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Abstract—Full-view finger vein (FV) biometrics systems capture
multiple FV images of the presented finger ensuring that the
entire surface of the finger is covered. Existing full-view FV
systems suffer from three common problems: large device size,
high cost for multi-camera system, and sub-optimal illumination
in the recorded FV images. To address the problem of device
size, we propose a novel Mirror-based Full-view FV (MFFV)
capture device. The MFFV device has a compact size by using
mirror-reflection approach. We reduce the cost of the device by
using low-cost components, in particular, consumer-grade cameras.
To address the problems of lower-quality images captured by
such cameras and obtain optimally illuminated FV images, we
propose a two-step approach. The first step is a Multi-illumination
Intensities FV (MIFV) capture strategy, which capture the FV
image set with varying illumination intensities. In the second step,
a FV illumination adaptation (FVIA) algorithm is proposed to
select the optimally illuminated FV image from the MIFV image
set. Using the proposed MFFV device, we collect a comprehensive
dataset, namely MFFV dataset, along with reproducible baseline
FV authentication results for both single-view and full-view FV.
Our experimental results demonstrate that the MIFV capture
strategy as well as the FVIA algorithm can effectively improve
the authentication performance, and that the full-view FV
authentication is significantly superior than the single-view FV
authentication. The source-code and dataset for reproducing our
experimental results are publicly available E}

Keywords—Biometrics, Vein recognition, Finger vein, Full-view,
Authentication

I. INTRODUCTION

Although vein biometrics has not been explored as exten-
sively as some other biometrics modalities such as face and
fingerprint modalities, the subject has increasingly attracted
research attention in recent years [1H8]]. Vein biometrics has
the potential to be widely used [9, [10] as it offers several
advantages. (1) Vein patterns are unique to every individual
[9]. (2) As veins are located beneath the skin, vein patterns are
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! The code and the license for MFFV-N dataset can be accessed at:
https://github.com/SCUT-BIP-Lab/MFFV,

difficult to counterfeit. (3) The vein-pattern imaging process
uses near-infrared (NIR) illumination, and relies on the fact
that NIR is more strongly absorbed by the blood in the veins
than in the surrounding tissue. This phenomenon of differential
absorption is seen only in living bodies, and therefore can be
used for liveness detection [9]].

The most commonly studied vein biometrics traits are eye
vein patterns and hand vein patterns. Eye vein biometrics
includes sclera vein and retinal vein biometrics. Hand vein
biometrics, mainly for palm vein, dorsal hand vein, wrist vein,
and finger vein (FV) biometrics, are more commonly used
than eye vein biometrics. There are two reasons for this: (1)
hand vein biometrics systems are less intrusive than eye-vein
biometrics systems, and (2) different hand vein traits can be
combined (fused) together in a straightforward way, to construct
more robust vein biometrics systems [11H13]]. In other words,
compared to other vein-biometrics modalities, the advantages
of hand-vein biometrics are convenience and acceptability.

In hand vein biometrics, up to now the main emphasis has
been on developing feature-extraction methods. Many novel
computer vision and image processing methods have been
proposed for improving the feature extraction ability of vein
biometrics systems [1H8]. In contrast, not many works have
been published on vein-imaging approaches.

Since biometric traits in the different flavors of hand vein
biometrics (e.g., wrist vein, palm vein, and FV) are very similar,
feature-extraction and vein pattern authentication methods
developed for one modality can be easily applied to the other
hand vein modalities [11]. However, FV biometrics offers
a distinct advantage: it is easier to realize multi-view or 3D
capture, due to the smaller size of the target (fingers) compared
to other modalities such as palm vein and wrist vein modalities.
This advantage of FV modality brings several very useful
benefits for biometrics authentication:
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Fig. 1: Schematic diagram of finger vein self-occlusion. For
intuitive observation, only one vein with self-occlusion is
shown here. Here we assume that the veins analyzed are close
to the imaging side, i.e. the part that is not heavily scattered.
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1) Multi-view FV samples not only contain more vein
information but also compensate for distortions of veins
near finger-borders, as well as for self-occlusion during
FV imaging. Figure [T| schematically illustrates the problem
of self-occlusion when using single-view imaging. This
problem can be avoided by using multi-view imaging.

2) Multi-view FV authentication (FVA) significantly in-
creases the difficulty of constructing presentation attacks
(PA). As multi-view FV biometrics samples contain more
comprehensive information than a single-view sample, a
multi-view sample is more difficult to replicate accurately,
because the attacker not only needs to acquire FV images
from more viewpoints, but also capture the relationships
among the multiple views.

3) Multi-view FVA can inherently handle the pose variation
problem [[14]. Pose variations, caused by translation or
rotation of finger, introduce differences between enrolment
and probe samples of the same finger, thus lowering the
degree of match during FVA. Multi-view FVA systems
capture more comprehensive FV information than single-
view FV systems, which can be used to make the FV
system pose-invariant.

Motivated by these advantages, many biometrics researchers
are now exploring multi-view FV biometrics. There are three
kinds of multi-view FV modalities:

1) Partial multi-view modality includes FV images from
different views, but the images do not cover the entire
finger [[15} [16]].

2) Full-view FV devices ensure that a given FV sample in-
cludes images covering the entire surface of the presented
finger (14, [17-H20].

3) In the 3D modality, the 3D shape of the vein structures
in the finger is reconstructed from a full-view FV sample
[14] [19]. The 3D FV modality is an advanced version of
full-view FV modality and all 3D FV devices also support
full-view FVA without 3D reconstruction.

In table [I| we show the currently existing multi-view FV
devices organized according to this taxonomy. The study of
multi-view FV biometrics is still in the nascent phase, and
several open problems remain in multi-view FV imaging:

1) Large size of image capture device: Existing works on
multi-view FV systems can be grouped into two main
categories: multi-camera based design [14} [15, [19] and
moving-camera based design |17, 18]. Both designs suffer
from the problem of large size. Multi-camera devices
need more room for positioning several cameras (and
their support) at reasonable distances and angle from
the target (finger). Moving-camera devices need extra
space to house the motor and other mechanisms for
moving the camera along a fixed path. When comparing
multi-view FV devices to the traditional single-view FV
devices, especially in scenarios that require limited size,
the disadvantage of large size cannot be ignored.

2) Imaging problem due to finger thickness variations: The
quality of the captured FV image varies with light intensity
and finger thickness. Under a fixed illumination intensity,
images of different fingers may be underexposed or

overexposed, depending on the finger-thickness. When
capturing FV images from different angles, this problem
is further accentuated by the fact that the cross-section of
the finger is not perfectly circular. Consequently, under
illumination with a fixed intensity, images of different
fingers (or even of the same finger but from different
angles) may be either underexposed or overexposed.

3) High cost of multi-camera systems: High image quality in
FV images is usually achieved by using expensive, high
performance cameras. This increases the cost of the FVA
devices, even more so for multi-view FV systems. Using
a single moving camera may reduce the camera cost, but
increases the cost of the device in other ways, due to
the additional systems required for rotating the camera
accuratelyﬂ

To promote the development of multi-view FVA, the afore-
mentioned issues should be solved. In this work, we propose the
following solutions to address these challenges: First, to reduce
the overall size of the multi-view FV device, we propose
a novel mirror-based imaging method. By using mirror-
reflection, we propose here a compact full-view FV device,
named Mirror-based Full-view FV (MFFV) device. The mirror-
based design helps reduce the device size while maintaining
adequate imaging distance. Using the MFFV device, we have
collected a comprehensive FV dataset. This dataset shall
be publicly shared with this work for scientific research.
Second, to address both the appropriate light intensity
requirement for different finger thicknesses/angles and the
cost-performance trade-off, we propose a Multi-illumination
Intensity FV (MIFV) capture strategy and a corresponding
FV Illumination Adaptation (FVIA) algorithm. Specifically,
during FV image capture, each camera records multiple FV
images with different illumination intensities. Then, for each
view, only the image with the best quality is chosen for further
processing by using the proposed FVIA algorithm. That is, this
work proposes a approach that combines a multi-illumination
imaging strategy with a FV image quality assessment algorithm.
The proposed approach addresses two issues in FV biometrics:
first, it selects the appropriate light intensity requirement for
different finger thicknesses and different views; and second, it
is a software solution for achieving high image-quality even
using low-cost cameras.

Our main contributions are:

1) A new design of a full-view FV imaging device. The
proposed MFFV device has the advantage of low-cost and
compact size for capturing full-view FV images.

2) The MFFV dataseﬂ Using the proposed MFFV device,
we have collected a new full-view FV dataset that includes
127,800 images corresponding to 320 fingers.

3) A MIFV capture strategy and a corresponding FVIA
algorithm. The combination of MIFV capture strategy
and FVIA algorithm addresses the illumination intensity
issue in FV imaging. This approach is an effective solution
for improving the cost-performance ratio of FV imaging
system.

2This cost-performance trade-off is one of the main reasons that adoption
of multi-view FVA systems has been slow.



TABLE I: Taxonomy of multi-view FV studies. The literature on multi-view FV biometrics can be grouped into three kinds of

modalities: partial multi-view FV, full-view FV and three-dimension (3D) FV. Note that the 3D FV is an advanced version of

full-view FV and its device can also do full-view FV. The pictures of previously published multi-view FV devices shown in
this table have been taken from the papers cited in the respective captions.

Taxonomy of Multi-view FV Biometrics Devices

Partial multi-view FV Full-view FV

(a) Rozendal

(b) Zhao et al. [16] (e) Kauba et al.

Infrared LED

(f) Proposed in this work

Three-dimensional (3D) FV

=

Space Carving

(h) Yang et al.

4) Reproducible baseline resultﬂ for the MFFV dataset. We
present a comprehensive set of experiments to evaluate
and demonstrate the effectiveness and the performance of
all the proposed FVIA algorithm, and both the single-view
and full-view FVA baselines.

The rest of this paper is organized as follows. The related
works are discussed in Section [[ll The proposed MFFV device
and the corresponding dataset are described in Section [[TI}
In Section [[V] we present the design and the corresponding
explanation of the FVIA algorithm. Experimental results are
presented in Section in which the effectiveness of the
proposed methods is evaluated by the rigorous experiments.
Finally, we present our conclusions in Section [VI]

II. RELATED WORKS

In this section we mainly discuss previous works on multi-
view FVA systems, analyzing their differences and pointing
out their advantages and disadvantages. Then, some works on
FV feature extraction and FV image quality assessment are
briefly discussed.

A. Multi-View FV Imaging Systems

Different from the commonly used single-view based FVA,
the multi-view approach attracts biometrics researchers due to
its unique advantages: more information, more difficult to spoof,
and more robust to pose variations. There are some excellent
pioneering explorations for multi-view FVA. In Table [I] we
illustrate previously proposed multi-view FV systems, alongside
the device proposed in this work. The source publication for
each device is indicated in the corresponding caption.

Rozendal [13] and Zhao er al. [16] have proposed partial
multi-view FV image capture devices that capture FV images
from only one side of the finger (devices (a) and (b) in Table
[ respectively). These devices do not capture full-view FV
patterns.

Prommegger et al. (device (c) in Table m) and Qin et
al. [18] (device (d) in Table [) have proposed full-view FV
imaging devices. Both these devices are based on the moving-
camera design. Besides the longer time required to record the
full set of FV images sequentially, the moving camera design
also requires expensive motor control circuitry to position the
camera at specific positions with high precision.

Kang et al. [14] (device (g) in Table[l) and Yang er al. [19]
(device (h) in Table [[) have proposed a multi-camera based
approach to capture full-view FV images, which avoid the
problems of the moving camera design. The main idea in these
works is to mount multiple cameras around the finger so that
the finger can be imaged from all directions. A minimum of
three cameras is required to capture full-view FV samples
because cameras set 120 apart are sufficient to cover the full
view of the finger [14]. Yang e al. have also published a
multi-view FV dataset (LFMB-3DFB) collected using their
proposed device. As we shall see later, for the dataset collected
in the present work all volunteers have presented fingers at
specific orientations. Thus, for example, in the normal position
(0 orientation), the View 3 ("bottom view’), all FV images in
the dataset show the palmar view of the finger. By contrast,
in the LFMB-3DFB dataset the different volunteers presented
their fingers at arbitrary orientations. Consequently, for a given
camera-view, all FV images do not correspond to the same
orientation of the finger. Due to this difference, the FVA
pipeline used in this work is not suitable for the LFMB-3DFB
dataset.

However, these multi-camera systems also suffer from the
following problems: the higher cost of additional cameras, and
the space required for mounting cameras at different angles.
Recently, Kauba ez al. [20] (device () in Table ) have proposed
a device employing a mirror based design to capture full-view
FV images using only one camera and two mirrors. In their
work, they explore three mirroring modes. Nevertheless, certain
problems exist: their system suffers from insufficient depth of



Fig. 2: The internal structure of the mirror-based imaging mechanism. For each view's FV imaging, the light passing through the nger is
re ected by a dedicated mirror into the corresponding camera.

eld, due to which ngers presented at different distances mayw image-pixels, and a decoder that outputs reconstructed
be out of focus. In other words, using their device it is dif cultFV images from the high-level feature code. Kuzual. [28]

to capture clear images from all views. have proposed a FV recognition framework using convolutional
neural networks (CNN) and recurrent neural networks (RNN).
B. FV Feature Extraction Their method processes the FV images captured on-the-y

FV biometrics is based on the discrimination of vein patterrl%zgnegd t'r:]\e/'ri d%rr?t?gzﬁgndséf:rﬁ I?gfnzl';z\ija —[I)ezggroiit\?vo(r:ly ,;I'_he

The early works in FV biometrics focused mainly on extracting1ain purpose of this work is to investigate whether the CNN

handcrafted features from single-view FV images, such able to achieve stable and highly accurate performance when
maximum curvature (MC)21], repeated line tracking (RLT) an'y P

S dealing with FV identi cation. Their experiments show that
Eeifﬂéiggnwggtaggsdzge\?\}glrl g’;’&ﬁg E?Jlrj;ehg/lrgicmrfsil\;elwa;usr;rit is possible to achieve rank-1 identi cation accuracy higher

. . g than 95% for the publicly available FV datasets included in
computation method2[l] are well known in the eld of FV

biometrics, and several public-domain implementations atrheir study. Huanget al. [3] rst adopted the Transformer
availabl ﬁ['ﬂ P P Chicoder for FV feature extraction. By analysing the working

inspired by the excellent performance of learnin _basénechanisms of Transformer encoder and combining several
P y P 9 %vel local information enhanced technologies, they proposed

methods in recent years, the mainstream of FVA is increaSinq:]\ycustomise d FV Transformer (FVT). Based on frequency
moving towards deep-learning. Many new technologies Q5 main analysis of the FV images Hu;alegal. [10] propose

custom machine-learning models have been proposed. . . .
9 prop .a complex-convolutional module for extracting FV feature in

Li etal [241 propose an adaptive discriminanfc and sparsi he frequency domain. Furthermore, they combine it with the
feature descriptor (DSFD) for FV feature extraction. They rs raditional spatial domain CNN and propose a novel frequency-

construct a direction difference vector (DDV) for representin : )

the FV direction feature. Then, the DSFD adaptively projecg;Datlal coupling network for FVA, called FVFSNet.
the DDVs into a feature space, with discriminatory binary

codes, in which the intra-class distance is minimized and ti® Vein Image Quality Assessment

inter-class distance is maximized simultaneously. By using
convolutional attention mechanism, Huaegal. [7], Zhanget
al. [25] and Liu et al [26] design the FV feature-extraction
models, namely JAFVNet (Joint Attention FV netwrok), th
LCAModel (lightweight convolutional attention model) an
the MMRAN (multiscale and multistage residual attention

well understood FV image quality measures are varia3de [

network), respectively. The main differences among the§g’ which is correlated with the contrast within an image;

D e e o enropyTL. 32 34 35) whih measures the rfomatn
P ' pacity of the image. There is another basic measure that

LCAModel focuses on the introducing the convolutional blocgirectly indicates the illumination intensity, the mean gray

attention module (CBAM) to the lightweight design; wherea\§alue [36].

the MMRAN mainly focuses on the combination of the ; : : .

. X . . Besides these, other measures for assessing FV image quality
proposed fusion residual attention block (FRAB) and multlstaq%ve also been proposed. Nau | [37] propose a point-
residual attention connection (MRAC). He al. [27] propose prop - Uy ' prop P

a Convolutional Auto-Encoder (CAE) based method to extra%PSEd vein image quality measure. However, this method is

FV features. Their proposed CAE-based model consists of a (;@{t:a}[?r)rl];? u:r(fao?ri(;iu;e g(i)r::zr) ?:;g]mhe;\%s r;gegstg db§ dr;ee—tl_med
encoder, which extracts high-level feature representations fr b P ' j brop P

?é?:lrning based image-quality measure. Their method, however,

3https:/ww.idiap.ch/software/bob/docs/bob/bob.bio.vein/stable/index.htiil &1SO Cumbersome_to use as the_ process f)f training th_e deep
“http:/Awww.mathworks.nl/matlabcentral/ leexchange/authors/57311  network adequately is quite laborious and time-consuming.

Image quality is one of the main factors affecting the
performance of FV biometrics system. Vein images are
dominated by vein patterns, which carry mainly texture and
tructure information30]. Therefore, FV image quality can

e assessed using measures of information capacity. The most



Inspired by the experience of the above pioneering ex- three low-cost consumer-grade USB cameras (with driver
plorations on multi-view FVA, in this work we present a  circuit board, total cost about USD £4, along with the
novel MFFV system, incorporating the proposed MIFV capture  supporting structure (3D-printed in-house).
strategy and FVIA algorithm, which addresses the issues i2) Imaging mode of the mirror-based full-view FV

existing full-view FV biometrics. imaging system:As indicated in the name, the imaging
mode of MFFV device is based on the mirror-re ection
1. THE PROPOSEDMFEFV DEVICE AND THE approach. Figure 2 shows the details of the mirror-based
CORRESPONDINGDATASET approach. The three cameras are positioned so as to

. capture FV images of the presented nger from three
A. The Proposed MFFV Device different angles separated @20 . For each view the
Table I(f) shows a picture of the MFFV device proposed in light passing through the nger is re ected by a dedicated
this work. The dimensions of this device are 1BD 144mm, mirror into the corresponding camera. The mirror helps to
making it the smallest by volume among current multi-camera reduce the size of the device, hence making it compact.

based full-view FV imaging devices. Quantitatively, the volume The other innovative design feature of the MFFV device is
of the MFFV device is 54% of the device of Kamg al. [14]  the MIFV image capture strategy. During image capture, the
(shown in Table 1(g)) and 45% of the 3D nger imaging| Ep pank corresponding to a given camera illuminates the
device of Yanget al. [19] (Table I(h)). Note that the MFFV  nger six times, with increasing levels of power. Based on
device dimensions given here include the screen, whereggiiminary experiments, the illumination intensity is controlled
the sizes cited for the other two devices do not include thgy puise width modulation (PWM) with the impulse ratios of
human machine interface (HMI). For further comparison, WE00%, 35%, 50%, 65%, 80%, and 95%. The percentages refer
summarize the dimensions of all the multi-view FV devices i, the ratio of the allowed maximum power rating of the NIR-
Table 1l for which the size information is publicly available | Eps used to illuminate the nger being imaged. Thus, for
each nger presentation, six images with different illumination

TABLE II: Summary of the multi-view FV devices sizes. intensities are recorded by each of the three cameras in the

Device Dimensions proposed MFFV device. _

Kang et al. [14] 82 164 158mm The MIFV_ capture strategy is complemented_ by the proposed
Yang et al. [19] 68 182 205mm FVIA algorithm. Before FV feature extraction, the FVIA
Prommeggeet al. [17] 258 325 455mm algorithm selects, for each view, one of the six FV images. The
Qin et al. [18] 190 180 160mm

selected image is considered to have the optimal image-quality
according to the FVIA algorithm. As discussed in Section I,
ost of the existing FV imaging devices (single-view and multi-
{/]rg{aw) illuminate the nger with a xed illumination intensity.
a’his approach is simple to implement, but can lead to over-
Jelf underexposure of the nger. Our MIFV strategy solves this
in-house), which has two functions: 1) it serves as a recepta (é?b'e”? by. recording several i_mages under varying_ inte_nsities
of illumination and then selecting the most appropriate image.

for the nger, and 2) it allows the nger to be rotated WithinSirlce capturing multiole naer vein imades with different
the device to certain xed angles. The nger ts snugly in. P 9 P 9 9

the slider when placed in it. When the nger is rotated, th@Zszztlggr:néin:gfﬁ ;esq:'rﬁzdrg?;%t'brgfv’vgheen%?npgzendd'\frf: .
slider rotates with it, due to friction. The slider is designe 9

: . quality. Speci cally, each image capture regiures 50 ms. Hence
such that when rotated, it naturally slots into th60 angular capturing the full-view FV images takes 150 ms. By using the

positions. Thus, the data with different nger orientation pose'\s/IH:V capture strategy, it takes 900ms (150 ms6). This

can be captured. These multi-orientation FV data can be usrﬁethod trades time for hiaher EV image qualitv. However. a
for research on nger-rotation-invariant FVA. 9 g€ q Y. '

The key innovation in the proposed MFFV device is thtgoctglasg rggei:?n%::igzsazglsess than 1 second is considered
mirror-based design of the FV imaging system. The maln P ’

features of the mirror-based design are as follows.

. . . . B. MFFV Dataset
1) Components of the mirror-based full-view FV imaging . ] )
system: The MFFV imaging system consists of three Using the proposed MFFV device, a full-view FV dataset,
plane mirrors, three banks of NIR LED (850 nm, eachamed MFFV dataset, has been collected for this study. The

bank has three LEDs, price less than USD #),1and Steps involved in data collection are as follows.
1) Each volunteer is asked to arbitrarily select 1-4 ngers

5For the devices of Kangt al. and Yanget al, we directly measured the from the index and middle ngers of both hands, according
dimensions with the authors in SCUT-BIPLab. to the person's convenience

Shttps://www.raspberrypi.com/products/raspberry-pi-4-model-b/ . '
2variant=raspberry-pi-4-model-b-1gb 2) For every presentation, the volunteer puts the selected

https:/litem.taobao.com/item.htm?spm=a1z09.2.0.0.32bb2e8dXB6ugw& nger in the MFFV device, and FV images from three
id=611130109637&_u=4ujhmf9f273

8https://item.taobao.com/item.htm?spm=a1z09.2.0.0.32bb2e8dXB6ugw& °https://item.taobao.com/item.htm?spm=a1z09.2.0.0.32bb2e8dXB6ugw&
id=611149558677&_u=4ujhmf98194 id=569094981802&_u=4ujhmf93297

Ours 100 80 144mm

The main components of the MFFV device are: a Raspbe
Pi 4 computing platform (costing approximately USD 95 a
4.3 inch liquid crystal display (LCD) screen (about USD 2
7), which is used as the HMI; a rotatable slider (3D-printe



different views are captured. Each view produces sMFFV dataset can be used for several FV research directions,

images with different illumination intensities. The uppeisuch cross-orientation-pose FVA, cross-illumination research,

left view in the device is named View 1, the upper-righiulti-illumination-intensity fusion research, orientation invari-

view is named View 2, and the bottom view (in this cas@nt research, illumination intensity robust research, illumination

the palmar view of the nger) is named View 3. adaptation research, and multi-views or cross-views research,
3) The volunteer is asked to present the nger at three orientanong other topics. For the experiments presented in this work

tion positions -0 , 60 clockwise and60 anticlockwise. (Section V), we have used only the subset of the MFFV dataset

As introduced in Section I, the MFFV device includesvith the normal Q ) nger-pose, as illustrated in Table IlI.

a rotatable slider in which the volunteer places the ngaie refer to this subset as the MFFV-N dataset. It consists of

for a presentation. The volunteer is asked to rotate th&é2,800/3 = 57,600 FV images.

nger clockwise or anticlockwise until the slider slots

into a new position. This position corresponds t60 IV. THE PROPOSEDFVIA ALGORITHM

orientation with reference to the nominal position. ThUS, In this section we describe the proposed FVIA a|gorithm_
the slider assists the volunteer to rotate the nger to certajfirst we present the two principles that have guided us in
xed angular positions approximately. One FV sampl@esigning this algorithm. The algorithm operates over a speci ¢
(consisting of three views) is recorded at each orientatigagion of interest (ROI). After describing the choice of RO,

position of the nger. we discuss the various components of the algorithm and their
4) The volunteer makes 10 presentations for each ng@f.yences.

The person is instructed to remove the nger from the
MFFV device each time, before commencing the next gy a Design Principles

resentation. . L .
P . . . . Inadequate illumination intensity has always been an obstacle
In this work, 210 volunteers contributed FV images during, capturing high quality FV images. Under low illumination

data collection. After data-cleaning, the MFFV dataset consisfgansity, the veins to be imaged are not suf ciently illuminated,
of 172,800 images ‘?O”espon‘?“”g to 320 ngers. Ea_Ch N9&hd the resulting image is underexposed. When the illumination
was presented 10 times. During a given presentation, thigg sity is too strong, the resulting FV image tends to be
orientation poses of the nger have been considered, andforexnosed. In both conditions the veins are not easily
each orientation pose six images with different illuminatiogjqcernipie. To the best of our knowledge, most publicly known
intensities have been recorded for each of the three VieWS'designs of FV imaging systems today rely on a single, xed

TABLE IV: Summary of the MFFV dataset ir!tensity qf illumination. This_ is clearly _not WeI_I adapted to
different kinds of ngers. Motivated by this consideration, we

Attribute Statistic have proposed the MIFV imaging design in the MFFV device
Orientation pose 3 (norma0 clockwise/anticlockwise) (Section I11). Here we describe the proposed FVIA algorithm,
View 3 (Finger palmar120 clockwise/anticlockwise) i i . .
lllumination 6 intensities which is the software counterpart to the MIFV imaging strategy.
Number of ﬁ;rggr'gs per Finger . 20 Before explaining the proposed FVIA algorithm we present
Image size 320240 the two principles that have guided the design of the FVIA
Image format bmp .
Images per nger 540 algorlthm-
Total number of images 172,800 1) The FVIA algorithm relies on straightforward and proven

FV image quality measures. As mentioned in Sectle@,

The key statistics of the MFFV are summarized in Table IV. the most commonly used and effective FV image quality
The main advantage of this dataset is that it is a full-view FV  measures are based on entropy, variance, and mean gray
dataset; in addition, this dataset also includes full-view FV data value. Our proposed FVIA algorithm also relies on these
with variations in illumination intensity and nger-pose. The three measures.

TABLE IlI: Examples of the MFFV dataset

Illumination 1 lllumination 2 lllumination 3 Illumination 4 lllumination 5 Illumination 6

View 1

View 2

View 3




2) We put forward the hypothesis that the mean gray vaIl*J{A‘BLE V: Component measures used in the of FVIA algorithm,
G, of the optimally illuminated images will lie in a speci ¢ or.dn‘ferent illumination intensitiesE , V,.andG denote the entropy,
! L variance, and mean gray value, respectively. The measures have been
range. The reasoning is as follows. The underexposed FV computed for the chosen ROI, shown in the rst column.
images have low mean gray value, while the overexposed

FV images have high mean gray value. Both conditions ROI for FVIA E v G
are undesirable, as, in either case, the veins are not clearly

imaged. The optimal illumination intensity lies somewhere 5.747 236243 70371
between these two extremes. 6.358 612.007 103.212

Based on these design principles, a composite FVIA co-
ef cient Cis formulated in Equations 1, wheieindicates
the illumination intensityE;, Vi, andG; denote the entropy, 6.558  48.008  159.790
variance, and the mean gray value, respectively, of the input
image corresponding tg andT is a user-de ned threshold.
The functionFgya (E; V; G; T) is de ned in Equation 2 6.251  768.766  204.149
and the normalization functioRy (G; T) is given in Equation

3. The FVIA algorithm iterates over the illumination intensities
with the prede ned thresholdT, to select the FV image threshold,T, and higher values as the difference betw&en

6.590 825434  133.148

6.587 8832.740 184.599

corresponding to the maximum value ©f andT becomes larger.
We achieve this desired behavior by using the absolute value
C=argmax Fryia (Ei; Vi; Gi; T) (1) of thetanh() function in the denominator. For positive input
i

values the response tdnh (x) increases from zero (at=0)
to the maximum value ofl (asx ! +1 ) and the rate of
Frvia (E: V: G: T) = et +v @ !ncrease gradually drops. While for the negative input value,
o log jtanh Fn(G;T) j+1 it decreases from zero to the minimum value of. When

using an absolute operatiop {) for the output oftanh (x),

where

8 , its behavior satis es our requirement for the denominator. By

5 _ T G G T using this function in the denominator of the FVIA algorithm,
Fn(G:T)= T , 6 @ e achieve thg desired gffect' th@tachieves its maximum
3 G T . G>T value when the input (the input is constructed®ywe discuss
2 256 T 6’ the input to thetanh (') separately, in Sectioh/-D) near zero,

In the following sections we discuss some key aspects ??d d$cregse_§rfgr higher valuesTszNotE tEat,hwhe][G N .T’
the FVIA algorithm. then ( )=T becomes zero. To avoid thanh (') function

returning zero in this condition, we include a small offset (here
we use /6) inFn(; ).
B. ROI for FVIA

The captured FV images include some non- nger back-
ground, which not only in uences the FV quality measurement,
but also adds unnecessary computational load. Therefore, the
coef cient Cis computed over a predetermined ROI, which
excludes image-regions that may correspond to background
(non- nger region).

Based on the preliminary manual tests, we de ne that ROI as
the central region of the FV, with dimensions 24060. Table
V shows an example of the ROI, for different illumination
intensities and their corresponding component measies (
V, G). From the table we see that the valuesEofand V © )
rst increase and then decrease as the illumination intensity
increases, wherea& keeps increasing with illumination Fig. 3: Smooth-normalization 0. Note that the threshold here is

intensity. This phenomenon is consistent with the analysisset to 170. (a) First normalization @; (b) Output of the rst
in Section IV-A. normalization ofG; (c) Smooth-normalization o&; (d) Output of

the smooth-normalization d&.

(a) (b)

C. Thetanh( )-based design for usin@ in FVIA

In this section we discuss the construction of the denominator o
in Equation 2. To emphasize optimal illumination we would likd?- Normalization forG
the coef cient C to have low values for both overexposed and In this section we discuss the construction of the function
underexposed images, and higher values for the mid-rangeFf (G; T), as shown in Equation 3. This function forms the
illumination intensities. Therefore, the denominator in Equatidnput of thetanh () function in the denominator in Equation 2,
2 should take lower values & tends towards the settableand takes the mean gray val@®, and a user-de ned threshold,



T, as arguments. In this way, the denominator in Equation
2 depends o16 and its behavior can be regulated using the
parameteiT .

As explained in Sectioifiv-A, the desired FV images should
have a moderate (not extreme) mean gray vaBielo achieve
the desired behavior of the denominateg, (G; T) should be
small whenG is close to the user-de ned threshold and
should produce higher-valued response&adiverges from
T (in both directions, higher as well as lower). This behavior
can be achieved by simply normalizifig with respect toT,
as shown in Equation 4.

@

8
b
3 5 TTG e T (b)
Ng = (4)
.Bf G T . G>T
2 256 T '

where the term= 2 is an arbitrary scaling factor. The operation
in Equation 4 rescale§& from range [0, 255] to the range
[- /2, /2]. We note that wherG = T, Ng = 0. At this ©
point, tanh (Ng) becomes 0. This condition can be avoided
by adding a small arbitrary constant k. Here we use the
value = 6 for this purpose.
We note, however, that there is an issue with Equation 4.
To simplify the notation, let us de nX (G;T)= Ng =6
(whenG T, itis -, otherwise it is +). The plot in Figure 3(b)
shows the response tdnh (X {G; T)) as a function ofG, for
a speci c value ofT (here, T=170). As we can see from this
plot, the value ottanh (X {G;T)) drops sharply whei is
close to the selected threshald This behavior is undesired, (d) )
as it contradicts the common sense prior that the FV image
with the G close to the optimal value should be considered ag-ig. 4: Decoupling in uence of the components in the proposed
a high-quality imagei(e., with high values forC). We would FV'A_aLﬂorit_h:j'?' Eagh plort]i”hth'? gurel shows thiin.“ence of ?ne
ke the cenominator o vary smoothly, i, especally when — Yarible (ndcated on e horizonal i) o the mage qualty
G is near the pre-de ned threshold. We address this issue peing analyzed are set to an arbitrary default value: entropy to 4,
by using a square operation, to obtain the nal version showariance to 500, mean gray to 135, while the threshold is set to 170.
in Equation 3. In this way th& normalization in uences the (a) In uence of entropy; (b) In uence of variance in FVIA

denominator in a smooth way, as shown in Figure 3(c). algorithm; (c) In uence of mean gray in FVIA algorithm; (d)
In uence of entropy with mean gray in FVIA algorithm; (e)

In uence of the variance with mean gray in FVIA algorithm.
E. In uence of Constituent Measures in FVIA

In this section the in uence of each component in FVIA
is explained graphically. The proposed FVIA algorithm relies
on three measures: entropy, variance and mean gray value. In
Equation 2 the mean gray value appears in the denominator,
whereas the entropy and variance contribute to the numerator.
In addition, as shown in Table V, these three measures exist in
different scales. If we combine them directly using their raw
values, the variance would dominate the other two variables
in C. To ensure comparable in uence of all three measures,
they should be transformed into the same range before being
combined together.
We adopt some straightforward and effective mathematical
operations to normalize the three constituent measures. First,
to smooth the in uence of mean gray value, the Iogarithrﬁig- 5 The 4D plot of simulated results of the propo;ed FVIA
with margin is applied to theanh() function. As Figure algorithm. The three axes represent mean gray, variance, and
3(d) shows, the logarithm operation makes the denominatdintropy, respectively. The™ dimension is the color — the
smoother, which consequently has the effect of enlarging depth of the color indicates the value: the deeper, the larger.
Secondly, to increase the in uence of the entropy with respect



to that of the variance, we consider the exponential of the given identity may be subject to several impostor attacks.
entropy, as shown in Equation 2. In the normal protocol, the rst sample of each nger is

The plots in Figure 3(a)-3(c) show the in uence of each used as the enrolment sample, and the other nine samples
constituent measure of C, decoupled from the other measures. are considered as probe samples. Thus, the number of
From the gure it can be seen that the in uences of these impostor comparisons is much larger than the number of
three components are on a similar scale. Note thean be genuine comparisons.

expressed as the sum of two parts — one part in uenced only byTaple VI summarizes the key statistics of the two protocols.
the entropy, and the other part depending only on the variangge authentication score threshold is selected over the develop-

These two constituent parts are illustrated in as Figure 4¢gpnt set of each protocol and then applied to the corresponding
and 4(e). These plots demonstrate that the in uences of thgget set0.

two parts are on the same scale. Final, the 4D plot of the _

whole FVIA algorithm is shown in Figure 5. We can se&. Criteria and Metrics

from the Figure 5 that the high scores (darker zones) of the FVCriteria and metrics are essential for evaluating the bio-
images exist in the area where both entropy and variance valuastrics system. To comprehensively evaluate the performance
are large while the mean gray is close to the threshold. This the proposed methods, this work uses several commonly
result is consistent with the our requirement. Comprehensivged criteria and metrics in biometrics eld. The criteria are
experiments and further discussion of the proposed FVifased on some metrics. Once the criteria are determined, the

algorithm are presented in the Section V-D. performance of the authentication can be evaluated by some
metrics. The metrics and the criteria used in this work are
V. EXPERIMENTS described brie y below:

In this section we describe the various experiments performedl) Metrics: Five metrics are used in this work: false match
to evaluate the proposed methods. In particular, we have studiate (FMR), false non match rate (FNMR), half total error
the properties of the proposed FVIA algorithm, as well d&te (HTER), equal error rate (EER), and 1-FNMR. FMR
the FVA performance of the proposed MFFV device usinjdicates the proportion of impostor matches that are incorrectly
a baseline FVA method. First, we describe the experimengficepted by the system, whereas FNMR denotes the proportion
protocols and the evaluation metrics. Then we describe tplegenuine matches incorrectly rejected by the system. HTER
baseline FVA method used in this work. We present i the mean of FMR and FNMR. EER is the error rate
comprehensive set of experiments to evaluate the propo§egesponding to the operating point (score-threshold over the
FVIA algorithm, following which we present baseline singledevelopment set) where FMR and FNMR are equal. 1-FNMR

view and full-view FVA results for the MFFV-N dataset. indicates the true matching rate; it usually used together with
a xed FMR.

2) Criteria: Three criteria are used in this work: minimum

In these experiments each nger is considered as RTER (min-HTER) criterion, EER criterion, and xed-FMR.
indiVidUaI SubjeCt. The MFFV-N dataset iS d|V|ded into thre¢he min-HTER Criterion is used to Compare experiments with
subsets: training set, development set, and test set, with #fi@erent parameters, and nd the parameters that lead to
ratio of 5:2:3. The three subsets are nger-wise disjoint, thghe |owest misclassi cation error; the EER criterion is used
is all FV images corresponding to a given identity appear |§ scenarios when both FMR an FNMR are considered to
only one of the three sets. This way of partitioning the data e equally important; In most real-world applications, false-
also called subject-independent partitioni®9][ The training matches are considered to be far more important than false
set is used for learning-based methods, that is, for trainiRgn-matches. In such scenarios, the biometrics system is tuned

data-driven models; the development set is used for selectiggimit the FMR to a certain acceptable value, typically 1%
the values of certain hyper-parameters; whereas the test sg§rigven 0.1%.

used for testing the generalization of the method. Since the
baseline method in this work is not a learning-based methad, .
only the development set and the test set are used. C. Baseline FVA Process
We evaluate the performance of the proposed methods byn this work the maximum curvature (MC) feature extraction
using two protocolsbalanced protocolhndnormal protocol method and the Miura Match (MM) feature-comparison method

The balanced protocol is designed to test the discrinb?1] are adopted as the baseline FVA pipeline. The full-view
nation ability of the authentication algorithm, that is, t& VA process is shown in Figure 6. Note that, in this work, the
distinguish between genuine and impostor presentations SfRgle-view FVA is a necessary step for full-view FVA. Figure
this protocol the ratio of genuine to impostor presentatiofsShows the full-view processing pipeline. For single-view FVA,
is 1:1. For any given nger, the maximum number ofhe process consists in selecting the optimal input image using
genuine comparisons can be computedCZs where the FVIA algorithm, MC feature extraction, comparing the

C denotes the Binomial Coefcient an®l denotes Probe image to the enrolled image using the MM method, and

development and test sdts = 10.
Th P | lis desi d h ivelv simul 10The dataset used, the experimental protocols, and the source-code for
e normal protocol Is designed to exhaustively simu a]:@producing the experiments presented in this work shall be shared publicly

most common biometrics application scenarios wheref@ research purposes, upon publication of this work.

A. Experimental Protocols
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TABLE VI. Experimental protocols. The three subsets are nger-wise disjoint, that is all FV images corresponding to a given identity
appear in only one of the three sets.

Num Balanced protocol Normal protocol

Training set  Development set Test set Training set Development set  Test set
Number of identities ( ngers) 160 64 96 160 64 96
Number of genuines / 2880 4320 / 576 864
Number of impostors / 2880 4320 / 36288 82080
Total number of comparisons / 5760 8640 / 36864 87944

TABLE VII: Performance of FVIA with different gray thresholds. Metric used here is HTER (%), and the best result of each column is
indicated in underline font, where as the global best result is indicated in the bold font. Maximum, Minimum, Mean, and Median denote the
maximum value fusion, minimum value fusion, mean value fusion, and median value fusion, respectively. SVM-Linear, SVM-Poly, and

SVM-RBF denote fusion by SVM with linear kernel, polynomial kernel, and RBF kernel, respectively.

Gray Threshold Single-view Multi-view fusion

View 1 View 2 View 3 Maximum Minimum Mean Median SVM-Linear SVM-Poly SVM-RBF
60 12.27 9.83 4.65 3.54 7.41 241 4.29 2.19 217 2.19
70 12.29 9.74 4.58 3.49 _T1.24 2.31 4.24 2.05 2.03 2.08
80 12.26 9.65 _4.55 3.562 7.24 2.38 4.32 2.12 2.05 2.05
90 12.45 9.58 4.57 3.51 7.27 2.38 431 2.15 2.08 2.08
100 12.47 9.60 4.58 3.51 7.27 2.36 4.34 2.14 2.07 2.05
110 12.41 9.67 4.67 3.54 7.38 2.45 4.36 2.20 2.05 2.08
120 12.34 9.69 4.67 _3.49 7.33 2.40 4.20 2.19 1.98 2.01
130 12.29 9.65 4.97 3.66 7.34 241 4.22 2.20 2.07 2.15
140 12.15 9.79 5.03 3.72 7.48 2.47 4.17 2.26 2.22 2.22
150 11.98 9.77 4.97 3.72 7.27 243 4.17 2.26 2.22 2.20
160 11.94 9.77 4.93 3.77 7.60 2.50 4.15 2.27 2.17 2.15
170 11.82 9.95 5.24 3.85 7.67 257 _ 4.06 2.27 2.22 2.24
180 11.88 9.90 5.23 3.99 7.62 252 _ 4.06 2.34 2.24 2.26
190 1174 9.72 5.30 4.13 7.59 2.55 4.10 2.29 2.29 2.27
200 11.79 9.67 5.10 4.15 7.43 2.60 4.22 2.43 2.34 2.36

result. Then, we combine the single-view FVA scores of thie to select the FV image with best quality for each view from

three views using a suitable score-fusion method to generabe FV images captured with different illumination intensities.

the full-view FVA score and decision. The selected FV images should lead to the lowest possible
To evaluate the performance of full-view FVA, seven scoréfTER. Hence, we use the min-HTER criterion to evaluate the

fusion methods have been used to combine the three single-visvformance of the FVIA algorithm.

scores. The fusion methods are: maximum fusion, minimuml) FVIA with different gray thresholdsAs described in

fusion, median fusion, mean fusion and classi cation of a 3@ection IV, the FVIA algorithm depends on a threshald

score-vector using a support vector machine (SVM) with thg,erefore, when applying this algorithm, the rst step is to
linear kernel (SVM-Linear), polynomial kernel (SVM-Poly)yetermine the appropriate value for the threshdldWe have

and radial-basis-function kernel (SVM-RBF), respectively. cqnqycted an experiment whefeis varied from 60 to 200 in

intervals of 10. A total of 15 values are considered as candidate
D. lllumination Adaptation Experiments thresholds. The value df that produces the minimum HTER

In this section the performance of the proposed FVI& adopted as the FVIA threshold.
algorithm is comprehensively evaluated. The purpose of FVIA The results of the proposed FVIA algorithm with different

Fig. 6: Baseline full-view FVA process. The process begin at FV images capture with FVIA, FV feature extraction, score calculation, scores
fusion, and end at authentication result output.
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TABLE VIII: Comparison experiments of FVIA with xed illumination intensity. Metric used here is HTER (%). The best results in each
case (single-view/full-view-fusion) are indicated in bold font while the second are underlined.

llumination Single-view Full-view

View1l View2 View3 Maximum Minimum Mean Median SVM-Linear SVM-Poly SVM-RBF
Fixed illumination 1 14.53 10.02 5.35 4.29 839 _ 306 476 2.97 2.78 2.76
Fixed illumination 2 12.15 10.00 4.65 3.63 7.78 3.06 4.31 2.52 2.34 231
Fixed illumination 3 12.71 11.32 4.81 3.89 10.07 4.05 5.07 2.92 2.40 241
Fixed illumination 4 14.11 13.32 8.28 5.66 12.60 7.29 8.07 5.95 4.39 3.91
Fixed illumination 5 14.93 13.61 9.32 6.77 14.41 8.33 8.68 7.85 5.17 4.70
Fixed illumination 6 14.18 13.58 8.73 6.49 14.17 8.37 8.54 7.71 4.98 4.65
Adaption with FVIA  12.34 9.69 4.67 3.49 7.33 2.40 4.20 2.19 1.98 2.01

TABLE IX: Comparison of FVIA with individual measures. The best results in each case (single-view/full-view) are indicated in bold font
and the second-best result is underlined. The metric used here is HTER (%).

Method Single-view Multi-view fusion

View 1 View 2 View 3 Maximum Minimum Mean Median SVM-Linear SVM-Poly SVM-RBF
E 12.03 9.69 5.09 3.91 7.40 2.55 431 233 2.26 2.27
\ 11.93 9.58 5.14 3.96 7.71 262 420 2.47 222 2.22
G 14.55 13.35 9.01 6.63 14.06 8.21 8.42 7.71 5.02 4.65
FVIA (proposed) 12.34 _9.69 4.67 3.49 7.33 2.40 4.20 2.19 1.98 2.01

TABLE X: Ablation experiments of FVIA. Metric used here is HTER (%). The best results in each case (single-view/full-view) are
indicated in bold font while the second are underlined.

Algorithm Single-view Multi-view fusion

View 1 View 2 View 3 Maximum Minimum Mean Median SVM-Linear SVM-Poly SVM-RBF
Ablation of variance 1253  9.67 4.81 3.58 7.19 2.53 4.29 222 2.08 2.17
Ablation of entropy 12.41 9.81 _ 479 3.70 7.45 247 4.36 2.29 2.14 2.19
Ablation of mean gray velue 11.88 9.91 5.02 3.92 7.83 2.62 417 2.24 2.26 2.24
FVIA (proposed) 12.34  9.69 4.67 3.49 7.33 2.40 4.20 2.19 1.98 2.01

gray thresholdsT are shown in Table VII. As the resultsfrom these observations that the proposed FVIA algorithm can

show, the lowest overall HTER, 1.98%, occurs wher 120. effectively reduce the FVA error rate.

Therefore, in this work when computing the thresholdr is 3) Comparison of FVIA with individual measure®/e have

set toT =120. Furthermore, observing the evolution of theeompared the performance of the proposed FVIA algorithm

HTER for the full-view case, we note that the performanogith those of the individual quality measures — entr@py(

drops asT tends to either end of the range (60, 200). Thigariance ¥), and mean gray values(. Table IX shows the

observation is consistent with our principle in SectidhA  performances of these comparison measures. In these results

that G can be used for illumination adaptation. we see that in most cases the proposed FVIA method achieves
From Table VII we draw two further conclusions. 1) Thahe best results. Speci cally, the FVIA algorithm achieves the

performance of full-view fusion is better than that of anpest results in all of the full-view cases. The advantage of the

single view, which demonstrates the advantage of full-vieBVIA algorithm is further demonstrated.

FVA. 2) The performance of View 3 is clearly superior to that 4) Ablation experiments for FVIA algorithmiVe have also

of View 1 or 2. This observation shows that in this datasetpnducted ablation experiments to investigate the contribution

the palmar view of the nger includes more discriminatorpf each component of the proposed FVIA algorithm. For the

information than the other views. These two phenomena wiblation of the entropy componerd; is set to zero in the

be comprehensively evaluated in the authentication experimeRiglA algorithm, for the ablation of the variance component,

in Section V-E. V is ignored in the FVIA algorithm, and for the ablation of
2) Comparison of FVIA with Fixed lllumination Intensity: G, the entire denominator in Equation 2 is excluded, that is,

Next, we study the advantage of combining the MIFV strateget to 1.

and the FVIA algorithm, over FVA with xed illumination. The results of the FVIA ablation experiments, presented

Speci cally, we compare the FVA performance when usingn Table X, show that in most cases (single-view as well as

the FVIA algorithm to the FVA scenario where all FV imagesull-view), the performance of the complete FVIA algorithm

are captured under only a single, xed illumination intensitys generally superior to that when ablating any individual

We simulate the xed illumination scenario by consideringneasure. In all cases, the performance of the proposed FVIA

only images of a pre-determined illumination intensity for eachlgorithm is in the top two results. These ablation experiments

nger-presentation. demonstrate that all three measures contribute signi cantly to
Table VIII shows the experimental results of each illumindghe performance of the FVIA algorithm.

tion scenario. From these results we can see that in most 05) Qualitative analysis of the proposed FVIAb qualita-

the cases (single-view/full-view), the proposed FVIA algorithrtively analyze the proposed FVIA algorithm, the composite

results in lower authentication error than when using xe#@8VIA coef cient Cis calculated with the illumination intensity

illumination. In those cases where illumination selected hsariant from lllumination 1 (I11) to lllumination 6 (16). For

FVIA are not the best, they are a close second. We concludemparison, we have also calculated the individual measures
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of the FVIA algorithm, the entropy, variance, and mean grais shown in Figure 6. To comprehensively evaluate the FVA
value. The rst sample of each nger are used for analysis.performances of the MFFV-N dataset, we use three performance
Figure 7shows the box-plot of the four entitieS, €, V, criteria in the FVA experiments: EER, min-HTER, and xed
and G) for each of the three views. From these plots, we cdMR (in this work, both FMR=1% and FMR=0.1% have been
see that the discriminative power of the FVIA coef cie®, is used). These criteria cover most of the common application
superior to that of the three individual measures. Speci callycenarios for FVA. In all these experiments the authentication
we note the following phenomena: score threshold is selected over the development set of the
Compared to entropy, the FVIA coef cier not only selected protocol and then applied to the corresponding test
has better discriminative power, but also more obvio$§t:
trend of change, for example, the median changes morel) Single-View FVA:The proposed MFFV device can also
signi cantly with illumination intensities. be used for single-view FVA, where each view is considered
Compared to variance, the composite FVIA coef cight individually. The FVA results are presented in Table XI. Score
tends to select images recorded using lower illuminatig#istributions for genuine and impostor matches (represented
intensity. This is a result of including the mean gray-valuBy probability densities expressed as percentages) are shown
in C. Combining this phenomenon with the results it Figure 8(a) to 8(f).
SectionV-D3, we ana|yze that the proposed FVIA coef - From Table X| we see that, for both prOtOCOIS, FV Samples
cient C can avoid overexposure due to high illuminatiodfom View 3 consistently produce the better performance
intensity. than those of View 1 and 2. This conclusion is also evident
Compared to the mean gray-value, The FVIA coef cienfrom Figure 8(a) to 8(f) where we see that the zero effort
has low value when the illumination intensity is eithefmpostor (ZEI) score distribution (blue) and the genuine-score
too weak or too strong, so as to avoid under-exposdﬂiﬁtribution (green) are best Separated for View 3. Therefore,
or over-exposure. This is consistent with the theoretic&e can conclude that, for the MFFV-N dataset, the palmar view
expectations as described in Section IV. of nger includes more discriminatory FV information than
the other two views. In some cases, namely, the xed FMR
criteria, we note that the results of View 1 and 2 are better
than that of View 3. However, in these cases the corresponding
In this section we provide baseline FVA results for thENMR (and consequently, HTER) are much higher than the
MFFV-N dataset. The process of FV baseline authenticationrresponding values for View 3. This means that in these

E. Finger Vein Authentication Experiments

@ (b) © (d)

(e) (® ) (h)

@ (0 (k) 0}

Fig. 7: Qualitative analysis of FVIA coef cient and individual measures comparison. (a)-(d), (e)-(h), and (i)-() shown the qualitative analysis
results of View 1, View 2, and View 3 respectively, in the order of FVIA coef cient, entropy, variance and mean gray value.
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TABLE XI: Authentication performance of each single view, and full-view. The best results are indicated in bold font, and the second best
results are underlined.

Balanced protocol

Normal protocol

Criterion View
Development set Test set Development set Test set
EER FMR FNMR HTER FMR FNMR HTER EER FMR FNMR HTER FMR FNMR HTER
View 1 12.78 12.78  12.78 12.78 10.32  13.56 11.94 17.02 17.02  17.01 17.02 1370  18.63 16.17
EER View 2 10.35 10.35  10.35 1035  6.88 14.81 10.84 15.31 1534  15.28 1531 1113 2211 16.62
View 3 517 5.17 5.17 517 574 7.71 6.72 8.30 8.26 8.33 830 713 1435 1074
Full-view 2.08 2.08 2.08 2.08 2.29 451 3.40 3.97 3.94 3.99 3.97 2.32 8.56 5.44
EER FMR FNMR HTER FMR FNMR HTER EER FMR FNMR HTER FMR FNMR HTER
View 1 / 8.30 16.39 12.34 6.76 16.81 11.78 / 10.12 21.88 16.00 7.90 24.07 15.99
min-HTER View 2 / 6.49 12.88 9.69 4.47 17.48 10.97 / 9.73 19.62 14.67 6.73 26.27 16.50
View 3 / 247 6.88 4.67 336 10.16 6.76 / 5.83 9.38 7.60 494 17.36 11.15
Full-view / 1.77 2.19 1.98 2.08 4.65 3.37 / 2.97 4.34 3.66 1.67 9.72 5.69
1-FNMR FMR FNMR HTER FMR FNMR HTER 1-FNMR FMR FNMR HTER FMR FNMR HTER
View 1 64.90 0.97  35.10 18.04 0.65 33.73 17.19 53.30 1.00 46.70 23.85 0.82 43.63 22.23
FMR=1% View 2 71.91 0.97  28.09 1453 0.65 34.49 17.57 53.82 1.00 46.18 2359 064 51.39 26.02
View 3 89.55 097 1045 571 1.76 16.04  8.90 77.78 1.00 2222 1161 0.86 30.67 15.77
Full-view 96.39 0.97 3.61 229 134 6.25 3.80 89.93 1.00 10.07 5.53 0.49 15.74 8.12
1-FNMR  FMR FNMR HTER FMR FNMR HTER 1-FNMR FMR FNMR HTER FMR FNMR HTER
View 1 42.01 0.07 57.99 29.03 0.02 54.98 27.50 33.33 0.10 66.67 33.38 0.08 61.57 30.83
FMR=0.1%  View 2 42.81 0.07 57.19 28.63 0.00 68.03 34.02 3438 010 65.63 32.86 0.06 76.04 38.05
View 3 75.90 0.07 2410 12.08 0.28 3234 16.31 58.51 0.10 4149 20.80 0.07 50.46  25.27
Full-view 92.05 0.07 7.95 401 035 11.92 6.13 79.51 0.10 20.49 10.29  0.06 27.20 13.63
@ (b) (© (d)
(e) ® @ (h)

Fig. 8: FVA score distributions. The red dotted line indicates where the threshold is selected (on development set) with EER criterion. (a),
(b): Score-distributions of View 1 with balanced protocol and normal protocol, respectively; (c), (d): Score-distributions of View 2 with
balanced protocol and normal protocol, respectively; (e), (f): Score-distributions of View 3 with balanced protocol and normal protocol,

respectively; (g), (h) Score-distributions of full-view FVA for balanced protocol and normal protocol, respectively.

tests, although the FMR values for View 3 are slightly wors& the balanced protocol and 3.97% in the normal protocol.
than those of Views 1 and 2, the overall performance for View For min-HTER criterion, in the balanced protocol we reach
an HTER of 1.98% for development set and 3.37% for test set.
2) Full-View FVA ExperimentsThe baseline full-view FVA Correspondingly, in the normal protocol we see a min-HTER
method follows a score-fusion approach, based on the thade3.66% for the development set 5.69% for the test.
Single'VieW FVA scores. As depicted in Figure 6, in addition For xed FMR Criterion, on deve|0pment sets, the (1_
to the processes of the single-view FVA, the full-view FVAENMR)@FMR=1% metric achieves 96.39% and 89.93%,
includes a score fusion process. Based on the results presegigdl the HTER metric ahiceves 2.29%, and 5.53%, in the
in Table VII, we adopt the SVM with polynomial kernel (SVM-pajanced protocol and the normal protocol, respectively. Under
this criterion, on test set, the HTER achieves 3.80% (bal-
For ease of comparison with single-view FVA, the full-viewanced protocol) and 8.12% (normal protocol), respectively.
FVA results are also presented in Table XI. Figure 8(g) to 8(Myhen FMR is limited to 0.1%, on development set, the (1-
show the genuine and ZEI score distributions for full-viewwNMR)@FMR=0.1% metric comes to 92.05% and 79.51%, and
FVA. For EER criterion, the EER of development set is 2.08%he HTER metrics comes to 4.01% and 10.29% for the balanced

3 is still signi cantly better.

Poly) for fusing the scores of the three views.
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TABLE XIlI: Examples of the LFMB-3DFB dataset.

Capture 1 Capture 2 Capture 3 Capture 4 Capture 5 Capture 6

View A
View C
View E
TABLE XIlll: Comparison with LFMB-3DFB (%).
Criterion Method Balance protocol
Development set Test set
EER EER FMR FNMR HTER FMR FNMR HTER
MC+MM+SVM 35.38 35.38 35.38 3538 3293 35.23 34.08
min-HTER EER FMR FNMR HTER FMR FNMR HTER
MC+MM+SVM / 13.61 52.69 33.15 13.04 53.33 33.18
FMR=1% 1-FNMR  FMR FNMR HTER FMR FNMR HTER
MC+MM+SVM 25.15 0.99 74.85 37.92 0.72 74.75 37.74
EMR=0.1% 1-FNMR  FMR FNMR HTER FMR FNMR HTER

MC+MM+SVM 18.10 0.10 81.90 41.00 0.07 81.81 40.94

and normal protocols, respectively. The corresponding HTER TABLE XIV: Time Complexity Test
values (test set) obtained are 6.13% and 13.63%, respectively, Process Time (ms) _ Proportion
for the two protocols.

c d 1o th lts of single-view. there is siani cant FVIA 4455 7.33%

~ Compared to the results of single-view, there is signi can MC Feature Extraction  560.90 92 29%

improvement in full-view FVA. Figure 8(g) to 8(h) shows a MM Score Calculation 2.15 0.35%

clear separation between genuine matches and ZE| matches SVM Fusion 0.14 0.02%
Total 607.74 100%

for full-view FVA. The separation between the two classes is
signi cantly higher for full-view FVA than for the single-view

case (compare with Figure 8(g) to 8(h).) In particular, notg, .\, iational costs of the various steps in the processing
that the (1-FNMR) values for the xed FMR criteria are muchyyinajine e also provide the proportion of time (expressed
higher for the full-view authentication than for those of an¥q 4 percentage) consumed by each step. The numbers (time
single-view authentication case. These results demonstrate r@&uired for EVIA. MC feature extraction. and MM score

signi cant advantage of full-view over single-view FVA. 50 1ation) shown in Table XIV are for single-view processing.
For full-view processing, the time required is three times the
F. Time Complexity Experiments time required for single-view processing. The additional time

To evaluate the time complexity of the proposed gy Aequired for SVM-based score-fusion in full-view FVA is very

method, we estimate the time required when using FVIﬂwrt cqmpared to the time required for computing the three
algorithm in this experiment. The time complexity of the FviASingle-view match-scores. From the table we can see that
algorithm is the time for obtaining the optimally illuminated F\AN€ ime complexity of the FVIA algorithm is quite short
image from the six images captured with different illuminatioffompared to the feature-extraction process. Ir! other Wordg, the
intensities. In addition, we also estimate the time required fbr /A @lgorithm proposed here adds a relatively short time

the other processing, including MC feature extraction, miemPplexity to the processing pipeline, while providing better

score calculation, and SVM fusion, thus providing a benchmafi/A Performance. From these experimental results, we can see

(Note that here we only discuss the time for using this datasiit the time cost proportion of the proposed FVIA algorithm is
for the time of imaging, please see Section Ill) for future workguite small compared to the feature extraction process. In other

that use our MFFV dataset. The time complexity experime rds, the FVIA algorithm proposed in this work uses relatively

are conducted on the WSL (Windows Subsystem for Linul@w time cost to obtain better authentication performance.

system with the Intel Core i7-14700HX processor and 32G

5600MT/s DDR5 (Double Data Rate Fifth Generation) RAMS- Comparison with LFMB-3DFB Dataset

(Random Access Memory). To the best of our knowledge, only one other multi-camera
Table XIV shows the time required for each process fdrased full-view FV dataset has been published — the LFMB-

each process. To provide an intuitive idea about the relati8®FB dataset19]. In this section we study the performance



of our baseline full-view FVA method on the LFMB-3DFB
dataset. The LFMB-3DFB dataset has been collected using a
full-view FV device with six cameras (named ‘A’ to ‘F’) in a
hexagonal configuration. For fair comparison with the proposed
MFFV dataset, in this experiment we have selected only three
of the six views in the LFMB-3DFB dataset — views A, C, and
E, as shown in Table XII. The experiment is conducted with
the protocol provided by the LFMB-3DFB dataset, which is
similar to the balanced protocol of the proposed MFFV dataset.

Table XIII shows the FVA results for the LFMB-3DFB
dataset. Comparing this table with Table XI, it is clear that the
full-view authentication results for the LFMB-3DFB dataset
are significantly worse than those for the MFFV dataset. The
reason for the poor full-view FVA performance on the LFMB-
3DFB dataset in this experiment lies in the way the data was
collected. During data-collection of the LFMB-3DFB dataset,
the volunteers were asked to place the finger in the device at an
arbitrary angle for each presentation. As a result, in this dataset,
different presentations of the same finger have been imaged at
different orientations, as shown in Table XII. In other words,
for two presentations of the same finger, the images from a
given camera may not capture the same view of the finger.
This intra-class finger-orientation variation does not affect the
FVA performance when all six views are considered together.
However, for single-view FVA, the difference in orientation
between the enrolled FV sample and the probe FV sample
may lead to a mismatch in a genuine comparison. Indeed,
in Table XIII we see that the FNMR is extremely high for
the min-HTER and fixed FMR criteria. From this experiment
we conclude that the LFMB-3DFB dataset may be used for
full-view FVA based on all six views taken together, but the
dataset is not very suitable for single-view authentication, or
full-view authentication based on score-fusion of single-view
FVA. Note that the FVIA algorithm is not applicable to the
LFMB-3DFB dataset, because a constant illumination intensity
has been used for all presentations in this dataset.

VI. CONCLUSIONS AND FUTURE WORK

In this work we have presented the design of a new full-
view FV biometrics device, named MFFV. The MFFV device
incorporates a novel mirror-based image-capture mechanism,
to increase the distance between the target (finger) and the
camera without sacrificing compactness. We propose a two-step
approach to obtain optimally illuminated images for fingers with
different thicknesses. The first step involves the proposed MIFV
imaging strategy, where six images with varying illumination
intensities are recorded for every sample, in each view of the
finger. To complement the MIFV capture strategy, we propose
a novel FVIA algorithm that selects, during processing, the
optimal image from the six MIFV images. The combination of
the MIFV imaging strategy and FVIA algorithm not only
addresses the issue of selecting the optimal illumination
intensity for fingers of varying thicknesses, but also helps
to reduce the cost of the device (by compensating for lower-
quality cameras) while maintaining high FVA performance.

Using the MFFV device, we have curated a new full-
view FV dataset, named the MFFV dataset. This dataset has

172,800 FV images corresponding to 320 fingers. This full-
view, multi-illumination-intensity, multi-orientation FV dataset
can support FV research in many directions, thus promoting
the advancement of FV biometrics. In this work, we have used
only a portion of the MFFV dataset, named MFFV-N, which
is publicly available for research purposes'. The effectiveness
of the proposed FVIA algorithm is evaluated and demonstrated
by the extensive experiments on the MFFV-N dataset.

Finally, we present a set of baseline FVA results for the
MFFV-N dataset using two experimental protocols, which
simulate most of the common biometrics application scenarios.
In our baseline FVA process, first the MIFV strategy is used
to record multiple FV images of the presented finger, and
the FVIA algorithm is applied to select the optimal probe
FV image from this set. Then the maximum-curvature (MC)
method is used to create a template of vein-features. The
probe template is compared to the corresponding enrolment
template using the Miura-Match (MM) method, to compute a
single-view match-score for each view. The single-view match-
scores of the three views of the MFFV device are finally fused
using a polynomial SVM classifier, to generate a full-view
FVA score for the presented finger. Our experiments show that
the full-view FVA is significantly better than any single-view
authentication performance.

In future we plan to extend our work in both directions,
software and hardware. In terms of FVA software, we will
develop deep-learning based methods for end-to-end full-
view FVA. We also plan to make further improvements to
the proposed device. In particular we plan to expand the
illumination range, by adding not only more intensity-levels, but
also including additional wavelengths for illumination. In the
current version of the MFFV device the range of illumination
intensities is the same for all three views. Our experience in
this work shows that this setup is still not the best. Because the
cross-section of the finger is more oval than circular, we believe
that the range of illumination intensities should different for
the different views.
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