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ABSTRACT

Hand vein image segmentation is crucial for diverse applications such as
precise biometric identification and facilitating medical intravenous proce-
dures. This paper introduces an enhanced hand vein image segmentation
method utilizing deep learning, specifically a conditional generative adver-
sarial network (¢cGAN). The cGAN is trained adversarially and augmented
with a modified efficient channel attention (ECA) mechanism module. The
efficiency of the proposed technique was evaluated using four hand vein
datasets: self-acquired dataset, SUAS, WILCHES, and BOSPHORUS.
Performance comparison reveals that the proposed method outperforms
alternative approaches, achieving the best results across all datasets with
an average sensitivity of 0.8878, average accuracy of 0.9639, and aver-
age dice coefficient of 0.7904 for vein patterns. Our experimental find-
ings demonstrate that the proposed segmentation technique significantly
enhances hand vein patterns and improves dorsal hand vein detection ac-
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1. INTRODUCTION

Vein viewing technology is an advanced imaging
technique used to visualize blood vessels beneath the
skin, primarily for medical applications such as in-
travenous injections and blood draws. Vein iden-
tification involves image acquisition, pre-processing,
enhancement, segmentation, and pattern extraction.
Among these, vein segmentation is a critical step that
isolates vein structures from the surrounding tissue in
the acquired image [1]-[3].

Researchers have developed various vein segmen-
tation techniques to address this challenge. The
vein identification process involves several stages: im-
age acquisition, ROI extraction, image enhancement,
and vein segmentation [4], [5]. Vein segmentation
aims to distinguish vein images from non-vein re-
gions and researchers employ various techniques to
address this challenge, including thresholding [6],
kernel filtering [7], model-based [8], and curvature-
based methods [9]. Despite their simplicity and pop-
ularity, these techniques frequently produce noisy

vein images. Furthermore, these segmentation tech-
niques require various combinations of pre- and post-
processing methods.

Recently, Convolutional Neural Networks (CNNs)
and Generative Adversarial Networks (GANs) have
gained prominence in vein segmentation, offering no-
table advantages over traditional methods. These
deep-learning approaches have transformed medical
image analysis, particularly in vein segmentation
tasks. CNNs excel in automatically learning hier-
archical features from raw image data, eliminating
the need for manual feature extraction. Meanwhile,
GANS help overcome the challenge of limited labeled
training data by generating realistic synthetic vein
images that expand the training dataset, enabling
more robust model training without requiring addi-
tional manual annotations [10]-[15].

In their work, Marattukalam & Abdulla [10] pro-
posed a U-Net architecture for palm vein segmenta-
tion, evaluating its performance on the HK PolyU
Multispectral Palm Print database. Their approach
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achieved high dice coefficients, highlighting its ef-
fectiveness in segmenting palm veins.  Similarly,
Lefkovits & Emerich [11] introduced a modified U-
Net architecture for dorsal hand vein segmentation,
employing a two-stage approach. In the first stage,
nine variants of the U-Net model were utilized, with
outputs combined through a majority voting mecha-
nism. The system subsequently feeds these outputs
into a second stage modified U-Net for refined seg-
mentation. The method, evaluated on the NCUT
dorsal hand vein database, demonstrated a high Dice
coefficient, highlighting its segmentation accuracy.

In another study, Kuthiala et al. [12] proposed
a U-Net architecture with additional skip connec-
tions for arm vein segmentation, validating their ap-
proach on a custom dataset they created specifically
for this purpose. Applying basic pre-processing tech-
niques and image augmentation improved segmenta-
tion performance, which the researchers evaluated us-
ing the dice coefficient and intersection over union
(IoU) metrics. Similarly, He et al. [13] developed
an adapted U-Net model for forearm vein segmenta-
tion. To address the challenge of limited data avail-
ability, the researchers implemented extensive dataset
augmentation, including rotation, flipping, contrast
adjustment, and elastic deformations. The resulting
model exhibited exceptional performance across var-
ious evaluation metrics, including sensitivity, speci-
ficity, accuracy, Fl-score, and area under the curve
(AUC).

Additionally, Gao et al. [16] introduced a U-
Net architecture enhanced with residual connections
specifically designed for dorsal hand vein segmenta-
tion, validating their approach on a custom dataset
of near-infrared hand images. This improved model
achieved higher accuracy and F1 scores in dorsal hand
vein segmentation compared to traditional methods.
Subsequent refinement of this U-Net model achieved
an exceptionally high Dice coefficient, further vali-
dating the effectiveness of U-Net-based frameworks
for vein segmentation applications.

While convolutional neural network (CNN) archi-
tectures, particularly U-Net, and its derivatives, have
been widely applied for vein segmentation, generative
adversarial networks (GANS) are increasingly utilized
in this domain. For instance, Yang et al. [17] pro-
posed a GAN-based approach for segmenting finger
veins, evaluating their method on the THU-FVFDT2
and SDU finger vein datasets. Notably, their GAN-
based technique outperformed traditional methods
and CNN models in finger vein recognition, achieving
the lowest equal error rate (EER).

Despite their effectiveness, both CNN and GAN
architectures consist of multiple layers, which can re-
sult in information loss during down-sampling and
up-sampling processes. This loss of spatial informa-
tion and image details can negatively impact the net-
work’s performance. Researchers commonly integrate

attention mechanism modules into these models to
address this challenge.

These attention mechanisms enhance model per-
formance by focusing on key features within the in-
put data and de-emphasizing less important ones.
This capability allows the network to maintain essen-
tial image details, even with multiple convolutional
and pooling layers. Integrating attention modules
into CNN or GAN models readily improves their
effectiveness. Some widely used attention mecha-
nisms include Squeeze-and-Excitation (SE), Convo-
lutional Block Attention Module (CBAM), and Effi-
cient Channel Attention (ECA).

In their study, Abramova et al. proposed incorpo-
rating SE modules into U-Net for segmenting hem-
orrhagic stroke lesions. This resulted in significant
performance enhancements. However, this improve-
ment came at the cost of additional computational
resources. Researchers then sought to improve per-
formance while minimizing computational overhead.
Therefore, to address this challenge, Luan et al. [19]
introduced CBAM for liver tumor segmentation, fur-
ther enhancing results. Despite the improvements,
the dual attention mechanism in CBAM increased
computational demands. In an effort to optimize the
balance between computational complexity and per-
formance, Wang et al. [20] developed the Efficient
Channel Attention (ECA) module. Unlike SE, the
ECA module replaces the fully connected layer with
a more efficient convolutional layer. The ECA mod-
ule employs a 1D convolution operation to calculate
channel-wise attention weights, which are then ap-
plied element-wise to the feature maps to produce
the final output. Fig. 1 illustrates the operational
process of the ECA module.

Input Global average
feature pooling
Conv 1D
Sigmoid
Output
feature

Fig.1: Block diagram of ECA Module.

Researchers subsequently employed ECAU-Net
[21] for the precise identification and segmentation of
the cerebellum. This approach integrates the advan-
tages of the ECA module and U-Net architecture. Re-
searchers conducted comprehensive experiments us-
ing the Dice loss function on the JSUAH-Cerebellum
dataset, and the results demonstrated superior per-
formance compared to other U-Net variants.
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Furthermore, researchers propose the ECA-
TFUnet [22] model as a U-shaped CNN-Transformer
network with Efficient Channel Attention for auto-
mated organ segmentation in anatomical sectional
images of canines. The model integrates the U-
Net architecture for capturing fine local details, the
Transformer block for learning global dependencies,
and a mixed loss strategy to address class imbalance.
Experimental results indicate that ECA-TFUnet out-
performs 11 state-of-the-art methods, achieving an
Intersection over Union (IoU) of 92.63% on a custom
dataset and 87.93% on a public dataset.

Despite the substantial enhancements in segmenta-
tion results provided by the ECA module, it primarily
encodes channel relevance features using global aver-
age pooling (GAP) signals. While GAP reduces fea-
ture map dimensionality by condensing it into a single
value, this process may lead to the loss of discrimina-
tive information. As a result, incorporating an addi-
tional component that preserves the maximum value
of each feature map could help retain more discrimi-
native information.

Furthermore, the conventional convolution used in
current ECA modules is limited to a fixed receptive
field size, which may inadequately capture features
across various scales. This limitation hinders detect-
ing long-range dependencies within the input image
and overlooks relationships between distant pixels.
Such constraints can be particularly problematic in
tasks like segmentation, where capturing spatial de-
pendencies among objects is crucial. Therefore, a so-
lution is urgently needed to address these specific lim-
itations.

This work proposes several key contributions to
overcome the challenges outlined above: (1) an en-
hancement to the existing Efficient Channel Atten-
tion (ECA) module by incorporating global maxi-
mum pooling (GMP) and dilated convolution, which
facilitates the acquisition of critical information while
preserving discriminative features; (2) the integration
of these modified ECA modules into a Generative
Adversarial Network (GAN) architecture to improve
vein segmentation performance; (3) a comparative
evaluation of the best modified ECA module against
three widely used attention mechanisms: Squeeze-
and-Excitation (SE), Convolutional Block Attention
Module (CBAM), and the original ECA module;
and (4) a comprehensive assessment of the proposed
method using hand vein databases, measuring key
performance metrics.

This paper organizes its remaining sections as fol-
lows. Section 2 provides a detailed introduction
to the proposed technique, including the hand vein
databases utilized and the performance metrics em-
ployed. In conclusion, Sections 3 and 4 present the
experimental results and concluding remarks.

2. METHODOLOGY

This section covers data preparation, the cGAN
segmentation model, and the three modified ECA
modules integrated into the architecture.

2.1 Pre-processing and Dataset Preparation

This study utilized low-cost infrared image acqui-
sition methods, as previously proposed in [23]. We
gathered a total of 114 near-infrared hand vein im-
ages from four databases: self-acquired, SUAS [24],
WILCHES [25], and BOSPHORUS [26]. The self-
acquired database consisted of images captured under
controlled conditions, representing two hand poses
(open and clenched) and two different hand locations
(dorsal and wrist).

To acquire images, volunteers positioned their
hands in front of an infrared camera. For the open-
hand pose, researchers captured each right and left
hand for three seconds. For the clenched hand pose,
researchers followed the same three-second imaging
procedure for both hands. Finally, for the wrist pose,
volunteers made a fist with their right and left hands,
with images captured for three seconds. Researchers
captured three grayscale images with a resolution of
640 x 480 pixels for each hand position and saved
them in JPG format.

To enhance vein detection accuracy and efficiency,
Faster RCNN was used for vein localization, as in
prior work [27], to identify the most prominent vein
features in the hands. The size of the region of inter-
est (ROI), representing the vein, varied based on the
subject’s hand size. To enhance contrast after ROI
extraction, a fusion of CLAHE and adaptive gamma
correction, as proposed in [28], was applied. Then,
the improved ROI was resized to 192 x 192, which
was then used as input to the cGAN segmentation
model.

The training set consisted of 60 images from the
self-acquisition and SUAS datasets, out of a total of
114 hand vein images. Since hand vein databases do
not provide ground truth images for direct compari-
son, we created a crucial set of ground truth images
for this work. Due to the limited number of train-
ing images, we applied an online data augmentation
technique, which expanded the training dataset to a
total of 1482 images. For validation, we set aside 10%
of the augmented training set.

The test dataset comprised 24 images from the self-
acquisition and SUAS datasets. Additionally, we ob-
tained 30 images from the WILCHES and BOSPHO-
RUS databases for inference. These test and infer-
ence datasets were also augmented using the same
technique, resulting in a total of 432 augmented im-
ages across both datasets. This augmentation ap-
proach helped ensure the generalization of the pro-
posed method despite the limited size of the dataset.
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2.2 Vein Segmentation Model

2.2.1 Developing of cGAN Vein Segmentation
Model

The generator architecture employed in this work
follows a U-Net structure, which comprises three
main parts: the encoder, central, and decoder paths,
as illustrated in Fig. 2. The encoder path is com-
posed of four blocks, each consisting of two 3 x 3 con-
volutional layers, batch normalization, and a rectified
linear unit (ReLU) activation function. Max-pooling
down-samples the input image, enhancing the repre-
sentation of vein features. Conversely, the decoder
path mirrors the encoder, utilizing up-sampling in-
stead of max-pooling to restore the spatial dimen-
sions of the features. The central path shares blocks
with the decoder. A fully connected layer scales the
output values between 0 and 1 per pixel.

The discriminator employed in this work is con-
structed upon a conventional CNN, as illustrated in
Fig. 3. It comprises five convolution blocks, each
mirroring the structure of the encoder block in the
generator. The input image is down-sampled via a
3 x 3 kernel max-pooling layer within each convo-
lutional block. A final layer, consisting of a 1 x 1
convolution followed by a sigmoid activation layer,
scales the output of the discriminator between 0 and
1 for each pixel.

The cGAN model utilized in this work leverages an
enhanced vein image x and its corresponding anno-

tated vein image GT'(y) as conditional inputs for the
generator, aiming to produce a segmented vein im-
age G(z) as depicted in Fig. 4. Unlike conventional
c¢GANS, this model omits the addition of noise z as
input to expedite training and reduce the likelihood
of generating fake images.

Instead, the model relies solely on vein image x and
its annotated image GT (y) to guide the segmentation
process, aligning with established methodologies in
the field. Moreover, the discriminator in the cGAN
model distinguishes between the annotated and gen-
erated segmented vein images, thereby contributing
to the adversarial training process and improving the
quality of the generated segmentation outputs.

The generated segmented vein image G(x), along-
side the conditional input GT(y) and the enhanced
vein image x, are input into the discriminator to as-
sess their authenticity. The performance of the cGAN
is evaluated based on its total loss, comprising the
segmentation loss and the adversarial loss. The cal-
culation of the total loss is as follows [29]:

LCGAN = ‘Cseg + A‘Cad'u (1)

Where L4 represents the loss between the segmenta-
tion result G(x) and the annotated vein image GT'(y),
while L4, denotes the adversarial loss of the gener-
ator against the discriminator. For optimal perfor-
mance, set the balancing parameter A t to 10.

Load training data (enhanced and annotated GT
vein images)

Initializes generator and discriminator parameters

v

Train generator

v

Generated segmented vein images

v

Update weight

Train discriminator <

A

v

Calculate cGAN loss function

cGAN loss converge?

YES

/ Store cGAN weight /

Fig.5: Flowchart of the training process to develop a ¢cGAN vein segmentation.
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2.2.2  Adversarial Training of cGAN Model

The proposed cGAN model was implemented us-
ing the Keras-TensorFlow deep learning library on
Google Colab, leveraging NVIDIA GPU K80s acceler-
ation. After constructing the generator and discrimi-
nator, the cGAN vein segmentation model undergoes
adversarial training, alternating between optimizing
the generator and the discriminator. The ADAM op-
timizer, with a learning rate 0.0002 for both compo-
nents, is employed to iteratively update their param-
eters. The training process, as illustrated in Fig. 5,
consists of three main steps:

i. Generation: The generator produces a seg-
mented vein image G(x) using the enhanced vein
image x and the annotated vein image, GT (y) as
the input.

ii. Discriminator: The generated vein images
G(x) and the enhanced vein images x are fed into
the discriminator for authenticity identification.
The discriminator’s parameters are updated us-
ing the loss function in Equation (1).

iii. Fine-tuning: The discriminator becomes un-
trainable, freezing its parameters. Only the gen-
erator’s parameters are adjusted to enhance the
realism of segmented vein images. Once a cy-
cle completes, the training process recommences
from Step i.

The generator and discriminator alternate opti-
mization cycles until they reach a Nash equilibrium.
At this point, the generator produces realistic data,
and the discriminator struggles to distinguish be-
tween fake and real data. The training process ter-
minates when no further decrease in total loss is ob-
served over successive iterations, indicating that the
model has converged and additional training is un-
necessary.

This adversarial framework inherently addresses
the overfitting problem by encouraging the generator
and discriminator to generalize better. The genera-
tor is discouraged from memorizing the training data,
while the discriminator learns meaningful represen-
tations of the data rather than overfitting to specific
examples. Additionally, cGANs augment the training
dataset by generating synthetic samples that closely
resemble real data, thereby increasing dataset diver-
sity and reducing the risk of overfitting.

Furthermore, the adversarial process forces both
networks to focus on capturing the underlying data
distribution rather than finding trivial solutions.
If the generator produces repetitive or unrealistic
outputs, the discriminator quickly identifies them,
prompting it to explore the data space more effec-
tively. This dynamic interaction ensures that the gen-
erator produces generalized outputs, which reduces
model complexity. Together, these mechanisms make
c¢GAN training a powerful approach to mitigating
overfitting.

2.3 Modified Attention Module
2.3.1 Modified ECA Design 1

Fig.6 shows the block diagram of the first design
of the modified ECA module, with the highlighted
block representing the altered element. In the previ-
ous ECA module, channel-wise attention weights are
computed after the GAP operation using a 1-D stan-
dard convolution with an adaptive kernel size of k.
This work replaces the 1-D standard convolution with
a 1-D dilated convolution, where the dilation rate r
adapts based on the kernel size k1. The advantages
of dilated convolution inspired this modification, as
it allows for a larger receptive field compared to stan-
dard convolution. Consequently, it enables better
capture of more significant spatial features in the in-
put image, enhancing the module’s performance. The
adaptive kernel size, ki, is calculated following the
method outlined in [16]:

r=ky = [logQ ¢, b] 2)
v Y1odd

Where |t|oqq denotes the nearest odd number of ¢,
and constants v and b are set to 2 and 1, respectively.
The output feature map of this module is computed
as follows:

Fo =0 (/' (GAP(F) @ F 3)

Where f*! represents the 1D dilated convolution op-
eration, F' is the merged feature map inserted into the
modified ECA design 1 and ® denotes element-wise
multiplication. Unlike prior work by Wang et al. [20],
which manually fixes the dilation rate, r, this work
employs an adaptive value of r dependent on k;. The
sigmoid activation function o(-) maps the output be-
tween 0 and 1. The primary difference from the pre-
vious ECA module lies in adopting dilated convolu-
tion with an adaptive dilation rate, which enhances
the module’s ability to capture more significant spa-
tial features in the input image compared to standard
convolution.

Input Global average
feature pooling
Dilated Conv 1D
Sigmoid
Output
feature

Fig.6: Block diagram of modified ECA Design 1.
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2.3.2 Modified ECA Design 2

Fig. 7 illustrates the block diagram of the second
design of the modified ECA module, with highlighted
blocks indicating modifications. To leverage the abil-
ity to discern crucial regions and channels in the input
image, as demonstrated by the spatial and channel
attention mechanisms of the previous CBAM mod-
ule, we introduced a spatial module into the prior
modified ECA design 1, resulting in modified ECA
design 2. The spatial module comprises average pool-
ing, followed by two 2D dilated convolutions with a
3x3 kernel size and varying dilation rates of 2 and 3.
The computation of the additional spatial module is
expressed as follows:

Fs =0 (25 (fZ5(AP(F)) ® F (4)

Where f2%3 and 33 denote two 2D dilated convo-
lutions with dilation rates of 2 and 3, respectively.
AP(F) represents the average pooling applied to the
input feature map F', and o(-) denotes the sigmoid
activation function. Finally, the outputs from mod-
ified ECA design 1, denoted as F¢ (refer to Eq. 3),
and the added spatial module is, denoted as Fs (refer
to Eq. 4), are combined using element-wise multipli-
cation to generate the feature map of modified ECA
design 2:

Fo=Fc®Fg (5)

Input

feature

Average pooling

v

Dilated Conv 2D

v

Dilated Conv 2D

Global average
pooling

v

Dilated Conv 1D

Y ¢

@*

Output
feature

Fig.7: Block diagram of modified ECA Design 2.

Sigmoid

2.3.3 Modified ECA Design 3

Fig. 8 depicts modified ECA design 3, high-
lighted modifications made to the existing ECA mod-
ule. The original ECA module summarizes spatial
information into feature maps using only the GAP
operation. However, combining GAP with global
maximum pooling (GMP) can capture more compre-
hensive object-specific features, leading to improved
channel-wise attention. Thus, both operations are
used concurrently in this work. Their outputs are
then passed through a joint dilated 1D convolutional
layer with an adaptive kernel size k; and dilation rates
r to generate a channel attention map. The process
can be summarized mathematically as follows:

Fo =0 (ff(GAP(F)) @ [ (GMP(F)) © F (6)

Where f*! denotes the 1D dilated convolution opera-
tion with adaptive kernel size k1 and dilation rates 7.
GAP(F) and GM P(F) represent the global average
pooling and global maximum pooling operations, re-
spectively, applied to the input feature map F. The
sigmoid activation function o(-) maps the output be-
tween 0 and 1.

l feature

Global average Global maximum
pooling pooling

v v

Dilated Conv 1D

N
Q?‘i

Output
feature

Dilated Conv 1D

Sigmoid

Fig.8: Block diagram of modified ECA Design 3.

2.4 Performance Measures

The proposed vein segmentation is quantitatively
evaluated using sensitivity, accuracy, and dice coef-
ficient by comparing each segmented image with its
ground truth (GT) image. Sensitivity measures the
ratio of correctly identified foreground (vein pixels)
to the total vein pixels in the ground truth image. It
indicates the algorithm’s ability to detect veins accu-
rately. It is calculated using the formula [30]:

TP
TP+ FN @)

Where TP (true positive) is the number of correctly

sensitivity =
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segmented vein pixels, while F'N (false negative) is
the number of vein pixels wrongly classified as back-
ground. Sensitivity values range from 0 to 1, with
higher values indicating more accurate vein segmen-
tation.

Accuracy evaluates the overall performance of the
modified segmentation technique by measuring the
ratio of correctly segmented veins and non-vein struc-
tures in a vein image. It confirms the technique’s ef-
fectiveness in accurately distinguishing between these
components. Accuracy is calculated as [31]:

TP+TN
TP+TN+FP+FN

accuracy = (8)
Where T'N (true negative) is the number of correctly
segmented background pixels. FP (False positive) is
the number of background pixels incorrectly classified
as vein pixels. Higher accuracy values indicate effec-
tive segmentation of both veins and non-vein pixels.

The Dice coefficient is a performance metric used
to quantify the overlap between segmented veins and
their corresponding ground truth images. It assesses
the degree of agreement and overlap between the two,
measuring how well the segmented veins align with
the actual vein structures. The dice coefficient is cal-
culated as [32]:

2+%xTP
2«TP+ FP+ FN

(9)

dice coef ficient =

Self-acquisition

\\
\

Proposed
Design 1

Proposed
Design 2

Proposed
Design 3

SUAS

The dice coefficient ranges between 0 and 1, with
a higher value indicating a greater level of similarity
between the segmented and ground truth vein images.

Two performance evaluations are conducted to val-
idate the proposed techniques. The first evaluation
assesses the performance of the three best modified
ECA designs (1, 2, and 3) in ¢cGAN vein segmen-
tation. The second evaluation evaluates the per-
formance of the best modified ECA module against
commonly used attention mechanism modules (SE,
CBAM, and ECA modules).

3. RESULTS

The evaluation process involved utilizing 432 im-
ages from four hand vein datasets. Qualitatively, seg-
mentation results were visually inspected, with sam-
ple outputs for self-acquisition, SUAS, WILCHES,
and BOSPHORUS datasets shown in Fig.9. Upon
inspection, it was observed that while all techniques
preserved original vein patterns, designs 1 and 2 ex-
hibited coarse vein edges, and disconnected parts of
the patterns. These designs also misclassified some
vein pixels, potentially impacting clinical diagnosis
accuracy. In contrast, design 3’s proposed modified
ECA module produced more precise vein patterns in
terms of connectivity and smoothness compared to
other designs. This indicates that Design 3 accurately
segments hand vein images, demonstrating its prac-
ticality for reliable clinical diagnosis and analysis.

The quantitative analysis presented in Tables 1

WILCHES

BOSPHORUS

Fig.9: Sample of segmented vein images using cGAN with improved attention modules for different datasets.
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Table 1: Result of modified attention module in cGAN architecture for self-acquisition and SUAS datasets.

Design Self-acquisition SUAS
No Sen Acc Dice Sen Acc Dice
1 0.8397 0.9597 0.7604 0.8534 0.9575 0.7599
2 0.8397 0.9606 0.7671 0.8557 0.9574 0.7548
3 0.8482 0.9675 0.7725 0.8644 0.9598 0.7632
Table 2: Result of modified attention module in ¢cGAN architecture for WILCHES and BOSPHORUS
datasets.
Design WILCHES BOSPHORUS
No Sen Acc Dice Sen Acc Dice
1 0.8944 0.9595 0.8063 0.8705 0.9578 0.8059
0.9083 0.9604 0.8081 0.8798 0.9584 0.8071
3 0.9125 0.9674 0.8162 0.8860 0.9608 0.8096

Table 3: Result of average performance of modified attention module in cGAN architecture based on images

from all four datasets.

Average Performance

Design
No Sen
1 0.8645
2 0.8722
3 0.8778

Acc Dice
0.9586 0.7831
0.9591 0.7834
0.9639 0.7904

and 2 complements the findings from the qualitative
evaluation. Across all four hand vein datasets (self-
acquisition, SUAS, WILCHES, and BOSPHORUS),
Design 3 of the modified ECA module demonstrated
higher sensitivity, accuracy, and dice coefficient than
Design 1 and Design 2.

Furthermore, the average metrics for all datasets
in Table 3 further confirm Design 3’s superior perfor-
mance, showing higher average sensitivity, accuracy,
and dice coefficient. Compared to Design 1 and De-
sign 2, Design 3 exhibited notable improvements in
average sensitivity, accuracy, and dice coefficient, in-
dicating its robustness across different datasets and
its ability to produce accurate segmentation results
consistently. These quantitative results validate the
qualitative observations and highlight the effective-
ness of Design 3 in vein segmentation tasks.

The proposed technique underwent qualitative and
quantitative evaluation using 432 images from four
hand vein datasets. The results are visually depicted
in Fig. 10, showcasing the segmentation outcomes for
self-acquisition, SUAS, WILCHES, and BOSPHO-
RUS datasets. In the analysis, all techniques could
maintain the original vein patterns to some extent.
However, SE, CBAM, and ECA methods showed
coarse vein edges and disconnected segments in their
segmentation results. The proposed attention mod-
ule showed a significant difference upon comparison
with these techniques. SE, CBAM, and ECA modules
also displayed misclassification of vein pixels, as indi-
cated by the red box in the figures. In contrast, the
proposed module produced more precise vein patterns

with improved connectivity and smoothness, surpass-
ing other segmentation methods regarding segmenta-
tion quality.

The quantitative analysis in Tables 4 and 5 sup-
ports the earlier segmentation results. The modi-
fied ECA module demonstrates superior sensitivity,
accuracy, and dice coefficient compared to existing
attention modules (SE, CBAM, and ECA) across
all four hand vein datasets: self-acquisition, SUAS,
WILCHES, and BOSPHORUS.

Furthermore, Table 6 summarizes the average met-
rics for all datasets, showing the proposed attention
module consistently outperforming SE, CBAM, and
ECA in terms of sensitivity, accuracy, and dice co-
efficient. Specifically, compared to SE, CBAM, and
ECA, the proposed module improved average sensi-
tivity, accuracy, and Dice coeflicient, demonstrating
its robustness across various datasets. These quanti-
tative findings validate and reinforce the qualitative
observations, establishing the efficacy and superiority
of the proposed modified ECA module, particularly
Design 3, in accurately segmenting hand vein images
and outperforming existing attention mechanisms in
vein segmentation tasks.

4. CONCLUSION

In conclusion, this study leveraged the capabilities
of a ¢cGAN deep learning model to overcome limi-
tations commonly associated with conventional tech-
niques, particularly issues related to noise in gener-
ated images. Incorporating a modified ECA module
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into the model architecture to address information
loss and redundant layers significantly improved vein
segmentation tasks. The results demonstrated that
the modified ECA module outperformed existing at-
tention modules (SE, CBAM, and ECA) across all
evaluated metrics, underscoring both the robustness
and efficacy of the proposed method in enhancing vein
segmentation within the cGAN framework. As the
field of medical image analysis continues to evolve,
this study provides valuable insights to guide the de-
velopment of more accurate and reliable segmenta-
tion techniques for clinical applications. The robust-
ness and effectiveness of this approach highlight its
potential for advancing medical image analysis and
diagnosis in various healthcare settings.

Although the cGAN integrated with the improved
ECA model demonstrates promising segmentation
performance for hand vein images, there is still con-
siderable room for improvement. In the future, we

Self-acquisition

Truth Image

Proposed
Modified ECA
Design 3

CBAM [19]

ECA [20]

SE [18]

Fig.10:

SUAS

IIM'

aim to prune the existing models and reduce network
parameters without affecting performance, enabling
real-time medical segmentation and enhancing prac-
tical utility.
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WILCHES BOSPHORUS

Sample of segmented images integrating various attention modules in cGAN for different datasets.

Table 4: Result of proposed attention module comparison to existing attention modules in cGAN architecture

for self-acquisition and SUAS datasets.

Attention Self-acquisition SUAS

modules Sen Acc Dice Sen Acc Dice
Proposed 0.8482 0.9675 0.7725 0.8644 0.9598 0.7632
CBAM [19] 0.8383 0.9579 0.7476 0.8469 0.9564 0.7528
ECA[20] 0.8386 0.9598 0.7619 0.8555 0.9574 0.7560
0.8365 0.9595 0.7600 0.8528 0.9570 0.7549

SE[18]
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Table 5: Result of proposed attention module comparison to existing attention modules in cGAN architecture
for WILCHES and BOSPHORUS datasets.

Attention WILCHES BOSPHORUS
modules Sen Acc Dice Sen Acc Dice
Proposed 0.9125 0.9674 0.8162 0.8860 0.9608 0.8096
CBAM [19] 0.9011 0.9587 0.8033 0.8678 0.9537 0.7796
ECA[20] 0.9024 0.9598 0.8043 0.8762 0.9579 0.8049
SE[18] 0.8972 0.9578 0.7893 0.8753 0.9568 0.7987

Table 6: Result of proposed attention module comparison to existing attention modules in cGAN architecture
for four hand vein datasets.

Attention Average Performance
modules Sen Acc Dice
Proposed 0.8778 0.9639 0.7904
CBAM [19] 0.8635 0.9566 0.7708
ECA[20] 0.8681 0.9587 0.7817
SE[18] 0.8654 0.9577 0.7757
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