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ABSTRACT 
 

Human Centered Computing is an emerging research field that aims to understand human 

behavior. One of the most recent, challenging and appealing applications in this framework 

is hand gesture recognition of sign language.  Deaf people utilize sign language as their 

sole means of communication. It includes a variety of gestures made up of diverse hand 

shapes. In addition, distinct gestures in sign language are assigned to various words, 

numerals, and alphabets of our language. These gestures are divided into two categories: 

one, static gestures and second, dynamic gestures. The static gestures are simply stances, 

but the dynamic gestures frequently include movement of body components. Many sign 

languages exist throughout the world, including Indian Sign Language (ISL), American 

Sign Language (ASL), Japanese Sign Language (JSL), and British Sign Language (BSL) 

etc. In all these sign languages, hand gestures play important role as they cover majority of 

all gestures. Indian Deaf people in India communicate with each other using Sign 

Language. However these deaf persons are unable to communicate with other people of the 

society who are able to speak because they are unable to comprehend sign language. This 

difficulty of communication among these two classes of people can be tackled by 

development of computer based automatic system that can recognize the gestures of sign 

language and translate them into text or voice. Such system can be used as a means of 

communication between deaf people and others people having speech ability.  

 

Sign Language Recognition has been a well researched topic for the ASL, but not so for 

ISL. Implementing Sign Language Recognition for ISL over other languages like ASL 

poses certain technological problems. Hand tracking and segmentation become difficult in 

ISL due to the complexity of gestures. Furthermore, there is no standard database available 

to do research in the field of ISL recognition. However, recent advancements in the field of 

image processing, computer vision, machine learning and deep learning has motivated 

researchers to do their research work in the field of ISL recognition. This thesis presents 

vision based system for real time recognition of both static and dynamic hand gestures for 

Indian Sign Language. We have used a self-built ISL hand gesture dataset and an existing 

ASL hand gesture dataset to train and test our static hand gesture recognition algorithms. 

In the case of the dynamic hand gesture algorithm, we have used one self-built as well as 

two other ISL dynamic hand gesture datasets.  
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Various machine learning techniques play important roles in the field of static gesture 

recognition. In order to recognize static gestures, proposed system is first trained using 

training dataset. For this, various features like Local Binary Patterns (LBP), Histogram of 

Oriented Gradients (HOG) and Speeded Up Robust Features (SURF) are computed from 

training images. We trained four different classifiers using these features, including the 

Support Vector Machine (SVM), Artificial Neural Network (ANN), K-Nearest Neighbours 

(KNN), and Linear Discriminant Analysis (LDA). During testing, features vector of frames 

from real time video are presented to these classifier for classification. RGB camera and 

Microsoft kinect sensor have been used as input devices. During experiment it is found that 

the proposed system is able to obtain a recognition rate of 99.49%. And, when using kinect 

sensor, our algorithms have performed well even with images with complicated 

backgrounds. 

 

Satisfactory performance of any recognition system requires output invariance with regard 

to specific transformations of the given input. In order to achieve this invariance along 

with high recognition rate, we have also introduced one hybrid feature vector formed by 

merging shape-based features such as Fourier Descriptors with region-based features such 

as Hu Moments and Zernike Moments. The feature vectors of training images are used to 

train the SVM classifier. This vector of hybrid features improved the system's performance 

by compactly capturing the foundations of invariance with regard to transformations such 

as scaling, translation as well as rotation. The system attained a recognition rate of 95.79% 

while being transformation invariant. 

 

The latest improvement in the field of deep learning has done better than usual machine 

learning approach in computer vision tasks. We have also build the system using one of the 

most impressive forms of deep learning algorithms - Convolutional Neural Network 

(CNN). Because of sparse connectivity and weight sharing features of CNN, the proposed 

system is found very efficient in terms of both speed and memory. Moreover it provided 

invariance with respect to scale, translation and rotation because of use of augmented 

dataset. During experiment it is observed to be very accurate system having recognition 

rate of 99.44%.  We have also trained and tested SVM classifier using deep features 

extracted from our proposed CNN network. In this case, SVM provided accuracy of 

99.75%. In addition, using our ISL dataset, two popular image classification networks, 
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GoogLeNet and VGG16, were retrained and evaluated. The accuracy of GoogLeNet and 

VGG16 was 99.54% and 99.59%, respectively. 

 

Dynamic gesture recognition is challenging task because of the dynamic behavior of 

gestures. They involve motion of hands. In order to accurately recognize ISL dynamic 

hand gestures, we have proposed one unified architecture by combining CNN and Long 

Short-Term Memory (LSTM) network. We have created two CNNs by retraining a well 

known image classification networks GoogLeNet and VGG16 using transfer learning.  

Frames of gestures videos are transformed into features vectors using these CNNs. As 

these videos are prearranged series of image frames, LSTM model have been used to join 

with the fully-connected layer of CNN.  We have evaluated this architecture on three 

different datasets consisting of ISL dynamic gestures. During experiments it is found that 

the proposed CNN-LSTM architecture is fast and efficient having capability to achieve 

very high recognition rate. For the three datasets considered during experiments, proposed 

algorithm using GoogLeNet-LSTM model achieved accuracy of 93.18%, 97.50%, and 

96.65%, respectively while VGG16-LSTM achieved accuracy of 86.14%, 95.62%, and 

91.29%, respectively. 

 

A user friendly GUI based system is also developed using all proposed algorithms to 

recognize both static and dynamic gestures.  With the help of this GUI, user can make use 

of the system to recognize gestures both from stored files as well as live camera. 

Furthermore, all of the proposed algorithms have been thoroughly evaluated with the help 

of deaf persons and professional signers, and have proven to be extremely accurate. 
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1.1 Introduction 

Sign language is the only medium of communication for deaf people where gestures are 

used for expressing meaning. 

body, as well as facial emotions are all used in these gestures.

gestures are assigned to various alphabets, numbers and words of our language. 

two types of gestures in general: 

static gestures include only poses 

Several sign languages exist around the world, including Indian Sign Language (ISL), 

American Sign Language (ASL), Japanese Sign Language (JSL), and British Sign 

Language (BSL) etc. The ISL alphabets as well as numbers are represented in Fig. 1.1.
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Sign language is the only medium of communication for deaf people where gestures are 

meaning. Hand shapes, posture, palm orientation, movement, arms or 

body, as well as facial emotions are all used in these gestures. In sign language, d

gestures are assigned to various alphabets, numbers and words of our language. 

two types of gestures in general: one, static gestures and second, dynamic gestures

only poses where as dynamic gestures include body parts 
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language. This communication challenge can be handled by using a human interpreter as 

an intermediary. However, these types of interpreters are expensive and may not be 

available at all times. An alternative solution is to develop a computer based system which 

can interpret sign-language symbols. A system like this might be used to communicate 

with deaf people. Developing an automatic system for hand gesture detection for ISL is 

more complex compared to other sign languages because it consists 

 

 Single handed as well as double handed gestures with complex hand shapes. 

 Static as well as dynamic hand gestures. 

 Facial expressions, Head/Body postures. 

 

Hand tracking and segmentation become harder in ISL because of the complexity of 

gestures. Furthermore, there is no standard database available to do research in the field of 

ISL recognition. So, implementing sign language recognition for ISL is technically 

challenging. As a result, very smaller amount of research work has been done in this area. 

As Dixit and Jalal [3] mentioned, gesture recognition can be done in two ways: hardware-

based or vision-based. A hardware-based solution necessitates the use of special hardware, 

such as a data glove, by the signer. However, this detracts from the system's naturalness. 

The vision-based approach [4] on the other hand, necessitates the use of image processing 

[5] and computer vision [6]. Due to variable lighting condition as well as dynamic 

background, vision based approach is very difficult to implement. But in comparison to 

hardware-based approaches, it is proven to be more suitable and feasible. Recently, many 

researchers are motivated to do research work in this area and, with the improvement of 

science and technology, have developed few methods to solve the communication problem 

of deaf people in India. The work presented in this thesis mainly aims to recognize static 

and dynamic hand gestures of ISL. 

 

1.2 Sign Language Recognition System  

 

Figure 1.2 depicts the major steps in a sign language recognition system. Training and 

testing are the two phases of the system's operation. During training phase, first 

preprocessing is done in order to find out hand regions from images of training dataset. 

Feature extraction is then performed to find important image features from the pre-
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processed images. Finally these features are presented to system along with class labels in 

order to train the classifier. During testing, input image after preprocessing and feature 

extraction is presented to trained classifier for classification.  

 

 

 

FIGURE 1.2 Sign language recognition steps 

 

1.2.1 Preprocessing of Frames  

 

Image acquisition, segmentation, and morphological filtering procedures [5] are all part of 

preprocessing. After the image is recorded using a camera, segmentation techniques are 

used to detect and track the hands in the image. Following that, morphological filtering 

techniques are employed to remove noise from the images and smooth the contours. 

 

1.2.2 Feature Extraction  

 

Feature extraction [5] is fundamentally a method of extracting image components which 

are helpful for shape representation as well as description. It also decreases data dimension 

by storing related data in a compacted representation and deleting data that is less 

discriminative. This procedure produces image features that are represented in form 

of vectors and used as input to a classifier. The accuracy of this stage has a big impact on 

how well you can recognise gestures. As a result, when developing hand gesture 

recognition, we must carefully choose the feature extraction approach. The desirable 

properties of features are invariant, robust, distinctive, discriminate, accurate and efficient. 

Today, there exists several feature extraction techniques that can be used for the purpose of 

computing image features.  

 

1.2.3 Classification  

 

A classifier is used in order to classify the given input signs into distinct classes after the 

feature extraction stage. The classifier is first trained using the feature vectors derived from 

the images of the training dataset during the feature extraction step. When a test image is 

presented, the trained classifier recognises it as belonging to one of the appropriate classes. 

Preprocessing Output 
Text/Audio 

Feature 
Extraction 

Classification Input 
Image/Video 
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Several machine learning classification algorithms are in existence today which, after 

training, can be used for the purpose of image classification. The performance of the 

classifier is mainly measured in terms of its accuracy. But there exists additional evaluation 

metrics also by which we can evaluate classification algorithm. These metrics are 

confusion matrix, error, recall, precision, f-score, specificity, false positive rate and false 

negative rate.   

 

1.3 Research Motivation  

 

Communication is one of the basic requirements for survival in society. Sign language is 

extensively used by deaf and mute people to communicate with each other internally. 

Other people in the society having speech ability do not understand the sign language. This 

limits social interactions between these two classes of people. Sign language recognition is 

a well researched topic for other sign languages like American Sign Language but not for 

Indian Sign Language. Gestures in Indian Sign Language significantly differ from those of 

other sign languages. Indian Sign Language uses both single and two hands for 

communication whereas American Sign Language uses only single hand for 

communication. Using both hands results in increased complexity of gestures. Indian Sign 

Language includes both static and dynamic gestures. In addition to this, lack of datasets 

along with variance in sign language with locality has resulted in restrained efforts in 

Indian Sign Language gesture detection. Our research work aims at taking the basic step in 

bridging the communication gap between deaf-mute people and others using Indian Sign 

Language.  

 

Further, hand gesture recognition is one of the most recent, challenging and appealing 

research topic in this field of computer vision and pattern recognition. Latest advancement 

in the field of image processing, computer vision, machine learning and deep learning 

algorithms have motivated us to develop hand gesture recognition system for Indian Sign 

Language.  In addition to that, the emergence in computing and the latest hardware 

technologies in RGB sensor and 3D depth cameras such as microsoft kinect sensors have 

provided a keen curiosity in utilizing them in our work. Effective customization of our 

work will not only make the deaf and mute people communicate faster and easier with 
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outer world, but also provide a boost in developing autonomous systems for understanding 

and aiding them. 

 

1.4 Research Objectives 

 

This work intends to build a hand gesture recognition system for Indian Sign Language 

using cutting-edge computer vision and machine learning methods. The PhD research work 

proposes to achieve the following objectives:  

 To study and investigate various machine learning and deep learning-based models 

for hand gesture recognition.  

 To create static and dynamic ISL hand gestures dataset of sufficient size. 

 To apply appropriate image pre-processing, feature extraction and classification 

techniques in order to recognize static hand gestures with high accuracy. 

 To develop an algorithm by introducing a new feature vector that provides 

invariance with respect to transformations like scale, translation and rotation. 

 To design the model and architecture for CNN that recognizes both static and 

dynamic hand gestures and delivers the highest level of accuracy possible.   

 To create an algorithm that can predict gestures both from stored file and real time 

camera. It should work well with different environment like changing lighting 

condition, complex background and varying user clothes etc. 

 To evaluate the performance of the proposed models and validate its results with 

existing state-of-the-art methods.  

 

1.5 The Scope of the work 

 

The goal of this research is to create vision-based static and dynamic hand gesture 

recognition algorithms to predict the commonly used ISL hand gestures. The scope of the 

study involves the following probable improvements in the proposed models for hand 

gesture recognition.  

 The research work presented here for static hand gesture recognition is tested for 

self-built image dataset which includes 26 alphabets (A-Z) and 10 numbers (0-9). 
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While the dynamic hand gesture related work is tested with the help of one self-

built video dataset and two others video datasets.  

 The research work for static gesture recognition is carried out for image 

information with RGB and Depth data with minor gesture variation. And for 

dynamic gesture recognition it is carried out for video information with RGB data. 

 This research work has been implemented using appropriate preprocessing and 

state of the art feature extraction, classification techniques in order to perform static 

hand gesture recognition.  

 Deep neural network based CNN model has also been used to perform static hand 

gesture recognition. For dynamic hand gesture recognition, an integrated CNN-

LSTM model has been designed which extract spatial and temporal information 

sequentially from a video.  

 

1.6 Statement of the Problem 

 

To create a computerized software system that can recognise both static and dynamic ISL 

hand gestures using various machine learning and deep learning techniques. This research 

work intends to predict ISL hand gestures with state-of-the-art accuracy from both a stored 

file and a live camera. 

 

1.7 Research Contribution  

 

A hand gesture recognition system must be capable of providing high accuracy, robustness 

and efficiency. The primary goal of our research work is develop such system. In this 

work, we have proposed vision based system for ISL hand gesture recognition having 

following main modules. 

 

Hand-Crafted Features Based Static Hand Gesture Recognition 

 An automatic static hand gesture recognition system has been designed using 

following machine learning approaches. 

Preprocessing 

 RGB Image - Hand Tracking using Skin Color Detection in YCbCr Model 

 Depth Image - Hand Tracking using thresholding in depth map  
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Feature extraction techniques 

 Local Binary Patterns (LBP) 

 Histogram of Oriented Gradients (HOG) Features 

 Speeded Up Robust Features (SURF) 

Classifiers 

 Support Vector Machine (SVM) 

 K-Nearest Neighbors (KNN) 

 Artificial Neural Network (ANN) 

 Linear Discriminant Analysis (LDA) 

 The system recognizes static ISL gestures corresponding to complete set of 

numbers (0-9) and alphabets (A-Z) with higher accuracy.   

 It provided accuracy of 96.99% for LBP features, 99.49% for HOG features, and 

accuracy of 99.40% for SURF features with SVM Classifier. 

 When using kinect sensor as input device, the system works well in all-around 

situation like different lighting condition, complex background and diverse user 

clothes etc. 

 

Transformation Invariant Hybrid Feature Vector 

 A hybrid feature vector is proposed by combining Fourier Descriptors, Hu 

Moments and Zernike Moments.  

 The proposed hybrid feature vector is very compact with length 47 and it provided 

invariance with respect to transformation like scale, translation and rotation.  

 Using this hybrid feature vector, SVM is trained to recognize static hand gestures 

and it provided overall accuracy of 95.79%. 

 

CNN Based Static Hand Gesture Recognition 

 CNN architecture consisting of 15 layers has been proposed which provided 

accuracy of 99.49%.  

 It is trained with augmentation dataset in order to achieve invariance with respect to 

rotation. 

 SVM was also trained with deep features extracted using proposed CNN 

architecture and it provided higher accuracy of 99.75%. 
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 Two pre-trained image classification networks GoogLeNet and VGG16 were 

retrained and evaluated using ISL dataset. GoogLeNet and VGG16 provided 

accuracy of 99.54% and 99.59% respectively. 

 

CNN-LSTM Based Dynamic Hand Gesture Recognition 

 A CNN-LSTM integrated architecture based system is proposed which recognizes 

ISL dynamic hand gestures corresponding to several words with high accuracy.   

 Two such integrated architectures have been formed using GoogLeNet and VGG16 

with the help of transfer learning.  

 The system is tested for three different datasets and GoogLeNet-LSTM model 

achieved accuracy of 93.18%, 97.50%, and 96.65%, respectively while VGG16-

LSTM achieved accuracy of 86.14%, 95.62%, and 91.29%, respectively. 

 

Furthermore, an easy to use GUI based System is designed for all the proposed algorithms 

by using which users can use the system to perform sign language recognition from stored 

file and real time camera as well. All of these algorithms have been evaluated with 

different metrics and they have been found improved in comparison to existing techniques. 

These algorithms have also been found very accurate when testing them with the help of 

deaf people and experienced signers.  

 

1.8 The Organization of the Thesis  

The main contents of the thesis are as follows.  

 

Chapter 1 deals with the general introduction of the research work. It elaborates about the 

basics of sign language recognition system and its applications. It also discusses 

motivation, challenges, objectives and significant contributions of the research work.  

 

Chapter 2 represents a comprehensive literature survey on sign language recognition. It 

covers various machine learning and deep learning techniques to identify the issues and 

challenges faced in this research. It also shows various deep learning architectures 

available for images and video processing.  
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Chapter 3 discusses an algorithm to recognize static hand gesture recognition. First it 

describes preprocessing techniques used in our system. It also explains, along with 

experiment results, various hand crafted feature extraction techniques and machine 

learning algorithms for classification.  

 

Chapter 4 discusses an algorithm introducing one transformation invariant hybrid feature 

vector. It briefly explains features like Fourier descriptor, Hu Moment and Zernike 

moments. The hybrid feature vector has been proved accurate and robust at the same time 

providing invariance with respect to scale, translation and rotation operation. 

 

Chapter 5 first briefly discusses about importance and usefulness of deep neural network in 

the field of computer vision. Then it explains the architecture of proposed CNN based 

model for static hand gesture recognition. The significant layers of CNN models are 

discussed in a few words. Evaluation of pre-trained models and their results have been 

discussed. 

 

Chapter 6 shortly gives details of LSTM architecture in initial part. Then it explains steps 

to create CNN-LSTM integrated architecture. Finally, proposed video classification 

networks using integrated CNN-LSTM model for dynamic hand gesture recognition have 

been discussed in detail.  

 

Chapter 7 contains the main conclusions of all the work proposed in this thesis. 

 

****** 
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CHAPTER – 2 

Literature Survey 

2.1 Introduction 

 
Several methods for the recognition of the sign languages have been proposed in the past 

to improve performance of the system. However, current advances in the area of computer 

vision have prompted us to pursue more research into the recognition of hand gestures 

using machine learning and deep learning approaches. Using these techniques, the Indian 

Sign Language (ISL) recognition has seen remarkable research activities. During our work 

we have carried out extensive study of existing research papers, literatures and systems. In 

this chapter, we have presented the survey of existing research works closely related to our 

problem statement.  

 
2.2 Input Devices 

 
The emergence in computing and the latest hardware technologies have realized the use of 

natural interaction with computers. Sign language recognition is one of the prominent 

fields of natural interactions. Different devices like RGB web camera, depth mapping 

sensors such as Kinect and LeapMotion have been commonly used for the purpose of 

image and video capturing.    

 
2.2.1 RGB Camera 

 
The most popular and ubiquitous sensors available today is RGB sensor which uses visible 

light to form an image. It capture image in three different channels: Red, Green and Blue. 

Most RGB sensors capture videos at 30 FPS, whereas some sensors can capture at 60 and 

120 FPS. The resolution of RGB cameras varies from 320 x 240 to 10 Megapixels. The 

spectral information in RGB digital cameras is compressed into a trichromatic scheme that 

approximates the real colours of objects. The spectral sensitivity of RGB digital cameras 

differs from that of the human eye, despite the fact that they use the similar compression 

attitude as the human eye. The extent to which they deliver the same chromatic 
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experiences, particularly for complex images, is also unclear.  João et al. [7] compared the 

real colours acquired from spectrum imaging to those acquired from RGB cameras to 

answer this question. The chromatic differences between human eye system and RGB 

system were calculated using data from hyperspectral photography of 50 natural sceneries 

and 89 paintings. The associated colour errors were calculated and examined. The results 

showed that the estimated chromatic errors were near to the acceptability error, indicating 

that RGB digital cameras can create very accurate colours in difficult circumstances. 

 
2.2.2 Kinect Sensor 

 
Recent advancements in 3D depth cameras, such as Microsoft Kinect sensors [8] [9], have 

opened up a slew of new possibilities for computer vision. As depth cameras have many 

advantages over traditional RGB cameras, there has been a keen interest in utilizing them 

in hand gesture recognition. The Kinect sensor allows the computer to sense the users' and 

the environment's third dimension (depth), making the process considerably easier. Depth 

maps can work in a dark environment and completely robust to the light. Han et al. [10] 

provide a detailed evaluation of computer vision based methods using contemporary 

Kinect sensor. The approaches were categorized based on the types of vision issues that 

can be tackled or improved using the Kinect sensor. Preprocessing, track and recognition 

of object, analysis of human activity, analysis of hand gesture, and indoor 3-D mapping 

were among the topics covered. 

 

It is not possible to acquire scene information from very close or very long distances with 

Kinect [11]. To get good results, the user must face the Kinect at a suitable distance, which 

is between 0.8 and 5.5 metres. Kinect captures a picture with lots of noise and flickering at 

distances nearer than 0.8 m. Similarly, the brightness of the depth image fluctuates 

significantly at distances greater than 5.5m. 

 

Xuhong and Jinzhu [12] proposed an enhanced threshold segmentation method to provide 

rapid and stable gesture recognition in real time without distance constraints. The spatial 

hierarchical scanning approach is used to combine both colour and depth data of an 

intended scene having hand position, and the region of interest from the scene is retrieved 

using the local neighbour method. In this approach, the hand may be swiftly and reliably 

spotted in complex scenarios at various distances. Additionally, a convex hull recognition 
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method is employed to determine the placement of fingertips in region of interest, allowing 

them to be precisely detected and located. The testing results reveal that in a complicated 

scene, the hand location can be determined fast and reliably, with a real-time identification 

distance interval of 0.5 to 2.0 m and average fingertip detection rates of 98.50%. 

Furthermore, the convex hull identification algorithm can recognise gestures at a rate of 

more than 96.00%. 

 
2.2.3 Leap Motion Controller (LMC) 

 
Leap Motion has created a new consumer-grade sensor called the Leap Motion Controller 

[13]. It's primarily intended for higher-accuracy finger position and hand gesture detection 

in interactive software based applications. Weichert et al. [14] presented a first research of 

a Leap Motion Controller to examine its capabilities in real surroundings. The main focus 

of emphasis is on evaluating the precision and repeatability of the Leap Motion controller 

through the creation of applications in the field of Human-Computer Interaction. During 

tests, it proved to be more accurate. Furthermore, Rehman et al. [15] suggested a new 

interaction technique for interacting with Virtual Environments utilising the Leap Motion 

controller that leverages single fingertip-based motions. 

 
2.3 Preprocessing 

 
Preprocessing consists of segmentation and morphological filtering methods. Segmentation 

performs hand detection and tracking in the image. Morphological filtering techniques 

eliminate the noise from the images and smooth the contour so, that it can be used for 

further image processing. 

 

Hand region can be detected efficiently with the help of depth sensor like Kinect. Tukhtaev 

and Keun [16] proposed a simple and yet efficient way of hand gesture recognition via 

segmenting a hand region from both color and depth data acquired by Kinect. For color 

data, thresholding in YCbCr color space is used for skin color detection. And for depth 

data, thresholding in depth is performed. Finally, hand region detection is accurately 

performed by applying pixel to pixel coordinate matching between two thresholded 

images. The Inception model of the image recognition system is used to check the 

reliability of the proposed method. Experimental results achieved high accuracy. 
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The important information for obtaining image outline is the recognition of the target 

object through edge detection. Sobel operator is a widely used for edge detection. It has 

templates for convolution in both horizontal and vertical directions. The algorithm, 

however, is unaffected by edges in other directions because it only employs two horizontal 

and vertical templates. As a result, the recovered image contours are not optimal for 

images having more complicated textures and slanted edges. It has also limited anti-noise 

capability.  

 

Wang et al. [17] presented an enhanced Sobel method for static gesture segmentation in 

order to tackle this problem. Their method starts by bilaterally filtering the stationary 

image, denoising and retaining the boundary to the maximum level possible; then it 

performs skin colour detection to separate the hand region; and finally, the two direction 

Sobel algorithm 45° and 135° templates are used. According to tests, it provided better 

accuracy for segmentation of simple static gesture. 

 

Wang et al. [18] proposed novel hand segmentation and fingertip detection method based 

on the principle of skin color. The color space YUskinVskin has been designed from YUV 

color space and it performed well when the camera was properly adjusted, and it can resist 

the change of hue when the hand area is relatively large in the image. In terms of fingertip 

detection, the color feature of fingernail has been studied and the concomitance of fingertip 

and fingernail has been adopted to enhance the performance of fingertip detection. In 

practice, the fingertip detection rate achieved more than 98.70% with false alarm rate less 

than 3.9%.  

 

After skin colour detection, the image's interference noise and redundant information can 

be effectively removed, the image's integrity can be assured, and the success rate can be 

enhanced. Tang et al. [19] investigated image preprocessing techniques such as image 

median filtering, image binarization, and edge detection using Laplacian operator. The 

simulated detection results show that image preprocessing can defeat various faults in the 

original image, including partial blur and substantial noise interference. Processing 

produces clearer, noise-free findings, resulting in useful data samples for hand 

segmentation and feature extraction for gesture prediction. 
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2.4 Hand Crafted Features Based Hand Gesture Recognition 

 
Handcrafted feature descriptors are frequently used in image recognition tasks because of 

their outstanding performance in object recognition applications. These descriptors mainly 

encode repeated patterns and distinct image characteristics such as texture, gradient 

magnitudes and orientations, phase information, and their distribution in a given image. 

Features like Speeded Up Robust Features (SURF) [20], Scale Invariant Feature Transform 

(SIFT) [21], Local Binary Patterns (LBP) [22], Histogram of Oriented Gradients (HOG) 

[23], Invariant Moments [24] [25], Fourier Descriptors [5] etc. have been widely used for 

representing images. Many researchers have worked in the field of sign language 

recognition with the help of these features and have used various machine learning 

classification algorithms like Hidden Markov Model (HMM) [26], Support Vector 

Machine (SVM) [27], Artificial Neural Network (ANN) [28], K-Nearest Neighbors 

algorithm (KNN) [29] and Linear Discriminant Analysis (LDA) [30] etc.  

 

A comparison between two popular feature extraction methods SIFT and SURF is 

presented by Sykora et al. [31]. These two methods were tested on set of depth maps of ten 

defined gestures of left hand. SVM was used as classifier.  The experiment results clearly 

indicated that SURF provided better accuracy than SIFT. Ravi et al. [32] approached kind 

of a difficult problem of extracting and recognizing complex sign language gestures from 

video sequences with Indian sign language (ISL) videos. They devised a hybrid technique 

combining Discrete Wavelet Transform (DWT) and Local Binary Pattern to remove video 

frame noise during capture and retrieve local shape information. The goal at this point is to 

use a set of wavelet coefficients to depict the shape of a moving signer's hand. The local 

hand shapes in consecutive video frames are represented by fused features, which form a 

2D point cloud. Haar-LBP fused features better represented sign video data due to the 

inclusion of global and local features in the suggested feature matrix. ANN achieved a 

recognition rate of 92.79% using these features. 

 

In terms of shape recognition, the Krawtchouk moment-based features prove to be 

effective. Lower order Krawtchouk moment-based shape features were analyzed by Kaur 

and Joshi [33]. Variable region of interest is used to monitor the behavior of lower orders 

1D and 2D Krawtchouk moment-based features. They used Jochen-Triesch's database and 

a hand gesture dataset of 10 ISL alphabets to assess the usefulness of shape recognition 
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capabilities of lower orders 2D Krawtchouk moment features. There is also a comparison 

of the original and reduced feature set. For all KNN, SVM, MLP, and ELM classifiers, 

experimental results showed that the feature with reduced dimensionality gives adequate 

accuracy with comparison to original features. 

 

A revolutionary concept of incorporating sign language into smart phones is simulated and 

tested by Rao and Kishore [34] in order to bring sign language recognition application on 

mobile devices. With the help of ten different signers, a dataset consisting 18 signs was 

created. It used Gaussian filtering for pre-filtering, sobel with adaptive block thresholding 

for segmentation, and morphological subtraction for contour detection. Discrete cosine 

transform was used to compute hand and head contour energies. Sign features were 

classified using Euclidian, Normalised Euclidian, and Mahalanobis distance metrics. 

Mahalanobis distance consistently produced a word matching score of roughly 90.58% 

with comparison to other metrics for the similar train and test sets. ANN outperformed 

minimal distance for various train and test samples. 

 

Chen and Ge [35] have proposed HMM based dynamic hand gesture recognition method 

where dynamic hand gestures were first extracted from continuous data. Then HMM 

classifiers were trained using four features namely palm posture, the opening angle of the 

fingers, gesture trajectory and bending angle. The method was evaluated on leap motion 

acquired data and it provided accuracy of 90.63% for LM-Gesture3D dataset and 93.3% 

for Letter-gesture dataset. 

 

Kumar et al. [26] proposed a novel multi-sensor fusion framework approach using 

combined Kinect/LeapMotion for ISL Recognition with the help of Coupled HMM 

(CHMM). The framework has been used to recognize 25 words of the ISL. It provided 

90.80% accuracy. The LeapMotion based system is proposed by Naidu and Ghotkar [36] 

which classified 45 ISL gestured with 90.00% accuracy. Euclidian distance measure, 

similarity, Jaccard and dice similarity have been used in that system. But their approach 

recognizes only static gestures. 

 

Comparative study of four SVM Classifiers to recognize five Arabic Sign Language words  

is presented by Almasre et al. [37] using Kinect and LMC sensors. Histogram 

representation of depth data of a human body’s skeleton was computed and used as 
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features to train SVM classifier. Two SVM models SVMLD and SVMLT with linear 

kernel and Two SVM models SVMRD and SVMRT with radial kernel functions were 

created using different parameters. SVMLD, SVMLT, SVMRD, and SVMRT had 

accuracy of 97.059%, 97.059%, 94.118%, and 97.059%, respectively, from the testing set. 

The study concluded that the less difficult model (linear kernel) with a default parameter 

should be used. 

 

Joshi et al. [38] presented an ISL recognition utilising HOG features. To find the values of 

these features, a decision-making technique based on Taguchi and Technique for Order of 

Preference by Similarity to Ideal Solution (TOPSIS) is used. The specified values of 

features are then applied to obtain multi-level HOG for the collected ISL dataset 

with complex background, resulting in an overall accuracy of 92.0% for 280 features. For 

classification, many distance measurements might be utilised. A technique for identifying 

continuous Indian Sign Language gestures was proposed by Tripathi et al. [39]. For key 

frame extraction, they first employed a gradient-based technique. Using these key frames 

continuous sign language gestures are break down into a series of signs at the same time 

eliminating non-informative frames. Finally, the Orientation Histogram (OH) features were 

extracted from these signs, and Principal Component Analysis (PCA) is used to reduce 

dimension. Experiments were conducted on the authors' own continuous ISL dataset, 

utilising a variety of classifiers such as Euclidean distance, correlation, Manhattan 

distance, and city block distance, among others. According to a comparative analysis, the 

results produced from correlation and Euclidean distances were more accurate than those 

obtained from other classifiers. 

 

Singha and Das [40] developed a system that used Eigen vector as feature and Eigen value 

weighted euclidean distance classier for 24 different alphabets and achieved 96.25% 

recognition rate. Kumar et al. [41] proposed a multimodal framework for Sign Language 

Recognition system that incorporates facial expression along with sign gestures using two 

sensors: Leap motion and Kinect. For classification, Hidden Markov Model (HMM) is 

used. Independent Bayesian Classification Combination (IBCC) approach is used for 

improve of performance of recognition and achieved recognition rates of 96.05% for single 

hand gestures and 94.27% for double hand gestures. Rokade and Jadav [28] initially 

transformed preprocessed binary images using Euclidean distance transformation.  Column 

and row projection is then applied on resultant transformed image. During feature 
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extraction, Hu moments along with central moments were used. The recognition rates 

achieved was 94.37% for neural network classier and 92.12% for SVM classier. Raheja et 

al. [27] used HSV colour space for preprocessing and segmentation in their system. The 

Hu Moments and motion trajectory were then retrieved and utilised to train the SVM. 

97.50% accuracy was attained. Ansari and Harit [42] proposed an application that 

employed Microsoft Kinect to capture images and SIFT features. It has a 90.68% accuracy 

rate on average. Badhe and Kulkarni [43] proposed a feature extraction approach based on 

2D FFT Fourier Descriptors, in which a vector codebook is constructed using LBG and 

template matching is done using a basic Euclidean Distance algorithm. The system's 

accuracy was 92.91%. Dixit and Jalal [3] used combination of Hu invariant moment and 

structural shape descriptors as features. For classification, a Multi-class Support Vector 

Machine (MSVM) is used which achieved recognition rate of 96.23%. Chaudhary and 

Sunitha [44] created a technique that uses skin segmentation using YCbCr and HSV colour 

models to segment the hand region. HOG characteristics are extracted from segmented 

images and used to train a classification Support Vector Machine. In Indian Sign Language, 

Adithya et al. [45] suggested a system for automatically identifying finger spelling. 

Segmentation based on skin colour detection is used to detect the hand region from input 

images. The distance transform based shape feature of the image is employed for feature 

extraction. For classification, a feed forward neural network was utilised, and the accuracy 

was 91.11%. Gupta et al. [29] offer a method that first divides gestures into single-handed 

and double-handed categories. After that, a feature vector combining HOG and SIFT 

features is created. The K-Nearest Neighbour Classier was used to classify the data, and 

the accuracy was 91.00%. 

 

2.5 Deep Neural Network Based Hand Gesture Recognition 

 
The latest improvement in the field of deep learning via use of CNN has done better than 

usual machine learning approach in computer vision tasks. Because of their accurate and 

simple architecture, many authors have used CNNs to solve difficult hand gesture 

recognition tasks. 

 
2.5.1 CNN Based Static Hand Gesture Recognition 

 
So far, a number of deep learning models have demonstrated their ability to handle 

millions of images and produce accurate results. Deep convolutional neural networks are 
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one of the most common deep learning models, with a wide range of computer vision 

applications. When a deep CNN was used for object recognition in ImageNet [46] and won 

the challenge in 2012, CNNs garnered a lot of attention. ImageNet is a collection of over 

15 million high-resolution images organised into 22,000 categories. Image classification 

networks like AlexNet [47], VGG16 [48], GoogLeNet [49], ResNeXt [50], SqueezeNet 

[51], ResNet [52] and Densenet [53] are the majority used and successful way of 

classifying images using deep learning in recent years. These pre-trained models are a 

major factor for rapid advances in Computer Vision research. Other researchers and 

practitioners can use these state-of-the-art models instead of re-inventing everything from 

scratch. These models not only help us increase the efficiency and accuracy of our outputs, 

but they also make image classification in Deep Learning projects easier. 

 

The Inception Network was a key development in the field of CNNs. GoogLeNet was the 

first version of the Inception network, and it took first place in the ImageNet Large Scale 

Visual Recognition Challenge (ILSVRC) 2014. The GoogLeNet architecture contains 

filters with several sizes that can work on the same level to tackle the problem of 

overfitting. The network becomes larger rather than deeper as a result of this concept. As 

seen in Fig. 2.1, the GoogLeNet Architecture has 22 layers having 27 pooling layers. There 

are a total of 9 inception modules layered in a linear fashion. The pooling layer for global 

average is connected to the ends of the inception modules. The convolution procedure is 

done on inputs with three filter sizes: (1 × 1), (3 × 3), and (5 × 5) in each inception module. 

The convolutions are additionally subjected to a max-pooling procedure before being 

transferred to the next inception module. To minimise the network's dimensions and speed 

up computations, the authors added an extra (1 × 1) convolution before the (3 × 3) and (5 × 

5) convolutions to limit the number of input channels.  

 

Simonyan and Zisserman [48] presented the important VGG network architecture using 

CNNs. This network is identified by its simplicity, using an increasing depth of just 3 x 3 

convolutional layers stacked on top of each other. Max pooling has been applied for 

reducing the volume size of the network. A SoftMax classifier then follows two fully-

connected layers; the size of each layer is 4096 nodes. Moreover, smaller filters have fewer 

parameters than large filters. Fig. 2.2 describes VGG16 network architecture. This 

network's biggest drawback is that the training time is painfully very slow and the network 

weight is very high. 
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FIGURE 2.1 GoogLeNet Architecture [49] 
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FIGURE 2.2 VGG16 Architecture [54] 

 

Many researchers have introduced their own CNN architecture in the field of sign language 

recognition. Abiyev et al. in [55] proposed sign language translation system based on 

hybrid model for object detection and classification using the American Sign Language 

(ASL) finger spelling dataset.  This model used SSD for hand detection, a deep learning 

architecture Inception v3 for feature extraction and the SVM for classification. The 

achieved results as well as comparative analysis exhibited the competence of using the 

suggested hybrid structure for sign language recognition. 

 

Mujahid et al. [56] introduce a lightweight model for gesture recognition based on 

DarkNet-53 and YOLO CNNs with no further preprocessing, image filtering, or image 

enhancement. Even in complex surroundings, the suggested model exhibited good 

accuracy and effectively detected gestures for low-resolution picture mode. It produced 

better outcome by extracting hand features and detected hand movements of suggested 

YOLOv3 based model when tested on a labeled database of hand movement for both 

YOLO and Pascal VOC format. 

 

Tur and Keles [57] created a framework for isolated sign recognition consisting of three 

modules: Feature extraction, Dimension reduction and Sequence modeling. These three 

module structures in the specified sequence use both RGB and depth data modalities to 
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produce a range of models with variable settings in each module. Feature extraction was 

performed through pretrained VGG16 and ResNet50 networks. For dimension reduction, 

the authors created two CNN models for each network, each of which is trained to learn a 

nonlinear function for projection from higher to lower dimensional space using data. For 

each modality, both of these networks for feature extraction have been paired with each of 

two dimension reduction networks, yielding four potential combinations. The Hidden 

Markov Models were trained using the resulted features. 

 

Mohammed et al. [58] proposed a hand detection and gesture recognition architecture in 

which the entire image is first passed through a dense object detector having single stage 

for extraction of hand regions, that are then passed through a lightweight CNN for 

recognition of hand gesture. They used the Indian Classical Dance (ICD), EgoHands, 

Oxford, and 5-signers datasets, as well as two other hand gesture datasets, the LaRED and 

TinyHands datasets, to conduct comprehensive tests. Experiments showed that their 

proposed architecture is both efficient and reliable. 

 

Many previous works have offered methods for partial sign language identification; 

however Chong et al. [59] proposed a method for full ASL recognition consisting of 26 

letters as well as 10 numbers. Using the Leap Motion Controller, the authors constructed 

their own dataset and computed numerous features based on hand palm sphere radius, hand 

palm position, and fingertip position. These features were used to train a deep neural 

network (DNN), which had an accuracy of 88.79%. A CNN architecture based on two-

stage is proposed in [60] for healthy hand gestures recognition. It is referred as HGR-Net. 

In the first stage, segmentation is performed to determine hand region. In the second stage, 

recognition takes place where gesture is identified. The first stage made use of mixture of 

fully CNN and spatial pyramid pooling. And second stage used a double-stream CNN, 

which combined the data from both the RGB images and segmented images with fusion of 

their deep illustrations within fully connected layer, a layer previous to classification. 

 
2.5.2 CNN Based Dynamic Hand Gesture Recognition  

 
Deep learning is also extensively used by research persons in several artificial intelligence 

applications like video classification. CNN operates excellent not only on images but also 

on videos. To work with videos, it requires a Recurrent Neural Network (RNN) to handle 
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time-domain information. Many authors have carried out their work in the field of dynamic 

hand gesture recognition. A dynamic hand gesture recognition algorithm proposed by 

Zhang et al.  [61]. The data is collected using a radio frequency approach based on Channel 

State Information (CSI). Gray value images are created using adaptive weighted fusion, 

Kalman filtering, threshold segmentation, and data conversion. Finally, the YOLOv3 

object detection method is utilised to train and identify a grayscale image with continuous 

dynamic hand gesture information. For four custom dynamic hand gestures, the suggested 

technique has an average recognition accuracy of 94.0%. 

 

Wang [62] suggested a method for recognising continuous gestures that consists of two 

modules: segmentation and recognition. Using information about hand motion and 

appearance, segmentation module divided video frames into gesture frames as well as 

transitional frames, and continuous gesture series were separated into isolated series. The 

approach used the spatiotemporal information included in depth and RGB sequences in the 

recognition module. Convolutional LSTM Networks were used in the RGB modality to 

learn the spatiotemporal long-term features from the spatiotemporal short-term features 

derived from a 3D-CNN. For the case of depth modality, the method used weighted rank 

pooling to turn a series into Dynamic Images as well as Motion Dynamic Images, which 

are then fed into CNNs. The technique provided state-of-the-art performance on both the 

ChaLearn LAP Large-scale Continuous Gesture Dataset and the Montalbano Gesture 

Dataset. 

 

Yang et al. [63] proposed a Recurrent Neural Network with double-layer having 

bidirectional approach for dynamic hand motion recognition from a LMC. In addition, 

using LMC, an effective method for capturing dynamic hand motions has been identified. 

Sets of features from the LMC were used to represent dynamic hand motions. It is based 

on a bidirectional RNN with two layers. Furthermore, a framework for dynamic gesture 

acquirement is given which includes 26 distinct features based on distances between 

fingers, positions and angles. The system produced results with high-accuracy, and 

proposed method outperformed several previous works on ASL. 

 

Al-Hammadi et al. [64] suggested a system that uses a combination of deep learning 

approaches to recognise dynamic hand gestures. Local hand shape features as well as 

global body configuration features were used to represent the hand gesture in their system. 
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The openpose framework was used to recognise and estimate hand regions. For gesture 

space estimation and normalisation, a robust face identification method and the body parts 

ratios theory were used. For learning aspects of the hand shape and global body 

arrangement, two 3DCNN instances were used separately. The authors also looked into 

domain adaptation to lower the 3DCNN module's training costs. The suggested system was 

tested using a dataset having 40 hand gestures which are dynamic in nature and made by 

40 people within an unrestrained environment. The proposed approach beat state-of-the-art 

methods in terms of rate of recognition, according to the findings of the experiments. 

 

People are achieving remarkable results with the help of Recurrent Neural Networks in the 

field of dynamic hand gesture recognition. Long Short Term Memory networks are a type 

of RNN that can learn long-term dependencies. Hakim et al. [65] designed a deep learning 

based gesture recognition system for a smart TV-like environment which recognizes 11 

dynamic and 13 static gestures. The suggested deep learning architecture was used to 

gather, preprocess, and train a dataset of RGB and depth images. It was built by combining 

3D CNN and LSTM in order to compute spatiotemporal features. At the last part of 

classification, Finite State Machine (FSM) is used to improve recognition rate. During 

results it is found that FSM has enhanced the real time recognition accuracy from 89% to 

91%. 

 

For Chinese sign language recognition, Liao et al. [66] introduced a multimodal approach 

for recognition of dynamic sign language supported with a deep 3D residual ConvNet as 

well as bidirectional LSTM networks B3D ResNet. The hand area is initially localised in 

the frames of video. After feature analysis, B3D ResNet extracted features representing 

spatiotemporal behaviour from video series and assigned an intermediary score to every 

action within the video series. Finally, it identified dynamic sign language with high 

accuracy by classifying the video sequences. On the DEVISIGN_D dataset, their approach 

had an accuracy of 89.8%, and on the SLR_Dataset, it had an accuracy of 86.9%. 

 

Further in the field of deep learning, Ordonez and Roggen [67] have presented Human 

Activity Recognition (HAR). It is adapted from speech recognition approach proposed by 

Sainath et al. in [68]. Their system called DeepConvLSTM combined CNN layers with 

LSTM recurrent layers. It gave better result than using CNN and RNN separately for 

recognition of speech [68]. It also provided better accuracy for HAR [67] [69]. In that, 
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CNN layers computed features from an input gesture and LSTM layers taken into 

consideration the movement of a time-series gesture [70] [71] [72]. Uchil et al. [73] have 

built vision based sign language recognition system using deep learning approach. The 

system was built using OpenPose and CNN. It recognized the sign language video 

sequences of 20 medical terms in ISL which are dynamic in nature. The system provided 

85% accuracy. Study of these entire approaches concluded that an integrated approach is 

the best approach to perform dynamic hand gesture recognition. 

 
2.6 Performance Evaluation Metrics 

 
After implementing machine learning algorithms, we need some performance evaluation 

metrics to find out how well we have done our jobs for the classification of a different 

class. To measure the performance of the classifier numbers of metrics have been 

introduced in the literature [74] [75] [76]. Each metric addresses the particular aspects of 

algorithm efficiency. Therefore, we need an effective set of metrics for performance 

assessment for each machine learning problem. Many of such common metrics which help 

us to obtain useful information about algorithm efficiency and to run a comparative 

analysis are derived from the following four categories: 

 True Positive (TP): It's the number of times the classifier has successfully 

predicted the positive class as positive. 

 True Negative (TN): It's the number of times the classifier has successfully 

predicted the negative class as negative. 

 False Positive (FP): It's the number of times the classifier has incorrectly predicted 

the negative class as positive. 

 False Negative (FN): It's the number of times the classifier has incorrectly predicted 

the positive class as negative. 

 
2.6.1 Confusion Matrix 

 
The confusion matrix is one of the most intuitive and descriptive measures used as a 

machine learning model evaluation criterion. It provides a straightforward yet effective 

performance metric for multiclass classification problems. In the confusion matrix, the 

diagonal elements represent the accuracy for each class. The confusion matrix's main use is 

that the output can have more than one type of classes for multiclass classification 

problem.   
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2.6.2 Accuracy 

 
Accuracy is the most commonly used and possibly the first choice for evaluating the output 

of an algorithm in classification problems. Out of the total number of items, it is 

characterised by the number of items accurately identified as truly positive or truly 

negative. It tells us the model's overall accuracy, or what percentage of the total samples 

the classifier successfully identified. It is given by (1.1). Here k is total number of classes. 
 

Accuracy =  
∑

tp + tn
tp + tn +  fp + fn

k
 

(1.1) 

 

2.6.3 Error (also called Misclassification Rate) 

 

Error tells what fractions of predictions were incorrect. This metric is also known as 

Misclassification Rate. It is mathematically represented using (1.2). 
 

Error =  1 − Accuracy (1.2) 

 
2.6.4 Recall (also called Sensitivity or True Positive Rate) 

 
The fraction of items accurately classified as positive out of the total number of actual 

positives is known as recall. It indicates the percentage of all positive samples the classifier 

accurately predicted as positive. It is also known as True Positive Rate (TPR), Sensitivity, 

and Probability of Detection. 

Recall =  
∑ tp

∑ (tp + fn )
 (1.3) 

 
2.6.5 Precision (Positive Predictive Value) 

 
The fraction of items accurately classified as positive out of the total number of items 

identified as positive is known as precision. It specifies what fraction of predictions as 

positive classes were actually positive.  
 

Precision =  
∑ tp

∑ (tp + fp )
 (1.4) 
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2.6.6 F1-Score 

 
F1-Score, often known as f-score or f-measure, is a single metric that combines precision 

and recall. It's the harmonic mean of precision and recall in mathematics. When recall is 

given equal weight to precision, the harmonic average of precision and recall is used to 

determine the effectiveness of identification.  

F1-Score =  
2 ∗ Precision ∗ Recall

Precision + Recall
 (1.5) 

 
2.6.7 Specificity (True Negative Rate) 

 
The number of items accurately classified as negative out of the total number of actual 

negatives is known as specificity. It informs you what percentage of all negative samples 

the classifier properly predicts as negative. It is also known as True Negative Rate (TNR).  

Specificity =  
∑ tn

∑ (tn + fp )
 (1.6) 

 
2.6.8 False Positive Rate, or Type I Error 

 
The percentage of items incorrectly recognised as positive out of the total number of true 

negatives is known as the False Positive Rate. 

False Positive Rate =  
∑ fp

∑ (fp +  tn )
 (1.6) 

 
2.6.9 False Negative Rate, or Type II Error  

 
The number of items incorrectly identified as negative out of the total number of true 

positives is known as the False Negative Rate.    

False Negative Rate =  
∑ fn

∑ (fn +  tp )
 (1.7) 

 

2.7 Concluding Remarks 

 
Indian Sign Language recognition is current area of research in the field of Human 

Computer Interaction. In this chapter, we studied machine learning and deep learning 

techniques based systems introduced by many researchers.  
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Several of the most notable architectures for sign language recognition have been built 

using hand crafted features based classification which provided state of the art performance 

and accuracy. Features like Speeded Up Robust Features, Scale Invariant Feature 

Transform, Local Binary Pattern, Histogram of Oriented Gradients, Invariant Moments and 

Fourier Descriptors etc. have been widely used for the intention of image representation. 

For the purpose of classification, researchers have used various machine learning 

algorithms like Hidden Markov Model, Support Vector Machine, Artificial Neural 

Network, K-Nearest Neighbors algorithm and Linear Discriminant Analysis. RGB camera 

and Kinect depth sensors are widely used as input devices for the purpose of capturing 

images and videos. 

 

Recently deep learning based Convolutional Neural Networks have redefined our ability to 

tackle critical problems in the field of static hand gesture recognition. CNNs can be used 

for the recognition of both image and video classification.  Some of the prominent image 

classification networks like AlexNet, VGG16, GoogLeNet, ResNeXt, SqueezeNet, ResNet 

and Densenet have created rapid advances in Computer Vision research. By using these 

pretrained models with the help of transfer learning in deep learning projects, researchers 

and practitioners can improve the efficiency and accuracy of the results in easier ways to 

carry out image classification. Many researchers have created and trained their own CNN 

network in order to perform hand gesture classification. 

 

Dynamic hand gesture recognition can be performed with the help of video classification 

network. Such network can be built by combining CNN with Long Short Term Memory 

networks. CNN are used for feature extraction on individual frames of video while LSTM 

learns long-term temporal dependencies. The only negative side of deep neural networks is 

they are time-consuming and expensive to train. As they are built with many deep layers, 

in few cases they might face the problem of overfitting.  

 

During survey of existing research papers and literatures we found that systems developed 

by researchers in the field of ISL recognition have still some limitations.  

 Some systems recognize only limited number of gestures, while other systems work 

well only in constrained environment like lighting condition, background and user 

clothes etc. 



Literature Survey 

28 
 

 Many of these systems do not provide invariance with respect to scale, translation 

and rotation.  

 Numerous authors have used dataset of inadequate size.  

 Most of the authors do not have provided Graphical User Interface by using which 

others can use their system to perform sign language recognition.  

 Most of the developed sign language recognition systems lack real time recognition 

from live camera and, most importantly, they have not been tested with the help of 

deaf people.  

In this thesis, we have carried out our research and proposed various algorithms in order to 

resolve all the limitations. 

 

******
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CHAPTER – 3 

Handcrafted Features Based Static Hand Gesture 
Recognition 

 
3.1 Introduction 
 

Many image classification techniques rely on the detection and extraction of local 

characteristics in images; as a result, most of the computer vision literature is devoted to 

discovering, analysing, characterising, and enhancing features retrieved from images. A 

considerable number of features [77] in the literature have been manually developed, or 

"handcrafted," to address specific concerns such as occlusions and scale and illumination 

variations. The design of these features often involves finding the correct balance between 

accuracy and computing efficiency. These features accurately represent important images 

features. Finally, they are employed to compare different region of interest by a similarity 

or dissimilarity function, in order to make a classification. In this chapter, we have 

proposed static hand gesture recognition system for Indian Sign Language which presents 

an accurate method for classifying a given hand gesture into a finite number of different 

gesture classes. 
 

 

 

 

 

 

 

 

 

FIGURE 3.1 Sign language recognition system 
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3.2 Proposed System 

 
The conceptual block diagram of our proposed system is shown in Fig. 3.1. As shown in 

Fig. 3.1, system works in two phases: training and testing. During training phase, the 

classifier is trained by using the images of training dataset. An external webcam is used to 

capture these images. To train the system, these training images are presented to system 

along with class labels. The dataset construction, preprocessing, feature extraction, and 

classier training are all important processes in the training phase. The next sections discuss 

these stages in detail. During the testing phase, the system is supplied with an unknown 

gesture image for classification. Image acquisition, preprocessing, feature extraction, and 

sign identification are all part of the testing procedure. Various steps of our proposed 

algorithms are shown in Fig. 3.2.   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

FIGURE 3.2 Steps of proposed algorithm 
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Consecutive frames are retrieved from live video recorded by a camera during testing. The 

histogram for each of these frames is then computed, and if the histogram difference for a 

few consecutive frames is found to be smaller than a threshold, that frame is considered the 

input gesture image. Following that, preprocessing processes are applied to the input image, 

and various features (described later) are fed into the classifier for classification. 

 
3.3 Dataset 
 
Many previous studies have offered methods for incomplete sign language recognition, 

however this study intended for full recognition of Indian Sign Language (ISL), which 

consists of 26 letters and 10 digits. For this, as no standard database is available for ISL, 

we have created our own training database of 7920 images. For each alphabet (A-Z) and 

number (0-9), our database contains 220 images.  

 

In order to acquire the necessary data, 50 voluntary signers were used to take part in the 

experiment. Deaf or mute people, as well as sign language professionals, have also been 

included in the focus group. Before the actual experiment, the participants were given 

adequate time to become comfortable with ISL gestures as well as the RGB Camera 

operating method. Experiments were carried out once the participants were confident with 

the proposed methodology and sign language. To take photographs, the camera was linked 

to a desktop PC and placed on the table. The participants were requested to perform ISL 

gestures corresponding to the 26 letters and 10 digits. A Logitech camera with a resolution 

of 640x480 was utilised to capture the photographs. Fig. 3.3 depicts a few samples from 

our training database. 

  

 
FIGURE 3.3 Training dataset 
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3.4 Preprocessing 

 
Preprocessing consist of various operations such as image capturing, segmentation and 

morphological filtering methods. In the proposed system, during experiment we have used 

both RGB camera and Microsoft Kinect depth sensor as input device.  

 
3.4.1 Preprocessing with RGB image 

 
Detection of skin color in images is a very popular and useful technique for hand gesture 

recognition. In our system, face region is first removed from input RGB image by 

performing face detection using Viola-Jones algorithm [78]. As a result, the image shows 

the hand region as the largest skin-colored item, making the hand detection procedure 

easier. After that, a skin colour detection technique is used to detect the hand component. 

Skin colour area can be recognised by conducting thresholding in several colorspaces such 

as RGB, HSV, and YCbCr, as Kolkur et al. [79] explained. An RGB colour model is 

preferred for most image applications. The RGB colour model is additive, which means 

that three light beams are put together to create a final colour. In this model, it's difficult to 

find a specific color. For this reason, skin color based techniques exploit color models such 

as HSV or YCbCr. We selected the YCbCr color space because color and brightness are 

split nicely, allowing us to perform computations on individual channels. The luminance 

information is stored separately in the Y component and, the chrominance information is 

stored in Cb and Cr in blue and red, respectively. Also there exists a transformation to 

easily convert from the RGB color model to the YCbCr color model. In our experiment 

also, skin color detection by thresholding in YCbCr color space resulted in more accuracy 

than RGB and HSV color space as shown in Fig. 3.4. Yusuf et al. [80] also achieved high 

accuracy in face detection using skin color detection using YCbCr color space.  
 

 
FIGURE 3.4 Skin color detection (a) Input Image (b) RGB color space (c) HSV color space  

(d) YCbCr color space 
 

In order to perform hand detection, input image is first converted from RGB to YCbCr 

color space using (3.1). 
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Y = 0.299R + 0.587G + 0.114B 

Cr = 128 + 0.5R – 0.418G – 0.081B 

Cb = 128 – 0.168R – 0.331G + 0.5B 

(3.1) 

Then, in order to detect skin color pixels, thresholding is applied. A pixel is set to white if 

the Y, Cb and Cr values are within a predefined skin color range. Various thresholding 

values that we have used are as shown in (3.2). 

75 < Cb < 135 and 130 < Cr < 180 and Y > 80 (3.2) 

The binary image is the result of this thresholding process. This image is then subjected to 

morphological filtering techniques to remove noise and segmentation mistakes. The hand 

region is then identified by locating the image's largest binary linked object. Finally, image 

cropping is done by locating the bounding box of the hand region and retaining only that 

portion of the image. This by default results in translation invariance. Finally, the resultant 

image is scaled to 110 by 110 pixels. Fig. 3.5 shows various preprocessing steps of our 

system. 

 
FIGURE 3.5 Preprocessing steps for RGB sensor (a) Input Image (b) Image in YCbCr color space  

(c) Image with removed face region (d) Hand detection using BLOB (e) Scaled image 
 
 
3.4.2 Preprocessing with depth image 

Although a skin color detection-based hand detection approach has a high level of 

accuracy, it does not always perform well with images having complex background 

specially containing skin color objects, as demonstrated in Fig. 3.6. As a result, the input 

gesture may be misclassified. The use of a depth sensor, such as the Microsoft Kinect 

camera, can overcome this difficulty. 

 
FIGURE 3.6 Segmentation error 
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Microsoft Kinect provides an inexpensive and easy way for real-time user interaction. 

Along with RGB information it also provides depth information of the input image. While 

preprocessing the depth image, the hand region is determined with the help of depth value 

of all the points in the input image. For this, the nearest hand point is first found by finding 

the point with smallest depth value. We then keep only those points that have the depth 

distance to nearest hand point less than 10 centimetres. We picked this distance value of 10 

centimetres since it offered the best accuracy during our experiments. Fig. 3.7 depicts these 

preprocessing steps. 

 

 
FIGURE 3.7 Preprocessing steps for depth sensor (a) Input image (b) Depth image  

(c) Hand detection using thresholding in depth (d) Cropped image 
 

Few sample gesture images of our dataset along with their corresponding preprocessed 

image are depicted in Fig. 3.8. 

Input Image 
Preprocessed 

Image 
 

Input Image 
Preprocessed 

Image 

 
 

 

 
 

 
 

 

 
 

 
 

 

 
 

 
 

 

 
 

FIGURE 3.8 Hand gesture images before and after preprocessing 
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3.5 Feature Extraction 

 
Features play a crucial role in computer vision. Feature extraction is process of extracting 

image components that are useful for representation and description of shape. It also 

decreases data dimension by encoding related information in a compressed representation 

and removing less discriminative data. Outputs of this process are image features which are 

represented as vectors and are given as an input to classifier. Selection of features must be 

done very carefully as it greatly affects the performance of the recognition. We have used 

state-of-the-art features like Local Binary Patterns, Histogram of Oriented Gradients and 

Speed Up Robust Features in our system in our system. 

 
3.5.1 Local Binary Pattern  

 
The Local Binary Patterns (LBP) is an easy but powerful operator that labels the pixels in 

an image by applying thresholding to the pixels' immediate neighbours and treating the 

output in a form of binary number. Ojala et al. [22] were the first to introduce it, and it has 

since been discovered to be a useful feature for classification. The purpose of LBP is to 

detect edges, corners, raised or flat areas, and hard lines in an image, allowing us to 

produce a feature vector representation of the image or group of images. The LBP uses a 

block size of 33 pixels, with the centre pixel serving as a threshold for nearby pixels, and 

the LBP code for a centre pixel being formed by converting the computed threshold value 

to a decimal value. LBP has the following mathematical expression: 

𝐿𝐵𝑃 = s(𝑛   −  𝐺 )2  

𝑠(𝑥) =  
1,             𝑖𝑓 𝑥 > 0
0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

  

 

In this equation, P is the number of neighborhood pixels, ni represents the ith neighboring 

pixel, and c represents the center pixel. 

 
FIGURE 3.9 LBP Operation 
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Figure 3.9 shows an example of LBP operation [81] with a Gc value of 90 and eight 

surrounding pixels. Subsequently, the image is divided into cell. For each cell, the 

histogram is calculated. The final feature descriptor is created by concatenating the 

histograms of all the cells in an image, as illustrated in Fig. 3.10. 

 

 
FIGURE 3.10 LBP feature vector formation 

 
3.5.2 Histogram of Oriented Gradients 

 
Histogram of Oriented Gradients (HOG), originally proposed by Dalal et al. [23], is 

frequently used descriptor for recognition of an object in an image. In the system 

developed by Chaudhary et al. [44] and Gupta et al. [29], HOG is used as main feature to 

describe hand shape. This feature is calculated by developing histogram of edge orientation 

in local regions of image. First, it divides the image into units of small size called cells and 

for pixels in each cell (see Fig. 3.11), it constructs one dimensional histograms of the edge 

orientations. Then illumination invariance is achieved by normalizing these local 

histograms for a group of cells which is called block. This normalized histogram forms the 

descriptors for an image. Steps to calculate HOG features are as below. 

 
FIGURE 3.11 HOG Features (a) Input image (b) Image gradient (c) Image division into cell  

(d) Formation of block (e) HOG feature 
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Step 1. Calculate the Gradient Images by using first order sobel operator. 

Step 2. Calculate Histogram of Gradients in 32×32 cells. 

Step 3. Perform 64×64 Block Normalization. 

Step 4. Calculate the HOG feature vector. 

 

Dimension of HOG feature vector depends on the size of cell.  For a given image, visual 

representation along with corresponding length of HOG features for different cell size is 

shown in Fig. 3.12. In our system, we have carried out experiments with different cell size.   

 
FIGURE 3.12 Visualization of HOG features for different cell size 

 
 
3.5.3 Speeded Up Robust Features  

 
Speeded-Up Robust Features (SURF) are initially proposed by Herbert Bay [20]. They are 

based on the orientation of the gradient in localized region and are suitable to represent the 

rough shape of the object. Furthermore, SURF features [82]  are good at handling image 

with blurring or rotation. These features are computed using following steps. 

 

Step 1. Integral image generation. 

Step 2. Response map generation. 

Step 3. Interest point detection 

Step 4. Orientation assignment. 

Step 5. Descriptor extraction. 
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The process of calculating SURF features is extremely quick because it utilizes an integral 

image, in which the value of a given pixel (x,y) is computed as a sum of all the values in 

the specific rectangle described by the origin point and and (x,y). With an integral image, a 

rectangular mask of any size can be applied in a very short amount of time.  SURF features 

at a point (x,y) in an image are computed by calculating  determinant of the Hessian matrix. 

SURF approximates LoG with Box filters [20] as shown in Fig. 3.13.  Due to the 

utilization of an integral image, these masks may be quickly executed at any scale. 

 

 
FIGURE 3.13 Box filters used for the SURF detector 

 
 

To computer SURF features, first, Scale spaces [20] are generated using box filters of 

various sizes. Integral pictures are used to speed up computations since filters of various 

widths may be applied to them quickly. As the first layer of scale space, the output of the 

9x9 filters indicated in Fig 3.13 is employed. The image is then filtered with filters of sizes 

9×9, 15×15, 21×21, 27×27, .... to obtain the successive layers. Then, in order to detect an 

interest point [20], non-maximum suppressing is used in a 3x3x3 neighbourhood at various 

scales. Here, t he third dimension is the filter size.  

 

To manage rotation, the dominant direction of the feature is determined, and then the 

sample window is rotated to align with it. As shown in Fig. 3.14, a square neighbourhood 

interest point is divided into 16 squares, which are subsequently divided into four squares.  

 

Derivatives in x and y direction are computed for these squares. The final descriptor v = 

( ∑dx, ∑dy, ∑|dx| ,∑|dy| ) with total 64 dimensions is used as final feature vector. This 

process is shown in Fig. 3.14. Fig. 3.15 shows visual representation of key points of SURF 

features of sample image selected from our dataset. 
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FIGURE 3.14 A graphical representation of the SURF descriptor. 

 

 
FIGURE 3.15 SURF visualization (a) Input image (b) 25 Key points  

(c) 50 Key points and (d) 75 Key points 

 
3.5.4 Bag of Visual Words Model 
 

The Bag of Visual Words (BOVW) representation [83] is very essential concepts in the 

field of computer vision. It may be used to efficiently express intrinsic image features in 

vector space, making image classification applications more efficient. BOVW's basic 

concept is to describe an image as a collection of features like keypoints as well as 

descriptors. This model was used to convert SURF descriptors to dimension vectors. To 

build vocabularies, we have used the SURF descriptors, and each image is represented as a 

histogram of features frequency in the image. We can later predict the image category 

using the frequency histogram. There are two main steps of this model. 

Step 1: Feature extraction 

During this step, a visual dictionary is created by extracting SURF features from every 

image of the dataset. 

Step 2: Dictionary/Vocabulary construction 

Then, using the descriptors, clusters are created with application of K-Means clustering 

algorithm. The visual dictionary's vocabulary is located at the centre of each cluster as 
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depicted in Fig. 3.16. For every image, we create a frequency histogram from the 

vocabulary. And those histograms are used for the image representation. 

 
FIGURE 3.16 Descriptors clustering 

 

Fig. 3.17 graphically illustrates various steps performed during training and testing of our 

proposed system using BOVW algorithm [84].  

 

FIGURE 3.17 BOVW-based image classification algorithm 
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3.6 Classification 

 
After feature extraction, to classify the input signs into one of possible classes, a classifier 

is used. Classifier, during the training phase, is trained by using the feature vectors 

obtained from the training database. When an input, image or real time video, is presented 

for testing to the classifier, it identifies the class corresponding to the sign. The 

performance of the classifier is measured in terms of accuracy of recognition. We have 

tested our system with four classifiers: Support Vector Machine, K-Nearest Neighbors, 

Artificial Neural Network and Linear Discriminant Analysis.  

 
3.6.1 Support Vector Machine 

 
The Support Vector Machine (SVM) [37], originally introduced in [85], is a popular 

classifier with supervised learning and is defined by hyper plane which separates two 

classes. Many people prefer to use SVM since it produces better accuracy at the same time 

using fewer computing power. It may be used to perform regression as well as 

classification. However, it is extensively employed in classifying goals. 

 

The goal of the SVM algorithm is to discover a hyperplane within the N-dimensional space 

that clearly classifies the input data points as shown in Fig. 3.18. Here, N is defined as 

number of features. 

  
FIGURE 3.18 Possible hyperplanes 

 

SVM attempts to distinguish the data points of two types. There may exists several 

hyperplanes from which to select. Its purpose is to discover a plane which has the highest 

margin, or the highest distance among data points from the both classes. Maximization of 
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this margin space presents some reinforcement and makes it easier to categorize 

subsequent data points. 

 

(a) Hyperplane in R2 a is line 

 

(b) Hyperplane in R3 is  a plane 

FIGURE 3.19 Hyperplanes in 2D and 3D 

 

Hyperplanes refers decision boundaries that aid in data classification. Diverse classes may 

be assigned to given data points on any side of a hyperplane. The dimension of a 

hyperplane is also decided by the features size. For an input features with size two, the 

hyperplane is merely a line. The hyperplane turns into a 2D plane as the size of input 

features becomes three, as seen in Fig. 3.19. As soon as this number of features go beyond 

three, it turn out to be impossible to imagine. Support vectors have been defined as points 

representing data which are at nearer distance with the hyperplane having control on the 

hyperplane's both position and orientation. We increase the classifier's margin with the 

help of these support vectors. The situation of the hyperplane is changed when these 

support vectors are removed. They will help us in the process of SVM construction. 

 

SVM works well with big training datasets and produces accurate and useful results. In the 

case of a given training dataset; D(x1, y1),(x2, y2),...(xN, yN) where xi ϵ ℝn and 

memberships yi ϵ ±1classes,  the label corresponding to each activity in the defined dataset 

is represented by i. To establish a decision function for a linear classification, the 

hyperplane separation is given by (3.1). 

𝑦 = 𝑠𝑛𝑔((𝑤∆𝑥 ) +  𝑏) (3.1) 

A general hyperplane is then specified by satisfying the given condition (3.2) 

𝑤 ∙ 𝑥 +  𝑏 = 0 (3.2) 

When the set of hyperplanes is defined by margins, it can be represented as (3.3) 
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𝑦 ∙ ( 𝑤 ∙  𝑥 ) +  𝑏 ≥ 1 (3.3) 

To choose the best hyperplane for separating the data, we should try to minimise:  

1/2 ∥ 𝑤 ∥  (3.4) 

(Subject to the constraints (3.3)). 

  Multi-class SVM 

Despite the fact that SVM was designed for binary type classification problem, it is 

possible to apply it successfully on multiclass classification issues. The fundamental 

method is to break down the multiclass problem into multiple biclass problems and then 

integrate the outputs of all the sub-binary classifiers to get the sample's final class 

prediction. Multiclass Support Vector Machine (MSVM) is described by Dixit et al. [3] for 

solving multi-class problems in sign language recognition. MSVM separates the problem 

into many two-class problems that can be solved using multiple SVMs directly. 

 
3.6.2 K-Nearest Neighbors algorithm.   

 
The K-Nearest Neighbour (KNN) technique, originally created by Fix and Hodges in [86] 

and afterward extended by Cover and Hart in [87], is a straightforward and easy-to-

implement machine learning technique which can solve classification as well as regression 

problems. It is supervised technique which makes an assumption that both the new data as 

well as existing data are identical and puts the new data in the class which has the major 

similarity with the existing categories. This algorithm saves the entire accessible data and 

then classifies a new unknown data point depending upon its similarity with the existing 

data. This means that new data can be quickly classified into a suitable category using the 

KNN algorithm. Gupta et al. [29] used KNN as classifier in their hand gesture recognition 

system. 

The following steps can be used to demonstrate how KNN algorithm works. 

1. Choose the figure K of the neighbours 

2. Compute the Euclidean distance of new input data point with all its neighbours 

3. Keep the K number of nearest neighbours according to the computed Euclidean 

distance. 

4. From these k neighbours selected, find the number representing every category 

of the data points. 

5. Allocate the new input data point to the category having maximum neighbours. 



Suppose we have a new input 

assigned to the suitable category. For this following steps are performed.

1. Firstly, let us select the value of k to be 5.

2. Next, compute the

3. Using the computed distances, find the

are three nearest neighbours while for category B, there are two nearest 

neighbours as depicted in Fig. 3.20(b). 

4. The new data point is assigned to category A because this category has 

maximum nearest neighbors 3.

(a) 

 
Selecting the value of K  

There are a few things to keep in mind while choosing the proper value of K while using 

KNN algorithm. 

 There is no one-size

have to experiment with a variety of options to find the greatest one. The value of K 

that is most commonly used is 5.

 K=1 or K=2 is an extremely low value for K that might be noisy and cause outlier 

effects in the model.

 Large values for K a

 

3.6.3 Artificial Neural Network 
 

Artificial Neural Networks (ANNs) are neural computation systems which were originally 

proposed by McCulloch and Pitts
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input data point, as depicted in Fig. 3.20(a) that needs to be 

category. For this following steps are performed.  

Firstly, let us select the value of k to be 5. 

Next, compute the Euclidean distance among the data points.  

Using the computed distances, find the nearest neighbours. For category A, there 

are three nearest neighbours while for category B, there are two nearest 

neighbours as depicted in Fig. 3.20(b).  

The new data point is assigned to category A because this category has 

maximum nearest neighbors 3.  

 
(b) 

FIGURE 3.20 Process of KNN algorithm 

 

There are a few things to keep in mind while choosing the proper value of K while using 

size-fits-all method for determining the ideal value for 

have to experiment with a variety of options to find the greatest one. The value of K 

that is most commonly used is 5. 

K=1 or K=2 is an extremely low value for K that might be noisy and cause outlier 

effects in the model. 

Large values for K are desirable, but they may cause problems. 

.3 Artificial Neural Network  

etworks (ANNs) are neural computation systems which were originally 

proposed by McCulloch and Pitts [88] and Metropolis et al. [89]. ANN [90] [91] is made 
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in Fig. 3.20(a) that needs to be 

nearest neighbours. For category A, there 

are three nearest neighbours while for category B, there are two nearest 

The new data point is assigned to category A because this category has 

 

There are a few things to keep in mind while choosing the proper value of K while using 

all method for determining the ideal value for "K," so we'll 

have to experiment with a variety of options to find the greatest one. The value of K 

K=1 or K=2 is an extremely low value for K that might be noisy and cause outlier 

etworks (ANNs) are neural computation systems which were originally 

ANN [90] [91] is made 



Handcrafted Features Based Static Hand Gesture Recognition 

45 
 

up of layers of artificial neurons, each of which is completely coupled to the one before it. 

The neural network is trained using a back propagation technique [92], in which input-

output training pairs are given as input and the difference between actual and predicted 

results is propagated backwards. It makes an effort to reduce the gap until the training data 

is properly learned. 

 
Multilayer Perceptrons (MLPs) using back propagation learning techniques, also known as 

multilayer feedforward neural networks, are widely common and are utilised for a wider 

range of issues than other neural network types. MLPs use a supervised process, in which 

the network constructs a model using instances in data with known outputs. An MLP must 

derive this relationship only from the examples provided, which are presumed to 

collectively include all of the information required for this relationship. 

 

 
FIGURE 3.21 Three-layered feed-forward neural network [91] 

 

An MLP, also known as neurons and processing units, is made up of three layers of 

nonlinear computational elements: input, hidden, and output. Through the hidden layer, 

information passes from the input layer to the output layer (Fig. 3.21). Each layer's neurons 

are fully connected to neurons in the layers above and below it. In the computational 

process, these connections are characterized as weights (intensity of connection). The 

weights have a vital role in the signal's propagation through the network. Moreover they 

store the neural network's understanding of the problem-solution relationship. The amount 

of independent values of this model determines the amount of neurons within the input 

layer, whereas the amount of dependent values determines the amount of neurons in the 

output layer. There can be either single or several output neurons. At the input layer, 



Handcrafted Features Based Static Hand Gesture Recognition 

46 
 

environmental variables are usually presented as independent variables within ecological 

modelling for the purpose of predicting biological variables. They are then given to the last 

output layer as the target values consequent to the provided input values. Furthermore, the 

figure of hidden layers as well as their neurons depends on the model’s complexity and is 

crucial parameters in the MLP model's construction. 

 
3.6.4 Linear Discrimant Analysis 

 
The Linear Discrimant Analysis (LDA) [30] is another classifier used to solve multi-class 

classification problem. It was originally formulated by Fisher in [93] as a classifier for a 

two class problem. And later on it was generalized like ‘Multi-class Linear Discriminant 

Analysis’ or ‘Multiple Discriminant Analysis’ by Rao in [94]. LDA is represented in a 

straightforward manner. It is made up of statistical data attributes computed for each class. 

Further, for a distinct input variable (x), these are the variable’s mean and variance for 

every class. And these properties are the same as considered under the multivariate 

Gaussian, specifically the means as well as the covariance matrix, for many variables. To 

make predictions, these statistical features are predicted from the data and given into the 

equation of LDA. These values then become the model values which we would store in a 

file for our model. During the learning process, LDA makes various data-simplifying 

assumptions: 

1. The data is Gaussian, and that when plotted, each variable looks similar to a bell 

curve. 

2. Each of the attributes has the similar variance implying, on average, each variable’s 

value differs about the mean with the similar amount. 

The LDA model approximates the mean as well as variance for each class based on these 

assumptions. When LDA is presented with an unknown input, it determines the likelihood 

that the input belongs to each class. The output class is the one with the highest probability. 

The Bayes theorem is used to estimate the probabilities in the LDA model. 

 

3.7 Experiment results and discussions 

 
We have implemented the proposed system in MATLAB 2019a on a system with 

Windows 10 operating system, Intel core i5 processor and 8GB of RAM. To capture the 

dataset images Logitech webcam with resolution 640x480 is used. The proposed system is 

capable to recognize gestures of 26 alphabets (A to Z) and 10 numbers (0 to 9) of Indian 
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Sign Language. To measure the accuracy of our system, out of 220 images for each gesture, 

160 images were used for training and 60 images were used for testing. During experiment, 

for Local Binary Pattern, Histogram of Oriented Gradient and Speeded-Up Robust 

Features, we measured recognition rate of four different classifiers namely Support Vector 

Machine, Artificial Neural Network, K-Nearest Neighbors and Linear Discriminant 

Analysis. We also measured different evaluation metrics like error, sensitivity, specificity, 

precision, false positive rate, false negative rate and f1_score. 

 
3.7.1 Local Binary Patterns 

 
During experiments with LBP features, first we have measured the size of the feature 

vector for different cell size as shown in Table 3.1. Table 3.2 to 3.5 shows various 

evaluation metrics resulted during experiments with different classifiers trained using LBP 

features. Fig. 3.22 shows classification accuracies achieved using all four classifiers. The 

system achieved very higher accuracies of 96.99%, 91.16%, 97.13% and 92.59% for 

Support Vector Machine, Artificial Neural Network, K-Nearest Neighbors and Linear 

Discriminant Analysis classifiers respectively for the cell size of 16 x 16.  Fig. 3.23 to 3.26 

depicts gesture wise achieved accuracy for cell size 24 x 24.  

 

TABLE 3.1 LBP feature length and computation time 

Cell Size Feature Length Compute Time (Seconds) 

40 x 40 40 0.0012 

32 x 32 90 0.0013 

24 x 24 160 0.0013 

16 x 16 360 0.0013 

 

TABLE 3.2 SVM performance using LBP features 

Metric Cell Size 

40 x 40 32 x 32 24 x 24 16 x 16 

Accuracy 0.8134 0.9282 0.9593 0.9699 

Error 0.1866 0.0718 0.0407 0.0301 

Sensitivity 0.8134 0.9282 0.9593 0.9699 

Specificity 0.9947 0.9979 0.9988 0.9991 

Precision 0.8196 0.9306 0.9599 0.9706 

False Positive Rate 0.0053 0.0021 0.0012 0.0009 

False Negative Rate 0.1866 0.0718 0.0407 0.0301 

F1_score 0.8145 0.9283 0.9592 0.9697 
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TABLE 3.3 ANN performance using LBP features 

Metric Cell Size 

40 x 40 32 x 32 24 x 24 16 x 16 

Accuracy 0.7306 0.8454 0.8861 0.9116 

Error 0.2694 0.1546 0.1139 0.0884 

Sensitivity 0.7306 0.8454 0.8861 0.9116 

Specificity 0.9923 0.9956 0.9967 0.9975 

Precision 0.7300 0.8484 0.8887 0.9135 

False Positive Rate 0.0077 0.0044 0.0033 0.0025 

False Negative Rate 0.2694 0.1546 0.1139 0.0884 

F1_score 0.7272 0.8452 0.8865 0.9116 
 

TABLE 3.4 KNN performance using LBP features 

Metric Cell Size 
40 x 40 32 x 32 24 x 24 16 x 16 

Accuracy 0.7241 0.9009 0.9435 0.9713 

Error 0.2759 0.0991 0.0565 0.0287 

Sensitivity 0.7241 0.9009 0.9435 0.9713 

Specificity 0.9921 0.9972 0.9984 0.9992 

Precision 0.7289 0.9027 0.9460 0.9722 

False Positive Rate 0.0079 0.0028 0.0016 0.0008 

False Negative Rate 0.2759 0.0991 0.0565 0.0287 

F1_score 0.7219 0.9003 0.9434 0.9713 
 

TABLE 3.5 LDA performance using LBP features 

Metric Cell Size 
40 x 40 32 x 32 24 x 24 16 x 16 

Accuracy 0.7310 0.8472 0.8991 0.9259 
Error 0.2690 0.1528 0.1009 0.0741 

Sensitivity 0.7310 0.8472 0.8991 0.9259 

Specificity 0.9923 0.9956 0.9971 0.9979 

Precision 0.7376 0.8556 0.9019 0.9273 

False Positive Rate 0.0077 0.0044 0.0029 0.0021 

False Negative Rate 0.2690 0.1528 0.1009 0.0741 

F1_score 0.7288 0.8482 0.8986 0.9259 

 

 

FIGURE 3.22 Accuracy of classifiers for LBP features 
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FIGURE 3.23 Gesture wise accuracies of SVM using LBP features 

 
FIGURE 3.24 Gesture wise accuracies of ANN using LBP features 

 
FIGURE 3.25 Gesture wise accuracies of KNN using LBP features 

 
FIGURE 3.26 Gesture wise accuracies of LDA using LBP features 
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We also measured training time and classification time of all four classifiers using LBP 

features with different cell size as shown in Table 3.6 and Table 3.7. It is observed that 

SVM takes higher training time as well as classification time with comparison to other 

three classifiers. Among the four classifiers considered, KNN takes least training time 

while LDA takes least classification time. Figure 3.27 shows confusion matrix of 

evaluation of SVM classifier using LBP features with cell size 24 x 24. 

 
TABLE 3.6 Training time using LBP features  

Classifier 
Cell Size 

40 x 40 32 x 32 24 x 24 16 x 16 

SVM 7.7895 9.1964 10.5174 22.1405 

ANN 8.6856 9.1764 7.8918 9.0827 

KNN 0.0227 0.0404 0.0505 0.1119 

LDA 0.7120 0.7329 0.7746 0.8868 

 
TABLE 3.7 Classification time using LBP features 

Classifier 
Cell Size 

40 x 40 32 x 32 24 x 24 16 x 16 

SVM 0.2032 0.2068 0.2772 0.3324 

ANN 0.0069 0.0070 0.0071 0.0072 

KNN 0.0039 0.0048 0.0060 0.0099 

LDA 0.0022 0.0025 0.0038 0.0044 

 

 
FIGURE 3.27 Confusion matrix of SVM evaluation using LBP features 
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3.7.2 Histogram of Oriented Gradient 

 
When working with HOG features, we have carried out several experiments with different 

cell size. Table 3.8 shows the computed length of HOG feature vector for different cell size. 

From the table we can see that when we decrease the cell size, feature length increases 

correspondingly. Table 3.9 to 3.12 shows various evaluation metrics resulted during 

experiments with different classifiers trained using HOG features. Fig. 3.28 shows 

classification accuracies achieved using all four classifiers. The system achieved higher 

accuracies of 99.49%, 98.33%, 98.89% and 98.56% for SVM, ANN, KNN and LDA 

classifiers respectively for the cell size of 16 x 16.  Fig. 3.29 to 3.32 depicts gesture wise 

achieved accuracy for cell size 32 x 32. 

 

TABLE 3.8 HOG feature length and computation time 

Cell Size Feature Length Compute Time (Seconds) 

40 x 40 36 0.0013 

32 x 32 144 0.0016 

24 x 24 324 0.0016 

16 x 16 900 0.0015 

 

TABLE 3.9 SVM performance using HOG features 

Metric 
Cell Size 

40 x 40 32 x 32 24 x 24 16 x 16 

Accuracy 0.9676 0.9870 0.9931 0.9949 

Error 0.0324 0.0130 0.0069 0.0051 

Sensitivity 0.9676 0.9870 0.9931 0.9949 

Specificity 0.9991 0.9996 0.9998 0.9999 

Precision 0.9680 0.9878 0.9934 0.9951 

False Positive Rate 0.0009 0.0004 0.0002 0.0001 

False Negative Rate 0.0324 0.0130 0.0069 0.0051 

F1_score 0.9676 0.9871 0.9931 0.9949 

 
TABLE 3.10 ANN performance using HOG features 

Metric 
Cell Size 

40 x 40 32 x 32 24 x 24 16 x 16 

Accuracy 0.8870 0.9694 0.9787 0.9833 

Error 0.1130 0.0306 0.0213 0.0167 

Sensitivity 0.8870 0.9694 0.9787 0.9833 

Specificity 0.9968 0.9991 0.9994 0.9995 

Precision 0.8898 0.9699 0.9792 0.9838 

False Positive Rate 0.0032 0.0009 0.0006 0.0005 

False Negative Rate 0.1130 0.0306 0.0213 0.0167 

F1_score 0.8870 0.9695 0.9787 0.9834 

 



Handcrafted Features Based Static Hand Gesture Recognition 

52 
 

TABLE 3.11 KNN performance using HOG features 

Metric 
Cell Size 

40 x 40 32 x 32 24 x 24 16 x 16 
Accuracy 0.9569 0.9792 0.9884 0.9889 

Error 0.0431 0.0208 0.0116 0.0111 

Sensitivity 0.9569 0.9792 0.9884 0.9889 

Specificity 0.9988 0.9994 0.9997 0.9997 

Precision 0.9583 0.9796 0.9887 0.9893 
False Positive 

Rate 
0.0012 0.0006 0.0003 0.0003 

False Negative 
Rate 

0.0431 0.0208 0.0116 0.0111 

F1_score 0.9569 0.9791 0.9884 0.9889 

 

TABLE 3.12 LDA performance using HOG features 

Metric 
Cell Size 

40 x 40 32 x 32 24 x 24 16 x 16 
Accuracy 0.8810 0.9519 0.9792 0.9856 

Error 0.1190 0.0481 0.0208 0.0144 

Sensitivity 0.8810 0.9519 0.9792 0.9856 

Specificity 0.9966 0.9986 0.9994 0.9996 

Precision 0.8844 0.9543 0.9798 0.9861 

False Positive Rate 0.0034 0.0014 0.0006 0.0004 

False Negative Rate 0.1190 0.0481 0.0208 0.0144 

F1_score 0.8809 0.9522 0.9792 0.9857 

 

 
FIGURE 3.28 Accuracy of classifiers for HOG features 

 

 
FIGURE 3.29 Gesture wise accuracies of SVM using HOG features 
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FIGURE 3.30 Gesture wise accuracies of ANN using HOG features 
 

 
FIGURE 3.31 Gesture wise accuracies of KNN using HOG features 

 

 
FIGURE 3.32 Gesture wise accuracies of LDA using HOG features 

 

Tables 3.13 and 3.14 show the computed training and classification times for all four 

classifiers using HOG features with various cell sizes. In comparison to the other three 

classifiers, SVM takes more time to train as well as to classify. As in case of LBP, here 

also,  KNN requires the least amount of time to train whereas LDA takes the least amount 

of time to classify among the four classifiers evaluated. Figure 3.33 shows confusion 

matrix of evaluation of SVM using HOG features with cell size 32 x 32. 
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TABLE 3.13 Training time using HOG features  

Classifier 
Cell Size 

40 x 40 32 x 32 24 x 24 16 x 16 

SVM 5.2090 7.1664 9.6828 29.1194 

ANN 4.0841 7.5014 10.8307 14.0722 

KNN 0.3078 0.3636 0.3999 0.5087 

LDA 1.1450 1.2313 1.3714 1.9324 
 

 

TABLE 3.14 Classification time using HOG features 

Classifier 
Cell Size 

40 x 40 32 x 32 24 x 24 16 x 16 

SVM 0.2001 0.2100 0.2404 0.4263 

ANN 0.0092 0.0101 0.0109 0.0119 

KNN 0.0029 0.0054 0.0096 0.0206 

LDA 0.0022 0.0034 0.0042 0.0078 

 

 
FIGURE 3.33 Confusion matrix of SVM evaluation using HOG features 

 

3.7.3 Speeded Up Robust Features 

 
During experiments, we have reinforced the SURF features with BoVW model. Moreover, 

four different classifiers such as SVM, ANN, KNN and LDA are used for classification of 

BoVW features. Table 3.15 to 3.18 shows various evaluation metrics resulted during 
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experiments with different classifiers trained using SURF features with various 

vocabularies Size. Fig. 3.34 shows classification accuracies achieved using all four 

classifiers. For the vocabulary size of 200, the system produced superior accuracies of 

99.40%, 99.07%, 98.84%, and 97.31% for SVM, ANN, KNN, and LDA classifiers, 

respectively. Fig. 3.35 to 3.38 depicts gesture wise achieved accuracy for vocabulary size 

of 150.   

 

TABLE 3.15 SVM performance using SURF features 

Metric 
Vocabulary Size 

50 100 150 200 

Accuracy 0.9889 0.9884 0.9912 0.9940 

Error 0.0111 0.0116 0.0088 0.0060 

Sensitivity 0.9889 0.9884 0.9912 0.9940 

Specificity 0.9997 0.9997 0.9997 0.9998 

Precision 0.9891 0.9888 0.9914 0.9941 

False Positive Rate 0.0003 0.0003 0.0003 0.0002 

False Negative Rate 0.0111 0.0116 0.0088 0.0060 

F1_score 0.9889 0.9885 0.9912 0.9940 
 

 

TABLE 3.16 ANN performance using SURF features 

Metric 
Vocabulary Size 

50 100 150 200 

Accuracy 0.9463 0.9792 0.9847 0.9907 
Error 0.0537 0.0208 0.0153 0.0093 

Sensitivity 0.9463 0.9792 0.9847 0.9907 
Specificity 0.9985 0.9994 0.9996 0.9997 
Precision 0.9469 0.9794 0.9850 0.9909 

False Positive Rate 0.0015 0.0006 0.0004 0.0003 
False Negative Rate 0.0537 0.0208 0.0153 0.0093 

F1_score 0.9462 0.9791 0.9847 0.9907 
 

 

TABLE 3.17 KNN performance using SURF features 

Metric 
Vocabulary Size 

50 100 150 200 

Accuracy 0.9810 0.9889 0.9852 0.9884 

Error 0.0190 0.0111 0.0148 0.0116 

Sensitivity 0.9810 0.9889 0.9852 0.9884 

Specificity 0.9995 0.9997 0.9996 0.9997 

Precision 0.9819 0.9891 0.9855 0.9888 

False Positive Rate 0.0005 0.0003 0.0004 0.0003 

False Negative Rate 0.0190 0.0111 0.0148 0.0116 

F1_score 0.9810 0.9889 0.9852 0.9885 
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TABLE 3.18 LDA performance using SURF features 

Metric 
Vocabulary Size 

50 100 150 200 

Accuracy 0.9375 0.9579 0.9681 0.9731 

Error 0.0625 0.0421 0.0319 0.0269 

Sensitivity 0.9375 0.9579 0.9681 0.9731 

Specificity 0.9982 0.9988 0.9991 0.9992 

Precision 0.9389 0.9589 0.9688 0.9747 

False Positive Rate 0.0018 0.0012 0.0009 0.0008 

False Negative Rate 0.0625 0.0421 0.0319 0.0269 

F1_score 0.9373 0.9580 0.9678 0.9734 
 

 

 
FIGURE 3.34 Accuracy of classifiers for SURF features 

 

 
FIGURE 3.35 Gesture wise accuracies of SVM using SURF features 
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FIGURE 3.36 Gesture wise accuracies of ANN using SURF features 

 
FIGURE 3.37 Gesture wise accuracies of KNN using SURF features 

 
FIGURE 3.38 Gesture wise accuracies of LDA using SURF features 

 

Table 3.19 shows bag computation and encode time for different vocabulary size. The 

measured training time and classification time of all four classifiers using SURF features 

with different vocabulary size are as shown in Table 3.20 and Table 3.21. Here also, it is 

observed that SVM takes higher training time as well as classification time with 

comparison to other three classifiers. Moreover, among the four classifiers considered, 

KNN takes least training time while LDA takes least classification time. Figure 3.39 shows 

confusion matrix of evaluation of SVM using SURF features with vocabulary size of 150. 
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TABLE 3.19 Bag compute time and encode time 

Vocabulary Size Bag Compute Time 
(Seconds) 

Encode Time (Seconds) 
50 586.9305 0.0229 

100 612.1517 0.0240 
150 931.2315 0.0253 
200 1298.8224 0.0257 

 

TABLE 3.20 Training time using SURF features 

Classifier 
Vocabulary Size 

50 100 150 200 
SVM 6.6554 7.6266 9.5387 9.8585 
ANN 2.9356 5.3573 6.4435 7.5441 
KNN 0.6407 0.3573 0.3202 0.3257 
LDA 1.7090 1.2128 1.3435 1.2562 

 

TABLE 3.21 Classification time using SURF features 

Classifier 
Vocabulary Size 

50 100 150 200 
SVM 0.2164 0.2272 0.3007 0.3195 
ANN 0.0067 0.0069 0.0069 0.0068 
KNN 0.0036 0.0046 0.0059 0.0067 
LDA 0.0025 0.0028 0.0034 0.0037 

 
 

 
FIGURE 3.39 Confusion matrix of SVM evaluation using SURF features 
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3.7.4 Graphical User Interface 

 
We have developed an easy to use Graphical User Interface (GUI) (Fig. 3.40) based system 

to recognize the gestures of Indian Sign Language. It provides choice to recognize gestures 

from stored image and real time camera. As indicated in Fig. 3.41 and 3.42, we also tested 

our system with the help of trainers from the School for the Deaf-Mutes Society, Ashram 

Road, Ahmedabad. Almost all gestures were recognised correctly in this experiment as 

well. 

 
FIGURE 3.40 Sign language recognition from live camera 

 

 

 
FIGURE 3.41 Live sign language recognition using sign language experts 
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FIGURE 3.42 Sign language recognition from stored files of sign language experts 

 

We have also tested our system to perform live sign language recognition using Microsoft 

Kinect depth sensor as shown in Fig. 3.43. And the system accurately recognized almost 

all gestures using live camera as well as stored images having complex background. 

 

 

FIGURE 3.43 Live sign language recognition using kinect sensor with complex background 
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3.7.5 Comparison with existing works 

Table 3.22 shows accuracy comparison of proposed method with other existing methods 

for hand gesture recognition. From the table we can see that proposed method using HOG 

features and SVM classifier shows improvements over existing methods. 

 
TABLE 3.22 Comparison with existing methods 

Reference 
Methods Used 

Data Set Accuracy 
Preprocessing Feature Extraction Classification 

[3] 
Global thresholding 

algorithm, Median filter 

Hu Invariant 
Moment, Structural 
Shape Descriptors 

Support Vector 
Machine 

Different 60 ISL 
Signs 

96.23% 

[26] 
Bootstrap re-sampling 

technique 
Fingertip Positions 

and Direction 
Coupled HMM 

25 words of the 
ISL 

90.80% 

[29] 
RGB thresholding, 

Morphology  

Histogram of 
Oriented Gradients 
and Scale Invariant 
Feature Transform 

K Nearest 
Neighbour 

26 ISL Alphabets 91.00% 

[32] 
Silhouette Extraction 

Methods 

Discrete Wavelet 
Transform and Local 

Binary Pattern 

Artificial Neural 
Network 

18 ISL words 92.79% 

[33] 
Centre aligning and 
resizing the image 

Krawtchouk 
moments 

till 3rd order 

Support Vector 
Machine 

10 ISL Alphabet 90.00% 

[34] 

Gaussian filtering, sobel 
with adaptive block 

thresholding and 
morphological 

subtraction 

Discrete Cosine 
Transform 

Artificial Neural 
Network 

18 ISL signs 90.58% 

[37] 
LMC skeletal-tracking 

algorithm 

Histogram 
representation of 

depth data 

Support Vector 
Machine 

143 ASL words 97.06%, 

[38] 
Image size variation, 

Gamma Variation 
Histogram of 

Oriented Gradients 
Support Vector 

Machine 
26 ISL Gestures 92% 

[40] 
Skin Detection in HSV 
Color Space, Biggest 

BLOB. 

Eigen Vector, Eigen 
Value weighted 

Euclidean Distance 

Euclidean 
Distance 

24 ISL Alphabets 96.25% 

[43] 

Thresholding on the 
difference image , 

YCbCr model, Canny 
edge detector 

Fourier Descriptor 
using Vector 
Quantization 

Euclidean 
Distance 

10 Numbers,  
26 Alphabets and 
10 Phrases of ISL 

92.91% 

[45] 

Thresholding in YCbCr 
color space, 

Morphological 
Operations 

central  moments  of  
the  normalized  

Fourier coefficients 
of the row and 

column projection 
vectors 

Artificial Neural 
Network 

10 Numbers and 
26 Alphabets of 

ISL 
91.11% 

Proposed 
System 

Thresholding in YCbCr 
color space, 

Morphological 
Operations 

Histogram of 
Oriented Gradients 

Support Vector 
Machine 

10 Numbers and  
26 Alphabets o 

ISL 
99.49% 
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3.7.6 Testing the system for American Sign Language 

 
Our proposed method provided state-of-the-art accuracy during testing with a self-built 

ISL dataset. Moreover, we also evaluated it with the Kaggle dataset of American Sign 

Language letters to ensure that it provides high accuracy for other datasets as well. During 

this experiment, an SVM classifier with 32 × 32 cell size was trained using HOG features. 

The accuracy of the system in this case was 98.87 %.  

  
3.8 Concluding Remarks 

 
The goal of proposed static hand gesture recognition is to present an algorithm to recognize 

a complete set of gestures corresponding to 26 alphabets and 10 numbers of Indian Sign 

Languages. The hand gesture image is passed through three stages, namely, preprocessing, 

feature extraction, and classification. In the preprocessing stage, a number of operations 

are applied to extract the hand gesture from its background and prepare the hand gesture 

image for the feature extraction stage.  

 

The main objective of this effort is to explore the utility of three feature extraction methods, 

namely, LBP, HOG and SURF to solve the hand gesture recognition problem. With the 

help of these features with varying parameters four special machine learning algorithms, 

SVM, ANN, KNN and LDA have been built for the purpose of classification.  

 

A comparison between the for classification algorithms is carried out in terms of accuracy, 

training time and classification time. For all the three features, SVM proved to be more 

accurate than other classifiers. The highest accuracy provided by SVM classifier is 96.99% 

for LBP features, 99.49% for HOG features and 99.40% for SURF features. KNN 

classifier provided 97.13% for LBP features, 98.89% for HOG features and 98.84% for 

SURF features. ANN classifier provided 91.16% for LBP features, 98.33% for HOG 

features and 99.07% for SURF features. LDA classifier provided 92.59% for LBP features, 

98.56% for HOG features and 97.34% for SURF features. While using HOG and LBP 

features, for all the classifier it is observed that accuracy for smaller cell size is better than 

accuracy for large cell size. However, the increased accuracy with small cell size comes at 

the expense of a large feature vector, which necessitates more computations. Furthermore, 
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in the case of SURF features, larger BOVW vocabulary sizes resulted in improved 

accuracy but also larger feature vector sizes. 

 

On the other hand, in terms of training time, KNN classifier proved to be evidently faster 

and SVM classifier came out as slower with comparison to other classifiers considered in 

this work.  While in terms of classification time, LDA classifier is faster and SVM 

classifier is slower classifier.  This suggests that the KNN classifier is more suitable in 

real-world applications that need faster training. The results indicate that the SVM based 

classification using HOG features is preferred for hand gesture recognition system because 

of its superiority in terms of accuracy especially for applications where training speed is 

not very crucial, such as off-line training applications and desktop applications. 

 

****** 
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CHAPTER – 4 

Transformation Invariant Feature Vector 

4.1 Introduction 

 

The appropriate selection of feature extraction method plays an important role in designing 

a pattern recognition system. The proper representation of features contributes to a 

significant improvement of the classifier performance and also to the reduction of 

processing time. One of the desirable properties of the feature descriptors is invariance 

with respect to transformation like scale, translation and rotation. It means that despite a 

transformation, two visually similar images should have similar descriptors. This has been 

an overlooked issue in the field of sign language recognition. In this chapter, we have 

addressed this issue by designing one robust feature vector that not only provides better 

accuracy but also invariance with respect to scale, translation and rotation.  

 

4.2 Classical Feature Extraction Techniques  

 

The proposed feature vector is designed by means of feature fusion technique in order to 

achieve invariance along with higher accuracy in sign language recognition task. For better 

representation of static hand gestures, it is created by integrating shape-oriented features 

such as Fourier Descriptors with region-oriented features such as Hu Moments and Zernike 

Moments. 

 
4.2.1 Fourier Descriptor 

 

Fourier descriptors [5] [43] are widely used shape oriented features to represent object in 

image. In order to calculate Fourier descriptors, boundary points of hand region of input 

image are first calculated by applying sobel operator.  



Transformation Invariant Feature Vector 

65 

 

FIGURE 4.1 Boundary points of hand region 
 

Then starting at an arbitrary point (x0,y0), coordinate pairs (x0,y0), (x1,y1), (x2,y2),........., 

(xK-1,yK-1) are identified by traversing the boundary in clockwise direction as shown in Fig. 

4.1. These coordinates are expressed in the form x(k) = xk and y(k)=yk. The boundary is 

then represented as the sequence of complex numbers  

 (4.1) 

For k = 0, 1, 2, ... , K-1. As explained in [5], Fourier descriptors are then calculated by 

applying the Fourier transform to a sequence of boundary points. 

 
(4.2) 

s(k) can be restored by applying inverse of fourier transform on these coefficient. That is  

 
(4.3) 

Fig. 4.2 shows reconstructed boundary using first few Fourier descriptors. From the figure 

we can see that with only first few descriptors, we can reconstruct almost original 

boundary points. Thus Fourier descriptors prove very compact representation of original 

image. In the developed system we have used only first 20 Fourier descriptor. 
 

 

FIGURE 4.2 Boundary reconstructed using first P fourier descriptors out of 894 descriptors. 
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Invariance is achieved by further processing the Fourier descriptors. Rotation invariance is 

achieved by taking magnitude values of Fourier descriptors and ignoring phase information. 

Translation variance is achieved by making first element of descriptor to zero. Scale 

invariance is achieved by dividing all Fourier descriptors by DC component. For a sample 

hand gesture image of Fig. 4.3, the resultant descriptors after each step of this process are 

shown in Table 4.1.   

 
FIGURE 4.3 Sample image 

 

TABLE 4.1 Formation of invariant fourier descriptor. 

Fourier Descriptor 
Rotation invariant 

descriptor 

Translation and 
Rotation Invariant 

Descriptor 

Scale, Translation 
and Rotation 

Invariant 
Descriptor 

16557.000 + 14146.000i 21777.134 0.000 0.000 

-6718.614 + 5182.424i 8485.122 8485.122 1.000 

-2782.711 - 587.534i 2844.060 2844.060 0.335 

316.028 - 109.575i 334.486 334.486 0.039 

54.117 - 1400.535i 1401.581 1401.581 0.165 

-266.395 + 410.529i 489.388 489.388 0.058 

76.547 + 133.505i 153.893 153.893 0.018 

15.960 + 161.526i 162.313 162.313 0.019 

14.676 - 111.413i 112.376 112.376 0.013 

-60.145 + 59.645i 84.706 84.706 0.010 

-3.267 - 12.479i 12.900 12.900 0.002 

74.193 + 75.145i 105.600 105.600 0.012 

 

4.2.2 Hu Moments 

 

Originally defined by M. Hu [24], moments are seven shape descriptor values that give 

properties of an object which can be used to represent its shape distinctively. These 

moments are independent to object translation, scale and rotation. As mentiond in [5], the 

moment with order (p + q) of an image f(x,y) is given by 

 (4.4) 

where p = 0, 1, 2, ... and q = 0, 1, 2, ... . The corresponding central moments of order (p+q) 

is defined as 

 (4.5) 


x y

qp
pq yxfyxm ),(

 
x y

qp
pq yxfyyxx ),()()(
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Where 
 

 

The normalized central moments of order (p + q) are defined as 

 (4.6) 

where   for (p+q) = 2, 3, ... . A final set of seven invariant moments are 

 

(4.7) 

 

4.2.3 Zernike Moments 

 
Zernike Moments originally defined by Zernike [25] are other image moments based 

descriptors that represent shape of objects very accurately with relatively few data points. 

They are also independent to object translation, scale and rotation. Thus, they can also be 

used as features to describe the shape characteristics of an object. They are used by 

Otiniano-Rodriguez et al. [95] and Rao et al. [96] in their proposed system.  

 
FIGURE 4.4 Unit disk mapping process for Zernike moments 

(a) Original Binary Image (b) Compute the Unit Disk (c) Computational Range 
 

Zernike moments are pure statistical measure of pixel distribution around centre of gravity 

of image and allow capturing global image shapes information. Zernike moments reduces 

data dimension by representing properties of the given image with neither redundancy nor 

information overlap among the moments. Zernike moments are inherently only rotation 

invariant. Before we calculate these moments of a binary image, the image is initially 

mapped to the unit circle, having its origin in the middle of the image as shown in Fig. 4.4. 

This achieves translation and scale invariance. Those pixels which are outside the circle are 
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removed from the computation process. Fig. 4.5 depicts how binary image is mapped over 

a unit disc image. 

 
FIGURE 4.5 Unit circle mapped image 

 
In the above figure, the center of both image and disk is same. x1,x2 are dimensions in X-

axis and y1,y2 are dimensions in Y-axis,          is the unit disk center,     is value and      is 

angle both in polar. In Fig. 4.5, the distance d, the distance vector     as well as angle      for 

any (x,y) pixel in polar coordinates are computed using following equations.  

  (4.8) 

 (4.9) 

 (4.10) 
 

 
In polar form, this step transfers pixel coordinates (x1, x2) to (-1,+1) and (y1, y2) to (-

1,+1). Thus roughly all pixels from the bound box of an image arrive inside unit circle with 

the exception of some foreground pixels. Zernike moment of order p and repetition q for 

function f(x,y) is defined as  

  (4.11) 

 (4.12) 

 
(4.13) 

 

 

Here, p is order, q is repetition, *
pqV is complex conjugate of pqV , pqR is radial polynomial and

evenqppqp  ,,0 . In the developed system, we have used Zernike moments of 

order up to 7 resulting into total 20 moments as shown in Table 4.2.  
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Fig. 4.6 shows three transformed images - one original image, second rotated image and 

third scaled image. Calculated values of first 20 Fourier descriptors, 20 Zernike Moments 

and 7 Hu Moments for all three images are shown in Table 4.3. From these values of the 

features, we can see that all these three features are invariant with respect to transformation.  
 

TABLE 4.2. First 20 zernike moments 

Order Dimensionality Zernike Moments 

0 1 Z0,0 

1 2 Z1,1 

2 4 Z2,0, Z2,2 

3 6 Z3,1, Z3,3 

4 9 Z4,0, Z4,2, Z4,4 

5 12 Z5,1, Z5,3, Z5,5 

6 16 Z6,0, Z6,2, Z6,4, Z6,6 

7 20 Z7,1, Z7,3, Z7,5, Z7,7 
 

 
 
 
 

(a) 

 
 
 
 

(b) 
 

(c) 
FIGURE 4.6 Input image (a) Original (b) Rotated and (c) Scaled  

 
 

TABLE 4.3. Values of fourier descriptors, zernike moments and hu moments 

Fourier Descriptor  Zernike Moments  Hu Moments 
Original Rotated Scaled  Original Rotated Scaled  OriginalRotated Scaled 

0.335 0.340 0.346  0.476 0.475 0.477  0.262 0.261 0.261 

0.039 0.039 0.043  0.113 0.110 0.113  0.035 0.034 0.034 

0.165 0.166 0.168  0.950 0.950 0.950  0.002 0.002 0.002 

0.058 0.053 0.055  0.183 0.183 0.184  0.001 0.001 0.001 

0.018 0.014 0.017  0.236 0.229 0.235  0.000 0.000 0.000 

0.019 0.023 0.022  0.062 0.057 0.062  0.000 0.000 0.000 

0.013 0.010 0.012  0.746 0.748 0.746  0.000 0.000 0.000 

0.010 0.008 0.008  0.470 0.472 0.471     

0.002 0.003 0.004  0.083 0.082 0.083     

0.012 0.013 0.012  0.264 0.251 0.264     

0.019 0.015 0.017  0.107 0.087 0.107     

0.009 0.007 0.008  0.051 0.051 0.051     

0.003 0.006 0.005  0.335 0.338 0.334     

0.005 0.005 0.005  0.577 0.583 0.578     

0.005 0.005 0.004  0.192 0.193 0.192     

0.005 0.004 0.004  0.055 0.053 0.055     

0.003 0.004 0.004  0.158 0.137 0.158     

0.004 0.005 0.006  0.146 0.104 0.145     

0.001 0.002 0.001  0.070 0.069 0.069     

0.004 0.004 0.002  0.050 0.050 0.050     
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4.3 Hybrid Feature Vectors 

 
In order to give a rotation invariance property to the system by accurately representing 

both shape oriented property and region oriented properties of the input image, we have 

created the final hybrid feature vector by combining fourier descriptors, zernike moments 

and Hu moments. As shown in Table 4.4, first 20 values of Fourier descriptors, 20 values 

of Zernike moments and 7 values of Hu moments have been used to form very compact 

resulting vector of size 47.  

TABLE 4.4. Final hybrid feature vector 

Fourier 
Descriptor 

 Zernike 
Moments 

 Hu 
Moments 0.335  0.476  0.262 

0.039  0.113  0.035 

0.165  0.950  0.002 

0.058  0.183  0.001 

0.018  0.236  0.000 

0.019  0.062  0.000 

0.013  0.746  0.000 

0.010  0.470   

0.002  0.083   

0.012  0.264   

0.019  0.107   

0.009  0.051   

0.003  0.335   

0.005  0.577   

0.005  0.192   

0.005  0.055   

0.003  0.158   

0.004  0.146   

0.001  0.070   

0.004  0.050   

 

4.4 Experimental Results 
 
During experiment, for all three features we measured recognition rate for single handed 

gestures and double handed gestures as well as overall gestures. To measure the accuracy 

of our system, out of 220 images for each gesture, 160 images were used for training and 

60 images were used for testing. Fig. 4.7 illustrates the accuracies obtained during 

experiments. For single handed gestures, recognition rate for Fourier Descriptor is 86.15%, 

Hu Moment is 84.48%, Zernike Moments is 94.17% and Hybrid Feature is 95.63%. 

Similarly, for double handed gestures, recognition rate for Fourier Descriptor is 82.42%, 

Hu Moment is 85.75%, Zernike Moments is 91.92% and Hybrid Feature is 95.92%. 
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Overall recognition rate for Fourier Descriptor is 84.07%, Hu Moment is 85.19%, Zernike 

Moments is 92.92% and Hybrid Feature is 95.79%.   

 
 

 
FIGURE 4.7 Performance of individual features and hybrid features using SVM classifier 

 

Table 4.5 shows value of various evaluation metrics resulted during experiments using 

hybrid features. Fig. 4.8 to 4.11 represents gesture wise recognition rates for Fourier 

Descriptors, Hu Moments, Zernike Moments and Hybrid Features respectively.  During 

experiment it is observed that the recognition rate of SVM for Hybrid feature is better than 

that of individual features. So, we have used Hybrid feature vector in our GUI based real 

time recognition system.  Fig. 4.12 shows confusion matrix resulted during evaluation of 

SVM using hybrid features. 

 

TABLE 4.5 SVM performance using hybrid features 

Metric Value 

Accuracy 0.9579 

Error 0.0421 

Sensitivity 0.9579 

Specificity 0.9988 

Precision 0.9607 

False Positive Rate 0.0012 

False Negative Rate 0.0421 

F1_score 0.9583 
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FIGURE 4.8 Gesture wise accuracies for Fourier descriptor 

 
FIGURE 4.9 Gesture wise accuracies for Hu Moments 

 
FIGURE 4.10 Gesture wise accuracies for Zernike Moments 

 
FIGURE 4.11 Gesture wise accuracies for hybrid features 
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FIGURE 4.12 Confusion matrix of SVM evaluation using hybrid features 

 

We have also developed Graphical User Interface system using proposed hybrid feature 

vector. The user interface is very easy to use as shown in Fig.  4.13. It provided a means by 

which user can use the system to perform recognition of gesture from both stored image 

and real time camera as shown in Fig.  4.13. The system works well for both RGB camera 

and kinect sensor by providing invariance with respect to transformation. 

 

4.5 Concluding Remarks 

 

Invariance is one of the most desirable properties of feature descriptors. The objective of 

this chapter was to design a vision based invariant system for real-time recognition of hand 

gesture for Indian Sign Language. The system is built using a new method for feature 

extraction using hybrid features. During feature extraction, dimension reduction of images 

is performed by extracting three features - Fourier Descriptors, Hu Moments and Zernike 

Moments. Finally hybrid feature vector is formed by combining these three features. These 

hybrid feature vectors are used to train SVM classifier. 
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FIGURE 4.13 Live recognition of transformed gestures 

 

During experiment, we have evaluated performance of three features individually as well 

as hybrid features. And it is observed that the hybrid features provided better accuracy than 

individual component features. It provided not only strong invariance with respect to 

scaling, translation and rotation of input gesture images but also higher recognition rate of 

95.79%. With the help of GUI, the system becomes easy to use. 

 

****** 
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CHAPTER – 5 

Static Hand Gesture Recognition Using CNN 

 

5.1 Introduction 

 
The field of machine learning has taken a dramatic twist towards the field of deep learning 

in recent times, with the rise of Convolutional Neural Network (CNN) [97].  With their 

precise yet simple architecture, CNNs are primarily used to solve difficult image-driven 

pattern recognition tasks. Originally created to detect the salient elements with the help of 

handcrafted algorithms, features nowadays are frequently learned by different layers of 

CNNs. As demonstrated in Fig. 5.1, a CNN is made up of specialized layers. The training 

samples are used to learn the features or descriptors derived using these layers.  

 

FIGURE 5.1. CNN architecture 

 

In the early stages of CNN, layers are known to identify various low-level representations 

of the data that subsequent layers might use to provide higher-level features that capture 

the semantics of the data. Edges and texture are usually detected near to the input. Features 

such as contours and image patches can be seen from a higher vantage point. Deep 

learners' data representations become increasingly complicated as they progress through 

the layers. One of the advantages of these deep features is that they can be generalized. 

Once extracted, they can be handled in standard computer vision systems like other 
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handcrafted features and applied to a variety of image applications. As a consequence, 

research exploring feature sets extracted from different levels of CNNs has 

increased significantly in recent years. The features extracted from trained CNNs have 

been used to build a generic computer vision system in this chapter. The proposed system 

is developed by extracting feature descriptors from the internal layers of CNN and giving 

them as inputs to either SVM [98] or final layer of CNN for classification. In addition, two 

Pre-Trained image classification models GoogLeNet [49] and VGG16 [48] have also been 

re-trained and evaluated using our self-built ISL dataset.  

 
5.2 Augmented Dataset 

 
The proposed deep learning based system works in two phases - training and testing. The 

system is first trained by making use of the images of training dataset. As standard ISL 

dataset is not available, we have formed our own training dataset. To make the system 

rotation invariance, we have augmented our training dataset with several rotated versions 

original training images. Our augmented dataset contains 1540 images for each alphabet 

(A-Z) and number (0-9) of ISL thus resulting in total 55440 images.  These images have 

been captured using external web camera. Before training, preprocessing is performed on 

these images. The pre-processed images along with their class labels are then submitted as 

input to train the CNN based architecture. After training, an unknown preprocessed test 

image either from live camera or stored file can be given as input to the system for 

classification. 

 

5.3 Proposed CNN Architecture 

 
In the proposed system, we have created and trained a CNN for deep learning classification 

as shown in Fig. 5.2. The proposed CNN consists of total fifteen layers including input and 

output layers.  It is composed of two basic parts of feature extraction and classification. For 

feature extraction, it consists of three convolution layers followed by batch normalization, 

max-pooling and an activation function. For classification, it consists of fully connected 

layers.  

 
5.3.1 Image Input Layer  

 
This layer takes the image as input and passes it to next layer of the CNN. The output of 

our preprocessing step is binary image with size 110-by-110. So, while defining this layer, 



we specified the image size 110

channel size. Because the images are in binary form

FIGURE 

 
5.3.2 Convolutional Layer

 
Convolutional Layer is always placed first in a CNN. Its main purpose is to extract features 

from the input image by applying sliding

neurons that link to the sub

outputs. While scanning across an image, this layer learns the features localized by these 

regions. In our system, filter size is 3

convolution operation is specified using (5.1) where 

 

 

5.3.3 Batch Normalization Layer

 
The layers of batch normalization 

gradients passing from a network. It

a little bit more independently of other previous layers. It is performed on the output of the 
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ied the image size 110-by-110-by-1. These numbers indicates height, width, and 

images are in binary form, the channel size is set as 1. 

FIGURE 5.2 Illustration of the proposed CNN architecture 

Convolutional Layer  

is always placed first in a CNN. Its main purpose is to extract features 

from the input image by applying sliding convolutional filters to the input.

neurons that link to the sub-regions of the participating images or the previous layer's 

outputs. While scanning across an image, this layer learns the features localized by these 

regions. In our system, filter size is 3-by-3. Fig. 5.3 explains convolution operation. The 

convolution operation is specified using (5.1) where h is image and F is filter.

𝐺[𝑖, 𝑗] =  ℎ[𝑢, 𝑣]𝐹[𝑖 − 𝑢, 𝑗 − 𝑣] 

 

FIGURE 5.3 Convolution operation 

Batch Normalization Layer  

The layers of batch normalization [99] apply normalization on the activations as well as 

gradients passing from a network. It allows each layer of a neural network to learn by itself 

a little bit more independently of other previous layers. It is performed on the output of the 

Static Hand Gesture Recognition Using CNN 

1. These numbers indicates height, width, and 

the channel size is set as 1.  

 

 

is always placed first in a CNN. Its main purpose is to extract features 

filters to the input. It is made up of 

he previous layer's 

outputs. While scanning across an image, this layer learns the features localized by these 

explains convolution operation. The 

is filter. 

(5.1) 

apply normalization on the activations as well as 

allows each layer of a neural network to learn by itself 

a little bit more independently of other previous layers. It is performed on the output of the 



layers of each batch by the mean vector μ and the standard deviation vector σ computed 

across a batch. This step also speeds up network training and reduces the sensitivity to 

network initialization. 

 
5.3.4  ReLU Layer  
 
Rectified Linear Unit (ReLU) 

the deep learning domain. It does not activate all the neurons at the same time. This layer 

applies a threshold operation on

zero, as shown in Fig. 5.4. The biggest advantage of ReLu is indeed non

gradient, which greatly accelerates the convergence of stochastic gradient descent. It is 

defined using (5.2). 

 

FIGURE 

 

5.3.5 Max Pooling Layer  

 
We have used max pooling in our system to perform pooling operation. The main 

advantage of using max pooling is that it extracts the most important high level features 

like edges. As illustrated in Fig. 5.5, it performs the down

separating the input image into pooling rectangular zones and finding the highest value of 

each. The feature map's spatial size is reduced, and redundant spatial information is 

removed.  In our system, t

we have used is 2.  
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atch by the mean vector μ and the standard deviation vector σ computed 

across a batch. This step also speeds up network training and reduces the sensitivity to 

Rectified Linear Unit (ReLU) [100] is the most popular non-linear activation function in 

the deep learning domain. It does not activate all the neurons at the same time. This layer 

applies a threshold operation on every input element, setting any value smaller than zero to 

n Fig. 5.4. The biggest advantage of ReLu is indeed non

gradient, which greatly accelerates the convergence of stochastic gradient descent. It is 

𝑅𝑒𝐿𝑈(𝑧) =  𝑀𝑎𝑥(0, 𝑧) 

 

 

 

(a) (b) 

FIGURE 5.4 ReLU (a) Function (b) Example 

 

We have used max pooling in our system to perform pooling operation. The main 

advantage of using max pooling is that it extracts the most important high level features 

like edges. As illustrated in Fig. 5.5, it performs the down-sampling [101

separating the input image into pooling rectangular zones and finding the highest value of 

each. The feature map's spatial size is reduced, and redundant spatial information is 

removed.  In our system, the size of the rectangular region is [2,2]. The 'Stride'

 

FIGURE 5.5 Max pooling example 
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atch by the mean vector μ and the standard deviation vector σ computed 

across a batch. This step also speeds up network training and reduces the sensitivity to 

linear activation function in 

the deep learning domain. It does not activate all the neurons at the same time. This layer 

every input element, setting any value smaller than zero to 

n Fig. 5.4. The biggest advantage of ReLu is indeed non-saturation of its 

gradient, which greatly accelerates the convergence of stochastic gradient descent. It is 

(5.2) 

 

We have used max pooling in our system to perform pooling operation. The main 

advantage of using max pooling is that it extracts the most important high level features 

101] operation by 

separating the input image into pooling rectangular zones and finding the highest value of 

each. The feature map's spatial size is reduced, and redundant spatial information is 

'Stride' value that 



Static Hand Gesture Recognition Using CNN 

79 
 

5.3.6 Fully Connected Layer  

 
One or more fully connected layers follow the convolutional and pooling layers. To 

generate output, a fully connected layer uses data from the convolution layer. The 

conventional neural network is used in this layer of a CNN. It adds a bias vector after 

multiplying the input by a weight matrix. The neurons in this layer connect to all of the 

neurons in the previous layer. To classify the images, this layer aggregates all of the 

information learned by the preceding layers throughout the network. As a result, in the last 

fully connected layer, the output size parameter is 36, which corresponds to the 36 classes. 

It is defined by 

𝑍 = 𝑊 . 𝑋 + 𝑏 (5.3) 

 

Here, X is the input, W is weight, and b (called bias) is a constant. 

 
5.3.7 Softmax Layer  

 
This layer applies a softmax function to the output of the fully connected layer. Softmax 

function is a generalization of logistic regression that can be used for multi-class 

classification. This layer's output is a set of positive numbers that add up to one, which the 

classification layer can utilise as classification probabilities. It is defined as 

 

σ(𝑧) =  
𝑒

∑ 𝑒
 (5.4) 

 

Here, z is the input vector, zi are the elements of the input vector, ezi is standard 

exponential function is applied to each element of the input vector and K is the number of 

classes in the multi-class classifier. 

 
5.3.8 Classification Layer  

 
The final layer of the network is the classification layer, which is responsible for 

classifying the input. It assigns the input to one of the potential classes using the 

probabilities supplied by the softmax layer. 
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Fig. 5.6 depicts plot of accuracy and loss resulted during CNN training. 

 
FIGURE 5.6 Accuracy and loss function after CNN training 

 

Fig. 5.7 shows graphical visualization of features extracted from trained CNN for a given 

input image. 

 

FIGURE 5.7 CNN Features (a) Input Image (b) Pre-processed Image (c) Features at first convolution 
layer (d) Features at second convolution layer(c) Features at third convolution layer 

 
5.4 Classification using CNN approach 
 

Multiple convolution layers are followed by fully connected layers in the proposed CNN 

architecture. Convolution layers extract features in this architecture. The fully connected 

layers use these features to accomplish an image classification problem. As a result, the 

final convolution layer's output is a representation of the input image. Feed forward neural 

networks are what the Fully Connected Layer is all about. Fully Connected Layers are the 
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network's last layers, and they can be utilized to conduct classification.  We have carried 

out experiments in order to measure the accuracy of the system. Our dataset has 1540 

images for each gesture. From this dataset, 1200 images have been used to train the CNN 

and 340 images have been used for testing. We have measured accuracy for both single 

handed and double handed gestures. During this experiment, we have used the fully 

connected layer for classification. The results of this experiment are shown in Fig. 5.9 and 

5.10. And computed values of various evaluation metrics are shown in Table 5.1. The 

confusion matrix achieved in this experiment is shown in Fig. 5.11.   
 

 
FIGURE 5.8 Performance using CNN as both feature extractor and classifier 

 

 
FIGURE 5.9 Gesture wise accuracies for CNN model 

 
TABLE 5.1 Evaluation metrics for CNN model  

Metric Value 

Accuracy 0.9944 

Error 0.0056 

Sensitivity 0.9944 

Specificity 0.9998 

Precision 0.9944 

False Positive Rate 0.0002 

False Negative Rate 0.0056 

F1_score 0.9944 
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FIGURE 5.10 Confusion matrix of CNN evaluation 

 
5.5 Classification using CNN- SVM approach  

 
Support Vector Machines (SVMs) were the state-of-the-art before CNNs took over. As a 

result, it appears reasonable to conclude that, today also, the SVM is a better classifier than 

a neural network having double fully-connected layers. To replace the artisanal feature 

extraction approach with a new one, we coupled a contemporary deep learning-based 

method with typical classifier-based hand-crafted feature extractors. To do this, we used a 

deep CNN, which allows us to extract more strong information from sequence of video 

frames. The output of the final convolution layer forms a resulting feature vector that 

represents our original input image.  

 

The resulting feature vector is then fed as an input to the support vector machine (SVM) 

classifier [102] to assign each instance to the corresponding label and bythere, recognize 

the performed activity (see Fig. 5.12).  In this second experiment, instead of using fully 

connected layer of CNN for classification, we have trained SVM classifier using deep 

features. The results corresponding to this experiment are shown in Fig. 5.13 and 5.14. The 

confusion matrix achieved in this experiment is shown in Fig. 5.15. Computed values of 

various evaluation metrics are shown in Table 5.2. 
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FIGURE 5.11 CNN-SVM architecture. 

 

 

 
FIGURE 5.12 Performance using CNN-SVM model 

 

 
FIGURE 5.13 Gesture wise accuracies for CNN- SVM model 
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TABLE 5.2 Evaluation metrics for CNN- SVM model 
Metric Value 

Accuracy 0.9975 

Error 0.0025 

Sensitivity 0.9975 

Specificity 0.9999 

Precision 0.9975 

False Positive Rate 0.0001 

False Negative Rate 0.0025 

F1_score 0.9975 

 

 
FIGURE 5.14 Confusion matrix of CNN-SVM evaluation 

 

5.6 Classification using Pre-Trained CNN models 

Image classification networks like VGG16 [48] and GoogLeNet [49] are the commonly 

used for classifying images using deep learning in recent years. With the help of transfer 

learning [103] [104], it is possible to use these pre-trained models instead of reinventing 

everything from scratch. This not only helps us to increase the efficiency and accuracy of 

our outputs, but also to make image classification task easier. During our experiments, we 

have retrained these two networks with images of our ISL dataset and evaluated their 

performance.  
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5.6.1 GoogLeNet Model 
 

Fig. 5.16 depicts plot of accuracy and loss resulted during GoogLeNet training using our 

self-built ISL dataset. While the confusion matrix achieved during this experiment of 

GoogLeNet evaluation is shown in Fig. 5.17.   

 
FIGURE 5.15 Accuracy and loss function after GoogLeNet re-training 

 

 
FIGURE 5.16 Confusion matrix of GoogLeNet evaluation 
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Fig. 5.18 shows the gesture-wise recognition rates achieved during GoogLeNet evaluation. 

Also shown in 5.19 is the total system performance. Table 5.3 shows the calculated values 

of various evaluation metrics for this experiment. The algorithm had a 99.54% overall 

accuracy. It was 99.43% accurate for single handed gestures and 99.63% accurate for two 

handed gestures. 

 

 
FIGURE 5.17 Gesture wise accuracies for GoogLeNet model 

 
 

 
FIGURE 5.18 Performance using GoogLeNet model 

 
 

TABLE 5.3 Evaluation metrics for GoogLeNet 

Metric Value 

Accuracy 0.9954 

Error 0.0046 

Sensitivity 0.9954 

Specificity 0.9999 

Precision 0.9955 

False Positive Rate 0.0001 

False Negative Rate 0.0046 

F1_score 0.9954 
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5.6.2 VGG16 Model 
 

Fig. 5.20 depicts plot of accuracy and loss resulted during GoogLeNet training using our 

self-built ISL dataset. While the confusion matrix achieved during this experiment of 

GoogLeNet evaluation is shown in Fig. 5.21.   

 
FIGURE 5.19 Accuracy and loss function after VGG16 re-training 

 

 
FIGURE 5.20 Confusion matrix of VGG16 evaluation 
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Fig. 5.22 shows the gesture-wise recognition rates achieved during VGG16 evaluation. 

Also shown in 5.23 is the total system performance. Table 5.4 shows the calculated values 

of various evaluation metrics for this experiment. The algorithm had a 99.59% overall 

accuracy. It was 99.28% accurate for single handed gestures and 99.84% accurate for two 

handed gestures. 

 

 
FIGURE 5.21 Gesture wise accuracies for VGG16 model 

 
 

 
FIGURE 5.22 Performance using VGG16 model 

 
TABLE 5.4 Evaluation metrics for VGG16 

Metric Value 

Accuracy 0.9959 
Error 0.0041 

Sensitivity 0.9959 
Specificity 0.9999 
Precision 0.9960 

False Positive Rate 0.0001 
False Negative Rate 0.0041 

F1_score 0.9959 
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Figure 5.24 shows real time recognition of the hand gestures with proposed CNN based 

algorithm using GUI. 

 
 

 
FIGURE 5.23 Sign language recognition from live camera 
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5.7 Testing the system for American Sign Language 

During testing with a self-built ISL dataset, our proposed CNN-based algorithm provided 

state-of-the-art accuracy. We also tested it on the Kaggle dataset of American Sign 

Language letters to check that it is accurate across a variety of datasets. It provided an 

accuracy of 98.09% during this testing. 

5.8 Concluding Remarks 

CNN is one of the most impressive forms of deep learning algorithms used to solve 

difficult image-driven pattern recognition tasks. In this chapter, we proposed CNN based 

static hand gesture recognition system for Indian Sign Language. After recognition, 

gestures are converted into text and voice. The system is built with CNN having fifteen 

layers.  It is trained with images of our self-built training dataset. The proposed system is 

able to recognise gesture from both stored images and real time camera. Due to the use of 

augmented dataset during training, system provided invariance with respect to 

transformation like scaling, translation and rotation. The main objective of this work was 

to explore the power of using both the last layers of CNN and SVM classifier to evaluate 

deep features of our training dataset. From the experimental results it is observed that the 

system is very efficient and it is able to provide accuracy up to 99.44% when using CNN 

as both feature extractor and classifier.  When using deep features extracted with the help 

of CNN architecture to train SVM classifier, system provided increased accuracy of 

99.75%.  In addition, two popular image classification networks GoogLeNet and VGG16 

were retrained and evaluated using our ISL dataset. GoogLeNet and VGG16 provided 

accuracy of 99.54% and 99.59% respectively. During experiment, system provided 

efficient real time performance with the help of designed GUI. Thus resulting generic 

vision system is proved very accurate and efficient. 

 

****** 
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CHAPTER – 6 

Dynamic Hand Gesture Recognition 

 
6.1 Introduction 

 
In recent years, several approaches have been proposed with the aim of developing a 

robust hand gesture recognition algorithm which functions in complex and cluttered 

environments. Several researchers have addressed this challenging problem for static hand 

gesture recognition; but a robust system for dynamic hand gesture recognition is still 

elusive. Dynamic hand gesture recognition, as one of the most essential and powerful 

interaction methods, has received a lot of attention and has been applied in a variety of 

fields, including sign language recognition, video game industry, food industry, and 

machinery industry. Therefore, in this chapter we have proposed a deep learning-based 

architecture to classify dynamic hand gestures. 

 
6.2 Long Short-Term Memory (LSTM) 

 
The Long Short-Term Memory (LSTM) [105] is a deep learning architecture based on 

Recurrent Neural Network (RNN) [71] type artificial network. LSTM has feedback 

connections, unlike normal feed forward neural networks. It can process both single data 

points (like images) as well as complete data sequences (like speech or video). For the 

reason that there might be lags of uncertain duration between critical occurrences within a 

time series, the LSTM networks are better suited to classifying, processing, and making 

predictions using time series data. The LSTM networks were designed to answer the 

difficulty of vanishing gradients which can arise while training traditional RNNs. In 

several cases, LSTM provides a benefit over RNNs, HMMs, and other series learning 

approaches because of its comparative insensitivity to gap duration. The structure of the 

LSTM network is shown in Figure 6.1. As seen in the diagram, LSTMs feature a chain-like 

structure, with four neural network layers interacting in a unique way in the repeating 

module.  



FIGURE

 
 
6.3 Datasets 

 
The proposed system in this 

hand gesture ISL datasets. 

 
6.3.1 Dataset 1  

 
Dataset 1 is self built dataset. It comprises 

common ISL language. Both single

this dataset. In recording of this dataset, 35 male and female persons have been involved. A 

few of the persons were deaf people

performed these gestures three

in terms of their cloths, illumination conditions and background color etc. Fig. 6.2 

represents various gestures included in this dataset.

 
6.3.2 Dataset 2  

 
Dataset 2 [106] consists of videos corresponding to ISL gestures used in emergency 

condition. Eight different gestures are included in this dataset. These 

captured from 26 persons with male and female persons having different hand size and 

skin color. Two samples with small time gap in between have been collected for each 

person in indoor surroundings having normal illumination. All the vi

background and fix distance to camera.
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FIGURE 6.1 Diagram of the LSTM network [105] 

The proposed system in this work has been evaluated by using three different dynamic 

 

Dataset 1 is self built dataset. It comprises videos for 11 gestures selected from the 

common ISL language. Both single-handed as well as two-handed gestures are included in 

this dataset. In recording of this dataset, 35 male and female persons have been involved. A 

were deaf people. The nondeaf persons were guided first. Every person 

performed these gestures three-four times throughout different sessions with no restrictions 

in terms of their cloths, illumination conditions and background color etc. Fig. 6.2 

res included in this dataset. 

consists of videos corresponding to ISL gestures used in emergency 

condition. Eight different gestures are included in this dataset. These gestures have been 

captured from 26 persons with male and female persons having different hand size and 

skin color. Two samples with small time gap in between have been collected for each 

person in indoor surroundings having normal illumination. All the videos have plain black 

background and fix distance to camera. 
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6.3.3 Dataset 3  

 
Dataset 3 [107] consists of videos corresponding to ISL gestures of over 263 word signs 

from 15 different word categories used in our day to day life. These gestures are performed 

by experienced signers - deaf students of St. Louis School for the Deaf, Adyar, Chennai, 

India. Hence it provides close similarity to ordinary conditions. A subset of 64 gestures 

across many word categories have been selected for evaluation of our proposed system.  

TABLE 6.1  Datasets used for experiments 

Dataset 
No of 

Gestures 

No of 

Videos 

No of 

Signers 
Gestures 

Dataset 1 11 1100 35 Morning, Night, Open, Close, Email, WhatsUp, Internet, 

Late, Start, Sorry, Drink 

 

Dataset 2 [106] 8 416 26 Accident, Call, Doctor, Help, Hot, Lose, Pain, Thief 

 

Dataset 3 [107] 64 1344 7 Happy, Healthy, Hot, Long Loud, Narrow, New, Old, 

Quiet Short, Sick, Slow, Small, Tall, Warm, Wet, Wide, 

Young, Dress, Hat, Shirt, Skirt , Suit, Alright, Good 

Afternoon, Good  Evening, Good Morning, Good Night, 

Hello, How Are You, Pleased, Thank You, Baby, Boy, 

Brother, Daughter, Father, Girl, Man, Mother, 

Neighbour, Parent, President, Queen, Sister, Son, 

Woman, City, Court, House, Office, Park, Restaurant, 

School, Street, Train Station, University 
 

Table 6.1 summarizes all three datasets while Fig. 6.2 depicts visualization of gestures 

from dataset 1. Fig. 6.3 illustrates hand motion of the gestures from this dataset. While 

frames of sample gestures from all three datasets are shown in Fig. 6.4. 

 
FIGURE 6.2 Dynamic gestures of dataset 1 



 

FIGURE 6.3 Illustration of Hand Motion in 
 

 

FIGURE
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Illustration of Hand Motion in Gestures from dataset 1.

FIGURE 6.4 Sample frames of dynamic gestures 

c Hand Gesture Recognition 

  

Gestures from dataset 1. 
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6.4 Proposed System 

 
The proposed system is designed to accurately recognize different dynamic hand gestures 

of ISL. It works in two steps – training and testing. During training a deep learning based 

classifier with recurrent layers is created and trained with gesture videos of datasets. 

During testing, gestures are given to trained classifier for classifications. 

 
6.4.1 Video Preprocessing 

 
The raw video is converted into RGB frames sequence as the initial step in the 

preprocessing phase. The video sequences are first trimmed to a fixed length by deleting 

trailing frames because they have various durations. The cropped square frames in all input 

videos are resized to a predetermined size of 224x224 pixels as the final step in the 

preparation phase. The model's computation cost and training convergence in the next 

phase are both reduced as a result of this scaling. 

 
6.4.2 CNN-LSTM Integrated Architecture 

 
Recently, deep learning techniques have shown improvements across a wide variety of 

recognition tasks. Proposed system is also build using deep learning techniques. It is based 

on an integrated architecture that combines both CNN [97] and LSTM [108].  

 

 

FIGURE 6.5 Integrated CNN-LSTM architecture 

 



 

In this architecture, CNN layers perform feature extraction on input data while LSTM 

layers support sequence prediction. As a consequence, combined CNN

becomes capable to perform dynamic hand gesture recognition. Fig. 

resultant integrated architecture. We have followed a process with following four steps to 

create this combined network.

 

6.4.2.1 Creating CNN using transfer learning

 
Transfer learning [103] [104

network to classify a new set of images as shown in 

pretrained image classification network muc

Further, it gets rid of defining and training a new network with millions of images and 

powerful Graphical Processing Unit (GPU). 

 

 

We have used two different pretrained image classification networks 

VGG16. Instead of reinventing the everything from scratch, we can employ these cutting

edge models. These models not only improve the efficiency and accuracy of our outputs

but they also simplify image classification in Deep Learning applications. GoogLeNet 

is the winner of the ILSVRC (ImageNet Large Scale Visual Recognition Competition) 

2014, an image classification competition. VGG16

vision model architectures avai

and VGG16 are retrained using frames of videos of our training dataset. Fig. 6.7 and Fig. 

6.8 illustrate the graphical representation of the architecture along with all the layers of 

GoogLeNet and VGG16.  
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In this architecture, CNN layers perform feature extraction on input data while LSTM 

layers support sequence prediction. As a consequence, combined CNN-LSTM architecture 

becomes capable to perform dynamic hand gesture recognition. Fig. 

ltant integrated architecture. We have followed a process with following four steps to 

create this combined network. 

CNN using transfer learning 

104] is the process of retraining a pretrained convolutional neural 

o classify a new set of images as shown in Fig. 6.6. It enables us to fine tune a 

pretrained image classification network much faster and easier than training from scratch. 

Further, it gets rid of defining and training a new network with millions of images and 

powerful Graphical Processing Unit (GPU).  

FIGURE 6.6 Transfer learning process 

We have used two different pretrained image classification networks – 

VGG16. Instead of reinventing the everything from scratch, we can employ these cutting

edge models. These models not only improve the efficiency and accuracy of our outputs

but they also simplify image classification in Deep Learning applications. GoogLeNet 

is the winner of the ILSVRC (ImageNet Large Scale Visual Recognition Competition) 

2014, an image classification competition. VGG16 [48] is also regarded as one of the best 

vision model architectures available today. With the help of transfer learning, GoogLeNet 

and VGG16 are retrained using frames of videos of our training dataset. Fig. 6.7 and Fig. 

6.8 illustrate the graphical representation of the architecture along with all the layers of 

c Hand Gesture Recognition 
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is the winner of the ILSVRC (ImageNet Large Scale Visual Recognition Competition) 

is also regarded as one of the best 

lable today. With the help of transfer learning, GoogLeNet 

and VGG16 are retrained using frames of videos of our training dataset. Fig. 6.7 and Fig. 

6.8 illustrate the graphical representation of the architecture along with all the layers of 
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FIGURE 6.7 GoogLeNet Architecture 
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FIGURE 6.8 VGG16 Architecture 

c Hand Gesture Recognition 



6.4.2.2. Converting videos to sequences of feature vectors

 
Second step is to convert the frames of videos of our training dataset to feature vectors. In 

order to accomplish this, first these frames are extracted from the videos of our training 

dataset. These video frames of sample gesture video are given as input 

and VGG16 networks. At that moment, the output received from activations functions 

from the final pooling layer of the network becomes corresponding feature descriptors. 

This concept is depicted in 

FIGURE

 
6.4.2.3. Creating LSTM Network

 
As our goal is to recognize dynamic gestures having long sequence of frames, we need a 

mechanism to learn and remember this sequence. For this, we have created a well known 

recurrent neural network LSTM 

features vectors computed during previous steps. The trained LSTM network becomes 

intelligent enough to classify the sequences of feature vectors representing the videos.

 
6.4.2.4. Combining layers from CNN and LSTM.
 
Finally, we have created a unified network which classifies videos straightforwardly by 

bringing together layers from both CNN and LSTM. In the resultant architecture, the CNN 
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videos to sequences of feature vectors 

Second step is to convert the frames of videos of our training dataset to feature vectors. In 

order to accomplish this, first these frames are extracted from the videos of our training 

dataset. These video frames of sample gesture video are given as input to the GoogLeNet 

and VGG16 networks. At that moment, the output received from activations functions 

from the final pooling layer of the network becomes corresponding feature descriptors. 

This concept is depicted in Fig. 6.9. 

FIGURE 6.9 Extracting features from CNN 

LSTM Network 

As our goal is to recognize dynamic gestures having long sequence of frames, we need a 

mechanism to learn and remember this sequence. For this, we have created a well known 

recurrent neural network LSTM [68] [69] as shown in Fig. 6.10. It is then trained using 

features vectors computed during previous steps. The trained LSTM network becomes 

enough to classify the sequences of feature vectors representing the videos.

 
FIGURE 6.10 LSTM layers 

layers from CNN and LSTM. 
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bringing together layers from both CNN and LSTM. In the resultant architecture, the CNN 
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layers are utilized to convert the videos into vector series, and the LSTM network layers 

are used to classify the computed vector series. The layers of the resulting network are seen 

in Fig. 6.11. Here, Sequence Input Layer is used to give image sequences as input to the 

integrated network. Sequence Folding Layer followed by the Convolutional Layers apply 

the convolution operations to every frame of the input videos independently to extract 

features. Sequence Unfolding Layer then restores the sequence structure. Flatten Layer 

restructures the output into vector sequences. LSTM layers followed by the output layers 

perform classification of resultant vector sequences. In LSTM layers, a bidirectional 

LSTM (BiLSTM) layer is used to learn bidirectional long-term dependencies between 

image sequences. 

 

FIGURE 6.11 Integrated CNN-LSTM layers 

 

Fig 6.12 and 6.13 shows graphical representation of resultant CNN-LSTM architecture 

using GoogLeNet and VGG16 network respectively. 

 

6.5 Results and Discussions 

 
The proposed system has been implemented in MATLAB on a computer system having 

intel core i5 processor and 8GB of RAM. The proposed system is able to recognize 11 

different dynamic gestures of ISL included in dataset 1. To measure the accuracy of the 

system, out of 1100 videos for gestures, 660 videos have been used for training the 

network and 440 videos for testing the network. In order to ensure that system does not 

suffer from over fitting, we have taken care that videos used for training and testing are 

performed by different set of signers (see Fig. 6.14). Additionally, in order to validate the 

accuracy of proposed system, we have carried out experiments using videos of dataset 2 

and dataset 3. Out of 416 videos of dataset 2, 256 have been used for training and 160 have 

been used for testing. While in case of dataset 3, out of 1344 videos, 896 have been used 

for training and 448 have been used for testing. 



 

FIGURE 6.12

Dynamic Hand Gesture Recognition

101 

 

12 Layers of CNN-LSTM Architecture using GoogLeNet 
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LSTM Architecture using GoogLeNet  



FIGURE 6.1
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FIGURE 6.13 Layers of CNN-LSTM Architecture using VGG16 
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FIGURE 6.14 Training and testing set 

 

6.5.1 Results achieved using GoogLeNet 

 
We have carried first experiments with CNN-LSTM architecture where GoogLeNet was 

used for feature extraction and LSTM for sequence learning. The confusion matrix resulted 

during this experiment for the gestures of dataset 1 are shown in Fig. 6.15. While Fig. 6.16 

shows gesture wise recognition rates achieved during this experiment with dataset 1. 

 

 

FIGURE 6.15 Confusion matrix of GoogLeNet-LSTM model for dataset 1. 
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FIGURE 6.16 Recognition rates using GoogLeNet-LSTM model for dataset 1. 

 
 

TABLE 6.2 Performance of the GoogLeNet-LSTM model 

Sr. Metric Dataset 1 Dataset 2 Dataset 3 

1 Accuracy 0.9318 0.9750 0.9665 

2 Error 0.0682 0.0250 0.0335 

3 Sensitivity 0.9318 0.9750 0.9665 

4 Specificity 0.9932 0.9964 0.9995 

5 Precision 0.9432 0.9767 0.9709 

6 False Positive Rate 0.0068 0.0036 0.0005 

7 False Negative Rate 0.0682 0.0250 0.0335 

8 F1_score 0.9338 0.9741 0.9659 

 

 

For all the three datasets, we have evaluated performance of the CNN-LSTM network 

using different metrics. The results achieved are as shown in Table 6.2. From the results 

we can see that the system provided accuracy of 93.18% for dataset 1, 97.50% for dataset 2 

and 96.65% for dataset 3.  

 

 
6.5.2 Results achieved using VGG16 

 
In our second attempt, we employed a CNN-LSTM architecture with VGG16 for feature 

extraction and LSTM for sequence learning. Figure 6.17 depicts the confusion matrix 

generated during this experiment for gestures from dataset 1. Figure 6.18 depicts the 

gesture-wise recognition rates obtained during this experiment with dataset 1. 

70.00

75.00

80.00

85.00

90.00

95.00

100.00

Ac
cu

ra
cy

 (%
)

Gesture



Dynamic Hand Gesture Recognition 

105 
 

 

FIGURE 6.17 Confusion matrix of VGG16-LSTM model for dataset 1. 

 

 

FIGURE 6.18 Recognition rates using VGG16-LSTM model for dataset 1. 

 

For all the three datasets, we have evaluated performance of the VGG16 based CNN-

LSTM using different metrics. The results achieved are as shown in Table 6.3. From the 

results we can see that the system provided accuracy of 86.14% for dataset 1, 95.62% for 

dataset 2 and 91.29% for dataset 3.  

 

TABLE 6.3 Performance of the VGG16-LSTM model 

Sr. Metric Dataset 1 Dataset 2 Dataset 3 

1 Accuracy 0.8614 0.9562 0.9129 
2 Error 0.1386 0.0437 0.0871 

3 Sensitivity 0.8614 0.9562 0.9129 

4 Specificity 0.9861 0.9938 0.9986 

5 Precision 0.8863 0.9618 0.9255 

6 False Positive Rate 0.0139 0.0062 0.0014 

7 False Negative Rate 0.1386 0.0438 0.0871 

8 F1_score 0.8655 0.9571 0.9122 

 

For the three datasets used during experiments, the graph of accuracy and loss function are 

shown in Fig. 6.19 to 6.24. 

60
65
70
75
80
85
90
95

100

Ac
cu

ra
cy

 (%
)

Gesture



Dynamic Hand Gesture Recognition 

106 
 

 
FIGURE 6.19 Accuracy and Loss function for dataset 1 using GoogLeNet-LSTM model 

 

 

 
FIGURE 6.20 Accuracy and Loss function for dataset 2 using GoogLeNet-LSTM model 
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FIGURE 6.21 Accuracy and Loss function for dataset 3 using GoogLeNet-LSTM model 

 

 

 

FIGURE 6.22 Accuracy and Loss function for dataset 1 using VGG16-LSTM model 
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FIGURE 6.23 Accuracy and Loss function for dataset 2 using VGG16-LSTM model 

 

 

FIGURE 6.24 Accuracy and Loss function for dataset 3 using VGG16-LSTM model 
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A user friendly and easy to use Graphical User Interface (GUI) is developed to recognize 

IDL dynamic gestures of dataset 1. With the help of this GUI, user can make use of the 

system to recognize ISL dynamic gestures both from stored files as well as live camera. 

Fig. 6.25 depicts recognition from store file and Fig. 6.26 depicts real time gesture 

recognition from live camera. 

 

 

FIGURE 6.25 Dynamic hand gesture recognition from stored file 

 

FIGURE 6.26 Dynamic hand gesture recognition from live camera 
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6.5.3 Comparison with existing method 

 
Table 6.4 shows accuracy comparison of proposed method with other existing methods for 

dynamic ISL gesture recognition. 

 

TABLE 6.4 Comparison of the accuracy with existing methods 

Sr. No Method Gestures Considered Accuracy 

1 

 

 

Wavelet transform descriptors,  

SVM Classifier [106] 

 

8 Gestures from  

dataset 2 [106] 

 

90.00% 

 

 2 Deep Learning Approach [106] 8 Gestures from  

dataset 2 [106] 

96.25% 

3 Proposed System 8 Gestures from  

dataset 2 [106] 

97.50% 

4 Pre-Trained Feature Extractor, 

Encoder and Decoder [107] 

50 Gestures from  

dataset 3 [107] 

94.50% 

5 Proposed System 64 Gestures from  

dataset 3 [107] 

96.65% 

 

6.6 Concluding Remarks 

 
Dynamic hand gesture recognition is challenging task because in involves sequence 

prediction. Recurrent Neural Network like LSTM has made it possible to predict sequence 

by learning temporal features from input data. In this chapter, we presented the CNN-

LSTM integrated architecture based system for dynamic hand gesture recognition of ISL. 

We proposed to use two pre-trained CNN approach based GoogLeNet and VGG16 models 

in order to extract spatial and an LSTM model to extract temporal features from 

consecutive video frames. Retraining of pretrained models not only reduced training time 

but also provided higher accuracy. One self-built dataset and two other datasets were used 

to train and evaluate our suggested architecture. The system performed admirably in terms 

of recognition. For all three datasets used in the trials, GoogLeNet outperformed VGG16 

in terms of accuracy. For the three datasets, GoogLeNet achieved accuracy of 93.18%, 

97.50%, and 96.65%, respectively while VGG16 achieved accuracy of 86.14%, 95.62%, 

and 91.29%, respectively. 

****** 
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CHAPTER – 7 
 

Conclusion 

Indian Sign Language recognition is current area of research in the field of computer vision 

having many challenges. In this thesis, we have proposed vision based algorithms in order 

to recognize both static and dynamic hand gestures of Indian Sign Language. These 

algorithms have been built using machine learning and deep learning approaches. The 

primary conclusions can be summarized in the following points. 

 

For the task of static hand gesture recognition, four popular classifiers like SVM, KNN, 

ANN and LDA have been trained using LBP, HOG and SURF features. Self built image 

dataset of ISL hand gestures is used during experiments. All the three features provided 

state of the art accuracy but HOG features provided better accuracy in comparison to LBP 

and SURF. SVM outperformed the other three classifiers in terms of accuracy for all three 

features.  SVM trained using HOG features provided highest accuracy of 99.49%. It is also 

found that as the feature vector length increases, training and classification time also 

increases correspondingly for all the classifiers. In comparison to the other three classifiers, 

SVM takes longer to train and classify. In terms of training time, KNN is faster, but LDA 

is faster for classification. Furthermore, the results obtained by the proposed algorithms 

have been found to be comparable to those obtained by existing approaches. SVM trained 

using HOG features provided highest accuracy among all the combination of features and 

classifiers. 

 

The hybrid feature vector created by fusing Fourier Descriptor, Hu Moments, and Zernike 

Moments for static hand gesture identification provided not only higher accuracy of 

95.79%, but also transformation invariance. Moreover, it also effectively performed 

dimension reduction of input images. 

 

CNNs can also be used to solve difficult image-driven pattern recognition tasks because of 

their precise and simple architecture. Proposed CNN based static hand gesture recognition 
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algorithm provided higher accuracy of 99.44%. With the use of augmented dataset during 

training it also achieved rotation invariance. SVM trained with deep features learned by 

this proposed architecture provided 99.75% accuracy. In addition, two popular image 

classification networks GoogLeNet and VGG16 were retrained and evaluated using our 

ISL dataset. GoogLeNet and VGG16 provided accuracy of 99.54% and 99.59% 

respectively. SVM trained with deep features provided highest accuracy during 

experiments. 

 

Recurrent Neural Network like LSTM has made it possible to predict sequence by learning 

temporal features. Proposed CNN-LSTM model accurately learned spatio-temporal 

features from input videos in order to recognize dynamic hand gestures. By transfer 

learning, two popular pretrained image classification networks like GoogLeNet and 

VGG16 have been retrained using images of our datasets. This not only reduced training 

time but also provided higher accuracy. For the three datasets considered during 

experiments, proposed algorithm using GoogLeNet-LSTM model achieved accuracy of 

93.18%, 97.50%, and 96.65%, respectively while VGG16-LSTM achieved accuracy of 

86.14%, 95.62%, and 91.29%, respectively. GoogLeNet outperformed VGG16 in terms of 

accuracy for all the datasets considered during experiments. 

 

Simple and easy-to-use GUI-based systems have been designed in order to recognize 

gestures from stored file and live camera. All of the proposed algorithms for static and 

dynamic hand gesture detection performed better in terms of both efficiency and accuracy 

when tested using different datasets. As a result, they can be utilised to create a general 

system that can be adjusted based on the user's needs by combining different datasets. 

Furthermore, such a system is adaptable; it may be expanded by adding additional gestures 

or shrunk by removing ones. 

 

****** 
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Appendix A  : ISL Static Hand Gesture Dataset 
 
 

This is self built dataset consisting of ISL gestures corresponding to 26 letters and 10 digits. 

For each alphabet (A-Z) and number (0-9), this dataset contains 220 images resulting in 

total 7920images. In order to build this dataset, 50 voluntary subjects were used to 

participate in the experiments. To capture images Logitech webcam with resolution 

640x480 is used. Few sample images of this dataset are shown in Fig. A.1 and A.2. 
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FIGURE A.1 Sample images of self-built dataset 
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FIGURE A.2 Sample images of self-built dataset 
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Appendix B  : Kaggle Dataset of ASL 

 
 
Kaggle dataset of ASL letters consists of images for hand gestures for 10 numbers (0-9) 

and 26 letters (A-Z) in American Sign Language. For each gesture it contains 700 images. 

Rotated images are also there in this dataset. Sample images of this dataset are shown in 

Fig. B.1. 
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FIGURE B.1 Sample images of ASL gestures 
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Appendix C  : ISL Dynamic Hand Gesture Dataset 

 
 

This self built dataset consisting of ISL dynamic gestures corresponding to 11 regularly 

used words. For each gesture, this dataset contains 100 video files resulting in total 1100 

videos. In order to build this dataset, 35 voluntary subjects were used to participate in the 

experiments. To capture these videos Logitech webcam with resolution 640x480 is used. 

Frames of sample videos of this dataset are shown in Fig. C.1 and Fig. C.2. 
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FIGURE C.1 Video frames of self-built dataset 
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Open 

 
Sorry 

 
Start 

 
WhatsUp 

FIGURE C.2 Video frames of self-built dataset 
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Appendix D  : ISL Dynamic Hand Gesture Dataset 
for Emergency Words 

 
 
This dataset is proposed in [106]. It consists of videos corresponding to ISL gestures used 

in emergency condition. Eight different gestures are included in this dataset. These 

gestures have been captured from 26 persons with male and female persons having 

different hand size and skin color. This data set contains 52 videos per gestures thus 

resulting in total 416 videos. 
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FIGURE D.1 Video frames of emergency words dataset
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Appendix E  : ISL Dynamic Hand Gesture Dataset 
(INCLUDE) 

 

This dataset referred as INCLUDE is proposed in [107] . It consists of videos 

corresponding to ISL gestures of over 263 word signs from 15 different word categories 

used in our day to day life. These gestures are performed by 7 different experienced signers 

- deaf students of St. Louis School for the Deaf, Adyar, Chennai, India. A subset of 64 

gestures with total 1344 videos across many word categories have been selected for 

evaluation of our proposed system.  Frames of some sample videos of this dataset are 

shown in Fig. E.1 and E.2. 
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FIGURE E.1 Video frames of INCLUDE dataset 
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Tall 

Dress 

Alright 

Hello 

How are you? 

Thank you 

Father 

Neighbour 

Street 
FIGURE E.2 Video frames of INCLUDE dataset 

 


