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Abstract: - Safety and risk management in industrial settings are critical to prevent accidents and ensure a safe working environment. With 

the advent of Artificial Intelligence (AI), there has been a significant transformation in how industries approach safety measurements and 

risk assessments. This paper reviews the current state of AI applications in industrial safety, highlighting key technologies, methodologies, 

and case studies. We explore AI-driven predictive maintenance, anomaly detection, computer vision for hazard detection, and the 

integration of AI with traditional risk assessment frameworks. Additionally, the paper discusses the challenges and future directions in 

leveraging AI for industrial safety. 
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1. Introduction 

Industries, ranging from manufacturing to chemical processing, face numerous hazards that can lead to 

accidents, equipment failure, and environmental damage. Traditional safety measures, while effective to a 

degree, have limitations in scalability, accuracy, and timeliness. AI technologies, including machine learning 

(ML), computer vision, and natural language processing (NLP), provide robust solutions to these challenges. 

The industrial sector has always been fraught with risks and hazards, ranging from machinery malfunctions to 

human errors and environmental factors. Ensuring the safety of workers, protecting assets, and minimizing 
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downtime have been critical challenges for industries such as manufacturing, oil and gas, construction, and 

chemical processing. Traditionally, safety and risk assessment practices  

have relied heavily on human expertise, manual inspections, and historical data analysis. However, these 

conventional methods often fall short in predicting unforeseen hazards, responding swiftly to emergencies, and 

managing the complexities of modern industrial operations. Traditional risk assessment techniques involve 

qualitative and quantitative approaches such as hazard identification (HAZID), hazard and operability study 

(HAZOP), fault tree analysis (FTA), and failure mode and effects analysis (FMEA). While these methods 

provide valuable insights, they are often reactive rather than proactive, relying on historical data and human 

judgment to identify potential risks and develop mitigation strategies. As industries become more complex and 

interconnected, the limitations of traditional safety and risk assessment methods become increasingly evident. 

The evolving industrial landscape, characterized by rapid technological advancements, increased automation, 

and the integration of cyber-physical systems, necessitates innovative solutions to enhance safety and risk 

management(Kariya, 2024; Mu et al., 2024; Ördek, Borgianni and Coatanea, 2024; Zhou et al., 2024). 

The limitations of these traditional methods include: 

I.Manual Processes: Risk assessments are typically conducted manually, which can be time-consuming and 

prone to human error. 

II.Static Analysis: Traditional methods often provide a snapshot in time, lacking the ability to continuously 

monitor and adapt to changing conditions. 

III.Limited Predictive Capabilities: Predicting rare or complex events is challenging due to the reliance on 

historical data and the difficulty in identifying patterns without advanced analytical tools. 

IV.Resource Intensive: Conducting thorough risk assessments requires significant resources, including skilled 

personnel and substantial time investments. 

1.1.1 Complexity of Modern Industrial Operations: 

The rise of automation and robotics in industrial operations introduces new safety challenges. Ensuring the safe 

interaction between human workers and machines requires advanced monitoring and control 

systems(Choudhary et al., 2023). The increasing interconnectivity of industrial systems through the Industrial 

Internet of Things (IoT) generates vast amounts of data that traditional methods struggle to analyze 

effectively(Kaarlela et al., 2024). 

1.1.2 Regulatory and Compliance Pressures: Regulatory bodies continue to enforce stricter safety standards 

and compliance requirements, necessitating more rigorous and reliable safety measures(Tang et al., 2024). 

Industries face growing pressure to ensure environmental sustainability and social responsibility, requiring 

comprehensive risk management strategies(Tang et al., 2024). 

1.1.3 Economic and Operational Efficiency: Unplanned downtime due to safety incidents can be costly. 

Advanced risk assessment and predictive maintenance can help minimize downtime and optimize operational 

efficiency(Kalogiannidis et al., 2024). Industries seek cost-effective safety solutions that provide a high return 

on investment by preventing accidents and reducing liability(Nzubechukwu Chukwudum Ohalete et al., 2023). 

1.1.4 The Emergence of Artificial Intelligence: Artificial Intelligence (AI) has emerged as a transformative 

technology capable of addressing the limitations of traditional safety and risk assessment methods. AI 

encompasses a range of technologies, including machine learning, deep learning, computer vision, and natural 

language processing, that can analyze large volumes of data, identify patterns, and make predictions with a high 

degree of accuracy(Tang et al., 2024). 

1.1.5 Machine Learning and Predictive Analytics: Machine learning algorithms can analyze sensor data to 

predict equipment failures before they occur, enabling proactive maintenance and reducing the risk of 

accidents(Abedsoltan, Abedsoltan and Zoghi, 2024). AI systems can continuously monitor industrial processes 

and detect anomalies that may indicate potential safety hazards(Tang et al., 2024). 

1.1.6 Computer Vision and Hazard Detection: Computer vision technology enables real-time monitoring of 

industrial environments, detecting unsafe practices, and ensuring compliance with safety protocols(Gounder et 
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al., 2023). AI-powered visual inspection systems can identify defects and hazards that may be missed by human 

inspectors(Tang et al., 2024). 

1.1.7 Natural Language Processing and Incident Reporting: Natural language processing (NLP) tools 

streamline incident reporting by analyzing textual data and extracting relevant information for analysis(Hartung, 

2023). NLP can identify trends and patterns in incident reports, providing valuable insights for improving safety 

measures(Stocks, 2016). 

1.1.8 Integration with IoT and Edge Computing: The integration of AI with IoT devices and edge computing 

allows for comprehensive data analysis and real-time decision-making, enhancing the effectiveness of safety 

measures. The implementation of AI in industrial safety not only improves hazard detection and risk 

management but also enhances operational efficiency and regulatory compliance. By leveraging AI 

technologies, industries can create safer working environments, protect assets, and ensure the well-being of their 

workforce while maintaining competitive advantage in an increasingly complex and interconnected world. 

Industrial safety and risk management are essential components of operational efficiency and worker well-

being. Traditional methods often involve manual inspections, periodic maintenance schedules, and reactive 

measures after incidents occur. The integration of Artificial Intelligence (AI) offers a proactive approach, 

enhancing predictive capabilities and real-time monitoring to mitigate risks before they result in accidents(Tang 

et al., 2024).  Industrial safety refers to the comprehensive set of practices and procedures implemented to 

prevent harm within industrial environments. It's a proactive approach that prioritizes the safety of workers, 

machinery, facilities, and the surrounding environment. Industrial safety can be through its key aspects: 

i.Worker Safety: Protecting employees from injuries, illnesses, and fatalities arising from industrial processes, 

equipment malfunctions, and hazardous materials. 

ii.Equipment and Machinery Safety: Ensuring proper maintenance and operation of machinery to prevent 

breakdowns and accidents. 

iii.Facility and Structural Safety: Maintaining the structural integrity of buildings and workplaces to minimize 

hazards like fires, explosions, or collapses. 

iv.Environmental Safety: Minimizing the environmental impact of industrial activities through proper waste 

management, pollution control, and responsible resource utilization. 

1.2 The Importance of Industrial Safety: Industrial safety plays a crucial role in various aspects of industrial 

operations such as the primary focus of industrial safety is to prevent worker injuries and fatalities. This not only 

protects lives but also avoids the emotional and financial burden on families and communities. Government 

regulations like those outlined by OSHA (Occupational Safety and Health Administration) set safety standards 

for workplaces. Following these regulations ensures businesses remain compliant and avoid fines or legal issues. 

A safe work environment fosters a more positive and focused workforce. This leads to improved morale, 

reduced downtime due to accidents, and ultimately, increased productivity. Safety incidents can be incredibly 

expensive, resulting in medical bills, equipment repairs, production delays, and potential lawsuits. Prioritizing 

safety helps companies minimize these financial burdens. Industrial activities can have a significant impact on 

the environment. Effective safety measures help minimize pollution, waste generation, and potential 

environmental damage. Industrial safety is not simply a checkbox on a compliance list; it's a core value that 

prioritizes the well-being of workers, protects valuable resources, and ensures the sustainable operation of 

industrial facilities. By implementing robust safety programs and adhering to best practices, industries can 

create a safer, healthier, and more environmentally responsible work environment for all(Mohapatra et al., 2020; 

Pan and Zhang, 2021; Fisher et al., 2023; Ab Rahim et al., 2024; Camacho et al., 2024). 

1.3 Traditional Methods of Risk Assessment 

Risk assessment is a critical process in industrial safety management, aimed at identifying, analyzing, and 

mitigating risks to prevent accidents and ensure the well-being of workers and the integrity of operations. 

Traditional methods of risk assessment have been foundational in maintaining industrial safety standards. Below 

is a description of these conventional techniques and their inherent limitations. Description of Conventional 

Risk Assessment Techniques 
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1.3.1 Qualitative Risk Assessment: This method involves subjective evaluation of risks based on the likelihood 

of occurrence and the severity of consequences. Techniques such as hazard identification (HAZID), hazard and 

operability study (HAZOP), and what-if analysis are commonly used. Experts use their experience and 

judgment to identify potential hazards and assess risks, often through brainstorming sessions and checklists. 

Risks are categorized into qualitative levels (e.g., low, medium, high) based on expert opinion. This approach 

uses numerical values to estimate risk levels. Techniques include fault tree analysis (FTA), event tree analysis 

(ETA), and probabilistic risk assessment (PRA). It involves statistical and mathematical modeling to quantify 

the probability of different events and their potential impacts. The results are expressed in numerical terms, such 

as probability of failure per year or expected number of incidents per year. 

1.3.2 Failure Modes and Effects Analysis (FMEA): FMEA is a systematic method for evaluating processes to 

identify where and how they might fail and assessing the relative impact of different failures. Each potential 

failure mode is analyzed to determine its effect on the system and prioritized based on severity, occurrence, and 

detection. The result is a ranked list of potential failure modes, with recommendations for mitigating the highest 

risks. 

1.3.3 Job Safety Analysis (JSA) JSA involves breaking down a job into its component tasks and identifying 

hazards associated with each task. Workers and supervisors collaboratively assess each step of a job to identify 

and mitigate risks. A documented procedure with safety measures for each task(Lilienfeld, 2021; Pan and 

Zhang, 2021; Ab Rahim et al., 2024; Kalogiannidis et al., 2024). 

1.3.4 Limitations of Conventional Risk Assessment Techniques: Qualitative methods rely heavily on expert 

judgment, which can introduce bias and inconsistency. Different experts may assess the same risk differently, 

leading to varied outcomes. This subjectivity can undermine the reliability of risk assessments, especially in 

complex and dynamic environments.  Traditional risk assessments are often static and periodic, failing to 

account for real-time changes in the environment or operations. Risks can evolve rapidly, and static assessments 

may miss emerging hazards or fail to adapt to new information. 

1.3.4.1 Data Limitations: Quantitative methods require accurate and comprehensive data, which may not 

always be available. Historical data may be incomplete, outdated, or not representative of current conditions. 

Inaccurate data can lead to flawed risk assessments, underestimating or overestimating certain risks. 

1.3.4.2 Complexity and Resource Intensive: Techniques like FTA and PRA can be complex and resource-

intensive, requiring specialized knowledge and significant time and effort to conduct. Smaller organizations or 

those with limited resources may struggle to implement these methods effectively, potentially compromising 

safety. 

1.3.4.3 Lack of Integration: Traditional risk assessments are often conducted in isolation and may not be 

integrated with other safety management processes or systems. This lack of integration can lead to fragmented 

risk management efforts and missed opportunities for holistic safety improvements. 

1.3.4.4 Limited Predictive Capability: Traditional methods are generally retrospective, focusing on past 

incidents and known hazards rather than predicting future risks. Emerging risks and novel hazards may go 

unidentified, reducing the effectiveness of preemptive safety measures. 

In summary, while traditional risk assessment techniques have been crucial in developing industrial safety 

practices, their limitations highlight the need for more advanced and dynamic approaches. The integration of 

artificial intelligence (AI) in risk assessment promises to address many of these limitations by providing real-

time data analysis, predictive capabilities, and enhanced accuracy, ultimately improving the overall safety and 

risk management in industrial settings(Vora et al., 2023; Regona et al., 2024; Tang et al., 2024). 

1.4 The Need for Advanced Solutions 

The industrial landscape is undergoing rapid and transformative changes driven by technological advancements, 

globalization, and evolving regulatory frameworks. These changes have brought about significant improvements 

in productivity and efficiency but also introduced new challenges and complexities in managing industrial safety 

and risk assessment. As industries grow more interconnected and automated, the need for advanced safety 

solutions becomes increasingly critical. 
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1.4.1 Evolving Industrial Landscape: The widespread adoption of automation and robotics has revolutionized 

manufacturing and production processes. While these technologies enhance efficiency, they also introduce new 

safety risks, such as equipment malfunctions and unforeseen interactions between humans and machines. 

Internet of Things (IoT) devices enable real-time monitoring of industrial processes, providing valuable data on 

equipment performance and environmental conditions. However, the sheer volume of data generated requires 

sophisticated analysis tools to identify potential hazards and prevent incidents. Artificial Intelligence (AI) and 

Machine Learning (ML) technologies offer predictive capabilities that can anticipate equipment failures and 

optimize maintenance schedules. Integrating these technologies into safety management systems can 

significantly enhance risk assessment and mitigation strategies(Peres et al., 2020; Mazzei and Ramjattan, 2022; 

Abedsoltan, Abedsoltan and Zoghi, 2024; Shah and Mishra, 2024). 

1.4.2 Globalization and Supply Chain Complexity: Global supply chains are increasingly complex, with 

components sourced from multiple countries and regions. This complexity introduces new risks related to 

logistics, quality control, and regulatory compliance, necessitating advanced tools for risk management. 

Different regions have varying safety standards and regulations. Ensuring compliance across multiple 

jurisdictions requires sophisticated systems that can adapt to diverse regulatory requirements and maintain 

consistent safety practices(Rawat et al., 2011; Hire et al., 2022; Abedsoltan, Abedsoltan and Zoghi, 2024). 

1.4.3 Workforce Dynamics: The introduction of new technologies requires a workforce with advanced 

technical skills. Addressing skill gaps and ensuring proper training is essential for maintaining safety standards. 

Innovative training solutions, such as virtual reality (VR) simulations, can provide immersive and effective 

training experiences. An aging workforce presents unique safety challenges, including increased risk of injuries 

and the need for ergonomic interventions. Advanced solutions can help monitor the health and safety of older 

workers and implement targeted measures to reduce risks(Abedsoltan, Abedsoltan and Zoghi, 2024; Camacho et 

al., 2024; Tang et al., 2024). 

1.4.4 Necessity for Innovative Safety Solutions: Advanced safety solutions leverage IoT and AI to provide 

real-time monitoring of industrial environments. This capability allows for the immediate detection of hazardous 

conditions, such as gas leaks, equipment malfunctions, and unsafe practices, enabling prompt corrective actions. 

AI-driven predictive analytics can forecast potential failures and incidents based on historical data and real-time 

inputs. By identifying patterns and trends, these systems can prevent accidents before they occur, significantly 

enhancing safety. 

1.4.5 Improved Decision-Making and Response: Advanced safety solutions provide data-driven insights that 

support informed decision-making. Machine learning algorithms analyze vast amounts of data to identify risks 

and recommend optimal safety measures. In critical situations, automated safety systems can initiate immediate 

responses, such as shutting down equipment or activating emergency protocols. These automated actions 

minimize human error and reduce response times. 

1.4.6 Comprehensive Risk Management: Innovative safety solutions integrate various aspects of risk 

management, from hazard identification and assessment to mitigation and compliance. This holistic approach 

ensures a comprehensive view of safety risks and enables coordinated responses. Unlike traditional static risk 

assessments, advanced solutions provide dynamic risk assessment capabilities. They continuously update risk 

profiles based on real-time data, ensuring that safety measures remain relevant and effective. 

1.4.7 Regulatory Compliance and Reporting: Advanced solutions streamline regulatory compliance by 

automating compliance checks and generating reports. This capability reduces the administrative burden and 

ensures adherence to safety standards and regulations. AI-powered natural language processing (NLP) tools 

enhance incident reporting and analysis by processing large volumes of textual data from incident reports. These 

tools identify underlying causes and trends, facilitating continuous improvement in safety practices. 

1.5 The Role of Artificial Intelligence in Modern Industry: Artificial Intelligence (AI) encompasses a broad 

range of technologies that enable machines to perform tasks that typically require human intelligence. The key 

AI technologies that have significant applications in industry include: 

1.5.1 Machine Learning (ML): Machine learning is a subset of AI that focuses on developing algorithms that 

enable computers to learn from and make predictions based on data. It involves training models on large 
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datasets to identify patterns and make decisions without explicit programming for each task.  In industry, ML is 

used for predictive maintenance, quality control, demand forecasting, and process optimization. For example, 

ML models can predict equipment failures and schedule maintenance to prevent downtime(Fan et al., 2018; 

Koroteev and Tekic, 2021; Hire et al., 2022). 

1.5.2 Deep Learning (DL): Deep learning is a specialized branch of machine learning that uses neural networks 

with many layers (hence "deep") to analyze complex data representations. These models excel at recognizing 

patterns in large datasets, including images, audio, and text. DL is particularly effective in applications such as 

image recognition, speech recognition, and natural language processing. In industrial settings, deep learning 

models can analyze visual data from cameras to detect defects, monitor safety compliance, and automate quality 

inspections(Bertolini et al., 2021; Xu et al., 2022; Zhou et al., 2024). 

1.5.3 Computer Vision: Computer vision is an AI field that enables machines to interpret and understand visual 

information from the world, similar to how humans use their eyes and brains. It involves techniques for 

acquiring, processing, and analyzing images and videos. Computer vision is used in industrial safety for real-

time hazard detection, monitoring worker activities, and ensuring compliance with safety protocols. It can 

identify unsafe behaviors, detect equipment malfunctions, and verify the use of personal protective equipment 

(PPE)(Benjamens, Dhunnoo and Meskó, 2020; Camacho et al., 2024). 

1.5.4 Natural Language Processing (NLP): Natural Language Processing (NLP) is a field of AI that focuses 

on the interaction between computers and humans through natural language. It involves understanding, 

interpreting, and generating human language in a way that is both meaningful and useful. In industry, NLP can 

be used for automated incident reporting, analyzing maintenance logs, and enhancing communication between 

humans and machines. For instance, NLP algorithms can analyze text from safety reports to identify common 

hazards and recommend preventive measures(Tang et al., 2024). 

1.5.5 AI Applications in Industry: AI technologies have diverse applications in industrial settings, significantly 

enhancing safety and risk assessment processes. Key applications include: AI models analyze data from sensors 

and historical maintenance records to predict when equipment is likely to fail. This allows for proactive 

maintenance, reducing the likelihood of unexpected breakdowns and enhancing operational efficiency. Benefits: 

Reduced downtime, lower maintenance costs, and increased equipment lifespan. 

1.5.6 Quality Control: AI systems use computer vision and machine learning to inspect products for defects 

during the manufacturing process. These systems can detect anomalies at a granular level, ensuring high-quality 

standards. Improved product quality, reduced waste, and enhanced customer satisfaction. 

1.5.7 Safety Monitoring: AI-powered computer vision systems monitor work environments in real-time to 

detect unsafe conditions and behaviors. They can alert workers and supervisors to potential hazards, ensuring 

timely intervention. Enhanced workplace safety, reduced accident rates, and compliance with safety regulations. 

1.5.8 Process Optimization: AI algorithms optimize industrial processes by analyzing data from various 

sources to identify inefficiencies and recommend improvements. This includes optimizing supply chains, energy 

usage, and production schedules. Increased efficiency, cost savings, and improved sustainability. 

1.5.9 Incident Analysis and Reporting: NLP technologies automate the analysis of incident reports and safety 

logs, extracting valuable insights and identifying recurring issues. This helps in developing targeted safety 

interventions and improving overall risk management. Faster incident analysis, better understanding of safety 

issues, and more effective preventive measures(‘82专题 (2)’, no date; Gmbh, no date; Blissett and Rowson, 

2012; Khan et al., 2018; Ångström, 2019; Mao et al., 2019; Lilienfeld, 2021; Hire et al., 2022; Lu et al., 2023). 

1.6 Historical Context and Evolution: 

1960s-1970s: The initial applications of AI in industry were limited due to technological constraints. Early AI 

systems focused on rule-based approaches for simple automation tasks. Industries began experimenting with 

basic expert systems for decision support and process control. 
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1980s-1990s: With the advent of more powerful computers and improved algorithms, AI applications expanded. 

Machine learning techniques started gaining traction, allowing for more sophisticated data analysis and 

automation. AI was increasingly used for process optimization and control in manufacturing and logistics. 

2000s-Present: The explosion of big data and advancements in machine learning and deep learning transformed 

AI's role in industry. Industries began leveraging vast amounts of data generated by IoT devices and sensors. AI 

technologies became integral to predictive maintenance, quality control, and real-time monitoring systems. 

1.6.1 Integration with Safety and Risk Management: The focus has shifted towards integrating AI with safety 

and risk management systems. AI-driven predictive analytics, computer vision, and NLP are now essential tools 

for enhancing industrial safety. The ability to analyze real-time data and predict potential hazards has 

significantly improved risk assessment and mitigation strategies. In conclusion, AI technologies have evolved 

from basic automation tools to sophisticated systems capable of transforming industrial operations. The 

integration of AI in safety and risk assessment processes provides industries with powerful tools to enhance 

safety, improve efficiency, and ensure compliance with regulations. As AI continues to advance, its role in 

modern industry will only become more critical, driving innovation and setting new standards for industrial 

safety and risk management(Liladhar, Saurabh and Jayesh, no date; Ab Rahim et al., 2024; Camacho et al., 

2024; Tang et al., 2024). 

1.7 AI Techniques and Technologies for Safety and Risk Management 

1.7.1 How Machine Learning Algorithms Predict Equipment Failures and Maintenance Needs to 

Prevent Accidents: Predictive maintenance leverages machine learning (ML) algorithms to analyze historical 

and real-time data from machinery to predict when equipment is likely to fail. By anticipating failures, 

maintenance can be performed proactively, reducing downtime and preventing accidents. Equipment is outfitted 

with various sensors that monitor parameters such as temperature, vibration, pressure, and usage patterns. These 

sensors continuously collect data, which is transmitted to a central database via IoT (Internet of Things) devices. 

Collected data often requires cleaning and preprocessing to handle noise, missing values, and inconsistencies. 

Techniques such as normalization, outlier detection, and data imputation are used to prepare the data for 

analysis. 

1.7.2 Machine Learning Algorithms: Supervised learning algorithms, such as regression models, decision 

trees, and neural networks, are trained on historical data labeled with known outcomes (e.g., times of previous 

failures). These models learn the relationship between input features and equipment failures. Techniques like 

clustering and anomaly detection do not require labeled data. They identify patterns and anomalies in the data 

that may indicate impending failures without prior knowledge of specific failure events. 

1.7.3 Example Application: Manufacturing: In a manufacturing plant, an ML system is implemented to 

monitor critical machinery such as CNC (Computer Numerical Control) machines. Sensors on the CNC 

machines track parameters like spindle speed, cutting force, and coolant temperature. The ML model analyzes 

these parameters to detect patterns indicative of wear and tear or abnormal behavior.When the model predicts a 

high likelihood of failure within a certain time frame, it triggers an alert for maintenance to be scheduled. This 

proactive approach prevents unexpected breakdowns, reduces repair costs, and ensures continuous 

production(Barsude et al., no date; Bertolini et al., 2021; Trần et al., 2021; Guo and Buehler, 2021; Kumar et 

al., 2021; Tercan and Meisen, 2022; Frankó et al., 2022; Makanadar and Shahane, 2023; Vora et al., 2023; 

Datta et al., 2023; Entezari et al., 2023; Luu and Buehler, 2023; Mu et al., 2024; Ördek, Borgianni and 

Coatanea, 2024; Zhou et al., 2024; Chuka Anthony Arinze et al., 2024; Faisal Ghazi Bishaw, 2024). 

1.7.4 Computer Vision for Hazard Detection: Computer vision systems use image and video analysis to 

monitor environments and detect unsafe conditions, hazardous behaviors, and compliance with safety protocols. 

These systems process visual data in real-time to provide immediate feedback.  Algorithms analyze still images 

to identify specific objects or conditions, such as safety gear (helmets, gloves) or hazardous materials. 

Continuous video streams are analyzed to detect motion, track objects, and identify actions that may indicate 

unsafe practices, like bypassing safety barriers or improper lifting techniques. Convolutional neural networks 

(CNNs) are commonly used for object detection and classification tasks due to their ability to automatically 

learn and extract features from visual data. 
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1.7.5 Example Application: Construction Site: A construction company uses computer vision to enhance 

site safety. Cameras positioned around the construction site capture live video feeds. The AI system, using 

CNNs, analyzes these feeds to identify whether workers are wearing proper safety gear (e.g., hard hats, 

reflective vests) and adhering to safety protocols. If the system detects a worker without a helmet or notices 

unsafe practices like climbing scaffolding without harnesses, it immediately alerts supervisors. This real-time 

monitoring helps enforce safety rules, reduces accidents, and ensures compliance with safety standards(Pan and 

Zhang, 2021; Camacho et al., 2024; Ho and Tang, 2024; Tang et al., 2024; Zhou et al., 2024)(Han et al., 2018; 

McQuillan, Stevens and Mumford, 2018; Niu et al., 2018; Reddy, Kumar and Mohan, 2018; Zhang et al., 2018; 

Rabbi and Jeelani, 2024; Tang et al., 2024). 

1.7.6 Natural Language Processing for Incident Reporting: Natural Language Processing (NLP) enables 

the automated processing and analysis of textual data, such as incident reports and safety logs. NLP enhances 

the efficiency and accuracy of reporting by extracting relevant information and identifying trends. 

1.7.7 Technologies and Techniques: NLP techniques analyze large volumes of text data to extract useful 

information. This includes entity recognition (identifying people, places, dates), sentiment analysis, and 

keyword extraction. Machine learning models classify text into predefined categories, such as types of incidents 

(e.g., equipment failure, worker injury) or severity levels. NLP tools can generate summary reports and 

highlight critical insights from detailed textual data, making it easier for safety managers to review and act on 

the information. 

1.7.8 Example Application: An industrial facility implements NLP to streamline its incident reporting 

process. Workers submit incident reports through a digital platform. The NLP system processes these reports to 

identify key details such as the nature of the incident, contributing factors, and affected areas. The system 

categorizes incidents, flags high-priority cases, and generates summary reports for safety managers. By 

analyzing trends in the reports, the facility can identify recurring issues and implement targeted safety 

improvements. This leads to more efficient incident management, better understanding of risks, and enhanced 

overall safety. 

AI techniques and technologies such as machine learning, computer vision, and natural language processing 

play crucial roles in modern safety and risk management. Machine learning enables predictive maintenance, 

preventing equipment failures and accidents. Computer vision provides real-time hazard detection and 

compliance monitoring, enhancing workplace safety. NLP streamlines incident reporting and analysis, 

improving the efficiency and accuracy of safety management. Together, these technologies contribute to safer 

industrial environments and more effective risk management practices(Pan and Zhang, 2021; Ivanova et al., 

2023; Camacho et al., 2024; Kalogiannidis et al., 2024; Rabbi and Jeelani, 2024; Tang et al., 2024). 

1.8 Case Studies of AI Implementation in Industrial Safety 

1.8.1 Detailed Examples of AI Applications in Manufacturing: A large automotive manufacturer 

implemented an AI-driven computer vision system to monitor the assembly line. Cameras installed at critical 

points along the production line feed visual data into an AI system that analyzes worker movements and 

equipment operations in real-time. The system detects unsafe behaviors, such as workers bypassing safety 

guards or not wearing proper personal protective equipment (PPE), and immediately alerts supervisors to 

intervene. This real-time monitoring significantly reduces the likelihood of accidents, ensures compliance with 

safety protocols, and enhances overall workplace safety. The immediate alerts allow for quick corrective 

actions, preventing potential injuries and improving safety culture. 

1.8.2 Predictive Analytics for Maintenance: A major electronics manufacturer uses machine learning 

algorithms to predict equipment failures. By analyzing data from sensors installed on machinery, the AI system 

identifies patterns indicative of wear and tear or impending failure. Maintenance teams receive alerts about 

which machines need attention and when to perform maintenance. This predictive maintenance approach 

minimizes unplanned downtime, reduces maintenance costs, and extends the lifespan of machinery. It also 

enhances safety by preventing equipment failures that could lead to accidents or production stoppages(Mao et 

al., 2019; Kumar et al., 2021; Pan and Zhang, 2021; Hire et al., 2022; Xu et al., 2022; Vora et al., 2023; 

Camacho et al., 2024; Egwim et al., 2024; Oladiran Kayode Olajiga et al., 2024; Tang et al., 2024). 
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1.8.3 AI in Oil and Gas Industry Safety: An offshore drilling company employs AI-powered sensors and 

machine learning models to monitor equipment and environmental conditions. The AI system analyzes data 

from drilling rigs, pipelines, and production facilities to detect anomalies such as pressure buildups, gas leaks, 

and equipment malfunctions. When anomalies are detected, the system triggers automatic safety protocols and 

alerts personnel. AI-driven hazard detection helps prevent catastrophic failures, such as blowouts or pipeline 

ruptures, by identifying issues before they escalate. This enhances the safety of operations and protects both 

workers and the environment from potential harm. 

1.8.4 Enhanced Emergency Response: An oil refinery integrates AI with its emergency response system. 

Using natural language processing (NLP), the AI system analyzes emergency calls, incident reports, and sensor 

data to provide real-time situational awareness. The system helps prioritize responses, allocate resources 

effectively, and provide first responders with critical information. AI enhances the speed and efficiency of 

emergency responses, reducing the impact of incidents and improving overall safety outcomes. By providing 

real-time data and insights, the system ensures that emergencies are managed more effectively, protecting lives 

and minimizing damage(Afzal et al., 2021; Koroteev and Tekic, 2021; Salem, Yakoot and Mahmoud, 2022; 

Waqar et al., 2023; Abedsoltan, Abedsoltan and Zoghi, 2024; Camacho et al., 2024; Chuka Anthony Arinze et 

al., 2024; Ho and Tang, 2024; Tang et al., 2024; Ucar, Karakose and Kırımça, 2024). 

1.8.5 AI in Construction Site Safety: Case Studies of Safety Monitoring and Compliance: A construction 

company deploys AI-powered drones equipped with computer vision to monitor construction sites. The drones 

capture high-resolution images and videos of the site, which are analyzed by an AI system to identify safety 

hazards, such as workers not wearing helmets, unsafe scaffolding, or improper use of machinery. The AI system 

generates daily reports highlighting areas of concern and recommending corrective actions. The use of AI-

powered drones improves safety compliance by providing constant and comprehensive site surveillance. This 

proactive approach helps identify and mitigate risks before accidents occur, ensuring a safer working 

environment. 

1.8.6 Predictive Analytics for Worker Safety: A large construction firm uses wearable devices equipped 

with sensors to monitor workers' health and safety in real-time. These devices collect data on workers’ physical 

conditions, such as heart rate, body temperature, and movement patterns. The AI system analyzes this data to 

predict potential health issues, such as heat stress or fatigue, and alerts workers and supervisors to take 

preventive measures. Predictive analytics for worker safety helps prevent accidents related to health issues by 

providing early warnings. This technology enhances worker well-being, reduces the likelihood of accidents, and 

improves overall site safety. 

1.8.7 AI-Powered Risk Assessment: A construction company integrates AI into its risk assessment process. 

The AI system analyzes historical data on past incidents, weather forecasts, project schedules, and site 

conditions to predict potential risks. It provides recommendations for risk mitigation strategies, such as 

adjusting work schedules during extreme weather or reinforcing specific structures. AI-powered risk assessment 

enables more accurate and proactive risk management. By anticipating potential hazards and suggesting 

preventive measures, the company can reduce the likelihood of accidents and improve project safety outcomes. 

AI has demonstrated significant potential in enhancing safety across various industrial sectors, including 

manufacturing, oil and gas, and construction. Through real-time monitoring, predictive analytics, hazard 

detection, and enhanced emergency response, AI technologies provide valuable tools for improving safety and 

risk management. These case studies illustrate how AI implementation not only prevents accidents and injuries 

but also optimizes operational efficiency and compliance with safety regulations(Abioye et al., 2021; Lilienfeld, 

2021; Pan and Zhang, 2021; Hire et al., 2022, 2022; Korke et al., 2023; Camacho et al., 2024; Tang, 2024; Tang 

et al., 2024; Egwim et al., 2024; Ho and Tang, 2024; Kim, Wang and Yu, 2024). 

1.9 Benefits of AI in Industrial Safety 

Artificial Intelligence (AI) technologies offer numerous benefits for industrial safety, significantly enhancing 

hazard detection, efficiency in safety protocols, and real-time monitoring and response. These advancements 

contribute to safer working environments, reduced accident rates, and improved operational efficiency. Here is a 

detailed exploration of these benefits: 
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1.9.1 Improved Hazard Detection and Prevention: AI algorithms analyze data from sensors on equipment to 

predict when maintenance is needed. This prevents unexpected failures that could lead to hazardous situations. 

For instance, in a manufacturing plant, predictive maintenance can identify when a machine is likely to overheat 

or fail, allowing for timely repairs and preventing accidents. Machine learning models can detect deviations 

from normal operating conditions, signaling potential safety issues before they become critical. For example, in 

an oil refinery, AI can monitor pressure and temperature data to detect early signs of equipment malfunction or 

leaks, thus preventing accidents. 

1.9.2 Enhanced Sensory Perception: AI-powered computer vision systems analyze visual data from cameras 

to detect safety hazards. These systems can identify unsafe behaviors, such as workers not wearing safety gear 

or operating machinery unsafely. In a construction site, computer vision can continuously monitor for proper use 

of safety equipment and adherence to protocols, reducing the risk of injuries. AI systems equipped with IoT 

sensors can monitor environmental conditions such as air quality, temperature, and humidity. In industries like 

mining, these systems can detect hazardous gases or unstable ground conditions, alerting workers and 

management to take preventive measures. 

1.9.3 Data-Driven Insights: AI analyzes historical incident data to identify patterns and common causes of 

accidents. This helps in understanding the underlying risks and implementing measures to mitigate them. For 

example, analyzing past incident reports in a chemical plant might reveal that most accidents occur during 

specific operations, leading to targeted safety improvements in those areas. Continuous data analysis allows for 

immediate identification and mitigation of risks. In an industrial setting, AI can analyze real-time data from 

various sources to provide a comprehensive view of safety conditions, enabling proactive hazard 

management(Camacho et al., 2024; Chuka Anthony Arinze et al., 2024; Tang et al., 2024)(Kleinstreuer et al., 

2016; Trellu et al., 2018; Cretaceous et al., 2018; Liao et al., 2018; Pan and Zhang, 2021; Hire et al., 2022, 

2022; Ab Rahim et al., 2024; Abedsoltan, Abedsoltan and Zoghi, 2024; Tang et al., 2024; Camacho et al., 2024; 

Chuka Anthony Arinze et al., 2024). 

1.9.4 Enhanced Efficiency in Safety Protocols: AI automates regular safety inspections and compliance 

checks, ensuring they are conducted consistently and thoroughly. For instance, drones equipped with AI can 

inspect large industrial sites, such as pipelines or construction areas, for safety compliance, reducing the time 

and effort required for manual inspections. AI-powered training programs provide personalized and interactive 

safety training for workers. Virtual reality (VR) and augmented reality (AR) technologies create realistic 

training scenarios, improving worker preparedness and safety protocol adherence. 

1.9.5 Streamlined Reporting and Analysis: Natural Language Processing (NLP) automates the analysis of 

incident reports, extracting key information and identifying trends. This leads to faster and more accurate 

incident documentation. For example, an AI system can analyze a large volume of safety reports to highlight 

common causes of accidents and recommend preventive measures. AI systems can track and manage 

compliance with safety regulations, ensuring that all necessary protocols are followed and documented. This 

reduces the administrative burden on safety managers and ensures that the organization meets regulatory 

requirements. 

1.9.6 Optimization of Safety Processes: AI optimizes the allocation of resources for safety management, 

ensuring that critical areas receive the necessary attention. In a large industrial complex, AI can prioritize safety 

inspections and maintenance activities based on risk assessments, enhancing overall safety management 

efficiency.  AI enables the implementation of proactive safety measures by predicting potential hazards and 

suggesting preventive actions. For instance, in a power plant, AI might recommend shutting down specific 

machinery during extreme weather conditions to prevent accidents(Wilczek et al., 2018; Mtibaà et al., 2018; 

Wang et al., 2018; Misra et al., 2022; Ab Rahim et al., 2024; Abedsoltan, Abedsoltan and Zoghi, 2024; 

Agapiou, 2024; Chuka Anthony Arinze et al., 2024; Graepel, 2024; Taiwo et al., 2024; Tang et al., 2024). 

1.9.7 Real-Time Monitoring and Response: AI systems provide continuous monitoring of industrial 

environments, ensuring that safety conditions are constantly assessed. In an oil and gas facility, AI-powered 

cameras and sensors can monitor for leaks, equipment malfunctions, and other hazards around the clock. AI 

integrates data from multiple sources (e.g., sensors, cameras, IoT devices) to provide a holistic view of safety 

conditions. This integration allows for comprehensive monitoring and quick identification of potential risks. 
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1.9.8 Immediate Alerts and Responses: When a potential hazard is detected, AI systems generate immediate 

alerts to inform relevant personnel. In a manufacturing plant, an AI system might detect an overheated machine 

and send an instant alert to the maintenance team, preventing potential accidents. In critical situations, AI can 

trigger automated safety protocols, such as shutting down machinery, activating fire suppression systems, or 

initiating evacuation procedures. This rapid response capability minimizes the impact of hazardous events and 

protects workers. 

1.9.9 Enhanced Decision-Making: AI provides decision support by analyzing data and presenting actionable 

insights to safety managers. For example, in a chemical plant, an AI system might analyze real-time data on 

chemical reactions and recommend adjustments to prevent dangerous conditions.AI systems enhance situational 

awareness by providing real-time updates on safety conditions and potential risks. In an emergency, AI can 

provide first responders with critical information, such as the location of hazards and the safest evacuation 

routes. 

AI technologies offer significant benefits for industrial safety by improving hazard detection and prevention, 

enhancing the efficiency of safety protocols, and enabling real-time monitoring and response. These 

advancements lead to safer working environments, reduced accident rates, and improved operational efficiency, 

making AI an invaluable tool for modern industrial safety management(Barsude et al., no date; Klamerth et al., 

2013; Biswas et al., 2018; Choudhary et al., 2023; Maheronnaghsh et al., 2023; Oladiran Kayode Olajiga et al., 

2024; Rabbi and Jeelani, 2024; Shah and Mishra, 2024; Tang, 2024; Zhou et al., 2024). 

1.10 Challenges and Limitations of AI in Industrial Safety 

Despite the numerous benefits AI offers for enhancing industrial safety, there are several challenges and 

limitations that organizations must address to fully leverage AI technologies. These challenges include data 

privacy and security concerns, integration with existing systems, and cost and implementation barriers. 

I.Data Collection and Storage: AI systems often require extensive data collection, which can include personal 

information about employees, such as their location, health status, and behavior. Ensuring the privacy of this 

data is paramount to prevent misuse or unauthorized access. Industrial operations generate sensitive data that 

can include trade secrets, proprietary processes, and detailed information about equipment performance. 

Protecting this data from cyber threats is critical to maintaining competitive advantage and operational 

integrity. 

II.Regulatory Compliance: Organizations must comply with various data protection regulations, such as the 

General Data Protection Regulation (GDPR) in Europe or the California Consumer Privacy Act (CCPA) in the 

United States. These laws impose stringent requirements on how personal data is collected, stored, and used. 

Different industries have specific regulations governing data use and privacy. For instance, the healthcare 

industry must comply with the Health Insurance Portability and Accountability Act (HIPAA), which sets 

standards for protecting patient information. Similar regulations exist in other sectors, posing additional 

compliance challenges. 

III.Cybersecurity Threats: AI systems can be targeted by cyber-attacks aiming to steal or manipulate data. Data 

breaches can lead to significant financial losses, legal repercussions, and damage to an organization’s 

reputation. The integration of AI systems with existing industrial control systems can introduce new 

vulnerabilities. Ensuring robust cybersecurity measures are in place to protect against hacking, malware, and 

other cyber threats is essential for maintaining system integrity and safety. 

IV.Integration with Existing Systems Compatibility Issues: Many industrial facilities operate legacy systems 

that may not be compatible with modern AI technologies. Integrating AI with these older systems can be 

challenging and may require significant modifications or upgrades. Ensuring that AI systems can seamlessly 

communicate and operate with existing hardware and software is crucial for effective implementation. This 

often involves developing custom interfaces and protocols to enable smooth data exchange and system 

coordination. 

V.Data Integration: Industrial operations often generate data from multiple, disparate sources. Integrating this 

data into a unified AI system requires overcoming data silos, standardizing data formats, and ensuring data 
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quality and consistency. AI systems need access to real-time data to provide timely insights and responses. 

Ensuring that data is collected, processed, and analyzed in real-time can be technically challenging, especially 

in large-scale operations with numerous data streams. 

VI.Organizational Resistance: Implementing AI systems often requires changes to established workflows and 

processes. Employees may resist these changes due to concerns about job security, lack of understanding, or 

fear of new technology. Successfully integrating AI systems requires a workforce skilled in AI and data 

analytics. Providing training and upskilling opportunities for employees is essential for smooth integration and 

effective use of AI technologies. 

VII.Cost and Implementation Barriers: Initial Investment: The initial cost of implementing AI systems can be 

significant. This includes purchasing hardware, software, and sensors, as well as costs associated with system 

integration, customization, and training. Justifying the initial investment can be challenging due to uncertainty 

about the return on investment (ROI). Organizations may be hesitant to invest in AI technologies without clear 

evidence of the potential benefits and cost savings. 

VIII.Ongoing Maintenance and Upgrades: AI systems require ongoing maintenance to ensure they continue to 

operate effectively. This includes updating software, calibrating sensors, and addressing any technical issues 

that arise. AI models need to be regularly updated and retrained with new data to maintain accuracy and 

relevance. This requires ongoing investment in data collection, processing, and model development. 

IX.Scalability: Implementing AI across large, complex industrial operations can be challenging. Ensuring that AI 

systems scale effectively to handle increased data volume, processing demands, and operational complexity is 

crucial for maximizing their impact. The costs associated with scaling AI systems can be substantial. 

Organizations need to carefully plan and budget for the expansion of AI capabilities to ensure sustainable 

implementation. 

X.While AI offers significant benefits for enhancing industrial safety, organizations must address various 

challenges and limitations to fully leverage its potential. Data privacy and security concerns, integration with 

existing systems, and cost and implementation barriers are critical issues that need to be managed effectively. 

By addressing these challenges, organizations can successfully implement AI technologies to improve safety, 

efficiency, and overall operational performance(Lee and Park, 2013; Mao et al., 2019; Pan and Zhang, 2021; 

Wang et al., 2021, 2021; Koroteev and Tekic, 2021; Kumar et al., 2021; Xu et al., 2022; Liu et al., 2023; 

Nasim et al., 2023; Waqar et al., 2023; Fisher et al., 2023; Camacho et al., 2024; Chuka Anthony Arinze et 

al., 2024; Shah and Mishra, 2024; Tang et al., 2024; Egwim et al., 2024; Faisal Ghazi Bishaw, 2024; Kaarlela 

et al., 2024; Kalogiannidis et al., 2024; Kariya, 2024). 

1.11 Future Trends in AI-Driven Industrial Safety 

The future of AI-driven industrial safety is poised for significant advancements, increasing adoption across 

various industries, and evolving regulatory and ethical considerations. These trends will shape how AI 

technologies are integrated into industrial safety practices, enhancing their effectiveness and addressing 

emerging challenges. Advances in machine learning algorithms will enhance the accuracy and reliability of 

predictive maintenance and hazard detection. More sophisticated models, such as deep learning and 

reinforcement learning, will provide better insights into complex industrial processes and potential risks. Future 

AI systems will be capable of real-time learning, continuously updating and refining their models based on new 

data. This will enable more dynamic and adaptive safety measures, allowing for immediate responses to 

changing conditions. 

a) Integration of AI with Emerging Technologies: The integration of AI with Internet of Things (IoT) will 

enable more comprehensive and granular monitoring of industrial environments. Smart sensors and connected 

devices will provide continuous streams of data, which AI systems can analyze to detect anomalies and predict 

failures with greater precision. Edge computing will allow AI processing to occur closer to the data source, 

reducing latency and enabling faster decision-making. This will be particularly beneficial for real-time safety 

applications, where immediate responses are critical. 
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b) Advanced Computer Vision: Advances in computer vision will improve the ability of AI systems to 

recognize and interpret visual data. Enhanced object detection, facial recognition, and gesture analysis will 

enable more precise monitoring of safety compliance and hazard detection. The use of 3D imaging and LiDAR 

(Light Detection and Ranging) technology will provide more detailed and accurate representations of industrial 

environments. This will enhance the ability to monitor complex spaces, detect potential hazards, and ensure 

worker safety. 

c) Natural Language Processing (NLP) and Conversational AI: Future NLP technologies will offer more 

sophisticated tools for incident reporting and analysis. AI systems will be able to understand and interpret 

complex incident narratives, extracting valuable insights and trends from unstructured text data. AI-driven 

chatbots and virtual assistants will facilitate more efficient communication and reporting of safety issues. 

Workers will be able to interact with AI systems using natural language, making it easier to report hazards, 

receive safety instructions, and access emergency information(Abedsoltan, Abedsoltan and Zoghi, 2024; Tang et 

al., 2024)(Diya’uddeen et al., 2015; Waqar et al., 2023; Agarwal et al., 2023; Fisher et al., 2023; Liu et al., 

2023; Nasim et al., 2023; Ab Rahim et al., 2024; Abedsoltan, Abedsoltan and Zoghi, 2024; Shah and Mishra, 

2024; Tang et al., 2024; Camacho et al., 2024; Dodoo et al., 2024; Graepel, 2024). 

d) Increasing Adoption Across Industries: Wider Industry Applications: AI adoption in manufacturing will 

continue to grow, with applications ranging from predictive maintenance and quality control to safety 

compliance and operational optimization. AI-driven systems will enhance productivity and safety by identifying 

potential issues before they escalate. The oil and gas industry will increasingly rely on AI for monitoring and 

managing complex operations. AI will play a critical role in ensuring the safety of high-risk activities, such as 

drilling and pipeline management, by predicting equipment failures and detecting hazardous conditions. AI 

technologies will become more prevalent in construction, improving site safety through real-time monitoring, 

hazard detection, and predictive analytics. AI-driven systems will help manage the dynamic and often hazardous 

construction environment, reducing the risk of accidents and injuries. 

e) Adoption in Emerging Sectors: The renewable energy sector will leverage AI to enhance the safety and 

efficiency of operations, such as wind farms and solar power plants. AI will help monitor equipment 

performance, predict maintenance needs, and ensure safe operating conditions. In healthcare and 

pharmaceuticals, AI will improve safety protocols and compliance in laboratory environments and 

manufacturing processes. AI-driven systems will enhance the monitoring of hazardous materials and ensure 

adherence to strict safety standards. 

f) Small and Medium Enterprises (SMEs): As AI technologies become more affordable and accessible, 

small and medium-sized enterprises (SMEs) will increasingly adopt AI-driven safety solutions. Scalable AI 

tools will enable SMEs to enhance their safety protocols without the need for significant investments(Perathoner 

and Centi, 2005; Segneanu et al., 2013; Diya’uddeen et al., 2015; ‘Ultraviolet Radiated Integrated Fenton 

Oxidation Hybrid Process for Treating Recalcitrant Textile Wastewater Archina Buthiyappan Faculty of 

Engineering’, 2016; Ni et al., 2018; Qiao et al., 2018; Singh et al., 2018; Chowdhary, Raj and Bharagava, 2018; 

Wang, Jin and Xu, 2019; Mazzei and Ramjattan, 2022; Liu et al., 2023; Nasim et al., 2023; Waqar et al., 2023; 

Agarwal et al., 2023; Fisher et al., 2023; Ab Rahim et al., 2024; Shah and Mishra, 2024; Tang et al., 2024; 

Abedsoltan, Abedsoltan and Zoghi, 2024; Camacho et al., 2024; Dodoo et al., 2024; Graepel, 2024). 

g) Regulatory and Ethical Considerations: Evolving Regulatory Frameworks :Regulatory bodies will 

develop new standards and guidelines for the use of AI in industrial safety. These standards will address the 

implementation, monitoring, and reporting of AI-driven safety measures to ensure they meet acceptable safety 

and ethical standards. Industries will face new compliance requirements related to AI systems, including data 

privacy, transparency, and accountability. Organizations will need to demonstrate that their AI systems are 

secure, reliable, and compliant with relevant regulations. 

h) Ethical AI Practices: Ethical considerations will drive the need for transparent and explainable AI systems. 

Organizations will be required to ensure that their AI models are understandable and that their decision-making 

processes can be clearly explained to stakeholders. Addressing bias and ensuring fairness in AI algorithms will 

be critical. Organizations will need to implement measures to detect and mitigate bias in AI systems, ensuring 

that safety measures are applied equitably across all worker demographics. 
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i) Data Privacy and Security: As AI systems rely on large volumes of data, ensuring data privacy and 

security will be paramount. Organizations will need to implement robust cybersecurity measures to protect 

sensitive information and comply with data protection regulations. Ethical considerations around data usage will 

require organizations to obtain informed consent from workers and ensure that data is used responsibly. This 

includes transparency about how data is collected, stored, and used for safety purposes. 

j) Workforce Impact and Training: The increasing adoption of AI may raise concerns about job 

displacement. Organizations will need to address these concerns by focusing on retraining and upskilling 

workers to work alongside AI technologies. As AI technologies evolve, continuous learning and adaptation will 

be essential. Organizations will need to invest in ongoing training programs to keep their workforce updated on 

the latest AI tools and safety protocols. 

k) The future of AI-driven industrial safety will be shaped by advances in AI technologies, increasing adoption 

across various industries, and evolving regulatory and ethical considerations. These trends will enhance the 

effectiveness of AI in improving safety and risk management while addressing the challenges and limitations 

associated with its implementation. By staying abreast of these trends, organizations can leverage AI to create 

safer, more efficient industrial environments(Liladhar, Saurabh and Jayesh, no date; Choudhary et al., 2023; 

Hartung, 2023; Abedsoltan, Abedsoltan and Zoghi, 2024; Camacho et al., 2024; Tang et al., 2024; Windmann et 

al., 2024; Chuka Anthony Arinze et al., 2024; Enoch Oluwademilade Sodiya et al., 2024; Faisal Ghazi Bishaw, 

2024; Graepel, 2024; Salehi, 2024). 

1.10 Future Research Directions 

To further enhance the role of AI in industrial safety, future research should focus on the following areas: 

I.Advanced Predictive Analytics: Research should aim at developing more advanced machine learning and 

deep learning algorithms that can provide even more accurate predictions and insights. Explore methods to 

improve real-time data processing capabilities, enabling faster and more accurate hazard detection and 

response. 

II.Integration with Emerging Technologies: Investigate the integration of AI with IoT and edge computing 

to enhance real-time monitoring and decision-making capabilities. Augmented Reality (AR) and Virtual 

Reality (VR): Explore the use of AR and VR technologies to provide immersive safety training and real-time 

hazard visualization for workers. 

III.Ethical AI Development: Develop techniques to detect and mitigate biases in AI algorithms, ensuring fair 

and equitable application of safety measures. Research methods to improve the transparency and 

explainability of AI systems, making them more understandable and trustworthy for users. 

IV.Human-AI Collaboration: Focus on designing AI systems that are user-friendly and enhance human-AI 

collaboration. Research should explore ways to improve the interaction between human workers and AI 

technologies. Study the impact of AI-driven safety measures on human behavior and develop strategies to 

encourage safe practices through positive reinforcement and behavioral insights. 

1.11 Conclusion and Recommendations 

The integration of Artificial Intelligence (AI) into industrial safety protocols marks a significant advancement in 

the way industries approach hazard detection, risk management, and overall safety. As AI technologies continue 

to evolve, their impact on industrial safety will become even more profound, offering enhanced predictive 

capabilities, real-time monitoring, and comprehensive hazard prevention measures. 

AI has revolutionized industrial safety by providing tools and technologies that significantly improve hazard 

detection, risk assessment, and incident prevention. Key impacts include: 

I.Enhanced Predictive Maintenance: Machine learning algorithms enable the prediction of equipment 

failures and maintenance needs, preventing accidents and reducing downtime. 

II.Improved Hazard Detection: Advanced computer vision and IoT integration facilitate real-time monitoring 

and detection of unsafe practices and environmental hazards. 
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III.Efficient Incident Reporting: Natural Language Processing (NLP) streamlines incident reporting and 

analysis, ensuring accurate and timely documentation of safety issues. 

IV.Real-Time Monitoring and Response: AI systems offer continuous, real-time monitoring of industrial 

environments, allowing for immediate responses to potential hazards and emergencies. 

These advancements contribute to safer working environments, reduced operational risks, and increased 

efficiency in safety protocols. To fully leverage the benefits of AI in industrial safety, organizations should 

consider the following recommendations: 

Develop a Clear AI Strategy [Assessment and Planning]: Conduct a thorough assessment of current safety 

protocols and identify areas where AI can provide the most significant impact. Develop a strategic plan that 

outlines the integration of AI technologies into existing systems. 

Stakeholder Involvement: Engage stakeholders from different departments, including safety, IT, and 

operations, to ensure a comprehensive approach to AI implementation. 

Ensure Data Quality and Integration [Data Management]: Invest in robust data management practices to 

ensure the quality, accuracy, and consistency of data used by AI systems. Address data silos and standardize 

data formats for seamless integration. 

Interoperability: Ensure AI systems are compatible with existing industrial control systems and other 

technologies to facilitate smooth data exchange and system coordination. 

Focus on Training and Skill Development [Employee Training]: Provide training and upskilling 

opportunities for employees to work effectively with AI technologies. Emphasize the importance of 

understanding AI systems and their role in enhancing safety. 

Change Management: Implement change management strategies to address resistance to new technologies and 

ensure a smooth transition to AI-driven safety protocols. 

Address Ethical and Regulatory Considerations [Compliance and Transparency]: Adhere to relevant data 

protection regulations and ensure transparency in AI operations. Develop clear policies for data usage, privacy, 

and security. 

Ethical Practices: Implement measures to detect and mitigate biases in AI algorithms. Ensure that AI systems 

are fair and equitable in their application of safety measures. 

Invest in Continuous Improvement [Ongoing Evaluation]: Regularly evaluate the performance of AI 

systems and make necessary adjustments to improve their effectiveness. Stay updated with the latest 

advancements in AI technologies and incorporate them into safety protocols. 

Feedback Mechanisms: Establish feedback mechanisms to gather input from employees and stakeholders on 

the effectiveness of AI-driven safety measures. Use this feedback to drive continuous improvement. 

In conclusion, AI holds tremendous potential to revolutionize industrial safety, offering advanced tools and 

technologies that enhance hazard detection, risk assessment, and incident prevention. By following strategic 

implementation recommendations and focusing on continuous improvement and ethical considerations, 

organizations can fully harness the power of AI to create safer and more efficient industrial environments. 

Future research should continue to push the boundaries of AI capabilities, ensuring that AI-driven safety 

measures are effective, equitable, and aligned with the evolving needs of the industrial landscape. 

Acknowledgment 

This work was financially supported by the science and technology plan project of Yulin City (2023KJXX02 

and 2023KLXX03), and doctoral research start-up fund project of Yulin University (2023GK79, 20GK04); 

Yulin City Foreign Talent Project (Grant No.1506-2023KJZG02), Education Department of Shaanxi Province 

(Grant No. 21JK1003). 

Reference 

1. Ab Rahim, M.S. et al. (2024) ‘Risk assessment methods for process safety, process security and resilience in the 



J. Electrical Systems 20-03 (2024): 5805-5824 

 

5820 

chemical process industry: A thorough literature review’, Journal of Loss Prevention in the Process Industries, 

88(February), p. 105274. Available at: https://doi.org/10.1016/j.jlp.2024.105274. 

2. Abedsoltan, H., Abedsoltan, A. and Zoghi, Z. (2024) ‘Future of process safety: Insights, approaches, and potential 

developments’, Process Safety and Environmental Protection, 185(March), pp. 684–707. Available at: 

https://doi.org/10.1016/j.psep.2024.03.034. 

3. Abioye, S.O. et al. (2021) ‘Artificial intelligence in the construction industry : A review of present status , 

opportunities and future challenges’, Journal of Building Engineering, 44(August), p. 103299. Available at: 

https://doi.org/10.1016/j.jobe.2021.103299. 

4. Afzal, F. et al. (2021) ‘A review of artificial intelligence based risk assessment methods for capturing complexity-risk 

interdependencies: Cost overrun in construction projects’, International Journal of Managing Projects in Business, 

14(2), pp. 300–328. Available at: https://doi.org/10.1108/IJMPB-02-2019-0047. 

5. Agapiou, A. (2024) ‘A Systematic Review of the Socio-Legal Dimensions of Responsible AI and Its Role in 

Improving Health and Safety in Construction’, Buildings, 14(5). Available at: 

https://doi.org/10.3390/buildings14051469. 

6. Agarwal, A. et al. (2023) ‘Food Packaging Materials with Special Reference to Biopolymers-Properties and 

Applications’, Chemistry Africa, 6(1), pp. 117–144. Available at: https://doi.org/10.1007/s42250-022-00446-w. 

7. Ångström, C. (2019) ‘artificial intelligence’. 

8. Barsude, S. et al. (no date) ‘Real-Time Gas Monitoring and Anomaly Detection in Petroleum Industry Using IoT and 

Machine Learning’. 

9. Benjamens, S., Dhunnoo, P. and Meskó, B. (2020) ‘The state of artificial intelligence-based FDA-approved medical 

devices and algorithms: an online database’, npj Digital Medicine, 3(1), pp. 1–8. Available at: 

https://doi.org/10.1038/s41746-020-00324-0. 

10. Bertolini, M. et al. (2021) ‘Machine Learning for industrial applications: A comprehensive literature review’, Expert 

Systems with Applications, 175(March), p. 114820. Available at: https://doi.org/10.1016/j.eswa.2021.114820. 

11. Biswas, S. et al. (2018) ‘Selective sensing of lysosomal iron(III) via three-component fluorescence-based strategy in 

living cells’, Sensors and Actuators, B: Chemical, 260, pp. 460–464. Available at: 

https://doi.org/10.1016/j.snb.2018.01.011. 

12. Blissett, R.S. and Rowson, N.A. (2012) ‘Review article A review of the multi-component utilisation of coal fly ash’, 

Fuel, 97, pp. 1–23. Available at: https://doi.org/10.1016/j.fuel.2012.03.024. 

13. Camacho, J. de J. et al. (2024) ‘Artificial intelligence (AI) technology assisted emergency management in oil 

industry’, Automation in Construction, 3(1), p. 103517. Available at: https://doi.org/10.1088/1742-

6596/2025/1/012017. 

14. Choudhary, C. et al. (2023) ‘Legal and Ethical Dimensions of AI Applications in Environmental Monitoring and 

Conservation’, International Journal of Advanced Research in Science, Communication and Technology (IJARSCT) 

International Open-Access, Double-Blind, Peer-Reviewed, Refereed, Multidisciplinary Online Journal, 3(2), pp. 8–16. 

Available at: www.ijarsct.co.in. 

15. Chowdhary, P., Raj, A. and Bharagava, R.N. (2018) ‘Environmental pollution and health hazards from distillery 

wastewater and treatment approaches to combat the environmental threats: A review’, Chemosphere, 194, pp. 229–

246. Available at: https://doi.org/10.1016/j.chemosphere.2017.11.163. 

16. Chuka Anthony Arinze et al. (2024) ‘Integrating artificial intelligence into engineering processes for improved 

efficiency and safety in oil and gas operations’, Open Access Research Journal of Engineering and Technology, 6(1), 

pp. 039–051. Available at: https://doi.org/10.53022/oarjet.2024.6.1.0012. 

17. Cretaceous, L. et al. (2018) ‘Abstracts’, Fuel and Energy Abstracts, 59(4), pp. 312–409. Available at: 

https://doi.org/10.1016/j.fueleneab.2018.06.002. 

18. Datta, S. et al. (2023) ‘A Comprehensive Review of the Application of Machine Learning in Fabrication and 

Implementation of Photovoltaic Systems’, IEEE Access, 11(June), pp. 77750–77778. Available at: 

https://doi.org/10.1109/ACCESS.2023.3298542. 

19. Diya’uddeen, B.H. et al. (2015) ‘Fenton oxidative treatment of petroleum refinery wastewater: process optimization 

and sludge characterization’, RSC Advances, 5(83), pp. 68159–68168. Available at: 

https://doi.org/10.1039/c5ra08079g. 

20. Dodoo, J.E. et al. (2024) ‘Digital Innovations for Occupational Safety: Empowering Workers in Hazardous 

Environments’, Workplace Health and Safety, 72(3), pp. 84–95. Available at: 

https://doi.org/10.1177/21650799231215811. 

21. Egwim, C.N. et al. (2024) ‘Artificial Intelligence in the Construction Industry: A Systematic Review of the Entire 

Construction Value Chain Lifecycle’, Energies, 17(1), pp. 1–21. Available at: https://doi.org/10.3390/en17010182. 

22. Enoch Oluwademilade Sodiya et al. (2024) ‘AI-driven warehouse automation: A comprehensive review of systems’, 

GSC Advanced Research and Reviews, 18(2), pp. 272–282. Available at: 

https://doi.org/10.30574/gscarr.2024.18.2.0063. 



J. Electrical Systems 20-03 (2024): 5805-5824 

 

5821 

23. Entezari, A. et al. (2023) ‘Artificial intelligence and machine learning in energy systems: A bibliographic perspective’, 

Energy Strategy Reviews, 45(November 2022), p. 101017. Available at: https://doi.org/10.1016/j.esr.2022.101017. 

24. Faisal Ghazi Bishaw (2024) ‘Review Artificial Intelligence Applications in Renewable Energy Systems Integration’, 

Journal of Electrical Systems, 20(3), pp. 566–582. Available at: https://doi.org/10.52783/jes.2983. 

25. Fan, M. et al. (2018) ‘A review on experimental design for pollutants removal in water treatment with the aid of 

artificial intelligence’, Chemosphere, 200, pp. 330–343. Available at: 

https://doi.org/10.1016/j.chemosphere.2018.02.111. 

26. Fisher, E. et al. (2023) ‘Occupational Safety and Health Equity Impacts of Artificial Intelligence: A Scoping Review’, 

International Journal of Environmental Research and Public Health, 20(13). Available at: 

https://doi.org/10.3390/ijerph20136221. 

27. Frankó, A. et al. (2022) ‘Applied Machine Learning for IIoT and Smart Production—Methods to Improve Production 

Quality, Safety and Sustainability’, Sensors, 22(23). Available at: https://doi.org/10.3390/s22239148. 

28. Gmbh, S.B.H. (no date) No Title. 

29. Gounder, P.S. et al. (2023) ‘Artificial Intelligence in Pharmaceutical Healthcare’, Artificial Intelligence in 

Pharmaceutical Sciences, pp. 74–95. Available at: https://doi.org/10.1201/9781003343981-6. 

30. Graepel, T. (2024) ‘Innovative Approaches to Safety and Sustainable Development : Knowledge Management in 

Society 5 . 0 with IoT Integration’, (May). Available at: https://doi.org/10.13140/RG.2.2.24759.12961. 

31. Guo, K. and Buehler, M.J. (2021) ‘Materials Horizons Artificial intelligence and machine learning in design of 

mechanical materials’, pp. 1153–1172. Available at: https://doi.org/10.1039/d0mh01451f. 

32. Han, Y. et al. (2018) ‘Chlorination, chloramination and ozonation of carbamazepine enhance cytotoxicity and 

genotoxicity: Multi-endpoint evaluation and identification of its genotoxic transformation products’, Journal of 

Hazardous Materials, 342, pp. 679–688. Available at: https://doi.org/10.1016/j.jhazmat.2017.08.076. 

33. Hartung, T. (2023) ‘Artificial intelligence as the new frontier in chemical risk assessment’, Frontiers in Artificial 

Intelligence, 6(October), pp. 1–4. Available at: https://doi.org/10.3389/frai.2023.1269932. 

34. Hire, S. et al. (2022) ‘AI-driven safety checks for ladders used on construction sites’, IOP Conference Series: Earth 

and Environmental Science, 1101(9). Available at: https://doi.org/10.1088/1755-1315/1101/9/092040. 

35. Ho, K. and Tang, D. (2024) ‘Artificial Intelligence in Occupational Health and Safety Risk Management of 

Construction , Mining , and Oil and Gas Sectors : Advances and Prospects’, 26(6), pp. 241–253. 

36. Ivanova, S. et al. (2023) ‘Artificial Intelligence Methods for the Construction and Management of Buildings’, Sensors 

(Basel, Switzerland), 23(21). Available at: https://doi.org/10.3390/s23218740. 

37. Kaarlela, T. et al. (2024) ‘Robotised processing of electric vehicle batteries: A systematic literature review’, 

74(February), pp. 901–921. 

38. Kalogiannidis, S. et al. (2024) ‘The Role of Artificial Intelligence Technology in Predictive Risk Assessment for 

Business Continuity: A Case Study of Greece’, Risks, 12(2). Available at: https://doi.org/10.3390/risks12020019. 

39. Kariya, P.C. (2024) ‘Opportunities for Artificial Intelligence to Enhance Food Safety’, 1(April), pp. 32–36. 

40. Khan, S.A. et al. (2018) ‘Albizia chevalier based Ag nanoparticles: Anti-proliferation, bactericidal and pollutants 

degradation performance’, Journal of Photochemistry and Photobiology B: Biology, 182(March), pp. 62–70. Available 

at: https://doi.org/10.1016/j.jphotobiol.2018.03.020. 

41. Kim, J., Wang, I. and Yu, J. (2024) ‘Experimental Study on Using Synthetic Images as a Portion of Training Dataset 

for Object Recognition in Construction Site’, Buildings, 14(5), p. 1454. Available at: 

https://doi.org/10.3390/buildings14051454. 

42. Klamerth, N. et al. (2013) ‘Photo-Fenton and modified photo-Fenton at neutral pH for the treatment of emerging 

contaminants in wastewater treatment plant effluents: A comparison’, Water Research, 47(2), pp. 833–840. Available 

at: https://doi.org/10.1016/j.watres.2012.11.008. 

43. Kleinstreuer, N.C. et al. (2016) ‘Adverse outcome pathways: From research to regulation scientific workshop report’, 

Regulatory Toxicology and Pharmacology, 76, pp. 39–50. Available at: https://doi.org/10.1016/j.yrtph.2016.01.007. 

44. Korke, P. et al. (2023) ‘Role of Artificial Intelligence in Construction Project Management’, E3S Web of Conferences, 

405, pp. 1–15. Available at: https://doi.org/10.1051/e3sconf/202340504012. 

45. Koroteev, D. and Tekic, Z. (2021) ‘Artificial intelligence in oil and gas upstream: Trends, challenges, and scenarios for 

the future’, Energy and AI, 3, p. 100041. Available at: https://doi.org/10.1016/j.egyai.2020.100041. 

46. Kumar, I. et al. (2021) ‘Opportunities of Artificial Intelligence and Machine Learning in the Food Industry’, Journal of 

Food Quality, 2021. Available at: https://doi.org/10.1155/2021/4535567. 

47. Lee, S.Y. and Park, S.J. (2013) ‘TiO2photocatalyst for water treatment applications’, Journal of Industrial and 

Engineering Chemistry, 19(6), pp. 1761–1769. Available at: https://doi.org/10.1016/j.jiec.2013.07.012. 

48. Liao, X. et al. (2018) ‘Combating Staphylococcus aureus and its methicillin resistance gene (mecA) with cold plasma’, 

Science of the Total Environment, 645, pp. 1287–1295. Available at: https://doi.org/10.1016/j.scitotenv.2018.07.190. 

49. Liladhar, N., Saurabh, R. and Jayesh, P.C. (no date) ‘Artificial intelligence driven approaches to strengthening 

Environmental , Social , and Governance ( ESG ) criteria in sustainable business practices : a review’, pp. 22–24. 



J. Electrical Systems 20-03 (2024): 5805-5824 

 

5822 

50. Lilienfeld, S.O. (2021) ‘Abstract Context’, (2022), pp. 2–4. 

51. Liu, Z. et al. (2023) ‘Artificial Intelligence in Food Safety: A Decade Review and Bibliometric Analysis’, Foods, 

12(6). Available at: https://doi.org/10.3390/foods12061242. 

52. Lu, M. et al. (2023) ‘Artificial Intelligence in Pharmaceutical Sciences’, Engineering, 27, pp. 37–69. Available at: 

https://doi.org/10.1016/j.eng.2023.01.014. 

53. Luu, R.K. and Buehler, M.J. (2023) ‘Materials Informatics Tools in the Context of Bio-Inspired Material Mechanics’, 

Journal of Applied Mechanics, Transactions ASME, 90(8). Available at: https://doi.org/10.1115/1.4062310. 

54. Maheronnaghsh, S. et al. (2023) ‘Machine learning in Occupational Safety and Health - a systematic review’, 

International Journal of Occupational and Environmental Safety, 7(1), pp. 14–32. Available at: 

https://doi.org/10.24840/2184-0954_007-001_001586. 

55. Makanadar, A. and Shahane, S. (2023) ‘Smart Mobility and Cities 2.0: Advancing Urban Transportation Planning 

through Artificial Intelligence and Machine Learning’, pp. 0–3. 

56. Mao, S. et al. (2019) ‘Opportunities and Challenges of Artificial Intelligence for Green Manufacturing in the Process 

Industry’, Engineering, 5(6), pp. 995–1002. Available at: https://doi.org/10.1016/j.eng.2019.08.013. 

57. Mazzei, D. and Ramjattan, R. (2022) ‘Machine Learning for Industry 4.0: A Systematic Review Using Deep Learning-

Based Topic Modelling’, Sensors, 22(22). Available at: https://doi.org/10.3390/s22228641. 

58. McQuillan, R. V., Stevens, G.W. and Mumford, K.A. (2018) ‘The electrochemical regeneration of granular activated 

carbons: A review’, Journal of Hazardous Materials, 355(January), pp. 34–49. Available at: 

https://doi.org/10.1016/j.jhazmat.2018.04.079. 

59. Misra, S. et al. (2022) ‘Industrial Internet of Things for Safety Management Applications: A Survey’, IEEE Access, 

10(July), pp. 83415–83439. Available at: https://doi.org/10.1109/ACCESS.2022.3194166. 

60. Mohapatra, B. et al. (2020) ‘Since January 2020 Elsevier has created a COVID-19 resource centre with free 

information in English and Mandarin on the novel coronavirus COVID- 19 . The COVID-19 resource centre is hosted 

on Elsevier Connect , the company ’ s public news and information ’, (January). 

61. Mtibaà, R. et al. (2018) ‘Degradation of bisphenol A and acute toxicity reduction by different thermo-tolerant 

ascomycete strains isolated from arid soils’, Ecotoxicology and Environmental Safety, 156(March), pp. 87–96. 

Available at: https://doi.org/10.1016/j.ecoenv.2018.02.077. 

62. Mu, W. et al. (2024) ‘Making food systems more resilient to food safety risks by including artificial intelligence, big 

data, and internet of things into food safety early warning and emerging risk identification tools’, Comprehensive 

Reviews in Food Science and Food Safety, 23(1), pp. 1–18. Available at: https://doi.org/10.1111/1541-4337.13296. 

63. Nasim, S.F. et al. (2023) ‘Implementation of AI in Traffic Management: Need, Current Techniques and Challenges’, 

Pakistan Journal of Scientific Research, 3(1), pp. 20–25. Available at: https://doi.org/10.57041/pjosr.v3i1.942. 

64. Ni, Q. et al. (2018) ‘Spinel-type cobalt-manganese oxide catalyst for degradation of Orange II using a novel 

heterogeneous photo-chemical catalysis system’, Ceramics International, (June), pp. 0–1. Available at: 

https://doi.org/10.1016/j.ceramint.2018.07.184. 

65. Niu, H. et al. (2018) ‘Continuous generation of hydroxyl radicals for highly efficient elimination of chlorophenols and 

phenols catalyzed by heterogeneous Fenton-like catalysts yolk/shell Pd@Fe3O4@metal organic frameworks’, Journal 

of Hazardous Materials, 346(December 2017), pp. 174–183. Available at: 

https://doi.org/10.1016/j.jhazmat.2017.12.027. 

66. Nzubechukwu Chukwudum Ohalete et al. (2023) ‘AI-driven solutions in renewable energy: A review of data science 

applications in solar and wind energy optimization’, World Journal of Advanced Research and Reviews, 20(3), pp. 

401–417. Available at: https://doi.org/10.30574/wjarr.2023.20.3.2433. 

67. Oladiran Kayode Olajiga et al. (2024) ‘Intelligent Monitoring Systems in Manufacturing: Current State and Future 

Perspectives’, Engineering Science & Technology Journal, 5(3), pp. 750–759. Available at: 

https://doi.org/10.51594/estj.v5i3.870. 

68. Ördek, B., Borgianni, Y. and Coatanea, E. (2024) ‘Machine learning-supported manufacturing: a review and directions 

for future research’, Production and Manufacturing Research, 12(1). Available at: 

https://doi.org/10.1080/21693277.2024.2326526. 

69. Pan, Y. and Zhang, L. (2021) ‘Roles of artificial intelligence in construction engineering and management: A critical 

review and future trends’, Automation in Construction, 122(August 2020), p. 103517. Available at: 

https://doi.org/10.1016/j.autcon.2020.103517. 

70. Perathoner, S. and Centi, G. (2005) ‘Wet hydrogen peroxide catalytic oxidation ( WHPCO ) of organic waste in agro-

food and industrial streams’, 33(April). Available at: https://doi.org/10.1007/s11244-005-2529-x. 

71. Peres, R.S. et al. (2020) ‘Industrial Artificial Intelligence in Industry 4.0 -Systematic Review, Challenges and 

Outlook’, IEEE Access [Preprint], (December). Available at: https://doi.org/10.1109/ACCESS.2020.3042874. 

72. Qiao, Q. et al. (2018) ‘Electrochemical oxidation of acid orange 7 dye with Ce, Nd, and Co-modified PbO2electrodes: 

Preparation, characterization, optimization, and mineralization’, Journal of the Taiwan Institute of Chemical 

Engineers, 84, pp. 110–122. Available at: https://doi.org/10.1016/j.jtice.2018.01.008. 



J. Electrical Systems 20-03 (2024): 5805-5824 

 

5823 

73. Rabbi, A.B.K. and Jeelani, I. (2024) ‘AI integration in construction safety: Current state, challenges, and future 

opportunities in text, vision, and audio based applications’, Automation in Construction, 164(November 2023), p. 

105443. Available at: https://doi.org/10.1016/j.autcon.2024.105443. 

74. Rawat, I. et al. (2011) ‘Dual role of microalgae : Phycoremediation of domestic wastewater and biomass production 

for sustainable biofuels production’, Applied Energy, 88(10), pp. 3411–3424. Available at: 

https://doi.org/10.1016/j.apenergy.2010.11.025. 

75. Reddy, C.N., Kumar, A.N. and Mohan, S.V. (2018) ‘Metabolic phasing of anoxic-PDBR for high rate treatment of azo 

dye wastewater’, Journal of Hazardous Materials, 343, pp. 49–58. Available at: 

https://doi.org/10.1016/j.jhazmat.2017.08.065. 

76. Regona, M. et al. (2024) ‘Artificial intelligence and sustainable development goals: Systematic literature review of the 

construction industry’, Sustainable Cities and Society, 108(December 2023), p. 105499. Available at: 

https://doi.org/10.1016/j.scs.2024.105499. 

77. Salehi, F. (2024) ‘The Transformative Role of Artificial Intelligence in the Healthcare Industry : The Transformative 

Role of Artificial Intelligence in the Healthcare Industry : A Comprehensive Analysis’, (May). 

78. Salem, A.M., Yakoot, M.S. and Mahmoud, O. (2022) ‘Addressing Diverse Petroleum Industry Problems Using 

Machine Learning Techniques: Literary Methodology─Spotlight on Predicting Well Integrity Failures’, ACS Omega, 

7(3), pp. 2504–2519. Available at: https://doi.org/10.1021/acsomega.1c05658. 

79. Segneanu, A.E. et al. (2013) ‘Waste Water Treatment Methods’. 

80. Shah, I.A. and Mishra, S.D. (2024) ‘Artificial intelligence in advancing occupational health and safety: an 

encapsulation of developments’, Journal of occupational health, 66(1). Available at: 

https://doi.org/10.1093/joccuh/uiad017. 

81. Singh, N.B. et al. (2018) ‘Water purification by using Adsorbents: A Review’, Environmental Technology and 

Innovation, 11, pp. 187–240. Available at: https://doi.org/10.1016/j.eti.2018.05.006. 

82. Stocks, N. (2016) ‘済無No Title No Title No Title’, pp. 1–23. 

83. Taiwo, O.R. et al. (2024) ‘Advancements in Predictive Microbiology: Integrating New Technologies for Efficient 

Food Safety Models’, International Journal of Microbiology, 2024, pp. 1–21. Available at: 

https://doi.org/10.1155/2024/6612162. 

84. Tang, D. et al. (2024) ‘AI-driven safety checks for ladders used on construction sites’, Automation in Construction, 

12(1), pp. 1–21. Available at: https://doi.org/10.1088/1755-1315/1101/9/092040. 

85. Tang, K.H.D. (2024) ‘Artificial Intelligence in Occupational Health and Safety Risk Management of Construction, 

Mining, and Oil and Gas Sectors: Advances and Prospects’, Journal of Engineering Research and Reports, 26(6), pp. 

241–253. Available at: https://doi.org/10.9734/jerr/2024/v26i61177. 

86. Tercan, H. and Meisen, T. (2022) ‘Machine learning and deep learning based predictive quality in manufacturing: a 

systematic review’, Journal of Intelligent Manufacturing, 33(7), pp. 1879–1905. Available at: 

https://doi.org/10.1007/s10845-022-01963-8. 

87. Trần, N.T. et al. (2021) ‘An overview of the application of machine learning in predictive maintenance’, Petrovietnam 

Journal, 10, pp. 47–61. Available at: https://doi.org/10.47800/pvj.2021.10-05. 

88. Trellu, C. et al. (2018) ‘Electro-oxidation of organic pollutants by reactive electrochemical membranes’, 

Chemosphere, 208, pp. 159–175. Available at: https://doi.org/10.1016/J.CHEMOSPHERE.2018.05.026. 

89. Ucar, A., Karakose, M. and Kırımça, N. (2024) ‘Artificial Intelligence for Predictive Maintenance Applications: Key 

Components, Trustworthiness, and Future Trends’, Applied Sciences (Switzerland), 14(2). Available at: 

https://doi.org/10.3390/app14020898. 

90. ‘Ultraviolet Radiated Integrated Fenton Oxidation Hybrid Process for Treating Recalcitrant Textile Wastewater 

Archina Buthiyappan Faculty of Engineering’ (2016). 

91. Vora, L.K. et al. (2023) Artificial Intelligence in Pharmaceutical Technology and Drug Delivery Design, 

Pharmaceutics. Available at: https://doi.org/10.3390/pharmaceutics15071916. 

92. Wang, L. et al. (2021) ‘Artificial intelligence (AI) technology assisted emergency management in oil industry’, 

Journal of Physics: Conference Series, 2025(1). Available at: https://doi.org/10.1088/1742-6596/2025/1/012017. 

93. Wang, L., Jin, G. and Xu, Y. (2019) ‘Desulfurization of coal using four ionic liquids with [HSO4]−’, Fuel, 236(August 

2018), pp. 1181–1190. Available at: https://doi.org/10.1016/j.fuel.2018.09.082. 

94. Wang, Y. et al. (2018) ‘Highly sensitive fluorometric determination of oxytetracycline based on carbon dots and 

Fe3O4MNPs’, Sensors and Actuators, B: Chemical, 254, pp. 1118–1124. Available at: 

https://doi.org/10.1016/j.snb.2017.07.182. 

95. Waqar, A. et al. (2023) ‘Applications of AI in oil and gas projects towards sustainable development: a systematic 

literature review’, Artificial Intelligence Review, 56(11), pp. 12771–12798. Available at: 

https://doi.org/10.1007/s10462-023-10467-7. 

96. Wilczek, G. et al. (2018) ‘Effects of food contaminated with cadmium and copper on hemocytes of Steatoda grossa 

(Araneae: Theridiidae)’, Ecotoxicology and Environmental Safety, 149(August 2017), pp. 267–274. Available at: 



J. Electrical Systems 20-03 (2024): 5805-5824 

 

5824 

https://doi.org/10.1016/j.ecoenv.2017.12.007. 

97. Windmann, A. et al. (2024) ‘Artificial Intelligence in Industry 4.0: A Review of Integration Challenges for Industrial 

Systems’, pp. 1–16. Available at: http://arxiv.org/abs/2405.18580. 

98. Xu, J. et al. (2022) ‘A Review on AI for Smart Manufacturing: Deep Learning Challenges and Solutions’, Applied 

Sciences (Switzerland), 12(16). Available at: https://doi.org/10.3390/app12168239. 

99. Zhang, Y. et al. (2018) ‘Highly sensitive and selective colorimetric detection of glutathione via enhanced Fenton-like 

reaction of magnetic metal organic framework’, Sensors and Actuators, B: Chemical, 262, pp. 95–101. Available at: 

https://doi.org/10.1016/j.snb.2018.01.221. 

100. Zhou, Z. et al. (2024) ‘Machine learning assisted biosensing technology: An emerging powerful tool for improving the 

intelligence of food safety detection’, Current Research in Food Science, 8(November 2023), p. 100679. Available at: 

https://doi.org/10.1016/j.crfs.2024.100679. 

 


