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Abstract. The ever-growing interest in machine learning and neural net-
works is fueled by significant advancements in computational capabilities, enabling
breakthroughs in object, sound, text, and other forms of data recognition. These ad-
vancements have paved the way for a more intuitive interaction between humans and
machines, making such technologies accessible to a wider audience. Recent devel-
opments in computer vision, in particular, have led to the creation of sophisticated
models capable of recognizing objects in images and videos. This same technology
has been effectively adapted for hand gesture recognition, enabling applications in
fields like human-computer interaction, robotics, and sign language interpretation.
This paper explores some of the most popular hand gesture recognition models, with
a particular focus on Convolutional Neural Networks (CNNs) and Support Vector
Machines (SVMs). These models differ in their methodologies, processing efficiency,
and the volume of training data they require, offering various advantages and limita-
tions depending on the application context. The core objective of this study is to pro-
vide an overview of diverse machine learning algorithms, delving deeply into their
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theoretical underpinnings, operational mechanisms, and comparative performance in
terms of accuracy, training time, and data requirements. In addition, this work pres-
ents experimental results of sign language recognition in Kazakh, specifically using
the dactyl alphabet. A detailed analysis is provided, accompanied by a comprehen-
sive table that reports the accuracy of each recognized gesture. Real-time testing was
conducted with individual hand gestures displayed in front of a camera, showcasing
the effectiveness of the recognition system. Furthermore, the study incorporates an
explanation of the mathematical foundations and logical structures underlying ma-
chine learning algorithms, illustrated through formulae, functional relationships, and
flowcharts that depict the recognition process. By combining theoretical insights with
practical experiments, this paper aims to contribute to the growing field of gesture
recognition and its applications in accessible communication technologies.

Keywords: Hand gesture recognition, neural networks, algorithm, layer,
CNN, SVM, YOLO
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AHHOTanusl. MalHaNBIK OKBITY MEH HEHPOHIBIK KeJijiepre JereH Kbl-
3BIFYIIBUIBIKTBIH YHEM1 apTybl €CenTey MYMKIHAIKTEPIHIH alTapiabIKTal JKETiCTiK-
TepIMEH KaMTaMachI3 eTiIel, OyJ1 OObEKTLTIK, ABIOBICTHIK, MOTIH/IIK XKOHE JEPEKTEP/I1
TaHYIBIH 0acKa TypJepiHe )KETICTIKTEpre )KeTyre MyMKIHIIK Oeperi. by sxeTicTik-
Tep azamap MEH MalllMHajap apachlHAarbl UHTYUTHUBTI ©3apa OpeKeTTecyre Ko
allIbIT, MYH/Iail TEXHOJOTHSIIAP/BI KEH ayIUTOPHsIFa KOJDKeTiMIi eTTi. KoMierorep-
JIK KOpYyJliH COHFbI JKETICTIKTEPI, aTal alTKaHaa, KecKiHaep MeH Oelinenepaeri 00b-
eKTUIep Il TaHyFa KaOlJIeTT1 KYpAeIl MOJEIbACPIIH KacaybiHa oKeml. Jlom ochl Tex-
HOJIOTHS aJlaM MEH KOMIIBIOTEP/IIH 03apa OpeKeTTecyl, pOOOTOTEXHUKA HKOHE KECTAY
TIJTIH TYCIHAIPY CUSKTHI callanapaa KoJJaHyFa MYMKIHIIK OepeTiH KOJI KUMbUIIAPbIH
TaHyFa ThiMIi Oeitimnenren. byn makanana KonBomonmsutsik Heviponasik XKeminepre
(Cnn) xone Tipex Bekropnbik Mammmnanapra (Svim) epekiiie Ha3ap ayaapa OThIpHIIL,
KOJI KUMBUIIAPBIH TAHY/IBIH €H TaHBIMAJ YITLIEPi KapacThIpbuiaasl. by Moaensaep
ozicTeMenepiMeH, oHIey THIMILTITIMEH JKoHe KaKETTI OKY JIepeKTepiHiH KoJIeMIMEeH
epeKiIeneHe i, KONAaHy KOHTEKCTIHE OailaHbICThl SpTYPIi apTHIKUIBUIBIKTAp MEH
HIEKTeyAepal YChIHAABL. Bysl 3epTTeymiH Heri3ri MaKcaThl-MAIlIMHAIBIK OKBITYIBIH
OpTYpIl AITOPUTMJIEPIHE MIONY JKacay, OJap[bIH TEOPUSIIBIK HETi3/IepiH, Onepalu-
SUTBIK MEXaHU3MJIEPIiH KOHE CaBICTBIPMAIIbl OHIMILIITIH AJIIIK, OKY YaKbIThI KOHE
JepeKTepre KOMbLIaThIH TaJanTap TYPFbIChIHAH TepeH 3epTTey. COHbIMEH Karap, Oy
KYMBICTa JaKTUI an(aBUTIH KOJIJJaHa OTBIPHII, Signay TUTiH Ka3aK TiTiHAE TaHYIbIH
AKCIIEPUMEHTTIK HOTHXKeJNepl KenTipiareH. Emkeit-rerxkein Tanmay opOip TaHbUIFaH
KUMBUIIBIH JOJJIIT Typanbl €cel OepeTiH >KaH-)KaKThl KecTeMeH Oipre Oepinei.
HakTbl yakpITTarbel TeCTUICY TaHY JKYHECIHIH THIMIUIITIH KOPCETETIH KaMmepa aj-
JIBIHJIa KOPCETUITeH JKeKe KOJI KUMBbLUIIAphIMEH Kypri3inai. CoHbIMEH Karap, 3epT-
TEy TaHy MpoIeciH OerHenelTiH dhopmynanap, GyHKIIMOHAIIBIK KaTbIHACTAP KOHE
OJIOK-cXeMaliap apKbUIbl CYpPETTENITeH MAIlIMHAIBIK OKBITY aJITOPUTMIEPIHIH HET131H-
Jie JKaTKaH MaTeMaTHKaJIbIK HEri3iep MEH JIOTUKAJBIK KYPbUIBIMAAPABI TYCIHIAIPYIl
KaMTUbl. TeopusIbIK TYCIHIKTEpPAl MPaKTUKAIBIK SKCIIEPUMEHTTEPMEH YHlecTipe
OTBIPHII, OYJT )KYMBIC KUMBUTIAP/IBI TAHYIABIH OCIIT KeJIe )KaTKaH caJlaChIHA YKOHE OHBI
KOJDKETIMI KOMMYHHKAIMSIIBIK TEXHOJOTHsIIApAa KOJNJIaHyFa yiiec KOCyFa OarbIT-
TaJFaH.

Tyiiin ce3nep: Kon KuMbLIIapbIH TaHy, HEHPOHBIK JKELIEp, AITOPUTM, Ka-
6at, CNN, SVM, YOLOJ
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AHHoTanus. [locTOSHHO pacTyluil MHTEpeC K MAIIMHHOMY OOY4YEHHIO U
HEHPOHHBIM CETSM IOI0IPEBAETCS 3HAUUTEIIbHBIMHU JIOCTH)KEHUSIMU B O0JIACTU BBI-
YHUCJIUTENBHBIX BO3MOKHOCTEH, MMO3BOJIIOIIMMHU COBEPIIATH IPOPHIBBI B paclo3Ha-
BaHMM OOBEKTOB, 3ByKa, TEKCTa M APYruX (OPM JaHHBIX. DTHU JOCTHKEHHS MPOJIO-
YKWIN yTh K 00JI€€ UHTYUTUBHOMY B3aMMOAECUCTBUIO MEXKIY JIFOJbMU U MAILIMHAMU,
c/IeJIaB TaKue TEXHOJIIOTUH JOCTYITHBIMU Ui OoJiee IupoKoi ayauropun. [locnennue
pa3paboTKu B 001aCTH KOMIIBIOTEPHOTO 3PEHUs], B YACTHOCTH, MPUBEIHN K CO3aHHIO
CJIOKHBIX MOJIEJIel, CIOCOOHBIX PAaCIO3HaBaTh OOBEKTH HA N300PAXKECHUAX U BHJIEO.
Orta xe TexHonorus Oblaa 3((GEeKTUBHO aJalTUPOBaHA Il PACIIO3HABAHUS JKECTOB
PYK, YTO [TO3BOJISICT IPUMEHSTh €€ B TAKMX 00J1aCTIX, KaK B3aUMOJICHCTBHE YellOBeKa
U KOMIIbIOTEepa, poOOTOTEXHUKA U CypAOINEepeBoa. B 3Toil craTthe paccMaTpuBaroTcs
HEKOTOpbIe M3 Haubosee MOMyIsIPHBIX MOJeNel pacro3HaBaHUs )KECTOB PYK, C 0CO-
OBbIM aKIIeHTOM Ha cBepTouHble HeilpoHHbIE ceTu (CNN) u MeToAbl OMOPHBIX BEK-
TopoB (SVM). DT Mozmenu pa3inyaroTcsi MO CBOUM METOJOJIOTHUSIM, dPPEKTUBHO-
cTu 00paboTKH U 00beMy TpeOyeMbIX OOy4aloluX JaHHBIX, MpeJIaras pa3audHbIe
IPEUMYIIECTBA M OTPAHUUYEHUS B 3aBUCUMOCTHU OT KOHTEKCTa MpuMeHeHus. OCHOB-
Has LIeJb 9TOrO MCCIENOBaHUS - JaThb 0030p Pa3lIMYHBIX aJTOPUTMOB MAUIMHHOTO
o0yueHus1, NTyOOKO M3y4YHMB X TEOPETHUYECKUE OCHOBBI, ONEPAIMOHHBIE MEXAHU3MbI
U CPaBHUTEIBHYIO IPOU3BOIUTEIBHOCTh C TOYKU 3PEHUS] TOYHOCTH, BPEMEHU 00Y-
yeHusl U TpeboBaHui K AaHHbIM. Kpome Toro, B 3Toil padoTe mpeacTaBieHbl dKC-
NEpPUMEHTAJIbHbIE PE3YyIbTaThl PACIO3HABAHUS SI3bIKA JKECTOB HAa Ka3aXCKOM SI3BIKE,
B YaCTHOCTH, C MCIIOJIb30BAHUEM JaKTHIbHOTO andasura. [IpuBonuTcs moapoOHbIi
aHaJIU3, COMPOBOXKIAEMbIN MOAPOOHON TadnuIleH, B KOTOPOU COOOIIAETCSI O TOYHO-
CTH Ka)XKJI0TO paclio3HaHHOTO *ecTa. TecTupoBaHue MPOBOIMIOCH B PEKUME pealib-
HOT'O BPEMEHH C UCIIOJIb30BAHUEM OTAEIBHBIX )KECTOB PYK, OTOOpakaeMBbIX Nepe/1 Ka-
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MEpOH, YTO MPOJAEMOHCTPUPOBATIO 3PPEKTUBHOCTH CUCTEMBI pacrio3HaBaHus. Kpome
TOTO, HCCIIEIOBAaHNE BKIIIOYAET B ce0sl OObSICHEHHE MaTEMaTUYeCKUX OCHOB U JIOTH-
YECKUX CTPYKTYp, JEKAIIUX B OCHOBE AJITOPUTMOB MAIIMHHOTO OOy4YeHUs, IPOUJI-
JOCTPUPOBAHHBIX (opMyTamMH, PyHKIIMOHAIBHBIMU B3aUMOCBSI35IMU U OJIOK-CXeMa-
MU, KOTOpPBIE OMUCHIBAIOT Mpoliecc pacrno3HaBaHus. CoueTas TeOpeTHUECKUE UIEU C
MPAKTUUECKUMH 3KCTIEPUMEHTAMHU, 3Ta CTaThs IPU3BaHA BHECTU BKJIA] B PACTYIIIYIO
00J1acTh pacro3HaBaHMsl KECTOB M UX MPUMEHEHUS B JOCTYMHBIX KOMMYHHKAI[MOH-
HBIX TEXHOJIOTHSX.

KuarwueBsble cioBa: PacriozHaBaHH€ )K€CTOB pyKaMH, HEHPOHHBIE CETH, AJITO-
putm, layer, CNN, SVM, YOLO

Jasa murupoBanms: H.H. Jlec, C.b. MyxanoB, M.T. Unanakosa, A.K.
Mycraduna. AHamu3 anrOpUTMOB PACcTO3HABAHUS M CBEPTOYHON HEHPOHHOU ceTh
IUISL PacIiO3HABAHUS JKECTOB PYK Ha Ka3aXCKOM S3bIKe KecTOB//MeayHapOoaHbIH
KypHaJ UHOOPMAIIMOHHBIX U KOMMYHHUKAIIMOHHBIX TexHonoruil. 2025. T. 6. No. 24.
Crp. 219-238. (Ha anr.). https://doi.org/10.54309/1JICT.2025.24.4.013.

KoHduuKT HHTEpPecoB: aBTOPHI 3aSBISIOT 00 OTCYTCTBUHM KOH(MIMKTA UHTE-
pecoB.

Introduction

The Recognition of hand gestures (Gesture-recognition) is an important prob-
lem in the field of human-computer interaction. Hand gestures are used as a natural
and intuitive way of communication between people and digital devices or systems.
One of the most significant applications of this field is the recognition of sign lan-
guage, which is used by people with hearing disabilities for communication. There
are many different sign languages used around the world, and one of them 1s Kazakh
Sign Language (KSL). KSL, like many other sign languages, is not widely studied,
and there is a need for effective recognition systems to support its users. In recent
years, recognition algorithms and deep learning methods, especially Convolutional
Neural Networks (CNNs), have achieved significant success in computer vision and
pattern recognition tasks. CNNs have shown state-of-the-art performance in various
applications, including image classification, object detection, and hand gesture rec-
ognition, due to their ability to learn spatial features and hierarchical representations
from data. This research paper aims to review and analyze different recognition al-
gorithms and investigate the performance of CNN-based models for hand gesture
recognition in Kazakh Sign Language. The goal is to use machine learning and com-
puter vision techniques to improve the accuracy and efficiency of KSL recognition
and contribute to the development of assistive technologies for people with hearing
disabilities in Kazakhstan.

Review of related literature and problem statement

The state of the art in sign language recognition research is leaning towards
deep learning-based systems. The recent works (Wang et al., 2020; Bilgin & Mut-
ludogan, 2019) demonstrate CNN-based frameworks that can reach more than 90 %
recognition accuracy on ASL and Turkish Sign Language datasets. However, research
efforts dedicated to the problem of Kazakh Sign Language (KSL) recognition are still
in their infancy. Kenshimov et al. (2021) and Mukhanov et al. (2023) have paved the
way for this topic but used static images for the recognition task. This work extended
the pipeline and demonstrated the real-time detection of hand gestures using YOLO
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and CNN.

The objective of this work will be to use various algorithms and machine
learning methods within the convolutional neural network in order to identify certain
gestures of the Kazakh sign language. Therefore, all these algorithms will be con-
sidered and tested, and their detailed description will be given. The convolutional
neural network is typically used within deep learning for the image recognition set.
The training of this network is based on machine learning. In addition to being an
interconnected neural network, it is also what it is made of and what metrics it applies
for predictions in pattern recognition -in our case, recognizing gestures in the Kazakh
sign language. The current work will show the functions used in this convolutional
network and the mathematical formulas for them. Convolutional neural networks are
a type of deep neural network, which are specifically designed for processing images
and videos. CNNs account for the spatial structure between pixels, and convolutional
operations are applied to higher-order feature extraction from the data, from sim-
ple edges to more complex objects. CNNs have exhibited outstanding performance
across many computer vision applications and have also demonstrated potential in
other fields. Yann LeCun introduced CNNs in the 1980s, although they did not gain
widespread use until the mid-2010s with the emergence of deep learning approaches
and the availability of big datasets. CNNs are now widely employed in industry and
academia and are anticipated to play an essential role in future technologies.

One Fully
Connected NN
Input Layer with 1024

Images(512X512) unts
Five Convolution Layers
(3X3 Conv. Layer for filters

32,64,128, 256,512)

Quiput Classes

4 Max-Pooling

Fig. 1. An example of 2-D convolution
The mathematical operation of two functions (Convolutional operation):
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[F = 81(8) = [, F(Dg(t = Ddr (1)

where:
[f * g](t) = denotes the convolution of / and 9:
The integral runs from 0 to £, integrating over the variable ;

f(7) and 9(t —7) are the function values at shifted arguments.

A layer will produce as many output feature maps as there are kernels in that
layer. The relationship between the size of the output feature map and the input is
that each kernel produces one feature map, which describes a single aspect of the
input data. The complexity of the task and the data are what will determine the size
and number of output feature maps. Each of these feature maps is a two-dimension-
al array for one filter that describes the presence of that filter in the input data. The
values within these filters will be learned through backpropagation in order to get the
greatest performance possible for the task at hand.

Alongside these kernels are channels that capture different aspects of the input
data. The channels are two-dimensional arrays that each express a single characteris-
tic of the input data. For instance, if the task were classifying images, then the input
data might have distinct channels for edge data, textural data, color, and so on. It is
the grouping of these channels and kernels that allow for the three key concepts in
convolutional neural networks design. These include sparse interactions, sharing of
parameters, and equivariant representations. Sparse interactions refers to how each
output feature map is the result of convolution of a small kernel with only a few of
the input feature maps, as opposed to all of the input feature maps. This also improves
performance while also reducing the amount of parameters needed to represent the
layer.

This is because one feature map produced by a kernel will have a similar ef-
fect; it is therefore sometimes known as parameter sharing. This works in such a way
that each output feature map produced in a convolution layer is obtained by using
the same kernel. This is akin to saying the weights in that kernel are shared between
each of the output feature maps-the model does not learn the weights for each one
separately. The immediate consequence of all this is a substantial reduction in the
number of parameters needed to represent a model with significant improvements in
its generalization performance.

Materials and methods

The CNN method in recognition problems

In this work, YOLO was only responsible for hand detection/localization
while another CNN model oversaw classifying the detected gesture. For this, the seg-
mented hand was used as an input for a gesture classifier that was trained separately.
This pipeline was verified to be more flexible and allowed for independent fine-tuning
of the detector and the classifier.

In this project, we used Convolutional Neural Networks to train machine
learning algorithms in the recognition of hand gestures and Kazakh sign language.
The results of recognition tested are in this work. However, it is necessary to intro-
duce this network and how it works in pattern recognition. Convolutional Neural Net-
works (CNNSs, in short) are a type of artificial neural network that is highly efficient
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at processing and analyzing visual data like images and videos. The basic structure
of CNNs consists of an input data, for example an image, to layers of interconnected
artificial neurons. Each neuron in each layer of the CNN is only connected to a small
patch of the input; these patches are said to overlap, such that the totality of the input
data is covered.

The convolution layer, which is one of the most important components of
CNNs, makes use of learnable filters called kernels to extract features from the input
data. The kernel is moved around the input in a process called convolution. It is worth
noting that the kernel multiplies the values that correspond to the input at each loca-
tion to get a set of feature maps. The number of output feature maps is determined by
the number of kernels; this is because every kernel has one output feature map, which
describes one particular feature of the input data. It is important to remember that this
is the interaction of both these components: channels and kernels that enables sparse
interactions, parameter sharing, and equivariant representations-the three important
ideas in CNN design.

The choice of YOLO and CNN as recognition architectures was inspired by
their mutual strengths. YOLO-based hand detector showed high accuracy and re-
al-time performance while CNN is a state of the art in image classification tasks. Their
integration into a single pipeline was found optimal for the task of KSL recognition
since hand segmentation and dynamic motion localization are of great importance.

Support Vector Machine for hand gesture recognition

The system for the recognition of hand gestures that show letters is proposed
in this paper. This system recognizes the hand gestures using biorthogonal wavelet
transformation. The system for recognizing hand gestures is operated in several ways.
Firstly, images are read and filtered to clean them from noise. After that, the system
recognizes the edges of the images and calculate projections along certain directions
by using the Radon transform. After that, the system applies biorthogonal wavelet
transformation to these projections. For the recognition of hand gestures the system
trains and tests SVM. Support Vector Machine (SVM) is a supervised learning algo-
rithm that can be used for both classification and regression. The basic idea behind
an SVM is to find a hyperplane that separates the data in the best possible way in a
high-dimensional space. “Support vector” is the name for data points that are nearest
to the decision boundary or hyperplane, which are essential to find out the optimal
separation. This article present a comparative study of two SVM classificators: “Bi-
nary classification” and “Multiclass classification” for hand gesture recognition. In
the paper we should like to say a few words about the research of the quality of bi-
nary classification. The most attractive properties of binary classification using SVM
in hand gesture recognition is its power and efficiency. It has many benefits such as
being a robust algorithm, achieving high accuracy, and having an interpretable mod-
el. Feature selection and hyperparameter tuning are critical for achieving optimal
performance. On the other hand, as the research continues, the more resources of the
computer there will be. In terms of application areas, SVMs can be used in various
domains such as computer vision, image processing, robotics, and human-computer
interaction. The application of binary classification using SVM in real-world scenar-
i0s will depend on the specific requirements and constraints of the application. It is
also important to note that binary classification using SVM is just one of many algo-
rithms and techniques that can be used for hand gesture recognition, and other meth-
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ods may be more suitable depending on the application. We also should like to point
out that a second classificator used in the experiment “Multiclass classification”. This
classificator is not as effective as “Binary classification” and was used in experiment
as an example.

Canny Edge Detection Algorithm is the method that system uses for the rec-
ognition of the image edges. This algorithm was chosen because this algorithm is the
best among many benchmark algorithms. This algorithm finds the most appropriate
edges by decreasing error rates, making possible the exact localization of edges, and
only marking edges once in case of one edge in order to have a minimal response. The
only filter that satisfies the requirements is the first derivative of Gaussian function
and that filter can be approximated as.

w'rx+b=l]’ 2)
mzﬂ”w b_llwll (3)
E[W::r-|-.i:«]:-“'1"¢' (4)

where:
W is the weight vector that defines the hyperplane’s orientation, * is the feature vector
for the input data, b is the bias term that shifts the decision boundary, ¥ is the label

of the ith data point (either +1 or -1), and *: is the feature vector for the ith data point.
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Fig. 2. Binary classification

Multiclass SVMs offer a powerful and versatile approach for hand gesture
recognition with multiple classes. Their ability to handle diverse gesture sets and
leverage the strengths of binary SVMs makes them valuable for various applications.
However, computational complexity and choosing the appropriate multiclass strategy
remain key considerations. As research advances and computational resources im-
prove, multiclass SVMs are expected to play a crucial role in expanding the capabil-
ities of hand gesture recognition technologies. Multiclass Support Vector Machines
(SVMs) extend the binary classification capabilities of SVMs to recognize multiple
hand gestures simultaneously. This is achieved by constructing multiple hyperplanes
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in high-dimensional space, each separating a specific class from all other classes.
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Fig. 3. Multiclass classification

The goal of the project was to create a reliable hand gesture recognition sys-
tem using support vector machines (SVMs). At the initial stage, a dataset was collect-
ed that included 9 different classes of Kazakh sign language. Each of them contains
from 150-200 images. Subsequently, segmentation was performed in which the hand
gesture region was isolated from the background using a thresholding algorithm. The
resulting images were then converted to grayscale, a move aimed at simplifying SVM
processing while increasing contrast. Resizing the images to standardized sizes was
found to be crucial for more efficient comparisons during training of the SVM model.

I F1EN N
al>y

Fig. 4. Finger spelled Alphabet (Top row [A, Aa(9), B, D], Bottom row [E, G, Gg(F), V]).

Model training process analysis
Binary classification starts with a relatively low training accuracy of 0.625.
However, it shows consistent improvement over the epochs, indicating that the model
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learns from the training data and adjusts its predictions accordingly.

The validation accuracy for Binary classification begins at 0.625 and also
shows a positive trend over the epochs. However, the fluctuations in the validation
accuracy suggest challenges in generalizing the model’s predictions to unseen data.

Mutliclass classification starts with a higher training accuracy of 0.635 and
steadily increases over the epochs. This indicates that the model effectively learns
from the training data and improves its accuracy.

The validation accuracy for multiclass classification begins at 0.635 and fol-
lows a positive trend. The close alignment between the training and validation accu-
racy suggests that Mutliclass classification generalizes well to unseen data.

Fig. 5.Model accuracy and model loss

Mutliclass classification exhibits higher initial training accuracy and valida-

tion accuracy compared to Binary classification. Both models show an improving
trend in accuracy over the epochs, indicating effective learning from the training data.
However, Mutliclass classification demonstrates better generalization capabilities, as
evidenced by its higher validation accuracy and closer alignment between training
and validation accuracy.
Analysis of the confusion matrix showed that the model most commonly confused
the signs “I"” and “F”. The reason is the great similarity in their finger configurations.
The second reason for ambiguity is the changing lighting conditions, which adversely
affect edge detection in the preprocessing step. Dataset balancing and adaptive pre-
processing will be considered in future work to reduce such confusions.

The model still presents high precision, which is indicative of improved reli-
ability in positive predictions.

Recall values are variable across classes, with some classes achieving high recall,
such as Blank and Nn(H), while others may benefit from further optimization, such
as Hh(h).

F1 scores are a balanced measure of precision and recall, reflecting overall improve-
ment.

The macro average gives the general view of model performance, whereas the
weighted average takes into account the class imbalance.
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Fig. 6. Confusion matrix

Convolutional neural network with Yolo model

The YOLO (You Only Look Once) model, built on the foundation of con-
volutional neural networks (CNNs), revolutionized object detection by emphasizing
speed, accuracy, and computational efficiency. Unlike traditional methods such as
R-CNN and Fast R-CNN, which rely on region proposal networks to first generate
potential object locations and then classify each region individually, YOLO operates
as a single, end-to-end neural network. It divides the input image into an SxS grid,
where each grid cell predicts bounding boxes, object confidence scores, and class
probabilities simultaneously.
Key Formulas in YOLO

1) Grid-based Predictions:
The image is divided into a grid of 5 X5 Each grid cell predicts:

- B: Bounding boxes, each defined by 4 coordinates: (. 3, w, b)),
- C: Class probabilities for the
- N object categories.
- P obj: Objectness score, which represents the confidence that an object
exists in the grid cell.
The output tensor for YOLO is therefore:

SXSX(B*E-FC]’ (5)

Here, 5 accounts for the four bounding box parameters (. 3w, h) and the

confidence score ©
2) Bounding Box Prediction:
YOLO predicts bounding boxes as offsets relative to the grid cell. For a grid
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cell located at (7)), the bounding box center coordinates () are given by:

X = r::l'[:t_r) +iy= ﬂ'[:t}.) +_,F', (6)
where:

tx and ty are the predicted offsets, and  is the sigmoid activation function
that maps values between 0 and 1.

The width and height of the bounding box are predicted as:

Cd:puefm!fL:pheh’ (7)

where:

Pu and Pr are anchor box dimensions, and tw: tr are the predicted logarith-

mic
scale adjustments.
where:
and are anchor box dimensions, and are the predicted logarithmic scale
adjustments.

The model begins by processing an input image through a series of convolu-
tional layers, which extract spatial features like edges, textures, and patterns. These
layers form the foundation of feature extraction, allowing the model to understand
the image’s structure. Residual blocks are integrated into the architecture to enhance
learning by using skip connections. These connections allow feature information to
flow directly between layers, mitigating issues like vanishing gradients and improv-
ing training stability.
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Fig. 7. Convolutional neural network with Yolo model structure

To ensure accurate detection at multiple scales, the model incorporates
up-sampling layers that increase the spatial resolution of feature maps. This is critical
for detecting hand gestures of varying sizes, ensuring robustness across different dis-
tances and perspectives. The architecture uses detection layers, each responsible for
identifying objects at a specific scale. These layers generate bounding box predictions
that include the box’s coordinates, a confidence score, and class probabilities. Infor-
mation from different layers is combined using addition and concatenation, maximiz-
ing the retention of important features. The final output consists of bounding boxes
over detected hand gestures, along with class labels (e.g., “gesture 17 or “gesture 2”)
and confidence scores.

YOLO’s ability to process the entire image in a single pass makes it highly
suitable for real-time gesture recognition. Its multi-scale detection capability and ro-
bust feature extraction ensure accurate recognition across diverse conditions, such as
varying lighting or hand orientations. This makes YOLO an effective tool for appli-
cations like sign language recognition, device control, and augmented reality inter-
actions.

One of the key improvements of YOLO is its ability to see the global con-
text of the image. Instead of focusing on isolated parts of the image, it considers the
relationships between objects. This makes it particularly effective in distinguishing
overlapping or similar objects, reducing false positives. YOLO also introduced the
concept of anchor boxes, which allow it to detect objects of different shapes and siz-
es. Starting with YOLOv3, multi-scale detection was implemented, making it more
effective at identifying both small and large objects in a single pass.

In the context of hand gesture recognition, YOLO’s advantages are even more
apparent. Since hand gestures can involve fast movements and changing positions, re-
al-time detection is critical. YOLO’s single-shot detection approach allows it to track
gestures quickly and accurately, even in dynamic environments. Its multi-scale detec-
tion ensures that hand gestures of varying sizes (e.g., close to or far from the camera)
are correctly identified. Moreover, since YOLO sees the whole frame at once, it can
distinguish hand gestures from other background elements, ensuring more precise
recognition. This makes YOLO an ideal choice for applications like gesture-based
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controls, augmented reality, and human-computer interaction, where speed, accuracy,
and real-time performance are essential.

Experiments and results

The dataset used for the experiments was composed of 1,800 labeled hand im-
ages. They represent 9 unique Kazakh sign gestures with an average of 200 samples
per class. The final dataset was distributed in a 70: 15:15% ratio between training,
validation, and test sets. Data augmentation was used for further improving gener-
alization and preventing overfitting. Rotation (£15°), horizontal flip, and brightness
adjustment were the primary augmentation strategies.

The addition of cross-hands.cfg and cross-hands.weights files to the YOLO
model for hand gesture recognition is aimed at improving the model’s ability to detect
and recognize hand gestures, even in complex scenarios like overlapping or cross-
ing hands. This is a significant enhancement over traditional hand detection models,
which often struggle to differentiate between hands when they overlap or are close
together.

v @yolo

= cross-hands.cfg

B cross-hands.weights

Fig. 8. Cross-hands.cfg and cross-hands.weights

This CNN is designed to recognize hand gestures and is able to classify im-
ages into one of the five gesture categories. The model takes grayscale images with
dimensions of 256x256 pixels, using a Sequential architecture building layer by layer.
First comes the input layer, which accepts images of shape (256, 256, 1), with further
processing. Feature extraction is done through three convolution blocks, each com-
prising a Conv2D layer with ReLU activation, batch normalization, max pooling,
and dropout for regularization. From the first to the final layer, the number of filters
moves from 32 via 64 to 128 to extract more complex features from the deeper lay-
ers. MaxPooling is used to reduce the spatial dimensionality, while dropout prevents
overfitting by randomly deactivating neurons during training.

After feature extraction, the flattened output is fed into a dense, fully connect-
ed layer with 128 neurons, followed by batch normalization and a 50% dropout rate
to further reduce overfitting. The final output layer consists of 5 neurons, one for each
gesture class, with a softmax activation function that produces a probability distribu-
tion for classification. The model is compiled with the Adam optimizer, categorical
cross-entropy as the loss (suitable for multi-class classification), and accuracy as the
metric. This architecture will enable the model to identify hand gestures with high
accuracy and robustness, even against slight variations in hand position, rotation, or
scaling. It uses batch normalization, L2 regularization, and dropout to ensure stability
during training and reduce the chances of overfitting, hence making it very suitable
for gesture recognition tasks in sign language interpretation, gesture-based controls,
and augmented reality.
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Fig. 9. Convolutional neural network layers

During training, the model reached 92% accuracy on the testing set, which means
that most of the images will be rightly guessed by the model concerning the class of the
gesture. This high accuracy represents a promising result and hints at the model’s correct
learning of patterns and features in classifying Kazakh sign language hand gestures.

100/180 236 ep - accuracy: 8.8001 - 1 5786 - val_accuracy: 0.7450 - val_
Epoch 5/18

100/100 ms/step - accu

Epoch 6/10

1080/180 240ms/step - accuracy: 0.7758 - loss: 4.5625 - val_accuracy: @

Epoch 7/10

168/108 250ms/step - accuracy: 0.7551 - loss: 4.1373 - val_accuracy

Epoch 8/18

180/100 step - accurac 0.7493 - loss: 4 val_accurac

Epoch 9/10

160/100 254ms/step - accuracy: B.7446 - loss: 3.8379 - val_accuracy: 0.6750 - va
Epoch 16/10

1808/168 255ms/step - accuracy: 8.7 - los 4.2950 - val_accuracy: 8.4500 - val_loss: 12.4818

Fig. 10. Compiling Model Result

The performance of the trained model was evaluated using a confusion ma-
trix, which is a kind of matrix that shows the actual versus predicted classification.
According to the confusion matrix, the model performed well for most of the classes,
but some classes had lower accuracy than others did. This analysis will help in identi-
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fying the classes which need more attention during the training process in order to im-
prove the overall accuracy of the model. The CNN model for the recognition of hand
gestures was overall trained and evaluated successfully. A very high accuracy rate
was achieved on the test set, showing that the model is appropriate for a real-world
application of hand gesture recognition and thus embedding it into the project to help
hearing-impaired people who use Kazakh sign language take advantage of the bene-
fits of technology. Real-time testing is thus a very critical step towards ensuring the
accuracy and reliability of our hand gesture recognition system for the project.

Fig. 11. Result of testing with threshold and gray scale. Gesture “T"™

During the testing, we saw that the system could provide very high accuracy
in recognizing hand gestures from Kazakh sign language, an average of 89% or so.
However, there were a number of issues we noticed in real-time situations that im-
pacted the performance of the system. For instance, in low light conditions, it could
not recognize hand gestures so well, and was highly sensitive to camera angles and
backgrounds. For the improvement of these challenges, we have optimized the hand
pose tracking and segmentation algorithms, readjusted hyperparameters of the CNN
model to enhance the robustness of the model. We also tried various image prepro-
cessing techniques and further explored different CNN architectures for better per-
formance.

Comprative analysis

For a more detailed evaluation, computed several standard metrics. The sys-
tem achieved an average precision of 0.91, recall of 0.89, and F1-score of 0.90. As it
can be seen these metrics as a proof of the model’s reliability and consistency on all
gesture classes.

Table 1 - summarizes of performance comparison of SVM, CNN, and YOLOv5
models on recognition of Kazakh Sign Language gestures.

Table 1. The results of tested models
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Model Precision Recall Fl- Accuracy
Score
SVM 0.82 0.80 0.81 0.84
CNN 0.91 0.89 0.90 0.92
YOLOvV5 0.94 0.93 0.93 0.95

SVM achieved a reasonable accuracy of 84 %, indicating that manually se-
lected or engineered features (e.g., HOG, pixel intensity, or combinations of the two)
are not robust and capture only primary information to distinguish between gestures.
The model has a low recall of 0.80, which means that not all the gestures of the 10
classes (likely those with less pronounced hand-shape differences) are predicted cor-
rectly by the classifier.

CNN performed better than SVM with a 0.91 precision and an accuracy of
92%. The ability of CNNs to learn complex spatial features in an unsupervised man-
ner reduced the need for hand-engineered feature extractors. The convolutional net-
work also generalized better to different lighting conditions and hand orientation,
resulting in fewer false positives during validation.

YOLOVS, with an Fl-score of 0.93 and accuracy of 95 %, outperformed the
other two models. The unified detection-and-classification model allowed for gestures
to be localized and recognized in a single step, which saved on additional prepro-
cessing time and allowed for faster reaction/response times. The precision is slightly
higher (0.94) than the recall (0.93), which means that the model can better avoid mis-
classifications but not at the cost of detection sensitivity.

The results of the experiments demonstrate that the incorporation of deep con-
volutional features with end-to-end detection has a significant positive impact on rec-
ognition performance in unstructured environments. The switch from the traditional
SVM to the convolutional network increased the absolute accuracy by 8 %, while
YOLOVS5’s integrated detection-and-classification added another 3% to the improve-
ment since it could detect and predict the sign in dynamic frames in one pass. Mis-
classifications between similar-looking gestures (e.g., “I"” vs. “F”) were also an-
alyzed, which could be reduced if a more balanced and diverse dataset was used.
In conclusion, all three models were able to perform acceptable recognition of Ka-
zakh Sign Language. YOLOVS outperformed both SVM and CNN in all evaluation
metrics, making it the most efficient and scalable for the stated application.

Conclusion

This work explored machine learning methods and pattern recognition algo-
rithms, specifically for gestures. Support Vector Machines and Convolutional Neural
Networks, integrated with YOLO for hand gesture recognition. SVM, while effective
in simpler gesture recognition tasks, depends on manually extracted features and is
less adaptable in cases where the gestures become complex or dynamic. It does a
great job on a small dataset with well-defined classes of gestures, but poorly copes
with such that are highly variable or contain complicated movements. Besides, SVM
becomes computationally expensive with growing dataset sizes.

On the other hand, CNN combined with YOLO offers a more powerful and
versatile solution. CNNs are excellent for feature learning from raw data in an auto-
matic manner, while YOLO helps with real-time localization of hands even in dynam-
ic settings, considering variations in position, size, and orientation. This makes CNN
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with YOLO very effective in real-time applications, such as sign language transla-
tions, which require fast and accurate gesture recognition. Large amounts of training
data is required, though, and might be computationally expensive.

The main contribution of this work is a novel hybrid pipeline for recognition
of Kazakh Sign Language. The system is based on YOLO (you only look once) hand
localization and CNN (convolutional neural network) gesture classification. It is dis-
tinct from previous works which were focused on static sign images. In contrast, our
system is able to detect gestures in real-time with enhanced robustness on different
lighting and camera conditions.

Thus, while SVM might be adequate to cater for simpler tasks and better-de-
fined gestures, in complex, dynamic gesture recognition, the use of YOLO with CNN
surpasses them in real-time, not only in terms of performance speed but also regard-
ing its quality. The final decision comes down to which kind of application will be at
play regarding gesture complexity.

The future work directions include the investigation of vision transformers
and 3D hand pose estimation for the recognition of continuous signs on dynamic hand
motion sequences.
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