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Relevance of the subject

The relevance of this dissertation is determined by the growing need for accessible,
intelligent, and objective technologies for supporting physical activity, exercise training, and
rehabilitation outside traditional clinical and laboratory environments. In recent years, mobile
devices, computer vision methods, and artificial intelligence technologies have created new
opportunities for analyzing human movement in real time without expensive motion-capture
systems or constant specialist supervision.

Physical activity plays an important role in maintaining health, preventing musculoskeletal
disorders, improving functional mobility, and supporting rehabilitation. However, the
effectiveness of physical exercise strongly depends on correct execution technique, appropriate
movement control, and regular feedback. In unsupervised or home-based training conditions,
users often perform exercises with incorrect posture, limited range of motion, asymmetry, or
compensatory movement patterns. These errors may reduce the effectiveness of training and, in
some cases, increase the risk of overload or injury.

Traditional rehabilitation and fitness programs usually rely on verbal instructions, images, or pre-
recorded video demonstrations. Although these tools are useful, they do not provide
individualized real-time assessment of the user’s actual movement. In clinical settings, specialists
can visually evaluate posture and movement quality, but continuous professional supervision is
not always available due to cost, time, distance, and limited access to rehabilitation services.
Therefore, there is a clear need for automated systems that can observe, analyze, and provide
feedback on human movement in a practical and scalable way.

Modern pose estimation technologies make it possible to detect key points of the human body
using ordinary smartphone cameras. Combined with machine learning, action recognition,
biomechanical feature extraction, and intelligent feedback generation, these methods can be used
to evaluate exercise performance, recognize movement patterns, count repetitions, detect errors,
and support personalized training. Such systems are especially relevant for mobile health, remote
rehabilitation, sports training, preventive healthcare, and digital wellness applications.

The subject is also relevant from a scientific and technical perspective. Accurate human motion
analysis in real-world conditions remains a challenging problem because of variations in body
shape, camera position, lighting, clothing, occlusion, movement speed, and exercise complexity.
Developing robust methods for mobile pose estimation, action recognition, and motion quality
assessment can contribute to the improvement of intelligent human-computer interaction systems
and practical Al-based health technologies.

Thus, the selected subject is relevant both scientifically and practically. It addresses an important
interdisciplinary problem at the intersection of artificial intelligence, computer vision,
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biomechanics, mobile computing, physical activity training, and rehabilitation. The development

of intelligent mobile systems for human motion analysis can improve accessibility, personalization,

and effectiveness of exercise-based interventions, while also contributing to the advancement of

modern digital health technologies.

Objectives of the Work Are
Develop an Al-Driven Physical Activity and Rehabilitation Mobile Environment

(¢]

Design and implement a front-camera-based mobile app capable of capturing
users’ movements in real time.

Integrate optimized 3D pose-estimation models that run efficiently on typical
smartphones (quantized CNN backbones, lightweight geometric modules).
Ensure robustness under variable lighting, backgrounds, and occlusions typical
of at-home environments.

Build an Accurate Real-Time 3D Pose-Estimation Pipeline

(o]

Combine markerless single-view methods with geometric reasoning to
reconstruct joint positions in three dimensions.

Incorporate error-correction strategies for temporary pose dropouts or jitter.
Validate positional accuracy against IMU-based ground truth captured from

wearable sensors.

Implement Temporal Motion Analysis for Error Detection

(o]

o

Segment continuous exercise streams into individual repetitions using dynamic
time warping based auto-correlation and constrained optimization.

Quantify biomechanical parameters (joint angles, velocities) and flag deviations
from ideal movement patterns.

Generate an “error rate” metric for each rep to inform user feedback.

Integrate an Interactive 3D Virtual Trainer

o

Create a reusable, animated 3D character driven by prerecorded motion-
capture data from IMUs.

Provide real-time visual demonstrations synchronized to the user’s own camera
feed.

Embed a TTS engine for dynamic verbal guidance, adjusting prompts based
on detected form errors.

Optimize for On-Device Performance

(0]

Apply model quantization and pruning to minimize inference latency (<100 ms
per frame).



o Implement multi-threaded pipelines and hardware acceleration (e.g., NNAPI,
Metal) where available.

Practical Significance

This mobile Al workout system delivers immediate, real-world advantages across safety,
accessibility, personalization, cost-efficiency, and scalability:
¢ Enhanced Safety: Real-time error detection and feedback reduce injury risk during
unsupervised workouts at home.
e  Wider Accessibility: A standalone mobile solution removes the need for expensive
equipment or studio memberships.
e Personalized Coaching: Dynamic, data-driven insights and virtual trainer guidance
adapt to each user’s performance and progress.
e Cost Efficiency: Leverages existing smartphone hardware, minimizing additional
expenses for users and developers.
e Scalable Deployment: Optimized on-device models ensure broad compatibility across
a range of consumer smartphones.

The methods of research

This research followed a mixed-method engineering workflow that began with a critical survey of
state-of-the-art 3D human-pose estimation and exercise-analysis literature to frame the problem
and requirements. We then built a two-stage vision pipeline that detects 2 D keypoints on mobile
devices and lifts them to 3D with lightweight CNN and transformer modules, selecting
architectures through comparative experiments on the Human3.6M benchmark and on-device
latency tests. To generate high-fidelity ground-truth motions for a virtual trainer and to validate
the vision models, we captured 180 exercise sequences with a portable 19-sensor IMU suit,
cleaned the data in Rokoko Studio, and retargeted the trajectories to Unity avatars. Real-time
activity recognition inside the app combines dynamic-time-warping + k-nearest-neighbour
matching for rapid template while a rule-based engine converts joint-angle thresholds into spoken
form and correction advice. Repetition counting is handled by a noise-robust sliding-window
zero-crossing finite-state machine that optionally verifies bilateral joints to suppress false positives
during compound lifts. Finally, we embedded the models in a Flutter/Unity mobile application,
conducted benchmark tests on mid-tier smartphones, and ran a small user study that measured
pose-estimation accuracy, feedback latency and perceived engagement, the results of which are
summarised in Chapter 6.
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Structure and scope of work

The dissertation consists of 7 chapters and a list of used literature.

It is written on 140 pages, cites 73 literature sources, and includes 30 figures and 2 tables.

The work is organized as follows:

Scientific novelty

This research introduces several key innovations that advance the field of Al-driven human motor

behavious analysis:

Real-Time Biomechanical Error Metric: Proposes a new “Error Rate” metric
combining temporal alignment (via DTW autocorrelation) with per-joint angular
deviation analysis, enabling fine-grained quantification of form faults on a rep-by-rep
basis.

On-Device Model Optimization for Mobile Environments: Develops a compression
and pruning strategy that tailors a convolutional-geometric pose network to mobile
CPUs/NPUs without sacrificing sub-100 ms frame-rate performance.

Interactive Multimodal Feedback Loop:integrate a 3D virtual trainer
agent:synthesized from IMU-captured motion clips-with a context-aware Text-to-Speech
(TTS) system.

Robustness Across Uncontrolled Home Settings: Demonstrates robustness to real-
world challenges (environmental changes, background clutter, clothing variation) by
embedding a lightweight semantic segmentation stage that adaptively masks the subject
from complex scenes.

Empirical Validation: Establishing the practical efficacy of the proposed ecosystem
through rigorous experimental validation, specifically focusing on movement quality
enhancement and error reduction.

The novelty of the proposed approach lies not in a single algorithmic improvement, but in a

unified, end-to-end framework that combines real-time 3D pose estimation, temporal motion

understanding, biomechanical error quantification, and interactive coaching into a portable, on-

device solution.

The structure and volume of the work. Material results of this work which includes 140 pages,

13 tables and also 34 figures. The main results of the work were published in four scientific



publications: IEEE EDUCON 2024, Pattern Recognition and Image Analysis in 2024 and 2026,
and CSIT 2023, and were reported at IIAP NAS RA and CSITseminars.

Contents of Research

Chapter 1. Introduction

The first chapter substantiates the relevance of the research topic and formulates the main
scientific problem. It shows that the growth of home workouts, remote rehabilitation, and app-
guided physical activity has created demand for intelligent systems capable of objective movement
assessment outside laboratory settings. Traditional video-guided training is accessible, but it lacks
the real-time supervision needed to prevent incorrect movement execution, especially in exercises
where trunk posture, joint alignment, and timing are critical.

1.1. Research motivation and technical challenges

The chapter identifies the core technical challenges addressed by the dissertation: accurate 3D
pose estimation under uncontrolled mobile conditions; temporal segmentation of continuous
motion into repetitions and phases; interpretable biomechanical error detection; creation of a
high-quality reference exercise library; real-time synchronization of visual and verbal feedback;
and optimization of the analytical pipeline for resource-constrained mobile devices. This chapter
also introduces the scientific novelty of the work, which lies in combining pose estimation,
temporal movement analysis, IMU-based reference motion capture, a 3D virtual trainer, and
mobile on-device feedback into a single end-to-end system.

Chapter 2. CNN-Based Pose Estimation with BlazePose

This chapter describes the CNN-based pose-estimation module used as the practical backbone of
the proposed workout-analysis system. Instead of a heavy multi-stage transformer pipeline, the
mobile implementation relies on BlazePose, a compact detector-tracker architecture designed for
realtime inference on smartphones. The method is particularly suitable for fitness analysis
because it keeps the subject centered, estimates full-body landmarks, and preserves low latency
during continuous exercise execution.

2.1. Core BlazePose Design

BlazePose is designed for real-time, single-person body tracking on mobile devices. Its core
idea is to avoid running a heavy body detector on every frame. Instead, the system uses a
detector—tracker setup: the detector initializes the person region, and the tracker predicts
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landmarks and a refined region of interest for subsequent frames. The detector is invoked again
only when tracking confidence falls.

The method reconstructs a 33-keypoint body topology that includes the face contour anchors,
shoulders, elbows, wrists, hips, knees, ankles, heels, and foot tips. This denser topology is
valuable for exercise analysis because it provides more detailed lower-limb and upper-body
geometry than a minimal 17-keypoint scheme.

2.2. Key design choices for mobile fitness analysis

Compact CNN-based BlazePose pipeline for realtime mobile pose estimation

RGB > BlazePose »> ROI alignment > Landmark CNN > Tracked pose +
frame detector and rotation (33 keypoints) visibility

= Tracking reuses the previous ROl and avoids full detection on every frame”

Figure 2.1. Compact BlazePose pipeline for detector-guided mobile landmark regression.

Component Role in the system

Normalizes body position, scale, and rotation before

Detector + ROI alignment .
* '8 landmark inference.

Captures limbs, trunk, feet, and face-related anchors

33-keypoint landmark model ) . .
required for exercise analysis.

Avoids costly redetection on every frame and preserves

Tracker reuse .
realtime feedback.

Supports occlusion handling and decides when the

Visibility / presence output system should relocalize the subject.



2.3. Landmark topology and mathematical formulation

The formulas summarize the operations that make BlazePose efficient in practice: nonlinear
feature extraction, body-centered cropping, rotation-normalized tracking, compact landmark
regression, and geometric evaluation through MPJPE. In the context of this dissertation,
BlazePose is preferable to larger CNN or transformer alternatives because it preserves enough
anatomical detail for exercise analysis while still operating at interactive speed on mobile devices.
This makes it a practical front-end for repetition detection, rule-based movement assessment,
and virtual trainer feedback.

Essential formulas

RelU activation: f{x) = max(0, x)
hi+ h,
2

ROI center from hip landmarks: c =

Body-axis rotation for alignment: a = Z(ms —mp, ey)
Landmark output representation: P = {(x;, y;, z, vi)} 33,

J
Pose accuracy metric: MPJPE =/l z Ip; - pjl2
j=1

Figure 2.2. BlazePose 33-keypoint
topology used for full-body motion
capture.

Chapter 3. Exercise Recording with Hardware-Based Motion Capture Techniques

The third chapter is devoted to the acquisition of accurate reference motions for the virtual
trainer. It compares depth-based, optical marker-based, and inertial motion capture techniques
and demonstrates why hardware-based capture remains essential when highly accurate exercise
demonstrations are required. While monocular computer vision is practical for online feedback,
the trainer’s motion library must be based on reference movements with higher kinematic fidelity.

3.1. Reference motion acquisition
The chapter shows that IMU-based motion capture provides the most balanced solution for the

dissertation’s objectives. Optical systems offer the highest precision but are expensive and require
a controlled capture volume. Kinect-like systems are accessible but less robust under occlusion.
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Wearable IMUs, in contrast, provide high portability, stable segment orientation estimates, and a
practical workflow for recording exercise libraries that can later be cleaned, retargeted, and

mapped onto a 3D avatar. This makes them suitable for generating the virtual trainer’s exercise
set.

Gc = f(q(t—l)' W, At mt)

In this context, the orientation of a body segment is estimated through sensor fusion of gyroscope,
accelerometer, and magnetometer measurements. This enables accurate retargeting of captured
motion to the trainer skeleton while preserving temporal consistency.

Sensor placaments Smartsuit Pro Hardware setup

PIIQ I
/i ~\ WiFi Router [\
/ \ X «

R\ I

_ Computer Smartsuit Pro

Figure3.1. Sensor placement and hardware setup for IMU-based motion capture of reference
exercises.

Table 2. Comparative characteristics of the main motion capture technologies

Motion Capture Positional Error Measurement Portability Operational
Modality (Unified Metric) Accuracy Complexity
Optical marker- 0.77 mm Sub-millimetre Low High
based (Vicon) (gold standard)
Depth-sensor- ~60-136 mm Limited Moderate = Moderate
based (Kinect v2)
IMU-based ~6.4 mm High (sub- High Moderate

centimetre)

Chapter 4. Skeleton-Based Human Activity Recognition and Analysis

The fourth chapter introduces the temporal intelligence of the system. It converts sequences of
reconstructed landmarks into exercise labels, repetition boundaries, and interpretable corrective
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feedback. The chapter bridges low-level pose tracking and high-level coaching by treating motion
as a structured time-dependent process rather than an isolated set of frames.
4.1. Classification, repetition detection, and corrective guidance

The chapter combines three essential analytical components. First, exercise classification is
performed by comparing motion sequences to reference templates. Second, continuous motion
is segmented into repetitions using temporal smoothing, thresholding, and finite-state logic.
Third, form quality is assessed through geometric measurements such as joint angles and relative
distances, which are translated into rule-based feedback messages. This produces repetition-
level, exercise-specific, and human-interpretable guidance.

DTW(X,Y) = miny, Zd(w;,)

Pe = (1/N)Z{cins1Pi
0 = arccos ((u . v)/(||u||||v||))

Dynamic Time Warping aligns exercise sequences performed at different speeds; moving-average
smoothing reduces landmark noise; and joint-angle computation makes it possible to evaluate
squat depth, trunk inclination, knee flexion, and similar biomechanical characteristics. The result
is a rule-based guidance mechanism that can produce targeted messages such as adjusting depth,
improving symmetry, or correcting excessive forward lean.

‘ FRONTAL CAMERA ’

v

POSE ACTION
ESTIMATION RECOGNITION |—
TEXT TO SPEECH

REPETITION
DETECTION

GUIDANCE
GENERATOR

Figure 5. Core analytical feedback loop: pose estimation, action recognition, repetition
detection, guidance generation, and text-to-speech.

Chapter 5. Implementation

The fifth chapter describes the practical realization of the proposed system as a mobile
application. Flutter and Dart are used for the mobile interface and application logic, Unity is used
for the 3D trainer environment, MediaPipe is used for real-time landmark extraction, and text-
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to-speech modules provide verbal feedback. The implementation chapter demonstrates how the
theoretical pipeline is translated into a working interactive product.

Chapter 6. Experimental Results and Evaluation

The sixth chapter provides quantitative validation of the developed system. It evaluates pose
estimation accuracy, segmentation quality, error-detection reliability, system responsiveness,
fidelity of IMU-based trainer motions, and user-level performance changes over time. The
reported results confirm that the system achieves real-time operation while maintaining sufficient
accuracy for practical biomechanical guidance.

6.1. Main quantitative findings

The central metric for 3D pose reconstruction is the Mean Per Joint Position Error, which
measures the average Euclidean distance between predicted and reference joints. The chapter
further evaluates temporal overlap for repetition segmentation, precision and recall for posture-
error detection, latency of the virtual trainer and speech pipeline, and kinematic fidelity of IMU-
based motion capture.

2
MPJPE = (1/D% ||5; - p|

Table 3. Summary of the principal experimental results

Module / scenario Metric Result
3D pose estimation - controlled conditions MPJPE 28.5+4.3 mm
3D pose estimation - mobile with partial occlusion | MPJPE 36.8 £5.7 mm
3D pose estimation - low illumination MPJPE 421 +6.2 mm
Per-fi
Realtime inference erirame 42 *+ 8 ms (>23 fps)
latency
.. . Temporal
Repetition segmentation 94.7%
accuracy
Squat error detection Precision / recall | 0.91/0.89
Yoga error detection Precision / recall | 0.88 /0.85
Virtual trainer rendering Update latency 58 ms
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IMU motion capture Orientation error | 2.9°

IMU motion capture Joint-angle RMSE | 4.7°

Reduction in
User study - amateur cohort . 21.3%
deviation events

The experimental results show that the proposed environment is not merely a conceptual
prototype. It operates within interactive latency limits, maintains acceptable reconstruction
accuracy in realistic mobile settings, and produces feedback that users perceive as
understandable and helpful. The longitudinal study further indicates a measurable reduction in
technique deviations, suggesting that the system can contribute to safer and more consistent
exercise execution.

Implementation of Results

The practical results of the research were implemented in the developed mobile application
designed for movement analysis, exercise guidance, and support of home-based physical
rehabilitation. The application was experimentally validated among 20 users with herniated disc
injuries, allowing the assessment of its applicability in real rehabilitation-oriented conditions.

In addition, the developed application has been released on the Apple App Store, where it is
publicly available to users. The application has achieved more than 20,000 downloads and has
received positive user feedback, demonstrating its practical demand, usability, and potential for
broader implementation in digital health, rehabilitation, and preventive physical activity support.
Main results of the work

The dissertation resulted in the design and implementation of an intelligent Al-based mobile
environment for automated analysis of physical performance and human motor behavior. The
main results are summarized below.

1. Real-time 3-D pose estimation on smartphones: A mobile pipeline for monocular
3D pose estimation was developed and validated under practical conditions, including
lighting variation, background clutter, partial occlusion, and body-scale differences.
The system achieved 28.5-42.1 mm MPJPE and operated at 42 + 8 ms per frame,
corresponding to more than 23 fps. Related publications: [2], [4]

2. Repetition-based temporal movement analysis: A method was developed for
segmenting continuous exercise streams into repetitions and local movement phases.
This allowed the system to evaluate user performance repetition by repetition.The
repetition segmentation module achieved 94.7% accuracy. Related publications: [1], [2]
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3. Interpretable biomechanical error detection: The dissertation proposed a
movement-quality assessment approach based on joint angles and geometric relations
between body segments. The system detects errors such as insufficient squat depth,
incorrect trunk inclination, and knee misalignment.
The error-detection module achieved 0.91 precision and 0.89 recall. [1], [2]

4. Motion-captured 3D virtual trainer: A reference-motion subsystem was developed
using inertial measurement units. Correctly executed exercises were captured,
processed, and retargeted to a humanoid virtual trainer for demonstration and
comparison. The system achieved approximately 2.9° orientation error and 4.7° joint-
angle RMSE. [3]

5. Integrated mobile rehabilitation environment: Pose estimation, repetition analysis,
biomechanical reasoning, 3-D visualization, and speech feedback were integrated into a
single mobile application. The system achieved end-to-end feedback latency below
200 ms and a speech feedback. [1}, [4]

6. User-level injury improvement: Experimental use of the system showed measurable
improvement in movement quality over time. Biomechanical deviation events decreased
by 21.3%, indicating the practical effectiveness of the corrective feedback loop. [1]
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pwuwwunypjwu, Jwutwynpwwbu' dwpnnt nhpph guwhwwndwu (human pose estimation)
wignphpdutiph qupqwgnuip unp huwpwynpngyniuubp £ unbndnud  phndbfluwthywywu
wyunndwwnwgywd  Jbpndnigniuubph hwdwp: uwywé  ghwnwlywu  ujwbdnwiubipht,
gnynientu niutignn hwdwlwpgbiph db6§ dwup nbinbu wwhwugnid £ ypwhulynn dhowdwn,
hwuwnwy uwppwynpnudutip, ubuunpubp Yud pwpép hwoynnwywu nbunipuubp, husp fuhun
uwhdwuwthwlyn £ npwug Yhpwnbijhniypgniup undnpuwwt Yeugunwiht ywydwuubpnud:
Swpdwlwu  uwpptiph  (udwppdnuubtph) dhgngny dwpnnt nhpph dgphin UL wpwg
quwhwuwindp  swpniwynd £ duwp  pwpn  wbluunnghwywu  dwpunwhpwytip'
wwpdwuwynpwd  wnbuwlughyph  uwhdwuwthwly  nhwnwuyniung,  nwwynpniypjut
wulwyniunyejwdp b hwoynnulwu uwhdwuwhwyniwdubipny:
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Wu hwdwwnbipunnu, wwbtwfununigjwt pEdwu fuhun wpnhwlwu E, pwuh np wju
uywunwlwninnywsd £ ndtint pdojuywu  YyEpwlhwuqudwu b wudunwug Shghlwlwu
whwhyngjwt wwwhnddwu  gnpduwlwu  fuunhpp’  Jowlbind  wphbunwlwu
pwuwlwunipjwt  Jpw  hpdugwd owpdwlwt  hwdwlwpg:  <wdwwnbnbing  hpwywu
dwdwuwynwd  woluwwinn  nhpph  quwhwwndwu  dbpnnubpp, 2wpddwu  ufuwiubph
pwuwlwlwt quwhwwnwp U Gnwswih  dhpnnw  dwpgsh  dhongny  huwnbipwlyunhy
Uhgniwihqughwt' wyu wotuwwnwupp Ywdponu § dwdwuwlywlyhg swpddwu Jbpnidniejwu W
wnuwjht wwydwutbpnW  hwuwubh  JEpwlwugqunnuywu  ypwlynhugh  dhol wnlw
wbluuninghwywu pwgp: Wu ghnwlwu dninbgnudp htwpwynpnigniu £ tiwhu undnpuwyw
udwppdnup Ybpwdt| wkuuplwih quwhwndwu b ninnnpndwu hgnp gnpdhph' nipnuiypnpbu
wnpdwquupbiny wnnnowwwhwlwu nbfuuninghwubtiph b ybpwywugunnulwu pdoynipiwu
ninpuind wnjw wpnh wwhwueubtiphu:

Shunwlwu unpniyep

Uwnbuwununipjwt ghnwlwt unpnypp Yuwjwunw £ huwwnpdnnulwi wwwpwwnh
Juwudwdpubiph ybpwlwuqudwt b wuwjht ppwwhwih wynndwnwgywsd quwhwndwl
hwdwp JdbY Jhwutwyuwu, Jbpouwlwu (end-to-end) hwdwlwpgh uwnbinddwu dby, npp
dhwynpnud £ hpwlwu dwdwuwynid 3D nhpph quwhwwnnwp, swpdnwiutiph dwdwuwlwhu
pulwinwip, phndbluwuhywywu ufuwutph pwuwlwlwuwgnwu nt hunbipwynhy pdoyulwt
ninnpnnup pegwiht uwnph Ypu:

Lbwnwagnunnipjwi pupwgpnul unwgywd wnwugpwiht Unpwpwpwlwu wpryniupubnt Gu.

e  Ununijubph ufuwuwmdwdp Yuynia 3D nhpph quwhwwnd. Udwppdnuutiph hwdwnp
dowybip phpwlwu dwdwuwynw  wofuwwinn,  wpunwpht  fuwugwpnuiubph,
ytugwnwihtu $nup wndnwyutiph, |nwwynpnigjwu thnthnfunyeyniuuiph W dwutiwyh
wpgbjwthwynwiubiph (occlusions) uywwndwdp Yuwyniu 3D nhpph quwhwwndw (Pose
Estimation) hwdwlwpg' wwwhnybin pwpép Gogpuineiniu dbly  wbuwfughyh
wwpwgwjnid:

e  bpuwlwu dwiwtwynd phndbfjuwuhyulwi ujuwjubph quwhwwndwu unp swhhy
(Error Rate). Unwowpyyti L dwdwuwlwht hwjwuwpbgdwu (DTW
wywnnynpbiywghwih dhongny) b puin wnwudhu hnnbiph wuyniuwhtu gtinnwiutiph
ybpnwnipjwt hwdwlygywsd dbpnnwpwuntegntu, npp enyp b wwihu hpwlwuwgut)
ppwwlwnply  Jwpdnieniuubph  YpYunyeyniuubph pwpdp  Gogpuiniejwiu
pwiwlwlwu quwhwwnwi:  Ubpnnp  Jwdbpwgytp £ owpddwu  gpwugdwu
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Enwnuwhu (MoCap) nnjwiubiph hhdwu pw' gnigunpbing pwpdp qquiniunteniu
Juwujwépubiph  wnwowgdwu  wbuwulniuthg  nhulwiht  Yhubdwnhlulwu
obinnudubph tywundwdp:

Poowyhu dhowdwyphp hwdwp oywmhdwjugyws uwppuwyh
dnnbjwynpnud. Uowlytp £ ubpnuwihu  gwugbiph  ubinddwu (compression) L
wpniuhugh  (pruning) hwwinily nwqdwywpnigniu, npp hwpdwpbgunud |
Ynuyngnighnu-tpypwswhwwu nhpph quwhwwdwu gwugp poswjhu CPU/NPU
wnngbunpubpht' wwwhndbiny Yunpbph dowydwu gudp nipwgnid (sub-100 ms):
Lbpnpyb £ nhuwdhy Yunwyjwpdwu hwdwlwng (adaptive runtime scheduler), npp
hwjwuwpwlnnu £ hwodwpyubph Gogpuiniegniut nu wpwgniegniup' Yuudwd
uwnph dwupwpbnujwdnieginiuhg b dwpunyngh yhbwyhg:

bunmbpwlwhy dnypnpdnnup hGnwnwpd juwh Yhuhluywa ghyp. Unwohu
wugwd hupunipnyu poowjht hwdwlwpgnd ubipnpyt) £ IMU ubuunpubiph dhongny
unwgywsd Enwnuwihtu swpdnuwubpny upupbqwé 3D Jhpwiniw| oquwlwup L
Ynuwnbpuwnhg Ywfujws TTS (nbipunhg &wju) hwdwlwpgh hwdwygnwp: Uu
thnthnfunid £ hpwhwuqubph  pwpnnyeniut ne Swjuwghu  winbwjunyeniup’
hwpdwpytiind hhjwunh pupwghy wnweopupwght U dywuwihu hnquwdniejwu
dwlwpnwypt' dwybind Yuwp sbnnudubph hwynuwpbpdwt, Jepnidnipjuu
ybpwlwugunnuywu ninnnpndwtu dholi:

Ny Yhupywlhw (wnuwsht) dhowduwypbpnd  hwdwlwpgh Juyniunyejwu
wwywhnynud.Uowlyyb £ phel pwony ubidwuwmhly ubgdbunwynpdwu thni, npu
wnwwwhy Ytpwnd wnwuduwgunwd £ hhjwunh dwpdhup pwpn Yeugwnwihu
$nubiphg, husp  wwwhnynd £ pwpdp  Gogpuingggnitu  (nwiwydnpnipjwit
thnthnfunigyniuubiph, hwgnwwnh pwqiwquuntejut b intwjht ywydwuubpnud wnlw
w)| fuwugqupnwiubiph nbwpnid:

Onpédwpwpuwlyuwu  wpyniuwybnnpywu  hpduwynpmd. Edwyhphy  hGwnwgn-
wnueniuttiph dhongny thnpdwpwpwlywu hhduwynpt) dowlyywsé  hwdwlwpgh
gnpdlwlwtu  wpryniwwydbwngniup’ hpdwunubph  gwpdnwdubph npwyp
pwnbjwydwu, wnbuuhyulwu tnnuiubph Ypbwwndwu b ufuwubph utjwqgbigdwu
wnbuwulyniuhg:
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<hduwlwu wpnyniupub

1. Upwyyb) £ udwppdnuutiph hwdwp hpwlwu dwdwuwynid wotuwwnnn, wndntyubph
U fuwugwpnuiubiph tywwndwdp Yuyniu 3D nhpph quwhwndwt hwdwywpg:

2. Unwownlyty t Jwpdnipniuubiph hnupwjht juwwpdwt pwdwund wnwudhu
YpYunigyniuubiph W hnybiph’ wdbih 62gphwn dwdwuwlwihtu Jbpndniygyut hwdwp:

3. Uswyylk £ dbyuwpwubh phndbuwuhywywt  uluwiubph  hwjnuwpbpdw
dbjuwuhgd® hnnwihtu wulynwubph b uwuntwhbu quwhwwndwu hhdwu Ypw:

4. Uwtindyb) b IMU ubuunpubph Jpw hhdudwsd pwpdnuiubph gpwugdwu b 3D
yhpuninww) dwngsh wuhdwghnt yepwpunwnpdwu Gupwhwdwlwng:

5. bpwlwuwgyb| £ dbYy dhwutwywu peowihu dhowywyp, npp dhwynpnud £ nhpph
guwhwwnuwp, swpddwu  Jbppndnyeiniup, 3D Jhgniwjhqughwt b &wjuwghu
hwnwnwnéd Yuwp:

6. Pnpéwpwpwlywu  wpryniupubpnd  hhduwdnpdtp £ hwdwlwpgh  gnpduwlwu
wpryniuwybwnigniup’ pwpdnwubiph npwyh pwpbwddwt b ufuwubph bjwgbgdwu
nbuwulyniuhg:

Upryniupubiph ubpnpnudp

Lbwnwagnunnipjwt  gnpduwlwu  wpryniupubipp ubpnpdl Bu dowydws poowihu
hwybwdnwd, npp twfuwwnbudwd £ owpdnudubph  gbpndnipjwu,  Jupdnigyniutbph
Ywwwpdwu  Ybpwhuydwtu b ntwht  wywpdwuubpnd - $hghjwywt  YEpwlwugudwu
gnpdpupwght wowygbnt hwdwn: <wybijwdp thnpdwpwpwlwu Ytpwny Juwybpwgyb &
dhonnujht  uywywnwyh Gnnwdp niubignn 20 oguwwbptph  2powunwd,  hugp
huwpwynpniginiu £ wdbkp quwhwwnb]  wnweowplyynn  dninbigdwt  Yhpwnbhnigyniup
Yybpwywugunnwywu gnpdpupwght dnunn wwjdwutbpnd: dwybpwgdwu  wpryniupubpp
hwunwwb] Gu dowyjws hwdwlwpgh gnpdUwlwu Upwuwyniygyniup  Juindnigyniutbiph
Jwwwpdwu npwyh dnupenpphugh UL oguiwwhpnot  ninywd  hbwnwnuwpd  Yuwh
wnpwdwnndwu wnbuwulyniuhg:

Pwgh wjn, dawyyws hwybwdp nbnunpyb) b hwuwubih £ nwnab) Apple App Store
hwppwynuw: <wybywsdp ubppbnuyb) £ wybh pwu 20,000 wuqwd b uwnwgb] £ npuwywu
ogunwwhpwlwu wpdwqwuputp, husp Jyuwind £ npw gnpduwlwu  wywhwuswnpyh,
Yhpwnbhnpjwt U pYwiht wnnnowwwhnigjwl, Ybpwlhwuqunnuywu ni Ywufuwpgbihs
$hghlwlywt wywnhynipjwu ninpunubpnd hnwgw ubipnpdwu huwpwynpnipjwt dwuht:
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3akniouyeHune
MwuHac AcnaHaH

Pa3pa60'ma MHTeﬂﬂeKTyaﬂbHOﬁ cpeabl aBTOMaTU3MPOBaHHOIO aHanu3a MOTOpHOro
noBegeHuna YyenoBeka

AKTyanbHOCTb TeMbl U KpaTKkoe pe3tome

AKkTyanbHoCTb  paboTbl  obOycnoeneHa nepeceyeHMem MOBCEMECTHOTO  PacnpoCTpaHeHuA
MOOMIIBbHBIX TEXHOMOMWIA, WCKYCCTBEHHOrO WHTENNeKTa M HeobxogumocTu 6e3onacHbix W
3(PHEKTUBHBIX [OMALLUHUX TPEHUPOBOK. TpajMLUMOHHbIE BUAEOTPEHUPOBKN OFpaHUYEHbI:
MOHOKyﬂﬂprle KaMepbl HE NO3BONAKOT TOYHO BOCHPUHUMATb 3D—K0chmrypau,vm CyCTaBOB, a
OTCYTCTBUE IKCMEPTHOrO KOHTPONA BEAET K COXPaHEHWIO HEMpaBWUMbHbIX MaTTEPHOB ABUMEHUA
(Hanpumep, crubaHue NOACHWLbI B CTAHOBOW TAre), YTO MOBbIWaeT puck TpasMm. [laHHoe
uccnepoBaHue pellaet 3TM npobnembl nyTeM CO3[JaHuA CUCTEMbI, peKOHCprMpyrouJ,ei/’l 3D-
CKENETHYIO KWHEMAaTWKy MO MOHOKYNAPHOMY BWAEO B peaNbHOM BpemeHW. MHTerpauus
CBEPTOYHbIX HENPOHHbIX CeTell C TeOMETPUYECKMMM MOJENAMM MO3BONAET MOOUIBbHBIM
YCTpOﬁCTBaM AoCcTUuraTtb BbICOKOVI TOYHOCTN B o6Hapymeva| OTK/IOHEHUI OT naeanbHbIX
TpaeKTopwi1 CycTaBoB.

L',e!'lb W 3agauyum mccnenoBaHuvsa

OcHoBHaA Lenb — co3paHne KOMMIEKCHON MOBUIbHON CUCTEMbI, KOTopaa pekoHCTpyupyeT 3D-
no3bl Monb3oBaTeNA B pealbHOM BPEMEHW, aHanu3npyeT 6uomexaHuKy —ynpamHeHWi,
obHapyxuBaeT  OWMOKM U MpefocTaBnAeT  MHTEPaKTUBHYO  obpaTHylo  CBA3b.
KntoyeBble 3a4a4u:
« Paspabotka mobunbHOro npunoxenua Ha 6ase ppoHTanbHON Kamepbl AnA 3axBaTa ABUMEHWNA.
o UnTerpauua ontummanposaHHbix 3D-mopeneii oueHkmn no3 (kBaHToBaHHble CNN, nerkosecHble
reomeTpuyeckue mMoaynu).
o Peanusauna BpemenHoro aHanusa psusenuii (DTW-aBToKoppenauua) ana obHapyseHus
oLLMOOK.

o Wuterpauma wuHTepaktuBHoro 3D-BupTyanbHoro TpeHepa Ha ocHose MoCap-paHHbix.
o ONTMMU3aLMA NPOU3BOANTENBHOCTMU AN1A JOCTUMeHUA 3aaepkn MeHee 100 mc Ha kaap.
HayuHasa HoBu3Ha

o PaspabotaHa HoBaa MeTpuka 6uomexaHuyeckux owwmbok («Error Rate»), obbepuHsatoLan
BpemeHHoe BblpaBHMBaHKWe (4epes DTW) ¢ aHanu3om yrnoBbix OTKNOHEHMIA CyCTaBoB.
o [pepnoxena cTpaTterna ckatua WM MpPYHUHTa HENPOHHbIX CceTell, ajanTUpOBaHHaA AnA
MOOUABHbIX CPU/NPU, obecneunsaroLLan yacToTy KajpoB MeHee 100 MC.
o Co3paH WMHTEpaKTMBHbLIN MyNbTUMOJANbHbIA LMKN obpaTHoll cBA3M, obbeguHaAtowmii 3D-

aBaTapa (cuHTesnposaHHOro u3 IMU-paHHbIX) U KOHTEKCTHO-3aBUCUMYIO CUCTEMY CUHTE3a peyu
(TTS).
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« [popeMoHCTpupoBaHa yCTOWYMBOCT CUCTEMbI K HEKOHTPONIMPYEMbIM AOMALLHUM YCIOBUAM
(ocBelueHue, o) bnaropapa atany ceMaHTUHECKON CermeHTaLuu.

I'Ipau'rwlecuan 3HAYUMOCTb

o [loBblweHne 6ezonacHocTu: CHuMeHUe puUCKka TpaBM MpU CaMOCTOATENIbHbIX TPEHUPOBKaX.
. ,D,OCTyrIHOCTb: YCTpaHeHMe HeO6XO,D,MMOCTM B AOoporocroALLemM o6opy,u.OBava|.
] I'Iepc0HanV|3au,Mﬂ: A,l],aI'ITaLI,MFl MHCprKLI,VIﬁ BMPTya/IbHOro TpeHEpa Noj, Nporpecc nonb3oBartenAa.
o DKOHOMMYECKas Sq)d)eKTVIBHOCTbZ Mcnonb3oBaHue CYLLECTBYHOLLLNX MOLLI,HOCTeVI CMapTCbOHOB.
. MacmTa6MpyeM0crb: LUMpOKaﬂ COBMECTUMOCTb C I'IOTpe6MTeﬂbCKVIMM yCTpOﬁCTBaMM.

MeTtoabl uccneposanuns n peanunsauus

MccneposaHue cneayet CMeLLIAHHOMY UHKEHEPHOMY LIMKAY: OT aHanu3a nnTepatypbl O CO3aHNA
JBYX3TarnHoro koHeeliepa 3peHus (obHapymeHue 2D-kntoueBbix Touek u ux «nogbem» B 3D). [na
reHepauum 3TaloHHbIX ABUMeEHWIA ncnonb3osaica KocTiom ¢ 19 IMU-cencopamu (Rokoko Smartsuit
Pro). MNMpunomenve peannsosaro B cpege Flutter + Unity, rae Unity oteevaet 3a penpepunr 3D-
TpeHepa, a Flutter — 3a noruky n uxtepdpeiic. PacnosHasanune aktusHoctn covetaetr DTW u k-
NN, a noacyeT noBTOpEHUii peannsoBaH Yepes OTKasoycToiumBbIit anroputm Zero-Crossing.
Kpatkoe conepxatnue rnas

« [nasa 1: BeepeHne n obocHoBaHMe aKTyanbHOCTH.
« [naBa 2: TeopeTuyeckue ocHosbl 3D-oLeHKMU NO3 MO MOHOKynApHOMY BUAeo (0630p CNN,
TpaHcdopmMepoB).
« naBa 3: TexHonornu 3axeata ABUMEHUI M cO3AaHMe Has3bl 3TANOHOB C Ucnonb3oBaHuem IMU-
CEHCOPOB.
« [naBa 4: Pacno3HaBaHue AeliCTBUI Ha OCHOBE CKENETHbIX JaHHbIX U reHepauna BepbanbHoi
obpaTHOl cBA3MW.
« [naBa 5: Apxutextypa 10 1 cTpaterum ontummusaumm nop, MobunbHble NnaTopmbl.
« [naBa 6: Pe3ynbTaTbl 3KCNEPUMEHTOB U NONb30BATENbCKUE TECTBI.
« [naBa 7: 3akntoyeHune n BbIBOAbI.
OcHoBHble pe3ynbTaTbl paboTbl
1. PaspabotaHa cuctema oueHku 3D-nosbl B peanbHOM BpemMeHW ANA CMapTOHOB,
yCTOWYMBAA K LLYyMam 1 BHELLHUM MOMEXaM.
2. TpepnoxeH meTop, pa3bueHna HenpepbIBHOMO BbIMOMHEHWA YNPaKHEHUI Ha OTAeNbHbIE
noBTOpeHUA 1 ¢a3bl AnA 6onee TOYHOro BPEMEHHOIO aHanun3a.
3. Pa3pabotaH nHTEpNpeTUpyemblii MexaHU3M ObHapyeHNA B1oMexaHNYecKnx oLMOOK Ha
OCHOBE CYCTaBHbIX YI10B U NPaBuil OLLEHKM.
4. CospaHa nopcucTeMa 3axBaTa ABWXKeHUI Ha ocHoBe IMU-ceHCOpoB U aHMMaLMOHHOIO
Bocnpoussefenna 3D BupTyanbHoro TpeHepa.
5. PeanusosaHa epuHaa MobunbHaA cpepa, OObeAMHAIOLLAA OLEHKYy MO3bl, aHanu3
apuennii, 3D-Busyanusaumio u ronocosyto obpaTHyto CBA3b.
6. DKcnepuMeHTanbHO MOATBEPMAEHA NpaKTMyeckas 3(pPeKTUBHOCTb CUCTEMbI C TOYKM
3pEHNA MOBbILLIEHNA KaYeCTBa ABUKEHWUI U CHUMEHUA YMCNa OLLIMOOK.

21




BHeapeHue pesynbraTtos

lMpakTuyeckne pesynbTatbl UCCnefoBaHUA ObiM BHeApeHbl B pa3paboTaHHoe MoOUNbHOE
NpUnoxeHue, NpefHasHaYeHHoe ANA aHaNU3a ABUMEHNIA, KOHTPONA BbIMOMHEHWUA YNPaXKHEHUI U
NOAAEPHKN  (pU3nyeckoil peabunuTtaumm B [OMalHUX  ycnosuAx. [lpunoxenne  6bino
anpobupoBaHo cpean 20 nonb3oBaTeneli C MEXMO3BOHOYHOM TIpbhkeld, UYTO MNOATBEPAUIIO
NPUKNagHyto 3HA4MMOCTb MPELOMEHHOTO NOAXOAA.

PaspaboTaHHoe npunoxeHue Takxe goctynHo B Apple App Store, umeet 6onee 20,000 sarpysok
W MONOMMUTENbHbIE OT3bIBbl MOMb30BaTeNel, 4YTO CBUAETENbCTBYET O €ro MpaKkTUYecKoi
BOCTPeOOBAHHOCTM W MOTEHUWane npuUMeHeHUA B obnacTv UuppoBoil  peabunutaumm U
NpochUNaKTUHECKON (PU3NYECKOI aKTUBHOCTM.
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