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CONCEPTUAL FOUNDATIONS OF REAL-TIME MONITORING OF PHYSICAL
EXERCISES BASED ON COMPUTER VISION AND DEEP LEARNING MODELS

Annotation. The article presents a challenge in automatically monitoring and evaluating
physical exercises in real time. The goal of this study is a comparative analysis of the effectiveness
of modern deep learning models for determining human posture (BlazePose, YOLOV8 - Pose,
MoveNet and HRNet) and to identify the possibilities of their inclusion in the training quality
assessment system. The system is built on an RGB video stream and consists of pre-processing,
posture points determination, joint angles calculation and training classification (correct/incorrect)
stages. From the experimental results, it can be found that HRNet model has the highest accuracy
index, but as a result of its high calculation complexity, delay value increases. It had been shown that
BlazePose provides high frame rates at low-resource devices. The YOLOv8-Pose model showed the
best compromise between accuracy and performance and was suggested as an optimal option for
Real-Time Fitness Systems. The method of biomechanical analysis based on calculating joint angles
allows to quantify the quality of exercise performing has been proved. The systematic alignment score
may be applied in the scope of fitness, sports training and medical rehabilitation and can further be
enhanced by adding on 3D body pose models as well as spatio-temporal neural networks.

Keywords: human posture determination; computer vision; deep learning; physical exercise
monitoring; real-time systems; calculation of joint angles; YOLOV8-Pose; BlazePose; biomechanical
analysis.
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KOMIIBIOTEPJIIK KOPY KOHE TEPEH OKbBITY MOJAEJIBAEPI HEI'T3IHJIAE
OU3UKAJIBIK KATTBITYJAPAbI HAKTbBI YAKBIT PEXKUMIH/IE BAKBIJTAY IBIH
KOHHOENTYAJIIABIK HEI'I3/IEPI

Anparna. Makanaaa HaKThl YaKbIT peKUMiHIE (PU3UKAJIBIK KATTHIFYIapIbl aBTOMATTHI TYP/E
OakpuIay jkoHE Oaraniayaarbl KUBIHIBIK KapacThIpbUIFaH. byl 3epTTeyaiH MakcaThl - aJaMHbIH JeHe
OITIMIH aHBIKTayFa apHaJFaH 3aMaHayu TepeH OKbITy MojenbaepiHiH (BlazePose, YOLOvVS - Pose,
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MoveNet xone HRNet) THIMIUIITIH canbICTRIPMANIBI Tajljay >KOHE OJapJibl KATTHIFy CarachiH
Oaranay jxyieciHe Kocy MYMKIHIIKTepiH aHbIKTay. JKyiie RGB OeiiHe arbIiHbIHA HET13[ENTeH )KOHE
aNJIbIH aja eHJey, NeHe OITIMIHIH HYKTEJIEepIH aHbBIKTay, OYbIH OYPBIIITAPBIH €CENTEYy >KOHE
KATTBIFYBl JKIKTEY (AypbIC/IyphIC eMmec) Ke3eHJAepiHeH Typazibl. TokipuOenik HOTHXKeIepAcH
HRNet moneniHiH eH >KoFapbl J9JIIK HHACKCI 0ap €KeH1 aHBIKTaJAbl, O1paK OHBIH YKOFAphl €CENTEYy
KYPJENUTIriHIH HOTHKeCiHAe Kimipic MoHi aptansl. BlazePose Temen pecypcrapiabl KaxeT eTeTiH
KYPBUIFBIIAp/IA KOFAphl KaJp >KUUTITH KamTamacki3 eteTiHi kepceruial. YOLOv8-Pose mopemi
TOIAIK TIeH OHIMIUTIK apachlHAAFbl €H jKaKChl BIMBIPDAHbBI KOPCETTI )KOHE HAKThI YaKbIT PEeXKUMIHJCT]
(dbuTHEC XKyHenepl YIIIH OHTAMIBI HYCKa PETIHIAE YCHIHBUIALI. BybIH OYpBIITApBIH ecenTeyre
HETi3/Ie/ITeH OMOMEXaHUKAJBIK Tallay oOJIiCi JKAaTTHIFYyAbl OPBIHAAY CalachlH CAaHIBIK Oaranayra
MYMKIHAIK Oeperini monmenaenmai. JKyieni Typanay ynaiibl (GUTHEC, CIIOPTTHIK KATTHIFYJAp JKOHE
MEIUIMHAIBIK OHAJITY CalachlHAa KOJJAHBUIYBI MYMKIH koHe 3D JeHe mo3ackl MOJAEIBICPiH,
COHJIaii-aK KEHICTIKTIK-YaKbITTBIK HEUPOHABIK KEIJIEPAl KOCY apKbLIbI OJIaH opi KAKCAPTHUIYBI
MYMKiH.

Kiar ce3mep: amaMHBIH 1M03aChlH aHBIKTAy;, KOMIIBIOTEPIIIK KOpYy; TEPEH OKBITY; ICHE
KATTBIFYJIapbIH OaKblIay; HaKTHl YakKbIT Kyhenepi; OyeiH OypbimTapein ecentey; Y OLOvS-Pose;
BlazePose; 6noMexaHUKaNBIK TanIay.

E.Y. CEPJAJIMEB!, H.T.TOMJIBIBAEBA? B.0. BAUMYP3AEB?, X. YAKBIP*

1'2’3MesfcdyHap00Hblﬁ Ka3axcKko-mypeyxuil ynusepcumem umenu Xooxcu Axmeoa fcasu,
Typkecman, Kazaxcman
1E-mail: erlan.serdaliev@ayu.edu.kz*
2E-mail: nurgul.toilybayeva@ayu.edu.kz
3E-mail: bboranbek@ayu.edu.kz
4YHueepcumem Ta3u, paxynremem KomnvromepHvIX U 0OPAZ06AMENLHBIX MEXHOIO2UI,
Anxapa, Typyus
3E-mail: hcakir@gmail.com

KOHIEIITYAJBHBIE OCHOBbBI MOHUTOPUHT A ®PUZNYECKUX
YIPAKHEHUH B PEAJIbHOM BPEMEHHU HA OCHOBE MOJIEJIEN
KOMIIBIOTEPHOI'O 3PEHUSA U I''TYBOKOI'O OBYUYEHUSA

AHHoTauus. B crathe paccMarpuBaeTcs 3ajada aBTOMaTHYECKOTO MOHHTOPWHTA W OIICHKH
¢u3nYecKux YHOpaXHEHUH B peaJibHOM BpeMeHH. Llenblo JaHHOTO HCCIEAOBaHMS SBISAETCS
CpaBHUTENbHBI aHaMU3 AS(P(EKTUBHOCTH COBPEMEHHBIX MOJeNell TIyOOKoro OoOydYeHHs JUIs
ompezenenus ocanku denoBeka (BlazePose, YOLOv8-Pose, MoveNet 1 HRNet) u BbIsBiICHHE
BO3MOYKHOCTEH WX BKJIFOUEHHS B CHCTEMY OIIEHKH KadecTBa TPeHUpPOBKU. CHCTeMa MOCTpOeHa Ha
ocHoBe RGB-Buieonoroka n BKJIIOYAET 3Talbl MPEeIBAPUTEIbHON 00pabOTKH, ONpeeNeHHs] TOUEeK
OCaHKH, pacyueTa YIjoB CYCTaBOB M KJACCU(UKALMU TPEHUPOBKH (IIPaBHIbHO/HENpPaBUIbHO). U3
AKCIIEPUMEHTAIBHBIX PE3YJIbTATOB MOXKHO YCTAHOBUTH, 4YTO Mojelb HRNet umeet camplii BEICOKHIA
MoKa3aTeslb TOYHOCTH, HO M3-32 BBHICOKOH BBIYMCIUTEIHHON CIIO)KHOCTH YBEIHMUYMBACTCS 3HAYCHHE
3agepkku. beito mokaszano, yro BlazePose oOecnieunBaeT BEICOKYIO YaCTOTY KaJJpOB Ha YCTPOHCTBAX
¢ orpaHnueHHBIMH pecypcamu. Mojens Y OLOV8-Pose mokazana Hamurydmaii KOMIPOMHUCC MEXTY
TOYHOCTBIO M TPOU3BOIUTENILHOCTBIO U ObLJIa MPEUI0KeHa B KaUeCTBE ONTUMAILHOTO BapUaHTa JUis
(buTHEC-CHCTEM peallbHOTO BpeMeHH. J[oka3aH MeTo/1 OMOMEXaHUYECKOTO aHaJIN3a, OCHOBAHHBINA Ha
pacuere YIJOB CYCTaBOB, ITO3BOJISIONIMNA KOJMYECTBEHHO OLIEHUTh KaueCTBO BBIIIOJIHEHUS
yrnpaxsaeHuil. CucTtemMarnveckasi OlleHKa BBIPABHMBAHHUS MOXET NPUMEHSThCsS B cdepe (urHeca,
CIIOPTUBHOM TOJATOTOBKM M MEAMIIMHCKOW peadWIMTAlliU, a TaKKe MOXKET OBITh JOMOIHUTEIHHO
yIydnieHa 3a cyet qooasienus 3D-moerneit mo3sl Tela M mpoCTPaHCTBEHHO-BPEMEHHBIX HEUPOHHBIX
cerei.
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KiaroueBble cJjioBa: oOmpejelieHHe I03bl YeIOBEKa, KOMITBIOTEPHOE 3pCHHE; TIIyOOKOe
oOydeHne; MOHUTOPUHT (DU3MUECKUX YIPAKHEHUH; CUCTEMBI PEabHOTO BPEMEHHU; PacyeT YTIoB
cycraBoB; YOLOV8-Pose; BlazePose; bnomexaHnyeckuii aHAITU3.

Introduction

Indeed, the topic of monitoring physical activity and health via digital technologies has taken
on particular significance in recent years. The need for monitoring motion correctness in fitness, sport
training and medical rehabilitation is critical due to its high importance regarding injury prevention,
movement quality improvement or at least ensuring the effectiveness of the rehab process. The
conventional monitoring is often on the basis of a trainer or specialist visually assessing performance,
which results in subjectivity, time consumption and lower repeatability (Jo & Kim, 2023).

In particular, the evolution of computer vision technologies and deep learning has enabled
automatic analysis of techniques for physical exercises. Human pose estimation techniques enable us
to spot a person in an image and find the key joint points of his body, thereby depicting movement in
the form of a skeletal model. According to Huang et al. (2025), this approach is suitable for solving
tasks such as joint angles, trajectory analysis of movement and whether the movement of performing
an exercise is correct or incorrect.

There are a number of models available for identifying pose in humans today. Mobile and light-
weight models with processing time in real time like BlazePose or MoveNet in MediaPipe can be
used on mobile or other resource-poor devices (Opifia Jr. & Fajardo, 2024). Detection-based
YOLOvV8-Pose architectures enable arising multiple pose tracking with high efficacy in real-time
systems (Dong & Du, 2024; Cai et al., 2025). Moreover, HRNet and transformer-based models have
very high accuracy in detecting pose point but much higher computation costs (Li et al., 2023).

Numerous analyses regarding exercise assessment, action recognition and motion analysis
through pose detection models are available in the scientific literature. Specifically, spatio-temporal
model based on skeletal data has achieved effective results in the assessment of exercise performance
quality (Xie et al., 2024). Furthermore, basic properties of real-time systems and their pros and cons
for low-resource devices have been studied in review papers (Huang & Li, 2024; Zheng et al., 2023).

However, there is still no systematic conceptual framework for embedding state-of-the-art
posture recognition architectures into motion control databases. Models with different accuracy,
speed and computational resource requirements must be systematically compared and adapted to
application scenarios. This article introduces a conceptual approach for realtime physical exercise
analysis, based on posture recognition models, and discusses its scientific and practical implications.

Materials and methods

Dataset Description

This study used a specially collected video dataset to monitor and evaluate physical exercise in
real time. The dataset consists of a total of 200 videos and includes exercises performed by 10
participants. The participants included 5 men and 5 women. This balanced structure was aimed at
reducing the dependence of the model on gender.

Five different physical exercises were considered in the study: squat, push-up, deadlift, jumping
jack and bent-over row. These exercises involve different parts of the body and differ in movement
dynamics. Therefore, their selection allows us to assess the ability of the model to distinguish between
different movement patterns.

Each video clip was approximately 6-12 seconds long, which was enough to capture one or
more complete movement cycles. The videos were recorded in three different environments: a gym,
a laboratory room and a home environment. In addition, the footage was shot from two different
angles: a front view and a side view. Such diversity allows us to assess the generalization ability of
the model despite changes in lighting, background, camera angle, and spatial conditions.

Thus, the dataset used had sufficient diversity for the tasks of recognizing physical exercises
and assessing the quality of their execution.
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Data partitioning principle

In the experimental evaluation, the dataset was divided into training, validation, and testing sets
according to the classical supervised learning approach. The partitioning ratio was chosen as 70%-
training set, 15%-validation set, and 15%-testing set, respectively.

The training set was used to train the model parameters, the validation set was used to tune
hyperparameters and control overfitting, and the testing set was kept for independent evaluation of
the final model performance.

During data partitioning, the distribution of different training types, shooting environments, and
camera angles was kept as equal as possible. This approach prevents the overpredominance of a single
category, ensuring the fairness and stability of the evaluation results. In addition, the results obtained
during the testing period characterize the model’s ability to generalize to new data.

Futhermore, This study investigated several contemporary deep learning models of human pose
detection for monitoring physical exercise in real time. The main criteria used to select models were
real-time performance (FPS), computational complexity, detection accuracy and the possibility of
running on low-resource devices (smartphone, webcam, low-end laptop). Objective: The objective of
this study is to compare the strengths and the weaknesses of different architectures in order to identify
which group of models can be used as a formula for building physical exercises monitoring systems.
To use computer vision for pose detection, we primarily adapted BlazePose from the MediaPipe
platform since it is lightweight and very efficient on mobile devices. The BlazePose Model can run
on stable real time and detect more than 30 key anatomical points of a human body. The key benefits
of this model are low computational load and high frame rate on mobile devices. Due to this,
BlazePose is useful for home fitness training and mobile rehabilitation systems.

We used the YOLOV8-Pose architecture to operate in a crowded space and in complex scenes.
This system integrates object detection and pose regression tasks into a neural network. High real-
time performance allowing multi-person tracking as seen in gyms or group exercises. Moreover, this
architecture is also highly scalable and hardware platform agnostic. Also, the MoveNet and HRNet
architectures have been considered for comparison purposes and methodology analysis as they are
classified into high-precision models. The MoveNet is available in easily two different models
(Lightning and Thunder), both providing excellent accuracy and robustness. Despite the great
accuracy achieved for pose points detection with HRNet architecture, it has a high computational
complexity (Table 1) limiting its usage in real-time mode on low-resource devices.

Table 1. Comparative characteristics of the considered pose detection models

Model Main Feature FPS Accuracy Resource Application
(approx.) Requirement

BlazePose Lightweight, 25-30 Medium | Low Mobile fitness

(MediaPipe) | mobile-friendly

YOLOVS- Detection + Pose | 20-30 High Medium Multi-person

Pose estimation scenarios

MoveNet High stability 15-25 High Medium Individual
exercise

HRNet High precision 5-10 Very high | High Laboratory
analysis

The BlazePose model is aimed at real-time operation on mobile devices using a lightweight
encoder-decoder architecture. The HRNet model allows for accurate pose point detection by storing

high-resolution features, but its computational complexity is high (Figure 1).
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Figure 1. General architecture of pose detection models used in a physical exercise tracking
system.

BlazePose model runs at high frame rate but with a low accuracy. The YOLOv8-Pose
architecture provides a good balance of performance and accuracy, and does well in a high number
of people. Although the MoveNet model offers a high accuracy with stable performance, HRNet
architecture provides the top-line accuracy score, but runs at low frame rate because of its
computation complexity. As depicted (Fig. 2), this means there is a clear trade-off between
performance and accuracy in real-time system model selection.
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Figure 2. Comparative chart of performance and accuracy (FPS vs Accuracy) for different
models.

This study retrieves data for physical exercise analysis as video streams in RGB format. The
videos were taken with a webcam or smart-phone camera and modified for immediate processing.
The camera was set up to fully capture the individual from the side or front thus, ensuring accurate
and stable pose points detection. Wir haben Videodaten mit 25-30 FPS, 720p oder 1080p
aufgezeichnet.

The obtained video streams passed through multiple preprocessing steps before getting as input
to the pose detection algorithms. All these stages were performed to make the system more stable and
the models more computationally efficient.

The video stream was received sliced into single frames first:

V = {FllFZ""'FT}' (1)
where: F; — t- time-lapse video, and T — number of frames.

In the next step, each frame was resized according to the model requirements. For example, for
the BlazePose and YOLOvV8-Pose models, the input dimensions were converted to 256x256 and
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640%x640 pixels, respectively. This operation reduces the computational load and ensures real-time
processing.
Pixel values were normalized to the range[0,1]:

I
Luorm = 255’ (2)

where: I — original pixel value.

The frames were then subjected to light filtering and contrast correction methods in order to
dampen noise and mitigate differences from changing lighting conditions. Also, temporal smoothing
techniques were explored to smooth abrupt changes between frames in the video stream.

In last step of preprocess, frames were inputed to the model and human pose's key points are
extracted. Therefore, this preprocessing phase is a crucial step that directly impacts the whole
accuracy and stability of the entire system (see Figure 3).

KamepapnaH ansiHraH beiHe

[ [7) Resize = b
i _l |- - - ¢ '
A 0 ' |
Frame t lel |- - 0 1 i
Frame t+1
Frame Spliting MacwrabTray Hopmanusauyua Mopgenere 6epy

>

Figure 3. Data acquisition and preprocessing stages in a pose detection system.

The proposed data acquisition and preprocessing methods are adapted to real-time physical
exercise monitoring systems. This approach ensures uniformity of input data when using different
pose detection models and increases the overall performance of the system.

Pose Point Detection Method

In this study, the human pose detection method is based on finding keypoints of a human body
from video frames. Pose points are considered as a set of coordinates describing the structure of the
human skeleton and are used for further biomechanical and kinematic analysis. The considered
models (BlazePose, YOLOvV8-Pose, MoveNet and HRNet) detect pose points in 2D space.

Formal description of pose points

For each video frame, the model produces a set of pose points in the following form:

Pt = {(x5,y1), (x5, ¥3), .. (x§, Y5}, 3)

where:

t— time period (frame index),

N—the number of pose points to be determined,
(xf, y})— i-2D coordinates of the joint point.
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For example, The BlazePose model detects N=33 points, while the YOLOv8-Pose and HRNet
models typically detect N=17 points.

The principle of pose point regression

Pose detection models solve the problem of regressing the P* points from the input frame using
a neural network. This process is described as follows:

Pt:fH(Ft)' (4)

where:

F; — pre-processed input frame,

fo(-) — a deep neural network with parameters 6.

In the YOLOV8-Pose architecture, this process simultaneously performs person detection and
pose point detection, while the BlazePose and HRNet models use a direct pose regression approach.

Confidence indicator

Many models provide a confidence coefficient (c;) for each pose point:

Pt ={(xi, yi,cDlizn cf € [01] (5)

This indicator allows us to assess the reliability of point detection. Points with low reliability
can be excluded from the analysis or corrected by temporal smoothing.
Representation as a time series
Since physical exercises are dynamic, pose points are considered as a time series, not individual
frames:
S ={P1,p? .. PT} (6)

This sequence describes the continuity of movement and is further used in algorithms for
calculating joint angles, determining movement phases, and evaluating exercise.

Skeleton graph

Position points are represented as a skeleton graph using predefined anatomical connections:

G =,E), (7)

where:

IV — points of pose (vertices),

E — connections between joints (edges).

This representation approach is effective in spatiotemporal analysis and the use of graph neural
networks (ST-GCN) (Figure 4).
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Figure 4. Skeleton view of pose points (keypoints).

Implementation details

The proposed system was implemented in the Python programming language. The OpenCV
library was used for video data processing and pre-analysis, and various tools were used to detect
human poses, depending on the corresponding models.

The BlazePose model was implemented using the MediaPipe platform. This model is adapted
to work in real-time at high speed and shows effective results on CPU-based systems. The YOLOv8-
Pose model was implemented based on the Ultralytics YOLOVS library and implemented human
detection and pose point detection in a single architecture. In addition, the MoveNet model was
implemented based on TensorFlow Lite, and the HRNet model was implemented using the PyTorch
framework.

The experiments were conducted in a CPU-based computing environment. This approach was
aimed at evaluating the ability of the proposed system to work on low-resource devices. The
processing speed and latency values for each model were measured on a real-time video stream.

Method for calculating joint angles

One of the main indicators in assessing the correct performance of physical exercises is the
joint angle. Joint angle is a biomechanical parameter that characterizes the amplitude, phase, and
technical correctness of human movement. In this study, joint angles were calculated based on 2D
pose points.

Determining an angle using three points

Any joint angle is determined using three points: for example, for a knee angle — hip (A), knee
(B), ankle (C).

The joint angle is calculated using the following vector formula:

BA - BC
8 =cos 7! T — (8)
| BAIlll BC Il
where:
BA=A-B
BC=C-B
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- —scalar product

Il v Il — vector length
Writing vectors in coordinate form:

BA = (x4 — Xg,Ya — ¥B) 9
Scalar product:
BA-BC = (x4 —xp)(x¢c — xp) + Va — ¥8) e — ¥B) (11)

The resulting angle 6 is measured in radians or degrees.

Key joints

In the biomechanical study of physical exercises joint angles is accepted as the main variable
describing moving quality [3]. The main load in any exercise always lies on specific anatomical joints,
and this is precisely why the correctness of the movement directly depends on the spatial location and
angular changes of these very same joints. Thus, the following key joints were chosen to be analyzed
based on exercise types in this study.

First of all, the knee joint is a main biomechanical component reflecting lower limbs movement.
It is especially crucial in squat and lunge movements. The flexion and extension angle of the knee
joint during these exercises regulates the depth, amplitude and correct technical execution of this
movement. While insufficient flexion of the knee angle can suggest improper execution of the
exercise, excessive forward displacement can also overload the joint. Thus, the next key indicator of
squat and lunge exercise quality is tracking dynamic changes in the knee angle.

Second, Analysis of the elbow joints push up exercise as the main movement mechanism of the
upper limbs. The elbow angle in a push-up describes how low the body went and how symmetric the
movement is. Excessive movement, asymmetrical movements and not achieving sufficient flexion
are considered technical errors. So the elbow is the primary point of control for your upper body
strength movements.

Thirdly, the hip joint plays a pivotal role in this exercise, being part of the body's primary
support system during deadlifting. Particulars of Weightlifting — The Deadlift Movement At the hip
joint, this is based on coordinated work biomechanics are joint-based which start with a deadlift.
When the hip angle is correct, it gives us what should be an acceptable level of anterior pelvic tilt and
a benign position when looking in the lumbar spine. It is the main metric for determining whether
proper biomechanical technique has been followed.

Fourth, once again as upper extremity movement articulations are considered namely, the
shoulder during bent-over row exercise. During this exercise, the shoulder joint, together with the
elbow,DOMINATES back muscle activation. Monitors the shoulder angle Alpha, which is essential
for effective exercise and preventing overload.

Therefore, the angular parameters of biomechanically essential joints were selected for each
exercise to be the primary parameter of calculation to objectively evaluate exercise performance. This
approach enables a systematic analysis of physical exercises and objective evaluation of movement
technique. First, key joints were identified for every exercise.

Angle change over time

Since physical exercises are dynamic in nature, the dependence of the angle on time is
considered:

o(t) = f(PYH) (12)
Joint angle speed:
o) = 6(t) —jt(t - 1) (13)
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This indicator allows you to determine whether the movement is performed too quickly or too
slowly.

Criteria for correct execution

For each exercise, the permissible range of angles is set:

Hmin = H(t) = emax (14‘)

For example:

Knee angle during squat: 70° — 110°

Elbow angle during push-ups: 60° — 100°

If the angle is out of range, the system marks the exercise as incorrect.

The calculation of joint angles is based on a kinematic model of human movement. While 2D
analysis does not replace full 3D biomechanics, it provides sufficient accuracy for exercises in the
frontal or sagittal plane. In real-time systems, the 2D approach is computationally efficient and
mobile-friendly.

— 0 BC =c-B

A @ c

Figure 5. Scheme for calculating the joint angle using three points

Results

Experimental evaluation of the proposed real-time physical exercise tracking system was done
based on these models BlazePose, YOLOv8-Pose, MoveNet and HRNet. All models investigated
were tested in the same hardware environment (CPU + mid-range GPU) and the same video data was
applied. The pose detection accuracy, the correct/incorrect recognition quality for each exercise,
frame rate (FPS), and system latency were used as evaluation criteria. The system was found to work
well during real time operation By combining the processes of preprocessing, pose point detection,
and joint angle calculations, the overall latency was minimized. (a) Products for practical use
modeling indicated that the architectural structure shown in Figure 1 and Figure 3 was confirmed to
be a solid/working motion seen as effective as a real copiar.

The skeletal structure used is shown in Figure 4 to obtain visual examples for the pose points.
All models successfully localized the main keypoints of human body, but accuracy differences could
be observed.

Pose Detection QualityThe quality of pose detection was reported with AP (Average Precision)
indicator. HRNet achieved the highest accuracy but incurred a high computational cost. In contrast
YOLOvV8-Pose offered an optimal trade-off between accuracy and performance. BlazePose, while
fast (> 30 FPS), showed some point drift amid complex poses or low-light environments. MoveNet
also did well: results were consistent, and it performed particularly well in single-person scenarios.
The relationship between performance and accuracy in figure 2. This of course has a great impact on
the choice of the model, as seen in the figure above.

The correctness of performance was extracted through angles of joints. The angle intervals for
each exercise were exploited (Section 2.4).

A summary table of experimental outcomes is presented below.
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Table 2. Accuracy of correct/incorrect recognition of the exercise (%)

Model Squat | Push-up | Deadlift Ber;zt-over Average
ow accuracy
BlazePose 86% 84% 82% 80% 83%
YOLOvV8-Pose 91% 89% 88% 87% 89%
MoveNet 90% 88% 87% 85% 87.5%
HRNet 93% 92% 90% 89% 91%

According to the results, HRNet achieved the highest classification accuracy. However,
YOLOvV8-Pose is an effective alternative for real-time applications. The performance of the system
was evaluated by FPS and average latency.

Table 3. Performance indicators of models

Model FPS (average) Delay (ms)
BlazePose 28-30 33-40 ms
YOLOvV8-Pose 24-27 37-45 ms
MoveNet 20-24 42-50 ms
HRNet 8-12 90-120 ms

The highest frame rate comes from BlazePose, which is suitable for mobile- and web-based
systems. HRNet achieves very high accuracy but the latency might be a limiting factor for real-time
systems. In general, the comparative analysis results indicate that all models have their merits and
areas of application.

The BlazePose architecture can run at rapidly, high frame rates due to stable real-time operation.
Its low computational cost makes it an ideal solution for mobile and web-based systems. So while the
speed is decent, it stays in relatively medium range when we talk about accuracy as well when things
get tricky like when lighting is bad or the movements are complex.

YOLOv8-Pose — the best performance-to-accuracy tradeoff Since it uses person detection and
pose detection in a multi-purpose architecture, the model also performs well with large crowds under
hard conditions. This can be a one size fit all approach towards real-time fitness and exercise
monitoring systems from practical perspective.

Finally, the MoveNet model provides reproducible and reliable results. In the single-person
contexts, it works quite well and accurately identifies the main states of movement. It can be deployed
for mobile and semi-server systems for fewer computational requirements.

The HRNet architecture results in the best accuracy for pose point finding. Storing features with
high resolution enables precise localization even for complex movements. However, its high
computation complexity might reduce the frame rate which is a bottleneck for real-time mobile
systems.

Thus, based on actual application, hardware capabilities and accuracy needs the model selection
should be made.

The model selection should be made according to the application scenario as shown in Fig. 2.
For the purpose of a mobile fitness app, BlazePose does an excellent job. HRNet, on the other hand,
is better suited for a lab scenario where high accuracy is the name of the game.

Discussion

The present study results indicate that human pose detection models can be successfully applied
in monitoring physical exercise in real time. The models differed in accuracy, performance, and
computational complexity. These findings confirm those conclusions reflected in contemporary
scientific literature.

Pose based on YOLO has been popularized in many real-time systems. According to Dong and
Du (2024), a simplified version of the YOLOvV8-Pose architecture was found to demonstrate high
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performance in analyzing fitness exercises. Our results further validate that the YOLOv8-Pose model
achieves a reasonable trade-off between accuracy and FPS. In addition, Cai et al. (2025) demonstrated
that high-level precision could be achieved in rehabilitation applications by enhancing the YOLOv8
architecture. This correlates with our experimental results.

Real time applications on low-resource devices due to the high speed performance of MoveNet
and BlazePose models According to Opifia Jr. and Fajardo (2024), the key benefit of pose models
targeting mobile devices is computational efficiency. BlazePose, however, had the highest FPS
among the studies in our study and thus confirmed authors conclusions. Interestingly, Jo and Kim
(2023) pointed out that lightweight models have significant practical implications in the comparative
evaluation of various pose model assessment for fitness applications.

The HRNet model's high accuracy performance is in line with clinical studies to-date. Huang
et al. (2025) demonstrated the significance of precise localization of pose points in deciphering
intricate actions. Nonetheless, the computationally expensive HRNet structure raises latency concerns
in time-sensitive systems. Zheng et al also refer to this situation. (2023) about the performance
limitations of high-accuracy models.

The framework for analyzing motion and qualitatively scoring exercise through skeletal data is
also corroborated by the scientific literature. Xie et al. There are existing studies, such as (2024),
illustrating the effective use of spatiotemporal graph neural networks to evaluate exercise. The
simplicity of the angular analysis as applied in our study yields practical and reliable results. This is
consistent with the work of Qiu et al. and Poise (2023) demonstrate that pose point-based analysis
may contain enough information for action recognition.

Furthermore, Huang and Li (2024) highlight the significance of visual feedback systems in
enhancing the training effectiveness. Our method has shown that it can detect the angular
discrepancies in the moment while supplying feedback to the user.

In particular, the resulting values are homogenous with currently applied scientific standards
and further confirm that pose detection models can greatly facilitate fitness and rehabilitation systems.
However, the selection of model should be made based on real application scenario: while HRNet is
the best choice if high accuracy is needed, BlazePose or YOLOvV8-Pose might as well be the optimal
solution for a real-time mobile systems.

Conclusion

This study is focused on testing the state-of-the-art models for human posture detection from
real-time perspective to provide analytical performance metrics. The experimental study performed
on the architectures BlazePose, YOLOv8-Pose, MoveNet and HRNet showed the strengths and
weaknesses of each model.

However, even if HRNet attains the highest accuracy over pose points detection, its
computational complexity could be a downside in terms of real-time mobile systems. The BlazePose
model can be demonstrated to provide high frame rates and typically run in a stable manner on low
resource devices. This post recommends the YOLOvV8-Pose architecture as a universal solution for
practical fitness and exercise monitoring systems because of its good tradeoff in terms of accuracy
versus performances. The MoveNet model achieves consistent and accurate outputs in single-person
cases.

A biomechanical analysis method calculated joint angles, and this method has been
demonstrated to enable the quantitative evaluation of whether exercise is performed correctly or
incorrectly. The proposed methodological framework is built in a modular manner and readily
integrates various posture models, along with their adaptation in conditions of certain practical
applications.

Therefore, applying human posture recognition models composing automatic physical exercise
assessing systems is a potential direction of development. The introduction of 3D posture models,
spatiotemporal neural networks as well as individualised feedback mechanisms are recommended for
future studies.
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