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ABSTRACT: Sign language can be defined as a combination of hand motion mainly used for communication purposes,
especially for the deaf-mute community. More than 5% of the worldwide population (320 million) are concerned by the use of
it. Through our work, we aim to provide a mean to automate the process of translation from Arabic sign language to written
Arabic, in the static context. As a first step, we will produce a three-level process, allowing the recognition of static Arabic sign.
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1. Introduction

In literature, most static sign language recognition systems (based on images), and generally static hand gesture recognition
systems, based on vision, are composed of three basic phases: segmentation, features extraction and recognition. Our work will
be a combination of several methods, following the same schema to get a translation from Arabic sign language alphabet to
written Arabic.

First step will be the skin color segmentation within a static image. This step will be crucial to get the correct segmented image for
the rest of the process by generating a skin color model to work with.

The features extraction will allow us to get the characteristics best describing the sign (hand pose), and pass it on to the classifier.
A number of classifiers will be tested and one will be chosen as the one with best results.

2. Skin Color Segmentation

Skin color segmentation is one of the widely used techniques to get a robust hand segmentation, it main aims to build a decision
rule allowing as to separate skin from non-skin pixels. A metric measuring the distance between the pixels values and skin
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tone is generally used, this metric is defined according to the method chosen to model the skin color.

2.1 Skin Modeling Method
Segmentation through a predefined set of rules is among the many efficient methods available to get skin clusters in images.
Many researchers, such as [1], [2], [3], [4], have tempted to use this method in their works, essentially because of how easy it is
to construct a fast skin color classifier. Nevertheless, achieving a high recognition rate lies on the color space choice and the tests
to get the adequate set of rules.

Recently, there have been proposed a method that uses machine learning algorithms to find both suitable color space and a simple
decision rule that achieve high recognition rates [5]. The authors start with a normalized RGB space and then apply a constructive
induction algorithm to create a number of new sets of three attributes being a superposition of r, g, b and a constant 1/3,
constructed by basic arithmetic operations. A decision rule, is estimated for each set of attributes. The authors prohibit construc-
tion of too complex rules, which helps avoiding data over-fitting, that is possible in case of lack of training set representativeness.
They have achieved results that outperform Bayes skin probability map classifier in RGB space for their dataset.

In our work, and through experiment and comparison of the different available techniques, we have concluded that the following
criteria, presented in the [1], is the best suited for our usage, and is described as follow:

2.2 Application
A standard hand gesture dataset, provided in [6] [7] [8], is used to test our process as in Fig. 1.

Figure 1. Hand segmentation based on the chosen method, on top the original image, on the bottom the segmented one

(1)



 International Journal of Computational Linguistics Research  Volume  8  Number  4  December  2017             155

3. Features

3.1 In Literature
Features extraction is the major step toward the recognition of the Arabic sign language alphabet. This step is the mean to reduce
the dimensionality of the problem, and give the minimum amount of data to the classifier (see section 4), so we can get an
identification of the hand pose correspondent in the sign language vocabulary.

In literature, many different methods have been used to characterize the main key elements of an image, in the hand pose
recognition context. Among the various methods, SIFT [9], Hu Moments [10], dimensional Gabor Wavelets [11] and Fourier
descriptors [12] have been used with more or less success to extract the features to use, efficiently, to recognize the sign.

3.2 Our Approach
For the purpose of work, we choose to use the hull convex [13] as a mean to detect the defection point that are the base on the
features extracted for the recognition part (see section 4).

Based on the results of the skin color segmentation, we apply the Hull Convex algorithm, following the extraction of the hand’s
contour to get the convexity defect points in those images as shown Fig 2.

Figure 2. Hull convex method applied to segmented images

The Hull convex step is followed by the drawing of the convexity defect points for each sign as shown Fig. 3.

Figure 3. Defect points identification

The points in yellow, blue and purple represent respectively the beginning of the defection (Bg), its end (En) and the defection
point (Df). The next step is to calculate the following distances:

• A = Distance from the defect point to the beginning of the defection;
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• B = Distance from the defect point to the end of the defection;

• C = The angle .

Figure 4. Numbers in blue are the angles, the green ones are the distances

3.3 Classification
Classification is the last, but most important step of the recognition process. In order to get the best result, we experimented
different classification methods available in the literature, most specifically Stochastic Gradient Descent [14], Random Forest [15],
Logistic Regression [16], KNN [17], Decision Tree [18], SVC and Linear SVC [19]. The vector used for classification contains the
number of defect points, the angle C, the distances A and B, and the different locations of the defects point.

We use the dataset provided by [6] [7] [8]. The learning process contains 10 images for each sign, for a total of 240 images. The
next step is to apply those methods to the rest of the dataset which consists of a total of 899 images, approximately 33 images for
each sign. The results of the recognition process are Fig. 5.

Figure 5. Classification methods comparative results
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4. Conclusion

Through our work, we were able to address the matter of translation from Arabic sign language based on static images provided
by the standard hand pose dataset on [6][7][8]. Test were realized on an intel core I7-4710MQ CPU 2.50 GHZ 2.50 GHZ computer
and using Scikit image and OpenCV frameworks on python.

5. Future work

We are currently working on the establishment of a translation process based on dynamic hand poses (videos), then, later, hand
gestures in real time. Such objectives are realizable based on the work presented in this paper and are our main focus.
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