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Abstract. Face biometric identification has become one of the most promising and widely implemented technologies in
modern information security systems, surveillance, and access control solutions. With the rapid advancements in artificial
intelligence, particularly deep learning architectures, the accuracy, efficiency, and robustness of face recognition systems have
improved dramatically, enabling their deployment in critical sectors such as national security, finance, healthcare, and trans-
portation. Despite these advances, significant challenges remain, including the high computational costs of training and de-
ploying deep neural network models, the requirement for large-scale annotated datasets, and concerns related to the privacy
and security of sensitive biometric information. This study presents a comprehensive comparative analysis of classical machine
learning methods, such as Principal Component Analysis (PCA) and Support Vector Machine (SVM), against modern deep
learning-based models, specifically FaceNet and ArcFace. The analysis focuses on critical performance metrics including
recognition accuracy, robustness to varying environmental conditions such as changes in lighting, facial expressions, and oc-
clusions, as well as computational efficiency and scalability. The paper also explores the mathematical foundations of each
method, detailing their algorithmic workflows, including the use of triplet loss in FaceNet and angular margin loss in ArcFace,
both of which significantly enhance discriminative feature learning for improved face recognition performance. The findings
confirm that while deep learning models like FaceNet and ArcFace outperform traditional algorithms in terms of accuracy and
robustness, they impose substantial demands on computational resources and raise significant concerns regarding the secure
storage and processing of biometric data. Future research should focus on developing lightweight, privacy-preserving models
capable of delivering high recognition accuracy without compromising security or requiring extensive computational infra-
structure.

Keywords: biometric identification, face recognition, artificial intelligence, deep neural networks, FaceNet, ArcFace, PCA,
SVM, data privacy, security challenges.

1. Introduction Traditionally, face recognition systems were based on
linear statistical techniques and classical machine learning
algorithms. Methods such as Principal Component Analysis
(PCA) and Support Vector Machines (SVM) offered relative-
ly good performance in constrained environments, with low
computational requirements and straightforward implementa-
tion [1]. PCA reduces the dimensionality of facial images by
identifying the principal components that capture the most
significant variance in the data, while SVM classifies facial
features using optimal decision boundaries.

However, these conventional methods often fail to main-
tain robustness in the presence of non-linear variations and
large intra-class differences, limiting their effectiveness in
uncontrolled or dynamic environments [1]. This limitation
has driven the development of more advanced models based
on deep learning. Convolutional neural networks (CNNSs),
particularly architectures such as FaceNet [3] and ArcFace
[4], have demonstrated superior performance in face recogni-
tion tasks by learning hierarchical feature representations
directly from data. These models can handle complex facial
variations and produce discriminative embeddings suitable
for verification and identification tasks across large popula-
tions.

In recent years, biometric identification has become a
cornerstone of modern security systems due to its conven-
ience, accuracy, and resistance to forgery. Among various
biometric modalities such as fingerprints, iris, and voice
recognition, face recognition stands out as one of the most
natural and non-intrusive methods of identity verification [1].
It allows contactless, real-time authentication of individuals
in both controlled and unconstrained environments, making
it particularly useful in public surveillance, access control,
border management, and consumer electronics [2].

The increasing availability of high-resolution cameras,
computing power, and large-scale image datasets has driven
a surge of interest in automatic face recognition systems [1].
However, despite their widespread use and apparent success,
these systems still face several critical challenges. Variations
in pose, lighting conditions, occlusions, facial expressions,
and aging continue to affect recognition performance, partic-
ularly in real-world scenarios [2]. Furthermore, the growing
concern over the privacy and ethical use of biometric data
has fueled debates around the responsible development and
deployment of such technologies [1].
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Figure 1. Representation of Key Elements in the Introduction
to Facial Biometric Identification

FaceNet introduces a triplet loss function that minimizes
the distance between anchor and positive samples while
maximizing the distance from negative samples, ensuring
better class separability [3]. ArcFace, on the other hand,
employs an angular margin-based softmax loss, which fur-
ther improves intra-class compactness and inter-class separa-
bility [4]. Despite their effectiveness, these deep learning
models come with increased computational cost, long train-
ing times, and a need for large amounts of labeled data. Their
implementation in real-time or resource-constrained envi-
ronments remains a significant challenge [4].

This paper presents a comparative study of classical and
deep learning-based face recognition methods. It investigates
their theoretical foundations, algorithmic differences, per-
formance characteristics, and practical applicability. The
objective is to identify the strengths and weaknesses of each
approach and to guide researchers and developers in select-
ing appropriate technologies for specific biometric identifica-
tion tasks. The study further discusses the broader implica-
tions of face recognition systems, including issues of demo-
graphic bias, data security, and ethical concerns.

By combining experimental results with a detailed theoret-
ical examination, this research aims to contribute to the ongo-
ing dialogue around the responsible, secure, and effective
implementation of facial biometric systems in modern society.

2. Materials and methods

2.1. Problem Identification and Significance

The process of accurately identifying individuals through
facial biometric systems has become an essential component
in  modern security infrastructures, personal device
authentication, and surveillance systems. However, despite
the significant technological progress in this area, numerous
unresolved challenges continue to affect the reliability and
efficiency of these systems. Identifying and addressing these
problems is critical for advancing the field and ensuring that
biometric identification solutions meet the increasingly
demanding requirements of real-world applications.

2.2. Problem Identification

Traditional biometric identification systems based on
facial recognition often struggle with performance limitations
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under uncontrolled environmental conditions. Factors such as
poor lighting, variations in facial expressions, aging effects,
occlusions (e.g., masks, glasses), and changes in head
orientation significantly reduce the accuracy of face
recognition algorithms. Additionally, conventional methods,
including Principal Component Analysis (PCA) and Support
Vector Machine (SVM), exhibit poor scalability when ap-
plied to large datasets and fail to capture complex non-linear
relationships inherent in high-dimensional biometric data [5].

The advent of deep learning has introduced powerful al-
ternatives capable of overcoming some of these challenges.
Models such as FaceNet [3] and ArcFace [4] utilize ad-
vanced neural architectures that learn highly discriminative
facial features. However, these methods present their own set
of issues, including high computational demands, extensive
memory consumption, the requirement for large labeled
datasets, and vulnerability to adversarial attacks
[6]. Furthermore, the deployment of such systems raises
significant privacy concerns related to the collection, storage,
and processing of sensitive biometric data.

2.3. Significance of the Study

The significance of this study lies in its comprehensive
evaluation of both traditional and modern approaches to
facial biometric identification, aiming to provide a clear
understanding of their capabilities, limitations, and suitability
for various application domains. Accurate and reliable face
recognition systems are crucial for public safety, financial
transaction security, healthcare monitoring, and access
control in critical infrastructure facilities.

Addressing the identified problems is essential for
developing systems that can operate reliably under real-
world conditions, ensuring high recognition accuracy while
minimizing false acceptance and rejection rates. Moreover,
the growing societal concerns about data privacy and the
ethical use of biometric information underscore the need for
secure, fair, and transparent identification technologies.

This research contributes to the field by systematically
comparing state-of-the-art algorithms, analyzing their
theoretical underpinnings, and providing experimental results
that highlight the trade-offs between accuracy, computational
efficiency, and data security. By identifying key challenges
and evaluating potential solutions, this study serves as a
foundation for future advancements in the development of
robust, efficient, and ethically responsible face recognition
systems.

3. Results and discussion

3.1. Proposed Algorithms

To address the limitations identified in existing face
recognition technologies, this research proposes two algo-
rithmic solutions that aim to enhance the accuracy, robust-
ness, and computational efficiency of biometric identification
systems. The first approach is based on the integration of
classical machine learning methods, combining Principal
Component Analysis (PCA) with a Support Vector Machine
(SVM) classifier [7]. In this framework, PCA is utilized for
dimensionality reduction, allowing the extraction of the most
informative features from facial images while eliminating
redundant and less significant data [8]. This step reduces the
computational burden and prepares the dataset for effective
classification. The SVM algorithm, known for its robustness
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in handling high-dimensional data, is then employed to per-
form the final classification [9]. By constructing an optimal
separating hyperplane, the SVM effectively distinguishes
between different classes, ensuring reliable face identifica-
tion even when the available training data is limited. This
method is particularly advantageous for systems with re-
stricted computational resources, such as embedded or mo-
bile devices, where the implementation of deep learning
solutions may not be feasible [10].

The second proposed algorithm focuses on leveraging
deep learning techniques, integrating the FaceNet model [3]
with the advanced ArcFace loss function [4] to enhance the
discriminative power of facial feature embeddings. FaceNet
utilizes a convolutional neural network to map facial images
into a compact embedding space, where the similarity be-
tween faces is measured using simple distance metrics [3].
To further improve the separability of these embeddings, the
ArcFace loss function introduces an angular margin penalty
that encourages greater inter-class variance while maintain-
ing intra-class compactness [4]. This approach allows the
system to distinguish between individuals with high preci-
sion, even in challenging real-world conditions characterized
by variations in lighting, facial expressions, occlusions, and
head poses [11]. Although this method requires significant
computational resources and specialized hardware for effi-
cient training and inference, it achieves state-of-the-art accu-
racy and is particularly suitable for critical security applica-
tions where precision is paramount.
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Figure 2. Flowchart of Proposed Algorithms for Facial Bio-
metric Identification

Both proposed algorithms have distinct advantages. The
PCA-SVM hybrid offers a lightweight and interpretable
solution that balances acceptable recognition performance
with minimal resource consumption, making it ideal for real-
time applications in constrained environments. Conversely,
the FaceNet model combined with the ArcFace loss function
delivers superior performance in terms of recognition
accuracy and robustness, addressing the complex challenges
posed by unconstrained facial recognition scenarios. This
combination of approaches ensures that the proposed
solutions are applicable to a wide range of operational
contexts, from low-power devices to large-scale, high-
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security biometric systems. Experimental results further
confirm the effectiveness of these algorithms, demonstrating
their potential to improve the reliability and efficiency of
face recognition technologies in practical implementations.

3.2. Experimental Study and Evaluation Methods

To validate the theoretical analysis and assess the
practical applicability of the proposed facial biometric
identification methods, a comprehensive experimental study
was conducted. The primary objective of the experiment was
to compare the recognition accuracy, computational
efficiency, and robustness of both traditional algorithms and
modern deep learning models under varied environmental
conditions.

The experimental evaluation included two categories of
methods: classical machine learning algorithms and
advanced deep learning models. The traditional approaches
utilized Principal Component Analysis (PCA) for feature
extraction and Support Vector Machine (SVM) for
classification. These methods were selected due to their
historical importance and continued relevance in resource-
constrained environments. For the modern category, state-of-
the-art neural network architectures FaceNet and ArcFace
were implemented. FaceNet employs a triplet loss function to
learn highly discriminative feature embeddings, while
ArcFace enhances this approach by introducing an angular
margin loss that significantly improves the separability of
learned features.

Experiments were conducted using publicly available
benchmark datasets, specifically Labeled Faces in the Wild
(LFW) and VGGFace2, which provide a wide variety of
facial images captured under different lighting conditions,
poses, and expressions. This diversity allowed for a realistic
evaluation of algorithm performance under both controlled
and unconstrained scenarios.

The experimental process consisted of several stages.
Initially, all images were preprocessed to ensure consistency.
This included face detection, grayscale conversion, image
normalization, and alignment to a standard size. For
traditional methods, PCA was applied to reduce the
dimensionality of feature vectors, followed by SVM
classification with optimized hyperparameters determined
through cross-validation. In the case of deep learning models,
FaceNet and ArcFace were trained using stochastic gradient
descent with adaptive learning rates. The embeddings
produced by these models were compared using Euclidean
distance metrics for face verification and identification.

To evaluate performance, the following metrics were
recorded:

Accuracy — the proportion of correctly identified
individuals.

False Acceptance Rate (FAR) — the percentage of
unauthorized individuals incorrectly accepted by the system.

False Rejection Rate (FRR)— the percentage of
authorized individuals incorrectly rejected.

Processing Time — the average time required to process
a single image.

Computational Resource Usage — evaluated based on
GPU and CPU utilization during inference.

The results of the experiment clearly demonstrated that
while traditional methods are suitable for systems with
limited computational capabilities, they fall short in terms of
accuracy and robustness when compared to modern deep
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learning solutions. FaceNet and ArcFace achieved
significantly higher recognition rates, with ArcFace
outperforming all tested methods by achieving the highest
accuracy and lowest error rates even under challenging
conditions involving variations in illumination and facial
occlusions.

This experimental validation confirms that the integration
of advanced deep learning models substantially enhances the
performance of facial biometric systems, making them
suitable for deployment in high-security environments where
accuracy and reliability are critical. However, the increased
computational requirements of these models must be
considered when selecting appropriate hardware platforms
for real-world deployment.

3.2.1. Experimental Evaluation of PCA-SVM Method

The PCA-SVM approach was evaluated to determine its
effectiveness in scenarios with limited computational
resources and relatively simple identification tasks. Images
from the LFW and VGGFace2 datasets were preprocessed by
converting them to grayscale, normalizing pixel values, and
aligning facial features to a standard position. PCA was then
applied to reduce the dimensionality of the data, retaining
only the most significant principal components that captured
the key facial characteristics. The reduced feature vectors
were classified using an SVM model with a linear kernel,
selected for its balance between computational efficiency and
classification accuracy.

Performance metrics recorded during testing included an
average accuracy of 78.4%. However, the method showed
significant sensitivity to variations in lighting and facial
orientation, resulting in a False Acceptance Rate (FAR) of
8.6% and a False Rejection Rate (FRR) of 13.0%. The
average processing time per image was approximately 45
milliseconds, making this method suitable for real-time
applications where computational resources are limited, but
recognition accuracy is not the highest priority.

3.2.2. Experimental Evaluation of SVM Classifier

In the evaluation of the SVM classifier, facial features
were extracted using handcrafted methods without applying
PCA for dimensionality reduction. Histogram of Oriented
Gradients (HOG) and Local Binary Patterns (LBP) were used
to construct the feature vectors, which were then classified
using an SVM with a radial basis function (RBF) kernel.
This allowed the classifier to handle non-linear decision
boundaries, improving accuracy over the PCA-SVM
combination.

The experimental results showed improved recognition
accuracy compared to the PCA-SVM pipeline, achieving an
average accuracy of 84.1%. The FAR and FRR were
recorded at 5.3% and 10.6%, respectively. However, the
computational cost was slightly higher, with an average
processing time of 60 milliseconds per image. While this
method demonstrated better performance in complex
environments than the PCA-SVM approach, it still struggled
with significant variations in head poses and partial
occlusions.

3.2.3. Experimental Evaluation of FaceNet

The FaceNet model was implemented using a pre-trained
convolutional neural network to extract 128-dimensional face
embeddings. These embeddings were optimized using a
triplet loss function, which encourages the embedding space

to minimize distances between images of the same person
while maximizing distances between images of different
individuals. The Euclidean distance metric was used to
compare face embeddings and verify identities.

During testing, FaceNet achieved an average recognition
accuracy of 96.7%, significantly outperforming traditional
methods. The FAR was recorded at 1.5%, and the FRR at
1.8%. However, this performance came at the cost of higher
computational demands, with an average processing time of
120 milliseconds per image. Despite the increased resource
requirements, FaceNet demonstrated high robustness to
changes in lighting, facial expressions, and partial
occlusions, making it suitable for security-critical systems
where accuracy is paramount.

3.2.4. Experimental Evaluation of ArcFace

The ArcFace model was also evaluated using the same
datasets and preprocessing pipeline. ArcFace extends the
capabilities of FaceNet by applying an angular margin
penalty in the loss function, which improves the
discriminative power of the embeddings. This results in
better intra-class compactness and inter-class separability,
even under highly unconstrained conditions.

Experimental results showed that ArcFace achieved the
highest recognition accuracy among all evaluated methods,
reaching 97.5%. The FAR was reduced to just 1.1%, and the
FRR was minimized to 1.4%. However, this exceptional
accuracy required substantial computational resources, with
an average processing time of 135 milliseconds per image.
ArcFace consistently outperformed other methods in
scenarios involving extreme variations in pose, illumination,
and occlusions, confirming its suitability for high-security
applications where recognition reliability is critical.

3.2.5. Experimental Results and Setup

To comprehensively evaluate the performance of both
traditional and modern face recognition algorithms, a series
of experiments were conducted under controlled and real-
world conditions. The experimental setup was designed to
assess the recognition accuracy, error rates, and computa-
tional efficiency of the evaluated methods, providing an
objective comparison of their applicability in biometric iden-
tification systems.
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Figure 3. Recognition Accuracy by Method

Figure 3 illustrates the recognition accuracy achieved by
each of the evaluated facial recognition methods: PCA-SVM,
SVM, FaceNet, and ArcFace. Traditional methods like PCA-
SVM and SVM show moderate accuracy levels of 78.4% and
84.1% respectively, while modern deep learning models
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significantly outperform them. FaceNet achieves a recogni-
tion accuracy of 96.7%, and ArcFace demonstrates the high-
est accuracy at 97.5%, confirming its superior capability in
handling complex biometric identification scenarios.
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This diagram compares the False Acceptance Rate (FAR)
and False Rejection Rate (FRR) for each method. Lower
values in both metrics indicate better performance. Tradi-
tional algorithms exhibit higher FAR and FRR values, with
PCA-SVM reaching 8.6% FAR and 13.0% FRR. Modern
models achieve significantly lower error rates; FaceNet re-
duces FAR to 1.5% and FRR to 1.8%, while ArcFace shows
the best performance with a FAR of 1.1% and FRR of 1.4%.
These results highlight the reliability and precision of deep
learning approaches in biometric systems.
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Figure 5 shows the average processing time per image for
each facial recognition method, providing insight into their
computational efficiency. Traditional algorithms such as
PCA-SVM and SVM have lower processing times of 45 ms
and 60 ms respectively, making them suitable for real-time
applications with limited resources. However, deep learning
models require more computational power and time; FaceNet
processes an image in approximately 120 ms, and ArcFace
requires about 135 ms per image. These results illustrate the
trade-off between accuracy and computational demands
when selecting a recognition method.

4, Conclusions

This study presents a comprehensive comparative analysis
of facial biometric identification methods, examining both
traditional machine learning algorithms and modern deep
learning models. The investigation focused on evaluating
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recognition accuracy, computational efficiency, and robustness
to variations in real-world conditions such as changes in
lighting, head orientation, facial expressions, and occlusions.

The experimental results clearly demonstrate that while
traditional methods such as Principal Component Analysis
(PCA) combined with Support Vector Machines (SVM)
provide reasonable performance in controlled environments,
their effectiveness rapidly declines when faced with complex
and unconstrained scenarios. These methods exhibit higher
false acceptance and false rejection rates, making them
unsuitable for critical security systems that demand high
levels of reliability and precision. However, their low
computational requirements and fast processing times make
them appropriate for embedded systems and applications
with limited resources.

On the other hand, modern deep learning models,
particularly FaceNet and ArcFace, have proven to be highly
effective in addressing the limitations of classical methods.
These models achieve significantly higher accuracy and
robustness by leveraging advanced neural architectures and
optimized loss functions designed to enhance feature
discrimination. ArcFace, in particular, demonstrates superior
performance across all evaluation metrics, making it highly
suitable for deployment in security-critical environments
where accuracy and robustness are paramount.

Despite the impressive performance of deep learning
models, their practical deployment requires careful
consideration of computational costs, memory usage, and
inference times. High-performance hardware, including
GPUs and specialized accelerators, is often necessary to
achieve real-time processing capabilities. Additionally, the
challenges of data privacy, ethical considerations, and
regulatory compliance must be addressed when
implementing large-scale biometric systems.

In conclusion, the choice of a facial recognition method
should be guided by the specific requirements of the
application. For environments where computational
resources are constrained and moderate accuracy is
sufficient, traditional methods remain viable. For high-
security applications demanding exceptional accuracy and
reliability, modern deep learning solutions offer unparalleled
performance. Future research should focus on developing
lightweight, energy-efficient deep learning models,
improving model fairness to mitigate demographic biases,
and enhancing privacy-preserving techniques to ensure
secure handling of biometric data.

4.1. Future Work

Future research should focus on developing lightweight
and efficient deep learning models suitable for deployment
on mobile and embedded devices. Reducing computational
requirements while maintaining high accuracy is essential for
expanding the practical applications of face recognition
systems.

Improving resistance to adversarial attacks and spoofing
remains a critical area of development. Integrating advanced
liveness detection and multi-modal biometric systems could
enhance security and reliability in real-world scenarios.

Addressing demographic bias is another important
direction. Future work should ensure that recognition
systems perform fairly across different age groups, genders,
and ethnicities by using balanced datasets and bias mitigation
techniques.
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Angarna. ber OHOMETpUSITBIK HASHTH(UKAIIUACH Ka3ipTi 3aMaHFBl aKMapaTTHIK Kayilci3mik xKyienepinne, OeliHeOaKbuiay
JKOHE KOJDKETIMIUTIKTI 0ackapy IIeIrMIepiHAe eH KeNemIeKTi opi KeHIHeH KOJIIaHBUIATHIH TEXHOJIOTHSUIAPIBIH OipiHe
aiftHanapl. JKacaHIBl MHTEIIEKT, dcipece TepeH OKBITY apXUTEKTYpaTapblHBIH KapKBIHABI MaMybl HOTIDKECIHIE OeT TaHy
JKYUEIepiHiH TONIIri, THIMALIITI )KoHe TYPaKTBUIBIFEI aliTapIIbIKTall Kakcapabl. byi xyienepaiy YITTHIK Kayilnci3miK, KapiKel,
NCHCAyNBIK CaKTay JKOHE KOJIK CHSKTHI MaHBI3IBI canajapia KEHIHCH eHTi3UTyiHe MYMKIiHOIK Oepmi. Adjaiga, OCHI
JKETICTIKTepre KapaMacTaH, TepeH HEHPOHABIK JKENIepAi OKBITY MEH CHTI3yre KaXKeTTi KOFaphl eCemlTey IIBIFBIHAAPHI,
ayKBIMJIbI aHHOTAIMSUIAHFAH JCPCKTEP JKUBIHTHIFBIHBIH KaXKETTUTIr JKOHE OMOMETPHSUIBIK aKMapaTThiH KYIHSJIBUIBIFEI MECH
Kayinci3irine OaiaHBICTBl ajaHAAyLIBUIBIKTAp CHUSKTHI OipKaTtap MaHbBI3[bI Macelieliep aii Ae e3eKTi Ooibn oThip. by
3epITey/ie KJIACCHUKAIBIK MallMHANbIK OKbITY omicrepi — Herisri komnonentrep axici (PCA) xone Tipek Bekropiap
MamuHanapel (SVM) — MeH 3aMaHayd TEPEH OKbITyFa Heri3fmenreH mojaeibaep — FaceNet xxone ArcFace — jkaH-)KaKThI
CAJIBICTRIPMAJIBI TYPIE TajmaHansl. Tammay TaHy AQJIIri, *KapbhIKTaHABIPY, OET MHMHUKACHI KOHE OeTTeri 0ereTrep CHUSKTHI
KOpIIIaFaH OPTAHBIH ©3repiCTepiHe TO3IM/IIIIK, COHIAi-aK ecenTey TUIMALIIN MEeH JXYHEHIH ayKbIMIbLIBIFBI CUSKTBI MAHbI3/IbI
KepceTKimTepre Hazap aymapansl. COHBIMEH Karap, Makaiama opOip OICTiH MaTeMaTHKAIBIK HeTi3lepi KapacThIPBUIBII,
ONapJbIH aNropuUTMIIK *KyMbIckl, FaceNet moneninae triplet loss dynkimscer xone ArcFace Momeninne OYpBIITHIK Mapxka
(YHKIMSACBIH KOJJIaHY apKBUIBI JAHCKPETTI CPEKIICTIKTepPAl OKBITYIBI JKaKCapTy >KOJIIAphl erKEeH-TErKEeii cHmaTTatajbl.
3eptrey HoTIKenepi FaceNet sxone ArcFace CHSKTBI TepeH OKBITY MOJIENBICP] OCTYPIIi alTOPUTMACPICH JKOFapPhl JOIIIK TIeH
TYPAKTBUIBIK KOPCETETiHIH, OipaKk COHBIMEH KaTap YJKCH €CENTey pPeCypCTapblH KaKET CTETiHIH JKOHE OHOMETPHSUIBIK
NIEPEKTEePiH Kayilci3 cakTalybl MEH OHJCNyiHe KaTBICThI eIyl Mocemesep TYbIHIAUThIHBIH pacTaabl. bonamak 3epTreysiep
OMOMETPHSIUTBIK  IEPEKTEP/IiH Kayilci3firiH KamTaMachl3 €T€ OTBIPBIN, JKOFaphl AQIIKTI KamMTamachl3 eTeTiH, Oipak
XKEHUTIETUITEH J)KOHE €CEeNTeY PeCypCTaphIH a3 KAKET €TETiH jKaHa MOJIENbIEp d3ipieyre OaFrbITTamybl THIC.

Heczizei co30ep: buomempusnviy uoenmugpuxayus, Oem mawuy, Hcacamovl UHMENIeKMm, mepeH HeUpoHObIK Jicelinep,
FaceNet, ArcFace, PCA, SVM, 0epexmep Kynusivliviavl, Kayincizoik macenenepi.

CpaBHUTE/IbHBIA aHAJN3 METO0B OMOMETPHUYECKON MICHTH(PUKANH
JIMI: OT TPAAULMOHHBIX AJITOPUTMOB K COBPEMEHHBIM MOIE/ISAM
Iy0OKOro 00y4eHust

J. Tonerenosa”, A. Monzarynosa
39


https://doi.org/10.1162/jocn.1991.3.1.71
https://doi.org/10.1007/BF00994018

D. Tolegenova et al. (2025). Computing & Engineering, 3(2), 34-40

Satbayev University, Arvamoi, Kazaxcman
*Aemop ons koppecnondenyuu: ditolegenovaa@gmail.com

AuHotanusi. buomerprueckas UACHTUPHUKALUS TI0 JUIY SIBISETCS OJHOW M3 CaMBIX TEPCIEKTUBHBIX M MIMPOKO BHEAPSIE-
MBIX TEXHOJIOTHH B COBPEMEHHBIX CHCTEMaxX HH()OPMAIUOHHOM 0GE30MaCHOCTH, BUACOHAOTIONCHUS U YIPABICHUS TOCTYIIOM.
C OBICTPBIM PA3BUTHUEM HCKYCCTBEHHOTO MHTEIICKTA, OCOOCHHO apXUTEKTYpP TIYOOKOTr0 00yUeHUS, TOYHOCTD, 3((EKTHBHOCTD
U HAJIC)KHOCTh CHCTEM PACIIO3HABAHMS JIUIl 3HAYUTEILHO BO3POCIH, YTO TO3BOJIMIIO UX HUCIOJIb30BAHHE B TAKMX KPUTHUECKH
B)XHBIX OTPACIISX, KaK HAI[HOHAJbHAS 0€30MacHOCTh, PUHAHCHI, 3PAaBOOXPAHEHHE U TPaHCIOPT. HecMOTpst HA 3TU JOCTHXKeE-
HHSI, OCTAIOTCSl 3HAUUTEIbHbIC MPOOJIEMbI, BKIIOUYAs BHICOKHUE BBIYHCIUTEIbHBIC 3aTpaThl HA 00yUYEHHE U BHEIPEHHE MOJIEINei
rIIyOOKMX HEHPOHHBIX ceTeil, HEOOXOUMOCTh B MACIITAOHBIX Pa3MEUEHHBIX HA0Opax JTaHHBIX, a TAK)KE BOIPOCHI, CBA3aHHBIC C
KOH(HICHIINATBHOCTEI0 B 0€30MacHOCThI0 OnoMeTprieckoil mHpopMmanuu. B maHHOM HCCIleOBaHMM IIPENCTABIEH BCECTO-
POHHHUI CPABHUTENBHbBII aHATN3 KIACCUYECKUX METO/I0B MAIIMHHOTO O0YUeHHsI, TAKUX KaK METO riaBHbIX KomroHeHT (PCA)
U METOJI OTIOPHBIX BEeKTOPOB (SVM), ¢ COBpeMEHHBIMH MOJENISIMH, OCHOBAaHHBIMU Ha TTyOOKUX HEHPOHHBIX CETSAX, 3 HMEHHO
FaceNet u ArcFace. AHanu3 cocpetoTOYCH Ha KIIFOYCBBIX MOKA3aTENIX MPOU3BOAUTEILHOCTH, BKIFOUAs TOYHOCTh PACIIO3HA-
BaHMs, YCTOMYUBOCTh K U3MECHSIOIIMMCS BHEIIIHUM YCIOBHSIM (M3MEHEHHE OCBEIIEHHS, MUMUKHU JIMIA ¥ HAJUIHE YaCTHUHBIX
3aKPBITHI), 8 TAKXKE BBIYUCIUTEIbHYIO 3()()EeKTUBHOCTS U MacmITaOUPyeMOCTh. B craThe Takke pacCMOTPEHBI MaTeMaTHYe-
CKHE OCHOBBI KaXKJIOTO METO/Ia, MOJPOOHO OMHUCAHBI AITOPUTMHUYCCKHE MPOLIECCHI, BKJIFOUAs UCIIONIb30BaHUE (DYHKIIUU OTEPh
triplet loss B FaceNet u yrinoBoii ¢pynkiuu noreps B ArcFace, KoTopble 3HAYUTENBHO YIIy4IIAIOT 00y4aeMOCTb MPU3HAKOB AJIS
TMOBBIIICHUA TOYHOCTH PACIIO3HABAHUA JIUIIL. Pe3yJ'H)TaTLI HCCICA0BaHUs MMOATBEPKAAIOT, YTO XOTA MOACIN Fﬂy6OKOFO 06}/‘16-
Hus, Takue kak FaceNet u ArcFace, mpeBoCXOAST TpaJUIIMOHHBIC AITOPUTMBI 10 TOYHOCTH U YCTOHYMBOCTH, UX TPHMEHEHHUE
TpebyeT 3HAYUTEIbHBIX BBIYUCIUTEIBHBIX PECYPCOB M MOPOXKIACT CEPHE3HBIC OMACCHUS MO MOBOAY OE30MaCHOTO XPaHEHHS
00paboTku GHOMETPUYECKUX NaHHBIX. Bymyline ucciaeqoBaHus JODKHBI ObITh COCPEIOTOUCHBI Ha pa3paboTke 00JerdéHHbIX,
0e30MacHbIX MOJENEeH, CIOCOOHBIX 00ECIeYnBaTh BHICOKYIO TOYHOCTh pacro3HaBaHus Oe3 yiiepba s O0e30macHOCTH u Oe3
HEOOXOJMMOCTH B CIIOKHOM BBIYUCIUTENBHOM HHpacTpyKType.

Knwuesvie cnosa: buomempuueckas udenmupurayus, pacno3HaAGaHue Uy, UCKYCCMBEHHbI UHMeLIeKm, 21y0oKue
neuponnvie cemu, FaceNet, ArcFace, PCA, SVM, kongudenyuanonocms 0anuvix, npodiemvl 6e30nacHoCmu.
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