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Abstract

The growing demand for personalized and effective rehabilitation strategies has driven
the development of Al-driven smart wearable systems. These systems provide real-
time health monitoring, prediction, and adaptive feedback, which helps to improve
clinical outcomes in neuro-musculoskeletal and postoperative rehabilitation. This
scoping review analyzes 14 peer-reviewed articles published between 2018 and 2025,
comprising clinical trials, cohort studies, and engineering applications. The selected
studies were identified through structured searches in IEEE, MDPI, and other scholarly
databases, based on relevance to Al-enhanced wearable rehabilitation devices.
Commonly used Al algorithms include support vector machines (SVM), convolutional
neural networks (CNN), and reinforcement learning (RL), enabling functions such as
gait analysis, joint movement recognition, muscle activation tracking, and postural
control. In addition, integration with IoT sensor networks, cloud-based platforms, and
telemedicine interfaces was widely reported. The review finds that Al-enabled
wearables significantly improve patient adherence, monitoring accuracy, and
personalized therapy delivery. Nonetheless, challenges remain in data security, sensor
calibration, interoperability, and long-term user retention. These results confirm that
smart wearables play an important role in supporting personalized, data-driven
rehabilitation.

Keywords: Al wearables, personalized rehabilitation, remote monitoring, gait analysis,
machine learning, telemedicine, smart health.

technologies within rehabilitation medicine. Among
has
digital

healthcare these, wearable systems integrated with artificial

intelligent intelligence (AI) have become a promising tool to
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address the increasing demand for precise, patient-
specific monitoring and adaptive therapeutic guidance.
By capturing real-time physiological and biomechanical
signals, smart wearables offer clinicians and patients
the opportunity to track recovery progress remotely
and adjust treatment regimens dynamically.

Modern Al-driven wearable systems typically use
sensors like inertial measurement units (IMU), surface
electromyography (EMG) electrodes, ECG, etc. and
wireless data transmission modules. Such multi-sensor
architectures allow the continuous recording of
complex body movement patterns, muscle activation,
and vital signs. The author Deng et al. (2023) presented
a comprehensive design that integrates IMUs, ECG,
EMG, oxygen saturation (SpO-), and body temperature
sensors within a wireless, edge-computing-enabled
module to ensure uninterrupted home-based health
monitoring. Their architecture demonstrates how
different biosignals can be fused and pre-processed
locally before cloud transmission, allowing real-time
feedback with minimal latency and reduced data
overload for remote medical supervision [1].

The collected multimodal data streams are
typically processed by advanced machine learning
algorithms, including convolutional neural networks
(CNNs), support vector machines (SVMs), and
reinforcement learning (RL) models. These algorithms
are capable of recognizing deviations in joint
kinematics, classifying rehabilitation phases, and
providing timely predictive feedback to personalize
exercise loads. A concrete example is the study by
O’Brien et al. (2022), who demonstrated that IMU
sensors worn on the waist and ankles, when combined
with a balanced random forest model, can accurately
predict the walking function of stroke patients after
inpatient rehabilitation. In their cohort of over 30
patients, the proposed wearable-based AI model
achieved an area under the receiver operating
characteristic curve (AUROC) of 0.988, outperforming
standard clinical assessments which reached only 0.905.

2. Methodology

This review provides a systematic analysis of
published peer-reviewed literature that explores the
application of Al-enhanced wearable technologies for
personalized rehabilitation monitoring between 2018
and 2025. The main goal was to identify, screen, and
synthesize original studies that describe how wearable
sensor systems integrated with Al are used to track and
optimize physiological and biomechanical parameters

This shows that wearable Al systems can complement
traditional evaluation methods by delivering higher
prediction precision for post-stroke ambulatory
outcomes [2].

Beyond individual algorithms, the integration of
Al-powered wearables into wider IoT and cloud-based
ecosystems expands the reach of rehabilitation
monitoring and supports tele-rehabilitation services.
Shajari et al. (2023) emphasized in their comprehensive
review that Al-based wearable sensors are playing an
increasingly central role in digital health technologies,
including chronic disease management, continuous
physiological monitoring, and decentralized patient
supervision. Their review also notes persistent barriers,
such as sensor calibration drift, interoperability with
electronic health record (EHR) systems, and the lack of
standardized frameworks to validate Al outputs under
diverse clinical conditions [3].

These challenges indicate that large-scale trials and
clear regulations are needed such systems can be
deployed safely and reliably on a population level [3].
As practical implementations continue to evolve, the
human-centered design of wearable interfaces remains
critical for ensuring user comfort, device usability, and
sustained patient adherence, especially for elderly or
digitally inexperienced users. Without good design and
clear feedback, even advanced systems can fail in real
use because users lose motivation over time.

In light of these trends and technological gaps, this
review provides a systematic synthesis of 14 peer-
reviewed original studies published between 2018 and
2025, covering diverse aspects of Al-enabled wearable
systems for rehabilitation monitoring. By summarizing
common sensor types, system  architectures,
algorithmic approaches, and reported clinical
outcomes, the review aims to clarify what has been
practically validated so far, what challenges remain
unresolved, and what promising pathways exist for
advancing precision rehabilitation in the coming years.

during recovery from surgical procedures, neurological
conditions, or musculoskeletal disorders.

A structured search was conducted manually
using Google Scholar and supported by searches in
reputable databases such as Scopus, Web of Science,
IEEE Xplore, and MDPI. The search terms included
combinations like “wearable devices”, “Al in
rehabilitation”, “smart monitoring”, “EMG”, “IMU”,

and “tele-rehabilitation”. This approach ensured that
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the search captured multidisciplinary studies spanning
biomedical engineering, clinical rehabilitation, and
digital health technologies. In the initial phase, a total of
55 publications were identified. During the preliminary
screening, 15 conference papers were excluded because
they did not undergo full peer review, and 15 additional
articles were removed due to incomplete
methodological details, missing sensor descriptions, or
lack of full-text availability. This left 25 studies for full-
text screening. After detailed review, a further 11
articles were excluded because they did not specifically
apply Al-enhanced wearable devices for rehabilitation
monitoring or lacked sufficient experimental
validation. As a result, 14 studies met all inclusion
criteria.

These articles cover a range of rehabilitation
contexts, including neurorehabilitation, orthopedic
recovery, balance training for older adults, and remote
physiotherapy using IoT and cloud-based monitoring
platforms. Each selected article was systematically
reviewed to extract key information such as:

*  The types of sensors used (e.g., IMUs, surface

EMG, ECG, textile-based sensors, pressure sensors)

¢  The machine learning methods applied (e.g.,
SVM, CNN, random forests (RF), RL;

® The design and scope of validation (pilot
studies, clinical trials, laboratory tests)

e The main outcomes, including diagnostic
accuracy, user adherence, real-time feedback capability,
and overall impact on rehabilitation quality.

Methodological rigor, the clarity of system
architecture, and consistency with the goal of
personalized and adaptive rehabilitation were primary
assessment criteria. Figure 1 below illustrates the step-
by-step literature selection process using a PRISMA
(Preferred Reporting Items for Systematic Reviews and
Meta-Analyses) flow diagram, showing how the initial
pool of 55 records was narrowed down through staged
screening and eligibility checks to the final 14 studies
included in this review. The diagram clarifies the
filtering decisions and provides transparency for
reproducibility.

Reports identified through
database searching (n=55)

Identification

7

Reports excluded (conference
papers =15, incomplete = 15)

U

Reports screened (n=25)

g

Reports excluded (partial
match = 11)

.

Final articles included in
review (n=14)

Screening

Included

Figure 1 — PRISMA flow diagram for literature selection

3. Results

Al-powered wearable rehabilitation systems have reviewed how Al-driven wearable systems, integrating
IMUs, EMG, ECG, and other biosensors, enhance home-

based exercise monitoring and patient adherence. The

demonstrated measurable benefits across
musculoskeletal, neurological, postoperative, and
sports-related recovery contexts by integrating paper highlights those modern intelligent wearables,
multimodal sensors with diverse machine learning supported by real-time predictive analytics and
methods. In the domain of musculoskeletal

Mehek  (2025)

adaptive feedback loops, can deliver remote

rehabilitation, comprehensively supervision comparable to in-person physiotherapy
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standards. By analyzing multiple case studies and real-
world implementations, Mehek shows that Al-enabled
smart wearables significantly improve monitoring
accuracy, patient motivation, and rehabilitation
outcomes [4].

Extending this direction, Ma et al. (2025)
developed the SyncKnee system, which integrates
EGaln-polymer stretchable strain sensors capable of
capturing subtle knee flexion and swelling patterns. A
Random Forest classifier processes these signals,
achieving a motion type classification accuracy of
98.48% when tested with 15 participants performing
diverse activities, including standing, squatting, and
lunging. This demonstrates the system’s suitability for
continuous osteoarthritis monitoring and timely
swelling detection, offering personalized adjustments
for daily activity levels and rehabilitation plans [5].

In neurorehabilitation, O'Brien et al. (2022)
evaluated the predictive value of wearable IMU sensors
placed on the waist and ankles of post-stroke patients.
Using a balanced Random Forest model trained on
short-distance walking trials, they achieved an AUROC
of 0.988—significantly outperforming traditional
clinical scales (AUROC= 0.905). This approach supports
early, individualized treatment planning and prognosis
by reliably predicting whether a patient can regain
community-level ambulation post-discharge [2].

For sports injury prevention, Dave et al. (2025)
(although published as a conference paper, if retained)
explored a long-term physiotherapy monitoring
framework for track and field athletes. Their system
combines multimodal wearable sensors with survival
analysis and Random Forest models to estimate
overuse injury risks. Monitoring 11-18-year-old
athletes over 56 weeks revealed how training
frequency, surface hardness, and fatigue correlate with
early injury onset, guiding coaches and clinicians in
tailoring recovery loads and training conditions [6].

In the field of remote physiological monitoring,
Kajornkasirat et al. (2025) presented a wearable IoT
solution wused primarily for post-viral recovery
scenarios such as COVID-19. Their system combines
SpO,, heart rate, and temperature sensors, with data
streams cross-validated against standard clinical
devices (r = 0.942 for temperature, r = 0.773 for SpO,, r =
0.955 for heart rate). Additionally, a Random Forest-
powered emotion recognition module classified
patients’” mood states with 80% accuracy, allowing
health professionals to interpret vital signs alongside
psychosocial wellbeing during remote rehabilitation
sessions [7]. To advance gait and balance assessment,

Monge et al. (2023) designed a hybrid setup combining
SensFloor® capacitive floor sensors, wearable IMUs,
and deep learning algorithms (LSTM and GRU) to
classify gait risk levels in real time. Tested with 14
volunteers, the system achieved classification
accuracies over 75% in distinguishing abnormal gait
patterns and was integrated with an augmented reality
interface to deliver immediate visual feedback for
postural correction and fall prevention [8].

Material science innovation has also been
incorporated, as Chen et al. (2025) proposed a new class
of self-healing and responsive smart materials
embedded within wearable sensors. These materials
extend device lifespan, maintain signal integrity under
daily stress, and enable Al models to provide adaptive
feedback for rehabilitation exercises. This approach
shows how intelligent substrates can reduce device
wear and maintain high-quality biosignal capture
during long-term use [9].

Focusing on athlete-specific rehabilitation, Bin Wu
(2024) demonstrated how Al-integrated wearables
enhance recovery monitoring for track and field
athletes. Their system captures movement kinematics
and muscle workload data in real time, helping
clinicians identify deviations from expected recovery
trajectories and adjust training intensity. This timely
feedback loop contributes to safer return-to-play
decisions and minimizes reinjury risk [10].

From a system-level perspective, Secara and
Hordiiuk (2024) described a conceptual Integrated
Personal Health Monitoring System (IPHMS) that
combines commercially available wearables (e.g.,
Apple Watch, Oura Ring) and smartphone applications
with Al anomaly detection. They emphasized that,
while real-time monitoring offers high level of
personalization for chronic disease and stress
management, unresolved challenges remain around
interoperability with health records, ethical data
governance, and user privacy protection. This
highlights the need for robust legal and technical
safeguards as Al-powered wearables become standard
in personalized rehabilitation pathways [11].

Together, these studies demonstrate how Al-
driven wearable systems can deliver precise motion
tracking, physiological signal monitoring, early
prognosis, and personalized feedback loops.
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The combined evidence reinforces that integrating
smart sensors, advanced machine learning, and user-
centered design has strong potential for scalable, home-
based rehabilitation across musculoskeletal, neuro,
cardiopulmonary, and sports medicine applications.

A detailed overview of the key systems reviewed
is presented in Table 1, summarizing the main sensor
types, Al methods, and outcomes validated so far.

Table 1 - Key characteristics and reported results of Al-based smart wearables for rehabilitation

Target Domain Sensor Types AI/ML Methods Used Key Outcomes Source
Review: Al-driven
Rehabilitation Wearable sensors, rz/c[ﬁchil;g: Zﬁ:fnfms We?ﬁiiﬁ:ﬂﬁmt Mehek (2025) [4]
(General) robotics, VR/AR p . YHES, ystems et
adaptive therapy monitoring &
personalization
-, . 98.48% accuracy for knee
h EGaln-pol
Osteoarthritis Galn-polymer strain Random Forest motion & swelling Ma et al. (2025) [5]
(Knee) sensors o
monitoring
Neurorehabilita- MU Balanced Random AUROC =0.988 vs. O'Brien et al. (2022)
tion (Stroke) Forest clinical AUROC = 0.905 [2]
Ini R F Lone- . .
Sports n}ury Multimodal Wearables anfi om orestf ong t?rm injury risk Dave et al. (2025) [6]
Prevention Survival Analysis prediction for athletes
. . High vital sign . .
Phy519loglca1 SpOs, HR, Temp Ra'ndom Fore‘.st. correlation; 80% emotion Kajornkasirat et al.
Monitoring (Emotion Recognition) e . (2025) [7]
classification
. >75% gait risk
Gal{,}i Faalance SensFloor®, IMU LSTM, GRU classification; AR visual Monge e[t8]al. (2023)
Py feedback
Smart Materials Self-healing adaptive Adaptive AT Feedback Longer hfespan, real-time Chen et al. (2025)
Rehab Sensors adaptive rehab [9]
F insigh
Sports Rehab IMU, EMG Machine Learning aster recovery insights Bin Wu (2024) [10]

for athletes

System-Level
IPHMS

Multi-device
integration

Al Anomaly Detection

Privacy risks;
interoperability
challenges

Secara & Hordiiuk
(2024) [11]

4. Discussion

The integration of artificial intelligence and

advanced wearable sensors into rehabilitation
strategies represents an important step towards more
precise, patient-tailored, and widely accessible care.
Table 2 summarizes the reviewed studies collectively
demonstrate how Al-enhanced wearables are shaping
new standards for monitoring, clinical decision-
making, and patient engagement across diverse

rehabilitation contexts.

First, sensor-Al integration has emerged as a core
enabler of higher diagnostic accuracy and continuous
monitoring. The SyncKnee system by Ma et al. (2025)
combined highly stretchable polymer strain sensors
with a Random Forest classifier to monitor both knee
joint flexion and swelling. By achieving over 98%
classification accuracy across various motion types, the
system shows how advanced materials and robust
algorithms can deliver fine-grained biomechanical
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insights directly at the point of care [5]. Similarly,
Monge (2023) demonstrated that combining ambient
SensFloor® sensors with IMUs and sequence-based
deep learning models (LSTM and GRU) allows gait
patterns and fall-risk levels to be classified with over
75% accuracy, providing real-time AR-based feedback
to users and therapists [8]. These examples underline
how multi-modal sensor streams and advanced
learning models complement each other to capture
complex patient motion profiles that traditional
methods may overlook.

Second, remote rehabilitation and accessibility
benefits were consistently validated. Mehek et al. (2025)
demonstrated that Al-driven smart wearable systems,
integrating IMU, EMG, and ECG sensors, can provide
personalized real-time monitoring and adaptive
feedback, supporting
rehabilitation and improving patient adherence [4]. The
author Thirumangai et al. (2024) highlighted a fully
remote physical therapy platform using computer

effective home-based

vision pose estimation, CNNs, and RNNs to
automatically analyze patient movements and deliver
immediate feedback through telehealth interfaces. This
system proved highly responsive and adaptable for
physiotherapy monitoring, even for patients in
underserved regions [12]. Kajornkasirat et al. (2025)
extended this perspective by combining multiple
physiological sensors (SpO,, heart rate, temperature)
with an Al-driven emotion recognition module. Their
system maintained strong measurement agreement
with gold-standard medical devices (r = 0.955 for heart
rate, r = 0.773 for SpO,), while the emotion module
achieved 80% classification accuracy, highlighting how
integrated affective and physiological monitoring can
enrich remote patient supervision [7].

Third, personalization and user engagement were
advanced through predictive analytics and adaptive
feedback loops. Dave et al. (2025) tested a wearable-
based monitoring system for young athletes over a 56-
week period, using Random Forest models and survival
analysis to identify training and environmental factors
driving lower-limb injury risks. This long-term study
showed that real-time sensor data could fine-tune
individualized recovery plans and proactively reduce
overuse injuries [6]. The author, Bin Wu (2024)
demonstrated that Al-enabled wearables for track and
field athletes can continuously monitor biomechanical
loads and joint flexibility, allowing physiotherapists to
tailor rehabilitation programs dynamically and shorten
recovery timelines by addressing deviations early [10].

Despite these innovations, key limitations persist.
Secara and Hordiiuk (2024) emphasized that
integrating multiple consumer-grade wearables and
smartphone data flows into unified AI systems
introduces substantial privacy and governance risks —
especially given the lack of robust encryption and data-
sharing protocols [11]. Qin and Wen (2025) critically
assessed smart wearables for postoperative lower limb
fracture care, pointing out unresolved comfort and
usability challenges that can hinder adherence,
particularly when devices must be worn long term or
during sleep [13].

Additionally, Shajari et al. (2023) warned that
many promising Al-powered wearables remain under-
validated, with few large-scale clinical trials to prove
real-world effectiveness across diverse patient
populations. They called for stronger cross-disciplinary
collaboration to standardize sensor calibration,
interoperability, and algorithm benchmarking [3].
Finally, Nairn et al. (2025) provided a comparative
scoping review of 17 balance rehabilitation systems for
older adults, showing that while motion tracking and
gamification were prevalent, only one system
employed Al techniques. This finding points to an
ongoing technology gap between research prototypes
and commercial rehabilitation tools, particularly
regarding real-time intelligent feedback and remote
adaptability [14].

These studies confirm that Al-enabled wearables
have moved well beyond concept stage—delivering
accurate diagnostic insights, facilitating remote care,
and helping patients stay engaged through adaptive
interfaces. Yet, their broad adoption still requires
overcoming practical barriers around user comfort,
data protection, system integration with electronic
health records, and standardization of clinical
validation. Addressing these gaps will demand not only
technical refinement but also coordinated efforts among
engineers, clinicians, regulators, and patients
themselves, ensuring that smart rehabilitation solutions
remain trustworthy, scalable, and truly personalized.
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Table 2 — Summary of Al-enhanced wearable systems for rehabilitation

Theme System / Method Key Outcomes Source
Sensor-Al SyncKnee (EGaln + RF); IMU + ij;ifij:’s fllzj’:for;l(()%o—n Ma et al. (2025); Monge (2023)
Integration SensFloor + LSTM/GRU 8 [5, 8]

98% accuracy)

Multi-sensor IMU, EMG, ECG
with AI DSS; vital sign
tracking + RF; CNN/RNN
adaptive visual feedback

Remote Rehab &
Accessibility

Validated Al-driven remote
rehab, real-time monitoring,
personalized adaptive
feedback

Mehek (2025); Kajornkasirat et
al. (2025); Thirumangai et al.
(2024) [4,7,12]

Personalization & Wearable monitoring + RF +

Early injury prediction;
dynamic adaptation of

Dave et al. (2025); Bin Wu (2024)

Engagement survival analysis therapy loads [6,10]
Multi-device fusion; lower Privacy, comfort, lack of Shaj a?,l ctal (2023);. Secara &
. . .. Hordiiuk (2024); Qin & Wen
Challenges & Gaps limb post-op wearables; large trials, minimal Al use

balance rehab scoping

in commercial solutions

(2025); Nairn et al. (2025)
[3,11,13,14]

7. Conclusions

This review shows the strong potential of Al-
integrated wearable systems in advancing personalized
rehabilitation  practice. = Across musculoskeletal,
neurological, and cardiopulmonary applications, these
new technologies show strong potential of adaptability,
diagnostic accuracy, and patient-centered utility.
Evidence synthesized from recent high-quality studies
confirms that combining multimodal sensor arrays —
such as IMUs, surface EMG, strain sensors, and other
biosignal monitors — with robust machine learning
algorithms including Random Forest, long short-term
and CNNs delivers

significant improvements in clinical assessment, real-

memory (LSTM) networks,

time feedback, and individual therapy adjustment.
Wearable systems such as the SyncKnee platform for
knee osteoarthritis monitoring, SensFloor-based gait
and balance trackers, and vital-sign-integrated smart
devices have demonstrated diagnostic accuracy
between 75% and 98%, frequently surpassing or
complementing conventional clinical assessments.
These results indicate that Al-powered wearable
technologies have strong potential to reduce the burden
on healthcare facilities by enabling decentralized,
home-based rehabilitation models that maintain high-
quality monitoring outside traditional clinical settings.

Persistent challenges must still be addressed to
achieve widespread clinical adoption. Issues such as

long-term wearer comfort, data privacy and security,

sensor calibration, interoperability with existing health
record infrastructures, and the lack of unified clinical
validation standards continue to limit large-scale
implementation. Regulatory clarity, universal technical
standards, and robust evidence from large-scale,
diverse patient trials will be critical to demonstrate
sustained safety, clinical efficacy, and cost-effectiveness
over time.

should
emphasize longitudinal investigations, the refinement

Future research directions therefore
of cross-platform interoperability, and the development
of highly personalized, behavior-aware feedback
systems to ensure that intelligent wearables truly
deliver on their promise to improve rehabilitation
outcomes in real-world, patient-centered healthcare
environments.
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Tyiingeme

Kekeaenaipiaren spi TMiMAi OHaATy d4icTepiHe AeTeH CYpPaHBICTBIH apTyhbl >KacaHAbl MHTEAAEKT HeTidiHgeri
aKbLAABl KMiAeTiH KYPBIAFBLAapABl AaMBITyFa TYpPTKi 6044p1. MyHaal Xyliedep HayKkacTapAbIH A€HCAyABIFBIH HAKTHI
yakpITTa OakblaayFa, O0AKayFa >KoHe OeifiMAeareH Kepi 6ariaaHbic Oepyre MyMKiHAIK JKacall, HeIpO-OyAIIBIKET JKoHe
orepanysAaH KeliHIl OHaATy HoTU KeAepiH >KaKcapTyFa CeIITiTiH TUriseai.

Ocpt moayaa 2018-2025 >xplagap apaAbIFbIHAA KapUsdaHFaH, pelleHsusAaHFaH 14 FRLABIMUI MaKaJaFra Kylieai
Taaaay Xyprisiagi. 3eprreyaep IEEE, MDPI >xoHe Oacka Ja FBHIABIMU AepeKKopAapdaH KypblAbIMJaAfaH i3AeHic
apKbLABI ipikTeaai KoHe >KacaHAbl MHTeAAeKT KoMeTiMeH OHaATYAbl KeTiAAipeTiH KuideTiH KypblAFblaapFa apHaAAbL.
Kerm xoa4aHb1AaTBIH aATOPUTMAEP KaTapblHAA KOA4ay BEKTOPABIK MallnHalap (SVM), KOHBOAIOIIMAABIK, HEMIPOHABIK
xkeaizep (CNN) sxone kymrertneai okpty (RL) saictepi 6ap. Oaap Kypic-TYpBICTH Taaday, OyBIH KO3FaABICBIH TaHY,
OyambikeT OeaceHAiiriH 6aKplaay SKoHe KaAIIbIH KajaFralay CUAKTH KbI3MeTTepAi KamTamachs etedi. CoHbIMeH KaTap,
IoT cencopaslk XeaizepiMmeH, OYATTHIK ITaaTpopMalapMeH KoHe TeleMeAUIINHAaABIK MHTep(elicTepMeH UHTerpars
KeHiHeH eHrisiareni aHbIKTaaApl. Illoay HoTIDKeci kopceTkeHAeii, Al-TexHoaormsaapMmeH >KaOABIKTaAFaH KUiJeTiH
KYPBLAFbLAAp TallMIeHTTepAiH OHaATyFa OeliMAiAiriH apTTBIPBIN, MOHUTOPVHT ADAAITIH KYIIeiTeAl >KoHe TepaIlVTHbI
xekezer OeifiMmaeyTe BIKIIaA eTeAi. JereHMeH, gepeKTepaiH Kayircizairi, ceHcopaapabl Kaaubpaey, e3re XyliedepMeH
yilaeciMaiairi MeH nalgaaaHyIblAapAbIH Y3aK Mep3iMAi KBI3BIFYIIBIABIFBIH caKTay Maceaeaepi a4i ge ©3eKTi 60AbII
otpip. JKaampl aaraHga, MHTeAAEKTyaAAbl KUiAeTiH KYpblAFblAap AepeKKe HeTi3deAreH >KeKeAeHAipidreH oHaATyJa
MaHBI3Abl POA aTKapaTbhIHbI A9AeAAeHAl.

Tyitin ce3aep: KuiaeTiH KYpBIAFBLAApP, >KacaHABl MHTeAAEKT, >KeKeJeHAipiATeH OHaATY, KaIIbIKTBIKTaH

MOHUTOPMHTI, )I(YpiC-T¥prCTLI Taaaay, MalliMHAABIK OKBITY, TeAEMEAUIINIHA, CMapT A€HCAYAbIK CaKTay.
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Pesiome

Pactymuit cipoc Ha IepcoHaaus3upoBaHHble U 9PPEKTUBHbIE pPeaOUAUTALVIOHHBIE IIOAXOABI CTUMYAUPYET
paspaboTKy MHTeAAeKTYaAbHBIX HOCHMMBIX CHCTEM C DAeMeHTaMM MCKYCCTBEHHOTO MHTeAAeKTa. DTU YCTPOICTBa
MO3BOASIOT B pPeXMMe pPeaabHOIO BpeMeHU OTCAeXMBaTh COCTOsSHNE 340pOBbs IallMeHTOB, IIPOTHO3MpPOBaTh
BO3MOKHBIE OTKAOHEHMSI U TpPeAOCTaBAATh aJalTUBHYIO OOpaTHYIO CBs3b, 4TO CIIOCOOCTBYeT YAYYIIEeHUIO
KAVHITIECKUX Pe3yAbTaTOB TPV HelpO-MBIIIIeIHO 1 IT0CAe0NIepaliiOHHON peadANTan.

Hacrosammit 0630p oxsatpiBaeT 14 pelieH3MpyeMBbIX ITyOAMKaLmif, BRIeAmNX B mepnog ¢ 2018 mo 2025 roasr,
BKAIOYas KAMHIYECKNe JICCAeJ0BaHNs, KOTOPTHBIe HaDAIOAEHM: 1 MHKeHepHble paspaboTku. OToOpaHHbBIe pabOTHI
Hall4eHHI C IIOMOIIBIO CTPYKTypupoBaHHOTro rnoncka B 6asax IEEE, MDPI i Apyrux aBTOpMTETHBIX Hay9HBIX pecypcax 1
TITOCBSIIII€HBI HOCHMBIM YCTPONCTBaM 4451 peadnAnTaIINN C ITI0AAeP>KKOI MCKycCcTBeHHOro nHTeaaexTa (V). Hanboaee
4JacTo UCII0Ab3yeMble aATOPUTMBI BKAIOYAIOT MaIlIMHEI OIIOpHBIX BeKTopoB (MOB), ceepTounsle HeltpoHHBIe ceTyt (CHC)
U MeTOABl OOYYeHMs C IOAKpeILAeHMeM. DTY TeXHOAOTUM OOecIIeuMBalOT Takye (PYHKLUNM, KaK aHaAMU3 ITOXOAKY,
pacrio3HaBaHIe ABVKEHUI CyCTaBOB, OTCAEXKMBaHMe aKTMBHOCTU MBIIII ¥ KOHTPOAb ocaHKu. Kpome Toro, mmpoko
omnucana uHTerpauus ¢ loT-cetsiMm ceHcopoB, o0aauHBIMM IAaTpopMaMU U TeAeMEeAMIIMHCKUMM CepPBMCAMIL.
PesyapTatel 0030pa IIOKa3bpIBalOT, YTO HOCKHMBIE CHUCTeMBI C moAdepkkoit VI 3HauMTeAbHO IOBBIIIAIOT
MpUBEP>KeHHOCTh MAllMeHTOB K TepaIuy, TOYHOCTh MOHUTOPMHTA U MHAUBUAYAAU3AIUIO A€4eOHBIX MePOIPUITHUIA.
TeM He MeHee cOXpaHAIOTCS ITPoOAeMBI 0e30IIaCHOCTM AAHHBIX, KaAMOPOBKI CEHCOPOB, COBMECTMMOCTH C APYTMMU
crcTeMaMM M AOATOCPOYHOIO yAep KaHM: II0Ab3OBaTeleil. B 1ieaoMm JokazaHO, YTO MHTeAleKTyaAbHble HOCVMBIE
TEXHOAOTWM UTPaIOT BaXKHYIO pOAb B IOAAep KKe ITepCOHaAN3POBaHHON, OCHOBaHHOM Ha JaHHBIX peabuAnTaIium.

KarougeBble ca0Ba: HOCMEBIE YCTPOMCTBa, MCKYCCTBEHHBIN MHTEAAEKT, IIepCOHAAN3MPOBaHHAA peaduANTaIA,

,ZI,I/ICTaHLII/[OHHBIﬁI MOHUTOPMHI, aHaAN3 ITOXOAKM, MaIlIMMHHOE o6yquI/Ie, TeaemMeauIiia, yMHOe 340PpOBbe.
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