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1. Title of the thesis and abstract 
 
Title 
Static and Dynamic Hand Gesture Recognition for Indian Sign Language 
 

Abstract  
Sign Language Recognition (SLR) is one of the most recent, challenging and appealing 

applications in the field of Human Centered Computing.  Sign language is used by deaf 

people as the only way of communication. It consists of gestures of two types: static and 

dynamic. Static gestures consist of only poses while dynamic gestures consist of 

movement of body parts. As per the survey done by Indian government in year 2011, over 

2.68 crore of people in India suffer from some form of the disability. Out of this 19% 

people have speech and 7% people have hearing disability. SLR system can be used as a 

means of communication between normal people and deaf people. There exist some 

technical challenges for implementing SLR system for Indian Sign Language (ISL). Due to 

the complexity of gestures in ISL, hand tracking and segmentation becomes complicated. 

Additionally, to carry out research work in the area of ISL recognition, no standard 

database is available. This work presents vision based system for recognition of both static 

and dynamic hand gestures for ISL.  
 

In order to recognize static gestures, proposed system is first trained using various features 

like Local Binary Patterns (LBP), Histogram of Oriented Gradients (HOG), Speeded Up 

Robust Features (SURF). Using these features we have trained four classifiers namely 

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

algorithm (KNN) and Linear Discriminant Analysis (LDA). For this, we have created 

dataset of ISL hand gestures. Proposed system has provided high accuracy while 

recognizing static gestures from both stored images and live camera. We also introduced a 

hybrid feature vector by combining shape oriented features like Fourier Descriptors and 

region oriented features like Hu Moments & Zernike Moments. SVM classifier is trained 

using hybrid feature vectors of training dataset. The proposed hybrid feature vector 

enhanced the performance of the system by compactly representing the fundamentals of 

invariance with respect transformation like scaling, translation and rotation.  
 

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 
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(CNN). The proposed CNN based system is found very efficient in terms of both speed and 

memory. Moreover it provides invariance with respect to scale, translation and rotation. 

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

gestures. In order to accurately recognize dynamic ISL hand gestures, we have proposed 

one unified architecture by combining CNN and Long Short-Term Memory (LSTM) 

network. We have created CNN by retraining a well known image classification networks 

GoogLeNet and VGG16 using transfer learning.  This architecture has been evaluated on 

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

that the proposed CNN-LSTM architecture achieved very high recognition rate. 
 

2. Brief description on the state of the art of the research topic  

The recent progress in the computer vision field has geared us towards the further 

exploration of hand gesture recognition with the aid of machine learning and deep learning 

techniques. The Indian Sign Language has witnessed unprecedented research activities to 

recognize hand gestures using these techniques.  

 
Handcrafted feature descriptors have been 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) [1], Scale Invariant 

Feature Transform (SIFT) [2], Local Binary Patterns (LBP) [3], Histogram of Oriented 

Gradients (HOG) [4], Invariant Moments [5] [6], Fourier Descriptors [7] 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) [8], Support Vector 

Machine (SVM) [9], Artificial Neural Network (ANN) [10], K-Nearest Neighbors 

algorithm (KNN) [11] and Linear Discriminant Analysis (LDA) [12] etc.  
 

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. There are many deep learning models that have shown their ability to 

handle millions of images and achieve accurate result so far. With a wide range of 

computer vision applications, deep CNNs are one of the most popular deep learning 
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models. CNNs gained tremendous popularity when a deep CNN was applied for object 

recognition in ImageNet [13] and won the challenge in 2012. Image classification 

networks like AlexNet [14], VGG16 [15], GoogLeNet [16], ResNeXt [17], SqueezeNet 

[18], ResNet [19] and Densenet [20] are the most used and effective means of classifying 

images dataset for its applications in deep learning in recent years. These pre-trained 

models are a major factor for rapid advances in Computer Vision research. Other 

researchers can use these models instead of reinventing everything from scratch. Many 

researchers have also introduced their own CNN architecture [21] [22] [23] [24] in the 

field of sign language recognition.  
 

Deep learning is also widely used by researchers in a lot of artificial intelligence 

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

on videos. To work with videos, it requires a recurrent neural network to handle time-

domain information. Many authors have carried out their work in the field of dynamic 

hand gesture recognition [25] [26]. Researchers are achieving remarkable results with the 

help of Recurrent Neural Networks (RNN) in the field of dynamic hand gesture 

recognition. Long Short Term Memory (LSTM) [27] [28] networks are a type of RNN that 

can learn long-term dependencies. Many researchers have designed integrated CNN-LSTM 

model [29] to recognize dynamic hand gestures. In that, CNN layers computed features 

from an input gesture and LSTM layers taken into consideration the movement of a time-

series gesture [30] [31] [32].  

 
3 Definition of the problem  

To design a software system that will be able to recognize both static and dynamic ISL 

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

aims to predict hand gestures of ISL from both stored file and live camera with state of the 

art accuracy. 
 

4 Objectives and scope of the work  

4.1 Objectives 

This work aims to develop a hand gesture recognition system for Indian Sign Language 

using state of the art computer vision and machine learning algorithms. 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.  
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 To create static and dynamic ISL hand gesture dataset of sufficient size. 

 To apply appropriate image preprocessing, 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 achieves the maximum possible accuracy.   

 To develop an algorithm to predict the gesture 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.  

4.2 Scope of the work 

This work deals with the problem of developing a vision based static and dynamic hand 

gesture recognition algorithm to recognize the commonly used ISL hand gestures.  

 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). 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.  
 

5. Original contribution by the thesis 

The primary goal of our research work is develop a hand gesture recognition system capable of 

providing high accuracy, robustness and efficiency.  



 

 

In this work we have proposed 

 The algorithm recognizes static gestures with higher accuracy. It recognizes ISL 

gestures corresponding to comp

recognizes dynamic ISL hand gestures for several words.

 The algorithm work

complex background and 

 It has been tested with dataset of adequate size and it provides 

scale, translation and rotation. 

 Easy to use Graphical User Interface 

can use the system to perform sign language recognition

camera as well.  

 Proposed algorithms have been evaluated with different metrics and they have been 

found improved in comparison to existing techniques.

 Most importantly, system 

signers.  

 

6. Methodology of research, results / comparisons 

6.1 Handcrafted features based static hand gesture recognition

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

used to convey meaning. These gestures are combination of hand shapes, movement, 

position, palm orientation, arms or body, and facial expressions. Fig

representation of ISL alphabets and numbers. 

Development of an automatic hand gesture recognition system for ISL is more difficult 

than other sign languages because it includes

 Both single handed and double handed gestures with complex hand shapes.

 Both static and dynamic hand gestures.

 Facial expressions, Head/Body postures.

In this work we have proposed such system for Indian Sign Language with following features.

The algorithm recognizes static gestures with higher accuracy. It recognizes ISL 

gestures corresponding to complete set of numbers (0-9) and alphabets (A

recognizes dynamic ISL hand gestures for several words. 

works well in all-around situation like different 

background and diverse user clothes etc. 

It has been tested with dataset of adequate size and it provides invariance with respect to 

scale, translation and rotation.  

Graphical User Interface based system is developed 

system to perform sign language recognition from stored file and real time 

Proposed algorithms have been evaluated with different metrics and they have been 

found improved in comparison to existing techniques. 

system has been tested with the help of deaf people

research, results / comparisons  

features based static hand gesture recognition 

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

used to convey meaning. These gestures are combination of hand shapes, movement, 

position, palm orientation, arms or body, and facial expressions. Fig

ISL alphabets and numbers.  

 

Figure 1. ISL signs for numbers and alphabets 

Development of an automatic hand gesture recognition system for ISL is more difficult 

than other sign languages because it includes 

Both single handed and double handed gestures with complex hand shapes.

Both static and dynamic hand gestures. 

Facial expressions, Head/Body postures. 

5 

system for Indian Sign Language with following features. 

The algorithm recognizes static gestures with higher accuracy. It recognizes ISL 

9) and alphabets (A-Z). It also 

around situation like different lighting condition, 

invariance with respect to 

based system is developed by using which others 

from stored file and real time 

Proposed algorithms have been evaluated with different metrics and they have been 

been tested with the help of deaf people and experienced 

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

used to convey meaning. These gestures are combination of hand shapes, movement, 

position, palm orientation, arms or body, and facial expressions. Figure 1 shows 

Development of an automatic hand gesture recognition system for ISL is more difficult 

Both single handed and double handed gestures with complex hand shapes. 
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Figure 2. Steps of proposed algorithm 

 

Proposed 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. Training involves preprocesing, feature extraction and classifier 

training while testing involves image capturing, preprocessing, feature extraction and 

classification. Various steps of our proposed algorithms are shown in Figure 2.  

 

Dataset 

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 collect the necessary data, 50 

voluntary subjects were used to participate in the experiments. The focus subject group 

also included deaf or dumb individuals or experts in sign language. Few samples of our 

training database are shown in Figure 3. 
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Figure 3. Training dataset 

Preprocessing 

In the proposed system, we have used both RGB camera and Microsoft Kinect depth 

sensor as input device. When using RGB camera, hand region is detected by first detecting 

skin color pixels with application of thresholding in YCbCr color space [33] and then 

finding biggest binary linked object from the image (see Figure 4). When using Kinect 

sensor, first, the nearest hand point is found by finding the point with smallest depth value. 

We then set all the point that has the depth distance to hand point less than a threshold (see 

Figure 5). Eventually, image cropping and scaling is performed in both the case.  

 
Figure 4 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 
 

 
Figure 5 Preprocessing steps for depth sensor (a) Input image (b) Depth image  

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

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 reduces 

data dimension by encoding related information in a compressed representation and 

removing less discriminative data. In our system, we have used various features like  

 Local Binary Patterns (LBP) 

 Histogram of Oriented Gradients (HOG) 

 Speed Up Robust Features (SURF) 
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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, images or real time video, is presented 

for testing to the classifier, it identifies the class corresponding to the sign. We have tested 

our system with four classifiers:  

 Support Vector Machine 

 K-Nearest Neighbors 

 Artificial Neural Network  

 Linear Discriminant Analysis 
 

Experiment results 

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 

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.  Recognition rates 

achieved for various features using different classifiers are shown in Table 1 to 3. 

Table 1. Recognition rates using LBP features 

Classifier Cell Size 
40x40 32x32 24x24 16x16 

SVM 0.8134 0.9282 0.9593 0.9699 
ANN 0.7306 0.8454 0.8861 0.9116 
KNN 0.7241 0.9009 0.9435 0.9713 
LDA 0.7310 0.8472 0.8991 0.9259 

 

Table 2. Recognition rates using HOG features 

Classifier Cell Size 
40x40 32x32 24x24 16x16 

SVM 0.9676 0.9870 0.9931 0.9949 
ANN 0.8870 0.9694 0.9787 0.9833 
KNN 0.9569 0.9792 0.9884 0.9889 
LDA 0.8810 0.9519 0.9792 0.9856 

 

 

Table 3. Recognition rates using Bag of Visual Word Model with SURF features 

Classifier Vocabulary Size 
50 100 150 200 

SVM 0.9889 0.9884 0.9912 0.9940 
ANN 0.9463 0.9792 0.9847 0.9907 
KNN 0.9810 0.9889 0.9852 0.9884 
LDA 0.9375 0.9579 0.9681 0.9731 

 
We have developed an easy to use GUI based system to recognize the ISL gestures. Using 

it system accurately recognizes all gestures using live camera as well as stored gesture 

images. The system has been tested with the help of trainers of School for the Deaf-Mutes 

Society, Ashram Road, Ahmedabad as shown in Figure 6.  Figure 7 shows live sign 

language recognition using Microsoft Kinect depth sensor.  
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Figure 6.  Real time sign language recognition using sign language experts 

 

 

Figure 7.  Sign language recognition from kinect sensor. 

 

Table 4 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 4. Comparison with existing methods 

Reference 
Methods Used 

Data Set Accuracy 
Preprocessing Feature Extraction Classification 

[8] 
Bootstrap re-sampling 

technique 
Fingertip Positions 

and Direction 
Coupled HMM 

25 words of the 
ISL 

90.80% 

[11] 
RGB thresholding, 

Morphology  

Histogram of 
Oriented Gradients 
and Scale Invariant 
Feature Transform 

K Nearest 
Neighbour 

26 ISL Alphabets 91.00% 

[34] 

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% 

[35] 
Skin Detection in HSV 
Color Space, Biggest 

BLOB. 

Eigen Vector, Eigen 
Value weighted 

Euclidean Distance 

Euclidean 
Distance 

24 ISL Alphabets 96.25% 

[36] 
Silhouette Extraction 

Methods 

Discrete Wavelet 
Transform and Local 

Binary Pattern 

Artificial 
Neural Network 

18 ISL words 92.79% 

[37] 
Centre aligning and 
resizing the image 

Krawtchouk 
moments 

till 3rd order 

Support Vector 
Machine 

10 ISL Alphabet 90.00% 

[38] 

Gaussian filtering, 
sobel with adaptive 

block thresholding and 
morphological 

subtraction 

Discrete Cosine 
Transform 

Artificial 
Neural Network 

18 ISL signs 99.49% 
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[39] 
Image size variation, 

Gamma Variation 
Histogram of 

Oriented Gradients 
Support Vector 

Machine 
26 ISL Gestures 92.00% 

Proposed 
System 

Thresholding in 
YCbCr color space, 

Morphological 
Operations 

Histogram of 
Oriented Gradients 

Support Vector 
Machine 

10 Numbers and  
26 Alphabets o 

ISL 
98.70% 

 
6.2 Transformation invariant feature vector 

One of the desirable properties of the feature descriptors is invariance with respect to 

transformation like scale, translation and rotation. This has been an overlooked issue in the 

field of sign language recognition. 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. The proposed feature vector is designed by means of feature 

fusion technique in order to achieve invariance along with higher accuracy. It is produced 

by combining three features like  

 Fourier Descriptors 

 Hu Moments  

 Zernike Moments 

First 20 values of fourier descriptors, 20 values of zernike moments and 7 values of hu 

moments have been used to form very compact hybrid vector of size 47. 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. Figure 8 illustrates the accuracies obtained 

during experiments.  
 

 
Figure 8. Performance of individual features and hybrid features using SVM classifier 

We have also developed GUI based system using proposed hybrid feature vector. It 

provided a means by which user can use the system to perform recognition of gesture from 

Fourier 
Descriptor

s

Hu 
Moments

Zernike 
Moments
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Features

Single Hand 86.15 84.48 94.17 95.63

Double Hand 82.42 85.75 91.92 95.92

Over All 84.07 85.19 92.92 95.79
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cy

 (%
)



 

11 
 

stored image and from real time camera as shown in Figure 9. The system works well for 

both RGB camera and kinect sensor by providing invariance with respect to transformation. 

 

Figure 9. Live recognition of transformed gestures 

6.3 Static hand gesture recognition using CNN 

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) [40].  We have also 

developed a CNN based system for static ISL hand gesture recognition. The proposed 

system was derived by extracting features from the inner layers of CNNs and using them 

as inputs to either SVM [41] or final layer of CNN. 

 

Augmented dataset 

For making the system rotation invariance, we have augmented the training set with many 

rotated versions of the training images. Our dataset contains 1540 images for each alphabet 

(A-Z) and number (0-9) of ISL thus resulting in total 55440 images.  From this dataset, 

1200 images have been used to train the CNN and 340 images have been used for testing. 

 

Figure 10. Illustration of the proposed CNN architecture 
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Proposed CNN architecture 

In the proposed system, we have created and trained a CNN for deep learning classification 

as shown in Figure 10. The CNN is composed of two basic parts of feature extraction and 

classification. Feature extraction includes several convolution layers followed by max-

pooling and an activation function. The classifier usually consists of fully connected layers.  

 

Classification using CNN approach 

In the proposed architecture, convolution layers extract features. These features are used by 

the fully connected layers to solve an image classification task. Hence, the output of the 

final convolution layer is a representation of our original input image. Fully Connected 

Layer is simply feed forward neural networks. Fully Connected Layers form the last few 

layers in the network which can be used to perform classification. The result of this 

experiment is shown in Figure 11.  
 

 
Figure 11. Performance using CNN as both feature extractor and classifier 

 

Classification using CNN- SVM approach  

We have combined a recent deep learning-based method and a traditional classifier. The 

output of the final convolution layer is fed as an input to the support vector machine 

(SVM) classifier [42] to assign each instance to the corresponding label and bythere, 

recognize the performed activity. The results are shown in Figure 12. 

 
Figure 12. Performance using CNN-SVM model 
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Figure 13 shows real time recognition of the hand gestures with proposed CNN based 

algorithm using GUI. 

 
Figure 13. Sign language recognition from live camera 

 
6.4 Dynamic hand gesture recognition 

In recent years, several researchers have addressed the challenging problem for static hand 

gesture recognition; but a robust system for dynamic hand gesture recognition is still 

elusive. We have also designed system to recognize different ISL dynamic hand gestures.  
 

Datasets 

The proposed system has been evaluated by using three different dynamic hand gesture 

ISL datasets as summarized in Table 5 while Figure 14 illustrates sample frames of 

gestures from these datasets.  

Table 5. Datasets used for experiments 

Dataset 
No of 

Gestures 
No of 

Videos 
No of 

Signers 
Gestures 

Dataset 1 
(Self Built) 

11 1100 35 Morning, Night, Open, Close, Email, WhatsUp, Internet, 
Late, Start, Sorry, Drink 

Dataset 2 
[43] 

8 416 26 Accident, Call, Doctor, Help, Hot, Lose, Pain, Thief 
 

Dataset 3 
[44] 

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 

 

Figure 14 Sample frames of dynamic gestures 
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Video preprocessing 

The first step in the preprocessing phase is converting the input video into RGB frames 

sequence. The video sequences are first reduced to a fixed length by removing trailing 

frames. The final step is to resize the cropped square frames in all input videos to a fixed 

size of 224x224 pixels. This reduces the computation cost and training time. 

 
CNN-LSTM Integrated architecture 

Proposed system is build using deep learning techniques integrating both CNN [40] and 

LSTM [45]. 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. Figure 15 

depicts the resultant integrated architecture. We have followed a process with following 

four steps to create this combined network. 

 

Figure 15. Integrated CNN-LSTM architecture 

 

 Retrain GoogLeNet [16] and VGG16 [15] with frames of videos of our dataset using 

Transfer learning. 

 Uging the CNNs, convert videos to sequences of feature vectors. 

 Create LSTM Network [48] [49]. 

 Combine layers from CNN and LSTM. 

 
Results 

The proposed system is able to recognize 11 different dynamic gestures of ISL included in 

dataset 1. Out of 1100 videos for gestures, 660 videos have been used for training and 440 

videos for testing. 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 
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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. Table 6 describes results achieved during experiments. 

Table 6. Performance of the CNN-LSTM model 

Sr. Model Dataset 1 Dataset 2 Dataset 3 

1 GoogLeNet-LSTM 0.9318 0.9750 0.9665 

2 VGG16-LSTM 0.8614 0.9562 0.9129 
 

 Figure 16. Dynamic hand gesture recognition from live camera 

 

Comparison with existing methods 

Table 7 shows accuracy comparison of proposed method with other existing methods for 

dynamic ISL gesture recognition. 
 

Table 7.  Comparison of the accuracy with existing methods 

Sr. No Method Gestures Considered Accuracy 

1 
 
 

Wavelet transform descriptors, 
SVM Classifier [43] 

 

8 Gestures from 
dataset 2 [43] 

90.00% 
 
 

2 Deep Learning Approach [43] 
8 Gestures from 
dataset 2 [43] 

96.25% 

3 Proposed System 
8 Gestures from 
dataset 2 [43] 

97.50% 

4 
Pre-Trained Feature Extractor, Encoder and 

Decoder [44] 
50 Gestures from 

dataset 3 [44] 
94.50% 

5 Proposed System 
64 Gestures from 

dataset 3 [44] 
96.65% 

 

7. Achievements with respect to objectives  

Objective 

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

Achievement 

We have created static ISL hand gesture dataset of 7920 images which contains 220 

images for each of 36 gestures (Alphabet ‘A’ to ‘Z’, Number ‘0’ to ‘9’). While dynamic 

hand gesture dataset consists of total 1100 videos for 11 different gestures. 
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Objective 

To apply appropriate image preprocessing, feature extraction and classification techniques 

in order to recognize static hand gestures with high accuracy. 

Achievement 

 An automatic static hand gesture recognition system has been designed with user 

friendly GUI using following machine learning approaches. 

 Preprocessing 

o Hand Tracking using Skin Color Detection in YCbCr Model 

 Feature extraction techniques 

o Local Binary Patterns (LBP) 

o Histogram of Oriented Gradients (HOG) Features 

o Speeded Up Robust Features (SURF) 

 Classifiers 

o Support Vector Machine (SVM) 

o K-Nearest Neighbors (KNN) 

o Artificial Neural Network (ANN) 

o Linear Discriminant Analysis (LDA) 
 The system provided accuracy of 96.99% for LBP features, 99.49% for HOG features, r 

and accuracy of 99.40% for SURF features with SVM Classifier. 

 

Objective 

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

respect to transformations  

Achievement 

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

and Zernike Moments.  

 The 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 and it provided better accuracy of 

95.79%.  

 

Objective 

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

hand gestures and achieves the maximum possible accuracy.   
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Achievement 

 CNN architecture is proposed which provided accuracy of 99.49%.  

 The CNN is trained with augmentation dataset in order to achieve invariance with 

respect to rotation. 

 SVM trained with deep features provided accuracy of 99.75%. 

 

Objective 

To design the model and architecture for CNN that recognizes dynamic hand gestures and 

achieves the maximum possible accuracy.   

Achievement 

 A system is implemented which recognizes dynamic hand gestures of Indian Sign 

Language with high accuracy by using CNN-LSTM integrated architecture.   

 Concept of transfer learning is introduced and used to reduce training time and need of 

GPU.  

 The system is tested for three different datasets and it provided accuracy of 93.18%, 

97.50% and 96.65% respectively. 

 Accuracy comparison with existing methods proved superiority of our method.  

 

Objective 

To develop an algorithm to predict the gesture both from stored file and real time camera 

with complex background. 

Achievement 

 An easy to use GUI based System is designed for all the proposed algorithms which 

provides the used a way to recognize static and dynamic gestures from both stored file 

and live camera.  

 Use of Kinect Sensor has made our algorithms work well for dynamic background also. 

 

Objective 

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

state-of-the-art methods.  

Achievement 

 For both static and dynamic hand gesture recognition, accuracy comparison with 

existing methods proved superiority of our method.  
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8. Conclusion 

We have proposed vision based algorithms in order to recognize both static and dynamic 

ISL hand gestures using machine learning and deep learning approaches. The primary 

conclusions can be summarized as below. 
 

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%. 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.  
 

The proposed 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% also transformation invariance. It also fared well when it came to dimension 

reduction. 
 

The proposed CNN based static hand gesture recognition 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. 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. GoogLeNet provided higher accuracy than 

VGG16 for all the three datasets considered during experiments. 
 

All of the proposed algorithms for static and dynamic hand gesture detection performed 

better in terms of 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.   
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