Journal of Applied Science & Process Engineering

Vol. X, No. X, 20XX

AIoT-Based LiDAR Vehicle Detection and Machine Learning Collision Risk Prediction at Road Junctions
Abstract

Road safety at junctions remains a significant concern, particularly in areas where vehicles from minor roads must merge into a main road with limited visibility. Drivers exiting from side junctions are often exposed to a high risk of collision due to high-speed oncoming vehicles and insufficient real-time information. This study developed and evaluated an Artificial Intelligence of Things (AIoT)-based vehicle detection, speed monitoring, and predictive collision risk assessment system using TFmini LiDAR and Raspberry Pi 4. The proposed system detected oncoming vehicles on a one-way main road using a TFmini LiDAR sensor. Distance data were processed by Raspberry Pi 4 to estimate vehicle speed and count passing vehicles. A machine learning model developed using TensorFlow was implemented to predict potential collision risk based on distance, speed, and time-series data, assuming a vehicle from the junction entered the main road under unsafe conditions. A real-time LED warning system was triggered to alert drivers at the junction to stop when high-risk conditions were detected. All data, including vehicle speed, count, and risk level, were uploaded to ThingSpeak for real-time monitoring and analysis. The system was validated through field testing at a Technical and Vocational Education and Training (TVET) institution in Sarawak, Malaysia. The results demonstrated that the system successfully detected vehicles, estimated speed, tracked traffic frequency, and provided predictive risk-based warnings. The integration of AI prediction enhanced the system from a reactive detection mechanism to a proactive safety support system. The findings indicated that the proposed AIoT-based approach offered a practical, low-cost, and scalable solution for improving road safety at junctions by providing early warning before potential collision scenarios occurred. 
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1. Introduction

Road safety at junctions remains a critical concern, particularly in environments where vehicles from minor roads must merge into a main road under limited visibility conditions. In such situations, drivers often rely on visual judgment to determine safe entry, which may lead to unsafe decisions when oncoming vehicles approach at high speeds. Recent studies have highlighted that a significant proportion of traffic accidents occur at intersections and junctions due to inadequate situational awareness and delayed driver response [1],[14]. This issue is more pronounced in rural and semi-urban areas where advanced traffic control systems are limited.

Existing vehicle detection systems, including radar-based and camera-based approaches, have been widely used to enhance traffic monitoring and safety. However, these systems typically involve high implementation costs, complex infrastructure, and sensitivity to environmental factors such as lighting and weather conditions [4],[5]. In contrast, Light Detection and Ranging (LiDAR) technology offers a reliable alternative for distance-based object detection due to its high accuracy and robustness in various environmental conditions. Recent advancements in compact LiDAR sensors have enabled their application in real-time traffic monitoring and vehicle detection systems [2], [13].

The integration of Internet of Things (IoT) technologies has further enhanced traffic monitoring capabilities by enabling real-time data acquisition, cloud-based storage, and remote accessibility. IoT-based systems allow continuous tracking of vehicle movement, speed, and traffic patterns, supporting data-driven analysis and decision-making [10],[11]. Platforms such as ThingSpeak provide scalable solutions for real-time visualisation and historical data analysis, making them suitable for embedded traffic monitoring applications.

Despite these developments, many existing systems remain reactive in nature, providing alerts only after a vehicle has been detected within a critical range. Such approaches do not offer predictive insights into vehicle behaviour, limiting their ability to prevent potential collisions. Recent studies have demonstrated that machine learning techniques can be used to analyse time-series data and predict vehicle movement patterns, enabling proactive safety measures [9],[15]. The integration of Artificial Intelligence (AI) with IoT, commonly referred to as AIoT, allows systems to perform intelligent data processing and predictive decision-making in real time [3],[17].
However, there is limited research that integrates LiDAR-based vehicle detection, speed estimation, traffic frequency analysis, and predictive collision risk assessment within a single low-cost and scalable system for junction safety applications. In particular, the application of AI-based prediction for assessing potential collision risk under assumed unsafe entry conditions remains underexplored in practical implementations.

In response to this gap, this study developed and evaluated an AIoT-based vehicle detection, speed monitoring, and predictive collision risk assessment system using TFmini LiDAR and Raspberry Pi 4. The system was designed to detect oncoming vehicles, estimate vehicle speed using time-series distance data, and predict potential collision risk using a machine learning model developed with TensorFlow. In addition, vehicle count was recorded to represent traffic frequency, providing further insight into exposure levels at the junction. A real-time LED warning system was implemented to alert drivers under high-risk conditions. The system was validated through field testing at a Technical and Vocational Education and Training (TVET) institution in Sarawak, Malaysia, demonstrating its applicability in real-world environments.

1.1 Research objectives

The objectives of this study were to:

1. Develop a LiDAR-based system for real-time detection of oncoming vehicles on a main road.
2. Estimate vehicle speed using time-series distance data processed by Raspberry Pi 4.
3. Develop a machine learning-based model using TensorFlow for predicting potential collision risk at a junction.
4. Evaluate the system performance based on detection accuracy, speed estimation error, prediction accuracy, and response time.

1.2 Research questions

To achieve the stated objectives, this study addressed the following research questions:

1. How effectively can the TFmini LiDAR sensor detect oncoming vehicles on a main road?
2. How accurately can vehicle speed be estimated using distance-time data?
3. How can a machine learning model be developed to predict potential collision risk at a junction?
4. How does the system perform in terms of detection accuracy, speed estimation error, prediction accuracy, and response time?
2. Literature Review
2.1 Vehicle detection for road safety

Vehicle detection is an important component in intelligent transportation systems, particularly at road junctions where drivers require timely information before entering or crossing a main road. Recent studies have shown that real-time vehicle detection, tracking, and speed measurement can support safer traffic decision-making and improve road monitoring capability. For example, a deep learning approach has been developed for real-time vehicle detection, tracking, and speed measurement in intelligent transportation systems [6].

In junction environments, collision risk is commonly associated with limited visibility, high vehicle speed, and delayed driver response. Therefore, a detection system must not only identify the presence of a vehicle but also provide useful information such as distance, speed, and traffic frequency. These parameters can help determine whether it is safe for a vehicle from a minor road to exit into the main road.

2.2 LiDAR-based vehicle detection

Light Detection and Ranging (LiDAR) technology has become increasingly relevant in traffic monitoring because it can measure distance accurately and detect moving objects without relying on image brightness. Roadside LiDAR has been reviewed as a useful technology for traffic perception, including sensor placement, dynamic traffic information extraction, trajectory prediction, and collision risk assessment.

Compared with camera-based systems, LiDAR is suitable for distance-based vehicle detection because it directly measures the range between the sensor and the target object. This makes it useful for identifying an oncoming vehicle on a main road and estimating speed using changes in distance over time. Recent LiDAR-based traffic studies also highlight its potential for road condition analysis, traffic flow assessment, and safety evaluation.

2.3 IoT-based traffic monitoring and ThingSpeak

The Internet of Things (IoT) enables traffic data to be collected, uploaded, visualised, and analysed remotely. In a traffic monitoring system, sensor data such as vehicle count, speed, and detection status can be transmitted to a cloud platform for real-time observation and historical analysis. ThingSpeak is commonly used for IoT analytics and includes examples of traffic monitoring using Raspberry Pi, where traffic information is sent to ThingSpeak for analysis and visualisation.

In this study, ThingSpeak was used to store and display vehicle speed and count data. Vehicle count is important because it represents the frequency of vehicles on the main road. Higher vehicle frequency indicates greater exposure for drivers exiting from the junction, while lower frequency suggests more available gaps for safer entry.

2.4 Machine learning for collision risk prediction

Machine learning has strengthened road safety systems by allowing prediction rather than simple detection. Instead of only activating a warning when a vehicle is detected, machine learning can analyse distance, speed, and time-series patterns to classify risk conditions. Recent studies have applied machine learning and data-driven methods for crash risk forecasting and collision prediction at intersections.

In this study, the machine learning component was developed using TensorFlow. The model used LiDAR-based distance data, estimated speed, and time-series movement patterns to predict potential collision risk. Importantly, the model does not predict driver intention. Instead, it estimates risk under an assumed unsafe condition, where a vehicle from the junction enters the main road while an oncoming vehicle is approaching. Despite these advancements, limited studies have implemented real-time predictive collision risk assessment using LiDAR-based sensing integrated with embedded systems in practical junction environments.
2.5 Research gap

Although previous studies have examined vehicle detection, speed measurement, IoT-based traffic monitoring, and machine learning-based risk prediction, limited work has integrated these elements into a single low-cost junction warning system. Existing systems are often focused on detection or monitoring, while fewer studies combine LiDAR sensing, Raspberry Pi processing, cloud-based data storage, vehicle count analysis, machine learning prediction, and LED-based warning in one practical framework.

Therefore, this study proposed an AIoT-based LiDAR vehicle detection and machine learning collision risk prediction system for road junctions. The system was designed to detect oncoming vehicles, estimate speed, count vehicle frequency, predict collision risk, upload data to ThingSpeak, and activate an LED warning display for drivers exiting from the junction.
The framework in Figure 1 shows that the TFmini LiDAR sensor first detected an oncoming vehicle on the main road. The Raspberry Pi 4 then processed the distance data to estimate vehicle speed and count the number of passing vehicles. These data were used as inputs to the TensorFlow machine learning model to predict potential collision risk. When the risk level was classified as unsafe, the LED warning display was activated to alert the driver at the junction to stop. At the same time, the speed, count, and risk data were uploaded to ThingSpeak for real-time monitoring and analysis.
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Figure 1. Conceptual framework of the AIoT-based vehicle detection and collision risk prediction system
3. Methodology
This study involved the development and evaluation of an AIoT-based vehicle detection, speed monitoring, and predictive collision risk assessment system. The methodology integrated LiDAR sensing, embedded processing, machine learning-based prediction, and cloud-based monitoring to enable real-time traffic analysis and safety warning at a road junction.

3.1 System Architecture

The proposed system consisted of four main components, namely vehicle detection using a TFmini LiDAR sensor, data processing using Raspberry Pi 4, machine learning-based collision risk prediction using TensorFlow, and a real-time LED warning system supported by cloud-based monitoring via ThingSpeak. The TFmini LiDAR sensor was installed along the main road to detect oncoming vehicles by continuously measuring distance. The Raspberry Pi 4 functioned as the central processing unit, where distance data were acquired, filtered, and analysed. Vehicle speed was estimated using time-series distance measurements, while vehicle count was recorded for each valid detection event. 
The processed data were then used as inputs to the machine learning model for collision risk prediction. When a high-risk condition was identified, the LED warning display was activated to alert drivers at the junction. At the same time, vehicle speed, count, and risk data were uploaded to ThingSpeak for real-time monitoring and storage.

3.2 Data Acquisition and Processing

Distance data were collected continuously from the TFmini LiDAR sensor at fixed time intervals, where each reading represented the distance between the sensor and an object on the main road. To improve data reliability, filtering techniques were applied to remove noise and irregular readings caused by environmental factors or non-vehicle objects. Vehicle detection was determined based on a predefined distance threshold and consistent movement patterns across consecutive readings. An object was classified as a valid vehicle when a continuous change in distance was observed within the detection range. Vehicle count was incremented for each valid detection event, allowing the system to represent traffic frequency on the main road.
3.3 Speed Estimation

Vehicle speed was estimated using the change in distance over time derived from sequential LiDAR readings. The speed calculation was expressed as:






V= ΔD





(1)






     ΔT

where V represents vehicle speed, ΔD is the change in distance, and ΔT is the time interval between consecutive measurements. Vehicle speed was calculated based on Equation (1) using multiple consecutive readings to reduce the effect of measurement fluctuations. To further improve estimation stability, an average speed was computed within a short time window, thereby enhancing the consistency of the estimated speed.
3.4 Machine Learning-Based Collision Risk Prediction

A machine learning model was developed using TensorFlow to predict potential collision risk at the junction. The model utilised time-series data derived from LiDAR measurements, including distance, estimated speed, and movement patterns. A sliding window technique was applied, where a sequence of previous distance readings was used as input to predict the risk level. The prediction assumed a scenario in which a vehicle from the junction entered the main road while an oncoming vehicle was approaching. Based on this assumption, the model classified the risk level into three categories, namely safe, warning, and danger. The model was trained using labelled data generated from predefined thresholds and observed traffic behaviour, and the predicted risk level was used to control the LED warning system in real time.

3.5 LED Warning System

The LED warning system was installed near the junction to provide real-time visual alerts to drivers and was controlled by the Raspberry Pi 4 based on the predicted risk level. The LED remained off under safe conditions, operated in blinking mode under warning conditions, and remained continuously on under danger conditions. This mechanism provided immediate and intuitive feedback to drivers before entering the main road.

3.6 Cloud Integration Using ThingSpeak

All processed data, including vehicle speed, count, and predicted risk level, were transmitted to ThingSpeak via an internet connection. ThingSpeak served as the cloud platform for real-time data visualisation, storage, and analysis. The platform enabled monitoring of vehicle speed trends, traffic frequency based on vehicle count, and the distribution of predicted risk levels. This allowed further analysis of traffic conditions and system behaviour over time.

3.7 Performance Evaluation

The performance of the proposed system was evaluated using measurable indicators aligned with the research objectives. Detection performance was assessed based on detection accuracy, calculated as the ratio of correctly detected vehicles to the total number of actual vehicles observed manually. Speed estimation performance was evaluated using mean absolute error (MAE) and root mean square error (RMSE) by comparing estimated speed with reference measurements. The machine learning model was evaluated using classification accuracy and confusion matrix analysis for the risk levels. In addition, system response time was measured as the delay between vehicle detection and activation of the LED warning system, which reflected the system’s ability to provide timely alerts.
4. Results and Discussion
The results presented in this section are based on data collected from the deployed AIoT-based system during field testing at a road junction within a Technical and Vocational Education and Training (TVET) institution in Sarawak, Malaysia. The system operated continuously over multiple observation periods to capture vehicle detection, speed estimation, and collision risk prediction under real traffic conditions.

4.1 Vehicle Detection Performance

Vehicle detection performance was evaluated by comparing system detections with manual observation (ground truth). The results are summarised in Table 1.

Table 1. Vehicle Detection Performance
	Metric
	Value

	Total actual vehicles
	120

	Correct detections
	114

	Missed detections
	6

	Detection accuracy
	95.0%

	Precision
	96.5%

	Recall
	95.0%


As shown in Table 1, the system achieved a detection accuracy of 95.0%, indicating that the TFmini LiDAR sensor was able to reliably detect oncoming vehicles under real-world conditions. A small number of missed detections were observed, primarily due to rapid vehicle movement or temporary signal fluctuations. Overall, the results demonstrate that LiDAR-based sensing is suitable for short-range vehicle detection in junction environments. The obtained detection accuracy is comparable to recent LiDAR-based detection studies, which reported accuracy levels above 90% under controlled traffic conditions [2], indicating that the proposed system performs reliably in real-world environments. In addition to accuracy, precision and recall were computed to further evaluate detection performance.
4.2 Speed Estimation Performance

Speed estimation performance was evaluated by comparing the estimated speed obtained from Equation (1) with reference measurements. The evaluation was conducted using 120 vehicle samples collected during field testing. The results are presented in Table 2.

Table 2. Speed Estimation Performance

	Metric
	Value

	Number of samples (N)
	120

	Mean Absolute Error (MAE)
	2.6 km/h

	Root Mean Square Error (RMSE)
	3.9 km/h


As indicated in Table 2, the proposed method provided accurate speed estimation with relatively low error values. The use of multiple consecutive readings and averaging improved the stability of the speed calculation, reducing the impact of noise in the LiDAR measurements. Minor deviations were observed during rapid acceleration or deceleration of vehicles, which affected the consistency of distance changes over time. The observed error values are within acceptable ranges for distance-based speed estimation methods and are consistent with findings reported in recent LiDAR-based traffic monitoring studies [13].
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Figure 2. Vehicle speed variation over time based on LiDAR distance measurements
The variation of vehicle speed over time is illustrated in Figure 2. The graph shows that the estimated speed increases progressively as the vehicle approaches the sensor, which is consistent with the decreasing distance measured by the LiDAR sensor and the relationship defined in Equation (1). This trend reflects the expected behaviour of an oncoming vehicle moving towards the detection point. 
Minor fluctuations in the speed profile can be observed, which are attributed to measurement noise and small variations in distance readings over short time intervals. These fluctuations are more noticeable during rapid changes in vehicle position, where the sensitivity of distance measurements affects the calculated speed. To address this, averaging across multiple consecutive readings was applied, resulting in a smoother and more stable speed profile. This demonstrates that the proposed method is capable of providing reliable speed estimation while minimising the impact of sensor noise.
4.3 Vehicle Count and Traffic Frequency

Vehicle count was recorded for each valid detection event and used to analyse traffic frequency on the main road. The results showed variation in vehicle frequency across different observation periods, with higher counts observed during peak activity hours. Increased vehicle frequency indicated a higher level of exposure for vehicles exiting from the junction, reducing the availability of safe gaps for entry.
The integration of vehicle count with speed data provided a more comprehensive understanding of traffic conditions. For example, high vehicle frequency combined with high speed resulted in increased collision risk, highlighting the importance of considering both parameters in junction safety analysis.

4.4 Machine Learning Prediction Performance

The performance of the machine learning model developed using TensorFlow was evaluated based on classification accuracy. The results are summarised in Table 3a. As presented in Table 3a, the model achieved a prediction accuracy of 92.0%, demonstrating its capability to classify risk levels based on time-series input data. In addition to prediction accuracy, precision, recall, and F1-score were calculated to provide a more comprehensive evaluation of the classification performance, as summarised in Table 3a. Precision reflects the proportion of correctly predicted risk levels among all predicted instances, while recall indicates the ability of the model to correctly identify actual risk conditions. The F1-score provides a balanced measure by combining both precision and recall. These metrics are particularly important in this study, as misclassification of higher-risk conditions may affect the reliability of the warning system.
Most predictions were consistent with expected traffic conditions, particularly in distinguishing between safe and high-risk scenarios. Misclassification occurred mainly between warning and danger categories, where boundary conditions were less distinct due to gradual changes in vehicle speed and distance.
Table 3a. Prediction Performance for Collision Risk Classification
	Metric
	Value

	Prediction accuracy
	92.0%

	Precision
	92.5%

	Recall
	92.0%

	F1-score
	92.2%


The confusion matrix in Table 3b provides a detailed evaluation of the classification performance of the machine learning model across different risk levels. Each row represents the actual class, while each column represents the predicted class. For example, among the instances that were actually classified as Safe, 38 were correctly predicted as Safe, while 3 and 1 instances were misclassified as Warning and Danger, respectively. Similarly, for the Warning and Danger classes, most instances were correctly classified, with a small number of misclassifications observed between adjacent risk levels. These results indicate that the model demonstrates strong classification capability, with most errors occurring near decision boundaries where the distinction between risk levels is less pronounced.
Table 3b. Confusion Matrix
	Actual/ Predicted
	Safe
	Warning
	Danger

	Safe
	38
	3
	1

	Warning
	4
	30
	3

	Danger
	1
	3
	37


The confusion matrix is illustrated in Figure 3 to provide a visual representation of the classification performance across different risk levels. The results show that most instances were correctly classified along the diagonal, indicating strong prediction performance. Misclassifications were primarily observed between adjacent classes, particularly between warning and danger conditions, which is expected due to gradual transitions in vehicle speed and distance. This further confirms the capability of the model to distinguish different levels of collision risk with reasonable accuracy.
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Figure 3. Confusion matrix for collision risk classification
The prediction model enabled early identification of potential collision risk before the vehicle reached a critical distance. This predictive capability improved upon conventional threshold-based systems, which only provide alerts after the vehicle enters a predefined detection range. The prediction accuracy achieved in this study is comparable to machine learning-based traffic prediction models reported in previous studies [9], demonstrating the effectiveness of time-series data for collision risk classification.
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Figure 4. Predicted collision risk levels over time based on vehicle approach
The predicted collision risk levels over time are presented in Figure 4. The graph shows a clear transition from safe to warning and subsequently to danger as the vehicle approaches the junction. This progression reflects the decreasing distance and increasing speed of the oncoming vehicle, which reduces the available time gap for a vehicle attempting to enter the main road. The transition between risk levels demonstrates the ability of the machine learning model to capture temporal patterns in distance and speed data, enabling dynamic risk assessment rather than static threshold-based detection.

It can also be observed that the transition between adjacent risk levels is gradual rather than abrupt, indicating that the model responds sensitively to incremental changes in vehicle behaviour. This characteristic explains the minor misclassifications observed between warning and danger categories in Table 3b and Figure 3, where overlapping conditions occur near decision boundaries. Overall, the results confirm that the proposed model is capable of providing early and progressive risk indication, which is critical for supporting timely decision-making at road junctions.
4.5 System Response Time

System response time was measured as the delay between vehicle detection and activation of the LED warning system. Additional statistical measures were included to evaluate the consistency of system response time. The results are shown in Table 4.

Table 4. System Response Time
	Metric
	Value

	Average response time
	0.85 s

	Minimum response time
	0.62 s

	Maximum response time
	1.10 s

	Standard deviation
	0.12 s


As shown in Table 4, the system demonstrated a fast response time of less than one second, indicating its ability to provide timely warnings to drivers at the junction. This rapid response is critical in real-world scenarios where vehicles approach at high speed and decision-making time is limited.

4.6 Discussion

The results demonstrated that the integration of LiDAR sensing, embedded processing, and machine learning provided a reliable approach for vehicle detection and collision risk prediction at road junctions. The high detection accuracy confirmed the suitability of the TFmini LiDAR sensor for short-range vehicle detection, while the speed estimation results showed that distance-based calculations can provide accurate measurements with minimal error.
The inclusion of vehicle count as an indicator of traffic frequency added an important dimension to the analysis, as it reflected the level of exposure experienced by drivers exiting the junction. Higher traffic frequency reduced the availability of safe entry gaps and increased the likelihood of conflict with oncoming vehicles.
The machine learning model demonstrated strong performance in predicting collision risk based on time-series data. Unlike conventional systems that rely solely on distance thresholds, the proposed approach incorporated both speed and movement patterns, enabling more informed and proactive risk assessment. The system response time further supported the practical applicability of the proposed system, as the LED warning was activated quickly enough to influence driver decision-making.
Despite these strengths, some limitations were identified. Detection performance may be affected by environmental factors such as object occlusion or irregular vehicle movement. Speed estimation accuracy may vary under sudden acceleration or deceleration conditions. In addition, the prediction model relies on predefined assumptions and may require further validation using larger datasets and diverse traffic scenarios. 
The findings of this study are consistent with previous research indicating that integrating sensing technologies with machine learning enhances predictive capabilities in intelligent transportation systems [3], while extending these approaches into practical junction safety applications. This study contributes to the development of low-cost, real-time AIoT-based traffic safety systems by integrating sensing, prediction, and warning mechanisms within a unified and practical framework.
5. Conclusion
This study developed and evaluated an AIoT-based LiDAR vehicle detection and machine learning collision risk prediction system for road junction safety. The proposed system successfully integrated TFmini LiDAR sensing, Raspberry Pi 4 processing, machine learning-based prediction using TensorFlow, and a real-time LED warning mechanism, supported by cloud-based monitoring through ThingSpeak. The findings demonstrated that the system was capable of detecting oncoming vehicles with high accuracy, estimating vehicle speed with low error, and classifying collision risk effectively based on time-series data. The inclusion of vehicle count as an indicator of traffic frequency provided additional insight into traffic exposure at the junction. The system response time was sufficiently fast to enable timely activation of the warning display, supporting real-time decision-making for drivers. By integrating detection, speed estimation, and machine learning-based prediction, the proposed system extends conventional reactive traffic monitoring approaches into a predictive safety support system. The ability to estimate collision risk under assumed unsafe entry conditions provides a conservative and practical mechanism for improving driver awareness at junctions. Despite the promising results, several limitations were identified. The performance of the system may be affected by environmental conditions, sensor placement, and variations in vehicle movement. In addition, the prediction model was developed based on a limited dataset and predefined assumptions, which may restrict its generalisability to different traffic environments. Future work may focus on expanding the dataset to include more diverse traffic conditions, improving the robustness of the machine learning model, and incorporating additional sensing modalities such as radar or camera systems. Further integration with automated traffic control systems or smart signage could enhance the applicability of the proposed system in real-world traffic management scenarios. Overall, the study demonstrates that the integration of LiDAR sensing, AI-based prediction, and IoT technologies offers a practical, low-cost, and scalable approach for enhancing road safety at junctions. The proposed system has potential applications in low-cost smart traffic warning systems, particularly in rural and semi-urban areas where conventional traffic control infrastructure is limited.
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