Sensor014 14, 30953129; doi:10.3390/s140203095

SENSOrs

ISSN 14248220
www.mdpi.com/journal/sensors

Article

Finger-Vein Image Enhancement Usin@g Fuzzy-BasedFusion
Method with Gabor and Retinex Filtering

Kwang Yong Shin, Young Ho Park, Dat Tien Nguyenand Kang RyoungPark *

Division of Electronics and Electrical Engineering, Dongguk UnivergiyPildong 3ga, Junegu,
Seoul 100715, Korea; EMails: skyandlg@@donggukedu(K.Y.S.); fdsarew@hanafos.confY .H.P.);
datdtbkhnnguyen@gmail.contD.T.N.)

*  Author to whom correspondence should be address&thiE parkgr@dgu.edu
Tel.: 482-2-2260-3329.

Received12 December 2013; in revised form: 10 February 20Adcepted1l1 February 2014
Published:17 February 2014

Abstract: Because of e advantages dinger-vein recognition systems such dise
detection andusage asbio-cryptography systes) they can be used to authenticat
individual people. However, images fifiger-vein patterns are typically unclebecausef

light scatteringby the skin, optical bluing, and motion bluting, which can degrade the
performance offinger-vein recognition systems In response to these issues new
enhancement method féinger-vein images is propose®ur methodis novel compared
with previousapproaches four respectsHrst, the local and global features of the vein
lines of an input image are amplified using Gabor filters in four directions and Retinex
filtering, respectively. Second, the meand standardaViatiors in the local windows of

the imageproducedafter Gabor and Retinex filtering are usednputsfor the fuzzy rule

and fuzzy membership functipmespectively Third, the optimal weightsequired to
combire the two Gabor and Retinex filtered iges are determined using a defuzzification
method. Fourththe use ofa fuzzybased methodheans thatimage enhancement does not
require additional training data to determine the optimal weidktperimental results
using twofinger-vein databases showehbat the proposed method enhanced the accuracy
of finger-veinrecognition comparedith previous methods.

Keywords: finger-vein recognition enhancement methodabor and Retinex filtering
fuzzy-based method
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1. Introduction

With the increased demand fpersonal information security, biometric technologies such as iris,
face, fingerprint, fingewein, voice, gait, palmprint, and hand geometry recognition have been
employed in a wide number of security systems, e.g., building access, comptites, ldgo access
control, cellular phones, and ATMsiH]. Biometric technology, which exploits the behavioral and/or
physiological characteristics of an individual, has high distinctiveness, permanency, universality,
usability, and performanceapabilities[4]. In particular, fingewein recognition systems are used to
authenticate individuals as enrolled or remrolled, and it has various advantages, suclivas
detection and possible applications in -brgptography systems5]. In human identification
applications, fingewrein recognitioruses therein patternsletectednside the finger. When capturing a
finger-vein image, the deoxyhemoglobin in the veins absorbs near infrared (NIR) light at a wavelength
of 760’850 nm. The vein region in a fingeein imagethus appears atark pixels, whereas the other
regions appear as brighter pixels. Therefore, the areafiober-vein image can be separated into
regions with vein and newein patterns. The vein patterns of fatigers of the same person also have
different characteristics. Therefore, to facilitate higher recognition accuracy, some-vinger
recognition systems use more than two fingers from the same individual.

Although fingervein recognition is less affected by wounds or deformations on therfitan
fingerprint recognition, fingevein patterncan beambiguous and unclear because of light scattering
from the skin, low contrast, and uneven illumination. These factors degrade the quality of-adinger
images and the discrimination of veinagterns, which reduces the accuracy tioé finger-vein
recognition. To overcome the performance degradation of fivgjer recognition, many previous
studies have developatifferent enhancement methods for fingein images,some of which are
compared wh the proposed methad Tablel. Previous quality enhancement methods for fingsn
images can be classified in@storatioAbased and nerestoratiorbased method$].

For example, Yangt al. developed a restoratidmased method that removes theicg blur from
the camera lens and the skin scattering blur from the structure of the finger skin layers to transform a
low-quality fingervein image into a higlgquality image 7]. They formulatethe camera lens and skin
scatteringblurs by considering tla optical characteristics of the skin layers using a Gaubsised
point spread function (PSF) model and a dé¢p#i model. Several restored images are obtained based
on various skin surface depth paramet@msause it is not possible torrectly estimate the depth of
the skin surface in the vein region. In addition, a linear superposition method is employed to conjoin
the several restored images to produce a combined image. However, this method is limited because th
processing time is increased bbtaining several restored images with various skin surface depth
parametersTo eliminate the skin scattering blur in a fingein image, an optical model based on skin
scattering andatmospheric scatteringomponents has also been used for enhandimggeHvein
images 8]. This approach is based on-kdazing and the removal of skin scattering blnich makes
the vein patterns in a fing@ein image easier to distinguish. Howewviis method is limited because
its performance can be affected by tetection of the scattering parameter. In addition, enhancement
of the recognition accuraayas notdiscussedh this paper

Yang et al. proposed an enhancement method for fingen images based on scattering removal,
Gabor filtering, and a mulscalemultiplication rule p]. However, they assumed that the luminance of
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the surrounding environment would be constant during processing to facilitate scattering removal. In
addition, the optimal parameters of the Gabor filter were designed in an elaboraty vesed on the
characteristics of the vein lines. Therefore, the parameters need to be redesigned for vein image:
captured using different devices. By contrast, our proposed method uses a roughly designed Gabo
filter, which has the advantage that itsfpamance is not affected significantly by the different types
of vein images (in tis study, this was confirmed by tests using two firgein databases, which were
collected with two different devices). In our method, performance enhancement is aclsegad
combination of Gabor and Retinex filters based on a fuzzy system. The fuzzy system can be designec
heuristically without a training procedure to obtain the optimal weights for the combination of Gabor
and Retinex filteng. Therefore, tis system ks the advantaghat it does not need to be redesigned
for different fingervein databases.

Depending on the number of images used;matoratiorbased methods can be divided into single
imagebased and multiple imagesed enhancement methods. For gtanZhanget al. developed a
single imagebased approach6,[L0i 15], which uses grajevel grouping (GLG) for contrast
enhancement and a circular Gabor fil{@GF) for image enhancement to increase the quality of
finger-vein images10]. Pi et al introduced a quality improvement approach baseddgéreserving
and elliptical higipass filtergo maintain the edges and remove any hidj.[Histogram equalization
is then used to increase the contrast of the resulting inhageldition, a fuzzybased multihreshold
algorithm, which considers the characteristics of the vein patterns and the skin region, was proposed b\
Yu et al. [12]. This fuzzybased multthreshold algorithm is not onlgtraightforward,but it also
increases theontrast betweae the vein patterns and the backgrourvéing et al. introduced an
enhancement method that uses mehannel eveisymmetric Gabor filters with four directions and
three center frequencies to obtain distinct vein pattekBs After obtaining the filteredmages, an
enhanced image is generated by combining the filtered images based on a reconstruction rule
However,enhanced recognition accuracy was not demonsiraet of these previous studid$i[13)].

Park et al proposed an image quality enhancemerwdthod that considers the direction and
thickness of the vein line based on an optimal Gabor fligewhere they determine the direction of
the vein lines based on eight directional profiles of a gray image and the thickness of the vein lines
based on he optimal Gabor filter width. This method improves thsibility of the resulting
finger-vein image and the recognition accuracy using the enhanced images. However, this method use:
two-step Gabor filtering (four directional Gabor filters and optimab@&dfiltering based on eight
directions), which increases the processing time. In addition, detection errors in the orientation and
thickness of the vein line can affect the performance. Yang. introduced a line filter transform
(LFT) to compute the nimary orientation field POF)of a fingervein image after using the curvatures
of the crosssectional profiles to estimate thmarse veirwidth variation field (CVWVF) [14].
The venous regions are enhanced by the curve filter trangh), and the isibilities of the vein
region and vein ridges are clearly improved. Howedetection errors in the orientation and thickness
of a vein line could affect the performand@ enhance the quality of a fingeein image, Chet al.
presented an adaptive Quabfiltering method based on the orientation and width of a detected
finger-vein line [15], where afinger-vein line detected usingein line trackings used to measure the
orientation of the fingevein.
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Table 1.Comparison of the proposed method and previous methods

Non-Restoration-Based Mehod

Categor Restoration-Based Methal : -
gory SingleIlmage-Based Mehod Multiple Image-Based Mettod
. . Method usi timal Gab
Method using grayevel grouping and a 'e od using op |m§1 "?‘ o
. . filter based on the direction
. : circular Gabor filter for contrast and . .
Restoratiorbased on optical blur . and thickness of the vein
. image enhancemert(]. .
caused by camera lens, and ski . . line [6].
. : Method using edgereserving and . . L :
scattering blur by the skin o . . . Method using coarse vein ~ Combination of Gabor and Retinex
elliptical high-pass filters, and histograr . L .
Method layer [7]. equalization 11] width variation field and filters based on fuzzy theory
Restoration method based on d o . primary orientation (proposed method)
. . . Fuzzybased multithreshold algorithm
de-hazing and skin scattering [12] field [14].
I . . : . Meth [ in i
blur [8] Method using multchannel Gabor and et .Od using ve|r'1 ne
image reconstruction g trackingand adaptive Gabor
g ' filtering [15].
. . Local and global features of a finge
. : The contrast between vein patterns an Information related to the . .
Various veinpatterns can be . . . . ) . vein are considered.
S _ skin regions is increased. orientation and width of the .
Strength distinguished by removing . . Co . . The performance is not affectby
The proposed method is stdaifiprwardin  vein line is considered durin . . . .
blur effects. ) . detection erray in the orientatioand
terms of image enhancement. image enhancement. . .
thickness of a vein line.
The direction and width of the
veinare not considered during
restoration The direction and width of the vein are Detection errors in the L
The performance can be affecte not considered orientationand thickness of a The processing timis increased by
Weakness by the detection of the i the use of both Gabor and Retinex

scattering parameter.
No enhancement of the
recognitionaccuracy was
demonstrated

No enhancement of the recognition
accuracywasdemonstrated.

vein line can affect the

filters.
performance.
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The width of a fingewein is obtained using the gray profiling of the original imagat
corresponds to the fingeein line. However,the image enhancement performance cobél
degraded by inaccurate detection of the vein orientation and widih previousstudies §,14,15].

Kumar et al. proposed a system that combined fingein and fingerprint recognition results using a
novel scordevel fusion method 16]. The fingervein image is enhanced based on the average
background image and local histogram equalization. However, skin areas become uneven with this
method, despite thdistinctiveness of the vein line. Thus, vein line detection is required based on
further processing by matched filtering, repeated line tracking, maximum curvature detection, Gabor
filtering, and morphological operations. However, our method has the adeatitat the image
produced after image enhancement can be used for recognition without further processing.

In [17], the authors proposed a quality assessment method for-fiegeimages, but they did not
consider quality enhancemeMiura et al. propo®d a robust method for extracting the centerlines of
veins by calculating the local maximum curvatures in esessional profiles of vein image4§q].
However, this study aimed to locate an accurate vein line and it did not focus on vein image
enhancementwhich differs from our method for enhancing fingein imagesYanget al. proposed a
method for evaluating the fingeein image quality using a trained support vector machine (SVM),
which was based on the gradient, image contrast, and informatioritgapf the image 19].
However, this method was used for quality evaluatiather than fingevein image enhancement,
which differs from our method for enhancing the firgem image.

Nguyenet al.[20] proposed a method for detecting fake fingein images, which combined the
features of the Fourier transform, and Haar and Daubechies wavelet transforms bas8¥Mn a
However, their method was used for detecting fake fiwvgar images rather than fingeein image
enhancement, which differs from ouethod.

In this study, we propose a novel fingasinimage enhancement methtmdovercome the problems
of previous methodg$~our directional Gabor filters and Retinex filtering are usedmplify the local
and global features of the vein lines in an inpoage. The wo images produced by Gabor and
Retinex filtering are combined to obtain an enhanced image based on @&sexyfusion method.
Gabor and Retinex filtering are both common image enhancement methods, but the main novelty of
our approach is théuzzy-based combination method for Gabor and Retinex filtering. The fuzzy
system can be designed heuristically without a training procedure to obtain the optimal weights for the
combination of Gabor and Retinex filieg. Therefore, tls system has the adntagethat it does not
need to be redesignéar different fingervein databases whereas a neural netvwaded system must
be trained to suit specific databaséee means and standard deviations in the local windows of the
images produced after Gabamnd Retinex filtering are used as the inputs for the fuzzy rule and fuzzy
membership function, respectively. The optimal weights used to combine the Gabor and Retinex
filtered images are determined using a defuzzification method.

The remainder of this papes organized as followsn Section 2, the proposed method is described,
including the detection of a fingeein region, Gabor filtering in four directions, Retinex filtering, the
proposed imagéusion method based on fuzzy theory, and a finggn reognition method.

The experimental results and some concluding remarks are given in Sections 3 and 4, respectively.



Sensor014, 14 3100

2. Proposed FuzzyBasedFusion Method for Finger-Vein Image Quality Enhancement
2.1. Overview of the Proposdgpproach

Figure 1 shows dlowchart of the proposed fuzayased fusion method fdinger-vein image
enhancementAfter inputting afinger-vein image, thefinger-vein region is detected using detection
masksthat areapplied to the upper and lower finger boundari@d 720, which eliminatesthe
allocation ofunnecessary processing tineeanenhancement procedure for the background region (see
Step 2 inFigure land Section2.2). To amplify thdocal and global features of the vein linesan
input image, Gabor filténg in four directions and Retinex filtering are employed to generate two
images(see Step 3 ifrigure landSections2.3 and 2.4). The optimal weight values for combirtimeg
Gabor and Retinex images are obtained using a fuzzy rule, fuzzy membership function, and
defuzzification method based on the meamd standard deviatisn(STDs) measured in the local
windows of the two resulting imagegsee Step 4 ifrigure landSection2.5). The Gabor and Retinex
images are combined using the determined optimal we{gats Stp 5 inFigure land Section2.5).
Fingerveinrecognition is conductedsing the combined image, including size normalization based on
stretching and subampling, feature extraction, and code matching to identify whether the subject is
genuine or an impostésee Step 6 ifkigure landSection2.6).

Figure 1. Flowchart showing the proposed fuzbased fusion method for finggein
image enhancement.

1. Input a Finger-vein Image

2. Detect Finger Region
3. Apply Four Directional Gabor 3. Apply Retinex Filter
Filters on Finger-vein Region on Finger-vein Region

4. Obtain Weight Values by Fuzzy Logic |

v

5. Image Fusion of Gabor and Retinex
Images based on Weight Values

v

6. Finger-vein Recognition

2.2. Finger Region Detection

A capturedfinger-vein image is separated inftnger-vein and background regions becauke
latterdo not contairthe vein patternsusedfor finger-vein recognition.The background region appears
as dark pixels whereas tlimger-vein region appears as bright pixelshich means thatletection
masks over the upper and lower finger boundar@esbeused to find thdinger-veinregion, as shown
in Figure 2[6,17,20]. The mask size wadeterminedcempirically as 20 4 pixels.
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Figure 2. Detection mask#or the @) upper andlf) lower finger boundarie$[17,20].

(@)

Figure 3. Examples of fingerregion detectionusing imagesfrom database I:
(a) original images anddj detection resultior the finger boundaries

(b)

The ypositions indicate where the maximum values for template matching are obtained (at each
X-position) using the detection masks showrFigure 2, which are considered the upper and lower
edge boundarie$[17,20]. A thick finger areafor example, tk left part of Figure 3a) usually lacks a
vein pattern because the NIR light has difficulty penetrating the finigler to be captured by the
camera. In addition, the thin vein pattern information is not visibtae fingertip region of a captured
finger-veinimage. To consider these conditions, we define theXgftand right X,) boundaries in the
horizontal direction, as shown kgures 3aand4a The values oK; andX; were defined empirically



Sensor014, 14 3102

based on the characteristics of theyer-vein database used in the experiments. In database I, with a
640 x 480 image sizeg17,20], the values oK; andX; are 220 and 69, respectively. In database I,

with a 320 x 240 image size[], the values oK; and X, are set to 20 an8ll, respectively(detailed
explanations of databases | and Il are provided in Sectiohh®).values ofX; and X, are larger in
database | than those in database Il for the following reasons. Database | was collected using a devic
produced in our laboratory. The deviceludes a hole where the finger that needs to be recognized is
placed. The hole is small but a small area of the finger,the region between the 1st and 2nd
knuckles, can be observed through the hole by the camera in the device. Therefore, thedarigeen (
areas from the left and right boundaries of the image are larger in database | than those in the databa:
II, as shown in Figres 3 and 4. Consequently, we used the larger values; fand X, in database I.
Figures 3 and 4 show examples of fingagioa detection using detection maskBgcause of the noise

in the upper and lower boundaries of the finger region of database Il, the region of interest used for
finger-vein recognition is reduced in the vertical direction compaviéa the detected fingeegion, as

shown inFigure 4.

Figure 4. Examples of finger region detection using images from database II:
(a) original images andd] detection results for the finger boundaries

(@) (b)

2.3. Finger-Vein Image Enhancement Method Based on Howectional Gabor Filtering Algorithm

In general, a twalimensional (2D) Gabor filter is defined as a Gaussian funtti@ancomprises
complex sinusoidal signal. The Gaussian function can be expresSqda®ns (1) and (26[13,22):

1 Fage v s
G(x,y) = 2 55, explt - 5;—(‘? +;‘§L%exp(l_?pfoxq) (1)

where
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&8 _ecosq  singeexs
&g & sing cosq &y @

The parameters, ands, determine the spaa#omain envelope of the Gaussian function on the
x- and ycoordinates in 2D €,1322], respectively x, and Y, indicate the rotated -xand
y-coordinates of a 2D Gabor filter based og aotation rate, respectivel\s,[13,22], and F and fy
represent/- 1 and the spatial centénrequency of the filter, respectivel$,[13,22]. In this method the
real part of the Gabor filter is employedly to increase the effectiveness of the processing time by
eliminating the imaginary part of the Gabor filter. An ewymmetric Gabor filter whout an
imaginary part can be expressed®%3,22):

Fid % g
Go(x,y) = - —E 9 4 29 O X, 3
e T S ©

wherei (i =1,2,34) indicates the channel indexfour directions,g (=ip/4) is the orientation of the
i channel of the Gabor filter, arfdrepresents the spatial center frequency ofetensymmetric
Gabor filter according to th& channelf;, sy, andsy are 0.05, 9.53, and 9.53, respectively.

Figure 5. Examples of theresults obtainedly four-directional Gabor filteringising images
from database I.4) the original images with the detected finger boundaries anthé
imagesproducedafter theapplication offiltering.

(b)

As shown in Figres 3 and 4, the fingereins follow various directions, such as horizontal, vertical,
and diagonal. Therefore, we use four Gabor filters in four directi@ns45, 90, 135, and 180, as
shown in Egation (3), to increase the amplitudes of the veineBnin various directiongzor each
channel, the filtered image{(x,y;)) is obtained by convoluting the original imadéxfy)) using the
corresponding Gabor kerneGf(x,y) ), as follows 6,13,22]:
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O (xy) =G (xy*1(xy) (4)

where* is the convolution operator. Usingquations (3) and (4), the four resulting images are
generated according to the four directioids, 0, 45, and 90) of the Gabor filter. To combine the
four resulting images and produce the final image, the logvagtievel value among the four resulting
images at the same position is chosen as the best match for the Gabor filter because-thesrfilger

is darker than the skin regio®,13]. Figures 5 and 6 show images produced using four directional
Gabor fitening for database | and database Il, respectively. As shovwlrese igures the fingervein
lines are more distinct than those in the original image.

Figure 6. Examples of theresults obtainetly four-directional Gabor filteringising images
from datalase Il: @) the original images with the detected finger boundarsexd
(b) the imageproducedafter theapplication offiltering.

(@) (b)

2.4. Finger-Veinlmage Enhancement Using Retinex Filtering Algorithm

To enhance théistinctiveness of thenage, the Retinex algorithm is introduced reglucingthe

variancein the image illuminatiorto normaliz the imageillumination [23,24]. The intensity of the
captured image I((x,y) ) is modeledby multiplying the illumination (1.(x,y)) and the ratio of

reflection (r(x,y)) [24):

L(XY) = 1c(x y)3 r(xy) (5)
FromEquation (5), we can obtalEquation (6) R3]:
logr(x,y) =logL(x,y)- logl.(x y) (6)

The illumination (.(x,Y)) is assumedo bea convolution of the Gaussian filterindr(x,y) ) and
the image ((x,y)), as shown iftquations 7) and ) [24]:

logr(x,y) =logL(x,y)- log[L(x,y)* F(x,y)] )



Sensor014, 14 3105

X2+y2

1§ e 25° (8)

F(xy) = >

whereF(x,y) and logr(x,y) indicate the Gaussian filter and the imggeducedafter Retinex filtering.

Retinex imagesbtained usingarious sigma valuess(= 10, 15, 20, 25, 50pr Gaussian filtering are
shown inFigures 7 and 8. The vejpatterns in the imageproducedafter Retinex filtering are more
distinct, and the contrast betwe#re vein paterns and the skin regiens higher thanthat in the
original imags.

Figure 7. Retinex imagesbtainedusing various sigma valuesth images frondatabase I:
(a) the original image with the detected finger boundafetinex imagesbtainedusing
sigmavalues of (b) 10, €) 15, d) 20, €) 25, and{) 50.

(@)

o
B,

[

(d) ()

Figure 8. Retinex imagesbtainedusing various sigma valuggth images frondatabasé!:
(a) the original image with the detected finger boundafetinex imagesbtainedusing
sigma valusof (b) 10, ) 15, d) 20, €) 25, and{) 50.

(b) (©)
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Figure 8. Cont.

(d) (€) (f)
2.5. Finger-Vein Image Enhancement Methaath a Fuzzybased Fusion Approach

Theenhancement of thick vein lines is limited by tbar-directional Gabor filter, whereas the thin
vein lines become more distinct, as showrkigures9b and Db. However the thick vein lines are
more distinctwith Retinex filtering, as shown iRigures9 and 10Therefore we can estimate that the
local and global features of the vein lire enhanced by the Gabor and Retinex filters, respectively.
To enhance both the local and global features, we propose aldagey image fusion method for
combiningthe Gabor and Retinex filtered images.

Figure 9. Comparison obutputsproduced byGabor and Retinex filteringsing images
from database I:&) original image of the detected finger boundarigs resuls with

Gabor filtering and resultswith Retinex fltering using sigma values ofd) 10, @) 15,

(e) 20, ) 25, and @) 50.

==
b5

(d)




Sensor014, 14 3107

Figure 9. Cont.

(9)

Figure 10. Comparison of the outputs with Gabor and Retinex filtering using images from
databasdl: (a) original image of the detected finger boundarids), fesults with Gabor
filtering; and results with Retinex filtering using sigma valuesayflQ, d) 15, €) 20,

(f) 25, and @) 50.

(9)

2.5.1 Definition of the Membership Function

Figure 11 illustrateshe proposed fuzzipased image fusion methodhd mean g(x,y)) and STD
(stdx,y)) values in the local windows of the images produced by Gabor and Retinex filtering are used
as the inputs for théuzzy logic system, as shown Figure 11 We apply the local window by
overlapping with a Jixel step.m(Xx,y), std(x,y), m(xy), andstd,(x,y) (which are normalized
based on a mimax scale of 0 to 1) denote the mean and STD values measured in the local window
according to the center positigr, y) of the Gabor and Retinex images, respectivel(x,y) and
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Vr(x,y) are the pixel values of the Gabor and Retinex filtered images aixthg position,
respectively; W andV,(x,y) indicate the optimal weight values obtained using fuzzy logic and the
pixel value of the enhanced combined image obtained from the Gabor and Retinex imagé¥, &) the
position, respectively. The horizontal and vertical lengths of the local square window are set as two
times larger than the greatest width of Weé lines in the Gabor and Retinex filtered images.

Figure 11.lllustration of the proposed fuzdyased image fusion method.

Gabor image (1)

=
h—
—
=
A
—

—— R
L

r...'.-"‘-‘
Local window

std;(x,y

Optimal weight

Fuzzy logic
Retinex image (V;)
Hy(x, )

O —
Voo p)=(Va(x.p)xw + Ve(x. y)x(I—-w))

um

|

_;#
Local window

std 5 (x, 7)

|

The STD value iralocal windowthatincludesa vein lineis usually larger than thaif a window
thatincludesonly the skin area. In additioa,vein line is included in the local window and the mean
value of the local window is lower because the vein line is darker than the skiilae=ore we can
obtainthe following relationships. If the mean and STD ealun the local window are low and high,
respectively, the possibility that the local window contains a vein lihgis By contrastif the mean
and STD values in the local window are high and low, respectively, the possibility that the local

window cortains a vein line isow. Based on this relationship, we determine the fuzzy rwhgh
havefour inputs i.e., the mean (n(x,y)) and STD étd,(x,y)) for the Gabor filtered image, and the

mean (m(x,y)) and STD( std,(x,y) ) for the Retinex filtered imagén the local window, as shown in
Table 2 A detailed explanation dfable 2is given inSection2.5.2.

Figure 12ad shovs the membership functions for the input values. As showhdgefigures, each
of the four inputs is categorized as low (L) and high (H) based on a linear membership fukction.
membership function usually represents the distributions of the input or output values for a fuzzy
system. Thus, we define the two distributions (L andard}he mean in the local window of the Gabor
image shown in Figure 12a. In general, two distributions can share some common areas, and therefore
we define the two distributions of L and H that include an oventppegion, as shown in Figur@dl
The number of input values is as high as four in Figurei d2and therefore, we only use two
membership functions (L and H) for each input value to reduce the number of fuzzy rules in Table 2.
However, the optimal output weight needs to be represented iil; db@efore, we use three
membership functions for L, M, and H, as shown in Figure 12e. Consequbatlyptimal weightw)
of the fuzzy output used to combine the Gabor and Retinex images is obtained using the membershiy
function for the output valuas shown irFigure 12e.
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Table 2 Fuzzy rules based on the characteristics of the Gabor and Retinex filtered. images

Input 1 (uy) of  Input 2 (std,) of Input 3 (u,) of  Input 4 (stdb) of  Output (w) of
Gabor Image Gabor Image RetinexImage Retinexlmage  Gabor Image

L L L L M
L L L H L
L L H L M
L L H H L
L H L L H
L H L H M
L H H L H
L H H H H
H L L L M
H L L H L
H L H L M
H L H H L
H H L L H
H H L H L
H H H L H
H H H H M

Figure 12. Membership functions used for fuzbpased image fusion:al mean and
(b) standard deviation (STD) of the local window in a Gabor filtered imajyenéan and
(d) STD of the local window in a Retinex filtered image; agdntembership function for
obtaining the optimal weight

1 L H 1 L H
E E
e :
0
0 0.25 0.5 0.75 1 0 0.25 0.5 0.75 1
Mean of local window in Gabor image ( ;) STD of local window in Gabor image ( std,;)
(@) (b)
1k H 1L H
E :
= £
0
0 0.25 0.5 0.75 1 0 0.25 0.5 0.75 1
Mean of local window in Retinex image ( 1) STD of local window in Retinex image ( std,)

(© (d)



Sensor014, 14 3110

Figure 12.Cont.
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2.5.2 Fuzzy Rules that Consider the Characteristics of Gabor and Retinex Images

As described in Section 2.5.1, if the mean and STD values in the local window are low (L) and high
(H), respectively, the possibility that the local window contains a vein line is high (H). Conversely,
if the mean and STD values in the local window aghl{H) and low (L), respectively, the possibility
that the local window contains a vein line is low (L). Based on these relationships, 16 types of fuzzy
rules are determined using four (L) or (H) inputs to obtain the optimum weighting value required for
image fusion, as shown in Table 2. The weighting value of a Retinex filtered image is determined
as 1w, as shown irrigure 11 As shown inTable 2 if u; andstd; for a Gabor filtered image are L and
H, respectively, and, andstd, for a Retinex filtered image are H and L, respectively, we assign the
larger weighting value (H) to the Gabor filtered image becthes@ossibility that the local window of
this image contains a vein line is largerujfandstd, for the Gabor filteredmage, andl, andstd; for
the Retinex filtered image are L or H, we assign the same weighting value (M) to the Gabor and
Retinex filtered images, respectively, because it is difficult to determinéotiaé windows of the
Gabor and Retinex filtered image®t has a higher possibility of containing a vein line.

For a high (Hs, high (H)std;, high (H) 2, and low (L)stc, although the high (H) mean value of
the local window indicates that this window region contains more skin area than vein linesigwe ass
the larger weighting value (H) to the Gabor filtered imhgeause the STD value of the local window
of this image is higher than that of the Retinex filtered image (the possibility that the local window of
the Gabor filtered image contains a vein liméarger).

2.5.3 Determination of the Optimal Weights Using Defuzzification

Using the four input valuegu;, std, pz, and std) obtained in the local window, the eight
corresponding output values are calculatei(®$ andf;(H) for pi, fo(L) andfy(H) for stdy, f3(L) and
f3(H) for pp, andf, (L) and f, (H) for std, using four linear membership functiorss shown in
Figure 13 where f1(7), f2(1, f3(7), andfs(T) are the membership functions that correspond tetd, o,
and std, respectively. Therefore, 16 combination pairs of the above output values are obtained as
{( fo(L), f2AL), f5(L), fa (L)), (Fu(L), (L), fa(L), fa (H)), (fa(L), f2(L), f3(H), fa (L)), (fa(L), f2(L), f3(H),
fa( H) )fy(H, ©2(H), f3(H), f4 (H))}. Assuming that the values 6f(L), fi(H), fo(L), f2(H), fa(L), f3(H),
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fa(L), andfs(H) are 0.39, 0.61, 0.55, 0.45, 0.67, 0.33, 0.27, and 0.73, respectively, we can obtain the
values listed in Table 3 based on the values in Table 2.

Figure 13. lllustrations showing the linear membership outputs based on four input values:
(a) 11, (b) stdh, () K2, and ¢l) stab.
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Table 3. lllustrations 0f16 combination pairs of output valués four membership functions
Pair Index Outputoffy(J Outputof 6] Outputof &(J Outputof (g 1 Max
P ! P 2 P 3 P Rule Rule
1 0.39 (L) 0.55 (L) 0.67 (L) 0.27 (L) 0.27 (M) 0.67 (M)
2 0.39 (L) 0.55 (L) 0.67 (L) 0.73 (H) 0.39 (L) 0.73(L)
3 0.39 (L) 0.55 (L) 0.33 (H) 0.27 (L) 0.27 (M) 0.55 (M)
4 0.39(L) 0.55 (L) 0.33 (H) 0.73 (H) 0.33(L) 0.73 (L)
5 0.39 (L) 0.45 (H) 0.67 (L) 0.27 (L) 0.27 (H) 0.67 (H)
6 0.39(L) 0.45 (H) 0.67 (L) 0.73 (H) 0.39 (M) 0.73 (M)
7 0.39 (L) 0.45 (H) 0.33 (H) 0.27 (L) 0.27 (H) 0.45(H)
8 0.39 (L) 0.45 (H) 0.33 (H) 0.73(H) 0.33(H) 0.73 (H)
9 0.61 (H) 0.55 (L) 0.67 (L) 0.27 (L) 0.27 (M) 0.67 (M)
10 0.61 (H) 0.55 (L) 0.67 (L) 0.73 (H) 0.55(L) 0.73(L)
11 0.61 (H) 0.55 (L) 0.33 (H) 0.27 (L) 0.27 (M) 0.61 (M)
12 0.61 (H) 0.55 (L) 0.33 (H) 0.73 (H) 0.33(L) 0.73(L)
13 0.61 (H) 0.45 (H) 0.67 (L) 0.27 (L) 0.27 (H) 0.67 (H)
14 0.61 (H) 0.45 (H) 0.67 (L) 0.73 (H) 0.45 (L) 0.73(L)
15 0.61 (H) 0.45 (H) 0.33 (H) 0.27 (L) 0.27 (H) 0.61 (H)

16 0.61 (H) 0.45 (H) 0.33 (H) 0.73(H) 0.33(M) 0.73 (M)
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In general, the Min and Max rules are used to determine the deduced value from a combination
pair [24,25]. Therefore, we can choose the minimum and maximum of the four values in a combination
pair using the Min and Max rules, respectively. For examphkbeiffour values of a combination pair
are 0.39(L), 0.55(L), 0.67(L), and 0.27(L), the values of 0.27 and 0.67 are selected using Min and Max
rules, respectively. In addition, if all four values are L, the corresponding output is M, as shown in the
fuzzy mles defined in Table 2. Consequently, the values of 0.27(M) and 0.67(M) are selected using
Min and Max rules, respectively, with the fuzzy rules in Table 2. Thus, the 16 types of deduced values
based on the Min and Max rules, and the values listed ireTahte determined in this mannierthe
present studyht deduced value is called tinéerence value (IVjor conveniencé¢24).

Using thesel6 IVs, we can obtain the final optimal weighgs based on the defuzzification step.
Figure 14 shows an example of defuzzification using the IVs andndmbership function for the
output value (weight)With each 1V, we can obtain the output values \., ws, W4, andws in Figure 14.

Various defuzzitation operatorsare introduced,i.e., the first of maxima (FOM), last of maxima
(LOM), middle of maxima (MOM), mean of maxima (MeOM), and center of gravity (CQ&26).

In Figure 14a, the FOM methaglectsthe minimum valuew,) among the weight valgecalculated
using the maximum IV (IMM) and IV3(H)) as the output weight. The LOM methsélectsthe
maximum valuew,) among the weight values calculated using the maximum IMNYandIV 3(H))

as the output weight. The MOM methasdlectsthe middlevalue ((v» + w;)/2) among the weight
values calculated using the maximum IV {(M) and IV3(H)) as the output weight. Finally, the
MeOM methodselectghe mean value \; + ws + w,)/3) among the weight values calculated using the
maximum IV (IV3(M) andIV3(H)) as the output weighf.he output (scoregalculatedby the COG is
ws, asshown inFigure 14, which isthe geometrical center (GC) of the union area of three regions
(R1, Ry, and R). Using various defuzzification methods, the output wesgduite detemined for the
Gabor filtered imagéw in Figure 11)and for the Retinex filtered imad&-w of Figure 11)

Figure 14. lllustration of the defuzzification methods used) FOM, LOM, MOM, and
MeOM; and p) COG
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Table 2 shows that the number of fuzzy rules is 18 22x 2 x 2). If we use three distributions of
L, M, and H as the input membership function, the number of fuzzy rules becomes 81x(3x 3),
which is considerably high and complex for use in a fuzzy system. Therefore, we simply use an input
membership function based on the two distributions of L and H. However, the three distributions
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of L, M, and H are used as the output membership fomeéti obtain more detailed values for the fuzzy
system output.

2.6. Finger-Vein Recognition Method

Fingervein recognition is performedfi@r obtaining the enhanced image using the furased
fusion method, includingsize normalization, code extractionndacode matching6,17,20]. Size
normalization using linear stretching basedtloe detected finger boundaries (see Step Rigure 1
and Section 2.2) is performed to reduce the variations in the shape and size of each finger.
The finger-vein image is transformed into a rectangular 15060 pixel image, as shown in
Figure 15b 6,17,20]. This rectangular image is then downsampled to & 20 pixel image by taking
the average gralevel value in each 3 3 pixel subblock to enhance the processing spgedcode
extraction and matching, as showrFigure 15d6,17,20].

Various feature extraction methods, such as the local binary pattern (LBP) and discrete wavelet
transform (DWT) based on Daubechies &tahr waveletsd,20], are used to evaluate the performance
of the proposed fingerein image enhancement method. First, the binary codes of the local features in
the fingervein image are extracted using an LBP oper&@@0]. Figure 16 shows an exampé 8-bit
binary code extraction using the LBP method. Becaube&@y bits are produced for each pixel
position ((X:,Y:)), 6,912bit binary codes (&bits) 2 48 (width)2 18 (height)) are generated liye
LBP operator using a single dovgampled 5G 20 pixel image.

Figure 15. Imagesobtainedusing size normalization and downsampling) 6riginal
image with the detected finger boundayrigs a rectangular 158 60 pixel image using
linear stretching based on the detected finger boundasiled €) a downsampled
503 20 pixel image.
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The Hamming distance (HD) is used to obtain the matching score (distance) between enrolled and
input binary codes using an LBP operator, as shoviaguation @) [6,17,20]:

1 .
HD = = (BCE A BCI) )

whereBCE andBCI denote the enrolled and input binary codes, respectivelyAaaddN represent
the Boolean exclusive OR operator and the total number of bits (6,912) of the binary codes
respectively During iris recognition, nofiris areas such asyelastes and eyelid are generallynot
used for recognitionThe iris codes extracted from the niois areas ar@esignatedas invalid codes
and they are not useéd calculae theHD. However, allof the texture areascludingfinger-veins and
skin regions of thefinger, are used for matching in omnethod Therefore a schemethat only uses
valid codes is not adopted in Equati® (

The input image is decomposed into four -bamd regions (LL, LH, HL, and HH) using
Daubechies and Haar wavelelfie global featuresised forfinger-vein recognition are extractedom
these regiong6,20,27]: the LL and HH subbandsare characteded aslow- and highfrequency
components, respectively, according to the vertical and horizontal directions; the Hbarduis
charactezedas aconjoined lowfrequerty component irthe vertical direction bya scaling function
anda high-frequerty component irthe horizontal direction bya wavelet functionthe HL sub-bandis
charactezedas aconjoined higkfrequerty componenin the vertical direction ana low-frequercy
component irthe horizontal direction by wavelet and scaling functions, respectigey|[ Usingthe
DWT with threelevel decomposition, 64 stdpace regions are obtained, and the mean and STD
values in each subpace region are extracted as global features. From the DWT image, 128 features
(2 (mean and STD in each sapace region} 64 (subspace regions)) are obtainedhich are
normalizedby min-max scaling. Taleterminethe matching score based on the global features of the
enrolled and inpufinger-vein images, the matching score of the Euclidean distance (ED) can be
calculated as follows:

(10

where pP;, G;, andM indicate the enrolled and input global features, and the number of global features
(128), respectively.

3. Experimental Results

Two fingervein image databasewere used ¢ verify the accuracy ofingervein recognition
using the proposed algorithm. Databaseohtained imageaptured by a devicenade in our
laboratory, which comprised images of 33 people and the total number of images 8% 3
(33 people x10 classe$10 fingers per persom 10 images (10 per finggr)The image resolutiowas
640 x 480 pixels 6,17,20]. Figure 17 shows thefinger-vein imagecapture device usetd produce
database, lwhich comprisedsix NIR illuminatorsat 850 nm anda webcam The width, height, and
depth of the devicevere 43 mm, 100mm, and 42 mm, respectivelfhe NIR illuminatorswere
positionedon opposite side of the camerdor the following reasos. If the NIR illuminators were
positioned at the sidef the finger, the camemould capture thdinger-veinimage while the fingeis
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illuminated fromthe side. In this casehowever,the uniformity of illuminationwould bedegradd
throughoutthe entire finger arealhus the image qualitywould beworse than thabbtainedwhen
positioning the NIR illuminatarabovethe fingeb slorsal sidewhich was the position used four
device(Figure 17.

Figure 17. Theimagecaptue devicemade inthe laboratory, which wassedto obtainthe
finger-veinimages in database I.

NIR illuminators

Finger-vein image
capturing device

Camera for capturing
finger-vein image

Database Il comprised&L6 fingervein images (106 people & classes (index, middle, and ring
fingers of both hands) x6 images (per finges))d the image resolution w820 x 240 pixels 21].
The equal error rate (EER) was measured to compare the accuracy ef/@mgezcognition using the
proposed quality er@mcement method and a previous method. The EER is the error rate when the false
acceptance rate (FAR) is most similar to the false rejection rate (FRR). The FAR indicates the error
rate of norenrolled people being incorrectly recognized as enrolled perddre FRR denotes the
error rate of enrolled people being rejected incorrectly asenoolled peopled,17,20]. For database
I, the numbers of authentic and imposter matches were 14860 x 330 and 5,428,500
(3302 T 14,850) respectively. Fodatabase I, there were580 (sC, x 636) authentic matches and
7,269,480(351C2 T 9,540)imposter matched$n database |, the number of image each class (finger)
was 10. The number ofimages usedor enrollmentwaschangedn the 10 imagesand thereforethe
number of authentic matek with these 10 imagewas 10C,. In addition, because the number of
classeswas 330 (33 peoplex 10 classes (10 fingers per persorihle total number of authentic
comparisonsvas 14,850 ((C, x 330). The imposer comparisonsvere performedusingentire images
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excluding the authentic comparisorsnd therefore, the number of imposter comparisom&as
calculated as 5,428,50&d/C. 1 14,850).

For database Il, the number of image per class (fing&g 6. The number ofimages usedfor
enrollmentwaschangedn the six images,and thereforethe number of authentic magtwith these
six imageswas ¢C,. In addition, because the number of classas 636 (106peoplex 6 classes
(index, middle, and ring finger®f both hands)),the total number of authentic comparisons
was 9,540 ¢C, x 636). The imposter comparisongere performedusing entire images excluding
the authentic comparisongnd thereforethe number of imposter comparisomsgas calculated
as 7,26A80 gs16C2 1 9,540).

Figures 18 and 19 show the mean and STD valués vein lines and skin regios using the
proposed methodith images frondatabase | and database I, respectively.

Figure 18. Comparison othemean and STD values of the vein line and skin region using
the proposed methodith an image frondatabase I:&) original imageof the detected
finger boundaries(b) Gabor filtered image(c) Retinex filtered image with a sigma value
of 20, and @) imageproducedusing the fuzzybased fusion method with LOM and the
Min rule (proposed method).
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Figure 19. Comparison of the mean and STD values of a vein line and skin region using
the proposed method f@n image fromdatabase II: g) original imageof the detected
finger boundaries(b) Gabor filtered image(c) Retinex filtered image with a sigma value

of 20, and @) imageproducedusingthe fuzzy-based fusion method with LOM and the
Min rule (proposed method)
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The mean values of the vein line regions of the Gabor filtered images are lower than those in the
original images, whereas the STD values of the vein line regions of the Gabor filtered images are
higher than those in the originahages. In addition, the mean and STD values for the skin regions of
the Gabor filtered images are similar to those of the original images. This indicates that the vein lines
in the Gabor filtered images are more distinct than those in the skin regiorteeHeetinex filtered
image, both the mean and STD values of the vein line regions are higher than those in the original
image. This shows that the contrast between the vein lines and skin regions in the Retinex filtered
images is much higher than thattlme original images. However, the Retinex filtered image has a
problem because the noise is increased in the skin region, which is confirmed by the increase in the
STD for the skin area of the Retinex filtered image compared with the original ifFiggees18d and
19d show enhanced images obtained with the fdzased fusion method using LOM and the Min rule.

A comparison of the means and STDs of the vein and skin areas in these images confirms that the
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proposed method reduces the noise in the skin regidrenhances the contrast between the vein line
and skin region.

3.1 Experimental Resultsith Database |

3.1.1 Comparison of thémages Processdy GaborFiltering, RetinexFiltering, andthe
Proposed Method

The proposed method was tested usirfgua-directional Gabor image and a Retinex image with
sigma values of 10, 15, 20, 25, andffgin database. I[Figure 20 shows thenbanced imagesbtained
by the fuzzybased fusion of the Gabor filtered image and Retinex filtered image with a sigma value
of 20. Figure20ci d shows enhanced imagesbtained usinghe fuzzybased fusion methoeshere the
two imagesproducedafter Gabor filtering Kigure 20a) and Retinex filtering with a sigma value
of 20 (Figure 20b) were combinedvith various defuzzificatiormethods based on the Min rule. The
imagesshownin Figures 20ci d were enhanced bgeducingthe noise and increasing the distinction
between the vein line and skin region.Higure 20d, the noisavas reduced morm the skin region
compared withthe other enhanced images because the LOM defuzzification method selects the last
output weight value (among all output values), which is relatively close to 1.

Figure 20. Enhanced imagegroducedusing the proposed method with fedirectional
Gabor fitering and Retinex filtering with a sigma value of R@sed oran image from
database |:d) Gabor filtered image(b) Retinex filtered image with a sigma value of 20
(c) Fuzzy FOM based on the Min ruléd) Fuzzy LOM based on the Min ryle
and(e) Retinex filtered image with a sigma value of 50

(b)

(d)
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Figure 20.Cont.

Therefore, the weight value of the Gabor filtered image is larger than that of the Retinex filtered
image, as shown iRigure 11, and the noise is reduced by Gabor filtering. However, the contrast of the
vein line was increased more in the images showrigare 20c compared with the other enhanced
images by FOM defuzzification because the FOM method selects the first output vedigh(among
all output values), which is relatively close to 0. Therefore, the weight value for a Retinex filtered
image is larger than that of a Gabor filtered image, as showigume 11, and the contrast of the vein
line is increased. The sigma valoieRetinex filtering determines the size of the Gaussian filter. It was
confirmed that the noise was reduced in a Retinex filtered image with a sigma valugigiuse 20e)
compared with a sigma value 20 (Figure 2®). In addition, the image qualityf the image produced
was increased compared with the original and the Gabor and Retinex filtered images, as shown in
Figure 20. The lowest EER was obtained wiluzzyL OM based on the M rule and we illustrate this
in Figure 20d.The highest recognitioncauracy with database | was obtained using the LBP method
and Retinex filtering with a sigma value of 20, as showntha following tablesand figures and
therefore, we illustrate the image produced by Retinex filtering with a sigma value of 20.

3.1.2 Comparison of the Accuracy of Fing€ein Recognition Using the LBP Method

As shown in Table}, the recognition accuracy of the proposed method based on-difectional
Gabor filtered image and Retinex filtered image with sigma values of 10, 15, 2an@%50 was
compared using images from databasEhke recognition accuracy is expressed in ternmiSER based
on an LBP operatoiThe recognition accurgof Retinex filteredmages with sigma value of 15 50
wereenhanced by reducing the noise in thm skgion compared with the Retinex filtered image with
a sigma value of0.

As shown in Table 4the lowest EER (1.6561%) was obtained by combining Gabor and Retinex
filtered images with a sigma value of 20 and udumyy-based fusiorfMin + LOM method) which
was lower than that for the originagbabor or Retinex filtered imagedn addition the recognition
accuracywith the proposed method was increased with all sigma values for Retinex icoagesred
with the originaj Gabor or Retinex filteredmages as shown in Table &igure 21 shows thesceiver
operational characteristic (ROC) curves for the proposed method using a Gabor filtered image and &
Retinex filtered image with a sigma value 20; which demonstrates that the proposed method
outpeformed other method3he genuine acceptance réBAR) was calculated as 100FRR (%).
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Table 4. Recognition accuracysing the proposed method with Gabor filtering and
Retinex filtering, with varioussigma value, and a LBP operator in terms of EER for

images from databaséunit: %).

Sigma Value
Method 10 15 20 25 50

Original image 3.0957

Gabor filtering 2.4564
Retinex filtering 3.1163  2.2406 1.9943 1.9628 2.2665
FOM 2.8444  2.0907 1.8917 1.8809 2.2875
Fuzzy Min rule LOM 2.0971 1.6714 1.6561 1.7312 2.1336
(Gabor + Retinex) MOM 2.5221  1.9813 1.7711 1.7549 2.2216
MeOM 2.5568  1.8881 1.7948 1.7513 2.2414
COG 2.5501  1.8498 1.7747 1.7803 2.1826
FOM 2.6480  1.9548 1.8337 1.8131 2.2115
Fuzzy Max rule LOM 2.2569  1.7729 1.6718 1.7184 2.1920
(Gabor + Retinex) MOM 2.5300 1.9000 1.7551 1.7527 2.2166
MeOM 2.3536  1.8121 1.7286 1.7011 2.1622
COG 2.5560 1.8582 1.7749 1.7681 2.1911

Figure 21. ROC curvesobtained usinghe proposed method with Gabor filtering and

Retinex filtering with a sigma value d20, and a LBP operator fomages frondatabase. |

—— Original image
Gabor filtering

---- Retinex filtering (sigma 20)
—— Fuzzy LOM based on Min rule (proposed method)
Fuzzy LOM based on Max rule (proposed method)
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3.1.3 Comparison otheFingervein Recognition Accuracy UsinQaubechiesVavelet Method

To demonstrate that the proposed method can enhance the recognition accuracy reddhdess
type of recognition algorithm used, additional experiments were conducted fisgeg-vein
recognition based omDaubechies waveleTable5 shows the fingervein recognition accuracy for an
original image, Gabor filtering, Retinex filtering, and the proposed method based on images from
database I. As shown in Table fuzzy-based fusion using the proposed method increased the
recognition accuracyompared with the original image and both Gabor and Retinex filtering. In
addition, the accuracy comparison shown in Tdblmdicates that the lowest EER obtained was
17.1340%, which was achieved by the proposed fzmsed fusion method with Gabor and iRex
filtering (sigma value of 10) using FOM and the Max rule, as shown in badndFigure 22.

Table 5. Recognition accuracyf the proposed method with Gabor filtering and Retinex
filtering, with varioussigma valus, and a Daubechies wavelet in teraisEERfor images
from database (unit: %).

Sigma value
Method 10 15 20 25 50

Original image 22.1564

Gabor filtering 21.0246
Retinex filtering 17.6892  19.1360 20.4271 21.2442 22.6522
FOM 17.6550 18.9607 19.9225 20.6797 22.0395
Fuzzy Min rule LOM 18.2462  19.1647 19.8896 20.2432 20.8612
(Gabor + Retinex) MOM 17.2971 185995 19.6813 20.4106 21.3814
MeOM 17.2776  18.5480 19.7489 20.3397 21.4183
COG 17.2790 18.6564 19.6560 20.4020 21.4573
FOM 17.1340 18.5820 19.7045 20.5765 21.7044
Fuzzy Max rule LOM 17.6858 18.6977 19.6775 20.1349 21.1535
(Gabor + Retinex) MOM 17.2861 18.5965 19.6664 20.4055 21.3796
MeOM 17.1869  18.5296 19.6425 20.3179 21.4062
COG 17.2500 18.6302 19.7060 20.3905 21.4376

3.1.4 Comparison of Fingevein Recognition Accuracy Using a Haar Wavelet Method

To demonstrate that the proposed method can enhance the recognition accuracy regardless of th
type of recognition algorithm used, additional experiments were conducted using-vinge
recognition based on a Haar wavelet. Tabkhows the accuracy of fingevein recognition for the
original image, Gabor filtering, Retinex filtering, and the proposed method using images from database |
Table 6 confirms that fuzzybased fusion using the proposed method increased the recognition
accuracy compared with the original image and both Gabor and Retinex filtering. A comparison of the
accuracies in Tabl& shows that the lowest EER was 17.2472%, whicls wehieved using the
proposed fuzzypased fusion of Gabor and Retinex filtering (sigma value of 10) based on MeOM and
the Max rule, as shown in TaleandFigure 23.
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Figure 22. ROC curve®btained usinghe proposed method with Gabor filtering and Retin
filtering, with a sigma value of 1@nd a Daubechies wavelet forages frondatabase. |
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Table 6. Recognition accuracgf the proposed method with Gabor filtering and Retinex
filtering, with varioussigma valus, and a Haar wavelet in terms of tB&R for images

from database (unit: %).

SigmaValue
Method 10 15 20 25 50

Original image 21.9457

Gabor filtering 21.0902
Retinex filtering 20.2605 19.9946 20.1749 20.2424 21.1762
FOM 18.2522  18.5999 19.2453 19.7527 20.6428
Fuzzy Min rule LOM 18.1611  18.3407 18.7428 19.0482 19.9215
(Gabor + Retinex) MOM 17.3471 18.1422 18.7486 19.2664 20.2761
MeOM 17.3105 18.0367 18.6332 19.2486 20.2888
COG 17.3556  18.0572 18.7200 19.3121 20.2168
FOM 17.6965  18.2328 18.7112 19.1041 20.1956
LOM 17.5980 18.4322 19.1212 19.5938 20.3843

Fuzzy Max rule

(Gabor + Retinex) MOM 17.3273  18.0621 18.7441 19.2559 20.2573
MeOM 17.2472  18.0280 18.7272 19.2473  20.3109
COG 17.3116  18.1001 18.7230 19.3365 20.1999
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Figure 23. ROC curvesobtained usinghe proposednethod with Gabor filtering and

Retinex filtering with a sigma value of 1@nd a Haar wavelébr images frondatabase. |
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3.2 Experimental Results with Database II

3.2.1 Comparison of Images Processed Using Gabor Filtering, Retinex Filtering, and the

Proposed Method

To demonstrate the increased recognition accuracy with the proposed method regardless of the typ

of database used, additional experiments were conductbdimdtges from database Figure 24

shows the images produced with the proposed method using Gabor filtered images and Retinex filtered

images with sigma values of 1&r images from database Il

Figure 24. Enhanced images obtained using the proposedaahethth fourdirectional
Gabor filtering and Retinex filtering with a sigma value Bfuking images from database
II: (a) Gabor filtered image(b) Retinex filtered image with a sigma value ;1
and €) Fuzzy FOM based on theadrule.
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The imageproduced using the proposed methagte enhanced compared with the original and the
Gabor and Retinex filtered images, as showRigure 24. The lowest EER was obtained wiuzzy
FOM based on the &k rule, as shown inTable 7 thus, we illustrate this case in Figure 24c.
In addition,the highest recognition accuracy obtained by the LBP method was with Retinex filtering
and a sigma value of 15 for images from database Il, as shown in Tablé-igame®5, and therefore,
we orly show an image produced by Retinex filtering with a sigma value of 15.

Table 7. Recognition accuracyf the proposed method with Gabor filtering and Retinex
filtering usingvarioussigma valuse and a LBP operator in terms tife EER for images
from datalasell (unit: %).

SigmaValue
Method 10 15 20 25 50

Original image 8.1231

Gabor filtering 6.3478
Retinex filtering 3.6255 3.3674 3.2498 3.6085 5.4432
FOM 3.4471 3.2076 3.2161 3.5351 5.2578
Fuzzy Min rule LOM 3.1880 3.1467 3.3996 3.7709 5.4413
(Gabor + Retinex) MOM 3.3134 3.1503 3.2830 3.5735 5.3588
MeOM 3.3339 3.1536 3.3138 3.5187 5.2382
COG 3.2849 3.1951 3.2677 3.5347 5.3445
FOM 3.2984 3.0846 3.1019 3.4455 5.1466
LOM 3.2029 3.1909 3.3226 3.7220 5.4485

Fuzzy Max rule

(Gabor + Retinex) MOM 3.3111 3.1406 3.2919 3.5345 5.2446
MeOM 3.3391 3.1480 3.2722 3.5497 5.2568
COG 3.2609 3.1820 3.2468 3.5004 5.3041

Figure 25. ROC curvesobtained usinghe proposed method with Gabor filtering and
Retinex filtering, with a sigma value 05,Jand a LBP operator for images from database I



