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Abstract— Wearable technologies have become pivotal for enhanc-
ing human-machine interaction and safety within the Industry 5.0
paradigm. This review assesses recent developments in wearable sen-
sor technology, emphasizing their evolution from passive protective
equipment into sophisticated active systems capable of delivering real-
time monitoring, adaptive feedback, and proactive risk management.
Key wearable applications explored in this paper include physiological
monitoring, environmental hazard detection, ergonomic optimization,
and intelligent assistive interactions. Despite substantial progress,
significant research gaps persist, particularly in wearable-enabled real-
time actuation capabilities, personalized adaptive intelligence integra-
tion, and collaborative multi-agent frameworks. This review identifies
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these critical wearable-centric challenges and outlines promising future research directions, underscoring the necessity
of developing robust, adaptive, and collaborative wearable safety solutions for achieve resilient and intelligent industrial

operations within Industry 5.0.

Index Terms— Wearables, Industry 5.0, Safety, Adaptive intelligence, Ergonomic optimization, Human-machine interac-

tion, Physiological monitoring, Real-time monitoring.

[. INTRODUCTION

NDUSTRY 5.0 signifies a paradigm shift toward human-

centric manufacturing systems, emphasizing deeper collab-
oration between humans and intelligent machinery, person-
alized customization, and resilient operational practices. In
contrast to Industry 4.0’s primary focus on automation and
digitalization, Industry 5.0 highlights human-machine synergy,
flexibility in manufacturing processes, and adaptive intelligent
decision-making [1]. In such highly integrated environments,
ensuring safety poses significant challenges, particularly in
scenarios that involve direct human-robot interaction. Conven-
tional safety measures, largely reliant on static barriers and
reactive protocols, are increasingly insufficient to handle the
dynamic risks encountered in Industry 5.0 settings [2].

Wearable technologies have emerged as critical enablers of
enhanced safety management through real-time health moni-
toring, proactive risk detection, and adaptive human-machine
collaboration. Wearables can continuously track physiological
states, detect environmental hazards, and provide predictive
alerts, thereby significantly improving workplace safety out-
comes [3]. Integrating wearable devices that provide intelligent
support and real-time ergonomic feedback facilitates injury
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avoidance and performance enhancement for workers [4], [5].
Despite substantial advancements in wearable technology,
several technical and operational challenges persist. Real-
time adaptive feedback, personalized safety interventions, and
collaborative multi-agent integration are identified as the key
future research directions in this area [6], [7]. This paper
provides an overview of the role wearable technologies play
in enhancing human-machine interaction and workplace safety
within the Industry 5.0 paradigm. The review broadly presents
recent advancements in wearable technology, emphasizing
key research dimensions including wearable sensor technolo-
gies, human-machine collaboration safety, emergency response
mechanisms, and adaptive risk feedback systems. Structured
around these common functional and thematic categories, the
review facilitates a clear understanding of the technological
landscape and practical implementation considerations.

To this end, the primary contributions of this paper include:
(1) synthesizing the literature on wearable technologies and
their industrial safety applications; (2) analyzing intelligent
wearables for industrial contexts; (3) performing a systematic
gap analysis to pinpoint underrepresented research areas; and
(4) proposing future research directions such as developing
real-time adaptive interventions, enhancing personalized feed-
back mechanisms, and improving collaborative integration
frameworks.

The remainder of the paper is structured as follows. Section
II provides an overview of wearable sensor technologies within
Industry 5.0 contexts. Section III discusses applications of
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wearable technologies in personnel safety, human-machine
collaboration, and emergency response systems. Section IV
analyzes existing technical challenges and identifies gaps and
opportunities for future research. Finally, Section V concludes
the paper, summarizing key findings and outlining future
research directions.

[1. OVERVIEW OF WEARABLE SENSORS IN INDUSTRY
5.0

Industry 5.0, in contrast to the automation-centric Industry
4.0, enables deeper human-machine collaboration by empha-
sizing intelligent real-time interaction and proactive safety
management. This paradigm shift transforms wearables from
passive protection gear into proactive, intelligent monitoring
systems, playing an essential role in enhancing industrial
safety and productivity [1], [8]. This section presents the
evolution of wearable devices and their key functionalities in
industry settings.

Wearable technologies trace back to basic protective equip-
ment of the late 19th century, such as helmets, gloves, and
eyewear in military and industrial environments [9]. In 1968,
the first head-mounted display (HMD) laid the groundwork for
Augmented Reality (AR) technologies [10]. Subsequently, the
WearCam system in the 1980s introduced computer-assisted
visual augmentation, shifting wearables towards interactive
intelligence [11]. By the late 1990s, smart textiles such as the
Georgia Tech Wearable Motherboard (GTWM) incorporated
physiological sensors into clothing for real-time biometric
monitoring, further advancing the interactive capabilities of
wearable devices [12]. By the 21st century, the rapid popularity
of consumer-grade smart wearables such as Google Glass and
Fitbit accelerated the progression towards real-time monitoring
and proactive safety management not only in industry settings
but also in the general public as well [13], [14].

Current wearable devices in industrial environments can
be categorized by function, specifically: physiological mon-
itoring, environmental risk perception, ergonomic optimiza-
tion, and intelligent assistive interaction. Physiological mon-
itoring devices such as smart wristbands, smart garments,
and patches, typically integrate photoplethysmography (PPG),
electroencephalography (EEG), electrodermal activity (EDA),
and blood oxygen saturation (SpO-) sensors to track workers’
physiological states such as heart rate, fatigue, and emotional
conditions in real-time. These devices are not only used in
manufacturing and construction industries, but also in health-
care and daily health management applications [13]. Envi-
ronmental risk perception devices such as smart helmets and
protective clothing embedded with gas, temperature-humidity,
and volatile organic compound (VOC) sensors, provide essen-
tial real-time hazard warnings for petrochemical, mining, and
high-risk manufacturing workers [15].

In ergonomic optimization, smart gloves, vests, and wear-
able exoskeletons leverage inertial measurement units (IMU),
electromyography (EMG) sensors, and pressure sensors to
monitor workers’ posture and movement, effectively reduc-
ing repetitive strain injuries. These technologies are increas-
ingly prevalent in automotive assembly, aerospace manufac-
turing, logistics operations, and even medical rehabilitation

Environmental Threats
Extreme temperature and humidity, air pollution,

toxic chemicals, electrical hazards

Psychological Threats
Stress and anxiety,

Operational Threats
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Human-Machine Threats
Collaborative robot errors, insufficient safety
distance, opertational mistakes, miscommunication
with robots

Fig. 1: Common Safety Threats in Industrial Environments

settings [4]. Intelligent assistive interaction devices such as
AR head-mounted displays (Google Glass, HoloLens) and
smart glasses equipped with cameras, depth sensors, and
eye-tracking sensors facilitate real-time digital overlays and
remote collaboration during industrial maintenance and assem-
bly tasks, significantly enhancing accuracy and efficiency, and
assisting with training and remote medical applications [14].

Ill. ENHANCING INDUSTRIAL SAFETY THROUGH
WEARABLE TECHNOLOGIES

Wearable technologies are increasingly applied to enhance
personnel safety, facilitate human-machine collaboration, and
strengthen emergency response in industrial environments.
This section explores their application to industrial safety
within Industry 5.0, structured around three core areas: person-
nel health and safety management, safety in human-machine
collaboration, and predictive emergency response systems.
Each area examines key technological capabilities and ad-
dresses existing implementation challenges, highlighting both
the current technical capabilities and practical deployment
considerations.

A. Wearables for Personnel Health and Safety

In high-risk industries including construction, manufactur-
ing, and mining, ensuring personnel safety requires address-
ing multiple environmental, psychological, and operational
factors. Fig. 1 illustrates categories of occupational hazards,
emphasizing environmental, psychological, operational, and
human-machine threats faced by workers in complex industrial
settings. Certain occupational settings pose significant risks
for chronic health issues, including cardiovascular diseases
and respiratory disorders, particularly for workers exposed to
pollutants, high stress, or hazardous chemicals [3]. The proper
use of wearable technologies mitigates occupational health
risks through personalized monitoring and early warnings.
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Environmental Risk Mitigation: High-temperature environ-
ments significantly increase physiological and psychological
stress, leading to reduced productivity and serious health haz-
ards [16]. Thermoelectric cooling (TEC) technology has been
embedded into wearable liquid-cooling garments using the
Peltier Effect, efficiently lowering microclimate temperature
and humidity under extreme heat conditions [17].

Airborne pollutants and toxic chemicals pose major oc-
cupational health threats. Wearable passive samplers using
polymer sorbents can assess exposure to pollutants and organic
compounds in environments such as e-waste processing facil-
ities [18]. Intelligent wearable filtration systems (IWFES), inte-
grating nanotechnology and machine learning, have been de-
veloped to achieve sustained high-efficiency filtration (>99%)
of harmful particles and bacteria, while simultaneously en-
abling real-time health monitoring and interactive communica-
tion [19]. Such systems significantly enhance respiratory pro-
tection and facilitate proactive health management in polluted
environments.

Stretchable bioelectronic wearable systems offer effective
solutions for managing chronic wounds caused by prolonged
stress, repetitive friction, and chemical exposure [20]. These
devices continuously monitor critical wound parameters, in-
cluding temperature, pH, glucose, lactate, and inflammation
indicators, and deliver targeted therapeutic interventions to
accelerate healing. Recent advances have introduced fully
integrated stretchable wireless bioelectronic systems with mul-
timodal biomarker monitoring and electrically modulated an-
timicrobial treatment, significantly improving chronic wound
healing outcomes [21].

Electrocution constitutes a significant occupational hazard
in the power industry, driven by routine exposure to high-
voltage environments and operational complexities [22]. Re-
cent advancements have enabled the integration of physiolog-
ical sensors and ZigBee wireless communication into intelli-
gent clothing, resulting in improved rescue efficiency. Such
wearable systems automatically issue emergency alerts based
on physiological abnormalities and facilitate rapid personnel
localization via GPS, directly enhancing safety management
and emergency response effectiveness [23].

Psychological Stress Monitoring and Management: Mental
health significantly impacts workplace safety, with burnout and
psychological stress compromising judgment and escalating
injury risks [24]. Advanced wearables integrate physiological
signals such as HRV, GSR, and EEG with machine learning
to achieve accurate stress identification and predictive capa-
bilities [25], [26].

Electrodermal activity (EDA) sensors, which measure vari-
ations in skin conductance associated with emotional arousal
and stress, have demonstrated effectiveness in continuously
assessing perceived risk in dynamic, high-risk industrial envi-
ronments. Recent studies highlight the feasibility of wearable
EDA sensors to objectively quantify construction workers’
stress responses and perceived risks, directly informing safety
decision-making processes [27].

Multimodal stress monitoring systems address sensor noise
and data labeling challenges. These integrate wearables for
physiological sensing with cameras, significantly improving

measurement stability and assessment accuracy [28]. Fur-
ther innovations include multimodal stress prediction systems
leveraging smartphone and environmental sensor data [29].

Current stress management devices often lack interactivity,
prompting research into “partner-like” wearables that deliver
personalized multimodal feedback to enhance adherence and
long-term engagement [30]. By leveraging adaptive feedback
strategies such as vibrotactile cues and visual indicators,
these advanced wearable technologies significantly enhance
adherence, user engagement, and stress regulation outcomes
in occupational settings [31].

Operational Fatigue and Ergonomic Risk Assessment: High-
intensity work and irregular shift schedules disrupt circadian
rhythms, escalating fatigue-related accidents [32]. Wearable
biosensors can non-invasively analyze biomarkers such as
lactate and cortisol, enabling accurate real-time fatigue moni-
toring [33]. Wearable insoles combined with machine learning
track plantar pressure and gait patterns to facilitate fatigue
assessment and improve worker safety management [34].

Mental fatigue detection using EEG headbands and deep
learning techniques offers adaptable, real-time classification
capabilities, bypassing limitations of traditional manual feature
extraction [35]. Additionally, wearable motion-capture sensors
(IMU, EMG) integrated with biomechanical analyses effec-
tively evaluate musculoskeletal disorder (MSD) risks, support-
ing ergonomic injury prevention strategies [36]. Furthermore,
multi-sensor systems based on fiber Bragg grating sensors
continuously monitor posture and respiratory rate, helping
to reduce musculoskeletal risks in sedentary occupational
environments [37].

B. Safe Human-Machine Collaboration using Wearables

Integrating robotics into industrial workflows significantly
improves efficiency while introducing new safety risks, es-
pecially in high-risk environments [2]. Industry 5.0 promotes
evolving human-machine interactions, from collaboration to
compassion, emphasizing fundamental human needs including
safety as the basis for effective cooperation [38].

Human Factors Engineering in Collaborative Environments:
Human-Robot Collaboration (HRC) is characterized by dy-
namic task coordination between humans and robots in a
common workspace, synergistically leveraging human cogni-
tive capabilities and robotic precision to achieve shared objec-
tives [39]. Safety in HRC extends beyond traditional physical
safeguards, requiring the integration of human perception,
workload, and control into system designs [5], [40]. Human
factors engineering provides methodologies to optimize system
performance, reducing cognitive mismatches and improving
interface intuitiveness and interaction fluidity [41]. Wearable
technologies, including AR and multimodal interfaces, signifi-
cantly enhance task execution by providing real-time feedback
and reducing cognitive load and anxiety [6], [42]. Additionally,
bio signal-based adaptive task delivery dynamically addresses
worker fatigue and stress, exemplifying proactive safety inte-
gration within HRC [43].

Human Digital Twin for Adaptive Safety Management: The
Human Digital Twin (HDT) is a dynamic virtual representation
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of a human, continuously updated with real-time data from
wearable sensors, enabling personalized modeling and pre-
dictive safety assessment. Whereas traditional Digital Human
Modeling (DHM) relies on static or predefined parameters,
HDT integrates dynamic physiological and behavioral data to
enhance context awareness and proactive risk mitigation in
safety-critical environments [7]. The HDT approach integrates
wearable sensors with virtual models, enables continuous
monitoring and predictive simulation of human behavior and
physiological states, and provides real-time sensing and adap-
tive responses for improved safety and operational adaptability
in Industry 5.0 [44], [45]. Through HDT, robots can adjust
autonomously to human intent, which enhances safety and
task adaptability. Furthermore, HDT is effectively employed
in immersive safety training, using physiological indicators to
assess cognitive load and training effectiveness [46], [47].
Within a Human Digital Twin (HDT) framework, collabo-
rative robot safety is enhanced through the continuous capture
and analysis of real-time physiological and behavioral data
from wearable sensors. [48]. Such data streams enable the
HDT to model operator intent, fatigue levels, and situational
awareness, which in turn allows collaborative robots to dy-
namically adjust their speed, force, or trajectory to comply
with safety guidelines such as ISO/TS 15066 [49], [50].
Real-time feedback loops between the HDT and the robot
ensure the immediate detection of abrupt changes in human
posture, stress, or proximity, triggering adaptive responses or
emergency stops, thus preventing unsafe interactions [51]. This
bi-directional feedback mechanism consequently mitigates col-
lision risk and task-related hazards while simultaneously fos-
tering operator trust, enhancing transparency, and improving
overall system responsiveness within HRC environments.

C. Emergency Response and Predictive Safety Systems

Effective emergency response and proactive accident pre-
vention are essential in industrial settings with dynamic haz-
ards and high operational complexity. Traditional safety mech-
anisms often rely on reactive measures such as alarms, and are
insufficient for proactive and adaptive in Industry 5.0 environ-
ments [52]. Consequently, wearables are being increasingly
employed for predictive and responsive safety, integrating real-
time monitoring with advanced data processing to enhance
situational awareness and decision-making capabilities [53],
[54].

Robust Communication in Emergency Scenarios: Reliable
communication is crucial during industrial emergencies, where
information flow directly impacts response effectiveness. Re-
mote or complex sites such as construction zones and man-
ufacturing facilities face communication instability due to
interference, mobility of personnel, and infrastructure lim-
itations [55]. Wearables can leverage edge computing for
on-device data processing to reduce reliance on continuous
network connectivity. Wearables embedded with lightweight
deep-learning models can achieve reliable local gesture recog-
nition, significantly reducing bandwidth demands and main-
taining system responsiveness during network disruptions [56].

Machine learning techniques such as federated learning can
be used to further enhance resilience by decentralizing data

processing and enabling collaborative risk prediction among
multiple devices without constant uplink communication [57].
An architecture for construction site safety with decentralized
risk prediction [58] shows significantly reduced vulnerability
compared to centralized data management and improved ro-
bustness of emergency communication protocols.

Intuitive Accident Awareness and Visualization: Effective
emergency response also relies on intuitive visualization and
awareness of risk information. Alarms and static visual in-
dicators are often ineffective in noisy or visually obstructed
industrial environments. In contrast, AR-based wearable sys-
tems can deliver real-time multimodal cues directly integrated
into workers’ visual and auditory perception. AR-enhanced
wearable devices have been shown to significantly reduce re-
sponse times and improve hazard perception through spatially
contextualized visual and audio alerts [59].

Geofencing integrated into wearables can further enhance
situational awareness by actively monitoring workers’ spatial
positions relative to hazardous areas. A geofencing-based
safety system specifically for dynamic construction sites has
demonstrated successful real-time hazard alerts triggered by
proximity detection for mitigating accident risks [60]. Simi-
lar implementations in marine environments have confirmed
the adaptability of geofencing technology across diverse and
challenging operational settings [61].

Predictive Risk Management and Digital Twins: The pre-
dictive management of safety risks in Industry 5.0 contexts
is increasingly supported by wearable systems employing
machine learning and digital twin technologies. Such systems
provide early detection and prediction of hazards such as toxic
gas exposure. A sensor array coupled with machine learning
algorithms can accurately predict hazardous gas concentra-
tions, providing proactive warnings in chemically hazardous
environments with over 99% reliability [62].

Digital twin frameworks augment predictive capabilities by
enabling simulations of future system states based on real-time
wearable data, including physiological conditions and spatial
positioning. In [63], digital twins dynamically forecast risks
and recommend preemptive actions before safety thresholds
are compromised. Wearable-based behavioral analytics utiliz-
ing proximity data to predict hazardous personnel-machine
interactions and prevent potential accidents appear in [64].

Recent advances further enhance predictive risk manage-
ment by employing wearable sensors combined with machine
learning algorithms to recognize and map operators’ activities
in real-time. This approach provides precise insights into
operators’ exposure to risks such as vibrations, facilitating
proactive interventions and significantly improving the safety
of workers, especially in agricultural and similar high-risk
industrial environments [65].

System Architecture and Team-Level Feedback: Integrating
wearables within robust, collaborative system architectures can
ensure resilience, adaptability, and reliable feedback mecha-
nisms in dynamic industrial settings characterized by decen-
tralized operations. Recent research underscores the critical
role of modularity, fault tolerance, and coordinated team-
level communication in enhancing safety management and
operational efficiency [66], [67]. In [66], modular communi-
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cation architectures coupled with layered sensing contribute
to maintaining accurate health monitoring and safety tracking
under variable environmental conditions. Modularity allows
wearables to operate as distributed nodes within an integrated
safety network, supporting real-time data transmission and
adaptive decision-making. Sepahvand et al. [67] introduce a
comprehensive fault-tolerance strategy specifically for wear-
able systems. Their multi-dimensional approach addresses
redundancy, error detection, and recovery mechanisms, en-
suring uninterrupted team-level feedback even during system
disruptions. The fault-tolerant designs enhance the reliability
and responsiveness of emergency management infrastructures
within Industry 5.0 contexts.

IV. WEARABLES FOR SAFETY IN INDUSTRY 5.0:
CHALLENGES AND OPPORTUNITIES

Wearables are being increasingly explored for physiological
monitoring, environmental sensing, and closed-loop feedback
in dynamic work environments [68]. Although large-scale
industrial deployments remain limited, pilot implementations
and research prototypes have demonstrated feasibility in sev-
eral high-risk scenarios [69].

This section examines key technical challenges related to
the modeling, design, and deployment of wearable safety
systems. From a software engineering perspective, it discusses
issues such as safety-oriented requirements specification, non-
functional constraints, multimodal data fusion, and feedback
mechanism design. It also identifies gaps in system personal-
ization, explainability, runtime adaptability, and validation.

A. Human-Centered Safety Requirements and Modeling

Wearables have evolved into active perception systems for
user state recognition, behavioral risk intervention, and dy-
namic feedback. Traditional metrics such as detection accuracy
and communication stability are no longer sufficient for truly
personnel-centered system design [70]. Instead, system mod-
eling must incorporate physiological states, behavioral traits,
cognitive responses, and individual differences from the outset
to embed human factors as core modeling elements [71].

Recent literature on safety has suggested the necessity
of incorporating multiple modeling dimensions when es-
tablishing personnel safety-oriented objectives. Awolusi et
al. [13] demonstrate that wearables can effectively iden-
tify fatigue states and abnormal operations by continuously
monitoring user heart rate, electrodermal activity, and pos-
ture—physiological parameters that serve as dynamic risk
indicators in industrial environments. The work reported in
[72] demonstrates that proactive warning mechanisms based
on real-time positioning and task paths significantly outper-
form traditional static signage in risk prevention, particularly
by eliciting faster behavioral responses when approaching
hazardous zones. This suggests that behavioral cues should be
incorporated as dynamic trigger conditions in safety control
logic.

User preference and acceptance are also important factors
that must be considered in wearables. Field studies on the
use of tactile safety devices among construction workers have

found that wearable placement choices are influenced by
factors such as wearability, climatic adaptability, privacy sen-
sitivity, and social acceptance [73]. These findings imply that
ignoring users’ real-world perceptions and preferences could
result in device rejection or delayed responses, diminishing
the intended safety functionality.

Wearable systems must also address a series of non-
functional or quality goals driven by human factors. An
evaluation of AR safety applications [74] points out that
although AR can enhance information transparency during
operations, poorly designed alert mechanisms may cause cog-
nitive overload or even “alert fatigue,” reducing user respon-
siveness to high-priority warnings. Similarly, Bringye and
Kozlovszky [75] emphasize that explainability should not be
treated as an auxiliary attribute, but rather as a core system
quality, as it directly influences user trust in system outputs
and their subsequent behavior modulation.

Existing literature shows that user expectations regarding
wearable functionalities differ significantly, and the prioritiza-
tion of system attributes varies across industries, job roles, and
risk contexts. A neutrosophic multi-criteria decision-making
model evaluating how different user groups weigh safety
performance, response time, and data privacy reinforces the
need for a “personalized weighting” mechanism in system
objective modeling [76]. Most current designs still lack the
ability to dynamically adapt based on user profiles or task-
specific scenarios.

B. Design Constraints and Intelligent Architectures

Effectively deploying wearables for safety requires design
and architectural planning. Lim and Yang [77] presented a
vibrotactile feedback system integrating sensor fusion through
Kalman filtering, significantly enhancing real-time posture
awareness and ergonomic practices in construction settings.
Their modular approach highlights the necessity of responsive
software platforms and real-time adaptability.

The complexity involved in connecting wearable devices
with other systems presents significant challenges, especially
when humans and machines need to collaborate closely. Lin et
al. [78] highlight limitations such as sensor placement stability
and data reliability in static integration methods, stressing
the need for dynamic, intelligent systems accommodating
physiological monitoring in collaborative scenarios. Similarly,
Cai et al. [79] emphasize challenges encountered during the
integration of wearable exoskeletons into industrial processes,
underscoring the importance of fault-tolerant designs, robust
error handling mechanisms, and redundancy to manage both
physical and perceived safety risks effectively.
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TABLE I: Gap Analysis of Wearable Safety Systems Across Functional Dimensions

Approach / Dimensions

Human-Wearable Interaction

Real-Time System Behavior

Adaptivity & Learning

Collaborative Integration

Human-in- Actionable Cognitive Live Data Multi- Edge Real-Time Adaptive Context- Predictive Explainable Digital Cobot Multi-
the-Loop User Er- Processing Sensor Comput- Actuation Intelli- Aware Response Al Twin Collabora- Agent
Feedback gonomics Fusion ing gence Reasoning Capability Decisions Integration tion Scalability
Support Support Support
Ergonomics Coupled Human Dig- v v v v v v v v v v v v X X
ital Twin Systems for Adaptive
Safety Management [48]
Lifecycle Oriented HDT Health v v v v v A v A v v X v X X
Management Framework [44]
Model Driven HDT Simulation v v v v A v v v v v v v v A
and Ergonomic Co-Design Frame-
work [7]
Safety Integrated Flexible HRC v v v v v X v A A v X v v X
Assembly Framework [6]
Predictive Risk Simulation Frame- v v X v v X v v v v v v v X
work via HSMM for Flexible
HRC [71]
Multimodal Wearable HRC Sys- v v v v v X v AN AN v X v v AN
tem [42]
Cognitive Architecture for Wear- v v v v v X v X v v X v X X
able Ergonomics Sensing [5]
Safety Assurance Framework for v v v v v v v AN v v v v v AN
Exoskeletons [40]
Sensor Fusion Based Embodied In- v A AN v v X v v A X X X X X
telligence Control System [45]
Physiological State Driven VR v v v v A X v AN v v X X A X
Safety Training Platform [46]
Real-Time Respiratory Recogni- A v AN v v AN v AN A v X X X X
tion and Filtration Patch [19]
Closed-Loop Therapeutic Monitor- v v AN v X AN v AN A A X X v X
ing Patch [21]
EDA-Based Risk Perception As- v v X v v X X X A v X X X X
sessment Framework [27]
Activity-Aware Vibration Exposure X A X A v v X AN v v X X X X
Prediction Framework [62]
ML-Enhanced  Vibration  Risk v v X v v v v A v v X X X X
Mapping System [65]
Federated Edge Learning Frame- v A X v v v v v v v X X X A
work for Risk Forecasting [58]
LoRa-Enabled Wearable Sensor v v X v v v v X X v X X X v
Network for Distributed Safety
Monitoring [68]
AR-Based Attention-Aware Warn- v v A v v A v X X X X A X X
ing System [59]
Marine Geofencing-Based Wear- A v A v v X v X X X X X X X
able Alert System [61]
Conceptual Framework for A A X A v X A X X A X A X X
Wearable-Enabled Risk
Management in Construction [64]
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Addressing cognitive and psychological factors, Shayesteh
et al. [46] introduce immersive virtual reality systems coupled
with wearable physiological sensors and deep learning models
to dynamically monitor cognitive states. This adaptive archi-
tecture significantly enhances human-robot teaming by adjust-
ing system behavior based on real-time psychological feed-
back. Communication robustness is addressed in [80], where
ergonomically designed wearable communication devices with
gesture-based controls facilitate reliable interactions in harsh
environmental conditions. Varma et al. [81] further emphasize
the need for energy-efficient and fault-tolerant architectures in
underground mining environments for seamless integration of
multiple sensors and reliable wireless communication.

Middleware solutions play an essential role in managing
the interoperability and integration of heterogeneous sensor
networks and wearables. Huo et al. [82] present the CISI
middleware, a modular and distributed approach streamlining
sensor integration across diverse platforms. Another adaptive
wearable system demonstrates successful sensor fusion (ECG,
TEB, IMU) combined with intuitive smartphone applications
for user-centric adaptability, ergonomic considerations, and
energy management [83].

C. Challenges in Deployments and Feasibility

Practically deploying wearables in Industry 5.0 faces nu-
merous feasibility and implementation challenges. Lee et al.
[84] detail the complexities encountered in utilizing wrist-worn
heart rate sensors for fatigue monitoring, highlighting real-
world variability and personalized model requirements. Sim-
ilarly, Chung et al. [85] identified significant ergonomic and
usability constraints in textile-based wearable assistive suits,
underscoring practical limitations in industrial environments.

Feasibility concerns are further evident in [86], which
identifies discrepancies between theoretical wearable func-
tionalities and actual field usability during COVID-19. Two
pilot studies highlighting user acceptance challenges [87], [88]
underscore sensor accuracy limitations and substantial intra-
and inter-subject variability that pose significant barriers to
practical deployments in industrial contexts.

Quantitative analysis from [89] reveals critical barriers
related to comfort, usability, and user perceptions toward
wearable biometric and location-tracking technologies. In [90]
deployment constraints associated with cognitive exoskeletons,
including real-time Al adaptability and ergonomic integration,
are presented. Hayek et al. [91] highlight robustness and data
reliability issues in smart wearable footwear, illustrating the
complexities involved in embedding intelligent functionalities.
Ojha et al. [92] assess the technical feasibility of multimodal
wrist-worn devices and show significant usability and technical
hurdles that limit widespread adoption.

D. Gap Analysis

Table I presents a multi-dimensional gap analysis, compar-
ing existing work categorized into four functional groups. We
assess their capabilities across fourteen carefully selected tech-
nical dimensions across human—wearable interaction, real-time
system responsiveness, adaptive intelligence, and collaborative

integration. Each method was rigorously rated using a three-
level scale: fully supported (v'), partially supported (A), and
unsupported (x). Specifically, fully supported (v') indicates
the method meets the criteria for a given technical dimension
and is explicitly mentioned in the article. Partially supported
(A) refers to methods with potential to meet the dimension
but are minimally or not explicitly mentioned. Unsupported
(x) indicates methods that do not meet the dimension and are
not mentioned in the article.

Figure 2 presents a quadrant chart systematically catego-
rizing selected studies based on two key dimensions critical
to our gap analysis: Technology Maturity (from conceptual
ideas to technical implementation) and Method Deployment
(from theoretical frameworks to practical real-world deploy-
ment). Each quadrant distinctly represents the state of existing
literature and highlights key research gaps identified in our
comprehensive multi-dimensional assessment.

Conceptual & Deployed Technical & Deployed
Paper 6,42,61
°

Paper 58,6568
o

Paper 21
.

Paper 19,27,62 Paper 59
® ®

Paper 47 Paper 5,71
L [}

Paper 45,64 Paper 40

Method Deployment
(« Theoretical | Deployed -)
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L

Paper 48

Conceptual & Theoretical Technical & Theoretica
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0
Technology Maturity
(¢ Conceptual | Technical -)

Fig. 2: Technology Maturity vs. Method Deployment for
Selected Gap Analysis Papers

Studies located in the upper-right quadrant (e.g., [6], [42],
[61]) indicate high technological maturity and extensive prac-
tical deployment, exemplifying the successful translation of
advanced wearable technologies into industrial safety applica-
tions. Conversely, the lower-left quadrant (e.g., [7], [44], [48])
denotes studies primarily at the theoretical or conceptual stage,
underscoring significant opportunities for further empirical
development and practical validation. Intermediate placements
(e.g., [27], [58], [62], [65], [68]) reflect ongoing research
efforts that have achieved partial but incomplete transitions
from theory to practice. These represent critical transitional
areas where technologies or methods require additional de-
velopment, testing, or refinement to achieve full-scale deploy-
ment.

Table II classifies representative studies into real-world pilot
implementations and conceptual systems. This table highlights
their key features, validation contexts, major insights, and cur-
rent limitations, thereby illustrating the gap between practical
deployment and theoretical frameworks

Our analysis reveals several key trends. Most systems ex-
hibit strong capabilities in human-in-the-loop control and in
providing actionable user feedback, indicating a widespread
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TABLE II: Comparison of Real-world Pilot Implementations and Conceptual Systems

Study Category Key Features Validation Context Key Insights Limitations
Safety Integrated Flexible Real-world Pilot | AR-guided HRC assembly Automotive assem- Demonstrated efficiency gains High deployment cost and de-
HRC Assembly Frame- Implementation with smartwatches and risk | bly line (ROBO- and reduced operator work- pendency on factory infras-

work [6]
Multimodal Wearable
HRC System [42]

AR-Based
Aware
System [59]

Attention-
Warning

Ergonomics Coupled Hu-
man Digital Twin Systems

Real-world Pilot
Implementation

Real-world Pilot

Implementation

Conceptual Sys-
tem

assessment

Multimodal interaction (au-
dio, AR, haptic feedback)
with collision detection
AR-based multimodal safety
alert system

HDT-driven ergonomic risk
prediction framework

PARTNER project)
White goods indus-
try pilot

Computer
numerical  control
(CNC) machining
shopfloor
Simulation-based
validation

load
Validated real-time wearable
feedback for cobots

Reduced operator distraction
and improved hazard aware-
ness

Conceptual framework link-
ing wearable devices to er-

tructure
Requires customization for
different industrial settings

Tested with a limited partici-

pant pool

No real-world validation, high
modeling complexity

for Adaptive Safety Man-
agement [48]
Lifecycle Oriented HDT Conceptual Sys-
Health Management | tem
Framework [44]

Transition framework from
digital human  modeling
(DHM) to HDT, human
factors integration

Literature-based
modeling

gonomic key performance in-
dicators (KPIs)

Unified ergonomic and HDT
perspectives

Lacks empirical tests and
benchmark datasets

emphasis on operator-centered interactions. Robust support
for real-time data processing and multi-sensor fusion points
toward increasingly mature real-time perception capabilities.
However, real-time actuation, which is crucial for closing
the control loop, remains significantly underdeveloped. This
highlights a critical gap between system awareness and au-
tonomous response execution.

Although adaptive intelligence is increasingly integrated
into wearable solutions, especially for physiological assess-
ment or task-specific reasoning, personalized learning and
explainable AI (XAI) capabilities are notably lacking. In
safety-critical industrial settings, XAI is essential to provide
transparency, traceability, and human-understandable reason-
ing behind automated safety interventions, thereby foster-
ing operator trust and enabling accountability [93]. Methods
leveraging machine learning seldom offer transparency or
model interpretability mechanisms, indicating a pronounced
imbalance between functionality and explainability.

Collaborative integration constitutes the weakest area among
existing works. Essential features such as multi-agent scala-
bility and collaborative robot coordination are either absent
or remain only at a conceptual level in nearly all approaches.
This systemic limitation underscores a significant challenge:
while current solutions effectively enhance individual safety,
few adequately support team-level resilience and collaborative
decision-making within complex and interconnected industrial
environments.

E. Future Research Directions

This review identifies several research directions for enhanc-
ing industrial safety through wearable technologies.

Advanced Real-time Actuation Systems: Advancing real-
time actuation systems capable of delivering autonomous,
immediate responses to safety threats offers significant oppor-
tunities. Achieving this requires improvements in edge com-
puting capabilities and the development of robust actuation
mechanisms seamlessly integrated within wearable devices.

Adaptive and Personalized Machine Learning: Research into
adaptive and personalized machine learning models holds
substantial potential for addressing individual variations in
physiological, behavioral, and cognitive responses. The inte-

gration of XAI features into wearable systems is expected to
enhance user trust and promote effective interactions.

Collaborative Integration Capabilities: Exploration of collab-
orative integration capabilities, including scalable multi-agent
frameworks, digital twin integration, and cobot collaboration,
represents another important research area. Investigations into
interoperable architectures that facilitate dynamic and col-
lective safety management in complex, multi-user industrial
environments may yield valuable insights.

Human Digital Twin (HDT) Methodologies: HDT methodolo-
gies present promising avenues for future research. Although
current HDT studies remain largely theoretical, their potential
across various technical dimensions has been recognized. Sub-
sequent research focusing on empirical validation and practical
implementation of HDT methods is essential for realizing their
full potential in enhancing personalized interactions, adaptive
intelligence, and collaborative integration for industrial safety
applications.

Rigorous field-based validation studies and longitudinal
deployment trials are necessary to address practical feasibil-
ity concerns. Research addressing user acceptance, practical
usability, and sustainable performance is important for transi-
tioning experimental prototypes into widely adopted industrial
safety solutions.

V. CONCLUSION

This article presents a review of wearable technologies
designed to enhance human-machine interaction and safety
in Industry 5.0. The review follows the transformation of
wearable devices from passive protective equipment toward
systems with active functionalities, including real-time moni-
toring, adaptive responses, and proactive safety management.

An analysis of key factors such as physiological monitoring,
environmental hazard detection, ergonomic optimization, and
intelligent assistive interaction reveals the extensive capabil-
ities of wearable technologies and underscores their pivotal
role in contemporary industrial safety. Nevertheless, significant
gaps persist, particularly regarding limited real-time actuation
capabilities, inadequate integration of personalized adaptive
intelligence, and underdeveloped collaborative, multi-agent
safety frameworks.
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Future research should focus on advancing real-time actu-
ation mechanisms integrated within wearable platforms, re-
fining adaptive machine learning models to better account
for individual physiological and behavioral variability, and
improving XAI approaches to enhance user trust and system
transparency. Additionally, constructing scalable multi-agent
architectures and integrating digital twin technologies are
essential for comprehensive and collaborative safety manage-
ment within complex industrial environments.

For widespread industrial adoption, future studies must
prioritize rigorous field validation and longitudinal assessment
to ensure user acceptance, usability, and sustained perfor-
mance. Addressing these challenges through focused research
initiatives will substantively advance wearable technologies
toward achieving the human-centric, resilient, and intelligent
safety management objectives fundamental to Industry 5.0.
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