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Abstract 

The safety and risk analytics developed through AI have become more and more crucial to the 

operation of high-hazard engineering systems with complicated functions and close dependencies 

between the elements and harsh outcomes in case of failure. These systems, which cut across 

various industries, including oil and gas, nuclear power, chemical processing, air transportation, 

and vital infrastructure, produce vast amounts of heterogeneous sensor and control systems data 

and operational log data. The artificial intelligence methods, such as machine learning, deep 

learning, and probabilistic modeling, make it possible to make a more sophisticated analysis of 

this data to facilitate proactive risk detection, real-time anomaly detection, and predictive 

maintenance. Using the AI-based analytics as the part of the safety management systems, the 

organizations can shift to the proactive risk elimination instead of the reactive response to the 

incidents, enhancing the reliability of the systems and their resilience to the operational risks. 

Nonetheless, the issues of data quality, model transparency, system integration, and regulatory 

compliance remain to have an impact on adoption. This paper will analyze the uses, capabilities, 

and constraints of the AI-based safety and risk analytics in the high-hazard engineering systems, 

pointing out how these tools contribute to better decision-making and safer industry processes. 

Keywords: Artificial intelligence; Safety analytics; Risk assessment; High-hazard systems; 

Predictive maintenance; Engineering safety; Anomaly detection 

 

Introduction 

The engineering systems with high hazards such as dams, nuclear plants, chemical plants, oil and 

gas plants, transportation networks, and other critical infrastructures work under conditions where 

their failure can cause disastrous human, environmental, and economic outcomes. Such systems 

are usually highly complex in structure, dynamical, uncertain and subjected to extreme operating 

http://www.ijtmh.com/


International Journal of Technology Management & Humanities (IJTMH) 

e-ISSN: 2454 – 566X, Volume 08, Issue 4, (December 2022), www.ijtmh.com 

 

98 

 

and environmental conditions. Hazard identification and reduction has been supported by 

traditional safety and risk assessment methods that include qualitative checklists, deterministic or 

semi-probabilistic models. Nonlinear dependence, changing risk trends, and real-time system 

dynamics are not well captured by them in highly complex and data-intensive settings, though 

(Arora et al., 2021; Mercier-Laurent et al., 2018). 

Due to the increasing digitalization of engineering systems, large volumes of heterogeneous data 

have been made available generated by sensors, supervisory control and data acquisition (SCADA) 

systems, inspection records and operational logs allowing artificial intelligence (AI) to be used to 

improve engineering safety and risk analytics. The algorithms of computerized artificial 

intelligence have shown significant capability in the assessment of hazard possibility, forecasting 

the possibility of failures, and assisting infrastructure control in ambiguous circumstances (Assaad 

and El-Adaway, 2020; Assaad, 2021). Likewise, the systematic use of AI in material and structural 

response analysis has been promising to learning the behavior of the system in extreme loading 

conditions and hazardous situations (Naser, 2020). 

AI-driven safety and risk analytics is a type of analytics that relies on the latest machine learning, 

deep learning, and advanced data analytics methods to uncover concealed data trends, detect 

anomalies and predict adverse events prior to turning into a major incident. Such abilities are 

becoming more useful in systems with high hazards as early warning and proactive intervention 

play a key role in risk mitigation. In other fields besides engineering, AI-based risk analytics have 

been implemented in healthcare, forensic science, and public safety issues, and have proven to be 

versatile in assisting in making complex, high-stakes decisions (Pathak and Narang, 2021; Roy, 

2020). The fast implementation of AI-based technologies in the event of major crises, e.g. global 

health emergencies, also underscores how they contribute to addressing systemic risks and 

enhancing resilience (Poongodi et al., 2021). 

Regardless of these developments, the integration of AI in safety-critical and high-hazard 

engineering systems presents some significant ethical, governance, and reliability issues. 

Intelligent cyber-physical systems failures may open up new risk pathways and especially when 

decision-making becomes opaque or fully automated (Grady et al., 2021). The concern of 

accountability, transparency, and responsible management of the AI systems has hence been 

receiving growing focus in safety-critical spheres (Ho and Caals, 2021).Addressing these 

challenges is essential to ensure that AI-based safety and risk analytics enhance, rather than 

undermine, trust and resilience in high-hazard engineering systems. 

Within this context, AI-based safety and risk analytics represent a transformative approach to 

managing hazards in complex engineering environments. By complementing established risk 

assessment methodologies with adaptive, data-driven intelligence, AI has the potential to 

significantly improve predictive capability, situational awareness, and informed decision-making 

in high-hazard systems. 
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High-Hazard Engineering Systems 

High-hazard engineering systems are characterized by complex, tightly coupled components, high 

energy densities, and the potential for catastrophic consequences in the event of failure. These 

systems operate under extreme physical, environmental, or operational conditions, where even 

minor deviations can escalate into large-scale accidents affecting human safety, the environment, 

and critical assets. Typical examples include dams and hydraulic infrastructures, oil and gas 

facilities, nuclear power plants, chemical processing units, transportation systems, and cyber–

physical critical infrastructure (Assaad & El-Adaway, 2020; Mercier-Laurent et al., 2018). 

Infrastructure systems such as dams, bridges, and large-scale civil assets represent a significant 

class of high-hazard systems due to aging components, exposure to extreme loading conditions, 

and increasing operational demands. Failures in these systems can result in loss of life, 

environmental damage, and economic disruption. Computational artificial intelligence has been 

increasingly explored to evaluate hazard potential levels and structural responses under extreme 

conditions, supporting more accurate risk characterization compared to traditional deterministic 

approaches (Assaad & El-Adaway, 2020; Naser, 2020). Quantitative risk assessment frameworks, 

including bow-tie and probabilistic methods, are often applied to identify threat pathways and 

consequence severity in such environments (Arora et al., 2021). 

Industrial process systems—particularly in oil, gas, and chemical sectors—are also considered 

high-hazard due to the presence of flammable, toxic, and high-pressure materials. These systems 

rely on layered safety barriers and continuous monitoring to prevent incidents. However, 

increasing system complexity and digitalization introduce new operational and cyber-related risks, 

making conventional safety analysis insufficient on its own (Mercier-Laurent et al., 2018; Grady 

et al., 2021). The integration of advanced analytics is therefore critical to capture dynamic risk 

interactions and emerging failure modes. 

High-hazard characteristics are not limited to traditional industrial domains but increasingly extend 

into cyber–physical and socio-technical systems, including healthcare infrastructures and smart 

systems. In healthcare and medical technology environments, failures of intelligent systems can 

have severe safety and ethical implications, especially where AI-driven decisions directly affect 

human lives (Ho & Caals, 2021; Roy, 2020). Similar concerns arise in digitally enabled public 

health response systems and forensic and diagnostic applications, where reliability, accountability, 

and robustness are essential (Pathak & Narang, 2021; Poongodi et al., 2021). 

Overall, high-hazard engineering systems demand advanced safety and risk management 

approaches that can address uncertainty, system interdependencies, and ethical considerations. The 

growing complexity and digital transformation of these systems reinforce the need for intelligent, 

adaptive analytics capable of supporting proactive risk identification and resilient decision-making 

across multiple high-risk domains (Assaad, 2021; Grady et al., 2021). 
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AI Techniques for Safety and Risk Analytics 

AI techniques play a central role in enabling proactive safety management and quantitative risk 

analytics in high-hazard engineering systems. These techniques support the identification of latent 

hazards, prediction of failure modes, and enhancement of decision-making under uncertainty by 

processing complex, high-dimensional operational data. 

Machine Learning (ML) Models. 

 Supervised and unsupervised ML algorithms are widely applied for hazard classification, risk 

level prediction, and anomaly detection. Techniques such as support vector machines, random 

forests, and k-means clustering are effective in learning nonlinear relationships between structural, 

operational, and environmental variables. In infrastructure systems, ML models have been used to 

evaluate hazard potential and prioritize safety interventions by analyzing historical performance 

and sensor data (Assaad & El-Adaway, 2020; Assaad, 2021). 

Deep Learning and Neural Networks. 

 Deep learning models, including convolutional and recurrent neural networks, are particularly 

suited for handling large-scale sensor streams and time-series data. These models enable early 

detection of abnormal patterns that may precede catastrophic failures in tightly coupled systems. 

In extreme operating conditions, neural networks have demonstrated strong capability in capturing 

complex material and structural responses, supporting predictive risk analytics beyond traditional 

physics-based approaches (Naser, 2020). 

Probabilistic and Hybrid Risk Models. 

 AI is increasingly integrated with established quantitative risk assessment (QRA) frameworks, 

such as fault trees and bow-tie models, to improve uncertainty modeling and dynamic risk 

estimation. Hybrid AI–probabilistic models enhance scenario analysis by continuously updating 

risk probabilities based on real-time operational data, thereby strengthening preventive and 

mitigative safety barriers (Arora et al., 2021; Mercier-Laurent et al., 2018). 

Knowledge-Based and Decision-Support Systems. 

 Expert systems and AI-driven decision-support tools synthesize data-driven insights with domain 

knowledge to guide operators during abnormal events. These systems improve situational 

awareness and response effectiveness, particularly in crisis-prone and complex environments 

where human cognitive limits may be exceeded (Mercier-Laurent et al., 2018). 

Ethical, Governance, and Cyber–Physical Considerations. 

 As AI systems increasingly influence safety-critical decisions, issues of transparency, 

accountability, and governance become integral to risk analytics. Ethical AI practices and robust 

oversight mechanisms are necessary to prevent unintended failures, bias, or cascading risks in 

cyber–physical infrastructure systems (Grady et al., 2021; Ho & Caals, 2021). 
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Table 1. Key AI Techniques for Safety and Risk Analytics in High-Hazard Systems 

AI Technique Primary Function in 

Safety Analytics 

Typical Application 

Areas 

Key References 

Machine Learning 

(SVM, RF, 

Clustering) 

Hazard prediction, 

anomaly detection, risk 

classification 

Dams, construction 

systems, critical 

infrastructure 

Assaad & El-

Adaway (2020); 

Assaad (2021) 

Deep Learning 

(CNN, RNN) 

Pattern recognition, early 

failure detection 

Structural health 

monitoring, process 

industries 

Naser (2020) 

Probabilistic AI 

Models 

Dynamic risk estimation, 

uncertainty handling 

Process safety, QRA, 

bow-tie analysis 

Arora et al. (2021) 

Knowledge-Based 

Systems 

Decision support, 

emergency response 

guidance 

Crisis management, 

complex environments 

Mercier-Laurent et 

al. (2018) 

Ethical and 

Governance 

Frameworks 

Trust, accountability, 

system reliability 

Cyber–physical and 

critical infrastructure 

Grady et al. (2021); 

Ho & Caals (2021) 

 

Overall, the integration of diverse AI techniques enables a shift from static and reactive safety 

assessments toward adaptive, data-driven risk analytics. This evolution strengthens resilience in 

high-hazard engineering systems while underscoring the need for ethical governance and robust 

system design to ensure safe and responsible deployment. 

 

Data Sources and Integration 

AI-based safety and risk analytics for high-hazard engineering systems rely on the systematic 

integration of diverse, high-volume, and high-velocity data streams to enable accurate risk 

assessment and timely decision support. Core data sources include real-time sensor data from 

supervisory control and data acquisition (SCADA) systems, distributed control systems (DCS), 

structural health monitoring sensors, and Internet of Things (IoT) devices deployed across critical 

assets. These data streams capture operational parameters such as pressure, temperature, vibration, 

strain, and flow rates, which are essential for detecting early indicators of abnormal behavior and 

potential failure modes (Assaad & El-Adaway, 2020; Naser, 2020). 
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Historical and contextual data further enrich AI-driven safety analytics. Maintenance logs, 

inspection reports, incident and near-miss databases, and asset lifecycle records provide labeled 

datasets for training machine learning models and validating predictive risk assessments. 

Quantitative risk assessment (QRA) frameworks, including fault trees, event trees, and bow-tie 

models, are increasingly integrated with AI outputs to combine data-driven insights with 

established safety engineering methodologies, improving both interpretability and robustness of 

risk evaluations (Arora et al., 2021; Assaad, 2021). This hybrid integration supports probabilistic 

reasoning while leveraging AI’s ability to model nonlinear relationships and complex system 

interactions. 

External and cross-domain data sources also play a growing role in high-hazard environments. 

Environmental data (e.g., weather conditions, seismic activity), supply-chain information, and 

human–machine interaction data contribute to a more holistic understanding of systemic risk in 

complex socio-technical systems (Mercier-Laurent et al., 2018). In safety-critical cyber–physical 

infrastructures, cybersecurity telemetry and network logs are integrated alongside physical process 

data to capture cascading risks arising from digital failures or malicious interference (Grady et al., 

2021). Similar cross-sector data integration practices observed in healthcare and forensic 

applications of AI demonstrate the value of combining operational, contextual, and human-centric 

data for risk-sensitive decision-making (Pathak & Narang, 2021; Roy, 2020). 

Effective data integration requires interoperable architectures, standardized data formats, and 

robust data governance mechanisms. Data fusion layers aggregate heterogeneous inputs, while 

preprocessing pipelines address noise, missing values, and temporal misalignment. Ethical, legal, 

and governance considerations—such as data ownership, accountability, and transparency—are 

critical in ensuring responsible use of integrated datasets, particularly where automated safety 

decisions may have severe human and environmental consequences (Ho & Caals, 2021). Lessons 

from large-scale digital responses in other high-stakes domains further emphasize the importance 

of scalable, secure, and ethically grounded data integration frameworks (Poongodi et al., 2021). 

 

Risk Assessment and Predictive Maintenance 

Risk assessment and predictive maintenance constitute a core application area of AI-based safety 

analytics in high-hazard engineering systems, where failures can propagate rapidly and lead to 

catastrophic consequences. Traditional risk assessment methods—such as qualitative checklists, 

fault trees, and bow-tie analyses—provide structured insights into hazard causation but are often 

limited by static assumptions and incomplete uncertainty modeling. Recent advances integrate 

artificial intelligence with quantitative risk assessment (QRA) frameworks to enable dynamic, 

data-driven evaluation of risk levels across system lifecycles (Arora et al., 2021; Mercier-Laurent 

et al., 2018). 
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AI-enhanced risk assessment leverages machine learning algorithms to identify nonlinear 

relationships between operational variables, environmental conditions, and failure modes. In 

infrastructure systems such as dams and large-scale civil assets, computational AI models have 

demonstrated improved accuracy in predicting hazard potential levels compared to conventional 

statistical techniques, particularly under uncertain and evolving conditions (Assaad & El-Adaway, 

2020; Assaad, 2021). Similarly, AI-driven structural response models support risk evaluation 

under extreme loads, material degradation, and rare events, enabling early identification of high-

risk states before visible damage occurs (Naser, 2020). 

Predictive maintenance extends these capabilities by shifting maintenance strategies from time-

based or reactive approaches to condition-based and prognostic models. By continuously 

analyzing sensor streams, inspection records, and historical failure data, AI systems can estimate 

remaining useful life (RUL), prioritize maintenance actions, and reduce unplanned downtime. This 

is particularly critical in tightly coupled cyber–physical systems, where component-level failures 

may escalate into systemic risk if not addressed proactively (Grady et al., 2021). The integration 

of predictive maintenance with risk assessment allows maintenance decisions to be informed not 

only by likelihood of failure, but also by the severity of potential consequences. 

 

Table 2. Comparison of Traditional and AI-Based Risk Assessment Approaches 

Aspect Traditional Risk 

Assessment 

AI-Based Risk Assessment 

Data utilization Limited, often static 

datasets 

Large-scale, real-time and 

historical data 

Modeling capability Linear or rule-based 

models 

Nonlinear, adaptive learning 

models 

Uncertainty handling Scenario-based 

assumptions 

Probabilistic and data-driven 

inference 

Update frequency Periodic or manual Continuous and automated 

Applicability to complex 

systems 

Limited scalability High scalability for complex 

systems 

 

AI-driven predictive maintenance frameworks also raise governance, ethical, and accountability 

considerations, particularly in safety-critical domains. Issues related to model transparency, 

explainability, and responsibility for automated decisions have been emphasized as key challenges 
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for operational deployment (Ho & Caals, 2021; Grady et al., 2021). These concerns are amplified 

in high-hazard settings, where maintenance recommendations directly influence human safety and 

environmental protection. 

 

Table 3. AI Techniques Commonly Applied in Predictive Maintenance for High-Hazard 

Systems 

AI Technique Primary Function Typical Application 

Supervised learning Failure prediction, RUL estimation Equipment degradation 

monitoring 

Unsupervised 

learning 

Anomaly detection Early fault identification 

Deep learning Feature extraction from complex 

data 

Vibration and image-based 

inspections 

Probabilistic models Risk quantification Maintenance prioritization 

Hybrid AI–QRA 

models 

Integrated risk and maintenance 

decisions 

Safety-critical asset management 

 

Overall, the convergence of AI-based risk assessment and predictive maintenance supports a more 

holistic safety management paradigm. By combining hazard likelihood, consequence severity, and 

asset health in a unified analytical framework, organizations can enhance resilience and reduce 

exposure to extreme events. While successful applications have been reported across engineering, 

healthcare, and other safety-critical sectors (Roy, 2020; Pathak & Narang, 2021; Poongodi et al., 

2021), sustained benefits depend on robust data governance, ethical oversight, and alignment with 

established safety standards. 

 

Challenges and Limitations 

Despite the growing adoption of AI-based safety and risk analytics in high-hazard engineering 

systems, several technical, organizational, and ethical challenges continue to limit their 

effectiveness and large-scale deployment. 
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Data quality and availability remain a primary constraint. High-hazard systems often rely on 

heterogeneous data streams from sensors, inspection reports, and historical incident records, which 

are frequently incomplete, noisy, or biased. Poor data integrity can significantly reduce model 

reliability and lead to inaccurate risk predictions, particularly in infrastructure systems such as 

dams and large-scale civil assets (Assaad & El-Adaway, 2020; Assaad, 2021). Moreover, extreme 

or rare failure events—critical for safety analysis—are underrepresented in datasets, limiting AI 

generalization under abnormal conditions (Naser, 2020). 

Model interpretability and transparency pose major limitations, especially in safety-critical 

environments. Many AI approaches, such as deep neural networks, operate as “black-box” models, 

making it difficult for engineers and regulators to understand how risk assessments or safety 

decisions are generated. This lack of explainability complicates validation, trust, and regulatory 

acceptance, particularly when AI outputs conflict with established quantitative risk assessment 

methods such as bow-tie or fault-tree analyses (Arora et al., 2021; Mercier-Laurent et al., 2018). 

Integration with existing risk management frameworks is another challenge. High-hazard 

industries typically operate under mature safety management systems and regulatory standards. 

Embedding AI analytics into these frameworks requires alignment with established engineering 

practices, interoperability with legacy systems, and clear delineation between human and 

automated decision-making responsibilities (Assaad, 2021; Mercier-Laurent et al., 2018). 

Ethical, governance, and accountability issues further limit adoption. The deployment of AI in 

safety-critical and cyber–physical infrastructure raises concerns about accountability in the event 

of system failure, bias in automated risk prioritization, and over-reliance on algorithmic decision-

making. Ethical governance frameworks for AI remain underdeveloped across many engineering 

domains, increasing the risk of unintended consequences when intelligent systems fail or behave 

unpredictably (Grady et al., 2021; Ho & Caals, 2021). 

Cybersecurity and system resilience also represent critical limitations. AI-driven safety systems 

are increasingly connected to digital control and monitoring platforms, expanding the attack 

surface for cyber threats. Compromised AI models or data pipelines can lead to incorrect risk 

assessments, delayed hazard detection, or unsafe control actions, amplifying systemic risks in 

tightly coupled high-hazard environments (Grady et al., 2021; Poongodi et al., 2021). 

Contextual and domain transferability remains limited. AI models trained in one sector or 

operational context often perform poorly when transferred to different high-hazard domains due 

to variations in physical processes, regulatory constraints, and operational behavior. This restricts 

the scalability of AI-based safety analytics across sectors such as healthcare, forensic systems, and 

industrial infrastructure without significant retraining and domain adaptation (Pathak & Narang, 

2021; Roy, 2020). 
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Table 4. Key Challenges and Limitations of AI-Based Safety and Risk Analytics in High-

Hazard Systems 

Challenge Area Description Implications for Safety 

Systems 

Key References 

Data quality and 

scarcity 

Incomplete, noisy, and 

biased datasets; limited 

extreme-event data 

Reduced prediction 

accuracy and unreliable 

risk estimates 

Assaad & El-

Adaway (2020); 

Naser (2020) 

Model 

interpretability 

Black-box AI models 

with limited 

explainability 

Low trust, difficult 

validation, regulatory 

resistance 

Arora et al. (2021); 

Mercier-Laurent et 

al. (2018) 

System 

integration 

Difficulty aligning AI 

with legacy safety 

frameworks 

Fragmented decision-

making and adoption 

barriers 

Assaad (2021) 

Ethical and 

governance issues 

Unclear accountability 

and bias in automated 

decisions 

Increased societal and 

organizational risk 

Ho & Caals (2021); 

Grady et al. (2021) 

Cybersecurity 

risks 

Vulnerability of AI-

enabled cyber–physical 

systems 

Potential manipulation 

of safety decisions 

Grady et al. (2021); 

Poongodi et al. 

(2021) 

Limited 

transferability 

Poor generalization 

across domains and 

contexts 

High retraining costs 

and limited scalability 

Pathak & Narang 

(2021); Roy (2020) 

Overall, while AI-based safety and risk analytics offer significant advantages for managing 

complex and hazardous engineering systems, addressing these challenges is essential to ensure 

robust, ethical, and trustworthy deployment in real-world safety-critical applications. 

 

Conclusion 

AI-driven safety and risk analytics can be viewed as a major breakthrough in the engineering 

systems with high hazards management, as it allows transitioning to proactive and predictive risk 

management, instead of focusing on reactive safety measures. With the help of computational 

artificial intelligence, the infrastructure systems, including dams, industrial plants, and critical 

facilities, can be relatively easily continuously evaluated in terms of potential hazards, structural 

behavior in extreme situations, and new failure modes with greater reliability and timeliness 

(Assaad and El-Adaway, 2020; Naser, 2020). Combined with the established quantitative risk 

assessment models, such as bow-tie and probabilistic models, AI can be used to improve the 
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process of risk identification, prioritization, and mitigation planning throughout the system 

lifecycle (Arora et al., 2021). 

Another role of AI-powered analytics is reinforcing the ability to make decisions in complex and 

uncertain environments where systemic risks, cascading failures, and systemic risks are common 

events (Mercier-Laurent et al., 2018). The infrastructure modeling and construction operations 

evidence proves that data-driven approaches enhance operational resilience and enhance the 

safety-related decision-making processes (Assaad, 2021). Nevertheless, the growing use of 

intelligent and cyber-physical systems brings new ethical, governance, and accountability 

concerns, especially when the failure of the systems can spread fast and affect the lives of the 

people (Grady et al., 2021). To manage these issues, clear models, strong governance frameworks, 

and moral regulation must be in use in order to deliver credible uses of AI in safety-based settings 

(Ho and Caals, 2021). 

The cases of healthcare, forensic science and pandemic response also serve as examples of how 

AI-assisted risk analytics can be cross-domain applicable and that it is important to have reliability, 

interpretability and trust in the technology by the society (Poongodi et al., 2021; Pathak and 

Narang, 2021; Roy, 2020). In general, AI-based safety and risk analytics have significant potential 

to improve hazard predictions, system resilience, and decision quality of engineering systems with 

a high level of hazard. The second way to realize this potential is to integrate advanced analytics 

with the time-tested risk approaches in balanced ways, ethical governance, and constant validation 

in the real-world operations. 
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