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ABSTRACT

In this paper, we present a vision based intelligent system that provides a feasible solution to Arabic Sign Language
recognition at word level. The proposed system is based on applying image processing and intelligent techniques on
digital images of the video-captured signs. The outcome of the proposed method is the interpretation of these
sequences of images (signs) into the corresponding spoken words. The system uses neural networks as its main
classfication engine. A large data set has been collected to train and test the system. Experimental results showed
that the proposed recognition system provides high recognition accuracy for tested gestures ranging from 95% to
100%. T he system does not require the use of any special glovesfor inputting gestures.
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1. INTRODUCTION

Humans express their emotions not only verbdly but
expressng the emotions also involves non-verbal
means and physically sensble actions. We use our
faces, hands and body as an integral part of our
communication when talking to another human; faces
change expressions continuously and both deliberate
and unintentiona gestures accompany our speech [1],
we even make spontaneous gestures while speaking
on the telephone. So, the ability to interpret the
context of communication is one of the necessary
sills for the computers to undersand human
emotions and hence, to interact intelligently with their
human users. In order to attain this ability; we need to
develop technologies that can effectively track human
movements, body behavior, facial expressions and
speech, and interpret these to a computer readable
form. Recent advances in image analysis and machine
learning open up the possbility for these

developments in Human Computer Interaction (HCI)
research.

Arabic sign language (ArSL) is the first and primary
language of communication for Arabian Deaf and
speech-impaired people, and to date; a small amount
of work has been done on ArSL recognition with
respect to research in other sign languages, whilst
there is a growing need for such syslems. In this work
we am a designing and implementing an automated
robust signer system for Arabic sign language (ArSL)
recognition from videos of signs at word level that is
capable of recognizing signer manual movements.
Samples of ASL gestures are shown in Figure 1. The
sysem does not force the user to wear any
cumbersome device or any type of gloves.

B. Bauer and H. Hienz [2] in 2000 developed a GSL
(German Sign Language) recognition system that
uses colored cloth gloves in both hands. The system
is based on Hidden Markov Modds (HMM) with one
model for each sign. A lexicon of 52 signs was
collected form one signer both for training and
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classfication. A 94% recognition percentage was
achieved, and when enlarging the lexicon the
recognition rate drops. The systemisnot redl time.
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Figurel Samplesof ArSL gestures

M. Al-Rousan et d. [3] and O. Aljarrah et a. [4] in
2000 and 2001 respectively, developed two systems
for recognizing 30 static gestures of Arabic sign
language using a collection of Adaptive Neuro-Fuzzy
Inference System (ANFIS) networks for training and
classfication depending on spatial domain features,
the first system used a colored cloth glove to ad
segmentation and feature extraction, and achieved an
average of 93.5% recognition rate, but for the testing
set the rate was only 84.5%, while the second system
did not use any type of gloves or visua markings, and
it was able to recognize the 30 Arabic manual
dphabets with an accuracy of 93.55% with 87%
success rate for the testing set.

N. Tanibata et d. [5] -in 2001- proposed a method of
extraction of hand features and recognition of JSL
(Japanese Sign Language) words. For tracking the
face and hands, they initidlized the face and hand
regions by matching the initial pose template, and
decided the range of skin color a the first frame,
under the assumption that an imege for the
background is given by a fixed camera, and that each
word garts from the same initial pose. They tracked
the overlapping face and hands by matching the
texture template of the previous face and hands. 6
soatia features of the hands were extrected for
recognition using the Hidden Markov Modes
(HMM), the samples were taken in a complex
background whose color is not similar to the skin
color, and the clothes of the signer are long deeved
and not similar to the skin color. Depending only on

the probability of the HMM, they could recognize 64
out of 65 words successfully, that means a percentage
of 98.4%, but the vocabulary that they used includes
no minimal pairs nor signs that are similar to a part of
another sgn, they only word that matches the latter
condition was not recognized. The system is person
dependent, but it was trained and tested on different
persons. No details were mentioned on the speed of
recognition.

In 2003 k. Assdeh et al. [6] used colored gloved for
collecting a varying size data samples for 30 manual
alphabet of Arabic sgn language, polynomial
clessfiers were used as a new approach for
classification. Polynomia classfiers outperform the
previous approachesin [7] on the same data

Chen et a. [8] introduced in 2003 a system for
recognizing dynamic gestures (word signs) for TSL
(Taiwanese Sign Language), they used frequency
domain features (Fourier Transform) plus some
information from motion anaysis for recognizing 20
words, the data set was collected from 20 signers but
the system is person dependent, they tracked the hand
depending on that it is the only moving object in the
background then applying skin color segmentétion,
their tracking method is real time but the system is
not. HMMs were used as the classifier. An average of
92.5% recognition rate was achieved.

Zahedi et d. [9] developed in 2003 an appearance
based recognition system for ASL, they extracted
features from the image directly without applying any
segmentetion or tracking of hands, and they found
that high recognition rates still can be achieved with
the advantage of lowering the complexity of the
system, but they used a small vocabulary of 10 words
and a varying number of samples per sign, the system
is person dependent. The performance varies from
74% to 93% using HMM classifiers. No details about
the speed of the system.

In 2004 and 2005, J. Zieren et a. [10, 11] presented
two systems for isolated recognition, the first is for
recognizing GSL, on a vocabulay of 152 s€igns
achieving a rate of 97% usng HMM, but the rate
decreases for the group of signs that contain overlaps
in ether hands or face and hands, they used
sophisticated tracking and segmentation methods and
yet put restrictions on the image of the signer, the
system is person dependent. The second system they
made after, was to recognize BSL vocabulary of 232
signs, but the high recognition rates (average of 87%)
were achieved on a very smadl vocabulary of 6 to 18
signd!, this is for signer dependent, they collected
data from 6 signers and experimented person
independent recognition and achieved 44.1% réte,
this is of course not counted as signer independence.
As in the first sysem a lot of work is done on
tracking and segmenting hands, but in controlled
environments. Both systems are too slow to be resl
time.



In a recent (2005) work in Arabic Sign Language,
Mohandes et a. [12] developed a system that
recognized 50 signs of words performed by one
person having 10 samples per sign, they used a
training: testing ratio of 70:30, their system has the
limitation of using colored cloth gloves in both hands,
they detect the signer face by a hybrid technique of
Gaussian skin color model and region growing, so the
detection of the face is computationally expensive,
the hands were tracked by their color, and the system
operates under controlled environmenta conditions.
HMMs were used for classification and achieved a
recognition accuracy of 98% based on spatial domain
features. The systemisnot red time.

The paper is organized as follows, In Section 2 we
discuss the system architecture, followed by a
discusson about the feature extraction method we
used in our system. Section 4 presents the system
modeling using neural networks, then the results are
discussed in Section 5. Findly, we summarize in
Section 6.

2. System Architecture

Figure 2 illugtrates the proposed system architecture;
it manifests the system constituting components and
the way they are connected to each other. The system
is mainly composed of severd modules including the
input, preprocessing, feature extraction, and
recognition modules.

The first module (input) acquires signs performed by
a deaf person communicating with the system using
Arabic sign language; the video camera captures this.
A group of signs that represent words and phrases are
collected as the data set for this system. The collected
dataisin form of variable length video segments.

In the second module, the preprocessing phase, the
captured video segments are converted into image
frames. Now each sign is represented by a sequence
of frames. Since the camera we used is of good
quality; no filtering or any other noise reduction
operations are needed. The region of interest in the
images is the face and hands of the signer, so we first
subtract the background then we use a simple
agorithm that depends on the skin color to extract the
required parts of the signer body.

In the third module, a set of features will be extracted
from the word/ phrase sgns, and among the
characterizing features of the signs images, the best
are chosen to be extracted and put in the feature
vector.

We have two main approaches in doing this; the first
is taking the feature vector from each image in one
repetition and then conditute the fina festure vector
from putting the imeges feature vectors one after
another, and of course the sequence of the vectorsisa
feature by itself.
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Figure 2: Arabic SLR System Layout

The second gpproach is projecting al the frames of
one repetition into a single frame by image arithmetic
addition, so that each sign repetition is represented by
one image and consequently one feature vector. We
add the second frame to the first, and then the third to
the result of first addition and so on.

The Discrete Cosine Transform (DCT) is used to
obtain the feature vectors in our work. Section 3
describesthe DCT theory and fundamentals.
Recognition process in the fourth module is carried
out as follows; first the classification tool —Artificial
Neural Networks- is trained on recognizing sgns
from their representative festures, the training is
carried out on 60% of the data set which is referred to
as the training set. The training process is performed
before the system can be used (i.e. off line), after
training the classifier; it is used for recognizing sgns
form the test set. The traned classfier has the
extracted feature vector of the sign to be recognized -
which comes from the previous phase- as an input,
and outputs the recognized sign in text form for
simplicity.

3. Feature Extraction

Generdlly, feature extraction fals into two domains:
spatial and frequency domains. Spatial doman
features include area, centroid, eccentricity, and
orientation. Frequency doman feaures can be
obtained via transformations such as the fast Fourier
transform (FFT), discrete cosine transform (DCT),
and discrete waveet transform (DWT). Among
spectral transformations, DCT is known for its energy
compaction property which implies preserving the



image information via a reduced number of
coefficients.

The two dimensional DCT coefficients C(u,v) of the
image x(m,n) can be obtained from
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Figure 3: The training and testing

In Discrete Cosine Transform (DCT) amost 4l
information in the image transform is encompassed in
less than 1/4 of the coefficients (in the top left
corner). So we goply a coding theme, the zigzag
coding; to have the number of festures we want to
extract. An illustration of the DCT of an image frame
from our data is shown in Figure 4(b). The extracted
coefficients construct the feature vector used to
represent the sign.

We have experimented different numbers of features
from the DCT coefficients, for example, for the
resolution 234x192, we have tested 6, 10, 15, 21, 28,
36, 45, 55, 66, 78, 91, 105 and 120 coefficients. The
Sze of feature vector for one sign is the number of
coefficients multiplied by the number of images in
one repetition, if the first approach in festure
extraction is adopted, while if the second gpproach
(the frames projection gpproach) is used then the

feature vector size for one sign equals the number of
extracted coefficients.

(b)
Figure 4-6: (a) part of thesign "Bus" (b) DCT of (a)

Once the features are extracted, they are used for
training and testing the system (see Figure 3).

4. Neural Network Classifier

Many types of ANN have been tested; two modds
have given the best reaults; the probabilistic neural
networks and the multilayer feed forward neural
network with back propagation (see Figure5).

A two layer feed forward neural network with back
propagation is built to be used as the classifier in our
ArSL system. Many trials have been made to find the
best design for the network in order to achieve the
best performance, among these we tried to increase
the number of hidden layers, change the number of
neurons in each layer and test many different learning
algorithms. In the 2 layer FFBP network; we assign
different szes for the only hidden layer that
determines the amount of complexity embedded in
the network. The size that gives the best performance
varies according to the size of feature vector, i.e,
number of features. We have used sizes from 120 to
380 neurons. The output layer size is 40 neurons,
which is the number of the classes. The network is
illustrated in Figure 5.

We create the network by giving to it some design
parameters, like specifying the learning rate, the
performance function type and error god among
others. Then we invoke the train function with the
input matrix that has &l feature vectors of all
repetitions and al signs; and the right targets, so that
the network knows to which sign class the input



feature belongs. The training is done by updating the
weights of the neurons till reaching the error goal
defined by us, if god is not reached; the training
process stops by one of the stopping criteria, for
example reaching the maximum number of epochs
which is defined also by us.
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Figure 5: The 2-layer FFBP Neural Network used in
our system

Having the trained network; we can use it now in
recognizing signs from the testing set by invoking the
smulation function, which takes the sign's feature
vector and the trained network as inputs and
computes the outputs according to the weights of the
neurons then it finds the output of the maximum
weight and recognizes the sign to be of its class.

5. EXPERIMENTAL RESULTS

All video capturing is done in in-door environments
under normd lighting conditions; a digital video
camera of high resolution is used. The data set of the
system is collected from 14 signers; the vocabulary is
40 different sgns taken from 6 different domains.
The used vocabulary is shown in Table 1. Each signer
is to repeat each sign 5 times, this makes the data size
14* 40*5 (2800) samples.

In al tests we present here, the training set size is
60% of the data set size. That means each signer
contributes to the training set by 3 random repetitions
out of the 5 repstitions performed by him/ her.
Therefore, a tota of 1680 gestures (3 repetitions* 40
gestures* 14 signers) are used for training. The other
2 repetitions are part of the testing set, which has the

Class 1

Class 2

size of 40% of the data set, with a tota of 1120
gestures.

We start by a testing a factor that is important to
improving the system speed, this factor is the image
resolution. We would like to make each image frame
as smdl as possble so as to meke dl the
computations faster. For example, if the image is
small; the speed of the data preparation module
improves, as the subtraction and segmentation
operations operate faster. The speed of the feature
extraction module improves too, as the transforms are
computed in less time, and moreover, a smaller
number of features encompass most of image
information. The results in Table 2 show the
recognition accuracy using the DCT as the feature
extractor. 0.06% of the transform coefficients are
used to represent the feature vector for oneimage.

Table 2: Performance against image resolution

Image Resolution Recognition Rate
140x115 90%

176x144 92%

234x192 97.3%

351x288 94%

702x576 89.2%

Form these results we can see that the bigger the
resolution is, the better the results. But aso it is
noticed that after certain resolution, the difference
between the rates gets smaler. The reason behind
these results is tha when the image is of high
resolution, its details become clearer, and its
transform carry more discriminating features.

The next test in isolated recognition is related to
vocabulary size and characterigtics. The effect of
reducing vocabulary size on the recognition rate is
tested, first we test removing random signs, then
removing the error pone signs, which are the minimal
pairs. Also we test the effect of putting each group of
the minima pairs into one class. Again these tests are
carried out using the parameters that gave the best
resultsin the previous tests.

Table 3: Performance against vocabulary size with
removing random signs

Vocabulary Size Recognition Rate
10 100%

20 98.5%

30 98%

35 97.6%

It shown in Table 3 that with decreased number of
classes- the NN classifier produces better recognition
results. We have three groups of minima pairs, the
first group consists of two signs; sign 1 and sign 15,
the second consigts of four signs; sign 2, 31, 36 and



37, and the third congists of two signs; sign 17 and
34. Table 4 shows the results when the signs:
15,31,36,37 and 34 are removed. However, we want
to maximize the recognition rate for al gestures. One
way to achieve this is by grouping the signs that have
close similarity with each other. We have tested the
system after rearranging the gestures into 35 groups
(classes). Theresult isshownin Table 5.

Table4: Performance against vocabulary size with
removing minimal pairs

Xgﬁ/ﬁégnz)e Recognition Rate
39 (15) 97.3%
36(15,31,36,37) 97.6%
35(15,31,36,37,34) 98%
34(15,31,36,37,34,40) | 98.5%

Table 5: Performance against vocabulary size with
grouping minimal pairs

Vocabulary Size (40) | Recognition Rate
Classes (35) 97.6%

By comparing Tables 4 and 5, we can see a dightly
better performance when removing the minima pairs
than when grouping them. For grouping a number of
sgns, the training is done for each of the signsin the
group, so the recognition rate improves because we
count recognizing the sign as any sign in its group, a
correct recognition. But the existence of these models
will affect to some degree the recognition of other
dgns outside the group. Therefore, removing the
error-prone signs completely gives better results. This
aso is consistent with the result of decreasing the
vocabulary size.

6. CONCLUSION AND DISCUSSION

We have introduced a vison based recognition
system for Arabic Sigh Language (ArSL) based on
DCT for feature extraction and neura networks for
classfication. We have validated our system design
on a database that we collected in Jordan. The
recognition results were 100% on the training data
and exceeding 95% on the test data When the
confusable sets were grouped, the overall recognition
rate jumped to 97%. The obtained recognition rates
are viewed to be satisfactory considering that the
database collection was done in atotally unsupervised

manner without any special indructions to the
signers.

It is worth mentioning that the system we built in this
work provides high freedom to signers who have used
it; it requires no gloves of any type and no specia
lightning.

Currently, we are considering building the system
using Hidden Markov Modd for classfication, and
compare its performance with NN-based system. We
do so, because it is expected that NN would not
perform well for large number of signers. We dso are
aiming a extending our system so it can recognize
continuous sentences in ArSL. Since previous work
on other d€gn languages have not proposed
satisfactory agpproaches for such problem, we are
testing several choices to tackle this challenging
issue.



Table 1: 40-Signsvocabulary used in our system

. Arabic Sign English . Arabic Sign English
Sign No. (word/phrase) M eaning Sign No. (word/phrase) M eaning
Domain 1: Domain 4:
Adjectives and Feelings Money and Commerce
1 b sue Happy 22 28 Money
2 aen Important 23 D) Profit
3 shas Nervous 24 e Bank
4 BIEN Beautiful 25 BN 13D
5 - Love %6 Gl Free of Charge
6 S8 Worry Domain 5: Hospital
7 AEN Serious 27 PO Hospital
8 RATN New 28 b Doctor
Domain 2: Home and Visits 29 R e Patient
9 BN Neighbor 30 glhua Headache
10 Gl Friend 31 ¢l Medication
11 L Gift 32 EEEN Injection
N . Laboratory
12 Sgs 5 al Welcome 33 pad Examination
13 S Home 34 ad Blood
; " . Surgical
15 oSile 23l Hdlo Domain 6: Miscellaneous
16 JSlie Problem(s) 36 Jsb-plade Food/ eat
Domain 3: oL _
Roads and Transportation 37 Sos-e Weter/ drink
. How
FULIEN
17 Bus 8 s manv/much
18 S Taxi 39 Ol Where
19 e Station 40 13l - sl Why /because
20 BN Fare
21 gL Street
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