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 In this paper, we elucidate a framework for vision based recognition of American sign 

language numbers (0-9) from static images using combined Discrete Cosine Transform 
(DCT) - Discrete Wavelet Transform (DWT) features and Supervised Machine Learning 

techniques. This system is useful for the hearing impaired who communicate with others 

through sign language. But the normal hearing persons are not familiar with the  sign 
language. In this situation, a third party is needed for interpretation. To overcome this 

difficulty, a vision based sign language recognition system is proposed to enable the deaf 

and dumb to communicate easier. First, the DCT and DWT features are extracted 
separately from the input gesture image. Later, they are combined together and tested on 

different pattern classifiers such as Support Vector Machine (SVM), k-Nearest Neighbor 

(KNN) and Back Propagation Neural Network (BPNN) for classification of gestures. 
The experimental results show that SVM outperforms KNN and BPNN for the combined 

DCT-DWT features. This system prevents the user from wearing sensors or data gloves 

since it recognizes the gestures using vision based approach. 
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INTRODUCTION 

 

 Sign Language is a means of non-verbal communication used by the hearing impaired. They use facial 

expressions, hand gestures and finger movements rather than speech to express their ideas and feelings. A lot of 

research work is progressing in the field of gesture recognition, since it has some social impact. Everywhere the 

deaf and dumb people communicate with others through gestures or finger spelling (Arulselvi and Thamarai, 

2014). Unfortunately, the normal hearing persons do not understand the meaning of those gestures because they 

are not familiar with the sign language. Hence, to interpret the meaning of the gestures, a third party is required. 

This can be overcome by using an automatic sign language translator through which the hearing impaired can 

interact with the machine freely and communicate without the need of an interpreter. There are two approaches 

in Sign language recognition. They are data glove based approach and vision based approach (Archana S.Gotkar 

and Gajanan K.Kharate, 2014). Using a data glove or  sophisticated hardware is so expensive and tedious 

process. Also, the recognition result of this approach is very poor. Hence, the vision based approach is widely 

used. In this paper, a vision based technique is proposed for recognition of ASL numbers using Discrete Cosine 

Transform and Discrete Wavelet Transform. The static gesture images are captured from a bare hand using a 

digital camera. The combined DCT-DWT features which are extracted from the static image are applied as an 

input to the various supervised machine learning techniques and the performance results are compared.  

 

Related Work: 

 In sign language recognition, the shape of the hand is recognized in real time using shape, geometry and 

histogram based features. Some of the existing sign language recognition techniques have already used several 

feature extraction methods. The researchers have done enormous work in recognition of American Sign 

language alphabets and numbers. A novel method (Asha Thalange and Shantanu Dixit, 2014) is introduced for 

recognition of ASL numbers using measurement of open finger distance. In this method, the centroid of the 

segmented binary palm region is detected and a circle is drawn by keeping the centroid as the center so that it 

cuts all the open fingers of the hand. The circle is traced in anti-clockwise direction and the distance between the 
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adjacent fingers are measured. This system gives the average recognition rate of 92%. The edge oriented 

histograms (S.Nagarajan and T.S.Subashini, 2013) are extracted as the features and multiclass SVM is used for 

recognition of twenty four static ASL alphabets under uniform background. The performance comparison is 

done for different number of features and the overall recognition rate of 93.75% is achieved by this system. The 

researchers (Alaa Barkoky et.al, 2012) proposed a thinning method to recognize the Persian sign language 

numbers from 0-9. In this approach, the end points of the cleaned thinned image represent the number of fingers 

and this technique reported 96.6% recognition accuracy. Different shapes of ASL hand gestures are recognized 

in real time using horizontal and vertical histograms (Anamika Choudhary and Nitin Rajvanshi, 2013). In this 

approach, Hidden Markov models (HMM) are used for classification of gestures. A technique is proposed for 

recognizing the Indian sign language numbers from 1 to 10 using the HMM fisher score and neural network 

(Shekar Singh et.al, 2012). A vision based real time finger counter  for hand gesture recognition (S.Nagarajan 

and T.S.Subashini, 2012) is proposed for deaf and dumb. This method recognizes the numbers from one to five 

using convex hull approach and gives a better recognition accuracy. Hand gesture recognition is used in 

intelligent human-computer interface (Elakkiya.R et.al, 2012) using fuzzy neural network. The fuzzy neural 

network first transforms the pre-processed data of detected hand into fuzzy hand posture feature model. Then, 

by applying fuzzy inference, the actual hand posture is determined. 

 

Proposed Methodology: 

 The proposed methodology consists of the following steps: 

 DCT feature extraction 

 DWT feature extraction. 

 Combined DCT-DWT feature extraction 

 Even though, many transforms such as Hadamard, Walsh, Hotelling, etc., are used in image processing, 

Discrete Cosine Transform and Discrete Wavelet Transform are selected for feature extraction because DCT has 

good energy compaction property. It is simple to implement and is used for dimension reduction. Moreover, it 

gives good compression ratio. DWT is more complex, but it provides a great quality and multi resolution 

properties. It has its own advantages over DCT. 

 

Dataset: 

 The static input RGB images are captured using a digital camera with a resolution of 4608x3456 pixels 

under uniform background. The dataset contains 10 classes of ASL numbers namely 0-9. There are totally 700 

images in the dataset collected from different subjects, each class having 70 images. The ASL number data set is 

given in Fig.1.  

 
Fig. 1:  ASL Number dataset. 

 

Block diagram of the proposed system: 

  The proposed sign language recognition system consists of the training and testing phase. In the training 

phase, the gesture images are captured and features are extracted. The feature vectors are applied as the input to 

train the pattern classifier. The classifier creates a model for each class. In the testing phase, the features are 

extracted from the test image and the extracted feature vector is applied to the trained model to classify the sign. 

The block diagram of the proposed system is shown in Fig.2. 

 

Image Cropping: 

  The captured gesture images are larger in size since their resolution is very high. To reduce the 

computational time and storage, the images are resized into 640x480 pixels. Then the resized RGB images are 
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converted into grayscale images. The grayscale images have 256 gray levels, assigning each pixel an integer 

number [0,255]. If I is the input grayscale image, then the average value 'A' is calculated using the following:  

                                                               (1) 

 where M,N are the rows and columns of the image matrix I respectively. The pixels which have the integer 

number less than 'A' are assigned the value of zero. Then the four edges of the rows and columns of image I are 

eliminated if they possess a zero value.  Thus the image is cropped and it is once again resized to 400x200 

pixels for feature extraction. 

                        
 

Fig. 2:  Block diagram of the Proposed System. 

 
 

Fig. 3:  Transformation of RGB image into resized ROI. 

 

DCT Feature Extraction: 

 Two dimensional DCT is applied on the resized gray scale ROI and the first 20 highest energy features are 

extracted in a zigzag manner. The transformations used to obtain the final image for  feature extraction are 

shown in Fig.3. The mathematical equation for the 2D-DCT of an image of size MxN is given as below. 

                                          (2)      

 where f(i,j) is two dimensional input image sequence. 

 The first 20 highest energy of DCT co-efficients are extracted as the features from each grayscale image 

and the unique feature vectors are formed for all the images. These feature vectors are saved in a .mat file and 

are used to train the pattern classifier for gesture modeling. 
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DWT Feature Extraction: 

 The Discrete Wavelet Transform computes the wavelet transform co-efficients in a faster way using sub 

band coding. Wavelets are widely used in digital image processing and signal processing. 2D DWT is 

implemented using down samplers and digital filters. Applying convolution of low pass and high pass filters 

makes the original image to decompose into a specific set of wavelet co-efficient at each decomposition level. 

The DWT process is shown in Fig. 4. Here, H denotes the high pass filter and G denotes the low pass filter. fll 

represents the approximation image, flh represents vertical detail image, fhl represents horizontal detail image 

and  fhh represents diagonal detail image. In the decomposed image, the DWT co-efficients are represented as 

cA, cH, cV and cD, where cA are the approximation co-efficients, cH are the horizontal co-efficients, cV are the 

vertical co-efficients and cD are the diagonal co-efficients. The general 3 level image decomposition using 2D-

DWT is shown in Fig.5(a). In this work, six level two dimensional wavelet decomposition is performed using 

Daubechies wavelet and 28 features are selected from the final level approximation co-efficients of the original 

grayscale image.  

 
Fig. 4:  DWT process. 

 

 
 

Fig. 5(a):  Two dimensional DWT with 3-level decomposition. 

 

 
 

Fig. 5(b): Combination of DCT - DWT features. 

 

Combined DCT- DWT Feature Extraction: 

 The combined DCT - DWT features are extracted as follows:  

 Apply DCT to the cropped and resized image to extract the first 20 highest energy co-efficients as the 

features.  

 Apply DWT to decompose the cropped and resized image into four non- overlapping sub-bands, namely 

LL1, LH1, HL1, HH1. 

 Apply again DWT to the sub-band LL1 so as to get four small sub-bands LL2, LH2, HL2 and HH2. 
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 Repeat the decomposition process up to 6-level and extract the 28 approximation co-efficients from the 

final level as the DWT features. 

 Combine the selected DCT features and the DWT features together, so that the combined feature vector has 

48 features for each image. 

 Finally, the 48 features extracted from each image are trained in the training phase.  

 The combined process of DCT and DWT features is shown in Fig.5(b). 

 

Sign Language Recognition Using Pattern Classifiers: 

Support Vector Machine: 

 SVM is a supervised learning technique and it works based on the principle of Structural Risk 

Maximization. It is used for classification and regression. The main goal of SVM is to maximize the margin 

between two classes. SVM is inherently a binary classifier and it could not be used for multiclass problems. 

SVM transforms the input space into high dimensional feature space using non linear mapping. It constructs a 

separating hyper plane from the closest points of the training set. 

 

k-Nearest Neighbor: 

 k-NN classifier solves multi class problems without learning process. Each training sample has a label 

which defines its class. The distance between the training samples and the test sample is measured using 

Euclidean, hamming, and city block. After finding the distance, the k samples (neighbors) with minimum 

distance from the test sample are found. The class label of the test sample is found using majority voting among 

the k neighbors.  

 

Feed Forward Back Propagation Neural Network: 

 Artificial Neural Network is a collection of neurons, which approximates the brain function. In this work, 

feed forward back propagation neural network is used to classify the gestures. The BPNN has 48 neurons in the 

input layer, 10 neurons in the hidden layer and 10 neurons in the output layer. The number of epochs for training 

is chosen as 1000 and the training goal is set as 10
-7

. The training of samples is stopped after 38 epochs since the 

set training goal is achieved.  

 

Experimental Results & Discussion: 

 The proposed sign language recognition system was implemented in Matlab 2013a. In the experimental 

setup, a plain uniform background is used to capture the input gesture images, to make the segmentation of hand 

easier. Out of 700 images, 400 images are used for training and 300 images are used for testing. In each class, 

30 images are tested. The output screen for recognition of ASL number 'two' using combined DCT -DWT 

features is shown in Fig.6. The performance analysis of SVM, k-NN and BPNN classifiers using DCT, DWT 

and combined DCT-DWT features is given in Table. I. 

 

 
 

Fig. 6:  Recognition Output for number '2'. 

 

 The first level 2D-DWT decomposition of the image is shown in Fig. 7. The network structure and the 

training plot of feed forward back propagation neural network is shown in Fig.8(a) & 8(b) respectively.  

 
Table I: Performance Analysis. 

Type of 

feature 

Number of 
features 

extracted 

Type of Pattern Classifier used 

SVM k-NN BPNN 

Recognition 
Rate (%) 

Average 

Recognition 

time (sec) 

Recognition 
Rate (%) 

Average 

Recognition 

time (sec) 

Recognition 
Rate (%) 

Average 

Recognition 

time (sec) 

DCT 20 96.0 0.044 94.0 0.037 93.65 0.083 

DWT 28 96.0 0.021 92.0 0.029 96.54 0.067 

DCT+DWT 48 98.0 0.096 96.0 1.081 97.03 1.125 
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Fig. 7:  Decomposition of image using 2D-DWT. 
 

 
 

Fig. 8(a): Structure of the Back Propagation Neural Network. 

 

 
 

Fig. 8(b): Training plot of Neural Network. 

 

 
 

Fig. 9: Performance Comparison. 

 

 The performance of the SVM, k-NN and BPNN classifiers are compared with respect to the recognition rate 

and average recognition time for DCT, DWT and combined DCT-DWT features. The comparison chart is 

shown in Fig.9. 

 

Conclusion: 

 This paper proposed a vision based recognition system for American sign language numbers from 0-9. This 

system  recognizes the gestures of the bare hand with less recognition time, thereby eliminating usage of 

sophisticated hardware or data gloves for gesture recognition. From the experimental results, it is proved that the 

support vector machine gives the highest recognition accuracy of 98% for the combined DCT-DWT features 
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compared to KNN and BPNN classifiers. In contrast with other existing approaches, this system proves its 

efficiency in static gesture recognition under uniform background. In future, the sign language numbers can be 

recognized from a complex background and the performance of the system can be tested with the gradient 

features such as HOG, SIFT and SURF. 
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