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Abstract

One very interesting field of research that has gained much attention in recent times

is Gesture Recognition. In the context of human-computer non-verbal communica-

tion, the visual interface becomes important in establishing communication via un-

derstanding human intention from their behaviour, such as facial expressions, hand

gestures, etc. With the increasing interest in human-computer interaction (HCI),

there has been rapid growth in studies related to vision-based gesture recognition in

recent years. Hand gesture recognition from visual images finds applications in ar-

eas like human-computer interaction, machine vision, sign language, virtual reality,

augmented reality, and so on.

Gesture recognition may be accomplished either by capturing gestural motion using

sensor devices or by analyzing gesture images/videos using computer vision tech-

niques. Vision-based gesture recognition typically depends on three stages: (a) ges-

ture acquisition, detection and preprocessing; (b) gesture representation and feature

extraction; and (c) recognition or classification. The acquisition includes capturing

the gestures using various kind of imaging devices whereas detection and prepro-

cessing includes segmentation of gesturing body parts from images and videos as

accurately as possible. The accurate detection of gestures is significantly affected

by physical movement, variations in illumination and shadows, presence of skin-like

colors in background, occlusion, background complexity, and different other factors.

The complex articulated shape of the hand makes it harder to model the hand ap-

pearance for both static and dynamic gestures. Variation of gesture parameters due

to spatio-temporal variance in dynamic gesture makes the recognition process more

difficult. Different classifiers with the existing features used for vision-based gesture
TH-2974_156102003



recognition may not be capable of simultaneously handling all the gesture classifi-

cation problems. Each one has some drawbacks limiting the overall performance.

Various researchers have developed different methods to overcome such problems.

However, there are still many shortcomings with the algorithms developed so far.

This has motivated us to carry out research in this field.

In general, there are three types of dynamic hand gestures – (1) Gestures with local

motion only where only the fingers and the palm move without any movement of

the whole hand/arm, (2) Gestures with global motion only where the hand as a

whole move differently in the 3D space to make different gestures, and (3) Gestures

with both local and global motions where the fingers and palm make different hand

poses while moving the arm in space. In this research work, an attempt has been

made to recognize the second category of dynamic hand gestures having only global

motion with different spatio-temporal and motion characteristics which are called

trajectory-based gestures. So, here in this dissertation, we are basically going to

look into different approaches to recognize trajectory-based gestures and try to

propose some models for the betterment of the same. For this purpose, various

methods have been adopted to extract the trajectory of the gesturing hand. Another

prime objective is to make these methods color, shape and size invariant which

makes these methods more generalized. In these methods, deep neural architectures

have been used that can learn inherent features automatically in a hierarchical

manner from local to global with multiple layers of abstraction from a vast number

of sample images. The application of deep neural networks has also helped us to

remove some of the prevailing constraints of hand-crafted features to a better extent.

Experimental results show that the proposed trajectory extraction methods have

achieved better performance compared to state-of-the-art methods in hand gesture

recognition.
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1
Introduction

The ability of computers to recognize hand gestures visually is essential for the future de-

velopment of systems in the human-computer interaction (HCI) community. Hand gesture

recognition is an important research area in computer vision with many applications. The

major applications of gesture recognition cover various domains, ranging from sign language

to medical assistance to virtual reality. The initial task of a hand gesture-based HCI system

is to acquire raw data which can be achieved mainly by two approaches: sensor-based and

vision-based. The sensor-based approach requires the use of sensors or instruments physically

attached to the arm/hand of the user to capture data. Whereas vision-based approaches re-

quire the acquisition of images or videos of the hand gestures through a video camera. How-

ever, vision-based recognition is extremely challenging not only because of its diverse con-

texts, multiple interpretations, and spatio-temporal variations but also because of the com-

plex non-rigid properties of the human hand. Here, in this thesis, we will basically talk about

vision-based dynamic hand gesture recognition through different trajectory extraction methods

which are mostly invariant to shape, size and color of the hand. Experimental results on pub-

licly available databases show the effectiveness of the proposed approaches. This introduction

chapter gives an idea of different types of gestures, an overview of gesture acquisition and

recognition system, its application and major challenges in this research. It also includes

the research motivation and finally, the organization of the thesis is presented at the end.

1

TH-2974_156102003



1. Introduction

1.1 Gestures for Human-Computer Interaction (HCI)

In this era of technology, where we are deep into the information age, technological ad-

vancement has reached such a point that almost everyone in every nook and corner of the

world irrespective of any discipline, has come in contact with computers in some way or the

other. But in general, a common user should not have to acquire computer literacy to use

computers for common tasks in everyday life. Human-computer interaction (HCI) concerns

“the design, evaluation, and implementation of interactive computing systems for human use

and with the study of major phenomena surrounding them” [14], especially “in the context of

the user’s task and work” [15]. Basically, HCI is a field of study which aims to facilitate the in-

teraction of users, whether experts or novices, with computers in an easy way. It improves user

experience by identifying factors that helps reduce the learning curve for new users and also

provides provisions such as keyboard short-cuts and other navigational aids for common users.

Moreover, as the world adapts to the new changes after the COVID-19 pandemic, touch-less

technology can be the ‘new normal’ in such situations to minimize the risk of a global health

crisis. For instance, in airports, if cameras and hardware are already embedded, passengers can

take benefit from hand tracking and gesture recognition to control menus without physically

touching a platform. Though there are some other touch-less technologies such as voice recog-

nition, language and pronunciation become a barrier in many instances. Moreover, people are

focusing on using smartphones to minimize contact when it comes to aspects such as check-in.

However, with smartphones, passengers still often have to touch a screen, which gives a chance

of risk. Additionally, at airport border control, it is often forbidden to use a smartphone. So,

there are further limits to these existing features. In addition, on roads, drivers can control auto

navigation through simple in-air movements. In such cases, hand-tracking and gesture recogni-

tion technology can provide a hardware-agnostic solution to these problems. Gestures can be

made universal and users can apply user-friendly gestures in place of multi-step interactions for

communication. With a worldwide focus on reducing the risk of spreading bacteria and viruses,

this sort of solution would undoubtedly be welcomed by all. Hence, the need has increased for

interfaces that support effective human-computer interaction (HCI). In striving toward these

ends, HCI research builds on progress in several related fields, as shown in Fig. 1.1. It is fo-

cused not only on enhancing the usability, reliability, and functionality of present-day interfaces

2
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1.1 Gestures for Human-Computer Interaction (HCI)

but also on the development of novel, innovative interfaces that can be used in natural, lifelike

ways. Such interfaces are in demand for interacting with virtual environments in computer

games and virtual reality, for teleoperation in robotic surgery, and so on. Active interfaces,

intelligent adaptive interfaces, and multi-modal interfaces are all gaining prominence.

Figure 1.1: Human-computer interaction and related research fields.

With the increased interest in human-computer interaction, research related to gesture

recognition has grown rapidly. Along with speech, they are the obvious choice for natural

interfacing between a human and a computer. Human gestures constitute a common and

natural means for nonverbal communication. A gesture-based HCI system enables a person to

input commands using natural movements of the hand, head, and other parts of the body [16]

(Fig. 1.2). And since the hand is the most widely used body part for gesturing apart from

face [17], hand gesture recognition from visual images forms an important part of this research.

Generally, hand gestures are classified as static gestures or postures and dynamic or trajectory-

based gestures. Again, dynamic or trajectory gestures can be isolated or continuous.

1.1.1 Gesture acquisition

The primary task of a hand gesture-based HCI system is to acquire raw data which can be

achieved mainly by two approaches [18]: contact-based or wearable sensor-based systems (Fig.

1.3a) and vision-based systems (Fig. 1.3b).

Sensor-based approaches require the use of sensors or instruments physically attached to the

3
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Figure 1.2: Classification of different gestures based on used body-part.

(a) (b)

Figure 1.3: Human-Computer Interaction using: (a) CyberGlove-II, (b) Vision-based system [1].

arm/hand of the user to capture data consisting of position, motion and trajectories of fingers

and hand. Sensor-based methods are mainly as follows:

(i) Glove-based approach measures acceleration, position, degree of freedom and bending of

the hand and fingers. This includes the use of flex sensors, gyroscope and accelerometer.

(ii) Electromyography (EMG) measures human muscle’s electrical pulses and harness the

bio-signal to detect finger movements.

(iii) WiFi and Radar use radio waves, broad beam radar or spectrogram to detect in-air signal

strength changes.

(iv) Others utilize ultrasonic, mechanical, electromagnetic and other haptic technologies.

4
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Vision-based approaches require the acquisition of images or videos of the hand gestures

through video cameras.

(i) Single camera-webcam, video camera and smart-phone camera.

(ii) Stereo-camera and multiple camera-based systems — a pair of standard color video or

still cameras capture two simultaneous images to give depth measurement. Multiple

monocular cameras can better capture the 3D structure of an object.

(iii) Light coding techniques - projection of light to capture the 3D structure of an object.

Such devices include PrimeSense, Microsoft Kinect, Creative Senz-3D and Leap Motion

Sensor etc.

(iv) Invasive techniques-body markers such as hand color, wrist bands, and finger marker.

But the term vision-based is generally used for capturing images or videos of the bare

hand without any glove and/or marker. The sensor-based approach reduces the need for

pre-processing and segmentation stage, which is essential to classical vision-based gesture

recognition systems. But for contact or wearable sensor-based systems, the user needs

to be accustomed to these devices for accurate usage. Moreover, vision-based gesture

interfaces are preferred to data gloves because of their simplicity, contact free and more

natural way of interaction and low cost.

Again based on the number of input channels used in the system, a HCI system can be

classified as unimodal or multimodal [19] (Fig. 1.4). Unimodal systems can be a) vision-based

(e.g., body movement tracking [20], facial expression recognition [21,22], gaze detection [23], and

gesture recognition [24]), b) audio-based (e.g., auditory emotion recognition [25], speaker recog-

nition [26], and speech recognition [27]), or c) based on other types of sensors [28]. The most

researched unimodal HCI systems are vision-based. People typically use multiple modalities

during human-human communication. Therefore, to assess a user’s intention or behaviour com-

prehensively, HCI systems should integrate information from multiple modalities as well [29].

Multimodal interfaces can be setup using combinations of inputs, such as gesture and speech [30]

or facial pose and speech [31] etc.

5
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Figure 1.4: General taxonomy of HCI system based on input channel/channels.

1.2 Overview of Vision-based Hand Gesture Recognition

(VGR) System

The primary task of vision-based interfaces is to detect and recognize visual information for

communication. A vision-based approach is more natural and convenient than a glove-based

approach. It is easy to deploy and can be used anywhere within a camera’s field of view.

The straightforward approach to vision-based gesture recognition (VGR) is to acquire visual

information of a person in a certain environment and try to extract the necessary gestures. This

approach must be performed in a sequence, namely, acquisition, detection and pre-processing;

gesture representation and feature extraction; and recognition (Fig. 1.5).

(i) Acquisition, detection and pre-processing: The acquisition and detection of the

gesturing body part is crucial because the accuracy of the VGR system depends on it.

The acquisition includes capturing gestures using imaging devices. Detection and pre-

processing segments the gesturing body parts from images or videos as accurately as

possible.

(ii) Gesture representation and feature extraction: The next stage in a hand gesture

recognition task is to choose a mathematical description or representation of the gesture.

The scope of a gestural interface is directly related to the proper representation of hand

gestures. After gesture modeling, a set of features needs to be extracted for gesture

recognition. Many authors have identified different features for representing particular

kinds of gestures [32].

6
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Figure 1.5: The basic architecture of a typical gesture recognition system.

(iii) Recognition: The final stage of a gesture recognition system is recognition or classifi-

cation. A suitable classifier recognizes the incoming gesture parameters or features and

groups them into either predefined classes (supervised) or by their similarity (unsuper-

vised) [24]. There are many classifiers used for both static and dynamic gestures, each

with its own limitations.

1.3 Application and Recent Advancement of VGR Systems

A vision-based approach is more natural and convenient compared to other glove-based

approaches used in HCI. It can be used anywhere in the field of view of a camera. It does

not require special hardware that the operator needs to master and, thus, is easier to deploy.

A vision-based approach also enables a variety of gestures to be used that can be updated

in the software. Computer vision methods can enable human-computer interaction that is

difficult or impossible to achieve with other modalities. Visual information is important in

human-human communication because meaning is conveyed through identity, facial expression,

posture, gestures, and other visually observable attributes. Therefore, intuitively it is possible

to have natural human-computer interaction by sensing and perceiving these visual cues from

video cameras placed appropriately in the environment. The major advantage of vision-based

gesture recognition is that it requires cheap input devices. A digital camera can be integrated

with a single chip. Mass-production is therefore much easier to realize compared to other input-

devices with mechanical parts, such as a data glove. In addition, the cost of image processing

hardware can be saved because most computers now have a central processing unit and graphics

processing unit fast enough to perform this computer vision task. More importantly, computer

vision is versatile. While other input devices such as a mouse, joystick, and trackpad are limited

to a specific function; computer vision offers a whole range of possible future applications not

only in human-computer interaction but also in user authentication, video conferencing, and
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distance education. Another important advantage of computer vision is that it is non-intrusive.

Cameras are open input devices that do not require direct contact with the user to sense actions.

The user can interact with the computer without wires and without manipulating intermediary

devices. Moreover, humans are more comfortable in communicating with body postures or

gestures as compared to using some mechanical techniques like clicking the mouse or press-

ing the keyboard or touching a touch-sensitive screen and thus experience more comfortable

and better natural interactions than with traditional interaction techniques. They have ma-

jor advantages, including a natural, contact-free method of interaction. However, vision-based

gesture interfaces also have major disadvantages, include user fatigue, cultural differences, the

requirement of high-speed processing, and noise sensitivity. Nevertheless, it is more difficult

to use because state-of-the-art computer vision algorithms are still limited in processing such

highly articulated, non-convex, and flexible objects as the human hand. Vision-based recogni-

tion is extremely challenging not only because of its diverse contexts, multiple interpretations,

and spatio-temporal variations but also because of the complex non-rigid properties of the hu-

man hand. The existing classifiers used for vision-based gesture recognition are not capable of

simultaneously handling all the gesture classification problems. Each of them has one or more

drawbacks limiting the overall performance of the gesture recognition methods.

Despite all the drawbacks, the number of VGR systems is assumed to increase more in

daily life; and as such, interactive technology needs to be designed effectively to provide a more

natural way of communication. Therefore, in recent years, vision-based gesture recognition has

become a key research topic in HCI and there are many real-life applications of VGR. More

specifically hand gestures based VGR systems can provide a noncontact input modality. The

widespread use of gesture-based interfaces for vision-based HCI is possible due to the advantages

mentioned above. One of the breakthroughs in VGR is the introduction of Microsoft Kinect® as

a contact-less interface [33]. The Kinect has significant potential in various applications, such as

healthcare [34], education [35], etc. However, its poor outdoor performance and depth resolution

limit its usability. Recently, SoftKinetic’s Gesture Control Technology is incorporated in BMW

cars to allow drivers to navigate the in-vehicle infotainment system with ease [36]. Most recently

implemented and some proposed applications of VGR include sign language recognition [37],

virtual reality [38], virtual game [39], augmented reality [40], smart video conferencing [41],

smart home and office [42], healthcare and medical assistance (MRI navigation) [34], robotic

8
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surgery [43], wheelchair control [44], driver monitoring [45], vehicle control [46], interactive

presentation module [47], and virtual classroom [48], e-commerce [49], and so on. Some of the

major applications (see Fig. 1.6) of hand-gesture based HCI applications are illustrated below:

• Augmented reality and virtual reality: Hand gestures can be very useful for realistic

manipulations of virtual objects in virtual environments [38] and as an interface for virtual

gaming [39]. Many problems like detection, registration and tracking can be solved using

augmented reality techniques [40].

• Sign language recognition: Hand gestures are useful for sign language recognition for

the deaf-mute community [37]. The system mainly acts as an interpreter between the

deaf/mute and others.

• Vehicle monitoring and vehicle control: Gesture-based interfaces may be used to

operate a vehicle [46], and also for driver monitoring [45].

• Healthcare & Medical assistance: Gesture-based interfaces have many applications

in healthcare and medicine, for example, MRI navigation in the operating room [34],

and medical volume visualization tasks, browsing radiology images may be some of the

possible applications. Gestures can also be used to train physicians in robotic surgery

[43] and medical assistance for physically disabled persons, including hand gesture-based

wheelchair control [44].

• Information retrieval: Gesture-based interfaces can also be used for day-to-day infor-

mation retrieval from the internet [50].

• Education: Gesture interfaces for controlling presentations (e.g., powerpoint®) is helpful

for teachers [47]. Gesture-based interfaces can be used for window menu activation.

• Desktop, television control and tablet PC applications: Gesture interfaces can be

useful in controlling desktop, television, etc. and also for tablet PC applications [42].

9
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(a) (b) (c) (d)

(e) (f) (g) (h)

Figure 1.6: Applications of hand gesture recognition systems: (a) Virtual reality, (b) Gesture-based
interaction with robots, (c) Desktop computing application, (d) Virtual computer games using gesture,
(e) Sign language recognition, (f) Vehicle control, (g) Gesture controlled robotic surgery and (h)
Television and desktop controlling.

1.4 Major Challenges in VGR Systems

The ability of computers to recognize hand gestures visually is essential for the future

development of vision-based HCI. Static gesture recognition or pose estimation of the isolated

hand, in constrained conditions, is roughly a solved problem. However, vision-based recognition

of hand gestures, especially dynamic hand gestures, poses an onerous difficult interdisciplinary

challenge mainly for three reasons [51]:

• Hand gestures are diverse, have multiple meanings, and vary spatio-temporally;

• The human hand is a complex non-rigid object making it difficult to recognize; and

• Computer vision itself is an ill-posed problem.

A gesture recognition system relies on a series of subsystems, as explained previously. Be-

cause the subsystems are connected in series, the overall accuracy of the system is dependent

on the accuracy of each subsystem. Thus, overall performance is highly affected by a subsystem

that is the “weakest link”. Gesture recognition has applications ranging from sign language to

medical assistance to virtual reality. But all these applications are dependent on the ability

of the device to read gestures efficiently and correctly. Applications using the human hand
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as a human-computer interface motivate researchers for hand gesture recognition. The ma-

jor challenges present in the process of hand gesture recognition are - constraints related to

segmentation, problems in spotting the hand gestures perfectly in a continuous stream of ges-

tures, problems related to two-handed gesture recognition, difficulties associated with extracted

features and difficulties related to the articulated shape of the hand.

• Challenges in segmentation: Accurate segmentation of the hand or the gesturing

body part from the captured videos or images still remains a challenge in computer vision

for many constraints like illumination variations, background complexity, and occlusion.

The variations in illumination affect the accuracy of skin color segmentation methods

immensely. Poor illumination may change the chrominance properties of the skin col-

ors, and the skin color will appear different from the original color. Biplab et al. has

used a fusion-based image specific model for skin segmentation to handle the problem

of segmentation under varying illumination conditions [52]. A major challenge in ges-

ture recognition is the proper segmentation of skin-colored objects (e.g., hands, face)

against a complex static background. The accuracy of skin segmentation algorithms is

limited because of objects in the background that are similar in color to human skin.

Skin-colored objects present in the background increase false positives. Pisharady et al.

used biologically inspired features like Gabor wavelet to handle the problem of complex

background [16]. Another major challenge is mitigating the effects of occlusion in gesture

recognition. Not only may the hand occlude itself, but one hand may occlude the other

during two-handed gestures. Both kinds of occlusion affect the appearance of the hand,

thus hindering in gesture recognition. Multiple camera-based systems are one solution for

this problem [53], but these devices are not purely accurate. View-invariant 3D models

or depth measuring sensors can provide some more insight into this problem.

• Difficulties related to the articulated shape of the hand: The accurate detection

and segmentation of the gesturing hand is significantly affected by variations in illumina-

tion and shadows, presence of skin-like colors in the background, occlusion, background

complexity, and different other factors. The complex articulated shape of the hand makes

it harder to model the appearance of the hand for both static and dynamic gestures.

Moreover, in the case of dynamic or trajectory-based gestures, the tracking of physical
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movement of the hand is quite challenging due to the varied size, shape and color of

the hand. Generally, it is expected that a generic gesture recognition system should be

invariant to the shape, size and appearance of the gesturing body-part.

• Difficulties associated with extracted features: It is generally not recommended

to consider all the image pixel values in a gesture image/video as the feature vector.

This will not only be time-consuming but also it would take a great many examples to

span the space variation, particularly if multiple viewing conditions and multiple users

are considered. The standard approach is to compute some features from each image

and concatenate these as a feature vector to the gesture model. A gesture model should

consider both the spatial and temporal characteristics of the hand and its movements. No

two samples of the same gesture will result in exactly the same hand and arm motions or

the same set of visual images i.e., gestures suffer from spatio-temporal variation. There

exists spatio-temporal variation when a user performs the same gesture at different times.

Every time the user performs a gesture, the shape and the speed of the gesture generally

vary. Even if the same person tries to perform the same sign twice, a small variation

in speed and position of the hands may occur. Therefore, extracted features should be

rotation-scaling-translation (RST) invariant. But various image processing techniques

have their own constraints to produce RST-invariant features. Another difficulty is that

the processing of a large amount of image data is time-consuming and so real-time recog-

nition may be difficult.

• Gesture spotting problem: Gesture spotting means locating the starting point and the

endpoint of a gesture in a continuous stream of gestures. Once gesture boundaries have

been determined, the gesture can be extracted and classified. But spotting meaningful

patterns from a stream of input gestures isa highly difficult task mainly due to two aspects

of signal characteristics: segmentation ambiguity and spatiotemporal variability. For sign

language, the recognition engine must support natural gesturing to enable the user’s un-

restricted interaction with the system. Because non-gestural movements often intersperse

a gesture sequence, these movements should be removed from the video input before the

gesture sequence is identified. Examples of non-gestural movements include “movement

epenthesis”, the movement that occurs between gestures and “gesture co-articulation”, the
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effect of the end of a sign and the beginning of the next sign has on each other. In some

cases, a gesture could be similar to a sub-part of a longer gesture, referred to as the “sub-

gesture problem” [10]. Though static hand gesture recognition problem [54–58] is almost

a solved one, but till date, there are only a handful works [59–64] that deal with these

three problems of continuous hand gesture recognition system.

• Problems related to two-handed gesture recognition: The inclusion of two-handed

gestures in a gesture vocabulary can make human-computer interaction more natural and

expressive for the user. It can greatly increase the size of the vocabulary because of

the different combinations of left and right-hand gestures. Previously proposed methods

include template-based gesture recognition with motion estimation [65] and two-hand

tracking with colored gloves [66]. Despite its advantages, two-handed gesture recognition

faces some major difficulties:

– Computational complexity: The inclusion of two-handed gestures can be com-

putationally expensive because of their complicated nature.

– Inter-hand overlapping: The hands can overlap or occlude each other, thus im-

peding recognition of the gestures.

– Simultaneous tracking of both hands: The accurate tracking of two interacting

hands in a real environment is still an unsolved problem. If the two hands are clearly

separated, the problem can be solved as two instances of the single-hand tracking

problem. However, if the hands interact with each other, it is no longer possible to

use the same method to solve the problem because of overlapping hand surfaces [67].

1.5 Research Motivation

From the previous section, it is evident that a significant amount of work is needed for

realizing an efficient hand gesture recognition system under various environmental conditions.

In this research work, an attempt has been made to recognize the trajectory-based dynamic

hand gestures having only global motion with different spatio-temporal and motion character-

istics. The motivation behind this dissertation is to address some of the major issues related
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to trajectory-based hand gestures mentioned in the previous section. One major issue is the

detection and segmentation of the hand region from the gesture videos. So, the primary goal

of the dissertation is around the detection of the hand in different gesture videos especially to

give some insight into the problems related to hand segmentation. Additionally, detecting hand

regions in videos with different shapes, sizes and appearances is another important task. The

development of an effective hand gesture recognition system considering all the requirements

into one algorithm is a major challenge. Accordingly, this thesis looks into several aspects using

chromatic as well as trajectory information of the hand region and aims at developing suitable

algorithms that can take care of at least some of the limitations of the existing methods. The

motivations behind this research work are given below:

(i) Accurate segmentation of the hand from the captured images/videos remains a challenge

for many preoccupied constraints like illumination variations, background complexity,

occlusion etc. So, in our first work, we would try to mitigate these problems as far as

possible with the help of both colors as well as motion information.

Typically a chromatic and/or textural discrimination is observed between the skin and

the non-skin regions of an image. Moreover, human skin color does not fall randomly in a

given color space but clustered at a small area in the color space [68] as shown in Fig. 1.7.

So, in skin-color-based segmentation, the color needs to be represented in a color space

where the skin color is most compact so that it can be modelled into a single class tightly.

The RGB color-space is not perceptually uniform, which means distances in the space

do not linearly correspond to human perception. In addition, RGB color space does not

separate luminance and chrominance parts, and the R, G, and B components of RGB

are highly correlated. The luminance of a given RGB pixel is a linear combination of the

R, G, and B values. Therefore, changing the luminance of a given skin patch affects all

the R, G, and B components. Hence, there is a need for color-spaces with an adjustable

range to suit the color of the hand for effective and efficient segmentation. Even after

the use of proper color-spaces, there may be cases when accurate segmentation is not

possible due to reasons like the variations in illumination and presence of skin-colored

objects, occlusion, complex background etc. In such cases, there is a requirement of some

additional techniques other than skin segmentation which will be explored here.
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1.5 Research Motivation
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Figure 1.7: Illustration of image pixel distribution: a) Original image, b) Image pixel distribution.

Skin segmentation becomes very challenging when the proper color information is not

available or when there are multiple skin-colored scenes in the background. Basically,

when prior knowledge of the color of the moving object is not available, pixel-level change

can provide powerful motion-based cues for detecting and localizing objects. Here along

with skin-color segmentation, motion information can also be used to segment the moving

hand. Tracking of the segmented region in blurring scenes or in presence of occluding

objects is another challenge. Some additional measures can be incorporated to handle

such situations.

(ii) Automatic detection of moving objects is a key motive in visual surveillance and tracking

system. In the process of hand gesture recognition, proper detection and tracking of the

moving hand in a cluttered background plays an important role due to the varied shape

and size of the hand. Segmentation and tracking become a very challenging task due to

the articulated shape of the hand and the presence of skin-color-like objects in the back-

ground. The majority of skin detection algorithms use skin color as a primary feature.

However, the use of some other features like texture information or depth information

along with colour features generally improves segmentation accuracy. But the availability

of this information is not guaranteed with each gesture image/video. For trajectory-based

gestures, motion information can be another added information useful for segmentation.

15
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1. Introduction

Basically, when prior knowledge of the moving hand like appearance, color and shape is

not known, motion-based cues can still provide effective information for detecting and

localizing objects. To get rid of the inherent problems of skin segmentation, this infor-

mation can be used in tracking trajectory-based gestures with varied shapes and sizes of

the hand.

(iii) But in some cases segmentation becomes an unavoidable process, and then researchers

generally opt for different types of segmentation techniques like semantic or instance seg-

mentation. Popular deep learning methods like convolutional neural network (CNN) have

come out as a magnificent tool for classification, whose benefit can also be exploited for

image segmentation tasks. Recently, attention mechanisms are widely used in computer

vision to extract better visual features. Attention not only tells where to focus, but it

also improves the representation of interests. Moreover, benefiting from the attention

mechanism, segmentation can be made more efficient and effective. Here, the objective

is to develop a gesture recognition scheme applicable to both static as well as dynamic

hand gestures.

1.6 Organization of the Thesis

To address the issues mentioned in the previous section, this thesis work is organized into

six chapters. The content of each chapter is summarized as follows:

• Chapter 2 reviews several existing methods for hand gesture recognition under various

conditions. The review section is presented in three parts according to the stages of a VGR

system: acquisition & pre-processing, gesture representation & feature extraction, and

recognition. The recognition section is again discussed in three subsections: conventional

methods on RGB data, depth-based methods on RGB-D data, and deep-learning-based

methods. The summary of the review and the scope for this thesis work is discussed in

the last section of the chapter.

• In Chapter 3, a hand gesture recognition framework for isolated dynamic gestures us-

ing a convolutional neural network (CNN) is presented. In the preprocessing step, a

two-level segmentation process with compensation for the illumination variations and a
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1.6 Organization of the Thesis

double-tracking system with occlusion handling ability are used for tracking the gesture

trajectory. Through this pre-processing step, each isolated dynamic gesture is converted

into single image consisting of the contour of the gesture trajectory which we call hand-

trajectory-based-contour-images. The feature learning capability of CNN architecture has

been used here and it has shown outstanding results on three different datasets.

• In Chapter 4, a two-stream fusion model for hand gesture recognition is proposed. The

two-stream network consists of two layers - a 3D convolutional neural network (C3D) that

takes gesture videos as input and a 2D-CNN that takes OFMT images as input. C3D has

shown its efficiency in capturing spatio-temporal information of a video. As input to the

second layer, a motion template guided by optical flow (OFMT) is proposed which helps

to eliminate irrelevant gestures providing additional motion information. Though each

stream can work independently, they are combined with a fusion scheme to boost the

recognition results. We have shown the efficiency of the proposed two-stream network on

two databases. Here the major contribution is OFMT images that can track the moving

hand irrespective of the shape, size, and color of the hand.

• In Chapter 5, a deep-learning method is used for static and dynamic hand gesture recog-

nition. The ability to discern the shape of hands can be a vital issue in improving the

performance of static hand gesture recognition. Segmentation itself is a very challeng-

ing problem having various constraints like illumination variations, complex background

etc. The objective of this work is to incorporate the perception of semantic segmen-

tation into a classification problem and make use of the deep neural models to achieve

improved results. Attention-based methods have been proved to be effective ways to ob-

tain important contextual information in different segmentation methods like semantic

segmentation. This work utilizes the attention-based UNET architecture to obtain the

semantically segmented mask of the input, which is then given to a classifier for recog-

nition. The data augmentation process is used in preprocessing to generate a sufficient

number of training images for training the CNN-based model and it has been able to

achieve a significant and improved recognition performance.

• Finally, we draw our conclusions in Chapter 6 by highlighting the strengths and short-

comings of our schemes and outlining possible extensions.
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2
Vision-based Gesture Recognition System

- A Review

This chapter reviews the various methods presented in the literature pertaining to hand ges-

ture recognition. These methods are presented in different sections depending on the similar-

ity in the approach taken. Special attention is given to classify the schemes/approaches at

various stages of the gesture recognition system for a better understanding of the topic to fa-

cilitate further research in this area. A detailed discussion is provided on feature extraction

and major classifiers in current use including deep learning techniques. Finally, the chapter

concludes with a brief summary of the literature review and the scope for the present work.
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2. Vision-based Gesture Recognition System - A Review

2.1 Overview of Vision-based Hand Gesture Recognition

(VGR) System

The primary task of vision-based interfaces is to detect and recognize visual information for

communication. A vision-based approach is more natural and convenient than other sensor-

based approaches. It is easy to deploy and can be used anywhere within a camera’s field of view.

The straightforward approach to vision-based gesture recognition (VGR) is to acquire visual

information about a person in a certain environment and try to extract the necessary gestures.

A typical VGR system constitutes three stages that have to be performed in a sequence:

(i) Acquisition, detection and pre-processing.

(ii) Gesture representation and feature extraction.

(iii) Recognition.

2.1.1 Acquisition, detection and pre-processing

Gesture acquisition involves capturing images or videos using imaging devices. The detec-

tion and classification of moving objects present in a scene is an important research area in

action/gesture recognition. The most important research challenges are segmentation, detec-

tion, and tracking of moving objects from a video sequence. The detection and pre-processing

stage mainly deals with localizing gesturing body parts in images or videos. Since dynamic

image analysis consists of all these subtasks, so this very portion can be subdivided into seg-

mentation and tracking or combining both of them together.

(i) Segmentation: Segmentation is the process of partitioning images into multiple distinct

parts and thereby finding the region of interest (ROI), which is hand in our case. Accu-

rate segmentation of hand or body parts from the captured images remains a challenge in

computer vision for many preoccupied constraints such as illumination variations, back-

ground complexity, and occlusion due to the articulated shape of the hand. Most of the

segmentation techniques can be broadly classified as follows (Fig. 2.1): a) Skin color-based

segmentation b) Region-based c) Edge-based d) Otsu thresholding etc. The easiest way

to detect skin regions of an image is through an explicit boundary specification for skin
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2.1 Overview of Vision-based Hand Gesture Recognition (VGR) System

color in a specific color space e.g., RGB [69], HSV [70], YCbCr [71] or CMYK [12]. Many

researchers dropped the luminance component and used only the chrominance component

since chrominance cues contain skin color information and it is less sensitive to illumina-

tion changes in the hue-separation space as compared to RGB color space [72]. However,

color cues show variations in the skin color in different illumination conditions, and also

skin color changes with the change in human races, and so segmentation is restricted due

to the presence of skin-colored objects in the background. Occlusion also leads to many

issues in the segmentation process. In order to improve the detection accuracy, many

researchers have used parametric and non-parametric model-based approaches for skin

detection. For example, Yang et al. [73] used a single multivariate Gaussian to model

skin color distribution. But, skin color distribution possesses multiple co-existing modes.

So, the Gaussian mixture model (GMM) [74] is more appropriate than a single Gaussian

function. Lee and Yoo [75] proposed an elliptical modeling-based approach for skin de-

tection. The elliptical modeling has less computational complexity as compared to GMM

modeling. However, many true skin pixels may get rejected if the ellipse is small. Whereas

if the ellipse is sufficiently large, many non-skin pixels may be detected as skin pixels.

Out of non-parametric model-based approaches for skin detection Bayes skin probability

map (Bayes SPM) [76], self-organizing map (SOM) [77], k-means clustering [78], artificial

neural network (ANN) [79], support vector machine (SVM) [69], random forest [80] are

noteworthy. The region-based approach involves region growing techniques, region split-

ting and region merging techniques. Rotem et al. [81] combined patch-based information

with edge cues under a probabilistic framework. In an edge-based technique, basic edge-

detecting approaches like Prewitt filter, Canny edge detector, Hough transforms are used.

Otsu thresholding is a clustering-based image thresholding method that converts a gray

level image to a binary image using any edge detecting or tracking technique so that we

have only two objects i.e. one is hand and the other is background [9]. In the case of

videos, all these methods can be applied with dynamic adaptation.

(ii) Tracking: Tracking can also be considered as a part of pre-processing in the hand detec-

tion process as both tracking and segmentation together help to extract the hand from the

background. Though skin-segmentation is one of the most preferred methods for segmen-
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Figure 2.1: Different skin segmentation schemes.

tation or detection, still it is not so effective for various constraints like scene illumination

variations, background complexity, and occlusion [72]. Basically, when prior knowledge of

moving objects like appearance and shape is not known, pixel-level change can still pro-

vide effective motion-based cues for detecting and localizing objects. Various approaches

for moving object detection using pixel-level change can be background subtraction, inter-

frame difference, or three-frame difference [82]. Stabilized background detection is always

a costly matter making it vulnerable for long and varied video sequences [82]. Apart from

this, the choice of temporal distance between frames is a tricky question. It basically

depends on the size and speed of the moving object. Though interframe difference meth-

ods can easily detect motion, it shows poor performance in localizing the object. The

three-frame difference [83] approach uses previous, current and future frames to localize

the object in the current frame. The use of future frames introduces a lag in the tracking

system, but this lag is acceptable only if the object is far away from the camera or moves

slowly relative to the high capture rate of the camera.

Tracking of the hand can be difficult as the movement of the hand can be very fast and

its appearance can change vastly within a few frames. In such cases, model-based algo-

rithms like mean-shift [84], Kalman filter [85], particle filter [86] are some of the methods

used for tracking. The mean-shift is a purely non-parametric mode-seeking algorithm

that iteratively shifts a data point to the average of data points in its neighbourhood
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(similar to clustering). However, tracking often converges to an incorrect object when the

object changes its position very quickly in the two neighbouring frames. Because of this

problem, a conventional mean-shift tracker fails to position a fast-moving object. [72,87]

modified the mean-shift algorithm to continuous adaptive mean-shift (CAMShift) where

the window size is adjusted so as to fit the gesture area reflected by any variation in the

distance between the camera and the hand. Though CAMShift performs well with ob-

jects that have a simple and constant appearance, it is not robust in more complex scenes.

The motion model for the Kalman filter is based on the assumption that the velocity is

relatively small when objects are moving, and therefore, it is modeled by a zero mean

and low variance white noise. One limitation of the Kalman filter is the assumption that

the state variables are based on Gaussian distribution, and thus the Kalman filter will

give incorrect estimations of state variables that do not follow a linear Gaussian environ-

ment. The particle filter is generally a better method than the Kalman filter because it

can consider non-linearity and non-Gaussianity. The main idea of the particle filter is to

apply a weighted sample particle set to approximate the probability distribution, i.e., the

required posterior density function is represented by a set of random samples with asso-

ciated weights and estimation is done on the basis of these samples and weights. Both

Kalman filter and particle filter have the disadvantage of the requirement of previous

knowledge in modeling the system. Kalman filter or particle filter can be combined with

the mean shift tracker for precise tracking. In [88], authors have detected hand movement

using Adaboost with the histogram of gradient (HOG) method.

(iii) Combined segmentation and tracking: Here the first step is object labeling by segmen-

tation and the second step is object tracking. Accordingly, an update for tracking

is performed by calculating the distribution model with different label values. Skin-

segmentation and tracking together can give quite a good performance [89], but re-

searchers have adopted other methods too where skin-segmentation is not so efficient.

2.1.2 Gesture representation and feature extraction

According to its spatio-temporal properties, gestures are broadly classified as static or dy-

namic. Static gestures are defined by the pose or orientation of a body part in the space (e.g.,
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hand pose); that’s why sometimes simply called as posture. Whereas dynamic gestures are

defined by trajectory or temporal deformation of body parts (e.g., shape, position, motion).

Again dynamic gestures can of single isolated trajectory type or continuous type, occurring in

a stream, one after another.

2.1.2.1 Gesture representation

To recognize a gesture, it must be represented using a suitable model (Fig. 2.2). Based on

feature extraction methods, the following are the types of gesture representations: model-based

and appearance-based.

(i) Model-based: Here gestures can be represented using either a 2D model or 3D model. The

2D model basically depends on either various color models like RGB, VSB, YCbCr, etc, or

silhouettes or contours obtained from 2D images. The deformable Gabarit model depends

on the formation of active deformable contouring. On the other hand, 3D models can

be categorized into mesh model [90], geometric model, volumetric models and skeletal

models [91]. The volumetric model represents hand gestures with high accuracy. The

skeletal model reduces the hand gestures into a set of equivalent joint angle parameters

with segment length. For example, Rehg and Kanade [92] used a 27 degree-of-freedom

(DOF) model of a human hand in their system called ‘Digiteyes’. Local image-based

trackers are employed to align the projected model lines to the finger edges against a

solid background. The work of Goncalves et al. [93] promoted three-dimensional tracking

of the human arm against a uniform background using a two cone arm model and a

single camera. One major disadvantage of model-based representation using a single

camera is self-occlusion [93] that frequently occurs in articulated objects like a hand.

To avoid it, some systems employ multiple/stereo cameras and restrict the motion to

small regions [92]. But it also has its own disadvantages like precision, accuracy, etc [51].

Generally, static gestures can be represented using a 2D model or 3D model.

(ii) Appearance-based: The appearance-based model tries to identify gestures either directly

from visual images/videos or from the features derived from the raw data. Parameters

of such models may be either the image sequences or some features derived from the

images which can be used for hand-tracking or simple gesture classification. For example,
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Figure 2.2: Different hand models for hand gesture representation.

Wilson and Bobick [94] presented results using actions, mostly hand gestures, where the

actual gray-scale images (with no background) are used in action representation. Rather

than using raw gray-scale image, Yamato et al. [95] used body silhouettes, and Akita [96]

employed body contours/edges. Yamato et al. [95] utilized low-level silhouettes of hu-

man actions in a Hidden Markov Model (HMM) framework, where binary silhouettes of

background-subtracted images are vector quantized and used as input to the HMMs. In

Akita’s work [96], the use of edges and some simple two-dimensional body configuration

knowledge were used to determine the body parts in a hierarchical manner (first, find

legs, then head, arms, trunk) based on stability. While using two-or-three dimensional

structural information, there is a requirement of individual features or properties to be

extracted and tracked from each frame of the image sequence. Hence, motion under-

standing is really accomplished by recognizing a sequence of static configurations that

require previous detection and segmentation of the object. And since early days, se-

quential state-space models such as generative hidden Markov models (HMMs) [97] or

discriminative conditional random fields (CRFs) [98] have been proposed to model dy-

namics of action/gesture videos. Temporal ordering models like dynamic time warping

(DTW) [10] have also been applied in the context of dynamic action/gesture recognition

where matching of an incoming gesture is done to a set of pre-defined representations.

In most literature, e.g. [99], it is mentioned that gestures are represented by either model-

based or appearance-based model. The motion-based methods are also generally included in the
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appearance-based methods. But here we want to discuss the motion-based methods separately.

This is because the shape and appearance of the body/body-part depends on many factors e.g.

illumination variations, image resolution, skin color, clothing etc. But estimation of motion

is invariant to shape and appearance (at least in theory) and can be used directly to describe

human gesture/action [100]. Optical flow and motion-templates are the two main motion-based

representation methods.

(i) Optical flow: Optical flow is the apparent motion or displacement of objects/pixels

as perceived by an observer. Optical flow indicates the change in image velocity of a

point moving in the scene, also called as motion field. Here the goal is to estimate the

motion field (velocity vector) which can be computed from horizontal and vertical flow

fields. Ideally, the motion field represents the 3D motion of the points of an object across

2D image frames for a definite frame-interval. Out of different optical flow techniques

found in the literature, the most common methods are: (a) Lucas-Kanade [101] (b) Horn-

Schunk [102] (c) Brox 04 [103] and (5) Brox 11 [104] (d) Farneback [105]. The choice of the

optical flow method primarily depends on the power of the resulting histogram of optical

flow (HOF) or motion boundary histogram (MBH) descriptor. HOF gives the optical flow

displacement vectors in horizontal and vertical directions. The intuitive idea of MBH is

to represent the oriented gradients computed over the vertical and the horizontal optical

flow components. Once horizontal and vertical optical flow components are obtained,

histograms of oriented gradients are computed on each image component. The outcome

of this process is a pair of horizontal (MBHx) and vertical (MBHy) descriptors. Laptev

et al. [106] implemented a combination of HOG-HOF for learning realistic human action

from movies. [107] also proposed to calculate changes of optical flow that focuses on

optical flow differences between frames (motion boundaries). Yacoob and Davis [108]

used optical flow measurements to track predefined polygonal patches placed on interest

regions for facial expression recognition. [109] presented an integrated approach where

the optical flow is integrated frame-by-frame over time by considering the consistency of

direction. In [110], optical flow was used to detect the direction of motion along with the

RANSAC algorithm which in turn helped to further localize the motion points.

(ii) Motion-templates: Basically motion-templates are the compact representation of a
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gesture video where the motion information of a gesture is encoded into a single im-

age. These templates are compact representations of videos useful for video analysis

where a single image summarizes the appearance and dynamics of the whole video se-

quence. Hence, these images are named as motion fused images or temporal templates

or motion-templates. There are three widely used motion fusion strategies [100]: motion-

energy-image (MEI) and motion-history-image (MHI) [2, 111], dynamic images (DI) [3]

and methods based on PCA [4]. The main disadvantage of all the three motion-template

methods is in representing static gestures or when a user remains static while performing

some gesture/action in the video.

• MEI-MHI: MEI and MHI are two major motion-templates proposed to represent

the motion evaluation of an object in a video where all the frames in the video

sequence are projected onto one image across the temporal axis. This is the start-

ing of a novel approach where people thought of converting a complete dynamic

video/video-frames with motion templates into a single image. MEI represents where

motion has happened in a sequence of frames; whereas MHI represents how an object

is moving (Fig.2.3). MEI describes the motion-shape and spatial distribution of mo-

tion, and MHI is the function of the intensity of motion of each pixel at that location.

Moreover, MEI can be generated by thresholding the MHI above zero. So, MEI-MHI

basically squeezes the time scale of human actions/gestures by encoding a bundle of

frames into a single image. To make the system view-invariant, authors of [2] have

used seven Hu moments [112] which are translation-and scale-invariant. For each

view of each movement, a statistical model of the moments (mean and covariance

matrix) is generated for both the MEI and MHI. Mahalanobis distance is calculated

between the moment description of the input and each of the known movements to

recognize an input movement. Gray-scale MHI is sensitive to the direction of mo-

tion, unlike the MEIs, and hence better suited for discriminating between actions of

opposite directions (e.g., ‘standing up’ versus ‘sitting down’). Several modifications

are there on MEI-MHI-based implementation in the literature [111]. Though the

MEI-MHI method is simple and computationally not expensive, still it has some

crucial problems [111]. First, it fails to separate the motion information when there
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is self-motion-occlusion or overwriting of prior information like if a person sits down,

and then stands up. Second, the change of the standing position of a person while

executing an action may produce false recognition for an action. Third, the MEI-

MHI method is not suitable for dynamic background with its basic representation

(which is based on background subtraction or image differencing approaches). There

is always a requirement of having stationary objects in the background. Also, it is

unable to discriminate among similar motions. So, it is always crucial of employing

the MEI-MHI images for recognition purposes, because the MEI-MHI method takes

into account the global motion calculation of the image frames which is dependent

on the variances in movement duration. MEI-MHI is always a choice of representa-

tion for action recognition, only when temporal segmentation is available, actors are

fully visible and can be separated from each other. MEI-MHI can be implemented

by the following algorithm and the outcome is shown in Fig.(2.3)

MEI-MHI Algorithm [2]:

– Image sequences

I(x, y, t) = (I1, I2, ..., In). (2.1)

– Image binarization

B(x, y, t) = |I(x, y, t)− I(x, y, t− 1)|. (2.2)

where, B(x, y, t) =

 1 if B(x, y, t) > ξ

0 otherwise

– MEI

Eτ (x, y, t) =
⋃τ−1

i=0
B(x, y, t− i). (2.3)

– MHI

Hτ (x, y, t) =

 τ if B(x, y, t) = 1

max(0, Hτ (x, y, t− 1)− δ otherwise
(2.4)

where τ decides the temporal extent of the motion (in terms of frames) and δ is the
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decay parameter.

Figure 2.3: MEI and MHI example from [2].

• Dynamic images: Dynamic image (DI) [3] (shown in Fig(2.4)) is a novel video-

wide temporal evolution representation. It basically captures the video-wide tempo-

ral dynamics of a video converting into a single image, suitable for action/gesture

recognition. It is observed that if the execution time of actions varies greatly, the

temporal ordering is typically preserved. So dynamic image generally uses a tech-

nique called rank pooling which is the process of ranking the frame content used to

capture the video-wide temporal evolution and pooling the whole video into a single

image [113]. Major advantages of rank pooling are: (a) rank pooling is useful and

robust for encoding video-wide, temporal information, (b) since it does not extract

any trajectories or other more sophisticated features, so it is computationally not

expensive. So this novel dynamic image is a simple, efficient, compact, and very

powerful method to extract video-wide temporal evolution into a single image, par-

ticularly useful in the context of deep learning. Another notable advantage of DI

compared to other classical methods is that it performs quite well for both fast/slow

and short/long actions. Normally classical methods are applicable to only slow (< 30

frames per second) and short (only a few seconds) videos. So in such cases, the dy-

namic image method is applicable where there exist characteristic motion patterns
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Figure 2.4: Dynamic images summarizing the actions and motions that happen in (from left to right
and top to bottom): blowing hair dry, band marching, balancing on beam, golf swing, fencing, playing
the cello [3].

and dynamics [3]. In [114], authors have mentioned MHI as a direct competitor

to the dynamic image method. Here, authors have shown that DIs provide a more

detailed representation of the videos, as the range of intensity values is not limited

to the number of frames as in MHIs. Second, DIs are more robust to moving view-

points, long-range and background motion. Finally, in contrast to DIs, MHIs can

only represent the motion gradient in object boundaries. In [115], authors have pre-

sented a hierarchical rank pooling method which consists of a network of non-linear

operations and rank pooling layers. It has shown substantial performance improve-

ment over other temporal encoding and pooling methods such as max-pooling [116],

average pooling [116], rank pooling [114], temporal pyramids [116], and LSTMs [117].

Dynamic Image (DI) Algorithm [3]:

– Image sequences

V = (I1, I2, ..., IT ). (2.5)

– Time-average feature

ψ(t) =
1

t

∑t

τ=1
ψ(Iτ ) (2.6)
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– Dynamic image

d∗ = (I1, I2, ..., IT ;ψ) = argminE(d). (2.7)

– Optimization problem

E(d) =
λ

2
||d||2 +

2

T (T − 1)

∑
max(0, 1− S(k|d) + S(l|d)) (2.8)

where, k > l⇒ S(k|d) > S(l|d) i.e. later times are given larger score.

• PCA and Robust PCA using PCP method: The use of principal component

analysis (PCA) as a foreground-detection technique is well-known in various ap-

plications like object detection [118], pedestrian detection [119], video surveillance.

But there are only few instances when PCA-based method is used for gesture [4]

(shown in Fig( 2.5) or activity [120] recognition. Robust PCA is a matrix factoriza-

tion method that decomposes the input matrix I into the sum of two matrices i.e.

I = L + S, where L is low-rank matrix and S is sparse matrix. The background

sequence is then modeled by a low-rank subspace that generally changes gradually

over time, while the moving foreground objects are constituted by the correlated

sparse matrix. This is done by solving the following optimization problem called

principal component pursuit (PCP)

min ||L||∗ + λ||S||1 s.t. L+ S = I (2.9)

where || ||∗ and || ||1 are the nuclear norm (which is the l1-norm of singular value)

and l1-norm, respectively, and λ > 0 is an arbitrary balanced parameter. The major

advantages of PCA-based methods are [4]: (a) it performs quite well in both RGB

as well as depth video and (b) it is particularly well suited for the case when motion

happens in different location of the image stream.

2.1.2.2 Feature extraction

After gesture modeling, a set of features needs to be extracted for gesture recognition.

Features for static gestures are derived from image information like color and texture, or pose
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Figure 2.5: Principal motion components for the gesture dataset of helicopter signals: Each row is
associated with a different gesture, the first three columns of each row display top 3 principal motion
components of the gesture; columns 4-6 show the MHI, motion maps and a visual description of the
corresponding gesture, respectively [4].

information like orientation, shape, etc. There are three basic features for spatio-temporal

patterns of dynamic gesture namely location, orientation and velocity [121], based on which

various features or descriptors are used in the state-of-the-art methods. For example, features

are based on motion and/or deformation information like position, skewness, and the velocity

of hands. Features for dynamic hand gestures are spatio-temporal patterns. A static hand

gesture may be viewed as a special case of a dynamic gesture with no temporal variation of

the hand shape and position. A gesture model should consider both the spatial and temporal

characteristics of the hand and its movements. No two samples of the same gesture will result

in exactly the same hand and arm motions or the same set of visual images i.e., gestures suffer

from spatio-temporal variation. There exists spatio-temporal variation when a user performs

the same gesture at different times. Every time the user performs a gesture, the shape and the

speed of the gesture generally vary. Even if the same person tries to perform the same sign

twice, a small variation in speed and position of the hands will occur. Therefore, extracted

features should be rotation-scaling-translation (RST) invariant. Various features or descriptors

are used in the state-of-the-art methods for VGR systems. These features can be broadly

classified based on their method of extraction, such as spatial domain features, transform

domain features, curve fitting-based features, histogram-based descriptors, and interest point-
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based descriptors. Moreover, the classifier should be able to handle spatio-temporal variations.

Recently, feature extraction techniques based on deep learning have often been applied for

gesture recognition. Kong et al. [122] proposed a view-invariant feature extraction method

using deep learning for multi-view action recognition. Table 2.1 gives a brief survey of the

properties of different features used for both static and dynamic gesture recognition.

2.1.3 Recognition

The final stage of a VGR system is the recognition stage where a suitable classifier rec-

ognizes the incoming gesture parameters or features and groups them into predefined classes

(supervised) or by their similarity (unsupervised). Here the process of hand gesture recognition

has been tried to divide into some categories for easy understanding. And based on the type of

input data and the method, hand gesture recognition process can be broadly categorized into

three sections:

• Conventional methods on RGB data

• Depth-based methods on RGB-D data

• Deep learning techniques

2.1.3.1 Conventional methods on RGB data

Vision-based gesture recognition typically depends on three stages. The third stage of the

gesture recognition module consists of a classifier, which classifies the input gesture. However,

each classifier has its own advantages as well as limitations. Here we discuss the conventional

methods of classification of static and dynamic gestures on RGB data.

• Static gesture recognition: Static gestures are basically finger-spelled signs in still

images without any time frame. Unsupervised k-means and supervised k-NN, SVM,

ANN are the major classifiers for static gesture recognition.

– k-means: This algorithm is an unsupervised classifier that determines k centre points

to minimize clustering error defined by the sum of the distances of all data points
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Table 2.1: Features used for gesture recognition

Feature
type Examples Static Dynamic Advantages Limitations

Spatial
domain
(2D)

Fingertips location,
finger direction, and

silhouette [54]
X X

• Easy to extract
• Rotation invariant.

• Unreliable under occlu-
sion or varying illumination.
• Object view-dependent.
• Distorted hand trajectory
distorts MCC also.

Motion chain code
(MCC) [97,98] X

Spatial
domain
(3D)

Joint angles, hand
location, surface

texture and surface
illumination [123]

X X

• 3D modelling can most
accurately represent the
state of a hand, and thus
can give higher recogni-
tion accuracy.

• Difficult to accurately es-
timate 3D shape informa-
tion of a hand.

Transform
domain

Fourier
descriptor [124], DCT

descriptor [125],
Wavelet

descriptor [126]

X X
• RST invariant • Not able to perfectly dis-

tinguish different gestures.

Moments
Geometric moments,

orthogonal
moments [55]

X X
• Moments can be used
to derive RST invariant
global features.

• Moments are in gen-
eral global features. So,
moments cannot effectively
represent an occluded hand.

Curve
fitting-
based

Curvature scale
space [127] X

• RST invariant.
• Resistant to noise.

• Sensitive to distortion in
the boundary.

Histogram-
based

Histogram of gradient
(HoG) features [56] X X

• Invariant to geom-
etry and illumination
changes.

• Performance is not so
satisfactory for images with
a complex background and
noise.

Interest
point-
based

Scale-invariant
feature transform

(SIFT) [128], Speeded
up robust features

(SURF) [129]

X X
• RST and illumination
invariant

• They are not the best
choice for real-time applica-
tions because they are com-
putationally expensive.

Mixture of
features

Combined
features [57] X X

• Incorporates the
advantages of different
types of features.

• Classification perfor-
mance may degrade due to
curse of dimensionality.

to their respective cluster centres. For a set of observations (x1,x2, ...,xn), in a d-

dimensional real vector space, k-means clustering partitions the n observations into

a set of k clusters or groups S = {S1, S2, . . . , Sk} (k ≤ n) and their centers are given

by -
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arg min
S

k∑
i=1

∑
xj∈Si

∥∥xj − µi∥∥2 (2.10)

The classifier randomly locates k cluster centres in the feature space. Each point in

the input dataset is assigned to the nearest cluster centre, and their locations are

updated to the average location value for each cluster. This process is then repeated

until a stopping condition is met. The stopping condition could be either a user-

specified maximum number of iterations or a distance threshold for the movement

of the cluster centres. Ghosh and Ari [58] used a k means clustering-based radial

basis function neural network (RBFNN) for static hand gesture recognition. In this

work, k means clustering is used to determine the RBFNN centres.

– k-nearest neighbours (k-NN): k-NN is a non-parametric, supervised learning algo-

rithm. Data in the feature space can be multidimensional. The training data consists

of a set of labelled feature vectors. The number k determines how many neighbours

(nearby feature vectors) influence the classification. Typically, an odd value of k is

chosen for two-class classification. Each neighbour may be given the same weight

or those closer to the input data may be given more weight (e.g., by applying a

Gaussian function). In uniform voting, a new feature vector is assigned to the class

to which the plurality of its neighbours belongs. Hall et al. assumed two statistical

models (Poisson and binomial) for the sample data to obtain the optimum value of

k [130]. The k-NN can be used in different applications such as hand gesture-based

control media player control [131], sign language recognition [132], etc.

– Support vector machine (SVM): An SVM is a supervised classifier for both linearly

separable and nonseparable data. This method non-linearly maps the input data (if

not linearly separable in current feature space) to some higher dimensional space,

where the data can be linearly separated. This mapping from lower to higher dimen-

sional spaces makes the classification of the input data simpler and more accurate.

SVMs are often used for hand gesture recognition [90, 128, 133, 134]. SVMs were

originally designed for two-class classification, and an extension for multi-class clas-

sification is necessary for gesture recognition. Weston and Watkins [135] proposed
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an SVM structure to solve a multi-class pattern recognition problem using a single

optimization stage. Dardas et al. [128] used this method along with bag-of-features

for hand gesture recognition. However, their single optimization procedure found out

to be very complicated to be implemented for real-life pattern classification prob-

lems [136]. Instead of using a single optimization stage, multiple binary classifiers

can be used to solve multi-class classification problems, such as “one-against-all” and

“one-against-one” methods. Murugeswari and Veluchamy [137] used “one-against-

one” multi-class SVM for gesture recognition. It was found that the “one-against-

one” method performs better than the rest of the methods [136].

– Artificial neural network (ANN): An ANN is a biologically inspired statistical learn-

ing algorithm for functional approximation, pattern recognition and classification.

ANNs can be used as a supervised classifier for gesture recognition. Training is per-

formed using a set of labeled input patterns. The ANN classifies new input patterns

within the labeled classes. ANNs can be used to recognize static and continuous

hand gestures and gestures using a 3D articulated hand model [138]. They have

used a dataset collected through Kinect® sensor [139]. A limitation of classical

ANN architecture is its inability to handle temporal sequences of features efficiently

and effectively [99]. Mainly, it is unable to compensate for changes in temporal

shifts and scales, especially in real-time applications [140]. Out of several modified

architectures, multi-state time-delay neural networks [141] can handle such changes

to some extent using dynamic programming. Fuzzy-based neural networks have also

been used to recognize gestures [142].

• Dynamic gesture recognition: Dynamic gestures or trajectory-based gestures are ba-

sically gestures with trajectory having temporal information in terms of video-frames.

Dynamic gestures can be either a single isolated trajectory type or continuous type oc-

curring one after another in a stream. Recognition performance of dynamic gestures,

especially the continuous gestures, is basically dependent on gesture spotting methods

that can be classified as direct or indirect [10]. Direct approaches first detect the time

boundaries of the performed gestures and then apply standard isolated gesture recogni-

tion. Typically, motion cues (e.g., velocity, acceleration, and trajectory curvature [121])
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Figure 2.6: Conventional dynamic gesture recognition techniques.

or specific start and end marks [10], an open/closed palm can be employed for bound-

ary detection. On the other hand, in the indirect approach temporal segmentation is

intertwined with recognition. Indirect methods for temporal gesture segmentation detect

gesture boundaries by finding, in the input sequence, intervals that give good recognition

scores when matched with one of the gesture classes. Such methods are highly prone

to recognition errors and false positives since they have to deal with two fundamental

problems of continuous gesture recognition [24]: 1) spatiotemporal variability, i.e., a user

cannot reproduce the same gesture at the exact same shape and duration and 2) seg-

mentation ambiguity, i.e., problems caused by erroneous boundary detection. Through

indirect methods, we try to minimize these problems as much as possible. Indirect meth-

ods can be of two types (Fig. 2.6): non-probabilistic i.e. a) Dynamic programming/

Dynamic time warping, b) ANN; and probabilistic i.e. c) HMM and other statistical

methods, d) CRF and its variants. Some other common techniques are eigenspace based

methods [143], curve fitting [144], finite-state machine (FSM) [62, 98] and graph-based

methods [145].

– Dynamic programming/ Dynamic time warping (DTW): Dynamic time warping

(DTW), a template matching application of dynamic programming, has been widely

used in isolated gesture recognition. DTW can find the optimal alignment of two

signals in the time domain. Each element in a time series is represented by a feature

vector. Hence, the DTW algorithm calculates the distance between each possible
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pair of points in two time series in terms of their feature vectors. The steps in a

DTW are as follows:

∗ Two time series P and Q:

P =p1,p2,.....,pM

Q =q1,q2,.....,qN

where qi, pi are feature vectors for the ith element of the corresponding time

sequences.

∗ Construct N ×M matrix D with distances Dij = d(pi,qj).

∗ Warping path W is a contiguous set of matrix elements wk = (i, j)k

∗ Define warping between P and Q

W = w1, w2,...,wK

where max(M,N) ≤ K ≤M +N − 1

∗ Find:

DTW (P,Q) = min
√∑

wk

DTW has been used for gesture recognition by several authors [10,37,63,146]. Alon

et al. [10] has proposed a DTW based method that can handle sub-gesture prob-

lem. Lichtenauer et al. [37] introduced a hybrid approach by using Statistical DTW

(SDTW) only for time warping and a separate classifier on the warped features.

– Hidden Markov Model (HMM): Though HMM originally emerged in the field of

speech recognition, now, it is one of the most widely used techniques for gesture

recognition with its numerous variants. HMM is extensively used because it can

be applied for modeling the spatiotemporal variability of the gesture videos. Since

dynamic gesture is a sequence of images, so there is a need for past knowledge to

help the system to recognize gestures and an HMM can help us in this. Before we

elaborate on HMM, let us understand a traditional Markov process. A stochastic

process has the nth order Markov property if the current event’s conditional proba-

bility density depends solely on the n most recent events. For n = 1, the process is
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called a first-order Markov process, where the current event depends solely on the

previous event. This is a useful assumption for hand gestures, where the positions

and orientations of the hands are treated as events. HMM has two special proper-

ties for encoding hand gestures - a) it assumes a first-order model i.e. it encodes

the present time (t) in terms of the previous time (t − 1) - the Markov property of

underlying unobservable finite-state Markov process and b) a set of random func-

tions, each associated with a state, that produces an observable output at discrete

intervals. In this way, an HMM is a “doubly stochastic” process [147]. The states in

the hidden stochastic layers are governed by a set of probabilities:

i. The state transition probability distribution A, which gives the probability of

transition from the current state to the next possible state.

ii. The observation symbol probability distribution B, which gives the probability

of observation for the present state of the model.

iii. The initial state distribution Π, which gives the probability of a state being an

initial state.

An HMM is expressed as λ = (A,B,Π) and is described as follows:

∗ Let there be a set of N states {s1, ..., sN}; with a sequence of states Q =

{q1, ..., qT}, where t = 1, ..., T . For a gesture with M observable states, the

set of observed symbol or feature is given by O = {o1, ..., oT}.

∗ The state-transition matrix is A =
{
aij
}
, where aij is the state-transition prob-

ability from state qt = si at time t to state qt = sj at time t+ 1.

A = {aij}=P (qt+1 = sj|qt = si), for 1 ≤ i, j ≤ N.

∗ The observation symbol probability matrix B = {bjk}, where bjk is the proba-

bility of symbol ok at state sj.

bj(k) = P [ok at t|qt = sj], for 1 ≤ j ≤ N, 1 ≤ k ≤M
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∗ The initial probability distribution Π =
{
πj
}
, where

πj = P
[
q1 = sj

]
, for 1 ≤ j ≤ N

The modeling of a gesture sequence involves two phases - feature extraction and

HMM training. In the first phase, a particular gesture trajectory is represented by

a set of feature vectors. Each of these feature vectors describes the dynamics of a

hand corresponding to a particular state of a gesture. The number of such states

depends on the nature and complexity of a gesture. In the second phase, the vector

set is used as an input to HMM. The global HMM structure is formed by connecting

in parallel the trained HMMs (λ1, λ2, ..., λG), where G is number of gestures to be

recognized. For dynamic gestures, temporal components like the start state, the end

state, and the set of observation sequences (e.g., position) are mapped by an HMM

classifier using a set of boundary conditions.

For a given observation sequence, the key issues of HMM are,

∗ Evaluation: Given the model λ = (A,B,Π). What is the probability of occur-

rence of a particular observation sequence O = {o1, ..., oT} = P (O|λ)? This is

the heart of the classification/recognition problem. Determination of the prob-

ability that a particular model will generate the observed sequence when there

is a trained model for each of a set of classes (forward–backward algorithm).

∗ Decoding: Optimal state sequence to produce an observation sequence O =

{o1, ..., oT} Determination of the optimal state sequence that produces the ob-

servation sequence (Viterbi algorithm).

∗ Learning: Determine model λ, given a training set of observations i.e. find

λ, such that P (O|λ) is maximal. Train and adjust the model to maximize

the observation sequence probability such that HMM should identify a similar

observation sequence in the future (Baum–Welch algorithm).

HMMs are often used for dynamic gesture recognition [50, 97, 148, 149]. But the

main disadvantage of HMM is that every gesture model has to be represented and

trained separately considering it as a new class, independent of anything else already
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learned.

– Conditional random field (CRF): CRF is basically a variant of the Markov model

with some added advantages. HMM requires strict independence assumptions across

multivariate features and conditional independence between observations. This is

generally violated in continuous gestures where observations are not only dependent

on the state, but also on the past observations. The other disadvantage of using

HMM is that the estimation of the observation parameters requires a large amount

of training data. The difference between HMM and CRF is that HMM is a genera-

tive model that defines a joint probability distribution to solve a conditional problem

thus focusing on modeling the observation to compute the conditional probability.

Moreover, one HMM is constructed per label or pattern where HMM assumes that

all the observations are independent. On the other hand, CRF is a discriminative

model that uses a single model of the joint probability of the label sequence to find

conditional densities from the given observation sequence. CRFs seamlessly repre-

sent contextual dependencies and have computationally attractive properties. CRFs

support efficient recognition using dynamic programming, and their parameters can

be learned using convex optimization.

Both HMM and CRF can be used for labeling sequential data. For this, we define

a statement for a given observation sequence x that, we want to choose a label

sequence y∗ such that the conditional probability P (y|x) is maximized, that is:

y∗ = argmaxyP (y|x) (2.11)

Maximum entropy Markov models (MEMMs) are discriminative models, where each

state has an exponential model that takes the observation sequence as input and

outputs a probability distribution over the next possible states.

P (y|x) =
∏T

t=1
P (yt|yt−1, x) (2.12)

Each of the P (yt|yt−1, x), is an exponential model of the form:
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P (y|x) =
1

Z(xt, yt−1)
exp(

∑
a

λafa(xt, yt)) (2.13)

where Z is a normalization constant and the summation is overall features. But

MEMM suffers from Label Bias Problem, i.e., the transition probabilities of leaving

a given state are normalized for only that state (local normalization). MEMMs have

a non-linear decision surface because the current observation is only able to select

what successor state is selected, but not the probability mass transferred to that

state. In order to avoid this effect, a CRF employs an undirected graphical model

that defines a single log-linear distribution over the joint vector of an entire class

label sequence given a particular observation sequence(thus the model has a linear

decision surface). Let G = (V,E) be a graph such that Y = (Yv), vεV so that Y is

indexed by vertices of G. Then (X, Y ) is a conditional random field in case, when

conditioned on X, the random variables Yv obey the Markov property with respect

to the graph: p(Yv|X, Yw, w 6= v) = p(Yv|X, Yw, w ∼ v), where w ∼ v means that

w and v are neighbors in G. Given by Hammersley and Clifford, it states that the

probability distribution of x satisfies the Markov property with respect to graph

G(V,E) if and only if, it can be factored according to G:

P (x) =
1

Z

∏
C
ψC (2.14)

where Z is the normalization constant and ψC is the potential function over clique

C.

P (x) =
1

Z

∏
C

exp(λTCf(C)) =
1

Z
exp(

∑
C

λTCf(C)) (2.15)

where f(.) is the feature vector defined over the clique and λ is the corresponding

weight vector for those features. Bhuyan et al. [98] proposed a classification tech-

nique based on CRFs on a novel set of motion chain code features. Sminchisescu

et al. [5] have compared performance analysis applying algorithms based on CRF

and MEMMs for recognizing human motion in monocular video sequences. Undi-

rected conditional model CRF and directed conditional model MEMMs with different
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(a) (b) (c)

Figure 2.7: (a) HMM (b) A directed conditional model or MEMM (c) A Conditional Random Field
accommodates arbitrary overlapping features or long-term dependency of observation sequence [5].

windows of observations are compared with HMM. Both MEMM and HMM have

difficulty in accounting for long-range observation dependencies that appear useful

in discriminating among different gestures. We observed that CRFs have improved

recognition performance over MEMMs, which in turn, typically outperformed com-

peting HMMs. This is because CRF uses an undirected graphical model to overcome

the problem of label bias present in maximum entropy Markov models (MEMMs)

where states with low-entropy transition distributions effectively ignore their obser-

vations. The main disadvantage of CRF is that training is more time consuming

ranging from several minutes to several hours for models having longer windows

of observations (as opposed to seconds for HMMs, or minutes for MEMMs), on a

standard desktop PC.

– Some other classification methods: Here we discuss some other classification tech-

niques that have also been used in the classification of gestures. Patwardhan and

Roy [143] proposed an eigenspace based framework to model dynamic hand ges-

tures containing both shape and trajectory information which is rotation, scaling

and translation (RST) invariant. Shin et al. [144] proposed a curve-fitting based

geometric method using Bezier curves for the trajectory analysis and classification

of dynamic gestures. Gestures are recognized by fitting the curve to the 3D motion

trajectory of the hand. The gesture speed is incorporated into the algorithm to

enable accurate recognition from trajectories having variations in speed. Bhuyan et

al. [62,98] represented the keyframes of a gesture trajectory as an ordered sequence of
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states in the spatial-temporal space, which constitutes a finite state machine (FSM).

The recognition of gestures can be performed using the trained FSM. Graph-based

techniques are also used as a powerful tool for pattern representation and classi-

fication but have been practically left unused for a long period of time due to its

high computational cost. [145] used graphs for gestures matching in an eigenspace

to handle hand occlusion.

2.1.3.2 Depth-based methods on RGB-D data

Depth information is largely invariant to illumination variations and skin colors and offers

a quite clear segmentation from the background. So, the major problems in segmentation like

illumination variations and occlusion can be handled nicely with the help of depth data to a

great extent. Due to these advantages, depth cameras have been used in computer vision for

several years. However, the applicability of depth cameras was limited due to its high price and

poor quality. The release of low-cost color-depth (RGB-D) cameras like Kinect® by Microsoft,

Leap Motion Controller (LMC) by Leap Motion, Intel RealSense®, Senz3D® by Creative and

DVS128® by iniLabs, has created a revolution in gesture recognition by providing high-quality

depth images, addressing issues like complex backgrounds and illumination variations. Out of

all these, hand gesture recognition on Kinect®-based dataset and ‘one-shot learning’ with RGB-

D data, are the prominent methods discussed mostly in depth-based hand gesture recognition.

• Kinect® based methods: Kinect® has a combination of RGB and IR camera along with

depth sensor [33]. It uses the infrared projector and sensor for depth computation; not

the RGB camera. The infrared projector projects a known pattern on the object and a

CMOS sensor captures the deformations in the reflected pattern. Depth information is

then calculated by mapping a three-dimensional view of the scene obtained from the de-

formation information. Kinect® obtain RGB-D data by combining structured light with

two classic computer vision techniques: depth from focus and depth from the stereo. The

skeletal data obtained from these RGB-D sensors are converted to more meaningful and

high-level features, and algorithms are developed for the robust classification of gestures.

Recognition of hand gestures is especially challenging due to the complex articulation and

relatively smaller area of hand region. Kinect® is useful in addressing these fundamental
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problems in computer vision [139,150,151]. It has also diverse applications ranging from

gaming to classroom [35,48].

• Other depth sensor-based methods: Leap motion controller (LMC) and Intel RealSense®

are the most used RGB-D sensor for HCI applications apart from Kinect®. RealSense®

is more robust to self-occlusions and it can capture pinching gestures. LMC is another

RGB-D sensor and its objective is to determine 3D fingertip positions instead of whole-

body depth information as with the Kinect® sensor. The sensor can detect only fingertips

lying parallel to the sensor plane, but with high accuracy. In [61] feature vector with depth

information is computed using a leap motion sensor and fed into the hidden conditional

neural field (HCNF) classifier to recognize dynamic hand gestures. Leap motion sensors

can be used in various applications, e.g., virtual environments [152] and sign language

recognition [153].

• One-shot learning methods on RGB-D data: Using Deep Learning, human-level perfor-

mance has become achieve-able on complex image classification tasks. However, these

models rely on supervised training paradigm and their performance heavily depends on

the availability of labeled training data. Also, the classes that the models can recognize

are limited to those they were trained on. This makes these models less useful in realistic

scenarios where enough labeled data is not available for all classes during training. Also,

since it is practically not possible to train on images of all possible objects, so the model

is expected to recognize images from classes with a small amount of data in the training

phase or precisely with a single example. So, in the case of a small dataset, ‘one-shot

learning’ may be very useful. Various researchers [154–156] have used one-shot learning

in both deep learning and non-deep learning paradigm for recognition of hand gestures,

especially with RGB-D data. Wu et al. [154] proposed a system to learn gestures from

only one learning example per class, namely ‘one-shot learning’. Features are extracted

based on extended-motion-history-image (Extended-MHI) and the gestures are classified

by calculating the maximum correlation coefficient. The extended-MHI is proposed to im-

prove the performance of MHI by compensating for the non-moving regions and repetitive

actions. Multi-view spectral embedding (MSE) algorithm is used to fuse the RGB and

depth data in a physically meaningful manner. The MSE algorithm discovers the intrinsic
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relationship between RGB and depth features, improving the recognition rate of the al-

gorithm. In [157], authors applied an approach combining MHI with statistical measures

and frequency domain transformation on depth images for one-shot-learning hand gesture

recognition. Due to the availability of the depth information, the background-subtracted

silhouette images were obtained using a simple mask threshold.

2.1.3.3 Deep learning techniques

Though the idea of artificial intelligence (AI) is quite ancient, modern AI first came into the

picture around the mid-20th century. The AI aims at developing intelligence in machines so as to

make them work and respond like humans. This can be achieved when the machines are made

to have certain traits, e.g., reasoning, problem solving, perception, learning, etc. Machine

learning (ML) is one of the cores of AI. There are a large number of applications of ML in

many aspects of modern human society. Consumer products like cameras and smartphones

are the best examples where ML techniques are being employed increasingly. In the area of

computer vision, ML techniques have been widely applied in tasks such as object detection,

image classification, face recognition, gesture and activity recognition, semantic segmentation,

and many more. In conventional ML, engineers and data scientists have to identify useful

features and they have to handcraft the feature extractor manually which requires considerable

engineering skills and domain knowledge. In order to identify important and powerful features,

they must have considerable domain expertise. The issue of “handcrafting features” can be

addressed if good features can be learned automatically. This automatic learning of features

can be done by a learning method called “representation learning”. It is a set of methods that

enables a machine to automatically learn the representations that are crucial for detection or

classification.

Recently, deep learning has irrupted in action and gesture recognition fields achieving out-

standing results and outperforming “non-deep” state-of-the-art methods. Deep learning, a sub-

field of ML, is based on representation learning methods having multiple levels of representation.

Deep learning is a set of algorithms in ML, in which learning of multiple levels of representation

is carried out to model complex relationships among data. In several fields, such as computer

vision, deep learning methods have been proved to have much better performance than con-
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ventional ML methods. The main reason for deep learning having an upper hand over ML is

the fact that the feature learning mechanism at these different levels of representation is fully

automatic, thereby allowing the computational model to implicitly capture intricate structures

embedded in the data. In deep learning, higher-level features are defined in terms of lower-

level features. The deep learning methods are said to have deep architecture because of the

non-uniform processing of information at different levels of abstraction. This has motivated the

development of learning robust and effective representations directly from raw data and deep

learning provides a plausible way of automatically learning multiple level features, by using

multiple processing layers to learn image representations with multiple levels of feature ab-

straction. Deep networks are capable of finding salient latent structures within unlabelled and

unstructured raw data and can be used for both feature extraction as well as classification [158].

The recent popular deep learning methods like convolutional neural network (CNN), recurrent

neural network (RNN) and long short-term memory (LSTM) have demonstrated competitive

performance in both image/video representation as well as classification. But deep learning

approaches have mainly two inherent requirements: huge data for training purposes and ex-

pensive computation. But in this modern era, the abundance of high quality, easily available

labeled datasets from different sources along with parallel graphics processing unit (GPU) com-

puting, also played a key role in the success of deep learning by fulfilling its requirements. We

will see all these methods one by one, but before that let’s talk about one major problem of

deep learning which is the requirement of huge data and how various researchers have tried to

overcome it through the data augmentation process when the database is limited.

• The need for data augmentation in deep learning methods: Indifference to hand-

crafted features, there is a growing trend toward feature representations learned by deep

neural networks [8, 158–177]. But, in deep learning techniques, the main requirement is

lots of database samples. Several authors have emphasized the importance of using many

diverse training examples for CNNs/RNNs [158]. For datasets with limited diversity,

they have proposed data augmentation strategies to prevent CNNs/RNNs from overfit-

ting in the training phase. Krizhevsky et al. [158] employed multiple data augmentation

strategies in the training images for classification task into 1000 categories. Simonyan

and Zisserman [159] employed similar spatial augmentation on each video frame to train
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CNNs for video-based human activity recognition. However, these data augmentation

methods were limited to spatial variations only. To add variations to video sequences

containing dynamic motion, Pigou et al. [160] temporally translated video frames in ad-

dition to applying spatial transformations. In order to avoid overfitting, Molchanov et

al. [161] applied a 3D-CNN on the whole video sequence and introduce space-time video

augmentation techniques.

• Convolutional neural networks (CNN): In 1962, D.H. Hubel and T.N. Weisel pro-

posed the model of Cat’s visual cortex, which later on helped in the development of

CNNs. The first neural network model for visual pattern recognition was proposed by

K. Fukushima in 1980 and was given a nickname “neocognitron” [178]. This network was

based on unsupervised learning. Finally, in the late 90s, Yann LeCunn and his collab-

orators developed CNN which showed exciting results in various recognition tasks [8].

But till 2012, CNN was not that much evolved due to the requirements of deep learning

methods mentioned above. After the work of Krizhevsky et al. [158], various researchers

applied CNN in various domains for classification as well as other purposes. Generally,

2D-CNN is used in the case of images that can access only spatial information, whereas,

for video processing, 3D-CNN (C3D) is quite effective which can extract both spatial

as well as temporal information. A combined fusion-based method with CNN as tra-

jectory shape extractor as a gesture feature and CRF as temporal feature recognition is

proposed by [179]. In [72], the authors used CNN for recognition of hand gesture us-

ing trajectory-to-contour-based images obtained through skin segmentation and tracking

method. In [180], authors used pseudo-color based MHI images as input to convolutional

networks. [?] proposed a framework for the recognition of isolated gestures where the tra-

jectory of the moving hands with different shapes, sizes and colors are detected through

optical flow, and the proper hand gesture is recognized using a VGG16 CNN architecture.

• 3D-CNN (C3D) model: 2D-CNNs are such a type of deep network that can act di-

rectly on the raw images i.e. limited to handling 2D images. Whereas 3D-CNN models,

also called as C3D, act on videos for action/gesture recognition. This model extracts fea-

tures from both spatial and temporal dimensions by performing 3D convolutions, thereby

capturing the spatial as well as motion information encoded in multiple adjacent frames
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of the video. [167] introduced a C3D network for human action recognition. To analyze

a series of short video clips and average the network’s responses for all clips, Tran et

al. [168] employed a 3D-CNN to learn the spatio-temporal features from sliced video clips

and then fuse these features to make the final classification. [169] used a temporal segment

network that works on video-segments called snippets for spatio-temporal evaluation in

action recognition. 3D-CNN (C3D) is quite effective which can extract both spatial as

well as temporal information in less expense of both data and processing computation

compared to RNN/LSTM [170,181].

• Two-stream model: Ciregan et al. [162] has shown that the use of multi-column deep

CNNs with multiple parallel networks can improve recognition rates of single networks

by 30-80% for various image classification tasks. Similarly, for large scale video classi-

fication, Karpathy et al. [163] have shown the best results on combining CNNs trained

with two separate streams of the original and spatially cropped video frames. Simonyan

and Zisserman [159] proposed separate CNNs for the spatial and temporal streams that

are late-fused and that explicitly use optical flow in the context of action recognition.

To recognize sign language gestures, Neverova et al. [164] employed CNNs to combine

color and depth data from hand regions and upper-body skeletons. Two stream model

with two C3D layers that takes RGB and optical flow computed from the RGB stream

as inputs were used by [170] for action recognition. [171] used a hidden two-stream CNN

model which takes only raw video frames as input and directly predicts action classes

without explicitly computing optical flow. Here the network predicts the motion infor-

mation from consecutive frames through a temporal stream CNN that makes the network

10× faster [171], without computing optical flow which is time-consuming.

• Long-term video prediction–RNN/LSTM/GRU: CNN can exploit limited local

temporal information, and hence, the researchers have moved towards RNN, which can

process temporal data using recurrent connections in hidden layers [172]. However, the

main drawback of RNN is its short-term memory, which is insufficient for real-life tempo-

ral variations in gestures. To solve this problem, long short-term memory (LSTM) [174]

was proposed which can tackle longer-range temporal variations. Gestures or actions, in

a video sequence, can be considered as a sequential temporal evaluation of body/body-
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part in a space-time representation. So, 3D-CNN/RNN/LSTM is the network generally

applied in action/gesture recognition. In addition to 3D-CNNs, recurrent neural net-

works have also been applied for dynamic hand gesture classification [165, 173]. [166]

has extracted hand trajectory and hand posture features from RGB-D data and then

a two-stream recurrent neural network (2S-RNN) is used to fuse multi-modal features.

The spatio-temporal graphs are well known for modelling of a spatio-temporal struc-

ture. Hence, a combination of high-level spatio-temporal graphs and RNN can also be

used to solve the spatio-temporal modelling problem of RNN [182]. The long short-

term memory problem and vanishing/exploding problem of RNN can be handled to some

extent by adding ‘gates’ in LSTM. Hence LSTM-based deep networks can be used for

efficient modelling of dynamic gestures [175–177]. However, in RNN/LSTM, the problem

of vanishing/expanding gradient is much acute compared to CNN and they become more

data-hungry. Gated recurrent units (GRU) are simplified LSTM units with adaptive gate

parameters with fewer parameters which makes the training process faster. [183] proposed

a skeleton-based dynamic hand gesture recognition method that divides geometric features

into multiple parts and uses a gated recurrent unit-recurrent neural network (GRU-RNN)

for each feature part. Because each divided feature part has fewer dimensions than an

entire feature, the number of hidden units required for optimization is reduced. As a

result, the scheme achieved competitive recognition performance with fewer parameters.

So, in a nutshell, deep learning techniques can give outstanding performance in both feature

extraction and recognition owing to their built-in feature learning capability. The effective and

efficient algorithms of deep networks are capable of solving complex optimization tasks.

2.2 Summary and Scope for Present Work

In this chapter, a brief review is presented addressing different approaches for vision-based

hand gesture recognition. The literature shows that the accuracy of gesture recognition depends

on the different stages of the system. And, recognition rate falls significantly in the presence

of background noise, variations in illumination and shadows, presence of skin-like colors in the

background, occlusion, complex background and varied shape and size of the hand. A particular
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method may not be able to compensate for all the different variabilities present in the gesture

recognition system.

Handling the problem of illumination variations requires methods like illumination suppres-

sion techniques. So, we would like to propose a skin segmentation method with an illumination

compensation technique in different color-spaces. Again, occlusion handling itself is a vast

research topic in this field. We would like to address such situations of occlusion or blurring

incorporating some additional measures. The performance of a gesture recognition system de-

pends on the accuracy of a particular module used in each step. We would also try to upgrade

it if the used scheme/step has any shortcomings in achieving our goal.

Another target is to propose such a model which is invariant to the shape and size of

the hand in recognition of a gesture. In achieving these motives, our primary target will be

to represent a gesture by extracting the motion information confined in the trajectory of a

dynamic gesture. Moreover, it is seen that the use of different streams with informative input

data helps to increase the performance in the recognition accuracy. So, in this part, we will try

to fuse different input information to propose a fusion framework.

Lastly, we would also like to explore some deep learning method that is applicable to both

static and dynamic hand gestures. Popular deep learning methods like convolutional neural

networks (CNN) have demonstrated competitive performance in both image representation as

well as classification. Recently, attention mechanisms are widely used in computer vision to

extract better visual features. So, our main goal is to combine these two for hand gesture

recognition.
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3
Hand Detection by Two-Level

Segmentation with Double-Tracking and
Gesture Recognition using Deep-Features

Vision-based hand gesture recognition involves a visual analysis of handshape, position and/or

movement. Most of the previous approaches require complex gesture representation as well as

the selection of robust features for proper gesture recognition. To eliminate this problem, a

simple model-based framework has been presented here using a deep network for hand gesture

recognition. The model is fed with ‘hand-trajectory-based-contour-images’. These images repre-

sent the motion trajectory of the hand for isolated trajectory gestures obtained via pre-processing

steps - a two-level segmentation process and a double-tracking system. Deep features extracted

from these images are used for estimating the hand gestures. Conventional machine learning

methods involve tedious feature engineering schemes, while deep learning approaches can learn

image features hierarchically from local to global with multiple layers of abstraction from a vast

number of raw sample images. The feature learning capability of CNN architecture has been

used here and it has shown outstanding results on three different datasets.
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3.1 Introduction

One contemporary goal in human-computer interface design is to enable effective and en-

gaging interaction. For example, vision-based hand gesture recognition (VGR) systems can

enable contactless interaction in sterile environments such as hospital surgery rooms, or simply

provide engaging controls for entertainment and gaming applications. However, VGR is not as

robust as a standard keyboard and mouse-based interaction. Issues such as sensitivity to size

and speed variations of the gesturing body part, varying luminance conditions in the scene,

a poor performance against complex backgrounds and the reliable detection of the gesturing

phase due to various reasons like blurring or occlusion, etc, have limited the use of hand gestures

as a reliable tool in interface design [51].

Numerous attempts have been taken by various researchers to deal with these inherent

problems in a vision-based hand gesture recognition system. In this process, it is seen that

a classical vision-based hand gesture recognition system usually consists of three main stages:

first, acquisition, detection and pre-processing; second, gesture representation and feature ex-

traction; and finally recognition [51]. Among them, proper segmentation of the hand and robust

and effective feature representation are two major challenges. Accurate segmentation of the

hand from the captured images/videos remains a challenge for many preoccupied constraints

like illumination variations, background complexity, and occlusion due to the articulated shape

of the hand. Here in this work, the major issues that have been tried to address are -

Firstly, to get proper segmentation, the effect of illumination variations has been tried to

minimize as much as possible. Various researchers have shown significant attention towards

skin color information owing to its computational efficiency yet, robustness against rotations,

scaling and partial occlusions. Generally, the chrominance cue information of skin color is

less sensitive to illumination changes as compared to the luminance counterpart. Human skin

color does not scatter randomly in a given color space, but clusters in a minimal region of

a given color space. However, the color representation is not segregated into luminance and

chrominance components in RGB color space, and all the three color components R, G, B are

highly correlated to each other. Due to this reason, HSV and YCbCr color spaces are used in

the skin segmentation process where the luminance component has been dropped, and only the

chrominance component is used. Along with skin-color segmentation, motion information has
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also been used to segment the moving hand through the three-frame differencing method. These

two methods are applied separately on the video frames and finally, the intersected portion is

retained after a double check on the region of interest and the next process is carried out on

this segmented hand region.

Secondly, tracking is done on the segmented region through a particle filter tracker which

has been modified to handle the problem of blurring or occlusion to a great extent. Moreover,

another CAMShift tracker tracks the centroid of each tracked hand region in each frame. In this

way, a double-tracking system gives a single image called hand-trajectory-based-contour-images

that describes the trajectory of the gesture video. These images are used in feature extraction

and recognition.

Lastly, the manual handcrafted features usually demand the user to have some prior knowl-

edge and some preprocessing such as image transformation, etc, for proper recognition by a

classifier. This has motivated the development of learning robust and effective representations

directly from raw data and deep learning provides a plausible way of automatically learning

multiple level features, by using multiple processing layers to learn image representations with

multiple levels of feature abstraction. The recent popular deep learning methods like con-

volutional neural network (CNN) have demonstrated competitive performance in both image

representation as well as classification. This work utilizes CNN to extract robust hand gesture

features that can be used to recognize the hand gestures more precisely.

The main contribution of this work is to present a hand gesture recognition model for

isolated trajectory-based gestures using CNN architecture which is more suitable in spatial and

semantic representation. Especially, in order to enhance the hand gesture representation, a

technique for converting a gesture video into a single image representing the trajectory of the

gesture is introduced in the pre-processing step and we call these images hand-trajectory-based-

contour-images. Here the pre-processing scheme removes the constraint of variable illuminations

inherently present in the original gesture videos. Through a double-tracking framework, the

problem of blurring or occlusion has also been tried to minimize. The experimental results

demonstrate the effectiveness of the model achieved through preprocessing steps that remove

the illumination variations and occlusion problems cooperating in raw data. And, the salient

features learned through CNN have shown improved results for hand gesture recognition.
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3.2 Background and Related Work

3.2.1 Pre-processing - color-based skin segmentation, motion-based

segmentation and tracking

The unique color characteristic of human skin makes color-based skin segmentation very

useful. However, the compactness of the skin colored clusters is not the same for all the color

spaces. Multiple color spaces are investigated in the literature for skin detection. The choice of

color spaces affects the shape of the skin cluster. This eventually affects the detection accuracy.

Most color-based skin segmentation depends on some explicit boundary specification. Boundary

specification for skin color depends on a set of thresholds and conditions which could be either

defined in the same color space, (e.g. RGB) or in a transformed color space, such as YCbCr,

HSV etc.

RGB is the most primitive color space in computer vision. However, in RGB the color

representation is not segregated into luminance and chrominance components, and all the three

color components R, G, B are highly correlated to each other (shown in Fig. 1.7). For example,

changing the luminance component (average of the three colors) also changes the RGB values

of pixels. Therefore, a varying illumination can affect all the RGB elements of a pixel belonging

to a skin patch. This eventually results in a change of location of the skin cluster in the RGB

space.

In skin detection, another type of perceptual color space is HSV. In this color space, color

is represented using three components Hue (H), Saturation (S), and brightness (V ). The

brightness components V is independent of chromatic components H and S. Hence, it can

be dropped to reduce the effect of illumination change on skin color during skin detection.

One of the major advantages of using this color space in skin detection is that a skin color

boundary with respect to H and S can be specified intuitively by a user [184]. One of the

earliest methods of skin detection is proposed by Sobottka and Pitas [70]. They proposed a

skin detection boundary along S and H channels in HSV color space as S ∈ [0.23, 0.68] and

H ∈ [0, 50]. Later, Tsekeridou and Pitas proposed a modification [185] to this method for face

region segmentation in an image watermarking system [186]. The corresponding boundary rule

in the HSV color space is as follows:
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Table 3.1: Most popular examples of color spaces used in skin detection: RGB, YCbCr, HSV [12].

color
space Range of components Restrictions for skin color

RGB R, G, B: [0, 255]
R > 95 ∧G > 40 ∧B > 20 ∧{

max (R,G,B)−min (R,G,B) > 15
}
∧ |R−G| >

15 ∧R > G ∧R > B

YCbCr Y, Cb, Cr: [0, 255] Y > 80 ∧ 77 < Cb < 127 ∧ 133 < Cr < 173

HSV H: [0°, 360°], S, V: [0, 1] 0° < H < 50° ∧ 0.1 < S < 0.68 ∧ 0.35 < V < 1


(0 ≤ H 6 25) ∨ (335 6 H 6 360)

(0 6 S 6 0.6) ∧ (0.4 6 V )
(3.1)

According to Hsu et al. [68], the skin color cluster is more compact in YCbCr than in any

other color space. That means YCbCr has the smallest overlap between the skin and non-skin

data under various illumination conditions. Hsu et al. [68] proposed a boundary rule based on

YCbCr color space. The authors observed that the shape of the skin tone cluster in Cb-Cr

space can be approximated as an elliptical structure where the cluster location depends on

luminance Y . They performed a non-linear modification to Cb and Cr values if Y < 125 or

Y > 188. Subsequently, the skin pixel cluster is modelled as an ellipse in a transformed space

Cb′Cr′. Kukharev and Nowosielski proposed another set of skin detection rules [187] using

RGB and YCbCr color spaces as follows:


(R > G) ∧ (R > B)

{(G > B) ∧ (5R − 12G + 7B > 0)} ∨ {(G < B) ∧ (5R + 7G− 12B > 0)}

{Cr ∈ (135, 180)} ∧ {Cb ∈ (85, 135)} ∧ (Y > 80)

(3.2)

In [188], Shaik et al. compared HSV and YCbCr spaces for skin detection using a boundary-

based method. Table 3.1 represents the range for three popular color spaces used in skin

detection.

Skin segmentation becomes very challenging when the color information is not available or
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when there are multiple skin-colored scenes in the background. Basically, when prior knowl-

edge of the color of the moving object is not available, pixel-level change can provide powerful

motion-based cues for detecting and localizing objects. Various approaches for moving ob-

ject detection using pixel-level change can be background subtraction, inter-frame difference

or three-frame difference. The background subtraction method is extremely sensitive to the

changes in illumination. Moreover, stabilized background detection is always a costly affair

making it vulnerable for long and varied video sequences [82]. Apart from this, the choice of

temporal distance between frames is a tricky question. It depends on the size and speed of the

moving object. Conversely, inter-frame difference methods can easily detect motion but show

poor performance in localizing the object. The three-frame difference approach uses previous,

current and future frames to localize the object in the current frame. Using future frames

introduces a lag in the tracking system, but this lag is acceptable if the object is far away from

the camera or moves slowly relative to the high capture rate of the camera. But three-frame

difference method has some other advantages for which we adopted this method and it will be

discussed in the implementation section.

Tracking of the hand in a gesture video can be very difficult as the movement of the hand

can be very fast and its appearance can change vastly within a few frames. In such cases,

model-based algorithms like mean-shift [84], Kalman filter [85], particle filter [86] are some

of the methods used for tracking. The mean-shift is a purely non-parametric mode-seeking

algorithm that iteratively shifts a data point to the average of data points in its neighbourhood

(similar to clustering). However, tracking often converges to an incorrect object when the object

changes its position very quickly in the two neighbouring frames. Because of this problem, a

conventional mean-shift tracker fails to position a fast-moving object. In [87], a modified version

of mean-shift algorithm has been used to continuously adapt mean-shift (CAMShift) where the

window size is adjusted so as to fit the gesture area reflected by any variation in the distance

between the camera and the hand. Though CAMShift performs well with objects that have a

simple and constant appearance, it is not robust in more complex scenes. The motion model for

the Kalman filter is based on the assumption that the velocity is relatively small when objects

are moving, and therefore, it is modeled by a zero mean and low variance white noise. One

limitation of the Kalman filter is the assumption that the state variables are based on Gaussian

distribution, and thus the Kalman filter will give incorrect estimations of state variables that do

58

TH-2974_156102003



3.2 Background and Related Work

not follow a linear Gaussian environment. The particle filter is generally a better method than

the Kalman filter because it can consider non-linearity and non-Gaussianity. The main idea

of the particle filter is to apply a weighted sample particle set to approximate the probability

distribution, i.e., the required posterior density function is represented by a set of random

samples with associated weights and estimation is done on the basis of these samples and

weights. Both Kalman filter and particle filter have the disadvantage of the requirement of

previous knowledge in modeling the system. Kalman filter or particle filter can be combined

with the mean shift tracker for precise tracking.

Comaniciu et at. [189] proposed a model based on the color histogram for tracking hands.

The color histogram of the hand detected from the video was used initially as the information

for shifting the hand region and track it in the consecutive frames of the video sequences.

The limitation of the system was that it can track the object if the background color has a

different color other than the tracked object. To remove this difficulty, a method was proposed

by Guo et at. which combined two additional information i.e. AdaBoosting and background

removal along with the color information [190]. The limitation of this approach was that the

background model has to be known beforehand and the tracking object should not be included

in the background model. In [191], the CAMShift algorithm was proposed for tracking objects,

but the constraint faced by this algorithm was that it was not able to handle occlusion. Later

Shi and Tomasi [192] used minimum Eigen feature points to track the target object. The

advantage of this model was that it does not depend on the color information. But this tracker

faced difficulty in tracking objects with the long video sequences. This was because the feature

points went on decreasing with consecutive frames of the video may be due to the change in

illumination or shape of the hand or occlusion. KLT tracker was used by Kolsch and Turk [193]

to track the hand. The major problem was that it was not able to track if the target object

suffers from any shape transformations. Asaari et at. [194] incorporated eigenhand with the

adaptive Kalman filter for tracking hand. They proved that their algorithm could be suitable

for challenging environments, but it fails when there are large-scale variations and changes in

poses of the gesturing body part. In [88], authors have detected hand movement using Adaboost

with the histogram of oriented gradient (HOG) method. But this tracking algorithm is very

sensitive to illumination variations.

Here in this work, we have segmented the moving hand through skin segmentation and
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motion-based segmentation through the frame-differencing scheme. The luminance counterpart

in skin segmentation is also suppressed for segmentation under varying illumination conditions.

To minimize some of the prevailing tracking problems like changes in the hand shape or blurring

or occlusion, a double-tracking framework consisting of CAMShift and particle filter has been

adopted. For the measurement model of particle filter, a histogram of oriented gradients (HOG)

has been applied. The details of the implementation are given in the methodology section.

3.2.2 Feature extraction and classification

Vision-based hand gesture recognition for natural human-computer interaction is still an

active research field [10, 56, 97, 98, 124, 195]. A lot of early works prevailed in state-of-the-

art hand gesture recognition that requires prior knowledge for designing hand-crafted features

[56,124,195]. Different spatio-temporal descriptors such as Fourier descriptor (FD) [124], scale-

invariant feature transform (SIFT) [195], histogram of oriented gradients (HOG) [56] are used to

recognize gestures. Different template matching approaches like dynamic time warping (DTW)

[10] and various state-space models like hidden Markov models (HMM) [97] and conditional

random fields (CRF) [98] have been widely used as gesture classifiers. SVM is another famous

gesture recognition classifier [56, 195]. A problem with many of these approaches is that a

large variety of gestures executed by different people is very difficult to match. Hence, robust

classification of gestures under widely varying lighting conditions with complex backgrounds,

and from different subjects is still a challenging problem.

Indifference to hand-crafted features, there is a growing trend towards feature representa-

tions learned by deep neural networks. The main reason for deep learning having an upper hand

over ML is the fact that the issue of “handcrafted features” can be addressed by deep learning.

The feature learning mechanism of deep learning at different levels of representation is fully

automatic, thereby allowing the computational model to implicitly capture intricate structures

embedded in the data. In deep learning, higher-level features are defined in terms of lower-level

features. 2D-CNNs are such a type of deep network that can act directly on raw images i.e.

it can handle 2D images. Whereas 3D-CNN models, also called C3D, act on videos for ac-

tion/gesture recognition. Recently, deep convolutional neural networks have been successful for

both feature extraction and classification in various recognition challenges [8,158–160,162,163].
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Figure 3.1: Block diagram of our proposed hand gesture recognition framework.

In this work, we are using a 2D-CNN model instead of 3D-CNN with a focus on gesture

video recognition. This is because the whole gesture video is converted into a single image called

hand-trajectory-based-contour-image through pre-processing steps. The details are given in the

next section.

3.3 Proposed Hand Gesture Recognition Methodology

This work presents a model for the recognition of isolated hand gestures under constrained

environments like varying illumination, occlusion, or blurring conditions (shown in Fig. 3.1).

This has been one of the substantially challenging tasks in gesture recognition. The main aim

of this work is to build a model that can correctly classify an instance of the test gesture that

actually belongs to one of the pre-defined classes. For this model, the first step is to segment the

hand region effectively followed by tracking the moving hand. From these steps, some images

are generated which basically represent the trajectory of the hand for the whole gesture. Thus

the preprocessing part yields some 2D images called hand-trajectory-based-contour-images from

gesture videos. In the next stage, CNN is chosen as feature extractor due to its inherent ability

to learn features directly from raw images. It generally gives improved recognition performance
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Figure 3.2: Flowchart for hand segmentation using skin segmentation and three-frame differencing.

if there is no over-fitting. In case of over-fitting various approaches like regularization, increase

in training samples through data augmentation, etc, are adopted. But we have adopted another

method which will be explained in the experiment section pertaining to a specific dataset.

3.3.1 Pre-processing

In the pre-processing stage, detection, segmentation and tracking all-together play a crucial

role, because the accuracy of the VGR system depends on it. A gesture in our case is the

motion of the human hand particularly the palm region along with fingers either in folded or

open mode. So basically the palm region is the region of interest (ROI) in our case. A process for

segmenting the hand region using skin color detection and motion-based segmentation followed

by a tracking algorithm is discussed here. Segmentation refers to picking only the palm region

leaving the rest part in each frame and thus creating a binary image. A flowchart for hand
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segmentation is shown in Fig. 3.2. Tracking here refers to locating the palm in each frame. The

task at hand is to effectively build an approach to track the segmented palm and to learn the

temporal evolution of its motion. Temporal evolution is about the trajectory of the ROI for the

entire gesture. Thus, the entire trajectory of a gesture is converted into a single image consisting

of the contour of the gesture trajectory through the simultaneous process of segmentation and

tracking.

3.3.1.1 Skin segmentation

The objective of this stage is to extract the hand region from the image frame. The hand

region is obtained in this stage by the following steps: face detection and removal, change

of color-space for illumination compensation, hand region detection, morphological filtering

and smoothening followed by retrieval of the largest connected area i.e. the hand (shown in

Fig. 3.3). Identifying the range of skin color of the person in the image frame is a problem as

the pixel intensities are subjected to change in illumination. Variation in size and color among

people also poses a problem. Moreover, human skin color does not fall randomly in a given

color space but clustered at a small area in the color space [68]. So, the color needs to be

represented in a color space where the skin class is most compact in order to be able to tightly

model the skin class. The RGB color-space is not perceptually uniform, which means distances

in the space do not linearly correspond to human perception. In addition, RGB color space

does not separate luminance and chrominance, and the R, G, and B components are highly

correlated. The luminance of a given RGB pixel is a linear combination of the R, G, and B

values. Therefore, changing the luminance of a given skin patch affects all the R, G, and B

components.

To tackle the illumination variations problem, RGB images are transformed into HSV and

YCbCr color spaces. HSV and YCbCr are two color spaces that separate the chrominance ([H

S] or [Cb Cr]) and luminance (V or Y) components [71]. One of the major advantages of using

these color spaces in skin detection is that a skin color boundary can be specified intuitively by

a user. The HSV based detection is well suited for images with uniform background. In the case

of YCbCr color space, transformation and efficient separation of color and intensity information

is easy as compared to HSV. The skin color cluster shows more compactness in YCbCr space

as compared to other spaces [68]. Moreover in YCbCr space, skin and non-skin colors show
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Figure 3.3: Hand segmentation steps: (I) Processing steps and (II) Corresponding outputs where (a)
Face detection and removal, (b) RGB to HSV and YCbCr, (c) Extraction of skin, (d) Logical ‘AND’,
(e) Erosion and dilation, and (f) Smoothening and retrieval of the largest connected area.

minimum overlap under different illumination conditions. So YCbCr color space works for the

complex color images with uneven illumination. Here, both the color-spaces are used with an

adjustable range to suit the color space of the person for segmentation in effective and efficient

way. The output images in each steps of segmentation process is shown in Fig. 3.3. First, the

face region in the frame is removed by using an inbuilt Viola-Jones [196] face detection algorithm

(using haar cascade filter). After removing the face region, the RGB image is converted to HSV

and YCbCr images, and sub-sequently thresholding is done to the chrominance components of

both HSV and YCbCr color spaces. The threshold is determined by computing histogram of all

the components. By ignoring the luminance channel, the variation in background illumination

factor can be reduced, and thus making it suitable to be used for skin color segmentation.

A logical ‘AND’ operation is performed between the images to obtain the skin likely region.

After getting the skin color segmented regions, two approaches are tried to get the ROI: in

first approach, morphological operations like erosions and dilations of convex hull technique are

performed on the segmented region. Erosion first deletes the small white spots in the image
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Figure 3.4: Flowchart of three-frame difference method with corresponding outputs for motion-based
segmentation of the hand.

followed by dilation which fills the gaps. The largest connected segment obtained corresponds

to the palm region of the hand; and in second approach a median filter is used to remove the

salt and pepper noise. The median filter replaces each pixel in the image with the median

value from the square neighbourhood. To remove Gaussian noise from the input image, a two

dimensional Gaussian filter is used. Then the resulting image is binary thresholded using Otsu

thresholding [197] where ROI is assigned white color. After the contours are obtained from the

previous step, the region with maximum connected area is chosen as the palm region.

3.3.1.2 Motion-based segmentation

Assuming the background is static, the frame difference method is one of the easiest ways

to detect moving objects in a frame. However, the frame difference algorithm suffers from

some limitations like – the occurrence of ghost foreground regions and foreground apertures.
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Ghost foreground regions occur due to the motion of the objects. During frame differencing, an

ambiguity may occur between real foreground regions and ghost foreground regions. The other

drawback of frame difference is the occurrence of foreground object aperture (FOA). FOA occurs

if the object is texture-less and/or the intensity gradient of the image is significantly less. The

probability of occurrence of FOA is significantly high in the case of moving skin regions as they

have less texture and intensity gradient. In order to avoid the occurrence of ghost foreground

regions, Kameda and Michihiko [83] proposed a ‘double-difference of frame’ (DDF) or three-

frame difference method. In this method, three frames at time t−2, t−1, and t are selected. The

DDF method performs a logical ‘AND’ operation over thresholded difference frames between

frames at t − 2 and t − 1, and frames at t − 1 and t. The DDF algorithm produces a narrow

region for a moving object if the object has less texture and/or intensity gradient. The use of

morphological operations can reduce FOA in a difference frame. A dilation along the direction of

motion of an object can reduce FOA with the inclusion of ghost foreground regions. Motivated

by this fact, a morphological enhancement-based three-frame difference method is proposed

to detect moving hand regions (shown in Fig. 3.4). In our proposed method, morphological

dilation is applied to each of the thresholded difference frames. In order to reduce inclusion of

background regions in foreground regions of a thresholded difference frame, dilation should be

performed in the direction of motion of the foreground objects. However, in case of articulated

objects like hands, foreground motion could be complex. We approximate complex movements

as a combination of motions in four directions – 0◦, 45◦, 90◦, 135◦ with respect to the horizontal

direction. Directional opening can be used to select a region in a particular direction. After

directional opening, a dilation in the perpendicular direction of the opening process grows a

region in the direction of its motion. Finally, a logical ‘OR’ operation is performed on the two

morphologically enhanced thresholded difference frames to obtain a moving hand mask. The

logical ‘OR’ operation helps in including more moving skin regions between the consecutive

frames.

3.3.1.3 Tracking of the hand using a double-tracking system

The next step is to track the hand after successful hand detection through the segmentation

process. Existing tracking algorithms suffer from various flaws and therefore there is a need to

develop an algorithm that overcomes some of the existing constraints like changing the shape
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Algorithm 1: Proposed double-tracking algorithm
Data: Read the initial video frame along with the segmented hand region
Output:Hand-trajectory-based-contour-images
Initialize: Initialize the particle filter tracker according to the HOG features of the segmented region and
Set: Set optimum number of particles (Thr) of the particle filter to represent the hand region
Initialize: Initialize N particles of the particle filter with associated weight 1/N in the segmented area
Loop:
if N ≥ Thr then

• Change the detected area according to the segmented hand position

• Apply CAMShift algorithm to find and save the centroid of the detected area

else

• Double the searching window

• Do segmentation through skin and motion segmentation after the hand detection

• Detect the new region-of-interest and find HOG features

• Initialize the particle filter according to the new HOG features and insert N particles

• Count the number of particles

• Go to Loop till the end of the video frames

end

of the hand, a fixed searching window for the target hand, occlusion or blurring of the hand

while tracking, etc.

In traditional tracking algorithms like CAMShift or particle filter, the initial tracking region

needs to be selected manually. But to make a robust system, automatic selection of tracking

regions is necessary. In this proposed system, initialization of the first tracking window has been

made automatic by considering the detected hand as the initial tracking window. Detection

should be proper to set the tracking window properly as the initial tracker will decide the

accuracy of the complete trajectory of the gesture video. After the initialization of the tracking

region, a proper selection of features is essential. Here we are using a particle filter for tracking

purposes along with a histogram of oriented gradients (HOG) features as a measurement model.

As the video progresses, detected particles of particle filter may start decreasing and a time

comes when tracking is lost due to the loss of all particles. This is due to the change in hand

shape or occlusions or blurring of the target hand. To reduce these challenges, a modified system

is defined using the re-detection of the hand according to the newly defined area. So, detection

is performed again to eliminate the issues of tracking as soon as the number of observable

particles decreases. Until detection, the searching area is doubled so as to enclose a greater

67

TH-2974_156102003



3. Hand Detection by Two-Level Segmentation with Double-Tracking and Gesture
Recognition using Deep-Features

area to find the occluded hand portion through the visible particles and then skin filtering and

three-frame differencing are done. Logical ‘AND’ operation is performed between the skin-

segmented and three-frame differenced images to get the target hand. Then new particles are

generated according to the HOG features of the newly identified region-of-interest and particles

are inserted again. If the number of visible particles is greater than a threshold, then the

particle filter tracker is run again, and the whole process continues till the end of all the video

frames. To form the gesture trajectory, centroids of the detected hand regions are calculated

and marked each time through CAMShift tracker and then the trajectory is generated by joining

the smoothed centroids.

(i) Modified particle filter framework: During the gesture trajectory, the captured video

sequences may suffer from blurring and/or occlusion. In such a scenario, tracking an

object becomes very difficult. Detection of such events during trajectory is very crucial

in gesture recognition. Whenever the particles lose the target, they gradually increase

their search area until they find the target again. To control such types of scenes of

occlusions or blurring, an uncertainty factor is introduced to increase the search space of

the particles of the particle filter tracker. This part of the work is motivated by works

like [6] and [198]. Cumulative measure by all the particles in the particle filter is taken for

each frame of the gesture video sequence and mutual entropy is proposed as a measure.

Mutual particle entropy, H is given by:

H =
N∑
i=1

wiklog(wik) (3.3)

where, wk is the weight of particle at kth instant. When the particles converge to the

target, mutual entropy tends to decrease, and it increases when the particles lose the

target either because of occlusion or blurring. Thus, an uncertainty factor is introduced,

which is related to mutual entropy given by:

E = 1− e−Hγ

(3.4)

where, γ is a constant laying in between 0 and 1, H is the mutual particle entropy. The

purpose of this function is to keep the value of the uncertainty factor close to 0 when
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(a) (b)

Figure 3.5: Figure showing hand region detected through HOG-based particle filter and sample of
HOG features for different subjects.

entropy is low and close to 1 when entropy is high thus scaling the measurement noise

accordingly.

• Particle update: For a particle filter framework the state update equation is given

by:

−→
X k =

−→
X k−1 + k

−→
N (3.5)

where,
−→
N represents the measurement of noise and k is a scaling constant. In this

work, the modified framework has the state update equation given by:

−→
X k =

−→
X k−1 + E

−→
N (3.6)

where, E = 1− e−Hγ . Thus, for a very confident measurement, the noise gets scaled

down to a low value, and the search space becomes small and vice versa.

• Measurement model: The weight assigned to each particle depends on the closeness

to the neighborhood target features. If the measurement is closer to the target, then

higher weights will be given to the particles. These weights give the probability of the

presence of the target in the neighborhood of each particle. Different measurement

models have been proposed in the literature. In this work, histograms of oriented
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gradients (HOG) features are generated from the segmented hand portion for each

frame and used for measurement. HOG basically returns the counts of occurrences

of the gradient orientation in localized portions of an image. This portion is called a

cell. The cells representing the HOG features are shown in Fig. 3.5. This represents

the image-oriented gradients and it is different for the hands of different persons

due to varied shapes and sizes. Even the HOG features change along the trajectory

of the gesture due to the variation in shape and size of the moving hand. By this

measurement model, we try to represent the hand model along the gesture trajectory.

The weights assigned to the particles in each frame in the neighborhood of the hand

regions are higher than the weights of the particles associated with the non-region-

of-interest.

• Occlusion handling: When occlusion is detected with the use of uncertainty measure,

a forward prediction filter is activated. It predicts the next state as a combination

of a few previous states. The details of the method can be found in the paper

[6]. Gang Yu et al. [7] suggested object tracking in case of occlusion by using an

incremental principle component analysis (PCA)-based method. In our work, the

traditional particle filter has been modified to handle the problem of occlusion or

blurring scenes in the video. But the gesture databases used in this work have only

illumination variations and complex background (sown in Fig. 3.13), but no such

cases of occlusion. So, to get an idea of the effectiveness of our proposed method, we

tested our method on one of the databases used by Ref [7] which is a classic PCA-

based method. Fig. 3.6 shows the effectiveness of the proposed method compared

to other methods like the incremental PCA-based approach.

• Re-sampling of particles: This is the final step in every iteration of the particle

filter algorithm. Here, N particles are randomly picked from the existing particle

set according to the updated weights. Thus the particles with lower weights will be

less picked and will finally die out. Whereas the particles with higher weights will

be picked more than once and another set of N particles will be chosen from the

existing particles.

(ii) CAMShift algorithm: The CAMShift algorithm uses a color histogram of the moving
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Figure 3.6: Tracking results using the proposed method (first row) [6] and PCA-based method (second
row) [7].

target as target mode and is thus known as the target tracking algorithm. CAMShift

algorithm when used as a mean shift algorithm has advantages like simplicity and fast

speed to process and converge. The window size of this algorithm is constant so that the

object location cannot be exactly detected when the size of the object changes and hence

tracking loses the path sometimes. Moreover, it also loses its path when there is some

skin-colored object that causes occlusion. To mitigate these problems, we have to go for

a double-tracker system. As explained above, the particle filter tracker is used to keep

track of the segmented hand region frame after frame according to the hand shape defined

by HOG features. And, CAMShift is used to capture the trajectory of the centroid of

the palm in the sequence of frames in the input gesture video to generate the gesture

trajectory. The centroid is calculated from the first-order moments of the pixels (white)

of the maximum connected area obtained from the previous steps. The end of the gesture

is detected by the absence of a connected area greater than the threshold.

The CAMShift algorithm with related equations [98] are given below.

• Computation of 0th and 1st moment: The 0th and the 1st order moments are defined

as:

M00 = ΣΣI(x, y), M10 = ΣΣxI(x, y), M01 = ΣΣyI(x, y) (3.7)

In the above equations, I(x,y) is the pixel value at the position (x,y) in the image.
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• Compute the new center of feature: As the image is binary, the centroid of the hand

in a frame is also the centroid of the total frame which is given by:

xc =
M10

M00

and yc =
M01

M00

(3.8)

(iii) Smoothening of the obtained gesture trajectory: The gesture trajectory is traced

out by joining all the calculated centroids in a sequential manner. The trajectory obtained

by joining the centroid points could be noisy due to various reasons. Some common

reasons are - the points being too close, varying the hand shape/orientation could lead

to isolated points far from the trajectory, some unintentional movements and trembling

of hand etc. The final gesture trajectory is obtained by a technique of considering an

average of the mean values of three successive video frames which reduces various noises

to a great extent.

(x̂t, ŷt) =

(
xt−1 + xt + xt+1

3
,
yt−1 + yt + yt+1

3

)
(3.9)

Thus, a dynamic hand gesture (DG) can be interpreted as a set of points joined together

in a spatio-temporal space (Fig. 3.7):

DG = {(x̂1, ŷ1), (x̂2, ŷ2), · · · · · · , (x̂t, ŷt)} (3.10)

Figure 3.7: Tracking gesture for English alphabet ‘O’.
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3.3.2 CNN Network Architecture and Training

A convolutional neural network (CNN) architecture is used for feature extraction and gesture

recognition on the segmented and tracked images obtained in the image processing section. A

simple custom structure with two convolution layers and two fully-connected layers is chosen

here since more complex networks with more layers can become overfitting and they try to

memorize a particular work making it less generic. For training purposes, we have used EMNIST

(letters) dataset [199] as our training dataset. And, for testing, we have used three databases.

The details of network architecture and training are given below.

3.3.2.1 Network Architecture

The CNN architecture used for this work is shown in Fig.(3.8). The first layer of the net-

work is a convolutional layer. The design of this layer comprises 32 filters, with a kernel size

of 5 × 5 each. The activation function used is Rectified Linear Units (ReLU) which gener-

ally outperforms sigmoid and tangent in speed for training without any tradeoff for accuracy.

ReLU activation introduces non-linearities and offers less saturation. Efficient gradient back-

propagation can be achieved by ReLU along with momentum [163]. After that, we use a

max-pooling layer. A 2× 2 box non-overlapping max pooling with stride 2 in both horizontal

and vertical directions is applied. The next layer is again a convolution layer which consists of

64 filters, each with the size of 7 × 7 and ReLU activation function. The output of this step

undergoes 2× 2 box max-pooling. The weight of all the filters of these convolution layers gets

updated during the training phase. The output feature maps can be seen to contain a few

evident features from input as training proceeds. To avoid overfitting while learning, there is

a dropout layer. The parameter for this layer is set to 0.4 which means the layer randomly

excludes 40% of neurons (and weights associated with it) in the layer. It is configured to speed

up the training process and reduce over-fitting. The 2D matrix data is converted to a column

vector (one dimensional) in order to be processed by fully connected dense layers. A fully

connected layer with 1024 neurons and ReLU activation function process the result from the

previous step. A softmax activation function is used on the output fully connected layer to

turn the outputs into probability-like values. These values are used for prediction.
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Figure 3.8: CNN architecture for hand gesture recognition (inspired by LeNet [8]) CONV: Convolu-
tional, FC: Fully connected.

3.3.2.2 Training

As already mentioned, the EMNIST dataset (letters) has been used as our training dataset.

Here categorical cross-entropy (logarithmic) loss function is used as a cost function and stochas-

tic gradient descent (SGD) with momentum is used as an optimization technique for conver-

gence of the model. Momentum in gradient descent is a method in which some fraction from

the previous update is added to the current update to compound the effect of repeated updates

in a particular direction. As a result, the descent in the desired direction is faster. The learning

rate of the model is slowed down with an increase in the number of epochs in order to allow

the model to converge more accurately. With a deeper network, there is a problem of loss in

training and testing. This is not because of overfitting, but due to the slow learning of a deep

network. So, generally, the learning rate is varied in different steps to get rid of this. The choice

of learning rate is 0.01 if the epoch count is less than 25 and is reduced to 0.001 for epoch count

up to 50. To further promote slow learning, values of 1e−4 and 1e−5 are used, till 75 and 100

epochs respectively.

3.4 Experimental Results

3.4.1 Databases and Experimental Set-up

The performance of the model has been tested on two publicly available datasets and our

own in-house dataset. The publicly available datasets are: EMNIST (letters) dataset [199] and
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NITS hand gesture database (with no variation in gesticulation speed or pattern) [9]. Our

in-house dataset is a limited dataset of English upper case letters and numerals 0-9 mimicking

the structure of the EMNIST dataset. The dataset is created with the help of three subjects

and the background is kept simple. In this experimentation, datasets that define the same

classes which are upper case letters of the English alphabet are used. So, the same model that

has been trained using EMNIST (letters) training dataset, is used for testing which reduces

the burden of training requirements again and again. For testing purposes, EMNIST (letters)

test images and the images obtained (through the process explained in the image processing

section) from NITS hand gesture database and our own video dataset are used and the results

are discussed in the next subsections. So, in a nutshell, our goal is to recognize the images of

the English upper case alphabets that have been obtained from the three different databases.

All experiments are performed in a workstation with Intel® CoreTMi5-4570 CPU at 3.2 GHz

and 8 GB in RAM without any GPU usage.

3.4.2 Results using EMNIST (letters) dataset

The EMNIST (Extended MNIST) [199] dataset is a set of handwritten character/digits

derived from the NIST (National Institute of Standards and Technology) [8] database con-

verted to a 28×28-pixel image format and dataset structure that directly matches the MNIST

(Modified NIST) [8] dataset. The MNIST database is a large database of handwritten digits

that is commonly used for training and testing various image processing and machine learning

systems. The MNIST database of handwritten digits has a training set of 60,000 examples and

a test set of 10,000 examples. It is a subset of a larger set available from NIST. The digits have

been size-normalized to 28×28 and centered in a fixed-size image. The MNIST dataset was

extended including handwritten letters by the name EMNIST which was published in 2017. It

contains 2,40,000 training images and 40,000 testing images of handwritten digits and 1,24,800

and 20,800 handwritten images for training and testing respectively for letters. There are six

different splits provided in this dataset and each is provided in two formats: binary and CSV

(combined labels and images). The description of six categories of the EMNIST dataset is given

in Table 3.2.

EMNIST (letters) contains 1,45,600 characters of 26 balanced classes (shown in Fig. 3.9a
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Table 3.2: Categories of EMNIST dataset [13]

Categories Classes Training Testing Valid. Total
By class 62 unbal1 697,932 116,323 No 814,255
By merge 47 unbal 697,932 116,323 No 814,255
Balanced 47 bal2 112,800 18,800 Yes 131,600
Digits 10 bal 240,000 40,000 Yes 280,000
Letters 26 bal 124,800 20,800 Yes 145,600
MNIST 10 bal 60,000 10,000 Yes 70,000

1unbal = unbalanced ; 2bal = balanced

(a) (b)

Figure 3.9: (a) Different variants of ‘B’ and ‘b’ from EMNIST (letters) dataset, (b) One particular
sample of ‘A’ from EMNIST (letters) dataset.

and Fig. 3.9b). Our model is trained on 1,24,800 samples and tested on 20,800 samples (800

test samples per class). The accuracy and loss obtained during training and testing phases are

listed in Table 3.3.
The training and testing categorical cross-entropy losses and accuracies as a function of a

number of epochs are shown in Fig. 3.10 and Fig. 3.11 respectively.

The comparison among state-of-the-art results for all variants of the EMNIST dataset with

our result on the portion of the letters of the EMNIST dataset is given in Table 3.4. [13] has

obtained a better result compared to our method. There are two reasons for this improvement:

First, the incorporation of Markov random field (MRF) based filter banks along with DCT

and Gabor filters as prefixed convolutional operators to derive the feature maps. By combining

Markov random field models, to extract salient information from the raw data, along with

the convolutional neural networks, to implicitly learn high-level features, it has combined the
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Table 3.3: Results on the training and testing set of EMNIST (letters) dataset

Parameters Epoch 1 Epoch 20 Epoch 50 Epoch 100
Learning Rate 0.01 0.01 0.0001 0.0001
Training Loss 0.9451 0.0965 0.0464 0.0454
Training Acc. 0.7556 0.9628 0.9819 0.9825
Testing Loss 0.3071 0.2461 0.2809 0.2836
Testing Acc. 0.8999 0.9338 0.9354 0.9360
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Figure 3.10: Training and testing loss as a function of number of epochs for EMNIST (letters)
dataset.
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Figure 3.11: Training and testing accuracy as a function of number of epochs for EMNIST (letters)
dataset.

respective strengths of MRFs and CNNs to bring the expressive power of a deep architecture.

Another major difference is that [13] has used a deeper convolutional layer structure compared

to our two-convolutional layer model. Our model has been kept simple so that it can also be

applied in resource constraint environments without the use of GPUs. This comparison is shown

here to make it clear that though our model is not state-of-the-art, still it is good enough to

carry out our recognition procedure on the hand-trajectory-based-contour-images derived from
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Figure 3.12: Gesture set of NITS hand gesture database [9].

real gesture databases. Due to the limited number of data samples in the gesture databases,

the model is trained with the EMNIST image dataset and it is saved in the hdf5 format to be

used directly in the recognition system. Here data augmentation and transfer learning type

approaches are not adopted due to limited sample size in the real gesture databases and are

used only for testing.

Table 3.4: Comparison of error rate (%) with state-of-the-art methods on EMNIST dataset

EMNIST
dataset

Linera
classi-
fier [199]

OPIUM
classi-
fier [199]

MRF-
CNN [13]

Our
method

Balanced 49.17 21.98 9.71 –
By class 48.19 30.29 12.33 –
By merge 49.49 27.43 9.06 –
Letters 44.22 14.85 4.56 6.40
Digits 15.30 4.10 0.25 –
MNIST 14.89 3.78 0.33 –

3.4.3 Results using NITS hand gesture database

NITS hand gesture database [9] is developed by the Speech and Image Processing Lab of

NIT, Silchar, India in seven different categories with different variations in pattern and speed.

Here, the database I have been used as it resembles our training dataset. The database consists

of 40 gestures, which are alphabets (A-Z), numbers (0-9) and mathematical operators (+, -, /,

*) (Fig. 3.12). Out of all these, we have used the alphabet gestures for testing purposes. The
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(a) (b) (c)

Figure 3.13: Screenshots from NITS hand gesture database showing varying illumination conditions.

Figure 3.14: A snapshot of the gesture recognition system that has been used for user interface.

database is recorded in different sessions with multiple participants. Gestures are captured in

an uncontrolled environment with both simple and complex backgrounds, and under varying

illumination conditions (shown in Fig. (3.13)). However, color cues show variations in the skin

color in different lighting conditions, and also skin color changes with the change in human

tribes, leading to many segmentation issues and also create restrictions due to the presence of

skin-colored objects in the background. To overcome the disadvantage of skin color detection,

participants of the dataset have used markers on hand or fingers in the dataset which enhances

segmentation accuracy leading to better performance.

In Fig. 3.14, a snapshot of the gesture recognition system has been shown that is used as

a handy user interface in the experimentation. Our model has been able to recognize most of

the English alphabet gestures (shown in Fig. 3.15). However, there are a few gesture examples

where the CNN classifier has misclassified as shown in Fig. 3.16. The model predicts the testing
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(a) (b)

(c) (d)

Figure 3.15: Correct predictions of different test samples: (a) ‘F’, (b) ‘J’, (c) ‘Q’, (d) ‘Y’.

(a) (b) (c)

Figure 3.16: False Classifications: (a) Prediction of test sample ‘A’ as ‘K’ due to its resemblance in
training samples of EMNIST (letters) dataset, (b) Prediction of test sample ‘I’ as ‘J’, (c) Prediction of
test sample ‘T’ as ‘I’.
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samples ‘A’ as ‘K’ shown in Fig. 3.16a. This is due to the structural difference of the testing

sample ‘A’ with the training one as shown in Fig. 3.12 and Fig. 3.9b. The same is the case with

gestures ‘I’ and ‘T’ where the system has not been able to predict correctly mainly due to the

similarity of the gesturing alphabets with some other training examples (Refer Fig. 3.16b and

Fig. 3.16c). It is also seen that there is some minor structural difference in the test samples of

‘E’, ‘F’, ‘H’ and ‘X’ compared to training samples, still, our model has been able to recognize

them correctly (shown in Fig. 3.15a). So, in this way, our prediction accuracy of the whole

system with CNN, both as feature extractor and classifier, stands at 93.02% due to the above-

mentioned misclassifications.

One easy way of increasing the accuracy performance by removing such type of ambiguity

is the addition of different variants of the misclassified test samples in the training set. In the

case of a limited database, an increase in training samples through data augmentation can be a

very good option that basically diversifies the training process. However, in our case, the model

has been trained on the EMNIST dataset. And, the saved trained model has been used in the

recognition system to test some other gesture databases like the NITS gesture dataset and

our in-house dataset. Though the training-testing accuracy curves on the EMNIST dataset

suggest that the model is not overfitting, but through the experimentation, it is quite clear

that it has tried to memorize only the particular training samples making it less generic. To

overcome this problem, we have used the CNN structure only for feature extraction purposes

and used a support vector machine (SVM) classifier for the recognition task. It is expected

that this hybrid CNN–SVM model will show better performance compared to each individual

classifier based on the fact that the hybrid system compensates the limits of individual classifiers

by incorporating the merits of both classifiers. Since the hypothetical learning technique for

CNN is equivalent to that for the MLP, so CNN is just an extension model of the MLP. The

learning calculation of MLP depends on the Empirical Risk Minimization, which endeavours

to limit the errors in the training set. At the point when the first isolating hyperplane is

found by the back-propagation calculation, regardless of whether it is the local or the global

minima, the training process stops and the calculation doesn’t keep on further developing

the isolating hyperplane arrangement. Thus, the speculation capacity of MLP is lower than

that of SVM. Then again, the SVM classifier tries to minimize the generalization error on the

concealed information with a fixed distribution on the training set, by utilizing the Structural
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Risk Minimization standard. Here the isolating hyperplane is a global ideal arrangement. It

is determined by tackling the quadratic programming problem, and the margin between the

two classes of training samples attains its maximum. Subsequently, the generalization ability

of SVM is maximized to improve the performance. Through this process, we have been able

to increase the recognition accuracy to a great extent and achieved satisfactory performances

compared to the state-of-the-art methods. This is explained in the next section.

3.4.3.1 Classification using SVM

An SVM is a supervised classifier for both linearly separable and linearly nonseparable

data [200]. In a linearly nonseparable case, the input data is mapped to some higher dimensional

space, where the data can be separated linearly. To do so, a non-linear mapping is done through

kernels. This mapping from lower to higher dimensional spaces makes the classification of the

input data simpler and more accurate. There are many kernels used for this operation and we

have chosen different SVM kernel functions such as linear, polynomial (quadratic), Gaussian and

radial basis function (RBF) to compare the performance measure. For linear and polynomial

auto kernel scale and for Gaussian and RBF, 0.79 and 1 are used as kernel scale and their

accuracy performance is shown in Table 3.5. The same is shown in graph form in Fig. 3.17.

In a CNN architecture, the convolutional layers extract the features and the fully connected

layers are responsible for recognition. The feature vector of dimension 2048 extracted from the

output of the second fully-connected layer of the CNN structure is given as input to the SVM

recognition classifier after L2 normalization. It can be observed that SVM with RBF kernel

provides the highest accuracy of 99.09% for the alphabet gestures and hence, we have chosen

RBF kernel in the final model. The RBF kernel on two samples xi and xj, represented as a

feature vector in some input space, is given by -

K(xi, xj) = exp

(
−

(
∥∥xi − xj∥∥)2

2σ2

)
, σ > 0 (3.11)

which can be written as -

K(xi, xj) = exp(−β
∥∥xi − xj∥∥2), β > 0 (3.12)

β is a parameter of a Gaussian RBF kernel to handle non-linear classification. In the
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Table 3.5: Results (accuracy in %) with different SVM kernels

SVM Kernel Function Kernel Scale Classification
Accuracy (%)

Linear KF auto 95.93%
Quadratic KF auto 97.67%
Gaussian KF 0.79 97.13%
RBF KF 1 99.09%

Figure 3.17: Graph showing accuracy of SVM classifier with different kernels.

experiments, we have used σ = 0.7 or β = 1 as the basis for trial and error. C is another

parameter for the soft margin cost function, which controls the influence of each individual

support-vectors. A large C gives low bias and high variance, whereas a small C gives higher

bias and lower variance. So, this process involves trading error penalties for stability. The

RBF function is straightforward that can achieve nonlinear mapping, and uses relatively few

parameters. In our experiment, we have used a non-linear support vector machine (SVM) with

a Gaussian radial basis function kernel with C as a parameter with values 1 and 10. The kernel

trick is a strength of SVM. The risk of overfitting is less in SVM and has good generalization.

There are basically two methods to use SVM for a multiclass problem [136]. The first approach

is called “one-versus-one” (OVO) that constructs one classifier per pair of classes and combines

binary classifiers in a way to form a multi-class classifier by selecting the most voted class. So,
N(N − 1)/2 binary SVM classifiers are needed, each of them is trained on the samples of the two
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corresponding classes. The second method is called “one-versus-all” (OVA) and it considers all

the classes of data in one optimization problem. In fact, for each classifier, the considered class

is fitted against all the other classes, so for N number of classes, N SVM classifiers are required.

In this work, we have used support vector machines (SVMs) that implement a one-versus-all

(OVA) multiclass approach.

3.4.3.2 Comparison with state-of-the-art methods

A comparison among state-of-the-art results for the NITS hand gesture database with our

result is given in Table 3.6. In [201], bare hand English alphabet gestures are classified with

the help of handcrafted features using different classifiers like kNN, SVM and ANN. [9] has

used handcrafted features in SVM and ANN classifiers for classification. Ours is the first work

on this dataset where deep network features are used along with an SVM classifier and it has

been able to achieve state-of-the-art performance.

Table 3.6: Comparison with other methods for NITS database

Work Dataset Features Classifier Performance
[201] Bare

hand
gestures,
English
alphabets

Handcrafted
features

kNN,
SVM,
ANN

87.82%,
88.31%,
90.58%

[9] English
alphabets

Handcrafted
features

ANN,
SVM

96.41%,
96.95%

Our
method

Red
marker,
Bare
hand,
English
alphabets

Deep fea-
tures

SVM
classifier

97.76%
(Bare
hand),
99.09%
(Red
marker)

3.4.4 Results using in-house dataset

One limited in-house dataset has been created with the help of three participants and is

mainly used for testing purposes. It consists of 78 videos with 26 classes of English upper case

letters. For simplicity, a very simple black background is kept with full-sleeve attire worn by the
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Figure 3.18: Sample frames from our own in-house dataset.

subjects as shown in Fig. 3.18. Due to the simple background and similarity with the training

set, the segmentation of the hand is very accurate which consequently gives us a recognition

accuracy of 100% for our small dataset. So, this is a clear indication that a simple background

results in good segmentation which subsequently gives better recognition performance.

3.5 Summary

In this work, a template-based framework in a spatial domain has been presented to recog-

nize trajectory-based isolated hand gestures. Here a technique for converting a gesture video

into a single 2D image depicting the contour of the gesture trajectory is introduced as a pre-

processing step. This is done by combining the classical preprocessing steps of segmentation

and tracking. These preprocessing steps are adopted in such a way as to eliminate the con-

straints of illumination variations and occlusion in gesture videos. The output image of the

image processing step is fed to a pre-trained deep network that is robust at learning shape

features. Thus, the extracted deep features have been applied to an SVM classifier to classify

different gestures. Due to the built-in feature learning capability of deep networks, considerably

improved performance is obtained in the results.

The advantages of this framework are - (a) skin-segmentation is carried out along with

motion-based segmentation and the outputs of both the methods are logical ‘AND’ed to prop-

erly segment out the hand portion, (b) through the double-tracking system, the problem of

blurring or occlusion has also been tried to minimize and (c) template-based methods are

relatively simple and suitable for some specific user interfaces with limited gesture classes.
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But, a high variety of gestures with wide spatio-temporal variations executed by the same or

different people is difficult to match by template matching approaches. Another major disadvan-

tage of this model may occur in the segmentation process, especially with complex background

scenes. Accurate segmentation of hand or body parts from the captured images/videos still

remains a challenge in computer vision for many preoccupied constraints such as illumination

variations, background complexity, skin-color variation, occlusion and the articulated shape

of the hand. So, the performance of the model mainly depends on the segmentation process

of the hand which is basically dependent on the selection of a proper threshold for the color

cues. Moreover, a high variety of gestures with wide spatio-temporal variations executed by

the same or different people is difficult to match by template matching approaches. In our next

work, one major objective is to skip the hand segmentation module to eliminate such types of

problems. The objective is to propose a tracking framework by considering the challenges due

to the different shapes, sizes and colors of hands. For trajectory-based gestures, motion cues

can be another added information useful for hand detection. This cue has motivated us to de-

velop an effective representation of hand movement directly from raw gesture videos. Another

modification may be the fusion of different streams or layers which can capture the temporal

variations along with the spatial variations more effectively. All these attempts will be carried

out in the next chapter.
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4
Two-Stream Fusion Model using 3D-CNN

and 2D-CNN via Video-Frames and
Optical Flow Motion Templates for Hand

Gesture Recognition
In the process of hand gesture recognition, proper detection, segmentation and tracking of the
moving hand become challenging due to the varied shape, size and color of the hand. Here
the objective is to track the movement of the hand irrespective of the shape, size and color.
And, for this, a motion template guided by optical flow (OFMT) is proposed. OFMT is a
compact representation of the motion information of a gesture encoded into a single image. In
the experimentation, different datasets using bare hand with an open palm, and folded palm
wearing green-glove are used, and in both cases, we could generate the OFMT images with
equal precision. Recently, deep network-based techniques have shown impressive improvements
as compared to conventional hand-crafted feature-based techniques. Moreover, in the literature,
it is seen that the use of different streams with informative input data helps to increase the
performance in the recognition accuracy. Hence, in this work, we propose a two-stream fusion
model for hand gesture recognition where the network consists of two layers - a 3D convolutional
neural network (C3D) that takes gesture videos as input and a 2D-CNN that takes OFMT images
as input. Though each stream can work independently, they are combined with a fusion scheme
to boost the recognition results. The efficiency of the proposed two-stream network has been
shown on two databases.
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4.1 Introduction

In spite of having several advantages of color-based skin segmentation methods, accurate

segmentation of the hand or any other body part is still a big challenge. The accuracy of

color-based skin detection methods is severely affected by the presence of skin-like colors in

the background. In our previous chapter, the skin segmentation method with illumination

compensation has been used to segment the hand portion from the background. Apart from

skin-color-like objects in the background, segmentation may be difficult due to some other

reasons like variation in shape and appearance of the hand, clothing of the gesture signer,

image resolution, etc. Moreover frame-difference method is also not that suitable for a small-

sized target object.

So, one major objective in this work is to skip the hand segmentation module. The ob-

jective is to propose a tracking framework by considering the challenges due to the different

shapes, sizes and colors of hands. For trajectory-based gestures, motion cues can be another

added information useful for hand detection. This cue has motivated us to develop an effective

representation of hand movement directly from raw gesture videos. This has motivated the

development of an effective representation directly from raw gesture videos and we propose

a motion template called optical flow-guided motion template (OFMT). OFMT is a compact

representation of the motion information of a gesture encoded into a single image. In the exper-

imentation, different datasets using a bare hand with an open palm, and folded palm wearing

green gloves are used, and in both cases, we could generate the OFMT images with equal

precision. Recently, deep network-based techniques have shown impressive improvements as

compared to conventional hand-crafted feature-based techniques. Moreover, in the literature,

it is seen that the use of different streams with informative input data helps to increase the

performance in the recognition accuracy. This work basically proposes - a two-stream fusion

model for hand gesture recognition and a compact yet efficient motion template based on opti-

cal flow. Specifically, the two-stream network consists of two layers - a 3D convolutional neural

network (C3D) that takes gesture videos as input and a 2D-CNN that takes OFMT images

as input. C3D has shown its efficiency in capturing spatio-temporal information of a video.

Whereas OFMT helps to eliminate irrelevant gestures providing additional motion information.

Though each stream can work independently, they are combined with a fusion scheme to boost
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(a) (b) (c) (d) (e) (f)

Figure 4.1: Various approaches for moving object detection: (a),(b) A pair of consecutive video
frames from our in-house dataset, (c) Optical flow, (d) Binarized difference image, (e) Morphological
operation on the binarized difference image, (f) Inter-frame difference image.

the recognition results. We have shown the efficiency of the proposed two-stream network on

two databases.

4.2 Background and Related Work

Automatic detection of moving hand is a key motive in the hand gesture recognition system.

Segmentation and tracking become very challenging when color information is not available,

moving object is small, the background is complex, or when the scene is changing frequently.

Various approaches for moving object detection using pixel-level change are: background sub-

traction, frame difference and optical flow [82]. Stabilized background subtraction is always

a noisy affair making it vulnerable for long and varied video sequences [82]. Though frame

difference methods can easily detect motion, it shows poor performance in localizing the ob-

ject. Apart from this, the choice of temporal distance between frames is a tricky question.

It basically depends on the size and speed of the moving object. In such cases, when prior

knowledge of moving objects like appearance and shape is not available, basically optical flow

can still provide effective motion-based cues for the detection and localization of objects. All

the above-mentioned motion detection schemes are applied as shown in Fig. (4.1) and it is seen

that optical flow gives the proper needful information.

For achieving good performance, the hand gesture recognition system should be independent

of different textures like shape, size and colour of the hand for tracking purpose. Out of various

methods, the estimation of the motion field is invariant to shape and appearance (at least in

theory) and can be used directly to describe human gestures/actions. Optical flow and motion-

templates are the two main motion-based representation methods used for this purpose [100].
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Generally, both these methods are used separately for motion estimation since both have their

own advantages. Motion templates like motion-energy-image (MEI) and motion-history-image

(MHI) [2] give a global aspect of motion without the requirement of segmentation of the moving

object. It is computationally very efficient making it suitable for real-time applications [111].

In [157], authors applied an approach combining MHI with statistical measures and frequency

domain transformation on depth images for one-shot-learning hand gesture recognition. Due

to the availability of the depth information, the background-subtracted silhouette images were

obtained using a simple mask threshold. Whereas in [180], authors used pseudo-color based

MHI images as input to convolutional networks. On the other hand, optical flow is obtained

from the movement of the target object in a video scene. Though it is computationally a little

expensive, still it has the advantage that it can produce good results even in the presence of a

bit of camera movement. [107] also proposed to calculate changes of optical flow that focuses

on optical flow differences between frames (motion boundaries). Yacoob and Davis [108] used

optical flow measurements to track predefined polygonal patches placed on interest regions

for facial expression recognition. [109] presented an integrated approach where optical flow is

integrated frame-by-frame over time by considering the consistency of direction. In [110], the

optical flow was used to detect the direction of motion along with the RANSAC algorithm which

in turn helped to further localize the motion points. There are only a few examples like [202]

where the optical flow is combined with the motion template. In [202], the authors claimed that

the combined technique can give a better discrimination power to describe local motions in a

global time-space representation. In this work, we have also proposed a motion template driven

by optical flow. Our method is different from [202] in reducing background noises through an

update rule. In our work also, better discrimination can be seen for optical flow-guided motion

template (OFMT) over conventional motion templates. This combined method can accurately

detect the location and thus provide the contour of the moving object just like a tracker. The

effectiveness of this method is quite impressive for long and varied video sequences.

Indifference to hand-crafted features, there is a growing trend towards feature representa-

tions learned by deep neural networks [72, 159, 162, 170, 180, 203, 204]. Ciregan et al. [162] has

shown that the use of multi-column deep CNNs with multiple parallel networks improves recog-

nition rates of single networks by 30− 80% for various image classification tasks. Similarly, for

large scale video classification, Karpathy et al. [163] have shown the best results on combining
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Figure 4.2: Proposed framework for hand gesture recognition.

CNNs trained with two separate streams of the original and spatially cropped video frames.

Simonyan and Zisserman [159] proposed separate CNNs for the spatial and temporal streams

that are late-fused and that explicitly use optical flow in the context of action recognition. To

recognize sign language gestures, Neverova et al. [164] employed CNNs to combine color and

depth data from hand regions and upper-body skeletons. A two-stream model with two C3D

layers that takes RGB and optical flow computed from the RGB stream as inputs were used

by [170] for action recognition. [171] used a hidden two-stream CNN model which takes only

raw video frames as input and directly predicts action classes without explicitly computing op-

tical flow. Here the network predicts the motion information from consecutive frames through

a temporal stream CNN that makes the network 10x faster [171], without computing optical

flow which is time-consuming. But still, two hidden layers in one stream are computationally

not so efficient. Moreover, state-of-the-art performance is achieved through traditional optical

flow precomputed for the convolution layer in a two-stream network for action and hand gesture

recognition [159,170,180]. But this approach of precomputation of optical flow motion vectors

through CNN is computationally expensive and storage inefficient [171].

So in this work, the objective is to track the movement of the hand irrespective of the shape,

size and color of the hand. Another main intention is to propose a resource-efficient network
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Figure 4.3: Proposed two-stream network for hand gesture recognition (K=kernel size, S=stride size,
P=pooling size, max-pooling is used here).

in terms of data and processing power as much as possible without compromising much in

its performance. The complete framework is shown in Fig. (4.2). Here we propose a deep

learning-based two-stream network that is zoomed in Fig. (4.3). The first layer/stream is a

3D-CNN (C3D) network in the proposed two-stream architecture, which is used to capture the

spatial as well as temporal information from RBG video frames. The second layer is a 2D-CNN

model where the input is an optical flow-guided motion template (OFMT) image. OFMT

is a hybrid representation, proposed in this work that is obtained by combining optical flow

with the motion template to get the advantage of both the methods for temporal evaluation

analysis. OFMT is used to provide additional motion pattern information which in turn helps

to eliminate irrelevant gestures. The output score of both the layers is fused using an ensemble

method to boost the final output.

4.3 The Proposed Methodology

As shown in Fig. (4.3), the proposed gesture model is composed of two main streams/layers

- the first layer is a 3D-CNN (C3D) network in a two-stream architecture to capture spatial as

well as temporal information of a gesture. The second layer is a 2D-CNN network, where the

input is an optical flow-guided motion template (OFMT) image. OFMT is a hybrid, compact

and robust motion representation, proposed in this work. The OFMT template is obtained by

combining optical flow information with the motion template. In this way, we get the advantage
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of both the methods for temporal evaluation analysis. The OFMT is used to provide motion

pattern information, which in turn eliminates irrelevant gestures. The proposed OFMT can

nominally reduce computational complexity and memory requirement as well. The output of a

CNN classifier is a class-membership probability for each of the gestures under consideration,

and thus the prediction results of 3D-CNN and 2D-CNN networks are fused through a simple

probability-based ensemble method at the decision level to boost the final output by taking

advantage of both the models.

Here, we will first talk about proposed OFMT images then about the two-stream network.

4.3.1 Proposed Optical Flow-guided Motion Templates (OFMT)

The input to the 2D-CNN is a compact motion template. For this, a hybrid representation

is proposed for encoding temporal information of a gesture by combining optical flow motion

information with motion templates. This representation takes advantage of both optical flow

and motion-energy-image (MEI) and motion-history-image (MHI) templates.

4.3.1.1 Motion-templates

MEI represents where motion has occurred in an image sequence; whereas MHI represents

how an object is moving [111]. MEI describes the motion-shape and spatial distribution of

motion, and MHI is the function of the intensity of motion of each pixel at that location.

MEI-MHI can be implemented by the following algorithm.

MEI-MHI Algorithm [2]:

• Image sequences

I(x, y, t) = (I1, I2, ..., In). (4.1)

• Image binarization

B(x, y, t) = |I(x, y, t)− I(x, y, t− 1)|. (4.2)

where, B(x, y, t) =

 1 if B(x, y, t) > ξ

0 otherwise
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• MEI

Eτ (x, y, t) =
⋃τ−1

i=0
B(x, y, t− i). (4.3)

• MHI

Hτ (x, y, t) =

 τ if B(x, y, t) = 1

max(0, Hτ (x, y, t− 1)− δ otherwise
(4.4)

where τ decides the temporal extent of the motion (in terms of frames) and δ is the decay

parameter.

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

(f) (g) (h) (i) (j)

Figure 4.4: MEI images: (a)-(j) representing gestures 0-9.

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

(f) (g) (h) (i) (j)

Figure 4.5: MHI images: (a)-(j) representing gestures 0-9.
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4.3.1.2 Optical flow

Optical flow is the apparent motion or displacement of objects/pixels as perceived by an

observer. Optical flow indicates the change in image velocity of a point moving in the scene,

also called a motion field. Here the goal is to estimate the motion field (velocity vector) which

can be computed from horizontal and vertical flow fields. Ideally, the motion field represents

the 3D motion of the points of an object across 2D image frames for a definite frame interval.

Out of different optical flow techniques found in the literature, the most common methods

are: (a) Lucas-Kanade [101] (b) Horn-Schunk [102] (c) Brox 04 [103] and (5) Brox 11 [104] (d)

Farneback [105]. The most widely used techniques for optic flow estimation is the differential

methods. Differential techniques can be classified into local methods where they optimize some

local energy-like expression, and global schemes which attempt to minimize a global energy

functional. Local strategies like Lucas-Kanade [101] generally offer relatively high robustness

under noise, but do not give dense flow fields. On the other hand, global techniques like

Horn-Schunk [102] yield flow fields with high density, but are experimentally known to be more

sensitive to noise [205]. The choice of optical flow method primarily depends on the power of the

resulting histogram of optical flow (HOF) or motion boundary histogram (MBH) descriptor.

HOF gives the optical flow displacement vectors in horizontal and vertical directions. The

intuitive idea of MBH is to represent the oriented gradients computed over the vertical and

the horizontal optical flow components. Once horizontal and vertical optical flow components

are obtained, histograms of oriented gradients are computed on each image component. The

outcome of this process is a pair of horizontal (MBHx) and vertical (MBHy) descriptors. Since

MBH represents the gradient of the optical flow, locally constant camera motion is removed

and information about changes in the flow field (i.e., motion boundaries) is kept intact. MBH

is more robust to camera motion than optical flow [107].

One major problem with optical flow estimation is that it is very sensitive to noise and

outlier due to background motion. To get rid of this problem Gaussian smoothing operation

is done to image frame k(x, y, t), where (x, y) denotes the location of the pixel and t denotes

time. Smoothing is done prior to differentiation, by convolving each frame with some Gaussian

kernel Gσ(x, y) of standard deviation σ:
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I(x, y, t) := (Gσ ∗ k)(x, y, t), (4.5)

The low-pass effect of Gaussian convolution removes noise and other destabilizing high-

frequency outliers. In a subsequent procedure, σ also called the ‘noise sale’, can be chosen of

different values. While some moderate pre-smoothing improves the results, great care should

be taken not to apply too much pre-smoothing, since this would severely destroy important

image structure.

Another problem is tracking points that are moving long distances with a higher speed of

motion. This can be mitigated by a course-to-fine optical flow estimation by forming an image

pyramid. While applying a single-scale Lucas-Kanade optical flow algorithm, it is assumed that

the window has a little motion so that high-order terms in the derivation of Taylor expansion

can be ignored. But this assumption fails for an object with long-distance movement in con-

secutive frames. In this case, the iterative coarse-to-fine method helps a lot which is applied

to an image pyramid building multiple copies with different resolutions for each image frame.

Each level in the pyramid is one-fourth of the size of the previous higher resolution level. To

get rid of the small motion constraint, first, we start from the lowest resolution level. Then the

iterative optical flow is used to estimate potential motion velocity at this level and then expand

it to a higher resolution level through the warp and upsampling process. This is done because

lower resolution images can provide better optical flow for large motion compared to higher res-

olution images. So we first start with a coarse resolution and warp it to fine resolution through

interpolation. But the main problem with this technique is that it makes the computational

efficiency a little expensive. In the iterative process, potential optical flow is estimated in one

level on the window corresponding to one pixel, then we reapply the estimated vector to warp

the image to a new position. This process is repeated for several iterations until the residual

motion is sufficiently small. All these steps are shown in Fig. (4.6)

For tracking the motion of the hand, Lukas-Kanade Algorithm (LKA) [101] is applied by

extracting the desired features of the gesture. For that purpose, a mouse call back function

is adopted to select the desired feature on the first frame that will be tracked successively in

the next frames of the video. The optical flow motion vectors track these features during the

trajectory of the dynamic gesture. These vectors are tracked on a per-frame basis. By joining

96

TH-2974_156102003



4.3 The Proposed Methodology

Figure 4.6: Steps to obtain optical flow from input video frames.

these flow vectors on the mask, the trajectory of the gesture is recovered from the continuous

motion of the hand.

Optical flow tracking algorithm:

• A customized black window mask is created with the same dimensions as that of the

original frame of the video.

• The first frame of the video is read and it is called frameold.

• The initial points are selected on the frameold using a mouse call back function (mouse

cursor). These points are named pointsold.

• Initialize a new list to store optical flow vectors.

• Initialize Lucas-Kanade parameters with the window size as of 15× 15 and pyramid level

as 4. Large motion is ignored by the pyramidal model.

• while for the next number of frames:

framenew = Next frame of the video converted into a gray scale image.

pointsnew = Generated by optical flow with frameold, framenew, pointsold and LK pa-

rameters

• copy framenew into frameold.

copy pointsnew into pointsold.

Append pointsnew to list.
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• if length(list) ≥ 2:

Draw line with the last two points in the list on the mask.

• Thus the optical flow vector between two frames is obtained.

4.3.1.3 Optical flow-guided motion templates (OFMT)

Now, here we present a motion template driven by the optical flow method. This combined

method can accurately detect the location of the hand and also provide the contour of the

moving hand just like an object tracker. MEI and MHI are generated using a binarized image,

obtained from frame subtraction, using a threshold ξ as shown in Eq. (4.2). In the motion

template representation, all the foreground or moving pixels (i.e. B(x, y, t) = 1) are considered

for creating the templates irrespective of the duration and speed of the individual moving pixel.

Motion templates basically describe the global motion of a scene and cannot fully describe

the local motions of the target object. Whereas optical flow is generally used for foreground

segmentation or to extract moving objects. It can better describe the local motions of the

target object. In our method, optical flow is judiciously combined with the motion templates

to exploit the advantages of both methods. In the proposed method, the optical flow sequence

O(x, y, t) representing the moving regions of the previously smoothed image is accumulated and

fused together to form an optical flow-guided motion template as per the following equation:

Eτ (x, y, t) =
⋃τ

i=0
O(x, y, t− i− 1) + λ.O(x, y, t) (4.6)

where, τ indicates the duration of the gesture, and λ is an update parameter.

If the optical flow length O(x, y, t) is small compared to a pre-defined threshold εs, then

it labels the pixel (x, y) as a background point and hence λ value is taken as zero to reduce

the effect of background noises. If the optical flow length value is greater than the threshold

then it labels a pixel as a foreground moving point, then λ is empirically set to 5 to consider

foreground pixels. In this way, the background noise is reduced in our proposed method. The

saved moving points from the video frames generate a single image providing the trajectory of

the gesture as shown in Fig. (4.7). These steps are performed for all the hand gesture videos

and the corresponding OFMT images are pre-obtained as shown in Fig. (4.8). The entire

experiment is done in python environment, with an OpenCV tool and 30 frames/s is the frame
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(a)

(b) (c) (d) (e)

Figure 4.7: (a) Steps to obtain OFMT images, (b-c) Video frames, (d) Extracted optical flow, (e)
Obtained OFMT (video frames from in-house dataset).

rate used for generating the OFMT images that are fed to the 2D-CNN network. Another

advantage obtained here is that the requirement of segmenting the hand portion from the body

is not needed and also, the size, shape, and color of the hand have no effects on the OFMT

images.

Through the naked eye, it can be easily noticed that our proposed OFMT images give

much better results than the conventional motion templates. Still, for quantitative analysis, we

calculate entropy and structural similarity index measurement (SSIM) for each set of images

to get a clear idea.

4.3.1.4 Entropy

The entropy of a discrete random variable X with possible values {x0, x1, x2, ..., xN} can be

defined as [206]

H = −
∑N

k=0
pklog2(pk) (4.7)

99

TH-2974_156102003



4. Two-Stream Fusion Model using 3D-CNN and 2D-CNN via Video-Frames and
Optical Flow Motion Templates for Hand Gesture Recognition

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

(f) (g) (h) (i) (j)

Figure 4.8: Optical Flow-guided Motion Templates (OFMT) images applied on our in-house dataset:
(a)-(j) for gesture 0-9.

where, H indicates entropy and pk is the probability associated with input k.

For a grey-scale image, the intensity value of each pixel varies from 0-255, and the possibility

of a particular value occurring is random and varies with the pixel intensity values of the

images. Considering an image with dimension M ×N having a total of W = M ×N pixels, the

probability of a particular intensity value xk occurring in the image is p(xk) = nk/Wk, where nk

is the number of occurrences of xk among the W pixels. In this case, considering
∑

k nk = M ,

the entropy of the image can be expressed as

H = − 1

W

255∑
k=0

nklog2(nk) (4.8)

Table (4.1) shows that most OFMT images have low entropy values compared to MHI or

MEI images. This is due to the fact that, from the image compression algorithm viewpoint,

entropy tries to discover predictability and each aspect of predictability requires some storage to

represent. The more storage that an image requires to represent its predictability, the higher is

the entropy the image posses. An image that is all the same is entirely predictable and has low

entropy. An image that changes from pixel to pixel might at first thought to be unpredictable,

but the change might follow a pattern too. From this point we can say that if our motion

template can give some idea about its gesture i.e. predictable in nature, it should contain low

entropy value.
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Table 4.1: Image Entropy and mSSIM Values for Different Motion Templates

Gestures→ 0 1 2 3 4 5 6 7 8 9
MEI 1.0128 1.0358 1.0217 1.0119 1.0215 1.0090 1.0300 1.0237 0.9801 0.9227
MHI 2.4577 1.9533 2.5930 2.6417 2.4296 2.4893 2.4033 2.3524 2.6540 2.7437
OF-MT 0.9258 0.6670 1.0636 0.9568 1.0130 0.9902 1.0339 0.9235 1.0811 1.0351
mSSIM 0.8348 0.8509 0.830 0.8532 0.8821 0.8810 0.8890 0.8627 0.9102 0.8642

4.3.1.5 Structural Similarity Index Measurement (SSIM)

There are many algorithms developed to provide an index for image quality analysis. SSIM

is a reference image quality indexing algorithm which is why it requires a reference image to

estimate the quality of the test image. The parameters that are considered for comparison are

the luminance, contrast and structure of the images [207]. These three factors are estimated

from the images and a relative score is being provided to the test image. The factors mentioned

are some of the important factors used by the human eye to provide a subjective analysis of the

images. These physical factors are simulated with the use of the basic statistical parameters

like mean, variance and covariance.

Let x = {x0, x1, x2, ..., xN} and y = {y0, y1, y2, ..., yN} be two discrete non-negative signals

that have been aligned with each other (e.g., two image patches extracted from the same spatial

location from two images being compared, respectively). And, let µx, σ2
x and σxy be the mean

of x, the variance of x, and the covariance of x and y, respectively. Similarly, we have for y.

Approximately, µx and σx can be viewed as the estimates of the luminance and contrast of x,

and σxy measures the tendency of x and y to vary together, thus an indication of structural

similarity. In [5], the luminance, contrast and structure comparison measures were given as

follows:

l(x, y) =
2µxµy + C1

µ2
x + µ2

y + C1

(4.9)

c(x, y) =
2µxµy + C2

µ2
x + µ2

y + C2

(4.10)

s(x, y) =
σxy + C3

σxσy + C3

(4.11)
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where C1, C2 and C3 are small constants given by C1 = (K1L)2 ; C2 = (K2L)2 and

C3 = C2/2; respectively where typical values for K1=0.01 and K2=0.03. L is the dynamic

range of the pixel values (L = 255 for 8 bits/pixel gray scale images), and K1 � 1 and K2 � 1

are two scalar constants. The general form of the structural similarity index measurement

(SSIM) between signal x and y is defined as:

SSIM(x, y) = [l(x, y)]α.[c(x, y)]β.[s(x, y)]γ (4.12)

where α, β and γ are parameters to define the relative importance of the three components.

Specifically, we set α = β = γ = 1, and the resulting SSIM index is given by

SSIM(x, y) =
(2µxµy + C1)(2σxy + C2)

(µ2
x + µ2

y + C1)(σ2
x + σ2

y + C2)
(4.13)

which satisfies the following conditions:

• Symmetry: SSIM(x, y) = SSIM(y, x).

• Boundedness: SSIM(x, y) ≤ 1.

• Unique maximum: SSIM(x; y) = 1 if and only if x = y.

The SSIM indexing algorithm for image quality assessment using a sliding window approach.

The window moves pixel-by-pixel across the whole image space. At each step, the SSIM index is

calculated within the local window. If one of the images being compared is considered to have a

perfect quality, then the resulting SSIM index map can be viewed as the quality map of the other

(distorted) image. The distribution of the window can be rectangular or Gaussian distribution.

The Gaussian distribution is preferred to avoid the blocking effect which is predominant in

a rectangular window. Here, we consider Gaussian distribution with parameters µ = 0 and

σ = 1.5. Finally, a mean SSIM index (mSSIM) of the quality-map is used to evaluate the

overall image quality.

Here, we have compared normal motion templates with our OFMT images (Refer Table

(4.1)). Generally, the zero value of SSIM indicates the worst case and one the best-case scenario.

Visually an SSIM index greater than 0.94 can be considered a good image in comparison with

the original image.
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4.3.2 Spatio-temporal feature learning through a 3D convolutional

(C3D) network

The original C3D [168] was designed for RGB videos. The number of parameters of the

networks depends on the resolution of input frames. The original C3D was trained on the

large-scale dataset Sport1M [163], which consists of 1.1M videos downloaded from YouTube

consisting of 487 sports classes. 2D-CNN is extended to a 3D-CNN by incorporating the

temporal dimension of a video sequence. In 2D-CNNs, the dimension of each feature map is

c× h× w, where c represents the number of filters in the convolutional (conv) layer, h and w

represents the height and width of the feature map. In 3D-CNNs, the dimension of each feature

map is c×l×h×w, where additional parameter l represents the number of frames. This network

extracts the features which are compact and generic while being discriminative. As we worked

on two smaller databases, a slightly different architecture with 5 conv layers is employed which

has a smaller number of parameters compared to the original C3D [168] with 8 conv layers.

The proposed network has 5 space-time conv layers with 64, 128, 256, 256, 256 kernels. Each

conv layer is followed by a rectified linear unit (ReLU) and a space-time max-pooling layer. All

3D convolution kernels are of size 3× 3× 3, that gives the best performance [168] with stride

1 × 1 × 1. Max pooling kernels are of size 2 × 2 × 2 except for the first, where it is 2 × 2 × 1

and stride is 2 × 2 × 1. The conv layers are followed by two dense layers with 2048 and 1024

neurons and ReLU as the activation function. To avoid over-fitting while learning, there is a

dropout in each dense layers. The parameter of dropout is set to 0.4, which means the layer

randomly excludes 40% of neurons. The final dense layer of the classifier has 10 neurons giving

us the respective class labels where softmax function is used for activation.

4.3.3 2D motion template CNN model

As illustrated in Fig. (4.3), the proposed 2D motion template CNN model consists of two

major parts - motion templates and a 2D-CNN model. The generation of the motion templates

is explained in the previous section. The 2D-CNN architecture used in our method is a simple

structure based on LeNet [8] (shown in Fig. (4.3)). The network has 2 conv layers with 32 and

64 kernels followed by 2 fully connected layers of size 1024 and 10. The final dense layer of the

classifier has 10 neurons giving us the respective class labels. The size of the kernels is 3×3 and
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5× 5 respectively for the two conv layers. Each conv layer is followed by ReLU and 2× 2 box

non-overlapping max-pooling layers with stride 2 in both horizontal and vertical directions. A

dropout of 40% is used in the dense layer with 1024 neurons to avoid over-fitting.

4.3.4 Proposed Fusion Rule

In [159], the authors used two decision level fusion methods of averaging and SVM fusion,

on two identical C3D networks. In the averaging method, two softmax prediction scores are

averaged to represent the output class scores. In the SVM fusion method, the features from

fully-connected layers of both the streams are stacked and after L2 normalization, are input

to an SVM classifier. Whereas in our proposed two-stream model, two non-identical networks

are applied with all-together different inputs for each stream with different dimensions. Hence,

decision level fusion is preferred here in place of feature-level fusion due to computational

overhead. But, in place of just simple averaging fusion, we have formulated an empirical

formula given by Eq. (4.14) for output prediction score fusion.

pi = γ.p3Di + (1− γ).p2Di where i = 1, 2, ..., N (4.14)

Here, p3Di and p2Di are the prediction class scores of 3D-CNN and 2D-CNN respectively, N is

the number of gesture classes, and γ is an empirical parameter. For fusion at the decision level,

experiment with different values of γ such as 0.2, 0.3, 0.4, 0.5, 0.6, 0.7 and 0.8 is carried out. We

investigated that γ as 0.6 achieves the best performance. This is quite justified since the score

given by 3D-CNN has a greater impact than the score given by 2D-CNN. With the user-defined

parameter γ, a user can judiciously select the importance to be given to each stream. The final

prediction class score S is the one whose value is maximum and it is calculated as given below:

S = argmax
1≤i≤N

pi where i = 1, 2, ..., N (4.15)

4.4 Experimentation and Results

To evaluate the performance of the proposed method, we have carried out experiments on

two databases: 1) Palm’s Graffiti Digits [10] and 2) Our in-house database [72]. The following

sections elaborate on all the details during the implementation and evaluation processes.
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4.4.1 Databases

In our work, two datasets are employed, one is Palm’s Graffiti Digits dataset [10] and another

is the self-collected in-house dataset [72]. The details are described below.

(i) Palm’s Graffiti Digits dataset: The Palm’s Graffiti digits database [10] contains stan-

dard RGB 2D videos of ten subjects writing “in the air” the ten Hindu-Western Arabic

numerals, 0-9, in a continuous streaming mode with video size 320×240, 30 frames/s as

shown in Fig. (4.9). This database is split into three subsets, namely “GreenDigits,”

“EasyDigits,” and “HardDigits” sets. Each one of the first two datasets contains 300 ges-

tures (ten subjects × ten digits × three examples/digit/subject). In both datasets, the

subjects used tightly folded palms while performing the gestures. GreenDigits dataset

after data augmentation is used for the training phase and EasyDigits and HardDigits

sets are used for the testing phase. In the GreenDigits set, subjects wear a green glove,

while short-sleeves in EasyDigits. In this dataset, the subjects used tightly folded palms

while performing the gestures. GreenDigits dataset after data augmentation is used for

the training phase and EasyDigits and HardDigits sets are used for the testing phase. In

the GreenDigits set, subjects wear a green glove, while short-sleeves in EasyDigits. Hard-

Digits is intended for the evaluation of hand detection methods under very challenging

and uncontrolled scenarios like with movement of people in the background. It has 140

videos (seven subjects × ten digits × two examples/digit/subject). The proposed OFMT

images are obtained for these gesture videos and are fed into the 2D-CNN network for

classification purposes in our experiments. While obtaining the OFMT images of the

gestures, whether the subject is wearing any glove or using a bare hand, there is no effect

in detecting and tracking the hand. This indicates that the performance of the system

is independent of the shape, size, and color of the hand and it adds robustness to our

method.

Figure 4.9: Palm’s Graffiti digits [10]. The dot point indicates the starting position.
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(a) (b) (c)

Figure 4.10: Different scenes of Palm’s Graffiti digits dataset [10]: (a) Green glove in GreenDigits,
(b) Bare hand in EasyDigits, (c) With moving persons in background.

(ii) In-house dataset: One limited in-house dataset [72] has been created with the help of

three subjects. Here also the gestures are ten Hindu-Western Arabic numerals, 0-9, but

in an isolated mode (320×240, 30 frames/s). Dataset consists of 90 videos for 10 classes

(three subjects × ten digits × three examples/digit/subject). For simplicity, a very simple

black background is used with full-sleeve attire worn by the subjects and they have used

open palm while performing the gestures.

4.4.2 Data Augmentation

Data augmentation plays a vital role in the deep learning approach due to the huge amount

of data required in these techniques. It generates more data from a small database using some

simple methods like affine transformations. With this, we can increase the diversity of data

available for the training model, without actually collecting new data. The generation of new

data provides robustness as well as scale, translation and rotation invariance to the system.

In this work, data augmentation methods are used on the GreenDigits dataset. Initially, 300

videos from the GreenDigits dataset are preprocessed into 300 OFMT images. These images

are then increased to 1500 images after data augmentation. For data augmentation, several

transforms are used like rotation up to 20 degrees, width shift (up to 0.2 range), height shift

(up to 0.2 range), sheer (up to 0.2 range), zoom mode (up to 0.2), fill mode on nearest data

etc. Data augmentation techniques like horizontal and vertical flipping are not used on the

images as it may lead to confusion between a few pairs of digits like (2, 5), (4, 7), (6, 9) etc.
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EasyDigits and HardDigits sets are used for the testing phase on which data augmentation is

not implemented.

4.4.3 Experimental Set-up

This section gives an idea of the experimental set-up, work performed and the analysis

done on the databases to obtain the results. Also, it throws light on the importance of data

augmentation process for small databases. The neural network experimentation part is done

taking the help of the Google Colab GPU. Other parts of the experiments are performed in a

workstation with Intel® CoreTMi5-4570 CPU with 3.2 GHz and 8GB RAM.

For training the 3D-CNNmodel, the segmented video clips of isolated gestures from GreenDig-

its sets are used from the Graffiti dataset. Here stochastic gradient descent (SGD) algorithm

is used with the cross-entropy loss function given by Eq. (4.16).

Loss(y, ŷ) = −
M∑
j=1

N∑
i=1

yijlogŷij (4.16)

where M is the number of samples, N is the number of classes and ŷ is the predicted value for

a true value y. The batch size is set to 10 videos and the model is trained with 100 epochs

on the training dataset. The choice of learning rate is 0.01 if the epoch count is less than 25

and is reduced to 0.001 for epoch count up to 50. To further promote slow learning, values of

1e−4 and 1e−5 are used, till 75 and 100 epochs respectively. Fig. (4.11) and Fig. (4.12) gives

the training-testing loss and accuracy curves for the Graffiti dataset. From the training loss

and accuracy curves, it can be concluded that the system is not suffering from over-fitting after

some tuning of the hyper-parameters. Since the gestures of our limited in-house dataset are

the same as the training dataset, hence our in-house dataset is used only for testing purpose

which reduces the burden of training requirements again and again.

With regard to the training of the 2D-CNN model, the GreenDigits set from Graffiti Digits

is used. SGD algorithm is carried out with a cross-entropy loss function in the training process.

The initial learning rate is set to 0.01 if the epoch count is less than 25 and is reduced to 0.001

for epoch count up to 50 with batch size as 32. The training process is stopped after 50 epochs.

Fig. (4.13) and Fig. (4.14) gives the training-testing loss and accuracy curves for the Graffiti

dataset for the 2D-CNN model.
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Figure 4.11: Training and testing loss as a function of the number of epochs for 3D-CNN.

Figure 4.12: Training and testing accuracy as a function of the number of epochs for 3D-CNN.

Figure 4.13: Training and testing loss as a function of the number of epochs for 2D-CNN.

Figure 4.14: Training and testing accuracy as a function of the number of epochs for 2D-CNN.
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4.4.4 Results

In this subsection, the performance of the proposed two-stream network is evaluated in

three aspects on Graffiti as well as in-house datasets: 2D-CNN model alone with OFMT motion

templates as input, 3D-CNN model alone with RGB gesture videos as input, and the combined

fusion model. Basically here accuracy, which indicates the proportion of correctly classified

samples with respect to the total number of samples, is used as the evaluation index. Since

data imbalance is not there in our databases i.e. each class is constituted by an equal number of

samples so other performance matrices like precision, sensitivity, or f-score are not considered

here.

In the proposed model, used 3D-CNN and the 2D motion template CNN architecture can be

regarded as two heterogeneous networks that can be used as independent models. So, first, we

have evaluated the performance of the independent streams and then the fusion performance as

a combined network. In the case of 2D-CNN, confusion occurs mainly in discriminating class

‘3’ with class ‘5’ and class ‘1’ with class ‘7’ due to the similarities in their shapes in the OFMT

images which can be seen in Fig. (4.8). Here 3.4% of ‘5’ are misclassified as ‘3’ or vice-versa

and 2.8% of ‘7’ are misclassified as ‘1’ or vice-versa and rest 2.2% are various misclassification.

Whereas, 3D-CNN has performed quite better in this regard since it also considers the temporal

evaluation of the gestures in the video clips. Table (4.2) gives the results of the proposed 2D

motion template CNN model, where two cases, without data augmentation and with data

augmentation are considered. From Table (4.2), we can conclude that the data augmentation

has a great impact on accuracy and can improve the network performance up to a great extent.

Table 4.2: Performance accuracy (%) of 2D-CNN motion template network alone

Dataset Proposed method
(without data augmentation)

Proposed method
(With data augmentation)

Graffiti 86.24% 92.60%
In-house 81.20% 89.70%

To analyze the performance of the 3D-CNN model, the entire EasyDigits set and 110 com-

patible videos out of 140 videos from the HardDigits set are considered. For the testing phase,

stratified 10-fold cross-validation is carried out. The confusion matrices for EasyDigits and

HardDigits sets for one fold (i.e. 30 videos from EasyDigits and 11 videos from HardDigits set)
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are shown in Fig. (4.15). The mean accuracy for this dataset is obtained at 97.30%. Whereas

our in-house dataset has provided an accuracy of 98.67% when tested on the pre-trained net-

work. Lastly, the prediction class/label scores from both the streams are fused for each class.

Since both the streams acquire complementary motion information regarding the gesture, so

such fusion generally boosts the recognition performance. That is, the two streams complement

each-other in acquiring the spatio-temporal information from their respective inputs, and thus

certain good output score w.r.t. the target can be achieved, at least by one or the other or by

both. In our case also, the same scenario is noticed when both streams are fused at the decision

level. Here decision level fusion is chosen since we have used two non-identical networks applied

on inputs with different dimensions. Moreover, rather than simple averaging of the prediction

class scores, we have formulated a probabilistic ensemble formula given by Eq. (4.14) with γ

as fusion parameter. Different values of γ has been tried out and γ as 0.6 has provided us the

best fusion accuracy of 99.20%. So, here more weight is given to the score provided by the

3D-CNN since it can capture more subtle spatio-temporal features compared to the other one.

This is quite justified from the performance achieved by the individual networks performed on

the two databases. Our in-house dataset has achieved a recognition rate of 99% when tested

on the fused model. The confusion matrix for EasyDigits and HardDigits sets are also shown

in Fig. (4.15).

(a) (b)

Figure 4.15: Confusion matrix for: (a) EasyDigits set, (b) HardDigits set.

110

TH-2974_156102003



4.4 Experimentation and Results

Table 4.3: Comparison with other methods for pre-segmented Graffiti database

Paper Feature-
type

Features Classifier Accuracy

[208] Hand-
crafted

Longest
common
subsequence
(LCS)

HMM,
CRF, Most
proba-
ble LCS
(MPLCS)

89.50%,
96.40%,
98.30%

[209] Hand-
crafted

Trajectory
matching

Max cosine
similarity,
fastNN

97.60%

[179] Both
hand-
crafted
and deep
features

CRF-based
temporal
features

CNN and
CRF com-
bined

98.40%

Our
method

Deep fea-
tures

Deep net-
work,
Motion
template

only 2D-
CNN, only
3D-CNN,
Late fusion

92.60%,
97.30%,
99.20%

4.4.5 Comparison with state-of-the-art methods

Our proposed model is compared with three existing methods performed on the same Graffiti

dataset. Table (4.3) represents a comparison of performance for the different methods. The first

two methods [208, 209] rely on hand-crafted feature representations for gesture classification,

while [179] uses CNN to extract gesture features. In [208], the most probable longest common

subsequence (MPLCS) is proposed to measure the similarity between the probabilistic template

and hand gesture sample. The final decision is based on the probability and length of the

extracted subsequences. The method is also compared with HMM and CRF classifiers for

performance analysis. Whereas maximum cosine similarity and fastNN is used as a trajectory

mapping scheme for digit hand gesture recognition in [209]. A combined fusion-based method

with CNN as trajectory shape recognition and CRF as temporal feature recognition is proposed

by [179]. From Table (4.3), it can be noticed that our 2D-CNN model is as efficient as the

classic HMM model, whereas 3D-CNN has achieved even better results. In [179], fusion-based

model with CNN and CRF as components has achieved 98.4% accuracy which is similar to the

sequential state-space MPLCS [208] method. On the other hand, our 2D-CNN and 3D-CNN
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based fusion model has achieved state-of-the-art results with 99.20% of accuracy. The fusion

result at the decision level has outperformed all other methods, which shows the effectiveness

of the fusion scheme. The only work done on our in-house dataset is [72], which has a similar

accuracy of 99% as this work for alphabet gesture recognition.

4.5 Summary

In this work, we propose a fusion-based two-stream network with 3D-CNN and 2D-CNN

as its two streams/layers for hand gesture and in general action recognition. So, the main

objective of the model is to detect and recognize isolated dynamic hand gestures with varying

shapes, sizes, and colors of the hand. This is possible because of the fact that the system

doesn’t require the pre-segmentation of the hand portion through various methods like skin-

segmentation etc. The first stream of the system is a 3D-CNN applied for capturing the spatio-

temporal information directly from the RGB gesture videos. The second layer is a 2D-CNN

model employed to extract motion-patterns for gesture classification. For this stream, an optical

flow-guided motion template (OFMT) is used as input where the temporal motion information

of a gesture is encoded into a single image which helps to remove irrelevant gesture patterns.

Moreover, the proposed OFMT can nominally reduce computational complexity and memory

requirement as compared to more complex networks like double 3D-CNN/RNN/LSTM models.

So, our proposed model can be used in a resource constraint environment without affecting much

to its performance. For improving results, the prediction scores of the 3D-CNN model and the

2D-CNN model are fused. Since both the streams acquire complementary motion information

regarding the gesture, so such fusion generally boost the recognition performance. The main

contributions of our proposed model are as follows:

(i) Ground truth flow is required in supervised training for optical flow estimation. But,

generally, the ground truth flow is not available except for limited synthetic data [171].

Moreover, computation of optical flow and then learning the mapping from optical flow

to action labels is time-consuming as well as storage demanding. So, we have proposed

optical flow-guided motion template (OFMT) images as input to the 2D-CNN stream

which provides additional temporal information in a resource constraint environment.
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(ii) Our method is efficient in terms of computation and storage point of view as we do not

need to store the precomputed optical flow. Moreover, the requirement of segmenting the

hand portion from the body is not needed and also, the size, shape, and color of the hand

have no effects on the OFMT images.

(iii) A late-fusion scheme is proposed to leverage the information containing in both RGB

gesture videos and motion template modalities. The advantage of the proposed method

is that different deep models can provide complementary motion information. The first

layer can capture the spatio-temporal information thorough the 3D deep network, while

the motion-patterns are obtained using 2D-CNN through OFMT images.

Though our model is simple, experimental results have demonstrated that it is able to

achieve state-of-the-art results. However, the adopted motion template has the limitation that

the moving body has to be in a plane perpendicular to the camera. One important research

direction would be to investigate more on robust feature learning methods for distinguishing

the subtle differences among gestures for the viewpoint-invariant mechanism. In this work, an

optical flow-guided motion template (OFMT) has been used as a substitute for the segmentation

process in trajectory-based gestures recognition. But in some cases segmentation becomes

an unavoidable process, and then researchers generally opt for other types of segmentation

techniques. Moreover, segmentation approaches are mostly viewpoint-invariant. So, in our next

work, we would go for some segmentation method for detecting the hand across each frame in

the hand gesture recognition process. Another target is to develop a gesture recognition scheme

applicable to both static as well as dynamic hand gestures.
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5
Attention-based Hand Semantic

Segmentation and Gesture Recognition
using Deep Networks

The ability to discern the shape of hands can be a vital issue in improving the performance

of hand gesture recognition. Segmentation itself is a very challenging problem having various

constraints like illumination variation, complex background etc. The objective of the work is

to incorporate the perception of semantic segmentation into a classification problem and make

use of the deep neural models to achieve improved results for both static and dynamic gestures.

This work utilizes the UNet architecture with attention-module to obtain the semantically seg-

mented masks of the input images, which are then fed to a classifier for recognition. The concept

of attention-mechanism adds to the improvement of segmentation accuracy. In this work, for

static gestures, the top classifier layer of the VGG16 model is replaced with a classifier de-

signed specifically for classifying the gestures at hand. For dynamic gestures, 3D-CNN (C3D)

architecture is used as a classifier that can capture spatial as well as temporal information of a

gesture video. The data augmentation process is used in preprocessing to generate a sufficient

number of training images for the aforementioned CNN-based models. Significant and improved

recognition has been achieved for both static and dynamic hand gesture databases through the

inherent feature learning capability of CNN and refined segmentation.
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5.1 Introduction

Accurate segmentation of the hand or the gesturing body part from the captured videos or

images still remains a challenge in computer vision for many constraints like illumination vari-

ations, background complexity, occlusion and so on [51,210]. Illumination variations affect the

accuracy of skin color segmentation methods. Poor illumination may change the chrominance

properties of the skin colors, and the skin color will appear different from the original color.

A major challenge in gesture recognition is the proper segmentation of skin-colored objects

(e.g., hands, face) against a complex static/dynamic background. The accuracy of skin seg-

mentation algorithms is limited because of objects in the background that are similar in color

to human skin. Skin-colored objects present in the background also increase false positives.

All these factors make the detection of the hand to be one of the vital stages in the gesture

recognition system. In our previous work, an optical flow-guided motion template (OFMT) has

been used as a substitute for the segmentation process in trajectory-based gesture recognition.

But in some cases segmentation becomes an unavoidable process, then researchers generally go

for other types of segmentation techniques for detecting the hand in the gesture recognition

process.

Figure 5.1: Different techniques for the segmentation process.

Due to the above-mentioned constraints, researchers generally opt for different segmentation

techniques like object detection by bounding box, semantic segmentation, or instance segmen-

tation as shown in Fig. 5.1. In object detection through a bounding box, people try to locate

and classify multiple objects within an image/video, by drawing bounding boxes around them

and then classifying what’s in the box. One major disadvantage here is that we only get a

bounding box covering the object, but we really don’t get an idea regarding the shape of the
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Figure 5.2: Block diagram of our proposed hand gesture recognition framework.

object. Semantic segmentation is more informative where it classifies each and every pixel in

the image by assigning an appropriate class label to the pixels and linking similar pixels into a

group (class). Instance segmentation is a challenging task that requires the prediction of object

instances and their per-pixel segmentation task. This makes it a hybrid of semantic segmen-

tation and object detection. There is no hard and fast rule regarding their adoption and it all

depends on the application where one single scheme can be applied using various approaches.

With the advancement in neural networks and computing devices, tasks like image clas-

sification, object recognition, and segmentation have been carried out with improved results

and much efficiency. Convolutional Neural Networks (CNN) form the backbone of most of the

modern-day deep learning models, which have achieved ground-breaking outcomes in regards

to the above tasks. It has helped to achieve classification results close to the human level. Also,

it is capable of localizing objects by assigning appropriate class labels to the pixels, which is

the governing principle of semantic segmentation [211].

Attention mechanism, which plays an important role in human perception, can effectively

highlight useful information while suppressing the redundant one. Recently, attention mech-

anism has been receiving wide attention in a variety of tasks, such as natural language pro-

cessing for machine translation, natural image classification, salient object detection, natural

image segmentation, medical image segmentation and classification in medical image analysis
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fields, image captioning etc. There are many attempts that have embedded attention modules

into deep neural network architecture for improving the performance of image segmentation,

classification, and object detection in computer vision fields.

Meanwhile, UNet [212] has achieved great success in the field of medical image segmen-

tation, and it is also the mainstream of current segmentation methods. The network has a

progressively narrowing structure, which tends to encode the input into a fine to the coarse

manner, followed by a decoding structure that broadens progressively. However, during the

process of downsampling, UNet constantly reduces the dimension of the image, which results in

poor segmentation accuracy for the small-scale objects. Considering that attention mechanisms

can enhance local feature expression, to solve the insufficient segmentation accuracy, researchers

generally adopt attention mechanisms in the various segmentation processes. As a computing

resource allocation scheme, the attention mechanism uses limited resource allocation to process

more important information to solve the problem of information overload. Generally, the input

of a neural network often contains a lot of redundant information and all the information is

not needed to be focused on. So, one can pay attention only to something important to im-

prove time and space utilization. Researchers have demonstrated that introducing an attention

mechanism into UNet can enhance local feature expression and improve the performance of

image segmentation.

It is already mentioned that hand segmentation is a challenging task due to constraints

like illumination variations, background complexity, occlusion and so on. Background noise

and varying lighting conditions also cause occlusions and clutter, which have to be consid-

ered. However, the most accurate approaches that try to mitigate such constraints tend to

employ multiple modalities derived from input frames, such as optical flow or depth informa-

tion [204, 213]. This practice limits real-time performance due to intense extra computational

cost. In this work, we avoid depth information or optical flow computation by proposing a

hand gesture recognition method based on RGB frames combined with hand segmentation

masks. [214] found that the semantic segmentation is more than two times faster than the

optical flow, making the semantic segmentation an alternative feasible option for real-time ap-

plications as well. Contextual information extraction is difficult with hand-crafted features

in conventional machine learning techniques. Attention-based methods have been proved to

be effective ways to obtain important contextual information in different segmentation meth-
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ods like semantic segmentation. Therefore, in this work, we have proposed a deep learning

attention-based segmentation method as a solution to the above-mentioned issues. Here, we

aim to explore the effectiveness of a recent attention module called Convolutional Block Atten-

tion Module (CBAM) [215] combined with UNet architecture for hand segmentation purposes.

The rule-based algorithms of attention-based semantic segmentation for static gesture interpre-

tation have successfully been transferred into dynamic gesture recognition where C3D is used to

automatically extract the robust temporal and spatial features to recognize the hand gestures.

5.2 Background and Related Work

5.2.1 Semantic Segmentation

There are several model variants based on Convolutional Neural Networks (FCNs) to en-

hance contextual aggregation in segmentation. Faster R-CNN [216], R-FCN [217] are used to

exploit the region of each instance, and then predict the mask for each region. He et al. [218]

proposed Mask R-CNN that is built on the top of Faster R-CNN by adding an instance-level

semantic segmentation branch. On the other hand, semantic segmentation, using CNN-based

methods, was pioneered by Long et al. [219] using Fully Convolutional Network (FCN). This

work primarily defined a skip network that combined the information from the coarse upper

layer of the deep neural architecture with the lower fine layer, which in turn helped achieve

meticulous segmentation results. In [212], Ronneberger et al. defined an architecture that

apprehended contextual information through a gradually contracting path and localized the

concerned objects via a symmetric expanding path. Due to its structure, it was called UNet

and it is a classic work for medical image segmentation. The authors trained the network on

a few biomedical images with the application of the data augmentation process and achieved

state-of-the-art results. UNet++ [220] re-design skip pathways that connect the encoder and

decoder networks and adopt deep supervision on the basis of UNet to further improve the

segmentation accuracy of the model. Huang et al. [221] proposed a novel model UNet3+ that

reconstructs the connections between the encoder and the decoder and internally. The role of

the connections between decoders is to capture fine-grained details and coarse-grained semantics

from the entire scale.
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Apart from UNet, the Deeplab series is also one of the most popular CNN architectures

in the field of semantic segmentation. Since 2014, v1 [222], v2 [223], v3 [224] and v3+ [225]

series have been successively proposed. Deeplabv2 [223] and Deeplabv3 [224] adopt atrous

spatial pyramid pooling (ASPP) to embed contextual information, which consists of parallel

dilated convolutions with different dilated rates. Deeplabv3+ [225] is currently the latest neural

network structure of the Deeplab series, which is mainly improved based on Deeplabv3. This

network mainly borrows the traditional encoder-decoder architecture, expands a simple and

effective module for recovering boundary information.

Semantic segmentation requires a significant number of annotated data at the pixel level,

and this drawback is addressed in [226]. Souly et al. [226] proposed a semi-supervised method

of semantic segmentation, based on Generative Adversarial Network (GAN) [227]. Zhang et

al. [228] proposed a novel model named SegGAN, formed by fitting a pre-trained deep semantic

segmentation model into a GAN. This composite network learned features, which reduced

the loss between the original images and the generated ones, and eventually arrived at better

segmentation masks. In order to make reasonable use of limited visual information processing

resources, attention can be used to explain the alignment relationship between input and output

data and explain what the model has learned. The reason why the attention mechanism is so

popular is that the attention mechanism gives the network the ability to distinguish and focus.

5.2.2 Attention Mechanism

Attention mechanisms are widely used in computer vision to extract better visual features.

Attention not only tells where to focus, but it also improves the representation of interests.

Our goal is to increase representation power by using an attention mechanism: focusing on

important features and suppressing unnecessary ones.

Considering the number of positions, attention mechanisms are usually divided into soft

attention and hard attention. The soft attention mechanism is easy to implement and it attends

to arbitrary input locations using spatial transformer networks [229]. It produces a distribution

over input locations, reweight features and feed as input. Soft attention focuses on the image

channels and is a deterministic attention mechanism. Its advantage is that the derivative of the

function can be differentiated. Thus, the gradient values can be back-propagated through the
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neural network. In contrast, hard attention emphasizes the salient areas of the image and is

a random prediction process that focuses primarily on dynamic changes. It can’t use gradient

descent and need reinforcement learning.

According to the type of architecture, attention models can be implemented as encoder-

decoder [230, 231], transformer [229] and memory networks [232]. An encoder-decoder-based

attention model takes any input representation and reduces it to a single fixed length, a trans-

former network aims to capture global dependencies between input and output, and in the

memory networks, facts that are more relevant to the query are filtered out.

Depending on the type of focus, there are two types of attention mechanism: spatial

attention [233] and channel attention [231]. The spatial attention mechanism makes the network

pay more attention to the spatial position of the target, and the channel attention mechanism

tends to focus on the size of the target [234].

With respect to number of sequences, attention can be of three types, namely distinctive,

co-attention and self-attention. While in distinctive attention candidate and query states belong

to two distinct input and output sequences, in self-attention [235] the candidate and query

states belong to the same sequence. The self-attention mechanism just concerns single rather

than multiple cross-modal semantic information, that is, query, key, and value are all obtained

from the same semantic information in contrast to spatial transformer networks. Co-attention

accepts multiple input sequences as input at the same time and jointly produces an output

sequence.

There have been several attempts like [230,231,233] to incorporate attention processing to

improve the performance of CNNs in large-scale classification tasks. Wang et al. [233] proposed

Residual Attention Network which uses an encoder-decoder style attention module. With the

refining of the feature maps, the network not only performs well but is also robust to noisy

inputs. Instead of directly computing the 3D attention map, channel attention and spatial

attention can be learned separately. Hu et al. [231] introduced a compact module to exploit

the inter-channel relationship in their Squeeze-and-Excitation (SE) module. They used global

average-pooled features to compute channel-wise attention. However, these are suboptimal

features in order to infer fine channel attention. They also missed the spatial attention, which

plays an important role in deciding ‘where’ to focus as shown in [236]. Li et al. [237] and

Yu et al. [238] feed the features of deep layers with stronger semantics into SE-like attention
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block to provide high-level category information, which helped to precisely recover details in

the upsampling stage of image segmentation.

5.2.3 Attention-based Methods for Hand Gesture Recognition

The first noted visual attention-based work to recognize hand postures in the complex

background was given by [16]. The proposed method was simple without any deep architecture

and utilized a Bayesian model of visual attention generating a saliency map to detect and

identify the hand region. Feature-based visual attention was implemented using a combination

of high-level (shape, texture) and low-level (color) image features. Using deep networks, a

multi-channel method was proposed by [239] with spatial attention focused on the hands,

and different channels were fused using a sparse network. [240] extended MaskRCNN with a

novel attention mechanism to incorporate contextual cues that captures non-local dependencies

between features. [241] proposed a stacked 3D attention-based residual network (Res3ATN) with

convolution, residual and attention blocks in a sandwich manner layer after layer. The multiple

attention blocks can generate different features at each attention block. [242] used a transformer-

based neural network for dynamic hand gesture recognition. [243] proposed an attention-model

based on Inception CNN for extracting spatial features and Bi-LSTM (long short-term memory)

for temporal feature extraction in Arabic sign language classification. [244] applied transformer-

based self-attention mechanism to collect features from cropped input frames and combined

through mutual-attention feature fusion to produce a joint RGB-D representation.

Most of these attention mechanisms, however, do not consider spatial locality. But locality

is essential for hand detection in a scene. Furthermore, most of them are defined based on

similarity instead of semantics, ignoring the contextual cues obtained by reasoning about the

spatial relationships between semantically related entities. So, here, we have designed a method

for hand segmentation in images as well as videos using attention-based semantic segmentation

and subsequent recognition through deep networks.

5.3 Methodology

This section describes the workflow of the proposed method. The proposal has two sec-

tions: attention-based semantic segmentation and classification. Here, we have semantically
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segmented the static (still images) or dynamic (video frames or image sequences) gestures, and

segmented masks are subsequently fed to a classifier for recognition. The following subsections

shed light on the models as well as the work process for semantic segmentation and classification

independently.

5.3.1 Semantic Segmentation

As already mentioned, the objective of semantic segmentation is to assign labels to each

pixel and then link the similar pixels into a group. Here we employed UNet architecture for

obtaining a segmented mask image, where the hand portion is segmented from the background.

5.3.1.1 UNet structure

The network has a progressively narrowing structure, which tends to encode the input into

a fine to the coarse manner, followed by a decoding structure that broadens progressively. The

decoder adds skip connections. This makes the segmented result more accurate block after

block, as the finer details from the earlier layers of the encoding structure coalesce with the

layers of the decoding path (up6 with dropout4, up7 with conv3, up8 with conv2 and up9 with

conv1).

The architecture consists of convolutional blocks each on the encoding path as well as on

the decoding path. Each block of the encoding path contains two convolutional layers with

a receptive field of size (3 × 3) followed by a max-pooling layer with a (2 × 2) window. Zero

padding is done for the convolutional operation to maintain the same spatial dimensions of the

output feature map as the input. The layer succeeding the downsampling (max-pooling) layer

contains twice the number of channels in the previous layer. Also, a dropout layer is included

in the last and penultimate block of the encoder, which is basically to prevent the development

of the co-dependencies amongst neurons.

In the decoder, the max-pooling layer is replaced by the upsampling layer of window size

(2× 2). After each upsampling layer, there is a convolutional layer to match the dimension of

the feature map of the layer on the encoding path, which is concatenated with this layer. This

convolutional layer reduces the feature channel to half of the number of channels in the previous

layer. This is basically for the skip connection. The activation function for each convolutional
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layer is ‘ReLU’ except the last layer, which is ‘Sigmoid’.

5.3.1.2 Re-designed skip path with attention module

In the original UNet, the skip-connected feature maps of the decoder are received straight

from the encoder. But, here, we have made some modifications in skip connection by inserting

an attention unit called Convolutional Block Attention Module (CBAM) between encoder and

decoder. Dataflow passes through the chain of convolutional layers using CBAM in the skip-

connections. With the insertion of the attention module, the semantic distance between the

encoder and the decoder maps is likely to decrease. The architecture for the modified network

is shown in Fig. 5.3.

Figure 5.3: UNet architecture used for semantic segmentation with attention mechanism.
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5.3.1.3 Convolutional Block Attention Module (CBAM)

Usually, the attention mechanism is placed after the convolutional layer; then, the features

to which the attention network pays attention and the features extracted by the neural network

are input into the next convolutional layer. So, an attention network can be understood as a

weighting operation that operates on different feature regions. Convolutional Block Attention

Module (CBAM) [215] emphasize meaningful features along those two principal dimensions:

channel and spatial axes. To achieve this, we sequentially apply channel and spatial attention

modules, so that each of the branches can learn ‘what’ and ‘where’ to attend in the channel and

spatial axes respectively. Given an input image, two attention modules, channel and spatial

compute complementary attention, focusing on ‘what’ and ‘where’ respectively. The channel

attention block is proposed to integrate the interaction among the inter-channel feature maps.

It is employed to enhance the vital information of a feature map of the object i.e. hand.

The spatial attention mechanism focuses on the local regions of a feature map. Thus, this

module is employed to preserve the location of the hand information (ROI) in the feature

maps. Considering this, two modules can be placed in a parallel or sequential manner. We

found in the literature that the sequential arrangement (as shown in Fig. 5.4) gives a better

result than a parallel arrangement [215].

Given an intermediate feature map F ∈ RC×H×W as input, CBAM sequentially infers a

1D channel attention map Mc ∈ RC×1×1 and a 2D spatial attention map Ms ∈ R1×H×W as

illustrated in Fig. 5.4. The overall attention process can be summarized as:

F ′ = Mc(F )⊗ F, (5.1)

F ′′ = Ms(F
′)⊗ F ′ (5.2)

where ⊗ denotes element-wise multiplication. During multiplication, the attention values

are broadcasted (copied) accordingly: channel attention values are broadcasted along the spatial

dimension, and vice versa. F ′′ is the final refined output. The zoomed section of the channel

and the spatial portion in Fig. 5.4 depicts the computation process of each attention map. The

following describes the details of each attention module.
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Figure 5.4: CBAM architecture used for attention mechanism.

(i) Channel attention module: A channel attention map is exploiting the inter-channel

relationship of features. The spatial information of a feature map is aggregated by using

both average-pooling and max-pooling operations, generating two different spatial con-

text descriptors: F c
avg and F c

max, which denote average-pooled features and max-pooled

features respectively. Both descriptors are then forwarded to a shared network to pro-

duce our channel attention map Mc ∈ RC×1×1. The shared network is composed of a

multi-layer perceptron (MLP) with one hidden layer. To reduce parameter overhead,

the hidden activation size is set to RC/r×1×1, where r is the reduction ratio. After the

shared network is applied to each descriptor, we merge the output feature vectors using

element-wise summation. In short, the channel attention is computed as:

Mc(F ) = σ(MLP (AvgPool(F )) +MLP (MaxPool(F )) (5.3)

= σ(W1(W0(F
c
avg)) +W1(W0(F

c
max))) (5.4)
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where σ denotes the sigmoid function, W0 ∈ RC/r×C , and W1 ∈ RC×C/r. Note that the

MLP weights, W0 and W1, are shared for both inputs and the ReLU activation function

is followed by W0.

(ii) Spatial attention module: The spatial attention map is generated by utilizing the

inter-spatial relationship of features. On the concatenated feature descriptor, we ap-

ply a convolution layer to generate a spatial attention map Ms(F )H×W which encodes

where to emphasize or suppress. For this, we aggregate channel information of a feature

map by using two pooling operations, generating two 2D maps: F s
avg ∈ R1×H×W and

F s
max ∈ R1×H×W . Each denotes average-pooled features and max-pooled features across

the channel. Those are then concatenated and convolved by a standard convolution layer,

producing our 2D spatial attention map. In short, the spatial attention is computed as:

Ms(F ) = σ(f 7×7[(AvgPool(F ); (MaxPool(F )]) (5.5)

= σ(f 7×7[F s
avg;F

s
max]) (5.6)

where σ denotes the sigmoid function and f 7×7 represents a convolution operation with

the filter size of 7× 7.

5.3.2 Static Hand Gesture Recognition

For static gestures, above mentioned attention-based UNet architecture is employed to ob-

tain the segmented masks from the still images. Then these segmented images are fed to a

neural network for feature extraction and finally extracted features are fed to a classifier for

recognizing the gestures. The workflow is shown in Fig. 5.5. Though this model is simple,

experimental results have demonstrated that it is able to achieve state-of-the-art (SOTA) re-

sults. The following sections also throws light into the dataset used and the importance of data

augmentation process.
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Figure 5.5: Block diagram of the workflow for static hand gesture recognition.

5.3.2.1 Dataset

The dataset used for static hand gesture recognition is the Brazilian Sign Language (Libras)

dataset [11]. The official sign language of Brazil is called Libras. It consists of a total of 9600

images, evenly distributed among 40 classes. The different classes represent letters of Libras

alphabets (22 classes), numbers (6 classes), and a few words (12 classes). Though there are

40 classes in the original Brazilian Sign Language database, the experiments were carried out

for 34 compatible classes. Each class contains the segmented masks depicting the skin region

of the gesture. Each image in the dataset has a resolution of 50 × 50 × 3, and the images are

captured considering small variations in the illumination as well as the hand posture and size.

The background is kept uniform, without any cluttering objects.

5.3.2.2 Data Augmentation

Data augmentation plays a crucial role in deep learning approaches, as the number of data

samples required in deep learning techniques is very high. Data augmentation generates more

training data out of the few training samples available, generally employing affine transforma-

128

TH-2974_156102003



5.3 Methodology

tion to the samples. Thus, the model is exposed to every possible aspect of the distribution of

the data samples and helps it generalize the new data. For data augmentation, several trans-

forms are used like rotation up to 20 degrees, width shift (up to 0.2 range), height shift (up

to 0.2 range), sheer (up to 0.2 range), zoom mode (up to 0.2), fill mode on nearest data, etc.

This newly generated data also contributes to the required robustness against the variation of

scale, translation and rotation. The training sample size for the classifier network is increased

to 106800 images after data augmentation.

5.3.2.3 Generation of Segmented Masks

Till now, the architecture of the model has been discussed, and in this section, the process

of generation of the segmented masks is highlighted. Speaking of the procedure, the original

images are passed through the attention-based UNet architecture, and the output images are

obtained through the final convolutional layer of the decoder part of the trained structure.

After a sufficient number of images are generated through the data augmentation process, the

images are fed to the UNet model for training. For the training process, the input images

are arranged into two sections, one containing the original images, and the other containing

the segmented masks (included in the dataset in grayscale). During the training process, the

architecture learns to focus on the ROI portion and when the test images are fed, it can segment

out the hand portion. The segmented image has its advantage, as it has only two regions (i.e.,

the hand and the background), and it is free from variations in the intensity values within the

same region (shown in Fig. 5.6). The shading and the depth information are also not present,

which may increase the complexity and in turn, the time to process the images in the next

stage i.e. classification.

Since this dataset consists of two regions - the hand (i.e., the foreground) and the back-

ground, it is, in fact, a sort of binary segmentation problem, assigning a certain range of

intensity values to the foreground and the rest to the background. During the training process,

the parameters are optimized using the Adam Optimization method [245], where the learning

rate is kept at 0.0001 and the hyperparameters β1 and β2 are kept at 0.9 and 0.999 respec-

tively. The network is trained for twenty-five epochs with the loss function being the binary
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Figure 5.6: Semantic segmentation results showing attention masks for the Brazilian dataset: (a)
Shows the gesture images, (b) Shows the attention masks, (c) Shows the segmented masks, (d) Shows
the black/white attention masks and (e) Shows the heat-map of the attention masks.

cross-entropy, which is given as:

Loss(y, ŷ) = − 1

N

N∑
i=1

[ylogŷi + (1− y)log(1− ŷi)]) (5.7)

where, N is the number of samples and ŷ is the predicted value.

5.3.2.4 Kernel Initialization

For kernel initialization, he-normal initialization [246] is adopted. The reason for using he-

normal initialization is that, in this method, the weights are initialized, keeping in mind the

size of the previous layer, which helps in attaining the global minimum of the cost function

faster and efficiently. Also, the weights differ in range depending on the size of the previous

layer, which provides a controlled initialization. Above all, the initialization takes into account

the non-linearity induced by the ReLU activation function. In he-normal initialization, the
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primary interest is on the variance of the response of each layer. For a convolutional layer, the

output is given as: Y = WX + b, where W is the weight matrix of the filter, and b is the bias

vector. X is the input vector with n number of neural connections.

Let the elements in X and W are mutually independent and have identical distribution.

Then,

var[Y ] = var[WX] + 0

= E[W 2X2]− (E[WX])2

We know cov[X, Y ] = E[XY ]− E[X]E[Y ] and var[X] = E[X2]− (E[X])2

∴ var[Y ] = (cov[W 2, X2] + E[W 2]E[X2])− (cov[W,X]

+ E[W ]E[X])2

= 0 + (var[W ] + E[W ]2)(var[X] + E[X]2)−

(0 + E[W ]E[X])2

= var[W ]var[X] + E[W ]2var[X] + E[X]2var[W ]

Let yi, wi and xi are the independent random variables of Y, W and X respectively, and

also, let wi have zero mean. i represents the ith convolutional layer. Then

var[yi] = niE[xi]
2var[wi] (5.8)

Now if wi−1 has a symmetric distribution around zero, then yi−1 has zero mean and a

symmetric distribution. This implies E[xi]
2 = 1

2
var[yi−1]

∴ var[yi] =
1

2
nivar[yi−1]var[wi] (5.9)

For all the N layers,

var[yN ] = var[y1]
N∏
i=2

1

2
nivar[wi] (5.10)
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This product is the principal factor in initialization, which should not reduce or increase

the amplitude of a signal exponentially. Thus, 1
2
nivar[wi] = 1.

Hence, we can conclude that he normal initialization draws samples from a truncated Gaus-

sian distribution centred at zero with variance 2
number of input units in the weight tensor .

5.3.2.5 Classification

The classification problem in this work is a multi-class problem with a limited amount of

data. Hence, we opted for a pre-trained network [247], i.e., VGG16 [248], trained on ImageNet

dataset. The final images obtained after segmentation have two regions – the hand and the

background. Since the network is trained on RGB images, so these segmented images are con-

verted into 3-channel images using the pseudo coloring method. It is a minor pre-processing step

before feeding them into the classification stage, which would recognize the different gestures.

The objective of using the pre-trained network is to exploit the spatial hierarchy of features

learned by the network, which can be considered as generic and reusable representation of data.

Then the classifier on top of the VGG16 model is replaced by our classifier to learn the specific

features of the classes of used database. This classifier consists of a dense layer containing 512

neurons and ReLU as the activation function, which is followed by a dropout layer to fight

the situation of overfitting. The final layer of the classifier is a dense layer, with 34 neurons

giving us the respective class labels with softmax function being used for activation. The block

diagram of the classifier is shown in Fig. (5.7). The softmax activation function returns the

probability score of the different classes where the largest value gives the class predicted. It is

defined as:

f : RN → RN , such that f(xi) = exi∑N
j=1 e

xj
, for i = 1, ..., N and ∀xi ∈ RN

Similar to the semantic segmentation step, the weights are optimized similarly, but the

performance measure is being changed from binary to categorical cross-entropy, and it is given

as:

Loss(y, ŷ) = −
M∑
j=1

N∑
i=1

yijlogŷij (5.11)

where, N is the number of samples, M is the number of classes and ŷ is the predicted value.
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Figure 5.7: Block diagram for the classification process for static gestures.

5.3.3 Dynamic Hand Gesture Recognition

This attention-based model is modified and extended for dynamic hand gesture recognition

as well. A dynamic hand gesture video can be considered as a sequence of several static hand

gestures. This sequence contains enough information to be used for dynamic hand gesture

recognition. So, in this section, we first get the segmented masks for the sequential images

after some pre-processing steps. We have chosen a 3D-CNN (C3D) network as a classifier that

can capture spatial as well as temporal information of a video. The workflow is shown in

Fig. 5.8.

Figure 5.8: The workflow for dynamic hand gesture recognition.
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(a) (b) (c)

Figure 5.9: Some examples showing the challenges of IPN hand dataset: (a) Clutter backgrounds,
(b) Natural interaction with objects, (c) Weak illumination conditions.

5.3.3.1 Dataset

The dataset used for dynamic hand gesture recognition is the IPN hand dataset [214]. It

is a recent dataset with 13 static and dynamic gesture classes for interaction with touchless

screens. It contains 4,218 gesture instances and 800,491 frames from 50 subjects in 28 diverse

scenes. The recordings have different clutter backgrounds with varying illumination in both

static/dynamic scenes as shown in Fig. 5.9. All videos were recorded using a normal PC or

laptop in the resolution of 640 × 480 at 30 fps. The recorded gestures can be used to control

the pointer and actions focused on the interaction with touchless screens. Apart from the

RGB frames, real-time optical flow and hand segmentation results are also available with the

database.

5.3.3.2 Pre-processing

To effectively train the CNNs, we have adopted a few pre-processing steps as performed

by [249]. To reduce the chances of CNNs being trained on noisy data some filtering operations

are also performed. It is also noticeable that preprocessing is only done with the training data

to reduce the elements resulting in degraded performance and it is a prior expense of time. The

various pre-processing stages are outlined below-

(i) Each gesture video is first converted into several frames, then each frame is processed

individually. Each frame is normalized to [0, 1] to reduce the computation.
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(ii) The unwanted noise and spots in the frame are removed using median filtering.

(iii) The illumination variations in the frame are canceled out using Histogram equalization.

(iv) The hand portions in the frames are then segmented out using previously explained

attention-based UNet structure.

(v) The segmented frames are then combined again to form the video sequence for training

the 3D-CNNs.

5.3.3.3 Segmentation

Static gesture is represented by single still image and dynamic gesture is nothing but a

sequence of images. The segmentation method used for dynamic gestures is exactly the same

as for the static gesture. The only difference with dynamic gesture is that the semantic seg-

mentation mask is obtained for each streaming frame. Finally, all the segmented frames are

combined into a single video to be processed by the next classification stage.

5.3.3.4 Classification

The original C3D [168] was designed for RGB videos. The number of parameters of the

networks depends on the resolution of input frames. The original C3D was trained on the

large-scale dataset Sport1M [163], which consists of 1.1M videos downloaded from YouTube

consisting of 487 sports classes. 2D-CNN is extended to a 3D-CNN by incorporating the

temporal dimension of a video sequence. In 2D-CNNs, the dimension of each feature map is

c× h× w, where c represents the number of filters in the convolutional (conv) layer, h and w

represents the height and width of the feature map. In 3D-CNNs, the dimension of each feature

map is c×l×h×w, where additional parameter l represents the number of frames. This network

extracts the features which are compact and generic while being discriminative. As we worked

on two smaller databases, a slightly different architecture with 5 conv layers is employed which

has a smaller number of parameters compared to the original C3D [168] with 8 conv layers.

The proposed network has 5 space-time conv layers with 64, 128, 256, 256, 256 kernels. Each

conv layer is followed by a rectified linear unit (ReLU) and a space-time max-pooling layer. All

3D convolution kernels are of size 3× 3× 3, that gives the best performance [168] with stride
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1 × 1 × 1. Max pooling kernels are of size 2 × 2 × 2 except for the first, where it is 2 × 2 × 1

and stride is 2 × 2 × 1. The conv layers are followed by two dense layers with 2048 and 1024

neurons and ReLU as the activation function. To avoid over-fitting while learning, there is a

dropout in each dense layers. The parameter of dropout is set to 0.4, which means the layer

randomly excludes 40% of neurons. The final dense layer of the classifier has 13 neurons giving

us the respective class labels where softmax function is used for activation.

5.4 Experimental Results

This section gives an idea of the work performed and analysis of the results obtained. The

entire experiment was done in a python environment, taking the help of the NVIDIA Tesla K80

GPU in Google Colab.

5.4.1 Results for Static Gestures

The experimentatation is carried out on the Brazilian Sign Language dataset given by

Bastos et al. [11] for static hand gesture recognition. The results for this section is given in two

subsections namely for segmentation and classification.

5.4.1.1 Results for segmentation stage

The first step of the proposed method is to find the segmented masks of the dataset samples.

The input image is first resized into 64 × 64 × 1 image, and then, it is passed through the

UNet architecture along with the corresponding segmented mask provided by the dataset. The

training process was executed for 25 epochs in a regular PC of 8 GB RAM and 3.5 GHz

processor speed. It took about 413 seconds, i.e., 103 ms/image to segment 4000 test images

with an accuracy of 96.33 %. The comparison of the segmented masks provided by [11] and

the generated segmented masks are shown in Fig. (5.10). From the figure, it is evident that,

the segmentation results obtained in this work is better than the ones obtained by [11]. It may

be subjective, hence, in order to support the results obtained, mean Jaccard Similarity Index

and the mean PSNR values are calculated.

Jaccard Similarity Index, also known as Intersection over Union (IoU), computes the sim-
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ilarities between the elements of two sets. It ranges in the interval [0,1], with 0 referring the

sets to be disjoint and 1 signifying the exact match. Mean Jaccard Similarity Index is defined

as:

J =
1

M

M∑
j=1

∑
imin(Ii, Gi)∑
imax(Ii, Gi)

=
I ∩G
I ∪G

(5.12)

where M is the number of classes and I and G are the vectorized segmented mask and

ground truth respectively. It measures the overlap between two bounding boxes I and G as the

ratio of the total covered area.

Another measure used is PSNR, the ratio of peak signal power to noise power. The mean

PSNR measure is given as:

PSNR =
1

M

M∑
j=1

10log(peak2/MSE(f, gt)) (5.13)

MSE =
1

N1N2

N1∑
x=1

N2∑
y=1

(f(x, y)− gt(x, y))2 (5.14)

where, MSE stands for Mean Square Error and f and gt represents the image and the

ground truth respectively. N1 and N2 are the number of rows and columns of the image.

Table 5.1: Comparison of the segmentation performance measures for the Brazilian Sign Language
(Libras) dataset

Bastos et al. [11] Proposed method
(without attention module)

Proposed method
(with attention module)

Jaccard (IoU) 0.76 0.89 0.98
PSNR 15.11 15.62 17.32

Table 5.1 gives a comparison between the segmentation result of this work and the skin

segmentation using multilayer perceptron adopted by [11]. The table shows a slightly better

result for the PSNR measure, but the proposed work has achieved a significant improvement

in the Jaccard Similarity performance measure which justifies the betterment in the subjective

results shown in Fig. (5.10).
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Figure 5.10: Comparion among semantic segmentation outputs for static gestures: (a) shows the
gesture images, (b) shows the segmented masks obtained by [11], (c) shows the segmented masks
obtained through UNet without attention mechanism and (d) shows the segmented masks obtained
through attention-based UNet.

5.4.1.2 Results for classification stage

After segmentation, the images are passed through the classification stage. In [11], the

feature vector comprising of two shape descriptors - Histogram of Oriented Gradients (HOG)

and Zernike Invariant Moments (ZIM), are used for training and testing a two-stage Multi-Layer

Perceptron (MLP) classifier. This method produced a high recognition rate. Since the proposed

method also uses the same dataset, the work in [11] is used for comparing the classification

results. The original gesture images could also have been passed through the classifier without

going through the segmentation stage. But, through experimentation, it is found that with

the inclusion of the attention-based semantic segmentation the accuracy of classification has

increased from 93.28% to 99.50% (Table 5.2). This has also helped us achieve much better

results compared to the prior work by Bastos et al.
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Table 5.2: Comparison of Accuracy Performance (%) for the Brazilian Sign Language (Libras) dataset

Without pre-segmentation With pre-segmentation
(without attention module)

With pre-segmentation
(with attention module)

Bastos et al. [11] – 97.14% –
Our method 93.28% 98.97% 99.50%

The classifier training was done on 106800 images for 20 epochs and the model with the

best accuracy was saved. It took about 280 seconds for each epoch in the NVIDIA Tesla K80

GPU in Google Colab. For testing, 200 images were considered from 34 classes each in a 10-

fold cross-validation pattern. Fig. (5.11) depicts the training and the testing accuracy of the

model. Figure 5.12 gives the detailed confusion matrix of the testing phase. The yellow colored

cells show the true positives while the brown-colored cells represent the misclassified samples.

Table 5.3 shows the comparison of the results by Bastos et al. and the proposed method.

Figure 5.11: Plot depicting training and validation/testing accuracy for 20 epochs.

5.4.2 Results for Dynamic Gestures

The experimentation is carried out on the IPN hand dataset [214] for dynamic hand gesture

recognition. The databases used in previous chapters do not contain the ground truth segmented

masks. So, here we are using a new dataset for dynamic gesture since it contains the ground

truth segmented masks which are required for training purposes. The results for this section

are given in two subsections namely for segmentation and classification.
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Table 5.3: Table showing the comparison between Bastos et al. and the proposed method for static
gestures

Class Bastos et al. [11] Proposed Method
1 100 100
2 95.83 100
4 99.16 100
5 100 100
7 96.67 100

Adult 95.83 100
America 100 100
Plane 100 100
C 90 100

House 100 100
D 96.67 100
E 98.33 100
G 99.16 100
Gas 100 100
I 89.16 100

Identity 98.33 96
Together 98.33 100

L 95 94
Lei 99.16 100
N 99.16 100
O 96.67 96
P 100 100

Word 100 100
Stone 99.16 100
Little 90.83 100
Q 98.83 100
R 96.67 100
T 100 100
U 90.83 100
V 95.83 100

Verb 95 97
W 95 100
X 98.33 100
Y 95 100

Average 97.14 99.50
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Figure 5.12: Confusion Matrix for Static Gestures

5.4.2.1 Results for segmentation stage

The continuous video sequences are segmented into isolated gesture samples based on the

beginning and ending frames by manual annotation. Since we calculate on a 3D-CNN model,

first, the semantic segmentation masks are evaluated for each streaming frame. The subjective

comparison of the ground truth segmented mask provided by [214] and the generated segmented

masks are shown in Fig. (5.13). It is seen that when the frame is shaky, then segmentation is

not so accurate. For quantitative analysis, the mean Jaccard Similarity Index and the mean

PSNR values are given in Table 5.4.

Table 5.4: Comparison of segmentation performance measures for IPN hand dataset

Proposed method
(without attention module)

Proposed method
(with attention module)

Jaccard (IoU) 0.86 0.93
PSNR 13.60 19.52
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Figure 5.13: Semantic segmentation output for a few dynamic gesture frames from IPN hand dataset:
(a) Shows the gesture images, (b) Ground truths, and (c) Shows the corresponding segmented masks
obtained by our method.

5.4.2.2 Results for classification stage

The task of the classifier is to predict class labels for each gesture sample as shown in

Fig. 5.8. We use classification accuracy, which is the percent of correctly labeled examples as

an evaluation metric for this classification task. Table 5.5 shows the individual class accuracy

using the proposed method.

We have compared our results in Table 5.6 with [214] where authors have used RGB frames

as a single input and RGB frames with segmented masks (RGB-Seg) or RGB frames with

optical flow (RGB-Flow) as multi-modal inputs. From Table 5.6, it is clear that our method
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Table 5.5: Table showing the individual class accuracy for IPN hand dataset

Class B0A B0B G01 G02 G03 G04 G05 G06 G07 G08 G09 G10 G11

Accuracy (%) 89.21 86.23 90.20 87.30 88.72 87.52 86.80 87.50 88.23 88.50 87.60 87.91 87.75

has achieved SOTA performance. This is due to the effective attention-based segmentation

process which has led to better classification results. From the 324 instances of each class, 64

instances i.e. almost 20% is used for testing. Figure 5.14 gives the detailed confusion matrix

of the testing phase. The yellow colored cells show the true positives while the brown-colored

cells represent the misclassified samples.

Table 5.6: Comparison of performance measures (% accuracy) for Isolated IPN Gestures

Method Modality Accuracy (%)
C3D [214] RGB 77.75%
ResNeXt-101 [214] RGB-Flow 86.32%
ResNeXt-101 [214] RGB-Seg 84.77%
ResNet-50 [214] RGB-Flow 74.65%
ResNet-50 [214] RGB-Seg 75.11%
Our Method Segmented Masks 87.95%

Figure 5.14: Confusion Matrix for Dynamic Gestures
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5.5 Summary

Motivated by the success of the attention-based methods, and considering it from the view

of focus and region-wise representations, we have embedded an attention-based module in se-

mantic segmentation to capture global contexts from the perspective of space and channel for

better feature representations. CNN proves to be a magnificent tool for classification, whose

benefit can also be exploited for image segmentation tasks. Hence, two of the CNN-based deep

models - UNet and VGG16 are employed in this work concerning semantic segmentation and

classification respectively to achieve state-of-the-art results for static hand gesture recognition

problems. An attention-based UNet model is used for segmenting the gesture images in the pre-

processing stage, which is basically an encoding-decoding structure. It adds fine information

to the coarse layers, and thus, helps in improving the segmentation results. Moreover, bene-

fiting from the attention mechanism, UNet can be used more efficiently and effectively than

other segmentation methods. The hierarchical pattern learned by the UNet projects accurate

visualization of the problem at hand. Speaking of the classification stage, a pre-trained VGG16

network is used to extract the features of the segmented images, and the extracted feature

maps are passed through the designed classifier. This same process has also been extended for

dynamic hand gesture recognition as well. Here, in place of 2D-CNN, a 3D-CNN is used as a

classifier since it can capture more subtle spatio-temporal features. Comprehensive empirical

results verify that our proposed model is better than state-of-the-art. The main contributions

of our proposed model are as follows:

(i) A deep supervised attention module to focus and guide the learning of information for

segmentation in UNet structure.

(ii) We have proposed a novel approach for both static and dynamic hand gesture recognition

where the attention technique is used to increase the segmentation performance on similar

gestures.

(iii) We have demonstrated how the quality of segmented images impacts the performance of

hand gesture classification through experiments on two databases and have proven our

network has better results than state-of-the-art on a noisy dataset.
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Conclusion and Directions for Future

Work

There is a humbling amount of past works on vision-based hand gesture recognition. The ob-
jective of this thesis is to give some direction towards the development of a vision-based hand
gesture recognition system specifically for trajectory-based or dynamic gestures. One simple
agenda of a trajectory-based gesture recognition system can be to track the hand to find its tra-
jectory in the gesture video. So, with this motive in hand, this dissertation describes various
proposed trajectory-based methods to track the movement of the hand. In our first work, a
system is developed where the whole trajectory of the gesture is converted to a hand-trajectory-
based-contour-image depicting the contour of the gesture. But in this work, skin color-based
segmentation has been applied as a pre-processing step which may fail in many constrained
cases like the presence of skin-like colors in the background etc. Hence, in our next work,
a fusion-based scheme is adopted that can recognize hand gestures irrespective of the shape,
size and color of the hand. Lastly, a deep learning attention-based method has been applied to
improve the performance in gesture recognition which is applicable for both static as well as
dynamic hand gestures. This chapter reflects on these contributions, discusses future work for
gesture recognition, and concludes. We hope that future gesture recognition algorithm develop-
ers find our contributions useful, and get benefited from our schemes without having to reinvent
their own.
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6.1 Summary

At the beginning of this thesis, challenges faced by the computer vision community in rec-

ognizing hand gestures are mentioned in the introduction chapter. These challenges include

segmentation-related problems, constraints with extracted features and tracking related prob-

lems etc. Segmentation-related problems arise due to the presence of skin-like colors in the

background, illumination variations, background complexity, occlusion etc. In this research

work, we have proposed multiple frameworks to overcome some of the above-mentioned chal-

lenges in hand gesture recognition. The main goal of this dissertation is to detect and recognize

hand gestures which can be used as a pre-processing step for different HCI applications. In

our first work, we have proposed a two-level segmentation process by integrating motion and

color information, and a double-tracking approach for tracking the gesture trajectory. In the

preprocessing step, a skin segmentation framework suppressing the luminance component to

compensate for the illumination variations is used. A double-tracking system incorporating

mean-shift and particle filters with occlusion handling ability is applied for tracking the gesture

trajectory. But tracking the physical movement of the hand is quite challenging due to the

varied size, shape and color of the hand. So, in our second work, a motion template guided

by optical flow (OFMT) is proposed which can track the movement of the hand irrespective of

the shape, size and color of the hand. It is used in a 2D-CNN network along with a 3D-CNN

layer in a fusion scheme to enhance the recognition performance. Most hand-crafted features

require prior knowledge which can be avoided by deep learning methods that have a robust

and effective feature learning capability directly from the raw data. That is why we have used

deep learning methods for both feature extraction as well as classification purposes. Lastly,

deep learning methods have also been tried in semantic segmentation incorporating attention

module to achieve improved gesture recognition results in both static and dynamic gestures.

The summary of all the chapters of this dissertation is highlighted as follows:

i) Chapter 1 provides a brief description of a typical gesture recognition system and its dif-

ferent components. It also talks about the importance of gestures in the human-computer

interaction (HCI) community and different acquisition techniques. Different applications

and some recent advancements of gesture recognition systems are also discussed in this

chapter. In Chapter 1, various challenges in realizing a gesture recognition system are
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also discussed. Major challenges include - segmentation-related problems, gesture spotting

problems, problems related to two-handed gesture recognition, constraints with extracted

features and difficulties related to the articulated shape of the hand. Finally, Chapter 1 is

ended up with research motivation and the organization of the thesis.

ii) Chapter 2 reviews several existing methods for hand gesture recognition under various

conditions. The review section is presented in three parts according to the stages of a VGR

system: acquisition & pre-processing, gesture representation & feature extraction, and

recognition. The recognition section is again discussed in three subsections: conventional

methods on RGB data, depth-based methods on RGB-D data, and deep-learning-based

methods. The summary of the review and the scope for this thesis work is discussed in the

last section of the chapter.

iii) Chapter 3 focuses on developing a hand gesture recognition framework for isolated dy-

namic gestures using a convolutional neural network (CNN). In the preprocessing step, a

two-level segmentation process with compensation for the illumination variations and a

double-tracking system with occlusion handling ability is used for tracking the gesture tra-

jectory. In this step, each isolated dynamic gesture is converted into single image consisting

of the contour of the gesture trajectory that we call hand-trajectory-based-contour-images.

The CNN used for feature extraction has shown competitive performance on three different

datasets.

iv) Chapter 4 describes a proposed two-stream fusion model for hand gesture recognition.

The two-stream network consists of two layers - a 3D convolutional neural network (C3D)

that takes gesture videos as input and a 2D-CNN that takes novel OFMT images as input.

C3D has shown its efficiency in capturing spatio-temporal information of a video. It is seen

that skin segmentation may fail in different cases like the presence of skin-like colours in

the background. Hence, in this work, a motion template guided by optical flow (OFMT)

is proposed which can track the movement of the hand irrespective of the shape, size

and color of the hand. OFMT is a compact representation of the motion information of

a gesture encoded into a single image. In the experimentation, different datasets using

bare hands with an open palm, and folded palms wearing green gloves are used, and in

both cases, we could generate the OFMT images with equal precision. OFMT also helps to
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eliminate irrelevant gestures providing additional motion information. Though each stream

can work independently, they are combined with a fusion scheme to boost the recognition

performance. We have shown the efficiency of the proposed two-stream network on two

databases. Here the major contribution is novel OFMT images that can track the moving

hand irrespective of the shape, size, and color of the hand.

v) Chapter 5 explores the use of a deep-learning approaches for both static and dynamic

hand gesture recognition. Already deep networks have shown their efficiency in action

and gesture recognition fields achieving outstanding results and outperforming “non-deep”

state-of-the-art methods. So, in this work deep network has been applied to both segmen-

tation as well as classification problem to achieve improved results. The ability to discern

the shape of hands can be a vital issue in improving the performance of static hand gesture

recognition. Segmentation itself is a very challenging problem having various constraints

like illumination variations, complex background etc. The objective of the work is to incor-

porate the perception of semantic segmentation into a classification problem and make use

of the deep neural models to achieve improved results for both static and dynamic gestures.

This work utilizes the UNet architecture with attention-module to obtain the semantically

segmented masks of the input images, which are then fed to a classifier for recognition.

The concept of attention-mechanism adds to the improvement of segmentation accuracy.

In this work, for static gestures, the top classifier layer of the VGG16 model is replaced

with a classifier designed specifically for classifying the gestures at hand. For dynamic

gestures, 3D-CNN (C3D) architecture is used as a classifier that can capture spatial as

well as temporal information of a gesture video. The data augmentation process is used

in preprocessing to generate a sufficient number of training images for the aforementioned

CNN-based models. Significant and improved recognition has been achieved for both static

and dynamic hand gesture databases through the inherent feature learning capability of

CNN and refined segmentation.

6.2 Thesis Contributions

The main contributions of the thesis can be summarized as follows:
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• A two-level segmentation process by integrating motion and color information and a

double-tracking system with occlusion handling ability is proposed to track the gesture

trajectory.

• A method for converting the trajectory of a gesture video into an image called hand-

trajectory-based-contour-image is employed depicting the contour of the gesture trajec-

tory.

• A motion template guided by optical flow (OFMT) is proposed which can track the

movement of the hand irrespective of the shape, size and color of the hand.

• A fusion rule for a two-stream network is proposed basically for non-identical streams.

• A simple and flexible architecture to effectively learn contextual information through a

deep supervised attention-based semantic segmentation module.

• The rule-based algorithms of attention-based semantic segmentation for static gesture

interpretation have successfully been extended for dynamic gesture recognition.

• A limited in-house dataset is created for experimentation in a hand gesture recognition

system.

6.3 Future Research Directions

Our proposed work has addressed a number of existing issues for the hand gesture recogni-

tion system. Based on the outcome of this thesis work, here we provide some of the possible

future directions for further research. It points to certain areas which could benefit other

researchers.

• Our proposed work addressed a number of existing issues like hand shape, size and color

dependencies of a gesture recognition system. Some other issues like complex and dynamic

backgrounds are not explicitly addressed in this dissertation.

• In the future, some other direction of research may be in continuous hand gesture recog-

nition where gesture spotting is a big issue.
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• We also have not addressed various issues pertaining to two-hand gesture recognition.

Here the hands can overlap or occlude each other, thus impeding recognition of the

gestures. Simultaneous tracking of both hands is quite a big issue in two-hand gesture

recognition that can be addressed by future researchers.
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Appendix A: List of Databases with Brief Description

Sl.
N
o.

D
ataset

C
ontents

D
escription

R
G

B
-D

d
ataset

19
N
T
U

posture
dataset

by
R
en

et
al.,

2011
[263]

10
classes,

10
sub

jects,
1000

sam
ples

C
olour

as
w
ell

as
depth

m
aps,

cluttered
background,

recorded
w
ith

K
inect

20
C
olorT

ip
dataset,

2013
[264]

7
sub

jects,
9
classes,

7
training

sequences
of

betw
een

600
and

2000
depth

fram
es

F
ingertips

are
covered

w
ith

coloured
glove

for
autom

atic
annotation

21
N
Y
U

hand
pose

dataset,
2014

[265]
72,757

and
8252

fram
es

in
training

and
test

sets
2
users,

data
from

3
K
inects

(frontal
and

2
sides)

22
G
eneral-H

A
N
D
S
data-set,

2014
22

sequences
D
ifferent

view
-points,

scales,
poses,

and
occlusions

23
V
P
U

H
and

G
esture

dataset
(H

G
ds),

2008
[266]

12
classes,

11
sub

jects
O
ne

static
pose

video
per

gesture
(252

grayscale
fram

es);collected
by

tim
e-of-

flight
cam

era
24

C
haL

earn
gesture

data,
2011

[267]
62,000

sam
ples

H
and

gestures
including

body
ges-

tures;
recorded

w
ith

K
inect

25
M
SR

C
-12

K
inect

gesture
dataset,

2012
[268]

12
classes,

30
sub

jects,
6244

sam
ples

H
um

an
m
ovem

ent
including

body
ges-

tures;
recorded

w
ith

K
inect

26
C
haL

earn
m
ulti-m

odal
gesture

dataset,
2013

[269]
20

classes,
27

sub
jects,

13,858
sam

ples
Including

body
gestures

27
N
A
T
O
P
S

aircraft
handling

signals
database,

2011
[270]

24
classes,

20
sub

jects,
9600

sam
ples

Including
body

gestures

28
C
hA

irG
est

m
ulti-m

odal
dataset

,
2013

[271]
10

classes,
10

sub
jects,

1200
sam

ples
R
ecorded

w
ith

K
inect

and
inertialm

o-
tion

units
29

Sheffi
eld

K
Inect

G
esture

(SK
IG

)
dataset,

2013
[272]

10
classes,

6
sub

jects,
2160

sam
ples

T
w
o

illum
ination

condition,
recorded

w
ith

K
inect

and
R
G
B

cam
eras

30
FullB

ody
G
esture

(F
B
G
)
database,

2006
[273]

14
norm

algesture
ofdaily

life,10
abnorm

al
gesture

classes,
20

sub
jects

Full
body

3D
dataset

31
10

3D
digit

dataset
by

B
erm

an
et

al.,
2013

[208]
10

classes,
8
sub

jects
0-9

in
continuous

stream
,
dataset

col-
lected

using
P
rim

eSense
3D

cam
era

32
6D

M
otion

G
esture

(6D
M
G
)

dataset,
2012

[274]
10

digit
classes,

26
upper

and
low

er
alpha-

bet
classes

each
D
ataset

is
recorded

by
W

iidevice
w
ith

trajectories
in

space,
includes

som
e

body
gestures

also
33

H
and

gesture
datasets,

U
niversity

of
P
adova,

2014
[275]

10
A
SL

classes,
14

sub
jects

D
ataset

is
collected

w
ith

both
leap

m
o-

tion
controller

and
K
inect.

F
irst

of
its

kind
dataset

collected
by

both.
34

H
and

gesture
datasets,

U
niversity

of
P
adova,

2015
[276]

Several
static

gestures
C
ollected

w
ith

Senz3D
device

35
H
and

gesture
datasets,

U
niversity

of
P
olytechnique,

M
adrid,

2015
[277]

10
classes,

divided
into

2
sets

w
ith

5
ges-

tures
each

C
ollected

w
ith

Senz3D
device

182

TH-2974_156102003
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Appendix B: List of Databases with Source Links
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Appendix B: List of Databases with Source Links
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