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Abstract—Large annotated datasets are crucial for training
state-of-the-art deep learning systems. However, the availability
of publicly accessible fingerprint data significantly lags behind
that of image datasets or text corpora, which are extensively
utilized for tasks such as image understanding and natural
language processing. The challenges associated with the collec-
tion and distribution of fingerprint data make synthetic data
generation a viable alternative. Nonetheless, existing research
primarily focuses on the large-scale evaluation of fingerprint
search systems rather than examining the usability of generated
fingerprint images for training purposes. This study employs
a model-based method to generate synthetic fingerprints and
evaluates their effectiveness in training deep neural networks for
fingerprint classification. The findings indicate that augmenting
the training set with synthetic fingerprint impression images
enhances performance comparably to augmenting it with real
fingerprint images.

Index Terms—fingerprint image generation, synthetic training
data, deep learning, fingerprint classification.

I. INTRODUCTION

AUTOMATION is indispensable for fingerprint identi-
fication systems, as thousands of search requests are

submitted daily to fingerprint databases, which can reach
colossal sizes. Over the past several decades, researchers
have developed various algorithms and systems to achieve
automated fingerprint analysis and comparison. A subset of
this research has concentrated on fingerprint generation, driven
primarily by the necessity of large-scale datasets to evaluate
the proposed algorithms under realistic conditions, given the
limited availability of publicly accessible fingerprint images.
This scarcity is due to fundamental challenges in fingerprint
data collection, including the need for expert personnel, spe-
cialized equipment, and concerns regarding privacy. Further-
more, many commonly used datasets have been discontinued
owing to recent legal restrictions aimed at protecting the
privacy of biometric data [1].

Today, large-scale datasets are essential not only for perfor-
mance evaluations but also for training deep neural networks.
However, the use of synthetic fingerprints as training data
has not been extensively investigated. To the best of our
knowledge, only one recent study [2] has evaluated the impact
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of data augmentation through fingerprint synthesis, specifically
in the context of latent fingerprint reconstruction.

In this study, we aim to analyze how synthetic fingerprint
images can enhance the accuracy of deep neural networks in
fingerprint classification. Fingerprint classification facilitates
fingerprint matching by filtering the database based on the
estimated class, thereby reducing the number of candidates
and speeding up the search process. This task is chosen
for our study because class information is one of the four
types of ground truth provided by model-based synthetic data
generators, the others being identity, frequency maps, and
orientation maps [3], [4]. In contrast, learning-based generators
generally do not supply these types of information and are
primarily used to enlarge the gallery size for performance
evaluations [5], [6]. Considering these factors, we employ the
model-based SFinGe method to generate synthetic fingerprints
for our approach [3].

Far as we know, the SFinGe method is implemented in two
fingerprint generation tools: SFinGe [7] and Anguli [8]. The
SFinGe tool is available in both demo and full versions. The
demo version permits the generation of a single impression
per finger and restricts the total number of generations. The
full version allows for multiple impressions per finger, but
the number of fingerprints that can be generated is still
limited based on the purchased edition. For both versions,
the generated synthetic images cannot be distributed or made
publicly available on the Internet. Conversely, the Anguli tool
is freely available and can be used to generate and distribute
any number of synthetic fingerprint images, including multiple
impressions of the same finger. However, with Anguli, the
extent of degradation in the impressions is not fully control-
lable. Additionally, for both tools, it is not possible to add
extra control parameters for existing degradation types or to
introduce entirely new degradation types.

To analyze different degradation types and levels, generate
multiple impressions of the same fingerprint, and distribute
the synthetic fingerprint dataset for further use and repro-
ducibility, we have implemented our own model-based tool
to generate synthetic fingerprint images. The fundamental
steps are inspired by the SFinGe method [3]. However, many
steps have been modified in order to obtain visually more
realistic synthetic fingerprints and some intermediate methods
are developed from scratch to generate diverse fingerprint
impressions. Unlike the approach in [3],

• A normalization step is added to the ridge pattern gener-
ation to reduce the number of required iterations.,

• ridge discontinuities and irregularities within the finger-
print are modeled using coherent noise,
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• background text and textures are modeled.
The primary contribution of this study lies not in the

generation method itself but in the utilization of the generated
fingerprint impression images for training set augmentation
and the analysis of their impact under different conditions.
While it may seem ideal to have fingerprint experts inspect
and evaluate the realism of the generated impressions, we did
not have access to such expertise. However, this is not the
primary focus of our study. Our main objective is to enhance
deep learning-based fingerprint processing tasks and, in doing
so, demonstrate the fidelity of the generated data. To this end,
fingerprint classification is selected as the test case because
class is one of the few attributes that can be controlled in the
adopted generation method. Furthermore, classification is a
fundamental stage in many fingerprint recognition systems, as
it can reduce the number of required comparisons and decrease
the response time of matching algorithms.

Finally, a dataset of synthetically generated fingerprint
impression images is made publicly available to ensure the
reproducibility of the results and facilitate further analyses
(GitHub repository to be disclosed). The dataset comprises
12,500 samples, with 2,500 images for each of the five
NIST standard classes: Right Loop, Left Loop, Whorl, Arch,
and Tented Arch (Figure 8b). Each image is accompanied
by frequency and orientation maps, minutiae locations, and
identity information. Additionally, the experiment codes are
also open-sourced.

II. RELATED WORK

Research on the impact of training set augmentation using
synthetic fingerprint images is relatively sparse. To our knowl-
edge, only one publication [2] has conducted an analysis along
these lines. In that study, latent fingerprints are synthesized for
training a reconstruction network aimed at transforming low-
quality fingerprint images into ridge images through pixel-
level binary classification. The enhancement in reconstruction
quality was correlated with improved matching performance,
as demonstrated through quantitative assessment, highlighting
the efficacy of the proposed training set augmentation. In
contrast, other studies referenced in this section primarily
focus on generating fingerprints to expand the gallery used
for testing purposes.

Each technique possesses distinct advantages and disad-
vantages. Model-based techniques involve decomposing the
generation process into discrete sub-tasks, necessitating signif-
icant engineering skill and domain expertise. For instance, in
a model-based fingerprint generation pipeline, (I) a fingerprint
class is selected, (II) corresponding singular point coordinates
and ridge orientations are assigned, (III) ridge frequency maps
are generated, (IV) ridge patterns are synthesized using filter-
ing techniques, and (V) fingerprint impressions are created
by applying degradation processes to the synthesized pattern.
However, numerous assumptions are made at each step; for
example, many model-based methods assume independence
between ridge orientations and minutiae locations, which may
lead to unrealistic minutiae configurations [12]. Nevertheless,
model-based techniques offer advantages such as not requiring

training data and inherently providing various ground truth
labels on generated images, which are crucial for training
purposes.

In contrast, learning-based methods necessitate a substantial
number of training samples to effectively learn fingerprint
generation. Although they produce ”black-box” generators,
limiting the direct extraction of detailed fingerprint metadata,
they generally yield statistically more realistic samples com-
pared to model-based techniques.

A. Model-based methods

In [9], a model-based technique for fingerprint generation
is proposed. The process begins with the generation of a
master fingerprint, which serves as the basis for producing
multiple impressions. Initially, a fingerprint shape is defined,
and a ridge orientation map is calculated using a mathematical
model based on zero-pole patterns [10], loop, and delta coor-
dinates. Subsequently, a ridge frequency map is generated by
visually inferring from multiple real fingerprints, followed by
the synthesis of a ridge pattern image using iterative Gabor
filtering [11] applied to a randomly initialized image. The
resulting image is then thresholded to obtain a binary master
fingerprint image. To create different impressions, three types
of synthetic distortions are applied to the master fingerprint.
First, morphological operations are employed to simulate wet
or dry skin conditions. Second, non-linear transformations are
used to mimic skin elasticity. Lastly, ridge discontinuities and
irregularities are modeled by adding various white blobs of
different shapes and sizes to the fingerprint image.

In [3], the SFinGe approach is introduced as an advance-
ment over its previous version [9], aiming to generate more
realistic fingerprint impressions. SFinGe includes additional
distortions such as random rotation and translation of the ridge
pattern to simulate different finger placements in an image.
It also incorporates a realistic background generated using a
mathematical model based on the Karhunen-Loeve transform,
which is superimposed with the fingerprint impression. More-
over, instead of uniform noise, coherent noise [20] is proposed
in [21] to enhance variability in impression generation.

In [12], a non-parametric approach models ridge features of
real fingerprints, which are then sampled to create synthetic
features used as inputs to the SFinGe tool [3]. The realism of
generated fingerprints is validated by comparing their feature
densities with those of real fingerprints.

Addressing unrealistic minutiae configurations in synthetic
images generated by SFinGe, [16] employs orientation maps
extracted from real fingerprints to create master fingerprints.
Realness tests are applied to minutiae maps to filter out non-
realistic configurations, resulting in a more realistic database
in terms of minutiae configurations.

In [14], a statistical model is proposed to obtain realistic
fingerprint features, including singular point locations [22] and
minutiae points, trained on publicly available real-fingerprint
datasets. Unlike SFinGe, the ridge generation phase incorpo-
rates AF-FM filters [23].
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TABLE I: Existing model and learning-based methods for fingerprint generation

Model based methods
Method Orientation model Ridge generation Minutiae locations

R. Cappelli et al. [9] Zero-Pole [10] Gabor-Filter [11] Random

SFinGe [3] Zero-Pole [10] Gabor-Filter [11] Random

P.Johnson et al. [12] Zero-Pole [10] Gabor-Filter [11] Statistically realistic [13]

Q.Zhao et al. [14] Zero-Pole [10] AF-FM [15] Statistically realistic [13]

C.Imdahl et al. [16] Zero-Pole [10] Gabor-Filter [11] Elimination using a realness test [17]

Learning based methods
Method Learning model
P.Bontrager et al. [18] Wasserstein GAN (WGAN)

K.Cao and A.K.Jain [5] IWGAN and Autoencoder

M.Attia et al. [19] Variational Autoencoder

V.Mistry et al. [6] IWGAN and Autoencoder with Identity Loss

B. Learning-based methods

In [18], a method is proposed to generate synthetic fin-
gerprints using deep neural networks aimed at attacking
fingerprint-matching systems. The approach involves train-
ing a Wasserstein Generative Adversarial Network (WGAN)
and evolving latent variables of the generator network using
The Covariance Matrix Adaption Evolutionary Strategy. This
method searches for a fingerprint that matches a large number
of other fingerprints.

In [5], fingerprints are generated using Improved WGAN for
which a Convolutional Autoencoder with a 512-dimensional
latent vector is trained and used to initialize the generator
of WGAN. This approach demonstrates improvements in
fingerprint quality and diversity.

In [19], fingerprints are generated using Variational Au-
toencoders (VAE). The method ensures that the generated
samples match the distribution of real fingerprint datasets via
latent vectors. During training, an image x in the input image
space X is mapped to a latent vector z in the latent vector
space Z by an encoder. The training maximizes PQ(x|z),
where the encoder learns the mapping of latent variable
vectors (µ, σ2). These variables are used to sample the latent
vector z, which is then used by the decoder to generate an
output image. Synthetic fingerprints are generated by feeding
randomly generated 32-dimensional vectors into the decoder.

In [6], a method that is capable of generating more real-
istic fingerprints in terms of minutiae count, direction and
spatial distribution is proposed. Following initialization with
I-WGAN as described in [5], an identity loss is incorporated
into the generator’s objective during training to ensure the
generation of unique identities.

III. FINGERPRINT GENERATION

A model-based generation method is adopted for the fol-
lowing reasons:

• Data scarcity: There is a limited number of publicly
available fingerprint datasets, which poses a challenge for
training data-intensive deep generative networks.

• Meta-data availability: It is crucial to obtain meta-
data for the generated fingerprints. This study aims to

produce synthetic data suitable for training deep neural
networks for various tasks such as minutiae extraction,
orientation field estimation, ridge frequency estimation,
and fingerprint classification. Providing labels is essen-
tial, and model-based techniques are well-suited for this
purpose.

• Multiple impressions: Training fingerprint matching sys-
tems requires multiple impressions of the same finger.
The model-based method allows the creation of different
impressions from the same master fingerprint.

A. Master Fingerprint Generation

A master fingerprint is an image that represents the ideal
impression of a ridge pattern from a ”synthetic finger” [9]. It
is devoid of any noise or external factors that cause variations
in fingerprint images captured from the same finger. While
the master fingerprint of an actual finger is not accessible,
fingerprint enhancement methods aim to obtain a close ap-
proximation.

This study adopts an approach similar to SFinge [3] to
generate master fingerprints. After constructing the orientation
and frequency maps, a ridge pattern is developed by iteratively
applying pixel-specific Gabor filters to a randomly initialized
image. Unlike SFinge, this method considers variations in
fingerprint area during acquisition and incorporates these vari-
ations into the impression generation process.

Orientation images

Orientation images designate principal ridge directions for
each pixel on the master fingerprints to be generated. These
images must adhere to strict smoothness constraints, as closely
positioned ridges have similar orientations, and they must
conform to a limited number of ridge pattern types. To achieve
this, the zero-pole model proposed by Vizcaya and Gerhardt
[24] is utilized, as employed in [3]. This model is based on
the work of Sherlock and Monro [10], which computes the
orientation (Θ) image in a complex plane using a complex
rational function that incorporates delta (Sdi

) and loop (Slj )
locations. (Eqn. 1)
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(a) (b)

Fig. 1: Orientation maps generated by (a) zero-pole model
output superimposed with an actual fingerprint image and (b)
sinusoidal model output

Fig. 2: Frequency image generation using coherent noise

Θ = 1
2

[∑nd

i arg(z − Sdi
))−

∑nl

j arg(z − Slj ))
]

(1)

However, this model does not fit very well on real finger-
prints and suffers from low variability. In [24], a piece-wise
linear correction function (g) that corrects the phase angle of
each singularity is used. (Eqn. 2)

Θ = 1
2

[∑nd

i gdi(arg(z − Sdi))−
∑nl

j gli(arg(z − Slj ))
]

(2)

This model is capable of generating accurate orientation
fields using singular point locations for four major pattern
types: left loop, right loop, tented arch, and whorl classes.
However, since the arch class lacks singular points, its ridge
flow is simulated using a sinusoidal function. For each pixel,
orientation is calculated using Eqn. 3.

Θ = β sin(f(x)) (3)

The function f(x) defines a uniform mapping between the
x coordinates of image pixels and the interval [π2 ,−

π
2 ]. The

parameter β adjusts the amplitude of this mapping. To enhance
the variability in generated orientations, similar adjustments
are made as in Vizcaya and Gerhardt’s method, where arch
center coordinates are used instead of loops and deltas. Sample
orientation images generated using the zero-pole model [24]
and the sine-based approach are illustrated in Figure 1.

Frequency images

Ridge frequency determines the density of ridges per unit
length along the perpendicular direction on a fingerprint. It

Fig. 3: A ridge pattern generated at different iterations and
after thresholding

varies non-uniformly across the whole fingerprint area and is
influenced by many factors such as distances to the existing
singular points or the fingerprint borders. Additionally, these
frequencies often exhibit smooth transitions between neigh-
boring local regions.

For SFinGe, frequency images are generated according to
some observations on real fingerprints, such as the decrease in
frequency above the northernmost loop and below the south-
ernmost delta [25]. To increase variations in the generated
fingerprint images, a less constraining approach is followed in
this study, and ridge frequencies are synthesized as coherent
noise maps. Three random noise images are generated at
different resolutions (2x2, 3x3, and 5x5) and then scaled to
the same size (400x400) using bi-cubic interpolation. The final
frequency image is obtained by adding them and normalizing
the outcome (Figure 2).

Ridge Patterns

Using the orientation and frequency values of each pixel,
ridge patterns are iteratively formed by convolving a random
initial image with Gabor filters. To optimize computation, the
orientation (θ) values are discretized into 20 bins in the interval
0 ≤ θ ≤ π, while the frequency (f ) values are discretized 100
bins in the interval 0.11 ≤ f ≤ 0.17. The response image is
normalized after each iteration to suppress high responses and
enhance low responses. After several iterations, the resulting
patterns are binarized using mean thresholding (Figure 3).

To obtain minutiae labels for the generated fingerprints, they
are detected on the response images prior to thresholding. In
these images, ridges and valleys manifest as extremities, while
minutiae points occupy intermediate values. Leveraging this
characteristic, the response image is normalized to the range
[−1, 1] and a probability map P , indicating the likelihood
of each pixel being a minutia, is computed using Eqn. 4.
Subsequently, the probability map undergoes thresholding and
median filtering. The resulting image is then skeletonized, and
minutiae locations are detected using maximum suppression
algorithm.

P (X) = 1−
∣∣ tanh(X)

∣∣ (4)
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Fig. 4: Non-linear distortions simulated by Piecewise Affine
Transformations

Fig. 5: Skin conditions simulated with various T

Creases

In real fingerprints, ridge lines can be interrupted by creases
of varying lengths and thicknesses. These creases are modeled
in this study as ellipses, where L represents the major-axis
length and T denotes the minor-axis length. Each ellipse is
applied to the master fingerprint image at randomly selected
positions and orientations, following deformation through
piece-wise affine transformations.

B. Impression Generation

Once a master fingerprint is obtained, multiple impressions
can be generated by simulating various acquisition conditions.
This study models impression variations introduced by six
different real-world factors.

Contact area

The contact area of a fingertip on a surface varies depending
on the pressure applied by the finger and the angle of the finger
relative to that surface. In this study, contact areas are modeled
as ellipse-like shapes using the approach proposed in [25].

Pose

Pose changes are induced by rotation (R), translation
(Tx, Ty) and scaling (S) operations. The R parameter is
randomly sampled from a range of [−12◦, 12◦], Tx and Ty

parameters are randomly sampled from a range of [−30,+30]
pixels and the S parameter is randomly generated from a range
of [0.85, 1.15].

Non-linear distortions

Impressions from the same finger may vary due to non-
linear distortions caused by different placement and pressures
of the finger against the surface. To model these distortions, a

(a)

(b)

Fig. 6: Skin conditions simulated with respect to T (a) Im-
pressions with uniform noise of probabilities of 0.25, 0.50
and 0.75 (b) Non-uniform probability map, ink density map,
and the generated fingerprint

Fig. 7: Example generated backgrounds

grid is overlaid on the fingerprint and deformed by applying
Piecewise Affine Transformations by M pixel, where M is
the movement parameter and randomly sampled for each grid
segment from the interval [−7,+7] (Figure 4).

Skin conditions

Ridge thickness in the fingerprints varies based on skin
conditions; they are thinner under dry conditions and thicker
with moisture. These variations are simulated using morpho-
logical operations applied to the master fingerprints. The ridge
thickness is controlled by a parameter T , which determines the
number of erosion or dilation operations applied to simulate
dry and wet fingertips, respectively. For each impression, T is
uniformly sampled from the interval [−4,+4], where negative
values correspond to erosion and positive values to dilation.
Before applying these operations, the master fingerprints are
scaled up by a factor of 4 before these operations to introduce
more variability in ridge thickness (Figure 5).

Noise

Noise causes ridges discontinuities and local blurs in fin-
gerprint images. To simulate these effects, a probability map
is generated to determine whether a ridge pixel in the master
fingerprint should remain or be eliminated. For instance, a
uniform probability over the image creates a homogeneous
ridge disappearance (Figure 6a). However, real fingerprint
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(a)

(b)

(c)

Fig. 8: (a) Fingerprint classes from NIST SD4 dataset [26]: left-loop, right-loop, tented arch, arch, and whorl classes. Loops
are shown by yellow circles, and deltas are shown by red triangles. (b) Generated synthetic fingerprint examples for each class.
(c) Real fingerprint examples from the NIST SD4 dataset for each class.

noise exhibits non-uniform behavior. To better reflect this,
probability maps are generated similarly to coherent noise
maps used for frequency images. These maps are scaled
between 0 and 1 using min-max normalization (Figure 6b).

Background

Fingerprints are simulated to mimic imprinting on cards
using ink and subsequent digitization by scanning, akin to
the NIST SD4 dataset [26]. This dataset often includes fin-
gerprint images with a paper background featuring additional
horizontal or vertical lines, annotations, marks, and stains. To
replicate this scenario, coherent noise is employed to generate
paper-like backgrounds. Subsequently, lines, dots, marks, and
annotations such as digits or class labels are randomly added
to the background at various locations and scales (Figure 7).

IV. EXPERIMENTS AND RESULTS

Fingerprints are categorized into five primary patterns based
on the ridge lines: left loop, right loop, tented arch, whorl, and
arch. This categorization displays a crucial role in reducing
search space and subsequent search time for fingerprint match-
ing. By comparing the queried fingerprint only with those of

the same class, the accuracy of the fingerprint classification
module significantly influences the overall performance of
fingerprint recognition systems.

Traditional methods for fingerprint classification rely on the
extraction of global (level 1) features such as ridge line flow
and singular points, which are either of type core or delta, as
shown in Figure 8a. Some notable studies include [27], [28],
[29], [30]. More recently, deep learning algorithms, particu-
larly convolutional neural networks (CNNs), have achieved
high accuracy in fingerprint classification. These approaches
use the fingerprint image directly as input and automatically
learn relevant features for classification. The pioneering work
by [31] introduced a stacked sparse autoencoder (SAE) neural
network for learning a compact representation of fingerprint
orientation fields, followed by subsequent studies [32], [33],
[34], [35], [36], [37], [38]. However, the potential of these deep
models is limited by the availability of large-scale, publicly
accessible datasets for fingerprint classification.

For this study, synthetic fingerprint images that are known to
belong one of the five classes are generated using the proposed
method. An example synthetic fingerprint image for each class
is given in Figure 8b.

The training efficacy of the generated dataset is evaluated
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(a) (b)

(c) (d)

Fig. 9: (a) Classification performances only with synthetic training data (b) Classification performances in Group 1 experiments
with VGG and (c) ResNet (d) Classification performances in Group 2 experiments

using the NIST SD4 dataset [26], which comprises 4000
grayscale fingerprint images sized 512x512, obtained from
2000 fingers. An example image for each fingerprint class
are depicted in Figure 8c for comparison with the generated
images.

The dataset is evenly divided into training and test sets with
uniform distribution over five classes. The experiments are
designed to achieve two main objectives: firstly, to determine
whether synthetic fingerprints can effectively train fingerprint
classification networks and achieve accurate results on real
data, and secondly, to evaluate the impact of the proposed im-
pression variations on performance. To this end, seven datasets
are created that contain 8000 images with 1600 samples per
class: Two with all variations and with (V0) and without
post-processing (V6), five with one variation type excluded
and with post-processing (V1-V5 for skin conditions, non-
linear distortions, pose, noise, and background, respectively).
In the initial experiments, only synthetic data is employed for
training to evaluate the impact of impression variations on the
results. A second set of experiments is conducted to assess
the extent to which the synthetic fingerprints can enhance the
performance when used as extra training data. All experiments
are conducted using ResNet18 [39] and VGG19 [40], both
with and without pre-training on the ImageNet [41].

A. Synthetic fingerprints as the only training data

This experiment evaluates classifier performance using ex-
clusively synthetic data for training and analyzes the impact
of post-processing and impression variations on accuracy, as
shown in Figure 9a.

When no pre-training is used, pose variation (V3) and noise
(V4) are observed to be rewarding in terms of performance.
On the contrary, the exclusion of the background (V5) has
increased the accuracy of ResNet, suggesting potential model
confusion with background information rather than the finger-
print itself. VGG accuracy declines without post-processing
(V6), likely due to differing intensity distributions between
synthetic and real images, hindering generalization to real
fingerprints.

With pre-training, performance notably improves accross
most cases. Noise (V4) remains to be the most influential
on the classification performance. On the other hand, pose
variations (V3) lose significance. This is possibly because
pre-trained models are adept at handling rotation, scale, and
translation variations. However, ImageNet does not include the
kind of noise observed on fingerprint images, and removing it
causes a crucial loss of information.

Copyright © BAJECE ISSN: 2147-284X https://dergipark.org.tr/bajece

BALKAN JOURNAL OF ELECTRICAL & COMPUTER ENGINEERING,     Vol. 13, No. 2, June 2025                                            200

https://dergipark.org.tr/bajece


B. Synthetic fingerprints as extra training data

Two sets of experiments are conducted using the V0
dataset to assess classification performances when synthetic
fingerprints are employed as additional training data. Firstly,
increasing the size of the real training set is matched with its
synthetic counterpart. Secondly, the number of real samples
in the training set is fixed while increasing the number of
synthetic samples added.

Group 1 experiments are conducted with mixed training
sets that are composed of N synthetic and N real data. Their
performance is compared with the real training set of size 2N.
Results for N=125, 250, 500, 1000, 2000 are given in Figure
9b and 9c. Notably, VGG without pre-training fails to converge
with a training set of size 125 real samples.

With half of the training dataset consisting of synthetic,
networks achieve comparable results to those trained solely
on real images. More importantly, when the mixed dataset
performances are compared with the real dataset performances
with the same number of real images (N real+N synthetic vs. N
real), the results reveal that adding synthetic data increases the
performances in nearly all cases. Naturally, this improvement
converges as the real dataset size increases.

Pre-trained VGG fine-tuned with a mixed dataset of size
4000 achieves the highest accuracy with 95.30%, outperform-
ing the same model fine-tuned with all of the 2000 images in
NIST SD4 training set, which achieves 94.80%.

Group 2 experiments are conducted to observe the impact
of incrementally adding synthetic training data of varying sizes
on classification accuracies. To this end, 1000 real fingerprint
images from NIST SD4 are used as the base training set, and
it is gradually augmented with synthetic samples. Results with
0, 250, 500, 1000, and 2000 additional synthetic images are
given in Figure 9d.

Significant performance improvements are observed without
pre-training for both models. Similar trends are noted for pre-
trained ResNet. However, less pronounced effects are observed
on pre-trained VGG. The leading cause for this result can be
explained by the fact that fingerprint classification is not a very
complex task, and the pre-trained VGG is already accurate
due to the knowledge transferred from object classification on
ImageNet. As such, 1000 real fingerprint images suffice to
effectively fine-tune the classifier.

V. CONCLUSION

Motivated by the scarcity of publicly available datasets
in the fingerprint domain, this study endeavors to generate
realistic synthetic fingerprints and assess their efficacy in
training deep learning systems. A model-based approach is
employed, involving two primary stages: the generation of
master fingerprints and ensuing impressions. Initially, master
fingerprints representing five distinct classes are synthesized,
capturing the idealized ridge patterns specific to each class.
Subsequently, these master fingerprints undergo simulation
of real-world variations such as skin conditions, non-linear
distortions, pose variations, noise, and diverse backgrounds.

The experimental evaluation focuses on the performance
of synthetic datasets in fingerprint classification task using

two prominent deep neural network architectures, VGG and
ResNet. Remarkably, classifiers trained exclusively on syn-
thetic data achieve classification accuracies exceeding 80%
on real test datasets. Furthermore, augmenting real training
sets with synthetic samples consistently enhances classification
performance, particularly beneficial when real dataset sizes are
limited.

These findings underscore the potential of synthetic data
generation techniques in addressing data scarcity challenges in
fingerprint analysis. By effectively mimicking real-world vari-
ability, synthetic fingerprints not only facilitate robust training
of deep learning models but also contribute to improving their
generalization capabilities. Future research directions could
explore refining synthetic fingerprint generation techniques
to simulate additional real-world complexities and expanding
evaluation across broader datasets and fingerprint analysis
tasks.
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