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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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	Full Term

	AI
	Artificial Intelligence

	ML
	Machine Learning

	DL
	Deep Learning

	IoT
	Internet of Things
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	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
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	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
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	Agent-Based Modeling

	PPE
	Personal Protective Equipment

	FAS
	Fire Alarm System

	RGB
	Red, Green, and Blue





[bookmark: _heading=h.yy5yia5gt53l]Chapter 1: Introduction 
[bookmark: _heading=h.gxxa9d9ilccc]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) [1]. 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]
When you have hazardous conditions, safety is always of great concern, particularly when the hazardous condition can potentially cause a fire or accident in the workplace. These office accidents, in different forms and the damage to the equipment can stop production for a considerable period of time and cause significant financial losses [3]. For many industries, the main concern is the safety of employees and the financial loss due to a reduction in productivity. [4]
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 [4]. 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. With AI and ML, one can handle complex data sets and identify complex patterns in a data set that might not be picked up in the traditional analysis framework [5]. Because of this, the application of predictive models to aid in the identification of abnormal conditions has become more popular and is used to reduce the occurrence of accidents [5].
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. They are cost effective and provide real-time information, which enables pro-active maintenance and reduces unexpected downtime and maximises business efficiency [6]. Therefore, predictive analytics has become an integral part of the modern safety management system and the smart manufacturing intelligent safety management system [6].
Such a wide integration of IIoT systems brings additional benefits to an unlimited monitoring and measurement of safety parameters, which are critical for safety (temperature, pressure, humidity, vibration and even the concentration of gases) [7]. 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 [7].
The addition of ML systems, especially for advanced and complex ML models, to safety management systems is generating a paradox. Although ML models provide great benefits and operational advantages, their low interpretability is a serious risk in safety management systems. In safety-critical applications, it is of great importance to understand and validate the predictive results [8]. This, in turn, is driving the focus in Explainable AI (XAI) research, which aims to make safety management systems more transparent and predictable [8].
IIoT, AI, and machine learning can be used together to create sophisticated safety systems that predict industrial fires or accident hazards that can be "explained. These systems can contribute in optimizing the situational awareness and also in implementing other effective techniques of risk response in modern manufacturing systems. This integration of Explainable Machine Learning with Industrial IoT technologies, therefore, seems to be a new industrial safety improvement and to offer a preemptive risk management capability in intelligent manufacturing systems [9].

[bookmark: _heading=h.9j61x4do08x6]1.2 Problem Definition
Industrial accidents and fires at the workplace continue to be a problem in many industrial sectors, as the development of Industrial 4.0 and the growing adoption of systems based on the Industrial Internet of Things (IIoT) has been occurring. These events pose risks to employee safety, system damage, workflow/process disruption and costly financial losses [10].
Many industrial sites rely on routine checks and procedures that are preplanned and predictable for the management of safety. Advances have been made in safety but these still react to the event of an accident - they don't stop it from happening. As a result, workers might not be aware of safety hazards until after an incident has occurred [11].
With the greater access to the data from peripheral devices and the development of techniques for machine learning, it is becoming more common to use machine learning techniques in industrial applications. Some promising results have been shown for the detection of fires, the detection of anomalies, and the analysis of accidents. Most of the above techniques, however, address such problems separately and at times, only with the concern for predicting the problem instead of justifying the prediction capabilities of the prediction models [12].
Where safety is paramount, other factors may be more important than accurate prediction. Engineers and decision makers should also understand the logic behind the system's determination of the situation to be unsafe so that they can make the appropriate determination. This reflects the necessity of the development of more prediction based and justification oriented techniques [13].
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: _heading=h.ab6u7nd8zwr6]
1.3 Thesis Objectives
· To look at how connected sensors and the Industrial Internet of Things (IIoT) technologies play a part in the monitoring of industrial safety.
· To build predictive models to assess risk of workplace accidents and industrial fires using Logistic Regression, Decision Tree, Random Forest, Support Vector Machine (SVM), and XGBoost.
· To compare performance of selected machine learning algorithms using evaluation metrics like Accuracy, Precision, Recall, F1-score, ROC-AUC and Confusion Matrix.
· To select the most appropriate machine learning model for structured industrial IIoT data in terms of predictive performance, robustness and computational efficiency.
· To apply Explainable Artificial Intelligence (XAI) with the SHAP approach to explain model results and determine the main underlying variables that affect risk of fire and accidents.
· To create an explanatory decision support system to improve the practice of industrial safety management proactively and help safety engineers make reliable decisions.

[bookmark: _heading=h.1ecvtsdgq2jm]1.4 Thesis Contribution
· Use structured industrial data to predict fire and workplace accident risks.
·  Provide a comparative evaluation of Logistic Regression, Decision Tree, Random Forest, Support Vector Machine (SVM), and XGBoost models for industrial fire and workplace accident risk prediction. (deep learning, image)???
· 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: _heading=h.daehrblwd0cg]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.

[bookmark: _heading=h.naw5v0gja1t6]
Chapter 2: Background and Related Work 
[bookmark: _heading=h.p3e5sxwgqvbq]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: _heading=h.3vwxddzhvmuj]2.2 Background
Industrial safety aims at reducing injury and damage, loss of productivity, and negative occurrences in the work place [14]. High temperature, gas leakage, electrical problems, breakdown of machines, unsafe behavior and poor maintenance are some of the hazards in an industrial environment [15]. Certain hazards can be non-obvious and evolve over time. Other hazards are more serious and require an immediate reaction [16].
Traditional safety management systems are based on inspections, safety regulations, incident reporting, and predetermined alarm levels. While these systems can be helpful, they may fail to give enough information in an environment where things are constantly changing, as in the workplace. This is especially true for complex industrial facilities where the workforce, equipment and environment is continually changing [17].
The industrial Internet of Things (IIoT) is the foundation for a continuous monitoring of safety in industrial environments. IIoT constructs systems that integrate industrial sensors and machines, communication networks, edge devices and operational data [18]. The information can be collected from various sensors for temperature, pressure, humidity, gas concentration, smoke, vibration, and equipment condition.
IIoT fire safety systems use many of the same sensors that are used to monitor gas, smoke and fire. Sensors can be strategically deployed and wired into alarms or dashboards, and automatic responsive systems [19].
They have a high dependence on the quality of data that they receive from sensors. Data may be received with low quality due to noisy data, loss of communication, drift of sensors, poor calibration, aging sensors, and environmental interference, resulting in either a lack of detection of threats or false alarms [20].
When a system recognises a hazard (danger) that is not present, this is a false positive. During fire detection, there are alarms that can be set when the presence of water vapour, cigarette smoke, dust and other aerosols, which are not fire, are detected [21]. Too many false alarms can cause loss of confidence in the system and cause disruption of operations.
A false negative is when an actual threat is considered safe. An error of this type can make a lot of difference in the timing of evacuation, machine shutdown or activation of an emergency response in a safety application. Therefore, only accuracy is not enough to be used for evaluating the performance of a model [22]. The definition of hazardous case can be misclassified (in which case precision can be applied) or it can simply be a failure of the model to detect a hazardous case (in which case recall can be used). F1-score is used to calculate the balance between precision and recall.
Data is always to be cleaned and prepared before training a model. This often includes cleaning up data such as noise, removing or appropriately dealing with outliers, normalizing or standardizing data and encoding [23]. If the data is comprised of signals that are measured sequentially and in rapid time, rapid changes can be removed by low pass filtering the data, and disturbance can be reduced by wavelet transformation.
Different models of sensors could be combined to enhance model reliability [24]. This implies that a conventional RGB camera may be used to detect visible smoke (or flame), a thermal sensor may be used to detect abnormal heat and a gas sensor may detect dangerous gases. The Dempster-Shafer Theory [24] is one of the possible approaches that can be applied to analyse and combine measurement information from various sensors in a logical manner.
Machine learning models represent interactions among environmental and operational factors, equipment, and humans. 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 [25].
Decision Tree (DT) is a supervised machine learning method that greedily splits the data set based on the feature and threshold for which the information gain is maximum. This creates a tree graph of decision nodes and leaf nodes, each path of which corresponds to an explainable classification rule. The transparent decision making process allows safety engineers to be aware of the importance of the various industrial parameters (including temperature, gas concentration, smoke level, and humidity) to the prediction of fire or workplace accident. The disadvantage of using a single Decision Tree is that it is very sensitive to the changes in the training data and can overfit it, thus not necessarily being able to predict the outputs for the unseen industrial data. Random Forest eliminates this drawback by building several Decision Trees with a random sample of data (bootstrapping) and a random selection of features, and finally taking a majority voting on the different trees. In the context of structured Industrial Internet of Things (IIoT) sensor datasets, Random Forest is particularly suitable to apply in Industrial safety management due to its ensemble strategy which enhances the accuracy, robustness and avoids overfitting of the predictions [26].
Another supervised learning algorithm is Support Vector Machine (SVM) which classify data by finding an optimal hyperplane with a maximum margin of separation between the classes. For nonlinear relationships among the data in industrial safety, kernel functions like the Radial Basis Function (RBF) allow SVM to map the data to a higher dimensional feature space in which the complex decision boundary may be described. Therefore, SVM can correctly identify operating conditions and hazardous conditions that could result in fires or work-place accidents. Although SVM has a high prediction accuracy, the interpretability of SVM reduces with the increase of the number of dimensions of the data and the complexity of the data, which makes it hard to explain the individual prediction in the safety critical environment [27].
Gradient Boosting is an ensemble learning method that gradually builds up a series of weak Decision Trees in such a way that every subsequent tree targets the errors that have been made by the predecessor tree. XGBoost is an extension of the traditional Gradient Boosting framework with some additional features such as the integration of regularization techniques, optimized tree pruning, parallel processing and missing value handling. These enhancements greatly improve the prediction accuracy, while minimising overfitting and computational expense. In industrial IIoT, the sensor data are often structured, and their variables are related in complex nonlinear relationships, making XGBoost one of the most successful algorithms for predicting the risks associated with industrial fire and workplace accidents based on structured sensor measurements [28].
The type of machine learning technique that is used will largely depend on the type of data available. The industrial safety dataset for the proposed study are mainly numerical structured measurements taken from IIoT sensors such as temperature, humidity, gas concentration, smoke level, vibration, pressure measurements etc. In the case of tabular data, the traditional machine learning algorithms with relatively smaller training sets that produce high predictive performance and are more interpretable than deep learning models are well suited for this type of data. By comparison, deep learning techniques tend to have significantly larger data sets and are better suited to unstructured data such as video streams, images, textual documents, or long sequences of raw sensor data. Hence, the traditional machine learning is a more suitable approach for the proposed industrial safety prediction system[29].
Deep learning methods are useful if there is a need to automatically uncover complex spatial or temporal patterns from large amounts of data. One dimensional Convolutional Neural Networks (1D-CNNs) are used to process sequential sensor signals by applying convolutional filters which automatically learn local patterns in the data. This has been used to successfully differentiate non-fire aerosols from fire smoke by using continuous sensor readings. Long Short-Term Memory (LSTM) networks are an extension of this, which includes mechanisms and memory cells that retain information for longer periods[30]. In this way, LSTMs can be used to model the temporal dependence of the sensor readings in industrial applications, and subtle shifts in operating conditions can be detected beforehand before the occurrence of an event. These deep learning techniques perform well for sequential sensor data but typically demand more data, computing power and time to train than traditional machine learning techniques[31].
Another area where Natural Language Processing (NLP) methods can play a role in industrial safety is in the analysis of occupational accident reports.In addition, NLP can be used to analyse occupational accident reports to provide valuable information for industrial safety. Commonly, these reports include written information about the equipment associated with the incident, the job task that the worker was performing, the reasons for the accident, type of injuries sustained, conditions of the environment, and the incident consequences. In order to process the textual information in the machine learning models, the documents need to be converted to a numerical representation. TF-IDF and GloVe are two feature extraction techniques: the former assigns importance to words within the collection of documents while the latter creates word embeddings that represent the contextual relationships between words. In order to predict hospitalization and amputation outcomes from occupational accident reports utilized both TF-IDF and GloVe as text representation methods with Bi-LSTM network. The Bi-LSTM architecture was chosen due to its ability to consider context, as both past and future words can be taken into account to better understand the accidents from the text and to increase the accuracy of the prediction results. NLP based approaches, however, mainly support the assessment of the severity of injuries sustained in post incident situations and the analysis of the incident, and do not focus directly on the real-time prediction and the early warning of fire in the industry and workplace, which is the most important objective of the proposed study [32,33].
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 [34]. 
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. [35].
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 [36].
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.
Techniques with explanation, equation and graph? (deep learning or machine learning and NLP)
[bookmark: _heading=h.1cyqe92neo8f]2.3 Related work 
Author – year-number of reference-Presented technique and dataset and accuracy- advantage - Limitation
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.
In their research work, Hybrid Machine Learning-Based Fault-Tolerant Sensor Data Fusion and Anomaly Detection for Fire Risk Mitigation in IIoT Environment [37] Desikan et al. presented an intelligent fire prediction framework for IIoT environment. The framework combined Multi-sensor data fusion techniques of MobileNet, EfficientNet, Random Forest (RF), Support Vector Machine (SVM), Decision Tree (DT), and Dempster–Shafer Theory. It used RGB, thermal, gas, smoke and flame sensor data collected in oil/gas environments. The proposed approach was able to attain an accuracy of 98.2%, precision of 98.5% and a recall value of 98.3%, which proved the effectiveness of using multiple sensing modalities in industrial fire prediction. However, the framework was only related to prediction of fire while not dealing with prediction of accidents in workplace or incorporation of Explainable Artificial Intelligence (XAI) techniques.
In their study on Comparative Analysis of Deep Learning Algorithms in Fire Detection [38], Millie and Milli analyzed various machine learning and deep learning methods, such as Decision Tree (DT), Support Vector Machine (SVM), XGBoost, Logistic Regression, One-Dimensional Convolutional Neural Network (1D-CNN) and Long Short-Term Memory (LSTM) algorithms, for intelligent fire detection. The experimental dataset comprised of 12,030 sensor readings of eight BME688 gas sensors. The proposed deep learning model obtained the best precision (1.00) and recall (1.00) results among the evaluated models for the separation of cigarette smoke from fire smoke. The framework was successful in reducing false alarms by optimizing sensor preprocessing and classification, but was tested only in laboratory indoor environments, which does not give it the potential to be applied in real industrial settings.
Obasi and Benson 2025 [39] made an explainable machine learning model for occupation injury severity prediction in complex organizational environments. To boost the prediction accuracy and interpretability of the model, the framework included Natural Language Processing (NLP), Singular Value Decomposition (SVD), Random Forest (RF), Gradient Boosting Machine (GBM), XGBoost, Logistic Regression, and SHAP. A total of 2,645 Occupational Safety and Health Administration (OSHA) accident reports were used for the analysis from 2015 to 2024. The Random Forest model had the highest performance with an F1 score of 0.94 and Area under the curve (AUC) of 0.95. Though the study has been successful in making injury severity predictions using SHAP with explanatory power, it has not been published on prediction of industrial fire or on monitoring the safety of industrial IoT systems.
Sharma et al. (2025) [40] conducted a study on the urban fire risk prediction, they proposed the framework of regression-based machine learning models for estimating fire risk. The study was based on the historical fire incidents, information regarding emergency response, and proximity data to create fire models and assist with emergency planning. The proposed framework was effective in estimating fire risk but no quantitative accuracy measures were reported. Moreover the model was tailored towards urban fire management and left out of scope industrial workplace accidents, IIoT sensor data, and Explainable Artificial Intelligence.

In their research on fire risk assessment for high-rise residential buildings, Tan et al (2026) [41] introduced an explainable probabilistic framework using Bayesian Networks, Markov Chain Monte Carlo (MCMC) and SHAP. The seven high-rise residential buildings located in five countries were selected to analyze fire safety data by applying the framework. No specific prediction of accuracy of the predictions was reported, but the study pinpointed factors affecting the risk of fire as maintenance practices and organizational factors. However, the framework proposed only included residential buildings and not included in the range of industrial accident prediction or IIoT supported industrial environments.
In a study on predicting industrial accidents in steel manufacturing, Pandey et al. (2025) [42] have proposed a comprehensive framework that incorporates the utilization of Bayesian Networks (BN), Random Forest (RF), Gradient Boosting Machine (GBM)/XGBoost, Natural Language Processing (NLP), Agent-Based Modeling (ABM), and Survival Analysis. This framework was based on steel industry incident information gathered from 2018 to 2023 to help identify the root cause and severity of incidents. The best model for predicting accident severity was the Random Forest model with an AUC of 0.71. While the framework offered a thorough evaluation of what caused the accidents, it did not include specific Explainable Artificial Intelligence (XAI) techniques.
In a study for predicting the severity of occupational injuries, using natural language processing, Khairuddin et al. (2024) [43] compared TF-IDF, GloVe, an optimized Bidirectional Long Short-Term Memory (Bi-LSTM) model, and other traditional machine learning algorithms. A total of 83,294 injury narratives from the Occupational Safety and Health Administration (OSHA) were analyzed. Conventional machine learning models did not perform as well as the optimized Bi-LSTM, which had an accuracy of 95% in predicting hospitalization and 98% in predicting amputation. But the suggested framework was based on textual reports after the incident and lacked real-time monitoring using IIoT and industrial fire prediction.
In the study of unsafe behavior prediction in automated coal mining conducted by Li et al. (2025) [44] the eight machine learning algorithms were evaluated: XGBoost was selected as the most promising model, and SHAP was used to explain the model. Physiological data were gathered from 50 subjects while working simulated coal-mining tasks. The proposed framework obtained 97.78% accuracy, 98.25% recall and 97.86% F1 score. The study was simulated with University students instead of industrial workers, and while the incorporation of XGBoost and SHAP gave an accurate and interpretable prediction, the results cannot be generalized to industrial workers.
Benderouach et al. (2026) [45] did a study about occupational accident prediction in the energy sector, which compared the performance of Logistic Regression, Decision Tree (DT), Random Forest (RF), Support Vector Machine (SVM), Gradient Boosted Decision Trees (GBDT), and XGBoost. This study was based on a dataset of 4,739 occupational accidents from the energy sector provided by Kaggle. The results of the experiments showed that GBDT and XGBoost models had the highest overall predictive performance but did not provide specific performance metrics. While the study effectively developed a framework for machine learning in accident prediction, it did not focus on industrial fire prediction, integration of sensors in the IoT domain, or Explainable Artificial Intelligence.
In Hybrid Machine Learning Based Fault-Tolerant Sensor Data Fusion and Anomaly Detection for Fire Risk Mitigation in IIoT Environment, Desikan et al. (2025) [46] proposed the hybrid framework of multi-sensor fusion, anomaly detection, machine learning based probabilistic adjustment, and Dempster–Shafer Theory as a solution to the problem of fault-tolerant IIoT. The framework investigated the data from RGB, infrared, smoke, gas, and flame sensors gathered from an oil and gas IIoT setting. The proposed approach showed better fire prediction reliability even when sensors are faulty, thus highlighting the robustness of using sensor fusion in a probabilistic manner. The study, however, was limited to industrial fire detection only and did not deal with workplace accident prediction and explainable AI using SHAP.
Focusing on the fire accident aspect, Manoah et al. (2026) [47] proposed an artificial intelligence (AI) based real-time framework for industrial safety, which incorporates explainable artificial intelligence (XAI), Internet of Things (IoT) and SHAP to predict a fire accident proactively in fireworks manufacturing. The data from temperature, humidity, gas concentration, and motion sensor data were gathered continuously through IoT devices and sent to the FastAPI backend where the machine learning model pretrained was used to make a prediction of fire hazards. SHAP was leveraged to interpret the prediction results, and the sensor readings and explanations were made real-time with a Next.js dashboard. The proposed framework yielded more than 97.5% accuracy in prediction, showcasing the effectiveness of the integration of AI, IoT and explainable methods in the field of industrial fire prevention. The framework was however validated only in fireworks environment and needs further testing in other high-risk industrial application areas like oil and gas and chemical industries.
Gabriel (2026) [48] in the study The Role of Explainable Artificial Intelligence (XAI) in Healthcare: Improving Transparency and Trust in Machine Learning Models explores the impact of XAI on enhancing the transparency and trust in healthcare-related machine learning systems. The study considered multiple explainability methods, such as SHAP, LIME, attention mechanism and feature importance analysis, with evidence from the real-world healthcare applications instead of a single experimental dataset. While no specific performance metrics are provided, the review findings indicate that XAI can greatly improve the interpretability of predictive models, aid in clinical decision-making, and boost user trust in AI systems. The study however only addressed the Healthcare application and not Industrial safety, IIoT based monitoring and the prediction of accidents in the workplace.
Joshi (2026) [49] in the study Explainable AI (XAI) for Model Interpretability: A Comprehensive Analysis of Methods, Challenges, and Applications gave an overview of modern techniques of Explainable Artificial Intelligence (XAI) for the interpretation of ML models. The study identified and synthesized the results of the most common explanation methods (SHAP, LIME, Integrated Gradients, Grad-CAM, counterfactual explanations and feature attribution techniques) found in literature, and carried them out in several application fields. As this is a review article, there was no experimental set or prediction accuracy was reported. The study offers good recommendations on how to choose appropriate explainability methods; however, it does not suggest or assess a practical industrial accident prediction framework.
Zhao et al. (2025) [50] did a comprehensive survey of one of the most widely used Explainable Artificial Intelligence techniques: The Shapley Value Contribution to Explainable Artificial Intelligence. The study involved conducting an extensive literature survey of the applications of SHAP in various fields such as healthcare, finance, computer vision and industrial systems, and not relying on a single experimental dataset. This work did not report any prediction performance since it was methodological analysis rather than model development. The survey illustrated the success of SHAP in enhancing the transparency of the model and understanding its features, but it did not incorporate the SHAP methodology into an IIoT-based framework for predicting industrial fires.
Clever (2026) [51] studied the effect of AI and ML skills on the analytical decision making abilities of data analysts in complex organizational setting. The research shared how modern techniques of artificial intelligence and machine learning helps in supporting the data-driven decision making process with organizational analytical data. While no specific dataset or predictive accuracy numbers were provided, the results emphasized that AI and ML can greatly boost analytical power, decision quality, and organizational performance when correctly applied to complex decision support systems. But the research was not on industrial safety, IoT environment, fire prediction, or explainable machine learning to prevent accidents in the workplace.

[bookmark: _heading=h.9crmiayrlhv3]2.4 Related Work Summary 
The reviewed literature revealed great benefits of using machine learning (ML), deep learning (DL), Explainable Artificial Intelligence (XAI) and Industrial Internet of Things (IIoT) for better industrial safety which includes intelligent fire detection, prediction of accidents, severity of injuries and risk analysis. Recent research has demonstrated that using sensor networks together with sophisticated ML algorithms can significantly enhance the predictive accuracy and decrease false alarms. Furthermore, XAI methods, like SHAP, have improved the interpretability and reliability of predictive models, helping safety engineers to understand the models' decisions. Although these advances have been made, the majority of the research to date tends to look at one safety issue (e.g., fire detection or injury severity and only validate it for one sector of industry. In addition, there are many frameworks that either focus on prediction without explanation or explanation without IIoT monitoring, which leaves a gap in creating a comprehensive industrial safety system that incorporates IIoT sensing, multiple accident prediction, high performance machine learning, and explainable decision making.
Specifically, Desikan et al. [37] introduced a hybrid IIoT fire prediction framework by multi-sensor fusion based on MobileNet, EfficientNet, Random Forest, Support Vector Machine, Decision Tree and Dempster–Shafer Theory, and excellent prediction accuracy of 98.2% was obtained. Likewise, Milli and Milli [38] have shown that deep learning models (1D-CNN and LSTM) when combined with measurements from gas sensors can greatly reduce false fire alarms in controlled environments. There were several studies that extended the use of machine learning in fire detection. Injury severity explainability was achieved by Obasi and Benson [39] with the use of the Random Forest and boosting algorithms combined with SHAP, while Pandey et al. [42] presented a holistic accident prediction system for the steel manufacturing industry using NLP, Survival Analysis, Random Forest, boosting algorithms, and Bayesian Networks. In addition, optimized Bi-LSTM models have been proved to be effective in occupational accident report analysis [43] and the use of XGBoost and SHAP have been shown to achieve high accuracy in predicting unsafe worker behavior [44].
Other researchers studied the fire risk assessment in other fields. In the context of urban fires, Sharma et al. [40] have worked with regression-based machine learning models to predict fires, while Tan et al. [41] have used Bayesian Networks, MCMC and SHAP to build an explainable probabilistic model for assessing residential fire safety. Benderouach et al. [45] applied several machine learning algorithms to a prediction model for occupational accidents in the energy industry and found the best predictive algorithms to be Gradient Boosted Decision Trees and XGBoost. Desikan et al. [46] presented a fault tolerant IIoT sensor fusion scheme that realizes the consistent fire prediction even when some sensor is faulty. In a recent study, Manoah et al. [47] developed an AI-, IoT- and SHAP-based real-time fire prediction framework for fireworks industries, which has a prediction accuracy above 97.5% and gives interpretable prediction explanations.
The literature also shows the increasing significance of Explainable Artificial Intelligence. Gabriel [48] highlighted the significance of XAI methods, including SHAP, LIME, attention mechanisms, and feature importance analysis, in enhancing the interpretability and trust in ML systems. Likewise, Joshi [49] did an extensive survey of contemporary XAI methods and offered some useful guidelines for choosing appropriate methods of explanation in various application areas. Zhao et al. [50] gave a comprehensive tutorial on SHAP and showed that it could be used to explain complex machine learning models in various fields, including healthcare, finance, computer vision and industrial applications. Besides, Clever [51] provided a comprehensive perspective on AI and machine learning's role in analytical decision-making in complex organizational settings, revealing the ways in which these technologies can aid in data-driven decision support.
In summary, the literature confirms that considerable advances have been made in the field of using machine learning, IIoT and explainable AI for industrial safety. However, there are still significant gaps in research. Existing research is mostly dedicated to either one aspect of the capabilities (fire detection, accident prediction, or explainability) or a combination of two, but not the three capabilities combined in one. Furthermore, a large number of studies are based on laboratory experiments, simulated environments, or sector specific data sets, which makes it difficult to apply their results in a large variety of industrial domains. Hence, there is a need for an integrated intelligent framework for industrial fire and workplace accident prediction based on the IIoT, powerful machine learning models, and explainable AI techniques to simultaneously predict industrial fire and workplace accidents and offer interpretable, credible safety advice to the safety manager.






Table 2.1 Summary of related work

	Ref.
	Author
	Year
	Technique Used
	Dataset
	Accuracy / Performance
	Main Limitation

	[37]
	Desikan et al.
	2025
	MobileNet, EfficientNet, RF, SVM, DT, Dempster–Shafer Theory
	RGB, thermal, gas, smoke, and flame sensors from oil & gas IIoT environment
	Accuracy: 98.2%, Precision: 98.5%, Recall: 98.3%
	Focused only on industrial fire prediction; no workplace accident prediction or XAI.

	[38]
	Milli and Milli
	2025
	DT, SVM, XGBoost, Logistic Regression, 1D-CNN, LSTM
	12,030 readings from eight BME688 gas sensors
	Precision: 1.00, Recall: 1.00 for cigarette and fire smoke classification
	Evaluated only in controlled indoor laboratory conditions.

	[39]
	Obasi and Benson
	2025
	NLP, SVD, RF, GBM, XGBoost, Logistic Regression, SHAP
	2,645 OSHA accident reports (2015–2024)
	RF achieved F1 = 0.94, AUC = 0.95
	Limited to injury severity prediction in extractive industries; no IIoT or fire prediction.

	[40]
	Sharma et al.
	2025
	Regression-based Machine Learning Models
	Historical fire incidents, emergency response records, and proximity data
	Effective fire-risk estimation (accuracy not reported)
	Designed for urban fire management only; excludes IIoT and industrial safety.

	[41]
	Tan et al.
	2026
	Bayesian Network, MCMC, SHAP
	Fire safety data from seven high-rise residential buildings in five countries
	Identified maintenance and organizational factors as dominant risks (no quantitative accuracy reported)
	Limited to residential buildings; not applicable to industrial environments.

	[42]
	Pandey et al.
	2025
	Bayesian Network, RF, GBM/XGBoost, NLP, Agent-Based Modeling, Survival Analysis
	Steel industry accident records (2018–2023)
	Random Forest achieved AUC = 0.71
	Complex framework without dedicated XAI techniques.

	[43]
	Khairuddin et al.
	2024
	TF-IDF, GloVe, optimized Bi-LSTM, Naïve Bayes, KNN, DT, SVM, RF
	83,294 OSHA occupational injury narratives
	Accuracy: 95% (hospitalization), 98% (amputation)
	Uses post-incident textual reports only; no IIoT monitoring or fire prediction.

	[44]
	Li et al.
	2025
	Eight ML models, XGBoost, SHAP
	Physiological data collected from 50 participants in simulated coal-mining tasks
	Accuracy: 97.78%, Recall: 98.25%, F1-score: 97.86%
	Simulation with university students rather than real industrial workers.

	[45]
	Benderouach et al.
	2026
	Logistic Regression, DT, RF, SVM, GBDT, XGBoost
	4,739 Kaggle occupational accident records from the energy sector
	GBDT and XGBoost achieved the best overall predictive performance
	No fire prediction, IIoT integration, or explainable AI.

	[46]
	Desikan et al.
	2025
	Multi-sensor fusion, anomaly detection, ML-based probabilistic adjustment, Dempster–Shafer Theory
	RGB, infrared, smoke, gas, and flame sensor data in oil & gas IIoT environments
	Improved fire prediction reliability under faulty sensor conditions
	Focused only on fire detection; no workplace accident prediction or SHAP explanations.

	[47]
	Manoah et al.
	2026
	AI, IoT, SHAP, FastAPI-based ML prediction framework
	Real-time temperature, humidity, gas concentration, and motion sensor data from fireworks industry
	Prediction accuracy >97.5%
	Validated only in fireworks manufacturing; requires testing in other industrial sectors.

	[48]
	Gabriel
	2026
	SHAP, LIME, attention mechanisms, feature importance analysis
	Review of healthcare XAI applications
	Improved interpretability and user trust (no quantitative evaluation)
	Healthcare-focused; not applicable to industrial safety or IIoT.

	[49]
	Joshi
	2026
	SHAP, LIME, Integrated Gradients, Grad-CAM, Counterfactual Explanations
	Comprehensive literature review
	No experimental evaluation
	Review paper; no practical industrial accident prediction framework.

	[50]
	Zhao et al.
	2025
	SHAP (Shapley Value) survey
	Literature across healthcare, finance, computer vision, and industrial applications
	Demonstrated effectiveness of SHAP for model interpretability
	Methodological survey without an IIoT-based industrial implementation.

	[51]
	Clever
	2026
	AI and Machine Learning decision-support techniques
	Organizational analytical datasets
	Improved analytical decision-making (no quantitative metrics reported)
	Does not address industrial safety, fire prediction, IIoT, or XAI for accident prevention.
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