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METHOD FOR COMPARING FINGERPRINTS BASED
ON A PREVIOUS ALIGNMENT MODEL

The subject of this article is the development and analysis of a new method for comparing fingerprints that uses the geometric
Euclidean characteristics of minutiae for biometric identification. The research focuses on minutiae — special points of interruption or
bifurcation of papillary lines — as key biometric features, contrasting them with traditional global and local descriptors such as SIFT,
HOG, or LPQ. The purpose of the article is to develop a robust and efficient fingerprint comparison method that uses Euclidean
geometric characteristics of minutiae and pre-alignment to improve the accuracy of biometric identification without relying on
machine learning. The research task was performed in three stages: first, studying the theoretical provisions of minutia-based
descriptors and their invariance to affine transformations (shift, rotation, scaling); second, development of a model using a shift vector
and distance functions for matching minutiae; third, experimental verification of the model, determination of optimal parameters, and
evaluation on a standard data set. Methods include theoretical analysis and experimental evaluation. The theoretical basis establishes
the stability of alignment to shifts. The descriptor is formed through minutiae coordinates, distance functions, and alignment
optimization. An image processing algorithm with filtering and minutiae analysis is used to extract features. The results are achieved
through experimental verification on the FVC2000 (DB1_B) dataset and demonstrate high performance, as evaluated by classification
metrics and execution time. Conclusions indicate the theoretical and practical achievements of the research. The model demonstrates
theoretical and practical resistance to Euclidean shifts, with advantages for processing prints from different scanners. Experiments
confirm the effectiveness of shift detection, achieving a high Van Rijseberg score (0.735), although dependence on positive matches

requires additional filtering of false positives. The method is workable and can be applied in practice.
Keywords: dactyloscopy; fingerprints; preliminary alignment; minutiae; biometric identification; affine transformations;
tensor representation; machine learning; FVC2000; binary classification metrics.

Introduction

Dactyloscopy, which emerged as a science in the
second half of the 19th century, remains relevant in the
21st century thanks to the uniqueness of papillary lines
and the ease of obtaining prints. The study of the
structure of fingerprints and the discovery of the
exceptional properties and shapes of papillary patterns
were carried out by British pioneers: Sir William James
Herschel, a colonial administration official in Bengal,
Henry Folds, a Scottish doctor in Japan; and Sir Francis
Galton, a British researcher. Their work laid the
foundation for the use of dactyloscopic methods in
identification and forensics, ensuring significant
competitiveness compared to the system proposed
by French researcher and lawyer Alphonse Bertillon [1].
The greater resistance of fingerprints to change,
combined with the ease of taking them compared
to the Bertillonage procedure, gave fingerprinting
an advantage in the 20th century, especially with the
progress of computer technology.

One of the key milestones in the development of
fingerprinting was the transition of criminalistics to
automated fingerprint identification systems (AFIS)
during the 1970s and 1980s, primarily in Western Europe

and the United States. The evolution of computer
technology, databases, and the ability to automatically
search for image fragments without human intervention
significantly accelerated the processing of biometric
information and reduced storage resources — cumbersome
fingerprint card indexes were replaced by electronic
storage. The second important milestone was the
improvement of computer vision tools and machine
learning methods, which made it possible to study the
details of papillary patterns in greater depth and expanded
the variety of approaches to fingerprint matching.
This has ensured the competitiveness of fingerprinting in
the 21st century compared to new biometric methods
such as facial or iris recognition.

Despite significant progress in fingerprinting in the
20th century, it faces a number of challenges that remain
partially or completely unresolved even in the 21st century.
Fingerprinting methods are sensitive to the quality of the
prints, which depends on finger pressure, skin condition,
or scanner performance. Issues of distortion (shifting,
scaling, inversion, or rotation of prints) remain partially
unresolved. Modern fingerprinting systems must meet
requirements for quality and speed of results.

These features and contradictions confirm the
relevance of developing new methods for recognizing and
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comparing fingerprints. This study proposes a fingerprint
comparison method based on the geometric Euclidean
characteristics of minutiae and preliminary alignment for
effective  biometric identification with minimized
distortion without the use of machine learning.

Analysis of the problem and existing methods

Recent works describe new problems and challenges
in fingerprint processing and matching. For example,
Machado et al. (2025) consider aspects of working with
newborn fingerprints [2], while Raj et al. (2020)
investigates the nature of latent fingerprints and their
application [3]. Affine transformations, such as scaling,
translation, and rotation, can significantly affect the
quality of the system. Guan et al. (2025) investigated the
problem of matching and aligning partial prints [4], while
Wang et al. (2025) proposed a model to overcome these
limitations, which includes not only the patterns of all
fingers, but also the patterns of blood vessels (veins) [5].
This largely determines the divergence of methods for
applying fingerprints and their processing. Equally
important is the aspect of biometric ADIS performance,
especially given the increasing prevalence of fingerprint
scanners in consumer electronic devices. Ravulakollu
et al. (2025) proposed a fast few-shot learning method
for establishing and recognizing latent fingerprints [6].

The challenges outlined above for modern fingerprinting
systems determine the variety of approaches used in
current research. Structurally, they can be divided into the
following groups: methods that use minutiae (or Galton
points); methods based on the structure of fingerprint
ridges; various models of fingerprint alignment (both
with and without the introduction of machine learning
methods); methods of comparing prints using machine
learning methods, as well as other methods and models
intended for limited use.

Methods based on minutiae are among the key ones
in modern approaches to fingerprint comparison. Minutes
(or Galton points) are specific points on a fingerprint that
mark the beginning or end of one or more papillary lines.
The most important points for study are the points where
the papillary pattern is interrupted and the points where it
splits. Their advantage is the uniqueness of the aggregate
set and the relative ease of recognition, but minutiae
are very sensitive to image artifacts and interference.
Maltoni et al. (2009) systematized approaches to
minutiae extraction, which have become the standard
in fingerprinting [7]. lbragimov et al. (2025) summarized
pore detection methods (level 3) for latent and partial

prints, proposing a basic detector and comparing it
on the PolyU-HRF, L3-SF, and lITI-HRF datasets [8].
Mani et al. (2024) developed a two-stage authentication
method that uses contour, edge, and line extraction with
Euclidean distance and mutual information matching,
achieving high accuracy [9].

Crest-based methods analyze the entire papillary
pattern, unlike minutiae, which are only a unique
structure of pattern intersections. On the one hand, this
complicates processing, since it is necessary to extract
specific lines rather than points. On the other hand, the
pattern structure is more unique than a set of points and
less prone to artifacts. Gu et al. (2006) proposed a method
of combining ridges and minutiae, improving
performance on FVC2002 [13]. Li et al. (2021)
introduced a ridge pattern analysis algorithm that is
robust to low image quality [14].

The next group of methods is alignment and correction
of impressions. They are necessary for preliminary
operations to extract ridges and minutiae most accurately.
Chen et al. (2006) applied RANSAC for alignment based
on coordinates and minutiae angles [10]. Jain et al. (2007)
used orientation fields for coarse alignment at high
resolution [11]. Guan et al. (2024) proposed a multi-task
CNN transformer network for joint face verification and
partial fingerprint alignment, improving accuracy on the
NIST SD14 and FVC datasets [4]. Dias et al. (2025)
developed a super-resolution method for newborn prints
using Vision Transformer, improving noise-free details
with a 10% increase in accuracy [2]. Zhang et al. (2022)
implemented an optimized alignment algorithm that
reduces computational costs [12].

Machine learning methods are presented in
a significant number of studies. Their main advantage is
their resistance to image artifacts and transformations,
which makes these methods universal for working with
images. The disadvantage is the high-performance
requirements necessary for working with virtually any
artificial intelligence model, which makes the development
of high-performance machine learning-based models
a priority. Wang et al. (2023) proposed a localized deep
representation (LDRF) that combines alignment and
feature extraction [15]. Liu et al. (2021) applied
transformers for an interpretable fixed-length fingerprint
representation [16]. Kim et al. (2022) developed hybrid
neural networks that improve matching in noisy
environments [17]. Yang et al. (2021) proposed a deep
learning model for complex patterns that is resistant to
deformations [18]. Park et al. (2020) implemented
an algorithm that minimizes the impact of low image
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quality [19]. Ravulakollu et al. (2025) applied few-shot
learning with a prototype network based on DenseNet121
for latent fingerprint recognition, achieving an accuracy
of 91.66% on the I1IT-D dataset [6].

The last group of methods has a narrow purpose.
For the most part, they solve a specific problem, but
the proposed approaches and solutions may also be
of interest in the general context of matching and
identification. Zhao et al. (2025) developed a technique
for latent prints that improves identification at crime
scenes [20]. Xu et al. (2025) proposed a method for partial
prints based on local correlations [21]. Lee et al. (2024)
implemented a secure matching protocol with encrypted
information [22]. Choi et al. (2023) improved encryption
protocols for biometric systems [23]. Wu et al. (2025)
proposed a method for removing interfering minutiae
from latent fingerprints [24]. Han et al. (2024) optimized
computations for ADIS [25]. Kim et al. (2023) presented
architectures for improving accuracy [26]. Park et al. (2023)
developed deep learning for complex deformations [27].

Table 1. Comparison of fingerprint matching methods

Lim et al. (2020) implemented adaptive filtering for
preprocessing [28]. Sathya et al. (2020) improved latent
prints with linear feature extraction, achieving
an accuracy of over 80% [3]. Wulandari et al. (2021)
developed an identification system with edge detection
and GLCM, achieving an accuracy of 83% [29].
Patel et al. (2021) proposed a technique for high-noise
fingerprints [30]. Wang et al. (2024) created a contactless
multimodal system for four-finger fingerprints and
veins with the ACFNet network, achieving an EER
of 0.07% [5]. Yu et al. (2025) implemented 3D
fingerprint unfolding with B-spline for 2D recognition,
with an EER ranging from 0.2072% to 1.50% [31].
Calderon-Calderon et al. (2025) proposed a method
for improving the quality of prints for low-resolution
scanners, increasing image clarity and facilitating feature
extraction, which is particularly useful for inexpensive
consumer devices [32].

A comparative analysis of the groups of methods
is presented in Table 1.

. . Computational
0,

Method Features Noise resistance | Accuracy, EER (%0) complexity Data nets
Minutiae Galton points low 1-2 low FVC, PolyU-HRF
Rows papillary patterns medium 0.5-1 medium FVC2002
Alignment coordinates, orientation medium 0.3-1 high NIST SD14, FVC
Machine learning | deep features high 0.4-1 very high IIT-D, NIST

Analysis of research confirms the relevance of Research objectives:
developing new methods for comparing fingerprints using —to analyze existing fingerprint processing

minutiae features. Machine learning methods are often
cumbersome and unsuitable for simple application scenarios.
However, it is necessary to take into account the problems
outlined by the authors, in particular image artifacts during
minutiae recognition, the need for preliminary alignment, etc.
The proposed pre-alignment method is based on Euclidean
characteristics of minutiae, minimizes the impact of
affine transformations, and optimizes computational
complexity, making it suitable for real-time applications.

Purpose and objectives of the research

The purpose of this research is to develop a robust
and efficient fingerprint comparison method that uses
Euclidean geometric features of minutiae and pre-
alignment to improve the accuracy of biometric
identification without relying on machine learning,
ensuring computational efficiency and suitability for real-
time operation in the presence of noise, artifacts, and
affine transformations.

methods, evaluate their robustness to noise, artifacts, and
affine transformations such as shift, rotation, and scaling;

— to develop a mathematical model for fingerprint
comparison based on pre-alignment, relying on tensor
representation of images, shift vector, and minutiae
matching using distance function and tolerance ratio;

— to implement a software solution for practical
application of the model using image processing tools
and high-performance computing;

— to perform experimental verification of the model
on the standard F\VC2000 (DB1_B) dataset using binary
classification metrics and measure the execution time;

—to determine the optimal parameters to ensure
a balance between the accuracy and performance
of the method.

Fingerprint comparison method

Within the scope of the outlined research objectives
and tasks, we propose to consider a method of comparing
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fingerprints based on a pre-alignment model. Earlier, we

pointed to the problem of pre-alignment as one of the

most important stages of biometric fingerprint matching.

To this end, we present a mathematical model of the method.
Let there be a vector space V :

V=R @)
where R — field of real numbers.
Let's introduce the basis of the vector space V :
Vi e[l,'S]mZ:Elei eV

e, =(10,0) ?
e, =(0,1,0)
e, =(0,0,1),

where e; — basis vectors.

Then we define a pixel as a tensor of type (1, 0).
Here and below, the notation a'b, refers to Einstein's
notation for tensors.

vp' €[0,255]nZ:p=p'e, peV, (3)
where p' — integer pixel components; p — first-order
contravariant tensor.

Let's introduce vector spaces H i W :

H=VIif |[Vme[LM]|nZ}, f eH,
[ fm e [M]2) o

w =V {f, f eH,

vne[L,N]nZ},
where V — linear span of vector space elements; f,, and
f, — basis space vectors; M and N — space dimensions
(width and height).

Then we define the image as a tensor of type (3, 0):
P=P™(f ®f ®¢), PcHO®W®V, (5)

where P™ — image components; P — third-order
contravariant tensor.

Within specific values of m and n, the image and
pixel components are related:

vm,n,i:P™ =p'. (6)

Since our method is based on the characteristics of
minutiae, we will briefly describe their extraction (since
we are working with a ready-made minutia detector).
Here and further, we will understand minutia as a tuple
of values from a mixed vector space:

M =R*xS'xT
S'=R/2zk VkeZ

~ (7
T={01)

m=(xy,at) VmeM,

where M — minutiae space; S' — factor set denoting the
single circle of minutiae orientation angles; T — set of

minutiae types (bifurcation or interruption); m — minutia
itself is a set of four values.

Then the minutiae detector

O:P>M, (8)

where @ —reproducing the image in minutiae space.

Since the pre-alignment model is available to us and
works with a set of minutiae for an image, we will also
describe it:

A:2Y x2M 5 R?, 9)
where 4 — reproducing the space of minutiae sets into
a vector of image shifts relative to each other, 2 — a set
of all subsets.

Let us assume that, as a result of applying operators
@ and A, we obtain a shift vector s for two images P,
and P,. Then, the first step of the procedure will be to
align the second image with the first one:
o,:M >N

o, (M) =(x+AX,y+Ay,a,t), (10)

where o is the image shift operator; Ax and Ay are
components of vector s.

We assume that the shift model should correctly
describe the same fingerprint under different affine
transformations. However, this should imply the

equivalence of two fingerprints. Therefore, we formulate
the working hypothesis as follows:

VPP, eP:3seR*:s=A(D(P,),®(P,))
(D(Pl) ~ O ((D(Pz)) <« Pl = Pz )
where ~ is the equivalence relation between sets of
minutiae, the criterion for which will be given below.
Therefore, we assume that if two sets of minutiae
are equivalent after applying the calculated shift, then we
are dealing with the same fingerprint. Given the structure

of the minutiae tuple, we propose the following criterion
for the equivalence of sets:

(1)

M, [M,[<[M,|
M. |[M,|>[M,|
3G =M G =((M,UM,)/L)u(M,"M,),
ICeN,C=[{meL[Im, eG:m=m,}|

C

m 2 Cthreshold < M1 - Mz '
where L is the smaller of the sets according to the power
criterion; G is the larger of the sets according to the
power criterion; C is the number of minutiae that satisfy

the tolerance ratio; = is the tolerance ratio on the set of

YM, M, cM:3LcM :L:{

(12)
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minutiae; Cy,.aq 1S the threshold value for the number
of tolerant minutiae.

On the space of minutiae M , we define the distance

function and the order relation:

vm, :(XJ.’ y11a1’t1)v m, =(X2,y2,0{2t2)€ M :d (ml’mz):|X1_X2|l|y1_y2|’mink€7/,|al_a2 +2”k|1(t1 Otz)e M

§' = R/277 = ¢"

OeR e’ ="My ¢ Z}

13)

36,=0,9(a)=(0-6,)mod 27, <, <> () < (2,

(X <X)A (Y <Y) A (g <) a(tv—t) o m <m,,

is the XNOR
operator; 6, is the starting reference angle; ¢ is the

where d is the distance function; ©

function that reduces the angle on the single circle

to the range [O, 27). Then we set the tolerance ratio in

the minutiae space:

vm,m,eM:3AmeM :d(m,m,)<Am e m =m, (14)

where Am is the vector of permissible deviation during
minutiae comparison.

vm,Ame M :d(m,m)=i(nf R q,inf R ,,inf[0,27),inf {0,1})

It is easy to see that the definition given in formula (14)
does indeed correspond to the tolerance ratio. It is reflexive:

(15)

vQ,qeQ:inffQ<g—d(mm)<Am—>m=m,

symmetrical:
vm,m,, Ame M :|x|=|-x| > d (m,,m,) =d (m,,m,)
d(m,m,)<Am—d(m,,m)<Am (16)
(m=m,)e(m=m)

At the same time, the relationship is not transitive:

vm,,m,,m;,Ame M :(d (m,m,) <Amad(m,,m,)<Am > d (m;,m,) < Am)

(A7)

((ml:mz)/\(mz :mB))%(ml :ms)-

The procedure proposed in formula (12) does not
guarantee optimality under the condition of a shift search
model found. Moreover, a situation may easily arise when
a threshold value that is not selected accurately enough

will cut off the correct pair of minutiae sets. Therefore,
it is necessary to verify the optimality of the result.

We set the reproduction that takes into account
specific pairs of minutiae matched in formula (12):

S:MxM —>1J, JcR*:|J|=C/|L

S(M,,M,)={m eL|3tm, eG:(m =m,)A(O(m,G)=m,)} > {5(m,m,)}

where O is the optimal matching search function; & is
the Euclidean distance function between minutiae.

The description of the optimal matching search
function should begin with the introduction of the
minutiae similarity metric. Above, in formula (14),
the tolerance ratio is specified, which allows us to
distinguish between previously matching minutiae and
non-matching minutiae. However, in the process of
completely enumerating pairs among two sets of
minutiae, we cannot guarantee that each minutia
of the first set corresponds bijectively to only one
minutia of the second set. Then we will define the
minutiae similarity function:

(18)
vm,m,,AmeM :3M, cRx[O,n]xT,y: MM,
7(m)= (¥ 0(@).t) = (p. A1)
vm, e M, :g(md)=(1/1/x2+ y2,1/a,t)

(19)

VMg, My, e M3 My xMy > R, U{+o}
W(mdllmdz):pl'pz+ﬂ1'ﬂz+(_‘t1/\t2)

A(ml,mz):{zgﬁi(:hr;]mz ))J/(E(Am))), m =m,

where M, is the minutiae space with the transformation
of coordinate components into distance; y is the function

that converts coordinate components and angle; ¢ is the
function that returns a vector of values for normalization;
n is the function of scalar multiplication of minutiae;

A is the similarity function.
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Given the definitions in formulas (13) and (14), we
are interested in minimizing the value of the function,
since this will mean the most accurate match of two
minutiae in the case of A=0. The worst match of
minutiae will be described by the value A =1, and in the
case of a mismatch, the function will have a value of
positive infinity.

Then the function for finding the optimal match
looks like this:

YM;,M, cM,m, e M, :0(m,M,)=argmin A(m,,m,) (20)
m2eM 2

Then we set a recursive description of the result

search function:

R(M;,M,):MxM — NuU{0}

R(MI'MZ): 1)

max 8|,
Be(S(My, 04 (M)} S(My.05 (M, ))|¥5eS (M, 04 (M)}
where B is all possible shift options obtained based on
the results of matching minutiae pairs; s is the initial shift
parameter found using the A ratio (see formula (11)).
Then the result of the method is the following ratio:
R(M. M) > Chresrod < M, ~M,. (22)

= “threshol
L]

YM, M, M :

Therefore, within the framework of the working
hypothesis, we assume that if the number of optimal
minutiae matches in relation to the power of the smaller
of the two minutiae sets exceeds a certain threshold
value, we consider these two minutiae sets
(and, therefore, the two fingerprints) to be equivalent.
The proposed comparison scheme takes into account
both possible affine transformations of images (using
a pre-alignment model) and various detection situations
(differences in artifacts, image quality, etc.).

Program implementation

The proposed mathematical model for comparing
fingerprints, which uses preliminary alignment and
minutiae analysis, can be implemented as a multi-module
software system. The software provides the phases
described in formulas (1)-(22), which facilitates
image processing, feature extraction, and comparison,
taking into account affine transformations and
quality discrepancies.

The following technologies have been implemented
for this purpose: Python and OpenCV for image
processing, C# for high-performance computing, and
ASP.NET for module integration and user interface
interaction. This contributes to the efficiency and
flexibility required for real-time applications [33].

Below is the module structure.

1. The image preprocessor converts the input scan
images of fingerprints, presented as third-order tensors P
(formula (5)), into a form suitable for analysis. Noise
filtering, brightness normalization, and contrast

enhancement of papillary lines are performed using
OpenCV algorithms such as Gaussian smoothing and
adaptive binarization. This minimizes the impact of
artifacts related to skin quality, finger or scanner
P, and P, for further

detection. An example of the detector and preprocessor
in action is shown in Figures 1 and 2.

pressure, preparing images

/i
/

.J--;//';'“{' ;
)
gl S s

Fig. 2. Second scan image of fingerprint

2. The minutiae detector implements the reproduction
of ® (formula (8)), extracting minutiae — special points
of prints, such as interruptions and bifurcations of
papillary lines. Each minutia is represented by a tuple m
(formula (7)), where x, y are coordinates; « is the
orientation angle; t is the type. An open detector based
on skeletonization and local analysis algorithms
from OpenCV is used. The result is sets of minutiae for
images P, and P, , shown in Figures 3 and 4 for a pair

from the FVC2000 (DB_1B) dataset.
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Fig. 3. Results of detecting the first scan image
of the fingerprint

0

129

258

0 369

Fig. 4. Results of detecting the second scan image
of the fingerprint

3. The alignment model implements the
mapping A (formula (9)), calculating the shift vector s
for aligning the images. Based on the minutiae sets,
the coordinates and orientations are analyzed, and the
optimal shift is determined. The Python implementation
uses NumPy for efficient computations. The operator o
(formula (10)) is applied to image P,, correcting its
position relative to P,. This compensates for the affine
distortions observed in Figures 1 and 2.

4. The fingerprint matching method is implemented
as a separate module and works with matching indices,
calculating the distance function d (formula (13)) and
similarity 4 (formula (19)) for pairs of minutiae from
sets L and G. The tolerance ratio = (formula (14)) cuts
off mismatched pairs, taking into account the permissible
deviations y(Am). The function 2 minimizes deviations

angles, and minutiae  types.
in C# ensures high performance,

in  coordinates,
Implementation

and integration with Python via API allows the use
of numerical libraries for tensor  operations.
The equivalence criterion (formula (12)) and the search
for the optimal match O (formula (20)) are also
implemented. Based on the shift vector s and a recursive
approach (formula (21)), pairs of matching minutiae are
determined by minimizing A . The ratio (formula (22))
compares the number of optimal matches C with
the threshold value C,, .4, confirming the equivalence

of the prints. For a pair of images from FVC2000
(DB_1B) (see Figs. 1 and 2), the similarity score was
0.62 (in the range of 0-1), which preliminarily confirms
the satisfactory performance of the method. The module
is implemented on ASP.NET for integration with
databases and the interface.

Hardware implementation

To ensure reliable results and efficient
processing, all experiments were performed on a high-
performance computing system. A workstation with
an Intel Core i9-13900K processor (24 cores, 32 threads,
base clock speed of 3.0 GHz, maximum clock speed
of 5.8 GHz) and 64 GB of DDR5 RAM running at
5,200 MHz formed the basic hardware configuration.
A 2 TB NVMe SSD was used for fast data transfer
and access. To ensure compatibility with the software
frameworks used in the experiments, the system was
configured to run on Windows 11 Pro Build 26100.

Planning and description of experiments

The experiments in this study used the Fingerprint
Verification Competition (FVC2000) DB1 B dataset,
which is recognized as the gold standard for evaluating
fingerprint recognition systems. Launched during the
first fingerprint verification competition, the FVC2000
dataset is highly regarded in the field of biometric
research for its consistent data collection methods
and diverse fingerprint samples. The DB1 B subset
was specifically selected for this study because it is
small in size and suitable for evaluating algorithm
productivity under controlled conditions.

The FVC2000 DB1_B dataset contains fingerprints
captured using an inexpensive KeyTronic optical sensor
with a resolution of 500 dpi. This dataset contains
fingerprints from 10 individuals, each of whom provided
eight prints from the same finger, for a total of
80 fingerprint images. The images are stored in 8-bit
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grayscale format with a size of 300x300 pixels.
The collection covers numerous fingerprint attributes,
including varying degrees of line clarity, orientation,
and inherent variations resulting from finger position
or pressure.

The fingerprint scans in DB1_B were obtained
under semi-controlled conditions, without strict
regulations regarding finger placement or pressure,
resulting in internal heterogeneity in the dataset.
The optical sensor in DB1_B generates images that are
characterized by moderate noise and sporadic artifacts,
such as spots or incomplete ridge patterns, which
complicates feature extraction and matching algorithms.
These characteristics make DB1_B particularly suitable
for evaluating the robustness of fingerprint recognition
technologies to practical anomalies.

The dataset is publicly available and complies with
the FVC2000 standard, which ensures consistency in
data format and evaluation criteria across different
research studies. Each photograph is given a unique
identifier that indicates the person number and fingerprint
number (e.g., "101 1.tif* for the first fingerprint
of the first subject), which improves information
management and research reproducibility.

The main objective of the experiments is to
determine the optimal value of the tuple of minutiae
threshold deviations y(4m), the threshold value Cinresnold,
and to evaluate the performance of the method as
a whole. To do this, we will use single-factor analysis
methods and evaluate using binary classification
metrics — assuming that each pair of images belongs
to either the "match" class or the "mismatch™ class.
Accordingly, by calculating the derivative metrics of
binary classification, we will be able to evaluate the
performance of the method as a whole. We will conduct
an experiment in an "all against all* format, i.e.,
each image in the dataset will be compared with

all the others. With a dataset size of 80 images, we will
perform 6,400 comparisons and obtain 6,400 results
of the method's performance.

We propose the following metrics to study the
productivity of the proposed method: primary metrics
of binary classification (true positives, true negatives,
false positives, false negatives), as well as derivative
metrics such as: false positive rate (FPR),
Van Rijsbergen's skewed measure with a coefficient

of ﬁ:O.S(Fﬂ), Matthews correlation coefficient,

which is a special case of Pearson's correlation
coefficient  (PCC), balanced accuracy measure
(Balanced Accuracy), as well as the method's runtime.
This focus on balanced metrics and metrics for evaluating
the contribution of false positive results is due to the
research area — from the point of view of the
authentication task, a false positive result is less desirable
than a false negative, since an unauthorized access error
is significantly worse than an access error in general.
A detailed description of the primary metrics
is proposed to be considered as follows:
R(M,M
vaﬁyepzazzfl—ﬁriizcmmmmdj
TP=R, A(P,~P,)
FP=R A(P, ~P,)
FN ==R, A(P, ~ P,)
TN =—R, A(P, = P,)

(23)

where R, is the comparison result for two images

according to formula (22); TP is the measure of true
positive results; FP is the measure of false positive
results; TN is the measure of true negative results; FN is
the measure of false negative results.

It is proposed to consider the derived metrics
as follows:

P =TP/(TP +FP)
R=TP/(TP+FN)

MCC =

(1+8°)-P-R
7 pPP+R
TP-TN - FP-FN

IS [0,1]

e[-11] (24)

J(TP+FP)-(TP+FN)-(TN +FP)-(TN + FN)

FPR

BAC =

FP

" _cloq]
FP+TN
R+1-FPR

€ [0,1],
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where P is the positive prediction rate; R is the Results

completeness measure; F, is the shifted Van Rijsenberg The first experiment was designed to determine the
measure; MCC is the Matthews correlation coefficient; optimal threshold distance Ad . Table 2 shows the results
FPR is the false positive prediction rate; BAC is the  Of the experiment to study the distance component of the
balanced accuracy. permissible deviation of minutiae.

Table 2. Method productivity metrics depending on the permissible deviation of the distance component

Testing Ne Ad Fg MCC FPR BAC Time (ms)
1 3 0.437 0.35 0 0.567 29155
2 6 0.536 0.415 0 0.5%4 42245
3 9 0.613 0.471 0 0.62 66942
4 12 0.689 0.535 0.0007 0.657 69515
5 15 0.735 0.586 0.003 0.697 111973
6 18 0.706 0.575 0.01 0.714 153514
7 21 0.635 0.539 0.024 0.729 141679
8 24 0.567 0.506 0.043 0.744 146207
9 27 0.499 0.47 0.068 0.753 179326
10 30 0.426 0.417 0.101 0.749 190190

For clarity, we will also illustrate the results
obtained using graphs (see Figs. 5 and 6).

=—=[f == MCC === PR BAC

0,8
0,7
0,6
0,5
0,4
0,3
0,2
01 I I I I I I I I —

Productivity (share)
assessment

3 6 9 12 15 18 21 24 27 30

Ad (pixels)

Fig. 5. Graphs of fluctuations in experimental values from experiment No. 1
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Fig. 6. Graph showing the dependence of the method's operating time on the distance limit
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Several important conclusions can be drawn
from the first experiment. First, the overall performance
of the model has been preliminarily confirmed -
a significant Van Rijsbergen measure result has been
obtained (0.735 in the best case), and this performance is
also illustrated by other metrics — the highest correlation
coefficient and balanced accuracy measure. Second, the
naive assumption about finding the optimal boundary
distance has been experimentally confirmed — the graph
line resembles a Gaussian and has an optimal value
approximately in the middle of the range of definition.
Third, the experiment demonstrates an increase in
computational complexity in accordance with an increase
in the boundary distance. This follows directly from the
features of the procedure presented in formula (21).
Since we are trying to find the optimal result by adding
additional shifts, the number of these additional iterations
directly depends on how many positive identification
results we return. Interestingly, the main increase in time
costs occurs in the middle of the range of definition,
while before and after it we see either a more gradual

increase or even a decrease in execution time (as shown
in sections (18) — (21)). Fourth, the only metric that
deviates from the trend is the balanced accuracy BAC
(it begins to decline significantly later than the optimal
threshold distance). However, there is an explanation
for this: the accuracy metric takes into account the
contribution of both false positive growth and true
positive growth. Depending on how we see the growth of
the false positive rate, the balanced accuracy metric will
increase to the extent that the growth of the true positive
rate exceeds the growth of the false positive rate. Both of
these increases directly result from the fact that the
number of false negatives decreases as the threshold
value increases, thereby increasing the true positive
and false positive results.

The second experiment was designed to determine
the optimal threshold angle 4a. Table 3 shows the results
of the experiment to study the angle component of the
permissible deviation of minutiae.

For clarity, we will also illustrate the results
obtained using graphs (see Figs. 7 and 8).

Table 3. Productivity metrics of the method depending on the permissible deviation of the angle component

Testing Ne Aa Fp MCC FPR BAC Time (ms)
1 3 0.475 0.374 0 0.577 47858
2 6 0.609 0.468 0 0.619 67279
3 9 0.693 0.002 0.666 86475
4 12 0.735 0.586 0.003 0.697 131448
5 15 0.732 0.589 0.005 0.705 98835
6 18 0.691 0.566 0.012 0.714 134568
7 21 0.658 0.019 0.723 190983
8 24 0.625 0.531 0.026 0.728 193243
9 27 0.602 0.515 0.03 0.727 155286
10 30 0.564 0.491 0.039 0.727 165305

FB McC FPR BAC

0,8
e}
S 0,7 ﬁ.‘
E ’ —
§ 06 | ) =z | ] | ] ——
205 ! - —
S04 : | |
©
f,_ 0,3
202
2
B 0,1
=]
'g 0
a 3 6 9 12 15 18 21 24 27 30

Aa (grades)

Fig. 7. Graphs of fluctuations in experimental values from experiment No. 2




ISSN 2522-9818 (print)
ISSN 2524-2296 (online)

Innovative technologies and scientific solutions for industries. 2025. No. 3 (33)

250000

—— Y 5C

200000

150000

100000

Time (ms)

50000

3 6 9 12

15 18 21 24 27 30
Aa (grades)

Fig. 8. Graph showing the dependence of the method's operating time on the threshold angle value

The second experiment largely confirms the results
of the first — the graphs and trends are approximately
the same. The optimal angle is closer to the center of
the range of definition, and abnormal behavior in the
method's execution time was noted during the
experiment. This confirms the nonlinear dependence
of the method's complexity on the thresholds and the
number of images being processed.

The third experiment was designed to find the
optimal value for minutiae type matching. Table 4 shows
the results of the experiment studying the minutiae type
component of the minutiae tolerance vector.

Table 4. Productivity metrics of the method depending
on the permissible deviation of the minutiae

the results of the experiment to find the optimal
threshold value.

Table 5. Productivity metrics of the method depending
on the threshold value

Testing Ne Cihreshold Fs MCC FPR BAC
1 1 0.417 | 0.338 0 0.5625
2 0.9 0.43 | 0.346 0 0.566
3 0.8 0.463 | 0.366 0 0.57
4 0.7 0.53 | 0.411 0 0.592
5 0.6 0.65 0.5 | 0.0003 | 0.637
6 0.5 0.735 | 0.586 | 0.003 | 0.697
7 0.4 0.652 | 0.556 | 0.023 | 0.737
8 0.3 0.465 | 0.455 | 0.088 | 0.764
9 0.2 0.225 | 0.258 | 0.377 | 0.712
10 0.1 0.136 | 0.107 | 0.864 | 0.559

component
Testing Time
o At Fg MCC FPR BAC (ms)
1 0 | 0.733 | 0.583 | 0.003 | 0.695 | 103078
2 1 | 0.735 | 0.586 | 0.003 | 0.697 | 105674

The third experiment confirms the need to include
minutiae type comparison in the method — under
other equal conditions (such as false positive rate and
execution time), the main indicators are better. That is,
it is necessary to add minutiae type to the analysis.

Thus, the optimal value of the deviation vector
component is y(Am)=(15, 12, 1).

The fourth experiment was designed to find
the optimal threshold value C,, .- Table 5 shows

For clarity, we will also illustrate the results
obtained using a graph (see Fig. 9).

Therefore, the optimal threshold value is
Civesnog =0-5 or 50% of correct minutiae from the

total number. Any lower threshold value begins to
lead to an overly sharp disproportionate increase in
the false positive rate.

Empirical studies confirm the effectiveness of
the proposed method and demonstrate the correctness
of the proposed working hypothesis regarding the
equivalence of fingerprints. The result achieved is high
enough for the practical application of such a model.
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Conclusions

Within the scope of the study, an original method
for comparing fingerprints was proposed, based on
a model of preliminary alignment and analysis of
minutiae (characteristic points of papillary lines), which
compensates for affine distortions by calculating
a shift vector and determines the equivalence of prints
through tolerance ratios and optimized minutiae
matching. The mathematical model represents fingerprint
images as third-order tensors in vector space, describes
minutiae as tuples in mixed space considering
coordinates, orientation angles, and types (breaks or
bifurcations), and evaluates the equivalence of minutiae
sets using a distance function, tolerance ratio, and
minimization of deviations during matching.

The method is implemented as a multi-module
system using Python and OpenCV for image processing,
C# for high-performance computing, and ASP.NET for
module integration on the FVC2000 (DB_1B) dataset.
Experimental testing was performed on the specified set,
which contains 80 images from 10 subjects with
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Morynsie FOpiii CepriiioBuy — XapkiBcbKuii HalliOHAJIBHUI YHIBEPCUTET paJiOeNeKTPOHIKH, aclipaHT KadeIpy nporpamMHol
imkeHepil, XapkiB, YkpaiHa.

CmensikoB Kupmiio CepriiioBu4 — JOKTOp TEXHIYHHX Hayk, npodecop, 3aBigyBau KadelpH NpOrpaMHOi iHXKeHepil,
XapKiBCbKUI HalliOHAIBHUI YHIBEPCUTET palioeNeKTPOHIKH, XapKiB, YKpaiHa.

METO/ ITIOPIBHAHHSA BIIBUTKIB ITAJIBIIIB,
3ACHOBAHMIA HA MOJIEJII IIONEPETHHOI'O BUPIBHIOBAHHSA

IIpeameroMm cratTi € po3poOKa Ta aHaI3 HOBOrO METOY IOPIBHSIHHS BiJOUTKIB MaJIbLIiB, 1[0 BUKOPUCTOBYE FEOMETPUYHI €BKIIiIOBI
XapaKTepUCTHKU MiHyLil s GiomerpuyHol inenTH¢ikauii. JlociiKeHHsT 30cepe/KYEThCSl Ha MIHYLIsSX — cHeUU(iyHUX TOYKax
nepepuBaHHs a00 PO3IBOEHHS NANMUIAPHUX JIIHIM — SK KIIOYOBUX OIOMETPHYHHX O3HAKAX, MPOTHCTABIIOUU iX TpaauLiiHUM
rJI00anbHUM 1 JoKanbHUM aeckpuntopam, TakuM sk SIFT, HOG uu LPQ. Mera mnomsirae y po3poOri criiikoro i e(ekTHBHOro
METOIy IOpIBHSIHHS BiIOWTKIB TNaNbIiB, LI0 BHKOPHCTOBYE T'€OMETPHYHI €BKJIIJIOBI XapaKTepPHCTUKH MiHYLIH 1 MOMepeaHe
BUPIBHIOBAHHS, VIS MiJBUIICHHS TOYHOCTI OioMeTpH4HOI ineHThdikamii 06e3 3aJeXHOCTi BiJ MAaIlIMHHOIO HaBYAaHHS. 3aBIaHHS
JOCIII/DKEHHST TPUETAllHI: MOo-Meplle, JOCHIANTA TEOPEeTHYHI OCHOBHM JECKPHUITOPIB Ha OCHOBI MIHYIIH Ta TXHIO iHBapiaHTHICTb
1o adiHHMX mepeTBOpeHb (3CyB, oOepTaHHs, MaciiTaOyBaHHs); MO-APYre, pO3pOOMTH MOJENb i3 BHKOPHCTAHHSM BEKTOpA 3CYBY
Ta (QYHKUiM BiAcTaHi Ui 3iCTaBICHHS MiHYLIH; MO-TpEeTE, €KCIEPUMEHTAIBHO MEPeBIpUTH MOJEb, BU3HAYMBILM ONTHUMAIIBHI
rapaMeTpH Ta OLIHMBIIY i Ha cCTaHIapTHOMY Habopi JaHux. MeToIH OXOIUIIOI0Th TEOPETHYHHUIT aHalI3 1 eKCIIEPUMEHTAJIbHY OLIIHKY.
TeopeTnuHa OCHOBa BCTAHOBIIIOE CTIHKICTh BUPIBHIOBaHHS 10 3CyBiB. Jeckpuntop GpopMyeThes yepe3 KOOpAMHATH MiHYLiH, QyHKIIT
BiJICTaHI Ta ONTHMIi3allil0 3icTaBieHHs. J[s BHIydeHHs O3HAK 3aCTOCOBAHO AJITOPUTM OOpOOKM 300paxkeHb i3 (QimbTparieio
i anHamizoM MiHywiil. Pe3yabTaTm OTpuMaHi 3 [OMOMOrOI EKCIepHMEHTalbHOI mepeBipku Ha Habopi FVC2000 (DB1_B)
JEMOHCTPYIOTh BUCOKY MPOAYKTHUBHICTD, SIKA OL[IHIOETHCS METPUKaMHU Kiacudikalii Ta 4acoM BUKOHAHHs. BHCHOBKH MiKPECITIOIOTh
TEOPETHYHI Ta NPAKTUYHI HAAOAHHS JOCHTI[DKEHHS. MoJesb IeMOHCTPYE TEOPETUYHY i IPAKTUUHY CTIHKICTh J0 €BKIIiIOBUX 3CYBIB,
MPOIOHYIOYM MepeBaru [uisi 0OpOOKM BiIOWTKIB i3 Pi3HMX cKaHepiB. EKceprMEeHTH MiATBEpIXKYIOTh €()eKTHBHICTh BHUSIBICHHS
3CyBiB, Jocsraioud Bucokoi mipu Ban Piz6eprena (0.735), xoua 3aexHiCTh BiJl MO3UTUBHUX 30iriB BUMAarae A04aTKOBOI (imbTpariii
MOMHJIKOBO TTO3UTHBHUX Pe3yabTaTiB. MeTos € pobo4nM i Moxke OyTH 3aCTOCOBaHHM MPAKTHYHO.

Kuio4oBi ci10Ba: [akTUIOCKOIIIS, BIZOMTKY THAaNbLiB, MONEPEIHE BUPIBHIOBAHHS, MiHYLil, OioMeTpuyHa ineHTudikaris, adiHHi
MepEeTBOPEHHS, TSH30pHE MpeCTaBIeH s, MaliHHe HaBdaHHs, FVC2000, merpuku GiHapHOT kiacudikarii..
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