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ABSTRACT 
        Hand gesture recognition is a rich area 
of research and covers a wide scope of 
applications from human machine 
interaction (e.g in games) to Deaf people 
computer interface and from 3D animation 
to control of mechanical systems. In this 
work a new algorithm for hand gesture 
recognition is proposed and evaluated. This 
algorithm uses moment invariants for 
feature extraction and neural networks for 
classification. To evaluate the algorithm a 
subset from the ASL (American Sign 
Language) is used, this subset consists of 
the 26 American one-handed sign language 
alphabet as a training set for the system. 
The system then tested using images that 
are different from the training set in size, 
orientation and position and the results for 
these tests are presented and discussed.  

1. Introduction 
Several studies on gesture and sign language 

recognition have been published. These 

publications can be separated into three 

categories according to the signs they try to 

recognize.  

1. In the first category, researchers propose 

methods to recognize static hand postures or 

the sign language alphabet [1-4].

 

They use 

images of the hands and extract feature 

vectors according to the static information 

of the hand shape.    

2. The researchers in the second category 
[5, 6] collect sequential feature vectors of 

the gestures and, using the dynamic 

information, recognize letters with local 

movement, too. In these approaches, only 

movement due to changing hand postures 

is regarded, while path movement is 

ignored (movement made primarily with 

the shoulder or elbow). 

3. The third category of researchers try to 

recognize sign language words and 

sentences [7-10]. In addition to local 

movement of the hands, signing includes 

also path movement of the hands. 

Therefore, most systems employ 

segmentation and tracking of the hands. 

Also deaf people need to communicate 

with hearing people in everyday life. To 

facilitate this communication, systems 

that translate sign language into spoken 

language could be helpful. The 

recognition of the hand signs is the first 

step in these systems. 

Other category of researches focused on 
the  use of  hand gesture recognition for 
human machine interaction to replace 
computer interfacing devices like mouse 
and pad in order to adapt computers to 
our body language [11] and such systems 
are proposed for computer games 
interface and for industrial control 
applications.   
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Practical hand gesture recognition systems  

in general must perform the following 

tasks 

1. Acquisition: a frame is captured using 

digital camera. 

2. Segmentation: in this stage each frame 

is processed separately before its analysis. 

The hand must be separated form the 

background. And this is usually done 

using the techniques used for skin 

recognition and segmentation through the 

modeling  of the skin colour  through  the 

selection of an appropriate colour space 

and identifying the cluster associated with 

skin colour in this space for example using 

the YCbCr or the HSI colour spaces. 

3. Pattern Recognition: once the user s 

hand has been segmented, features must 

be extracted from the segmented hand s 

gesture and these features are classified to 

the best match in a database of previously 

stored features for the different hand 

gestures that the system is required to 

recognize. These features must be 

transformation (translation, resize and 

orientation) invariant and they can be 

computed from the silhouette or the 

boundary of the object. 

4. Executing Action: finally, the system 

carries out the corresponding action 

according to the recognized hand gesture. 

For example in sign alphabet recognition 

the system must type of speak or type the 

letter that corresponds to the detected 

gesture.  

This work focuses on the third task, the 

feature extraction and classification. An 

algorithm that uses moment invariants for 

feature extraction  and feed forward 

backpropagation neural network with 

adaptable learning rate for classification.   

        Moment invariants [12]

 

used for many 

applications [13 ,14]

 

and proven an 

acceptable invariance against translation, 

rotation and resizing. The purpose of this 

work is to evaluate their performance for 

recognizing hand gestures using Neural 

Networks as classifier.  

2. The Proposed Hand Gesture 
Recognition Algorithm  

        The proposed hand gesture 

recognition algorithm consists of four 

main tasks as shown in figure  1: 

    (1) Creation of the library for gesture 

sign alphabet, 

    (2) Skin Segmentation  

    (2) Neural Network Training, and  

    (3) Testing and Evaluation.      
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Figure 1: Hand gesture recognition algorithm block diagram. 

2.1 The ASL sign alphabet library 
         American  Sign  Language  is  the 

language  of  choice for most deaf people.

 

It is part of the deaf culture

 

and includes

 

its own system of puns, inside jokes, etc. 

ASL also has its own grammar that is

 

different from English.   

ASL consists of approximately 6000 
gestures of common words with finger 
spelling used to communicate obscure 
words or proper nouns. Finger  spelling  
uses  one  hand  and  26  gestures  to  
communicate  the  26  letters  of  the 
alphabet. Some of the signs can be seen 
in Fig(2) below. 

 

Figure 2: ASL examples 
In this work I used the 26 finger spelling gestures to evaluated the proposed algorithm this set is 

shown in figure 3  
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2.2  Moment invariants  

         Let F(x, y) denote an image in the two-dimensional spatial domain. Geometric moment 
of order p+q is denoted as . 

x y

qp
qp yxFyxm ),(,  (1)  

From eq (1) we can say that moment 

describe the shape of the object, take for 

example the first 5 moments (0 to 4) they  

can be described as follows: 

 

Moments of 00 describe summation of 

pixels in the whole shape 

 

Moments of 10, 01 describe the 

distribution of pixels along axis x, y 

 

The second moment is the variance,  

 

Skewness is the third moment that is a 

measure of the lopsidedness of the 

distribution; any symmetric distribution 

will have a third central moment, if 

defined, of zero. 

 

Kurtosis is The fourth moment which is a 

measure of whether the distribution is 

tall and skinny or short and squat, 

compared to the normal distribution of 

the same variance. Since it is the 

expectation of a fourth power, 

For p,q=0,1,2  The central moments are 

expressed as 

x y

q
c

p
cpq yxFyyxx ),()()( (2)     

Where xc = m1,0/m0,0, yc=m0,1/m0,0 and 

(xc,yc) is called the center of the region or 

object. The normalized central moments 

denoted p,q are defined as.  

0,0

,
,

qp
qp     (3) 

 Where  = (p+q+2)/2 

For p+q = 2,3,

 

A set of seven 

transformation invariant moments can be 

derived from the second and third-order 

moments as follows [12]: 

1 = 

 

2,0 + 

 

0,2 

2 = (

 

2,0 - 

 

0,2) 
2 + 4 

 

2
1,1 

3 = ( 3,0 - 3 1,2)
2 + (3 2,1 - 03)2; 

4 = ( 3,0 + 1,2)
2 + ( 2,1 + 0,3)

2; 

5 = ( 3,0 - 3 1,2) ( 3,0 + 1,2)[( 3,0 + 1,2)
2 

- 3( 2,1 + 0,3)
2] + (3 2,1 - 0,3)( 2,1 + 0,3)  

[3 ( 3,0 + 1,2)
2 - ( 2,1 + 0,3)

2]; 

6 = ( 2,0 - 0,2)[( 3,0 + 1,2)
2-( 2,1 + 0,3)

2] 

+ 4 1,1( 3,0 + 1,2)( 2,1 + 0,3); 

7 =(3 2,1 - 0,3) ( 3,0 + 1,2)[( 3,0 + 1,2)
2 - 

3 ( 2,1 + 0,3)
2] + (3 1,2 - 0,3) ( 2,1 + 0,3)  

[3( 3,0 + 1,2)
2 - ( 2,1 + 0,3)

2];  

These 7

 

feature are used to compute the 

transformation invariant feature vector.  
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2.3 Skin Segmentation Algorithm 
        The  feature vector is computed from 

a binary segmented image, to obtain this 

image we need a skin segmentation 

algorithm. Skin color pixel classification is 

used in this work. The aim of skin color 

pixel classification is to determine if a 

color pixel is a skin color or nonskin color. 

Good skin color pixel classification should 

provide coverage of all different skin types 

(blackish, yellowish, brownish, whitish, 

etc.) and cater for as many different 

lighting conditions as possible.  In some 

cases, color classification is done using 

only pixel chrominance because it is 

expected that skin segmentation may 

become more robust to lighting variations 

if pixel luminance is discarded. Three 

representative color spaces which are 

commonly used in the image processing 

field are:    

. RGB: Colors are specified in terms of 

the three primary colors: red (R), green 

(G), and blue (B). 

. HSV: Colors are specified in terms of 

hue (H), saturation (S), and intensity value 

(V) which are the three attributes that are 

perceived about color. The transformation 

between HSV and RGB is nonlinear. 

Other similar color spaces are HIS,HLS, 

and HCI. 

. YCbCr: Colors are specified in terms 
of luminance (the Y channel) and 
chrominance (Cb and Cr channels). 
The transformation between YCbCr and 
RGB is linear. Other similar color spaces 
include YIQ and YUV.         

Working with YCbCr color space in 

this work it s found that the ranges of Cb 

and Cr most representative for  the skin 

color reference map are [14]: 
77  Cb  127  and    133  Cr  173         (5)   

      The results of applying this 

techniques on some hand gestures are 

shown in Fig. 4.   

     

Fig 4  Skin segmentation results    
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2.4 Neural Network Structure  
          A feed-forward backpropagation 

neural network (NN)) with adaptable 

learning rate was used in the classification 

face. The NN have 3 layer; an input layer

 

 (7 neuron), a hidden layer (50 neuron) , and 

output layer (26 neuron).   

The activation function used is the tan 
sigmoid function, for both the hidden and 
the output layer.  The input to the neural 
network is the feature vector containing 7 
component these are the 7 moment 
invariants, the NN has 26  output (A-Z) 
as shown in figure 5.  

 

Figure 5 the Neural Network structure

3. Results and Discussion  
          To evaluate the hand gesture 

recognition algorithm

 

the neural network 

was trained using the 26

 

gesture images 

shown in Fig. 3.   

The training was done with using a SSE 
of 10e-5 as a goal the goal was reached in 
51,328 training iteration. The NN 
performance is shown in figure 6.  

 

Figure 6 The Neural Networks Performance  
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          To evaluate the system a testing set 

was generated by

 
applying a spatial 

transformation on gesture images these 

transformations are translating, scaling, 

rotating, or applying the three 

transformations as shown in figure 7 bellow. 

 
The criteria for evaluating the algorithm 
was the Classification accuracy (C.A.) 
which is given by:-  

%100
tionsclassifica

 

of

 

No.

 

Total

tionsclassificacorrect  of No. 
C.A. X

    

(5)   

 

Figure 7 Generating the testing set  a) Original 

b) Binary image c) Translated 

d) Rotated   e) Translated, rotated, and scaled  

The algorithm showed very high classification accuracy on images with translation and scaling, 

moderate with rotation and acceptable when all

 

the transformations are applied to images. The 

results are shown in Table 1   

Table 1 The system results  

Image Transformation C.A. 
Translation  96.153% 

Scaling 92.307% 

Rotation (30°) 80..770% 

Rotation, Scaling & translation

 

76.920% 
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From the results we can deduce that the use 

of moment invariants in general gave very 

encouraging results and that even applying 

all the transformations the system still giving 

acceptable results. 

In this system the moment invariants was 

used. Moments invariants depend only on the 

object silhouette, and it ignores the internal 

details (e.g. the edges of the fingers in this 

case).  

In the future work I will try to take the 

internal details into consideration by using 

the moments of the edges or by using 

different feature extraction strategy like 

fourier descriptors and a comparison with the 

current method will be made. 
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