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Abstract: This study presents a unique framework for enhancing construction site safety control with the integration of Internet of Things 

(IoT) technologies and machine learning to know models. A broad array of sensors, including as temperature, pressure, fireplace, vibration, 

and proximity sensors, is strategically installed to expose important protective characteristics in real-time. The examine incorporates 

machine learning, specifically Artificial Neural Networks (ANN), Support Vector Machines (SVM), Naive Bayes (NB), and Decision 

Trees (DT), to beautify danger prediction abilities. The findings indicate that ANN attains the highest accuracy of 94.5%, while SVM 

records 92.3%, NB records 88.7%, and DT records 84.4%. Confusion matrices give a thorough analysis of genuine high quality, true 

horrible, false fantastic, and false poor forecasts for every version, giving insights into their individual strengths and limits. Notably, ANN 

displays better overall performance, displaying its ability to change protection methods in building situations. The integrated approach 

provides a robust safety net, integrating actual-time sensor facts with superior machine learning strategies to proactively uncover and 

minimise threats, consequently enhancing average safety in construction locations. This study adds to the expanding frame of understanding 

at the junction of IoT, machine learning, and construction protection, delivering a scalable and adaptive solution for industry stakeholders 

searching for to prioritize and increase protection outcomes on construction sites. 
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1. Introduction 

The construction enterprise, a cornerstone of global growth, 

grapples with inherent challenging issues relating to labour 

safety [1]–[3]. Accidents on constructing sites now not 

simplest harm the nicely-being of workers but additionally 

incur massive financial and temporal expenses. The 

necessity to reduce such threats has prompted a paradigm 

change closer to the blending of cutting-edge technology . 

This study tries to make a contribution to this variation by 

utilising synergistically applying the Internet of Things 

(IoT) and machine gaining knowledge of trends for 

comprehensive safety management on manufacturing sites. 

The combination of actual-time monitoring via IoT-enabled 

sensors and predictive analytics using machine studying has 

massive potential in ushering in a brand new age of dynamic 

danger prediction and prevention [4], [5]. 

Within the field of construction safety, the introduction of 

the Internet of Things (IoT) has been a revolutionary 

pressure. A multiplicity of study highlights the vital role of 

IoT-enabled sensors in actual-time records gathering for 

monitoring different protection factors. Temperature sensors 

have been placed to evaluate environmental conditions, at 

the same time as pressure sensors check structural balance. 

Proximity sensors, in turn, aid to collision avoidance 

between personnel and equipment [6]–[8]. The complete 

integration of those sensors into an IoT framework allows in 

for non-stop and dynamic monitoring, setting the basis for a 

full protection management device. The literature stresses 

the possibilities of IoT to transform protection measures via 

delivering real-time information about varied environmental 

and structural factors on industrial sites [9]–[11]. 

Simultaneously, the confluence of construction safety and 

machine learning knowledge of has undergone big 

investigation. Studies have looked into the usefulness of 

machine learning to know models, together with Artificial 

Neural Networks (ANN), Support Vector Machines (SVM), 

Naive Bayes (NB), and Decision Trees (DT), in 

enhancinging risk prediction abilties. ANN, with its power 

to distinguish challenging styles, has demonstrated 

promising results in enhancinging accuracy [12], [13]. 

SVM, recognised for its robust category competences, has 

been examined for its potential in real-time hazard identity. 

NB, with its probabilistic reasoning, and DT, imparting 

interpretable choice-making, provide additions to the broad 

repertory of machine learning tools for safety management. 

1Bharati Vidyapeeth (Deemed to be University), Institute of Management 

and Rural Development Administration, Sangli, Maharashtra, India 

2Department of Computer Science and Engineering, Vel Tech Rangarajan 

Dr Sagunthala R&D Institute of Science and Technology, Chennai, Tamil 

Nadu, India 

3Department of Computer Science and Engineering, Panimalar 

Engineering College, Chennai, Tamil Nadu, India 

4Department of Computer Science and Engineering, M. S. Ramaiah 

University of Applied Sciences, Bengaluru, Karnataka, India 

5Department of Management Studies, Sona College of Technology, Salem, 

Tamil Nadu, India 

6Department of Computer Applications, BV(DU), Institute of Management 

and Rural Development Adminstration, Sangli, Maharashtra, India 

Corresponding: rajendraspujari@gmail.com  

Email: rajendraspujari@gmail.com; drsuguna@veltech.edu.in; 

vinmathis@gmail.com; jyothi.cs.et@msruas.ac.in; 

sathyakala@sonamgmt.org; dhanashreevs@gmail.com 



International Journal of Intelligent Systems and Applications in Engineering IJISAE, 2024, 12(20s), 540–548 |  541 

The literature together emphasises the power of such models 

to derive important insights from the vast datasets created by 

employing IoT sensors, opening the path for better advanced 

hazard prediction tactics [14]–[16]. 

Despite the optimistic breakthroughs in IoT and machine 

learning programs in construction protection, the research 

underlines the relevance of comparing their actual execution 

and resolving integration challenging conditions. Seamless 

integration, durability, and adaptation to the changing nature 

of creating settings are vital for the efficacy of this 

technologies [17]–[19]. Researchers have underlined the 

want for a holistic strategy that examines no longer finest 

the technical components of sensor deployment and 

machine learning algorithms but additionally the issues 

associated to scalability and the sensible consequences for 

on-site protection administration. This comprehensive 

viewpoint becomes vital to make sure the flawless and 

powerful implementation of IoT and machine learning 

technologies in the complicated and ever-converting terrain 

of construction sites [20], [21]. 

In the present literature, even as various research have 

studied distinct components of IoT and machine learning to 

know integration, there may be a visible hole in full 

assessments of many machine learning patterns in the 

constructing safety situation. This investigations targets to 

remedy this gap with the help of carefully analysing and 

comparing the overall performance of ANN, SVM, NB, and 

DT in actual-global building site online protection packages 

[22], [23]. Such comparison assessments are necessary to 

know-how the strengths and limitations of each model, 

permitting educated decision-making for sensible 

application within the creative business. The research 

suggests that a complete evaluation will help substantially to 

improving the competence base in the field and directing the 

construction of strong safety management systems. 

Practical consequences and practical obstacles linked with 

the mix of IoT and machine learning to know in invention 

protection have acquired importance in recent study. Real-

world deployment comprises problems of scalability, 

dependability, and adaptability. Scholars underline the 

necessity to bridge the distance between theoretical 

developments and actual projects. Challenges which 

incorporates data privacy, cybersecurity, and cost 

consequences furthermore function notably in the literature. 

Understanding and managing these difficult scenarios are 

crucial to making sure the a hit installation and continued 

efficacy of integrated protective control structures in 

construction settings [24], [25]. 

Emerging advancements in construction protection age, as 

outlined inside the literature, factor in the direction of a 

future wherever enhancements in IoT and machine learning 

retain to modify protection techniques. Edge computing, 

where records processing occurs closer to the source, is 

identified as a potential answer to deal with latency 

problems in actual-time monitoring. The merger of 

augmented reality (AR) and virtual reality (VR) 

technologies is gaining popularity for immersive safety 

teaching and danger visualization. The literature reveals a 

rising interest within the potential of these technologies to 

further enhancing construction site safety in the approaching 

years [26], [27].  

This explores the integration of Internet of Things (IoT) and 

machine learning algorithms to enhance construction site 

protection. Leveraging different sensors and modern 

algorithms such as Artificial Neural Networks (ANN), 

Support Vector Machines (SVM), Naive Bayes (NB), and 

Decision Trees (DT), the look at makes a specialty of actual-

time danger prediction and prevention. With a 

comprehensive methodology, the research tackles the 

dynamic demanding conditions of creating environments, 

intending to modernise protection management procedures. 

By connecting technical innovation with sensible execution, 

this study sketches a road closer to a safer and additional 

resilient destiny for producing locations worldwide [28], 

[29]. 

2. Methodology 

The developed IoT system incorporates a varied array of 

sensors, which contains temperature, pressure, fire sensor, 

vibration, and proximity sensors for measuring the hazards 

of the environment. The information’s from these sensors  

are transferred to the cloud storage is coordinated by a 

centralized controller. This advanced equipment not only 

measures the safety metrics but moreover provides transfer 

information to the cloud.  

The building site acts as a dynamic environment in which 

more than one safety aspects have to be regularly checked to 

reduce threats effectively. Temperature sensors are carefully 

situated to assess ambient conditions, making sure that 

personnel are not exposed to high temperatures that might 

risk their properly-being. Simultaneously, force sensors are 

utilised to examine the loads endured by way of structures 

and system, offering actual-time data to save you overloads 

and structural catastrophes. The incorporation of hearth 

sensors is crucial in looking forward to and eliminating 

capacity fire hazards. These sensors continually monitor the 

development site for any indications and symptoms of smoke 

or fire, without delay providing this crucial information to the 

central controller. In the case of a fire-associated 

abnormality, the controller hurriedly sets on an alarm signal 

to warn on-construction site people, permitting rapid 

response steps to include and extinguish the fireplace. 

Vibration sensors serve an important part in monitoring the 

stability of buildings and equipment. Any unexpected 

vibrations, suggestive of structural stress or capability loss, 

generate alarms to the crucial controller. This proactive 

strategy enables in for well timed intervention, preventing 
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mishaps and guaranteeing the overall integrity of the 

development site online. Proximity sensors are deliberately 

situated to display the spatial interactions among personnel 

and system. These sensors offer actual-time information on 

the closeness of persons to equipment, minimising the hazard 

of accidents and enhancing average protection. By 

continually monitoring the spatial dynamics, the machine 

learning to accident avoidance and encourages a more secure 

running environment. The centralized controller functions as 

the nerve hub of the IoT machine, gathering input from 

multiple sensors in real-time. It acts as the bridge between the 

physical construction site and the cloud garage, supporting 

the smooth exchange of statistics. The obtained data, 

abundant with insights about safety criteria, is subsequently 

transferred to the cloud storage for complete review and 

analysis. 

In the cloud storage, the records endures enhanced analytics, 

letting the detection of styles, attributes, and abnormalities. 

Machine learning algorithms are engaged to parent subtle 

variations in sensor data, increasing the machine learning 

skills. This analytical expertise no longer simply helps to the 

instantaneous discovery of protection issues however 

additionally assists in establishing a proactive safety 

management plan based entirely on past information. An 

vital component of the created IoT system is its capacity to 

react promptly to odd signals. Upon recognising any 

departure from the linked up protection criteria, the controller 

starts an alert sign at the construction site online. This on the 

spot communication acts as a crucial alarm for on-site staff, 

alerting them to take preventive steps or evacuate if essential. 

Simultaneously, the controller notifies the identified anomaly 

to the important server, which functions as a repository for 

all construction site online data. This server assures that 

stakeholders, inclusive of assignment supervisors and 

protection officers, are immediately informed of the 

circumstance. Real-time communication between the 

controller and the server allows a coordinated response, with 

essential staff prepared to deal with the particular safety 

problem. The architecture of the proposed system is shown 

in figure 1. 

 

Fig. 1. Architecture of the proposed system 

1.1 Enhancement of safety by machine learning 

In addition to actual-time monitoring throughout a network 

of sensors, our study underlines the vital relevance of 

superior danger prediction in producing site online 

protection. Acknowledging that accidents may be better 

prevented with preventive actions, we incorporate machine 

learning methods into our IoT system. These models are 

trained the utilisation of documented data, letting them to 

discover styles, trends, and capacity threats primarily relying 

on previous knowledge. 

The initial phase in this system entails the collecting of huge 

datasets created by way of the many sensors put around the 

development site online. These datasets, rich in various 

information ranging from temperature variations to force 

dynamics, function the training ground for our machine 

learning models. The styles are developed to evaluate and 

extrapolate from this data, enabling them to grasp scattered 

correlations and deviations that may presage protection 

threats. 

The training phase is a critical problem of the machine 

learning model growth. Rigorous trying out and validation 

are utilised to make sure the dependability and correctness of 

the styles. By exposing the models to a complete assortment 

of circumstances and ability protection dangers, we intend to 

beautify their predicting skills. This repeated technique 

comprises best-tuning the models till they get a high amount 

of accuracy in risk identification. 

Once the machine learning models are trained and verified, 

they're simply incorporated into the bigger IoT device. This 

connection permits the non-stop gliding of actual-time sensor 

recordings to machine learning styles. As the models acquire 

up-to-the-second records from the development site sensors, 

they analyse the data in real-time, discovering styles and 

variations that might indicate approaching protection threats. 

In the occasion when the machine learning modes predict a 

capability danger, the machine learning a series of 

coordinated responses. Firstly, the facts is transmitted to the 

centralized controller, which functions since the command 

center of the IoT system. The controller, upon getting the 

danger prediction, instantly switches on an alert indicator on 

the development site online. This on the spot notice works as 

a proactive strategy, informing on construction site personnel 

of the possible danger and pushing them to take 

instantaneous measures. 

Simultaneously, the machine learning model updates this 

risk prediction data in the cloud storage. This real-time 
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replace guarantees that stakeholders, which includes 

assignment managers and protection authorities, are notified 

of the status of things immediately quickly. The cloud 

storage functions as a full repository, capturing both actual-

time sensor facts and machine learning forecasts, 

consequently adding to a holistic understanding of the 

development site's protection landscape. 

By incorporating machine learning models into our IoT 

system, we no longer handiest give actual-time monitoring 

however also improve the predictive skills of the protection 

management framework. This proactive strategy permits 

construction site professionals to depend on and save you 

hazards before than they develop into accidents. The synergy 

amongst actual-time sensor facts, system gaining knowledge 

of forecasts, and prompt communication throughout the 

centralized controller and cloud garage provides a complete 

protection net, substantially enhancinging the general safety 

paradigm in construction site. 

1.2 Machine learning model 

The present research offers a multi-faceted method to danger 

prediction at construction sites, including Artificial Neural 

Networks (ANN), Naive Bayes (NB), Support Vector 

Machines (SVM), and Decision Trees (DT). By harnessing 

the capabilities of these various machine learning to know 

models, we beautify the prediction skills of our IoT system. 

The application of ANN facilitates the identification of 

sophisticated styles, whereas NB excels in probabilistic 

reasoning. SVM offers good classification, while DT enables 

interpretable selection-making. Through the integration of 

various models, our study targets to deliver a full and precise 

forecast of construction threats, encouraging a safer working 

environment. 

In the realm of construction site safety control, Artificial 

Neural Networks (ANN) evolve to be a potent instrument for 

hazard prediction. These computational designs, motivated 

by the human mind's neuronal structure, display amazing 

efficiency in detecting intricate patterns within datasets. In 

our investigations, we harness the energy of ANN to dive into 

the complexity of construction site online sensor 

information, allowing the system to evaluate, adapt, and 

make intelligent chance predictions. The training of the ANN 

comprises exposing the community to a huge dataset 

obtained from numerous sensors deployed strategically 

throughout the construction site online. These sensors catch 

a variety of information, beginning from temperature 

changes to pressure dynamics and vicinity details. Through 

repeated training, the ANN refines its inner parameters, 

optimizing its capability to recognise small correlations 

suggestive of ability threats. 

One of the particular features of ANN resides in its ability to 

handle non-linear interactions among data, enabling it to grab 

troublesome dependencies that may evade previous 

approaches. This makes ANN in particular nicely-proper for 

the dynamic and complex character of construction site 

settings, in which hazards might show up trough different 

and related factors. As actual-time sensor data arrives into the 

ANN within our IoT equipment, the network independently 

strategies these records, continually upgrading its knowledge 

of the growth site's protection landscape. The trained ANN 

model predicts the warning possible concerns along with 

structural strain, device faults, or dangerous proximity 

situations. 

In our investigations on construction construction site online 

safety control, Support Vector Machines (SVM) also 

implemented to predict the hazards. SVM is a supervised 

studying technique recognised for its sturdy category 

abilities, making it a priceless instrument in deciphering 

intricate patterns within construction site sensor facts. SVM 

performs with the help of mapping input records right into a 

high-dimensional space, wherein it determines certain 

hyperplanes to separate unique classes, allowing specialised 

danger forecasts. 

The training strategy for SVM comprises exposing the 

algorithm to categorised datasets obtained from dataset 

informations site sensors. These sensors gather various 

aspects together with temperature, force, and proximity, 

allowing the SVM to investigate complicated patterns 

associated to secure and risky settings. SVM's ability to cope 

with each linear and non-linear associations within the 

statistics makes it properly-applicable for the dynamic and 

multifarious character of building site surroundings. 

One of the important thing rewards of SVM resides in its 

potential to handle excessive-dimensional information, 

making it notably efficient while dealing with intricate and 

interrelated safety factors. As real-time sensor data pours into 

our IoT device, SVM independently evaluates the 

information, continually upgrading its categorization 

version. This allows the SVM to become aware of 

abnormalities suggestive of capacity hazards, such structural 

instabilities, system failures, or dangerous spatial 

interactions among personnel and machines. The inclusion of 

SVM into our hazard prediction framework compliments the 

overall accuracy and dependability of our safety management 

equipment. SVM's skill to discover small patterns within the 

data leads to the proactive detection of possible dangers, 

taking into mind prompt response. 

In our research on construction site online protection control, 

we incorporate Naive Bayes (NB) as a strong instrument for 

risk prediction. NB is a probabilistic type set of rules based 

solely on Bayes' theorem, noted for its simplicity and 

efficiency. Despite its fundamental ; assumption of 

independence across functions, NB proves incredibly strong 

in recognising patterns within construction site online sensor 

data and anticipating possible threats. 

The operating precept of NB machine learning from 

categorised datasets, in which the set of rules is revealed to 
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various protection factors recorded with the assistance of 

construction site sensors. These characteristics include 

temperature, force, proximity, and various relevant 

components. The navie assumption of independence 

streamlines the calculation of possibilities, making NB 

principally properly-suited for actual-time assessment of 

sensor input. 

As the collection of guidelines manages incoming sensor 

information in actual-time within our IoT equipment, NB 

examines the chance of numerous probable eventualities 

depending in basic terms on identified styles. It examines the 

potential of many occasions contributing to probable 

protection threats, associated with structural faults or 

unstable operating circumstances. NB's vitality relies upon 

on its capacity to deliver fast and clever forecasts, 

specifically in situations with constrained training statistics. 

The inclusion of NB to our framework for chance prediction 

will enhancing the protective manage tool's usual 

performance. It is terrific in dealing with the state-of-the-art 

and dynamic layouts of construction site owing to the reality 

to its quickness and simplicity. By offering individuals on 

construction sites with real-time hazard evaluations, NB lets 

them to take instantaneous preventative action, subsequently 

minimising the likelihood of accidents. 

Decision Trees (DT) are a vital aspect of our hazard 

prediction device that we utilise in our study on creating 

website online safety management. DT is a flexible and 

intelligible sequence of machine learning to know concepts 

this is notably great at encapsulating sophisticated choice-

making techniques. Its skill to develop hierarchical selection-

making systems that fully depend on input capabilities makes 

it especially well-proper for detecting patterns within the 

creation of internet site sensor facts and monitoring for 

possible security hazards. The important premise in the back 

of DT is the construction of a tree-like structure, in which 

each leaf node symbolises a class or consequence and each 

inside node represents an alternative this is completely 

dependant on a certain feature. When it concerns securing 

construction sites, DT is effective at leveraging categorised 

datasets gathered from diverse sensors that strike upon 

several features together with pressure, temperature, 

proximity. 

As real-time sensor data feeds into our IoT device, the DT 

algorithm independently assesses the statistics against the 

decision tree model. It explores the tree's nodes, making 

consecutive decisions based solely on the observed values of 

several protective factors. This approach allows DT to 

categorise the data into distinct hazard scenarios, which 

incorporate figuring out structure instabilities, system 

failures, or unsafe operational conditions. One of the primary 

benefits of DT rests in its interpretability. The choice-making 

process is straightforward and easy to identify, making it 

helpful for stakeholders who won't have an in depth 

knowledge in machine learning. This interpretability helps 

construction site online staff and protection officials to 

identify the components leading to the danger estimates, 

promoting a more educated choice-making approach. 

3. Result and Discussion 

After intensive training and checking out of machine learning 

in our construction site protection study, we identified 

wonderful versions in their predicted accuracies (Fig. 2). 

Artificial Neural Networks (ANN) appeared because the 

greatest adept, producing an extraordinary accuracy of 

94.5%. Following carefully, Support Vector Machines 

(SVM) displayed a good performance with an accuracy of 

92.3%. Naive Bayes (NB) showed remarkable prediction 

ability with an accuracy of 88.77%, while Decision Trees 

(DT) completed an accuracy of 85.44%. These results 

showcase the enhanced predictive energy of ANN, exhibiting 

its potential to considerably embellish risk prediction and 

safety management in manufacturing situations. 

In the figure 3, we summarise the overall performance 

measures of four various machine learning models applied in 

our building site protection investigations. Each model, 

notably Artificial Neural Networks (ANN), Support Vector 

Machines (SVM), Naive Bayes (NB), and Decision Trees 

(DT), gets rigorous assessment based on precision, recall, F1 

score, and overall accuracy. 

The precision measure displays the accuracy of all 

predictions generated using the version, demonstrating how 

frequently the model is right when it predicts a danger. For 

ANN, this statistic stands at an amazing 92%, indicating the 

trustworthiness of its great forecasts. SVM intensely follows 

with a precision of 91%, demonstrating the accuracy of its 

danger forecasts. 
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Fig. 2. Accuracy of machine learning models

Recall, also known as sensitivity or real effective rate, 

assesses the model's power to become aware of all relevant 

times of a hazard. ANN renowned a significant do not forget 

of 96%, suggesting its ability in capturing the big majority of 

risky scenarios. SVM intently trails with a keep in mind of 

93%, indicating its efficiency in recognising capability 

concerns. 

F1 score, a harmonic mean of accuracy and take into account, 

delivers a fair appraisal of a version's prediction skills. ANN 

exhibits a strong F1 score of 94%, at the same time as SVM 

follows carefully with a rating of 92%. These measures 

indicate the algorithms' capacity to find a compromise 

between accuracy and memory, required for comprehensive 

risk prediction. 

Finally, the general accuracy offers an inclusive degree of a 

version's correctness during all chance training. Here, ANN 

attains an accuracy of 94.5%, indicating its usual success in 

anticipating construction site risks. SVM, NB, and DT 

demonstrate remarkable accuracy scores of 92.3%, 88.77%, 

and 85.44%, respectively. 

The confusion matrices in figure 4 provided offer a full study 

of the performance of each machine evaluating model in our 

construction site safety research. These matrices are key tools 

for assessing the forecasting capacities of the models. For the 

Artificial Neural Networks (ANN) model, the confusion 

matrix indicates that out of 100 incidents of true hazards, the 

model correctly projected 90 as true (TP) and false of 5  as 

negative(FN). On the negative side, the model successfully 

projected 150 times as awful (TN) but made three fraudulent 

fine forecasts (FP). This illustrates the version's skills to 

efficiently search out true threats but sometimes 

misclassifying non-dangerous events. 

 

Fig. 3. Performance score of each model

In the case of Support Vector Machines (SVM), the 

confusion matrix displays a similar breakdown. Of ninety 

five genuine threats, the version accurately detected 88 (TP) 

and did not identify 7 times (FN). On the non-chance aspect, 

the version accurately predicted 148 times as terrible (TN) 

although created 4 false effective predictions (FP). This 

indicates a high performance in random prediction with 

considerable space for growth in decreasing false positives. 

Moving to Naive Bayes (NB), the matrix demonstrates that 

out of 95 genuine threats, the version effectively detected 85 

(TP) and disregarded 10 times (FN). On the non-danger 

aspect, the programme successfully forecasted a 145 times as 

horrible (TN) nevertheless created 5 false high quality 

predictions (FP). This exhibits an affordable equilibrium in 

danger prediction, even if with a scarcely improved false 

prediction. 
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For Decision Trees (DT), the matrix displays that out of 95 

real hazards, the model efficaciously identified 80 (TP) and 

failed to pick out 15 times (FN). On the non-hazard side, the 

model as it should be predicted 142 times as negative (TN) 

nevertheless created 8 incorrect positive predictions (FP). 

This implies a model this is successful in risk prediction but 

with a considerably greater false negative. 

 

Fig. 4. Confusion matrices of each model

4. Conclusion 

In conclusion, our study reveals a significant step in 

improving construction site safety administration using the 

integration of Internet of Things (IoT) and machine learning 

models. The usage of several sensors, along with 

temperature, force, hearth, vibration, and proximity sensors, 

forms the inspiration of our IoT system, letting actual-time 

surveillance of key safety factors. The inclusion of system 

accumulating knowledge of models, inclusive of Artificial 

Neural Networks (ANN), Support Vector Machines (SVM), 

Naive Bayes (NB), and Decision Trees (DT), enhance chance 

predicting skills. Our results demonstrate that ANN offers the 

very best predicting accuracy at 94.5%, joined by SVM at 

92.3%, NB at 88.77%, and DT at 85.44%. These models, 

enhanced by employing individual confusion matrices, give 

insights into their different strengths and limitations. The 

proven efficiency of ANN in performing improved risk 

prediction highlights its possibility for transforming 

protective methods in construction contexts. Overall, our 

included method gives a full safety internet, integrating 

actual-time sensor facts and sophisticated system gaining 

knowledge of, to proactively reduce hazards and enhance 

standard developing site safety. 
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