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American Sign Language Video Hand Gestures 

Recognition using Deep Neural Networks  

Shivashankara S, Srinath S 

Abstract: In this paper an effort has been placed to translate / 

recognize some of the video based hand gestures of American 

Sign Language (ASL) into human and / or machine readable 

English text using deep neural networks. Initially, the 

recognition process is carried out by fetching the input video 

gestures. In the recognition process of the proposed algorithm, 

for background elimination and foreground detection, the 

Gaussian Mixture Model (GMM) is used. The basic 

preprocessing operations are used for better segmentation of the 

video gestures. The various feature extraction techniques like, 

Speeded Up Robust Features (SURF), Zernike Moment (ZM), 

Discrete Cosine Transform (DCT), Radon Features (RF), and R, 

G, B levels are used to extract the hand features from frames of 

the video gestures. The extracted video hand gesture features are 

used for classification and recognition process in forthcoming 

stage. For classification and followed by recognition, the Deep 

Neural Networks (stacked autoencoder) is used. This video hand 

gesture recognition system can be used as tool for filling the 

communication gap between the normal and hearing impaired 

people. As a result of this proposed ASL video hand gesture 

recognition (VHGR), an average recognition rate of 96.43% is 

achieved. This is the better and motivational performance 

compared to state of art techniques. 

Index Terms: American Sign Language, Deep Neural 

Networks, Hand Gestures Recognition, Radon Features, Stacked 

Autoencoder, SURF, Zernike Moment 

I. INTRODUCTION 

The communication is an essential and significant task for 

every human being. The normal people those who are able 

to speak and hear can easily and effortlessly communicate 

with the normal people but the people who are unable to 

speak and hear are very difficult to communicate with the 

normal people. Thus, the speech and hearing impaired 

people are well communicate with the other speech and 

hearing impaired people by making sign gestures as their 

communication language. This way of communication is 

called as Sign Language (SL). There are more than 70 

million people in the world and around 10 million people 

across the India are suffering from speech and hearing 

disability problem. There are over 108 varieties of Sign 

languages are present in the universe. For example 

American Sign Language, Arabic Sign Language, British 

Sign Language, Egyptian Sign Language, German Sign 

Language, Korean Sign Language and many more.  
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Some countries uses single hand SL and some other 

countries uses two hand SL. The American Sign Language 

(ASL) is a most widely used language for communication of 

over 2 million hearing impaired people in United States of 

America and Canada.  American SL is also used in Mexico, 

West Africa, Asia, and many other English speaking 

countries. In universe, more than 20 countries SL like 

Jamaica, panama, Thai, Malaysia and many more are 

derived by ASL. The ASL is founded by the American 

School for Deaf (ASD) by combining Old French Sign 

Language (OFSL) and some of the native village Sign 

Languages. The ASL consists of over 1000s of static and 

dynamic gestures in which some gesture signs are made 

using single and sometimes double hand sometimes with the 

facial expressions. ASL is quite notable and eye-opening for 

its substance, prominence, perspective expectations, and 

also for overall impression [1][2]. ASL is complex and 

complete language of communication for hearing impaired 

people and it has massive varieties of sign gestures of hand, 

finger, palm, and fist with and without the support of facial 

expressions and body movements [3]. In ASL, there are no 

specific sign gestures for several English words and 

sentences. Thus, those English words and sentences can be 

signed by spelling out the set of American Manual 

Alphabets (AMA) of 26 gestures from A to Z. ASL also 

consists of 10 static gestures of ASL numbers from 0 – 9 are 

depicted in Fig. 1.  

 

Fig. 1. Set of gestures of ASL Alphabets and Numbers 

 

Fig. 2. Some of the Video Hand Gestures. 
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However, the ASL number from 10 and above involves 

hand movements i.e., video hand gestures. In ASL Alphabet 

gestures, the alphabets ‘J’ and ‘Z’ involves hand 

movements. The video hand gestures are of length from 1 to 

3 seconds which depends on type of English word. Some of 

the video hand gestures (Hello, Hi, J, Me, No, Sorry, 

Thanks, They, We, Yes, You, and Z) of ASL is shown in 

Fig. 2. It is a tedious task to understand the many of the ASL 

gestures by the normal people. It is also a cumbersome task 

for normal people to learn the ASL for communicating with 

the hearing impaired people. The gesture recognition is the 

process of interpreting and recognizing human gestures by 

using computational algorithms. These algorithms are 

obviously distinct in recognizing the gestures.  

The sign language recognition (SLR) is a system or 

process, in which the computer automatically understands 

the gestures and interprets them into their equivalent human 

and or machine recognizable or readable text. An automated 

SLR systems can be widely used in the applicable places 

like Industrial-Internet of Things (I-IoT) for Human 

Computer Interaction (HCI), Human Robot Interaction 

(HRI), smart homes for controlling the electronic devices by 

gestures, public places like hospitals, police station, court 

and other places. Also gesture recognition systems can be 

used in social assistive robotics, directional indication 

through pointing, and control through facial gestures, 

alternative computer interfaces, immersive game 

technology, virtual controllers, affective computing, and 

also remote control. The SLR system can also use in 

educational institutions, training and / or tutorial centers, 

and special education centers for specially abled children 

and many more places.  

II. DATA COLLECTION 

In proposed technique, an effort has been placed to collect 

the total of 168 video gestures from 14 datasets of video 

hand gestures of 12 most commonly used of ASL (Gestures 

mentioned in figure 2) were captured from the various 

resolution mobile cameras such as 8 and 13 Mega Pixel 

(MP) mobile cameras, plain and complex background, 

invariant location (indoor and outdoor), illumination (natural 

and artificial), signer (male and female), time (day and 

night) and Distance (considered 5 and 10 feet distances 

between the signer and camera).  

Among these 14 datasets created, seven datasets were 

used for training purpose and remaining seven datasets were 

utilized for experimentation purpose. The 7 datasets used for 

testing, 4 datasets are Male signer datasets and remaining 3 

datasets are Female Signer datasets. Also, 2 datasets (Set S1 

and S3) are captured in plain background with one dataset 

using natural lightings and another one using artificial 

illumination. The remaining 5 datasets are captured in 

complex background using artificial illumination. From 

these 7 datasets, 4 datasets are captured from 5 feet distance 

and remaining 3 are from 10 feet distances. The Set 4 (S4) 

and Set 5 (S5) are captured at outdoor location in night 

artificial illumination condition. There are 2 ranges of 

mobile cameras with 8 MP and 13 MP are used 

Table I shows the details of the video gesture datasets 

used for experimentations of the Proposed Video Gesture 

Recognition System (PVGRS). The result analysis of these 

experimentations are discussed in section 5. 

Table I. Details of Datasets used for Testing 

Set 

# 
Details of the Dataset 

S1 Indoor Plain Black Background with Natural 

Lightings from 10 Feet Distance using 8 MP 

Mobile Camera by Male Signer 

S2 Indoor Complex Background with Artificial 

Lightings from 5 Feet Distance using 8 MP Mobile 

Camera by Male Signer 

S3 Indoor Plain White Background with Artificial 

Lightings from 5 Feet Distance using 8 MP Mobile 

Camera by Female Signer 

S4 Outdoor Complex Background with Artificial 

Lightings from 5 Feet Distance using 13 MP 

Mobile Camera by Male Signer 

S5 Outdoor Complex Background with Artificial 

Lightings from 10 Feet Distance using 13 MP 

Mobile Camera by Female Signer 

S6 Indoor Complex Background with Artificial 

Lightings from 5 Feet Distance using 13 MP 

Mobile Camera by Female Signer 

S7 Indoor Complex Background with Artificial 

Lightings from 10 Feet Distance using 8 MP 

Mobile Camera by Male Signer 

III. RELATED WORK 

It is noticed that from the literature review, the very less 

amount of research works were carried out in recognizing 

video hand gestures. Some of the research works carried out 

by the various researchers for recognizing video hand 

gestures are discussed in this section.  

A real time Hand Gesture recognition System for 

recognizing the twelve ASL gestures consisting Bathroom, 

Blue, Finish, Green, Hungry, Milk, Past, Pig, Store, Where, 

Letter J, Letter Z was implemented in using ‘Action Graph 

Method’ (AGM) [4]. All the gestures signs were carried by 

10 signers 3 times using Microsoft Kinect device.  

This recognition system is invariant to hand orientation, 

illumination, performing style and speed. This system 

obtains the average recognition rate of 87.7%. A human 

action recognition system called ‘Actionlet Ensemble 

Model’ (AEM) is developed [5] for recognizing ‘twenty’ 

human actions such as high arm wave, horizontal arm wave, 

hammer, hand catch, forward punch, high throw, draw x, 

draw tick, draw circle, hand clap, two hand wave, side 

throw, draw x, draw tick, draw circle, hand clap, two hand 

wave, side boxing, bend, forward kick, side kick, jogging, 

tennis swing, tennis serve, golf swing, pick up & throw. All 

these human actions were carried out by 10 signers 3 times 

using depth cameras. These gestures are robust to noise, 

invariant to translational and temporal misalignments but 

background is plain.   
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A total of 402 samples of 20 gestures used for 

recognition. This dataset is called MSR-Action 3D dataset 

and which yields an average recognition rate of 88.2%. The 

MSR-daily activity 3D dataset of 16 gestures is used for 

recognition [5] of daily activities of a human such as drink, 

eat, read book, call cell phone, write on a paper, use laptop, 

use vacuum cleaner, cheer up, sit still, toss paper, play 

game, lay down on a sofa, walk, play guitar, stand up, and 

sit down. The total of 320 sample gestures are captured by 

Kinect device for this dataset and achieved an average 

recognition rate of 85.75%. A bag of 3D points based 

human action or gesture recognition system is developed in 

2010 [6] using Projection Based Sampling Scheme (PBSS) 

from depth map sequences. This system consists a dataset 

which contains twenty actions such as high arm wave, 

horizontal arm wave, hammer, hand catch, forward punch, 

high throw, draw x, draw tick, draw circle, hand clap, two 

hand wave, side-boxing, bend, forward kick, side kick, 

jogging, tennis swing, tennis serve, golf swing, pickup & 

throw. The dataset used here are categorized as 3 data 

subsets such as AS1, AS2, and AS3. Also 3 test cases made 

for recognition such as Test One, Test Two, and Cross 

Subject Test. This recognition system yields an overall 

average recognition rate of 86.82% for bag of 3D Points 

(BOPs) which includes 3 subsets and 3 test cases. The same 

3 data subsets were used for conduction of experiments with 

the 3 same test cases for 2D Silhouettes (2DS) and obtained 

and overall average recognition rate of 70.61%. In [7], the 

HGR system is developed for recognizing continuous 

gesture with complex background using Hidden Markov 

Model (HMM). This HGR systems uses twenty distinct 

moving hand gestures. All the 20 hand gestures were 

performed 3 times by 20 different signers. This systems uses 

two techniques such as Fourier Descriptor (FD), and Fourier 

descriptor and motion vector (FD & MV). These two 

techniques yields an average recognition rate of 90.5% and 

93.5% respectively. The 2 real-time HMM based ASL 

continuous word level recognition system was developed in 

[8] using 2 different camera setup of desk mounted camera 

(DMC) and cap mounted camera (CMC). This system uses 

40 ASL words of pronoun, verb, noun, and objectives. 

These two camera setup recognition systems obtains and 

average recognition rate of 91.9% and 97.8% respectively in 

plain black background with good illumination. This 

recognition system is also used for sentence level 

recognition by combining the 5 words.  

IV. PROPOSED WORK 

A.      Foreground Detection using Gaussian Mixture 

Models (GMMs) 

The foreground detection (FD) is one among the main 

tasks of computer vision and digital image & video 

processing. Its major goal is to detecting the variations in the 

sequences of the image. The FD, permits an image's 

foreground to be extricated for further recognition and other 

processes. Describing the background of the image is a 

challenging if it consists shapes, shadows, moving objects, 

color variation in objects, intensity over time, vastly variable 

sequences, like objects with completely illumination, 

locations, and noisiness. 

One among the FD techniques in image processing is 

GMMs. The GMMs are the parametric PDFs (Probability 

Density Functions). The GMMs approaches by displaying 

every picture elements (pixels) as a combination of 

Gaussians. Here, it is expected that the value of all the 

pixel's intensity of the video is modeled by GMMs [9]. A 

modest heuristic regulates that intensities are the utmost 

possibly of the background. Here, the pixels that don’t 

equivalent for these are known as foreground pixels.  

All the pixels in an image / video is shaped by the K 

Gaussian distribution mixtures [10]. The probability, in 

which the assured pixels has the values of XT at the time T is 

written as (1) 

   
   -(1) 

Here, WN is a weight parameter of Nth Gaussian 

component. η(x; θ)  is a normal distribution of Nth element 

denoted as (2) 
      
    

 -

 (2) 
Here, μN = mean and ΣN = σN

2I = covariance of Nth 

component.  

The N distributions are ordered based on the fitness value 

WN / σN. The 1st B distributions are utilized as a model of an 

image / video background. B is assessed as (3) 

             -  (3) 
Where, Tr = threshold, which is the minimum fraction of 

the background model. In other words, it is a minimum prior 

likelihood in which the background is in an image/ video. 

The background elimination is carried out by marking the 

foreground pixels. Every pixels which are greater than 2.5 

standard deviances away from any of the B distributions. 

The various Gaussians are expected to signify dissimilar 

colors. The mixture weight parameters signify the period 

magnitudes that those colors halt in an image / video. The 

components of the background are defined by supposing 

that the background consists the more possible colors. The 

possible background colors stays elongated and more static. 

The FD System using GMMs compares the color or 

grayscale images or video frames to the actual background 

model or color for determining whether every singular 

picture elements are the part of the image or video 

background or the foreground. Then the foreground mask 

will be obtained using the GMMs. 

B.   Gray Threshold Selection and Image Binarization 

using Otsu’s Thresholding Algorithm 

The Otsu’s Thresholding Algorithm is a non-parametric, 

and non-learning technique for auto selection of threshold 

for image segmentation, presented by Noboyuki Otsu in 

1979 [11], 
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 which calculates the global thresholding, which is used 

for converting an intensity image into the black and white 

(binary) image.  

Resultant value of this is the normalized intensity value, 

which lies between the range [0, 1]. In order of assessing the 

good thresholding in kth level, the following discriminant 

criterion measure is introduced for using in the discriminant 

analysis: 

   
  - (4) 

Where 

   
 - (5) 

   
 - (6) 

And  

   - (7) 
Here, the λ, κ, and η are the variance with the class, the 

variance between the class, and the total variance of the 

levels, respectively. 

C. Feature Extraction: 

1. Speeded Up Robust Features (SURF) 

The local feature extraction and description technique 

called SURF is used for recognition of objects, registration 

of images, classification, 3D reconstruction, The SURF is an 

innovative scale and rotation invariant feature extraction 

technique initially presented by Herbert Bay et. al in 2006 

[12], which overtakes the earlier implemented techniques 

with respect to repeatedness, uniqueness, and robustness.  

This algorithm consists 3 major parts: Interest point 

detection, local neighborhood description, and matching. As 

a Gaussian smoothing approximation, the SURF uses the 

box type filters, which is faster if it is an integral image 

I∑(x) at the location X=(x, y) denotes the summation of 

entire pixels in an input image I as in equation (8). 

   - (8) 
To find out the point of interest, SURF uses the blob 

detector based Hessian Matrix H(X, σ), in X, at the scale σ, 

and is defines as (9) 

   - (9) 
Here, Lxx(X, σ) is a convolution of Gaussian 2nd order 

derivative as in the equation (10) with an image I in the 

point X.  

   - (10) 
The hessian’s determinant of 9X9 box filter 

approximation Dxx, Dyy, and Dxy is obtained as (11) 

   
  - (11) 

 

2. Zernike moment  

Zernike moment is a feature extraction technique used to 

extract the set of rotation invariant features proposed in 

1934 by Von F Zernike [13]. The magnitudes of collection 

of orthogonal complex moments of a digital image is termed 

as Zernike moments [14]. To achieve invariance of scale 

and rotation, the digital image is 1st gone through the 

normalization process by applying regular moments. It 

consists 2 important values: Amplitude value and Angle 

Value. The Zernike moment always provides a superior 

accurateness, minor information removal, and also enhanced 

image reconstruction. The 2-dimentional Zernike moment is 

calculated using (12). 

   
 - (12) 

In this equation, a2 + b2 ≤ 1, 0 ≤ l ≤ n, and n-l is even, 

f(a, b) denotes the intensity values of the normalized image 

and V*nl is a complex conjugate of a Zernike polynomial of 

degree n and angular dependence l. 

3. Discrete Cosine Transform (DCT) 

The DCT is the most broadly used and powerful 

transform in digital image processing applications [15] for 

extracting proper and distinctive features from the object or 

image. The DCT finds for coefficients that has much 

capability for discriminating various classes comparing to 

other coefficients. The DCT takes the image transformation 

as a whole and extract the distinctive relevant coefficients. 

The 2-D DCT of an image is mathematically provided as: 

  
   - (13) 

Where,   

     - (14) 

  - (15) 

       
   - (16) 

Here, F(x, y) is the pixel intensity at (x, y) coordinates. 

The ‘u’ and ‘v’ varies from 0 to M-1 and 0 to N-1 

respectively.  

4. Radon Features 
The Radon features (Radon-Like Features) are the feature 

extraction technique, used to enhance the cell boundaries, 

image segmentation in the form of intensities. These 

features can be used by the supervised or unsupervised 

learning methods. The Radon like features kept the key idea 

of Radon transform [16], is an integral transformation in 2-

dimentional as (17) 
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   - (17) 
 

Here, m is a slope and τ is an intercept of the line. The 

f(x, y) is an integrated 2-D function. The inverse of the 

above transformation can be used for reconstruct the 

original image. 

 
(a)                                              (b) 

Fig. 3. The Radon Like features 

The value of Radon like features at the point P, with line 

segment l, and knots (t1,…, tn) as in figure 3, between (x (ti), 

y (ti)) and (x (ti+1), y(ti+1)) is defined as (18) 

    - (18) 
Here, T is an extraction function. 

The extraction of Radon like features using the extraction 

function T1 as in (19) 

  - (19) 

Here, the extraction function T1 assigns all the pixels 

between the knots. The cell boundary enhancement of an 

image using Radon like features for an input image I(x, y) is 

as in (20) 

     - (20) 
In equation (20), σ and ϕ are the scale and the boundary 

orientation to enhance Gaussian 2nd derivative filter 

∆G (σ, ϕ). The  represents the convolution. 

D. Classification using Deep Neural Networks (DNN): 

The neural networks consisting multiple hidden layers are 

very useful to solve the classification difficulties having 

complex data, i.e., images. Here, every layer will learn 

features at various levels of abstraction. An Artificial Neural 

Network (ANN) with two or more hidden layers between 

the input and output layers are termed as DNN, in which, the 

sophisticated mathematical model is used to process the data 

in intricate ways and computes the probability of each 

hidden layer output. All the layers executes precise kinds of 

arranging and assembling in a procedure, which is termed as 

“feature hierarchy”. The main use of this DNN is working 

with unlabeled / unstructured complex data [17]. 

Gesture Classification using Stacked Auto-Encoders 

Neural Network 

The Stacked Auto-Encoder (SAE) Neural Network is a 

DNN and can also called as Stacked Neural Network 

(SNN), consists multiple hidden layers between the input 

and output layers.The better way to obtain the beneficial and 

optimal features from the network is by efficiently train all 

the layers is by training one layer at a time. This can be 

achieved by training a special kind of network called an 

auto-encoder for all the hidden layers in an unsupervised 

manner. First train the 1st layer on raw input data to get the 

processed features. By using this 1st layer, for transforming 

the raw input data to the vector comprising of initiation of 

the hidden units. Next, train the 2nd layer on this vector to 

get the 2nd level of processed features. Repeat this training 

for all the layers one at a time, by inputting the output of 

each layer to the succeeding layer. This process trains the 

features of all the layer independently while fixing the 

features to the remainder of the model. After completion of 

training of each layers, the fine tuning of the features to be 

carried out to obtain the better result for classification 

process. The common practice for fine tuning is that just 

discard the ‘decoding part’ of each layer of the auto-

encoders and connect the final hidden layer to the softmax 

classifier. Finally, train the softmax layer in supervised 

manner, and joins all the layers together with the output 

layer to form a stacked network [18][19]. The diagram of 

SNN is illustrated in Figure 4, which is molded with an 

input layer, 2 encoders from 2 auto-encoders, a softmax 

layer, and an output layer [19]. In the encoding stage, the 

trained features are used and express xi (1, 2,…,N) as an 

input vector, hi as the hidden layer representation. An input 

vector for calculating the xi and joint Probability 

Distribution Function (PDF) of hi.  This will be utilized as 

an initial matrix weight. The PDF is calculated as: 

         - (21) 

Where, σ is the sigmoid function. The w and b are the 

weight matrix and the bias respectively. The σ is defined as: 

                               - (22) 

The network input data is defined as z, the network output 

data is defined as hw,b (z) and the initial weighted matrix is 

defined as wij (i=1, 2, …N). Input data z is activated through 

the mapping function to given mf as follows, 

              - (23) 

Where, σ is an activation function also called as a sigmoid 

function.The 1st layer of the SNN supervises to learn the 1st 

order features from the raw input such as edges of an image.  

 

Fig. 4. Stacked Neural Network 
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The 2nd layer inclines to learn the 2nd order features 

conforming to patterns in the appearance of 1st order 

features. For example, in relations of what edges incline to 

take place together such as, for forming contour and / or 

corner detectors. Similarly, the succeeding layers of the 

network supervise to learn even higher order features. 

E. Proposed Algorithm 

The figure 5 shows the training and testing process of the 

proposed ASL video gesture recognition system. 

 

Fig. 5. The training and testing process 

In the training phase of figure 5, initially, the input video 

gesture is read from the database folder, then this video will 

be converted as images frames. Here, we have selected 35 to 

40 alternate frames from the each video gestures. Next, the 

foreground detection is carried out by using the GMM. Once 

the foreground of the video is detected, we have computed 

the mean gray level and mean R, G, and B level for further 

process. 

The first 6 steps of the testing phase are exactly similar as 

in the testing phase. Once the necessary features are 

extracted from the testing gesture video, these extracted 

features will be matched and compared with the feature 

values of feature matrix for classification and gesture 

matching using deep neural network (Stacked Auto-Encoder 

Neural Network). Based on the DNN classification result, 

the text associated with the recognized video gesture is 

displayed. 

The Otsu thresholding technique is used for gray 

threshold selection and image binarization. The necessary 

and useful features of the gesture video are extracted using 7 

various feature extraction techniques such as SURF, Zernike 

moment, DCT, Radon, Red, Green, and Blue features. Once 

the features are extracted, will be loaded to the feature 

matrix for further utilizing them in the testing phase. 

V. RESULTS AND DISCUSSION 

The extracted feature values of video gestures dataset sets 

S1 through S7 are shown in table II through table VIII 

respectively. Each table consists the feature values of 12 

video gestures from 2nd row to last row (Hello to Z), and 7 

sets of features from column 2 to column 8. 

Table II. Extracted Video Gestures’ Feature Values of 

Dataset S1 

 

 

Table III. Extracted Video Gestures’ Feature Values of 

Dataset S2 
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Table IV. Extracted Video Gestures’ Feature Values of 

Dataset S3 

 

Table V. Extracted Video Gestures’ Feature Values of 

Dataset S4 

 

Table VI. Extracted Video Gestures’ Feature Values of 

Dataset S5 

 

Table VII. Extracted Video Gestures’ Feature Values of 

Dataset S6 

 

Table VIII. Extracted Video Gestures’ Feature Values of 

Dataset S7 

 

Some of signer independent output samples of ASL video 

gestures of invariant background, location, illumination and 

distance shown in Figure 6, which shows the final frame of 

the video gestures, mean gray levels and corresponding 

predicted class/output labels. 

The output samples in Figure 6 (A), 6 (B), 6 (C), 6 (D), 6 

(E), and 6 (G) are from video gesture Set S1, S2, S3, S4, S5 

and Set S7 respectively. Also, Figure 6 (F) and (H) outputs 

are from Set S6. 

The Videowise average accuracy (VAA) of 12 video 

gestures and Set-wise average accuracy (SAA) of the 7 

datasets S1 to S7 are considered for testing, which is 

tabulated in table IX, the recognized and not recognized 

video gestures are represented by and  symbols 

respectively. 
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(A) 

 
(B) 

 
(C) 

 
(D) 

 
(E) 

 
(F) 

 
(G) 

 
(H) 

Fig. 6. Some of the output samples 

 

 

 

 

 

 

 

 

 

 

 

 

 

http://www.ijeat.org/


 

American Sign Language Video Hand Gestures Recognition using Deep Neural Networks  

2750 

Published By: 
Blue Eyes Intelligence Engineering  

& Sciences Publication (BEIESP)  

© Copyright: All rights reserved. 

Retrieval Number E7205068519/19©BEIESP 
Journal Website: www.ijeat.org 

Table IX. Set-wise and Video-wise Average Accuracy 

 

Table IX shows that, overall, only three video gestures 

such as ‘J’ and ‘Z’ from the dataset S4, and the ‘You’ from 

dataset S5 were not recognized due to low illuminations of 

artificial lightings and faster hand movement of the video. 

The remaining 165 video gestures from the S1 to S7 were 

recognized properly. The average recognition rate achieved 

for plain background video gestures sets S1 and S3 is 100%, 

which is better compared with the average recognition rate 

of 95% for complex background video gestures. The 

gestures captured from 5 feet distance (S2, S3, S4, and S6) 

yields an average recognition rate of 95.83% whereas the 

gestures captured from 10 feet distance provides 97.23%. 

The video gestures captured from 8 and 13 MP mobile 

cameras provides an average accuracy of 100% and 91.7% 

respectively. By considering all these invariants of the 

datasets, the PVGRS achieved an overall average 

recognition rate of 96.43%, which is better comparing with 

the Existing Video Gesture Recognition Systems (EVGRS). 

Figure 7 shows the background-wise average accuracy of 

7 video gesture sets. It is observed that, irrespective of 

natural or artificial illumination, and invariant to distance 

and signers, the video gestures captured using 8MP camera 

with plain background offers an excellent average accuracy 

of 100%. The video gestures captured with complex 

background with higher resolution camera (i.e., 13 MP) and 

artificial lightings conditions of day time provides the better 

average accuracy of 95%. It is clear from this, gestures 

captured in plain background offers better results than the 

gestures captured in complex background. 

Table X highlights the comparative analysis of PVGRS 

and EVGRS, with their recognition accuracy and techniques 

used. 

 

Fig. 7. Average Accuracy (Background considered) 

Table X. Comparison of EVGRS and PVGRS 

Year 

&  Ref. 

No. 

Method 

Used 

Accuracy 

(%) 
Remarks 

2012 

[4] 

AGM 87.7 

 

12 ASL gestures. Invariant 

to orientation, illumination. 

2012 

[5] 

AEM - 20G  88.2 

 

20 3D human actions. 

Robust to noise, invariant to 

translational and temporal 
misalignments but plain 

background. 

2012 

[5] 

AEM - 16G 85.75 

 

3D dataset of 16 daily 

activity gestures. 

2010 

[6] 

PBSS - 

BOPs 

86.82 20 actions of bag of 3D 

Points. 

2010 
[6] 

PBSS - 
2DS 

70.61 
 

20 actions of 2D 
Silhouettes. 

2003 

[7] 

HMM, FD 90.5 20 hand gestures in 

complex background. 

2003 
[7] 

HMM, FD 
&  MV 

93.5 20 distinct gestures in 
complex background. 

1998 

[8] 

HMM, 

DMC  

91.9 40 ASL words in plain 

black background with 
good illumination. 

1998 
[8] 

HMM, 
CMC  

97.8 40 ASL words in plain 
black background with 

good illumination. 

PVGR

S 

SNN 96.43 12 ASL words with 

invariant location, 

background, signer, 

illumination, distance, and 

also camera resolution 

In Table X, it is noticed that, the HMM, and CMC based 

gesture recognition system [8] achieved 97.8% of accuracy, 

which is bit more than the PVGRS but in [8], gestures were 

captured in plain black background with good illumination 

of controlled lab environment which cannot be comparable 

with PVGRS as the video gestures captured here are 

invariant location, background, signer, illumination, 

distance, and also camera resolution. Due to these 

invariants, an average accuracy of the PVGRS is better than 

the EVGRS. 
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VI.    CONCLUSION AND FUTURE SCOPE 

In this paper, the sincere effort has been placed to 

recognize the some of the ASL videos into human or device 

identifiable English text. There are 14 datasets are created 

for recognition process. Among the 14 datasets, the 7 

datasets were used for training and remaining 7 datasets 

were used for experimentation. All the training and testing 

datasets are signer independent, invariant to location, 

illumination, distance, background and pixel resolution of 

the camera. In both training and testing process, some 

common tasks such as foreground detection, frame 

selection, feature extraction were carried out. Further, in 

testing process, stacked auto-encoder neural network of 

DNN is used for classification and recognition of video 

gestures. As a result of experimentation, the PVGRS 

produces an overall average recognition rate of 96.43%. It is 

noticed that, due to the gestures captured in low illumination 

night time, there is a bit of loss of recognition rate. Many of 

the state of art ASL video recognition systems were carried 

out in controlled lab environments with plain background 

and good illumination conditions. Overall, the recognition 

rate obtained is better comparing with the state of art 

techniques. The dataset-wise and video gestures-wise 

recognition rate is illustrated in Table 9. The comparative 

overall recognition rate of SL video gestures is highlighted 

in Table 10. This PVGRS motivates other researchers for 

carrying out video restores recognition task with more 

robust and improved recognition rate. 

As a future directions of this PVGRS, it can be scaled to 

more number of video gestures and also try out with 

developing the double handed video gestures considering 

various angles and much more invariant distances. Also, it 

can be extended for simple two to three words sentence 

recognition tasks. 
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