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Finger vein recognition is a promising biometric technology for identity authentication, but practical systems
are often constrained by limited computing and storage resources. To improve the recognition performance
of lightweight models under these constraints, this paper proposes PSE-MobileNetV2, a MobileNetV2-based
finger vein recognition network with partially embedded Squeeze-and-Excitation (SE) channel-attention blocks.
Instead of adding SE blocks to every inverted residual stage, the proposed model inserts them only into stages
4-7, where the feature maps encode higher-level vein representations. This design strengthens channel-wise
feature recalibration while avoiding unnecessary early-stage computational overhead. In the reported closed-set,
image-disjoint classification experiments on the FV-USM and SDUMLA public datasets, PSE-MobileNetV2
achieves accuracies of 99.49% and 97.06%, respectively, exceeding the MobileNetV2 baseline by 0.31 and 0.84
percentage points. These results suggest that selective SE placement can improve the accuracy-efficiency
trade-off of MobileNetV2. However, the current study does not establish verification performance or statistical

significance across repeated runs.

Keywords: Deep Learning; Convolutional Neural Network; Finger Vein Recognition; Channel Attention; MobileNetV2;

Lightweight Network; Biometric Recognition
©The Author(’s). This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC
BY 4.0), which permits unrestricted use, distribution, and reproduction in any medium, provided the original author and

source are cited.

http:/ /dx.doi.org/10.6180/jase.202701_36.028

1. Introduction

In the digital age, identity authentication requires both
security and convenience. Traditional methods, such as
passwords, keys, and access cards, are vulnerable to loss,
theft, or replication and are therefore insufficient for high-
security applications. Biometric technologies, including
fingerprint recognition [1], face recognition [2, 3], offline
signature recognition [4], and iris recognition [5], have been
widely used for personal identification. However, exter-
nally visible biometric traits can sometimes be captured
or forged with advanced artificial-intelligence techniques,
which may introduce security risks [6]. Finger vein recogni-
tion [7] has therefore attracted increasing attention because
vein patterns are internal biological traits that provide live-
ness, resistance to forgery, and individual distinctiveness.

Deep learning has increasingly been applied to finger
vein recognition. Yang et al. [8] used generative adversar-
ial learning for finger vein representation, demonstrating
the potential of deep generative models while also high-
lighting the complexity of verification-oriented pipelines.
Song et al. [9] combined composite finger vein images
with DenseNet-161 and shift matching to reduce image
misalignment, but the large network limits deployment on
resource-constrained devices. Shaheed et al. [10] adopted
an Xception architecture based on depthwise separable
convolution to reduce computational complexity. More
recently, Li et al. [11] proposed FV-MViT, a mobile vision
transformer that combines local and global feature mod-
elling, and Yao et al. [12] proposed a visual feature-guided
lightweight convolutional network. These advances show
continuing interest in compact finger vein models, but they
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also leave an engineering question: can a standard mo-
bile CNN be improved through selective attention without
losing its deployment advantages?

Motivated by this accuracy-efficiency gap, this work in-
vestigates a selective SE strategy for MobileNetV2 [13]. The
hypothesis is that early stages should preserve inexpensive
local edge and texture extraction, whereas deeper stages
may benefit more from channel recalibration because their
features are semantically richer. The contributions are as
follows: (1) a partial SE-enhanced MobileNetV2 variant
is implemented for resource-constrained closed-set finger-
identity classification; (2) SE blocks are inserted only into
stages 4-7, and no-SE and full-SE variants are compared to
examine the engineering trade-off; and (3) the method is
evaluated on two public datasets using classification met-
rics and hardware-independent complexity measures. This
work does not claim a new attention mechanism. Its contri-
bution is an empirical study of selective SE placement and
a transparent discussion of the limitations of the current
protocol.

2. Materials and methods

2.1. MobileNetV2 backbone

MobileNetV2 [13] is a lightweight convolutional neural
network introduced in 2018. Compared with MobileNetV1
[14], MobileNetV2 uses inverted residual blocks and lin-
ear bottlenecks. In each inverted residual block, a1 x 1
pointwise convolution first expands the channel dimen-
sion, a 3 X 3 depthwise convolution then extracts spatial
features, and a linear 1 x 1 pointwise convolution projects
the features back to a lower-dimensional space. A residual
shortcut is used when the stride is 1 and the input and
output channel dimensions are identical.

The linear bottleneck is a key component of Mo-
bileNetV2. The final 1 x 1 projection does not use a
ReLU activation because a nonlinear activation in a low-
dimensional feature space can destroy information. This
design is appropriate for preserving subtle vein textures
and structural cues.

Finger vein recognition systems are often deployed in
embedded access-control or attendance devices with lim-
ited computing power and storage. Compared with heavy-
weight backbones such as ResNet, MobileNetV2 substan-
tially reduces the parameter count and computational cost
through depthwise separable convolution and a stream-
lined architecture. Finger vein images contain discrimina-
tive branch patterns, intersections, and fine texture lines.
MobileNetV2 expands features into a higher-dimensional
space for nonlinear processing and then uses a linear bottle-
neck to retain information when projecting them back to a

compact representation. Its multi-stage hierarchy therefore
provides an appropriate lightweight basis for extracting
both local texture and higher-level vein structure.

2.2. Proposed PSE-MobileNetV2
2.2.1. SE attention mechanism

The Squeeze-and-Excitation (SE) block proposed by Hu et
al. [15] is a channel-attention module rather than a self-
attention mechanism. It adaptively recalibrates channel-
wise responses by modelling dependencies among chan-
nels in a convolutional feature map. Fig. 1 illustrates its
structure.
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Fig. 1. SE Channel-Attention Module

The SE block comprises squeeze, excitation, and scale
operations. For an input feature map U in RF*W*C global
average pooling compresses the spatial dimensions and
produces a C-dimensional channel descriptor z. The exci-
tation operation applies two fully connected layers with a
reduction ratio r = 16: the first reduces the dimension from
C to C/r, and the second restores it to C. ReLU and sigmoid
activations generate channel weights. Finally, the scale op-
eration multiplies each channel of U by its corresponding
weight to produce the recalibrated feature map.

The SE block thus reweights channel responses adap-
tively. In finger vein images, channels encoding branches,
intersections, or texture contrast may receive greater
weights, whereas less informative background responses
may be suppressed. Because the current study does
not include attention maps, Grad-CAM visualisations, or
feature-map evidence, this interpretation is presented as a
mechanism-based hypothesis rather than a demonstrated
visual finding.

2.2.2. Partial SE-embedded inverted residual blocks

This study embeds SE channel attention into selected Mo-
bileNetV2 inverted residual blocks. In each selected block,
the SE module is placed after the depthwise convolution
and before the final linear 1 x 1 projection. This position
recalibrates expanded spatial features before they are com-
pressed by the bottleneck. When the stride is 1 and the
input and output channel dimensions match, the residual
shortcut is retained; otherwise, no shortcut is used. Fig. 2
shows the revised block.
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Table 1. Architecture of PSE-MobileNetV2

Stage Input Size Block Type Expansion  Output  Number of Stride
Factor Channels Blocks
0 224 x 224 Conv2d - 32 1 2
1 112 x 112 Inverted Residuals 1 16 1 1
2 112 x 112 Inverted Residuals 6 24 2 2
3 56 x 56 Inverted Residuals 6 32 3 2
4 28 x 28 SE-Inverted Residuals 6 64 4 2
5 14 x 14 SE-Inverted Residuals 6 96 3 1
6 14 x 14 SE-Inverted Residuals 6 160 3 2
7 7x7 SE-Inverted Residuals 6 320 1 1
8 7x7 Conv2d - 1280 1 1
9 1x1 Classifier - N - -

Note: N denotes the number of finger-identity classes (SDUMLA: N = 636; FV-USM: N = 492).
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Fig. 2. SE-Inverted Residual Block

PSE-MobileNetV2 integrates SE-inverted residual
blocks into stages 4-7 of MobileNetV2 (Table 1). Stages
1-3 retain standard inverted residual blocks because their
higher-resolution maps mainly encode local edges and
fine textures; applying channel recalibration at every shal-
low block would add overhead before stable high-level
vein representations have formed. Stages 4-7 operate on
lower-resolution, semantically richer maps and are there-
fore selected for channel recalibration. This placement is
a motivated engineering choice rather than an exhaustive
optimum: the current ablation compares no-SE, full-SE,
and stages 4-7, but does not test every alternative range or
reduction ratio.

2.3. Evaluation metrics

The proposed PSE-MobileNetV2 is evaluated on the FV-
USM [16] and SDUMLA [17] public finger vein datasets
as a closed-set, multiclass finger-identity classifier. Perfor-
mance is reported using accuracy, macro-averaged preci-
sion, macro-averaged recall, and an aggregate F1 value
calculated as the harmonic mean of the displayed macro-
precision and macro-recall. This aggregate harmonic F1 is
not a micro-F1 score and is not the mean of the per-class F1
values.

For each class, TP, TN, FP, and FN are defined in a one-

versus-rest manner. Class-level precision and recall are
calculated first and then averaged equally across all finger-
identity classes. Accuracy is calculated over all test images.
The definitions are given below.

Accuracy is the proportion of correctly classified test
images among all test images. It is calculated using Eq. (1):

TP+ TN 1)
TP+ TN+ FP+FN
For a selected class, TP is the number of images from

Accuracy =

that class predicted correctly; TN is the number of images
from all other classes rejected correctly; FP is the number
of images from other classes assigned incorrectly to the
selected class; and FN is the number of images from the
selected class assigned to another class. In multiclass eval-
uation, these quantities are computed for each class using
a one-versus-rest formulation.

Precision is the proportion of predictions assigned to a
class that are correct. It is calculated using Eq. (2):

TP
TP+ FP @
Higher precision indicates fewer false-positive assign-

Precision =

ments to a class. Precision is particularly informative
when false acceptances or incorrect identity assignments
are costly.

Recall is the proportion of images from a class that are
identified correctly. It is calculated using Eq. (3):

TP
TP+ FN ®)
Higher recall indicates fewer false negatives and there-

Recall =

fore fewer missed samples from the target class.
The F1 score is the harmonic mean of precision and
recall. It is calculated using Eq. (4):
2PR

F1 Score = PIR 4)



4 Hongcheng Zhou and Aikang Liu

A higher F1 score indicates a better balance between pre-
cision and recall. In Tables 4 and 5, the displayed F1 values
are recomputed from the displayed macro-precision and
macro-recall values using Eq. (4) so that the table entries
are internally consistent.

Together, accuracy, macro-precision, macro-recall, and
the aggregate harmonic F1 describe complementary aspects
of closed-set classification. They should not be interpreted
as biometric verification measures such as equal error rate
(EER), false acceptance rate (FAR), or false rejection rate
(FRR).

2.4. Datasets

Model evaluation used the public FV-USM and SDUMLA
finger vein datasets, which differ in acquisition devices, par-
ticipant populations, and image quality. These two datasets
provide a useful but limited academic benchmark; broader
generalisation requires cross-device, cross-session, and
open-set verification experiments on additional datasets.

The FV-USM dataset contains 5,904 images collected
from 123 volunteers aged between 20 and 35 years. Im-
ages were collected from the index and middle fingers of
both hands, and each finger was captured 12 times across
two sessions. Representative samples from this dataset are
shown in Fig. 3.

01jpg 02jpg 03jpg

O4ipg 05jpg 06jpg

Fig. 3. Representative Images from the FV-USM Dataset

The SDUMLA finger vein database contains 3,816 im-
ages from 106 volunteers aged between 18 and 40 years.
For each participant, images were captured from the in-
dex, middle, and ring fingers of both hands. Each finger
was sampled six times. Representative samples from this
dataset are shown in Fig. 4.

2.5. Experimental design and data protocol

The experiments use closed-set finger-identity classifica-
tion, not a subject-independent protocol. Each finger is
treated as one class (492 classes for FV-USM and 636 classes
for SDUMLA), so every class must be represented in the
training, validation, and test subsets. Images were assigned
at the image level within each finger identity using the
stated training/validation/test ratios of 8:1:1 for FV-USM

index_1.bmp index 2bmp index_3.bmp index_4.bmp index 5bmp

index_ 6bmp middle_1.bmp middle_2bmp middle_2bmp middle_4.bmp

Fig. 4. Representative Images from the SDUMLA Dataset

and 4:1:1 for SDUMLA. Each source image belongs to ex-
actly one subset; duplicate file paths were excluded, and
dataset splitting was completed before model training to
prevent the same image from appearing in multiple sub-
sets. All models used the same split. Images were resized
to 224 x 224 pixels, consistent with the network input in
Table 1. The supplied manuscript and accompanying ma-
terials do not contain the original training code or suffi-
cient records to verify the precise ROI-extraction, intensity-
normalisation, or stochastic-augmentation settings. These
settings are therefore not reconstructed retrospectively, and
the missing implementation metadata is acknowledged as a
reproducibility limitation. All models were trained for 100
epochs with a batch size of 64 using the Adam optimiser,
an initial learning rate of 0.001, weight decay of 0.0001,
cross-entropy loss, and a ReduceLROnPlateau scheduler
that reduced the learning rate by a factor of 0.5 after 10
epochs without improvement in validation accuracy.

3. Results and discussion

PSE-MobileNetV2 is compared with ResNet50,
ResNet50SE, ShuffleNetV2, ShuffleNetV3, MobileNetV2,
MobileNetV2SE, and MobileNetV3-Small on FV-USM and
SDUMLA. ResNet50SE denotes ResNet50 with SE channel
attention, whereas MobileNetV2SE denotes a full-SE
MobileNetV2 in which SE modules are inserted into all
inverted residual stages. All locally evaluated models used
the same closed-set image split, optimiser, batch size, and
training duration. Fig. 5 shows the training curves of the
validation sets of the two datasets on different models.

Table 2 shows that PSE-MobileNetV2 is competitive on
both datasets, but it is not presented as a universal state-of-
the-art model. On FV-USM, ResNet50SE obtains the highest
local accuracy of 99.59%, while PSE-MobileNetV2 reaches
99.49%, 0.31 percentage points above MobileNetV2. On
SDUMLA, PSE-MobileNetV2 obtains the highest local accu-
racy of 97.06%, 0.84 percentage points above MobileNetV2.
Because these gains are modest and repeated-run statistics
are unavailable, the main claim is an accuracy-complexity
trade-off rather than a statistically established superiority
claim.
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Fig. 5. Validation Accuracy and Loss Curves on FV-USM and SDUMLA.

In Table 2, rows correspond to models re-implemented
in this study and columns correspond to the two bench-
mark datasets. Table 3 provides a qualitative comparison
with representative finger-vein-specific studies. Those stud-
ies use different preprocessing, partitions, architectures,
and in some cases verification metrics rather than closed-
set classification accuracy. Table 3 is therefore contextual
and must not be interpreted as a same-protocol ranking.

3.1. Recognition performance metrics

Tables 4 and 5 report macro-precision, macro-recall, and
an aggregate harmonic F1 for FV-USM and SDUMLA. Ev-
ery displayed F1 value has been recalculated from the dis-
played precision and recall values using F1 = 2PR/(P +
R). This produces internally consistent table values, but

it should not be confused with micro-F1 or the arithmetic
mean of per-class F1 values.

Table 2. Test Accuracy of the Evaluated Models on

FV-USM and SDUMLA

FV-USM SDUMLA
Accuracy  Accuracy

ResNet50 99.28% 96.85%
ResNet50SE 99.59% 96.70%
ShuffleNetV2 99.39% 95.44%
ShuffleNetV3 98.78% 94.96%
MobileNetV2 99.18% 96.22%
MobileNetV3-Small 99.39% 96.38%
PSE-MobileNetV2 99.49% 97.06%
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Table 3. Qualitative Contextual Comparison with Published Finger-Vein-Specific Methods
Method Reference Study focus Qualitative finding Relevance and limitation
GAN-based finger- Uses a fully convolutional Verification-oriented protocol;
FV-GAN [8] vein representation generative framework to not directly comparable with
for verification learn vein representations closed-set classification
U ite i
Composite-image 5es compost'e 1IT1ages Uses a different architecture
Deep . and DenseNet to improve .
[9] DenseNet for finger- ) and protocol; included as
DenseNet . . robustness to image . . .
vein recognition . finger-vein-specific reference
displacement
Xception/depth-wise Uses depthwise separable A stronger task-specific
DS-CNN [10] separable CNN for Xception features for compact  baseline, but protocol details
finger-vein recognition  finger-vein recognition differ from this study
Mobile Vision Combines lightweight CNN Transformer-based method
FV-MViT [11] Transformer for finger- and transformer components  with different computation
vein recognition for local-global modelling profile
Selective SE pl t
PSE- This ir? lf/[CoLvifeNeraZCzIrr\::r Tests an accuracy-complexity ~ Same protocol as Tables 2, 4,
. . , trade-off rather than a new 5, and 7; not a cross-paper
MobileNetV2 work this study’s closed-set

protocol

attention mechanism

SOTA claim

Note: The studies in Table 3 use different protocols. The table summarises methodological relevance and does not claim direct numerical

superiority.

On FV-USM, PSE-MobileNetV2 achieves a macro-
precision of 0.9942, a macro-recall of 0.9949, and a recalcu-
lated aggregate harmonic F1 of 0.9945. ResNet50SE has the
highest accuracy, whereas PSE-MobileNetV2 provides bal-
anced classification metrics with the smaller MobileNetV2-
based backbone.

On SDUMLA, PSE-MobileNetV2 achieves the highest
locally evaluated accuracy, macro-precision, macro-recall,
and recalculated aggregate harmonic F1, with values of
97.06%, 0.9575, 0.9707, and 0.9641, respectively. The im-
provement is modest and should be interpreted together
with model complexity and the absence of repeated-run

uncertainty estimates.

Table 4. Classification Metrics on FV-USM

F1 Score
. . (harmonic of

Model Precision Recall K

displayed

macro-P/R)
ResNet50 0.9953 0.9929 0.9941
ResNet50SE 0.9936 0.9929 0.9932
ShuffleNetV2 0.9939 0.9939 0.9939
ShuffleNetV3 0.9898 0.9878 0.9888
MobileNetV2 0.9946 0.9919 0.9932
MobileNetV3-Small 0.9939 0.9939 0.9939
PSE-MobileNetV2 0.9942 0.9949 0.9945

Table 5. Classification Metrics on SDUMLA

F1 Score

Model Precision Recall (ha.rmomc of

displayed

macro-P/R)
ResNet50 0.9528 0.9686 0.9606
ResNet50SE 0.9597 0.9670 0.9633
ShuffleNetV2 0.9334 0.9544 0.9438
ShuffleNetV3 0.9269 0.9497 0.9382
MobileNetV2 0.9464 0.9623 0.9543
MobileNetV3-Small 0.9481 0.9638 0.9559
PSE-MobileNetV2 0.9575 0.9707 0.9641

3.2. Model complexity

Table 6 compares the parameter count, floating-point op-
eration count, and model size of the evaluated networks.
ResNet50 and ResNet50SE exceed 24 M parameters and
8 GFLOPs, whereas the MobileNet- and ShuffleNet-based
models are substantially smaller. Relative to MobileNetV2,
PSE-MobileNetV2 increases the parameter count from 3.04
M to 3.59 M, FLOPs from 0.654 G to 0.657 G, and model
size from 11.83 MB to 13.95 MB. The original latency and
FPS values have been removed because the supplied ma-
terials do not identify the hardware platform, software
environment, batch size used for timing, warm-up pro-
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cedure, or measurement method. Retaining unverifiable
timing values would imply a degree of reproducibility that
the available records do not support.

Table 6. Hardware-Independent Model Complexity

Model Parameters FLOPs Size
™M /G /MB
ResNet50 24.81 8.266 94.96
ResNet50SE 27.33 8.282 104.59
ShuffleNetV2 1.91 0.305 7.45
ShuffleNetV3 0.72 0.082 2.99
MobileNetV2 3.04 0.654 11.83
MobileNetV2SE 3.60 0.660 14.02
MobileNetV3-Small 2.54 0.066 9.8
PSE-MobileNetV2 3.59 0.657 13.95

3.3. Ablation study

The SE-placement ablation compares three configura-
tions: the original MobileNetV2 without SE modules, Mo-
bileNetV2SE with SE modules in all inverted residual
stages, and PSE-MobileNetV2 with SE modules in stages
4-7. Table 7 reports the results.

Table 7. Ablation Results for SE Placement Strategies

FV-USM SDUMLA

Embedding Strategy Accuracy  Accuracy
(%) (%)
No SE (MobileNetV2) 99.18% 96.22%
Full SE (MobileNetV2SE)  99.39% 96.01%
Partial SE, stages 4-7 99.49% 97.06%

(PSE-MobileNetV2)

Relative to MobileNetV2, the stages 4-7 configuration
increases accuracy from 99.18% to 99.49% on FV-USM and
from 96.22% to 97.06% on SDUMLA. Full SE placement
reaches 99.39% on FV-USM but 96.01% on SDUMLA, indi-
cating that attention in every stage does not consistently
improve performance. Stages 4-7 were selected because
deeper, lower-resolution feature maps contain more ab-
stract channel representations and the added attention cost
is smaller than at high spatial resolutions. Nevertheless,
this ablation does not prove that stages 4-7 are globally
optimal: stages 3-6, stages 5-7, and alternative reduction ra-
tios were not evaluated. The reduction ratio r = 16 follows
the standard SE configuration [15].

3.4. Discussion and limitations

The proposed method is a lightweight MobileNetV2 engi-
neering variant rather than a fundamentally new network
family. Its practical contribution is evidence that selective
SE placement can improve closed-set classification accu-
racy while retaining most of the hardware-independent
efficiency of MobileNetV2 under the reported experimen-
tal setting.

Several limitations remain. First, the evaluation is
closed-set and image-disjoint, not subject-independent or
open-set; consequently, classification accuracy does not
establish biometric verification performance measured by
EER, FAR, FRR, or ROC curves. Second, only two pub-
lic academic datasets are used. Third, the current materi-
als do not support Grad-CAM, feature-map visualisation,
failure-case analysis, or independent repeated runs, so vi-
sual interpretability and statistical significance have not
been demonstrated. Fourth, the ablation does not test all
insertion ranges or reduction ratios. Fifth, the original code
and logs needed to verify detailed ROI extraction, normali-
sation, augmentation, and hardware timing are unavailable.
These limitations restrict reproducibility and prevent broad
state-of-the-art claims.

Accordingly, PSE-MobileNetV2 is positioned as a
compact accuracy-complexity trade-off for the reported
closed-set benchmark, not as a validated replacement for
verification-oriented finger vein systems.

4. Conclusions

1. PSE-MobileNetV2 selectively inserts Squeeze-and-
Excitation channel-attention blocks into stages 4-7 of
MobileNetV2. This strategy recalibrates deeper chan-
nel responses while avoiding full-stage attention over-
head.

2. Under the reported closed-set, image-disjoint protocol,
the model achieves classification accuracies of 99.49%
on FV-USM and 97.06% on SDUMLA.

3. With 3.59 M parameters, 0.657 GFLOPs, and a
model size of 13.95 MB, PSE-MobileNetV2 provides a
favourable accuracy-complexity trade-off relative to
MobileNetV2. The current evidence does not estab-
lish verification performance, statistical significance,
or universal superiority.

4. Future work should evaluate open-set verification us-
ing EER, FAR, FRR, and ROC curves; report statis-
tics over multiple random seeds; add Grad-CAM
and failure-case analysis; test additional SE insertion
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ranges and reduction ratios; release complete pre-
processing and timing protocols; and validate cross-
device generalisation.
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