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ABSTRACT 

Extracting and recognizing complex human movements from video sequences is a challenging task. In this paper 

a complicated problem from the class is approached using Indian sign language videos. A new segmentation model is 

developed using discrete wavelet transform and local binary pattern (LBP) features for segmentation.  A 2D point cloud is 

created from the local sign shape changes in subsequent video frames. The classifier is fed with 2 types of features 

calculated from Global Haar features and Local LBP features. We also explore multiple feature fusion models after 

segmentation for improving the classification process with state of the art features such as HOG, SIFT and SURF. The 

extracted features input the Adaboost multi class classifier with labels forming the corresponding words. We test the 

classifier on Indian sign language video dataset prepared in controlled environments. The algorithms were tested for 

accuracy and correctness in identifying the signs. 

 

Keywords: Indian sign language identification, adaboost classifier, multi feature fusion, discrete wavelet transform, local binary 

patterns. 
 

1. INTRODUCTION 

Automatic sign language recognition is a 

complicated problem for computer vision scientists, which 

involves mining and categorizing spatial patterns of 

human poses in videos. Sign language created from human 

action is defined as a temporal variation of human body in 

a video sequence, which is characterized by moving hands 

with respect to body, face, head including hand shapes. 

Automation encompasses mining the video sequences with 

computer algorithms for identifying similarities between 

actions in the unknown query dataset with that of the 

known dataset. Last decade has seen a jump in online 

video creation and the need for algorithms that can search 

within the video sequence for a specific human pose or 

object of interest. The problem is to extract, identify a 

human pose and classify into labels based on trained 

human signature action models [1] - [3]. The objective of 

this work is to extract the signature of Indian sign 

language poses from videos given a specific sign as input.  

However, the constraints are video resolution, frame rate, 

background lighting, scene change rate and blurring to 

name a few. The analysis on video content is a 

complicated process as the most of the users end up with 

constraints which act as a hindrance in automation of 

video object segmentation and classification. Sign 

language video sequences are having far many constraints 

for smooth extraction of sign signatures.  Automatic sign 

extraction is complicated due to complex hand poses and 

body actions performed at different speeds depending on 

the signer. Figure 1 shows a set of lab captured Indian sign 

videos for training and testing the proposed algorithm. 

 

 
 

Figure-1. Sign language datasets used in this work 

captured from various sensors at different object distances 

and background lighting variations. 

 

Sign language is a visual mode of communication 

between two hearing impaired or hard hearing people. The 

communication foundations are based on finger shapes, 

hand shapes, hand movements in space with respect to 

body, hand orientations and facial expressions. The 

humans are trained exclusively to handle such huge 

amounts of information for years. For machine translation, 

the problem transforms into a 2D natural language 

processing problem. Many 1D/2D/3D models are 

proposed in literature with little success to bring the model 

close to real time implementation [4]- [8]. 

Extracting these complex movements from 

videos and classification requires a complex set of 

algorithms working in sequence. We propose to use 

silhouette detection and background elimination, human 

object extraction, local texture with shape reference model 

and 2D point cloud to represent the signers pose. Global 

and Local features are calculated that represents the exact 

shape of the signers’ hand in the video sequence. For 

recognition, a multiclass multilabel Adaboost algorithm is 

proposed to classify query sign video based on the Indian 

sign language dataset.  

The rest of the paper is organized into literature 

survey on the proposed techniques, theoretical background 
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on the proposed models and experimental results. The 

proposed model is compared with different state of the art 

features such as Histogram of Oriented features (HOG), 

scale invariant feature transform (SIFT) and speed up 

robust features (SURF) with classifiers such as SVM 

classifier already proposed by us in the previous works. 

 

2. LITERATURE 

Sign language recognition (SLR) has transformed 

with technology upgradation from 1D, 2D to 3D models in 

the last 2 decades. In 1D, SLR is based on 1D signals 

acquired from a hand gloves [8] and classified using signal 

processing methods [9]. In the recent times researchers 

started using leap motion sensor [10] to extract 1D signals 

of finger movements and estimate the related gestures of 

sign language using Hidden Markov Models.  

The faster 1D models produce good recognition 

rates when the emphasis is only on hands. But sign 

language involves head, torso and face expressions along 

with hand movements and shapes [11]. 2D video data of 

signs produces relatively more information compared to 

1D data gloves. From 2D capture, one can explore all the 

elements of a visual language with a constraint on speed 

and classification accuracy. Again, for 2D SLR HMM is 

most widely researched classifier with continuous and 

discrete versions of sign language [12]. More research 

related material on 2D models and the corresponding 

research challenges can be found in [13]- [15]. The other 

challenge for researchers lies in converting the detected 

signs into meaningful sentences [11]. The challenging 

problems in 2D SLR are hand tracking, occlusions on 

hands and face, background lighting, changing signer 

backgrounds and camera sensor dynamics. 

Unlike America and Europe, India does not have 

a standard sign language with necessary variations. 

However, recently, Ramakrishna Mission Vivekananda 

University, Coimbatore developed an ISL dictionary with 

approximately 2037 signs [16] currently available. SLR 

systems are classified into two broad categories: sensor 

glove-based [17] and vision-based systems [18, 19]. 

Starner proposed a real-time ASL recognition 

system with a wearable computer-based video [18], which 

uses a hidden Markov model (HMM) for continuous 

recognition of ASL. In this system, signs are modeled with 

four states of HMMs with high recognition accuracies. 

However, this system is not signer independent. 

Bhuyan et al. [20] used hand shapes and hand 

trajectories to recognize static and dynamic hand signs 

from ISL. They used the object-based video abstraction 

technique for segmenting the frames into video object 

planes by considering the hand as a video object. Their 

experimental results reveal that this system can recognize 

and classify static and dynamic gestures as well as 

sentences with superior consistency. 

Akmelia et al. [21] proposed a real-time Malaysian sign 

language translation system by using the color 

segmentation technique, with a recognition rate of 90%. 

Habili et al. [22] proposed a hand and face segmentation 

technique that used color and motion cues for content-

based representation of sign language video sequences. 

 Zhou and Chen [23] proposed a signer 

adaptation method, in which maximum a posteriori 

estimation was combined with iterative vector field 

smoothing to reduce the amount of data to be translated. 

This method achieved high recognition rates. Moreover, 

gesture recognition systems that employ statistical 

approaches [24], example-based approaches [25], and 

finite-state transducers [26] have exhibited higher 

translation rates. 

In the past decade, with the advances in efficient 

computing and bigger parallel corpora, more efficient 

algorithms have been developed for training [27] and 

generation [28]. A considerable amount of work on Indian 

sign language recognition is being accomplished in [29]-

[35] with machine learning algorithms on both discrete 

and continuous sign languages. In this work, we use the 

dataset from their work. 

The objective is to select features that represent a 

sign and is easily distinguishable in closely related sign 

words and are computationally efficient. The attributes for 

a sign language recognizer chosen are global shape 

features using Haar wavelet [35] for hand and body 

shapes. However, Haar global shapes fail to characterize 

localized hand movements that are scuttle with respect to 

spatial hand movements in the video. The small hand 

variations are captured using 2D point cloud generated 

from harr wavelet and local binary pattern (LBP) [36] 

which attributes to local features. The chosen attributes 

perfectly characterize a sign in Indian sign language.  

Classifying at faster rate on a huge dataset is a 

complicated problem. Adaboost [37] classifier is faster 

and efficient algorithm for large datasets [38].  Inspired 

from [39] and [40], the feature matrix is labelled and 

inputted to Adaboost classifier for training and testing. 

The performance indicators are recall-precision curves and 

execution time on mobile are recorded to check the 

robustness of the algorithm and feasibility to implement 

more efficiently. 

In this paper, we propose an multi class multi 

label Adaboost (MCMLA) based classification problem on 

multidimensional feature vector. We show that this can be 

used to match large unconstrained sign features which are 

automatically extracted from video datasets. The feature 

representation of video objects depends on the efficiency 

of video segmentation algorithms. As illustrated in figure 

2, the proposed Adaboost can effectively recover the query 

video frames from the dataset, by global shape - local 

shape observation model defied by discrete wavelet 

transform (DWT) and local binary patterns (LBP).  

In summary, our MCMLA algorithm on Indian 

sign language videos combines the representational 

flexibility and trivial computations. We perform 

experiments on two different datasets of Indian sign 

language with different controlled backgrounds. The 

proposed method is compared with state of the art features 

and SVM classifier which are outperformed by a 

considerable margin in accuracy. 

3. PROPOSED METHODOLOGY 
The proposed algorithm framework is shown in 

Figure-2. An Indian sign language video library is created 
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combining black video backgrounds. Signer identification, 

signer extraction, global and local shape feature extraction 

and classifier are the modules of the system. Further 

feature fusion concept from [41] is also explored in this 

wok using two feature types, made from LBP features and 

Haar features. Adaboost algorithm explores the relativity 

between the query sign sequence and known dataset. 

 

3.1 Signer identification 

Most of the videos are poorly illuminated or fully 

brightened with too much background information during 

real time capture. Commercial video cameras have a frame 

rate of 30fps and the hand movements are sometimes 

faster and at time slower which makes the object blurry. 

The objective is to extract moving signer and segment it 

for further processing. 

This helps to prevent the algorithm form 

constantly upgrade the background information and model 

the object characteristics in real time. The signer 

identification module is based on one of the silhouette 

extraction methods proposed in [42]. A significant 

indication in determining hand motion for extraction lies 

in the temporal changes in the signers’ silhouette during 

signing. To avoid background modelling and foreground 

extraction models, we propose to use the following 

procedure. 

 

 
 

Figure-2. Flow diagram of the proposed process for 

Indian sign language recognition. (a) Training datasets, (b) 

Detected signer object, (c) Extracted, (d) DWT and LBP 

features (e) 2D Feature points, (f) Query dance video, 

(g),(h) Query feature points, (i) Multi feature extraction 

and classification. 

 

The sign video sequence  , ,V x y t  R , with 

 ,x y  Z gives pixel location and t  Z is the frame 

number. Each frame in V is having RGB planes and is of 

size 3N M  . This part of the module is only for 

motion segmentation and object extraction; color can be 

discarded. RGB is converted to gray scale and contrast 

enhanced to improve the frame quality. The frame tV at t  

is mean filtered with mask defined by  ,m x y  with  

     , , ,t t

mV x y V x y m x y                                     (1) 

 

The size of m  is updated based on the frame size 

N M for faster computations, where the object area is 

small compared to the background area. The  operator is 

linear convolution and the averaged frame is of same size 

as the input frame. The next step applies a Gaussian filter 

of  mean and  variance on the input frame tV  

 

     , , ,t t

gV x y V x y g                                       (2) 

 

The size of the Gaussian mask is determined by 

the input video frame. Euclidian distance metric  ,tS x y

between t

mV and 
t

gV gives the saliency map of the moving 

pixels in the frame 

 

     
2

, , ,t t t

g mS x y V x y V x y                                 (3) 

 

The second order normed distance map is shown 

in figure 3 which identifies the signer’s silhouette. 

However, to extract the signer, a mask of this silhouette is 

used to determine the connected components in the object. 

Figure-3(e) shows the silhouette mask. 

 

 
 

Figure-3. Signer extraction. (a) Original frame, (b) 

Gaussian filtered, (c) Average filtered, (d) Distance 

Saliency map, (e) Silhouette mask, (f) Detected signer and 

(g) Signer extraction. 

 

The centroid of the mask is mapped on the frame 

to crop out the signer in the frame. The method is effective 

in all lighting conditions putting constraints on the input 

video frame size in selecting the masks used for mean and 

Gaussian filters. The boxed and extracted signer from the 

video sequence is shown in figure.3. (g) and (h) 

respectively. The extracted signer is free from background 

variations in the video sequence. If a portion of 

background still appears at this stage can be nullified 

during the matching phase. Applying feature extraction on 

the extracted signer allows for lesser computations as the 

background is almost eliminated and leads to good 

matching accuracy. 

 

3.2 Sign feature extraction 

From a signers’ perspective, to identify a sign 

type in any sign language, hand shapes and their 

movements in space are the vital features. Feature 

extraction phase explores the methodology in extracting 
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these two features. There are many shape descriptors 

available in literature for characterizing shape features 

[43]. Lighting, frame inconsistency, contrast, blurring and 

frame size are some of the critical factors that affect 

feature extraction algorithms. In addition, the dancer 

velocity during performance instincts for a faster shape 

extractor. 

 

3.2.1. Haar wavelet features - Global shape  

          descriptor 

For removing video frame noise during capture 

and to extract local shape information, we propose a 

hybrid algorithm with discrete wavelet transform (DWT) 

[35] and Local Binary Patterns (LBP) [36]. The objective 

at this stage is to represent moving dancers shape with a 

set of wavelet coefficients. Here we propose to use Haar 

wavelet at level 1. At level 1, Haar wavelet decomposes 

the video frame tV into 4 sub-bands. Figure-4 shows the 4 

sub-bands at 2 levels. At 1
st
 level we have 4 sub-bands and 

at 2
nd

 level have 8 sub-bands. In the 1
st
 level, the three sub-

bands represent the shape information at three different 

orientations: Vertical v , Horizontal h and Diagonal d . 

Combining the three sub-bands and averaging the wavelet 

coefficients normalizes the large values. 

 

 
 

Figure-4. Harr Wavelet sub-bands: Global shape 

Representation, (a) Horizontal, (b) Vertical, (c) Diagonal, 

(d) Averaged h,v,d and (e) Reconstructed global shape 

matrix. 

 

3

t

S

h v d
W

 
                                                              (4) 

 

The averaged shape harr wavelet coefficients t

SW  

along with { , , }h v d sub-band coefficients are 

reconstructed to spatial domain. Figure-4 shows the 

reconstructed spatial domain frame producing the exact 

global hand and body shapes of the signer. These global 

shape features can be used as features for recognition. 

However, background noise is still a major concern at this 

stage which blocks the minor local hand variations. Local 

pixel information becomes vital in classification process of 

hand shapes. 

 

3.2.2. Detailed local binary patterns - local hand  

          shapes 
Apply threshold on the reconstructed ICD video 

frame t

rV as 

  2
1 1

1
,

M N
t t

j i

T V j i
NM  

                                          (5) 

The binarized video frame tB is 

 
t t t

rB V T                                                                    (6) 

 

To extract the nodes for the graph, local pixel 

patterns provide exact shape representation. LBP 

compares each pixel in a pre-defined neighbourhood to 

summarize the local structure of the image. For an image 

pixel ( , )
t

B x y
 , where  ,x y gives the pixel position 

in the intensity image. The neighbourhoods of a pixel can 

vary from 3 pixels with radius 1r   or a neighbourhood 

of 12 pixels with 2.5r  .  The value of pixels using LBP 

code for a centre pixel  ,
c c
x y is given by 

 

   
1

, 2
P

c c

P
t t

S p c

j

L LBP x y B g g


                             (7)  

 

  1  0
   

0

t
x

Otherwse
B x

 
                                                      (8) 

 

Where cg is binary value of centre pixel at 

 ,c cx y and 
pg is binary value around the neighbourhood 

of 
c
g . The value of P gives the number pixels in the 

neighbourhood of 
c
g . The local shape descriptor t

SL of the 

signers’ hand pose projects maximum number of points on 

to 2D point cloud. 

 

3.3 Haar - LBP PCA fused features 

Haar and LBP features are enough to label the 

signers poses in the frames and put them under the 

classifier. However, fusion of features at the segmentation 

stage improves the classification accuracy. The fusion 

operator is principle component analysis (PCA). PCA of 

wavelet Haar features and LBP features is concatenated 

using the following expression 

 

   t t

fu S SE PCA W PCA L U                                        (9) 

 

However, 3 more state of the art features such as 

HOG, SIFT and SURF are proposed for testing against the 

features described in this work that can effectively 

represent shape features of the signer.   

 

3.4 Multi features - LBP, Haar 

Figure-5 shows the extracted signer represented 

with LBP, Haar wavelet features, Detailed LBP (DLBP) 

features and principle component analysis fused Haar-LBP 

features. Detailed LBP (DLBP) accommodates both global 

and local hand shape features represented in a single 

feature vector. Given a motion frame in a ISL video 

sequence tV and successfully extracted local shape 

features t

SL  and transformed into a binary shape matrix 

t

SB of ones and zeros using equation 5. A sparse 

representation of t

SB  eliminates all zeros and retains only 
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ones and their locations in  , ,t

SM x y w , where ,x y are 

shape point locations and w is shape feature weight 

vector. 

 

 
 

Figure-5. (a) Haar wavelet features, (b) LBP features (c) 

PCA fused Haar - LBP features, (d) LBP from 

reconstructed and thresholded wavelet coefficients 

(DLBP) and (e-h) sparse coded features. 

 

Figure-5(e-h) show a sparse representation for 

Haar features (HF), LBPF, PCA_H_LBP and DLBP 

features respectively. The points on the motion object are 

formed by extracting the location of the pixel and its 

feature value determines the shape of the signer pose. 

From these feature point locations and values, a feature 

vector is constructed in this work. 

 

3.5 Feature matrix construction 

From the features, a complete feature matrix is 

constructed per sign frame. This feature matrix is 

constructed for each of the 4 features. It is a 2D feature 

matrix of size 256 256 1   with most of the values 

being zeros. Sparse pooling is performed to reduce the 

feature set to 3 N per frame, where N is number of non-

zero elements in the features. The three rows of the matrix 

indicate pixel value and the other two rows are pixel 

location. We calculated, the final feature matrix as 3 N
per frame. These features are carefully labelled with vocal 

words representing the sign form in the video frame. For a 

125-frame word ‘GOOD’, we have 3 125N  feature 

matrix. To minimize it into a 2D matrix, the value of N is 

chosen as the maximum in all frames. If in a frame, 

max( )N N , the difference locations are zero padded. 

The matrix is reshaped to 3 125MaxN   feature words. 

This feature matrix or a set of matrices are inputted to 

MCMLAB classifier. 

 

3.6 Sign classifier: Adaboost multi-class multi-label 

Boosting based classifications [44]- [46] finds 

very precise hypothesis from a set of weak hypothesis. 

Here hypothesis is a classification rule. The set of weak 

hypothesis are simple rules that generate a predictable 

classification. Let 

       1 1 2 2 3 3, , , , , ,....., ,v vf L f L f L f L      be a set of 

training examples at an instance if on 
thi frame in feature 

space f  with labels iL on label space L . The algorithm 

accepts the training samples  along with some class 

distribution  1,....,D m R represented as weak 

learners. On the input, the weak learner computes a weak 

hypothesis  . Generally, :H f  R . The interpretation 

for classification is based on 

      1, 1 isign H f f     for a binary classifier. 

The  iH f gives prediction confidence.  

The key to boosting is to use the weak learner to 

produce a very precise prediction rule by repeatedly 

addressing the weak learner on different distribution of 

training examples. In this work, a multiclass version of 

Adaboost is used having a set of strings as class labels. 

The problem is modelled as given  and size of final 

strong classifier C , The Adaboost initializes the 

distribution function as  

 

 1

1
, 1,.., & 1,..,D i l i v l m

vm
                           (10) 

 

Where l L . For 1,...,c C , we select a weak 

classifier  : 1,1cH L  ×  with distribution cD , to 

maximize the absolute value of  

 

     
,

, ,c c i c i

i c

a D i l L l H f l                                    (11) 

 

We choose the biasing value c as 

 

11
ln

2 1

c
c

c

a

a


 
   

                                                       (12) 

 

and update the distribution function as  

 

       ,

1

,
,

c i c iL l H f l

c

c

c

D i l e
D i l

N



                                   (13) 

 

Where cN is normalization factor to keep the 

distribution as probability density function. The final 

output strong classifier is 

 

     , ,c c
c

H f l sign sum H f l                           (14) 

 

For the multi class problem 1,...., kc c , we use 

the real valued 2D Look Up Table model in [47], which is 

defined as 

      ,

1 1

, 2 1 ,
n k

j j l

LUT l n

i j

H f L P B f l
 

                     (15) 
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Where,
   |
j

l lP P f C frame sign   and

 ,
1,           f l

,
0,  otherwise

i l

nB f l


 


 .From this weak hypothesis, 

through training a strong hypothesis is generated to 

recognize sign labels  i iZ H f . 

 

4. EXPERIMENTATION AND RESULTS 

A set of 4 experiments are introduced to test the 

strength of the proposed features from Haar, LBP, DLBP 

and PCA_H_LBP with Adaboost classifier. Our Indian 

sign language datasets consist of videos captured in 

controlled environment at K.L. University, cams 

department studio with black background. We have 

created 151-word continuous sign videos from 5 different 

signers with a total dataset of 755 sign words from Indian 

sign language. 

Each word is labelled with its name and 

transitions between words is named as ‘Null’. All the 

frames in a sign video are given the same label. The 

database hosts a set of features computed for each word 

and their transitional features in sequential order. The 

database sequence is arranged phonetically with the words 

used in this work. Only a single combination of words is 

chosen in this work and more random combination of 

words can be used in our future works. 

We use percentage of recognition as a 

performance evaluator for validating the results. For a 

strong hypothesis H resulted from Adaboost training and 

testing for an input feature if on a trained distribution D

with  i iZ H f predicted labels. The following metrics 

in [49] are 

 

1

1
Re

D
i i

i i i

L Z
cognition

D L Z

 
I

U
                                  (16) 

 

The first experiment, ‘Exp-I’, uses Haar features 

to represent the signer. The Haar features give a global 

perspective on the sign in a video frame. Figure-6(b) 

shows Haar features on a set of video frames for the sign 

‘GOOD’. The Adaboost classifier is trained with Haar 

feature matrix of individual sign with a predefined label. 

The label used is a string to represent the sign meaning. 

The testing input is a video of continuous signs with a 

phonological meaning. Some of the words in the testing 

continuous sign input are “Hello, Good Morning, how is 

your day. Beautiful day. Without any worries in the world. 

My mother is hard working woman. My father is a 

software professional”. Figure 7 shows the confusion 

matrix after testing with MCMLAB classifier on Haar 

features. The average recognition per word is around 

78.96%. 

 

 
 

Figure-6. (a) Original video frames of sign ‘GOOD’, 
(b) Haar features, (c) LBP, (d) PCA_H_LBP and 

(e) DLBP features. 

 

Figure-7 shows a set of signs used in the 151 

length word sentences used as input as continuous Indian 

sign language. Similar looking signs have a greater 

percentage of matching and exhibits closeness to each 

other compared to differently looking signs. The database 

is a mixture of 5 signers with different knowledge of sign 

language with the most experienced signer videos are used 

for training the classifier.  

 

 
 

Figure-7. Confusion matrix for Haar features with 

Adaboost classifier. 

 

Exp-II, uses Local Binary Pattern features with 

Adaboost classifier. Figure-6(c) show the features 

projected onto sign frame. The feature vector in this case 

consisted of unwanted points that does not contribute to 

the sign. Hence a thresholding mechanism is used to 

reduce the data size. The confusion matrix generated from 

LBP features is shown in Figure-8. The average 

recognition with LBP features is 82.66%. 
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Figure-8. Confusion matrix from LBP features 

with Adaboost classifier. 

 

Exp-III uses PCA fused Haar - LBP feature 

represented in Figure-6(d) as the input to the classifier. 

The confusion matrix is presented in Figure-9. The 

average recognition from the 151-continuous sign video 

on 4 different testing samples is around 84.56%. For some 

individual signs, the recognition is around 95%. Exp - IV 

uses the novel proposed algorithm where the Haar wavelet 

features are presented as input to LBP and features are 

generated as shown in Figure-6(e). 

 

 
 

Figure-9. Confusion matrix from PCA fused Haar 

LBP features with Adaboost classifier. 

 

Figure-10 shows a comparison between single 

sign features from the proposed DLBP algorithm when 

there is change in hand positions and shapes along the 

spatial plane. This shows there is a relative variation in 

features as the hand position and shape changes in space. 

Each feature vector is a combination of both spatial 

information and shape information as mapped onto a 

Gaussian estimate shown in Figure-10(b). 

 

 
 

Figure-10. (a) Spatial and location changes in sign and 

(b) Feature vector mappings on Gaussian estimate. 

The confusion matrix from exp-IV using DLBP 

features is shown in Figure-11. The average recognition in 

this case is 90.28% for a set of 4 testing vectors. It also 

shows that DLBP features has reduced the inter 

dependency on closely matched signs. 

 

 
 

Figure-11. Confusion matrix from DLBP features with 

Adaboost classifier. 

 

We also tested the classifier with HOG 

(Histogram of oriented Gradients), SIFT (Scale Invariant 

Feature Transform) and SURF (Speeded Up Robust 

Features) with Adaboost classifier. Training vector is 

made from 50 best features and the same number is used 

for testing. The average recognition rates were 0.74 for 

HOG, 0.72 SIFT and 0.7 for SURF. The drop-in classifier 

performance can be attributed to the poor feature 

extraction due a large variation in the video frames even 

though they have same hand pose. HOG, SIFT and SURF 

features are extracted from the original gray scale video 

frame. A comparison on the proposed features against the 

state of the art features on a set of continuous sign videos 

is shown in figure.12. The comparison shows DLBP 

features of a sign video is having the ability to classify 

signs better compared to other modelled features. 

 

 
 

Figure-12. Confusion matrix from DLBP features 

with Adaboost classifier. 

 

5. CONCLUSIONS 
Indian sign language classification is a complex 

problem in machine vision research. The features 

representing the signer should focus on the entire human 

hand shapes and their positions in space. In this work, we 

proposed a fully automated SLR consisting of signer 



                                VOL. 13, NO. 4, FEBRUARY 2018                                                                                                            ISSN 1819-6608 

ARPN Journal of Engineering and Applied Sciences 
©2006-2018 Asian Research Publishing Network (ARPN). All rights reserved. 

 
www.arpnjournals.com 

 

 
                                                                                                                                              1417 

identification, extraction, segmentation, feature 

representation and classification. Saliency based signer 

identification and extraction helps in reducing the image 

space. Wavelet reconstructed local binary patterns are 

used for feature representation preserving local shape 

content of hands shapes with position vectors. Multi class 

multi label Adaboost on features of sets of sign video data 

is the classifier. Multiple experimentations on the video 

data is tested with 5 different signers. Sign video data is 

labelled as per the meaning they represent. More action 

features can be added for representing signer more 

realistically by elimination backgrounds and blurring 

artefacts to improve the efficiency of the classifier. 
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