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Abstract. This paper proposes a novel approach to continuous Arabic Sign 
Language recognition. We use a dataset which contains 40 sentences composed 
from 80 sign language words. The dataset is collected using sensor-based 
gloves. We propose a novel set of features suitable for sensor readings based on 
covariance, smoothness, entropy and uniformity. We also propose a novel clas-
sification approach based on a modified polynomial classifier suitable for se-
quential data. The proposed classification scheme is modified to take into ac-
count the context of the feature vectors prior to classification. This is achieved 
through the filtering of predicted class labels using median and mode filtering. 
The proposed work is compared against a vision-based solution. The proposed 
solution is found to outperform the vision-based solution as it yields an im-
proved sentence recognition rate of 85%.  

Keywords: Sign language recognition; feature extraction; sensor-based gloves; 
pattern classification. 

1 Introduction 

Sign language is the term used to describe the language that the deaf community 
uses to communicate together or with the hearing society. Sign language recognition 
systems are used to translate sign language into text or speech. Sign Language recog-
nition systems have been developed for many languages including but not limited to 
English, Chinese, Korean and Arabic. Sign language recognition systems are divided 
into 2 categories based on data collection: 
• Vision-based systems: Data is collected using one or more cameras. Typically

such systems require high computational complexity and are not too accurate. An
example of which is reported in [1].

• Glove-based systems: Data is collected using sensor-based gloves, an example of
which is reported in [2]. It is more accurate than vision-based systems and is not
affected by background motion, colors and light intensity.
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Moreover, sign language recognition systems can be used for recognizing sign lan-
guage alphabet, words or sentences. The latter is used in this paper and it is also re-
ferred to as contentious sign language recognition. 
Three sensor-based gloves were used for Arabic sign language recognition [3]; the 
PowerGlove, DT Data Gloves and CyberGlove. With the use of PowerGlove, the 
work in [4] developed an Arabic sign language recognition system using Support 
Vector Machine (SVM) classifier. While in [2] it was reported that DG5-VHand 2.0 
data gloves is suitable for Sign Language Recognition as it contains flex sensors and 
accelerometers without the need for motion detectors. The classification system is 
based on a method of accumulated differences to eliminate the temporal dependencies 
in the data with low-complexity. This word-based system worked on two modes; user 
dependent mode produced accuracy of 95.3% and user independent mode achieved 
92.5% accuracy. Using the same gloves, a user-dependent recognition system was 
proposed by  [5], the system works on continuous Arabic Sign Language (ArSL).  
In [6], the CyberGlove and Flock of birds 3D motion tracker were used for American 
Sign Language (ASL) recognition using neural networks. The algorithm is designed 
to recognize one-handed words. The system is trained and tested on a set of 50 words 
for single and multiple users. In [7], CyberGlove are also used for continuous single 
handed American Sign Language (ASL) recognition. Classification was done using a 
two layer Conditional Random Field (CRF), Support Vector Machines (SVM) and 
Bayesian network (BN). CyberGlove is also used in [8] to develop a user independent 
two handed Chinese Sign Language recognition for isolated and continuous signs.  
In this work we propose a sentence-based Arabic sign language recognition system 
using sensor-based gloves. Both hands are used for collecting data from sign language 
sentences ranging from 3 to 7 words each. We propose a novel set of features suitable 
for sensor-based sign language data. We also propose a novel alternative for existing 
classification techniques based on polynomial classifier. 

2 The Dataset

In this section, the dataset used for training and testing will be described. The 
current work makes use of data collected earlier by [5]. The collected data made use 
of the DG5-VHand 2.0 data gloves that give 8 sensor readings per hand; 5 flex sen-
sors for each finger and 3 3D-accelerometers. 
The dataset used was created in collaboration with Sharjah City for Humanitarian 
Services [9]. The dataset consists of 40 sentences built from 80 words. Each sentence 
is composed of 3 to 7 words. The sentences are the same as the ones reported in [10]. 
Each of the 40 sentences was repeated 10 times performed by a single user. Again, a 
sequence of sensor readings make up a sign language word and a sequence of words 
make up a sign language sentence. 

3 Data Collection and Labeling 

A sensor based approach is to be used and compared against previous work to 
demonstrate results. The process start by collecting two sets of data one from sensory 



gloves and one from a camera. The camera input is used to label the sensory input 
manually.  
Below is a descriptive diagram showing the process of data collection and labeling as 
used in [5]. The process starts by signing a new sentence, from which 2 attributes are 
acquired; sensor readings and record video. The sensor readings are manually labeled 
from the video and store the labels in a database. This process is illustrated in Figure 
1.  

4 Proposed Feature Extraction 

This section describes the proposed process by which meaningful features are ex-
tracted from a set of raw data. The feature extraction is performed on a window of 
sensor readings. This is important to put each sensor reading in its right context. In 
this case the raw data is 16 sensors from 2 DG5-VHand 2.0 data gloves divided as 
follows: 2×5 flex sensors for each finger and 2×3 3D accelerometer sensors to deter-
mine the rotation and position of the hand in 3D space. 
Consider vector 𝑓𝑓𝑖𝑖 containing the 16 sensor readings as one vector at a single point in 
time. The matrix of readings 𝐹𝐹𝑖𝑖 will be expressed as 𝐹𝐹𝑖𝑖 = [𝑓𝑓1  𝑓𝑓2   …  𝑓𝑓𝑁𝑁]𝑇𝑇 where N is 
the number of vectors in a single window depending on time variant of the window 
and the number of readings taking per second. Typically 30 sensor readings per sec-
onds are captured. 
The raw data proved to contain some noise and are not very representative of the ac-
tual input so other statistical data are obtained from the feature vectors and added to 
make a new enriched FVs. In the beginning, mean and standard deviation were com-
puted. Mean (µ) provides the average which eliminates to some extent the noise from 
the original feature vectors shown in the equation below. 
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While the standard deviation measures the dispersion from the average sample. In this 
case, an estimate of the standard deviation called sample standard deviation (s) is used 
to reduce complexity, it is calculated using the equation below. 
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For the sign language data, this is done on a window of feature vectors, where the size 
of the window is varied via trial and error to find achieve highest performance. For a 
predefined window size, the mean and standard deviation calculations are show be-
low. 
 



 
Fig. 1. Flowchart of data collection and labeling process. 
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Where 𝜔𝜔 is an odd number denoting the window size and 𝑖𝑖 is the current feature from 
a set of features. 
Then other statistical features are added to further enrich the feature vectors such as 
the covariance, the entropy and the uniformity. 
The covariance shows how much the features change with respect to each other. 
Mathematically, covariance is calculated using the equation below. 
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In this work we compute the covariance of sensor readings for a window of size 𝜔𝜔. 
We use the upper triangular values of the covariance matrix as feature variables. 
Where x is the independent variable, y is the dependent variable, n is the number of 
points in the sample, 𝜇𝜇𝑥𝑥 is the mean of variable x and 𝜇𝜇𝑦𝑦 is the mean of variable y. 
The final feature vector consists of 200 values divided as follows: 16 raw sensor read-
ings, 16 values for each of the window-based mean, standard deviation, entropy and 
uniformity and 120 values for the window-based covariance.  
Since the data features have different scales, normalization is necessary to set a com-
mon range before classification for it to be successful. In this case, z-score normaliza-
tion is used, the end result will have a mean of zero and unit variance.  

5 Proposed Classification Solution 

The proposed classification solution is based on the Polynomial classifier 
which was successfully used for classifying isolated sign language words [1]. Hence 
we start with a brief review of the polynomial classifier. 
A Polynomial classifier is a supervised classifier technique which nonlinearly ex-
pands a sequence of input vectors to a higher dimension and maps them to a desired 
class labels. 
Training a Pth order polynomial network is done in two stages. Stage one is expanding 
the training feature vectors through polynomial expansion. Stage two is linearly map-
ping the polynomial-expanded vectors to class labels by minimizing an objective 
criterion. Polynomial expansion of an M-dimensional feature vector x = [x1  x2 ... xM] 
is achieved by combining the vector elements with multipliers to form a set of basis 
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Where iX is a MNi × matrix and iV is a p,Mi ON × matrix. 

Expanding all the training feature vectors results in a global matrix for all K classes 
obtained by concatenating all the individual iV matrices such that  

T
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For each class i, the training objective is to find an optimum weight vector obtained 
by minimizing the distance between the class labels iy  and a linear combination of 
the polynomial expansion of the training feature vectors iwV  such that  
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The class labels for the ith class, iy , is a column vector comprised of ones and zeros 

such as iy = [ 
1N0 , 
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iN1 , 
1+iN0 , …, 

kN0  ]T . 

In the identification stage we are given a sequence of Nc feature vectors cX and we 
are required to determine its class c as one of the enrolled classes in the set 
{ }K,,2,1  . This is done by two steps: first, expand cX  into its polynomial basis 
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The elements of the score sequence is represent the individual scores of each feature 

vector in the vector sequence cX . The class of the sequence cX  is determined by 

maximizing is such as  
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The proposed classifier is based on the above polynomial classifier of Pth order. Each 
feature vector is labeled according to the sign language word it belongs to. First, the 
classification weights vector is generated and then multiplied by the individual feature 
vectors to find the corresponding class label. We propose to use the context of the 
predicted label before arriving to the final classification result. We examine the pre-
dicted labels of the surrounding feature vectors and use a majority vote to decide on 
the class label of the current feature vector. Moreover, in Equation (12) above, instead 



of computing the max score, we compute the first 3 maximum scores for each feature 
vector in the context window and then apply the majority vote. Figure 2 shows a 
block diagram for the classification process. 
 

6 Experimental Results 

In our dataset, the individual words are labeled by giving all feature vectors 
making up a word the same label. That is, each feature vector is labeled separately. 
There is a total of 82 classes where 80 are for the words and 2 are for the start and end 
of the sentences. Following the experimental setup of [5], the data is divided into 70% 
training and 30% testing in a round robin fashion. 
In the results to follow, the sentences are considered correctly classified if all the 
words of the sentence are recognized successfully. Hence, the recognition rate is cal-
culated by dividing the number of correctly recognized sentences by the total number 
of sentences. The word recognition rate on the other hand is found using the equation 
below [11]. 

 𝑅𝑅𝑅𝑅𝑅𝑅𝑒𝑒𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤 = 1 −
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Where D is the number of deleted words, I is the number of inserted words, S is the 
number of substituted words, and N is the total number of the words. 
We use three classification measures. The first is the accuracy of classifying each 
feature vector individually, we refer to it as “class (%)”. The second is the accuracy of 
classifying words based on the equation above, which is a sequences of feature vec-
tors, we refer to it as “word (%)”. The third and last is the accuracy of classifying 
each sentence correctly, which is a sequence of words, we refer to this as “sentence 
(%)”. The tests are run on a Windows 7 machine with intel-i7 4790k 3.5GHz proces-
sor (quad core) and RAM of 16GB. 
In Table 1, we present the classification results using raw sensor features with win-
dow-based mean and standard deviation (total of 48 features). Polynomial classifier 
was implemented from 2nd to 7th order. In this experiment the FVs window ω is 43 
and context width is 32. 
 

Table 1. Classification results using raw sensor features with window-based mean 
and standard deviation 

Order Class (%) Word (%) Sentence (%) Time 
2nd  66.94 44.38 33.89 13s 
6th (peak) 81.6 70.85 63.33 39s 

The same results are repeated with the addition of the upper diagonal window-based 
covariance of the  features (total of 168 features). The results are presented in Table 2. 
In this experiment the FVs window ω is 63 and context width is 24. 
 



 
Fig. 2. Flowchart of the proposed classification system 

 
Table 2. Classification results using the features in Table 1 and the upper diagonal 

window-based covariance. 
Order Class (%) Word (%) Sentence (%) Time 
2nd  82.72 77.06 71.11 62s 
5th (peak) 87.48 86.67 82.22 142s 

The entropy and uniformity can also be added to the above feature set. This brings up 
the total features to 200 variables. The classification results of which are reported in 
Table 3. In this experiment the FVs window ω is 75 and context width is 22. 

 
Table 3. Classification results using the features in Tables 1 & 2 and the entropy and 

uniformity of features 
Order Class (%) Word (%) Sentence (%) Time 
2nd  84.37 79.80 76.39 75s 
5th (peak) 87.77 88.95 85.00 135s 



The results in the above tables show that the proposed feature variables are suitable 
for sensor-based sign language recognition. The results also show that the proposed 
feature extraction and classification approach are not computationally expensive. For 
instance in Table 3, at a second order polynomial, it takes an average of 0.6 second to 
classify a sign language sentence. 
Figure 3 plots the sentence classification rate as a function of the polynomial classifi-
cation order from 2 to 6. It is shown that the classification rates peaks at the 5th order. 
 

 
 

Fig. 3. Classification vs Polynomial Order 
 
Lastly, the proposed sensor-based solution is compared to [10] in terms of classifica-
tion accuracy. As mentioned, the work in [10] used the same set of sentences with 
similar experimental setup. Features are based on Discrete Cosine Transform of win-
dow-based accumulated image differences. Hidden Markov Models are used for clas-
sification. The results are show in Table 4. 
 

Table 4. Classification rates of proposed and reviewed solutions. 
 Proposed Reviewed [10] 

Sentence recognition rate 85% 75.6% 
 
This result is expected because sensor-based data is more accurate than vision-based 
data. Sensor readings are specific to hand movements whereas in sign language vide-
os hand movements need to be segmented out. Segmentation techniques are typically 
not accurate and therefore the features are not an exact representation of the sign lan-
guage sentences. 

7 Conclusion 

We proposed to modify the polynomial classifier to work with sequential data. 
This is implemented using a window-based feature extraction approach and through 
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the use of statistical filtering of the predicted labels. We also proposed a new set of 
window-based features based on covariance, entropy, uniformity, smoothness and 
skewness. These features enhanced the classification accuracy. Lastly, we showed 
that the proposed system is computationally attractive and more accurate than existing 
vision-based solutions.  
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