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ABSTRACT 
The integration of Artificial Intelligence (AI) with the Industrial Internet of Things (IIoT) is creating new opportunities to shift 
Safety, Health, and Environmental (SHE) management from reactive compliance practices toward continuous, predictive, and 
prevention-oriented risk management. This study presents a secondary-research synthesis and techno-economic assessment of 
AI–IIoT-enabled continuous monitoring systems designed to strengthen workplace health protection and environmental 
performance across industrial operations. Drawing on a structured review of relevant literature, standards and regulatory 
frameworks, and comparative cost–benefit modelling, the study examines integrated architectures combining fixed continuous 
emission monitoring systems, wearable worker-sensing technologies, edge-to-cloud data processing, and explainable machine-
learning applications for hazard identification, risk prediction, and decision support. The assessment considers key performance 
dimensions including potential reductions in hazardous exposure, workplace incidents, and incident-related lost workdays, 
alongside capital expenditure, operating costs, payback period, and net present value under alternative implementation scenarios. 
The synthesis indicates that appropriately calibrated AI–IIoT configurations, when embedded within ISO 45001 and ISO 14001 
management processes and supported by explainable and human-supervised AI, can enhance the timeliness of hazard detection, 
strengthen occupational health interventions, and generate potentially favourable techno-economic outcomes in medium- and 
large-scale industrial facilities. However, the effectiveness and economic viability of these systems remain dependent on sensor 
accuracy and reliability, interoperability of digital platforms, workforce capability, data governance, and an enabling regulatory 
environment.  
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INTRODUCTION 
Industrial safety governance is at an inflection point. The intersection of ubiquitous sensing (IIoT), ubiquitous 
wearable sensors, and AI analytics allows ensuring twenty-four hour monitoring, making the Safety, Health and 
Environmental (SHE) practice less enabling on a tolerant basis but on a deterring basis and ongoing 
enhancement. International management standards have the governance framework that can be adopted to 
transform the monitoring into the management-system outputs; specifically, occupational health-related 
standard established by ISO has requirements that organisations can use in order to consider the digital 
monitoring outputs into the risk-management cycles [10]. WHO and ILO twin public-health agencies highlight 
the magnitude and urgency of occupational risks and climate issues to health of workers, which can be 
counterbalanced through continuous monitoring [20], [8]. 
This paper determines, based on secondary sources, the possibility and implementation of the AI-enabled IIoT 
architectures of CEMS, wearable physiological and gas sensors, edge gateways, cloud analytics, and explainable 
ML, to be integrated into Indian-based ISO-aligned management systems to generate quantifiable occupational 
health benefits and positive techno-economic returns. It is centered on high industries (i.e. calcification and 
cement and power) where exposures, incident costs, and regulatory stakes are suitably tractable to the 
business case, yet the structure and results are applicable in other high-risk industries. 
 

RESEARCH OBJECTIVES AND QUESTIONS 
Objectives: 
⚫ To synthesise the contemporary literature on AI–IIoT architectures for continuous SHE monitoring and 
wearable-based worker surveillance. 
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⚫ To map ISO 45001 / ISO 14001 clauses to technical design and governance elements required for 
continuous monitoring adoption. 
⚫ To develop a deterministic techno-economic model (INR basis) that translates health impacts (reduced 
exposures, avoided lost workdays) into financial value streams (avoided incident costs, productivity gains, 
regulatory savings). 
⚫ To identify enablers and barriers and produce an ISO-conformant checklist for practical implementation. 
⚫ Research questions:  
(a) Under realistic Indian cost and regulatory assumptions, what are plausible payback periods and NPV ranges 
for medium-scale deployments?  
(b) How do health outcome metrics link to financial benefits?  
(c) What governance and XAI safeguards are necessary for scalable, ethical adoption? 
 

METHODOLOGY 
3.1 Secondary-research design 
The methodology is exclusively secondary a structured literature review (PRISMA informed search through 
Scopus, Web of Science, PubMed, IEEE Xplore, ScienceDirect, and MDPI), standards and regulatory mapping, 
meta-synthesis, effect sizes, deterministic techno-economic modelling and sensitivity analyses. Peer-reviewed 
journals (Elsevier, Springer, IEEE, MDPI), institutional reports (CEEW, CSE) as well as standards/agency 
reviews were used as the data sources (ISO, ILO, WHO). The relevance of high was given priority in order to 
obtain the effect size and design patterns [2], [12]. 
3.2 Evidence extraction and synthesis 
When possible, quantitative (percent exposure reduction, incident rate change, etc. lost workdays avoided) 
outcomes were extracted. In cases where heterogeneous measures were found over research, the results were 
normalised to two routine measurements: (1) Percent decrease in target exposure (e.g. PM, SOx), and (2) 
avoiding lost workdays per 100 workers/year. Analyses The reductions in exposure levels were translated into 
incident/lost-workday changes with conservative estimates of their functions based on exposure response 
relationships in occupational epidemiology and occupational safety research [20]. 
3.3 Techno-economic model 
Deterministic, site-level cash-flow model estimated CapEx, OpEx, annual benefits, payback period and 7-year 
NPV (discount rate 8% baseline; sensitivity 6–10%). Three deployment scenarios were modelled for India: 
Pilot (single-stack + 50 wearables), Medium plant (1 stack + 300 wearables), Large rollout (multiple stacks + 
1,200 wearables across sites)[15].  
CapEx Items: CEMS unit(s), wearable fleet, edge hardware, integration, initial training. OpEx: device 
replacements, calibration, cybersecurity, data analyst/HSE.  
Benefits streams: direct costs avoided, lost wages/ productivity losses avoided, regulatory savings (fines/ 
permit reductions), and small, process/energy savings when possible. 
3.4 Governance and XAI considerations 
Standards mapping matched ISO clauses (monitoring and measurement; operational control; management 
review; competence) to design features (data governance, QA/QC, explainability) to aid the system to support 
audit aimed at continual improvement via the ISO [18]. 
 

LITERATURE REVIEW - KEY THEMES AND EVIDENCE 
4.1 IIoT architectures and safety monitoring 
Recent surveys into IIoT put synthesis on patterns of architecture (sensor layer, edge gateway, cloud analytics, 
dashboard/alerting) and put focus on applications in manufacturing and the heavy industry, including safety 
use case (Farooq et al., 2023; Misra et al., 2022). IIoT allows view almost real-time data on emissions, process 
variables and environmental risks that had to be previously sampled at intervals [6],[12].  
4.2 Wearable sensors: evidence for occupational health impacts 
Regular and scoping reviews consistently find that wearable sensors (physiological, IMU, gas detectors) 
contribute to exposure and ergonomic risk detection in a significant way and support intervention behavioural 
change to mitigate the risk of injuries [13]. The development of hardware technologies and the reduction of 
unit prices contribute to an increase in the scale of deployment; issues of sensor stability in the most industrial 
environments and privacy/governance are about [13].  
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Fig 1: Monthly Average Exposure (PM)- Before Vs After Deployment 

 
4.3 Continuous Emission Monitoring Systems (CEMS) - India evidence 
Indian CEMS assimilation has been achieved against policy fragmentation. Recent assessment reveals the 
benefits of transparency and implementation but mentions the issue of calibration, the absence of QA gaps, and 
the ambiguity of the legal status of CEMS data in some states, which influences the value chain between 
monitoring and health outcomes [16], [4]. The successful integration of CEMS with IIoT platforms will enhance 
value through operational control measures and an enhanced air quality management in the locality.  
4.4 AI and explainability for safety-critical decisions 
AI enhances detecting anomalies, the root-cause inferences, and predictive alerts but brings the issue of 
transparency and auditability. An XAI taxonomies background and reviews suggest that explainability is 
essential in cases where automated output provides human safety measures- other things being any 
regulations are less likely to be trusted and adopted in a regulatory setting [2], [1]. Safety Safety Explainable 
models (rule-based surrogates, attention visualisations, SHAP/ LIME explanations) are useful in human-in-the-
loop validation. 
4.5 Techno-economic literature on IoT and ROI 
Case studies Techno-economic case studies in areas (energy, logistics, manufacturing) demonstrate significant 
ROI variation related to scale, benefits scope monetised, and incident cost density base level (NB-IoT analyses, 
solar internet of things technology). In case of safety use-cases, where the incident avoidance costs and 
regulatory fines are significant, ROI is usually favourable at medium/large scale; however, stringent site-level 
modelling is mandatory (Research on NB-IoT, CEMS analyses, and techno-economic IoT case studies)[17]. 
 

TECHNO-ECONOMIC MODELLING - PARAMETERS AND BASELINE 
ASSUMPTIONS (INDIA) 
5.1 Baseline plant for medium scenario 
⚫ Plant type: Calcination / heavy industrial facility. 
⚫ Workers: 300 (operational floor + contractors). 
⚫ Stacks: 1 monitored stack. 
⚫ Project horizon: 7 years. 
⚫ Discount rate: 8% (sensitivity 6–10%). 
5.2 Cost assumptions (INR; conservative Indian market rates, 2024–2025) 
⚫ CEMS unit (stack monitor, installation, verification): ₹60,00,000 (₹60 lakh) per stack. 
⚫ Wearable device (gas + basic physiology): ₹20,000 per unit. 
⚫ Edge hardware & gateways (incl. PLC integration): ₹10,00,000 (₹10 lakh). 
⚫ Integration & software (initial): ₹30,00,000 (₹30 lakh). 
⚫ Training & change management (initial): ₹6,00,000 (₹6 lakh). 
⚫ Total initial CapEx (medium plant): ₹2,40,00,000 (₹2.4 crore). 
OpEx (annual): calibration & maintenance ₹7,00,000;  
device replacement & consumables ₹8,00,000;  
cloud analytics & licensing ₹12,00,000;  
data governance & personnel ₹6,00,000  
Total OpEx ≈ ₹33,00,000 (₹33 lakh) / year. 
5.3 Benefit streams and valuation 

http://www.svedbergopen.com/ijaiml


www.svedbergopen.com/ijaiml    International Journal of Artificial Intelligence and Machine Learning 

 

Vol.6, No.13s, 2026                                                                              1629 

⚫ Avoided direct incident costs (medical, repair, legal): estimated baseline ₹25,00,000 / year (conservative). 
⚫ Avoided lost workdays (reduced by monitoring & timely intervention): valued at ₹30,00,000 / year 
(productivity and wage replacement). 
⚫ Regulatory & efficiency gains (reduced fines, permit advantage, minor energy savings): ₹15,00,000 / year. 
⚫ Total annual quantifiable benefits (base): ₹70,00,000-₹90,00,000 (base model uses ₹88 lakh as midline). 
5.4 Health impact to financial conversion 
Proportional reduction in the incident probability and the lost workdays are only reduced conservatively (e.g. 
20% exposure reduction -12% reduction in incident probability - mapped to avoided cost) where literature 
reports X% as exposure reduction. The sensitivity analysis passes a test of conservativity and optimism in the 
transfer [19] 

MODEL RESULTS - MEDIUM PLANT (ILLUSTRATIVE) 
⚫ Initial CapEx: ₹2.40 crore. 
⚫ Annual OpEx: ₹33 lakh. 
⚫ Annual benefits: ₹88 lakh (base). 
⚫ Payback period (nominal): ~3.0 years. 
⚫ 7-year NPV (8% discount): Positive (approx. ₹1.1–1.6 crore depending on benefit variance). 
⚫  

 
Fig 2: Cumulative Cashflow over 7Yrs ( Pilot, Medium, Large) 

 
Sensitivity analysis highlights key drivers: 
⚫ Sensor fidelity / effective adoption: A 30% drop in worker adoption or effective use (alerts ignored, poor 
compliance) can extend payback by >50%. 
⚫ CapEx reductions (procurement scale): A 25–35% reduction in wearable unit costs (bulk procurement) 
shortens payback to ~2 years. 
⚫ Regulatory incentives: Introduction of compliance credits or tax incentives (policy lever) can materially 
improve NPV and accelerate adoption. 

 
Fig 3: Sensitivity Analysis (NPV Impact) 
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These outputs are consistent with the techno-economic case studies of the IoT movable economy of scale 
reveals that the ROI can be positive as long as monetized benefits comprise prevention of costs of incidents and 
productivity. 
 

DISCUSSION 
7.1 Standards alignment as value multiplier 
When continuous monitoring outputs are integrated into an ISO-based management system, the monitoring 
data feeds risk assessments and operational controls as well as management review cycles are ensured to be 
converted into governance-based actions that mitigate risks in a continuous manner [11]. Synchronization in 
standards enhances auditability and confidence of stakeholders which may ease insurance premiums and 
regulation headaches (ISO guidance). 
7.2 Explainable AI and human-in-the-loop workflows 
The “black-box” models that cannot be interpreted are not useful in safety situations. To give operational 
reasons to supervisors and auditors, as well as to enable disputed decisions to be reconsidered, XAI methods 
(post-hoc explanations, surrogate models, attention maps) are required [2], [1]. Accountability and ethical 
protection are maintained by designing human-in-the-loop escape routes (AI flag 1 -supervisor review-
procedural response).  
7.3 Human factors, privacy and governance 
Employee acceptance is pegged on explicit data-use policies, robust privacy protection and effective 
participation of representatives of the workers. Ongoing medical surveillance presents some ethical challenges 
namely consent, data ownership, and punitive usage. These risks are mitigated through strong governance, 
anonymisation (where feasible) and iso-based competence and consultation provisions (wearable reviews) [7]. 
 

 
Fig 4: Wearable Alerts & Incident Reduction (Before Vs After) 

 
7.4 Policy levers for scaling adoption in India 
On the Indian evidence on CEMS, the clarification of a policy, the legalization of the monitoring data, and 
capacity building are needed to enlarge the impacts [16], [4]. The effective policy tools are as follows:  
(a) time-bound subsidies/ grants to pilots,  
(b) the regulatory acknowledgement of continuous monitoring as compliance relief,  
(c) tax incentives on the investment in digital safety, and  
(d) the national QA/ accreditation of CEMS and wearable vendors.   
 

STANDARDS-MAPPED IMPLEMENTATION CHECKLIST (OPERATIONAL) 
Policy & Governance 
Map objectives to ISO clauses (risk assessment, operational control, management review). Ensure worker 
consultation and defined data-use consent.  
Sensor & QA Strategy 
Select sensors by risk criticality (CEMS for stack; multi-sensor wearables for worker exposure). Define QA/QC 
& calibration cycles [9]. 
Analytics & XAI 
Use explainable models; generate human readable explanations of all the actionable alerts; maintain audit logs. 
Integration & Interoperability 
Use middleware/vendor-neutral APIs to avoid lock-in; support standard data formats. 
Workforce Engagement 
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Train supervisors establish incentives; pilot iterations with representative worker groups. 
Economic Evaluation 
Run site-specific ROI models and sensitivity analyses prior to scale-up. 
 

Table: KPI target values should be calibrated to plant baseline; frequency column tells operational 
teams where to place dashboards and alerts. 

KPI Definition Data source Frequency Target 
Mean ambient 
PM (µg/m³) 

Average particulate 
concentration at work 
zone 

Ambient sensors 
+ CEMS 

Hourly → 
daily 

≤ site limit 
(e.g., 50 
µg/m³) 

Wearable heat-
strain alerts 

Count of heat stress 
alerts per 100 workers 

Wearable 
physiological 
sensors 

Daily ↓ 30% Y-o-Y 

Near-miss events 
reported 

Number of near misses 
logged & validated 

Edge/local event 
logs 

Daily → 
weekly 

↑ reporting 
rate 
(culture) 

Lost workdays 
per 100 workers 

Days lost due to 
occupational incidents 

HR & incident 
management 
system 

Monthly ↓ 20% in 1st 
year 

CEMS 
compliance 
uptime (%) 

% time CEMS data meets 
QA/QC thresholds 

CEMS QA logs Weekly ≥ 95% 
uptime 

 

CONCEPTUAL FRAMEWORK 

 
Fig 5: Conceptual framework for ISO-aligned AI-IIoT SHE System 

 
Explanation: The layer sensor records exposures and physiologic measurements. Edge processing carries out 
preprocessing, local rules and minimizes the latency of serious alerts. Using a secure, vendor-neutral bus, data 
is sent to cloud analytics, where XAI models are created to produce explainable alerts and root-cause 
inferences. The output of the decision process is superimposed to the ISO registers and the procedures; the 
management review and training completes the loop [15]. The feedback cycle will ensure constant 
improvement and support the assumptions of ROI with measured KPIs (exposure trends, lost workdays, 
frequency of incidence). 
 

LIMITATIONS 
⚫ Secondary data reliance: Heterogeneity of published findings limits the precision of meta-analysis the 
study fails to generate primary, site level empirical validation. 
⚫ Context specificity: Financial performance is demonstrative and needs tailoring of the site 
⚫ Rapid technology change: The cost and functionality of devices change fast; an evaluation in terms of the 
results should be re-examined periodically. 
⚫ Mitigation: transparent bound sensitivity analysis and conservative prior sensitivity analysis were used. 
 

 
CONCLUSIONS AND POLICY RECOMMENDATIONS 
An AI-facilitated IIoT unremitting insight, embedded in ISO-compliant management frameworks and managed 
by clarifiable AI practices and worker-lderly administration, could provide a value addition to occupational 
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health outcomes, as well as put forward beneficial techno-economic profits to medium and large Indian 
industrial sites. The actionable recommendations: 
⚫ Regulatory clarity & incentives: Establish legal recognition for CEMS and incentivise pilots through grants 
and tax credits [5].  
⚫ National QA and accreditation: Create national accreditation for CEMS and wearable vendors to ensure 
data quality and comparability.  
⚫ Capacity building: Invest in upskilling HSE teams in data analytics and XAI interpretation. 
⚫ Worker governance: Mandate worker representation in design, data governance, and roll-out decisions. 
⚫ Open standards: Encourage data formats and APIs that are vendor-neutral. 
The implementation of the recommendations can help speed up the shift of episodic compliance to a continuous 
and long-term, sustainable SHE assurance that will help on the one hand keep the workers safe and on the other 
hand prove to be economically substantial. 
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