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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,

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

o

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
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o 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:
e 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.
¢ 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.
¢ 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,
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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.

Structure and scope of work

The dissertation consists of 7 chapters and a list of used literature. It is written on 128 pages,
cites 72 literature sources, and includes 44 figures and 13 tables. The main results of the work
were published infour scientific publications: [EEE EDUCON 2024, Pattern Recognition and
Image Analysis in 2024 and 2026, and CSIT 2023, and were reported at IIAP NAS RA and CSIT
seminars.

Scientific novelty
This research introduces several key innovations that advance the field of Al-driven human motor
behavious analysis:

e 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.

e 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.

e 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. 6



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
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 > ROl alignment > Landmark CNN > Tracked pose +
frame detector and rotation (33 keypoints) visibility

~. Tracking reuses the previous ROI and avoids full detection on every frampe~”

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 . .
y/p P system should relocalize the subject.

2.3. Landmark topology and mathematical formulation
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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+he

ROI center from hip landmarks: ¢ ==5

Body-axis rotation for alignment: a = Z(ms— mp, ey)
Landmark output representation: P = {(x;, y;, z;, vi)}32,

Pose accuracy metric: MPJPE = ]lz p; - pill2

J
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.
Wearable IMUs, in contrast, provide high portability, stable segment orientation estimates, and a
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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.
4. = f(Q(t—1): Wy, atrmt)

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 placements Smartsuit Pro Hardware setup

/\ ~\ WiFi Router

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, 2d(wy)

pe = (I/N)E(ti=t—1v+1)pi
6 = 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 ’

A 4

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
MPIPE = (1/D || - 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
o Per-frame
Realtime inference 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

12



Virtual trainer rendering Update latency 58 ms

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.
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This allowed the system to evaluate user performance repetition by repetition.The
repetition segmentation module achieved 94.7% accuracy. Related publications: [1], [2]

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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wignphpUutnh qupquwgnwip unp htwpwynpnieniuttp £ unbindnd  phndGluwuhlwlwu
wyunndwwnwgywsd  Jbpindnieniuubph hwdwp:  Quwjwéd  ghnwlwu  uwénwubpht,
gnjniE|nLu ntubignn hwdwlwpgbiph dt6é dwup ntinlu wwhwuenwd £ ybpwhulynn dhowywyp,
hwwnty uwppwynpnudubn, ubuunputp Ywd pwpép hwoynnulywtu nbunwpuubip, husp fuhun
uwhdwuwthwynd £ npwug Yhpwnbihniygniup ungnpulwu YEugwnwih wwjdwuubpnid:
Sundwywu  uwppbiph  (udwpe$nuttinh) dhgngny  dwpnnt nhpph G2gppin L wpwg
quwhwwnp  owpniuwynd £ Juwg  pwpn  wbluunnghwlywt  dwpunwhpwytip'
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wwjdwuwynpyws  wbuwfjughyh  vwhdwuwthwy  nhnwuynuny,  [nuwynpnigjw
wuywyniungjwdp b hwoynnuiywu uwhdwuwhwyndubpny:

UWu hwdwwbpuwnnd, wwbtwfununipjuu pbdwl fuhun wpnhwywu £, pwuh np wju
twywwwlwninnywd £ mdbint pdojuwu  Jhpwlwugudwu b wudnwug  $hghlulwu
wywhynpjwu  wwwhnydwu  gnpduwlwu  fuunhpp' dowybind  wphbunwywu
pwuwlwunpjwu  Jpw  hhdujws wpdwywu  hwdwlwnpg:  <wdwwnbnting  hpwlwu
dwdwuwynw  wofuwwnnn  nhpph  quwhwwndwu  dbennubipp, 2wpddwu  ufuwjubiph
pwuwywlwu quwhwwnp U Gnwswih  ghpnnuwy  dwpgsh  dhongny  hunbpwyunpy
Jhgnuwhqughwt' wju wotuwwnwupp Ywdpgnid £ dwdwuwlwyhg swpddwu Ybpindnyejuu b
wnuwjht  wwydwuubpnd  hwuwubh  ypwywugqunnuutu  wypwywhlwih  dholt  wnlw
wbfuuninghwywt pwgpn: Wu ghunwlwu dninbignidp huwpwynpnieinit £ vwjhu ungnpwlw
udwpp$nup Ytpwst wbfuuphyuwih guwhwwndwt b nipnnpndwt hgnp gnpdhph' ninnuiihnpbu
wpdwqwupbiny wnnnowwwhwlwu wnbfuuninghwubiph b yepwlywugunnuywt pdoyniejwu
ninpuind wnlw wpnh wywhwugubiphu:

SGhuwlwt unpnypep

Uwnbuwununipjut ghnwlwu unpnypp Jujwunud £ hGuwownpdnnulwt wwwpwwnp
Juwudwdpubpp yEpwlwuqudwu b wnuwiht phpuwhwih wyunndwnwgywd quwhwndwu
hwdwp dbYy dhwutwlwu, Jbpouwlwu (end-to-end) hwdwlwpgh uwnbnddwu dby, npp
dhwynpnud £ hpwlwu dwdwuwynw 3D nhpph quwhwwnnidp, swndnwdutiph dwdwuwywihu
pulwindp, phndGfuwiuhuywu ufuwubph pwuwywlwuwgndu ni punbpwywhy pdolulwu
ninnpnuip peuih uwnph Ypuw:

Lhnwgnunniejwu pupwgpnid unwgywd wnwugpwiht unpwpwpwlwu wprynitupubip Gu.

e  Undnyubiph uywwndwdp Yuynis 3D nhpph quwhwwnnd. Udwppdnuutiph hwdwp
dowytp  ppwlwtu  dwdwuwynd  wpfuwwnnn,  wpnwpht - fuwugupnwubph,
yugwnwihtu $nup wndntubiph, Nuuwynpnypjwu thnthntunigyniuutph W dwutwyh
wnabijwthwynwiubiph (occlusions) uljwwndwdp Yuynit 3D nhpph quwhwndwu (Pose
Estimation) hwdwlwpg' wwwhnytin pwpép Gogpunneiniu dbly  wmbuwfughyh
wwpwgwyniy:

e  bpuwlwt dwiwtwynd phndbfluwuhlulw ujuwjubph guwhwwndwu unp swhhg
(Error  Rate). Unwownydly £ dwdwuwlywhu  hwjwuwpbgdwu  (DTW
wywnynpbigywghwih dhongny) b pun wnwudhtu hnnbph wuynwhtu sknnudutiph
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dbpndnigywu hwdwlygywsd dbpnnuwpwnyeniu, npp eny| b wwihu hpwwuwgub
ptpwwlwhly  Jwpdnyeniuubph  YpYungeyniuuph - pwpdp dogpuninipjwit
pwuwywlwu quwhwwnu: Ubpnnp  Jwdbpwgybp b pwpddwtu  gpwugdwu
Ernwnuwhtu (MoCap) wndjwijubiph hpdwt Ypw' gnigunpbiind pwpép qquyniuntginiu
Juwujwdpubph  wnwowgdwt  wbuwuyniuphg  nhuluwiht  Yhubdwnhhulwu
otinnuiubiph uywwndwdp:

Poowijhtu dhowywypp hwdwp oywmhdwjugywd uwppwjht
dnnbjwynpnud. Uowlydl, £ ubjpnuwhu gwugbiph  ubinddwu  (compression) L
wpntupugh  (pruning) hwwnyy nwqiwdwpnyentu, npp hwpdwpbgund |
ynudnpnighnu-tipypwswhwlwu nhpph quwhwwndwu gwugp poowihu CPU/NPU
wnngbunpubpht' wwwhnybing Ywnpbph dowlydwu gwdp npwgnd (sub-100 ms):
Ltpnpyb £ nhtwdhy Ywnwywpdwu hwdwlwng (adaptive runtime scheduler), npp
hwwuwpwlpnnd £ hwodwplubph Gogpuinugniut ne wpwgneiniup’ Yufuqws
uwnph dwupwptinujwdnipniuhg W dwpwyngh ypbwyhg:

humbpwlwphy dnywpdnnw; hGwnwnupd Yuwh Yhupfulwu ghyp. Unwoht
wuqwd hupunipnyt poowiht hwdwlwpgnwd ubipnpyti £ IMU ubuunpubph dhongny
unwgywd tinwnuwiht swpdnuiutipny uptupbqywé 3D yhpwnnww) oquwlwuh W
Ynuwntipunhg Ywfudwsd TTS (nbpunhg dwju) hwdwlwpgh hwdwygnuip: U
thnthnfund £ hpwhwuqubph  pwpnnyeggniut nu dwjuwiht nnuwjunygyniup’
hwpdwpybind hpywunh pupwghy wnwpupwght U dywuwiht hnquwdnipjwu
dwywpnwypt' thwybnd Yuwp obnndubiph  hwynuwpbpdwu, Jbppndnygjuu U
Ybpwlwugunnuywt ninnnpndwu dholi:

Ny Ypupyuwlwt (wnuwght) dhowyduwypbpnid  hwdwlwpgh  Yuyniunipyju
wwwhnynud.Uowydly £ plipl pwony ubdwuwnhly ubiqdbunmwynpdwu thny, npu
wnwwwhy Ypyny wnwuduwgund b hhqwunh Jwpdhup pwpn YEugwnwihu
Pnubiphg, husp  wwwhndnud £ pwpdp  Gegpuinggnit (nwuwydnpniejwit
thnthntunieniuttiph, hwgniunh pugqdwquunyejut b tntwht ywjdwuubpnd wnyw
wy| fuwuguwpnuwiubph nbwpnud:

Pnpadwpwpuwlyw  wpynitwybnnypywu  hphduwynpnd. Edwhphy  hGwnwgn-
wnypniuubiph dhongny  thnpdwpwpwlwu  hhduwdnptp dowydwd  hwdwlwpgh
gnpdlwlwlu  wpryniuwydbwnnugyniup’ hpdwunubph  pwpdnwdubph npwyp
pwpbjwydwt, wnbuuhyulwu stnnwiubph Ypéwwndwu b ufuwjubph ujwugbgdwu
wmbuwulyniuhg:
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Shduwhwt wpnniupubp

1. Uowyyb £ udwppdnuubiph hwdwp hpwlwt dwdwuwynd wotuwwnn, wndntyubpp
U fuwuqwpnuiubiph tywwndwdp Ywyna 3D nhpph quwhwwndwu hwdwlwnpg:

2. Unwownyyty bt dwpdnipniuubph hnupwiht juwwwpdwt pwdwund  wnwudhu
UnYunygyniuubiph W thnytiph® wybih 6agnphn dwdwuwywihu Ybpindniypjuiu hwdwnp:

3. Uowydlk £ dbluwpwubih  phndbfuwuhywywt  ufuwubph  hwjnuwpbipdw
dbfuwuhqd® hnnuwightu wulyniutbph b Yuwunuwhbu guwhwwndwl hhdwu Ypu:

4. Uwbinddty t IMU ubuunpubiph Jpw hhdudwd swpdnuiubiph gpwugdwu b 3D
yhpwintw| dwpgsh wuhdwghnt yGpwpunwnpdwt tupwhwdwlwpg:

5. bPpwywuwgyb| b dbaYy dhwutwywu peowihu dhowywyp, npp dhwynpnud £ nhpph
guwhwwnwp, swpddwu  gbppndnyeiniup, 3D hgnuwjhqughwt W dwjuwhu
hGunwnwnpé Yuwp:

6. Pnpdwpwpwlwu  wpryniupubipn  hphduwynpdtp £ hwdwlwpgh  gnpduwywu
wnryniuwybwnnuggniup' swpdnuwdutiph npuyh pwpbwydwt b ufuwubph bjwgbgdwu
wmbuwulyniuhg:

Upryniupubiph ukpnpnidp

Lhnwgnunnipjwu  gnpduwywl  wpryntupubipp ubipnpdbp Gu dowyywsd  poowiht
hwytwdénwd, npp Uwfuwwbudwd L pwpdnwiubph  dbpndnigw,  Jwpdnieniuubiph
Ywwwpdwt  JGpwhuydwtu U nbwht  wwpdwuubpnd - Shghluwywt  Ybpwywugudwu
gnpdpupwght wowygbint hwdwp: <wybywdp thnpédwpwpwywu Yepwny Juytpwgyb)
dhonnwjhtt  ujwywnwyh Gnnwdp niubignn 20 oquwwbiptiph  gpowunud,  husp
huwpwynpnipyniu £ gl quwhwwnbp  wnwownplynn  dninbgdwu  Yhpwnbjhnyeniup
ybpwlwugunnwywu gnpdptupwght dnnn wwjdwuubpnud: dwybpwgdwt  wpnynitupubipp
hwunwwtb] Bu dowyywsd hwdwlwpgh gnpduwywu pwuwynieniup Jwpdnipniuubiph
Ywwwpdwt npwyh  dnupenphugh UL oguwwhpnot  ninnywd  hbGnwnwpd  Yuwh
wpwdwnpdw wnbuwulyniupg:

Pwgh wjn, dawyywd hwybwdp wnbnunnyb) b hwuwubih £ nwnpét) Apple App Store
hwppwynd: <wytywsdp ubpptinuyb) b wybih pwu 20,000 wugwd b unwgt) £ npulwu
oginwwhpwlwu wpdwquwupubp, husp Yywynud £ npw gnpdtwlwu  wwhwugwnyh,
Yhpwnbipnigiwu b pYwiht wnnnowwwhniejwl, Ybpwywugunnuwu nu Ywufuwngbihs
Phghywlywu whnpynigjwu ninpunubpnud hlnwgqw ubpnpdwu huwpwynpniejwu Jwuht:
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3awouenue
MuHac AcnaHsaH

Pa3pa60ma I/IHTGHHEKTyaﬂbHOVI cpeibl aBTOMaTU3MpPOBaHHOIoO aHain3a MOTOpHoOro
noeeneHusa YyeioBexKa

AKTyaZIbHOCTb TeMbl U KpaTKoe pe3lome

AxTyanbHocTb  paboTbl  obycnoBneHa —nepeceyeHMeM  MOBCEMECTHOroO  pacrpocTpaHeHus
MOBUNBbHBIX TEXHONMOTUA, WCKYCCTBEHHOTO WHTENnekTa M Heobxopumocti 6e3onacHbIx U
3(PPeKTUBHbIX AOMALLHUX TPEHUPOBOK. [pafuLMOHHbIE BUAEOTPEHUPOBKN OrpaHUYeHbI:
MOHOKYNIAPHbIE Kamepbl He MO3BOMAIOT TOYHO BOCMpUHUMaTb 3D-KoHcburypauuu cycraBos, a
OTCYTCTBME IKCMEPTHOTO KOHTPONA BEAET K COXPaHEHWIO HemnpaBUMbHbIX NaTTEPHOB ABVMEHUA
(Hanpumep, crubaHue MOACHWULbI B CTaHOBOW TAre), 4TOo noBblllaeT pPuUCK Tpaem. [laHHoe
“ccnefoBaHWe peluaeT 3TU Npobnembl MyTem CO3JaHWA CUCTeMbl, peKoHcTpyupytoweit 3D-
CKENETHYI0 KMHEeMAaTMKYy MO MOHOKYIAPHOMY BMAEO B pealbHOM BpemeHu. WHTerpauus
CBEPTOYHbIX HEWPOHHbIX ceTell C reoMETPUYECKUMU MOLENAMM MO3BOAAET MOBUIbHLIM
ycTpoiicTBaM [OCTUraTb BbICOKOW TOYHOCTU B OOHapYEHUM OTKAOHEHWA OT upeabHbIX
TpaeKTopuii cycTaBos.

Llenb u 3apa4m nccnenosaHus

OcHoBHaA Lenb — co3paHne KOMMIEKCHON MOBUIbHON cUCTeMbl, KoTopas pekoHcTpyupyet 3D-
no3bl MONb30OBaTeNA B pealbHOM BpeMEeHW, aHanusupyetT OuOMexaHuKy —yrpamHeHWi,
obHapyxuBaeT  oLwNOKK " npemocTaBnAeT  WHTEpaKkTUBHYlO  obpaTHyl0  CBA3b.
KntoueBble 3ajaun:
« Paspabotka mobunbHoro npunoxenus Ha 6ase hpoHTaNbHON Kamepbl /1A 3axBaTa [BUMEHUI.
« WHTerpauus ontummnsnposaHHbix 3D-mopeneii oueHkmn nos (kBaHToBaHHble CNN, nerkosecHble
reomeTpuyeCKmne MoZynu).
o Peanusauma BpemeHHoro aHanusa pBusenuii (DTW-aBTokoppenauua) ana obHapymeHus
OLLIMOOK.

o Wnterpauna wuHTepaktuBHoro 3D-BupTyanbHoro TpeHepa Ha ocHoBe MoCap-aaHHbix.
« OnTUMM3auMA NPOU3BOAUTENBHOCTU ANA AocTuxeHua 3aaepxkn meHee 100 mc Ha Kapp.
HayyHasa HoBu3Ha

o PaspabotaHa HoBaAa MmeTpuka 6uomexaHuueckux owmbok («Error Rate»), obbepmHatoLlasn
BpemMeHHoe BblpaBHuBaHve (4epes DTW) c aHann3om YrnoBbIXx OTKNOHEHUI CyCTaBOB.
o [pepnoxeHa cTpaTerua cKaTua W MpYHUHra HepOHHbIX CeTell, apjanTMpoOBaHHaA [AnA
mobunbHbix  CPU/NPU, obecneunBsaroLLLan vactory  kagpos  MeHee 100  wmc.
o Co3paH VHTEpaKTUBHbIA MynbTUMOAANbHbINA LMKn obpaTHO cBA3M, obbepuHAlowmii 3D-

aBaTapa (cuHTesnposaHHoro u3 IMU-gaHHbIX) U KOHTEKCTHO-3aBUCHMYIO CUCTEMY CMHTE3a peym
(TTS).
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« [NpopseMoHCTpUpoOBaHa YCTOMYMBOCTb CUCTEMbI K HEKOHTPONMPYEMbIM [OMALLUHUM YCIOBUAM
(ocBeLLeHve, ¢hoH) bnaropapa 3Tany cemaHTUHeCKol cermeHTaLmm.
MpakTuyeckas 3Ha4MMOCTb

o [osbiweHne 6e3onacHocTn: CHUKEHME puUCKa TpaBM MPU CaMOCTOATENbHbIX TPEHWPOBKaXx.
o JoctynHoctb:  YcTpaHenue — HeobxoguMoCTM B Aoporoctoswiem — obopypnoBaHWU.
« [NepcoHanu3auma: Agantauma MHCTPYKLWIA BUPTyanbHOro TpeHepa nop, Nporpecc nosb3osaTens.
o DKoHOMMYecKas 3cpcheKTUBHOCTL: Mcnonb3oBaHue CyLLECTBYIOLLMX MOLLHOCTE CMapTdOHOB.
» Maclutabupyemoctb: LLInpokasa cOBMECTUMOCTb C MOTPEOUTENBLCKUMM YCTPOCTBAMM.

MeToabi uccnegosaHua U peanusauus

WccnepoBaHue cnepyeT cMelLlaHHOMY WHMEHEPHOMY LIMKIY: OT aHanusa aMTepatypbl 4O CO3[aHuA
ABYX3TarnHoro KoHseiiepa 3peHns (obHapymeHne 2D-kntoyeBbIx ToueK U Ux «nogbem» B 3D). [lna
reHepaLm 3TajloOHHbIX ABUMeHNIA ucnonb3osanca KocTiom ¢ 19 IMU-ceHcopamm (Rokoko Smartsuit
Pro). Mpunosenne peanuzosaro B cpepe Flutter + Unity, rae Unity oteeyaet 3a peHpepuHr 3D-
TpeHepa, a Flutter — 3a noruky n uxtepdeiic. PacnosHasaHne aktusHocTu covetaer DTW u k-
NN, a nopcyeT noBTOpEHWiA peann3oBaH Yepes3 OTKa3oyCToumMBbIN anroputm Zero-Crossing.
Kpatkoe conepianue rnas

« [naBsa 1: BeepgeHue n obocHoBaHME aKkTyanbHOCTU.
« [naBa 2: TeopeTtnueckue ocHoBbl 3D-oLeHKM MO3 MO MOHOKYNApPHOMY Buaeo (063op CNN,
TpaHcopmepoB).
« ['nasa 3: TexHonoruu 3axsata [BuUKeHUI 1 cozpanune 6asbl STAOHOB C Ucronb3osaHuem IMU-
CEHCOpOB.
« [naBa 4: PacnosHaBaHue [eiicTBUIT Ha OCHOBE CKENETHbIX AaHHbIX U reHepauva BepbanbHoi
obpatHoii cBA3w.
« ['nasa 5: Apxutektypa 10 n ctpaterum ontummsanmm nog, MobusbHbIe NNaTchopmbl.
« [naBa 6: Pe3ynbTaTbl 3KCNepMMEHTOB U NONb30BaTENbCKUE TECTbI.
« [naBa 7: 3akntoyeHne v BbIBOLbI.
OcHoBHble pe3ynbTaTbl paboTbl
1. PaspabortaHa cuctema oueHku 3D-no3bl B peasbHOM BpeMeHW AnA CMapTchOHOB,
yCTONYMBaA K LLyMaM U BHELLIHUM MOMEXaMm.
2. T[lpennoxeH metop, pa3bueHns HenpepbIBHOMO BbIMOAHEHWA YNPaMHEHW Ha oTenbHble
nosTopeHus u dasbl Ana 6onee TOYHOro BPEMEHHOrO aHanmsa.
3. PaspabotaH nHTEpNpeTUpYyeMbIii MexaHU3M obHapyxeHnA BroMmexaHNyecknx oLMboK Ha
OCHOBE CYCTaBHbIX Yr/10B 1 NPaBU/ OLEHKM.
4. CospaHa nopcvcTema 3axBaTa ABUMeHW Ha ocHose IMU-ceHCOpoB M aHMMAaLVOHHOMO
BocripousseneHna 3D BupTyanbHoro Tpexepa.
5. PeanusoBaHa epuHaa MobunbHas cpepa, OObEAMHAIOLLAA OLEHKY MOo3bl, aHanu3
ABuMeHniA, 3D-BM3yanu3aumio 1 roaocosyto obpaTHyto CBA3b.
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6. 3KcnepmmeHTaano noaTBepaeHa npakTu4eckas 3(*)CbeKTVIBHOCTb CUCTEMbI C TOYKU
3PEHUA NOBbILLIEHNA Ka4YecTBa ,IJ,BVI)KeHVIﬁ N CHUMKEHMSA YnCna OLLMOOK.

BHeapeHnue pesynbtaTtoB

lMpakTuyeckme pesynbTaTbl uUccnefoBaHUA Obinu BHeApeHbl B pa3paboTaHHoe MObBWUNbHOe
NPUNoKeHe, npefHasHadyeHHoe 1A aHanu3a ABUKEHMIA, KOHTPONA BbIMOAHEHNA yrnpamHeHuit u
nopdepwkn  busnyeckoid peabunutaumM B gomallHuX ycnoeusAx. [lpunoxenue 6bino
anpobuposaHo cpegn 20 nonb3oBaTeneli C MEMNO3BOHOYHOW rpblKeil, 4TO MNOATBEPANNO
MPUKNAAHYHO 3HAYMMOCTb MPEJIOHEHHOrO NOAX0AA.

PaspabotaHHoe npunoxenune Takxe foctynHo B Apple App Store, umeet 6onee 20,000 3arpysok
M MONOKUTENbHbIE OT3biBbl MONb30OBaTeNell, UYTO CBUAETENbCTBYET O €ro MPaKTUYECKOI
BOCTpebOBaHHOCTM UK TMOTeHuMane npuveHeHUas B obnactu uudposoil peabunutauum 1
NpocMNaKTUYECcKol M3NYECKO aKTUBHOCTY.
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