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Abstract: In this paper, we propose a new finger biometric method. Infrared finger images 

are first captured, and then feature extraction is performed using a modified Gaussian  

high-pass filter through binarization, local binary pattern (LBP), and local derivative 

pattern (LDP) methods. Infrared finger images include the multimodal features of finger 

veins and finger geometries. Instead of extracting each feature using different methods, the 

modified Gaussian high-pass filter is fully convolved. Therefore, the extracted binary 

patterns of finger images include the multimodal features of veins and finger geometries. 

Experimental results show that the proposed method has an error rate of 0.13%. 

Keywords: finger recognition; finger vein; finger geometry; modified Gaussian high-pass 

filter; binarization; local binary pattern; local derivative pattern 

 

1. Introduction 

To guarantee a highly secure authorization and identification system, biometrics has been used in 

many kinds of applications such as door lock systems, financial activities, and immigration control. 

Biometrics is a type of identification or verification method that uses human physiological and 

behavioral features such as fingerprints, faces, irises, gaits, and veins [1].  

Biometric methods can be divided into two main categories: physiological and behavioral methods. 

Physiological methods are related to the shape of the human body. The characteristics focused upon in 
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these methods include fingerprints, faces, DNA, hand and palm geometries, and irises. Behavioral 

methods are related to human behavior, including typing rhythm, gait, and voice characteristics. 

Behavioral characteristics are also called “behaviometrics” [2]. Strictly speaking, the human voice is 

also a physiological characteristic because every person has a different vocal tract; however, voice 

recognition is mainly based on the study of the way people speak, and it is commonly classified as a 

behavioral characteristic [3]. 

Such biometric methods have both advantages and disadvantages. Although iris recognition has a 

high recognition accuracy, iris-capturing devices are relatively expensive. A fake iris imitating a  

pre-captured iris image, such as a printed fake iris, patterned contact lens, or artificial eye, can cause an 

iris recognition system to generate a false alarm. Furthermore, certain occlusion factors such as 

eyelashes [4], specular reflections [5], and eyelids [6] can degrade the performance of iris  

recognition systems. 

Fingerprint recognition also has high recognition accuracy, and such sensing devices are relatively 

cheap. However, moisture or scars can prevent a clear fingerprint pattern from being obtained [7]. 

Moreover, fingerprints can also be used for criminal or other illegal purposes since fingerprint patterns 

can be easily obtained from certain surfaces [8]. Recently, new finger biometric methods using  

finger-knuckle-prints have been introduced [9,10]. In these researches, the authors used  

finger-knuckle-prints, which are the skin patterns of the outer surface area of a phalangeal joint. They 

achieved promising recognition accuracy using Gabor-based feature extraction. 

Face recognition is comparatively convenient in terms of usability; however, the recognition 

accuracy of common face recognition systems is even lower than that of other systems such as iris or 

fingerprint recognition methods. Moreover, since faces are always exposed, it is easy to trick a 

recognition system [11] using a photograph or mask. Several factors such as facial expressions [12], 

illuminative variations [13], aging effects [14], and occlusions from wearing masks or glasses [15] can 

degrade the performance of face recognition systems. 

The reported accuracies of other behavioral methods such as voice [16], gait [17], and keystroke 

recognition [18] have been quite poor. The current health status of the subject, along with certain 

environmental conditions, can significantly degrade the performance of these recognition systems, 

rendering their use difficult. 

To overcome the problems of previous biometric systems, new systems using vein patterns from the 

palms or hands have been introduced [19] and are continuously being researched [1,20-24]. In general, 

vein patterns can be acquired using near-infrared (NIR) light and a camera device. However, the size 

of the device should be sufficiently large, as palm and hand vein recognition methods require the users 

to place their hand on the device in order to capture the entire hand region. 

To overcome the problems of vein recognition systems, finger vein recognition methods have been 

researched [1,25]. Yanagawa et al. proved that each finger from the same person has unique vein 

patterns [26]. Miura et al. proposed a finger vein extraction method using repeated line tracking [27]. 

Zhang et al. proposed a finger vein extracting method based on curvelet information of the image 

profile and locally interconnected a structural neural network [28]. Recently, Miura reported that finger 

vein thickness could be altered by blood flow or weather conditions [29]. He also proposed a finger 

vein pattern extraction method that allows for various pattern thicknesses [29]. In addition, a 

commercial product was introduced by Hitachi [30,31]. In our previous research, a local binary pattern 
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(LBP)-based finger vein recognition method was proposed, in which a binary pattern was extracted 

from a stretched rectangular finger region [24]. Further, a modified Hausdorf distance (MHD)-based 

minutiae matching method has been used, in which vein pattern extraction should be performed to 

extract minutiae (bifurcation and ending) points [25]. According to previous finger vein recognition 

methods, vein-pattern or finger-region extraction procedures should be performed for feature 

extraction or matching. Vein pattern extraction procedures increase the time complexity. Moreover, if 

a finger image includes noise factors such as shadows or fingerprints, a falsely extracted pattern may 

occur, degrading the recognition accuracy. Even in finger-region extraction methods, stretched 

quadrangle finger vein images include distortions due to the stretching procedure [1]. 

Therefore, in a previous research [1], features of finger veins, finger geometry, and fingerprints 

were extracted using a Gabor filter, and the hamming distance based on binarization was used for 

matching. However, since the directions and widths of finger veins vary, it is difficult to determine the 

optimal directions and frequencies of the Gabor filter. Further, the extracted binary codes of the same 

finger region obtained through binarization can be altered owing to local shadows on the finger  

area [1].  

To solve these problems, we propose a new finger recognition method. In addition to vein patterns, 

IR finger images also have features reflecting section of geometrical finger edge information, as shown 

in Figure 1. Among these three components, finger geometry appears most clearly. Furthermore, finger 

vein patterns are totally less clearly appeared. Because these two components include a brightness 

change factor, their features can be extracted using a single high-pass filter. Consequently, instead of 

performing a separate localization procedure for each component, an appearance-based method is 

selected. Therefore, we say that the proposed method is regarded as finger recognition and not for 

finger vein recognition. Instead of extracting each feature of a finger vein and finger geometry using 

different methods, a modified Gaussian high-pass filter is used. To represent the features in binary 

code, simple binarization, LBP and LDP methods are compared on the basis of the hamming  

distance (HD). 

Figure 1. Example of finger geometry and finger veins components in (a) a captured IR 

finger image and (b) an image after modified Gaussian high-pass filtering. 

 

(a)     (b) 

 

As shown in Figure 1(a,b), since parts of the finger geometry and finger vein are high frequency 

components, their modified Gaussian high-pass filtering results contain high values. Therefore, to 

extract a finger pattern using LBP, LDP, or binarization, pixels from not only certain sections of the 
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finger but also the entire filtered image are used. That is, all high-pass filtered values around the finger 

edge and finger vein are reflected in generating separable binary finger patterns. 

2. Proposed Method 

2.1. IR Finger Imaging 

We designed an IR finger vein imaging device in our previous works, which includes IR 

illuminators, a suitable camera with an IR pass filter, and a hot-mirror, as shown in Figure 2. 

Figure 2. Finger imaging device. 

 

 

The IR illuminators are located on the finger dorsum, and IR light penetrates the finger. Both 

reflected and penetrating light are captured by a camera. In our system, the finger position within the 

captured image is important; there are no additional image alignment procedures. Therefore, our 

device has a finger dorsum and fingertip guide, and alignment of the finger images is guaranteed.  

As shown in Figure 2, a hot mirror is positioned at 45° in front of the camera. The hot mirror was 

adopted to reduce the height of the capturing device. The mirror reflects IR light while allowing visible 

light to pass through. Using the hot mirror and illuminator module shown in Figure 2, the size of the 

recognition system could be greatly reduced. 

The proposed device has a charge-coupled device (CCD) web camera, which adopts a universal 

serial bus (USB) interface, and since finger vein patterns are visible using NIR light, a original visible 

light passing (NIR rejection) filter of the web camera is removed. Instead, an NIR passing filter 

(Visible light rejection) is included inside the camera, which allows only NIR light with wavelengths 

greater than 750 nm to pass. To make the finger vein patterns more distinctive, five additional NIR  

light-emitting diodes (LEDs) are attached to the upper part of the device, as shown in Figure 1. 

Considering a trade-off between image brightness due to the sensing ability of the CCD sensor  

and the absorption amount of deoxygenated hemoglobin [32], we chose NIR illuminators  

with 850 nm wavelengths. 
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Our system down-samples captured images from 640 × 480 pixels to 128 × 96 pixels in order to 

reduce the time complexity and eliminate pixel noise [1]. 

To acquire adequate finger images, we reduce the finger alignment problem and the amount of 

saturated illumination by performing binarization for every input image using a threshold of 250. Since 

a filter allowing NIR light to pass through is attached to the camera, and the gray levels of the highly 

saturated regions are higher than those of the other areas, the binarization procedure can estimate the 

amount of saturation. The last image in Figure 3 is finally accepted for further processing because it 

does not include a saturated area. 

Figure 3. Procedure used for acquiring an adequate finger image from successive images. 

The first row shows successive images of a user placing his finger on the device. The 

second row shows the corresponding finger images. The third row shows the results of 

binarization using a threshold of 250. 

 

2.2. Finger Image Enhancement 

A modified Gaussian high-pass filter is used to enhance features such as finger geometry and finger 

veins. In a previous work [1], the authors used a Gabor filter for image enhancement. However, since 

the directions and widths of finger veins vary, it is difficult to determine the optimal directions and 

frequencies of a Gabor filter. Because Gabor filters are geometrically composed using a combination 

of sinusoids with varying frequencies, they are conventionally used to extract not only mid-frequency 

features but also very high frequency components such as the fine wrinkles present on a palm print [33] 

and iris muscle patterns for iris recognition [34]. In comparison, since the proposed modified Gaussian 

high-pass filter doesn’t have all combinations of the various sinusoids, as shown in Figure 4, this filter 

has an advantage in terms of extracting comparatively lower-frequency components such as finger 

edges or finger veins robust to high-frequency noise components. 

To overcome these problems, we use a symmetrical modified Gaussian high-pass filter for image 

enhancement. The filter has the following formula: 

beayxH
DyxD


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Here, D(x, y) is defined using the following equation: 

2/12

0

2

0 ])()[(),( yyxxyxD      (2) 

where x and y are the positions relative to the center ((x0, y0)) of a convolution mask, D(x, y) represents 

the distance between the center and a relative position, and a and b are adjustment variables that can 

change the amplitude and DC level of the filtering mask. In a mask of size 5 × 5 pixels, the optimal 

values of a and b are empirically defined as 10.9 and −4, respectively. To determine a and b values, we 

firstly consider that the summation of coefficients of the filter should be 0. If the summation is greater 

than 0, the average brightness of filtering result image may be increased. In contrast, the summation 

having lower than 0 may make comparatively dark result. The values of 10.9 and −4 satisfy this 

condition of the filter. However, there can be exist the other combination of a and b values which 

satisfy the condition. Therefore, we secondly consider the visibility of finger geometry and finger vein 

in the filtered image. Through our some test, the values of 10.9 and −4 showed the best visibility of 

finger geometry and finger vein. The corresponding modified Gaussian high-pass filtering mask is 

visualized in Figure 4. 

The designed 5 × 5 pixel filtering mask fully convolves IR finger images of size 128 × 96 pixels. 

Examples of finger images and their convolved results are shown in Figure 5. There are small amounts 

of noise components in the three fingers’ images in Figure 5. These are caused by undesirable 

reflections from IR illumination on the outer surfaces of the fingers. However, since their calculated 

amplitudes after filtering are smaller than those in the finger regions, as shown in Figure 5, these noise 

components can be easily removed through the binarization process shown in Figure 6. 

Figure 4. Visualization of modified 5 × 5 pixel Gaussian high-pass filter (a = 10.9, b = —4). 

 

Figure 5. Down-sampled finger images (top) and their filtered results. 
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Figure 6. Example of simple binarization method. (a) Filtered finger image, (b) histogram 

of image in (a) and an automatically determined threshold, and (c) a resulting image after 

binarization using the threshold. 

 

(a)         (b)        (c) 

2.3. Binary Feature Extraction 

Since a filtered finger image still has 256 levels, we perform a binary code extraction procedure 

after filtering. In the previous work [1], when binarization is used, the extracted binary codes of the 

same finger region achieved through binarization can be changed owing to local shadows appearing on 

the finger area. To overcome this problem, we compared the performances of simple binarization, LBP 

method, and LDP method.  

In the first method, i.e., simple binarization, the robust threshold value is important. Gonzalez and 

Wood proposed a method for automatically determining the threshold for cases in which the 

foreground and background of an image are clearly separated [1,35]. The threshold (T) determination 

method for binarization is operated as indicated in the following procedure [35]: 

1. Select an initial estimate for the global threshold, T. 

2. Segment the image using T. This will produce two groups of pixels: G1 consisting of all pixels 

with intensity values > T, and G2 consisting of pixels with values ≤ T. 

3. Compute the average (mean) intensity values m1 and m2 for the pixesl in G1 and  

G2, respectively. 

4. Compute a new threshold value by T = (m1 + m2)/2 

5. Restep 2 through 4 until the difference between value of T in successive iterations is smaller th

an a predefined parameter ΔT. 

Figure 6 shows a filtered image and a corresponding image that was binarized using the 

thresholding method. Consequently, binary finger codes of 12,288 (128 × 96) bits are generated from 

finger images of size 128 × 96 pixels. 

Next, we considered the LBP extraction method. Ojala et al. proposed an LBP operator as a 

nonparametric 3 × 3 kernel for texture classification [36,37]. An LBP can be defined as an ordered set 

of binary values determined by comparing the gray values of a center pixel and the eight neighboring 

pixels around the center, as shown in Figure 7. An ordered set of binary values can be expressed in 

decimal form as shown in Equation (3) [23]: 





7

0

2)(),(
n

n

cncc iisyxLBP      (3) 
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where ic and in denote the gray value of the center pixel (xc, yc) and those of the eight neighboring 

pixels, respectively. The function s(x) is defined as [23]: 










00

01
)(

xif

xif
xs       (4)

 

Through Equations (3) and (4), the LBP extracts a finger binary code of 94,752 bits.  

These 94,752 bits are calculated as 126 (the number of kernel movements in the X direction) × 94 (the 

number of kernel movements in the Y direction) × 8 (the number of calculated bits from one position 

of kernel) in an image of size 128 × 96 pixels. In Figure 7, the binary sequence on the 3 × 3 block is 

defined clockwise from the top-left as 00001111(2). 

Figure 7. Example of an LBP operator. 

 

 

Next, the LDP extraction method is adopted [38,39]. The LDP represents a high-order derivative 

pattern occurring in a specific direction, which is reported to extract more elaborate and discriminative 

features than those by the LBP [39]. In this study, the codes are extracted from a filtered image using a 

second-order LDP, considering the 0°, 45°, 90°, and 135° directions. If the eight adjacent pixels are 

positioned around the center position (Ic), as shown in Figure 8, the first-order derivative bits along 

each direction are defined as [39]: 

   ccc IIfyxB  40
,      (5) 

   ccc IIfyxB  345
,      (6) 

   ccc IIfyxB  290
,      (7) 

   ccc IIfyxB  1135
,      (8) 

 









thk

thk
kf

,0

,1
      (9) 

where (xc, yc) and th denote the position of the center pixel Ic and a predefined threshold, respectively. 

The predefined threshold was set to 0 in our experiment. The LDP extracts the feature codes from an 

exclusive-OR ( ) operation of the corresponding first-order derivative bits between the center pixel 

and eight adjacent pixels. 
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Figure 8. Eight adjacent pixels around Ic. 

 

 

Based on the above method, LDP features can be generated using the following equations [39]: 

      
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     135,90,45,0,,   cccc yxLDPyxLDP    (12) 

Consequently, the LDP extracts a finger binary code of 365,056 bits. These 365,056 bits are 

calculated as 124 (the number of kernel movements in the X direction) × 92 (the number of kernel 

movements in the Y direction) × 4 (considered directions) × 8 (extracted bits per direction) in an image 

of size 128 × 96 pixels. 

2.4. Matching 

The proposed method measures the HD in order to estimate the similarities between the extracted 

binary codes and the enrolled code [1]. The HD is generally adopted to measure dissimilarities 

between two binary patterns [34], which are represented using the following formula: 

CodeLength

codeBcodeA
HD

)( 
       (13) 

In Equation (13),   is a Boolean exclusive-OR operator between two binary patterns. Therefore, 

HD can be calculated by dividing the number of binary codes (CodeLength = Binarization: 12,288;  

LBP: 94,752; LDP: 365,056). Therefore, the HD ranges from 0 to 1. 

Although we adopted a procedure for acquiring adequate finger images, as shown in Figure 3, 

finger-image alignment may not be perfectively achieved. In contrast to [1], these misalignment 
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problems are solved through bit shifting in the matching stage using the HD. Among the HD values 

calculated through bit shifting, the minimum value is chosen as the final HD. 

3. Experimental Results 

To test the proposed finger recognition method, we collected 10 images from 30 subjects. Since the 

length of the thumb is too short to be captured using our device, the two thumbs of each subject were 

not collected. To collect natural finger images in terms of variations in position and illumination, the 

images were captured over a certain time interval. Consequently, the collected database  

includes 2,400 finger images (240 classes (30 persons × 8 fingers) × 10 images). The spatial and depth 

resolutions of the captured finger images were 640 × 480 pixels and 256 gray levels, respectively [1]. 

The test program was operated using an Intel Core i7 (2.67 GHz) CPU with a 6 GB RAM. Figure 9 

shows examples of finger images captured using our device. 

Figure 9. Examples of IR finger images. 

 

Table 1. Processing times. 

Simple binarization LBP LDP 

30.6 ms 44.7 ms 112.5 ms 
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In the first test, the total processing time was measured as shown in Table 1. The processing time of 

the three feature extraction schemes, simple binarization, LBP, and LDP, was compared. The total 

processing time of simple binarization was 30.6 ms; this was the best result, i.e., fastest processing, 

among the three methods. The processing time of the LBP-based method was 44.7 ms, whereas that of 

the LDP-based method was 112.5 ms. These results were foreseeable as LBP and LDP extract a larger 

number of codes than the binarization method.  

Next, a recognition test was performed. We measured the recognition accuracy in terms of the 

receiver operating characteristic (ROC). As shown in Figure 10, the ROC includes the genuine 

acceptance rate (GAR) and a false acceptance rate (FAR) [40]. The GAR is defined as 100%— 

false-rejection rate (FRR). An FAR indicates an error occurring when an un-enrolled finger image is 

accepted as an enrolled image. The FRR indicates the number of errors that occur when enrolled finger 

images are rejected as un-enrolled images. 

Figure 10. ROC curves of experimental results using simple binarization, LBP, and LDP. 

 

 

As shown in Figure 10, the EERs achieved using the LDP, LBP, and binarization methods  

were 0.13%, 0.21%, and 0.38%, respectively. The LBP- and LDP-based pattern extraction methods 

were better than the simple binarization method as they also considered neighboring pixels. 

Furthermore, the LDP analysis was more reliable than LBP because the LDP method also considered 

the directions of the adjacent pixels. All results were yielded from the same database and experimental 

protocols. In our test, genuine tests were performed 10,800 (240 classes × 10C2) times, whereas 

imposter tests were performed 2,868,000 (2,400C2 − 10,800) times. 

Next, we performed the additional experiment in order to verify the performance of two features 

(finger vein, and finger geometry). To separate two features, we manually divided each filtered finger 

image into two component images as shown in Figure 11.  
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Figure 11. An example of manually separating filtered finger image into two component 

images such as finger geometry and finger vein. 

 

 

Then according to recognition method and used component, we acquired EERs to verify the 

contribution of finger geometry component as shown in Table 2. 

Table 2. EERs according to kinds of component and recognition method. 

Recognition method 

Used component 
Binarization LBP LDP 

Finger geometry 23.16% 22.98% 17.86% 

Finger vein 2.32% 1.53% 0.89% 

Finger geometry + Finger vein 0.38% 0.21% 0.13% 

 

Based on the results of Table 2, our proposed method using both finger geometry and finger vein 

showed the best result compared with the other two cases of using only finger geometry or finger vein. 

Even though the case of using only finger geometry showed very low recognition accuracies, the 

proposed method using both components showed the increased performance than the cases of using 

only finger vein. Consequently, we found that the finger geometry made a positive contribution in 

terms of recognition accuracy. 

4. Conclusions 

In this study, a new finger recognition method based on a modified Gaussian high-pass filter was 

developed. After the filtering procedure, three types of feature extraction methods—simple 

binarization, LBP, and LDP—were adopted and compared. Logically, an extracted binary pattern 

includes multimodal biometric features of finger veins and finger geometries.  

Our method has the following novelties compared with previous research results: firstly, our method 

shows improved recognition accuracy compared with only using finger vein patterns by logically 
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including both finger vein and finger geometric components. Secondly, the processing time was 

reduced by using whole finger images without localizing any region of interest. Thirdly, the proposed 

modified Gaussian high pass filter strongly enhanced finger vein and finger geometry components 

which considered whole directions compared with the conventionally used directive Gabor filter. 

Fourthly, our method showed promising recognition performance without any finger alignment 

algorithm by using adequate finger image capturing scheme. 

Experimental results showed that the LDP-based method was the best in terms of recognition 

accuracy, whereas the simple binarization scheme was the best in terms of processing time. In future 

works, we intend to consider a software-based alignment method based on the affine transform model 

using binary patterns. 

Acknowledgements 

This work was supported by the NAP (National Agenda Project) of the Korea Research Council of 

Fundamental Science & Technology in part of a grant of the Korean Healthcare technology R&D 

Project, Ministry of Health &Welfare, Korea (A102058). 

References 

1. Lee, E.C.; Jung, H.; Kim, D. Infrared Imaging Based Finger Recognition Method. In Proceedings 

of International Conference on Convergence and Hybrid Information Technology, Daejeon, 

Korea, August 2010; pp. 228-230. 

2. Jain, A.K.; Ross, A.; Prabhakar, S. An Introduction to Biometric Recognition. IEEE Trans. Circ. 

Syst. Video Technol. 2004, 14, 4-20. 

3. Douglas, A.R.; Richard, C.R. Robust Text-Independent Speaker Identification Using Gaussian 

Mixture Speaker Models. IEEE Trans. Speech Audio Proc. 1995, 3, 72-83. 

4. Kang, B.J.; Park, K.R. A Robust Eyelash Detection Based on Iris Focus Assessment. Pattern 

Recognition Lett. 2007, 28, 1630-1639. 

5. Park, K.R.; Park, H.A.; Kang, B.J.; Lee, E.C.; Jeong, D.S. A Study on Iris Localization and 

Recognition on Mobile Phone. Eurasip J. Adv. Signal Process. 2008, doi:10.1155/2008/281943. 

6. Jang, Y.K.; Kang, B.J.; Park, K.R. A Study on Eyelid Localization Considering Image Focus for 

Iris Recognition. Pattern Recognition Lett. 2008, 29, 1698-1704. 

7. Rowe, R.K.; Nixon, K.A.; Corcoran, S.P. Multispectral Fingerprint Biometrics. In Proceedings of 

the 6th Systems, Man and Cybernetics Information Assurance Workshop, New York, NY, USA, 

June 2005; pp. 14-20. 

8. Baldisserra, D.; Franco, A.; Maio, D.; Maltoni, D. Fake Fingerprint Detection by Odor Analysis. 

Lect. Note Comput. Sci. 2005, 3832, 265-272. 

9. Zhang, L.; Zhang, L.; Zhang, D.; Zhu, H. Ensemble of Local and Global Information for  

Finger-Knuckle-Print Recognition. Patt. Recog. 2011, doi: 10.1016/ j.patcog.2010.06.007. 

10. Zhang, L.; Zhang, L.; Zhang, D.; Zhu, H. Online Finger-Knuckle-Print Verification for Personal 

Authentication. Patt. Recog. 2010, 43, 2560-2571. 

11. Jee, H.K.; Jung, S.U.; Yoo, J.H. Liveness Detection for Embedded Face Recognition System. Int. 

J. Biol. Med. Sci. 2006, 1, 235-238. 



Sensors 2011, 11                            

 

 

2332 

12. Wiskott, L.J.; Fellous, M.; Kruger, N.; Malsburg, C. Face Recognition by Elastic Bunch Graph 

Matching. IEEE Trans. Patt. Anal. Mach. Int. 1997, 19, 775-779. 

13. Moses, Y.; Adini, Y.; Ullman, S. Face Recognition: The Problem of Compensating for Changes in 

Illumination Direction. IEEE Trans. Patt. Anal. Mach. Int. 1997, 19, 721-732. 

14. Fulton, A.; Bartlett, J.C. Young and Old Faces in Young and Old Heads: The Factor of Age in 

Face Recognition. Psychol. Aging 1991, 6, 623-630. 

15. Park, J.S.; Oh, Y.H.; Ahn, S.C.; Lee, S.W. Glasses Removal from Facial Image Using Recursive 

Error Compensation. IEEE Trans. Patt. Anal. Mach. Int. 2005, 27, 805-811. 

16. Douglas, A.R.; Thomas, F.Q.; Robert, B.D. Speaker Verification Using Adapted Gaussian 

Mixture Models. Digit. Signal Process. 2000, 10, 19-41. 

17. Lee, L.; Grimson, W.E.L. Gait Analysis for Recognition and Classification. In Proceedings of the 

5th IEEE International Conference on Automatic Face and Gesture Recognition, Washington, DC, 

USA, May 2002; pp. 148-155. 

18. Monrose, F.; Rubin, A.D. Keystroke Dynamics as a Biometric for Authentication. Future Gener. 

Comput. Syst. 2000, 16, 351-359. 

19. Shimizu, K. Optical Trans-Body Imaging: Feasibility of Optical CT and Functional Imaging of 

Living Body. Jpn. J. Med. Philos. 1992, 11, 620-629. 

20. Watanabe, M. Palm Vein Authentication. In Advances in Biometrics: Sensors, Algorithms and 

Systems; Ratha, N.K., Govindaraju, V., Eds.; Springer-Verlag: Heidelberg, Germany, 2008;  

pp. 75-88. 

21. Fan, K.; Lin, C.; Lee, W. Biometric Verification Using Thermal Images of Palm-Dorsa  

Vein-Patterns. In Proceedings of 16th IPPR Conference on Computer Vision, Graphics and Image 

Processing, Kinmen, China, August 2003; pp. 188-195. 

22. Ding, Y.; Zhuang, D.; Wang, K. A Study of Hand Vein Recognition Method. In Proceedings of 

International Conference on Mechatronics and Automation, Ontario, Canada, July 2005;  

pp. 2106-2110. 

23. Lee, E.C.; Lee, H.C.; Park, K.R. Finger Vein Recognition by Using Minutia Based Alignment and 

LBP Based Feature Extraction. Int. J. Imaging Syst. Technol. 2009, 19, 79-186.  

24. Lee, E.C.; Park, K.R. Restoration Method of Skin Scattering Blurred Vein Image for Finger Vein 

Recognition. Electron. Lett. 2009, 45, 1074-1076. 

25. Kono, M.; Ueki, H.; Umemura, S. Near-Infrared Finger Vein Patterns for Personal Identification. 

Appl. Opt. 2002, 41, 7429-7436. 

26. Yanagawa, T.; Aoki, S.; Ohyama, T. Human Finger Vein Images Are Diverse and its Patterns Are 

Useful for Personal Identification; Kyushu University MHF Preprint Series: Kyushu, Japan, 2007; 

pp. 1-7. 

27. Miura, N.; Nagasaka, A.; Miyatake, T. Feature Extraction of Finger-Vein Patterns Based on 

Repeated Line Tracking and its Application to Personal Identification. Mach. Vision Appl. 2004, 

15, 194-203.  

28. Zhang, Z; Ma, S.; Han, X. Multiscale Feature Extraction of Finger-Vein Patterns Based on 

Curvelets and Local Interconnection Structure Neural Network. In Proceedings of 18th 

International Conference on Pattern Recognition, Hong Kong, China, August 2006; pp. 145-148.  



Sensors 2011, 11                            

 

 

2333 

29. Miura, N.; Nagasaka, A.; Miyatake, T. Extraction of Finger-Vein Patterns Using Maximum 

Curvature Points in Image Profiles. IEICE Trans. Inform. Syst. 2007, E90-D, 1185-1194. 

30. Himaga, M.; Kou, K. Finger Vein Authentication Technology and Financial Applications. In 

Advances in Biometrics: Sensors, Algorithms and Systems; Ratha, N.K., Govindaraju, V., Eds.; 

Springer-Verlag: Heidelberg, Germany, 2008; pp. 89-105.  

31. Hashimoto, J. Finger Vein Authentication Technology and Its Future. In Proceedings of 

Symposium on VLSI Circuits, Honolulu, HI, USA, June 2006; pp. 5-8.  

32. Lee, H.C.; Kang, B.J.; Lee, E.C.; Park, K.R. Finger Vein Recognition by Using Weighted LBP 

Code Based on SVM. J. Zhejiang Univ.-Sci. C 2010, 11, 514-524. 

33. Zhang, D.; Guo, Z.; Lu, G.; Zhang, L.; Zuo, W. An Online System of Multispectral Palmprint 

Verification. IEEE Trans. Instrum. Meas. 2010, 59, 480-490. 

34. Daugman, J.G. How Iris Recognition Works. IEEE Trans. Circ. Syst. Video Technol. 2004, 14, 

21-29. 

35. Gonzalez, R.C.; Woods, R.E. Digital Image Processing, 3rd ed.; Pearson Prentice Hall: New Jersey, 

NY, USA, 2010; pp. 763-764.  

36. Ojala, T.; Pietikainen, M.; Harwood, D. A Comparative Study of Texture Measures with 

Classification Based on Feature Distributions. Patt. Recog. 1996, 29, 51-59.  

37. Ojala, T.; Pietikainen, M.; Maenpaa, T. Multiresolution Gray-Scale and Rotation Invariant 

Texture Classification with Local Binary Patterns. IEEE Trans. Patt. Anal. Mach. Int. 2002, 24, 

971-987. 

38. Zhang, B.; Gao, Y.; Zhao, S.; Liu, J. Local Derivative Pattern versus Local Binary Pattern: Face 

Recognition With High-Order Local Pattern Descriptor. IEEE Trans. Image Process. 2010, 19, 

533-544. 

39. Kang, B.J.; Park, K.R.; Yoo, J.; Kim, J.N. Multimodal Biometric Method that Combines Veins, 

Prints, and the Shape of a Finger. Opt. Eng. 2011, in press. 

40. Wayman, J.L. Technical Testing and Evaluation of Biometric Identification Devices. In 

Biometrics: Personal Identification in Networked Society; Jain, A.K., Bolle, R., Pankanti, S., Eds.; 

Springer-Verlag: Heidelberg, Germany, 1999; pp. 345-368. 

© 2011 by the authors; licensee MDPI, Basel, Switzerland. This article is an open access article 

distributed under the terms and conditions of the Creative Commons Attribution license 

(http://creativecommons.org/licenses/by/3.0/). 


