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Abstract: This paper presents a new approach to improve the performance of finger vein identification
systems presented in the literature. The proposed system simultaneously acquires the finger vein and
low resolution fingerprint images and combines these two evidences using a novel score level
combination strategy. We examine the previously proposed finger vein identification approaches and
develop a new approach that illustrates it superiority over prior published efforts. The utility of low
resolution fingerprint images acquired from a webcam is examined to ascertain the matching
performance from such images. We develop and investigate two new score level combinations, i.e.,
holistic and nonlinear fusion, and comparatively evaluate them with more popular score level fusion
approaches to ascertain their effectiveness in proposed system. The rigorous experimental results
presented on the database of 6,264 images from 156 subjects illustrate significant improvement in the
performance, both from the authentication and recognition experiments.
1. Introduction
Automated human identification using physiological and/or behavioural characteristics, i.e. biometrics, is
increasingly mapped to new civilian applications for commercial use. The tremendous growth in the demand
for more user friendly and secured biometrics systems [1] has motivated researchers to explore new
biometrics features and traits. The anatomy of human fingers is quite complicated and largely responsible for
the individuality of fingerprints and finger veins. The high individuality of fingerprints has been attributed to
the random imperfections in the friction ridges and valleys which are commonly referred to as minutiae or
level-2 fingerprint features [19]. The acquisition of such minutiae features typically requires imaging
resolution higher than 400 dpi. The conventional level-1 fingerprint features, which illustrate macro finger
details such as ridge flow and pattern type, can be extracted from the low resolution fingerprint images. Such
features are useful for fingerprint classification, although the commercially available automated fingerprint
identification systems barely utilize such level-1 features. The utility of such features, which can be more
conveniently be acquired from the low resolution (webcam) images or at a distance [36], deserves attention
for its possible usage in personal identification for civilian and/or forensic applications. The images at such
low resolution typically illustrate friction creases and also friction ridges but with varying clarity.
Several biometrics technologies are susceptible to spoof attacks in which fake fingerprints, static
palmprints, static face images can be successfully employed as biometric samples to impersonate the
identification. Therefore several liveness countermeasures to detect such sensor level spoof attacks have been
proposed [1], [28]; for example finger response to electrical impulse [20], finger temperature and
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electrocardiographic signals [21], time varying perspiration patterns from fingertips [22], and percentage of
oxygen saturated hemoglobin in the blood [23]. Despite variety of these suggestions only few have been
found suitable for online fingerprint identification and these techniques require close contact of respective
sensors with the fingers, which makes them unsuitable for unconstrained finger images or when the
presented fingers are not in close proximity with the sensors. In this context, the fingervein images acquired
from the near infrared or thermal infrared based optical imaging offers promising alternatives. The
application of other techniques such as ultrasonic scanning using high frequency transducer, x-ray imaging,
computerized tomography and magnetic resonance imaging could also provide valuable finger image data
for the personal identification. However, the optical imaging techniques are not only economically feasible
but are also sensitive to detect (subsurface) close-to-skin as well as the deeper tissue features/characteristics.
The infrared illumination interacts with finger tissue at micro vascular level as the transport of photons in the
corresponding medium is based on the spatial variation of the refractive index in the tissue medium.

1.1 Motivation and Related Work
The blood vessels, as part of circulatory system, transport blood throughout the body to sustain the
metabolism, using a network of arteries, veins and capillaries. The usage of such vascular structures in the
palm, palm-dorsal and fingers has been investigated in the biometrics literature [2]-[9], [33]-[35] with high
success. The finger vein patterns are believed to be quite unique, even in case of identical twins and even
between the different fingers an individual. There are two key factors that are cited for the preference of
finger vein biometrics; firstly, the finger veins are hidden structures, it is extremely difficult to steal the
finger vein patterns of an individual without their knowledge and therefore offering high degree of privacy.
Secondly, the usage of finger vein biometrics offers strong anti-spoofing capabilities as it can also ensure
liveness in the presented fingers during the imaging.
Personal identification using finger vein patterns has invited lot of research interest [1]-[9] and currently
several commercial products are available for civilian applications [24], [29]-[30]. The biometrics
identification from finger vein patterns using normalized cross correlation of finger vein images is detailed in
[7]. Miura et al. [5] have further improved the performance for the vein identification using repeated line
tracking algorithm. The robustness in the extraction of finger vein patterns can be significantly improved
with the usage of local maximum curvature across the vein images and is detailed in reference [6] with
promising results. Wu and Ye [3] have successfully investigated finger vein identification using Radon
transform based statistical features and probabilistic neural network classifier. However the database
employed in this work is too small to generate reliable conclusion on the stability of such features in the
noisy vein patterns. The curvelet based extraction of finger vein patterns and its classification using backpropagation neural network is described in [4]. The performance from this approach is shown to be very high
but the key details of their implementation are missing in the paper. Lee and Park [2] have recently
investigated the restoration of finger vein images using point spread function. Authors suggest significant
improvement in the performance for the vein identification using such restored finger images. The finger
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vein imaging setup illustrated in [2]-[4], [7]-[9] is rather constrained and restricts the rotation or the
movement of fingers during the imaging. A survey of prior work on finger vein identification suggest that
although researchers have illustrated highly promising results, this area lacks systematic study, comparative
evaluation of performance from (would be promising) previously proposed approaches and importantly there
is no publicly available finger vein database that researchers can utilize for performance comparison and
benchmarking.
Human hands are easier to present, convenient to be imaged, and can reveal variety of features that can
be observed with variety of illuminations (visible, near infra red, thermal infrared) and in wide range of
imaging resolutions. In addition to fingerprints features [19], the palmprint [27], finger knuckle [15] and
hand geometry [1] acquired in visible illumination, palm-vein features acquired from near infrared [35] and
far infrared [33] imaging, has invited lot of attention from researchers and developers over the last decade.
Recently the usage of low-resolution face images using mobile phones and video have been explored with
promising results [38]-[39]. The conventional fingerprint identification is generally achieved with high
resolution (over 400 dpi) imaging and offers strong identification capabilities. The usage of low-resolution
finger images (less than 75 dpi), that can be acquired from traditional webcam installed in laptops and mobile
phones, also deserves more rigorous efforts to ascertain its utility in human identification for civilian and
forensic applications.

1.2 Our Work
The individuality of fingerprints can be largely attributed to the anomalies in the friction ridges (e.g. ridge
endings, bifurcations, etc.) which can be acquired when the imaging resolution is higher than 400 dpi. The
low resolution finger images that can be typically acquired from the webcam imaging often illustrate finger
flexion creases and also the friction ridges which are rather blurred, i.e., inadequate to clearly extract the
ridge endings and bifurcations. Despite poor image clarity (or stability), such finger surface texture features
can be jointly acquired and exploited for personal identification as investigated in this paper. The generic
vascular network is highly unique in human fingers and varies from thick to thin. However, the quality of
finger vein images can vary across the user population, depending upon the physiological composition,
gender, medical conditions, e.g. anemia, hypotension, hypothermia, etc. [31-32]. The quality of finger vein
images can be highly influenced by the imaging conditions; vein patterns can be distorted from the finger
pressure in conventional setup [2]-[4], [8]-[9] while unconstrained imaging, attempted in this paper, can
introduce high intra class variations (more discussion in section 9). Therefore it is judicious to
simultaneously acquire the finger vein and finger surface images for more reliable personal identification.
The main contributions from this paper can be summarized as follows.
Firstly, a new approach for personal identification that utilizes simultaneously acquired finger vein
and finger surface (texture) images is presented. Our experimental results illustrate significantly
improved performance that cannot be achieved by any of these images employed individually. The
experimental results on 6,264 images from 156 subjects database acquired over a period of 11 months
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suggest that the proposed approach outperforms previously proposed approaches considered in this work.
Another related contribution of this paper is on the development of new approaches for both the finger
vein and finger texture identification, which achieves significantly improved performance over
previously proposed approaches (refer to section 9 for more details). Our finger vein identification
approach utilizes peg-free and more user friendly unconstrained imaging. Therefore the steps for the
acquired finger vein image normalization, rotational alignment, and segmentation to effectively minimize
resulting intra-class variations in the finger images are also developed. The unconstrained finger texture
imaging with low resolution webcam presents high rotational and translational variations. Robust image
normalization scheme is developed, rotational and translational variations are also accommodated in our
matching strategy, which results in significantly improved performance. In this context, the rigorous
experimental analysis to ascertain the performance tradeoff is also presented.
Secondly, this paper investigates two new score level combination approaches, i.e., holistic and nonlinear
fusion, for combining finger vein and finger texture matching scores. We comparatively, evaluate the
proposed fusion approaches with the sum, average, product, weighted sum, likelihood ratio and DempsterShafer fusion. Our experimental results consistently suggest the superiority of the proposed fusion approach
over the other approach approaches considered in this work.
Finally, or most importantly, we provide the acquired finger image database freely available [26] for
benchmarking/comparison and further/promote research in this area. In this context our effort compliments
recent efforts, as in [25] in this journal, as currently there is no finger vein image database publicly available
for the researchers elsewhere.
The rest of this paper is organized as follows: section 2 presents the details on our unconstrained imaging
setup and also the block diagram of entire system that simultaneously uses finger texture and finger vein
images for the human identification. Section 3 presents details on the pre-processing steps for the acquired
finger vein images, which include localization, segmentation, alignment and image enhancement. The details
of finger vein feature extraction methods considered in this work are provided in section 4. Section 4.1 and
4.2 describes the proposed finger vein feature extraction and matching approach. The pre-processing steps
for the simultaneously acquired finger texture images are detailed in section 5; section 6 and 7 illustrate the
feature extraction and matching strategy employed for those images. The score level combination approaches
are described in section 8. The rigorous experimental results from the proposed and prior approaches are
presented in section 9. Section 10 compliments the results section with critical discussion and analysis on the
stability of finger vein patterns. The key conclusions from this work are summarized in section 11.

2. Block Diagram and Finger Imaging
The block diagram of the proposed system is shown in figure 1. The fingers presented for the identification
of subjects are simultaneously exposed to webcam and infrared camera as illustrated from the device of our
imaging device in figure 2 (a). The dorsal side of finger is exposed to the near infrared frontal surface

illuminators, using light emitting diodes whose illumination peaks at 850 nm wavelength, while the
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Figure 1: Block diagram for personal identification using simultaneous finger vein and finger texture imaging.
frontal surface entirely remains in the contactless position with both of the imaging cameras. Although our
imaging system is unconstrained, i.e., it does not use any pegs or finger docking frame, it may not be
designated as completely touchless*. This is because the user often partially or fully touches the finger dorsal
surface with the white diffusion background which holds the infrared illuminators beneath. The finger vein
and finger texture images are simultaneously acquired using the switching device/hardware that can switch
the infrared illumination at a fast pace. Figure 2 (b) shows a typical image samples acquired from our device
from a left index finger. The near infrared illumination incident on the finger dorsal surface is absorbed by
the braches of arteries, veins and hemoglobin in the blood. However, the scattering and the absorption
coefficients of bio-tissue is significantly different to that of blood for the infrared illumination [13]. The
higher scattering coefficient results in more path changes of incident inferred illumination from the blood
than those resulting from the surrounding tissues. Therefore, it is scattering from infrared illumination, rather
than absorption, that dominates and results in darker appearance of finger vein patterns.

(a)

(b)

Figure 2: (a) Unconstrained finger identification using near infrared camera and webcam imaging; (b)
simultaneously acquired image samples from the imaging device.
The acquired finger vein and finger texture images are firstly subjected to pre-processing steps which
automatically extract the region of interest (ROI) images while minimizing the translational and rotational
variations. These steps are detailed in section 3 and 5 for the finger vein and finger texture images
respectively. The enhanced and normalized ROI images are employed to extract features and then generate
*

The touchless imaging [19] ‘avoids direct contact between sensors and the skin to consistently preserve the ground truth
without introducing skin deformations during matching’.
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matching scores like conventional biometrics system. The combined matching scores are employed to
authenticate the user.

3. Finger Vein Image Pre-processing
The acquired finger images are noisy with rotational and translational variations resulting from
unconstrained (peg-free) imaging. Therefore the acquired images are firstly subjected to pre-processing steps
(figure 3) that include (i) segmentation of region of interest (ROI), (ii) translation and orientation alignment,
followed by (iii) image enhancement to extract stable/reliable vascular patterns. Each of the acquired finger
vein images is firstly subjected to binarization, using a fixed threshold value as 230, to coarsely localize the
finger shape in the images. Some portions of background still appear as connected to the bright finger
regions, predominantly due to uneven illumination. The isolated and loosely connected regions in the
binarized images are eliminated in two steps: firstly, the Sobel edge detector is applied to entire image and
the resulting edge map is subtracted from the binarized image. Subsequently, the isolated blobs (if any) in the
resulting images are eliminated from the area thresholding, i.e., eliminating number of connected white
pixels being less than a threshold. The resulting binary mask is used to segment region of interest from the
original finger vein image. Figure 4 shows image samples from pre-processing steps that automatically
ensures reliable segmentation of region of interest.

Figure 3: Block diagram illustrating key steps employed for the preprocessing of acquired finger vein images.

(a)
(b)
(c)
(d)
(e)
Figure 4: Extraction of ROI from finger vein images: (a) acquired image sample, (b) binarized image, (c)
edge map subtracted from (b), (d) ROI mask from image in (c), and ROI finger vein image.
3.1. Coarse Finger Localization and Alignment
The extraction of ROI discussed above works well in most cases. However, there are some low quality
images that illustrate portions of finger while some images present largely broken finger boundaries § .
Therefore such images require further processing. As shown in figure 5, such images are identified from the
number of white pixels (smaller than the threshold). The upper and lower boundaries of the finger can be

§

The broken boundaries predominantly results when user incorrectly presents his/her fingers for the imaging on neighbouring
areas where illumination is more uneven.
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attributed to the uneven illumination and/or imperfect placement of fingers during the imaging. Therefore the
vein images with low contrast and uneven illumination are subjected to nonlinear image enhancement. The
acquired images are firstly divided into overlapping 30  30 pixels sub blocks and average gray level in each
of the blocks is computed. This average gray level is then used to construct average background image using
bicubic interpolation. The segmented finger vein images also include automatically filled background area
that does not have any useful details and thus direct partitioning of image into sub blocks results in the biased
estimation of background illumination. Therefore, the average gray level of each sub blocks is computed as
follows:
∑

,

,

,

0

,
,
,
(3)
0,
where B is the image sub block, M is the sub set of B that contains all the foreground pixels, i.e. those pixels

whose values are not equal to the filled/fixed background pixel value, Ibg represents the background pixel
represents the cardinality operator that yields number of elements inside. The

intensity values while

resulting image is then subjected to the local histogram equalization to obtain the final enhanced vein image.
As shown in figure 6, the image enhancement has been quite successful in improving the contrast and details
of acquired images.

4. Finger Vein Feature Extraction
The normalized and enhanced finger vein images from the imaging setup depict vascular network with
varying thickness, clarity and ambiguity on the topological imperfections/connections. The extraction of
finger vein features using repeated line tracking [5] and maximum curvature [6] has been suggested with
promising results. In this paper, we systematically develop a new approach for the finger vein feature
extraction using Gabor filters. In addition, we also investigate a new feature extraction approach using
matched filters as the matched filters have been successfully utilized for the enhancement of retinal features
in [10]. The details of the employed feature extraction methods are provided in the following section.

4.1. Finger Vein Matching using Gabor Filter and Morphological Processing
The Gabor filters are inspired by the multichannel processing of visual information in the biological model
of human visual system and are known to achieve the maximum possible joint resolution in spatial and
spatial-frequency domain [11] have been effectively utilized by researchers to develop texture and object
segmentation paradigm [42]. In this work, we propose to formulate the framework for the finger vein feature
extraction using multi-orientation Gabor filters. The morphological operations are further employed to
enhance the extracted vein structures.

4.1.1. Gabor Filters for Feature Extraction
The analytical form of 2D even Gabor filters in spatial domain [42] can be expressed as
| |

(4)
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where p, p0, m  R2, C is a 2  2 positive definite covariance matrix and |C| = det C. The horizontal and
vertical spatial coordinates are represented by vector p = [x, y]T while vector p0 = [x0, y0]T stands for the
translation of origin. The spatial modulation frequency m is however is only in one direction since we only
use the Gabor filters to detect width and length. The coordinate transformation

Σ pn and

Σ p0 is

used to obtain self similar even Gabor filters for different orientations using,

cos
sin

Σ
The angle

sin
cos

(5)

rotates the Gabor filter for the desired orientation. The power spectrum sampling of each of the

finger vein images using a set of self similar even Gabor filters is performed in this work. The self similar
filters are obtained by the rotation of even Gabor filter in Ω intervals, i.e. from 0, π/Ω, 2π/Ω to (Ω

1 π/Ω.

The generation of combined feature map can be described as follows:

,
where

,

max

,

, ,..Ω

represents zero mean

,
,

, i.e., obtained by subtracting the mean values,

(6)
represent

convolution operation and v(x, y) is enhanced vein image (output from section 3.2). Therefore, the
computational complexity of this method is only a linear factor Ω times the complexity of convolution. The
figure 7 (e) shows the combined output from the set of even Gabor filters and it can be observed from this
sample image that the extracted vein structure fits quite well in the original image vascular topologies and
the accompanying noise is suppressed very well.

4.1.2. Morphological Operations and Feature Encoding
The venous patterns in the combined output image f(x, y) are subjected to morphological operations to
further enhance the clarity of vein patterns. The morphological operations typically are of low computational
complexity and compare a vein image with another known object, i.e., structuring element. The shape and
size of this structuring element is chosen from the priori knowledge for the purpose of object detection and
noise elimination. The morphological operations employed in this approach can be represented as follows:

,
where

,

,

represents grey-scale erosion and

(7)
represents grey-scale dilation by structuring element b. The

opening operation, i.e., erosion followed by dilation, helps to smooth the contours, breaks narrow isthmuses,
and eliminates small islands and occasional sharp peaks in f(x, y). The top-hat operation resulting from (7)
has been found useful to highlight objects in the dark background. We employed a square structuring
element with the side length of r to effectively suppress the noise. The thin vein patterns are enhanced after
this top-hat operation (lower and right regions in figure 7.f), some unnoticeable part from the original
extracted image are also enhanced (middle part regions in figure 7.f). In addition, this method accentuates on
the structural information of the vein, since all the extracted veins/lines are of nearly the same width after
applying this top-hat transformation. We then encode the phase information from the resulting feature map
image z(x, y) as follows:
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In addition, the feature map generated using equation (6), i.e., f(x, y), can also be encoded using equation (8)
and employed to generate the matching scores using the approach as discussed in the following.

4.1.3. Generating Finger Vein Matching Scores
The matching scores between two finger vein feature vectors should be robust to accommodate the
translational and rotational variations in the normalized vein images. These variations are often caused by
inaccurate (non-ideal) presentation of fingers in our imaging setup or due to the inaccurate localization and
normalization. Therefore the matching score scheme devised in this work attempts to compute the best
matching scores between two images while accounting for such possible spatial shifts and rotation. The
matching scores between two binarized feature map R and T are generated as follows:
∑
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where m and n represent the width and height of the feature template respectively. The registered feature
image is represented as

with width and height expanded to 2

and 2
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where tw and th are the constants introduced to control the translation distance over horizontal and vertical
directions.
The background of the feature map is relatively large and this part (the background that is not occupied
by the finger) will contribute a lot of errors during the matching stage. Therefore, it is judicious to employ
mask that indicates the effective finger area during matching so that the non-informative mismatches can be
eliminated. These masks are automatically generated while filling the background region during the
normalization stage, in other words, whenever the pixel intensity values are not equal to the filled
background value, that position is regarded as finger area. Therefore, the generation of mask can be
mathematically illustrated as follows:
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where I represents for a given normalized finger vein image. The generation of matching scores using the
corresponding masks can be described as follows:
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where MR and MT represents the corresponding masks for the registered image R and test image and T
respectively, and the operator

is defined as following:
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4.2. Matched Filter
The key motivation for investigating matched filters is to explore a group of 1-D Gaussian functions to
match finger vein of cross section profiles. The employed Gaussian functions are rotated in different
orientations and only the maximum response is utilized. Such functions, with fixed orientation, can be
represented as follows [10]:

,
exp
for
/2
(16)
where E is the extent that the vessel is assumed to have a fixed orientation. This kernel function G(x,y) is
further rotated in different orientations ( Ω in our case). Figure 7 (b) shows resulting image from the
employed matched filter. It can be ascertained from this image that vein structures are enhanced, however,
the background noise is also highlighted which could generate spurious matching from the resulting vein
structures. The encoding and matching score generation were the same as detailed in the previous section.

4.3. Repeated Line Tracking and Maximum Curvature Extraction
The repeated line tracking method [5] gives a promising result in finger vein identification: the idea is to
trace the veins in the image by chosen directions according to predefined probability in the horizontal and
vertical orientations, and the starting seed is randomly selected, the whole process is repeatedly done for a
certain number of times. As its name suggests, maximum curvature method locate the position that possess
the maximum curvature from the image profile, and the profile are acquired in different direction; while all
points are extracted they are connected and combined according to the rules as detailed in [6]. Figure 7 (c)
and (d) illustrate typical output of the repeated line tracking and maximum curvature respectively.

Figure 7: Sample results from different feature extraction methods: (a) enhanced finger vein image, (b)
output from matched filter, (c) output from repeated line tracking, (d) output from maximum curvature, (e)
output from Gabor filters, and (f) output from morphological operations on (e).

5. Finger Texture Image Pre-Processing
The acquired finger texture images from the webcam (640  480 pixels) are firstly automatically reduced to
580  380 pixels gray level images since the cropped part does not provide any useful finger details. This
reduced size gray level image is employed for the preprocessing as shown in figure 8 and discussed in the
following section.

11
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(a)
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Fiigure 9: Loccalization off finger textuure regions; the originall image (a), the edge maap (b), and th
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(a)
(b)
Fiigure 10: Illlustration of localized rectangular region for finger textuure image (aa), and (b) the
t segmentted
finnger texture image.
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for that can acccount for hiigh translation
annd rotationall variations.

(a)
(c)
(b)
Figu
ure 12: Enhhanced finger texture im
mage (a), coorrespondin
ng feature map
m using (bb) LRT and (c) Gabor filters.
f
6.1. Localizeed Radon Transform
T
Thhe Radon trransform [177] is very efficient
e
in detecting
d
an
nd locating lines
l
in the image by integrating the
t
inntensity of thhe image in all
a possible/ppredefined orientations.
o
. The LRT iss efficient inn extracting line and currve
seegments in the
t local areea. The key idea is thatt the curved
d lines can be
b estimatedd by small piecewise
p
liine
seegments andd it integratees the intennsity value in
i a local reegion in all defined orrientations; but
b instead of
inntegrating alll the pixel values
v
insidee the local region,
r
only
y the pixels that fall into the confin
ned line widdth
arrea is integrrated, and the
t orientatiion that givves the max
ximum (or minimum
m
depending on
n the featurre)
inntegration vaalue is seleccted as the dominant direction.
d
An
A image representationn of extracted features is
shhown in figuure 12 (b), it can be seenn from the im
mage that th
he line-like features
f
in thhe left part of
o the imagee is
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well presentedd, however, for the regioon that havee highly curv
ved lines like shown in tthe right parrt of the imaage,
n so repreesentative.
thhe feature is not

6.2. Gabor Filter
F
based
d Orientatioons Encodiing
Thhis approachh is similar to as discussed in prevvious section
n however it
i uses a sett of even Gabor
G
filters to
coomparativelyy ascertain the texture orientationn. The orien
ntation of filter
fi
which generates the
t maximuum
response is enncoded usingg its directioon index [155]. This app
proach is alsso referred too as CompC
Code approaach
i reference [43]. In an attempt to generate
g
besst possible performance
p
on finger teexture imagees,
annd detailed in
we rigorouslyy evaluated various
v
com
mbinations of parameterss (on traininng data) andd report the correspondin
c
ng
mple feature map
m represeentation usinng this appro
oach is show
wn in figure 12 (c).
results. A sam

7.. Finger Teexture Mattching
Thhe finger texxture imagee features exxtracted are encoded ass orientationns (or index of direction
ns). Therefoore
eqquation (9), except for the replaceement of thhe operator

with thee Hammingg distance, is
i utilized for
f

geenerating maatching scorres between the
t two featture vectors//map.

Fiigure 13: Typical segm
mented fingeer texture im
mages‡ from
m our databaase illustratiing of translational andd
mn are from
m the same ssubject.
rootational varriations. The images inn each colum
7.1. Accomm
modating Rotational Variations
V
Thhe matchingg strategy** in
i equation (9) attemptss to address translation variations aand in both horizontal
h
annd
veertical directtions. Howeever, the noormalized annd enhanced
d finger texxture imagess also illustrrate rotationnal
vaariations, as can be obsserved from image sampples shown in figure 13. The rotattional variattions in fingger
texxture imagees are relativvely larger annd the minim
mum, maxim
mum and meean orientatiion alignmen
nt (section 5.1)
5
waas -14.41, 13.11 and 6.03 degreees respectivvely in our database. Therefore tto robustly address suuch
vaariations, wee enriched trraining sampples by incluuding their rotated trainiing samples at -6, -3, 3, and 6 degreees.

7.2. Blockwise Matchin
ng
Thhe matchingg scores geneerated from scheme in equation
e
(9)) generates global
g
texturre image maatching scorees.
Hoowever, thee matching scores amonng the locaalized sub fiinger texturre regions (iin two imag
ges) are moore
roobust to rotaations and loocal/partial distortions. Such localized matchinng scores shhould be mo
ore effectiveely
acccounted whhile matchinng low resoolution fingger texture images.
i
Theerefore we investigate a block-wiise
m
matching
scheeme and is detailed
d
in thhe followingg.

‡

Images arre enhanced foor better visuaalization.
If not exxplicitly mentiioned, the texxture matchinng scheme is the
t same as described
d
in ssection 7, i.e.. replacement of
operatorr in equatioon (9) with ham
mming distancce.

**
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Let G and V represent for registered and validation/probe finger texture template respectively, bw and bh
represent for the block width and height respectively, sx and sy stand for the amount of translation in
horizontal and vertical directions, and Iw and Ih denotes the width and height of the template. The generation
of combined matching scores using the block-wise matching strategy can be summarized as follows:
Function BlockwiseMatch(G, V, bw, bh, sx, sy)
B = ConstructBlocks(V, bw, bh)
for each block b in B do
for each
do
,
Align the upper-left corner of b to (bx+tx, by+ty) in G.
Calculate and store the mismatch into set M.
end
end
Matching score

∑

Function ConstructBlocks (I, bw, bh)
for each
1
,
1
do
then
if
else

1

end
if

then

else
1
end
Using
,
and
,
as top-left and bottom-right coordinate to construct
block from I and store it in set B.
Increase x and y by bw and bh respectively.

end
return B

8. Generating Combined Matching Scores
One of the key motivations in this work is to effectively integrate the observations from the simultaneously
acquired finger texture and finger vein images. The combination strategy selected or developed should be
robust and achieve significant performance improvement. These multiple observations can be combined at
feature, score, and at decision level. We selected score level combination as it is expected to achieve better
results than decision level combination as the decision level strategy often suffers from the loss of
information. Secondly, the score level combination allows each of the observation to operate asynchronously
which is not possible in feature level combinations (see [1], [41] for more details). Score level combination
has therefore emerged as the most popular level of combination and several strategies have been explored in
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the literature.
One of the highly successful strategies employs weighted combination of matching scores, as in [27], [37].
This approach searches for the linear combination that can provide best separation of the genuine and
imposter scores in the decision space and can be represented as follows:

̂

∑

,

where ∑

1

(17)

where sj represents the scores from jth matcher, wj denotes the weight that is assigned to jth matcher
(computed from the training data) and ̂ is the combined matching score. The Dempster-Shafer theory, based
upon the theory of evidence, combines evidence from different sources according to their degree of belief.
Briefly, let U represent the set that contains all the possible states from the multiple evidences, then 2U is the
power set of U that contains all the subsets of U. The values in the range of [0, 1] is assigned to each of the
elements in the power set with 0 representing no belief while 1 representing total belief in the corresponding
item. This process, summarized as a function – basic belief assignment (BBA), can be represented as follows:

∑
(18)
where m(P) is the mass of belief of P. The probability of the set of interest is bounded by two measures,
namely plausibility and belief, let Pr, bel and pl denotes the probability function, belief and plausibility
respectively, then:

,

∑

,

∑

1

(19)

According to the Dempster-Shafer theory, the evidences from two observations can be combined using the
following equation:
∑

(20)

∑

above equation can be recursively used for combining multiple evidences. Another promising approach for
combining matching scores is to employ likelihood ratio test using the explicit estimation of genuine and
imposter score densities obtained from the training data. The estimation of score densities can be efficiently
achieved using Gaussian mixture models (GMM) and such approach has shown [40] to offer superior
performance than several fixed combination approaches. Therefore we also investigated performance from
likelihood ratio based score level combination.
We now describe two new score level combination approaches, i.e., holistic fusion and nonlinear fusion,
that were attempted to more effectively combine the two matching scores from the finger images.

8.1. Holistic Fusion
This approach is developed and investigated to utilize the prior knowledge in the dynamic combination of
matching scores. Let sv, st and ̂ represent the matching score from finger vein, finger texture and combined
score respectively, and this holistic rule of score combination is illustrated as following:

̂

1

1

1

(21)

By using this equation, the final combined score have similar trend as the score from vein matching, i.e.
when the score from finger vein matching is high the fused score will also become high and vice versa. The
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factor  is selected to reflect the reliability of each modality or matching score. We choose the matching
score from finger vein as the controlling factor since the performance of finger vein matching is more stable
as compared to that of the texture.

8.2 Nonlinear Fusion
Our nonlinear score combination attempts to dynamically adjust the combined score according to the degrees
of consistency between the two matching scores, and is illustrated in the following:

̂
where c is a positive constant and fixed to 1 in our experiments,

(22)
is selected in the range of [1 2]. As the

equation suggests, when the two matching scores are consistent the final combined score is primarily
contributed by the vein matching score. On the contrary, while these two are inconsistent the final score is
contributed by the modulated joint probability (product) of two scores. We choose this combination scheme,
intending to involve information both from vein and texture as well as consider potential variation between
their matching scores. Firstly, in most circumstances it is expected that the two scores are more or less
consistent, and since the finger vein matching is more stable we incline to treat this score as the combined
score. We do not ignore the information from the texture matching score when they are consistent, however,
since the first item of the equation will become greater than one when the texture matching score is a little
larger and thus the final score will be even larger and vice versa. In other words, when the two scores are
consistent we use the score from texture to fine tune the final matching score. Secondly, based on our prior
knowledge, it is likely that the two matching scores will be inconsistent (with large difference) if one of the
finger texture or vein imaging is not proper, and thus the final score is mainly determined by the one that
have higher similarity score. A positive constant c is to ensure that the system is still able to make correct
decisions when one of the observation/modal fails (e.g. no vein is extracted from the finger vein image/
modal).

9. Experiments and Results
In order to ascertain the performance improvement using the proposed schemes, we performed rigorous
experiments on our own collected database since to the best of our knowledge there is no such database
publicly available.

Database
The finger image database employed in this work consists of 6,264 images acquired from 156 volunteers
over a period of eleven months (April 2009 – March 2010) using our imaging device as detailed in section 2.
In this dataset about 93% of the subjects are younger than 30 years. The finger images were acquired in two
separate sessions with a minimum interval of one month, maximum interval of over six months and the
average interval of 66.8 days. A total of 105 subjects turned up for the imaging during the second (time)
session. In each session, each of the subjects provided 6 image samples from index finger middle finger
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respectively, and each sample consisting of one finger vein image and one finger texture image from left
hand. Therefore, each subject provided 24 images in one session.

9.1. Experiments A
The key objective of this set of experiments was to ascertain the robustness of various algorithms when the
finger image data from both sessions was employed. The time span between data/imaging sessions is likely
to introduce variations in the images, mainly from temporal changes (if any, in vein and/or texture patterns)
and/or pose variations resulting from unconstrained finger imaging. Firstly, six finger images and six finger
texture images acquired during the first imaging session were employed to build up the training set while the
corresponding 12 images acquired during the second session are used as testing/validating data to ascertain
the performance. Therefore, the number of genuine score is 630 (105×6) and the number of imposter score is
65,520 (105×104×6) for each of the finger vein and finger texture matching. Secondly, the different fingers
from the same subjects were treated as belonging to different class (i.e. 210 classes), and the performance
was also ascertained using the same protocol as mentioned before which resulted in 1,260 (210×6) genuine
and 263,340 (210×209×6) imposter scores for each of the verification cases. The parameter  was fixed as
12 for all the experiments in this paper. The experimental results from various approaches (discussed in
section 4-5) using equal error rate (EER) is summarized in table 1-2 and table 3 respectively for vein and
texture matching. The receiver operating characteristics (ROC) for the corresponding performances is
illustrated in figure 14-15.
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The experimental results from table 1-2 suggest significant improvement in the performance (over 40%
in EER) from the proposed usage of masks for all the approaches except for the repeated line tracking. The
plausible reason for such performance improvement by masked matching scheme lies in the effective
elimination of false/erroneous matches outside the finger boundaries. In addition, the use of the masks makes
use of part of finger shape information and therefore the matching is more discriminable. It can also be
ascertained from table 2 and figure 2 that the proposed scheme using even Gabor filters with the
morphological processing achieves the best performance among all the approaches considered in this work.
Especially, the success of morphological approach may contributed by emphasizing on the shape/structure
features of the vein (see section 10.1), since after this procedure all the vein lines/curves are processed to
similar width. The repeated line tracking and the maximum curvature approach does not perform well. The
repeated line tracking approach has been shown to offer promising results [5], and even on unclear vein
images but has been argued in [6] for its limited ability to extract thin vein structure from vein images. The
poor performance (table 2 and figure 15) of line tracking and maximum curvature in the vein database [26]
can also be attributed to the fact that the ambiguous regions [5] contributed large areas in the extracted vein
feature representations. In other words, the matching from such ambiguous regions to either true background
or vein will not generate erroneous matches, and thus the distinction between genuine and imposter matching
score distribution may not be significant. The minutiae based matching approach [2] was also investigated in
this set of experiments, however the results were very poor to be included. Such poor performance can be
largely attributed to the extraction of large number of spurious and unstable (standard deviation in the
number of bifurcations and endings are 6.1 and 3.8 for index fingers) minutiae.

Figure 15: Receiver Operating Characteristics from finger texture images (experiments A).
The performance from the middle finger is worse than those from the index finger images. This can be
possibly attributed to the relatively higher inconvenience with the placement of fingers in unconstrained
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imaging for the middle fingers than that for the index fingers (which often/could result in higher pose and
scale changes). Figure 16 illustrates several typical pose variations in middle finger texture images acquired
in different sessions.
The experimental results in table 3 and figure 15 illustrates that the LRT based matching performs
significantly better than compcode which suggests its advantage in encoding line-like local features. In order
to address rotational changes in the normalized texture images (figure 4), we enriched the training samples
with additional rotations (-6, -3, 3, 6 degrees). The usage of these rotated training samples shows apparent
performance improvement for both methods (about 20% in EER). While the performance from the local
matching scheme was not as significant as the global one and this may come from the nature of this local
matching scheme. The results (see table 3 and figure 15) suggest that the local matching scheme has been
quite effective as it performs better than that of the global approach without the addition of rotated training
samples, which is likely to be contributed by translation/shifting in the local area between the corresponding
blocks to locate the best matches. However with the additional training samples, the local approach can also
generate higher imposter matchings as compared to the global approach, due to the same reason as stated
before. Therefore the usage of rotated training samples increases the probability of imposter matches to
achieve higher matching score, or in other words, lower matching error for the localized matching approach.
This can be ascertained from figure 18 which illustrates that while the genuine score distributions from both
the schemes are similar but the imposter score distribution for the block-wise/local matching (figure 18 a)
has moved toward to higher matching score as compared to the global one, which means that the imposter
matching has improved or gets more benefits from this local matching approach. Besides, from the
computational efficiency point of view, these two approaches require almost the same computations. Let

and

denote the width and height of the ROI;

and

represent and amount of horizontal and vertical

shifting, the global matching scheme requires

number of operations to compute the

matching score. While for the localized matching, it requires
operations, where
choose value of

and
and

number of

are the width and height of the block, and
so that it can be divided by

and

is the ceiling operator. If we

respectively, then the two approaches

use exactly the same number of operations while matching.
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9.2. Experiments B
The key objective in this set of experiments is to ascertain the robustness of finger vein and finger texture
matching for relatively larger dataset using exhaustive cross validation. Therefore all the data acquired in the
first session, i.e. 156 subjects with 24 images per subject, was employed for the performance evaluation. The
performance was firstly evaluated from 6-fold cross validation on the index and middle finger images
individually and the average of results (EER/ROC) are reported. Therefore the total number of genuine score
and imposter score is 936 (156 × 6) and 145,080 (156 × 155 × 6) respectively. Secondly, similar to
experiments A, different fingers from the same subject were also regarded as belonging to different class, i.e.

312 classes in total, and the performance was evaluated using the same protocol as illustrated above
generating 1,872 (6 × 312) genuine scores and 582,192 (312 × 311 × 6) imposter scores. The experimental
results from various approaches using EER is summarized in table 4-5 and table 6 respectively for vein and
texture image matching. The ROC for the corresponding performances is illustrated in figure 19.
The experimental results summarized in table 4-6 (and figure 19) are quite consistent with the trends
from experiments in previous section (experiments A). The finger vein matching using the even Gabor filters
with morphological operations achieve the best results, especially at the lower FAR which is likely to be the
operating point for more secured system. Our results also consistently suggested the advantage of
automatically extracting and utilizing the masks for the finger vein matching. However, the experimental
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(a)

(b)

results from finger vein and finger texture matching presented in this section are comparatively better than
those in previous section which employed data from both sessions. This can be explained by the resulting
smaller within-class variations, in the multiple image acquisitions in the same session images, which could
be possibly attributed to the increased familiarity of the subjects in the finger presentations for the
unconstrained imaging (in the same session). In addition, the texture matching results are better than those
from the vein, possibly contributed by the low intra-class variations, while on the other hand such achieved
results suggests high uniqueness in finger texture images from different subjects and even within two fingers
of the same subject (third column in table 6). Interestingly, unlike in the previous experiments, the
performance from the middle finger is observed to be better than those from index finger in texture matching.
One reason for this observation is that the pose of finger introduces more alterations/changes for texture than
on for finger vein patterns, this is in part because: texture patterns are tightly attached to the skin, which can
be reshaped by finger pose (e.g. fully stretched finger tightens the skin while skin will be loosen while
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bending the finger, which may result in texture pattern alterations). Secondly the texture imaging is also
highly influenced by the pose because of the acquired texture images are relatively finer-in-scale as
compared to the vein images (refer to figure 6, 16 and 17), i.e. the texture patterns densely occupy all the
ROI but the vein patterns are normally sparse with several curved lines. Therefore, pose variation (or other
variations) is likely to have more influence on the performance of finger texture than those on finger veins,
which can explains why the performance trend for finger vein remains similar in both experiments but not
for the finger texture. In addition, the finger texture patterns are imaged in finer scale (smaller size) than the
vein patterns and therefore more sensitive to pose variations.

9.3. Performance from Finger Vein and Finger Texture Combination
The experimental results presented in this section are focused to ascertain the performance improvement that
can be achieved from the simultaneous acquisition of finger vein and finger texture images. The approaches
that achieve the best performance in the last two sections were employed for score level combination. Figure
20 (a) shows the distribution of finger vein and finger texture matching scores from the genuine and imposter
matches (experiments A). The similar distribution of finger vein and finger texture matching scores but from
156 subjects (experiments B with 312 classes) is shown in figure 20 (b). This figure illustrates promising
separation of genuine and imposter matches, even from the index-to-middle finger vein and texture matching,
and the combination of two scores can be explored for the performance improvement.

Figure 20: Distribution of finger vein and finger texture matching scores from (a) index finger in experiment
A and from (b) index and middle finger in experiment B.
The experimental results from the score level combination of finger vein and finger texture matching score
are summarized in table 7 and table 8 respectively. The ROC from the various score combination schemes is
illustrated in figure 22. The training and test data was completely separated for all the experimental results
reported in this paper and the parameters of the fusion schemes, i.e., Dempster-Shafer, nonlinear
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combination and likelihood ratio, were only obtained from the training data. The parameter for the nonlinear
combination (22) was fixed to 1.7 while the parameter in (21) was fixed as 0.6. The experimental results
consistently suggest that the combination of simultaneously acquired finger vein and finger texture images
can be employed to achieve significant improvement in the performance. The comparative evaluation of the
achieved performance from the individual finger image matching with those from the combined case i.e.,
considering index and middle finger as separate classes, suggest the high uniqueness of finger vein and
finger texture even between the two fingers of the same individuals. The combined performance achieved in
table 8 (or figure 22) is higher than those in table 7 (or figure 21), which is due to the better performance
from experiments B over experiments A (as discussed in previous section). Another observation that can be
noticed from the results in this section (table 7-8, figure 21-22) is that the proposed nonlinear combination
(almost) consistently achieves better performance, especially in the lower FAR region, as compared to the
other score level combination approaches considered in this work. The performance from the likelihood ratio
fusion was poor (lowest EER in table 8, figure 21) and is therefore not pursued for the experiment B.

9.4 Recognition Experiments
In this section, we report the experimental results for the recognition/identification performance using
individual finger vein and finger texture features. The experiments in this section are organized to form four

(a)

(b)

(c)
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categories of dataset combinations to ascertain the recognition performance from individual fingers and in
their combination. Firstly we employed the dataset combination same as in experiment A (section 9.1), when
the finger images from the 105 subjects in two different sessions are used for identification (dataset I). In the
second category of experiments (dataset II), we employed the dataset from 156 subjects in which the gallery
was built up by the first session data of the 105 subjects, who contributed to both data sessions while the
probe was composed by the corresponding 105 second session data along with the images from the rest of 51
subjects. Therefore this set of recognition experiments has an additional class, i.e. not enrolled/identified.
In the third category (dataset III), we regard the index and middle finger as belonging to separate class,
i.e. 210 classes, and the first session data of these classes were used to form the gallery; while the probe set
was composed by using the corresponding second session data. Another extension of this is the fourth
category (dataset IV) in which the same gallery as in the third category, i.e. 210 classes, was employed while
312 classes were used as probe, i.e. 210 corresponding classes and 102 (51 × 2) unregistered classes. The
rank one recognition rates from all the recognition experiments are reported in table 9 while figure 23
illustrate the corresponding cumulative match characteristics (CMC). The best rank one recognition
performance was achieved from the nonlinear combination of finger vein and finger texture matching scores
in nearly all the four dataset combinations. The experimental results presented in this section on the finger
recognition also consistently suggest the significant improvement in the performance from the combination
of finger vein and finger texture features.

10. Discussion
The experimental results presented in section 7 consistently suggest that the proposed method of finger vein
identification, using even Gabor filters, achieves significantly improved performance over the earlier
approaches on the unconstrained finger vein images employed in this work. This superior performance can
be attributed to the robust and more stable extraction of finger vein shape features using a judicious
combination of morphological operations and even Gabor filters, which also suggests the significance of
structural features in the finger vein recognition. The steps of finger vein image normalization, extraction of
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images which generally results in high pose and rotational changes. In addition, our experimental results to

(a)

(b)

(c)

(d)

masks and image enhancement have been highly effective in achieving robust performance. The extent of
achieved/absolute performance should be interpreted in the context of unconstrained or peg-free finger vein
investigate the usage of low-resolution finger texture images acquired from the conventional webcam have
been highly successful. The fingers are highly curved 3D surfaces and therefore the appearance of the finger
texture images can significantly vary with the view angle and the illumination. The unconstrained
presentation of fingers can significantly change the appearance of finger texture, depending on the direction,
illumination, distance from the camera and pose of the presented fingers. Furthermore, the appearance of the
finger texture can itself vary dramatically even within a single image (e.g. figure 12, i.e. some portions of the
finger texture details are more clearly visible from the portions of 3D finger surface that receives more
oblique illumination). The effectiveness of this robust performance from these finger texture images can be
attributed to the steps of image normalization, boundary extraction, rotational alignment, robust feature
extraction and importantly the matching strategy which can further minimize the influence of resulting scale
and rotational variations in the presented fingers for imaging.
The experimental results from the combination of finger texture and finger vein images achieve
significant improvement in the performance, e.g. about 59.5%, 44.9%, and 46.9% improvements in EER for
the index finger, middle finger and in combination respectively in experiments A (table 7 and table 2-3) and
65.6%, 90.0%, and 70.0% in experiments B (table 8 and table 5-6). The experimental results from the index
finger images in general achieve better results than those from the middle fingers which can be due to the
relative inconvenience of presenting middle fingers for the imaging. Although we presented the experimental
results from the combinations of index and middle finger images on the database of 156 subjects, the actual
performance from 312 index or finger images could vary. Our objective in these experiments have been to
ascertain the performance from the unconstrained finger images which are now available publicly, but more
importantly to ascertain the actual performance improvement from the combination of simultaneously
acquired finger vein and finger texture images. The proposed nonlinear score combination method which is
essentially developed from the scaled and weighted product combination of matching scores, have shown to
consistently outperform the other fusion approaches considered in this work in both verification and
identification scenario. However, the performance from the product rule has also been quite close and may
be preferred in many applications as it does not require training, i.e., computation of parameters from the
training data. The success of product rule also suggests that

the finger vein and finger texture features
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utilized in our work are highly independent since it has been theoretically argued [44] that the product rule is
expected to outperform sum rule when the features/scores are highly uncorrelated. The holistic combination
of matching scores investigated in this paper has also been highly successful as it outperforms DempsterShafer and weighted sum results in almost all cases. The results from the likelihood-ratio fusion [40] scheme
have not been promising and this could be attributed to several reasons. Firstly, the accurate estimation of
matching score distribution is difficult especially when the training and testing data were acquired in
different session (as in experiment A) which may cause variations in the score distribution, primarily due to
the nature of imaging, and result in biased or inaccurate estimation. Secondly, our training data in experiment
A was relatively small, and this may be another factor for the poor approximation of Gaussian mixture model.

10.1. Stability of Finger Veins
The physiological growth can alter the shape of finger vein patterns from those observed during the
childhood. However the finger vein patterns are believed to be quite stable in the age group of 20-50 years as
no major growth is observed during the adult age. The strength of bones and muscles generally declines due
to further aging, which can shrink the vascular system and introduce changes/modifications in the finger vein
patterns. The width and contrast of finger veins captured using near infrared imaging can also have temporal
changes due to the fluctuations in the amount of blood in veins [6]. Such temporal changes could be the
result of intense physical activity, ambient temperature or physiological changes. The finger vein patterns are
also known to be influenced by several diseases, e.g. diabetes, tumors [46], hypertension, metabolic
disorders [45], in addition to the natural physiological changes. In the best of our knowledge, there are no
known studies on the stability of finger vein patterns over lifetime of a person (growth period or aging).
However, it is reasonable to assume that the vein identification performance would be adversely influenced
by the aging and the physiological changes in the body.
The variations in the ambient temperature can introduce
temporal physiological changes and influence the performance for
the finger vein and finger texture identification. In order to
ascertain/observe the possible influence of ambient temperature on
the finger vein and finger texture images, we acquired such images
using our imaging setup (figure 2) from five subjects. Each of the
subjects firstly inserts his fingers in one of the five cups of water maintained at different temperatures, i.e., 3,
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10, 15, 30, 50 degrees, and then moves immediately (within about a second) for the imaging (two images of
the same finger were acquired at the same temperature). The enhanced finger image samples at five different
temperatures from one such subject are shown in figure 24. These acquired images also suggests the
improvements in the clarity of finger vein patterns with the increase in temperature from 3°C to 30°C or
higher. The low ambient temperature increases the blood viscosity and causes the finger vein to constrict, i.e.
they become smaller in their diameter. The constricted finger veins have decreased surface area than normal
and therefore forms the poor image patterns. However at higher ambient temperature, the blood becomes less
viscous, and the finger veins dilate, i.e., increases in the diameter. The dilated finger veins have increased
surface area and blood volume, and therefore forms more useful and clear vein image patterns. The finger
texture images patterns are however observed to be relatively stable/similar and changes with temperature (if
any) are difficult to ascertain just from the visualization of these images. We therefore compute the genuine
and imposter matching scores, using the respective/best finger vein and finger texture matching methods as
used in section 9.2, and then the decidability index [11] as shown in figure 25. The distribution of genuine
and imposter matching from this small dataset suggests better discrimination of finger texture images at low
temperatures (possibly due to better pattern formations from the skin contraction) than at high temperatures.
However, the discrimination or the decidability index of the finger vein images degrades at low temperature
and this can be attributed to the poor clarity of vein image patterns. In addition, this experiment also suggests
that for finger vein recognition the shape/structure information is more important since the width of the
vessels may change over different temperature/conditions, but the shape/structure remains similar. In
summary, the low quality of finger vein pattern formations at lower temperatures can significantly degrade
the performance of the conventional finger vein biometrics system as also suggested from our small scale
experiments. Therefore our proposal to simultaneously acquire the finger vein and finger texture images is
more relevant to achieve stable performance as the influence of temperature on finger texture images is likely
to be quite small.

11. Conclusions
In this paper, we have presented a complete and fully automated finger image matching framework by
simultaneously utilizing the finger surface and finger subsurface features, i.e., from finger texture and finger
vein images. We presented rigorous experimental results on the database of 6264 images acquired from 156
subjects, over a period of 11 months, to illustrate the significant improvement in the performance than those
using conventional finger vein identification approaches.
Secondly, we presented a new algorithm for the finger vein identification which can more reliably extract
the finger vein shape features and achieve much higher accuracy than previously proposed finger vein
identification approaches. Our finger vein matching scheme (section 4.1.3) works more effectively in a more
realistic scenarios and leads to more accurate performance as demonstrated from the experimental results.
Thirdly, we proposed and investigated two new score level combination approaches, nonlinear and
holistic, for effectively combining simultaneously generated finger vein and finger texture matching scores.

28

The nonlinear approach consistently performed better than other promising approaches, i.e., average, product,
weighted sum, Dempster-Shafer and likelihood ratio approaches considered in this work.
Fourthly, we examined a complete and fully automated approach for the identification of low resolution
finger surface/texture images for the performance improvement. This investigation and the obtained results
are significant as they point towards the utility of touchless images acquired from the webcam for personal
identification and its extension for other utilities like mobile phones, surveillance cameras and laptops.
Finally, the availability of the acquired database from this work for the benchmarking/comparison will
help to further the research efforts in this area. Currently there is no publicly available database for the
performance comparison and research efforts on finger vein identification. The availability of this database,
acquired in more realistic conditions, will compliment similar efforts as in [25].
The unconstrained [26] finger surface imaging employed in this work utilizes low resolution images with
varying clarity and our attempts to extract stable minutiae features were not successful. Therefore we relied
on extracting texture like features to achieve reliable identification and the rigorous experimental results
presented in section 9 suggest its promises. However, such features may not have high individuality in very
large populations, or yet to be ascertained, to compete with more stable minutiae features employed in the
conventional fingerprint identification systems. Despite possible reservation on the promises for large scale
performance from such features, our experimental results have suggested that the investigated approach can
be certainly useful for personal identification in small and medium size population. Importantly such
information can be highly useful when the quality of finger vein patterns in an individual is week or unstable.
Although a lot remains to be done, our results to date indicate that the proposed combination of finger vein
and finger surface features constitute a promising addition to the biometrics based personal identification.
The proposed algorithm is an alternative to currently employed finger vein identification approaches that do
not take advantage from the cross-level image measurements. Further improvement in the performance from
the proposed approaches using feature discretization and image quality measurements is expected, and is
suggested for the further work on the large scale finger image databases.
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