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This paper reports the implementation and results of a simulation-based analysis of the impact of cloud/edge-enabled cooperative perception on the performance of automated driving in unsignalized roundabouts. This is achieved by comparing the performance of automated driving assisted by cooperative perception to that of a baseline system, where the automated vehicle relies only on its onboard sensing and perception for motion planning and control. The paper first provides the descriptions of the implemented simulation model, which integrates the SUMO road traffic generator and CARLA simulator. This includes descriptions of both the baseline and cooperative perception-assisted automated driving systems. We then define a set of relevant key performance indicators for traffic efficiency, safety, and ride comfort, as well as simulation scenarios to collect relevant data for our analysis. This is followed by the description of simulation scenarios, presentation of the results, and discussions of the insights learned from the results.
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1 INTRODUCTION
Automated driving systems (ADSs) are expected to transform the transport of goods and people in terms of the safety of road users, the comfort of the operators and passengers, the efficiency of transport systems in terms of their carbon footprint, and the affordable accessibility of mobility services for the public1. To reap such benefits, solid evidence shall be provided to ensure that ADSs outperform human-driven vehicles to gain consumers’ trust in automated driving technologies (Boualam et al., 2022). This requires that ADSs can faithfully perceive the environment and the intentions of other road users, carry out accurate localization and mapping, plan safe motions, and execute robust control of the vehicle.
Despite recent progress in sensing capabilities, 3D object detection, and tracking, the ADS based on sole reliance on onboard sensing and perception has well-known limitations (Arnold et al., 2022). An alternative promising approach is to enhance onboard sensing through sensor data collected from multiple spatially diverse viewpoints, also known as cooperative perception. A powerful variant of cooperative perception is to deploy roadside infrastructures near junctions with object detection and edge computing capabilities that can collect information (raw sensor data or semantic perception information) from various sources, fuse them together, and broadcast the combined information over vehicle-to-everything (V2X) communication technologies to the surrounding vehicles. Therefore, connected and automated vehicles (CAVs) can combine their local understanding of the environment with the information received over the air from the infrastructure for improved decision-making and control.
Jandial et al. (2020) introduced an intelligent roadside unit (RSU) that processed sensor data from infrastructure cameras and lidars. RSUs were deployed at several target locations to support CAVs and were found to be particularly efficient at roundabouts and S-shaped roads, where the onboard perception is inadequate due to restricted field of vision and obstructions. Vijay et al. (2021) proposed a novel method for determining the optimal positioning of roadside sensors to maximize their coverage. They used a sensor model based on ray casting for correctly estimating the line-of-sight coverage, which leads to optimal sensor placement even under worst-case scenarios such as multiple 3D obstructions. If an adequate number of suitable sensor locations is identified, the proposed framework can prove extremely useful for infrastructure sensing. Motivated by the promises of cooperative perception, this study focuses on the comprehensive analysis of its impacts on automated driving in unsignalized roundabouts, as it has been found that unsignalized roundabouts result in shorter travel times and fewer accidents than traditional intersections with traffic lights or stop-signal control (Retting et al., 2001).
1.1 State-of-the-art review
Considering the roundabout as a shared space, conflicts between vehicles must be resolved. There are two main approaches to tackle the challenges between CAVs involved in a conflict. The vehicles can handover their control to a road traffic manager, which an entity that manages the flow of traffic (Zhao et al., 2018; Danesh et al., 2021; Martin-Gasulla and Elefteriadou, 2021; Wu and Zhu, 2021), or the vehicles can directly communicate among each other and negotiate the right of way (Debada and Gillet, 2018; Hang et al., 2021). The former approaches are known as centralized and can be further subdivided into reservation-based and trajectory-based optimization methods, with the latter gaining momentum due to recent advances in edge computing (Yu et al., 2019). The key assumption in centralized control is that all CAVs must comply with the trajectories calculated by the road traffic manager.
Wu and Zhu (2021) compared signalized intersections with signal-free roundabouts in pure CAV environments with central coordination and highlighted that for low-to-medium road traffic densities, the average waiting time at the entrance of roundabouts is less. Danesh et al. (2021) designed a system where the road traffic manager controls the arrival time for CAVs at the entrance of the roundabout to ensure sufficiently large gaps for safety and optimizes their trajectories within the roundabout to maximize passenger comfort. Furthermore, several priority resolution strategies were simulated in Martin-Gasulla and Elefteriadou (2021), with the best strategy increasing the roundabout capacity by 73% as compared to human driving at the cost of computational complexity in the road traffic manager strategy. Model predictive control (MPC) has also been used for traffic flow coordination of autonomous vehicles (Cao and Zoldy, 2021). The goal of MPC is to optimize the predictions of future states of the vehicles by iteratively processing inputs over a limited time horizon. A road traffic manager design for controlling the vehicle’s trajectory through a roundabout was presented in Cao and Zoldy (2021), where the performance of the MPC-based controller was evaluated with respect to the target speed.
In decentralized approaches, it is difficult to develop a generic method that allows CAVs with their own set of dynamics, sensors, communication devices, and characteristics to work together effectively. Negotiations between vehicles can use either the noncooperative game theory, such as the Stackelberg games in Hang et al. (2021), or cooperative game theory, such as forming coalitions in Hang et al. (2021) and the prisoner’s dilemma in Banjanovic-Mehmedovic et al. (2016). In the game theory framework, different vehicles are essentially independent players who can adapt their payoffs to reflect personalized driving behaviors, e.g., a conservative driver cares more about safety than driving efficiency (Hang et al., 2021). If the CAVs exchange only their current states, e.g., location and speed, every vehicle must also predict the trajectory of other vehicles to identify feasible merging gaps (Debada and Gillet, 2018). The study in Hang et al. (2022) showed that CAVs the ability to mimic cautious, average, and aggressive driving styles. It was shown that including sophisticated motion prediction of other vehicles in the decision-making process improved safety. Finally, the study in Wang et al. (2022) suggested a framework for the interaction-aware evaluation of the CAV’s safety while entering a roundabout. The study employed social value orientation and level-k game theory to characterize the interactive behaviors.
It is also worth noting that the transitional phase from manually driven to autonomous vehicles has been forecasted to take several decades, and mixed-traffic scenarios, where conventional vehicles are also present, will be inevitable (Bansal and Kockelman, 2017). In the mixed-traffic phase, conventional vehicles are likely to induce a negative effect on travel time for CAVs because human drivers tend to slow down near the entrance of roundabouts, unnecessarily sometimes, resulting in the formation of queues (Zhao et al., 2018). We may therefore need a high penetration of CAVs before witnessing noticeable gains in travel times and road traffic throughput of roundabouts.
1.2 Contributions
Instead of considering the roundabout as a system, we examine, in this paper, a single CAV, hereafter referred to as the EGO vehicle, which travels across a single-lane roundabout with four arms. All other vehicles are manually driven; hence, a low penetration of CAVs, which will be typical in the next few years, is essentially modeled. A key component in our system architecture is a fixed RSU equipped with a processing unit and wireless connectivity, which enhances the situation awareness of the EGO vehicle, but it does not influence its decision-making ability. Furthermore, it is reasonable to expect that in the coming years, several vehicles will carry communication units to assist human drivers. In this paper, we assume that all vehicles near a roundabout can communicate their intended paths to the RSU over a V2X air interface. The RSU can combine the information received over the air from the surrounding vehicles and create a single collective perception message (CPM) that is periodically broadcast using V2X. As a result, the EGO vehicle can finally combine its local perception with the additional information provided by the RSU for improved decision-making. The main contributions of this article are summarized as follows.
• We define a set of key performance indicators (KPIs) for traffic efficiency, safety, and ride comfort that are relevant for driving across urban unsignalized roundabouts.
• We build a co-simulation environment integrating SUMO and CARLA, where the former is used to generate random urban road traffic and the latter is used to implement motion planning algorithms.
• The key takeaway of the simulation experiments conducted in this article is that an EGO vehicle leveraging cooperative perception can traverse the roundabout quicker than an EGO vehicle that relies only on its onboard sensors to perform that. At the same time, cooperative perception helps improve the comfort of passengers during the maneuver without compromising safety.
• Even though this study focuses on roundabouts, we believe that the adopted methodology for quantifying the benefits of RSUs will be of interest to road authorities for the traffic management of CAVs near any other complex junction.
The tradeoff between comfort and travel time for an autonomous vehicle has been recently investigated in Zheng et al. (2021) with the goal of avoiding overly conservative maneuvers while driving across a roundabout. The motion planning module selects the trajectory that minimizes the weighted sum of travel time and discomfort, with the latter expressed by the integral of squared horizontal acceleration during the maneuver. Unfortunately, the constraints imposed by other traffic objects on the autonomous vehicle are not taken into account in the evaluation of the tradeoff in Zheng et al. (2021), as we will do in this paper.
1.3 Overview of the contents of the paper
The rest of this paper is organized as follows. The high-level system model architecture is presented in Section 2. Section 3 and Section 4 present the details of the simulated motion planning algorithm using only onboard perception and cooperative perception, respectively. The KPIs for driving efficiency, passenger comfort, and safety are explained in Section 5. The co-simulation environment between CARLA and SUMO is discussed in Section 6. Finally, Section 7 assesses the benefits of cooperative perception, and Section 8 concludes this study.
2 SYSTEM MODEL AND HIGH-LEVEL SYSTEM ARCHITECTURE
We consider an EGO vehicle mounted with perception sensors, such as cameras and lidars, and an onboard communication unit (OBU) that implements a V2X radio air interface. The EGO vehicle approaches the roundabout from the north entrance, see Figure 1, but due to occlusions, the onboard sensors can miss vehicles approaching the roundabout from another direction. To assist the EGO vehicle in traversing the roundabout efficiently and safely, an RSU empowered with a processing unit and V2X communication technology can be deployed near the junction. The RSU receives maneuver coordination messages (MCMs) (ETSI, 2022-10) from surrounding CAVs over ITS-G5, combines the received information, and packs it in the form of CPMs that are broadcast every 100 ms (ETSI, Release 2, 2019-12). The OBU on the EGO vehicle decodes the message broadcast and leverages the additional information for improved decision-making and motion planning.
[image: Figure 1]FIGURE 1 | Google Maps view of the roundabout connecting the Gibbet Hill Road with the Lord Bhattacharyya Way at the University of Warwick overlaying the location of the RSU and the high-level system architecture. Example routes for the EGO vehicle and two traffic objects are also illustrated.
In this paper, we conduct a simulation study to gauge the impact of edge computing and V2X communication on the driving performance of the EGO vehicle. Specifically, we compare the driving performance between the following two systems: in the former system, the EGO vehicle solely relies on onboard sensing, and in the latter system, the EGO vehicle’s perception is enhanced with additional information provided by the infrastructure. This comparison would be of interest to road authorities to decide whether it is cost-effective to install an RSU near the roundabout.
3 BASELINE SYSTEM: ONBOARD ALONE PERCEPTION
In this section, we describe the system where the EGO vehicle relies only on onboard sensing for decision-making and motion planning without being connected to the infrastructure. It is assumed that the onboard sensor’s field of view is a cone with a range of 50 m and an azimuth of 90o degrees; see the blue-shaded area in Figure 2. The selected sensor range value is quite conservative considering the range of modern lidar and camera sensors; hence, it is natural to assume that the object detection performance is ideal, meaning that the EGO vehicle can detect other road users in an error-free manner within the field of view of its sensors. The output of the onboard perception module is continuously sent into the motion planning module of the EGO vehicle, which is hereafter referred to as the baseline driving algorithm.
[image: Figure 2]FIGURE 2 | Field of vision (blue-shaded area) and area of concern (red-shaded area) for the baseline algorithm. The EGO vehicle, the merge point, and the entrance at the north leg are also illustrated.
3.1 Baseline driving algorithm
The baseline algorithm replicates the decision-making process using only onboard perception. Decision-making starts at the north entrance, where the EGO vehicle has to decide when to enter the roundabout. The red-shaded area, partially overlapping with the blue-shaded area in Figure 2, is the area of concern during decision-making. This is the typical area that a human driver checks to the side at the entrance. The urban roundabout depicted in Figure 1 has an approximate radius equal to 15 m, which means that for the selected sensor azimuth and range values, the EGO vehicle, once it arrives at the entrance, can detect all objects within the upper quadrant of the roundabout, including the area of concern.
As the EGO vehicle approaches the entrance, it must slow down and assess whether it is safe to proceed by checking the area of concern. To do that, its target speed is first set at a low value, e.g., VT = 2.2 m/s (or 5 mph). If there are vehicles within the area of concern, the target speed is reset at VT = 0, which means that the EGO vehicle has to stop and wait at the entrance until the area of concern becomes completely clear. If the red-shaded area is clear to begin with, a new higher target speed is set, and the EGO vehicle enters the roundabout. The described decision-making process is conservative because there is not always a need to stop when merging into the ring, even if vehicles are in the area of concern. Even if these vehicles do not exit to the north, the EGO vehicle may go ahead, provided that the gap is large enough and the relative speed is low. Nevertheless, the baseline algorithm forces the EGO vehicle to stop when another vehicle is within the red-shaded area because it is natural to expect that CAVs should adopt cautious behavior planning in the presence of manually driven vehicles. For the same reason, the EGO vehicle does not rely on detecting the blinkers of other vehicles in the area of concern. In addition, the size of the selected roundabout in Figure 1 is small, with a radius of approximately 15 m, and has a single lane, which further justifies the adoption of conservative decision-making for the baseline algorithm.
The baseline algorithm modulates the EGO vehicle’s speed by setting the target speed VT and controlling its instantaneous speed using a PID controller. Note that a PID controller is readily available in CARLA, but some adjustments had to be made. Specifically, to determine the target speed, the baseline algorithm uses the speed limit vmax, the speed of the leading vehicle vl (if any), and the road curvature. The algorithm first calculates the time-to-collision (TTC) to the leading vehicle, and if this is less than 3 seconds, it sets the target speed equal to the speed of the leading vehicle, i.e., VT(t) = vl(t), where t is the current time step. Otherwise, the target speed is set equal to the speed limit VT(t) = vmax. As the driver response time ranges from 0.7–1.5 s, depending on the scenario and driver, it is safe to assume a safety factor of 2 using the upper bound of this range, i.e., 1.5 s (Drozdziel et al., 2020). This explains the selection of the cut-off threshold for TTC in setting the target speed of the EGO vehicle. While the TTC threshold should depend on the driving speed and, in general, on the driving scenario/environment, we have used just a single value (TTC = 3 s) because the only scenario simulated in this paper is an urban roundabout with a speed limit of 13.4 m/s (or 30 mph).
Finally, the target speed has to be adjusted using the road curvature for the purpose of ride comfort. The more curved a road is, a larger steering angle will be forced, which will increase the lateral acceleration assuming a constant speed throughout the curve. This might not be feasible for both driver/passenger comfort and steering characteristics. To maintain a comfortable level of lateral acceleration, the speed of the EGO vehicle around corners is lowered. Given the initial target speed of the EGO vehicle, [image: image], and the input steering angle, θ, the adjusted target speed VT can be expressed as
[image: image]
where [image: image] is the minimum target speed of the EGO vehicle (without a stopping decision), σf is a factor to tweak the sensitivity of the speed adjustment, and θmax is the maximum input steering angle.
Before continuing with the description of the system leveraging cooperative perception, we summarize the decision-making steps of the baseline algorithm in a block diagram in Figure 3.
[image: Figure 3]FIGURE 3 | Block diagram for the baseline algorithm. All decision-making steps are repeated every 50 ms.
4 COOPERATIVE PERCEPTION-ASSISTED SYSTEM
In this section, we describe the system where the EGO vehicle leverages cooperative perception for motion planning. Targeting a future mobility scenario, it is assumed that all vehicles are connected (but not yet automated) and share their intended paths with the RSU. Even though the maneuver coordination message (MCM) is in the early stages of standardization, vehicles will likely exchange their intentions with other vehicles or the infrastructure near complex junctions (ETSI, 2022-10). Since the roundabout considered in this paper only has a single lane, it is sufficient that each vehicle indicates to the RSU which exit it will take. The RSU collects the MCMs transmitted by all vehicles and combines them into a single message, which contains the instantaneous locations, speeds, and intended paths of all vehicles. The message is broadcast every 100 ms, similar to the CPM. All communication between traffic objects, the EGO vehicle, and the RSU is assumed to be ideal, meaning that the received information is error- and delay-free, and there is no noise or loss during transmission and reception. In practice, the communication unit of the RSU must have good line-of-sight connectivity to all arms of the roundabout, e.g., being mounted on a pole at the center of the roundabout island. Evaluating the effects of imperfect V2X communication on cooperative perception requires future work, but this will not alter the performance evaluation methodology. The EGO vehicle exploits the information provided by the RSU for enhanced motion planning, which is hereafter referred to as the enhanced driving algorithm.
4.1 Cooperative perception-assisted automated driving algorithm
The EGO vehicle processes the information received by the RSU and anticipates whether other vehicles in and around the roundabout are hazards. A hazard, in this case, is a vehicle that has a path intersecting with the desired path of the EGO vehicle; see the amber-shaded area in Figure 4, while also reaching that area when the EGO vehicle is also there. To identify whether a vehicle with an intersecting path is actually a hazard, the enhanced algorithm applies a rudimentary prediction model assuming that the traffic object maintains its velocity at the time of calculation. High-definition maps, using, for instance, curvilinear coordinates as in Masi (2021), can be used to calculate the traveled distance of other vehicles and, therefore, determine whether a vehicle is a hazard to the EGO vehicle or not. Upon detecting a hazard, the EGO vehicle tries to disalign itself from a potential collision. For safety reasons, it is assumed that the EGO vehicle can only decelerate as it approaches the north entrance of the roundabout. If the enhanced algorithm is unable to disalign itself from a potential collision, the EGO vehicle decelerates to stop, and the red-shaded area comes into play, functioning exactly like in the baseline algorithm. The decision-making steps of the enhanced automated driving algorithm are illustrated in Figure 5.
[image: Figure 4]FIGURE 4 | Enhanced algorithm field of vision (blue-shaded area) and area of concern (red- and amber-shaded areas). The red, green, and blue arrowed lines depict the intended paths of the similarly colored vehicles, respectively. The blue vehicle is a hazard if it is predicted to be within the amber-shaded area simultaneously with the EGO vehicle.
[image: Figure 5]FIGURE 5 | Block diagram for the cooperative perception-assisted automated driving algorithm. All decision-making steps are repeated every 50 ms. As compared to the baseline driving algorithm described in Figure 3, only the ‘enhanced algorithm’ block with the dashed-red outline has been added, which is detailed on the right-hand side and is executed every 100 ms.
As compared to the baseline driving algorithm, a potential time save could be the case when there is a traffic object within the red-shaded area given in Figure 4, but its path does not intersect with that of the EGO vehicle. In this case, the baseline algorithm would have kept the EGO vehicle static till the red area becomes clear, while the enhanced algorithm triggers the EGO vehicle to enter the roundabout, as the traffic object is not a hazard despite being within the red-shaded area. For safety purposes, it is assumed that the baseline driving algorithm does not rely on detecting the blinkers of vehicles within the red-shaded area.
5 KEY PERFORMANCE INDICATORS
To fully assess the effectiveness of the simulated systems, several key performance indicators (KPIs) are used, such as driving efficiency, ride quality, and safety.
5.1 Driving efficiency metrics for the EGO vehicle
Driving efficiency focuses on how quickly the EGO vehicle can finish its maneuver and all factors that affect it. This can, for instance, be captured by the journey completion time and the stationary waiting time at the entrance of the roundabout.
5.1.1 Journey completion time
The journey completion time is the required time for the EGO vehicle to drive through the designated route and finish at a specific point at the exit of the roundabout, while satisfying specific constraints on ride quality and safety.
5.1.2 Stationary waiting time
A secondary metric that is related to the journey completion time is the stationary waiting time at the entrance of the roundabout. This measures the time the EGO vehicle remains stationary before entering the roundabout while waiting for other traffic objects to clear. It is expected that infrastructure-based sensing improves the EGO vehicle’s perception and awareness of its surroundings. This, in turn, can reduce the stationary waiting time and enhance driving efficiency. For instance, the EGO vehicle can become aware of traffic objects and their intended trajectories in advance. Provided that the desired trajectory of the EGO vehicle does not intersect with the intended trajectories of other traffic objects, the EGO vehicle can immediately enter the roundabout. On the contrary, without the infrastructure, the EGO vehicle must slow down and cautiously check for other traffic objects in its vicinity. Therefore, the infrastructure can potentially enhance traffic efficiency without compromising on safety and ride quality.
5.2 Ride quality metrics for the EGO vehicle
The most widely used ride quality measures are the instantaneous acceleration a(t) and jerk [image: image] at a specific point in time t. The literature indicates that an absolute jerk of less than 1 m/s3 and an absolute acceleration of less than 2 m/s2 are associated with comfortable driving (Bae et al., 2019). The time granularity to calculate instantaneous KPIs would be equal to the time granularity of the simulator, which is 50 ms in our case. In addition, we use a two-dimensional model for the roundabout; hence, the momentary (or instantaneous) acceleration and jerk will be calculated only at the horizontal plane. Ride comfort can also be assessed using a sliding window averaging the acceleration over intervals of 5 s, but due to the lack of space, the associated results are not presented. Finally, it shall be noted that motion sickness is usually evaluated in the order of minutes; hence, KPIs associated with it are not relevant for the subject maneuver.
5.3 Safety metrics
Most existing approaches evaluating road traffic safety tend to lean toward metrics calculating vehicle proximity and speed. Hence, the safety metrics that best match our simulation scenario are the time-to-collision (TTC) and the post-encroachment time (PET) between the EGO vehicle and other traffic objects. The PET resembles the time headway between vehicles but is more tailored to the roundabout scenario, as we will shortly explain (Cooper, 1984).
5.3.1 Time-to-collision
The TTC is mainly used to assess safety in adaptive cruise control systems. It is equal to the time the EGO vehicle has before colliding with another vehicle under the assumption that both vehicles maintain their trajectories at the moment of calculation. In its simplest form, the TTC assumes that the vehicles involved in the conflict maintain constant speeds equal to those at the moment of calculation.
[image: image]
where vf is the speed of the following vehicle, vl is the speed of the leading vehicle, and hd is their headway distance at the moment of calculation.
This metric is valid only if the EGO vehicle has an instantaneous speed higher/lower than that of its leading/following vehicle at the moment of calculation, as this is the only situation where a collision is imminent. More advanced TTC evaluation algorithms may also involve the instantaneous accelerations.
5.3.2 Post-encroachment time
To measure safety, the PET focuses on the overlap in the trajectories of the vehicles involved in the conflict. The PET is the time elapsed between the point where the leading vehicle leaves the intersection area, see the red-colored area in Figure 6, and the following vehicle enters that area.
[image: Figure 6]FIGURE 6 | Post-encroachment time for T-junction (left) and roundabout (right) crossings.
In Figure 6, the green and yellow vehicles are the following and leading vehicles, respectively. The arrows depict their direction of travel. At t = t1, the leading vehicle has just left the red-shaded area, and at t = t2, the following vehicle is just about to enter that area. Therefore, the PET is equal to PET = t2 − t1.
6 SIMULATION MODEL
In this section, we present our simulation setup starting from the creation of the map of the area and continuing with the control of the EGO vehicle in CARLA2 and the generation of random road traffic in SUMO. The EGO vehicle used in CARLA is the Tesla model 33, which corresponds to a regular-size sedan vehicle type. The normal highway code for driving across roundabouts has been implemented in CARLA and SUMO, e.g., vehicles entering the roundabout will yield to vehicles already in the roundabout.
6.1 Map creation
In order to generate the map of the area, we have to either create a map from scratch or obtain road data from OpenStreetMap and convert it into a format that can be used by CARLA and SUMO. The former option has been selected as there are compatibility issues between CARLA and SUMO when trying to implement a right-hand drive convention in the imported map. As a result, a left-hand drive format has been adopted, and the simulations are carried out in an ideal circular roundabout with identical approaches in terms of length and merge angle. To create the map, RoadRunner is used, which is a tool that can create road networks or import and edit maps from OpenStreetMap. In our case, the generated map spans a total area of 250 × 250 m2. The roads leading up to the roundabout have two lanes and are in all four cardinal directions. The roundabout has a single lane and a radius of 15 m, similar to the roundabout in Figure 1. The four arms have a length of 100 m each, with a perimeter road connecting the end points of each approach in a square with rounded corners, see Figure 7. Note that the perimeter road is not used in the simulations as it only serves to avoid any bugs within the simulation software.
[image: Figure 7]FIGURE 7 | Map created in RoadRunner (left) and map converted for use in CARLA (right).
The created map in RoadRunner is exported in filmbox (.fbx) and OpenDRIVE (.xodr) formats for use with CARLA and SUMO, respectively. The fbx map can be easily integrated into CARLA/Unreal by using the plugins that have been developed alongside CARLA specifically for this task. The resultant map can then be saved as a CARLA project file for later use. To integrate the map created in RoadRunner with SUMO, the .xodr file has to be converted into a .net.xml file. Conveniently, the developers of CARLA have also designed a tool to automate this process and allow for smooth integration.
6.2 EGO vehicle control in CARLA
Once the map is ready, the EGO vehicle can be added to the simulation environment. This is performed in CARLA as the vehicles spawned in SUMO cannot be finely controlled to implement advanced motion planning algorithms. The EGO vehicle starts from the north of the map, approaches the roundabout, and then drives through and exits to the south, where the journey endpoint is situated. The EGO vehicle is spawned as a normal vehicle in CARLA, but with its autopilot turned off. It moves by defining GPS coordinates along its trajectory every 50 ms. These coordinates are also referred to as waypoints, and they are spaced out by how much the motion planning algorithm decides to move the EGO vehicle every 50 ms. Apparently, the speed and acceleration of the EGO vehicle can be determined by the distance separation between successive waypoints. For example, waypoints positioned further away than from the previous waypoints emulate acceleration, whereas equidistant waypoints indicate a constant velocity. The waypoints can be customized on the fly, allowing the driving algorithm to dynamically react to other traffic objects.
6.3 Traffic object control in SUMO
In SUMO, it is straightforward to spawn a continuous stream of vehicles at one point with random destinations to different parts of the map. For each vehicle, the destination is (randomly) selected at the moment the vehicle is generated, thereby ruling out the possibility to drive around the ring several times. The characteristics of road traffic can be determined by modifying stream parameters such as the generation probability of vehicles that determines how likely it is to spawn a vehicle from a specific location every 1 s. The lower the probability, the less likely a vehicle will spawn. Since 1 s is too short an interval to eliminate the chance of overlapping vehicles, SUMO uses a parameter called ‘minGap’, gmin, which is the minimum gap (in meters) between successive vehicles when spawning them into the environment. Note that the ‘minGap’ is measured from the rear of the leading vehicle to the bumper of its follower. In our simulations, we have set gmin = 0.4 m, which might appear to be small; however, ‘minGap’ is used in another function to calculate the minimum headway distance at the time of spawning hd (Krajzewicz et al., 2012):
[image: image]
where vspawn is the spawning speed of the vehicle and hτ is the minimum desired time headway between successive vehicles. In our simulations, we have set vspawn = 6.7 m/s (15 mph) and hτ = 1 s, yielding that hd ≈ 7 m is the minimum headway distance between successive vehicles at spawning.
The default control algorithm in SUMO consists of the routing algorithm and the car-following model. The routing model is an algorithm that selects a random or fixed path whenever a traffic object reaches at an intersection with two or more exits. In our case, all traffic objects have an equally random chance of exiting from one of the possible three exits at the roundabout, discounting the direction the traffic object is coming from. This will result in a uniform distribution of traffic objects exiting at each possible exit.
The default SUMO driving algorithm is the Krauss car-following model (Krauss, 1998). The Krauss model finds a safe longitudinal speed4, vsafe to avoid mutual crashes, taking into consideration several parameters such as the current speed of the vehicle, v(t), the leading vehicle speed, vl(t), the distance headway to the leading vehicle, the driver’s reaction time Tr, and the maximum deceleration γmax allowed on a vehicle. Mathematically, one can write that at time t,
[image: image]
where g and gdes are the current and desired gaps, respectively, to the leading vehicle.
In some cases, vsafe(t) may be computed to be higher than the speed limit vmax or the achievable speed at the next time step bounded by the maximum acceleration. Therefore, the minimum of these values must be selected as the target speed of the vehicle (Song et al., 2015),
[image: image]
where (v(t) + γmaxδt) is the speed at the next time step, i.e., δt = 50 ms in our simulations, bounded by the maximum acceleration γmax that has been set equal to γnax = 2 m/s2.
The speed limit can be manually set in SUMO for the traffic objects or in CARLA for the EGO vehicle. A speed limit of vmax = 13.4 m/s (or 30 mph) has been selected as this is the national speed limit in built-up areas in the U.K.5. Finally, it should be noted that the Krauss model is also used by the traffic objects generated in SUMO to react to the EGO vehicle controlled by CARLA. In this case, information must be exchanged through the CARLA–SUMO co-simulation bridge (a script is provided by CARLA developers) that allows data conversion and communication between the two simulation environments.
6.4 SUMO and CARLA integration
The main components of the co-simulation environment are the map and the Python scripts which run the specific functions via the Python API of CARLA. To run the co-simulation, the maps used between CARLA and SUMO must be in sync and generated from the same original map. The latter is created in RoadRunner and can be shared between the two simulators using different file formats, as detailed in Section 6.1. To run the Python scripts that execute the functions and control the road traffic environment, the Python API built with CARLA is used. In this API, there are scripts that allow seamless bridging between CARLA and SUMO. Since our simulations assume that the positions and intended paths of traffic objects (generated at SUMO) become available to the EGO vehicle (generated in CARLA), the bridge had to be slightly modified to also relay such information.
Figure 8 shows an example of information exchange. The 3D map and control of the EGO vehicle are performed on the CARLA side, whereas the 2D microscopic map and the traffic object control are performed on the SUMO side. The bridge seamlessly relays information between the two at a specified frequency synchronously 6. In this way, all data remain in sync with the time steps, and no data are lost or dropped.
[image: Figure 8]FIGURE 8 | Co-simulation environment between CARLA and SUMO.
6.5 Data collection workflow
Each simulation run starts with the EGO vehicle at 100 m from the north entrance of the roundabout and finishes once the EGO vehicle exits at the south approach. For each journey, the instantaneous positions, speeds, and accelerations of the EGO vehicle and of all traffic objects are stored in discrete time steps of 50 ms in .csv format. This allows for the simulation data to be analyzed and easily replayed. After all data are extracted, the trajectories of the EGO vehicle are first imported into MATLAB to calculate the driving efficiency and ride quality KPIs. To extract the safety KPIs, a program called Surrogate Safety Assessment Model (SSAM) is used to automatically process the simulated trajectory files and calculate the TTC and PET between the EGO vehicle and all traffic objects. The SSAM tool analyzes the trajectories of all vehicles within a simulation and extracts potential and/or actual collisions as conflicts using thresholds on the TTC and PET that can be adjusted by the user. In our case, the interaction between the EGO vehicle and a traffic object is classified as a potential conflict if their PET becomes less than 5 s or their TTC becomes less than 3 s at any point during their travel.
7 EVALUATING THE IMPACT OF COLLECTIVE PERCEPTION
In this section, simulations are carried out to measure the effect of the additional information provided by the RSU through V2X communication on the driving efficiency, passenger comfort, and safety of an EGO vehicle traveling across an unsignalized urban roundabout. The baseline and the enhanced algorithms for motion planning presented in Section 3 and Section 4 are evaluated and compared against the KPIs for driving efficiency, ride quality, and safety determined in Section 5. A nominal flow rate of 8–16 vehicles/minute has been measured at roundabouts in central Europe (Ambros et al., 2016), which is used as a benchmark for parameterizing road traffic in our simulations. We consider only symmetric traffic by assigning the same spawning probability for vehicles in SUMO at each arm of the roundabout. Future work is required to measure the traffic densities at the four arms using infrastructure sensors (deployed in the junction but not included in the description of Section 2) and study the asymmetric traffic case.
7.1 Simulation scenario setup
To model urban environments with different road traffic conditions, we vary the spawning probability of vehicles in SUMO. A new vehicle is generated every second at the west, east, and south arms of the roundabout with probability [image: image] and at 100 m distance from the corresponding entrance. A spawning probability of 3% is associated with a flow rate of 0.03 × 3 × 60 = 5.4 vehicles/minute, where the factor × 3 indicates symmetric traffic at the three approaches of the roundabout. Note that a spawning probability of 20% may correspond to a flow rate slightly less than 36 vehicles/minute because of the headway constraints between successive vehicles discussed in Eq. 3. Initially, we do not generate any traffic object at the north arm to avoid the EGO vehicle from being caught up or slowed down by traffic in front of it while approaching the roundabout, as some of the collected KPIs would be affected and dictated by the road traffic in front instead of the EGO vehicle and the infrastructure. Nevertheless, the KPIs will also be evaluated with random traffic spawned at all arms of the roundabout later in this section. For each spawning probability, 1,000 journeys for the EGO vehicle are simulated.
7.2 Results and discussion
The simulation results depicted in Figure 9 and Figure 10 confirm that cooperative perception can significantly improve the driving efficiency of the EGO vehicle both in terms of journey completion time and waiting time at the entrance of the roundabout. The EGO vehicle becomes aware of the intended trajectories of other vehicles, and because of that, it is less likely to come to a complete stop at the entrance. At the highest simulated flow rate, the EGO vehicle stops with probabilities of 70% using the baseline algorithm and only 35% using the enhanced algorithm. Cooperative perception also enhances the journey comfort, especially near the entrance, as can be seen in the acceleration plots in Figure 11. Over there, the baseline algorithm abruptly decelerates the EGO vehicle even at moderate traffic densities, e.g., for a spawning probability equal to 6%, before accelerating again. With the enhanced algorithm, the acceleration profile becomes much smoother near the entrance, and thus the journey is more comfortable. Since the driving efficiency and comfort improve, it is expected that the EGO vehicle will either experience smaller margins than other vehicles or make riskier maneuvers. Hence, as an educated guess, the safety proximity metrics are expected to be slightly worse or similar when comparing the enhanced to the baseline algorithm. It can be observed in Figure 12 that the TTC and PET for the two algorithms are not statistically different. This can be seen by noticing that the shaded notched areas of the box plots for the same traffic flow rate significantly overlap. Therefore, it is safe to deduce that despite the driving efficiency and ride quality gains, there are no adverse effects on the TTC and PET in this specific case.
[image: Figure 9]FIGURE 9 | Travel time box plot for the EGO vehicle using the baseline and the enhanced algorithms. Higher spawning probabilities of traffic objects are associated with increasing road traffic densities.
[image: Figure 10]FIGURE 10 | Empirical cumulative distribution function (CDF) of stationary waiting time for the EGO vehicle at the north entrance of the roundabout for the baseline (left) and the enhanced (right) algorithm. The clock to measure the waiting time starts ticking when the velocity of the EGO vehicle is less than 0.45 m/s (or 1 mph). Higher spawning probabilities of road traffic in the legend are associated with increasing road traffic densities.
[image: Figure 11]FIGURE 11 | Color-coded instantaneous acceleration of the EGO vehicle along its route for different spawning probabilities [image: image] using the baseline (left) and the enhanced (right) algorithms. The acceleration for every point along the route is calculated as the average over 1,000 journeys. Higher spawning probabilities of road traffic in SUMO are associated with increasing road traffic densities. Since an ideal circular roundabout is used in our simulations, as discussed in Section 6.1, we could not illustrate the acceleration profile of the EGO vehicle on the top of Google Maps depicted in Figure 1.
[image: Figure 12]FIGURE 12 | Box plots for the time-to-collision (left) and the post-encroachment time (right) with the baseline and the enhanced algorithms. Higher spawning probabilities of traffic objects are associated with increasing road traffic densities in SUMO. Recall that the maximum PET and TTC for identifying potential conflicts in SSAM are set equal to 5 s and 3 s, respectively.
We conclude this section by comparing the two algorithms when random road traffic is generated also at the north arm of the roundabout. The performance evaluation is summarized in Figure 13 for three different traffic flow rates. For spawning probability 9%, which corresponds to approximately 0.09 × 4 × 60 = 21.6 vehicles/min, the baseline algorithm stops the EGO vehicle at the entrance with a probability of 40%, while the enhanced algorithm does that only for 20% of the simulated journeys. The enhanced algorithm also improves passenger comfort, inducing less deceleration and acceleration at the entrance of the roundabout. Finally, the TTC and the PET for the two algorithms remain approximately the same for the same flow rate.
[image: Figure 13]FIGURE 13 | Performance of the baseline and enhanced algorithms in terms of waiting time (top-left), ride quality (top-right), time-to-collision (bottom-left), and post-encroachment time (bottom-right) for spawning probabilities of road traffic [image: image] at all approaches of the roundabout, i.e., road traffic also generated in the northbound/EGO vehicle’s lane.
8 CONCLUSION AND FUTURE WORK
In order to realize the vision of level 4 autonomy, future vehicles must be able to acquire a faithful representation of the surrounding environment and road traffic. Solely relying on onboard perception to achieve that, such as human drivers rely on their decision-making to drive from point A to point B, will not be always sufficient. In this paper, we have considered such a case where an EGO vehicle approaches an unsignalized roundabout and cannot perceive vehicles approaching the roundabout from the other three entrances due to occlusions. In this scenario, we have acquired simulation evidence that a roadside infrastructure with edge computing capabilities and wireless connectivity, broadcasting the intended trajectories of road users, can significantly reduce the waiting time at the entrance of the roundabout for a connected EGO vehicle. Even though a rudimentary motion prediction module is adopted, the EGO vehicle can successfully avoid hazards. In the absence of hazards, the EGO vehicle does not stop at the entrance but continues its journey, saving time and enhancing ride quality, as it avoids unnecessary decelerations and jerky maneuvers near the entrance, without compromising safety. In the future, it is important to consolidate the outcomes of our study by modeling imperfect object detection and V2X communication, non-zero processing delays, and mixed-traffic conditions, where only some of the vehicles can share their intentions with the roadside unit. Furthermore, it is desirable to replace the PID controller of the EGO vehicle with a sophisticated car-following model because a PID controller cannot manage all traffic flow situations. As the penetration rate of connected and automated vehicles (CAVs) will increase, centralized coordination or distributed cooperative solutions among CAVs can also assist in decision-making, opening further directions for future work. We believe that the promising results obtained in this article can spark more research on CAVs navigating complex junctions such as A-roads, T-intersections, and motorway merges.
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FOOTNOTES
1https://www.gov.uk/government/news/self-driving-revolution-to-boost-economy-and-improve-road-safety
2https://carla.org/2020/09/25/release-0.9.10/
3https://carla.readthedocs.io/en/latest/bp_library/
4As SUMO always assumes that vehicles will stick to each lane, respectively, an explicit lateral control model is not relevant here.
5U.K. Government, “National Speed Limits, United Kingdom”, https://www.gov.uk/speed-limits
6CARLA Simulation time-step and synchrony, https://carla.readthedocs.io/en/latest/adv_synchrony_timestep/
REFERENCES
 Ambros, J., Novak, J., Borsos, A., Hoz, E., Kiec, M., Machcinik, S., et al. (2016). Central european comparative study of traffic safety on roundabouts. Transp. Res. Procedia 14, 4200–4208. Transport Research Arena TRA2016. doi:10.1016/j.trpro.2016.05.391
 Arnold, E., Dianati, M., de Temple, R., and Fallah, S. (2022). Cooperative perception for 3d object detection in driving scenarios using infrastructure sensors. IEEE Trans. Intelligent Transp. Syst. 23, 1852–1864. doi:10.1109/TITS.2020.3028424
 Bae, I., Moon, J., and Seo, J. (2019). Toward a comfortable driving experience for a self-driving shuttle bus. Electronics 8, 943. doi:10.3390/electronics8090943
 Banjanovic-Mehmedovic, L., Halilovic, E., Bosankic, I., Kantardzic, M., and Kasapovic, S. (2016). Autonomous vehicle-to-vehicle (v2v) decision making in roundabout using game theory. Int. J. Adv. Comput. Sci. Appl 7. doi:10.14569/IJACSA.2016.070840
 Bansal, P., and Kockelman, K. M. (2017). Forecasting americans’ long-term adoption of connected and autonomous vehicle technologies. Transp. Res. Part A Policy Pract 95, 49–63. doi:10.1016/j.tra.2016.10.013
 Boualam, O., Borsos, A., Koren, C., and Nagy, V. (2022). Impact of autonomous vehicles on roundabout capacity. Sustainability 14, 2203. doi:10.3390/su14042203
 Cao, H., and Zoldy, M. (2021). Mpc tracking controller parameters impacts in roundabouts. MDPI, Math. 9 (12), 1394. doi:10.3390/math9121394
 Cooper, P. J. (1984). “Experience with traffic conflicts in Canada with emphasis on “post encroachment time” techniques,” in International calibration study of traffic conflict techniques ed . Editor E. Asmussen (Berlin, Heidelberg: Springer Berlin Heidelberg), 75–96.
 Danesh, A., Ma, W., Yu, C., Hao, R., and Ma, X. (2021). Optimal roundabout control under fully connected and automated vehicle environment. IET Intell. Transp. Syst. 15, 1440–1453. doi:10.1049/itr2.12117
 Debada, E. G., and Gillet, D. (2018). Virtual vehicle-based cooperative maneuver planning for connected automated vehicles at single-lane roundabouts. IEEE Intell. Transp. Syst. Mag. 10, 35–46. doi:10.1109/MITS.2018.2867529
 Drozdziel, P., Tarkowski, S., Rybicka, I., and Wrona, R. (2020). Drivers’ reaction time research in the conditions in the real traffic. Open Eng. 10, 35–47. doi:10.1515/eng-2020-0004
 ETSI (2019). Etsi tr 103 562, intelligent transport systems (its); vehicular communications; basic set of applications; analysis of the collective perception service (cps). Sophia Antipolis, France: ETSI. Release 2, 2019-12. 
 ETSI (2022). Etsi ts 103 561, intelligent transport systems (its); vehicular communication; basic set of applications; maneuver coordination service. Sophia Antipolis, France: ETSI. 2022-10 (version 0.0.2). 
 Hang, P., Lv, C., Huang, C., Hu, Z., and Xing, Y. (2021). Decision making of connected automated vehicles at an unsignalized roundabout considering personalized driving behaviours. IEEE Trans. Veh. Technol. 70, 4051–4064. doi:10.1109/tvt.2021.3072676
 Hang, P., Zhang, Y., de Boer, N., and Lv, C. (2022). Conflict resolution for connected automated vehicles at unsignalized roundabouts considering personalized driving behaviours. Green Energy Intelligent Transp. 1, 100003. doi:10.1016/j.geits.2022.100003
 Jandial, A., Merdrignac, P., Shagdar, O., and Fevrier, L. (2020). “Implementation and evaluation of intelligent roadside infrastructure for automated vehicle with i2v communication,” in Vehicular ad-hoc networks for smart cities: Third international workshop, 2019 (Singapore: Springer), 3–18.
 Krajzewicz, D., Erdmann, J., Behrisch, M., and Bieker, L. (2012). Recent development and applications of sumo - simulation of urban mobility. Int. J. Adv. Syst. Meas. 55 (no. 3 & 4), 128–138. 
 Krauss, S. (1998). “Microscopic modeling of traffic flow: investigation of collision free vehicle dynamics,”. Report No. DLR-FB-98-08, 126. 
 Martin-Gasulla, M., and Elefteriadou, L. (2021). Traffic management with autonomous and connected vehicles at single-lane roundabouts. Transp. Res. Part C Emerg. Technol 125, 102964. doi:10.1016/j.trc.2021.102964
 Masi, S. (2021). Safe autonomous vehicles navigation in roundabouts with cooperative perception from an intelligent infrastructure. Compiègne, France: Universite de Technologie de Compiegne. 
 Retting, R., Persaud, B., Garder, P., and Lord, D. (2001). Crash and injury reduction following installation of roundabouts in the United States. Am. J. Public Health 91, 628–631. doi:10.2105/ajph.91.4.628
 Song, J., Wu, Y., Xu, Z., and Lin, X. (2015). “Research on car-following model based on sumo,” in IEEE 7th Int. Conf. Adv. Infocomm Technol. IEEE/ICAIT,  (Fuzhou, China, November 2014), 47–55. 
 Vijay, R., Cherian, J., Riah, R., De Boer, N., and Choudhury, A. (2021). “Optimal placement of roadside infrastructure sensors towards safer autonomous vehicle deployments,” in 2021 IEEE International Intelligent Transportation Systems Conference (ITSC),  (Indianapolis, IN, United States, September 19-22, 2021) IEEE, 2589–2595.
 Wang, X., Zhang, S., and Peng, H. (2022). Comprehensive safety evaluation of highly automated vehicles at the roundabout scenario. IEEE Trans. Intelligent Transp. Syst. 23, 20873–20888. doi:10.1109/tits.2022.3190201
 Wu, Y., and Zhu, F. (2021). Junction management for connected and automated vehicles: intersection or roundabout?Sustainability 13, 9482. doi:10.3390/su13169482
 Yu, C., Sun, W., Liu, H. X., and Yang, X. (2019). Managing connected and automated vehicles at isolated intersections: from reservation-to optimization-based methods. Transp. Res. Part B Methodol. 122, 416–435. doi:10.1016/j.trb.2019.03.002
 Zhao, L., Malikopoulos, A., and Rios-Torres, J. (2018). Optimal control of connected and automated vehicles at roundabouts: an investigation in a mixed-traffic environment. IFAC-PapersOnLine 51, 73–78. 15th IFAC Symposium on Control in Transportation Systems CTS 2018. doi:10.1016/j.ifacol.2018.07.013
 Zheng, Y., Shyrokau, B., and Keviczky, T. (2021). “Comfort and time efficiency: A roundabout case study,” in 2021 IEEE International Intelligent Transportation Systems Conference (ITSC),  (Indianapolis, IN, USA, 19-22 September 2021), 3877–3883.
Conflict of interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.
Copyright © 2023 Zainudin, Koufos, Lee, Jiang and Dianati. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.
OPS/images/frobt-10-1164950-g013.gif





OPS/xhtml/nav.xhtml
Contents

		Cover

		Impact analysis of cooperative perception on the performance of automated driving in unsignalized roundabouts		1 Introduction		1.1 State-of-the-art review

		1.2 Contributions

		1.3 Overview of the contents of the paper





		2 System model and high-level system architecture

		3 Baseline system: onboard alone perception		3.1 Baseline driving algorithm





		4 Cooperative perception-assisted system		4.1 Cooperative perception-assisted automated driving algorithm





		5 Key performance indicators		5.1 Driving efficiency metrics for the EGO vehicle

		5.2 Ride quality metrics for the EGO vehicle

		5.3 Safety metrics





		6 Simulation model		6.1 Map creation

		6.2 EGO vehicle control in CARLA

		6.3 Traffic object control in SUMO

		6.4 SUMO and CARLA integration

		6.5 Data collection workflow





		7 Evaluating the impact of collective perception		7.1 Simulation scenario setup

		7.2 Results and discussion





		8 Conclusion and future work

		Data availability statement

		Author contributions

		Acknowledgments

		Publisher’s note

		Footnotes

		References









OPS/images/frobt-10-1164950-g012.gif





OPS/images/inline_2.gif





OPS/images/inline_1.gif
VT





OPS/images/frobt-10-1164950-g011.gif





OPS/images/frobt-10-1164950-g010.gif









OPS/images/crossmark.jpg
©

|





OPS/images/logo.jpg
P frontiers | Frontiers in Robotics and Al





OPS/images/frobt-10-1164950-g005.gif





OPS/images/frobt-10-1164950-g006.gif





OPS/images/frobt-10-1164950-g003.gif





OPS/images/frobt-10-1164950-g004.gif
[R—
e o
o
-

== > mesecting ajecory
o mergopont

|
\
|






OPS/images/frobt-10-1164950-g009.gif





OPS/images/frobt-10-1164950-g007.gif





OPS/images/frobt-10-1164950-g008.gif
carLA
Import map
(b rom

FoadRunneras
simuiation
enironment
bse
Spownsand
controlsego.
vehicle via
Pythonapt

Bridge
—

+ Information
from CARLA
and SUMO are
interchanged
ateschtime
step(0.055)

+ Vehicestate
update

- Eventupdate
e Collsion)

=

sumo

+ importsmap
(o from
aRA
Spawringrffic
oncontrolingon
autopiot
Defining raffic
routes,speed
profesand
randomness via
Tract APt






OPS/images/math_5.gif





OPS/images/cover.jpg





OPS/images/math_4.gif
. (N -v(t)
Ve () = v,(m( 0.,

@018, ). @





OPS/images/frobt-10-1164950-g001.gif
((!')

e v






OPS/images/math_1.gif
[0





OPS/images/frobt-10-1164950-g002.gif





OPS/images/math_3.gif
(3)
My = Boin + MeVipawmr (3)





OPS/images/math_2.gif
- bjecttor vy > @
T sublecttorvy > vy

rTC=






OPS/images/inline_4.gif





OPS/images/inline_3.gif





OPS/images/inline_6.gif





OPS/images/inline_5.gif





