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Abstract: The need to detect veins in hand images becomes critical in applications dealing with biometrics, 
medical diagnostics, and security systems. Though the models developed so far—especially the ones based 
on CNN architectures—are well received, they lack in capturing the intricate vein patterns because of the 
inherent focus of CNNs on local features, and hence yield suboptimal performance. Therefore, this paper 
proposes state-of-the-art models that incorporate attention mechanisms and graph neural networks to 
enhance feature extraction and model efficiency. First, we propose the Attention-Augmented Graph 
Convolutional Network (AAGCN). AAGCN combines CNNs with GNNs, which are further modified by 
incorporating attention mechanisms. The CNN layers extract local features from hand images, which are 
then translated into a graph representation. Each node in the graph corresponds to key feature points, and 
edges correspond to their spatial relationship with one another. The GNN layers then diffuse the 
information within this graph to capture the global vein structure. The attention mechanism dynamically 
focuses on the most relevant nodes and edges, yielding a 15% improvement in detection accuracy and a 
20% reduction in inference time compared with the baseline CNN models. Next, we propose the Layer-Wise 
Adaptive Attention Network, applying attention mechanisms at multiple layers within the CNN. That allows 
it to adaptively focus on the important features at different levels of abstraction. The progressive training 
and knowledge distillation reduce the training time for LWAAN by 30% and the model size by 25%, making 
it viable for portable devices without any loss of accuracy. Last but not least, we propose the Graph-
Attention EfficientNet, which fuses EfficientNet with GNN and attention mechanisms. The key backbone is 
formed by using EfficientNet for efficient feature extraction and scaling. Then, the construction of the graph 
and the attention layers from the GNN project importance on the significant vein structures. Finally, further 
efficiency is achieved with the help of optimization techniques like model pruning and quantization, further 
making this model achieve 10% better accuracy and 25% faster inference compared to the standard 
EfficientNet models. Impacts of this work are tremendous: a comprehensive improvement in the accuracy 
and efficiency of vein detection models. These developments create new paths for real-time applications in 
diverse fields to ensure robust performance and scalability. Integrating the attention mechanism within the 
architecture of GNN and CNN proves to be a breakthrough innovation that resets the benchmark for future 
research in the area of vein detection and all the related biometric applications. 
 
Keywords: Vein Detection, Graph Convolutional Networks, Attention Mechanisms, EfficientNet, 
Knowledge Distillation 
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1. Introduction 

Accurate detection of vein patterns from hand images is of great importance in several fields, such as biometric 
authentication, medical diagnostics, and security systems. Conventional approaches are mainly dependent on 
Convolutional Neural Networks (CNNs), which, while achieving high success in most image processing tasks, 
do have certain limitations that pertain to vein detection. The key reason for these limitations lies in the inherent 
nature of CNNs; the local features often do not suffice to capture the intricate and global structures of the vein 
patterns. Some advances in deep learning, more specifically in the areas of Graph Neural Networks and attention 
mechanisms, shed light on how to treat these issues effectively. GNNs, with their ability to capture relational 
data, could be employed to model the spatial relationships between features in an image. Attention mechanisms 
increase the ability of a model to highlight the most pertinent parts of the input data, hence enhancing the feature 
representation and extraction. 

This paper introduces a suite of novel models that harness these advancements to raise the bar of vein detection 
performance significantly. The first proposed model, the Attention-Augmented Graph Convolutional Network, 
combines the local feature extraction capabilities of CNNs with the global relational structure modeling prowess 
of GNNs. By directly incorporating attention mechanisms into the graph convolution process, AAGCN 
prioritizes critical vein features, thereby rendering the detection process more accurate and efficient. The second 
model, the Layer-Wise Adaptive Attention Network, optimizes feature extraction through adaptive attention 
mechanisms that are applied at multiple abstraction levels in the CNN architecture. The model adopts a 
progressive training strategy in that layers are trained successively to enhance better convergence and reduced 
time for training. LWAAN also adds knowledge distillation, transferring learned features from a complex model 
to a small, efficient counterpart that enhances deployability on portable devices and deployments. 

The last model, GA-EfficientNet, combines the scalable architecture of EfficientNet with GNN and the attention 
mechanism. This combination results in not only an improvement in the model's efficiency and scalability but 
also in its ability to further emphasize the important vein structure through graph attention layers. In addition, 
other optimization methods like model pruning and quantization have been used to make the model more 
inference-friendly with regard to speed and overall efficiency. The proposed models are significantly better in 
terms of their accuracy and efficiency for vein detection. AAGCN provides a 15% gain in detection accuracy 
with a 20% inference time reduction compared to traditional CNN models. LWAAN achieves 30% less time 
for training and a 25% reduction in model size, making it very suitable for real-time applications. GA-
EfficientNet provides a 10% gain in accuracy with a 25% increase in inference speed, making it a new 
benchmark in terms of efficiency for vein detection. All these advancements demonstrate that integration of the 
attention mechanism with architectures like GNN and CNN holds a lot of potential in vein detection and other 
applications in biometrics. This paper intends to give a detailed view of these novel models in terms of their 
architecture, implementation, and performance, thus contributing much towards the field of deep learning and 
its application in the field of biometrics. 

Motivation & Contribution 

This research is motivated by an imperative need to enhance vein detection systems, because they are critically 
involved in a wide application area, like biometric authentication, medical diagnostics, and security measures. 
Current state-of-the-art approaches on vein detection, which are mostly based on Convolutional Neural 
Networks (CNNs), have shown some limitations with regard to effectively capturing the complex and 
hierarchical patterns of veins because of their inherent focus on local features. These limitations often lead to 
reduced accuracy and reliability, particularly under changes of lighting conditions, skin tone, and image 
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resolutions. Traditional CNN models also tend to be computationally intensive, hence not amenable for real-
time applications and deployment in resource-constrained devices & scenarios. To realize these imperatives, it 
becomes crucial to develop models that not only improve accuracy but also enhance efficiency and scalability. 

The most significant contribution in this paper is that it brings a suite of advanced models relying on the strength 
of GNNs and attention mechanisms. First, it outlines the so-called Attention-Augmented Graph Convolutional 
Network—AAGCN—blending the local feature extraction capabilities of CNNs with the global relational 
understanding of GNNs, augmented by the attention mechanism. The hybrid architecture allows for a more 
comprehensive feature representation, capable of capturing local details and global vein structures. The 
AAGCN model reports the best performance on the benchmark dataset, with a 15% detection accuracy 
improvement and a 20% reduction in inference time compared to baseline CNN models, thus proving its 
effectiveness in enhancing both performance and efficiency. 

An adaptive attention mechanism is introduced in the Layer-Wise Adaptive Attention Network to optimize the 
processes of training and inference and to improve feature extraction. LWAAN, by implementing attention 
mechanisms at multiple layers of the CNN, adaptively concentrates on features at various levels of abstraction 
to enhance overall detection accuracy. The layer-wise training strategy of LWAAN ensures better convergence 
and reduced training time. Knowledge distillation allows the transfer of learned features from a complex model 
to a smaller but efficient model. This results in a 30% reduction in the training time and a 25% reduction in 
model size, thereby making the LWAAN suitable for portable devices without much loss of accuracy. 

Finally, it is the so-called Graph-Attention EfficientNet (GA-EfficientNet) that integrates the concepts of 
EfficientNet with GNN and the attention mechanism for creating a scalable and efficient model of vein 
detection. The scalable architecture of EfficientNet achieves superior performance in feature extraction, while 
the integration of graph attention layers within GNN enhances the model to highlight important vein structures. 
Various optimization techniques, such as model pruning and quantization, further enhance the model's 
efficiency, bringing an extra 10% accuracy improvement and a 25% increase in inference speed over standard 
EfficientNet models. These contributions all put together show the potential of integrating attention mechanisms 
with GNN and CNN architectures and open the window for future research in vein detection and other biometric 
applications. 

The proposed models in this work are innovative, not only by tackling the limitations of traditional CNN-based 
methods but also by pushing forward the limits of accuracy and efficiency in vein detection. The attention-
augmented methods make the model focus on the most relevant features dynamically, and the graph-based 
approaches clearly understand the spatial relationships within the vein patterns. Such a comprehensive approach 
to feature representation and extraction drastically boosts the performance of the vein detection systems and 
makes them increasingly reliable and efficient for real-world, real-time applications. The presented work is 
expected to mark a very significant contribution in the field of biometrics, laying down a solid foundation for 
further advances in vein detection technology. 

2. Literature Review 

Vein detection and segmentation have made tremendous progress in their pursuit, and that is evident from the 
varied methodologies and advances presented in the literature. Table 1 provides an overview of the study of 
existing works, highlighting the innovative techniques used and corresponding achieved results. It involves a 
great deal of different approaches, starting from deep learning-based methods to advanced techniques of 
segmentation, which are meant for solving really specific problems in the arena of vein detection and operations 
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related to medical imaging. The Disentangled Representation and Enhancement Network (DRE-Net) introduces 
a sophisticated method to recognize the veins using multiscale attention residual blocks and weight-guided 
feature enhancement modules. This system does vein pattern recognition quite perfectly, even though it is 
computationally heavy. Similarly, flow-guided change detection does segmentation of portal and hepatic veins 
in multi-phase MR images with great accuracy of segmentation but with the requirement of MR image quality. 

Finger vein image segmentation using infrared imaging and Lite-HDNet mainly focus on finger vein extraction, 
which utilize convolutional neural networks and domain-adaptive frameworks. These approaches notably 
increase the location and extraction accuracy. However, they are restrained by their specific imaging modalities 
and domain adaptation capabilities. The deep learning-based segmentation with the help of generative 
adversarial networks shows effective segmentation of the subcutaneous veins of the forearm. However, this is 
a very complex training system. In the context of the segmentation of hepatic veins, the lightweight contextual 
and morphological awareness network presents a context-aware approach; it is efficient for segmentation, and 
the model size is reduced. However, the application is bound within the hepatic vein. Tubule-sensitive CNNs 
for pulmonary airway and artery-vein segmentation demonstrate accurate segmentation of the lung structure. 
Still, to perform effectively, it requires high-resolution CT images. The lightweight network for finger vein 
segmentation is focused on real-time processing; it does segmentation with high speed due to the use of 
techniques in embedded terminals, but faces challenges in the images and samples' complexity. Retinal image 
analysis is advanced due to RAVIR, which delivers semantic segmentation and analysis of the infrared 
reflectance imaging arteries and veins in the retina. Though it delivers detailed capabilities of the segmentation, 
its applicability is restricted only to retinal imaging. Robust keypoint correspondence clustering enhances finger 
vein recognition through the incorporation of deformation information that results in improved security and 
accuracy, though it is still sensitive to deformation variation for different scenarios. 

Combination of explicit and implicit feature fusion in EIFNet improves finger vein verification using deep 
learning and feature fusion techniques, thereby improving verification accuracy at the cost of increased model 
complexity. Strengthening affinity features  addresses vessel segmentation using topology-preserving and 
contrast-insensitive methods, providing robust and complete segmentation while having high computational 
requirements. In retinal OCT imaging, Bruch's membrane segmentation and multi-class hyper-reflective foci 
segmentation offer accurate and reliable methods, but only for specific conditions of the retina. Generalized 
approach for automatic 3-D geometry assessment and the use of the convolutional neural network ensemble 
segmentation enhance vascular imaging and assessment in ultrasound and abdominal CT scans, respectively, 
though computationally demanding for different scenarios. Improved robustness and accuracy are shown in 
biometric feature extraction by DGLFV for finger-vein recognition and iVehicles with hierarchical feature 
extraction. However, limitations remain in dataset scope and application. The sandpiper optimization algorithm 
for retinal blood vessel segmentation and the SurgNet for surgical image segmentation demonstrate the latest 
developments in segmentation accuracy using region growing and self-supervised pretraining methods. 
Nevertheless, fine-tuning and high-quality imaging are required in these methods. Curvature loss CNN and 
modified GAN-CAED introduce novel loss functions and controlled segmentation techniques for OCT and liver 
vessel segmentation, respectively, offering improved accuracy but demanding high-quality imaging and 
complex training processes. Contactless palm vein authentication attains high accuracy and robustness through 
deep learning and Bayesian optimization, although it requires extensive training data samples. Lastly, the multi-
scale interactive network improves retinal vessel classification with an artery/vein discriminator, but the high 
complexity of the interactive networks remains a challenge for different scenarios. 

Reference Method Used Findings Results Limitations 
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[1] Disentangled 
Representation and 
Enhancement Network 
(DRE-Net) 

Improved vein 
recognition through 
multi-scale attention 
residual block and 
weight-guided feature 
enhancement 

High accuracy in 
vein pattern 
recognition 

Computationally 
intensive 

[2] Flow-Guided Change 
Detection 

Effective segmentation 
of portal and hepatic 
veins in multi-phase MR 
images 

Enhanced 
segmentation 
accuracy 

Requires high-quality 
MR images 

[3] Infrared Finger Vein 
Image Segmentation 

Accurate fingertip blood 
collection point 
localization using CNNs 
and spatial pyramid 

Precise localization 
of vein points 

Limited to infrared 
imaging 

[4] Lite-HDNet Lightweight domain-
adaptive segmentation 
for finger vein pattern 
extraction 

Improved finger 
vein extraction 
accuracy 

Limited adaptation to 
varying domains 

[5] Deep Learning-Based 
Segmentation 

Forearm subcutaneous 
veins segmentation 
using generative 
adversarial networks 

Effective 
segmentation results 

High training 
complexity 

[6] Lightweight Contextual 
and Morphological 
Awareness Network 

Hepatic vein 
segmentation with 
contextual and 
morphological features 

Efficient 
segmentation with 
reduced model size 

Limited to hepatic vein 
segmentation 

[7] Tubule-Sensitive CNNs Pulmonary airway and 
artery-vein 
segmentation in CT 
images 

Accurate 
segmentation of 
lung structures 

Requires high-
resolution CT images 

[8] Lightweight Network 
for Finger Vein 

Real-time finger vein 
segmentation using 
embedded terminal 
techniques 

High-speed 
segmentation with 
lightweight models 

Reduced accuracy in 
complex images 

[9] RAVIR Semantic segmentation 
and analysis of retinal 
arteries and veins in 

Detailed retinal 
vessel segmentation 
and analysis 

Limited to retinal 
imaging 
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infrared reflectance 
imaging 

[10] Robust Keypoint 
Correspondence 
Clustering 

High security finger vein 
recognition with 
deformation information 

Enhanced security 
and accuracy 

Sensitive to 
deformation variations 

[11] EIFNet Explicit and implicit 
feature fusion for finger 
vein verification 

Improved 
verification 
accuracy with 
feature fusion 

Increased model 
complexity 

[12] Affinity Feature 
Strengthening 

Accurate vessel 
segmentation using 
topology-preserving and 
contrast-insensitive 
methods 

Robust and 
complete vessel 
segmentation 

High computational 
requirements 

[13] Anatomical Priors and 
Uncertainty 
Quantification 

Segmentation of Bruch's 
membrane in retinal 
OCT with AMD 

Precise and reliable 
segmentation 

Limited to retinal OCT 
images 

[14] 3-D Geometry 
Assessment 

Automatic 3-D 
geometry assessment of 
blood vessels in 
ultrasound images using 
CNNs 

Accurate geometric 
assessment of 
vascular structures 

High dependency on 
ultrasound quality 

[15] DGLFV Generalized label 
algorithm for finger-
vein recognition 

Improved 
robustness and 
accuracy in vein 
recognition 

Limited to finger vein 
datasets 

[16] Varicocele Detection Automatic segmentation 
and detection of 
varicocele in supine 
position using 
ultrasound 

Effective varicocele 
detection 

Limited to specific 
medical conditions 

[17] Ensemble Segmentation Arteries and veins 
segmentation in 
abdominal CT scans 
using CNN ensemble 

Enhanced 
segmentation 
accuracy 

High computational 
cost 

[18] Hierarchical Feature 
Extraction 

Finger-vein feature 
extraction for iVehicles 

Reliable biometric 
feature extraction 

Limited application 
scope 
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[19] Sandpiper Optimization 
Algorithm 

Retinal blood vessel 
segmentation using 
region growing and 
optimization 

Improved 
segmentation 
accuracy 

Requires fine-tuning for 
different datasets 

[20] SurgNet Vessel and instrument 
segmentation in surgical 
images with self-
supervised pretraining 

Consistent and 
accurate 
segmentation in 
surgical context 

Limited to surgical 
images 

[21] Curvature Loss CNN Multi-scale pathological 
fluid segmentation in 
OCT 

Enhanced 
segmentation 
accuracy with novel 
loss function 

High sensitivity to OCT 
quality 

[22] Modified GAN-CAED Liver major vessels 
segmentation in 
CTA/SPET-CT images 

Reduced risk of 
unintentional vessel 
cutting 

Complex training 
process 

[23] Contactless Palm Vein 
Authentication 

Palm vein authentication 
using deep learning and 
Bayesian optimization 

High accuracy and 
robustness 

Requires extensive 
training data 

[24] Multi-Class Hyper-
Reflective Foci 
Segmentation 

Joint segmentation of 
hyper-reflective foci in 
retinal OCT images 

Accurate multi-
class segmentation 

Limited to retinal OCT 
images 

[25] Multi-Scale Interactive 
Network 

Retinal vessel 
classification with 
artery/vein discriminator 

Improved 
classification 
accuracy 

High complexity in 
interactive networks 

Table 1. Empirical Evaluation of Existing Methods 

The systematic review of the works on vein detection and segmentation approaches, from [1] to [25], gives a 
broad insight into the innovative ideas and technological development. Each approach addresses some specific 
challenges and furthers the progress in the domain, providing different solutions and directions for further 
research and optimization. The Disentangled Representation and Enhancement Network (DRE-Net) [1] and 
flow-guided change detection [2] significantly improve the accuracy of vein recognition and segmentation due 
to advanced network architectures and change detection techniques. In general, these methods show how the 
integration of multi-scale attention and feature enhancement modules can result in high accuracy for the 
recognition of vein patterns but at the price of computational efficiency. 

Infrared finger vein image segmentation  and Lite-HDNet  look at the problems of finger vein extraction, 
achieving significantly higher accuracy by virtue of CNNs and domain adaptive frameworks. These approaches 
underscore the need to adapt segmentation techniques to certain imaging modalities and domains, which makes 
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it obvious that versatility and robustness are required for models to generalize over different scenarios. 
Generative adversarial networks in deep learning-based segmentation  and the lightweight contextual and 
morphological awareness network  are exemplary works on applying advanced neural network architectures in 
medical imaging. These methods increase segmentation accuracy and efficiency, targeting challenges in the 
complexity of the training process and the specificity of the target applications, for instance, the segmentation 
of hepatic veins. 

Tubule-sensitive CNNs [7] and the lightweight network for the segmentation of finger veins [8] demonstrate 
advancements in real-time and context-aware segmentation techniques. These models reach high speeds in the 
processing of information and accurate segmentation of complex structures like lung airways and finger veins, 
showing that this could be used for real-time application in medical imaging and biometric authentication. 
Retinal image analysis—advanced by RAVIR [9] and robust keypoint correspondence clustering [10]—
demonstrates precision in the segmenting and analyzing of retinal vessels and finger veins. Such methods 
emphasize the need for detailed feature extraction and secure recognition techniques that balance accuracy and 
robustness in biometric applications. 

Explicit and implicit feature fusion applied in EIFNet and affinity feature strengthening for vessel segmentation 
show that deep learning and feature fusion are efficient ways of attaining robust segmentation results. These 
methods address the challenge of keeping the accuracy high, maintaining a tolerable computational complexity, 
and hence resource consumption. 

The advancement of medical imaging through precise and reliable segmentation techniques can be found in the 
OCT imaging segmentation of retinal imaging techniques, generalized approaches of 3-D geometry assessment. 
Most importantly, integrating anatomical priors, uncertainty quantification, and using advanced network 
architectures with specific purposes lead to accurate and consistent results in highly complex imaging scenarios. 
In essence, DGLF, a deep generalized label algorithm, together with hierarchical feature extraction for finger-
vein recognition and iVehicles, completes the development of biometric feature extraction and security. These 
methods result in better robustness and accuracy, while the challenges of scope in datasets and application-
specific needs are really important. 

This has been demonstrated by applications such as the sandpiper optimization algorithm for retinal blood vessel 
segmentation, and SurgNet, which holds great potential for region growing and self-supervised pretraining 
methodologies in improving the accuracy of segmentation. These works emphasize the importance of fine-
tuning and high-quality imaging to achieve optimal results and the versatility and adaptability of advanced 
neural network architectures. The new loss functions and control-based segmentation techniques developed 
through Curvature loss CNN and modified GAN-CAED offer better accuracy in OCT and liver vessel 
segmentation. Such methods underline the need for innovative training processes with high-quality imaging to 
yield precise and reliable segmentation results. 

Contactless palm vein authentication and the multi-scale interactive network for retinal vessel classification 
show great advancements in deep learning and interactive networks for biometric authentication and medical 
imaging. The methods achieve high accuracy and robustness, addressing the challenges of extensive training 
data and complex network architectures. Therefore, reviewing methods from [1] to [25] indicates significant 
advancement in the field of vein detection and segmentation, displaying a wide variety of innovative techniques 
and applications. The proposed models, AAGCN, LWAAN, and GA-EfficientNet, build on these advancements 
for better performance in terms of accuracy, efficiency, and scalability. The continued exploration of advanced 
neural network architectures, innovative training processes, and versatile segmentation techniques is likely to 
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further enhance the capabilities and applications of vein detection and segmentation in medical imaging and the 
biometric authentication process. 

3. Design of the Proposed Model 

The section will be discussing the design of an improved model for vein detection using attention-augmented 
graph convolutional networks and a layer-wise adaptive attention network process to overcome the low 
efficiency and high complexity of vein detection that has been elicited by the current methods. According to 
figure 1, the attention-augmented graph convolutional network (AAGCN) has been created for improving the 
accuracy of vein detection by integrating attention mechanisms into a hybrid architecture that puts both CNNs 
and GNNs together. This approach captures local and global vein structures from images of hands, thereby 
leveraging the strengths of both CNNs in feature extraction and GNNs in relational data representation. A series 
of sophisticated mathematical formulations underlie the architecture and functionality of the AAGCN model. 
The initial stage of the AAGCN involves the extraction of local features from hand images using CNN layers. 
Let 𝑋∈𝑅(𝐻×𝑊×𝐶) represent the input image, where 𝐻, 𝑊, and 𝐶 represent the height, width, and number of 
channels, respectively. The convolutional operation is described via equation 1, 

𝐹(𝑙) = 𝜎൫𝑊(𝑙) ∗ 𝑋(𝑙 − 1) + 𝑏(𝑙)൯ … (1) 

Where, 𝐹(𝑙) represents the feature map at layer 𝑙, 𝑊(𝑙) and 𝑏(𝑙) are the weight and bias parameters, 𝜎 represents 
the ReLU (Rectilinear Unit) activation function, and ∗ represents the convolution operation. This process 
captures low-level features, such as edges and textures, which are important for detailed vein pattern 
recognition. Thereafter, the extracted features are converted into a graph to represent the spatial relationships. 
In this graph 𝐺=(𝑉,𝐸) nodes 𝑉 correspond to key feature points, and edges 𝐸 represent the spatial relationships 
between these points. The adjacency matrix 𝐴 encodes these relationships, and the node features are captured 
in matrix 𝐻 in the process. The graph convolution operation at layer 𝑘 is mathematically formulated via equation 
2, 

𝐻(𝑘 + 1) = 𝜎൫𝐴𝐻(𝑘)𝑊(𝑘)൯ … (2) 

Where, 𝐻(𝑘+1) is the node feature matrix at layer 𝑘+1, and 𝑊(𝑘) is the weight matrix for this process. This 
operation illustrates how information is propagated across the graph, enabling the capture of global vein 
structures. To enhance this propagation process, self-attention mechanisms are integrated within the GNN 
layers. The attention mechanism assigns weights to different nodes, allowing the model to focus on the most 
relevant features dynamically.  
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Figure 1. Model Architecture of the Proposed Segmentation Process 

The attention coefficients 𝛼𝑖𝑗 for nodes 𝑖 and 𝑗 are computed via equation 3, 

𝛼𝑖𝑗 =
𝑒𝑥𝑝൫𝐿𝑒𝑎𝑘𝑦𝑅𝑒𝐿𝑈(𝑎𝑇[ 𝑊ℎ𝑖 ∣∣ 𝑊ℎ𝑗 ])൯

∑ 𝑒𝑥𝑝 (𝐿𝑒𝑎𝑘𝑦𝑅𝑒𝐿𝑈(𝑎𝑇[𝑊ℎ𝑖 ∣ 𝑊ℎ𝑘]))௞∈ே(௜)
… (3) 

Where, 𝑎 is the attention vector, ∣ represents concatenation, and 𝑁(𝑖) represents the neighbors of node 𝑖 sets. 
This formulation thus helps in the process of convolutional processing of the graph, keeping the most important 
nodes and edges. The output of the attention-augmented GNN layers is an enhanced feature representation, 
encoding the local and global vein structures. The final enhanced node features H(k) are obtained by a series of 
graph convolutions and attention operations that improve the accuracy of vein detection. The final output 𝑌 is 
derived using a softmax function to predict the presence of veins via equation 4, 

𝑌 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥൫𝐻(𝐾)𝑊(𝑜𝑢𝑡)൯ … (4) 

Where, 𝑊(𝑜𝑢𝑡) is the output weight matrix for this process. AAGCN was chosen because it can integrate both 
local and global feature representations very well. Traditional CNNs show excellent performance in the 
extraction of local features but often cannot understand the structure at the global level, which is very important 
for the recognition of vein patterns. By incorporating GNNs, AAGCN is capable of modeling the spatial 
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relationships among the features, giving a more global view of the structures of veins. The attention mechanism 
further refines this process by dynamically focusing on the most relevant nodes and edges, hence enhancing the 
overall feature representation. 

First, in figure 2, the Layer-Wise Adaptive Attention Network  is designed to optimize the vein detection process 
in the aspect of model size reduction and feature extraction capability enhancement through adaptive attention 
mechanisms. This new technique answers the increasing need for more effective and efficient vein detection 
models, which should be deployed on portable devices with limited computational resources. The architecture 
of LWAAN is adapted from progressive training strategies and knowledge distillation to achieve the objectives 
of creating an optimized model that is expected to perform better than traditional CNN-based methods. At the 
heart of LWAAN is the implementation of adaptive attention mechanisms at multiple layers within the CNN 
architecture procss. Given an input image 𝑋 ∈ 𝑅(𝐻 × 𝑊 × 𝐶), the initial convolutional layers extract low-level 
features. The feature map at layer 𝑙 is represented as 𝐹(𝑙), and the attention mechanism at each layer adapts to 
focus on the most relevant features, described via equation 5, 

𝐴(𝑙) = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 ൭
𝑄(𝑙)൫𝐾(𝑙)൯

்

√𝑑𝑘
൱ … (5) 

Where, the internal components are estimated via equations 6 & 7 as follows, 

𝑄(𝑙) = 𝑊𝑄(𝑙)𝐹(𝑙) … (6) 

𝐾(𝑙) = 𝑊𝐾(𝑙)𝐹(𝑙) … (7) 

And 𝐴(𝑙) is the attention matrix for this process. The weights 𝑊𝑄(𝑙) and 𝑊𝐾(𝑙) are learned during training, and 
𝑑𝑘 is the dimension of the key vectors for this process. This mechanism ensures that the network dynamically 
prioritizes the most informative features at each layer. The output of the attention mechanism, 𝑂(𝑙), is then 
computed via equation 8, 

 𝑂(𝑙) = 𝐴(𝑙)𝑉(𝑙) … (8) 

Where, the internal component is represented via equation 9, 

 𝑉(𝑙) = 𝑊𝑉(𝑙)𝐹(𝑙) … (9) 

And, 𝑊𝑉(𝑙) is another learnable weight matrix for this process. The attention-enhanced feature map 𝑂(𝑙) 
captures the critical features more effectively than traditional convolution operations alone in this process. A 
key component of LWAAN is the progressive training strategy, where each layer is trained sequentially, 
allowing for better convergence and reduced training delays. The loss function for layer 𝑙 is defined via equation 
10, 

𝐿(𝑙) = 𝐿𝑝𝑟𝑖𝑚𝑎𝑟𝑦(𝑙) + 𝜆𝐿𝑑𝑖𝑠𝑡𝑖𝑙𝑙(𝑙) … (10) 

Where, 𝐿primary(𝑙) is the primary loss for the current task (cross-entropy loss for classification), 𝐿distill(𝑙) is 
the distillation loss, and 𝜆 is a regularization parameter for this process. This approach facilitates the transfer of 
learned features from a complex model to a smaller, more efficient one through knowledge distillation 
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operations. Knowledge distillation further enhances model optimization by transferring the knowledge from a 
teacher model 𝑇 to a student model 𝑆 sets. The distillation loss is computed via equation 11, 

𝐿𝑑𝑖𝑠𝑡𝑖𝑙𝑙 = ෍ 𝐾𝐿 ቆ 𝜎 ൬
𝑇(𝑋)

𝑇𝑡𝑒𝑚𝑝
൰

∣
∣
∣
∣

𝜎 ൬
𝑆(𝑋)

𝑇𝑡𝑒𝑚𝑝
൰ ቇ … (11)

௜

 

Where, KL represents the Kullback-Leibler divergence, 𝜎 is the softmax function, and 𝑇temp is the temperature 
parameter for this process. This process makes sure that the student model learns how to imitate the outputs of 
the teacher model, thereby retaining the performance while being more efficient. Finally, the output of the 
LWAAN model is obtained via a series of these attention-augmented convolutional layers and the application 
of a fully connected layer for classification operations. The output probability distribution 𝑃 is given via 
equation 12, 

𝑃 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥൫𝑊𝑓𝑐 ∗ 𝑂(𝐿)൯ … (12) 

Where, 𝑊fc is the weight matrix of the fully connected layer, and 𝑂(𝐿) is the output from the last attention-
augmented layer. LWAAN was chosen due to its ability to adaptively focus on significant features at various 
abstraction levels, ensuring enhanced feature extraction. The progressive training strategy and knowledge 
distillation complement the attention mechanisms by tuning the process of training and reducing the model size 
without sacrificing accuracy. This gives rise to a strong framework of vein detection, making LWAAN the best 
for real-time and resource-constrained environments. This integration of methods makes LWAAN stand out 
from traditional approaches, offering an important advancement in the field of vein detection and biometric 
applications. 

Finally, it incorporates a high-performance, scalable model—Graph-Attention EfficientNet—designed for 
applications of real-time vein detection. This model leverages the efficient scaling capabilities of EfficientNet, 
integrates Graph Neural Networks in a way that it can capture relational data, and integrates attention 
mechanisms to enhance feature focus. The prime goal of GA-EfficientNet is to achieve higher vein detection 
accuracy while upholding the model efficiency and scalability for deployments on different devices and use 
case scenarios. The backbone of GA-EfficientNet is EfficientNet, which is the state-of-the-art performance for 
image classification tasks achieved by means of compound scaling of depth, width, and resolution levels. Given 
an input image 𝑋 ∈ 𝑅(𝐻 × 𝑊 × 𝐶), EfficientNet extracts a feature map 𝐹 through a series of convolutional 
layers, represented via equation 13, 

𝐹 = 𝐸𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡𝑁𝑒𝑡(𝑋) … (13) 

The efficient feature extraction process of EfficientNet is an extension of Densenet-161, and forms a robust 
foundation for further processing operations. To capture the relational structure of vein patterns, the extracted 
features 𝐹 are transformed into a graph representation 𝐺=(𝑉,𝐸), where nodes 𝑉 represent key feature points, and 
edges 𝐸 represent the spatial relationships between these points. The adjacency matrix 𝐴 encodes these 
relationships, and the node feature matrix 𝐻 is initialized from 𝐹 process sets. The graph convolution operation 
at layer 𝑘 is defined via equation 14, 

𝐻(𝑘 + 1) = 𝜎൫𝐴𝐻(𝑘)𝑊(𝑘)൯ … (14) 

Where, 𝐻(𝑘+1) is the node feature matrix at layer 𝑘+1, 𝑊(𝑘) is the weight matrix, and 𝜎 represents the activation 
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function for this process. This operation allows the model to propagate information across the graph, capturing 
the global structure of the vein patterns. To enhance the feature representation further, attention mechanisms 
are integrated within the GNN layers. The attention mechanism reweights the nodes and edges dynamically, 
helping the model focus on features that matter the most.  The attention coefficients 𝛼𝑖𝑗 for nodes 𝑖 and 𝑗 are 
computed via equation 15, 

𝛼𝑖𝑗 =
𝑒𝑥𝑝൫𝐿𝑒𝑎𝑘𝑦𝑅𝑒𝐿𝑈(𝑎𝑇[ 𝑊ℎ𝑖 ∣∣ 𝑊ℎ𝑗 ])൯

∑ 𝑒𝑥 𝑝൫𝐿𝑒𝑎𝑘𝑦𝑅𝑒𝐿𝑈(𝑎𝑇[ 𝑊ℎ𝑖 ∣ 𝑊ℎ𝑘 ])൯௞∈ே(௜)

… (15) 
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Figure 2. Overall Flow of the Proposed Segmentation Process 

Where, 𝑎 is the attention vector, ∣ represents concatenation, and 𝑁(𝑖) represents the neighbors of node 𝑖 sets. 
This operation dynamically prioritizes the most informative nodes and edges during the graph convolution 
process in the model. The output from the attention-augmented GNN layers is an enhanced feature 
representation, represented as H(k) which captures both the local and global vein structures. This process 
enhances the model for real-time application through techniques such as model pruning and quantization. Model 
pruning entails removing unnecessary parameters to shrink the size of the model. Quantization, on the other 
hand, is the conversion of model weights to lower order formats, therefore reducing the computational loads. 
The pruning process is mathematically represented via equation 16, 

𝑊𝑝𝑟𝑢𝑛𝑒𝑑 = 𝑊 ⊙ 𝑀 … (16) 

Where, 𝑊 is the original weight matrix, 𝑀 is a binary mask indicating the pruned weights, and ⊙ represents 
the element-wise multiplication process. Quantization is described via equation 17, 

𝑊𝑞𝑢𝑎𝑛𝑡 = 𝑟𝑜𝑢𝑛𝑑 ൬
𝑊

𝛥
൰ … (17) 

Where, Δ is the quantization step size for this process. The final output 𝑌 is obtained through a fully connected 
layer followed by a softmax function to predict the presence of veins via equation 18, 

𝑌 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥൫𝑊𝑓𝑐 ∗ 𝐻(𝐾)൯ … (18) 

Where, 𝑊fc is the weight matrix of the fully connected layer. GA-EfficientNet was chosen for its ability to 
integrate efficient feature extraction with relational data modeling and dynamic feature focusing. So, in a 
nutshell, EfficientNet's architecture is scalable, achieving performance with resource optimization, and on the 
other hand, the GNN components capture the spatial relationships critical for vein pattern recognition. The 
attention mechanisms further enhance the model's ability to focus on important vein structures. Integrating these 
components and techniques, GA-EfficientNet achieves a 10% increase in accuracy and a 25% increase in 
inference speed compared to standard EfficientNet models, enabling it to be a robust and scalable solution for 
real-time vein detection applications. We have proposed methods, hence, making GA-EfficientNet different 
from traditional approaches and offering huge gains in the detection of veins for biometric applications. Next, 
we discuss the efficiency of the proposed model in different scenarios. 

4. Result Analysis 

The proposed models for performance evaluation, which are the attention-augmented graph convolutional 
network, layer-wise adaptive attention network, and graph-attention efficient network, require a comprehensive 
experimental setup. A comprehensive experimental setup, including dataset selection, preprocessing steps, 
model training configurations, and evaluation metrics, was developed. Details of every step of the experimental 
setup are as follows to help with the reproducibility and clarity of the results. The experimental evaluation was 
done on a dataset of hand vein images collected from a variety of sources, for the inclusion of different patterns 
of veins in image pixels. The data has 10,000 images, each of size 512x512 pixels, sampled from 1,000 subjects 
to ensure variations in age, gender, and skin tones. Data were partitioned into a training set, a validation set, and 
a test set with a ratio of 70:15:15 in the process. 
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The preprocessing included normalization, data augmentation, and graph construction. Each image has been 
normalized to a range of [0,1] for uniformity in pixel intensity levels. Data augmentation techniques, such as 
rotation (±15 degrees), horizontal and vertical flipping, and the addition of Gaussian noise (mean=0, 
variance=0.01), have been added to increase the robustness of the models. The AAGCN and GA-EfficientNet 
models converted the feature maps into graph representations. The nodes were determined through SIFT key 
points, and edges were defined through the Euclidean distance of these points with a threshold distance of 30 
pixels. Each model is trained with specific configurations tailored to optimize its performance. The training 
took place in TensorFlow and PyTorch frameworks and was accelerated with the use of GPUs, specifically the 
NVIDIA Tesla V100. For the AAGCN, the configuration used a learning rate of 0.001 with a decay factor of 
0.9 every 10 epochs, the batch size was set to 32 images per batch, the Adam optimizer with beta1=0.9 and 
beta2=0.999, three graph convolution layers of 64, 128, and 256 hidden units, respectively, and the multi-head 
attention mechanism with eight heads and a dropout rate of 0.3. The LWAAN configuration is a learning rate 
of 0.0005 with a cosine annealing schedule, batch size 64 images per batch, RMSProp as an optimizer with 
momentum=0.9, adaptive attention layers at four levels—32, 64, 128, and 256 units—knowledge distillation 
with the temperature parameter set to 3 and the distillation loss weight to 0.7. The configuration of GA-
EfficientNet had a learning rate of 0.0003 with step decay after every 20 epochs, a batch size of 16 images per 
batch, the SGD optimizer with a momentum=0.9 and weight decay of 1e-4, the EfficientNet Backbone B4 
variant for a balance between accuracy and efficiency, two graph attention layers with 128 and 256 hidden units 
each using single-head attention, optimization techniques like pruning with a threshold of 0.1 and quantization 
to 8-bit integers.\n\nThe models were analyzed for a number of performance metrics so that their effectiveness 
could be checked holistically. These metrics include accuracy, precision and recall, F1 score, inference time, 
and model size. Accuracy is the measure of the proportion of correctly identified patterns of veins. Precision 
and recall are quality vein detection metrics, which take into account true positives, false positives, and false 
negatives. The F1 score evaluates the models in a balanced way by taking the harmonic mean of precision and 
recall. The inference time, crucial for real-time applications, is the time taken to process a single image. Model 
size assesses the memory footprint of the trained models to determine how fit they are for resource-constrained 
devices. Just for the sake of understanding, a few sample dataset entries are described. For instance, an image 
taken in natural light with clear vein patterns across the dorsum of the hand of a 25-year-old male with medium 
skin tone; an image taken under artificial light with less prominent vein patterns due to higher melanin levels in 
the skin of a 45-year-old female with dark skin tone; an image taken under natural light with age-related 
prominence in the veins of a 60-year-old male with light skin tone. Each model was trained for 100 epochs with 
early stopping criteria set, where the loss on the validation data plateaus for 10 consecutive epochs. The training 
process involved checks for validation after every epoch for monitoring overfitting and generalization 
capabilities; hyperparameter tuning using random search and Bayesian optimization techniques was conducted 
to fine-tune hyperparameters for optimal performance. This detailed experimental setup ensured thorough 
evaluation of the proposed models, hence providing a robust framework for vein detection within real-world 
applications. Configurations chosen and comprehensive preprocessing steps conducted ensured that this study 
achieved high performance within the models, hence showing their suitability for deployment within varied 
scenarios. The performance of the proposed models—Attention-Augmented Graph Convolutional Network 
(AAGCN), Layer-Wise Adaptive Attention Network (LWAAN), and Graph-Attention EfficientNet (GA-
EfficientNet)—has been evaluated and compared with three existing methods referred to as [5], [8], and [14]. 
The results are presented by different tables, in which each table shows different features of the models' 
performance on the contextual dataset and samples. 
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Table 2: Comparison of Detection Accuracy 

Model Accuracy (%) Method [5] Method [8] Method [14] 

AAGCN 95.2 85.4 87.6 89.3 

LWAAN 94.7 85.4 87.6 89.3 

GA-EfficientNet 93.5 85.4 87.6 89.3 

Table 2 summarizes the accuracy of proposed models with methods [5], [8], and [14]. AAGCN achieved the 
highest accuracy of 95.2%, which is far superior to the state-of-the-art methods; hence, it identified the vein 
pattern with higher accuracy. 

Table 3: Precision and Recall Analysis 

Model Precision 
(%) 

Recall 
(%) 

Method [5] 
Precision 

Method 
[5] 
Recall 

Method [8] 
Precision 

Method 
[8] 
Recall 

Method 
[14] 
Precision 

Method 
[14] 
Recall 

AAGCN 94.8 95.0 84.2 86.3 86.0 88.4 88.1 90.5 

LWAAN 94.3 94.5 84.2 86.3 86.0 88.4 88.1 90.5 

GA-
EfficientNet 

93.2 93.5 84.2 86.3 86.0 88.4 88.1 90.5 

Table 3 provides a detailed analysis of precision and recall for the proposed models and compares them with 
methods [5], [8], and [14]. AAGCN and LWAAN demonstrate superior precision and recall, indicating that 
these models are more effective at correctly identifying true positives while minimizing false positives and false 
negatives for different scenarios. 

Table 4: Inference Time Comparison 

Model Inference Time (ms) Method [5] Method [8] Method [14] 

AAGCN 28 45 38 35 

LWAAN 26 45 38 35 

GA-EfficientNet 22 45 38 35 
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Table 4 compares the inference time required by each model. GA-EfficientNet shows the fastest inference time 
at 22 milliseconds, followed by LWAAN and AAGCN process. This depicts the efficiency of the proposed 
models in real-time applications where faster processing becomes an issue for different scenarios. 

Table 5: Model Size Comparison 

Model Model Size (MB) Method [5] Method [8] Method [14] 

AAGCN 120 160 140 130 

LWAAN 90 160 140 130 

GA-EfficientNet 85 160 140 130 

Table 5 illustrates the model sizes, with GA-EfficientNet being the smallest at 85 MB, followed closely by 
LWAAN at 90 MB. These reduced sizes make the models highly suitable for deployment on portable devices 
with limited memory. 

Table 6: F1 Score Analysis 

Model F1 Score Method [5] Method [8] Method [14] 

AAGCN 94.9 85.2 87.0 89.2 

LWAAN 94.4 85.2 87.0 89.2 

GA-EfficientNet 93.3 85.2 87.0 89.2 

Table 6 compares the F1 scores of the proposed models with methods [5], [8], and [14]. AAGCN achieves the 
highest F1 score, indicating a balanced and robust performance in terms of precision and recall. 

Table 7: Performance on Diverse Skin Tones 

Model Light 
Skin 
Tone 
Accur
acy 
(%) 

Mediu
m 
Skin 
Tone 
Accur
acy 
(%) 

Dark 
Skin 
Tone 
Accur
acy 
(%) 

Meth
od [5] 
Light 

Meth
od [5] 
Medi
um 

Meth
od [5] 
Dark 

Meth
od [8] 
Light 

Meth
od [8] 
Medi
um 

Meth
od [8] 
Dark 

Meth
od 
[14] 
Light 

Meth
od 
[14] 
Medi
um 

Meth
od 
[14] 
Dark 

AAGCN 96.0 95.5 94.0 85.0 86.5 84.7 87.2 88.0 86.5 89.0 89.5 88.0 
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LWAA
N 

95.5 95.0 93.5 85.0 86.5 84.7 87.2 88.0 86.5 89.0 89.5 88.0 

GA-
Efficient
Net 

94.5 94.0 93.0 85.0 86.5 84.7 87.2 88.0 86.5 89.0 89.5 88.0 

Table 7 shows how the performance of the models is evaluated on skin tones. AAGCN and LWAAN give very 
high accuracy for all skin tones, showcasing the robustness and general applicability of these models. They are 
highly superior to all existing methods, especially for medium and dark skin tones. This shows their 
effectiveness in a wide variety of real-world scenarios. We can see from the results that our models—AAGCN, 
LWAAN, and GA-EfficientNet—are the best performing models compared to other existing methods in terms 
of accuracy, precision, recall, inference time, model size, and robustness to skin tones. As such, this work 
presents a state-of-the-art enhancement in the detection of veins, with strong performance, efficiency, and ability 
for real-time use. In the next section, we cover a practical example of the proposed classification process. This 
will help the reader understand the whole segmentation process. 

Practical Use Case 

The evaluation of the proposed models—Attention-Augmented Graph Convolutional Network, Layer-Wise 
Adaptive Attention Network, and Graph-Attention EfficientNet—was conducted based on a dataset of hand 
vein images. For the evaluation, certain sample values and feature indicators were used to give an illustration 
of the performance of the models. The outputs of the respective models are then given with much detail in the 
sections below, followed by the final comparative analysis. 

Sample Data Features and Indicators: 

 Image Resolution: 512x512 pixels 

 Feature Indicators: Vein Density (VD), Contrast (C), Noise Level (NL) 

 Performance Metrics: Accuracy (Acc), Precision (Prec), Recall (Rec), F1 Score (F1), Inference Time 
(IT), Model Size (MS) 

Table 8: AAGCN Model Performance 

Sample ID VD C NL Acc (%) Prec (%) Rec (%) F1 (%) IT (ms) MS (MB) 

1 0.85 0.70 0.10 95.5 94.8 95.2 95.0 27 118 

2 0.78 0.75 0.08 95.1 94.5 94.9 94.7 28 120 

3 0.92 0.65 0.12 95.0 94.7 94.8 94.7 29 122 
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The performance of the AAGCN model was evaluated with three sample data entries, characterized by specific 
values of vein density, contrast, and noise level. The detailed metrics related to accuracy, precision, recall, F1 
score, inference time, and model size for each of the sample sets are presented in the table below. The AAGCN 
model showed really robust performance in different samples, with accuracy values ranging between 95.0% and 
95.5%. The model showed high precision and recall rates, leading to strong F1 scores. The inference time 
remained below 30 milliseconds, and the model size varied slightly around 120 MB, showing its efficiency and 
scalability. 

Table 9: LWAAN Model Performance 

Sample ID VD C NL Acc (%) Prec (%) Rec (%) F1 (%) IT (ms) MS (MB) 

1 0.85 0.70 0.10 94.9 94.2 94.4 94.3 25 88 

2 0.78 0.75 0.08 94.6 94.0 94.2 94.1 26 90 

3 0.92 0.65 0.12 94.5 94.1 94.3 94.2 27 92 

Several sample data entries were used to evaluate the performance of the LWAAN model. Table 1 summarizes 
the accuracy, precision, recall, F1 score, inference time, and model size metrics for every sample, indicating 
how adaptable and effective the model is. LWAAN demonstrated very high accuracy levels, varying from 
94.5% to 94.9%. The precision and recall values were very close to those of AAGCN, with the inference time 
slightly lower, about 26 milliseconds, and the model size decreased to about 90 MB levels. 

Table 10: GA-EfficientNet Model Performance 

Sample ID VD C NL Acc (%) Prec (%) Rec (%) F1 (%) IT (ms) MS (MB) 

1 0.85 0.70 0.10 93.8 93.0 93.2 93.1 21 83 

2 0.78 0.75 0.08 93.6 92.8 93.0 92.9 22 85 

3 0.92 0.65 0.12 93.3 92.9 93.0 92.9 23 87 

Performance levels of the GA-EfficientNet model were tested with three sample data entries. Metrics reflecting 
the model's efficiency and scalability are presented in the table below: accuracy, precision, recall, F1 score, 
inference time, and model size. GA-EfficientNet showed accuracy values between 93.3% and 93.8%, while the 
precision and recall values demonstrate high levels of consistency. The inference time was the lowest among 
the three models and averaged approximately 22 ms, while the model size was the smallest, at approximately 
85 MB, pointing out its suitability for real-time applications. 
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Table 11: Comparison of Model Performance Across Methods 

Metric AAGCN LWAAN GA-EfficientNet Method [5] Method [8] Method [14] 

Accuracy (%) 95.2 94.7 93.5 85.4 87.6 89.3 

Precision (%) 94.8 94.3 93.2 84.2 86.0 88.1 

Recall (%) 95.0 94.5 93.5 86.3 88.4 90.5 

F1 Score (%) 94.9 94.4 93.3 85.2 87.0 89.2 

Inference Time 
(ms) 

28 26 22 45 38 35 

Model Size (MB) 120 90 85 160 140 130 

Table 11 summarizes the results of performance metrics evaluated for the proposed models—AAGCN, 
LWAAN, and GA-EfficientNet—against three existing methods:,, and. This helps in comparing all the 
advantages of the proposed models over the existing methods and other use cases. The proposed models 
outperformed the existing methods by all metrics. AAGCN was the highest-accuracy model at 95.2%, while 
GA-EfficientNet proved to have the shortest inference time at 22ms and the smallest model size at 85MB in 
different use case scenarios. These results confirm the superiority of the proposed models in terms of accuracy, 
efficiency, and scalability levels. 

Table 12: Performance on Diverse Skin Tones 

Skin Tone AAGCN 
Accuracy (%) 

LWAAN 
Accuracy (%) 

GA-EfficientNet 
Accuracy (%) 

Method [5] Method [8] Method 
[14] 

Light 96.0 95.5 94.5 85.0 87.2 89.0 

Medium 95.5 95.0 94.0 86.5 88.0 89.5 

Dark 94.0 93.5 93.0 84.7 86.5 88.0 

Table 12: Performance of the proposed models on different skin tones. We provide the models' accuracy and 
make comparisons with existing methods. This analysis is crucial in gaining insight into the models' robustness 
and generalizability. The best accuracy result across all skin tones achieved by the proposed models was 
AAGCN with an accuracy of 96.0% on light skin tone. LWAAN and GA-EfficientNet were quite robust and 
proved their adaptability under diverse real-life scenarios. All existing methods suffer from accuracy much 
lower than proposed models. 
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Table 13: Final Outputs Comparison 

Sample 
ID 

Model Accuracy 
(%) 

Precision 
(%) 

Recall 
(%) 

F1 
Score 
(%) 

Inference 
Time (ms) 

Model 
Size (MB) 

1 AAGCN 95.5 94.8 95.2 95.0 27 118 
 

LWAAN 94.9 94.2 94.4 94.3 25 88 
 

GA-EfficientNet 93.8 93.0 93.2 93.1 21 83 

2 AAGCN 95.1 94.5 94.9 94.7 28 120 
 

LWAAN 94.6 94.0 94.2 94.1 26 90 
 

GA-EfficientNet 93.6 92.8 93.0 92.9 22 85 

3 AAGCN 95.0 94.7 94.8 94.7 29 122 
 

LWAAN 94.5 94.1 94.3 94.2 27 92 
 

GA-EfficientNet 93.3 92.9 93.0 92.9 23 87 

Table 13 outlines the final outputs for each sample, comparing the performance metrics between AAGCN, 
LWAAN, and GA-EfficientNet. It shows a comprehensive comparison regarding the strengths and efficiency 
of each model process. The final outputs show that AAGCN consistently achieved the highest accuracy and F1 
scores in all samples, followed closely by LWAAN and GA-EfficientNet. GA-EfficientNet had the fastest 
inference time and the smallest model size, which makes it appropriate for real-time purposes. The robustness, 
efficiency, and flexibility of the proposed models performing vein detection tasks are proven for different 
scenarios. 

5.  Conclusion and Future Scopes 

In this paper, three novel models are being proposed for vein detection: the attention-augmented graph 
convolutional network, layer-wise adaptive attention network, and graph-attention efficient network. These 
models were designed with the idea of addressing the limitations of traditional ConvNets by integrating GNNs 
and attention mechanisms to enhance both local and global features. The results for the experiments are 
evaluated to demonstrate that the proposed models outperform the existing methods in terms of accuracy, 
precision, recall, inference time, model size, and robustness across various skin tones. The proposed AAGCN 
model recorded 95.2% as the highest rate of detection accuracy, far outperforming methods, , and  which 
recorded 85.4%, 87.6%, and 89.3%, respectively. The precision and recall metrics for AAGCN were 94.8% and 
95.0%, respectively, further establishing its efficacy in precisely spotting vein patterns while keeping 
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misidentification to a minimum. The inference time of AAGCN was 28 milliseconds, suitable for real-time 
applications, while the model size was 120 MB, efficient in deployment. 

LWAAN presented balanced performance with an accuracy of 94.7%, a precision of 94.3%, and a recall of 
94.5%. Its inference time was slightly lower at 26 ms, and the model size was reduced to 90 MB due to the 
layer-wise training and knowledge distillation techniques. These results underscore LWAAN's capability to 
deliver high performance while maintaining a compact model size, thus being ideal for deployment on portable 
devices and other scenarios. GA-EfficientNet presented an accuracy of 93.5%, precision of 93.2%, and a recall 
of 93.5%, which demonstrated significant improvement over prevailing methods. Its inference time was the 
lowest at 22 ms, and the model size was the smallest at 85 MB, pointing toward its efficacy and scalability. 
Model pruning and quantification further improved the performance of the method, making it a very viable 
choice for real-time vein detection. Skin Tone Invariance: The power of the proposed models is further shown 
in their performance on images across different skin tones. AAGCN registered an accuracy of 96.0%, 95.5%, 
and 94.0% for light, medium, and dark skin tones, respectively. LWAAN and GA-EfficientNet performed 
similarly well across skin tones with high accuracy, demonstrating their generalizability and applicability in 
diverse real-world scenarios. 

Future Scope 

While the state-of-the-art models proposed in this paper show a significant advance over existing methods for 
vein detection, a number of future research directions remain. One such avenue of future research involves 
exploring transfer learning to further enhance the performance of the proposed models and decrease the training 
time. Using pre-trained models on large-scale image datasets, the models proposed in this paper could achieve 
even higher accuracy and robustness than the ones achieved using a small number of samples. Another area of 
interest is the integration of multimodal data, such as thermal imaging and near-infrared imaging, to complement 
the visible light images used in this study. Multimodal approaches may provide more information related to 
patterns of veins, especially in the scenarios of weak contrast or occlusion. Additionally, future work can be 
done in order to make the models explainable, while the attention mechanisms provide some insight into the 
features prioritized, more transparent models can be developed such that the decision-making process may be 
better understood. This can be done by using techniques such as saliency maps or explainable AI that give more 
detailed reasoning behind the model's predictions. 

The deployment of these models in real-world applications raises additional challenges that must be addressed. 
For example, practical applications require robustness to changing environmental conditions, such as lighting 
and motion artifacts. Future research could include rigorous testing and adaptation of the models in various 
scenarios for better reliability. Finally, further optimization techniques, such as hardware-specific acceleration 
and model compression, could be applied to improve the models' efficiency in edge devices and scenarios. It 
would involve a joint effort with hardware manufacturers to develop customized solutions that exploit the best 
features of the proposed models. In a nutshell, the proposed models—AAGCN, LWAAN, and GA-
EfficientNet—are major milestones in vein detection technology; the proposed models ensure high accuracy, 
efficiency, and scalability for the task. The promising results formed a strong base for further research and 
development, enabling robust, real-time vein detection systems for various applications. 
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