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Article Info Abstract _ _ _ _
Greenhouse workers face unique occupational hazards including extreme thermal

conditions, high humidity, chemical exposure, and physically demanding tasks that

P-ISSN: 3051-3421 collectively induce acute and chronic physiological stress, yet traditional health
E-1SSN: 3051-343X monitoring approaches lack the temporal resolution and objectivity required for
Volume: 05 effective intervention. Internet of Things (1oT) technologies integrated with wearable
Issue: 01 biosensors enable continuous, real-time monitoring of worker physiological status and
. . environmental conditions, facilitating early detection of heat stress, cardiovascular
Received: 08-11-2023 strain, and fatigue before adverse health outcomes occur. This article examines 10T-
Accepted: 10-12-2023 based stress detection architectures for greenhouse environments, focusing on sensor
Published: 12-01-2024 technologies measuring heart rate variability, galvanic skin response, core body
Page No: 01-11 temperature, and environmental parameters including ambient temperature, humidity,
: and atmospheric composition. Machine learning algorithms process multi-modal

sensor streams to classify stress levels, predict heat-related illness risk, and generate
automated alerts to workers and supervisors. Case implementations demonstrate 35-
50% reduction in heat stress incidents and improved worker productivity through
timely interventions. Key challenges include sensor accuracy under harsh greenhouse
conditions, data privacy concerns, system integration complexity, and economic
barriers to adoption among small-scale operations. Future developments in edge
computing, artificial intelligence, and digital twin technologies promise enhanced
predictive capabilities and seamless integration with smart greenhouse management
systems, advancing both worker safety and agricultural productivity in protected
cultivation environments.
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Introduction

1.1 Occupational Stress in Greenhouse Environments

Greenhouse agriculture represents a rapidly expanding sector of global food production, providing controlled environments for
high-value crop cultivation while creating unique occupational health challenges for agricultural workers . Unlike open-field
agriculture, greenhouse operations expose workers to microclimate extremes characterized by elevated temperatures frequently
exceeding 40°C during summer months, relative humidity levels approaching 90%, and variable atmospheric composition due
to plant respiration and supplemental carbon dioxide enrichment [ 31, These environmental conditions, combined with physically
demanding tasks including harvesting, pruning, pesticide application, and material handling, impose substantial physiological
strain on workers [,

Heat-related illnesses constitute the predominant occupational health risk in greenhouse settings, with heat exhaustion, heat
cramps, and potentially fatal heat stroke occurring when the body's thermoregulatory capacity becomes overwhelmed 5 €,
Epidemiological studies indicate greenhouse workers experience heat stress incidence rates 3-5 times higher than general
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agricultural populations, with particular vulnerability among
seasonal migrant laborers who may lack acclimatization [,
Beyond acute thermal stress, chronic exposure to greenhouse
conditions  contributes  to  cardiovascular  strain,
musculoskeletal disorders, respiratory complications from
pesticide exposure, and psychological stress from demanding
production schedules [ 91,

Traditional occupational health approaches relying on
periodic medical examinations, self-reported symptoms, and
environmental monitoring at fixed locations fail to capture
the dynamic, individualized nature of physiological stress
responses [1%. Workers often continue laboring despite
experiencing early warning signs of heat illness due to
economic pressures, limited health literacy, or cultural
factors, leading to delayed intervention when medical
treatment becomes necessary 3. The spatial and temporal
heterogeneity of greenhouse microclimates means stationary
environmental sensors inadequately represent actual
exposure conditions experienced by mobile workers 1121,

1.2. Role of Technology in Worker Health Monitoring
Advances in sensor miniaturization, wireless
communication, and computational analytics have enabled
development of wearable physiological monitoring systems
capable of continuous, objective assessment of worker health
status [314 Internet of Things paradigms integrate
distributed sensor networks with cloud computing
infrastructure to create intelligent monitoring ecosystems that
track, analyze, and respond to worker stress in real-time %1,
These technologies transition  occupational health
management from reactive medical treatment to proactive
prevention through early warning systems and data-driven
intervention strategies [*61,

Wearable biosensors embedded in clothing, wristbands, or
patches measure physiological indicators including heart
rate, heart rate variability, skin conductance, body
temperature, and movement patterns without impeding
normal work activities [”- 181, Environmental sensor nodes
deployed throughout greenhouse facilities capture spatial
distributions of temperature, humidity, light intensity, and air
quality, providing contextual data for interpreting
physiological responses [9.  Wireless communication
protocols transmit sensor data to edge computing devices or
cloud platforms where machine learning algorithms identify
stress patterns and generate alerts when intervention
thresholds are exceeded [2%:24,

Integration of loT health monitoring with existing
greenhouse management systems creates opportunities for
holistic optimization balancing worker wellbeing with
production efficiency 1?2, Real-time stress data can inform
task scheduling, break allocation, climate control
adjustments, and resource deployment to minimize health
risks while maintaining operational productivity 23241,

1.3. Need for Real-Time Stress Detection

The time-sensitive nature of physiological stress progression
necessitates monitoring systems capable of detecting early
warning signs and facilitating immediate intervention 31,
Core body temperature elevation, accelerated heart rate, and
altered skin conductance emerge as measurable indicators
minutes to hours before clinical manifestations of heat illness,
creating a critical window for preventive action 2% 27, Real-
time monitoring enables personalized risk assessment
accounting for individual variation in heat tolerance, fitness
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level, acclimatization
conditions [%8],
Automated alert generation removes reliance on worker self-
assessment and supervisor observation, both of which
demonstrate poor sensitivity for early stress detection [,
Intelligent systems can recommend specific interventions—
rest in cooled areas, hydration, task modification, or medical
evaluation—tailored to detected stress severity and
environmental conditions %, Integration with greenhouse
climate control allows automated environmental adjustments
when worker stress levels indicate unsafe conditions.

This article examines the state-of-the-art in 10T-based stress
detection systems for greenhouse workers, with objectives to:
(1) review sensor technologies and physiological indicators
relevant to occupational stress monitoring; (2) analyze
system architectures integrating wearables, environmental
sensors, and analytical platforms; (3) evaluate machine
learning approaches for stress classification and prediction;
(4) assess implementation outcomes and practical
applications; and (5) identify challenges and future research
directions for advancing worker health monitoring in
protected agriculture.

status, and underlying health

2. Overview of 10T in Occupational Health Monitoring
2.1. 10T Architecture for Health Monitoring

loT-based occupational health systems employ layered
architectures  comprising  perception, network, and
application tiers that collectively enable end-to-end
monitoring from sensor data acquisition through decision
support. The perception layer consists of wearable biosensors
and environmental monitoring nodes that continuously
capture physiological and contextual data streams. These
devices incorporate microcontrollers, analog-to-digital
converters, and local storage for preprocessing sensor signals
before transmission.

Network infrastructure facilitates data communication
between distributed sensors and centralized or edge
computing resources through wireless protocols including
Bluetooth Low Energy, Zigbee, LoRaWAN, and cellular
networks.  Protocol  selection  balances competing
requirements for range, power consumption, data throughput,
and reliability under the electromagnetic interference and
physical obstruction conditions characteristic of greenhouse
structures. Gateway devices aggregate data from multiple
sensor nodes and provide internet connectivity for cloud
platform access.

The application layer encompasses data storage, analytics,
visualization, and decision support functions implemented on
cloud servers, edge computing devices, or hybrid
architectures. Cloud platforms offer scalable computational
resources for training machine learning models and historical
data analysis, while edge computing reduces latency for real-
time alerting and preserves functionality during network
disruptions. Application interfaces provide dashboards for
farm managers, mobile applications for workers, and
integration APIs for greenhouse management systems.

2.2. Wearable and Environmental Sensors

Wearable physiological sensors employ diverse transduction
principles to measure biosignals indicative of stress
responses. Photoplethysmography sensors utilizing light
absorption by blood vessels enable heart rate and heart rate
variability measurement through wrist-worn devices.
Electrodermal activity sensors measure skin conductance
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variations associated with sympathetic nervous system
activation during stress. Thermistors or infrared sensors track
skin and core body temperature through contact or non-
contact measurement approaches.

Inertial measurement units combining accelerometers and
gyroscopes quantify physical activity intensity, posture, and
movement patterns that influence metabolic heat generation
and energy expenditure. Emerging biochemical sensors
detect stress-related biomarkers in sweat including cortisol,
lactate, and electrolytes through electrochemical or
colorimetric techniques. Multi-sensor integration enhances
stress detection accuracy by capturing complementary
physiological dimensions.

Environmental sensor networks characterize greenhouse
microclimate conditions affecting heat stress risk. Distributed
temperature and humidity sensors provide spatial resolution
of thermal gradients, while pyranometers measure solar
radiation intensity determining radiant heat load. Carbon
dioxide sensors monitor atmospheric composition relevant to
respiratory stress and ventilation adequacy. Particulate matter
and volatile organic compound sensors assess air quality
impacts from pesticides and other chemicals.

2.3. Data Acquisition and Communication Protocols
Biosignal acquisition requires careful attention to signal
conditioning, sampling rates, and artifact rejection to ensure
physiological validity. Heart rate signals typically require
sampling at 250-1000 Hz for accurate R-wave detection,
while temperature and skin conductance measurements
suffice with 0.1-1 Hz sampling. On-device digital filtering
removes motion artifacts, electromagnetic interference, and
baseline drift before data transmission.

Communication protocol selection considers power
efficiency critical for battery-operated wearables and
reliability essential for safety-critical health monitoring.
Bluetooth Low Energy provides adequate bandwidth for
physiological data with low power consumption, while
LoRaWAN enables long-range connectivity across large
greenhouse facilities despite lower data rates. Time
synchronization protocols ensure accurate correlation
between physiological and environmental measurements
collected by distributed sensors.

Data compression algorithms reduce transmission bandwidth
and energy consumption while preserving clinically relevant
signal features. Adaptive sampling strategies increase
measurement frequency during detected stress events while
reducing sampling during normal conditions to extend battery
life. Store-and-forward mechanisms buffer data during
communication failures for subsequent transmission when
connectivity restores.

3. Stress Detection Parameters and Sensor Technologies
3.1. Physiological Indicators of Occupational Stress
Heart rate elevation represents a primary physiological
response to thermal and physical stress as cardiovascular
output increases to support thermoregulation and metabolic
demands. Baseline heart rate varies substantially among
individuals based on fitness level, age, and genetics,
necessitating personalized thresholds rather than universal
cutoffs. Heart rate variability—the temporal variation
between successive heartbeats—provides a sensitive
indicator of autonomic nervous system balance, with reduced
variability indicating sympathetic dominance associated with
stress.
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Core body temperature maintenance within the narrow range
of 36.5-37.5°C is essential for physiological function, with
elevations beyond 38°C indicating thermal strain and values
exceeding 40°C constituting medical emergencies. Direct
core temperature measurement through rectal, esophageal, or
ingestible thermometer capsules provides gold-standard
accuracy but faces practical and acceptability limitations for
occupational monitoring. Skin temperature measured at the
forehead, wrist, or chest correlates with core temperature but
exhibits greater environmental sensitivity requiring
algorithmic compensation.

Galvanic skin response reflects sympathetic nervous system
activation through sweat gland activity that alters skin
electrical conductivity. Stress-induced increases in skin
conductance occur within seconds of stressor exposure,
providing rapid detection capability. However, skin
conductance also responds to non-stress factors including
temperature, humidity, and physical activity, requiring
multivariate analysis for specific stress attribution.
Biochemical markers including cortisol, alpha-amylase, and
lactate in sweat or saliva provide molecular evidence of stress
responses. Cortisol follows circadian rhythms and responds
to psychological stress with a 20-30 minute delay, while
alpha-amylase increases more rapidly with acute stress.
Lactate accumulation indicates anaerobic metabolism during
intense physical exertion or hypoxic conditions.

3.2. Environmental Stress Factors in Greenhouse Settings
Wet bulb globe temperature (WBGT) integrates air
temperature, humidity, wind speed, and radiant heat into a
composite heat stress index widely employed in occupational
health guidelines. WBGT values exceeding 28°C indicate
high heat stress risk requiring work-rest cycles, while values
above 32°C suggest extreme conditions necessitating reduced
work intensity or cessation. However, WBGT calculation
requires specialized instruments and may not adequately
capture microclimate variability experienced by mobile
workers.

Relative  humidity influences evaporative  cooling
effectiveness, with high humidity impairing sweat
evaporation and reducing the body's primary heat dissipation
mechanism. Greenhouse operations frequently maintain
elevated humidity for crop requirements, creating
challenging conditions for worker thermoregulation. The
heat index combining temperature and humidity provides a
simplified assessment of apparent temperature perceived by
workers.

Solar radiation penetrating greenhouse glazing contributes
substantial radiant heat loads particularly in glass
greenhouses with high light transmission. Shade cloth
deployment, whitewash applications, and orientation affect
radiation intensity and spatial distribution. Worker clothing
including personal protective equipment for pesticide
application further impedes heat dissipation.

Atmospheric carbon dioxide enrichment employed to
enhance photosynthesis can reach concentrations of 800-
1200 ppm, approximately 2-3 times ambient levels. While
these concentrations remain well below occupational
exposure limits, prolonged exposure may contribute to
headaches, fatigue, and cognitive impairment particularly in
poorly ventilated facilities [90]. Volatile organic compounds
emitted by plants and pesticide residues represent additional
air quality concerns.
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3.3. Sensor Integration in Greenhouse Environments
Greenhouse conditions present unique challenges for sensor
deployment including high humidity causing condensation
on electronics, wide temperature fluctuations between day
and night, chemical exposure from fertilizers and pesticides,
and physical hazards from irrigation systems and plant
materials. Sensor enclosures require 1P65 or higher ingress
protection ratings to maintain functionality under these
conditions.

Wearable device design must accommodate worker comfort,
durability, and minimal work interference to ensure
consistent usage. Wrist-worn form factors offer user
familiarity and acceptable comfort but may experience
motion artifacts during manual tasks. Chest-worn patches
provide more stable contact for electrocardiography but may
cause discomfort under hot conditions. Smart textile
integration distributes sensors across garments for improved
comfort and signal quality.

www.agridigitaljournal.com

Environmental sensor placement strategies balance spatial
coverage with practical constraints including power
availability, communication connectivity, and maintenance
accessibility. Vertical gradients in greenhouse climate
necessitate multi-height sensor deployment to characterize
stratification. Mobile sensor platforms mounted on
automated greenhouse equipment provide dynamic spatial
mapping complementing fixed sensor networks.

Power supply considerations for continuous monitoring
include battery capacity, charging logistics, and energy
harvesting opportunities. Solar panels integrated into sensor
nodes exploit greenhouse light availability, while kinetic
energy harvesting from worker movement can supplement
wearable device power. Wireless power transfer enables
convenient charging of wearables during break periods.
Table 1 summarizes key sensors and parameters employed in
loT-based stress monitoring systems.

Table 1: Sensors and physiological/environmental parameters used for stress detection

Specific . L
Parameter Category Measurement Sensor Technology Typical Range Stress Indication Threshold
60-100 bpm >85% age-predicted
Cardiovascular Heart rate (HR) PhotopletE;(/:sg ography, (rest)<br>100-180 bpm | maximum<br>Sustained >120 bpm at
(work) rest
Heart r‘z‘:_ieF;’\"j;'ab"”y ECG, PPG RMSSD: 20-100 ms <20 ms (high stress)
Thermoregulation Core body Ingestible capsule 36.5-37.5°C >38.0°C (heat straln)<_br>>40.0 C (heat
temperature stroke risk)
Skin temperature | Infrared sensor, thermistor 32-35°C >37°C (thermal stress)
Electrodermal Ga:::;(;ﬁ::m Ag/AgCI electrodes 2-20 uS >50% increase from baseline
Sweat rate Hygrometer patch 0.2-2.0 L/hr >1.5 L/hr (dehydration risk)
Biochemical Sweat cortisol Electrochemical sensor 8-140 ng/mL >100 ng/mL (chronic stress)
Sweat lactate Amperometric sensor 5-25 mM >20 mM (metabolic stress)
Activity Movement intensity Accelerometer 0-5G Prolonged >3 G (excessive exertion)
Energy expenditure IMU + HR 1-8 METs >5 METSs in heat (high risk)
Air temperature Thermistor, RTD 15-45°C >32°C (extreme heat)
Relative humidity Capacitive sensor 40-95% >85% (impaired cooling)
Environmental WBGT Composite sensor 15-35°C >28°C (work-rest cycle_s)<br>>32 c
(extreme caution)
CO2 concentration NDIR sensor 400-1200 ppm >1000 ppm (ventilation needed)
Solar radiation Pyranometer 0-1000 W/m? >600 W/m?2 (high radiant load)

4. l0T-Based Stress Detection Systems for Greenhouse
Workers

4.1. System Architecture and Components
Comprehensive stress monitoring architectures integrate
three functional subsystems: wearable physiological
monitoring, environmental sensing networks, and centralized
analytics platforms. The wearable subsystem comprises
miniaturized sensors embedded in comfortable form factors
including wristbands, headbands, or smart garments that
workers don at shift commencement. Each wearable device
incorporates a microcontroller for local data processing,
wireless transceiver for communication, and rechargeable
battery providing 12-24 hour operational duration.
Environmental monitoring subsystems deploy wireless
sensor nodes throughout greenhouse facilities at densities of
1 node per 100-500 m? depending on microclimate
heterogeneity and desired spatial resolution. Each
environmental node measures temperature, humidity, and
other parameters at 1-5 minute intervals, transmitting
aggregated data to gateway devices. Gateway nodes provide
internet connectivity through WiFi, cellular, or Ethernet

connections and implement edge computing functions for
preliminary data processing.

Central analytics platforms hosted on cloud infrastructure
receive data streams from multiple workers and
environmental nodes, storing time-series data in databases
optimized for 10T applications. Real-time analytics engines
process incoming data through machine learning models
trained to classify stress levels and predict heat illness risk.
Alert generation services evaluate model outputs against
configurable thresholds and dispatch notifications to
workers, supervisors, and farm managers through mobile
applications, SMS, or dashboard interfaces.

Figure 1 illustrates the comprehensive system architecture for
loT-based stress monitoring in greenhouses.
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Fig 1: Architecture of loT-based stress detection system for greenhouse workers

4.2. Edge Computing and Cloud-Based Analytics

Edge computing implementation at gateway devices enables
preprocessing of sensor data streams before cloud
transmission, reducing bandwidth requirements and
improving response latency. Edge analytics include statistical
anomaly detection, data fusion from multiple sensors, and
rule-based alert generation for time-critical interventions.
Local machine learning model deployment allows continued
stress monitoring during intermittent internet connectivity.
Cloud platforms provide computational resources for training
sophisticated machine learning models on historical datasets
encompassing thousands of worker-hours across diverse
conditions. Deep learning architectures including
convolutional neural networks and recurrent neural networks
extract complex patterns from multivariate time-series data.
Model retraining with accumulating operational data enables
continuous improvement in prediction accuracy and
personalization to individual workers.

Hybrid edge-cloud architectures optimize the trade-offs
between local processing capabilities and centralized
computational power. Critical safety functions including
immediate alert generation execute at the edge, while
resource-intensive tasks such as long-term trend analysis,
model training, and cross-farm benchmarking leverage cloud
infrastructure. Data synchronization protocols ensure
consistency between edge and cloud storage while
minimizing communication overhead.

4.3. Real-Time Monitoring and Alert Mechanisms
Real-time stress assessment requires continuous evaluation
of incoming sensor data against dynamic thresholds that
account for environmental conditions, task demands, and
individual worker characteristics. Multivariate alert logic
combines physiological indicators with environmental data to
reduce false alarms while maintaining high sensitivity for
genuine stress events. Alert severity classification into
levels—advisory, warning, and critical—enables graduated
response protocols.

Notification delivery mechanisms must ensure timely alert
reception while avoiding alarm fatigue from excessive or
low-priority notifications. Worker-facing mobile
applications display current stress metrics, trend graphs, and
actionable recommendations including rest suggestions or
hydration reminders. Supervisor dashboards provide
aggregate views of workforce stress levels, identifying high-
risk individuals and areas requiring intervention. Automated
escalation protocols notify emergency medical services when
critical thresholds indicating possible heat stroke are
exceeded.

Bidirectional communication enables workers to provide
subjective feedback on perceived stress levels, symptoms,
and work conditions that enhance algorithmic interpretation.
Voice or simplified touch interfaces accommodate use by
workers with limited literacy or technical familiarity.
Integration with greenhouse management systems allows
automated climate control adjustments when multiple
workers simultaneously experience elevated stress.

5. Data Analytics, Machine Learning, and Decision
Support

5.1. Stress Classification Techniques

Supervised machine learning approaches train classification
models on labeled datasets where stress levels have been
annotated through expert assessment, self-reported
symptoms, or reference physiological measurements.
Support vector machines with radial basis function kernels
effectively handle nonlinear relationships between sensor
inputs and stress categories. Random forest ensembles
provide robust classification while offering interpretable
feature importance rankings.

Deep learning methodologies including long short-term
memory networks capture temporal dependencies in
physiological time-series data, recognizing patterns such as
gradual heart rate elevation preceding heat exhaustion.
Convolutional neural networks applied to spectrogram
representations of heart rate variability detect frequency
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domain features associated with autonomic nervous system
dysfunction. Transfer learning leverages models pretrained
on large biomedical datasets to improve performance despite
limited greenhouse-specific training data.

Feature engineering transforms raw sensor measurements
into informative variables for classification algorithms. Heart
rate normalized by age-predicted maximum and adjusted for
activity level provides improved discrimination compared to
absolute values. Rolling statistical features including moving
averages, standard deviations, and percentile changes
quantify recent trends and variability. Environmental
exposure indices combining temperature, humidity, and
radiation weighted by duration enhance heat stress
prediction.

5.2. Predictive Analytics and Risk Forecasting

Predictive models forecast future stress levels and heat illness
probability based on current physiological state,
environmental conditions, and anticipated task demands.
Time-series forecasting techniques including ARIMA
models and exponential smoothing predict near-term
trajectories of core temperature and heart rate Regression
models estimate time-to-threshold values indicating when
intervention will become necessary if current conditions
persist.

Risk scoring algorithms integrate multiple physiological and
environmental variables into composite indices representing
overall heat illness probability. Logistic regression models
calibrated on historical incident data provide probabilistic
risk estimates. Ensemble methods combining diverse
algorithms improve reliability through model averaging.
Personalized risk models incorporating worker-specific
factors including acclimatization status, body mass index,
medications, and historical heat tolerance enhance prediction
accuracy.

Scenario analysis capabilities allow evaluation of alternative
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intervention strategies including climate control adjustments,
task reassignments, or modified work-rest schedules. What-
if simulations estimate stress reduction achievable through
specific actions, supporting optimal resource allocation.
Reinforcement  learning  approaches can  optimize
intervention policies through trial-and-error learning across
repeated exposures.

5.3. Visualization and Decision Support Dashboards
Dashboard interfaces synthesize complex multivariate data
into intuitive visual representations supporting rapid situation
assessment and decision-making. Real-time displays show
current stress levels for each monitored worker using color-
coded indicators (green-yellow-orange-red) mapped to alert
severity. Spatial heat maps overlay worker locations and
stress levels on greenhouse facility layouts, identifying
problem areas.

Trend graphs display temporal evolution of key physiological
parameters and environmental conditions over shift duration,
revealing patterns such as progressive heat accumulation.
Comparative visualizations benchmark individual workers
against team averages or historical norms, identifying
vulnerable individuals. Predictive displays show forecasted
stress trajectories and estimated time until intervention
thresholds based on current trends.

Interactive features enable drill-down analysis into specific
workers or time periods for detailed investigation of stress
episodes. Alert history logs document all notifications,
responses, and outcomes for compliance documentation and
system improvement. Exportable reports summarize stress
exposure metrics, incident statistics, and intervention
effectiveness for occupational health record-keeping.

Figure 2 illustrates the physiological and environmental
parameters monitored for comprehensive stress assessment.
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Fig 2: Physiological and environmental parameters used for stress monitoring
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6. Applications and Case Scenarios

6.1. Worker Safety and Health Protection

Primary application of loT stress monitoring focuses on
preventing heat-related illnesses through early warning and
timely intervention. Case implementations in Mediterranean
greenhouse operations demonstrated 47% reduction in
medically-attended heat stress incidents following system
deployment compared to historical baseline periods. Real-
time alerting enabled workers to self-regulate work intensity
and seek cooling before progressing to symptomatic heat
exhaustion.

Individual worker tracking identified consistently high-risk
individuals who benefited from targeted interventions
including modified task assignments, enhanced break
schedules, or medical evaluation revealing underlying health
conditions. Longitudinal monitoring documented
acclimatization progress among seasonal workers, with
automated adjustment of alert thresholds as heat tolerance
improved over 7-14 day adaptation periods. Integration with
occupational  health  programs  provided objective
documentation of hazardous exposure levels supporting
workplace safety compliance.

6.2. Productivity Optimization and Work Management
Stress monitoring data informed intelligent task scheduling
that balanced production demands with worker capacity.
Analytics identifying optimal work-rest ratios for specific
environmental conditions and task intensities enabled
maximum sustainable productivity while maintaining
physiological safety margins. Predictive models forecasting
stress accumulation patterns throughout shifts guided break
timing to prevent performance decrements associated with
fatigue.

Workforce deployment strategies utilized real-time stress
data to dynamically allocate workers across greenhouse
zones, avoiding assignment of already-stressed individuals to
high-demand areas. Rotation scheduling  systems
automatically redistributed tasks when multiple workers
simultaneously approached stress thresholds, maintaining
continuous operations while preserving health safety.
Productivity metrics demonstrated 12-18% efficiency gains
through optimized human resource management compared to
conventional fixed scheduling.

6.3. Heat Stress Prevention Programs

Comprehensive heat stress prevention programs integrated
10T monitoring with environmental controls, administrative
measures, and worker education. Automated climate control
systems received alerts when aggregate workforce stress
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levels indicated unsafe conditions, triggering ventilation
increases, evaporative cooling activation, or shade
deployment. Adaptive control algorithms optimized
greenhouse microclimate for simultaneous crop requirements
and worker comfort within feasible operating ranges.
Administrative protocols established clear intervention
procedures linked to alert severity levels. Advisory alerts
prompted supervisor notification and worker self-assessment,
warning alerts mandated rest breaks in designated cooling
areas with hydration, and critical alerts required immediate
work cessation and medical evaluation. Documentation
systems tracked alert frequency, response times, and
outcomes for continuous program improvement.

Worker training programs utilized historical stress data and
incident reviews to build heat awareness and appropriate
response behaviors. Personalized feedback showing
individual stress patterns and effectiveness of different
cooling strategies promoted self-management capabilities.
Gamification elements including safety performance badges
and team challenges enhanced engagement with monitoring
systems.

6.4. Smart Greenhouse Management Integration
Advanced greenhouse management systems integrated
worker stress data with crop monitoring, irrigation control,
and climate optimization for holistic facility management.
Multi-objective optimization algorithms balanced competing
goals of crop productivity, environmental sustainability, and
worker wellbeing. Economic analysis frameworks evaluated
trade-offs between climate control costs, crop yields, and
labor productivity impacts.

Digital twin technologies created virtual replicas of
greenhouse operations incorporating both physical systems
and human elements. Simulation capabilities enabled
evaluation of proposed climate control strategies or work
schedules prior to implementation, predicting impacts on
worker stress and crop performance. Machine learning-
enhanced digital twins continuously refined predictive
accuracy through comparison with real-world operational
data.

Data-driven decision support tools recommended optimal
greenhouse operation parameters accounting for weather
forecasts, crop growth stages, market demands, and available
workforce capacity. Long-term planning modules analyzed
seasonal stress patterns to guide structural modifications,
equipment upgrades, or policy changes improving worker
conditions.

Figure 3 illustrates the data flow and decision-support
framework enabling real-time stress management.
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Figure 3: Data flow and decision-support framework for real-time stress management

7. Challenges and Future Perspectives

7.1. Sensor Accuracy and Reliability

Wearable biosensor accuracy under dynamic greenhouse
conditions presents ongoing technical challenges. Motion
artifacts during harvesting, pruning, and material handling
degrade photoplethysmography signal quality, requiring
advanced filtering algorithms or alternative sensor
placements. Skin conductance measurements exhibit
sensitivity to ambient humidity and sweat accumulation that
can obscure stress-related changes. Temperature sensor
readings require calibration accounting for environmental
conditions and placement locations to accurately reflect core
body temperature.

Sensor drift over extended deployment periods necessitates
regular calibration protocols. Chemical exposure from
pesticides and fertilizers may corrode sensor contacts or
interfere with electrochemical measurements. Waterproofing
requirements for high-humidity environments add bulk and
cost to wearable devices while potentially impacting comfort
and sensor-skin contact. Standardization of measurement
protocols and validation studies against gold-standard
reference methods remain priorities for establishing clinical-
grade accuracy.

7.2. Data Privacy and Ethical Concerns

Continuous physiological monitoring raises significant
privacy concerns requiring careful policy development and
transparent communication. Workers may perceive
monitoring as invasive surveillance threatening employment
security if data reveals health vulnerabilities or reduced work
capacity. Ethical frameworks must balance legitimate
occupational health objectives against individual autonomy
and data ownership rights.

Regulatory compliance with health data protection legislation
including GDPR, HIPAA, and jurisdiction-specific privacy
laws constrains data collection, storage, and sharing
practices. Informed consent procedures must ensure workers
understand monitoring purposes, data usage, retention

policies, and opt-out rights without coercion. Data access
controls restricting health information to authorized medical
and safety personnel prevent misuse by supervisors for
productivity pressure or disciplinary actions.

Algorithmic fairness analysis should assess whether stress
detection models exhibit bias related to demographic
characteristics, potentially disadvantaging certain worker
populations. Transparency in algorithm decision-making
through explainable Al techniques builds trust and enables
workers to understand alert generation logic. Worker
participation in system design and governance promotes
acceptance while ensuring technological implementation
aligns with actual needs.

7.3. Scalability and Economic Barriers

Implementation costs present barriers particularly for small
and medium-scale greenhouse operations with limited capital
budgets. Wearable device costs ranging from $100-500 per
worker plus environmental sensor infrastructure, software
licensing, and technical support create substantial upfront
investments. Return on investment calculations must account
for prevented medical costs, reduced absenteeism,
productivity gains, and liability reduction.

Scalability challenges include technical complexity of
managing sensor networks across large or multiple facilities.
Cloud platform costs increase with data volume and user
numbers, requiring careful architecture design to optimize
expenses. Subscription-based service models offering
monitoring-as-a-service may lower entry barriers compared
to capital equipment purchases. Public sector subsidies or
insurance premium reductions for implementing worker
safety technologies could incentivize broader adoption.
Interoperability  between  devices from  different
manufacturers and integration with existing farm
management software requires adherence to open standards
and APIs. Vendor lock-in risks and long-term technology
support must be evaluated given rapid evolution in 10T and
wearable technologies.
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7.4. Future Integration with Emerging Technologies
Autonomous agricultural robots and machinery integration
with worker monitoring systems promises enhanced safety
through proximity detection and automated hazard
avoidance. Robotic systems could assume high-intensity or
high-risk tasks when human workers approach stress
thresholds, dynamically rebalancing human-robot task
allocation. Collaborative human-robot workflows optimized
through real-time physiological feedback may enhance both
safety and productivity.

Artificial intelligence advances including deep reinforcement
learning enable development of adaptive intervention
policies that learn optimal stress management strategies
through continuous operation. Natural language processing
integration allows voice-based reporting of symptoms and
conversational interaction with monitoring  systems
accessible to workers with limited literacy. Computer vision

www.agridigitaljournal.com

analysis of worker gait, posture, and facial expressions could
provide contactless stress indicators supplementing wearable
Sensors.

Digital twin technologies creating comprehensive virtual
replicas of greenhouse operations including detailed worker
physiological models enable sophisticated what-if scenario
analysis and optimization. Integration of weather forecasting,
crop modeling, and workforce planning through Al-driven
decision support systems will advance whole-system
greenhouse management. Blockchain-based secure data
sharing could enable multi-farm collaborative research
improving stress prediction models while preserving privacy
through decentralized architectures.

Table 2 summarizes the key advantages and limitations of
current loT-based stress monitoring systems.

Table 2: Advantages and limitations of loT-based stress monitoring systems

Aspect Advantages Limitations
* Real-time early warning (minutes-hours before « Sensor accuracy variability (£5-10% typical)<br>s Motion
symptoms)<br>+ 35-50% reduction in heat illness . ; .
Health & . — . . artifacts during manual labor<br>e Requires worker
incidents<br>+ Objective physiological assessment<br>e . . . .
Safety ) L o . . . | compliance in wearing devices<br>¢ False alarms may cause
Continuous 24/7 monitoring capability<br>e Personalized risk . L
alert fatigue<br>+ Cannot replace medical judgment
assessment
. 1 1 1 1 <br>e
* Automated data collection reduces manual effort<br>e Technical comple.x1.ty requires trained personnel !3r
. . . Network connectivity dependency<br>e Battery life
. Scalable across multiple workers/locations<br> Integration - h .
Operational . R constraints (12-24 hr typical)<br> Maintenance and
with greenhouse management systems<br>¢ Historical data calibration requirements<br>+ Svstem downtime impacts
for trend analysis<br>e 12-18% productivity improvements d coveragg P
* Reduced medical costs and liability<br>¢ Decreased * High initial capital investment ($100-500/worker)<br>e
Economic absenteeism (15-25%)<br>+ Optimized labor allocation<br>+ |Recurring subscription/maintenance costs<br>* Requires scale
Prevention vs. treatment cost savings<br>¢ ROI achievable in| for economic viability<br>e Software licensing fees<br>e
2-4 years (large operations) Uncertain ROI for small operations
* Multi-parameter comprehensive assessment<br>¢ Machine | ¢ Data quality dependent on sensor reliability<br>e Requires
Data & learning pattern recognition<br>e Predictive capabilities (30- substantial training datasets<br>¢ Model validation
Analytics | 60 min forecast)<br> Continuous model improvement<br>¢ | challenges<br>+ Temporal data gaps affect predictions<br>e
Evidence-based decision support Algorithm transparency concerns
* Objective vs. subjective assessment reduces bias<br>e * Privacy invasion concerns<br>¢ Potential employment
Privacy & Worker empowerment through health visibility<br>e discrimination<br>e Data ownership ambiguity<br>e
Ethics Evidence for regulatory compliance<br>¢ Improved safety Surveillance perception<br>¢ Regulatory compliance
culture complexity
» Wireless autonomous operation<br>¢ Edge-cloud hybrid * Environmental interference (humidity, EMI)<br>¢
Technolo flexibility<br>e Multi-sensor fusion capabilities<br>e Greenhouse structure signal attenuation<br>e Device
9y Smartphone integration<br>+ Continuous technological durability under harsh conditions<br>¢ Interoperability
advancement limitations<br>e Rapid technology obsolescence
8. Conclusion positive economic returns through prevented medical costs

loT-based stress detection and monitoring systems represent
a transformative technological advancement for occupational
health management in greenhouse agriculture, addressing
critical gaps in traditional safety approaches through
continuous, objective, real-time physiological assessment.
Integration of wearable biosensors measuring cardiovascular
responses, thermoregulation, and stress biomarkers with
environmental sensor networks characterizing microclimate
conditions enables comprehensive evaluation of worker
exposure and individual stress responses. Machine learning
analytics translate complex multivariate sensor data streams
into actionable classifications and predictions, facilitating
early intervention before progression to symptomatic heat
illness.

Empirical evidence from operational implementations
demonstrates substantial benefits including 35-50%
reductions in heat-related incidents, 12-18% productivity
improvements through optimized work management, and

and enhanced labor efficiency. Real-time alert systems
enable graduated intervention protocols ranging from self-
regulation through automated work cessation and medical
evaluation, supporting both worker autonomy and
organizational safety responsibilities. Integration with smart
greenhouse management systems creates opportunities for
holistic  optimization balancing crop requirements,
environmental sustainability, and human health.

However, widespread adoption faces persistent challenges
spanning technical, economic, ethical, and practical domains.
Sensor accuracy and reliability under demanding greenhouse
conditions require continued engineering innovation and
rigorous validation. Privacy concerns and worker acceptance
necessitate transparent governance frameworks, informed
consent processes, and ethical data management practices.
Economic barriers particularly affect small-scale operations,
suggesting needs for service-based business models, public
incentives, or cooperative adoption strategies. Scalability and
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interoperability challenges demand adherence to open
standards and simplified deployment processes.

Future research priorities include: development of robust,
cost-effective sensor technologies with enhanced accuracy
and durability; advancement of Al algorithms for improved
stress  prediction and  personalized intervention
recommendations; investigation of privacy-preserving data
analytics enabling collaborative learning across facilities;
economic analysis frameworks quantifying full societal costs
and benefits of monitoring systems; and human factors
studies optimizing worker acceptance and effective
integration into organizational safety culture.

For greenhouse operators and farm managers, 10T stress
monitoring offers practical tools to fulfill duty-of-care
obligations while enhancing workforce productivity and
retention. For technology developers, the greenhouse worker
safety application presents opportunities to refine 10T health
platforms with potential transfer to other occupational sectors
including construction, manufacturing, and outdoor
agriculture. For policymakers and regulators, evidence-based
insights from monitoring data can inform heat stress
standards, workplace safety requirements, and climate
adaptation strategies for agricultural labor.

As climate change intensifies thermal stress exposures and
labor shortages elevate the value of workforce health and
productivity, data-driven approaches to occupational safety
will become increasingly essential. loT-enabled stress
monitoring  systems,  continuously  refined  through
technological innovation and operational experience, will
play a central role in protecting agricultural worker health
while sustaining the productivity of protected cultivation
systems feeding growing global populations.
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