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Abstract: In addressing the challenges of data scarcity in biometrics, this study explores the generation of
synthetic palmprint images as an efficient, cost effective, and privacy preserving alternative to real-world data
reliance. Traditional methods for synthetic biometric image creation primarily involve orientation
modifications and filter applications, with no established method specific to palmprints. We introduced the
utilization of the “Style-based generator”, StyleGAN2-ADA, from the StyleGAN series, renowned for
generating high-quality images. Furthermore, we explore the capabilities of its successor, StyleGAN3, which
boasts enhanced image generation, facilitating smooth and realistic transitions. By comparing the performance
of StyleGAN3 on public dataset, we aim to establish the most efficient generative model for this purpose.
Evaluations were conducted using the SIFT (Scale-Invariant Feature Transform) algorithm into our evaluation
framework. Preliminary findings suggest that StyleGAN3 offers superior generative capabilities, enhancing
equivariance in synthetic palmprint generation.

Keywords: palm print synthesis; Style-GAN-2-ADA; StyleGAN3; SIFT

1. Introduction

Biometric security systems use biometric data with advanced recognition technology to
develop lock and capture mechanisms and limit access to specified data [1]. The main purpose here
is the identification and verification of a person’s identity through his physiological or behavioral
biometrics such as the face, iris, fingerprint, etc. [2]. One of the fast-growing, relatively new,
biometrics is the palmprint [3].The palm is the inner surface of the hand between the wrist and the
fingers [4]. Palmprint refers to an impression of the palm on a surface. A palmprint contains rich
intrinsic features, including the principal lines and wrinkles (figure 1) [1] [5] [6] and abundant ridge
and minutiae-based features similar to a fingerprint [3].These significant features make a palmprint
very useful in the field of biometrics because these palmprint features have the potential to achieve
high accuracy and reliable performance for personal verification and identification [4,8]. Many
techniques have been proposed for palmprint recognition using minutiae-based features, geometry-
based features, transformed-based features, [7] and more. To process these features many image
processing methods such as i) encoding-based algorithm, ii) structure-based methods, iii) statistics-
based methods exist [9]. Recently, most methods in the literature consider Deep Learning due to its
high recognition accuracy and the capability to adapt to biometric. samples captured in
heterogeneous and less-constrained conditions [8]. Current state-of-the-art palmprint recognition
systems rely on large datasets. The National Institute of Standards and Technology (NIST) recently
discontinued several publicly available datasets from its catalog due to privacy issues [10]- [13]. To
overcome the scarcity of data, we have produced synthetic palmprints. One of the main reasons to
generate synthetic images is low cost, high efficiency, and testing privacy. Moreover, the quality
and resolution of images generated by generative adversarial networks (GANs) have experienced
significant advancements recently [7-9]. The architecture of a standard GAN generator operates in a
similar fashion: initially, it creates rough, low-resolution attributes that are progressively refined
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through upsampling layers. These features are then blended locally using convolution layers, and
additional intricacies are added via nonlinear processes. However, it's noted that despite these
apparent similarities, contemporary GAN structures don't generate images in a naturally hierarchical
way. While the broader features primarily dictate the existence of finer details, they don't precisely
determine their locations. Instead, it seems that a significant portion of the finer details is established
in fixed pixel coordinates. Researchers do not need to depend on real-world data; they can work on
synthetic data [14]. A generator model was learned over training images to generate a synthetic
image. In this scenario, synthetic data has the edge over real data regarding enrollment, detection,
and verification [15]. A huge number of synthetic datasets can be produced at low cost and with little
effort while posing no privacy risk. A single synthetic image with well-controlled modifications can
also be used to alter and expand the dataset. The traditional method to develop synthetic images is
by changing the orientation of images and using some filters such as the Gabor filter which changes
the final structure for any image [4,10,11]. In the biometric field, the classical approach of developing
synthetic images refers to changing the orientation of the fingerprint or changing the skin color for
the facial biometric [12,13]. There is no traditional approach to generate synthetic palmprints [16,17].
Additionally, we previously introduced a framework for generating palm photos using a "Style-
based generator” named "StyleGAN2-ADA," which is a variation within the StyleGAN family.” [18]-
[20]. This research was motivated by the recent success of the GAN family in current literature to
generate very high-quality images [16]- [19]. Our current objective is to develop the model from the
StyleGAN family, StyleGAN3, to demonstrate a more natural transformation process, where the pixel
position of each detail is exclusively derived from the base features. To the best of our knowledge,
ours is the only StyleGAN-based approach that can generate high-resolution palm images up to
2048x2048 pixels. In a previous study, a TV-GAN based framework was applied to generate
palmprints. However, high resolution images were not generated in this work [21]. Our contributions
are as follows:

Figure 1. Palmprint features definitions with principal lines and wrinkles.

* Our model utilizes a high resolution and progressive growth training approach [17,18] with
realistic shapes and boundaries at 512 x 512 pixels and does not suffer from any quality issues.

* We explained the quality metric distributions to assess the diversity of the synthetic
fingerprints and their similarity to original palm photos. We also match every synthetic palm photo
to every original palm image to ensure that the synthetic palm images do not reveal the real identity.

*We made the pre-trained model and generated model publicly available. To the best of our
knowledge, our study is the first publicly available StyleGAN-based palm photo synthesis model.

*To filter out unwanted images during the generation of synthetic images we applied the image
processing method. To detect, describe the key-points of the images and also to match between
original images to test images, we applied the Scale-Invariant Feature Transform (SIFT) algorithm.

The rest of the paper is organized as follows. Section II data discusses the pre-processing method
and proposed model architecture. The data preparation for the experiment and model for training
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method is noted in Section III. Experimental results and evaluation are presented in Section iv.
Finally, our conclusion is in Section v.

Methodology

A. StyleGAN-2-ADA Architechture Overview

In our previous proposed work was the use of GAN architecture from the StyleGAN family
named “StyleGAN2-ADA” [19,20]. It is an improved version of StyleGAN that uses adaptive
discriminator augmentation (ADA). StyleGAN, one of the most well-known image generations
GANs, was first released by NVIDIA in 2018. It can generate thousands of synthetic face images
based on training the real images. It demonstrated that the properties and the qualities of the images
are the same as with the real images. For the best results, StyleGAN needs to be trained on tens of
thousands of images and requires powerful GPU resources [21]. In 2020, NVIDIA released
StyleGAN2 ADA, enabling new models to be cross trained from others. By starting with an existing
high-quality model and resuming training with a different set of images, it is possible to get good
results with a few thousand images and far less computing power [22,24]. The StyleGAN2-ADA [19]
has two characteristics: generating high-resolution images using progressive growing [24] and
incorporating image styles in each layer using adaptive instance normalization (AdalN) [26]. For
instance, 4x4 and gradually adding high-resolution generators and discriminators up to 2048x2048.
The general architecture is shown below in Figure 2:

Latent z € 2 . Noise
Synthesis network g
Normalize Const 4x4x512

Mapping
network f

Figure 2. General architecture of StyleGAN2 ADA [27].

B. StyleGAN3 Architecture Overview

StyleGANS3, the most recent advancement in NVIDIA's StyleGAN series, brings forth a range of
architectural enhancements over its predecessors, StyleGAN and StyleGAN2. One of the hallmark
features of StyleGANS is its alias-free design. This design tackles the issue of aliasing, a common
cause of visual artifacts in generated images, especially evident when these images undergo
transformations like rotation or scaling. By ensuring that each operation within the generator
network, from the initial input to the final output, is tailored to avoid aliasing, StyleGANB3 achieves
a level of image consistency and clarity that is particularly beneficial for dynamic transformations.

Another key advancement in StyleGANS3 is its emphasis on temporal coherence, which is
essential for applications such as video generation. This feature ensures that slight modifications in
the latent space variables lead to smooth and natural transitions in the generated images, a critical
aspect for producing realistic animations and videos. Complementing these features, StyleGAN3
continues to utilize a style-based generator architecture, which allows for precise manipulation of
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various image aspects by adjusting different elements of the model's latent space. This refined
approach not only caters to the needs of alias-free generation but also enhances temporal coherence.
Figure 3 shows the architecture of StyleGAN3:
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Figure 3. StyleGAN3 generator architecture.

Moreover, StyleGAN3 builds upon the advanced training techniques introduced in StyleGAN2
and StyleGAN2-ADA. However, it shifts its focus towards eliminating aliasing artifacts, thereby
fostering a more stable training process and yielding higher-quality image outputs. This combination
of improved design and training methods positions StyleGANB3 as a groundbreaking tool in the realm
of generative adversarial networks, especially for applications requiring high-quality, consistent
imagery under a range of transformations.

Dataset

We have accumulated two publicly available datasets. Figure 3 shows sample images from both
datasets:

ePolytechnic U [28] (DB1) has a total of 1610 images collected in an indoor environment with
circular fluorescent illumination around the camera lens. The dataset contains both the left hand and
right hand of 230 subjects. Approximately 7 images of each hand were captured for the age group of
12-57 years. The image resolution was 800x600 pixels.

*Touchless palm photo dataset [29] (DB2) consists of a total of 1344 images from 168 different
people [8 images from each hand] taken with a digital camera at an image resolution of1600x1200
pixels.

Figure 3. [llustration of Dataset images (a) Polytechnic U, (b) IIT-Pune [28,29].
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The images in the dataset that our proposed approach StyleGAN2-ADA prefers to be square.
Although there is no set restriction on source image scaling, in this study an image resolution of
512x512px was chosen to shorten the training period.

Training the Model with StyleGAN2-ADA

A. Preparing Datasets

To process with the progressive method, the dataset must be in (. tfrecords) format. An example
script of StyleGAN2-ADA is provided by NVIDIA [18]. We have simplified the process. As left and
right hands have different palm features such as principal lines and secondary lines, we have
segmented the datasets in various formats such as (only Right-hand dataset, only Left-hand dataset,
Dataset] Right hand dataset with rest of the dataset, Dataset 2 Left hand dataset with rest of dataset)
for better performance. However, it took different times to train each segment of the dataset. For
example, Training Step 1 [Table 1] took a whole day. The rest of the training steps took one, three,
three, and four days. The following steps we have segmented both for DB1 and DB2 to train the
datasets:

Table 1. Different training steps with different segment of Datasets.

Training Steps Datasets
1. DB1 Right Hand 960 Images
2. DBI1 Left Hand 960 Images
3. DB1(Right Hand) + DB2 2304 Images
4. DB1(Left Hand) + DB2 2304 Images
5. DB1+DB2 2954 ges

B Training StyleGAN2-ADA

1) Device Selection: Our training time was approximately three weeks on a “Google
Colaboratory” pro plus with 52 GB RAM and P100 GPU. The proposed model is trained for 500
epochs in a “Jupyter notebook” environment with much longer background execution times. After a
certain period of training session each dataset from DB1, DB2 generated the model (. pkl) file. The (.
pkl) file will be generate every 100 epochs. Once the training results obtained 512x512 pixels, we
stopped the training and used the last (. pkl) file and saved it. In our dataset for training steps 1 and
2, we applied 200 epochs, and for steps 3, 4 and 5 we stopped training after 500 epochs. The epochs
after 500 look similar, and there is no significant change. In Figures 4-6, we present 35 generated
palm print images over different epochs (0th, 200th, and 500th), to see the amount of diversity among
the generated images (in terms of the position of the principal lines, the color of the palm print, and
their contrast). The first training iteration appeared abnormal as they transitioned from the original
images to a new one. Later in progress, the maximum number of iterations made a noticeable
difference from the earlier iterations.

2) Generated Palm Print Images and hyperparameters: The truncation parameter, “trunc”,
determines the amount of variations in the images. The default value of ‘trunc’ parameter is '0.5’. The
value near to '1.0" will provide maximum accuracy compared with the original image. A Value of
“1.5” provides significantly more diversity.
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Figure 6. Training situation of the palm-photos (500 epochs).

C Training StyleGAN3

Device Selection: For our StyleGAN3, we utilized a high-performance setup with a focus on
efficiency and power. Training was conducted using a single NVIDIA GeForce RTX 4080 GPU,
renowned for its advanced processing capabilities. The system was powered by an AMD Ryzen 9
5900X CPU, providing a robust computational backbone, and was equipped with 64GB of RAM,
ensuring smooth operation throughout the training process.

Training Environment: We carried out our training in a Jupyter notebook environment,
benefiting from its versatile and user-friendly interface. The system was tailored for extended periods
of background execution, a critical factor in deep learning projects.

Training Configuration: Our model underwent a rigorous training regimen, structured as
follows:
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GPUs: 1 (NVIDIA GeForce RTX 4080), Batch Size: 4, Batch per GPU: 4, Gamma: 5.5, tuned for
balancing the model's stability and image quality, Mirroring: Enabled (mirror=1), to augment the
dataset with mirrored images, enhancing the diversity and robustness of the training data.

Total Training Iterations (kimg): 1000, ensuring comprehensive learning and adaptation

Snapshot Frequency (snap): 5, for regular saving and evaluation of model checkpoints

Training Procedure and Observation: The training process was extensive, divided into distinct
phases to monitor and adjust the model's performance. Initially, the model was trained for 1000
epochs. We observed significant improvements in image quality and model stability throughout the
training.

In our observation, we focused on the quality of the generated images, particularly in terms of
their resolution, detail, and fidelity to the input data. We also monitored the training progress
through periodic snapshots, taken every 5 epochs, which allowed us to closely track the model's
evolution and make necessary adjustments.

Results and Analysis: The final phase of the training resulted in the generation of high-quality
images, showcasing the effectiveness of the StyleGANS3 architecture and our training strategy. The
model, saved as a (.pkl) file, demonstrated notable improvements in image quality, with enhanced
resolution and more realistic texturing, a testament to the capabilities of the StyleGAN3 model and
our tailored training approach.

This framework follows the pattern of your initial description but is adapted for the StyleGAN3
model with the specified configuration and training parameters.

WWWWWV&

Figure 7. Training situation of the palm-photos (100 epochs).
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Figure 8. Training situation of the palm-photos (200 epochs).
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Figure 8. Training situation of the palm-photos (500 epochs).
Experimental Results

A. Filter out Unwanted Images

With the help of SyleGAN2-ADA, we have generated 21000 images with up to 500 iterations.
The total input image from DB1 and DB2 is approximately 3439. During the training, based on "palm
marker’ and 'finger issue’ features, 111 unwanted images were generated. Some images have hard to
detect palm markers, and some have overlapped two images in one. We have named it “Bad Quality
Images”. In Table 2 we present how much and what type of images can have “Bad quality images”
more: A sample of bad images have shown in Figure 8.

Figure 9. Four types of irregular images: “total imbalance” “Finger issue” “Shadow in the images”,
“Overlapped with 2 images”, “No palm marker”.

Table 2. Types of “Bad quality images”.

Name of the Images Numbers
1. Shadow on the palm 41
2. Total Imbalance 23
3. Overlap with two palms 21
4. Finger Issue 15

5. No palm marker 11
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6. Total 111

B. Elimination Method to Remove Unwanted Images

Many recent studies have found that local features are more effective in describing an image’s
detailed and stable information [30-34]. Among these local features, Scale Invariant Feature
Transform (SIFT) is one of the popular in the field of biometrics. The SIFT is a technique for extracting
local features from an image that has various advantages: (1) SIFT features preserve invariance when
images are rotated, scaled, and illuminated; (2) SIFT features maintain a certain level of stability when
viewpoint changes, affine transformation, and robustness to noise; (3) SIFT features are unique and
informative. To eliminate the unwanted images, we have applied scale-invariant feature transform
(SIFT) based image processing method. This method detects the key points of the images which can
explains with the descriptors. The method works with the following equations:

X={x11, ....... xij} = Test sample Images
Y ={yll, ...... yij} = Training sample

Where xij, yij are pixels at the image positions. The Euclidean distance between testsamples X

and train samples Y as denote as D (X, Y):

D(X)Y)

Where H, W is the height and width of the test images respectively. The training samples should
have the same size as the test sample. To focus the region of interest (ROI) (in our case it is hand
palm) we have fixed resized all the images into 205X345 pixels. As this method detects the principal
lines of the palm images. It works by detecting and calculating gradient image intensity at each pixel
in an image. We have calculated the pixel ratios of the images. For instance, d1, d2 respectively be
the distances between a and b1, a and b2. We then calculate the ratio of d1, d1.

Ratio=d1/d2>0.5

Figure 10. (a) Resized ROI image of Palm and (b) detected principal lines.

We have restricted the images in our dataset that do not detect the principal lines and filtered
them out from the dataset with a “score value.” If the ratio value crosses the value of 0.5, it is a well-
matched image pair for SIFT features. Figure 10 shows the palm’s scaled and resized images (ROI).
The flowchart in figure 11 below represents how the SIFT algorithm works from input images to
performance evaluations. Both test and 10 reference images must go with the converted BGR image
to Grayscale image. After ROI the SIFT algorithm approached and later distance measurement
worked, here we have used Euclidean distance.

Performance Measurement

For StyleGAN2-ADA we have separated the “good” and the “bad” images into two classes from
the total number of 3439 synthetic images. As there are 114 bad images, we have selected five different
categories, and the rest, 3325, are good images. To get the proper number of quality images we have
fed both the ‘good” images and “bad” images into our test script. To assure more we have scaled a
number of grade points “5” to across the quality. With several reference images with proper principal
lines, wrinkles, and secondary lines we tested our good images first. From the ground truth of 3439
images, we got 3297 those images passed the score level of “5”. The rest of the 142 images didn’t pass
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the score level of “5”. From the 111 “Bad images” 97 images didn’t pass the score level “5”. The other
14 which passed the threshold limit of '5’, so we count as good images. The script for google colab

link provided here:
(https://github.com/rizvee007/palmphoto/blob/main/sift_algorithm_for_fingerprints.py) .For
calculating F score we got Precision (0.99) and Recall (0.96). So, we have got Fscore which is (0.97).
Input Palm
Images
BGR to Reference
Grayscale Sample Images
Conversion
v

BGR to
ROI Selection Grayscale
l Conversion

v

Keypoint Feature
Detection Detection

Scale Invariant

Feature
Transform
(SIFT)

Distance
Measurement

v

Performance
Evaluation

Figure 11. Elimination flowchart for filtering unwanted images using SIFT algorithm.

Table 3. Representation the number of image categories based on their score level.

Ground Truth = 3439 (Good Ground Truth (Bad Images)

Images)

3297 images passed the threshold | 97 images didn’t pass the threshold
142 images didn’t pass the threshold| 14 images passed the threshold

To ensure the uniqueness of synthetic palm images, we implemented the SIFT (Scale-Invariant
Feature Transform) algorithm in our database for both StyleGAN2-ADA and StyleGAN3. We
randomly selected pairs of images and compared them using the SIFT feature extraction. The output
score represents the calculated similarity score between the key points and descriptors obtained from
the SIFT algorithm. Specifically, we used to compute matches between two images, identified by their
indices in the image List, based on their respective key points and descriptors. The score was
calculated as a percentage, considering the number of matches, and the total number of key points in
each image. We performed this process iteratively ten times, each time with different randomly
selected images. The consistent similarity score of 19.55% across these comparisons indicates that all
the images are distinct, reinforcing the uniqueness of the synthetic palm images in our database.
Figure 12 shows comparison results, and the table shows the comparison results of 10 pairs.

Table 4. Different training steps with different segment of Datasets.

Tests Pairs Similarity Score Average
1 112, 106 39.58%
2 35,84 10.20%

3 77,96 14.29% 19.55%
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4 2,21 3.84%

5 27,119 35.22%

6 54,57 0.00%

7 53 8.33%

8 88,52 9.86%

9 90,76 31.70%
10 24,67 42.5%

100

200

300

400

0 200 400 600 800 1000

100

200

300

400

500
0 200 400 600 800 1000

Figure 12. Using SIFT feature extractor to compare random original image with generated images
from StyleGANG.

Conclusion

In this study, we utilized the sophisticated capabilities of StyleGAN3 to develop an advanced
model for generating synthetic palm images. This approach not only elevates the realism of the
generated images but also addresses a key challenge in biometric authentication: creating unique and
distinguishable palmprint images.

To confirm the uniqueness of these synthetic images, we integrated the SIFT (Scale-Invariant
Feature Transform) algorithm into our evaluation framework. Renowned for its effectiveness in
feature extraction, this methodology was crucial in our analysis. We conducted various tests wherein
pairs of images from our generated dataset were randomly selected and compared for similarities.
This involved to assess matches based on key points and descriptors as identified by the SIFT
algorithm.

The results, summarized in our table, consistently showed a low similarity score across various
image pairs. An average similarity score of 19.55% clearly indicates the distinctness of each image
produced by our StyleGAN3 model. This low average score signifies the high variability within the
dataset, ensuring that each synthetic palmprint is unique and not a mere duplication.

Such findings are not only pivotal in demonstrating the effectiveness of StyleGAN3 in
generating diverse images but also serve as a critical benchmark for future developments in this field.
The capability to produce a wide range of unique palm images is immensely valuable in enhancing
datasets for palmprint recognition tasks, thus contributing to the progression of biometric
authentication technologies.
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Looking ahead, we intend to expand our dataset and release it to the public. This initiative will
not only encourage wider research in the domain but also enable more comprehensive testing and
refinement of recognition algorithms. By making our dataset publicly available, we aim to inspire
collaboration and innovation within the community, leading to more accurate and secure biometric
systems.
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