Activity map for LiSA-2 activation func-
tion

(c) Activity map for ALiSA-1 activation func-
tion

(d) Activity map for ALiSA-2 activation func-
tion

(e) Activity map for ReLU activation function(f) Activity map for Leaky ReLU activation
function

Figure 6.7: Plots of the output of di�erent activation functions based models for
first, fourth and last convolutional layer of the model.
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7 Conclusion and Future Scope

7.1 Conclusion

Facial expressions are very important component of our interaction with the out-
side world. Human expressions not only provide the internal emotional status of a
person but also help in identifying the mental state and involuntary responses gener-
ated against any stimuli. Previous facial expression analysis methods involved hand
crafted feature detectors like HOG, SOFT, LBP etc. These type of feature detector
are ine�cient at extracting robust features from non rigid object. It happens due
to continuous variation in geometric structure of the facial muscles. Hence, in this
work, we explored the representation learning based approaches for facial expres-
sion analysis. The main aim of this dissertation was to develop deep learning based
novel solutions for facial expression analysis. In addition, this work also targets to
develop novel and reliable commercial solutions for di�erent application based on
facial expression analysis.

This thesis has produced three novel solutions. Details of these proposed frameworks
and deep learning solutions are as following:

7.1.1 Sentiment analysis from social media images

In recent years, online multimedia content has risen exponentially with the outburst
of internet and social media. There are at present no known solutions deployed in
these platforms to learn and analyze the sentiments represented by these images.
We developed a system to learn the sentiment represented by an image based on
its contents. The system contains two submodules: one for analyzing the facial
expression of people in the image and other analyzed the general global feature of
the image such as location and setup of image.
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The first module segments faces from the image, and then deep convolutional neural
network model is used to extract the low dimensional feature representation for these
faces. Similarly, second module extracts the low level feature representation for the
global features. A long short term memory network is used to learn the conditional
probabilities of existence of these features. The network output is classified using
a regression classifier. The system categorizes the predicted sentiment into three
categories: positive, neutral and negative.

7.1.2 Multimedia likability prediction system

This dissertation also presents a novel system to predict the response of the viewer
against shown multimedia by observing the facial expressions of the viewer. First we
collected the dataset for this task. Volunteers were recruited to record their facial
expression while they watched di�erent type of videos. Then, subject was asked
to manually provide the feedback against the watched video. Deep learning based
ensemble architecture was used to model the relationship between viewer response
and his/her recorded expressions.

Initially, frame rate of videos were lowered to reduce the computational requirements
for the processing of media. The proposed architecture contains three deep learning
based sub-modules to learn di�erent modalities from the input data. Combination
of time distributed convolutional neural network and long short term memory net-
work is used to extract the spatio-temporal features from the input sequence of
faces, extracted from the original recorded video. Another model called as 3D con-
volutional neural network is also used to extract the spatio-temopral features. It
was observed that both of these models learned very di�erent feature description for
the input data. A third model was deployed to track and analyze the movement of
facial landmarks. This module contained two LSTMs to learn the temporal pattern
against each output category.

7.1.3 Activation function for non-linear spatial dependencies

Developing a model using deep learning architectures to model non-linear data is a
very complex task. Higher order non linearities tend to induce problems like explod-
ing and vanishing gradient, while linear model are incapable to model the higher
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order relationships in the data. It is a well know fact that facial expression classi-
fication is a non-linear modeling problem due the very high intra-class variation of
data. Hence, in this thesis we developed a novel activation function to model the
nonlinear spatial dependencies in the image. The activation function has charac-
teristics of both saturating and non saturating activation. The proposed activation
function is divided into multiple segments, each have linear behavior inside its range,
but non-linear relationship with other segments. This helps in increasing learning
capacity of deep learning model. Multiple experiments were conducted to show that
proposed function is able to achieve higher performance on tasks like facial emotion
recognition.

7.2 Future scope

Facial expression analysis and emotion detection are very complex problems. Al-
though, a lot of work is done in this field, but still there remain a lot of challenges
that need to be addressed. This work tries to use deep learning based solution with
two target in focus: (1) to generate better feature representation, (2) for exploring
applications of facial expression analysis.

One of the major concerns for FER systems is the computational requirement. As
these systems are generally deployed on mobile devices, which do not have enough
computation power for deep learning algorithm. We need to develop more compu-
tationally e�cient deep learning architectures. Additionally, large data requirement
for the model training is also a major concern. Every new application requires a new
and large dataset which can be time consuming and costly. Although new research
is targeting the feature transferability in deep learning but there is still a long way
to go.

Most of the work conducted in the emotion and facial expression analysis is under
controlled environmental conditions. Most of the available datasets are developed
in the labs and are not suitable for development of application for commercial use.
We have already developed dataset for video response generation in uncontrolled
setup. We also intend to develop more complex and realistic datasets for di�erent
FER based computer vision applications in future.
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