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ABSTRACT The ongoing COVID-19 pandemic has pointed out, even more, the important need for hygiene
contactless biometric recognition systems. Vein-based devices are great non-contact options although they
have not been entirely well-integrated in daily life. In this work, in an attempt to contribute to the research
and development of these devices, a contactless wrist vein recognition system with a real-life application
is revealed. A Transfer Learning (TL) method, based on different Deep Convolutional Neural Networks
architectures, for Vascular Biometric Recognition (VBR), has been designed and tested, for the first time
in a research approach, on a smartphone. TL is a Deep Learning (DL) technique that could be divided into
networks as feature extractor, i.e., using a pre-trained (different large-scale dataset) Convolutional Neural
Network (CNN) to obtain unique features that then, are classified with a traditional Machine Learning
algorithm, and fine-tuning, i.e., training a CNN that has been initialized with weights of a pre-trained
(different large-scale dataset) CNN. In this study, a feature extractor base method has been employed. Several
architecture networks have been tested on different wrist vein datasets: UC3M-CV1, UC3M-CV2, and PUT.
The DL model has been integrated on the Xiaomi
 Pocophone F1 and the Xiaomi
 Mi 8 smartphones
obtaining high biometric performance, up to 98 % of accuracy and less than 0.4 % of EER with a 50-50 %
train-test on UC3M-CV2, and fast identification/verification time, less than 300 milliseconds. The results
infer, high DL performance and integration reachable in VBRwithout direct user-device contact, for real-life
applications nowadays.

INDEX TERMS Vein biometric recognition, smartphone, deep learning, convolutional neural network
(CNN), machine learning, transfer learning, artificial intelligence, contactless wrist vascular database, neural
network as feature extractor, biometrics on mobile devices.

I. INTRODUCTION
In the current worldwide pandemic, caused by the
SARS-CoV-2 virus, the transmission of COVID-19 dis-
ease can even occur through indirect contact between an
uninfected person and an object used by an infected per-
son [1]. In this sense, non-contact multi-user systems provide
hygienic alternatives, thereby helping to prevent the propaga-
tion of this disease.

In the security world, for access control and payments, con-
tactless biometric recognition systems are effective solutions
in terms of reliability, robustness, comfort, but even more
important, hygiene. There are several non-contact biometric
modalities: facial, iris, contactless fingerprint, gait, vascu-
lar, etc.

Two main systems define the Vascular or Vein Biometric
Recognition (VBR) industry: Fujitsu
 PalmSecure, patent

The associate editor coordinating the review of this manuscript and
approving it for publication was Wei Liu.

US 2005/0148876 A1 [2], and Hitachi
 Finger Vein Authen-
tication, patent US 2011/0222740 A1 [3]. The former is a
contactless palm vein system and the latter is a contact finger
system. In light of these patents, there are two other VBR
modalities in the research world: hand dorsal vein and wrist
vein. Considering the latter, previous research [4] described a
complete contactless wrist VBR system suitable for access
control and forensic applications. Additional systems have
been reported [5] and [6], however, they require physical
contact between the user and the device.

Another example of non-contact wrist VBR, embedded
into a smartphone, in this case, was recently stated in [7]
for use in future online payments, bank account access, and
screen unlocking.

A. MOTIVATION
Vascular or Vein Biometric Recognition (VBR) is one of the
most respectful among contactless biometric variants in terms
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of user privacy (e.g. contrasted with facial or iris recognition)
but, unfortunately, has not been well-integrated into daily life
yet. It also offers a comfortable user-device interaction aswell
as a robust recognition technique, useful in preventing spoof
attacks. Veins are internal tissues that cannot be captured or
stolen in a non-cooperative way.

The above factors, combined with the current increased
demand for non-contact systems due to the risk of COVID-19
transmission and the lack of real-life VBR solutions, are the
motivation behind this work.

B. CONTRIBUTIONS
In this study, a novel Transfer-Learning-based wrist system
for contactless VBR is embedded into smartphones for the
first time in a research approach.

The supervised trained Deep Learning (DL) model,
designed to verify and identify people based on wrist
vascularity, employs a pre-trained Convolutional Neural
Network (CNN) to obtain unique features that are then clas-
sified with a traditional Machine Learning algorithm. This
technique, known as Transfer Learning (TL) using Neural
Networks (NN) only as feature extractors, has been revealed
instead of following the current biometric DL trend which
is to train a CNN from scratch. The latter is usually a more
complex and time-consuming research process that obtains
similar results to TL in terms of recognition performance.
Also, the use of CNNs as a feature extractor is a solution for
the reduced number of images per user class in the vascular
biometric State-of-the-Art datasets.

To demonstrate this hypothesis, not only a novel algorithm
based on networks as arbitrary feature extractors has been
revealed, but also this model has been integrated into two
smartphone devices to prove the real-life application and
evaluate the vascular biometric and processing performance.

The smartphones designed by Xiaomi Inc.
 , Xiaomi

Pocophone F1 (Fig. 1 a) and Xiaomi
 Mi 8 (Fig. 1 b),
are used as whole capture, processing, and storage hard-
ware to complete the VBR system. Both devices mount a
near-infrared camera originally used to unlock them with
facial recognition.

The results, discussed according to the ISO/IEC 19795-1
standard [8], are obtained on a unique contactless wrist
database captured on smartphones, UC3M-CV2 [7]. To com-
pare themwith the current State-of-the-Art, other non-contact
and contact datasets are employed, UC3M-CV1 [4] and
PUT [9], respectively.

C. RELATED WORK
Although this study presents a wrist solution, the current
VBR State-of-the-Art that relies on the most recent infrared-
images-based studies has been analyzed not only for the wrist
vein modality, but also reinforced with palm, finger, and
hand dorsal vein variant studies. This section is divided into:
acquisition, storage, and processing hardware; recognition
algorithms; and existing datasets.

FIGURE 1. Smartphones used for transfer learning VBR integration (image
capture, processing, and storage): Xiaomi
 devices. (a) Xiaomi

Pocophone F1. (b) Xiaomi
 Mi 8.

1) ACQUISITION, STORAGE, AND PROCESSING HARDWARE
In the last year 2020, a reduced number of non-contact
acquisition systems were presented: [4] and [10]. The former
is a portable wrist-based system composed of a modified
near-infrared camera, a near-infrared illumination designed
by the authors, and a reduced-size computer. It includes a
static-positioning algorithm for user guiding, TGS-CVBRr.
Using this system, an image is acquired for each user
interaction.

The latter reveals an on-the-fly acquisition method using
4 low-cost near-infrared commercial cameras, a rectangu-
lar grid LED light, and a diffusing glass for finger vein
recognition. A quick user’s hand movement (1-3 seconds)
over the system and a video capture ensure the right
acquisition.

Jhong et al. [11] present a non-contact hand palm vein solu-
tion based on a CNN recognition algorithm that is mention in
the following section.

The hardware details of these systems are shown in Table 1.
Later in 2020, a capture, storage, and processing sys-

tem was embedded into smartphones [7] for non-contact
wrist VBR. The employed devices, as mentioned previously,
mounted a near-infrared and LED illuminator used originally
for facial recognition. The same static-positioning algorithm
stated in [4] was implemented.

The current work follows this contactless hardware
research line that permits the integration of the acquisition,
storage, and recognition algorithm (a novel Deep Learning
model in this case) into the same device.

Taking into account the motivation behind this work and
analyzing these studies and the current industry trends it
is probably not wrong to conclude/predict that contactless
interaction has come to stay.
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TABLE 1. State-of-the-art contactless hardware summary for VBR.

2) RECOGNITION ALGORITHMS
In the last 5-10 years since Deep Learning algorithms for pat-
tern recognition took off, most of the research studies in VBR
have relied onDL algorithms, frequently replacing traditional
Machine Learning. However, DL has not been applied for the
wrist vein recognition variant. Thus, DL technique analysis
for the other vascular modalities has been necessary in order
to introduce these algorithms for the first time in a wrist
research approach.

As the previous work [10] reveals, Deep Convolutional
Neural Networks are the main object of study in finger vein
recognition. Different CNN architectures have been imple-
mented and trained from scratch with high authentication
(Equal Error Rates, EER, under 5 %) and identification (Cor-
rect Identification Rates, CIR, higher than 95 %) perfor-
mance models: VGG16 [12], ResNet50 and ResNet101 [13],
DenseNet [14], designed by authors [15], among others.

Huang et al. [12] present a model inspired byVGG16CNN
adapting the first convolutional layer to the finger vein
image size (Region Of Interest = 128 × 128) because this
well-known architecture, based on 3 × 3 Convolutional +
Activation (ReLU) layer blocks, has a 224× 224 input layer.
As Table 2 summarizes, deeper architectures that rely

on micro-architectures, such as ResNet50/ResNet101 or
DenseNet161, have been applied by Kim et al. [13] and
Song et al. [14], respectively. ResNet uses the residual mod-
ule which obtains information (reference) from previous
convolutional (not consecutive) layers, allowing for deeper
training (and thus higher classification accuracy). A similar
architecture goal but different reference configuration was
introduced by Huang et al. [16] with DenseNet.

Moving on to the palm vein modality it is more diffi-
cult (in hand dorsal vein even more) to discover DL-based

solutions. A reduced number of CNN architectures have been
tested. Jhong et al. [11] presented a VGG16-inspired solution
using contactless images (acquired by the authors) previously
enhanced with the CLAHE (Contrast Limited Adaptive His-
togram Equalization) algorithm [17]. The preprocessing step
(apart from ROI extraction) is not very common in CNN
solutions due to the high recognition performance achieved
with raw images, but it could be optimal if the images have
poor quality or the ROI has a reduced size. In the current
work, the CLAHE algorithm is also tested and compared with
raw images. Obayya et al. [18] present a contactless palm
solution using the CASIA Multispectral Palmprint Image
database [19] for CNN training and testing. A CNN architec-
ture is designed and trained by the authors using a Bayesian
optimization to find the optimal network structure and its
parameters.

Finally, in wrist VBR, no DL solutions had been revealed
prior to the current study. In terms of contributing to the
wrist research, as has been previously pointed out in the
contributions section (Section I-B), a Deep Learning tech-
nique is revealed for the first time. This DL algorithm is
not just a novelty for this modality but also for the entire
VBR research because, as can be extracted from the cur-
rent analysis, the CNN architectures are trained from scratch
instead of using Transfer Learning. Vein recognition State-of-
the-Art networks are trained with infrared images, allowing
them to extract unique features and classify them apply-
ing the desired user labels. Despite the fact that TL has
been previously used in the research world for the devel-
opment of biometric recognition algorithms, as far as is
known, only [20], a hand-dorsal-vein work reveals a Transfer
Learning solution (both variants, CNN as feature extrac-
tor and CNN fine-tuning) with pre-trained (in ImageNet
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TABLE 2. State-of-the-art deep learning systems for VBR.

TABLE 3. Wrist VBR datasets.

dataset [21]) AlexNet, VGG16, and VGG19 architectures.
Kuzu et al. [22] present something similar to the fine-tuning
(TL) technique, clearly defined by Rosebrock in [23],
with a pre-trained (ImageNet dataset [21]) DenseNet161
architecture.

The TL concept ‘‘proposes a different training paradigm’’
[23] and is exhaustively explained and discussed in detail in
this work, in particular in Section II.

3) DATASETS
Finally, in order to conclude the State-of-the-Art analysis,
Table 3 indicates the existing wrist vein databases and their
main features. To compare the biometric performance, only
the existing wrist datasets are shown and analyzed not con-
sidering the rest of the VBR modalities.

It is worth noting that PUT [9] and FYO [24] (FYOWV
part), as far as is known, are the only existing public
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datasets: Singapore [25] and UC3M [26], collected respec-
tively in 2007 and 2011, are privately-distributed and [5],
UC3M-CV1 [4] and UC3M-CV2 [7] are, at this time, private
datasets.

Table 3 infers that only the 2020 recent databases, UC3M-
CV1 [4] and UC3M-CV2 [7], contain contactless images.

Since the PUT dataset was collected in 2011, the number
of images per class (unique wrist user) is acceptable con-
sidering the previous datasets, but quite small applying the
general DL rule of thumb of 1000-5000 examples per class
described in [23] by A. Rosebrock. UC3M-CV2 contains
the highest number of unique wrist user images, 24 samples
(6 samples × 2 sessions × 2 devices = 24 images), with a
total of 2400 images (50 subjects × 2 wrists × 6 samples ×
2 sessions × 2 devices = 2400 images). The limited train-
ing data (samples per class) in DL solutions supposes the
most challenging and persistent problem in all VBR variants
because the interclass features are very similar and therefore
difficult to distinguish. In this sense, this issue is analyzed
in the next sections and the proposed recognition Transfer
Learning CNN algorithm is put through its paces not only
over the UC3M-CV2 datasets but also over UC3M-CV1, and
PUT.

II. TRANSFER LEARNING
TL is a Deep Learning technique that takes a pre-trained
Neural Network model as a starting point. This pre-trained
NN is then modified and trained with the data of interest
which may be completely different from that used in the
pre-training.

For CNNs, there are two ways of applying TL:
1) CNN as a feature extractor.
2) Fine-tuning.

A. CNN AS FEATURE EXTRACTOR
This TL variant relies on using the pre-trained weights from
the shallowest layers of the CNN architecture to acquire
unique features from the images. Then, a traditional Machine
Learning algorithm is applied to these features in order
to precisely classify/recognize the images. The pre-training
using some massive datasets like ImageNet, which consists
of 1000 different object classes with over 1.2 million images,
have demonstrated the viability of this TL technique with
excellent results in the computer vision world.

In this way, the traditional biometric scheme of ‘‘feature
extraction+ feature comparison’’ stays the same as before the
DL irruption using the CNNs as end-to-end image classifiers.

Fig. 2 shows the comparison between a CNN as a feature
extractor and a CNN as an end-to-end classifier. The CNN
architecture shown is VGG16, as it is one of the structures
studied in this work.

The VGG16 original architecture (Fig. 2 a) consists of:
• 2 blocks of 2 convolutional layers (3 × 3) + 1 max
pooling layer (C1 + C2 +MP1 and C3 + C4 +MP2).

FIGURE 2. Transfer learning using the VGG16 network architecture as
feature extractor: (a) Original VGG16 end-to-end image classifier with the
1000 ImageNet output class labels. (b) VGG16 as feature extractor
(7 × 7 × 512 = 25088 unique features).

• 3 blocks of 3 convolutional layers (3 × 3) + 1 max
pooling layer (C5 + C6 + C7 +MP3, C8 + C9 + C10 +

MP4 and C11 + C12 + C13 +MP5).
• 3 fully-connected layers (FC1 + FC2 + FC3).

The VGG16 network as a CNN feature extractor (Fig. 2 b)
follows the same structure but the propagation is stopped
before the final 3 fully-connected layers that are obviated,
obtaining 7× 7× 512= 25088 unique features instead of the
probabilities for each class label. Directly using the weights
previously obtained when pre-training this CNN architecture
in a massive dataset, like ImageNet, the image features of
the desired dataset are extracted. Then, they are classified
with a traditional Machine Learning algorithm completing
the recognition model.
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FIGURE 3. Transfer learning using the fine-tuning process for the
VGG16 architecture, Step 1 and 2: add the new simplified FC layers and
freeze the CNN ‘‘body’’ training only the new FC layers.

B. FINE-TUNING
Instead of using a CNN as a feature extractor, fine-tuning as a
TL method proposes maintaining the CNN as an end-to-end
classifier. For this purpose, a pre-trained CNN is modified
(deeper layers or ‘‘head’’ of the network) and trained by parts
again with the desired images.

To implement this technique the next steps are usually
followed (Fig. 3 and Fig. 4):

1) Replace the final fully-connected layers (‘‘head’’ of the
network) with other simplified fully-connected layers.
These new layers are randomly initialized (just like
any other layer in a new network). The previous layer,
the max pollingMP5 in the case of the VGG16 network
shown in Fig. 3, is treated as the output of a feature
extractor.

2) Train the new architecture by ‘‘freezing’’ the param-
eters of the previous-to-the-head layers (the ‘‘body’’),

FIGURE 4. Transfer learning using the fine-tuning process for the
VGG16 architecture, Step 3: unfreeze the CNN ‘‘body’’ training the entire
architecture.

i.e., not back propagating through these layers in order
to avoid destroying the rich feature filters previously
learned. The new fully-connected layers are randomly
initialized, so that this part of the network is ‘‘foolish’’
at this stage.

3) After the network ‘‘head’’ has started to learn pat-
terns in the dataset of interest, the training is paused,
the ‘‘body’’ is unfrozen allowing the entire network
back propagation, and the training is resumed with a
reduced learning rate (it is not usually desirable to dra-
matically modify the pre-trained convolutional filters)
in order to obtain, if it is necessary, higher accuracy.

III. VEIN BIOMETRIC RECOGNITION SYSTEM
Fig. 5 shows the implemented DL system with the Transfer
Learning model completely embedded into a smartphone and
following the ISO/IEC 19795-1 standard [8]. It is divided into
5 subsystems:
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FIGURE 5. Components of the designed transfer learning VBR system embedded into a smartphone.

1) Data Capture Subsystem: The first step in the verifi-
cation/identification task is to present and capture the
biometric sample. The wrist vascular presentation is
acquired using the biometric sensor: the near-infrared
camera, and the near-infrared light, both originally
integrated into the smartphone for facial recognition.
The capture and guiding algorithm software, TGS-
CVBRr, presented in [7] is in charge of this task.

2) Signal Processing Subsystem: The captured images are
preprocessed or not (both cases have been tested) and
the designed TL model obtains the unique discriminat-
ing features using 4 different CNN structures. Fig. 5
shows the CNN as a feature extractor pre-trained with
the ImageNet dataset.

3) Data Storage Subsystem: If the system is working in
enrollment mode the features are stored in the data stor-
age subsystem: the internal memory of the smartphone.

4) Comparison Subsystem: As has been discussed, after
applying this TL solution a Machine Learning algo-
rithm is in charge of the feature comparison. For the
CNNs trained from scratch this block is part of the
network (fully-connected layers).

5) Decision Subsystem: According to the values obtained
in the previous subsystem, the verification/
identification is taken.

A. INTEGRATED BIOMETRIC HARDWARE
The only devices used in the designed system as image cap-
ture, processing, and storage hardware, are two smartphones

designed by Xiaomi Inc.
 : Xiaomi
 Pocophone F1 (Fig. 1 a)
and Xiaomi
 Mi 8 (Fig.1 b). Both of them were used in [7]
to collect the UC3M-CV2 dataset. All their main features are
detailed in [7] and summarized in the following points.

1) CAPTURE: BIOMETRIC SENSOR
The unknown front near-infrared camera and a near-infrared
LED (Light Emitting Diode) light integrated into the
screen-notch of the smartphone is the acquisition hardware
of the system. This ToF (Time-of-Flight) technology was
originally used for facial recognition in these devices. It is
worth pointing out that the infrared LED light that emits
a wide spectrum of infrared light (around 960 nm) is still
unknown, however, it has been discovered that the camera
mounts anOmniVision
 OV7251 sensor [28]. The light spec-
trum response of this sensor, shown in Fig. 6, infers that it is
probably not wrong to think that its lens mounts a visible-
light-block filter.

2) PROCESSING
The hardware in charge of the real-time-image process-
ing is the computing unit (CPU) Qualcommr Snapdragon
SDM845 (Octa-Core, 2.8 GHz) and the graphical unit (GPU)
QualcommrAdreno 630 (710MHz) with Android 9 Pie OS.

3) STORAGE
The 64 GB internal memory of the smartphone represents the
storage data subsystem.
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FIGURE 6. Image capture hardware used for the VBR integration:
(a) Xiaomi
 Pocophone F1 near-infrared camera (surrounded in green)
and near-infrared LED (surrounded in red) embedded into the left side of
the notch. (b) Xiaomi
 Mi 8 near-infrared camera (surrounded in green)
and near-infrared LED (surrounded in red) on the right side of the notch.
(c) Xiaomi Pocophone
 F1 near-infrared camera (non-mounted
replacement). (d) OmniVision
 OV7251 light spectrum response [28].
Quantum Efficiency (QE) vs. wavelength (nm). The OV7251 camera sensor
is mounted on both devices. (e) Xiaomi
 Mi 8 near-infrared camera
(non-mounted replacement).

B. DATABASES
This study bases its experiments and results on the contactless
UC3M-CV2 dataset collected in [7]. Thus, following this
smartphone solution line research, the Deep Learning model
revealed and detailed in the next sections has been integrated
into the same UC3M-CV2 smartphones. However, in order
to compare the robustness of the proposed model, another
non-contact dataset, UC3M-CV1 [4], and another contact
dataset, PUT [9], have been tested. Also, as could not be
otherwise, the dataset for the pre-training of the Transfer
Learning model, ImageNet [21], is detailed.

1) UC3M-CV2
The UC3M-CV2 (UC3M-Contactless Version 2) consists
of 2400 wrist vein infrared images captured in the last
year 2020 using the Xiaomi
 Pocophone F1 and Xiaomi

Mi 8 devices in a non-contact user-device interaction. The
register software algorithm, TGS-CVBRr, was in charge of
leading the user through wrist positioning and capturing the
samples.

The greyscale images (8 bit/pixel monochromatic images
with values from 0, black, to 255, white) with 640 ×
480 resolution were collected in JPEG (Joint Photographic
Experts Group)/JFIF (JPEG File Interchange Format) com-
press format.

Table 3 and the following equation (1) summarize the
values of this dataset:

50 subjects × 2 wrists × 6 samples

×2 sessions = 1200 images (1)

2) UC3M-CV1
The UC3M-CV1 (UC3M-Contactless Version 1) was pre-
viously collected in 2020 using a modified webcam,
USB Logitechr HD Webcam C525 (unknown sensor),

as a near-infrared camera and a near-infrared illumination
designed by the authors, PCB (Printed Circuit Board) with
8 OSRAM
 SFH 4715 A (850 nm) LEDs. This contact-
less system [29] captured the greyscale (8 bit/pixel) infrared
images with 640 × 480 resolution and JPEG/JFIF compress
format.

This database contains 1200 images collected in two dif-
ferent sessions. Table 3 and the following equation (2) sum-
marize the values of this database:

50 subjects × 2 wrists × 6 samples

×2 sessions × 2 devices = 2400 images (2)

3) PUT
This single existing public wrist VBR database was pub-
lished also in 2011. The contact system proposed by the
authors (Kabaciǹski and Kowalski [9]), consisting of a USB
camera and 850 nm LED light (unknown devices), cap-
tured 1200 infrared images from 50 users in 3 sessions. The
greyscale (24 bit/pixel) 1024 × 768 images were stored in
BMP format.

Table 3 and the following equation (3) summarize the
values of this database:

50 subjects × 2 wrists × 4 samples

×3 sessions = 1200 images (3)

4) ImageNet
Finally, the ImageNet dataset, revealed in 2009 by Deng
et al. [21], is the most popular set of data in the computer
vision world, due to its huge size and the well-known recog-
nition challenge, ImageNet Large Scale Visual Recognition
Challenge (ILSVRC) [30]. At the time of the current work,
this massive dataset consists of over 14 million RGB images
with more than 1000 possible object categories. The images
go from any kind of animal to all types of vehicles.

It is not surprising that this gigantic amount of data is
an excellent starting ground to pre-train the designed and
revealed TL model in order to extract unique image features.

C. PREPROCESSING
Usually, since the DL irruption, no preprocessing method
has been considered necessary to preprocess vein images and
isolate the vascular patterns due to the excellent performance
guaranteed by the CNNs in this mission: to extract discrimi-
nating features. Only ROI extraction is usually applied. For
DL biometric solutions, this process resizes (reduces) the
image to fit it into the input layer of the CNN architecture. All
the tested datasets in this work consist of 640 × 480 (VGA
resolution) images, except the PUT dataset that presents
1024 × 768 (XGA resolution) images. All images have been
resized as described in the feature extraction section.

In an attempt to compare both solutions, preprocessing
the vein images or not, before introducing them into the
CNN, a contrast increase between the veins and the sur-
rounding living tissue has been performed. The software

VOLUME 9, 2021 98819



R. Garcia-Martin, R. Sanchez-Reillo: DL for VBR on Smartphone

FIGURE 7. Raw vs. Preprocessed (PIS-CVBRr, [7]) sample (User 0 of the
UC3M-CV2 dataset) as CNN input image in order to compare the TL model
performance.

algorithm sequence followed was presented in [7],
PIS-CVBRr. As Fig. 7 shows, this technique combines the
CLAHE (Contrast Limited Adaptive Histogram Equaliza-
tion) algorithm, to increase the contrast and a sequence of
noise-removal filters.

It is worth pointing out that no image enhancement method
has been applied to the datasets.

D. FEATURE EXTRACTION: DEEP CNN
TRANSFER LEARNING
Four CNN architectures have been followed independently
to extract unique features and create the Transfer Learning
models: VGG16, VGG19, ResNet50, and ResNet152. All
their weight values have been tangled from the pre-training
networks in the ImagenNet dataset. As it has been explained
in Section II-A, the ‘‘head’’ of the networks, the 3 final
fully-connected layers of VGG16 and VGG19, and the final
fully-connected layer of ResNet50, have been removed.

1) VGG16
Fig. 8 a and Table 4 show the network architecture and Fig. 8
b illustrates its output feature maps for each layer. As has
been previously mentioned and shown, the VGG family
architecture is based on consecutive 3 × 3 Convolutional +
Activation (ReLU) layer blocks that end with a max pooling
layer to reduce the volume size.

The VGG16 structure proposed to extract unique image
features (and also the original) consists of 7 layer blocks:

1) Block 1 (I layer): This is the input layer where the
square greyscale (only one channel) images are intro-
duced. The size of the input image is 224× 224 thus the
images from the tested vein datasets have been reduced
to the required square size maintaining the original
aspect ratio using the nearest-neighbor interpolation.

2) Block 2 (C1 + C2 + MP1): As all the convolutional
layers learned in this architecture, C1 and C2 layers,
are 3 × 3 filters followed by a ReLU activation layer.

This well-known non-linear function is described by
equation (4).

y(x) = max{0, x} (4)

Each of these layers, C1 and C2, is composed of 64 fil-
ters (depth) with a stride (pixel step between each
movement of the convolutional matrix) of 1 and a
zero-padding of 1 (filling 1 extra matrix border with
zeros) to retain the original input volume size. The max
pooling layer, MP1, reduces the spatial size of the input
volume (i.e., width and height) with a 2× 2 kernel and
a stride of 2 obtaining the following output feature map
volume size

WO =
WI −MP

S
+ 1 =

224− 2
2

+ 1 = 112

HO =
HI −MP

S
+ 1 =

224− 2
2

+ 1 = 112

DO = DI = 64 (5)

where:

• WI and WO: weight of the input and output vol-
ume.

• HI and HO: height of the input and output volume.
• DI and DO: depth of the input and output volume.
• MP: size of the max polling filter because it has a
square shape.

• S: stride

3) Block 3 (C3+C4 zMP2): This block is equal to the pre-
vious one but in this case, the depth of the convolutional
layers is 128. The max pooling layer, MP2, reduces the
output volume, in the same way, obtaining a 56× 56×
128 output feature map.

4) Block 4 (C5 + C6 + C7 +MP3): In this block, an extra
convolutional layer is added. The depth of the 3 con-
volutional layers is 256. The max pooling layer, MP3,
reduces the output volume in the same way, obtaining
a 28 × 28 × 256 output feature map.

5) Block 5 (C8 +C9 +C10 +MP4): This block is equal to
the previous one but in this case, the depth of the con-
volutional layers is 512. The max pooling layer, MP4,
reduces the output volume in the same way, obtaining
a 14 × 14 × 512 output feature map.

6) Block 6 (C11 + C12 + C13 + MP5): In this block,
an extra convolutional layer is added. The depth of
the 3 convolutional layers is 256. The max pooling
layer, MP5, reduces the output volume in the same way,
obtaining the final 7 × 7 × 512 output features.

7) Block 7 (OF layer): This is the output features layer.
As has been mentioned in order to use this pre-trained
(with the ImageNet dataset) CNN as a feature extrac-
tor, the fully-connected layers of this architecture
are omitted. The CNN produces 7 × 7 × 512 =
25.088 unique features for each dataset image that
passes through the pre-trained network. For exam-
ple, for the UC3M-CV2 dataset, the obtained features
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FIGURE 8. Original VGG16 architecture applied for TL. (a) VGG16 architecture as a feature extractor. (b) Output feature map for each layer of
VGG16 as a feature extractor.

follow the equation (6).

7 pixels× 7 pixels × 512 filters

×2400 images = 60.211.200 unique features

for UC3M − CV2 (6)

The huge amount of output features are stored in binary
format in an HDF5r file (Hierarchical Data Format version
5) [31] in order to access them easily. The file is dived into
3 sub-datasets:

1) Label names: existing image class label names for the
studied datasets. In UC3M-CV2: U000 (User 0), U001
(User 1), U002 (User 2),. . . , U099 (User 99).

2) Labels: The integer associated with each class and
corresponding to every dataset image. In UC3M-CV2,
there are 24 zeros (User 0, 24 samples), 24 ones
(User 1, 24 samples), 24 twos (User 2, 24 samples),. . . ,
24 ninety-nines (User 99, 24 samples).

3) Features: The extracted features for each image.

Table 5 summarizes the HDF5 file structure for
UC3M-CV2.

This pre-trained architecture as feature extractor has been
implemented using Python 3.7.9 programming language,
TensorFlow
 2.0 (2.3.0 version) open-source library, and its
Keras
 (1.1.2 version) API.
The processing has been performed using the NVIDIAr

GeForcer RTX 2080 Ti (11 GB GDDR6 memory) GPU and
the 9th Generation Intelr Core i9k (64-bit, 16 GB of RAM,
3.6 GHz) CPU of the Dell
 Alienware Aurora R8 computer
with Windows 10 Home OS.

The Cudar parallel computing platform (version 11.1)
has been in charge of performing, broadly speaking,
the CPU-GPU communication in order to parallelize the
computations.

It is worth noting that the entire TL model, as it is
going to be explained in the next session (Section III-D),
has been integrated into the smartphones for real-time ver-
ification/identification using TensorFlow
 Lite library and
Android programming language.
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TABLE 4. VGG16 architecture for TL.

2) VGG19
This deeper well-known VGG architecture is similar to the
previous one but in this case, the 3 final convolutional blocks
consist of 4 convolutional layers instead of 3. Also, the 3 final
fully-connected layers are removed extracting 7× 7× 512=
25.088 unique features.

3) ResNet50
This architecture introduced by He et al. in their 2015 work,
Deep Residual Learning for Image Recognition [32],

is considerably deeper than the VGG family architectures,
allows the training of networks with depths greater than
50-100 layers. The ResNet CNNs rely on the residual module
micro-structure. Fig. 9 shows the most common residual
module: the bottleneck.

As is shown, the bottleneck residual model consists of 3
convolutional layers followed by a batch normalization layer
and a ReLU activation layer. The output is added to the input
of the block (identity or ‘‘residual input’’) in an addition
node via ‘‘shortcut’’. If a traditional layer is defined with the

98822 VOLUME 9, 2021



R. Garcia-Martin, R. Sanchez-Reillo: DL for VBR on Smartphone

TABLE 5. Dataset of the VGG16 extracted features. HDF5 file.

equation (7),

y(x) = f (x) (7)

a residual module could be represented as (8)

y(x) = f (x)+ x, (8)

where x is the (‘‘residual’’) input.
The size of the 3 convolutional layer is respectively

1× 1, 3× 3 and 1× 1, and their depth is D=DC1 =DC2 =

DC3 / 4. Due to this volume depth increment, this module is
called a ‘‘bottleneck’’. The ResNet50 architecture, Fig. 10,
consists of 4 different stages or residual modules (Block 3,
4, 5, and 6). The output of each residual stage, the input or
identity of the following one, passes through another 1 × 1
convolutional layer (+ 1 × 1 batch normalization layer) of
DC3 = DC4 and stride 2, as Fig. 10 shows, reducing the vol-
ume size. This non-identity shortcut is only applied between
stages. The ResNet50 version 1 is the implemented archi-
tecture that presents post-activation instead of pre-activation

FIGURE 9. Residual ResNet module, the bottleneck. Residual
micro-structure applied in the proposed TL configuration and most
common residual module. The last ReLU activation layer is performed
after the add operation.

(version 2), i.e. the batch normalization and ReLU activa-
tion layers are applied after the convolutional layers of the
bottleneck.

It is very important to indicate that this architecture, in con-
trast with the VGG family, doesn’t use pooling layers to
reduce the weight and height of the feature maps but rather its
own convolutional layers applying strides > 2 (except on the
layers of the first stage).That is why the ResNet network only
has two pooling layers: MP (max pooling) and AP (average
pooling). The average pooling layer is not shown in Fig. 10
because the CNN top or head (fully-connected + average
pooling layers) has been removed in order to applied TL and
obtain the 7 × 7 × 2048 feature output volume.
As Table 6 shows this architecture consists of 7 blocks.

The first one is the 224 × 224 input layer (I) where the
vein dataset images, previously resized (640 × 480 to 224 ×
224 or 1024× 768 to 224× 224), enter. Block 2 is composed
of one convolutional layer (C1) and one max pooling (MP).
Both of them, with a stride of 2, reduce the feature map output
to 112 × 112. Block 3, 4, 5, and 6 (the 4 stages) consist of,
respectively, 3, 4, 6, and 3 residual blocks (C2 + C3 z C4 to
C11 + C12 + C13) with depth 64, 64, and 4 * 64 to 512, 512,
and 4 * 512.

Finally, Block 7 is the output layer where the 7 × 7 ×
2048 = 100.352 unique features are obtained from this pro-
posed ImageNet pre-trained ResNet50 (version 1) network
due to the final fully-connected layer omissions. For example,
for the UC3M-CV2 dataset, the obtained features follow the
equation (9).

7 pixels× 7 pixels × 2048 filters

×2400 images = 240.844.800 unique features

for UC3M − CV2 (9)

4) ResNet152
ResNet152 (version 1), architecture that belongs to the
ResNet family, presents a similar structure to ResNet50 (ver-
sion 1) although deeper. But in this case, the same size
bottleneck residual modules are repeated with a depth of 3,
8, 36, and 3, respectively reaching the 152 layers. From this
revealed ImageNet pre-trained ResNet152 network as feature
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FIGURE 10. Original simplified ResNet50 architecture applied for TL.

extractor, 7 × 7 × 2048 = 100.352 unique features are
obtained.

E. FEATURE COMPARISON: A MACHINE
LEARNING METHOD
After extracting unique features for each vascular image with
the CNN pre-trained architecture, anML algorithm is applied
in order to verify/identify as is shown in the scheme in Fig. 11.
This figure summarizes the completed software TL algorithm
model designed. First, the model begins with two paths (blue
block): one in which input images are preprocessed with PIS-
CVBRr and resized to 224 × 244 (input square size for
the preprocessed CNNs) and the second path in which raw
images are only resized to 224 × 244. Both solutions are
compared in the experiments and results section.

Then, these resized images pass through one of the
pre-trained CNN architectures, and their unique features are
extracted. Finally, these singular points are compared with a
traditional ML algorithm.

The supervised traditional Machine Learning algorithm
applied is Logistic Regression which relies on the Sigmoid
function (10):

Pθ =
1

1+ ex
(10)

where:
• Pθ : Prediction function, is the probability estimated
(between 0 and 1).

• x: is the input function learned by the model.
The solver or optimization algorithm used to find the

decision boundary to separate the unique vein features of
each user is Software for Large-scale Bound-constrained
Optimization (L-BFGS-B) [33]. The maximum number of
iterations taken to converge is 1000 and the cost function

applied in order to evaluate the errors is the cross-entropy
loss.

The different image vein feature vectors have been split
into the following train-test percentages: 75-25 % and
50-50 %, e.g., in the UC3M-CV2 dataset these percentages
represent 1800 images for training and 600 images for testing
(18-6 images for each user class), and 1200 training images
and 1200 testing images (12-12 images for each user class).
As it is also noted in the results section, the 50-50 % rate is
considered in this work to be the minimum restrictive value
that should be applied for biometric solutions.

In an attempt to obtain a proof of concept of a
real-application system, the entire model runs on the smart-
phones through the TensorFlow
 Lite (0.0.0-nightly version)
library framework and the developed Android application.
The model has been trained and generated using Tensor-
Flow
 2.0 (2.3.0 version) open-source library, its Keras

(1.1.2 version) API, and the previously described processing
computer equipment (CPU + GPU). After extracting the
unique features and training the Logistic Regression classi-
fier, the model has been stored as a binary HDF5 file and then
converted to a binary TFLITE file using TensorFlow
 Lite.
This framework allows the interpretation of DL models in
real-time on embedded devices, as the proposed smartphones.

In Section IV-B the computational time of these real-time
processing video tests is collected.

IV. EXPERIMENTS AND RESULTS
In order to evaluate (offline) the proposed model and system,
experiments and results have been divided into two possible
analyzable features: biometric and computational time per-
formance. Within each of the two characteristics, the section
is divided into the verification and the identification tasks.
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TABLE 6. ResNet50 (version 1) architecture applied for TL.

A. BIOMETRIC PERFORMANCE
1) VERIFICATION
According to ISO/IEC 19795-1, the False Match Rate (FMR)
and False Non-Match Rate (FNMR) are reported (manda-
tory in verification systems) in different Detection Error
Trade-Off (DET, recommended) plots for each experiment
performed. Although the EER is deprecated according to the
standard, this well-known working point has been reported
in each experiment. The Failure-To-Enrol Rate (FTER) and
the Failure-To-Acquire Rate (FTAR) are unknown for all
the datasets. Table 7 summarizes 3 experiments that have
been carried out changing 3 different influence variables:
preprocessing (raw images vs. images preprocessed with PIS-
CVBRr), CNN architecture for feature extraction (VGG16,
VGG19, ResNet50, and ResNet152, trained with ImageNet

dataset), and train-test dataset split (50-50 % vs. 75-25 %).
As was previously mentioned, the train-test dataset split
means that for UC3M-CV2, for example, a 50-50 % rep-
resents that 1200 images (12 images per user) are applied
for training the Logistic Regression classifier and 1200
(12 images per user) for testing it.

1) Preprocessing experiment: First, in order to compare
the initial two paths of themodel (PIS-CVBRr prepro-
cessing/not preprocessing, Fig. 11, blue block) Fig. 11
shows the DET curve for both solutions and each
dataset applying the first architecture of the TL model,
VGG16 (Fig. 11, green block) trained with ImageNet.
The implemented Logistic Regression classifier pro-
cess (Fig. 11, yellow block) has been trained and
tested in the 3 previously describe wrist vein datasets:
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FIGURE 11. Transfer learning proposed model. ImageNet Pre-trained CNN (VGG16, VGG19, ResNet50, or ResNet152) as feature extractor and Logistic
Regression classifier as Machine Learning feature comparator. The smartphone screenshots show the intermediate steps for one raw image passed
through the VGG16 ImageNet network. The first 32 feature maps (7 × 7) from the TL feature extraction process are shown.

UC3M-CV2, UC3M-CV1, and PUT. For a more
robust and demanding test, UC3M-CV1 has been com-
bined with UC3M-CV2 in a single dataset, UC3M-
CV1+CV2, due to images belong the same users
but with a different capture device. The train-test
percentage is 50-50 % in this experiment. The continu-
ous, dot-dot, and line-line curves belong, respectively,
the UC3M-CV2, UC3M-CV1+CV2, and PUT dataset.
As Fig. 12 infers the best results are obtained respec-
tively in the following order: UC3M-CV2, UC3M-
CV1+CV2, and PUT. This fact could be caused due
to a higher image illumination quality of the UC3M-
CV2 against UC3M-CV1 and a better user wrist posi-
tion during the capture (TGS-CVBRr) and higher
illumination quality of the UC3M-CV2 and UC3M-
CV1+CV2 against PUT. All this, despite the fact that
PUT is a contact database.
The performance of the model with preprocessed
images is only clearly slightly higher for the PUT
database than with raw images. It could be hypnotized
that this fact is a direct consequence of the remarkable
image quality enhancement provided by PIS-CVBRr
to the low image quality (improvable illumination and
user wrist position) of the PUT dataset (compared with
UC3M-CV1 and UC3M-CV2). However, as it is shown
in the train-test experiment the CNN architecture as
a feature extractor also is a critical factor related to

FIGURE 12. Biometric performance: Verification. DET curves for the
VGG16 Transfer Learning CNN architecture as a feature extractor using
ImageNet dataset and wrist vein raw and preprocessed (PIS-CVBRr)
dataset images. Continuous blue, line-line orange, and dot-dot purple
curves show the performance, respectively, of the UC3M-CV2,
UC3M-CV1+CV2, and PUT dataset. The EER for each curve is provided in
the legend.

the preprocessing, e.g. ResNet152 obtains better per-
formance with raw PUT images than preprocessed
PIS-CVBRr PUT images.

2) Architecture experiment:To evaluate the different
architectures applied in the TL process (Fig. 11, green
block), VGG16, VGG19, ResNet50, and ResNet152,
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FIGURE 13. Biometric performance: Verification. DET curves for the 4 Transfer learning CNN architectures as a feature extractor using ImageNet
dataset. Continuous blue, line-line orange, and dot-dot purple curves show the performance, respectively, of the UC3M-CV2, UC3M-CV1+CV2, and
PUT dataset. The EER for each curve is provided in the legend.

all datasets have been used in their raw state (no prepro-
cessing) and the train-test percentage is again 50-50 %
in this experiment. Fig. 13 shows the DET curve for
each CNN architecture and the 3 databases.
The results could reveal that a deeper architecture as
ResNet provides slightly more easy-discriminant fea-
tures using the ImageNet TL dataset according to the
implemented Logistic Regression classifier. Neverthe-
less, this hypothesis is not conclusive because the VGG
architecture as a feature extractor for some cases in
the identification performance section presents a higher
performance with the same classification technique,
Logistic Regression.

3) Train-test experiment: As has been previously men-
tioned in this work, the dataset percentage split for
testing the DL and traditional ML classifiers should
be at least 50 % in biometrics, even more, when the
dataset size is very far from reaching the general DL
classification rule of thumb of 1000-5000 examples
per class. Nonetheless, Fig. 14 shows the best model
performance, obtained with ResNet152 as a feature

extractor (pre-trained with ImageNet), over the 3 raw
wrist vein datasets using 50-50% train-test sets but also
75-25 %.

Best results, in terms of EER, 0.38, 0.78, and 2.04 % have
been reached with a 50-50 % train-test split, respectively,
for the raw UC3M-CV2, UC3M-CV1, and PUT datasets and
pre-trained CNN architectures as feature extractors: VGG19,
VGG16, and ResNet152.

2) IDENTIFICATION
Following ISO/IEC 19795-1, the identification performance
of the proposed system has been obtained in a closed-set test
(all the test subjects utilized in the evaluation are known)
and has been shown as Cumulative Match Characteris-
tic (CMC) plots. This type of curve shows the True-Positive
Identification Rate (TPIR) over the returned rank (R). The
Failure-To-Enrol Rate (FTER) and the Failure-To-Acquire
Rate (FTAR) are unknown for all the datasets.

Fig. 15 shows the CMC curve for the 3 raw state datasets
(split in 50-50 % and 75-25 % train-test sets) for every
100 users (N = 100) and each CNN architecture. The TPIR
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TABLE 7. Biometric performance: Verification experiments.

FIGURE 14. Biometric performance: Verification. DET curves for the
ResNet152 Transfer learning CNN architecture as a feature extractor using
ImageNet over wrist vein datasets split in 50-50 % and 75-25 % train-test
sets. Continuous blue, line-line orange, and dot-dot purple curves show
the performance, respectively, of the UC3M-CV2, UC3M-CV1+CV2, and
PUT dataset. The EER for each curve is provided in the
legend.

is provided over the rank R (1, 5), and with the threshold T
set to 0 (minimum possible similarity score) [8]: TPIR (N =
100, R, T = 0).

Analyzing the 50-50 % train-test and rank 1 results,
VGG19 presents a slightly higher identification performance
than VGG16, where the TPIR for PUT is completely out of

range with 91.00 %. This wide difference in VGG16 is also
notable comparing the complete curve against PUT 75-25 %
that is 6 % more accurate in the rank 1 starting point (prob-
ably due to the reduced number of testing images: 3). The
same case could be noted by comparing ResNet50 against
ResNet152, with the former architecture presenting a reduced
TPIR (N = 100, R = 1, T = 0) of 93.83 %.
In general terms, VGG16 as a feature extractor provides

the best vascular biometric identification performance in
the proposed model over the tested vein datasets. How-
ever, it is worth pointing out and has been demonstrated
that all the applied CNN architectures, pre-trained over
the huge ImageNet dataset, are completely effective in the
Transfer Learning process with reduced differences among
them.

Best results, in terms of TPIR at rank 1, 98.67, 97.67,
and 95.00 % have been reached with a 50-50 % train-test
split, respectively, for the raw UC3M-CV2, UC3M-CV1, and
PUT datasets and pre-trained CNN architectures as feature
extractors: VGG16, VGG19, and ResNet152.

B. COMPUTATIONAL TIME PERFORMANCE
The computational time performance or computational work-
load has been stated providing the accept/reject transaction
time for the verification task and the direct (rank 1) identi-
fication transaction time for the identification task. For this
purpose, two different experiments have been carried out for
both missions. On the one hand, as an offline test (com-
puter equipment, CPU), the total time cost of every verifica-
tion/identification transaction is measured and divided by the
total number of tested transactions to obtain the unit average
computational cost. On the other hand, as an online test,
the computing verification/identification time of the smart-
phone real-time video capture for a user sample presentation
is quantified.

1) VERIFICATION
Table 8 (experiment 1, offline) shows the workload time,
total and unit average, in the verification and identification
transaction for each dataset user (train and test: UC3M-CV2,
UC3M-CV1+CV2, and PUT) and the VGG16 architecture.
The total transaction time represents the time-lapse between
the starting features extraction and the model predictions
for the 50 % (train set) of the entire databases. The unit
transaction time is the arithmetic average for each image.

As Table 8 infers, the workload increases according to
the number of processed images. However, PUT, the smaller
dataset (1200 images), presents themaximumunit transaction
time (70 ms) due to the fact that its images have a 1024× 768
resolution (XGA) instead of the 640× 480 resolution (VGA)
of the UC3M-CV2 and UC3M-CV1-CV2. This means more
information is processed by the model for each transaction.

2) IDENTIFICATION
Comparing the verification and identification, it should be
noted that the second task is faster. This counterintuitive
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FIGURE 15. Biometric performance: Identification. CMC curves for the ResNet152 transfer learning CNN architecture as a feature extractor
using ImageNet over the wrist vein datasets split in 50-50 % and 75-25 % train-test sets. Continuous blue, line-line orange, and dot-dot
purple curves show the performance, respectively, of the UC3M-CV2, UC3M-CV1+CV2, and PUT dataset. The TPIR at rank 1 TPIR (N = 100,
R = 1, T = 0) for each curve is provided in the legend.

result occurs because the verification model follows a
one-vs-all/one-vs-the-rest (Logistic Regression) training
strategy, instead of the multinomial (Logistic Regression)
implemented in the identification model. The one-vs-the-rest
strategy generates and fits one classifier per class. For each
classifier (Logistic Regression classifier) the user or class is
trained against all the other users to reduce the problem to
a binary solution. That is the reason why the inferences of
the proposed verification model are slower than those of the
identification model.

Table 8 also shows the computational unit workload
(experiment 2, online), in the verification and identification
transactions for the input real-time video sample captured
by the smartphones (Xiaomi
 Pocophone F1 and Xiaomi

Mi 8) and the model train with the raw UC3M-CV2 and
the VGG16 architecture. This value is obtained by averaging
10 correct attempts. In order to run TensorFlow
 model infer-
ences in embedded devices, the TensorFlow
 Lite frame-
work allows reducing and optimizing models. In this sense,
the proposed Transfer Learning model has been adapted to
fit the TensorFlow
 Lite constraints: the Logistic Regression
algorithm has been implemented adding the following trained

layers: flatten (25088 × 1 output feature), fully-connected
(512× 1 output features), sigmoid activation, fully-connected
(100 × 1 output labels) and softmax activation. The body
of the CNN has been ‘‘frozen’’ with the pre-trained Ima-
geNet weights. The obtained TensorFlow
 Lite model (tflite
format) infers over the input real-time video capture for
both missions (verification and identification) using different
decision policies (Fig. 5, Decision subsystem).
The tflite model has been run over the CPU (Qualcommr

Snapdragon SDM845 Octa-Core, 2.8 GHz) and the GPU
(Qualcommr Adreno 630) of both smartphones. Table 8
provides the time-lapses for both processing units. As could
be expected, the transaction time is clearly short for the
GPUs (unit transaction average time of 331.9 ms vs.
870.9 ms on the Xiaomi Pocophone F1) and there is no
noticeable difference between the smartphones as could
be anticipated given that they present the same processing
units.

Finally, it is worth pointing out that the smartphone
infrared cameras provide real-time video captures with a
frame rate of 30 FPS. During inferences, this frame rate drops
to approximately 8 FPS in the GPUs whereas it decreases to
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TABLE 8. Computational time performance: Verification and
identification.

6 FPS in the CPUs. This difference in the frame rate could be
noticeable to the user.

V. CONCLUSION
In this work, a novel Convolutional Neural Network model
based on Transfer Learning for contactless vein biometric
recognition has been designed, implemented, integrated, and
tested on smartphones for the first time using a research
approach.

The proposed investigation represents the first Deep
Learning solution for wrist vascularity and shows both
the necessary and the real-life viability of these types of
advanced biometric systems. Furthermore, TL has only been

clearly addressed by a few other researchers in the Vascu-
lar Biometric Recognition field. This technique exploits and
takes advantage of the unique image features ‘‘knowledge’’
acquired by a Convolution Neural Network pre-trained over
more than 1 million images (ImageNet dataset) instead of
training a CNN from scratch (with a reduced number of vein
images), with the consequent investment of training time and
difficulty that this entails.

The proposed TL model has been configured in 4 dif-
ferent well-known CNN shapes or architectures: VGG16,
VGG19, ResNet50, and ResNet152. Each of these CNNs,
previously pre-trained on the ImageNet dataset, as a fea-
ture extractor, is in charge of obtaining unique arbitrary fea-
tures that are then independently learned/classified using the
Logistic Regression algorithm (traditional Machine Learning
algorithm).

The wrist vein near-infrared images from the pub-
lic PUT dataset and the contactless private UC3M-
CV2 (smartphones) and UC3M-CV1 datasets, split into
50-50 % and 75-25 % train-test sets, have been passed
through the 4 CNN architectures. For each network,
the unique feature vectors have been stored and used to train 4
different Logistic Regression classifiers. The classifiers have
been adapted in order to verify or identify each user according
to the following training strategies, respectively, one-vs-
the-rest or multinomial.

The results, divided into biometric and computational
time performance, and provided according to the ISO/IEC
19795-1 standard shows the real-life viability of the proposed
system.

On the one hand, the Detection Error Trade-Off (DET)
curves provide the verification performance (FNMR vs.
FMR) according to each CNN (as a feature extractor) archi-
tecture, the preprocessing (raw images or PIS-CVBRr pre-
processing), and the train-test split (50-50% or 75-25%). The
results infer the high importance and influence of the dataset
image quality and size (PUT is the smaller dataset consisting
of the poorest image quality/wrist positioning and as a result
the worst biometric performance) and the train-test split (as
could be expected, 75-25 % provides a better performance),
above the CNN architecture. Best results, in terms of EER,
0.38, 0.78, and 2.04 % have been obtained with a 50-50 %
train-test split, respectively, for the raw UC3M-CV2, UC3M-
CV1, and PUT datasets.

On the other hand, the Cumulative Match Characteris-
tic (CMC) plots provide the identification performance of
the proposed model showing the True-Positive Identification
Rate (TPIR) over the returned rank (R, between 1 and 5
despite the fact that only rank 1 should be considered as
acceptable for biometric solutions with the reduced size of
the database used). The same conclusion is inferred in this
case. Best results, in terms of TPIR at rank 1, 98.67, 97.67,
and 95.00 % have been obtained with a 50-50 % train-test
split, respectively, for the raw UC3M-CV2, UC3M-CV1, and
PUT datasets and different pre-trained CNN architectures as
feature extractors.
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In order to obtain a real-life system application, the com-
putational/workload time performance has been studied and
reported.

As an offline test, the time consumption for each transac-
tion or inference made by the model on the computer CPU
(9th Generation Intelr Core i9k) has been estimated as an
average. The results show that the identification is faster than
the verification due to the Logistic Regressionmodel strategy.
Also, as could be expected, the higher the image resolution
(PUT dataset, 1024× 768) the slower the transaction because
the model has to process more information.

Finally, the proposed online test demonstrates the real
reachable integration of advanced DL biometric models on
smartphones and other embedded systems without com-
promising the recognition performance. For this purpose,
the adapted TL TensorFlow
 model has been converted to a
TensorFlow
 Lite model which can be executed on a smart-
phone. The model has been run over the CPU and the GPU
of both smartphones. As could be expected, the performance
is significantly better in the GPU. But both solutions could fit
into a real-life application. As input, the near-infrared camera
captures a 30 FPS video on which inferences are made. The
adapted model is the same for verification and identification
but with a different decision policy. That is why there is no
notable variance between their inferences.

For future works, all efforts will be focused on increas-
ing the recognition performance without negatively affecting
the time workload performance. This will be achieved by
applying advanced DL techniques and leveraging previous
knowledge, such as Transfer Learning, for a better and safer
user experience in terms of comfort, hygiene, and security.
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