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Industrial settings present myriad challenges to safety. Among the greatest are the exposure to fire and safety accidents from environmental, operational, and equipment and human factors. Traditionally fire and safety accident risk management rely heavily on periodic inspections and fixed thresholds and reporting of safety incidents. While important, these methods are reactive and often don't identify hazardous situations and conditions that develop and escalate to serious safety incidents. With the advancement of the Industrial Internet of Things (IIoT), industrial and connected sensors can be continuously monitored and associated unsafe conditions identified through machine learning.

This study aims at the first time to develop an explainable machine learning framework to predict the risk of industrial fires and workplace accidents. To achieve this, a machine learning operational model is proposed that draws on a rich, structured industrial dataset that encompasses environmental, operational, equipment, and human variables, such as vibration, gas concentration, temperature, and humidity, machine maintenance and age, the safety of workplace conditions, and worker safety training and experience.

Fundamentally, the framework will develop and test a variety of machine learning models, including but not limited to, Logistic Regression, Decision Trees, Random Forest, Support Vector Machine, and XGBoost. These will be assessed using the ROC-AUC, confusion matrix, and other common accuracy measures and metrics. Safety-related applications are fundamentally concerning, and serious incidents may arise from the omission of unsafe cases, so special emphasis will be placed on recall among the measures and metrics. Safety and fire prediction will be attained via the application of Explainable Artificial Intelligence and SHAP will be utilized to ascertain the predictors of fire and accident risk within the dataset. Global and local explanations within SHAP will define the risk factors of fire and accidents and the individual cases of predictions, respectively.

This research proposes an integrated system that merges fire-risk prediction, accident-risk prediction, and interpretability of models. The framework is designed to provide early alerts, enhance the comprehension of industrial-related risks, and enable safety engineers as well as decision makers to implement more targeted preventative measures.

The following keywords provide an overview of the content: Industrial Safety, Industrial Internet of Things, Machine Learning, Fire-Risk Prediction, Accident-Risk Prediction, Explainable Artificial Intelligence, SHAP, Early Warning.
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	Abbreviation
	Full Term

	AI
	Artificial Intelligence

	ML
	Machine Learning

	DL
	Deep Learning

	IoT
	Internet of Things

	IIoT
	Industrial Internet of Things

	XAI
	Explainable Artificial Intelligence

	SHAP
	Shapley Additive Explanations

	CNN
	Convolutional Neural Network

	1D-CNN
	One-Dimensional Convolutional Neural Network

	LSTM
	Long Short-Term Memory

	Bi-LSTM
	Bidirectional Long Short-Term Memory

	RF
	Random Forest

	DT
	Decision Tree

	SVM
	Support Vector Machine

	XGBoost
	Extreme Gradient Boosting

	NLP
	Natural Language Processing

	TF-IDF
	Term Frequency–Inverse Document Frequency

	GloVe
	Global Vectors for Word Representation

	BN
	Bayesian Network

	ABM
	Agent-Based Modeling

	PPE
	Personal Protective Equipment

	FAS
	Fire Alarm System

	RGB
	Red, Green, and Blue





[bookmark: _Toc226749355][bookmark: _Toc234071422]Chapter 1: Introduction 
[bookmark: _Toc226749356][bookmark: _Toc234071423]1.1 Overview
The advent of Industry 4.0 has led to the reengineering of management and operation of industrial systems. Manufacturing processes and the overall management of Manufacturing Execution Systems (MES) are more efficient and effective with connected devices and the Industrial Internet of Things (IIoT) [2]. With the rapid advancement of connectivity and the ability to access real-time data from various sensors, industries are surpassing the traditional methods of monitoring industrial processes and making safety and efficiency decisions [2]. [1]? Arrange??
Safety in an industrial environment is always a major concern when dealing with hazardous conditions, especially when the hazardous conditions can lead to fire or accidents in the workplace. The various forms of accidents in the workplace and the damage to equipment can halt production for a prolonged period and result in large financial losses [4]. For many industries, the main concern is the safety of employees and the financial loss due to a reduction in productivity. [3]?
Figure 1.1 shows the entire picture of the Industrial IoT-based intelligent safety framework, and how the sensor data from the industrial environment flows to the intelligent decision support systems.
[image: ]
Figure 1.1: Industrial IoT-Based Intelligent Safety Framework
Most traditional methods of safety rely on periodic inspections and after-the-fact rules for reactive measures. While these methods have helped in the increase of safety standards, they lack the ability to identify safety concerns prior to an event [3]. With the surge in the volume of data generated by sensors, more advanced methods that support proactive risk are possible.
In the past few years, major advances in the integration of Artificial Intelligence (AI) and Machine Learning (ML) in industry have occurred. AI and ML can analyze complex data and can sort out complex patterns in a data set, which may go undetected in a traditional analysis framework [3]. For this reason, the use of predictive models to assist the identification of abnormal conditions has gained popularity and is used to decrease the frequency of accidents [4].
Apart from predicting risk, the proliferation of more accessible predictive analytics is enabling industries to create early warning systems to identify abnormal conditions prior to their escalation to serious incidents. These systems are cost-effective, delivering real-time information and facilitating pro-active maintenance, thereby decreasing unexpected disruptions and maximizing business efficiency [5]. As a result, predictive analytics is now a core element of the contemporary safety management framework and the intelligent safety management systems of smart manufacturing [5].
The broad integration of IIoT systems creates even greater advantage by allowing constant surveillance and measurement of safety critical parameters (temperature, pressure, humidity, vibration, and even the concentration of gases) [2]. The data from these technologies creates a better understanding of the state of an industrial system, and facilitates the shift in safety practice from reactive to predictive risk management [5].
The integration of ML systems, particularly advanced and complex ML models, into safety management systems is creating a paradox. Although ML models provide great benefits and operational advantages, their low interpretability is a serious risk in safety management systems. The need to understand and verify predictive outputs is particularly important in safety-critical environments [1]. As a result, Explainable AI (XAI) is becoming a priority research focus to improve the transparency and predictability of safety management systems [1].
The combination of IIoT technologies, machine learning, and explainable AI creates the possibility to design advanced safety systems for the prediction of industrial fires and accident risks. Such systems have the potential to optimize the situational awareness and to implement further effective risk response techniques in modern manufacturing systems. Consequently, the combination of Explainable Machine Learning and Industrial IoT technologies appears to be a new industrial safety advancement and to provide a proactive risk management capability within intelligent manufacturing systems [5].

[bookmark: _Toc234071424]1.2 Problem Definition
With the development of Industry 4.0 and the increased use of systems based on the Industrial Internet of Things (IIoT), workplace accidents and fires in the workplace remain problematic in many industrial sectors. These events endanger the safety of employees, damage systems, disrupt workflows and processes, and threaten expensive financial consequences [4].
In many industrial facilities, the management of safety relies on routine checks and procedures that are predefined. Although improvements in safety have been achieved, such procedures respond to accidents rather than prevent them. Consequently, employees who are exposed to safety risks may not recognize the hazardous conditions until an accident has already occurred [3].
Recently, as more data from peripheral devices has been more accessible, along with advancements in the techniques of machine learning, there has been an increase in the use of such techniques for industrial purposes. Some promising results have been shown for the detection of fires, the detection of anomalies, and the analysis of accidents. However, most of these techniques treat such problems in isolation and, in many cases, are more concerned with the prediction of the problem rather than the justification of the outputs of the prediction models [5].
In environments where safety is of the utmost importance, accurate prediction may not be the only factor. Engineers and decision-makers must also have an understanding of the rationale that made the system classify the condition as unsafe in order to make the right decision. This outlines the need for more prediction-based and justification-oriented techniques [1].
There is still a strong requirement for a system that is extensible in its use of the Industrial IoT sensor data to forecast the risks of industrial fire and accidents to provide justifiable results for the advanced safety management of industrial systems, and to justify the results to improve the safety-related decision-making processes and management within contemporary industrial systems.
[bookmark: _Toc226749358]
1.3 Thesis Objectives
· Examining the role of connected sensors and industrial IoT technologies in the monitoring of industrial safety.
· To formulate and refine machine learning algorithms in the context of workplace and environmental safety for the prediction of fire and other workplace safety incidents.
· To analyze different machine learning algorithms and assess their predictive capabilities and trustworthiness relative to the context.
· To implement Explainable Artificial Intelligence in the context of safety incident prediction and provide interpretability of the model outputs.
· To explore the potential of explainable machine learning in active industrial risk control and safety incident prediction and prevention.

[bookmark: _Toc226749359][bookmark: _Toc234071425]1.4 Thesis Contribution
· Use structured industrial data to predict fire and workplace accident risks.
· Provide a comparative evaluation of several machine learning models for industrial risk prediction.
· Apply SHAP to identify the variables that influence fire-risk and accident-risk predictions.
· Propose an integrated framework that combines IIoT data, machine learning, and explainable artificial intelligence.
· Support safety engineers and decision-makers by providing understandable risk predictions and early-warning information..

[bookmark: _Toc226749360]1.5 Thesis Organization
The rest of this thesis is organized as follows.
Chapter 2 discusses the theoretical background and relevant research areas.
Chapter 3 presents the proposed methodology.
Chapter 4 analyzes the experimental results.
Chapter 5 concludes the study and suggests directions for future work.
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Chapter 2: Background and Related Work 
[bookmark: _Toc226749362][bookmark: _Toc234071427]2.1 Introduction 
This chapter presents the background concepts and previous studies related to industrial fire and accident risk prediction using explainable machine learning. The main concepts discussed include industrial safety, the Industrial Internet of Things, sensor-based monitoring, data preprocessing, machine learning, model evaluation, and Explainable Artificial Intelligence.
As discussed in Chapter 1, modern industrial safety extends beyond scheduled inspections and responses taken after an incident. Connected sensors and industrial devices generate environmental and operational data that can be used to detect abnormal conditions and provide earlier warnings of potential fires and workplace accidents.
Machine learning plays an important role in this area because it can identify relationships that may be difficult to represent using fixed alarm rules. However, high predictive performance alone may not be sufficient. Engineers and decision-makers may hesitate to rely on a model if it does not explain why a particular condition has been classified as unsafe.
For this reason, this chapter also discusses how Explainable Artificial Intelligence can improve the transparency and practical value of predictive safety models. The related work reviews recent studies supported by relevant foundational research. The studies are compared in terms of their objectives, datasets, techniques, results, strengths, and limitations. The final section identifies the research gap addressed by the current study.

[bookmark: _Toc226749363][bookmark: _Toc234071428]2.2 Background
The objective of industrial safety is to minimize injury and damage, avoid loss of productivity, and eliminate negative occurrences in the workplace [8]. Various hazards exist in an industrial setting due to high temperatures, gas leaks, electrical issues, machine breakdowns, unsafe actions, or poor maintenance [4]. Some hazards may develop slowly and go unnoticed. Other hazards are more significant and demand an immediate response [5].
Old-fashioned safety management systems rely on inspections, safety protocols, incident reporting, and preset alarm thresholds. Although these systems are useful, they may provide insufficient information in a workplace setting where conditions are continually changing. This situation is particularly obvious in complex industrial facilities where employees, equipment, and the environment are in constant flux [4].
The basis for the continuous monitoring of safety in industrial settings is the Industrial Internet of Things. IIoT builds systems with industrial sensors and machines, communication networks, edge devices, and operational data [5]. Various sensors can gather information on temperature, pressure, humidity, gas concentration, smoke, vibration, and the condition of equipment.
IIoT fire safety systems adopt many of the same sensors used to monitor gas, smoke, and fire. Sensors may be strategically placed and connected to alarms or dashboards, and automated responsive systems [2].
These systems rely greatly on the quality of the data received from sensors. Noisy data, communication loss, drifted sensors, poor calibration, aging sensors, and environmental interferences may affect the quality of data received, and lead to either missed threats or false alarms [5].
A false positive means that a system has identified a hazard that does not exist. In fire detection, there are alarms where the presence of water vapour, cigarette smoke, dust, and other aerosols that do not constitute fire, can trigger an alarm [7]. If such false alarms occur too often, they can disrupt operations and lead to a lack of confidence in the system.
A false negative means the presence of a real threat is deemed safe. In a safety application, such an error can cause a significant delay in the initiation of the evacuation, shutdown of machines, or the activation of an emergency response. For this reason, the performance of a model cannot be evaluated using accuracy alone [4]. The definition of a hazardous case may be classified incorrectly, in which case precision can be used, or it may be a case of the model failing to identify a hazardous case, which can be evaluated using recall. The balance of both precision and recall is measured using the F1-score.
There is always a need for data cleaning and preparation before a model can be trained. This often includes cleaning up data such as noise, removing or appropriately dealing with outliers, normalizing or standardizing data and encoding [5]. For data that consists of signals that are measured in a sequence and in rapid time, the data may be low pass filtered to remove rapid changes, while disturbance may be reduced with wavelet transformation.
The reliability of a model may be improved by the combination of different types of sensors [6]. This means that an RGB camera can be used to detect visible smoke or flame, a thermal sensor can be used to detect abnormal heat, and a gas sensor can detect hazardous gases. One of the possible techniques that can be used to analyze and logically combine measurement data from different sensors is the Dempster-Shafer Theory [6].
Machine learning models describe interactions between environmental, operational, equipment, and human-related factors. Because it uses a weighted sum of the features to estimate class probabilities, Logistic Regression is often used as a first step in the modeling process. It can also give clues on the direction of the predicted risk based on the value of the coefficients associated with each feature [4].
A Decision Tree splits the data multiple times using the chosen feature and a defined threshold. The rules are easy to interpret, however, a single tree is prone to overfitting the training data [8]. Overfitting is less of an issue with Random Forest, which builds multiple Decision Trees on different feature and data samples, and combines their predictions [8]. Explanation ?
Support Vector Machine distinguishes multiple classes by using a margin maximizing hyperplane. It can capture nonlinear relationships through the use of kernel functions, however, as more features are added, the interpretability of the model declines [6]. Explanation ?
In Gradient Boosting, model trees are built one after another to improve upon the predictions of the prior tree. XGBoost builds on regularization and enhanced the speed of construction, making Gradient Boosting highly applicable to industrial data that is highly structured with nonlinear relationships in risk [8]. Explanation ?
Choosing between traditional machine learning and deep learning is dependent on the data type. Random Forest and XGBoost are appropriate for traditional ML with structured tabular data. However, deep learning is more justifiable when considering images, text, or long sequences of raw sensor data. Explanation ?
A 1D-CNN analyzes a segment of data at a time and is able to output local features from that data. 1D-CNNs have been successfully implemented for distinguishing fire smoke from other non-fire related aerosols. LSTMs can hold information in their memory for longer periods of time and can therefore model the data more accurately by capturing temporal relationships. Explanation ?
NLP can also be used to obtain information from occupational incident reports. These can vary widely and include descriptions of the equipment involved as well as worker actions, causes for the incident, and injuries, as well as outcomes, and location, along with all other scoping factors. In each report and across multiple reports, words can be represented as a vector in space based on their frequency with respect to their overall contribution. This is TF-IDF and GloVe. Khairuddin et al. used TF-IDF and GloVe with a Bi-LSTM model, which they implemented with full optimization, to predict hospitalization and amputation from reported occupational injury cases. The majority of these report-based approaches are undertaken primarily for incident occurrence assessments, thus making them more applicable to injury-severity assessment, rather than for real-time early warning [11]. Explanation ?
Many advanced and deep learning models are considered “black boxes.” From the input and output, users are unable to tell how the model arrived at the output. Because of this, there are lots of safety and precautionary concerns regarding the predictions from these models [1]. 
Using Explainable AI, the global or local assessment of a model can be interpreted. Global assessments are used to determine what variables influence a model and local assessments are used to determine what variables influence a specific prediction. [1].
SHAP is an explainable artificial intelligence (XAI) methodology that is reliant on Shapley values from cooperative game theory. Building on a model's baseline prediction, it apportions contribution values for each of the model's features. In the context of a model that predicts the presence of dangerous conditions, a feature with a positive SHAP value would prompt a model prediction that would indicate a higher level of risk, while a feature with a negative SHAP value would prompt a model prediction that would indicate a lower level of risk. Although SHAP provides a rationale for the model's output, it does not establish the direct influence of a feature on the model's prediction of the outcome [8].
The integration of the industrial Internet of Things (IIoT) with machine learning and XAI in the industrial sector facilitates the constant capture of data, the evaluation of risk, and the articulation of the factors that affect a given prediction. This integration provides the basis for a shift in the management of safety from the reactive approach to the proactive approach, including the provision of validated support for decision-making.

[bookmark: _Toc226749364][bookmark: _Toc234071429]2.3 Related work
The literature demonstrates the ability of machine learning to assist with fire detection, decreasing false alarms, predicting injury severity, and performing a probabilistic risk assessment. However, the majority of the studies target a single safety issue or a single industrial domain.

Author, Year, Technique, title, dataset, accuracy, limitation?

Desikan et al. (2025) [6] studied the prediction of fire risk in an IoT-enabled oil and gas setting. The proposed model framework had a collection of RGB cameras, infrared thermal sensors, gas sensors, smoke sensors, and flame sensors. MobileNet was used to analyze RGB images and search for visual fire patterns, and EfficientNet was used to analyze the thermal images and search for abnormal signatures of heat. Smoke, gas, and flame-sensor measurements were analyzed using Random Forest, Support Vector Machine, and Decision Tree, respectively. The combination of model outputs was done using Dempster-Shafer Theory to deal with uncertainty and contradictory evidence. The framework reported an accuracy of 98.2%, a precision of 98.5%, and a recall of 98.3%. The strength of the proposed framework is the combination of multiple, diverse sensor types and dedicated models. The author, however, did not mention a common dataset size for all sensor types, and workplace accident prediction and XAI were not considered. Dataset??
Milli and Milli (2025) [7] have proposed a fire detection strategy that aims to mitigate the impact of non-fire aerosol events in causing fire alarm systems to activate. To take their investigation one step further, the authors gathered an experimental dataset that consisted of eight BME688 gas sensors exposed to five types of aerosols under five exposure scenarios: clean air, water vapour, e-cigarette aerosol, cigarette smoke, and smoke from a fire. This investigation produced a dataset that consisted of 1,203 measurement cycles and 12,030 individual sensor readings. Prior to the model selection step, the dataset underwent low-pass filtering followed by wavelet transformation. The 1D-CNN model achieved a complete classification for the selected heater profiles, and both 1D-CNN and LSTM models estimated 1.00 for both precision and recall for the classification of cigarette smoke and smoke from a fire. While the study helps provide a foundation for the design of a fire alarm system with a reduced false alarm rate, the authors acknowledge that a fully controlled indoor experimental setup does not provide the level of complexity found in the industrial environment. Accurracy?
Obasi and Benson (2025) [8] presented an explainable machine learning framework for predicting the severity of injuries in the extractive industries. The study utilized 2,645 Occupational Safety and Health Administration accident reports collected within the time frame of 2015-2024. The authors proposed a preprocessing pipeline with the following methods: Natural Language Processing, Truncated Singular Value Decomposition, Random Forest-based feature selection, and SMOTETomek for class balance. The following algorithms were used to classify the processed data: Logistic Regression, Random Forest, Gradient Boosting Machine, and XGBoost. The authors reported that the Random Forest model was the best performing of the four models with an F1-score of 0.94 and a Receiver operating characteristic curve with an area under the curve (AUC) of 0.95. SHAP was employed to explain injury severity in the context of the proposed model. The study was of interest because the authors combined the aspects of prediction and interpretability; however, the focus was on the extractive industries, and neither industrial fire prediction nor the use of IIoT sensors was covered within the scope of the study.

Sharma et al. (2025) [9] focuses on predicting urban fire risk. With the framework, historical fire incidents, response times, the location of fire stations, and urban services were all integrated. At both incident and neighborhood levels, numerous regression models were evaluated, and there was a close match between predicted and actual fire risk scores. The framework can be applied for planning and allocation of emergency response. The framework can only be applied for the management of urban fire, and is not applicable for the prediction of workplace accidents, the use of industrial sensors, or explainable artificial intelligence.
Tan et al. (2026) [10] is for high rise residential buildings. The study assessed seven buildings within five countries and fused Bayesian Networks with Markov Chain Monte Carlo and SHAP. Technical, human, and organizational risk factors were all considered. Handover activities, as well as inspections and safety checks, contributed about 90% to the reported human and organizational risk. The merger of explanation and probabilistic risk assessment is the main advantage of the study, but the study is limited to residential buildings. The workplace accident and IIoT (Industrial Internet of Things) based risk assessment and monitoring is not covered.
Pandey et al. (2025) [11] described a multi-model accident prediction and risk assessment framework in steel operations. Utilizing industrial incident data from 2018 to 2023, the framework focused on the worker’s role, the type of employment, PPE usage, the state of the machine, the cause and site of the accident, and the impact of the incident. This framework utilized a combination of Bayesian Networks, Random Forest, GBM/XGBoost, NLP with sentiment analysis, Agent-Based Modeling, and Survival Analysis. The authors of the study found machine condition, human error, PPE compliance, and machine maintenance as significant accident factors. Incident-severity classification with Random Forest yielded an AUC of 0.71. While the study offers an extensive view of accident causation, it addresses a highly specialized area of research with an intricate framework and does not incorporate a specialized XAI technique.
Khairuddin et al. (2024) [12] focused on the analysis of occupational injury narratives listed in the OSHA database between January 2015 and June 2023. Following the data cleansing process, a total of 83,294 reports were included in the study, and were classified as hospitalization or amputation cases. Utilizing TF-IDF and GloVe text representations, and an optimized Bi-LSTM model, the authors compared the performance of the model with other classification techniques such as Naive Bayes, KNN, Decision Tree, SVM, and Random Forest. The optimized Bi-LSTM yielded the best classification results achieving an accuracy of 0.95 and 0.98 for hospitalization and amputation, respectively, with an AUC of 0.94 and 0.99. This study showcased the importance of utilizing unstructured data present in accident reports. Although the study is beneficial, the authors analyzed injuries post occurrence, and did not utilize real-time data from Industrial Internet of Things (IIoT) sensor networks, and failed to provide any assessment of fire risk.
Li et al. (2025) [13] derived an explainable machine learning model to predict unsafe behavior phases during an automated coal-mining task. Data was collected using a range of physiological signals including: heart rate variability, electrodermal activity, electromyography, respiration, skin temperature, and photoplethysmography. Data was taken from 50 male students. The researchers compared eight different machine learning models. The model that was determined to be the most effective was XGBoost. XGBoost was determined to have an optimal performance with 97.78% accuracy and 98.25% recall as well as a score of 97.86% for the F1 Score. Following this, SHAP was used to determine the physiological metrics that most strongly impacted the model. The study was instrumental to explainable safety prediction; however, the fact that it used only university students, and that it was only a simulation, limits its generalizability to actual industrial workers.
Benderouach et al. (2026) [4] attempted to predict human and environmental risk factors of accidents in the energy sector using machine learning. Their study used a Kaggle dataset of 4,739 occupational accidents occurring from 2015 to 2017 and provided summaries of accidents, degrees of injury, injury type, the body part affected, the type of events, human factors, and environmental factors. Six machine learning models were applied, including Logistic Regression, Decision Tree, Random Forest, Support Vector Machine, GBDT, and XGBoost. The models were assessed by their accuracy, precision, recall, F1 score, and AUC. They found GBDT and XGBoost were the most favorable. This study will be referenced in the current study because it focuses on the prediction of accidents based on human and environmental factors. However, this study does not focus on the prediction of fire risk, the use of IIoT sensors, or the use of explainable AI.
Desikan et al. (2025) [5] suggested a hybrid machine learning strategy for sensor data fusion that is fault-tolerant and used for the detection of anomalies within IIoT fire-risk mitigation. This work is situated mainly in the oil and gas industry, where fire detection uses heterogeneous sensors that may produce bad data due to noise, absence of data, sensor drift, outliers, and/or faulty data. The authors built a framework that integrated RGB, infrared, smoke, gas, and flame sensors. This framework used a combination of sensor data preprocessing, anomaly detection, machine learning-based belief modification, and Dempster–Shafer Theory to assist the detection of fire within uncertain conditions. This work is of great interest due to the issues surrounding the reliability of sensors and the prediction of fire risk in IIoT. It is, however, restricted to fire detection, and does not consider predicting other types of workplace accidents, nor does it use SHAP to provide an explanation for the model output.

[bookmark: _Toc226749365][bookmark: _Toc234071430]2.4 Related Work Summary 
Chapter review shows the many uses of machine learning in industrial safety. Applications include fire prediction, decreasing false alarms, analyzing industrial accidents, injury severity prediction, and recognizing unsafe behaviors.
Fire prediction in IoT multi-gas oil and gas environments is improved by the multi-sensor fusion work of Desikan et al. [6]. A study by Milli and Milli [7] demonstrated that gas sensor arrays combined with deep learning distinguish fire smoke from non-fire aerosol particles and, therefore, help in minimizing false alarms. These studies demonstrate the ability of multi-sensor environmental detectors for early fire detection.
According to Obasi and Benson [8], SHAP not only aids the clarity of prediction outputs, their studies also show that explainable machine learning can reliably determine the level of injury. A machine learning framework was put forth by Sharma et al. [9], which aids the prediction of fire risk by using emergency response time and the distance to the predicted fire in the prediction. Tan et al. [10] explained that the use of Bayesian Networks, together with SHAP, enhances the interpretability of fire risk prediction and of a probabilistic framework by modeling the technical, human, and organizational risk elements. More studies indicate how data-based safety methods can vary. Pandey et al. [11] adopted a multilevel approach to analyze the causes of accidents in steel operations by integrating the operational, human, textual, and simulation methods. Khairuddin et al. [12] applied natural language processing (NLP) and Bi-directional Long Short-Term Memory (Bi-LSTM) to occupational injury narratives to predict hospitalization and amputation. Li et al. [13] indicated that the combination of XGBoost and SHAP can provide unsafe behaviors’ prediction and excellent explanation. Nevertheless, these studies are focused on specific industries, and historical accounts, or are built on simulation studies. Furthermore, none of these studies integrates the prediction of industrial fire, the prediction of workplace accidents, the data of the Industrial Internet of Things (IIoT), and explainable Artificial Intelligence (XAI) in a single framework.
Benderouach et al. [4] provide more proof on predicting accident-related human and environmental risk factors using machine learning, particularly within the energy domain. Desikan et al. [5] reinforce the fire risk sector by explaining how multi-sensor data integration and anomaly management improve fire prediction in IIoT environments. However, both studies address only a section of the existing problem. The first study focuses on accident prediction in isolation of IIoT fire monitoring, while the second study focuses on fire detection in isolation of workplace accident prediction or explainable AI (XAI). Hence, these two studies collectively reinforce the integration of an explainable artificial intelligence framework encompassing the industrial prediction of fire risk, accident risk, and decision support.

The studies show the significance of the use of machine learning and explainable artificial intelligence for the advancement of proactive safety and risk management in industry.


Table 2.1 provides a comparison of the main studies discussed in this chapter, including the methods used, the datasets, the reported performance, and their relation to the current research
	Ref
	Author
	Year
	Technique Used
	Dataset
	Accuracy
	Main Limitation

	[6]
	Desikan et al.
	2025
	MobileNet, EfficientNet, RF, SVM, DT, and Dempster–Shafer Theory
	RGB, thermal, gas, smoke, and flame sensors in oil and gas environments
	Accuracy: 98.2%, Precision: 98.5%, Recall: 98.3%
	Solid reference for IIoT fire prediction and sensor fusion. However, this does not involve predicting workplace accidents or incorporating XAI.

	[7]
	Milli and Milli
	2025
	DT, SVM, XGBoost, Logistic Regression, 1D-CNN, and LSTM
	12,030 readings collected using eight BME688 sensors
	Precision and Recall of 1.00 for cigarette and fire smoke
	Applicable to decreasing false alarms and sensors preprocessing, but restricted to indoor, controlled fire detection.

	[8]
	Obasi & Benson
	2025
	NLP, SVD, RF, GBM, XGBoost, Logistic Regression, SHAP
	2,645 OSHA accident reports (2015–2024)
	F1: 0.94, AUC: 0.95 (RF)
	Strong reference for explainable injury severity prediction using SHAP. However, it focuses on extractive industries rather than industrial fire prediction or IIoT-based safety systems.

	[9]
	Sharma et al.
	2025
	Regression-based Machine Learning Models
	Historical fire incidents, emergency response, and proximity data
	Not reported
	Useful reference for fire risk prediction using operational response factors. However, it targets urban fire risk and does not include industrial accident prediction or explainable AI.

	[10]
	Tan et al.
	2026
	Bayesian Network, MCMC, SHAP
	Fire safety data from seven high-rise residential buildings in five countries
	Not reported
	Maintenance and organizational factors were the dominant fire risk contributors. However, it is limited to residential buildings and does not consider industrial accident prediction or IIoT environments.

	[11]
	Pandey et al.
	2025
	BN, RF, GBM/XGBoost, NLP, ABM, and Survival Analysis
	Steel-industry incident records from 2018–2023
	RF AUC: 0.71
	Complex framework, limited to steel operations, and no dedicated XAI method

	[12]
	Khairuddin et al.
	2024
	TF-IDF, GloVe, optimized Bi-LSTM, and conventional ML models
	83,294 OSHA injury narratives
	Accuracy: 0.95 for hospitalization and 0.98 for amputation
	Based on post-incident reports without IIoT monitoring or fire prediction

	[13]
	Li et al.
	2025
	Eight ML models, XGBoost, and SHAP
	Physiological data from 50 participants in a simulated coal-mining task
	Accuracy: 97.78%; Recall: 98.25%; F1-score: 97.86%
	Simulated setting using students rather than actual miners

	[4]
	Benderouach et al.
	2026
	Logistic Regression, DT, RF, SVM, GBDT, and XGBoost
	4,739 Kaggle occupational accident cases from the energy sector
	XGBoost and GBDT achieved the strongest overall performance
	Focused on accident prediction only and did not include fire risk, IIoT sensor data, or XAI

	[5]
	Desikan et al.
	2025
	Multi-sensor fusion, anomaly detection, ML-based probabilistic adjustment, and Dempster–Shafer Theory
	RGB, infrared, smoke, gas, and flame sensor data in oil and gas IIoT environments
	Reported improved fire prediction reliability under faulty sensor conditions
	Focused on fire detection only and did not include workplace accident prediction or SHAP explanations
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