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Abstract

:

Red-light running at signalised intersections poses a significant safety risk, necessitating advanced predictive technologies to predict red-light violation behaviour, especially for advanced red-light warning (ARLW) systems. This research leverages Long Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU) models to forecast the red-light running and stopping behaviours of drivers in connected vehicles. We utilised data from the Ipswich Connected Vehicle Pilot (ICVP) in Queensland, Australia, which gathered naturalistic driving data from 355 connected vehicles at 29 signalised intersections. These vehicles broadcast Cooperative Awareness Messages (CAM) within the Cooperative Intelligent Transport Systems (C-ITS), providing kinematic inputs such as vehicle speed, speed limits, longitudinal and lateral accelerations, and yaw rate. These variables were monitored at 100-millisecond intervals for durations from 1 to 4 s before reaching various distances from the stop line. Our results indicate that the LSTM model outperforms the GRU in predicting both red-light running and stopping behaviours with high accuracy. However, the pre-trained GRU model performs better in predicting red-light running specifically, making it valuable in applications requiring early violation prediction. Implementing these models can enhance red-light violation countermeasures, such as dynamic all-red extension (DARE), decreasing the likelihood of severe collisions and enhancing road users’ safety.
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1. Introduction


Worldwide, roughly 1.3 million people are killed every year in road traffic accidents, according to a recent study. In addition, between 20 and 50 million people suffer life-threatening injuries as a result of motor-vehicle-related accidents [1,2]. When it comes to traffic fatalities, the worldwide average is frighteningly high, with 18.2 deaths per 100,000 people [1,3,4], and road intersections account for 43% of all road accidents and 23% of deadly collisions [5]. In 2021, red-light running contributed to fatal accidents resulting in the loss of 1109 lives in the USA [6]. Numerous factors contribute to signalised intersection crashes, including failure to break quickly at a red light, miscalculated turning angles and distances of other automobiles, and purposefully running a red light [7].



Red-light running behaviour was described by Qian and Dong [8] as a vehicle approaching an intersection after a red light appeared. To find the essential parameters inside the prediction models, it is vital to first understand the psychology underlying red-light running. Red-light running can be associated with a driver’s misjudgement at the start of yellow, in which the driver puts himself in a situation that necessitates rapid and decisive action as they approach the intersection. For example, a dilemma zone is an area just before an intersection when the driver must make a split-second choice.



Red-light running at signalised crossings can result in a variety of collisions. Rear-end [9] and right-angle collisions are the two most prevalent collision types caused by red-light violation. As soon as the driver of the lead car decides to suddenly stop at the yellow phase, a rear-end collision can occur. The most common damage from rear-end crashes is whiplash. For right-angle collisions, the red signal is activated to halt vehicle movement in any direction of the intersection, and the perpendicular direction of the intersection is given a green signal to allow vehicles to pass through in a perpendicular manner to the stopped route. However, if a vehicle disregards the red signal and enters the intersection, it enters the conflict zone illegally. At the same time, the perpendicular side of the intersection is signalled green, allowing vehicles approaching at a right angle to also enter the conflict zone, resulting in collisions between vehicles running a red light and those with a green signal. Right-angle accidents are more likely to result in severe injuries due to the dissipation of more kinetic energy. A schematic diagram of red-light violation and right-angle collision is shown in Figure 1.



In Figure 1, the green vehicle violated the red signal and ran the red-light, causing a right-angle collision with the orange vehicle in the conflict zone. Drivers’ red-light running behaviour can be divided into two categories: (1) passive and (2) deliberate factors. Drivers’ unintentional judgments induced by insensitivity and surrounding circumstances are known as passive factors. Driving inexperience, age, weather, road geometry, and blocked vision are all possible causes. Intentional considerations refer to a driver’s deliberate decision to practise risky driving behaviour. Aggressive driving, peer pressure, and speeding to save time are shown to be the most common types of traffic rule violations like red-light running, all of which contribute to collisions [11,12,13].



There have been some solutions to target reducing red-light running. These solutions are cost-effective and, more significantly, minimise the number of crashes, injuries, and fatalities. The dynamic all-red extension (DARE) system is intended to prevent collisions during red-light running breaches. The implementation of the all-red extension technology ensures that the red signal is activated in all directions at the intersection whenever a potential red-light violation is predicted. This extension delays the activation of the green signal for vehicles waiting at the right-angle direction. This formula significantly enhances road safety by preventing potentially fatal traffic collisions. However, it also imposes hefty traffic fines on drivers who violate traffic rules by running a red light. Consequently, the all-red extension system plays a crucial role in improving road safety. The DARE system is further enhanced to be more cost-effective by dynamically measuring the extension of the red signal activation time for right-angle vehicles based on the time required for the red-light runner to pass through the intersection’s conflict zone. Furthermore, the incorporation of the DARE system with connected vehicle technology offers a more precise prevention of red-light violations. Through wireless communication between vehicles and road infrastructure, connected vehicle technology facilitates easy tracking of vehicle kinematic information and GPS positions using embedded devices. This eliminates the need for external cameras, and road signals can operate dynamically by activating an all-red signal in response to any detected red-light violation incidents [14,15,16,17,18]. Similar to the DARE system, Hold the Red (HTR) uses radar technology to track vehicles approaching intersections up to 150 m from the stop line. When it anticipates a red-light violation during the all-red phase, HTR extends the opposing red lights, potentially reducing red-light running crashes by 33.47% with minimal traffic delays [19]. For the DARE and HTR systems, early prediction of drivers’ intention to violate red signals is a crucial step for intersection signal management and prevents the likelihood of collisions between red-light runners and right-angle vehicles. Alternatively, early prediction of red-light running can help distracted or drug- or alcohol-influenced drivers to be drawn to react to a warning and prevent traffic violations or collisions. However, no previous research exists on predicting drivers’ red-light running behaviour in a C-ITS environment using deep RNN collecting data from a broad field operation test of connected vehicles. In our recently published research on drivers’ movement prediction at intersections in a connected vehicle environment [20], it was found that vehicles, intending to turn in the intersection, gradually slow down while approaching the intersection and their turning behaviours change with time. A successful prediction of drivers’ intended movements at intersections was measured using recurrent neural networks: Long Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU) models considering different traffic monitoring times at different traffic warning distances before the stop line [20]. So, our hypothesis is that using recurrent neural networks for predicting drivers’ red-light running and stopping behaviours will ensure a successful prediction performance considering that drivers who intend to stop at red signals will gradually slow down when approaching the intersection stop-line rather than the drivers who run through the intersection conflict zone violating the red signal.



In this research, we considered connected vehicle kinematic information as input for using recurrent neural networks: we used LSTM and GRU to predict driver red-light running and stopping behaviour at signalised intersections in the connected vehicle environment. This research used the connected vehicle kinematic data from Australia’s largest field operation test (FOT): Ipswich Connected Vehicle Pilot project, Australia [21]. The project undergoes the field operation test with 355 connected vehicles at 29 intersections, communicating and broadcasting cooperative awareness messages (CAMs) in cooperative intelligent transport systems (C-ITS). Information regarding the experimental design of the Queensland ICVP project is available within the summary report titled “Ipswich Connected Vehicle Pilot Safety Evaluation [21]. From our research experiment, we found a very limited dataset sample (40 red-light running incidents only) that violated the red signal in the naturalistic environment. It was challenging to obtain a successful model performance using a neural network with such limited dataset samples. Our second hypothesis is that transferring the weights of a fully pre-trained model to initialise our recurrent neural networks (LSTM and GRU networks) will ensure robust performance with such limited dataset samples for predicting drivers’ red-light running behaviour. So, we used the transfer learning technique to train our recurrent neural network models where we considered drivers’ movement prediction models (taken from our previous research [20]) as pre-trained models. Moreover, the rising number of accidents and infractions at red lights, especially those caused by drivers disobeying stop signals, emphasises the necessity for an improved predictive system in traffic management. Improper traffic management systems are not able to predict drivers’ behaviour before they reach the stop line, which results in ineffective traffic signal timing and delayed reactions to possible threats. The ability to successfully reduce the risks associated with red-light running is limited by this gap in predictive power, which frequently leads to a reactive approach rather than a preventative one. Therefore, in order to accurately predict driver actions before they approach a red light, a reliable prediction model that makes use of several monitoring windows and distances before the stop line is urgently needed.



The contribution of this research is given below:




	
Adopting deep RNN: LSTM and GRU to predict drivers’ red-light running and stopping behaviour with 355 connected vehicles’ kinematic information data at 29 intersections. To the best of our knowledge, this is the first study that investigates red-light violation prediction using deep neural networks in a connected environment based on data collected in a large-scale field operation test. This aspect sets our study apart from previous research. Our study is also the first of its kind conducted in the Australian driving environment. This context adds significant value to the literature and enhances the relevance of our findings.



	
Adopted transfer learning technique to achieve robust performance given the inherent scanty dataset sample limitation in red-light running prediction and effectively overcomes this challenge.



	
Performance comparison between LSTM and GRU models and evaluating the most efficient models with different traffic monitoring times for drivers’ red-light running and stopping behaviour prediction at different warning distances from the stop line. The potential of this predictive capacity can greatly improve traffic safety by enabling the timely implementation of precautionary actions, such as issuing connected vehicle alerts, optimising signal timing, and extending all-red signal phases adaptively.



	
Identifying suitable models for balanced prediction of red-light running and stopping behaviour and identifying a hard constraint prediction model for red-light violation where prediction of red-light violation is the highest priority above stopping behaviour prediction.









2. Literature Review


Existing research on red-light running behaviour prediction uses statistical approaches and shallow machine learning approaches like Random Forrest and Support Vector Machine [3,14,22,23,24]. The potential of the Bayesian Network has been studied extensively, for example, by Chen et al. [25]. Through a hybrid logit–Bayesian network technique, they describe how to formulate driving behaviour in intersections with phone usage distraction. A 96.3% accuracy result was achieved by predicting vehicle trajectory and platoon location. For the data collection, radar sensors were employed. Additionally, it contains SVM (linear) and non-linear SVM (non-linear), Random Forest, and Logistic Regression models. In the study by Jahangiri et al. [26], they analysed vehicle movement patterns and created two models. One of them was a Support Vector Machine (SVM) with a Gaussian kernel, achieving an accuracy of 97.9%, while the other was a Random Forest (RF) model with 500 trees and the Gini criterion, resulting in an accuracy of 93.6%. They incorporated video data along with vehicle trajectories and signals. Additionally, Gates et al. [27] developed a Nested Logit model. Jahangiri et al. [28] utilised the same variables for Random-Forest-based analysis and included epidemiology and distraction as additional variables. The work of Li et al. [18] developed a red-light violation prevention system by harnessing Artificial Neural Networks (ANNs) and simulation data containing vehicle trajectory information. The ANNs demonstrated a reasonable training time and exhibited a prediction accuracy rate exceeding 80%. In other studies, Pugh and Park [22] delved into an extensive analysis of vehicle trajectory, encompassing epidemiological factors, distractions, dilemma zone characteristics, and changes in pedal direction using an ANN model in conjunction with experimental data and video recordings. Their model achieved an accuracy rate of nearly 82%. Nonetheless, it is worth noting that these studies were constrained by limited experimental resources, such as restricted experiment field coverage or a shortage of available naturalistic data.



Ren et al. [29] conducted research on 9-month red-light running events extracted from high-resolution traffic data collected by loop detectors from three signalised intersections to identify the factors that significantly affect red-light running behaviours. Their research findings indicate that the rare event logistic regression model outperformed the standard logistic regression model by a substantial margin, achieving an accuracy of 77.3%. Importantly, it is worth mentioning that their proposed method for predicting red-light running relies solely on data collected from a solitary advance loop detector positioned 400 feet away from the stop-bar intersection. Hurwitz et al. [30] introduced a probabilistic model with a reliability of roughly 90%. They tested their red-light running predictors by validating them with real-world data from an intersection. The findings suggest that for a functioning DARE (Driver Assistance and Red Light Enforcement) system, the current vehicle detection systems, specifically those equipped with at least two inductive loop detectors (ILDs)—the advance loop closest to the stop bar and the leading presence loop—can offer a satisfactory prediction of red-light running incidents. Additionally, Radar Trajectory Data and an associated algorithm may be employed to detect individuals who run red lights. Zaheri and Abbas [31] developed a discriminant analysis algorithm that has a precision of 96%. The algorithm was supported by radar data with a signal phase, a detector, and video data from a camera.



The prediction of red-light running is a critical element of the dynamic all-red extension (DARE) approach, which has lately gained interest as a non-traditional intersection collision avoidance strategy. Zhang et al. [32] developed an offline data analysis method for determining the parameters needed for predicting red-light running incidents. In order to put this method into practice, they constructed a 2D normal model that predicts a vehicle’s stop-and-go behaviour, incorporating improved detector speeds and the following distance to other vehicles. Unlike traditional prediction models that aim to minimise average errors, their approach specifically addresses two types of errors: false alarms (false positives) and missed reports (false negatives). Remarkably, the algorithm achieved effective detections ranging from around 70% to over 80%. However, DARE’s effectiveness is limited to a specific subset of precisely timed red-light runners. For instance, it can address situations where vehicles narrowly miss the yellow light and are caught by the fixed red clearance signal. But once a different signal group transitions to green, adhering to DARE’s red-light enforcement is no longer feasible.



Zyner et al. [33] demonstrated that recurrent neural networks effectively predict driver intentions at unsignalised intersections, significantly enhancing autonomous vehicle safety by providing a 1.3 s prediction window before potential conflicts. Zyner et al. [34] utilised recurrent neural networks to enhance the prediction of driver intentions and trajectories at unsignalised intersections, significantly advancing the capability of autonomous vehicles to handle dynamic and complex urban traffic scenarios effectively. Lee [35] demonstrated that the Extreme Gradient Boosting model enhanced with Shapley Additive Explanations (SHAPs) significantly improves traffic speed predictions on urban roads by identifying and incorporating highly influential links, offering a robust solution for complex urban traffic management and planning. Ren et al. [29] utilised high-resolution traffic data from loop detectors at three signalised intersections to identify factors influencing red-light running (RLR) behaviours. The study revealed that factors such as occupancy time, used yellow time, and adjacent lane vehicle movements are critical for predicting RLR. Importantly, a rare event logistic regression model was developed, demonstrating superior performance over standard logistic regression models for predicting RLR, leveraging data from commonly used loop detectors. This research underscores the potential for enhancing intersection safety through real-time data application. Min et al. [36] demonstrated the effectiveness of deep multimodal learning for traffic speed estimation, leveraging dedicated short-range communication and vehicle detection system data, achieving high accuracy and robustness during peak hours and weekends. Kwak and Lee [37] utilised explainable artificial intelligence (XAI) to demonstrate the significant impact of road transport systems on groundwater quality in Texas, identifying key parameters like pH and aluminium influenced by traffic attributes within a 50 m distance and 100 m well depth.



To the best of our knowledge, no research was found on naturalistic red-light running data from a large-scale cooperative intelligent transportation system (C-ITS) field test like ICVP to predict drivers’ intended red-light running in intersections considering the change in vehicle kinematic information in time sequence. Unlike other technologies, connected vehicles are not constrained by proximity to a junction, and they may provide critical safety information to the driver well in advance. A cooperative intelligent transportation system (C-ITS) has recently acquired popularity for its capacity to minimise red-light running, which improves road safety at junctions as well as pedestrian crossings. Here, connected vehicles communicate with each other and road infrastructure such as through cooperative awareness messages (CAMs) and produce safety warnings for road users’ safety [38]. A detailed review of drivers’ red-light running behaviour prediction and technologies for countermeasures is available in our recent research article (Komol et al. [10]).




3. Data Summary


In 2020–2021, the Queensland Department of Transport and Main Roads (TMR), in partnership with the iMOVE Cooperative Research Centre (iMOVE CRC) and Queensland University of Technology (QUT) undertook a C-ITS pilot study in the city of Ipswich, Australia, called ICVP. The field operation test aimed to investigate the potential safety benefit of C-ITS, where warning messages were available to improve drivers’ awareness of advanced red-light warnings, turning on warnings for vulnerable road users, road hazard alerts, back-of-queue alerts, road works alerts, and in-vehicle speed information. These warnings are shown (i.e., triggered) to drivers through a human–machine interface (HMI) on the vehicle’s front console. The second objective was to assess the users’ perceptions and acceptance of the new technology.



The ICVP recruited 355 participants who had the equipment retrofitted in their vehicle for up to nine months. About 90 percent of participants were assigned to the “Treatment” group, where the HMI was activated to convey the safety warnings in visual and audio forms for six months and disabled for three months to collect their baseline driving data. The remaining ten percent of participants were placed in a control group for the entire nine-month period. The HMI did not show any warning messages to the control participants, but their driving data were still logged for comparison.



When a participant encountered a use case, two sorts of data were used to evaluate the driver’s behaviour. Vehicle trajectory data, collected at 10 Hz, were logged within a CAM. This contained information such as speed, scenario ID, yaw rate, latitude, longitude, lateral and longitudinal acceleration, and the timestamp for each of these events. Drivers’ movement trajectories in intersections were analysed and straight/turning movements at intersections were automatically labelled using a deep transfer learning technique which also helped in identifying and cleaning erroneous trajectories due to GPS error [39]. Data relevant to the encounter are the second category of data logged (referred to henceforth as a scenario). Signal Phasing and Timing (SPaT), at 10 Hz, from the intersection information was matched with CAMs for determining red-light running scenarios. This comprises timestamps for when the vehicle enters and departs a use case, identifying variables for the use case encountered, such as a junction or road work zone ID, if an HMI message is shown, and participant-related data like participant ID and whether HMI is enabled.




4. Methodological Framework


In order to model the red-light running and stopping behaviours of drivers at signalised intersections, vehicle kinematic information such as speed, speed limit, longitudinal acceleration, lateral acceleration, and yaw rate was monitored. Time-series RNN LSTM and GRU algorithms are used to examine the temporal change in vehicle kinematics when approaching intersections to predict driver red-light running behaviour in the C-ITS environment. A flowchart of red-light running behaviour prediction methodology is shown in Figure 2.



Due to the supervised learning nature of LSTM and GRU algorithms, the dataset must be labelled. The data-labelling process involved matching the vehicles’ trajectory and SPaT data. Some decision rules were developed to screen the scenarios before examining the visualisation to confirm the outcome of each potential red-light running scenario. The scenario is given a label of 0 if someone did not run a red-light and 1 if they did. The dataset is then windowed from the FOT data for a duration ranging from 1 s to 4 s in different safety warning distances (10 m to 40 m) before the stop line (Figure 2: Box 1). Separate prediction models were trained with different dataset windows to identify the optimal traffic monitoring time and evaluate the prediction accuracy at different early warning distances. However, after an initial stage of data labelling, a limited number of 40 red-light running incidents were found. To prepare a dataset of both red-light running and stopping scenarios, these 40 red-light running incidents were combined with 460 scenarios where the driver obeyed the signal and stopped at the red-light.



However, this limited dataset is still insufficient for training deep recurrent models. To remedy this, we use the transfer learning technique from the pre-trained LSTM and GRU models, previously trained using intersection movement data for different monitoring windows, and fine-tuned these by training fully connected (FC) and SoftMax layers with red-light running dataset whilst freezing the pre-trained layers [20] (Figure 2: Box 2). We tuned the model hyperparameters using the random search method (Figure 2: Box 2). We tested our models for different test datasets windowed based on different monitoring times and distances (Figure 2: Box 3), based on which we evaluated accurate prediction models for different traffic monitoring times at different warning distances before the stop line and compared the performance between the LSTM and GRU models (Figure 2: Box 4).




5. Data Preprocessing


The data source and feature information used for this model are discussed in the data summary (Section 3). For our analysis of drivers red-light running behaviour, it is necessary to filter incidents related to red-light activation within the C-ITS dataset. If a vehicle trajectory scenario did not contain a red light prior to, or while traversing an intersection, the scenario was considered irrelevant. Also, we have developed a supervised machine learning algorithm for the prediction of driver red-light running behaviour at the onset of the red-light. The filtered dataset requires accurate labelling between red-light running incidents and red-light stopping incidents. For any intersection trajectory, the scenario was considered red-light running when the approaching vehicle entered the conflict zone during the red signal phase. Vehicles obeying the red signal, and therefore stopped before the stop line, were considered red-light stoppers. Though initial filtering removed many irrelevant scenarios, some remained. The most common example of this is a vehicle that crosses the stop line and enters the conflict zone on a green or amber signal, followed by receiving a red signal. The false alarm issue was mostly caused by positioning inaccuracy or latency between the traffic light changing and the SPaT data being received by the vehicle. This did not constitute a red-light runner or stopper and these scenarios were discarded as well. This behaviour is illustrated in Figure 3a.



Another scenario that was discarded for the purposes of analysis is shown in Figure 3b. Here, the vehicle intends to turn validly with a left-turn green; however, since the lane is shared with a straight through movement which is red, the vehicle algorithm is unable to determine on approach if the vehicle will go straight and therefore will warn the driver if the speed threshold is exceeded. In post-analysis, we were able to determine the vehicle-turning movement in such cases is legal and not considered a red-light violation.



Some incidents occurred where drivers initially stopped at the red signal, obeying the road rules, but became impatient and encroached on the stop bar before the red signal changed. These scenarios were also eliminated because the focus of this study is on early prediction and intervention of unsafe behaviour.



The data for Connected Intelligent Transportation Systems (C-ITSs) was gathered at a rate of 10 times per second and contained details such as vehicle speed, the recommended speed limit, how fast the vehicle was accelerating or decelerating, and how it was turning at various time points. This information was arranged in the order it occurred, starting from when the vehicle approached the intersection and stopped at the line. The abnormal trajectories and erroneous data caused by missing information or GPS errors were removed to eliminate noise from the dataset using our previous research methodology [39]. After filtering and labelling the data, around 40 valid red-light running incidents were found. Another 460 red-light stopping incidents were included to create a dataset of a total of 500 data samples which were used for training and testing models of driver red-light running behaviour prediction.



Another crucial factor to take into account in the prediction of intersection movements pertains to the timing of driver warnings through human–machine interaction (HMI). In addition to ensuring accurate predictions, it is essential to issue warnings as early as possible, allowing drivers ample time to respond and adjust their manoeuvres. However, it is important to note that as the warning distance from the intersection increases, the accuracy of predictions tends to decrease. To determine the optimal HMI warning distance, we divided the dataset into distinct sets, assessing various monitoring time intervals, ranging from 1 s to 4 s at different warning distances ranging from 10 m to 40 m before reaching the stop-line. Each individual dataset was then employed to train and test prediction models, enabling a comparison of prediction accuracy across different HMI warning distances and traffic monitoring durations. This analysis of prediction accuracy across varying monitoring distances and time intervals serves to find the suitable model for different HMI warning distances. Figure 4 shows the windowing of datasets with different traffic monitoring times at different distances before the stop line.



Here, the dataset was split to create separate datasets for different windows, with each then being split into a train–validation–test ratio of 70-10-20%. Training–validation datasets of different windows were then input into RNN models separately to train individual prediction models for different warning distances. The models were then tested with a test dataset to identify the best traffic monitoring time and the accuracy of the prediction models at different distances before the stop line.



Our study thoroughly assessed how well different time periods and distances from the stop line could predict driving conduct. In order to provide a thorough perspective of how drivers interact with red-light signals, a 4 s, 40 m scenario was used for the assessment. However, it was also investigated how different distances and shorter and longer time periods affected the accuracy and relevance of the forecasts. Shorter time periods, like one or two seconds, are beneficial for situations that call for quick system actions, according to our findings. Longer windows of up to 4 s, on the other hand, improve the ability to take preventative action by giving the system and the driver enough time to respond suitably.



The time window must be chosen carefully and in accordance with the particular operational goals of the traffic management system in use. The human–machine interface (HMI) can trigger warnings adaptively based on the current needs necessitated by varied traffic situations because the time period chosen is flexible enough to accommodate varying traffic dynamics. In order to guarantee precise behavioural forecasts and safe decision-making, longer monitoring durations may be required for the behaviour of longer vehicles, which may decelerate more gradually due to their size. A shorter monitoring period may be adequate for quick decisions involving fast-moving vehicles in high-traffic situations during peak hours, while unfavourable weather conditions like rain may necessitate longer observation times to account for reduced vehicle handling and visibility. This careful method guarantees that the predictive system will continue to be accurate and adaptable, meeting the various needs brought forth by different traffic situations and vehicle types.




6. Model Justification and Hyperparameter Tuning


In the hypothesis from Section 1, deep RNNs such as LSTM and GRU are considered good for the purposes of predicting driver red-light running and stopping behaviour, which is exhibited as a change in approaching vehicle’ kinematics. For example, the speeding behaviour of red-light stoppers is expected to reduce gradually before the stop line, whereas red-light runners hardly show a speed reduction or accelerate to run the intersection. So, RNN models are suitable for this study with the LSTM and GRU being considered good deep learning models in terms of overcoming the gradient vanishing problems of neural network and outperforming traditional recurrent networks. These models eventually outperform each other in different applications, and hence, we consider them both to identify the best model for this study. Since this dataset has only 500 samples, we used fine-tuning and transfer learning with pre-trained LSTM and GRU models, previously trained in intersection movement prediction [20]. The existing layers of GRU and LSTM models are kept frozen, and the FC layer is trained with a red-light running dataset of 375 samples (30 red-light running and 345 red-light stopping). We tuned the hyperparameters with a random search hyperparameter optimisation method using the Optuna Python library [41]. The hyperparameter values were set in a grid range of values, and the models were trained with different values within the range. The input values for turning hyper-parameters of our models are shown in Table 1.



We employed a cyclical learning rate approach to dynamically adjust our learning rate, exploring a range of values within reasonable boundaries for this parameter [42]. Consequently, both random search and cyclical methods were employed to fine-tune the learning rate, aiming to identify the optimal learning rate that minimises the loss function gradient during model training. To determine the number of training epochs, we implemented an early stopping criterion [43], which required a minimum of 15 epochs without an improvement in validation accuracy. In such cases, training ceased, and the epoch with the highest validation accuracy among the last 15 epochs was deemed the optimal epoch number. This approach not only expedited the random search process but also facilitated more precise tuning of the epoch number by preventing the selection of excessive epoch values, which could lead to overfitting or underfitting issues. Overfitting occurs when too many epochs cause the model to fit the training data excessively, surpassing the global optimum of the loss function gradient. Conversely, underfitting results from an insufficient number of epochs, causing the model to fail to reach the global optimum. Both overfitting and underfitting hinder the accurate optimisation of the model, thereby impairing its performance on test data.



We conducted a total of 100 random search trials, with each model having a maximum training time of 3.5 h. Upon completion of these trials, the model with the highest validation accuracy was selected, along with its corresponding hyperparameters. These hyperparameters were further fine-tuned to train the models for the classification of driver red-light running behaviour.



To assess prediction accuracy at various warning distances (10 m, 20 m, 30 m, and 40 m before the stop line) and determine the optimal traffic monitoring time, we trained separate models using windowed data for different distances.




7. Model Architecture


Figure 5 shows the model architecture after training with the pre-trained LSTM model for 3 s traffic monitoring at 10 m distances from the stop line.



In this context, we take a pre-trained LSTM model that was originally trained using combined intersection data to predict vehicle turning movements [20]. We then refine this model by training it specifically on red-light running data. To enhance the model’s ability to predict turning movements, we conduct separate training sessions for both LSTM and GRU models. During this training, we increase the representation of turning movement samples through data upsampling, but this upsampling is exclusively applied to the training dataset. This distinction is made to prevent any bias when assessing the model’s performance in predicting both straight and turning movements.



In this study, we employ pre-trained LSTM models, data-augmented pre-trained LSTM models, pre-trained GRU models, and data-augmented pre-trained GRU models, employing a transfer learning approach. The LSTM and GRU layers of the pre-trained model are kept fixed, while only the fully connected (FC) layer is trained using red-light running data. Fine-tuning is limited to determining the batch size, learning rate, optimiser choice, and identifying the optimal number of epochs.



Since the data were gathered at a 100-millisecond interval, every second comprises 10 data points. To accommodate a 3 s monitoring window, we use a sequence dimension of 30 data points. We set the batch size to 25, with an input size of 5 features, resulting in an input dimension of [5,25,30]. The sequence dimension and neuron count of the hidden layers remain constant as they belong to the frozen layers of the pre-trained model. The outputs (Y1 and Y2) from the fully connected layer are subjected to the logarithm of the SoftMax function to estimate the probabilities associated with the red-light running and stopping classes.




8. Results and Discussion


After training separate prediction models for different traffic monitoring times of 1 s, 2 s, 3 s, 4 s at different warning distances of 10 m, 20 m, 30 m, 40 m before the stop-line, each model was then tested with the remaining 20% of data (125 data samples: 10 red-light running and 115 red-light stopping), and model performance was evaluated at different distances. The optimal periods for traffic monitoring were found to be 1 s and 3 s. These intervals yield the highest accuracy in predicting red-light violations at various warning distances before the stop line. The comparison of red-light running and stopping prediction accuracy using pre-trained LSTM and GRU models of before and after data upsampling is shown in Table 2 and Table 3.



Analysing Table 2 and Table 3, the LSTM model shows better accuracy than the GRU model when predicting drivers’ red-light running and red-light stopping behaviours at intersections. The data upsampled pre-trained LSTM model shows the highest overall prediction accuracy (73.55%) for 1 s traffic monitoring at a 30 m distance before the stop. The overall prediction accuracy by the data upsampled pre-trained LSTM model slightly varies for 1 s traffic monitoring at different warning distances but stays around 70% on average. The pre-trained LSTM model without upsampled data shows nearly similar prediction accuracy for 1 s and 3 s traffic monitoring but its accuracy drops significantly at 30 m and 40 m warning distances, respectively. The average overall prediction accuracy using GRU models is below 70%. So, the data upsampled pre-trained LSTM model is considered befitting for overall red-light running and red-light stopping behaviour prediction for 1 s traffic monitoring at different warning distances. For individual red-light stopping behaviour prediction, both the data upsampled pre-trained LSTM model and the regular pre-trained LSTM model without upsampled data show the highest accuracy for 1 s traffic monitoring at different warning distances. However, the regular pre-trained LSTM model without upsampled data shows better prediction accuracy for individual red-light running behaviour prediction than the data upsampled pre-trained LSTM model.



For pre-trained LSTM models, data upsampled pre-trained LSTM models, pre-trained GRU models and data upsampled pre-trained GRU models, the comparison of red-light running and red-light stopping behaviour prediction accuracy is shown in Figure 6.



In this comparative analysis of traffic red-light running prediction accuracy, we investigate the efficacy of regular and data upsampled models employing Long Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU) networks across varying warning distances. It is observed that regular prediction models utilising both LSTM and GRU architectures exhibit superior accuracy compared to their upsampled counterparts. Specifically, in predicting individual red-light stopping incidents, the regular LSTM and GRU models consistently outperform the data upsampled models at various distances. However, an exception is noted at a 30 m, 4 s window, where the upsampled LSTM model demonstrates marginally higher accuracy in predicting red-light stopping events than the regular LSTM model.



Moreover, the regular LSTM and GRU models show enhanced performance in accurately predicting red-light stopping events compared to data upsampled models at different warning distances. The accuracy of both LSTM and GRU models with the upsampled dataset significantly improves predictions of individual red-light running samples, achieving a uniform balance with red-light stopping predictions. Overall, the regular LSTM model maintains more consistent accuracy in predicting red-light running and stopping behaviours, surpassing both the upsampled models and GRU models. Conversely, while the GRU model exhibits comparable levels of accuracy, its performance is not as consistent as that of the LSTM model, peaking at nearly 90% during a 4 s traffic monitoring interval at a 20 m distance before the stop line.



Crucially, the faster prediction capabilities of the GRU model afford drivers additional time to assess and make informed decisions. Given the GRU algorithm’s simplicity, coupled with its lower memory and computational demands, it holds significant potential for integration into Intelligent Transportation Systems (ITSs).



In short, the plots show the prediction accuracy of transfer learning models using GRU and LSTM models pre-trained with intersection red-light running and stopping data input. Analysing the performance of pre-trained LSTM and GRU models to predict red-light running behaviour, the performance of the regular LSTM model pre-trained was found to be the most resilient and robust in predicting overall red-light running and stopping behaviour for 1 s traffic monitoring, which is around 72.95%, 70.25%, 73.55% and 69.23% at 10 m, 20 m, 30 m and 40 m before the stop line.



Given the dataset’s imbalanced nature, it is premature to make a recommendation favouring the LSTM model trained with upsampled data over the regular GRU model without first conducting a comprehensive assessment using various performance metrics. These metrics encompass sensitivity, specificity, precision, negative predictive value (NPV), and the F1 score.



Sensitivity and specificity, also referred to as true positive rates and true negative rates, respectively, play a crucial role in our binary classification scenario, where we aim to predict red-light running and red-light stopping behaviours. Sensitivity measures the accurate identification of red-light stopping instances relative to the total number of samples predicted as red-light stopping, which includes red-light running samples erroneously categorised as red-light stopping. Conversely, specificity quantifies the precise identification of red-light running instances compared to the total number of samples predicted as red-light running, encompassing red-light stopping samples incorrectly classified as red-light running. Precision denotes the accurate prediction of red-light stopping instances concerning the total number of existing red-light stopping samples. Negative predictive value assesses the accurate prediction of red-light running instances in relation to the total number of existing red-light running samples. The F1 score, calculated as the harmonic mean of precision and sensitivity, provides a comprehensive performance measure.



We applied these performance metrics to evaluate the prediction of red-light stopping and running behaviour using the pre-trained LSTM model, the upsampled data pre-trained LSTM model, the pre-trained GRU model, and the upsampled data pre-trained GRU model. These models underwent training and testing using data gathered from all 29 intersections. The performance matrix analysis for different models predicting intersection movements with 3 s traffic monitoring at various warning distances is presented in Table 4.



From Table 4, the LSTM models show better performance than the GRU models considering that the GRU models’ precision (accurate prediction of red-light stopping behaviour) highly reduces the models’ performance at different traffic warning distances. The pre-trained LSTM models show slightly different performance than data-upsampled pre-trained LSTM models, which outperform the pre-trained LSTM models at 10 m, 30 m, and 40 m before the stop line. Only at 20 m before the stop line does the pre-trained LSTM model show slightly higher performance than the data-upsampled pre-trained LSTM model analysing all performance measure matrices. A bar chart of the LSTM and GRU models’ performance measure matrices’ comparison is shown in Figure 7.



High negative predictive value (NPV) is a desired outcome for models that classify red-light violation as NPV measures the true predicted red-light running samples out of actual existing red-light running samples. The NPV score significantly increases for GRU models at a warning distance of 10 m before the stop line, providing clear evidence of improved red-light running prediction performance by GRU models. The data upsampled pre-trained GRU model achieves a 90% NPV score at a 20 m distance from the stop line, while the regular pre-trained GRU model achieves a 70% NPV score in this aspect. Similarly, high NPV scores for predicting red-light running samples can be observed for GRU models at distances of 30 m and 40 m before the stop line. Given the importance of selecting a model that focuses on predicting red signal violations, GRU models, especially the data upsampled pre-trained GRU models, are highly recommended. However, GRU models are less balanced when it comes to predicting both red-light running and red-light stopping behaviour samples. In contrast, LSTM models demonstrate good performance in predicting red-light running samples (with a good NPV score) while also maintaining a balanced performance in predicting red-light stopping behaviour samples, as evidenced by sensitivity, specificity, and precision score analysis. By examining the bar graph in Figure 7, it becomes evident that the sensitivity value exceeds the specificity value at various warning distances. This indicates that the proportion of accurately predicted red-light stopping behaviour samples to the total number of samples predicted as red-light stopping is relatively higher than the proportion of accurately predicted red-light running samples to the total number of samples predicted as red-light running. Furthermore, the sample size of red-light stopping behaviour is larger than that of red-light running, which contributes to the decrease in specificity values for GRU models at different warning distances. The F1 score also decreases when using GRU models as the number of accurately predicted red-light running samples decreases. In summary, pre-trained GRU models are highly effective in predicting red-light running behaviour compared to regular pre-trained GRU models and LSTM models, but they do not ensure a balanced prediction of both classes: red-light running and red-light stopping behaviour. However, for specific applications where the prediction of red-light running is the primary focus, the pre-trained GRU model may be more effective. Overall, the pre-trained LSTM model is highly recommended for achieving a balanced performance in predicting both red-light running and red-light stopping behaviour classes.



In a practical context, 100% accuracy with prediction and on-road variables is not possible. Implementation of this should initially be as a complimentary support alert where the driver is in control and responsible. Optimising the driver warnings to suit the likelihood and impact of true positive and false positive situations should be considered to minimise any adverse impacts (e.g., distraction, annoyance).




9. Conclusions


This research paper presents a groundbreaking study conducted within the framework of the ICVP project in Queensland, Australia. The primary focus of this investigation was to predict red-light running behaviour in signalised intersections within a connected vehicle environment, employing recurrent neural networks, specifically LSTM (Long Short-Term Memory) and GRU (Gated Recurrent Unit) architectures. This research introduced LSTM and GRU models for the first time in the context of the largest field operation test conducted in Australia. These neural network architectures were employed to analyse and forecast driver behaviour at signalised intersections, providing novel insights into red-light running tendencies, which helps in the accurate prediction of red-light running behaviour. To address the challenge posed by the limited dataset, a transfer learning approach was strategically employed. This method leveraged knowledge and pre-trained models from prior research focused on predicting drivers’ intended movements at intersections. This innovative application of transfer learning effectively mitigated the constraints imposed by the scarcity of red-light running scenarios within the dataset, establishing a robust foundation for predictive analysis. A significant contribution of this study lies in its ability to transfer the learning of model from our previous research on drivers’ intended movement prediction [20] to create a new model to predict red-light violations at various warning distances before the stop line. This predictive capability holds immense potential for enhancing traffic safety through the timely deployment of precautionary measures, such as connected vehicle warnings, precise signal timing management, and adaptive all-red signal extensions. Furthermore, this research identified and developed models that strike a delicate balance between predicting red-light running and stopping behaviours while simultaneously prioritising the accurate prediction of red-light violations as a stringent constraint.



The analysis of predictive models for red-light running and red-light stopping behaviours reveals that the highest prediction accuracy was achieved with 3 s and 1 s traffic monitoring intervals. Notably, the proportion of accurately predicted instances of vehicles stopping at red lights is significantly higher compared to the proportion of accurately predicted red-light running cases. The performance evaluation of LSTM and GRU models demonstrates the superior effectiveness of pre-trained GRU models in red-light running prediction when contrasted with conventional pre-trained GRU models and LSTM models. Nevertheless, it is noteworthy that GRU models exhibit an imbalance in predicting both red-light running and red-light stopping behaviours. However, for specialised applications emphasising red-light running prediction, the pre-trained GRU model may offer heightened efficacy. In a broader context, the pre-trained LSTM model is strongly recommended to attain a balanced predictive performance encompassing both red-light running and red-light stopping behaviours categories. These distinctions highlight the importance of model selection based on specific traffic management goals. Implementing these predictive models as supplementary driver alerts can enhance road safety by mitigating potential distractions and optimising driver response strategies. Overall, the choice between GRU and LSTM models should be guided by the specific needs of traffic monitoring and management systems, aiming to maximise safety and efficiency on the roads.



This research benefits in safeguarding against hazardous situations like right angle collisions and head-on collisions, thereby reinforcing traffic safety. Additionally, this work extends its implications to vulnerable road users, including pedestrians and cyclists, by facilitating the provision of safety warnings when they traverse intersections. Moreover, early detection of red-light violations can prompt distracted or impaired drivers, whether due to drugs or alcohol, to respond to a warning and avoid committing a traffic offence or being involved in an accident.



In short, this research represents a significant advancement in the domain of traffic safety and management within a connected vehicle environment. By introducing LSTM and GRU models and leveraging transfer learning techniques to tackle the limited dataset issue, this study not only contributes to the early detection of red-light running behaviour but also establishes a comprehensive framework for enhancing road safety and efficiency for both motorists and vulnerable road users.



A more thorough examination of the effects of varied deceleration behaviours across various time periods on red-light breaches will be possible with future research that integrates interpretable and explainable AI models. For instance, one car might start to slow down four seconds earlier, while another might abruptly slow down two seconds earlier. Through a thorough case study, future research might also examine how these predictive insights might be incorporated into policy applications. In addition to showcasing the forecasts’ usefulness, this would highlight how they could be applied to improve road safety and traffic light cycles. These kinds of studies would offer verifiable illustrations of how predictive models might impact and enhance traffic control systems.
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Figure 1. Red-light running traffic violation and right-angle collision [10]. 
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Figure 2. Flowchart of red-light running behaviour prediction methodology. 
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Figure 3. (a) Vehicle passing intersection during yellow signal which then turns red when the vehicle enters the conflict zone. (b) Vehicle turning during green signal but the straight signal is red [40]. 
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Figure 4. The windowing of datasets with different traffic monitoring times at different distances before the stop line [20]. 
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Figure 5. Transfer learning with pre-trained LSTM model to predict red-light running behaviour. 
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Figure 6. The comparison of LSTM and GRU models’ prediction accuracy before and after data upsampling. 
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Figure 7. The comparison of LSTM and GRU models’ performance measures. 
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Table 1. Random grid of hyperparameter values.
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	Hyper-Parameter
	Value Range
	Search Type





	Batch Size
	15 to 200
	Integer range



	Optimiser
	Adam, SGD, RMSprop
	String categorical



	Learning Rate
	0. 1 to 0.00001
	Float range



	Epoch Number
	4 to 35
	Integer range










 





Table 2. Results of LSTM model on red-light running behaviour prediction.
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Distance from Stop-Line

	
Accuracy (%)

	
Pre-Trained LSTM

	
Data Upsampled Pre-Trained LSTM




	
1 s

	
2 s

	
3 s

	
4 s

	
1 s

	
2 s

	
3 s

	
4 s






	
10 m

	
Overall

	
71.3

	
63.1

	
72.7

	
68.6

	
72.9

	
64.7

	
60.3

	
52.0




	
RLS

	
72.3

	
62.5

	
72.9

	
67.5

	
74.1

	
63.3

	
65.7

	
49.5




	
RLR

	
70

	
70

	
70

	
80

	
60

	
80

	
70

	
80




	
20 m

	
Overall

	
72.7

	
71.0

	
72.7

	
65.2

	
70.2

	
66.1

	
60.3

	
56.7




	
RLS

	
72.0

	
71.1

	
73.8

	
64.8

	
70.2

	
64.8

	
58.5

	
55.5




	
RLR

	
80

	
70

	
60

	
70

	
70

	
80

	
80

	
70




	
30 m

	
Overall

	
67.7

	
54.5

	
69.7

	
53.3

	
73.5

	
67.7

	
51.2

	
59.3




	
RLS

	
67.5

	
53.1

	
70.6

	
51.8

	
73.8

	
67.5

	
48.6

	
57.4




	
RLR

	
70

	
70

	
60

	
70

	
70

	
70

	
80

	
80




	
40 m

	
Overall

	
70.9

	
60.6

	
58.6

	
62.4

	
69.2

	
64

	
65.5

	
51




	
RLS

	
71.9

	
59.8

	
58.4

	
63

	
70

	
63

	
66

	
55




	
RLR

	
60

	
70

	
60

	
50

	
60

	
70

	
50

	
70











 





Table 3. Results of GRU model on red-light running behaviour prediction.
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Distance from Stop-Line

	
Accuracy (%)

	
Pre-Trained GRU

	
Data Upsampled Pre-Trained GRU




	
1 s

	
2 s

	
3 s

	
4 s

	
1 s

	
2 s

	
3 s

	
4 s






	
10 m

	
Overall

	
65.5

	
50.8

	
60.3

	
42.1

	
65.5

	
51.6

	
59.5

	
65.2




	
RLS

	
65.1

	
47.3

	
58.5

	
37.8

	
65.1

	
48.2

	
58.5

	
64.8




	
RLR

	
70

	
90

	
80

	
90

	
70

	
90

	
70

	
70




	
20 m

	
Overall

	
69.4

	
68.6

	
66.9

	
78.8

	
71.9

	
50.4

	
64.4

	
86.4




	
RLS

	
69.3

	
68.4

	
66.6

	
79.6

	
71.1

	
46.8

	
63.9

	
88.8




	
RLR

	
70

	
70

	
70

	
70

	
80

	
90

	
70

	
60




	
30 m

	
Overall

	
68.6

	
70.2

	
68.9

	
58.4

	
69.4

	
56

	
74.7

	
61




	
RLS

	
67.5

	
69.3

	
69.7

	
58.2

	
69.3

	
54

	
76.1

	
60




	
RLR

	
80

	
80

	
60

	
60

	
80

	
80

	
60

	
70




	
40 m

	
Overall

	
69.2

	
66.6

	
64.6

	
50.4

	
64.1

	
62.4

	
56

	
54




	
RLS

	
70

	
66.3

	
65

	
50.4

	
63

	
62.6

	
53

	
57




	
RLR

	
60

	
70

	
60

	
50

	
70

	
60

	
80

	
70











 





Table 4. Performance measurements of LSTM and GRU models on RLR behaviour prediction.






Table 4. Performance measurements of LSTM and GRU models on RLR behaviour prediction.





	
Distance Before the Stop Line

	
Measurements

	
Pre-Trained LSTM

	
Data Upsampled Pre-Trained LSTM

	
Pre-Trained GRU

	
Data Upsampled Pre-Trained GRU






	
10 m

	
Sensitivity

	
95.29%

	
95.40%

	
96.05%

	
96.05%




	
Specificity

	
16.22%

	
17.14%

	
15.22%

	
15.22%




	
Precision

	
72.32%

	
74.11%

	
65.18%

	
65.18%




	
NPV

	
60.00%

	
60.00%

	
70.00%

	
70.00%




	
F1 Score

	
82.23%

	
83.42%

	
77.66%

	
77.66%




	
20 m

	
Sensitivity

	
97.56%

	
96.30%

	
96.25%

	
98.11%




	
Specificity

	
20.51%

	
17.50%

	
17.07%

	
13.24%




	
Precision

	
72.07%

	
70.27%

	
69.37%

	
46.85%




	
NPV

	
80.00%

	
70.00%

	
70.00%

	
90.00%




	
F1 Score

	
82.90%

	
81.25%

	
80.63%

	
63.41%




	
30 m

	
Sensitivity

	
96.15%

	
96.47%

	
97.40%

	
95.40%




	
Specificity

	
16.28%

	
19.44%

	
18.18%

	
18.75%




	
Precision

	
67.57%

	
73.87%

	
67.57%

	
76.15%




	
NPV

	
70.00%

	
70.00%

	
80.00%

	
60.00%




	
F1 Score

	
79.37%

	
83.67%

	
79.79%

	
84.69%




	
40 m

	
Sensitivity

	
93.94%

	
95.77%

	
94.94%

	
95.77%




	
Specificity

	
12.00%

	
15.22%

	
15.79%

	
15.22%




	
Precision

	
58.49%

	
63.55%

	
70.09%

	
63.55%




	
NPV

	
60.00%

	
70.00%

	
60.00%

	
70.00%




	
F1 Score

	
72.09%

	
76.40%

	
80.65%

	
76.40%
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