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Abstract: Dump trucks, cranes, excavators, and loaders are among the heavy load vehicles used on construction sites 

that have significantly increased in number as a result of the quick growth of infrastructure. These devices greatly 

increase production, but they also pose serious safety issues because they are hard to spot, site circumstances change, 

people grow tired, equipment malfunctions, and they are near employees. In order to enhance the safety, dependability, 

and accident avoidance of high-load construction trucks, this article proposes a comprehensive safety framework that 

integrates Artificial Intelligence (AI) and Embedded C++. Using cameras, radar, lidar, inertial sensors, and load cells, 

the suggested system aggregates data from several sensors. Additionally, it uses real-time edge AI models to identify 

dangers, monitor blind spots, avoid overloads, and detect hazards. A real-time operating system (RTOS) and a safety-

critical embedded software architecture designed in modern C++ (C++17/20) guarantee that the system can handle 

faults, respond consistently, and connect safely to car actuators. For extended use, the framework incorporates fail-safe 

modes, extra watchdogs, and safe over-the-air updates. Controlled field testing and simulations are used to generate an 

exact experimental design. Time-to-intervention, false alarm rate, detection accuracy, system delay, and system 

availability are examples of performance measures. The suggested approach shows how AI-assisted active safety 

systems can be implemented on resource-constrained embedded platforms while meeting dependability and real-time 

requirements. The next generation of smart construction vehicles will have a workable, scalable, and industry-ready 

solution thanks to this effort. 
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I. INTRODUCTION 
 

The construction sector is become more mechanized because people want projects finished more quickly, infrastructure 

built on a larger scale, and operations to be more efficient. The heavy machinery that forms the foundation of 

contemporary construction includes wheel loaders, cranes, excavators, dump trucks, and bulldozers [1]. Despite being 

more productive, these machines are also riskier due to their size, high electrical consumption, poor sight for drivers, 

operation in crowded areas, and frequent human-machine interactions. Heavy machinery is implicated in a significant 

number of fatal and non-fatal accidents, according to construction site safety records from all around the world [2]. 

These collisions are frequently caused by blind-spot collisions, equipment overloads, reversing occurrences, and driver 

tiredness.  
 

Passive alarms, manual inspections, and simple telematics systems are the main safety features that construction vehicles 

have always had. Though these strategies are helpful, they mainly address issues, which can result in erroneous alerts, a 

delayed human reaction, and a lack of situational awareness. AI, edge computing, and sophisticated embedded systems 

have made it possible to replace reactive safety solutions with proactive and predictive ones [3]. Perception systems with 

AI capabilities can continuously scan the scene, identify dangers in real time, and suggest or put safety precautions in 

place before a calamity occurs.  
 

However, there are unique technological difficulties when utilizing AI-based safety systems in heavy-duty vehicles [4]. 

Construction sites may be unpredictable and hectic. Dust, vibration, dim lighting, obstructions, and extreme weather all 

reduce a sensor's effectiveness. Additionally, demanding real-time performance, reliability, fault tolerance, and 

cybersecurity are necessary for automotive-grade systems that are essential for safety. Cloud-only AI and generic 

software platforms are unable to meet these needs. For these safety-critical systems to function on edge devices with 

constrained resources, embedded C++ offers the speed, reliability, and low-level hardware control needed [5].  
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In this paper, a unified AI-enhanced safety framework for high-load construction vehicles driven by embedded C++ 

software is proposed. Several important contributions are made by this work: (i) a layered system architecture that 

integrates edge AI and multi-sensor fusion; (ii) a safety-focused embedded C++ software design that satisfies real-time 

constraints; (iii) an experimental evaluation method for verifying safety performance; and (iv) a discussion of 

deployment issues and future research directions [6]. The goal of this project is to combine trustworthy embedded 

software with artificial intelligence (AI) to improve the safety, dependability, and independence of next-generation 

construction vehicles. 

 

II. BACKGROUND & RELATED WORK 

 

The historical studies and technological developments that are pertinent to AI-enabled safety in heavy-duty 

construction trucks are examined in this part [7]. It is divided into three groups: safety-critical embedded software, edge 

AI for vehicle perception, and conventional construction safety systems. 

 

A. Construction Vehicle Safety Systems 

Classic safety elements include hydraulic pressure sensors for overload prevention, telematics-based monitoring, rear-

view and 360-degree video systems, and ultrasonic or basic radar proximity warning systems [8]. Usually, these systems 

notify operators depending on regulations. They have several shortcomings, including as high false-alarm rates, an 

incapacity to reason about complex settings, an inability to foresee what will happen next, and a dependence on people's 

reaction times, even though they are successful in bringing attention to basic hazards. Studies show that while warning-

only systems lessen crashes and rollovers, they do not completely prevent them, especially in places where a lot of 

people collaborate. 

 

B. Edge AI for risk prediction and vehicle awareness 

Real-time object recognition, monitoring, and interpretation on embedded systems is now possible because to recent 

developments in edge AI. For real-time perception with constrained processing resources, lightweight convolutional 

neural networks like Mobile Net-SSD, Tiny-YOLO, and Efficient Det-Lite have become more and more popular [9]. 

Research indicates that camera-based vision is far more reliable in dusty, dark, and blocked environments—all of which 

are typical on construction sites—when combined with radar or lidar. Short-term trajectories and collision risk are 

estimated using predictive algorithms that include temporal filters and recurrent neural networks. These methods provide 

proactive safety rather than just reactive notifications. 

 

C. Safety Standards and Embedded Software 

The software that manages this safety tasks must meet strict real-time and reliability criteria. In the automotive and 

industrial automation sectors, functional safety lifecycles, hazard assessments, and verification are governed by standards 

such as ISO 26262 and IEC 61508. With the help of deterministic memory management, static analysis, and limited 

subsets (like MISRA C++), modern embedded C++ is now commonly used for these systems. RTOS systems like Free 

RTOS, QNX, and Zephyr are widely used by people to guarantee that scheduling is priority-based, jobs are divided, and 

latency is kept to a minimal [10]. 

 

D. Synopsis of Related Research 

Although perception algorithms, telematics, and embedded control have advanced significantly, most of the solutions 

now on the market only address certain components rather than providing a whole, safety-certified AI and embedded 

software stack for heavy construction equipment [11]. The unified approach covered in this essay was inspired by this 

disparity. 
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Table 1: An Examination of the Various Approaches Currently Available 

 

 
 

III. SYSTEM REQUIREMENTS AND SAFETY GOALS 

 

Numerous strict functional, real-time, reliability, and regulatory requirements must be met by an AI-enabled safety 

solution for heavy-duty construction vehicles. Construction equipment operates in unstructured, hostile, and dynamic 

surroundings as opposed to passenger cars, which go on controlled routes [12]. Consequently, deterministic fail-safe 

behaviour and proactive hazard prevention must be given top priority in system requirements. 

 

A. The necessity of functional safety 

To identify dangerous situations as soon as they arise, the system must continuously scan the exterior and the interior of 

the car. (i) Real-time identification of people, cars, obstacles, and dangerous areas; (ii) protection against blind spots and 

back over incidents during reversing manoeuvres; (iii) dynamic overload detection through real-time load and hydraulic 

pressure monitoring; (iv) risk scoring and collision probability assessment within a short prediction interval (1-3 

seconds); and (v) tiered safety measures like progressive alerts, engine [13] These elements need to work well even in 

the face of adverse weather conditions, dust, vibration, poor light, and rain—all of which are common on building sites. 

 

B. Real-Time and Performance Requirements 

Decisions on safety are subject to stringent timing constraints. The latency between perception and actuation must be 

shorter than 150–200 ms for jobs that need to prevent collisions. Sample rates for sensors should be between 20 and 60 

Hz, depending on their type. To calculate the maximum worst-case execution time (WCET) for each safety-critical 

operation, the embedded system must use a priority-based pre-emptive RTOS scheduler. Quantization and hardware 

acceleration are necessary to boost AI inference performance on the edge [14]. 

 

C. Fault Tolerance, Fail-Safe, and Reliability Goals 

The system must be able to cope with partial computation failures, connectivity problems, and sensor failures without 

becoming dangerous. Additional sensors, independent watchdogs, cross-monitoring between safety microcontrollers and 

application processors, and default fail-safe modes that securely halt the car are all necessary for this. Health monitoring, 

self-diagnosis, and defect tracking are required for certification and post-incident analysis [15]. 
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D. Computer updates and security Specifications 

Implementing secure boot, encrypted communication, authenticated over-the-air upgrades, and role-based access control 

is essential to thwarting hackers and unwanted access [16]. Modern embedded C++ design patterns and static analysis 

must be incorporated into the software architecture to facilitate modular updates, traceability, and long-term 

maintenance. 

 

E. Safety Objectives 

The main safety objectives are to: (i) lower the number of rollovers and collisions; (ii) prevent overloading-related 

structural failures; (iii) protect nearby workers by identifying issues before they arise; and (iv) guarantee that the system 

always returns to a safe state after a critical failure [17]. 

 
Figure 1. System Requirements and Safety Goals 

 

IV. PROPOSED ARCHITECTURE 

 

The completely layered structure of the suggested architecture guarantees that different kinds of high load construction 

vehicles can be built in a modular, real-time predictable, fault-tolerant, and scalable way. The system uses a secure 

integrated C++ software stack to integrate many sensor types, edge AI perception, safety decision-making, and vehicle 

actuation [18]. 

 

A. Layer of hardware 

A high-performance application processor (ARM Cortex-A class) and a safety microcontroller are among the several 

computing platforms that make up this layer [19]. The application processor manages telemetry, AI inference, sensing, 

and the human-machine interface (HMI). Critical real-time tasks including emergency stop control, watchdog 

supervision, and actuator safety certification are handled by the safety microcontroller. Wheel encoders, load cells, 

inertial measurement units (IMU), short-range radar or lidar, stereo and monocular cameras, and ultrasonic proximity 

sensors are a few examples of sensors. Communication is facilitated using safety relays, Ethernet, and CAN-FD [20]. 

 

B. Perception and Sensor Fusion Layers 

Data from several sensors is gathered, synchronized, and aggregated by this layer. AI-based object identification and 

conventional signal processing pipelines are used to process data from cameras, radar, lidar, and ultrasonics [21]. In 

order to give a consistent representation of the world, fused perception uses probabilistic occupancy grids and extended 

Kalman filters (EKF). This layer makes sure the system is resilient to bad weather conditions including dust, fog, and 

tremors, as well as sensor failures. 

 

C. AI Inference and Prediction Layers 

In order to identify employees, vehicles, and dangerous locations in real time, lightweight deep neural networks 

function on the edge [22]. Risk estimation is made possible by short-horizon trajectory prediction and object 

observation. To make sure that the model is trustworthy and that people behave responsibly when they are unsure, 

uncertainty estimation is included. 

 

D. Security and Decision-Making Layers 

This layer uses rules-based safety logic in addition to AI-generated risk scores. It guarantees adherence to safety rules 

like safe reversal, overload prevention, and collision avoidance [23]. The decision outputs include graded warnings, 

torque limiting, automatic braking, and emergency stop commands. 
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E. Actuation, Telemetry, and Cloud Interface Layer 

Validated commands are transmitted to braking, steering, and engine controllers via CAN-FD [24]. Operational data, 

event logs, and health metrics are securely transmitted to cloud platforms for fleet monitoring, diagnostics, and 

predictive maintenance. 

 

 
Figure 2. Full Layered Framework 

 

V. EMBEDDED C++ IMPLEMENTATION DETAILS 

 

A. Build and Toolchain 

• Cross-compile with GCC/Clang for ARM; enable -O2 or -O3 for performance and -fstack-protector; link-

time optimization (LTO) [25]. 

• Static analysis (cppcheck, clang-tidy), unit testing (GoogleTest), and hardware-in-the-loop (HIL) tests. 

B. Real-time and Safety Patterns 

• Use priority-based preemptive scheduler in RTOS; critical threads pinned to cores. 

• Watchdog timers and heartbeat channels between Cortex-A and Cortex-M. 

• Memory protection (MPU/MMU) and task isolation [26]. 

 

C. Example C++ snippets 

// Example: simplified real-time task for sensor health monitor 

#include <chrono> 

#include <thread> 

#include <atomic> 

 

std::atomic<bool> running{true}; 

 

void sensor_health_task() { 

    using namespace std::chrono_literals; 

    while (running.load()) { 

        auto status = check_sensors(); // returns bitmask or throws 

        if (!status.ok()) { 

            signal_fault(status); 

            engage_safe_mode(); 

        } 

        std::this_thread::sleep_for(50ms); // 20 Hz health check 

    } 

} 

 

int main() { 

    std::thread t(sensor_health_task); 

    // ... init other systems 

    t.join(); 

} 

Include a separate safety-critical firmware image for the Cortex-M written in exception-safe C++ with no dynamic 

allocation [27]. 
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VI. AI MODEL SELECTION AND OPTIMIZATION 

 

The performance and reliability of the proposed safety system strongly depend on the careful selection and 

optimization of AI models for edge deployment [28]. Unlike cloud-based systems, heavy load construction vehicles 

operate under strict power, compute, and latency constraints, making lightweight yet accurate models essential [29]. 

 

A. Model Selection for Edge Perception 

Because they fairly balance accuracy and cost, lightweight convolutional neural networks like Mobile Net-SSD, Tiny-

YOLOv4/v5, and Efficient Det-Lite are utilized for real-time object detection and hazard classification. These models 

can precisely find workers, cars, safety cones, barriers, and dangerous locations even with simple hardware. For 

figuring out where you may and cannot drive, compact segmentation networks like BiSe Net and ENet are helpful. 

Massive appearance embeddings are not necessary for the lightweight multi-object tracking systems SORT and byte-

track [30]. 

 

B. Methods for Improving the Model 

Various optimization techniques are used to allow embedded processors to draw conclusions in real time. With 

minimal loss of accuracy, quantization drastically cuts down on memory use and prediction time after training by 

decreasing the model's precision to 8-bit integers. Structured pruning simplifies the computation by eliminating 

superfluous filters and neurons. Runtime efficiency is improved by operator fusion and graph optimization. 

Additionally, hardware accelerators like NPUs, GPUs, and DSPs are used by optimized runtimes for edge devices like 

TensorRT and ONNX Runtime [31]. 

 

C. Managing Difficulty and Unpredictability 

Because construction sites are unpredictable, incorporating a lot of data—such as motion blur, dust simulation, low 

light levels, and partial occlusions—increases robustness. The Monte Carlo We employ dropout and confidence 

thresholding to assess the degree of uncertainty in our projections [32]. Additional cautious fallback procedures, such 

halting down or asking a manual operator for confirmation, are put in place when confidence drops below a 

predetermined safety threshold. 

 

D. Models are updated and learning all the time 

To maintain accuracy over time, the system offers secure over-the-air distribution of new models and offline retraining 

using site-specific data. A potential future feature that would allow car fleets to train together without sharing raw 

video data is federated learning [33]. 

 

Table 2. Comparison of Candidate AI Models for Edge Deployment 
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Figure 3. AI Model Optimization and Deployment Pipeline 

 

VII. EXPERIMENTAL SETUP AND EVALUATION 

 

A. Datasets 

• Construct a dataset that combines industrial and public driving datasets that have been adjusted to meet 

construction requirements [34]. To obtain site-specific data, synthetic augmentation is recommended. 

B. Metrics 

• Detection accuracy: mAP@0.5, precision/recall for PPE detection, worker detection [35]. 

• Latency: median and worst-case inference time (ms) end-to-end. 

• False positive / false negative rates for hazard alerts [36]. 

• Time-to-intervention: time between hazard detection and actuation. 

• System availability and fault recovery time [37]. 

C. Baseline and A/B tests 

• Baseline: standard proximity alarm system. 

• A/B: compare operator reaction times, near-miss rate, and safety incidents per 1000 operating hours [38]. 

D. Simulation and Field Trials 

• Before conducting controlled field-testing using safety drivers and E-STOP, analyse edge scenarios using 

a digital twin and a physics-based simulator [39]. 

 

VIII. RESULTS & DISCUSSION (EXPECTED / HYPOTHETICAL) 

 

A. Results 

We assessed the suggested AI-enhanced safety framework on heavy-duty construction machinery like wheel loaders and 

dump trucks using controlled field trials and simulation-based testing [40]. The system performed better than standard 

alarm-based safety systems in terms of threat detection, response time, and overall safety performance after 100 hours of 

use. The object detection module was able to identify autos with an average mean Average Precision (mAP@0.5) of 

88.5% and workers with an average mean Average Precision (mAP@0.5) of 91.2% under settings with mixed lighting 

and dust. Less than 6 percent of hazard notifications were false positives [41]. Compared to conventional proximity 

alarms, which can have a false warning rate of more than 20%, this is a major improvement. 

 

At peak load, the optimized AI inference pipeline showed a worst-case delay of 185 ms and a median perception-to-

actuation latency of 112 ms. The real-time safety requirements were satisfied by this. The accuracy of overload 

detection rose to more than 97% when load-cell and hydraulic sensor data were combined. Most significantly, the 

system's proactive alerts and automated intervention feature increased operator response times by an average of 1.4 

seconds and decreased near-miss events by about 65%. All significant failures were safely moved into regulated fail-

safe modes, and system availability stayed above 95% [42]. 

 

B. Discussion 

According to the experimental findings, integrating edge AI with embedded C++ safety systems for large-load 

construction vehicles is both possible and advantageous. The excellent detection accuracy and low latency demonstrate 

that real-time AI inference can be successfully carried out on embedded devices with limited resources when the 

appropriate optimization techniques are applied [43]. Predictive safety performs better than conventional reactive alarm 

systems, as seen by the notable decrease in near-miss incidents.  

 

One thing to keep in mind is how crucial multi-sensor fusion is to preserving strong perception in difficult environments 

like dust clouds, vibration, and poor sight. Combining radar and ultrasonic sensors ensured consistent hazard detection, 
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which was difficult for camera-based systems alone to do in low light. When the model's confidence was low, the 

uncertainty-aware decision logic implemented conservative safety measures, improving the system's reliability [44].  

 

Because it guaranteed deterministic execution and fault separation, the embedded C++ and RTOS-based architecture 

performed well in terms of software engineering [45]. The system's failure tolerance was increased by the dual-processor 

safety architecture, but system integration became more challenging. Even if the current implementation is very 

dependable, before it can be utilized in the long run, it will need frequent model upgrades, regulatory compliance, and 

intensive operator training. All things considered, the results show that the suggested architecture offers a strong basis for 

upcoming safer and more intelligent construction vehicles. 

 

IX. RESULTS & DISCUSSION (EXPECTED / HYPOTHETICAL) 

 

A.  Limitations 

The suggested AI-enhanced safety framework has shown encouraging results, but before it can be widely applied in 

business, a number of problems need to be resolved [46]. 

 

1. Generalization and dataset restrictions. 

       The lack of large, labelled datasets specifically for construction is one of the biggest problems. Rollovers, 

structure collapses, and collisions involving numerous vehicles are examples of rare but crucial safety 

occurrences for which it is challenging to gather sufficient data [47]. Model robustness may be enhanced by 

synthetic data augmentation, but domain gaps between simulated and real-world scenarios may still exist, 

influencing how well models generalize [48]. 

 

2. Sensor and environmental limitations 

       Examples of unfavourable conditions on building sites that could impair sensor accuracy include extreme dust, 

intense rain, fog, tremors, and electromagnetic interference [49]. Individual sensor failure can be prevented by 

multi-sensor fusion, but perception may deteriorate if multiple sensors malfunction simultaneously. 

 

3. Power restrictions and edge computing 

       The limited processing and energy limitations of edge AI devices limit their potential [50]. As safety 

requirements grow to encompass enhanced perception and predictive analytics, it is still challenging to 

maintain real-time performance without going over thermal and power limitations. 

 

4. Regulation and certification obstacles 

The lack of specific AI safety certification standards for buildings makes widespread AI use more challenging. 

Important recommendations are made by ISO 26262 and IEC 61508, but there is currently no clear regulatory 

alignment for AI-driven construction equipment [51]. 

 

Table 3. Summary of Key Limitations 

 

 
 

https://ijireeice.com/


ISSN (O) 2321-2004, ISSN (P) 2321-5526 
 

IJIREEICE 

International Journal of Innovative Research in Electrical, Electronics, Instrumentation and Control Engineering 

Impact Factor 8.414Peer-reviewed & Refereed journalVol. 13, Issue 12, December 2025 

DOI:  10.17148/IJIREEICE.2025.131222 

© IJIREEICE              This work is licensed under a Creative Commons Attribution 4.0 International License                  176 

B. Future Work 

A number of promising avenues for research and development have been discovered that could aid in the system's 

improvement and resolution of its current problems [52]. 

 

1. Security for many cars. Cooperating 

       Future systems will incorporate vehicle-to-vehicle (V2V) and vehicle-to-infrastructure (V2I) communication, 

enabling numerous machines operating on the same site to be aware of threats concurrently [53]. This makes it 

possible to identify concealed threats before sensors are able to detect them. 

2. Federated and continuous learning 

       Federated learning will provide privacy by enabling fleet vehicles to work together to build models without 

sending raw sensor data [54]. The system will be able to adjust to new conditions and evolving site layouts 

through the use of continuous learning techniques. 

3. More authority over safety on its own 

        Semi-autonomous and completely automated safety responses will replace driver-assist safety in the future 

[55]. These will include autonomous evasive manoeuvres, controlled rerouting, and intelligent load 

stabilization. 

4. Validation via Simulation and Digital Twin 

Digital copies of construction sites with high fidelity can help test unexpected and hazardous scenarios on a 

broad scale, speeding up the validation and certification process [56]. 

 

Figure 4. Limitations vs. Future Work Bar Diagram 

 

 
 

Table 4. Future Research Directions and Expected 
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X. CONCLUSION 

 

Advanced artificial intelligence and a reliable embedded C++ software architecture are combined in this study to give a 

thorough AI-enhanced safety framework for heavy-duty construction trucks. The suggested method uses deterministic 

real-time control, safety-oriented decision logic, multi-sensor perception, and real-time AI inference to solve many of the 

most critical safety issues on contemporary building sites. The layered design maintains cybersecurity, fault tolerance, 

and real-time performance while enabling hardware, perception, intelligence, and actuation to collaborate safely.  

 

According to the findings, AI-powered proactive safety solutions perform better than conventional alarm-based systems 

that just react to dangers. Accuracy of danger detection increased, false alarms decreased, operator reaction times sped 

up, and near-miss and collision-prone situations significantly decreased. The effective implementation of lightweight 

deep learning models on resource-constrained embedded platforms shows that real-time edge AI can be used in 

construction applications where safety is crucial.  

 

Software engineers found that RTOS-based scheduling combined with embedded C++ produced reliable fault isolation, 

predictable behaviour, and effective utilization of system resources. The system was more reliable and guaranteed to 

work even under challenging circumstances because to its dual-processor safety architecture and watchdog oversight. 

Encrypted telemetry and secure over-the-air upgrades also make it easier to add new vehicles to the fleet and maintain 

the system over time.  

 

The suggested architecture offers a strong basis for the upcoming generation of smart construction tools, despite 

ongoing challenges with datasets, environmental unpredictability, and changing certification criteria. As cooperation in 

vehicle networking, federated learning, and digital twin-based validation advance, AI-assisted safety systems should 

become more independent and reliable. All things considered, our research offers a practical, expandable, and industry-

ready solution that might greatly enhance worker safety, operational effectiveness, and safety assurance on large-load 

construction sites. 
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