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ABSTRACT 

The advancement of deep learning in biometric systems, in which face and hand modalities have been widely 

implemented, leads to significant improvements in terms of speed performance and data confidentiality. 

Palmprint recognition is the main focus of the proposed approach, which deals with databases that are relatively 

smaller than other biometric datasets. A large and complex deep-learning model may overfit and lose its ability 

to generalize when applied to such data. This study addresses this challenge by implementing a deep learning 

model suitable for palmprints, which are characterized by diversity and limited data. Initially, the appropriate 

Region of Interest (ROI) is extracted using active segmentation, which is fitting for dealing with the difficulty of 

obtaining palmprints from hand images with closely spaced or connected fingers. In the second stage, a novel 

customized LOOCV Leave-One-Out Cross Validation (A Modified-LOOCV) technique is integrated with a 

Siamese deep-learning network for palmprint verification. Unlike conventional LOOCV, our modified scheme 

optimizes the computational cost while achieving a balanced evaluation on three different datasets. The 

proposed framework rivals the effectiveness of the advanced palmprint-recognition systems with a high 

recognition accuracy of 99.75%, improved equal error rate (EER), reduced to 0.002, and faster matching time, 

making it highly suitable for field application. 
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1. INTRODUCTION 

The technology advancements led to identity verification being an absolute necessity and a crucial 

requirement for user authentication in private and public organizations with rising safety issues and the 

overlapping user information in order to preserve data and guarantee information security. In the vast 

majority of identity applications, biometrics, including signatures, fingerprints, iris patterns, faces, and 

palmprints, currently replaces traditional technologies [1]. In these, palmprint modality advanced to be 

widely implemented due to its significant individual variation, ease of use even with low-resolution 

hand images, and high recognition accuracy [2]. Traditional biometric recognition systems relied 

heavily on unique features created specifically for a given kind of data. A lot of these features rely on 

transforms like Gabor, Fourier, and wavelet [3], or on edge distribution as Histogram of Oriented 

Gradients (HOG), Scale-Invariant Feature Transform (SIFT) descriptors, and principal-component 

analysis (PCA) to minimize the number of feature dimensions [4][5]. These conventional approaches 

have a number of challenges, such as their inability to handle huge and diverse datasets and their 

dependence on field knowledge for feature extraction. Deep-learning algorithms have evolved as a 

solution to these issues, including automatic feature extraction and the capacity to generate 

hierarchical representations from unprocessed data [6]. 

For biometrics, deep learning enhances the performance of all recognition systems, increasing their 

efficiency and the ability to adapt to a wide range of identification challenges [7][8]. These 

advancements have considerably contributed to palmprint recognition. Compared to fingerprints, 

palmprints have more creases and have the potential to be used for a more precise representation of 

identity [9]. Deep learning-based palmprint recognition has been widely investigated; much work on 

the potential of convolutional neural network (CNN)-based pattern and palmprint recognition has been 
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carried out; however, some crucial issues with overfitting and class imbalance still exist [10]. 

Similarly, a large database with an important number of images is necessary for CNN and additional 

deep-learning algorithms. In particular scenarios, like palmprint or fingerprint identification, having a 

limited number of samples requires protocols to address this insufficient data, including data 

augmentation, which brings challenges related to modification of the appropriate learning position. As 

a result, systems that use these processes typically fail to produce accurate results. To deal with these 

limitations, deep Siamese networks have been proposed to enhance feature extraction and matching 

processes [11], thus resolving the challenges of standard CNNs for palmprint recognition. Siamese 

neural networks, contrasted with the CNN algorithms, are built on a Siamese framework that consists 

of two identical CNNs. The capacity to perform tasks, such as few-shot learning, or learning without 

new data, is improved by this architecture, which helps learn a distance function that converts the 

input data into a feature space [12]. The implementation of contrastive loss functions and knowledge 

transfer learning leads to this increased efficiency and enhances overall system performance. Even 

with a small number of labeled samples, Siamese networks perform well. This ability is critical in 

situations when it is challenging to gather large datasets of labeled images using similarity metric 

learning. Siamese networks may effectively generalize to new classes with a small number of labeled 

examples or even just one [13]. Through the sharing of weights within sibling networks, Siamese 

networks perform better than traditional CNNs in terms of resistance to overfitting. This sharing of 

weights reduces overfitting concerns by improving the model’s ability to generalize to new samples. 

The potential of Siamese deep networks has been demonstrated in a wide range of applications, 

including audio classification, time-series analysis, face and palmprint recognition [14][15][16]. It has 

the ability to avoid overfitting, learn from sparsely labeled data, and improve overall model 

performance with its reliance on pairwise network learning. However, they have certain limitations 

due to their requirement for additional computational resources and a longer training time than 

traditional convolutional neural networks. This study aims to address these limitations by applying a 

Siamese deep-learning network combined with a Modified Leave-One-Out Cross-Validation 

(LOOCV) for palmprint recognition. The goal is to overcome challenges related to long training time, 

hardware requirements, and weak generalization, while enabling rapid and reliable predictions for 

real-world use. Our model is designed to learn effectively from small-scale palmprint datasets, without 

relying on extensive data augmentation, which is often necessary in conventional deep-learning 

methods. To reduce the bias introduced by random data splitting and to shorten execution time, we 

propose a Modified LOOCV technique that better utilizes the available samples. The approach is 

validated on four public palmprint databases of varying quality and class sizes. 

The key contributions of this work are summarized as follows: 

 Application of a small Siamese deep-learning network specifically designed for the nature of 

palmprint images, which are highly similar in structure. The model effectively supports few-shot 

learning, making it suitable for datasets with limited samples. It reduces computational 

complexity, avoids overfitting on small datasets, enables efficient training with limited resources, 

and is easy to apply in real-world scenarios without requiring data augmentation or similar 

techniques. 

 Implementation of a novel Modified Leave-One-Out Cross-Validation (LOOCV) technique, which 

ensures efficient use of all available samples, reduces bias from random splits, and accelerates 

training while preserving strong generalization. 

 Combination of the Siamese architecture with the Modified LOOCV, providing both high 

recognition accuracy and practical deployment feasibility by lowering training time and hardware 

requirements. 

 Comprehensive evaluation on four public contactless palmprint databases of varying sizes and 

conditions, demonstrating the robustness, reliability, and generalization ability of the proposed 

approach compared with state-of-the-art methods. 

The remaining content of the paper is organized as follows: Section 2 gives a brief overview of 

palmprint-recognition systems based on CNN and Siamese networks. The experimental procedures 

and methodology of our study are described further in the third section. The databases used and the 

experiment results are shown and discusesed in Section 4. Section 5 presents the final conclusion. 
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2. RELATED WORKS 

A variety of deep-learning networks have been used in research papers that offer palmprint-based 

identification systems. This section aims to review recent advances in deep learning for palmprint 

recognition, CNN and Siamese networks, taking advantages of their enhanced feature-extraction 

expertise to outperform classic methods. Table 1 summarizes the most important networks applied. 

A recent study [17] applied various CNN architectures to the Birjand University Mobile Palmprint 

Database (BMPD) offered by Kaggle, which consists of images taken over two different sessions with 

different rotations. MobileNet outperformed Xception at 88.3% and VGG16 at 70.8% accuracies, with 

a score of 96.6%. These outcomes demonstrate the superior efficacy of MobileNet in palmprint 

recognition when evaluated compared to different alternatives. Considering these results, it can be 

argued that CNNs have achieved very positive results in most plamprint-recognition systems. Recent 

research has examined palmprint-recognition systems’ reliability and security. Multi-Order Extension 

Codes (MOECs), which combine first-order (1TFs) and second-order (2TFs) texture features, were 

initially presented by  Liao  et al. [18] in order to capture additional discriminative information. By 

combining these characteristics, their approach outperformed conventional texture-coding methods 

and consistently improved recognition accuracy across Contact-based, contactless, and multi-spectral 

palmprint databases, including PolyU and IITD, offering an important conventional reference against 

which recent CNN-based techniques can be compared. Yan et al. [19], on the other hand, proposed a 

Generative Adversarial Network GAN-based palmprint reconstruction attack applying a modified 

Progressive GAN (ProGAN) in order to concentrate on the security aspect. They developed a Scale-

Adaptive Multi-Texture Complementarity (SAMTC) loss to improve the realism of reconstructed 

images and a Double Reuse Training Strategy (DRTS) to maximize learning from sparse data. Their 

research revealed that existing palmprint systems are susceptible to template reconstruction, posing 

significant privacy and security issues. Recent work has improved palmprint recognition by addressing 

concerns with privacy, robustness, and generalization. To solve the problem of mislabeled training 

data, Shao et al. [20] developed a Multi-Stage Noisy Label Selection and Correction (MNLSC) 

framework. Their method may increase accuracy by more than 30% under high noise rates. A 

Federated Metric Learning (FedML) technique was concurrently proposed by Shao et al. [21], which 

allowed multiple users to train together without disclosing private information. This improved 

recognition accuracy across 18 datasets while preserving confidentiality. In addition, another research 

[22] focused on generalizing across datasets, creating techniques including transfer learning and 

adversarial learning that address domain gaps and improve performance on unknown datasets. These 

contributions demonstrate the trend toward improving palmprint recognition’s accuracy while also 

making it more resilient to noise, cross-domain adaptable, and privacy-preserving. 

Zhang et al. [23] provided an integrated CNN-Transformer Global-Local Gating and Adaptive fusion 

Network (GLGAnet) palmprint-recognition system that combines the Transformer’s global modeling 

with the CNN’s local feature extraction. The framework takes advantage of an adaptive feature fusion 

module and a gating mechanism, with 98.5% and 99.5% recognition accuracy on the Tongji and Hong 

Kong Polytechnic University datasets, respectively. To increase the effectiveness of CNN while 

avoiding some of its drawbacks, specifically when handling small datasets and differentiating between 

really similar classes, numerous current studies recommend implementing the Siamese networks, 

which advance in image recognition [24], address the drawbacks of conventional techniques by 

achieving higher accuracy along with processing efficiency. Marattukalam et al. [25] Introduced a 

Siamese neural-network design for N-shot palm-vein identification. This architecture was created to 

address a typical biometric recognition problem. Impressive performance metrics were attained by the 

network when tested on the HK PolyU multi-spectral palm-vein database: 91.5% F1-score, and 90.5% 

accuracy. Despite the small amount of data, these results demonstrate the architecture’s efficacy and 

potential for practical biometric applications. A relevant approach by Gurunathan et al. [26] presented 

a palm-vein biometric system using a Siamese network processing distinctive vein patterns for 

authentication. Compared to conventional biometrics, this approach has benefits including increased 

accuracy and resistance to spoofing. It is also computationally efficient for mobile use and adaptive to 

evolving vein patterns over time. 

Zhong et al. [27] proposed a palmprint-recognition technique that extracts convolutional features from 

palmprint images using a Siamese network with two parameter-sharing VGG-16 networks; the 

network compares these features to evaluate similarity and recognition accuracy. The approach 
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showed robustness with an Equal Error Rate (EER) of 4.559% on the XJTU dataset, while it achieved 

an EER of 0.2819% on the PolyU dataset. These outcomes demonstrate the method’s efficacy and 

versatility across various datasets. In light of these findings, two subsequent studies [28][29] have 

suggested a Meta-Siamese Network-based palmprint recognition. The initial experiment [28] 

presented a Meta-Siamese network that uses episodic training to improve feature integration and 

similarity metrics, building upon the Siamese network architecture. Using deep hashing networks, this 

model was expanded to zero-shot recognition tasks and showed competitive performance on eight 

different datasets. In the second experiment [29], a new Meta-Siamese Network (MSN) intended for 

small-sample palmprint identification was shown. Applying a flexible architecture and two distance-

based loss functions to improve optimization, this method used episodic training. The MSN model 

demonstrated significant improvements over baseline approaches in both confined and unconstrained 

benchmark palmprint databases. Furthermore, a recent study [16] implemented the Siamese network 

for palmprint identification that uses two CNNs to extract and compare palmprint features using 

shared weights. A loss of variance function is used to assess the extracted features and determine 

whether or not the images are of the same person. The approach demonstrated its efficacy with a 0.044 

equal error rate and 95.6% recognition accuracy. 

Table 1. A summary of significant previous work based- CNN for palmprints. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

In support of the most important results based on Siamese and CNN networks, our study relies on the 

Siamese network by integrating a Modified LOOCV for enhancing its findings. In light of these 

advantages, the proposed approach remains excellent for field implementation, where it provides 

excellent recognition results, faster speed and less memory usage, which improves palmprint-

recognition systems. 

3. METHODOLOGY 

The proposal focuses on the enhancement of a palmprint-recognition system, consisting of two main 

stages: pre-processing and palmprint recognition using the Siamese network based on the Modified-

LOOCV technique. 

Ref/Model Year Method Datasets Accuracy 

[30] Siamese-Hashing 

Network 

(2019) SHN. A non-pooling Siamese-Hashing 
Network structure. 

PolyU Multi-

spectral palm-print 

dataset 

97.98% 

[31] InceptionResNet-v2 (2022) InceptionResnet-v2 pre-trained deep-

neural networks (DNNs), with 

Rectified Linear Unit (ReLU), dropout, 

and fully connectedWith Soft max. 

PolyU palm-print 

database 

99.21% 

[32] LeNet-5 (2022) LeNet-5 Convolutional Neural Network Tongji Contactless 

Palm-print Dataset 

97% 

[16] Siamese Network (2023) Siamese Network with a loss of variance 

function for similarity prediction. 

CASIA, THU- 

PALMLAB 

95.6% 

(EER: 0.044) 

[33] Pretrained VGG16 

within Siamese Frame- 

work 

(2023) Siamese network with VGG-16. 

Palmprint feature extraction is used to 

determine palmprints’ similarity. 

CASIA dataset 91.8% (left 

hand), 91.7% 

(right hand) 

[23] Gating mechanism 

and adaptive feature 

fusion 

(2023) Integration of CNN and Transformer-

GLGAnet for palmprint recognition. 

Tongji U dataset, 

Hong Kong 

Polytechnic dataset 

98.5%, 

99.5% 

[17] CNNs (2024) Convolutional Neural Network models 

with the Xception, VGG16, ResNet50, 

MobileNet, and EfficientNetB0 

architectures. 

BMPD dataset 96.6% 

[34] Fusion Mechanism (2024) Fusion Mechanism with Multi-direction 

Gabor Filter for prediction 

optimization. 

CASIA palm-print 

database 

99.41% 
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3.1 Pre-processing 

In this stage, the Region of Interest (ROI) is extracted, based on active contour segmentation. Our goal 

is to implement a snake-based model for the segmentation of hand images, with the intention of 

creating a model that is robust and capable of identifying the hand valley points and correctly 

extracting the region of interest, thereby addressing the limitations of the traditional methods, which 

have produced erroneous findings when extracting ROIs from hand images with two conjoined 

fingers. 

The active contour model, often referred to as snakes, has its roots in elastic models but is primarily 

credited to the pioneering work of the Kass team [35]. These models derive their name from their 

capacity to deform themselves into snake-like shapes Figure 1. 

Figure 1. Closed snake active contour model. 

Figure 2 demonstrates how the active contour method is applied. The contours are highlighted in red. 

In our proposed methodology, active contour is employed with the specific goal of precisely 

delineating the areas between the hand and fingers, particularly in scenarios where the fingers appear 

to be stuck together or tangled. The method of active contour [32] is based on an initial contour and 

then concentrates on the contour line that needs to be produced by means of the impact of internal and 

external energy on a closed snake model. Figure 2a displays the initial contour obtained through 

Otsu’s method. However, this method is not effective for determining edges in small areas (closed 

fingers). 

Subsequently, in Figure 2b the active contour model applies the initial contours obtained as the 

starting point for active-contour application, successfully extracting contours in limited areas (closed 

fingers). This process enables the accurate extraction of the Region of Interest (ROI), which defines 

the core contribution of our suggested pre-processing procedure. 

(a) Initial contour based on the threshold method.   (b) Final contour based on active-contour segmentation.

Figure 2. Principles of active-contour application. 

 ROI Extraction

In the process of Region of Interest (ROI) extraction, several main tasks are involved. Initially, 

the input color image is converted into grayscale, the background is removed, and the hand 

contour is extracted using active segmentation. As shown in Figure 3, the hand edge is first 

extracted (b) and combined with the segmentation mask to preserve structural details (c). 

Morphological operations are then applied to progressively remove noise and refine the contour 

(d–e). Since hand images often contain light reflections, these are explicitly detected (f) and 

integrated into the mask to improve boundary accuracy. The final output (g) provides a clean 
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hand contour. This sequential refinement ensures robustness by addressing noise and reflections, 

resulting in a reliable region of interest extraction for the next step. 

Figure 4 demonstrates the enhanced performance of the active contour over traditional threshold 

segmentation, on two original hand images. Due to the limits of the middle and ring fingers 

(closed fingers), Otsu thresholding, and Kirsch edge detector segmentation in (b) it was unable 

to identify the entire contour and valley points. Instead, as (c) shows, the active contour model is 

effective at locating the complete contour (active contour) from the initial contour, especially in 

the narrow areas between the fingers (closed fingers), which makes it easier to identify and 

extract the valley points as well as the Region of Interest (ROI) for the next phase. The Valley 

Points Extraction involves identifying four points corresponding to finger intersections by 

analyzing local minima through the contour employing a combination of methodologies detailed 

in [36][37], which provides a comprehensive overview of the process. Finally, ROI Computation 

computes the ROI based on extracted valley points. Section 4.2 illustrates the details of the final 

ROI extraction result. 

Figure 3. Active-contour hand segmentation: (a) Original image, (b) Edge image to add, (c) Initial 

contour from Otsu with edge fusion, (d) Edge image to remove (closed ), (e) Edge image removed 

(opened), (f) Reflections to add, and (g) Final active-contour segmentation. 

Figure 4. Active-contour application for hand images: (a) Two original images displaying fingers 

linked together; (b) Threshold segmentation; (c) Active contour-based segmentation. 

3.2 Palmprint Recognition: The Modified LOOCV-based Siamese Network 

The Leave-One-Out Cross Validation (LOOCV) technique is used to evaluate multiple machine and 

deep learning-based models. It consists of training the model several times (iterations), by leaving out 

one image from the entire database, and using the rest of the images for the training phase. This 

process is repeated depending on the total number of images in the database. The results of all 

iterations are averaged to get a final model performance. Figure 5 provides the standard LOOCV 

process, where for each itteration, one sample is left out for testing while the remainder is used for 
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training. Compared to k-fold, repeated k-fold cross validation, or simple random split algorithms, 

Leave-One-Out Cross Validation (LOOCV) has several advantages. It generates an estimate of the 

generalization error that is nearly unbiased, making it a more accurate test than traditional splitting 

techniques. Experimental comparisons [38] have also demonstrated that, through appropriate 

parameter tuning, LOOCV can provide higher sensitivity and more balanced accuracy in certain 

classifiers, including Random Forest and Bagging. 

Figure 5. Standard LOOCV (leave-one-out cross validation). 

In palmprint recognition, where images show high similarity and datasets are generally smaller, 

LOOCV provides obvious benefits. Testing each sample reduces the possibility of inaccurate results 

from random splits and guarantees thorough and objective evaluation. However, due to the high 

computational demand of LOOCV, we propose a Modified LOOCV to avoid the computational 

expenses associated with standard LOOCV. Instead of excluding one image from the entire dataset in 

each iteration, we exclude two images from each class for testing while using the remaining ones for 

training, as shown in Figure 6. This method involves  training the model,  as in LOOCV, but then 

taking the result from the first iteration due to   its consistently outstanding performance. Table 2 

outlines the distinctions between Standard and Modified LOOCV. 

Table 2. Comparison of traditional LOOCV and modified LOOCV. 

Aspect Traditional LOOCV Modified LOOCV 
In each 

iteration 

Leaves one image out from each class of 

the entire dataset. 

Leaves two images from each class of the entire 

dataset. 

Performance-

assessment 

Requires completion of all iterations to fully 

assess model performance. 

Allows rapid evaluation from the first iteration. 

Deployment-

efficiency 

Prolongs model deployment due to iterative 
training and evaluation. 

Demonstrates practical performance for real-world 

applications-evaluation from the first iteration. 

For instance, in a dataset with 600 classes and 10 images per class, leaving out 2 images per class for 

testing in the first iteration allows for a thorough evaluation: 1200 images in testing (20% of the 

dataset) and 4800 in training (80%).  

Unlike random selection methods, as the train-test-split validation, the Modified LOOCV ensures that 

all classes are represented in the testing data, enhancing evaluation reliability. Moreover, it yields 

comparable accuracy to standard LOOCV, but with reduced computational complexity, optimizing 

efficiency without compromising performance assessment. The Modified LOOCV is integrated into 

the training process of the Siamese network, as illustrated in Figure 6. 

Before initiating the LOOCV loop, the main database is divided into several classes, each representing 

a person with a unique label and containing ten image samples. This ensures that at least two samples 

per class are available for testing, maintaining class balance across iterations. 

The Siamese network is then trained using the Modified Leave-One-Out Cross Validation strategy. In 

this setup, two identical sub-networks process paired inputs to assess their similarity. The architecture 

of the Siamese model, illustrated in Figure 7, consists of twin branches that share the same weights, 

allowing both inputs to be transformed through identical feature-extraction operations. This shared-

weight mechanism ensures consistent feature representation and enhances the model’s ability to 

distinguish between genuine and impostor pairs. 
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Figure 6. Modified LOOCV workflow. 

Figure 7. Siamese-network architecture. 

The Siamese-network architecture includes two main components: 

1) Principal Network: This component processes input palmprint images and extracts

discriminative features through convolutional and fully connected layers. The detailed 

configuration is presented in Table 3. The first convolutional layer (Conv1) employs a large 

kernel of 10×10 with 64 filters and a stride of 1 to capture global edges and texture patterns, 

minimizing the need for deeper networks. The second convolutional layer (Conv2) applies a 

smaller 7×7 kernel to refine local structures. Each convolutional block is followed by a max 

pooling layer that reduces spatial dimensions and strengthens invariance. The fully connected 

layer (4096 neurons) transforms the extracted maps into compact embeddings suitable for 

comparison. This architecture effectively prevents overfitting on small palmprint datasets while 

maintaining low computational cost, making it highly suitable for real-time biometric 

applications. 

2) Similarity Metric: After feature extraction, the similarity between embeddings is computed

using a metric defined in Equation 1. The resulting values are passed through a sigmoid 

activation function (Equation 2), producing probabilities that express the degree of similarity 

between pairs of samples. Higher probabilities indicate greater similarity, while lower ones 

indicate dissimilarity. 

Similarity Scores = σ(output)         (1) 
where: 

Similarity Scores: Output probabilities representing the similarity between input pairs. 
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σ(x): Sigmoid function is defined as: 

𝜎(𝑥) =
1

1+𝑒−𝑥           (2) 

Table 3. Siamese-network parameters. 

Layer Feature Map Size Kernel Size Stride 

Input image 1 150x150 - - 

CONV1 64 141x141 10x10 1 

Max Pool 64 70x70 2x2 2 

CONV2 128 64x64 7x7 1 

Max Pool 128 32x32 2x2 2 

FC1 4096 1x1 - - 

Output 1 1x1 - - 

Outputs: The feature similarity scores generated by the Siamese network. 

To optimize the model, the Binary Cross-Entropy (BCE) loss function is used, as shown in Equation 3. 

This function efficiently drives the network to produce closer embeddings for similar pairs and distant 

ones for dissimilar pairs, thus improving discriminative capability. 

𝐿 = [𝑦. log(𝑝) + (1 − 𝑦). log (1 − 𝑝)]        (3) 

Here, L represents the computed loss for each pair, y is the ground-truth label (1 for similar, 0 for 

dissimilar), and p denotes the predicted probability of similarity. During training, the network 

minimizes this loss through gradient-based optimization to generate robust and discriminative feature 

embeddings. 

For each Modified-LOOCV iteration, independent datasets are formed for training and testing, 

ensuring that all classes contribute representative samples. The Siamese network is initialized with its 

optimizer and trained for several epochs using the BCE loss. After training, performance is evaluated 

based on accuracy and Equal Error Rate (EER). Additionally, loss, accuracy, and ROC curves are 

plotted to visualize the trade-off between true and false positive rates at different thresholds. 

The proposed Siamese network integrated with the Modified LOOCV and optimized via Binary Cross- 

entropy loss provides an effective framework for palmprint recognition. It offers precise similarity 

measurement between paired samples while maintaining high efficiency and strong generalization 

across datasets. 

4. RESULTS AND DISCUSSION

4.1 Datasets and Experimental Environment 

To demonstrate our segmentation method and evaluate the recognition accuracy of the proposed 

method, we considered the four contactless databases, three were employed for model training, and the 

fourth was kept unseen during training to serve as an independent dataset for prediction and 

evaluation. Some typical samples from the employed palmprint databases are illustrated in Figure 8. 

The Tongji Contactless Palmprint Database, developed at Tongji University in China with a dedicated 

acquisition device, includes images from 600 subjects captured over two sessions [39][40]. The IIT 

Delhi Touchless Palmprint Database (V1.0) IITD [41][42], contained color images with various 

artifacts and illumination changes. The GPDS150 Palmprint Database, created in Spain, provides 

palmprint images from 150 individuals, adding further variability in acquisition settings and subject 

diversity [43]. the PolyU DB (Version 2.0) [44]includes 1140 right-hand (2D and 3D) images taken of 

114 individuals. To enable for evaluation under different position settings, each participant presented 

five contactless hand poses in various orientations. The most important characteristics of these 

databases are summarized in Table 4. 

The proposed ROI extraction process is demonstrated in MATLAB R2018a, and the palmprint-

recognition model is trained in Python within an Anaconda environment on Ubuntu. The experiment 

includes an Intel Core i9-9820X (LGA-2066), 64 GB DDR4 RAM (4×16 GB Ballistix Sport LT, 2400 

MHz) and Nvidia RTX 2080 Ti GAMING OC 11 GB GPUs (TU102, Rev. A). 
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(a) Tongji Dataset (b) IIT Delhi Dataset

(c) GPDS Dataset (d) PolyU Dataset

Figure 8. Typical samples from the palmprint datasets: (a) Tongji, (b) IIT Delhi (V1.0), (c) GPDS, 

and (d) PolyU DB (Version 2.0). 

Table 4. Databases’ characteristics. 

Details Tongji DB IITD DB GPDS DB PolyU DB 

Number of 

subjects

600 230 150 114 

Number of 

samples

10 5 10 5 

Number of images 

Gray/color 
6000 Gray scale 1265 Gray scale 1500 Gray 

scale 

1140 (2D + 3D) Color 

(2D) + 3D depth 

Resolution devices 800 × 600 

Camera 

800 × 600 

Camera 

1403 × 1021 

HP Scanner 

640 × 480    Minolta 

VIVID 910 3D digitizer 

Origin Chinese Indian Spanish Hong Kong (zPolyU) 

4.2 ROI Extraction 

The proposed segmentation was applied to the three hand databases mentioned above. To ensure the 

method’s efficacy across all datasets, we selected hand images with specifically two fingers 

interlocked. The ROI extraction results for each are shown in Figures 9, 10, 11 and 12, for the 

contactless databases Tongji, GPDS, IITD and PolyUData, respectively. 

Figure 9. Tongji hand dataset ROI extraction: (a) Input image, (b) Active-contour segmentation, (c) 

Valley-point extraction, (d) Rotation and ROI computing, (e) Final ROI. 

Figure 10. GPDS hand dataset ROI extraction: (a) Input image, (b) Active-contour segmentation, (c) 

Valley-point extraction, (d) Rotation and ROI computing, (e) Final ROI. 

The proposed active-contour segmentation method offers a solution to the imprecise and low-quality 

results of previously used methods and works that use edge detectors and threshold methods for ROI 

extraction [45]. Figure 13 illustrates our proposed active-contour method performance in comparison 

with the threshold method. In 1, in the absence of active contours, with Otsu segmentation, the hand 

images with fingers poorly spread, resulting in incomplete contour (a). This leads to an error in valley 
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positions, particularly those associated with the two fingers that are attached to the ring and middle 

fingers (b), these valley points serve as the basis to calculating the area’s ROI. Therefore, it is 

impossible to determine the rectangle, and the final ROI cannot be extracted. In contrast, as shown in 

2, by implementing our proposed segmentation, it allowed for extracting the entire contour, including 

that of the narrow region, successfully identifying all correct valley points, and finally extracting the 

yield ROI. 

Figure 11. IITD hand dataset ROI extraction: (a) Input image, (b) Active-contour segmentation, (c) 

Valley-point extraction, (d) Rotation and ROI Computing, (e) Final ROI. 

4.3 Palmprint Recognition 

The training process is assessed using the Modified LOOCV. Initially, the three datasets are split into 

classes, with 10 samples of each class representing a person. For testing, two images are selected from 

each class, while using the remaining images for training. For instance, the GPDS dataset has 1,500 

images divided into 150 classes. Leaving out two images per class for testing in the first iteration, a 

total of 300 images are used for testing data. Thus, the test set will contain 20% of the entire images 

and 80% in the training dataset, that holds for every other database. 

Figure 12. PolyU hand dataset ROI extraction: (a) Input image, (b) Active-contour segmentation, (c) 

Valley-point extraction, (d) Rotation and ROI computing, (e) Final ROI. 

Figure 13. Active-contour performance for precise ROI extraction: (a) Segmentation, (b) Valley-

point extraction, (c) Rotation and ROI computing, (d) Final ROI. 

Our model was trained over 50, 100, and 200 epochs. When comparing the execution results, we 

found that the best accuracy and the fastest convergence rate were obtained within 100 epochs, with a 

learning rate of 10−5 for Tongi and IITD datasets, and 10−4 for the GPDS database. All metrics are 

evaluated once the first LOOCV iteration is completed by determining the average accuracy and the 

Equal Error Rate (EER), along with additional performance metrics, including Precision, Recall, and 

F1-score. Precision measures the proportion of correctly identified positive samples among all 

predicted positives, recall represents the proportion of correctly identified positive samples among all 

actual positives, and F1-score is the harmonic mean of precision and recall, reflecting the overall 
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balance between them. The applied model achieved the best accuracy of 99.75% on the Tongji dataset. 

Table 5 displays the accuracy, EER, precision, Recall, and F1-score results for the available datasets. 

The evaluation metrics obtained demonstrate that the model is well generalized. The high and 

balanced precision and recall values indicate that the model effectively identifies genuine matches 

while maintaining a low rate of false predictions. These findings validate that the model provides good 

discrimination ability across different datasets. 

Table 5. Recognition performance on different datasets. 

Dataset Precision EER Accuracy (%) Recall F1-score 

Tongji DB 0.9980 0.002 99.75% 0.9930 0.9955 

IITD DB 0.9929 0.04 95.9 ± 1.0% 0.9461 0.9690 

GPDS DB 0.9973 0.01 99.2% 0.9932 0.9952 

The proposed palmprint-recognition system performs exceptionally well across three different 

databases according to ROC, accuracy and loss graphs illustrated in Figures 14, 15, 16 and 17. 

Approximate values showed an accuracy of about 99.75% in the Tongji database, 99.2% in GPDS 

dataset, and 95.9% in the IITD database. These accuracy values demonstrate how well the system can 

recognize palmprint images, demonstrating its excellent efficacy in handling a wide range of data. 

Turning to the loss, the results remained extremely low, suggesting that the model learns effectively 

and minimizes errors during the training process. 

(a)ROC curve for the Tongji dataset (b) ROC curve for the GPDS dataset

Figure 14. Receiver operating characteristic (ROC) curves. 

(a) Accuracy  on Tongji dataset (b) Loss on Tongji dataset

Figure 15. Test-accuracy and loss curves for Tongji dataset. 

Analyzing Table 5, the Tongji dataset exhibits the highest performance among the datasets, with the 

lowest EER of 0.002, indicating the most precise and well-balanced trade-off. While the GPDS dataset 

offers a slightly better EER than the IITD dataset, it nevertheless offers insightful performance. 

Overall, these findings demonstrate the high level of recognition accuracy of our system-based 
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palmprints over several datasets. The plots of ROC curves for the three available databases are 

displayed in Figure 14 for Tongji and GPDS datasets, and in Figure 17 for the IITD data, for a more 

thorough explanation and confirmation of our system’s performance. These curves plot the True 

Positive Rate against the False Positive Rate. Completing our model execution, the AUC values were 

converging to 1 for both Tongji and GPDS, and to 0.97 for the IITD dataset. Regarding distinguishing 

between positive and negative classes, the Tongji dataset demonstrates the highest AUC, indicating 

nearly perfect performance. The high AUC values for the other datasets also indicate strong model 

performance. This generalization demonstrates the stability and high recognition accuracy of the 

Modified LOOCV-based Siamese network across a variety of datasets. Our approach proved its 

efficacy compared to recent related works, as illustrated in Table 6. 

(a) Accuracy  on GPDS dataset (b) Loss on  GPDS dataset

Figure 16. Test accuracy and loss curves for GPDS dataset. 

(a) Accuracy  on IITD dataset (b) Loss on IITD dataset

Figure 17. Test-accuracy and loss curves for IITD dataset. 

Table 6. Comparative accuracy performance of the proposed method relative to similar works. 
Accuracy (%) and EER (decimal). 

Ref./Method IITD Tongji GPDS 

[46] HOG-SGF-AE - 98.85% - 

[47] MTCC EER=3.94 EER=0.0043 - 

[48] MTPSR - - 96.83% 

[49] DeepNet/ResNet 95.5% 99.5% - 

[50] SMHNet - 97.36% - 

[51] Meta Metric Learning 94.02% 93.39% - 

[23] Transformer-GLGAnet – 98.5% - 

[52] CCNet EER=0.0018 EER=0.00004 - 

[53] CO3Net EER=0.0047 EER=0.0050 - 

[21] FedML (Triplet) 89.13%

EER=0.0569 

93.51% 

EER=0.0296 

- 

[54] Siamese Net 94.3% 97.7% - 

Ours 95.9% 

EER=0.04 

99.75% -

EER=0.002 

99.2% - 

EER=0.01 



512

"Enhancing Palmprint Recognition: A Novel Customized LOOCV-driven Siamese Deep-learning Network", W.Mohammed Cherif et al. 

In order to reinforce the previous findings and demonstrate the efficacy of our proposed Modified-

LOOCV with the Siamese network, we trained the Siamese model with a random split of the database 

without applying the proposed LOOCV. The results confirmed the effectiveness of the Modified 

LOOCV in increasing the accuracy rate, where the accuracy was higher than that of the normal data 

splitting technique   by 2.5%. The comparative analysis is shown in Figure 18; we adopted the IITD 

database results, since it demonstrated a significant transition, particularly in the ROC curve.

Figure 18. ROC-curve comparison: Modified-LOOCV vs. standard dataset split. 

Table 7. Comparison of matching times for Tongji dataset. 

Method Matching time (ms) 

 VGG-16 26.8 
 PalmNet 22.8 

 Ours 20 

In the prediction phase, we evaluated the precision and speed of the proposed Siamese network based 

on Modified LOOCV, by measuring the time needed to test and predict new images. It is important to 

note that the model was not trained on these test images previously. When compared to previous 

works’ matching times, we obtain a matching time of 0.02 seconds (20 ms), where our model achieves 

a prediction speed that is competitive with widely adopted CNN-based palmprint recognition systems 

based on CNNs. Table 7 displays a brief comparison result with certain methods described in [49] on 

Tongji dataset. 

The model compares two images and computes a similarity score to determine whether they belong to 

the same person. To interpret these scores, we applied Gradient-based SHapley Additive exPlanations 

(GradientSHAP) and Saliency Maps. GradientSHAP combines gradients with SHAP values to 

estimate feature contributions, while Saliency Maps identify the regions with the greatest influence on 

the output. As shown in Figures 19 and 20, both methods reveal that the network focuses on palmprint 

line structures. The Saliency Maps emphasize the most discriminative patterns, whereas 

GradientSHAP assigns importance across ridges and creases. These visual explanations demonstrate 

that the network depends on significant palmprint traits rather than on irrelevant background. 

A further test was performed using various palmprint images from available databases, two types of 

test were performed. The first used images from the trained datasets, where a few images were 

excluded before training and placed in a separate folder for prediction. This ensured that these samples 

were never seen by the network during the training process. The obtained results on the GPDS dataset 

in Figure 19 show that the model accurately recognized these unseen samples with high similarity 

scores. The second test was conducted using images from the PolyU dataset, as shown in Figure 20, 

which were entirely unseen by the network. The model also achieved very good similarity results on 

this external dataset, confirming its strong generalization ability. 
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(a) Interpretability of palmprint similarity predictions.

(b) Similarity-score prediction.

Figure 19. GPDS palmprint verification. 

(a) Interpretability of palmprint similarity predictions.

(b) Similarity score prediction.

Figure 20. PolyU palmprint verification. 

The system verifies that the two images are not of the same person when the score is less than the 

threshold value and vice versa. We chose a threshold of 0.5, which is adjustable based on the needs of 

the security system. We compared a reference image with three other images of three different random 

individuals. As illustrated in Figures 19 and 20, the model assigns a score close to 1.0 for palmprints 

belonging to the same individual, while the score approaches 0.0 for palmprints from different 

individuals. The attribution results highlight the palmprint regions that most influenced the 

predictions, with both methods consistently focusing on principal palm lines, ridge intersections and 

local ridge textures. Such interpretability increases security when using the model for real-world 

applications and makes the model’s decisions more transparent. 
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5. CONCLUSION

A palmprint-recognition system based on deep learning has been developed, providing a highly 

efficient technique to predict palmprints by integrating a Modified-LOOCV strategy with a flexible 

Siamese architecture. To ensure a thorough assessment and model optimization, we initially provide 

an ROI-extraction technique based on active-contour segmentation. This approach can extract the ROI 

with variable contrasts and with excellent precision. The proposed Modified-LOOCV is an innovative 

strategy designed for datasets with significant sample similarity. We effectively capture the wide 

variety of the dataset while reducing computational time and enhancing the standard Siamese network 

efficacy. This enhancement enables the fast evaluation of the model’s performance, providing an 

indication of its power and supporting its quick integration into real-world applications, such as access 

control and forensic identification, with high accuracy and low computational cost. The proposed 

model reaches an accuracy of up to 99.75%; it is competitive with many existing systems due to its 

accuracy and execution speed, even on small databases. The findings demonstrate that the suggested 

model has the potential to be widely used in real-world biometric identification systems, as it can 

efficiently learn discriminative palmprint characteristics and retain strong recognition performance 

even when evaluated on unseen data. In future work, we intend to extend and apply the proposed 

scheme to the Multi-Spectral Palmprint dataset and further generalize the methodology for diverse 

pattern-recognition systems to provide a deeper validation of its adaptability, robustness and 

applicability. 
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 ملخص البحث:

إنّ التقّدددددي ا ظدددددت الُّمدددددي الدددددتيّة   اليمطددددد  الاططرت تددددديلأ التدددددت   اقّددددد  ظط ددددد   ددددد    مططددددد  ا  ددددد    

 ردددددق لأطدددددس ا  او الّ ددددد تا   .دددددّ تي  الاط لددددد    عدددددق   تددددد  الطيدددددل  الطددددديلأ تقدددددط  إلددددد     دددددط     

هدددددط المطلدددددط  الّ  ط دددددت الدّدددده  تدددددتّ  التّ  طددددد  عةطدددددل ظدددددت  فكددددد إنّ التيّددددد    عةددددد    دددددم   ال

الطّ تقددددددي المقت لأددددددي ظددددددت هددددددها الطع دددددديلأ لأطددددددس تددددددتّ  التيّ ردددددد  رددددددا ر مطعدددددد    ط لدددددد      دددددد   

غ ردددددق جط هددددد  ردددددق ر مطعددددد   الاط لددددد   الاططرت تدددددي     ددددديع ا  ددددد غ لأ مددددد   عة إلددددد   نّ لمط يددددد 

غ رددددددق رطاورتددددددل   يع ددددددل عةدددددد   غ  ريقدّدددددياغ رددددددق  لُّمددددددي الددددددتيّة   اليمطدددددد   ددددددي ت  دددددد   ددددددط   لدددددد م 

 التيّمط  ع ير  ت طاّ  عة  هها ال طّ  رق الاط ل   

لا ددددد  ية ددددد  عمطددددد  ر  يددددد ل  هدددددها الطع دددددي التّ ددددديتّ   تلبدددددي الدددددهّ   عدددددق   تددددد   طاطددددد  لمدددددط   

التّدددددت  تمطددددد   ددددد لتّ ط    ر ي  تدددددي الاط لددددد    ظدددددت  ددددد   و ا رددددد لأ  فكدددددلةتيّددددد    عةددددد    دددددم   ال

ا تددددددتّ  ا.ددددددت لا  ار طقددددددي الهتمدددددد اا   .ددددددت ياا التّ   ددددددي ال ّ ددددددطي التّددددددت    .دددددد  التيّ ردددددد  ردددددد

تق ع دددد فكددددط ي ال  ددددطى عةدددد    ددددم   ال ددددي ددددطع الطددددي التّددددت   تددددط  عةدددد    دددد  ا ر  ي رددددق   

   رتلا دددددددقي   رّددددددد  ظدددددددت الم لأةدددددددي الو لطددددددديلأ ظت  دددددددت يا   تقدددددددي ييتدددددددية  ر ّ  دددددددي ريظطعدددددددي 

 رطي  لةتّ ق ددددددد  ردددددددق (  يدددددددي  يددددددديتة     ر  ددددددد    ددددددداكي  ية ددددددد  عمطددددددد   .دددددددطLOOCV ط تقدددددددي  

( التقّةطيتدددددديلأ ظددددددانّ   تقت دددددد  المييلّددددددي LOOCV     عةدددددد  ال قّددددددط  رددددددق   تقددددديفكدددددد  دددددم   ال

طي ظددددت الط دددد  الدّددده  تددددتّ  ظطددددل ال  ددددطى عةدددد   قطددددط   رتددددطا ن   يمدددد  عةدددد     ددددطق الكةبددددي ال  دددد  

 عة  ثلاث ر مطع    ط ل   

 فكددددددتيّدددددد    عةددددد    ددددددم   اللُّمدددددي ال تيمددددد  إ دددددد ع اليمددددد  المقتدددددد   عةددددد  إثادددددد   ظ عةطددددددي  

% ظدددددت التيّددددد    عةددددد  75 99التّدددددت   دددددت يا  ق طددددد    رتقيرّدددددي  ظقدددددي  دددددّ    قطددددد    دّددددي رقدددددياعه  

لأ إلدددددد  ي لدددددد     ددددددطق   قةطدددددد ( ريدددددديىّ  طدددددد  الت دددددد      ظطبدددددد   ددددددم    ا  دددددد    عادددددد 

غ لةتطّاطقدددددددد       دددددددد تا  رددددددددق المط  قدددددددديلأ ا ردددددددد  الدددددددده  ت يدددددددد  ال مّددددددددط   المقتدددددددد   رلا مدددددددد 
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