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Abstract—A blurred palmprint recognition method based on 
Relative Invariant Structure Feature (RISF) is proposed in this 
paper to improve the low recognition accuracy of blurred 
palmprint. Firstly, the OSV decomposition model is used to 
obtain stable feature from blurred images. Next, a non-
overlapping sampling method based on Structure Ratio (SR) 
for RISF is used to further improve the effectiveness of feature. 
Finally, Structural Similarity Index Measurement (SSIM) is 
introduced to measure the similarity of palmprints and judge 
the palmprint category for classification. Numerical 
experiments show that the proposed method is effective and 
better than some other classical algorithms. 

Keywords—Blurred palmprint recognition; Relative 
Invariant Structure Feature; OSV decomposition model; 
Structure Ratio 

I.  INTRODUCTION  
Palmprint is one important biometric feature. Palmprint 

recognition can be classified into three categories according 
to feature description and matching, including principal line 
extraction, subspace learning, and texture coding. The 
principal line extraction method [1,2] depends on the ridge 
information extraction using edge detection method. 
Palmprint image is considered as high-dimensional data in 
subspace learning [3,4], and the high-dimensional data is 
mapped to low-dimensional space using characteristic of 
matrix, the method have been successfully applied to face 
recognition, and also achieved good results when 
transplanted to the palm. The texture coding method [5,6] 
use a filter for palmprint image filtering, then encode them 
according to different schemes, finally, ‘and’ or ‘XOR’ 
operator is used to calculate the similarity between different 
features. The above-mentioned three methods usually use 
clear palmprint image captured by contact device, however, 
system security is also very important for identification, as a 
result, non-contact palmprint image acquisition and 
recognition research become the mainstream due to its 
various merits, e.g. low-cost, easy availability, high accuracy 
[7,8], unfortunately, defocus status might blur palmprints 
which was captured using non-contact device, the obtained 
blur palmprint is easy to degrade the performance of the 
recognition system. Researchers proposed some methods to 
solve this problem, Yuan [9] introduces image clarity 
evaluation standards to obtain the clear palmprint image, but 
it cannot be used in large-scale palmprint database. Kang 
[10] used a template convolution to calculate the image focus 
value and set threshold value based on the focus value. Wang 
[11] proposed an image restoration method based on 

normalized super Laplace, which achieves a good 
experimental result. Sang [12] proposed a blurred palmprint 
recognition algorithm based on two-dimensional principal 
component analysis, which offers an effective way for 
further research on blurred palmprint recognition. Lin [3] 
state that stable features exist during the process from clear 
image to blurred images, and they extracted stable features 
by using Laplacian Smoothing Transform (LST), and 
achieved good recognition results when selecting the N low-
frequency elements as feature vectors to recognize, but they 
did not explain how to select stable features. 

In order to effectively extract the stable features in 
palmprint blurred process, a blurred palmprint recognition 
method based on Relative Invariant Structure Feature (RISF) 
was proposed. Finally, numerical experiments show that the 
proposed algorithm is effective and better. 

II. RELATED WORKS 

A. OSV Decomposition Model 
In 2003, Osher et al described the texture and noise v 

in 1( )H Ω spatial domain and proposed OSV image 
decomposition model, which can be expressed as 
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Equation (2) is a fourth-order equations with 
computational complexity and exist convergence speed 
problem, 2 2| | ε∇ +u is commonly used to approximate | |∇u , 
where 0ε → . However, in some cases, u is very sensitive to 
the parameters ε , namely, if ε is too large, it will blur the 
edges of image; If ε is too small, we may get an error 
numerical solution. Therefore, we would not get image 
decomposition effectively. 

A staircase effect is exist for those denoised images by 
using ROF model, resulting in the loss of the image 
information. Chan and Esedoglu [13] replaced the data item 
of ROF model with | | dxdyΩ −� u f , this model effectively 
improved the loss of geometric features. Therefore, this 
paper introduces the improved data item into OSV model. 
Equation (1) can be rewritten as 
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In order to reduce the computational complexity and 
improve convergence rate, we propose Multiple Auxiliary 
Variable Method (MAVM) and introduce it into (3). More 
specifically shown in the following  
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where 2w is a scalar 1w , 2w , b are vectors. 
1 uk k k kb b w+ = + ∇ −                               (5) 

The solution for (4) can be converted into the following 
functional problems, therefore, (4) can be rewritten as  

{ 1 1 2( u )12 1
( )1

min 1 2(u )22 2

kw b dxdyE u

u f w dxdy

θ

θ Ω

Ω
+−∇ −�=

+ − − Δ�

� 
� �� �
� �
� �

�� ��

       (6) 

(w ) |w |12 1
1 1 2(w )12 1

min
1

E dxdy

ku b dxdyw
θ

= �Ω

++ −∇ −�Ω

� � �
� �
� ���

             (7) 

1 2(w ) ( w )23 2 2 2
1 2(w w )3 22 3

min
2

E u f dxdy

dxdy
w

θ

θ

= − −Δ�Ω

+ −∇�Ω

� 
� �
� �
� �

��

       (8) 

}{ 1 1 2(w ) |w | (w w )4 3 3 3 22 3
min

3
E dxdy dxdy

w λ θ
= + −∇� �Ω Ω  (9) 

The corresponding solutions are obtained as follows 
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Where (10) use an explicit iteration method, (12) use a 
semi-implicit iterative method, (11) and (13) uses a soft 
threshold formula to evaluate the analytical solution. The 
algorithm is described as follows: 

1 Initialization
0 0 0 0 0 0 0
11 12 2 31 32 1 2 0w w w w w b b= = = = = = = 0u f= ; 

2 Iteration replaced f with ku complete alternative 
iteration of (6), (10), (11), (12)and (13)  

3 Iterative termination criteria stop running if 
satisfied with 1m ax (| |)k ku u ε+ − ≤ . 

B. Results of Image Decomposition 
In order to show the structure layer and texture layer 

obviously, OSV decomposition model is used for palmprint 
image. Fig. 1 and Fig. 2 shows that the structure layer 
remains unchanged with the degree of blur σ becomes 
larger and larger, the texture layer which changes 
dramatically, namely, the information in the texture layer is 
unstable. 

 

           
            (a) original                        (b) σ =1                           (c) σ =2 

           
             (d) σ =3                         (e) σ =4                             (f) σ =5 

Figure 1.  The structure layer with different degrees of blurring 
corresponding to Figure.2 obtained using the OSV decomposition model 

               

              (a) original                     (b) σ =1                              (c) σ =2 

               

              (d) σ =3                         (e) σ =4                              (f) σ =5 

Figure 2.  The texture layer with different degrees of blurring 
corresponding to Figure.2 obtained using the OSV decomposition model 

Fig. 3 and Fig. 4 show the three-dimensional surface 
plots of structure layer and texture layer corresponding to 
Fig. 1 and Fig.2, which can be clearly observed the changes 
for structural layer and the texture layer when blurring. As 
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shown in Fig.3, structure layer contains main information of 
the image, Fig.4 shows that the feature is extremely unstable 
in the process of image blur. Hereby it can not be regarded 
as the stable image features.  

According to the results of OSV decomposition, we 
know that the structure layer remains stable even if an 
image suffers from different degree of blurring. As a result, 
the structure layer of the image can be treated as a stable 
feature to recognize. 

 

  

           (a) original                       (b) σ =1                          (c) σ =2 

   

          (d) σ =3                          (e) σ =4                            (f) σ =5 

Figure 3.  Surface plots of the structure layers corresponding to Figure 1  

   

         (a’) original                      (b’) σ =1                        (c’) σ =2 

   

         (d’) σ =3                         (e’) σ =4                        (f’) σ =5 

Figure 4.  Surface plots of the texture layers corresponding to Figure 2   

III. RECOGNITION ALGORITHM BASED ON SR-RISF 

A. Image Down-sampling Based on Structure Ratio 
We take the structure layer as the Relatively Invariant 

Structural Features (RISF) in the process of image blurring. 
Although the structure layer can keep relatively stability, the 
identification results are not good enough. Therefore, we 
use a non-overlapping sampling method based on Structure 

Ratio (SR) for RISF to further improve the discrimination 
and effectiveness of feature, and obtaining the SR-RISF. 
This can be expressed as 
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where I is a size of nm × non-overlapping sampling area of 
original palmprint image, i and j is corresponding pixel 
location of sampling area, M stands for grey average of 
sampling area, S is variance of sampling area, SR is structure 
ratio of sampling area.  

We select the structure layer of blurring palmprint image 
( 3σ = ) to test by using SR method, results can be seen 
from Fig. 5, it is difficult to visually distinguish the blurring 
image between A and B. (d)~(f) is the RISF obtained by 
OSV decomposition model, which could better distinguish 
the similar blurring image, (g)~(i) is the SR-RISF feature 
which needs further improve the discrimination of features 
for the palmprint image. 

 

                

(a) The palmprint  for A (b) The palmprint  for A (c) The palmprint  forB  

   

  
  (d) RISF to (a)                          (e) RISF to (b)                       (f) RISF to (c) 
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     (g) SR-RISF to (a)                 (h) SR-RISF to (b)                (i) SR-RISF to (c) 

Figure 5.  Blurred palmprint feature examples among the same people and 
the different people 

B. Feature Matching for Blurring Palmprint Image 
Structural Similarity Index Measurement (SSIM) [14] 

was introduced in this paper to measure the similarity 
between palmprint features. SSIM algorithm can describe 
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the structure features from three aspects which are the bright 
(L), contrast(C) and structure(S). Specifically shown as 
follows  

2 1
( , ) 2 2 1

cx yL x y
cx y

μ μ

μ μ

+
=

+ +
                            (17) 
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2 2
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Where x and y represent two structural features to be 
matched, xμ and yμ stand for to the average value of x and 
y, xσ and yσ stands for the variance of x and y, xyσ is the 
covariance of x and y, small constants 1, 2, 3c c c are used to 
increase the stability of calculation results. We usually 
take 2

11 ( )c K GVM= × , 2
22 ( )c K GVM= × 3 2 / 2c c=

1 1K << 2 1K << , GVM is the maximum grey value of 
palmprint image (typically take 255), SSIM value is 
determined by the values of L, C, S.  

( ) ( ) ( ) ( ), , , ,SSIM x y L x y C x y S x y= × ×              (20) 

Where SSIM value represents the similarity of two 
matched structural feature, the range is from 0 to 1. 
Therefore, we should set a threshold value thres so that two 
palmprint image can be classified.  

 

Figure 6.  Curves of inter-class and intra-class 

As can be seen from Fig.6, the value of inner-class curve 
of SSIM concentrates on the near side of the 1, the closer to 
1, the higher similar of two blurred palmprint image, and the 
value of intra-class curve of SSIM concentrated on the near 
side of the 0, the closer to 0, the bigger difference between 
two blurred palmprint image. Therefore, an appropriate 
threshold of thres (we can obtained the size of threshold by 
equal error rate curve [15], 0 .4251th res = ) can separate the 
palm more accurately and effectively. 

IV. EXPERIMENTS AND RESULTS 
The proposed method was implemented using MATLAB 

2010a on a desktop PC with a modest CPU (2.9GHZ), and 
4GB of random access memory. In order to reflect the 
relationship between FAR and FRR, a receiver operating 
characteristic (ROC curve is constructed, which can 

conveniently compared with different algorithms. We carried 
out 3 experiments on PolyU palmprint database and Blurred-
PolyU palmprint database in order to verify the effectiveness 
of the proposed method. 

A. Experiment 1 
It is difficult to describe the characteristics if we directly 

use the structure layer as the characteristics to recognize, 
therefore, the size of the sampling area has a great influence 
on the final recognition results when we extract the feature of 
blurred palmprint image, and the optimal partitioning 
method are usually determined by experiment. Therefore, 
blocks of different size ( 4 4× 8 8× 16 16× 3232 × ) 
are tested in the Blurred-PolyU palmprint database to choose 
the optimal regional block. Fig. 7 shows the ROC curve of 
different size sampling area for SR-RISF algorithm and 
RISF algorithm.  
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Figure 7.  ROC curves obtained using different block size 

Table I gives the corresponding equal error rate (EER), 
feature extraction time (FET), feature matching time (FMT) 
and recognition time (RT), RT is the time for an identity, 
which is defined as 

RT FET FMT Ns= + ×                                   (21) 
Where sN is the number of template among training set 

in the palmprint system (usually take one image from one 
person as the training template ), all the palms in palmprint 
database are captured from 386 different people, therefore, 
the value of sN is 386. 

TABLE I.  EER, FET, FMT AND RT FOR RISF AND SR-RISF 

Algorithm EER(%) FET(ms) FMT(ms) RT(ms) 

RISF 2.4676 12.71 4.87 1892.53 

SR-RISF 44 ×  1.1406 39.75 2.48 985.45 

SR-RISF 88 ×  0.8340 26.37 2.31 918.03 

SR-RISF 1616 ×  1.6118 21.09 2.21 874.15 

SR-RIS 3232 ×  4.8073 19.22 2.09 825.96 

 
As can be seen from Fig. 7, the EERs obtained using the 

idea of block with size of 4 4× , 8 8× ,16 16×  are lower than 
that of only using RISF algorithm, where the EER obtained 
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using 8 8×  is the lowest, and EER value of 32 32×  is higher 
than obtained using RISF algorithm. By considering the 
results in table, we can get a conclusion that the recognition 
time of RISF algorithm is the longest, but the bigger of 
block is, the smaller of recognition time it is. Hence, SR-
RISF can obtain more discriminative features and reduce the 
recognition time if we choose the reasonable sampling size. 
In addition, the EER of SR-RISF 88 × is the lowest 
and the RT is 918.03 ms, therefore, the optimal size of 
sampling size in this paper is 88 × . 

B. Experiment 2 
In order to verify the proposed SR-RISF method could 

extract the stable feature, we performed experiments using 
the PolyU and blurred-PolyU palmprint databases, and 
making comparison with some high-performance methods 
on PolyU palmprint database Palm Code [16], Fusion 
Code [7], Competitive Code [8], RLOC [17] .  
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a  ROC curves on the PolyU database 
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 b  ROC curves on the Blurred-PolyU database 
Figure 8.  ROC curves between SR-RISF and traditional high-

performance algorithms on the different palmprint databases 

Fig. 8(a) is the ROC curves for SR-RISF method and 
classical algorithm on the PolyU palmprint databases, where 
the EER of SR-RISF is lower than those obtained using Palm 

Code and Fusion Code methods, but higher than Competitive 
Code and RLOC. Fig. 8(b) shows that the EER of SR-RISF 
is lower than those obtained using other classical algorithm 
on blurred-PolyU palmprint databases. 

A conclusion can be obtained when compared Fig.8 (a) 
with Fig.8 (b) that the EER of SR-RISF method is relatively 
stable both in PolyU and blurred-PolyU palmprint databases. 
Table II lists the EER values corresponding to Fig. 8. 

TABLE II.  EER VALUES CORRESPONDING TO FIG.8 

Algorithm 
EER %  

PolyU database Blurred-PolyU database 

PalmCode 0.9706 5.2653 

FusionCode 0.8876 3.5215 
Competitive Code 0.4792 2.0812 

RLOC 0.1657 1.5250 

SR-RISF 88 ×  0.7489 0.8340 

 
Recognition methods based on coding (Palm Code, 

Fusion Code, Competitive Code, RLOC) can better describe 
the palmprint texture information, and gain a higher 
recognition accuracy. However it is difficult to represent the 
texture information for blurred images due to the loss of 
texture information. Therefore, the identification results of 
coding method are generally poor on the Blurred-PolyU 
palmprint database. However, the proposed method (SR-
RISF) can extract the relatively stable features of blurred 
images, as a result the identification accuracy and 
robustness of the SR-RISF is higher than those of traditional 
high-performance algorithms. 

C. Experiment 3 
With the fast development of non-contact palmprint 

identification system, more and more scholars are interested 
in it, some classical algorithms of blurred palmprint 
recognition are proposed, such as 2DPCA [12], LBP [18], 
LST [3], DCT-PLE [1]. Fig. 9 shows the ROC curves of 
SR-RISF and some classical algorithms for blurred 
palmprint recognition on the Blurred-PolyU palmprint 
database. Table III is EER values corresponding to Fig. 9. 

Fig. 9 and table III imply that the EER value of SR-
RISF algorithm is the lowest, which shows the effectiveness 
of the proposed method. For the other methods, 2DPCA is 
the algorithm based on subspace, which can reflect the main 
information of the image, however, this method ignores the 
spatial structure information, and the identification accuracy 
is not high. LBP is a kind of algorithm by encoding the 
spatial texture information, although it can represent the 
spatial structure information of the image, but it really 
depends on texture information, and hence its accuracy is 
not high for blurred palmprint recognition. LST and DCT-
PLE can extract the low frequency coefficients as the stable 
features of blurred images, which can reflect the main 
information of image, but both lack the description ability 
for the image spatial structure. 
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Figure 9.  ROC curves between SR-RISF and classical blurred palmprint 
recognition methods on the Blurred-PolyU palmprint database 

TABLE III.  EER VALUES CORRESPONDING TO FIG.9 

Algorithm EER %  

2DPCA 6.7790 

LBP 5.5750 

LST 2.7208 

DCT-PLE 1.9249 

SR-RISF 88 ×  0.8340 

 
As a consequence, the distinguish ability is not high if 

we only use the low frequency coefficients as features to 
recognize the blurred palmprint image. On contrast, the SR-
RISF algorithm proposed in this paper not only better 
describe the image spatial structure but also efficiently 
obtain the main information of images. 

V. CONCLUSIONS 
The proposed method in this paper could obtain higher 

identification accuracy and strong stability when compared 
with the traditional classical recognition methods, and 
meanwhile the robustness is higher for noise, blurriness and 
illumination. However, the method proposed in this paper 
need to determine the size of the sampling area before we 
used the non-overlapping sampling method, because the size 
of block has a great influence on the final recognition 
results. Therefore, based on the result obtained in this paper, 
the main do researches on how to obtain the optimal block 
automatically may be our direction for next step. 
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