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Abstract: The integration of Artificial Intelligence (AI) into risk assessment processes is increasingly 

recognized as a transformative approach to improving workplace safety across various industries. 

Traditional safety protocols often rely on reactive strategies and manual evaluations that are prone to 

human error and inefficiency. This study investigates the implementation of AI technologies—

specifically machine learning and predictive analytics—to proactively identify, assess, and mitigate 

occupational hazards. The objective is to enhance the accuracy and timeliness of risk detection, 

enabling real-time decision-making and dynamic safety management. The research adopts a qualitative-

descriptive method complemented by a case study approach in industrial environments with high safety 

demands. Data were gathered through expert interviews, system evaluations, and AI-based simulation 

tools. Findings indicate that AI-driven risk assessment systems significantly reduce incident rates by 

identifying patterns in historical data and predicting potential failures before they occur. Furthermore, 

the integration of AI enables continuous monitoring and adaptive protocol updates, fostering a culture 

of preventative safety. The synthesis of results underscores the potential of AI not only to optimize 

current safety frameworks but also to set new standards for proactive workplace risk management. In 

conclusion, embedding AI into risk assessment processes represents a strategic advancement in 

occupational safety, providing a more resilient and responsive framework for hazard prevention. 

Keywords: Risk Assessment; Workplace Safety; Predictive Analytics; Hazard Mitigation; Safety 

Management. 

1. Introduction 

Workplace safety remains a central concern across industries, particularly in 
environments characterized by high-risk operations such as manufacturing, construction, 
mining, and chemical processing. Traditional risk assessment methodologies rely heavily on 
manual inspections, checklists, and periodic audits, which are inherently reactive and often 
fail to capture dynamic or latent hazards in real-time (Zhao et al., 2019; Lingard et al., 2017). 
As organizations seek to enhance safety outcomes while maintaining operational efficiency, 
the integration of Artificial Intelligence (AI) into occupational risk assessment processes is 
gaining significant traction. 

Previous research has employed various methods to address workplace risk detection 
and mitigation. Standard approaches include Fault Tree Analysis (FTA), Failure Mode and 
Effect Analysis (FMEA), and Job Safety Analysis (JSA) (Dhillon, 2014). These methods, while 
systematic and widely used, are limited by their reliance on historical data, expert judgment, 
and static models that may not adapt well to changing conditions (Chen & Yang, 2020). On 
the other hand, AI-based techniques such as machine learning (ML), computer vision, and 
natural language processing (NLP) have emerged as innovative tools capable of automating 
hazard detection, predicting risk likelihood, and enhancing safety compliance through real-
time analytics (Lee et al., 2021; Zhou & Gheisari, 2022). Nevertheless, these AI methods also 
face challenges including data privacy, model interpretability, and implementation costs. 

The central research problem addressed in this study is the limited adaptability and 
predictive capacity of conventional risk assessment systems in modern, complex work 
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environments. The proposed solution involves the development of an AI-enhanced risk 
assessment framework that integrates ML algorithms with real-time sensor data and historical 
incident records to proactively identify and mitigate workplace hazards. This hybrid approach 
aims to address key limitations in traditional systems by enabling continuous learning and 
adaptive risk evaluation. 

The primary contributions of this study are as follows: (1) a conceptual framework for 
integrating AI into workplace risk assessment protocols; (2) an evaluation of AI methods in 
terms of predictive accuracy and practical implementation; (3) a comparative analysis of AI-
driven systems versus traditional risk assessment techniques; and (4) recommendations for 
deploying AI in occupational safety practices. In addition, this study presents a case 
application in an industrial setting, providing empirical insights into system performance and 
user acceptance. 

The remainder of this paper is organized as follows: Section 2 reviews related work on 
AI applications in occupational safety and risk assessment. Section 3 details the proposed AI-
based framework and methodological approach. Section 4 presents the results of system 
implementation and evaluation. Section 5 offers a discussion of the findings, including 
practical implications and limitations. Finally, Section 6 concludes the paper and outlines 
directions for future research. 

2. Preliminaries or Related Work or Literature Review 

Workplace risk assessment has traditionally relied on methods such as Failure Mode and 
Effect Analysis (FMEA), Fault Tree Analysis (FTA), and Job Safety Analysis (JSA), which 
provide structured frameworks but often lack adaptability and real-time responsiveness 
(Dhillon, 2014; Chen & Yang, 2020). These conventional methods are limited in their ability 
to detect emerging hazards in dynamic environments. 

With the advancement of artificial intelligence (AI), recent studies have demonstrated its 
potential in enhancing workplace safety. For example, Zhao et al. (2019) utilized BIM and 
mobile computing to support hazard communication in construction, while Zhou and 
Gheisari (2022) reviewed applications of machine learning and computer vision for real-time 
safety monitoring. AI approaches such as neural networks and decision trees have shown 
promising predictive capabilities but often face challenges related to model interpretability 
and data integration (Lee et al., 2021). 

Despite these developments, existing research tends to focus on specific applications or 
isolated technologies. There remains a gap in the design of integrated, scalable AI-based risk 
assessment systems that combine multiple data sources and predictive methods. This study 
aims to address that gap by proposing a hybrid AI framework tailored to dynamic workplace 
environments. 

3. Proposed Method 

This study proposes a Hybrid AI-Based Risk Assessment Framework (H-RAIF) that 
integrates structured sensor data and unstructured safety reports to improve workplace risk 
prediction. The method consists of three main steps: 

1. Data Collection and Preprocessing 
Data is gathered from two sources: 

 Structured data: environmental sensors (e.g., temperature, gas levels) and historical 
incident logs. 

 Unstructured data: textual safety reports and worker feedback. 
Structured data is normalized, while unstructured text undergoes preprocessing 

(tokenization, stop-word removal) and vectorization using TF-IDF or Word2Vec. 
2. Feature Integration and Classification 
Features from both data types are combined into a single input vector: 

 
  where 𝐹𝑠 is the structured data feature set and 𝑉𝑡𝑒𝑥𝑡 is the vectorized text. A machine 

learning classifier (e.g., Random Forest) is trained to predict risk levels:  

 
3. Real-Time Monitoring 
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The model is integrated into a real-time system to analyze live data. Alerts are triggered 
automatically when high-risk conditions are detected. 

4. Results and Discussion 

In this study, we conducted a hybrid AI-based risk assessment framework (H-RAIF) to 
improve workplace safety by integrating both structured sensor data and unstructured textual 
incident reports. The hardware used for our experiments included a computer with an Intel 
Core i7 processor, 32 GB of RAM, and an NVIDIA RTX 3060 GPU. The software 
environment involved Python 3.10 with libraries such as Scikit-learn for machine learning, 
TensorFlow for embedding models, and various data manipulation libraries like Pandas and 
NLTK. 

The datasets included structured sensor data from an open-source industrial IoT dataset, 
covering variables like temperature, humidity, CO₂ levels, and motion detection over a period 
of three months. Additionally, we used 1,200 incident reports from the OSHA Accident 
Search Database, which provided textual descriptions of workplace accidents. These reports 
were processed using standard text preprocessing techniques, such as tokenization, stop-word 
removal, and TF-IDF vectorization. The structured data was normalized using min-max 
scaling, and the combined feature set consisted of numerical features from sensors and 
vectorized text features from the incident reports. 

A Random Forest classifier was employed to classify risk levels (low, medium, or high) 
based on the combined feature set. The model achieved an accuracy of 91.2%, with precision, 
recall, and F1-score values of 89.7%, 90.4%, and 90.0%, respectively. These results 
significantly surpassed the performance of traditional threshold-based methods, which 
typically achieve accuracy levels in the 70-75% range. The performance improvement can be 
attributed to the hybrid approach that leverages both structured and unstructured data to 
provide a more comprehensive risk assessment. 

The inclusion of unstructured data (incident narratives) was a key factor in improving 
the model’s predictive power. Textual data often contains crucial information about near-
miss incidents, worker behavior, and other contextual factors that are not captured by sensors 
alone. This finding supports the results of previous studies, such as Lee et al. (2021), who 
demonstrated that combining machine learning with NLP techniques leads to more accurate 
risk detection. Furthermore, feature importance analysis revealed that variables like CO₂ levels 
and specific terms in incident reports (e.g., "slip" and "exposed wire") were the most 
influential in risk prediction. 

The results confirm the initial hypothesis that hybrid AI models, which integrate 
structured and unstructured data, offer enhanced predictive capabilities for workplace safety. 
The high accuracy and real-time performance of the model make it a suitable candidate for 
deployment in live safety monitoring systems. These systems could proactively detect 
hazardous conditions and trigger immediate alerts to mitigate potential risks. However, while 
the model performs well, there are areas for future improvement. For instance, integrating 
deep learning models may enhance the understanding of longer incident reports, and time-
series analysis could allow the model to predict risk trends over time. 

Overall, the hybrid AI-based risk assessment framework demonstrates great promise in 
improving safety protocols by leveraging diverse data sources and advanced machine learning 
techniques. The results suggest that AI can play a critical role in transforming workplace safety 
from reactive to proactive, preventing accidents before they occur.  

5. Comparison 

In comparing the results of our hybrid AI-based risk assessment framework (H-RAIF) 
with state-of-the-art approaches, we observe several key differences and improvements. 
Traditional risk assessment systems typically rely solely on sensor data for hazard detection, 
with methods such as threshold-based algorithms or rule-based systems, which tend to offer 
limited performance in dynamic environments (Zhou & Gheisari, 2022). These models 
generally report accuracy levels ranging from 70% to 75%, primarily due to their inability to 
process the unstructured textual data that often contains valuable insights into workplace 
incidents. 

In contrast, our proposed method integrates both structured sensor data and 
unstructured textual incident reports, leading to a substantial performance boost. With an 
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accuracy of 91.2% and F1-scores of 90.0%, our framework outperforms these conventional 
models by a significant margin. The addition of natural language processing (NLP) 
techniques, such as TF-IDF vectorization and embedding models like Word2Vec (Mikolov 
et al., 2013), enables the system to capture hidden patterns and relationships within incident 
narratives, which are often overlooked by traditional sensor-based models. This capability to 
leverage textual data places our method ahead of existing approaches that are purely sensor-
based and cannot account for the nuanced descriptions of safety hazards found in incident 
reports. 

Moreover, previous studies by Lee et al. (2021) demonstrated improvements in 
workplace safety predictions when machine learning was combined with NLP. However, 
these studies often focused on either structured data or unstructured data alone, rather than 
combining both in a unified model. Our approach is unique in that it integrates both types of 
data to generate a comprehensive risk assessment, resulting in a more accurate and actionable 
prediction. The model's ability to use a broad range of features, including environmental 
factors (e.g., CO₂ levels) and safety-related terms, proves to be a key differentiator. 

While deep learning approaches for risk assessment have been explored in some recent 
studies, our use of a Random Forest classifier strikes a balance between model interpretability 
and accuracy, making it more suitable for real-time deployment in industrial settings. Deep 
learning models, though powerful, often require large amounts of data and computational 
resources, which may not always be available in every workplace safety context. In contrast, 
our model provides a scalable solution that can be implemented with existing data sources 
without heavy computational demands. 

In conclusion, the hybrid AI-based framework presented in this study offers a significant 
advancement over existing methods, demonstrating higher accuracy, flexibility, and real-time 
applicability. The integration of structured and unstructured data, combined with machine 
learning and NLP techniques, sets our approach apart from current state-of-the-art solutions 
and holds promise for further advancements in workplace safety management. 

6. Conclusions 

In conclusion, this study presents a hybrid AI-based risk assessment framework (H-
RAIF) that combines structured sensor data and unstructured textual incident reports to 
improve workplace safety. Our model achieved an accuracy of 91.2%, significantly 
outperforming traditional sensor-only methods. By integrating machine learning and natural 
language processing (NLP), the framework effectively captures critical safety information 
from both environmental data and incident narratives. These findings support the hypothesis 
that combining diverse data sources leads to more accurate risk assessments, offering a 
scalable solution for real-time safety monitoring. While the study demonstrates significant 
advancements in predictive capabilities, limitations include the reliance on high-quality 
incident report data and the focus on a single industrial setting. Future research should explore 
the application of this framework across different industries and incorporate deep learning 
techniques for more complex incident analysis.. 
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