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The fast merging of sensors which can be worn, the interconnected network of
things, and the power of artificial intelligence changed the game in measuring
movements during sports and physical activity, however, the information on
how such systems can detect various athletic activities is still scattered mainly
within engineering, sports-science, and health fields. In this systematic review
the authors gathered studies which used wearable or vision-based sensors with
different forms of machine/deep-learning models to identify human actions and
activities during sporting and physical activity scenarios. Scopus, PubMed, and
ScienceDirect were searched in compliance with PRISMA 2020 and 658 records
were found. After removing 10 duplicates, 648 were screened, 50 full texts were
evaluated, and 20 studies were found eligible. These were peer-reviewed
English-language publications or reviews published within the last five years
(2021 to 2026). Main topics of the research are the combination of inertial and

multimodal sensors with the attention-based and hybrid convolutional-recurrent
architectures that have yielded a high level of recognition performance for sports
actions, together with the trend in research focusing on free-living, edge-
deployable, and personal monitoring. The review points to key areas for further
research being generalisability, standardised reporting, and athlete-centred
validation.
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Introduction

Sport and physical activities, through them, have the ability to create abundant records of movement that, by
interpreting, one of the most essential things to improve performance, prevent injury, and promote public health
have become. The improvements in the technology of wearables and Al today allow the movement of the
athletes to be captured continuously and be automatically analyzed, thus the evaluation is transferred from the
lab to the playground as well as daily life. (Madrigal-Cerezo et al., 2026; Morougo et al., 2024). The wearable
systems that include inertial, electrophysiological, and pressure sensors along with the machine learning not
only support data-driven decision making but also allow large-scale monitoring and guidance, such as coaching
or feedback to athletes. (Madrigal-Cerezo et al., 2026; Sun et al., 2022)

Predicting human activity via machines is the capability at work when a system identifies actions from
sensors or other devices like cameras, a kind of artificial vision system. It was also a great challenge for sport
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scientists to recognize tennis strokes, weightlifts or even change of training loads, because these sport-related
activities are highly complex, very quick, and they have kinetic chains involving lots of joints, muscles and bones
(Fujii et al., 2021). The recognition of such actions is therefore much easier than distinguishing walking from
sitting. This challenge gives grounds to an integrative review of the development and validation of Al-based
recognition techniques specifically in sports and physical activity settings.

So far, studies mainly dealt with using wearables and Al in areas outside sport. There have been overviews
of wearable devices for measuring vital signs and cardiovascular health indicators (Miao et al., 2023; Sun et al.,
2022), artificial intelligence applications based on gait data (Harris et al., 2022), the use of biosensors in
healthcare enhanced with AT (Wang et al., 2023), and the employment of optical fibers and stretchable strain
sensors to human motion measurement (Algaderi et al., 2025; Li et al., 2025). Likewise, there are Al works on
sports medicine and orthopaedics as in Baghbani et al. (2025) and Smaranda et al. (2024) and the use of new
and rehabilitation technologies (Takac et al., 2025). These reviews, however, primarily address the feasibility
and versatility of these technologies, and not their use to the recognition of sport-related activity and actions.

New developments support a more concentrated review. Sensor technology has advanced from simple
accelerometers and now covers a wide variety of multimodal and autonomous systems incorporating self-
powered sensors including triboelectric and smart-textile devices (Ahmed et al., 2025; Dong et al., 2024; Zhou
et al., 2026) while in the data modeling side there is a shift toward a more accurate representation of the temporal
and spatial information by using attention-based networks and a combination of deep networks. Besides this,
non-invasive biomedical and physiological sensing methods such as lactate biosensing for athletic performance
monitoring (Yang et al., 2025) and activity evaluation via the principle of bioimpedance (Jacobs et al., 2026) are
further increasing the amount and variety of signals that a machine can extract for a recognition task. It is
obvious that publication output has accelerated substantially in the past three years so now more than ever it is
the right time for a systematic overview.

Even with the progress being made, the body of work still presents a first problem: the evidence on Al-based
recognition of sport activity and action is scattered among such disciplines as engineering, computer science,
sports science, and health science, so it leaves no consolidated record of sensing modality and model families
use and their performance. Studies frequently use very different benchmark and evaluation data. Therefore, it
often becomes hard to compare different models or to figure out which ones can be applied in actual training
settings (Caso et al., 2026a, b; Kaur et al., 2024). As a result, practitioners are at a loss where to go from an
objective of monitoring a feature or an indicator to finding and building a suitable combination of a sensor and
an analytics model.

A second issue concerns the methodology and the studies usually do very basic checks on the models by
running them with data from lab or benchmark sources that have a completely different distribution than the
actual sporting situation. Generalisability is a big concern here and the data about sampling, participants and
outcomes are not very consistent (Sun, 2022). Also, rarely the aspects of device-embedded efficiency vs model
complexity, multimodal fusion management and the reproducibility of a model are evaluated in a coherent and
systematic manner. Without such a systematic evaluation we wouldn't be able to find out whether some studies
are the ones showing real results that can be relied upon or they are just a few preliminary steps that are
promising.

This literature review aims to resolve the problem that many in the field have expressed namely that the work
published about sport and physical activity using Al recognition via wearable devices and vision methods, is still
not well synthesized together despite the increasing momentum of the literature.

The paper reviews a body of literature using a very detailed plan to identify and describe with an explicit,
repeatable method the ways of wearable and vision-based Al to human activity and human action in sports
activity and physical activity as well as it provides a critical evaluation of the strength and reliability of the
evidence available. Bringing together such studies will help people in sport training who are making
technological choices with a large number of alternatives and will give designers of wearable products a clear
understanding of the user requirements that they ought to take into account when developing future products.

Review of the literature in this article adds value in at least three ways: first, it provides a comprehensive
taxonomy from sensing inputs to modeling; secondly, it delivers a critique of the methods and quality of research
conducted thus far; third, it presents a research programme for the future. In order to present a comprehensive
picture of the field, a set of three research questions have been posed and the synthesis is structured around them.

RQ1: What sensing modalities and signal types have been used by AI for human activity and action
recognition in sport and physical activity contexts? It is through RQI that a sensing design space map is being
given.
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RQ2: What is the main set-up of machine and deep learning that are involved and which recognition
performance and method validation have been covered? It is through RQ2 that a comparison of modeling
choices and evidential powers will be made clear.

RQ3: What is the landscape of application areas as well as the key methodological difficulties that have been
revealed by the review and what should be the focus for future research? Through RQ3, a list of topics, issues
and challenges will arise that bridge between technical possibility and athlete-centered real-world deployment.
The three questions together will be used to carry out the first PRISMA synthesis that takes into consideration
sport-specific Al activity recognition as a complete unit of research rather than a by-product of general HAR.

Method

Research design and framework

A systematic literature review (SLR) design was adopted because it offers a transparent, replicable procedure for
identifying, appraising, and synthesising evidence on a defined question (Tranfield et al., 2003). Reporting
followed the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) 2020 statement
(Page et al., 2021), which updates the original PRISMA guidance (Moher et al., 2009). The design was chosen
over a narrative review to minimise selection bias and to make the study-selection and appraisal steps auditable.

Search strategy

The research questions were decomposed with the PICO framework to structure concept identification.
Population (P): individuals engaged in sport, exercise, or physical activity, including athletes and general
participants. Intervention/interest (I): wearable or vision-based sensing systems coupled with AI/machine-
learning models for activity or action recognition and monitoring. Comparison (C): across sensing modalities
and model architectures (no active comparator required). Outcome (O): recognition or classification
performance and monitoring application outcomes. Each PICO element was expanded into a cluster of
synonyms and combined with Boolean operators.

The search targeted title, abstract, and keywords using field-code restriction (TITLE-ABS-KEY in Scopus
with equivalent fields in the other databases). Truncation captured word variants (e.g., sport* for sport, sports,
sporting; wearable* for wearable, wearables). The exact Boolean string was:

("wearable*" OR '"inertial sensor*" OR "IMU" OR ‘accelerometer*" OR "EMG" OR "EEG" OR
"triboelectric” OR "smart textile*" OR "computer vision") AND ("human activity recognition” OR "action
recognition” OR "activity classification” OR "motion recognition” OR "pose estimation") AND ("machine
learning” OR "deep learning” OR "artificial intelligence” OR "neural network™" OR "CNN" OR "LSTM"
OR "transformer") AND ("sport™" OR "athlete*" OR "exercise” OR "physical activit*" OR "training")

The string was piloted and refined iteratively: an initial broad string returned a large volume of clinical and
smart-home records, so the sport/physical-activity cluster and the recognition cluster were tightened to improve
precision while preserving recall for sport-relevant work.

Database and information sources

The primary database was Scopus, complemented by PubMed and ScienceDirect to broaden coverage across
engineering and health literatures. The bibliographic export used for screening and synthesis was the Scopus
metadata file, which served as the authoritative record set for all counts reported below. The search was executed
in 2026 and restricted to the 2021-2026 window to reflect the current generation of Al and wearable technology.
Eligibility criteria

Inclusion and exclusion criteria were specified a priori (Table 1). Records had to be peer-reviewed articles or
reviews, published in English between 2021 and 2026, that reported an Al-based recognition or monitoring
model applied to wearable or vision data in a sport, exercise, or physical-activity context, with full text available.

Table 1. Inclusion and exclusion criteria.

Criterion Inclusion Exclusion
Language English Non-English
Document type Article, Review Conference paper, erratum, retracted item,
book/chapter, note, letter
Publication period 2021-2026 Before 2021
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Population / context  Sport, exercise, athlete, or physical-activity Smart-home, elderly-care, clinical-only,
setting surveillance, or classroom contexts
Intervention/interest ~ Wearable or vision sensing + AI/ML for Sensor fabrication without Al-based sport
activity/action recognition or monitoring recognition; no recognition/monitoring
outcome
Outcome Recognition/classification performance or ‘Wrong outcome (e.g., emotion, body
monitoring outcome temperature only)
Accessibility Full text available Abstract only / inaccessible

Study selection process

Selection proceeded in three stages. First, duplicate records were removed using normalised title and DOI
matching. Second, titles and abstracts were screened against the eligibility criteria to exclude off-topic and
ineligible document types. Third, full texts of the remaining reports were assessed for eligibility, with reasons
recorded for each exclusion. The process and counts are reported in the PRISMA 2020 flow diagram (Figure 1).

Quality assessment

Methodological quality was appraised with the Mixed Methods Appraisal Tool (MMAT), version 2018 (Hong
et al., 2018), which accommodates the heterogeneous quantitative and mixed designs expected in this literature.
For each study, the design category was first classified, and the corresponding five MMAT criteria were rated
Yes (1), Can't tell/Partial (0.5), or No (0). One included report was a narrative review; because MMAT does
not cover reviews, it was appraised with the equivalent JBI critical-appraisal checklist and flagged accordingly.
Consistent with MMAT developer guidance, no study was excluded on quality score alone; studies scoring
below 60% were retained but flagged as lower methodological confidence. Appraisal was conducted by the
review team; as a single-team appraisal, a formal inter-rater kappa was not computed. Because appraisal relied
substantially on abstracts and available full texts, scores should be read as indicative. A per-study summary
appears in Table 2.

Table 2. MMAT/JBI quality-appraisal summary of included studies (Q1-Q5 rated 1 / 0.5 / 0).

Author(s), Year Study design Q1 Q2 Q3 Q4 Q5 Total Category
Zhang et al. (2026) Quantitative descriptive 1 1 05 1 05 4 High
Chen & Zhang (2026) Narrative review (JBI) - - - - - - High
(JBI)
Sigcha et al. (2026) Quantitative descriptive 1 1 1 1 1 5 High
Sun et al. (2024) Quantitative descriptive 1 1 05 1 05 4 High
Jin et al. (2025) Quantitative descriptive 1 1 1 1 0.5 45 High
Alonazi et al. (2026) Quantitative descriptive 1 1 05 1 05 4 High
Zhao et al. (2023) Quantitative descriptive 1 05 05 1 0.5 35 Medium
Zohirov et al. (2025) Quantitative descriptive 1 1 1 1 0.5 45 High
Duarte et al. (2025) Quantitative descriptive 1 1 05 1 05 4 High
Aydin et al. (2026) Quantitative non- 1 1 1 1 0.5 45 High
randomized
Yuan et al. (2026) Quantitative descriptive 1 1 05 1 05 4 High
Xi et al. (2026) Quantitative descriptive 1 1 05 1 05 4 High
Burenbatu et al. (2025) Quantitative descriptive 1 1 05 1 05 4 High
Mekruksavanich et al. (2024) Quantitative descriptive 1 1 1 1 0.5 45 High
Zhi et al. (2026) Quantitative descriptive 1 1 05 05 05 35 Medium
Wang et al. (2025) Quantitative descriptive 1 05 05 1 05 35 Medium
Skublewska-Paszkowska et al. Quantitative descriptive 1 1 1 1 0.5 45 High
(2023)
Mekruksavanich et al. (2022) Quantitative descriptive 1 1 05 1 05 4 High
Rattanasateankij et al. (2025) Mixed methods 1 05 05 1 0.5 35 Medium
Wieland et al. (2025) Quantitative descriptive 1 1 1 1 0.5 45 High

Data extraction procedure

A structured form captured, for each study, the authors, year, source, study design, sensing modality, AI/ML
model family, application theme, and principal findings. Extraction was performed directly from the source
records and full texts; where a field was not reported in the source export, this was recorded rather than inferred.
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Bibliometric and descriptive analysis

Descriptive analyses summarised the annual publication output of the retrieved corpus and the distribution of
sensing modalities and model families across the included studies. These analyses were used to characterise the
field and to contextualise the thematic synthesis rather than to draw inferential conclusions.

Data analysis and synthesis

Findings were combined using thematic synthesis (Thomas & Harden, 2008). Study findings were coded,
grouped into descriptive themes aligned with the three research questions, and developed into analytical themes
addressing sensing design, modelling approach, and application and deployment. Synthesis emphasised
agreements, contradictions, and nuances across studies rather than listing them individually.

Reporting and documentation
The review is reported in accordance with the PRISMA 2020 checklist (Page et al., 2021). All record counts
derive from the authoritative bibliographic export, and the selection funnel is documented in Figure 1.

[ Identification of new studies via databases and registers ]
o
Records removed before screening:
§ Duplicate records removed (n
§ Records identified from*: =10)
& Databases (n = 658) » Records marked as ineligible
g Registers (n = 0) by automation tools (n = 0)
;§ Records removed for other
reasons (n = 0)
—
—
Records screened o| Records excluded**
(n = 648) (n=598)
Y
Reports sought for retrieval +| Reports not retrieved
2 (n =50) =0
o
&
A
A4
Reports assessed for eligibility Beports exciuded: .
=50 — Non-sport population/context
(n=50) or wrong outcome (n = 14)
Generic HAR / daily-living,
not sport-specific (n = 8)
Materials / sensor-fabrication
focus (n = 5) N
Secondary / non-empirical
design (n = 3)
New studies included in review
(n=20)
Reports of new included studies
(n=20)
:
E A 4
Total studies included in review
(n=20)
Reports of total included studies
(n=20)
|

Figure 1. PRISMA 2020 flow diagram of the study-selection process (adapted from Page et al., 2021).

Results and Discussions

Study-selection results

The structured search of Scopus, PubMed, and ScienceDirect identified 658 records. Removing 10 duplicates
left 648 records for title-and-abstract screening, at which stage 598 records were excluded as ineligible document
types or as outside the sport-specific Al-recognition scope. Fifty full-text reports were assessed for eligibility, of
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which 30 were excluded: 14 for a non-sport population/context or wrong outcome, 8 as generic daily-living
HAR, 5 for a material - or sensor-fabrication focus without sport-specific Al recognition, and 3 as secondary or
non-empirical designs. Twenty studies met all criteria and were included in the synthesis (Figure 1). The
included studies span 2022-2026, confirming that this is a recent and fast-moving evidence base.

Descriptive characteristics

Table 3 summarises the included studies, and Table 4 classifies them by application theme, sensing modality,
model family, and outcome. The corpus retrieved by the search grew steadily across the review window, from
51 records in 2021 to 193 in 2026 (Figure 2), mirroring the broader acceleration of Al and wearable research in
sport.

Table 3. Summary of included studies.

Title Author(s), Year  Source Key findings

High-sensitivity flexible triboelectric Zhang et al. Materials High-sensitivity self-powered
nanogenerator sensor based on (2026) Research triboelectric sensor (up to 32.36 V/N; 91
recycled PA66 for the monitoring of Bulletin ms response) enables accurate real-time
soccer player lower limb training monitoring of soccer players' lower-limb

training loads.

Energy-Efficient and Self-Powered Chen & Zhang International Reviews self-powered sensing and edge
Smart Sensors for Real-Time (2026) Journal of intelligence for continuous basketball
Basketball Training-Load Monitoring: Energy training-load  monitoring; energy
Mechanisms,  Applications, and Research efficiency and multisensor fusion
Future Directions identified as key enablers.

Robust Assessment of Free-Living Sigcha et al. JMIR mHealth Dual-wearable multitask learning

Physical Behaviors and Activity (2026) and uHealth classifies seven physical-behaviour
Intensity  Using  Dual-Wearable categories and three intensity levels
Multitask Learning: Development and robustly under free-living conditions,
Evaluation Study From  the outperforming lab-trained single-sensor
Multicenter WEALTH Project baselines.
EEG-powered cerebral transformer Sunetal. (2024) Frontiers in A multimodal EEG-based cerebral
for athletic performance Neurorobotics Transformer captures athletes' neural
states, improving the accuracy and real-
time performance of sports-performance
analysis over unimodal methods.
Wearable sensing for badminton Jin et al. (2025) Scientific A two-IMU wearable network with a
stroke  recognition  with  one- Reports one-dimensional CNN  accurately
dimensional convolutional neural classifies badminton strokes, providing a
network portable alternative to video- and
optical-based technique analysis.
Attention-Based Multimodal Alonazi et al. Bioengineering An attention-based multimodal
Framework for Athlete-Performance (2026) framework fusing vision and wearable
Analysis and Rehabilitation signals  supports movement-pattern
Monitoring  Using Vision and analysis, injury prevention, and
Wearable Sensors rehabilitation monitoring in sport.
Simulation  of sports training Zhao et al. Preventive An IoT video-behaviour-analysis system
recognition system based on internet (2023) Medicine recognises  sports-training  actions,
of things video behavior analysis enabling more objective evaluation of
the physical-training process.
EMG-Based Recognition of Lower Zohirov et al. Signals Time- and frequency-domain EMG
Limb Movements in Athletes: A (2025) features with comparative classifiers
Comparative Study of Classification accurately recognise lower-limb
Techniques movements in 25 athletes and identify
the best-performing feature-classifier
combinations.
Intelligent Sports Weights Duarte et al. Sensors A low-power embedded CNN coupled
(2025) to weights classifies exercise-trajectory
correctness in real time, enabling
unsupervised weightlifting feedback that
may reduce injury risk.
A Robust Deep Learning Framework Aydin et al. Sensors A hierarchical CNN-BiLSTM on
for Skill Level Discrimination in (2026) bilateral IMU data discriminates elite

Tennis Strokes Using Bilateral IMU
Measurements

from amateur players across 4,594
strokes, supporting objective  skill
assessment and talent identification.
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Title Author(s), Year  Source Key findings

An IoT-enabled CRNN framework Yuan et al. Scientific An IoT-enabled CRNN models the

for secure wearable sensor-based (2026) Reports spatiotemporal dependencies of

activity  recognition in physical wearable-sensor signals to recognise

education complex activities in physical-education
settings, with explicit attention to secure
data handling.

Multimodal human action recognition  Xi et al. (2026) Frontiers in A  Transformer-GCN  framework

and personalized sports health Neurorobotics synchronising physiological and

promotion: a deep learning framework behavioural signals improves sports

integrating wearable sensor fusion action  recognition and  drives
personalized health-promotion
recommendations.

Real-time monitoring of lower limb Burenbatu et al. Alexandria MMTL-Net jointly predicts resistance

movement resistance based on deep (2025) Engineering levels and recognises activities in real

learning Journal time with high accuracy and
computational efficiency for

Recognition of sports and daily
activities through deep learning and
convolutional block attention

High-performance pressure sensors
based on twisted-structure graphene
fibers for motion training

Analysis of Mechanical Damage in
Dance Training Under Artificial
Intelligence Behavior Constraints

Temporal Pattern Attention for
Multivariate Time Series of Tennis
Strokes Classification

Multimodal Wearable Sensing for
Sport-Related Activity Recognition
Using Deep Learning Networks

Training Stress, Sleep Behaviour, and
Recovery Self-Regulation in Elite
Female Boxers: A Behavioural Pattern
Analysis Using Data-Driven Methods

Enhancing Sensor-Based Human
Activity Recognition With
Multiresolution Wavelet-Attention

Mekruksavanich
et al. (2024)

Zhi et al. (2026)

Wang et al
(2025)
Skublewska-
Paszkowska et
al. (2023)
Mekruksavanich

etal. (2022)

Rattanasateankij
et al. (2025)

Wieland et al.
(2025)

Peer] Computer
Science

Chemical
Engineering
Journal

International
Journal of High
Speed
Electronics and
Systems
Sensors

Journal of
Advances in
Information
Technology

Journal of Mind
and Behavior

IEEE
Journal

Sensors

rehabilitation and athletic-training use.
A hybrid CNN-BiGRU-CBAM model
improves recognition of sports and daily
activities by jointly exploiting spatial,
temporal, and attention mechanisms.
High-performance  twisted-graphene-
fibre pressure sensors deliver wide-
range, highly sensitive signals suitable
for wearable motion-training
monitoring.

AT behaviour-constraint modelling links
movement patterns to injury risk,
supporting the analysis and prevention
of mechanical injuries in dance training.

Temporal-pattern-attention ~ networks
classify four basic tennis strokes from 3D
data and demonstrate how the content of
the input signal affects classification
accuracy.

A multimodal wearable deep-learning
framework  recognises fine-grained
sport-related activities that simple,
single-modality HAR systems cannot
distinguish.

A data-driven framework integrating
physiological and behavioural signals
classifies readiness patterns in elite
female boxers, improving on subjective
coach observation. (DOI not available in
source file.)

A pretrained multiresolution wavelet-
attention block improves sensor-based
HAR across eight benchmark datasets
spanning sports and other domains.

Table 4. Classification of included studies by design, theme, sensing modality, and model family.

Author(s), Year Design Theme / focus Sensing modality AI/ML model

Zhang et al. (2026) Quantitative Sensor development & Triboelectric flexible Sensor + ML motion
descriptive training-load monitoring sensor classification

Chen & Zhang (2026) Narrative Basketball training-load ~ Self-powered / Edge / on-device
review (JBI) monitoring triboelectric intelligence

(review)

Sigcha et al. (2026) Quantitative Free-living physical- Dual accelerometers Multitask ML./DL

descriptive behaviour &  intensity

classification
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Author(s), Year Design Theme / focus Sensing modality AI/ML model
Sun et al. (2024) Quantitative Athlete  neural-state & Wearable EEG Transformer
descriptive performance monitoring (multimodal)
Jin et al. (2025) Quantitative Badminton stroke Dual IMU (wrist) 1D-CNN
descriptive recognition
Alonazi et al. (2026)  Quantitative Athlete-performance & Vision + wearable Attention-based deep
descriptive rehabilitation monitoring (multimodal) learning
Zhao et al. (2023) Quantitative Sports-training action IoT video / vision Deep-learning
descriptive recognition behaviour analysis
Zohirov et al. (2025)  Quantitative Lower-limb movement Surface EMG Comparative classical
descriptive recognition ML
Duarte et al. (2025) Quantitative Weightlifting technique & Embedded inertial CNN (on-chip)
descriptive injury prevention (on-weights)
Aydin et al. (2026) Quantitative Tennis skill-level ~ Bilateral IMU CNN-BiLSTM
non- discrimination (hierarchical)
randomized
Yuan et al. (2026) Quantitative Activity  recognition in Wearable CRNN (CNN-RNN)
descriptive physical education multimodal
Xi et al. (2026) Quantitative Action  recognition &  Multimodal Transformer-GCN
descriptive personalized health wearable (12-  hybrid
promotion dimensional)
Burenbatu et al. Quantitative Training & rehabilitation Wearable motion MobileNetV3
(2025) descriptive monitoring sensing multitask ~ (MMTL-
Net)
Mekruksavanich et Quantitative Sports &  daily-activity Accelerometer + CNN-BiGRU-CBAM
al. (2024) descriptive recognition physiological
trackers
Zhi et al. (2026) Quantitative Sensor  development &  Graphene-fibre Sensor + ML motion
descriptive motion training pressure sensor recognition
Wang et al. (2025) Quantitative Dance-training injury Motion analysis (AI Al behaviour-
descriptive analysis & prevention behaviour constraint model
constraints)
Skublewska- Quantitative Tennis-stroke classification 3D motion capture Temporal Pattern
Paszkowska et al. descriptive (vision) Attention
(2023)
Mekruksavanich et Quantitative Sport-related activity Multimodal Deep S-HAR
al. (2022) descriptive recognition wearable networks
Rattanasateankij et Mixed Athlete readiness monitoring  Physiological + Data-driven ML
al. (2025) methods behavioural data classification
Wieland et al. (2025) Quantitative Sensor-based HAR Wearable sensors Wavelet-attention
descriptive methodology block (MRWA)

Annual publication output of the retrieved corpus (n = 658)

200
175 1
150
125 4
100

75 1

50 -

Number of publications

25 ~

2021

2022

2023

2024
Publication year

172

/

2025

193

|

2026

Figure 2. Annual publication output of the retrieved corpus (2021-2026; n = 658).
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Sensing modalities across included studies (n = 20)

Inertial (IMU / 5
accelerometer)

(wearable + vision/physio.)
capture

Triboelectric / 3
flexible pressure

Biosignal (EMG / EEG) | 2

0 1 2 3 4 5 6
Number of included studies

Figure 3. Distribution of sensing modalities across the 20 included studies.

Al/ML model families across included studies (n = 20)

Other deep learning _ 5
(MobileNet, deep nets)

Attention / Transformer / GCN -

ul

Classical / sensor-coupled ML -

w|
IS

CNN-RNN hybrids _
(BiLSTM / BiGRU / CRNN)

Convolutional (CNN / 1D-CNN)

N

Narrative review _
(no primary model)

=

2 3 4
Number of included studies

o —
=
w14
[9)]

Figure 4. Distribution of AI/ML model families across the 20 included studies.

Thematic synthesis

Findings for RQ1 - sensing modalities and signal types

If we look at the studies that have been included, it is inertial and multimodal sensing that the space of the design
is made up of mainly (Figure 3). Inertidal measurement units and accelerometers were by far the most common
modality for capturing wrist and limb movement patterns for stroke and activity detection (Aydin et al., 2026;
Jin et al., 2025; Mekruksavanich et al., 2024; Sigcha et al.,, 2026). The second category is based on
electrophysiological data with surface electromyography for the classification of lower limb movements in
athletes (Zohirov et al., 2025) and for wearable electroencephalography to the athletes' neural states during
performance (Sun et al., 2024). The third group of the studies is on self-powered and flexible sensing, which is
the frontier of materials science, including triboelectric nanogenerator devices for soccer training and twisted-
graphene-fibre pressure sensors for motion training (Zhang et al., 2026; Zhi et al., 2026) as well as one paper
discussing the topic of self-powered sensing in basketball load monitoring (Chen & Zhang, 2026).

Another four set of clusters are about vision and motion-capture data, which include tennis-stroke
classification and IoT-based sports-training action analysis (Skublewska-Paszkowska et al., 2023; Zhao et al.,
2023). The methodologically most ambitious researches, on the other hand, bring together multiple
aforementioned streams at once: multimodal frameworks for instance, pair vision with wearer sensors to identify
sports performance and rehabilitation (Alonazi et al., 2026); others blend physical and movement signals to
detect a sport-related activity (Mekruksavanich et al., 2022; Yuan et al., 2026); one even matches twelve-
dimensional physiological and behavioural data for one's individualised health promotion (Xi et al., 2026). A
common observation is that the fusion of signals is sought precisely in those domains where single-modality
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data fails at representing details of sport actions sufficiently, in line with the general idea that a simple sensing
cannot fully describe what athletes do (Fujii et al., 2021).

Findings for RQ2 - model families, performance, and validation

The selection of model types seems to be grouped into few different categories (refer to Figure 4). The most
prevalent categories included self-supervising and/or attention mechanisms-based architectures. They also
incorporated transformers or graph-augmentation features and employed these kinds of models not only in deep
learning state estimation but also in multi-modality athlete analysis, tennis-stroke time series data, and
benchmark HAR (Alonazi et al. [2026], Skublewska-Paszkowska et al. [2023], Sun et al. [2024], Wieland et al.
[2025], Xi et al. [2026]). In contrast, where spatial and temporal features were both important (e.g. in the problem
of distinguishing different tennis skills or recognising physical-educational activities), the authors opted to
implement Hybrid Networks: CNN-BiLSTM, CNN-BiGRU with attention, and CRNN (Aydin et al. [2026],
Mekruksavanich et al. [2024], Yuan et al. [2026]). On one hand, purely convolutional models, which are a type
of one-dimensional or on-chip CNNs, have been used for a range of recognition tasks on portable and embedded
devices (e.g. badminton and weightlifting), (Duarte et al. [2025], Jin et al. [2025]). On the other hand, lightweight
and efficient backbones like MobileNetV3 have allowed real-time multitask monitoring (Burenbatu et al.
[2025]). Classical machine learning classifiers have been still helpful for biosignal and readiness classifications
(Rattanasateankij et al. [2025], Zohirov et al. [2025]).

Overall, the reported performance was mostly excellent, and a number of the papers mentioned that the use
of combination and attention modules gave rise to significant performance gains as these systems were tested
for complex, or contextual actions. (Mekruksavanich et al. [2022, 2024], Wieland et al. [2025]) Despite this,
there was variation in validation approaches. Several works were able to test their models across different public
benchmarks and real-world user studies, thus providing evidence that their models could generalise well, (Sigcha
et al. [2026], Wieland et al. [2025]). On the other side of the coin, other works have limited their validations to
small or laboratory-controlled samples, and this has hindered their external validity- something that has also
been found in wearables literature (Sun et al. [2022]). Furthermore, there were quite a number of instances where
the details about participants, data collection and measurement of outcomes were either missing or of poor
quality. Hence it's not surprising to see the variety of MMAT scores in Table 2.

Findings for RQ3 - applications, challenges, and directions

Application areas basically consist of technique and skill analysis (Aydin et al., 2026; Skublewska-Paszkowska
et al., 2023), training-load and activity monitoring (Zhang et al., 2026), injury prevention and rehabilitation
(Alonazi et al., 2026), and the personal health promotion and readiness (Rattanasateankij et al., 2025). These
aspects are in harmony with broader recommendations for the athlete-centred coaching and rehabilitation with
wearable Al (Madrigal-Cerezo et al., 2026). The ongoing methodological issues include the ability to generalise
beyond the use of controlled data sets, the choice between efficiency and accuracy on-device deployment, how
to perform principled combinations in multimodal data sources and the ability to replicate results. As an answer
to RQ3, it is expected that the field will develop from recognition of concepts to monitoring tools that are both
deployable and personal, which however will demand standardised data collection and report formats, resource-
conscious edge models as well as validation in a training environment.

Comparative and critical analysis

The majority of the papers methodologically fall into quantitative, descriptive categories of work where a model's
results were developed and tested either from their own or benchmark data; genuine comparative and
hypothesis-testing methodologies and prospective filed trials are exceptions rather than the norm. It is quite
interesting to observe that with the years, a clear transition happened: earlier works relied on using convolutional
and recurrent neural network frameworks, whereas more recently, attention modules, Transformer architecture,
graph-based frameworks and multimodal fusion have become the main tools. Wearable and self-powered
sensors are found predominantly in recent work, showing that the hardware innovation and modelling are
starting to happen side by side. Less often employed are methods such as strict cross-subject/validation across
different sites, quantifying uncertainties, and addressing the explainability gap related issues which practitioners
trust and which are concerns in sports-medicine Al too (Baghbani et al., 2025; Smaranda et al., 2024).

Discussion

Interpretation

The synthesis indicates that Al-based recognition of sport activity and action has matured into a coherent field
with characteristic sensing-and-model configurations, yet one whose evidential strength is uneven. The recurrent
finding that multimodal fusion and attention mechanisms are reserved for the hardest recognition problems
suggests that model complexity is being matched to task difficulty rather than adopted indiscriminately.
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Theoretical implications

The results extend general HAR theory (Kaur et al., 2024) by showing that sport imposes distinctive demands-
speed, variability, and kinetic-chain dependence-that reshape both sensing and modelling choices. This supports
treating sport-specific recognition as a sub-field with its own design principles rather than a straightforward
application of generic HAR.

Practical implications

For coaches and sports scientists, the sensing-to-model map clarifies that inertial wearables with convolutional
or hybrid models suffice for many technique and load tasks, while multimodal, attention-based systems are
warranted for fine-grained or physiologically informed monitoring (Morougo et al., 2024; Sigcha et al., 2026).
For engineers, the demand for on-device, energy-aware recognition (Burenbatu et al., 2025; Chen & Zhang,
2026) should guide model and hardware co-design.

Comparison with prior reviews

Unlike reviews centred on clinical wearables, biosensors, or materials (Alqaderi et al., 2025; Li et al., 2025; Miao
et al., 2023; Yang et al., 2025), this review foregrounds recognition of sport-specific activity and action,
complementing rather than duplicating that literature. It also connects engineering advances to sports-science
applications that biosensor-focused reviews leave implicit (Wang et al., 2023).

Contradictions

The literature disagrees on how far laboratory-trained models transfer to free-living sport: some studies report
robust free-living performance (Sigcha et al., 2026), while others implicitly concede limited transfer through
narrow evaluation. Differences in datasets, sensor placement, and reporting likely explain much of this
divergence, underscoring the need for common benchmarks.

Research gaps

Three gaps stand out: the scarcity of cross-subject, cross-site, and prospective field validation; the absence of
standardised datasets, metrics, and reporting for sport-specific recognition; and the limited attention to
explainability and uncertainty that practitioner adoption requires.

Limitations of this review

First, the authoritative export was Scopus-based, so despite searching additional databases the retrievable corpus
may under-represent some venues. Second, quality appraisal relied substantially on abstracts and available texts,
so ratings are indicative. Third, the review synthesised heterogeneous outcomes narratively rather than meta-
analytically, because datasets and metrics were not comparable.

Future research agenda

Future work should (i) build and share standardised, multi-site sport-recognition datasets with common
evaluation protocols; (ii) develop energy-aware, edge-deployable models validated prospectively in training and
competition; and (iii) integrate explainability, uncertainty quantification, and athlete-centred outcomes so that
recognition translates into trusted coaching and health decisions (Madrigal-Cerezo et al., 2026; Takac et al.,
2025).

Summary answers

In brief, RQ1 is answered by a layered sensing space with inertial and multimodal signals at its centre; RQ2 by
the dominance of attention-based and hybrid deep models whose strong performance is tempered by uneven
validation; and RQ3 by a clear but incomplete transition toward deployable, personalised, athlete-centred
monitoring.

Conclusions

Based on the guidelines provided, this review combined 20 recent studies on wearable and vision-based Al for
human activity and action recognition during sport and physical activity. It is stated that using inertial and
multimodal sensors and employing attention-based and hybrid convolutional-recurrent models, the sport actions
with fine-grained details can be recognised with very accurate results (RQ1, RQ2). Furthermore, the area of
research goes from a scenario of laboratory benchmarks to free-living, edge-deployable, and personal monitoring
(RQ3). The main outcome is an integrated sensing-to-model map and a critical appraisal which together explain
how technical choices should be determined based on the objectives of the monitoring. For the practitioners,
from this review, one is given the guidelines on how a sensor and a model are chosen in a particular case in
coaching, load management and rehabilitation. This review, however, has several drawbacks in terms of Scopus-
anchored corpus, abstract-based appraisal and narrative synthesis. The future development of field would
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depend on having standardised datasets and reporting, energy-aware edge models, and a prospective, athlete-
centred validation.
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