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Abstract 
 
This paper proposes a personal identity verification 
system based on hand gesture recognition. In the current 
implementation the system employs an algorithm to 
segment the hand video image and further extract the 
feature vector of a sequence of hand signs. The sequence 
of hand motions considered is that of rock-scissor-paper. 
The hand and hand motion sequences are then used as 
biometric features to recognize a person from his or her 
hand gestures. Different classification methods are 
explored in order to overcome the challenges of sequence 
acquisition, motion data extraction, and recognition. 
 
 

1. Introduction 
 
During recent years research on gesture recognition 
intensified quite tremendously [1, 2]. Hand gesture 
recognition applications, though, have been used mainly 
for gesture-based man-machine interfaces [3, 4, 6, and 8], 
automatic translation of gesture based natural languages, 
i.e. sign language [9], and robotics where robots learn 
how to handle objects in their own environments by 
watching human subjects manipulating them. 
As for personal identity verification using hand gestures, 
there has not been a lot of research done to investigate the 
uniqueness of hand gestures, that is, hand shape tightly 
coupled with sequential hand movements. This created an 
opportunity for research in the categories such as 
securities, password-based access control, etc.  
Many techniques for appearance-based hand gesture 
recognition exist. Freeman and Roth [3] used a histogram 
orientation based recognition system, whereby an input 
image is compared with another stored image using 
histogram matching. A problem with the method of [3] is 
that some different gestures have very similar orientation 
histograms, and it is most appropriate for close-up images 
of the hand, as was mentioned in [3]. 

Cui and Weng [7] proposed an algorithm which took into 
account hand shape and hand motion. Hand segmentation 
is done in such a way that even complex backgrounds are 
masked off and only the hand image remains. Each hand 
gesture is converted into a sequence of hand images and 
then the images are compared with other sequences of 
images in the database to establish a match. They 
achieved a recognition rate of 93.2% for most 
Discriminating features (MDFs), and 87% for most 
expressive features (MEFs).  
Yoon et al [8] proposed a system which uses combined 
location, angle and velocity features. Skin-color and 
motion are used to locate hand position. The hand 
trajectory is produced by the connection of centroids of 
the moving hand regions using a hand tracking algorithm. 
The feature recognition procedure employs a k-means 
clustering algorithm for a HMM (Hidden Markov Model) 
codebook. They achieved impressive recognition rates of 
98.96% for the training data set and 93.25% for the 
testing set. 
Most of the papers discussed above involve only gesture 
recognition and not person verification as well. A system 
that performs personal identity verification based on hand 
motion was proposed by Osada et al [10]. The system 
uses a password and biometrics. A near infrared camera 
was used to image the hand extract it in real time from the 
background. The system relies more on characteristic 
habits of people’s hands pertaining to timing as they 
perform the sequences and not only on hand shape. 
In this paper we propose a simple three stage framework 
system that verifies the identity of a person by taking into 
account the uniqueness of hand motions. The three stages 
are image sequence acquisition, segmentation 
(background and foreground separation) and sequence 
recognition (recognition of the entire hand motion).  
 
The structure of this article is as follows: in section 2 
hand motion characteristics and our approach are 
presented. Section 3 presents the feature extraction 
methods with results in section 4. The conclusion is 
presented in section 5. 
 



2. Identity Verification System 

2.1. Verification and Hand Gesture 
Characteristics 

 
Electronic verification systems can be divided into three 
categories: secret information (e.g. passwords), 
possessions (e.g. IC cards or RF tags), and biometrics 
(e.g. fingerprint). The problems experienced with these 
systems are that a person can forget his password, loose 
his card(s) or as it has become apparent fingerprints can 
be forged [16, 17].  
Figure 1 shows that for more robustness, not relying on 
carrying a tag or card, secret information and biometrics 
can be combined. 
 
 

 
Figure 1: Categories of electronic verification. 

 
Figure 2 shows typical hand motion characteristics of two 
persons.  

 
 
Figure 2: Hand motion characteristics. 
 
There are differences between the hand motions of 
persons A and B, compare for example the second and the 
fourth images in the sequences. 
 

2.2. Overview of the Proposed Approach 
 
In this section the summary of our approach is presented. 
A three stage framework is proposed. The stages are 
sequence acquisition, hand recognition and segmentation, 
and sequence recognition (see Figure 3). The framework 
is a spatiotemporal event that includes two types of 
information, which is the object of interest and the 
movement of the object, in this case, the hand and the 
hand motion.  
 

 
Figure 3: Three stage framework. 

 
The first stage, sequence acquisition, involves acquiring 
image sequences that represent a meaningful event. 
Although the images acquired are of fixed size, the object 
of interest in an image can be of varying sizes. The object 
sizes are handled in the next stage.  
The second stage, hand segmentation, is simply a 
separation of background and foreground (hand). This 
process makes it easier to locate the position of the hand. 
After the object of interest is segmented and located it is 
detached and mapped to an image of standard fixed size. 
The resulting image is called the attention image [7]. 
Figure 4 illustrates this process. The segmentation is 
based on Linear Discriminant Analysis (LDA) using skin 
color. LDA is also used in the current implementation for 
classifying the sequences. The theory, thereof, is 
presented in succeeding section. 
After the segmentation and scaling down, the hand 
images are concatenated together to form what is now 
known as the attention vector. 
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Figure 4: Hand location and attention image formation. 

 
To form the attention vector each attention image g with 
m rows and n columns is reshaped into an ( )mn -
dimensional vector, that is, a set of image pixels 
{ ( , ) | 0 ,0 }g i j i m j n≤ < ≤ <  is now written as 

( ))(,),()( 1 gvgvgV kK=  where ),()(1* jiggv jim =++  and 

nmk *= . The attention vector x, is formed by the 
concatenation of attention images [7], i.e.  
 

  ( ))(,),( 1 pgVgVx K=     (1) 

 
where p  is the image number in each frame of the 
motion clip. The third stage is the recognition of a person 
from his or her hand gestures using the attention vector. 
The following sections explain this stage in detail. 
 

3. Feature Extraction Methods 
 
In this section the feature extraction methods used are 
described. Principal Component Analysis was used to 
extract the Most Expressive Features (MEF) and Fisher’s 
Linear Discriminant Analysis was used to extract the 
Most Discriminating Features (MDF). 

3.1. Principal Component Analysis and Most 
Expressive Features 

 
One of the recurring problems encountered in applying 
statistical techniques to pattern recognition problems has 
been called the “curse of dimensionality." Principal 
Component Analysis (PCA), otherwise known as 
Karhunen-Loeve projection, has been successfully 
applied in other appearance-based recognition methods to 
reduce dimensionality of the sample space by means of a 

linear projection that maximizes the variance of all 
projected samples. PCA is advantageous in that normally 
classification accuracy depends upon the dimensionality 
and it also reduces the computational complexity of 
designing a classifier [12]. 
 
Consider a set of N sample sequences 1 2{ , ,..., }Nx x x , 
where N  is the number of sample frames or the number 
of attention vectors, assume that each image sequence 
belongs to one of the c  classes 1 2{ , ,..., }cX X X . The 
transformation performed by the Karhunen-Loeve 
projection is the mapping from the original D -
dimensional space into an d -dimensional feature space, 
where d D< . Here D m n p= × × . PCA is performed as 
follows: 
 
Firstly, the D-dimensional mean vector µ  and DD ×  
covariance matrix TS  are computed for the full data set. 
Next the eigenvalues and eigenvectors of the covariance 
matrix are computed. The eigenvalues are sorted in 
decreasing order. The eigenvectors are also sorted 
according to the order of the corresponding eigenvalues. 
The covariance matrix is defined as 
 

1
( )( )

N T
T k k

k
S x xµ µ

=
= − −∑   (2) 

 
Only d  eigenvectors corresponding to the largest 
eigenvalues are chosen. This implies that d  is the 
inherent dimensionality of the subspace governing the 
data while the remaining D d−  dimensions are generally 
assumed to contain noise. Next a D d×  matrix mefW  

whose orthonormal columns consist of the d  

eigenvectors is formed. The created matrix mefW  is now 

referred to as Karhunen-Loeve matrix. Following the 
above construction, it can be shown that the Karhunen-
Loeve matrix mefW  is the matrix that maximizes the 

determinant of the total covariance matrix of the 
projected samples. This means that  
 

WSWW T
T

Wmef maxarg=    (3) 

                      1 2[ ]dw w w= K                 (4) 
where { | 1,2,..., }w i di =  is the set of D -dimensional 

eigenvectors of TS  as explained above. The new features 
or sample space is defined by the transformation: 
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k
T

mef
mef
k xWy =      1, 2,...,k N=   (5) 

where mefW  is the linear transform from the attention 

vector space to the MEF vector space and mef
ky  is the 

MEF vector corresponding to the attention vector kx . 
In face recognition, since these eigenvectors have the 
same dimensions as the original images they are referred 
to as eigenfaces [15] and in hand gesture recognition they 
are called Most Expressive Features (MEFs), first 
introduced by Weng and Cui [7]. In this paper we refer to 
them as MEFs. 
 

3.2. Fisher’s Linear Discriminant Analysis and 
Most Discriminating Features 

 
PCA is very efficient in finding components that are 
useful for representing data, however, it does not 
necessarily facilitate any reason to make the assumption 
that these components must be useful in discriminating 
between data in different classes. The directions that are 
discarded by PCA are usually the directions that are 
needed for distinguishing between classes. Fisher’s 
Linear Discriminant (FLD) maximizes class separability 
by maximizing the ratio of the between-class variance to 
the within class variance.  
With FLD dimensionality reduction is performed using 
linear projection and still linear class separability is 
preserved. 
Suppose there is a set of N D -dimensional 
samples 1 2{ , ,..., }Nx x x . We form a linear transformation 
of kx , where 1 k N≤ ≤ , such that  
 

k
T

mdf
mdf
k xWy =     (6) 

 
where mdfW  is the linear transform from the attention 

vector space to the MDF vector space and mdf
ky  is the 

MDF vector corresponding to the attention vector kx . 

The magnitude of the components of mdfW  is of no real 

significance but rather their directions. The within-class 
covariance matrix is defined as 
 

             
1

( )( )
k i

c T
W k i k i

i x X
S x xµ µ

= ∈
= − −∑ ∑   (7) 

and the between-class covariance matrix is defined as 

 

1
( )( )

c T
B i i i

i
S p µ µ µ µ

=
= − −∑   (8) 

where ip  is the probability of the ith class and µ  is the 
mean. The mixture covariance is then  
 

M B WS S S= +     (9) 
 
A simple way to compute the feature vectors is by taking 
the non-redundant eigenvectors of the criterion obtained 
by the following matrix 
 

1
i BS S− ×      

where iS  is the covariance of the i th class. More 
formally, if wS  is nonsingular, the optimal projection 

optW  is chosen such that  

 

WSW

WSW
W

W
T

B
T

Wmdf maxarg=    

    1 2[ ... ]dw w w=   (10) 
where { | 1, 2,..., }iw i d=  is a set of D -dimensional 
generalized eigenvectors of BS  and wS  corresponding to 
the d  largest eigenvalues. This is equivalent to taking the 
non-redundant eigenvectors of 1

i BS S− ×  above. For an 

extended proof of how mdfW  maximizes the ratio of the 

determinant of the between-class scatter matrix to the 
within-class scatter matrix, the reader is referred to [12]. 
 
A problem usually encountered is that of a singular wS . 
To overcome this problem FLD is applied on top of PCA. 
PCA is used to reduce the dimension of the feature space 
to r (> d ), resulting in a nonsingular wS , and then FLD is 
applied to perform feature extraction [14]. 
 

4. Recognition Results 
 
The aim of the experiment was to recognize persons’ 
hand characteristics. The algorithm works in this way: the 
sequence is first acquired from a video, the frames in the 
movie clip are converted into images then segmented and 
concatenated to form an image sequence, and then 
recognition is performed on the image sequence. 
 



During the training phase the sequences are registered 
into the system using a 480x640 pixel digital camera. 
There are 20 people registered into the system, each with 
the rock-scissor-paper sequence performed 10 times. This 
means that there are 20 classes of hand motions. Each 
class contains 10 similar hand motions. Unregistered 
sequences performed by the same persons are referred to 
as test sequences.  
Recognition was performed using a nearest neighbour 
classifier. To recognize a sequence, all sequences in the 
database, were used to build attention vector database and 
further transformed to a MEF and MDF vector and then 
the test sequences are also reduced to a MEF and MDF 
vector for classification. Some segmented sequences are 
shown in Figure 5.  
 

 
Figure 5: Segmented sequences, background set to black 
because it is easier to work with. 
 
Some hands, especially darker hands, had some pixels of 
the hand misclassified as background, see Figure 6, but 
the most important thing was that the overall hand shape 
and trajectory information is captured. 
 
With regards to the main objective, sequence recognition, 
some impressive results where achieved. The size of the 
attention image is 24 24× , the attention vector is made up 
of 5 attention images. Therefore, the size of the attention 
vector is 24 24 5 2880× × = . The results from the MEF 
and MDF space are presented in table 1. This results 
show that both methods have high recognition rates 
( 95%)≥  and the recognition rate using the MDF 
obtained from the FLD is better than the recognition rate 
using the MEF obtained from the Karhunen-Loeve 
transform. 
 
 

Table 1: Recognition results. 

 
Figure 6: Misclassification of pixels but hand shape still 
maintained. 
 

5. Conclusion 
 
This paper explored the use of PCA and FLD in 
recognizing person from his or her hand gestures. The 
results of our experimentation, using 200 sequences of 
hand motions where each sequence consist of 5 hand 
images, show that both methods using the MEF and MDF 
obtained from PCA and FLD are robust with recognition 
rate above 95%. 
Recognition using FLD performs better than when using 
PCA. There is still room for improvement though, 
particularly on the part of segmentation or robust 
classification methods (such as Bayesian classifier, 
nonlinear classifier) instead of LDA or k-NN. Future 
work will focus on texture based sequence recognition. 
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