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a b s t r a c t

We propose in this paper a framework for recognizing the sign language alphabet. To separate hand
images from complex backgrounds, we use skin colour and texture attributes with neural networks.
The recognition process is based on the combination of three shape descriptors: Discrete orthogonal
Tchebichef moments applied on both internal and external outlines hand, Hu moments and a set of geo-
metric features derived from the convex hull that encloses the hand shape taking into account the hand
orientation.

The recognition is carried out using KNN and SVM classifiers. The proposed descriptors are combined in
several sequential and parallel manners and applied on different datasets. The obtained results are com-
pared to existing works.

� 2014 Elsevier Inc. All rights reserved.

1. Introduction

Sign consists of three main parts: Manual features involving
gestures made with hands (employing hand shape and motion to
convey meaning), Non-manual features such as facial expressions
or body posture, which can both form part of a sign or modify
the meaning of a manual sign, and finger spelling, where words
are spelt out gesturally in the local verbal language [10].

To represent a hand gesture, four components are considered:
The shape orientation, position and movement. Generally, hand
gestures can be classified into two types: hand postures, which re-
fer to the hand shape and orientation, and dynamic hand gestures,
which are described in terms of the hand movements and position.
Therefore, hand postures recognition is among the most important
aspects of gesture recognition.

In this paper we propose a new hand-posture recognition sys-
tem for sign language devoted to Arabic sign language alphabet.
This system is user independent which does not use gloves or
any other instruments or devices and operates in complex back-
grounds. Hand segmentation is performed using skin color-texture
attributes and neural networks. The system combines efficiently
three appearance-based features selected to provide information
regarding the hand shape and orientation. Discrete orthogonal
Tchebichef moments applied on both internal and external out-
lines hand, Hu moments and a set of geometric features derived
from the convex hull that encloses the hand shape.

The proposed geometric features take into account the hand
orientation. The recognition is carried out using the KNN and
SVM classifiers. The KNN classifier in spite of its simplicity, is
shown to be successful when each class has many prototypes, even
with a small number of training samples and then can deal with
the user-independent recognition task. The SVM classifier outper-
forms the KNN classifier when the number of training samples
increases.

Conducted experiments are based on two separate datasets. The
first dataset consists of 30 hand signs from the Arabic sign lan-
guage alphabet performed by 24 different subjects against simple
background and 8 other subjects against complex backgrounds.
The second is Jochen-Triesch static hand posture database. The
system obtains good recognition rates for both datasets.

Section 2 is devoted to related works. Section 3 addresses the
first task which consists to locate the hand in an image. In Section 4,
we present some details concerning the extracted features from
hand. The recognition process is presented in Section 5. The final
sections are devoted to the experimental results and to a conclu-
sion and future works.z

2. Related works

Research on automatic sign language recognition (SLR) began
approximately twenty years ago, particularly with American [37],
Australian [25], and Korean sign languages [28]. Since then, many
systems have been developed for Arabic [1,3], British [8], Chinese
[16], French [4] and German [7,12].

Several user-independent hand posture recognition systems
have been developed using many features:
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– Elastic graph matching, a recognition rate of 92:9% is obtained
when classifying 10 hand postures [39],

– Modified census transform, a recognition rate of 89:9% was
achieved using the Treisch database [24],

– Weighted eigenspace size functions, achieved a recognition rate
of 85:1% for the Treisch data-set using the Triesch protocol [27],

– Hidden Markov models for signer-independent system of ArSL,
recognizes a set of 30 isolated words with 90:6% accuracy [3].

– Weighted combination of geometric features and appearance-
based features such as the area, gravity center [6], outline hand
length and downscaled intensity directly extracted from images
in the video frames [42].

The Arabic sign language (ArSL) alphabet has not received suf-
ficient attention and only few research studies have been con-
ducted [1,2,5,13,38]. All of them were user dependent. Al-Jarrah
and Halawani used contour-based features to recognize 30 signs
from Arabic sign language with a reported accuracy of 93:55%.
Al-Roussan and Hussain, developed a system to recognise isolated
signs for 28 letters from ArSL using coloured gloves for data collec-
tion and adaptive neuro-fuzzy inference systems (ANTFS) to
achieve a recognition rate of 88%. In a similar work the recognition
rate was increased to 93:41% using polynomial networks [5]. Tolba
et al. [38] proposed a recognition system based on PCNN image sig-
natures. This system achieved a recognition rate of 90:4%, but no
database was specified. Later, Elons et al. increased the recognition
rate to 92% by adding a weighting factor [13].

Moments are useful tools allowing the description of shape
characteristics. They have been commonly used for pattern
recognition.

For static gesture signs recognition, Gu and Su [18] used the
Zernike and pseudo-Zernike moment features introduced by Chang
et al. [9] which are invariant to rotation. More recently, for view-
independent gesture classification, geometric and orthogonal mo-
ments were evaluated and the results indicated that Krawtchouk
and Tchebichef moments are more robust in achieving view-point
and user-independent gesture recognition [34].

Although the Tchebichef moments have been successfully used
in pattern recognition and image reconstruction, they have not
been used in sign language recognition. In addition Tchebichef mo-
ments have been computed using the binary or grey-scale images.

We investigated in this paper what can be inferred from mo-
ments and some geometric features applied on the outline and
internal contours of the hand for the recognition of hand posture.

The main contributions of our method are:

– The first one, we propose a new approach for hand segmenta-
tion based on the skin colour-texture characteristics and
Multi-Layered Perceptron (MLP) NN. This method is able to
accurately characterize skin region and segment hand images
under different lighting conditions from complex backgrounds.

– The second one, unlike to state of the art methods we use the
external and internal edges of the hand shape. The Tchebichef
moments are computed in our system from the internal and
external hand edges. We show that hand shape representation
using internal and external edges leads to better hand posture
recognition.

– The third one concerns the proposition of geometric features
that give information about finger tips and take into account
the hand orientation. A large variation in orientation may give
a posture a different meaning in sign language. In our case,
we use the normalized farthest and closest distances from the
centre of gravity of the hand shape.

– The last one concerns the combination of the three shape
descriptors. This combination is motivated by the expectation
that classification errors can be reduced if a set of classifiers

rather a single classifier is used for a given task [29]. We will
show that the shape descriptors used in this paper give comple-
mentary informations about the hand shape.

3. Hand localisation in image

We assume that coloured images of hand are taken against
complex backgrounds. Our aim is to locate the hand region in
the image. Existing skin color segmentation techniques are not
effective when the illumination conditions vary rapidly or when
background colors are near to those of wood or red colors.

However, Ilea et al. found that a mixture of the colour and tex-
ture attributes allows describing the image content accurately [23].
We propose in this paper a new skin segmentation approach based
on the skin colour-texture attributes, and MLP neural network for
hand segmentation.

3.1. Skin color modeling

The colour space used is one of the most important component
in color segmentation techniques. The orthogonal colour spaces
ðYCbCr ;YIQ ;YUV ;YESÞ reduce the redundancy present in RGB color
channels and represent the color with statistically independent
components [26]. YCbCr which represents the colour as luminance
Y and Cb;Cr the blue and red chrominance is chosen.

3.2. Skin texture modeling

Texture is an important feature used for identifying regions of
interest in image. Grey-Level Co-occurrences Matrices (GLCM) is
one of the most widely used approaches for the texture feature
extraction and analysis [19]. Each value x at the coordinate ði; jÞ
in a Co-occurrence matrix Pd;h represents the frequency of the grey
levels i and j separated by a given distance d and in a given direc-
tion h. Formally for an N �M image f the normalized GLCM Pd;h is
given by:

Pd;hði; jÞ ¼ Cardfðn;mÞ : f ðn;mÞ ¼ i; f ðnþ dcosh;mþ dsinh

¼ jÞg=ðN �MÞ ð1Þ

where Card is the cardinality of the set. The taken values of GLCM
directions of analysis are: horizontal h ¼ 0� , vertical (h ¼ 90�), right
diagonal (h ¼ 45�) and left diagonal (h ¼ 135�).

Fourteen features were extracted by Haralick et al. [19] from
the GLCM to characterize texture. In this paper we select four
discriminate features to skin-texture detection:

Energy ¼
X

i

X
j

P2
d;hði; jÞ ð2Þ

Contrast ¼
X

i

X
j

ði� jÞ2P2
d;hði; jÞ ð3Þ

Correlation ¼
X

i

X
j

ði� liÞðj� ljÞP
2
d;hði; jÞ=ðrirjÞ ð4Þ

where li;lj are the means and ri;rj are the standard deviations of
the partial probability density functions, obtained by summing up
the rows or the columns of the matrix Pd;h respectively.

LocalHomogeneity ¼
X

i

X
j

Pd;h=ð1þ ði� jÞ2Þ ð5Þ

The skin-color features Y;Cb;Cr and skin-texture features: En-
ergy, Contrast, Correlation and Local Homogeneity are then used
to train a Multi-Layered Perceptron (MLP) for skin pixel
classification.
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3.3. Skin-pixel classification

MLPs have been successfully applied in many pattern recogni-
tion areas due to their ability to learn input–output relationships.
In this work, the proposed MLP is trained with 515520 pixels.
The performance was tested using the Mean-Squared Error (MSE)
which is defined as the average squared error between the network
outputs and target outputs. After exploring the algorithm for dif-
ferent pairs ðd; hÞ for calculating the GLCM, we found that the val-
ues d ¼ 1 and h ¼ 0 are the most suitable for our hand
segmentation task. After running many simulations we have cho-
sen the MLP NN with 7 input nodes, one hidden layer with 6 neu-
rons and one output neuron which contain the value 1 if the pixel
is skin-pixel and 0 otherwise.

There are some images where non-skin pixels are falsely de-
tected due to the effect of lighting conditions. We assume that
the hand is the largest skin-object in the image, and we find the
connected components to identify the region of the hand. Fig. 1
shows some segmentation results where the hand region is sepa-
rated from complex backgrounds under different light conditions
including a wood background.

4. Features extraction from hand

The proposed method for hand posture recognition is based on
features extracted from hand in image and their use for sign recog-
nition using the KNN and SVM classifiers. Three shape descriptors
are extracted and combined: Tchebichef moments, Hu moments
and geometric features.

4.1. The Tchebichef orthogonal moments

4.1.1. A summary
Moments are scalar quantities used to characterize a function

and to describe its significant features. Mathematically, moments
are ‘‘projections’’ of function onto polynomial basis [15] and are
able to represent global features of image and widely used in im-
age processing and pattern recognition.

The orthogonal moments are moments to an orthogonal poly-
nomial basis. There is a group of orthogonal polynomials defined
directly on series of points and therefore are especially suitable
for digital images [15]. Among those moments, the discrete Tchebi-
chef orthogonal moments introduced by Mukundan et al. [32] are
good signal descriptors and sufficient to provide discriminate
power for pattern recognition [41].

The discrete Tchebichef moments Tpq of the order ðpþ qÞ in an
N � N discrete-space image are defined as follows:

Tpq ¼
XN�1

x¼0

XN�1

y¼0

t0pðxÞt0qðyÞf ðx; yÞ ð6Þ

where t0pðxÞ; t0qðyÞ are the normalised Tchebichef polynomials
defined as:

t0pðxÞ ¼ tpðxÞ=
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
qðp;NÞ

p
ð7Þ

t0qðxÞ ¼ tqðxÞ=
ffiffi
ð

p
qðq;NÞÞ ð8Þ

in which:

qðp;NÞ ¼ Nð1� 1=N2Þ . . . ð1� p2=N2Þ=ð2pþ 1Þ ð9Þ

The discrete Tchebichef polynomials are defined as follows [8]:

tpðxÞ ¼ ð1� NÞp3F2ð�p;�x;1þ p;1� N;1Þ ð10Þ

in which 3F2 is the hyper geometric function defined as:

3F2ða1; a2; a3; b1; b2; zÞ ¼
Xn

v¼0

ðða1Þvða2Þvða3ÞvzvÞ=ðb1Þvðb2Þvv !Þ ð11Þ

and av is the Pochhammer symbol given by the following
relationship:

av ¼ aðaþ 1Þðaþ 2Þ . . . ðaþ v � 1Þ ð12Þ

4.1.2. Usefulness for hand sign recognition
Many algorithms have been proposed for the computation of

moments in images using either binary images, boundary of binary
object or grey-level images [9,18,22,27,34]. However, in the all pro-
posed works, the internal edges have not been considered yet in
spite of its usefulness to avoid ambiguity of sign recognition due
to the added information provided. Indeed, some letter signs have
similar external contours but their internal contours are different
(see Fig. 2).

Furthermore, it was shown that Tchebichef moments are quite
stable compared to the other discrete orthogonal moments and
perform the best for the rougher images [36]. This motivated the
computation of Tchebichef moments of the internal and external
edges of the hand shape. To compute the moments using both con-
tours, the function f ðx; yÞ in the formula (6) takes values 1 for each
pixel of the internal or external contours and the value 0 otherwise.

4.2. The Hu moments

4.2.1. A summary
The Hu moments are a reformulation of the non-orthogonal

centralised moments and are invariant to translation, scale change

Fig. 1. Some hand segmentation results using ArSL postures.

1242 D. Dahmani, S. Larabi / J. Vis. Commun. Image R. 25 (2014) 1240–1250



Author's personal copy

and rotation [21]. They are derived from the 2D moments and cen-
tral geometric moments, using the algebraic invariants and defined
as follows:

/1 ¼ l2;0 þ l0;2

/2 ¼ l2;0 � l0;2 þ 4l2
1;1

/3 ¼ ðl3;0 � 3l1;2Þ
2 þ ð3l2;1 � l3;0Þ

2

/4 ¼ ðl3;0 þmu1;2Þ2 þ ðl2;1 þ l0;3Þ
2

/5 ¼ ðl3;0 � 3l1;2Þðl3;0 þ l1;2Þ½ðl1;2 þ l3;0Þ
2 � 3ðl2;1 þ l0;3Þ

2�

þð3l2;1 � l0;3Þðl2;1 þ l0;3Þ 3ðl3;0 þ l1;2Þ
2 � ðl0;3 þ l2

2;1

h i

/6 ¼ ðl2;0 � l0;2Þ ðl3;0 þ l1;2Þ
2 � l2;1 þ l2

0;3

� �h i

þ 4l1;1ðl3;0 þ l1;2Þðl0;3 þ l2;1Þ

/7 ¼ ð3l2;1 � l0;3Þðl3;0 þ l1;2Þ l1;2 þ l2
3;0

� �
� 3ðl2;1 þ l0;3Þ

h i

�ðl3;0 � 3l1;2Þðl2;1 þ l0;3Þ 3 l3;0 þ l2
1;2

� �
� ðl2;1 þ l0;3Þ

2
h i

8>>>>>>>>>>>>>>>>>>>>>>>>><
>>>>>>>>>>>>>>>>>>>>>>>>>:

ð13Þ

where lp;q is the normalized central moment.
The distance between Hu moment features is calculated as the

sum of absolute differences between augmented moments ^Hx ðiÞ
(see Eqs. (14) and (15)).

^Hx ðiÞ ¼ 1=ðsignðHxðiÞ � logðHxðiÞÞÞ ð14Þ

DHuðHk;HlÞ ¼
Xi¼7

i¼1

j^Hk
ðiÞ � ^Hl

ðiÞj ð15Þ

4.2.2. Usefulness for hand sign recognition
Hu moments have been largely used for object recognition and

have a greater discrimination when classifying shapes with small
contour variation [27]. We use these moments in order to distin-
guish between the signs meaning different letters and which have
similar hand shapes such as the letters Jiem and Ha from the ArSL
alphabet (see Fig. 3).

4.3. The geometric features

Hand configuration and orientation are computed using three
geometric features extracted based on the convex hull enclosing

the hand’s shape: the relative area and the minimum and maxi-
mum relative distances.

4.3.1. The relative area
The area of the hand has been already used as a geometric fea-

ture for sign language recognition (SLR) [6,42]. The greatest dis-
tances from the gravity center has been used to determine the hand
configuration [31]. The relative area which is computed as the ratio
between the area of the hand’s shape and the area of the convex
hull enclosing it [17] is invariant feature to scale-change.

4.3.2. The minimum and maximum relative distances
The minimum and maximum relative distances are related to

the farthest and closest vertex of the convex hull encompassing
hand shape to the gravity center of the convex hull.

To distinguish similar hand configurations with different orien-
tations, these distances are normalised using the height of the
bounding box that encloses the hand shape. This height takes a va-
lue between the width and the length of the hand shape according
to the hand orientation (see the example presented in Fig. 4).

For similar finger configurations (the Arabic sign language let-
ters Ayn and Ta in the example), we obtain similar values for the
geometric features. The height of the bounding box is not the same
for the two letters which allows their distinction.

5. The recognition process

Assuming that:

– Hand’s region in image is located using the proposed skin seg-
mentation approach based on the skin color-texture attributes
and MLP neural network,

Fig. 2. (a,d) Images of gestures (He and Sad, Dal and Dhal) in Arabic sign language; (b,e) Outline contour; (c, f) Internal contours.

Fig. 3. Contour variation between the sign letters Jiem and Ha from ArSL alphabet.

D. Dahmani, S. Larabi / J. Vis. Commun. Image R. 25 (2014) 1240–1250 1243
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– Outline and internal edges of hand’s shape in image are located
and the three features are determined.

Hand postures classification of each feature is performed using
the KNN algorithm for K ¼ 3. The Euclidian distance is used to
measure the similarity of the Tchebichef moments and geometric
features, and the distance DHU previously defined is used for the
Hu moments feature.

The choice of KNN classifier is motivated by the fact that each
hand posture used in sign language as handwritten letter is per-
formed naturally by different persons with different anatomies
and thus must have different prototypes. Hastie et al. [20] demon-
strated that, despite its simplicity, the KNN classifier is often suc-
cessful when each class has possible prototypes and the decision
boundary is very irregular.

To evaluate the best possible combination of the three previ-
ously defined features, several combinations are tested. We used
both sequential and parallel approaches. Each pair of descriptors
are combined in a sequential way using the two possible orders.
The three descriptors are combined in sequential and parallel man-
ners. Finally, SVM classifier which is successfully used for pattern
and hand gesture recognition tasks [27,11,35] is also tested with
the best combination scheme obtained in previous step. The com-
parison between the performance of both KNN and SVM classifiers
is carried out.

6. Experiments

6.1. Data collection

To assess the efficiency and capabilities of the proposed fea-
tures, we conducted experiments on two different databases: Ara-
bic sign language database and Jochen-Triesch Static hand postures
Database.

6.1.1. Arabic sign language database
Two datasets based on the Arabic sign language alphabet exist

as benchmarks:

– The dataset of Al-Jarrah and Halawani [1] does not take into
account the independence of the signers.

– The second dataset was collected from signers with colored
gloves (see Fig. 5) [2,5].

Due to these restrictions, we build our database of the Arabic
sign language alphabet consisting of 30 hand signs from the unified
version of the Arabic sign language alphabet as illustrated by
Fig. 6(a). The hand postures were performed by 24 different sub-
jects against a uniform background and 8 other different subjects
on different complex backgrounds (see Fig. 6(b)). The hand pos-
tures were taken on different scales.

The subjects did not wear gloves. Each subject performed the 30
letters an average of 4 time.

Due to the natural performance of the hand postures, a large
variance was noted in the type of hand postures performed for
each sign. Variations in the performance were only limited by
the sign language limitations. Fig. 7 illustrates examples of the var-
ious ways that the Sad sign was performed by different subjects
and with different scaling.

6.1.2. Jochen-Triesch Static hand postures Database
The second dataset is Jochen-Triesch static hand postures data-

base [39] which consists of 10 hand posture signs (see Fig. 8) per-
formed by 24 subjects against a uniform light, a uniform dark and
complex backgrounds. Because its simplicity (no motion or colour
values of pixels), posture recognition in our system was carried out
independently of complex backgrounds.

6.2. Extraction of outline hand shape and detection of internal edges

6.2.1. ArSL database
Using the proposed method, the hand region is extracted from

the colour images of ArSL postures performed against complex
backgrounds. Then, the silhouette and outline of the hand shape
are extracted by the Canny–Derriche algorithm (see Fig. 9(a)). To
detect the internal hand edges, the segmented hand images of ArSL
are converted to grey scale images and their grey-level histograms
are equalized. Then, a 5� 5 Gaussian filter with r ¼ 0:625 is ap-
plied and the internal edges of the hand shape are detected using
an adaptive threshold filter. Finally, to reduce singular pixels, a
5� 5 median filter is applied twice.

6.2.2. Triesch database
The images of Jochen-Triesch database are in grey scale and

sized to 128 � 128 pixels. At beginning, the histogram grey levels
of the image is equalized and a 5� 5 Gaussian filter with r ¼ 0:5
is applied. To extract the external contour, image segmentation is
carried out using the global threshold filter. After, morphological
operations (erosion and dilation with 3 � 3 structuring element)
are applied, and using the hand region, the contour is extracted
(see Fig. 9(b)). In the same way as for the ArSL database, the inter-
nal hand edges are extracted using an adaptive threshold filter and

Fig. 4. Example of the Ayn and Ta hand postures from the ArSL with their convex
hull in blue, their bounding box in green and the corresponding geometric features.

Fig. 5. Example of a signer with colored gloves.
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singular pixels are reduced by means of 5� 5 median filter (see
Fig. 10).

6.3. Wrist cropping

Images of ArSL database require that the hand must be sepa-
rated from the forearm. The wrist-cropping procedure used for
the binary images of the ArSL database, is based on the width of
the arm as proposed in [40,30] (see Fig. 11).

This width-based cropping algorithm is based on observation
that there is sudden increase in hand width as one moves from
the lower arm to the hand. Before the wrist, the width of the lower
arm is approximately constant. At the wrist, the width increases
suddenly. In our work, at first the hand orientation is determined
using the algorithm of Fitzgibbon et al. [14]. It is an efficient meth-
od for fitting ellipses using least-square approximation to scattered
data. The orientation of the hand is then determined using the el-
lipse orientation given by an angle taking a value between 0 and
2P. After, the width values of the arm are measured along the
main axis of the ellipse as shown in Fig. 11.

Fig. 6. (a) The Arabic sign language alphabet. (b) The different complex backgrounds used.

Fig. 7. Examples of the variation in the performance of the letter Sad from the ArSL.

Fig. 8. The 10 hand posture signs from the Triesch database performed against light and dark backgrounds.
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6.4. Conducted tests

We evaluated the proposed recognition system using datasets
described in the previous subsection. The hand postures of ArSL
dataset were classified using the hand postures of 4 from the 24
subjects, for the training; the hand postures of the remaining 20
subjects were used for the test.

Hand postures of Triesch database were classified using two
evaluation protocols P1 and P2. P1 is the same protocol used by
[39]: 3 subjects for the training and 21 subjects for the test dataset.

The protocol P2, 8 subjects were used for the training and the
remaining 16 subjects were used for the test [24].

To evaluate the discriminatory properties of the proposed fea-
tures, experiments are conducted in order to:

� Obtain the optimal order of Tchebichef moments for discrimi-
nating hand postures.
� Evaluate the performance of the Tchebichef moments using

both the internal and external edges of hand shape compared
to those using only external contour.
� Determine whether or not combining Tchebichef moments, Hu

moments and geometric features offer complementary infor-
mation regarding the hand posture patterns.
� Show if the results can be improved using SVM classifier.
� Test the robustness of the method in more realistic conditions.

6.4.1. The optimal order of the Tchebichef moments
We first conducted experiments to find the optimal order of the

Tchebichef moments. The order g of the calculated moments
potentially affects the quality of the representation. However, the
number of the calculated moments increases quadratically with
the order as shown by Eq. (16) [9]. Consequently, we must choose
the lowest order for reducing computation time, while having a
correct and sufficient description, for the recognition of the object

q ¼ ðgþ 1Þðgþ 2Þ=2 ð16Þ

We tested the effect of changing q on the recognition rate using
only the Tchebichef moments. We took 60 hand postures from the
Triesch dataset performed by 6 subjects against a uniform light
background. 10 hand postures were chosen for the training set
and the remaining 50 for the test. The distance between the
Tchebichef moments was computed using the Euclidian distance.

Theoretically, the image function f ðx; yÞ can be expressed com-
pletely as linear combinations of Tchebichef polynomials and so
reconstructed for g sufficiently large. But in the recognition task
the computation of the Tchebichef moments up to any order
means the projection of the image function f ðx; yÞ in any subspace.
Each subspace represents a set of features used to describe the im-
age function f ðx; yÞ. Without experiments we cannot predict what
are the relevant features i.e. the best projection of our image func-
tion f ðx; yÞ in the different subspaces. We calculated the Tchebichef
moments up to 13th order and found that the best recognition rate
was obtained for g ¼ 9 and the worst one for g ¼ 6. We can deduce
that for g ¼ 6 the projection of the hand image function is not rel-
evant to distinguish the different hand shapes. Thus, we used these

Fig. 9. (a) Steps of contour extraction: (a) Waw hand posture of ArSL database, (b) h hand posture from Treish database.

Fig. 10. Example of the internal and external edges extracted for the V hand posture
from the Triesch dataset.

Fig. 11. The wrist-cropping process: (a) initial segmented hand, (b) located wrist
points and the ellipse’s main axis, (c) cropped hand.
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moments up to the 9th order (55 moments) in our recognition pro-
cess (see Fig. 12).

6.4.2. Performance of internal and external hand edges
The second experiments were conducted to examine how the

use of the internal and external hand edges for computing the
Tchebichef moments led to better recognition than the use of the
outline of the hand shape. Firstly, Tchebichef moments descriptor
was tested on five signs ðA;B;C;D and GÞ from the Triesch database
performed against uniform light background using the P1 protocol.

Tchebichef moments up to the 9th order were used as previ-
ously shown. Fig. 13(a) indicates that better recognition rates are
obtained with the Tchebichef moments descriptor computed from
the internal and external edges of the hand shape for the letters
B;C and D and there is no difference in the recognition rates for
the letters A and G. For the letters signs B;C and D, the use of inter-
nal edges additionally to the external one allowed to distinguish
them from the other letters in the reference base. For example
we can see that the letters D and I have very similar outline shapes
but very different internal edges.

We compared the letters of the Arabic sign language that have
similar outlines (He and Sad) and (Dal and Dhal) (see Fig. 2). The
Tchebichef moment descriptor was tested on the ArSL database de-
scribed earlier using 4 subjects for the training dataset and the
remaining 20 subjects for the test dataset (see Fig. 13(b)). The ob-
tained results indicate that the use of internal and external edges
of the hand’s shape enhanced the recognition rates of these letters
and reduced the confusion between them. However with both rep-
resentations of the hand’s shape in the Tchebichef moments
descriptor classification, the letter Dhal can be misclassified as
Dal and the letter sign Sad can be misclassified as He.

6.4.3. Combining the sets of features
To show that no redundancy exists between the three feature

sets used, several combinations were examined. Firstly, each pair

of features were combined sequentially, and in different orders.
Then, for the best pair obtained from the three features, we added
the third feature and the sequential combination of the three fea-
tures in this order was tested. Finally, the three feature sets were
combined in a parallel manner.

We present the recognition rates for the different combinations
tested using the ArSL database and the Triesch dataset with the P2

protocol against light and dark backgrounds (see Fig. 14).
We use the following abbreviations:

– T, H, and D represent the Tchebichef moments, the Hu moments
and the geometric features, respectively.

– The sequential combination of the features is noted using the
hyphen; for example, T–H represents the sequential combina-
tion of the Tchebichef and the Hu moments.

– The parallel combination of the three features is noted using
commas T, H, D.

The sequential combination of two feature sets was performed
as follows: First, we obtained the three nearest neighbours of the
query image according to the first feature using the KNN classifier,
K ¼ 3. Then, from the obtained classes, the class with the mini-
mum distance computed from the second feature was recognized
as the query image. The sequential combination of the three fea-
tures was performed as follows: First we obtained the three near-
est neighbours of the query image according to the first feature,
then from the obtained classes two classes with the minimum dis-
tances computed from the second feature were retained and finally
from the obtained two classes, the class with the minimum dis-
tance computed from the third feature was recognized as the query
image.

The parallel combination of the three classifiers is performed as
follows: the KNN classifier is used for each descriptor with K = 3.
So, for each descriptor we obtain the three nearest classes of the
query image. The class with the largest number of occurrences
where the three descriptors are taken at once is recognised as
the selected image.

Fig. 14 indicates that the best recognition rates were obtained
from the parallel combination scheme of the three feature sets
tested on the ArSL database, and the Treisch database against light
and dark backgrounds. The recognition rates of the parallel combi-
nation were 94:67% for the ArSL database, 97:5% for the Triesch
database against a light background, and 88:70% for the Triesch
database against a dark background.

In addition, when only one feature was used, the Tchebichef
moments was found to be the best feature with recognition rates
of 82:33% for the ArSL database, 90:62% for the Treisch database
against a light background and 78:27% against a dark background.
In each case, if two features were used, the sequential combination
of the two features improved the recognition rate over that of the
first one, which indicates that the feature sets complemented one
another.

Fig. 12. The effect of changing g on the recognition rate.

Fig. 13. (a) Comparison between the recognition rate performance on the letters A;B;C;D and G from the Triesch database. (b) Comparison between the recognition rate
performance on letters Sad;He;Dal and Dhal from the ArSL database.
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In the ArSL database, the best results of the sequential combina-
tions were obtained from the combination of the Tchebichef mo-
ments and Hu moments features (T–H) with an 82:67%

recognition rate. For Triesch database, the best results of the
sequential combinations were obtained:

– against a light background, from the combination of the Tchebi-
chef moments and geometric features (T–D) with a recognition
rate of 93:75%,

– against a dark background, from the combination of the Tchebi-
chef moments and Hu moments features, with a recognition
rate of 82:37%.

The recognition rates of the sequential combination of the three
features were 90:33% for the ArSL database, and 84:63% for the
Treisch database against dark background with the scheme T–H–
D, and 95:55% for the Treisch database against light background
with the scheme T–D–H.

6.4.4. The use of the SVM classifier
SVM is a set of supervised learning methods used in classifica-

tion and regression. We used SVM classifier with the Radial Basis
function (RBF) Gaussian kernel. The hand posture is represented
by the concatenate vector of the three descriptors which has been
found as the best combination scheme.

To classify an image x containing an unknown hand posture, it
must be assigned to one of the n possible hand posture classes
a1;a2; . . . ;an. The SVM type used in this work is based on one-ver-
sus-rest classes decision. For each hand posture ai , a support vec-
tor machine SVMi is trained and used to calculate the probability
that image hand posture x belong to the class i.

The classifier SVMi is trained as follows: For each hand posture
class i we note ai the matrix computed from the concatenate vector
of the three descriptors (Discrete orthogonal Tchebichef moments,
Hu moments and geometric features) on the training images corre-
sponding to the hand posture class i. To train SVMi the matrix /i is
used as labelled training data by y ¼ 1 and the matrix /0i computed
from the three descriptors on the training images not correspond-
ing to the hand posture class i is used as labelled training data by
y ¼ �1 . SVMi is then trained to maximize the hyper plane margin

between /i and /0i. For ArSL database 30 SVM were trained and 10
SVM were trained for the Treisch database.

Then each SVMi is extended to calculate the probability that x
belong to the class c using Platts method [33]. Platts proposed
approximating the posterior class probability prðy ¼ 1=xÞ by a sig-
moid function:

prðy ¼ 1=xÞ ¼ 1=ð1þ expðAf þ BÞÞ, where A and B are estimated
by minimizing the negative Log likelihood function using known
training data and their decision value f.

Finally the class c with the strongest probability among all pos-
sible hand postures classes is recognized as the unknown image
x.The obtained results are presented in Table 1. The protocol repre-
sents the number of persons used in the training dataset and in test
dataset.

We can see that KNN classifier outperforms the SVM when the
number of training samples is very small and in the user-indepen-
dent mode. However the SVM classifier obtains best results com-
pared to the KNN classifier tested on the Treisch database with
the protocol P2 when the number of training samples increases.

6.4.5. The robustness of the method
To illustrate the robustness of the proposed method in more

realistic and harsh conditions, the system was tested with the best
combination scheme obtained on images of ArSL alphabet per-
formed on complex backgrounds and under different lighting con-
ditions. Moreover we maintain the same reference consisted on
hand postures performed against a simple background from only
4 subjects. The hand postures performed on complex backgrounds
were used only for the test. Both the classification techniques KNN
and SVM were explored. The obtained results are summarized in
the Table 2. The proposed system can obtain good results in realis-
tic conditions, with small number of training samples and in the
user-independent mode. We can show also that the KNN classifier
outperforms the SVM classifier when the number of samples used
in the reference database is limited.

6.4.6. Recognition performance
Table 3 gives a comparison of the results of our system with

those obtained in [39,24,27]. The results obtained by our system

Fig. 14. (a) Global recognition rates obtained for the ArSL sign language Database. (b) Global recognition rates obtained for the Triesch database using the P2 protocol against
a light background. (c) Results for the Triesch database using the P2 protocol on a dark background.
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for the ArSL alphabet are compared with those obtained by other
state of the art ArSL systems.

All these systems were working in simple backgrounds. A direct
comparison with the ArSL alphabet systems cannot be performed
because different methods, and databases were used, and all of
which were in a signer-dependent mode.

Table 3 indicates that, for the Triesch database, our system per-
formed well with the protocol used in [24]. The results also indi-
cate that the elastic graph matching algorithm [39] achieved a
higher recognition rate than our method.

The main reason of the superiority of the method from [39]
compared to our method is that the elastic graph matching algo-
rithm is designed to be very efficient when the number of hand
postures classes is limited (10 hand postures classes in this special
case). The method is sensitive to hand shape distortions when the
number of hand postures classes is more large. Although this
method requires several seconds to analyse a single image unless
special hardware is utilized.

The computation time for our algorithm was obtained as the
average of the computation times for the different images of the
hand postures with different scaling and included time required
for the image processing, feature extraction, and classification.
The system implemented using C++ with a 2.10 GHz Intel core2
CPU and the computation time is 1.36 s.

Although our method had a better computation time than the
elastic graph matching algorithm, it still requires improvement
for its use in real time applications. The second section of the Ta-
ble 3 indicates that with the user-independent mode and free
hands, our system outperforms the other recognition systems of
Arabic sign language alphabet.

7. Conclusion

We presented a new signer-independent system for hand pos-
ture recognition of Arabic sign language alphabets without using

gloves or any other devices. The system is working in different
backgrounds and under various lighting conditions.

Our system efficiently combines three hand shape descriptors
which allow representing finger configuration and hand orienta-
tion. In addition, internal edges of the hand shape are used for
describing and discriminating hand postures. Moreover, a set of
geometric features was efficiently adapted to the sign language
recognition specificities. The proposed system performed well
the classification of the hand postures from the ArSL alphabet.

Recognition rates of 94:67% in simple background and 89:35%

in complex backgrounds were achieved in a signer-independent
mode. We also obtained a good performance of 96:88% with the
SVM classifier using the P2 protocol on the benchmark Treisch
hand postures database.

The computation time of the proposed system could be im-
proved by integrating the computation of the Tchebichef moments
in a parallel processes in order to integrate the proposed approach
in a real-time video application.
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