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Fig. 1. (A) DLR research vehicle VIEWCar II. (B) FZI research vehicle CoCar NextGen. (C) Tostmannplatz intersection with managed automated-driving
sections (green) and sensor poles (yellow). (D) Example sensor pole at Tostmannplatz.

Abstract—Recent advances in Connected and Automated Ve-
hicle (CAV) technology have intensified interest in Coopera-
tive Intelligent Transport Systems (C-ITS), in particular, the
cooperation between CAVs and smart road infrastructure as
a means to manage the complexity of urban traffic. However,
most prior work has either been limited to low cooperation
levels, e.g., simple status sharing, or has only been tested in
simulation. In this paper, we present real-world test results of
Managed Automated Driving (MAD). MAD integrates collective
perception from infrastructure- and vehicle-mounted sensors
with infrastructure-based multi-vehicle trajectory planning to
support and/or control automated vehicles in mixed traffic. To
the best of our knowledge, this is the first real-world realization of

closed-loop infrastructure-based trajectory prescription on public
urban roads. Our experiments indicate that, despite perception
noise, heterogeneous human-driven traffic, and non-negligible
variability in network performance, infrastructure-based pre-
scriptive planning maintains comfortable motion profiles while
meeting real-time execution bounds. The results demonstrate
the feasibility of infrastructure-supported automated driving on
public roads and provide an architectural blueprint for robust
C-ITS deployments in complex urban environments.

Index Terms—Cooperative Intelligent Transport Systems
(C-ITS), Cooperative Planning, Collective Perception,
Infrastructure-based automated driving, V2X
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I. INTRODUCTION

The emergence of Cooperative Intelligent Transporta-

tion Systems (C-ITS) represents a paradigm shift in au-

tonomous vehicle technology. By leveraging Vehicle-to-

Everything (V2X) communication to enable real-time informa-

tion exchange between connected automated vehicles (CAVs)

and roadside infrastructure, individual vehicles can transcend

the limitations of single-agent perception and control and

participate in coordinated multi-agent systems that enhance

safety, efficiency, and traffic flow [1], [2].

Intersections constitute a particularly interesting case, as sig-

nificant traffic inefficiencies (e.g., traffic congestion and colli-

sions) arise when vehicles must coordinate their movements to

simultaneously utilize shared space. As a result, intersections

represent one of the primary sources of safety risk in road

traffic. In the European Union, approximately 21% of traffic

injuries and fatalities, along with 43% of all reported crashes,

occur at intersections [1], [3]. Consequently, in recent years,

research attention has increasingly focused on cooperation at

intersections [1], exploiting intelligent infrastructure and V2X

communication to enable cooperative perception and control.

SAE J3216 [4] defines a progression of cooperation levels:

Class A, basic information sharing; Class B, intent sharing;

Class C, agreement-seeking for coordinated maneuvers; Class

D, prescriptive cooperation in which one agent provides ma-

neuver or trajectory guidance to others.

While simulation-based studies have extensively demon-

strated the theoretical benefits of prescriptive cooperation [1],

[5], transitioning to real-world deployment presents unique

challenges, including communication latency, mixed traffic,

and complex infrastructure integration. So far, real-world

implementations have been rare, either restricted to confined

areas, addressing only lower levels of cooperation, or only

focusing on collective perception (see Sec. II-D).

This paper presents the results of a real-world field ex-

periment, where prescriptive infrastructure cooperation has

been successfully deployed on public roads for the first time

worldwide, at a major urban intersection in Braunschweig,

Germany. Key contributions of this paper include:

• The design and deployment of a real-world prescriptive

infrastructure cooperation at a signalized urban intersec-

tion under live traffic conditions.

• A cooperative perception architecture that fuses vehicle-

mounted and infrastructure-mounted sensors into a uni-

fied object list disseminated via Collective Perception

Messages (CPMs).

• An infrastructure-based trajectory planning scheme for

multiple CAVs in mixed traffic in real time.

• An evaluation containing simulations and results from a

real-world field test, including two different automated

vehicles under realistic mixed-traffic conditions.

II. STATE OF THE ART

A. V2X Communication

Reliable low-latency communication underpins (C-ITS).

Two main technologies dominate: IEEE 802.11p/ITS-G5, of-

fering direct ad-hoc links between vehicles and roadside

units (RSUs), and cellular V2X (C-V2X), providing broader

coverage via existing mobile networks.

Standardized ETSI messages such as Cooperative Aware-

ness Messages (CAM) and Decentralized Environmental Noti-

fication Messages (DENM) enable basic awareness exchange,

while Collective Perception Messages (CPM) extend this to

object-level sharing for a common situational picture. Field

trials like C-ROADS in Europe have validated interoperability

and latency under controlled conditions [6].

Urban deployment, however, remains challenging. Non-

line-of-sight conditions, multipath fading, and dense mes-

sage traffic can reduce packet delivery and de-synchronize

participants [7]. Hybrid architectures combining ITS-G5 and

5G aim to improve reliability and scalability [8], yet real-

world evaluations in mixed traffic remain scarce, motivating

experimental studies on communication performance and its

impact on cooperative perception and maneuver coordination.

B. Sensor Stack and Fusion

Collective perception aims to extend the field of view

beyond onboard sensor range and reduce uncertainty and am-

biguity by fusing local sensor information with data received

via V2X. A crucial step is a robust track-to-track associ-

ation between detected and tracked objects from different

platforms. Errors from earlier processing stages, such as im-

precise calibrations, imperfect object detection, faulty vehicle

localization, or unknown latencies, manifest as spatio-temporal

misalignments, making track-to-track association particularly

challenging in practice.

Track-to-track association in distributed sensor systems has

therefore attracted considerable attention. In cooperative per-

ception systems that exchange V2X messages [9]–[13], clocks

are typically assumed to be synchronized via GNSS, temporal

alignment is treated as a prediction to a common timestamp,

and accurate uncertainty information is required to transform

tracks into a common coordinate system. Spatial alignment

has been addressed with Global Nearest Pattern (GNP) models

that perform joint association and bias estimation [14], with

extensions to non-Gaussian feature information and closed-

form association likelihoods [15], [16]. Other approaches

combine Maximum A Posteriori (MAP) track-to-track asso-

ciation with Fast Fourier Transform (FFT) correlation for bias

estimation [17], or formulate the problem as non-rigid point

matching [18].

While the above-mentioned approaches account for spatial

sensor bias to varying degrees, they assume synchronized

sensors and do not explicitly consider temporal misalignment

between sensor platforms. In contrast, we aim to address the

problem of enhancing the robustness of track-level fusion

between different sensor platforms by detecting and com-

pensating systematic errors in spatio-temporal alignment to

improve the track-to-track association.

C. Multi-Agent Cooperative Planning

The availability of large-scale traffic datasets has led to

a surge of learning-based models for multi-agent trajectory
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planning [19]–[22]. Reinforcement learning (RL) and its multi-

agent variants (MARL) optimize rewards via interaction [19]

but typically demand extensive simulation and struggle with

sparse rewards and out-of-distribution generalization [21].

Imitation learning (IL) trains from demonstrations yet suffers

covariate shift online; recent IL planners include [20], [22].

Game-theoretic methods explicitly model interactive deci-

sions and Nash equilibria [23]–[26], but real-time equilib-

rium computation scales poorly with agent count. Hybrid

approaches blend model-based optimization with learned com-

ponents to retain interpretability and traceability.

Notably, real-world, infrastructure-based cooperative plan-

ners at intersections that jointly consider automated and

human-driven vehicles under strict real-time constraints re-

main rare.

D. Existing Implementations

Several surveys provide a comprehensive overview of co-

operative systems at intersections that combine V2X commu-

nication with infrastructure support for perception, planning,

and control [1], [2], [5]. Most existing approaches are eval-

uated in simulation and explore a wide range of concepts,

including reservation-based intersection management, central-

ized optimization, and learning based multi agent planning

for connected automated vehicles under idealized sensing

and communication assumptions [1]. In the terminology of

SAE J3216 [4], many of these methods conceptually target

higher cooperation classes (for example, agreement seeking

and prescriptive cooperation), but they are rarely implemented

beyond simulation studies.

Real-world deployments of cooperative systems are still

uncommon. Most existing C-ITS and roadside deployments

focus on information and intent sharing, for example, CAM,

DENM, SPATEM, MAPEM, or collective perception, which

corresponds mainly to Classes A and B in SAE J3216.

Klimke and Mertens et al. [27] present one of the few

field tests in mixed traffic where an edge computer maintains

an environment model and computes cooperative maneuvers

for CAVs (at an unsignalized intersection). In this system,

however, the infrastructure sends only time window constraints

at conflict zones, while the vehicles generate and execute their

own trajectories on board.

To the best of our knowledge, there have been no real-world

systems that realize infrastructure-based prescriptive coopera-

tion in the sense of Class D at complex urban intersections,

where infrastructure performs joint trajectory planning for

multiple CAVs.

III. METHODOLOGY

A. System Overview

Managed Automated Driving (MAD) is an infrastruc-

ture–vehicle cooperation concept in which roadside Edge

Capturing Units (RCU) perceive the local scene with sensors.

Edge Processing Units (EPUs) use perception information

from RCUs to integrate the data by: fusing CAVs’ localiza-

tion and perception data, predicting the motion of all traffic

Fig. 2. A simplified overview of the system architecture: Connected Auto-
mated Vehicles (CAV) periodically send CAM signals and receive trajectory
suggestions via V2X. The infrastructure periodically plans collision-free
trajectories jointly for all CAVs.

participants, and providing supporting information to CAVs

and non-automated connected vehicles, valid in the by the

infrastructure-covered sensor range (EPU Section) [28], [29].

Fig. 2 shows an overview of the communication and data flow

in the system.

When approaching the EPU Section, each automated vehicle

executes its mission using its onboard automated driving

stack while periodically broadcasting CAMs that contain its

V2X identifier, odometry, dimensions, and kinematic state.

In addition, an optional MAD-related container is added, in

which a short-horizon globally referenced goal point along its

route is included. Automation capability information and infor-

mation on the willingness of the vehicle to adhere to external

commands or advisories complete the container. All in all,

these CAMs inform surrounding entities and the infrastructure

(EPU) about the vehicle’s current state and intent.

The infrastructure continuously senses its coverage area

using perception sensors and V2X input. It fuses incoming

CAM (kinematic state) data with locally detected objects to

maintain a unified dynamic environment model. Based on

this fused view, a cooperative prediction and decision-making

module forecasts and plans short-term trajectories for all traffic

participants.

The infrastructure computes cooperative, conflict-free refer-

ence trajectories within the EPU Section that aim to improve

safety and smoothness. The resulting guidance is shared via
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Fig. 3. Overview of different perspectives of a CAV driving MAD demonstration, the perspective of the vehicle (left), perspective of the infrastructure sensors
(middle), and the perspective from the participants, observers/infrastructure automation (right)

V2X channels using two primary message types: EPU-to-

Vehicle (E2V) messages containing the advised or commanded

trajectories for CAVs, and CPMs describing all detected ob-

jects. CAVs evaluate the received trajectories through internal

safety checks and follow them if these checks pass using their

trajectory controller.

The system operates alongside standard V2X signal in-

formation services, such as Signal Phase and Timing Ex-

tended Messages (SPATEM) and MAP Extended Messages

(MAPEM), which provide the current traffic-light states and

intersection geometry to the vehicles and the infrastructure

(EPU). These data streams enable cooperative planners to

synchronize CAV motion with signal phases and enforce

compliance.

In the MAD Urban project, the MAD concept is realized and

evaluated at a signalized urban intersection in Braunschweig,

Germany. The deployment includes a fully equipped roadside

infrastructure with several Road Capturing Units (RCUs) cov-

ering the intersection area (EPU section), composed of LiDAR,

(Stereo-)Camera, and radar sensors, a V2X communication

stack and respective communication hardware, and an Edge

Processing Unit (EPU).

Two research CAVs (CoCar NextGen and VIEWCar II) with

different ADAS stacks are deployed (as shown in Figs. 1 and

3). A detailed view of the architecture is provided in [30].

B. Sensor Stack

A reliable and redundant perception of the surrounding

traffic environment is crucial for the MAD concept. To

achieve robust cooperative automation under real-world urban

conditions, the MAD demonstration integrates both vehicle-

mounted and infrastructure-based sensing systems into a com-

mon collaborative perception layer. The objective of this

architecture is to create a spatially and temporally consistent

representation of all relevant dynamic and static entities in the

intersection area, extending each vehicle’s detection area and

improving overall safety and efficiency.

1) Infrastructure Sensing Setup: At the Tostmannplatz in-

tersection, two fixed sensor poles and one mobile sensor pole

(RCUs) were installed at strategic locations (as seen in Fig. 1)

as well as two hemispheric cameras mounted high above the

road on light poles, to maximize intersection sensor coverage

(visible in Fig. 3). Each sensor pole (RCU) integrates multiple

sensing modalities, including (stereo) cameras, radar units, and

LiDAR sensors, connected to a GPU-based edge computing

unit for on-site data processing. On the mobile sensor pole,

the perception pipeline consists of a local camera-LiDAR late

fusion algorithm on the detection level that detects, classifies,

and tracks traffic participants (e.g., pedestrian, bicycle, car).

The resulting object hypotheses are tracked over time using

an Extended Kalman Filter (EKF) based tracking algorithm,

yielding an object list with position, orientation, velocity,

object type, and confidence score for each recognized road

user.

This object information is encoded as CPMs according

to the ETSI EN specification (cf. [31]) and broadcast via

IEEE 802.11p/ITS-G5. This message exchange enables each

vehicle to maintain enhanced situational awareness beyond its

own line of sight and cover blind spots at the intersection. To

comply with data protection and privacy regulations (GDPR),

no raw image data or personally identifiable data is stored or

transmitted. All data processing, object detection, and tracking

are performed locally, and only object lists, kinematic meta-

data, and planning data are shared with connected vehicles.

The other RCUs operate similarly, depending on the respective

included sensor set.

2) Vehicle Sensing and Communication: Both research

vehicles are equipped with an onboard sensor suite consisting

of cameras, LiDAR, radar, and an RTK-GNSS-INS system for

localization and reference data. These onboard sensors enable

the vehicles to operate automated outside of the managed

intersection zone.

Each MAD vehicle is also equipped with V2X communi-

cation modules, allowing bidirectional exchange of perception

and planning information with the infrastructure using stan-

dardized V2X messages over IEEE 802.11p. As described in

Section III-A, the vehicles periodically transmit CAMs and

receive CPMs containing aggregated and fused perception data
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from the infrastructure, extending their situational awareness

beyond the limits of their onboard sensors. Furthermore, the

vehicles receive E2V messages while operating inside the

infrastructure-managed area.

3) Cooperative Perception Fusion: To obtain a coherent

scene representation, object lists from the infrastructure sen-

sors and V2X messages are fused into a common coordinate

and time frame. We adopt the method described in [32],

which estimates residual spatial and temporal misalignment

directly from overlapping object detections without requiring

prior knowledge of the true alignment. In brief, a Gaussian

Mixture Model (GMM) is fitted to the locally detected objects,

and the likelihood of objects received via V2X is evaluated

under a candidate spatial transformation and clock offset.

Tracking information for locally detected objects is used to

interpolate the probability density function over time, enabling

joint optimization of the spatial transformation and clock drift.

This online estimation improves the robustness of track-to-

track association under realistic calibration and synchroniza-

tion imperfections.

4) Calibration and Synchronization: Before deployment,

all infrastructure sensors were extrinsically calibrated to a

common geodetic coordinate frame using surveyed reference

cones placed inside the intersection. Time synchronization be-

tween sensor platforms is implemented w.r.t GNSS time from

a connected GNSS receiver. The resulting system provides a

globally consistent coordinate basis for cooperative perception

and facilitates real-time data fusion across all sensing nodes.

C. Planning and Control

Trajectory planning for all MAD vehicles within the

infrastructure-managed area is performed using ADORe® [33].

C-ITS introduces two primary challenges for centralized plan-

ning:

1) Heterogeneity: The mixed-traffic environment requires

the planner to predict the behavior of human-driven

vehicles and other road users, integrating their influence

into the plans for MAD vehicles.

2) Scalability: The high density of traffic participants and

their complex interactions can cause standard multi-

agent planning algorithms to suffer from poor scaling

and prohibitive computation times.

To address these constraints, we adopt a lightweight multi-

agent trajectory planner based on forward integration of a

control law. At each timestep, control inputs are computed

for both controllable and uncontrollable vehicles based on the

current system state and local interactions. The state is then

propagated via forward integration, and the process repeats

over the prediction horizon.

{

δt = kψt
· (ψref − ψt) + klat · elat

at = kvt · (vIDM − vt) + kcurve · |θref |
(1)

The controller logic is detailed in Eq. 1, with state and

control variables illustrated in Fig. 4. The term vIDM repre-

sents the reference speed calculated via the Intelligent Driver

Fig. 4. Model representation used for planning.

Model (IDM), which accounts for interactions with the nearest

leading vehicles. Pedestrian trajectories are modeled using a

constant-speed, constant-heading assumption. The final out-

put is a set of interacting trajectories: prescriptive plans for

controllable vehicles and predictive models for uncontrollable

participants.

Regarding performance, the computational complexity is

primarily dominated by the nearest-neighbor search required

for interaction modeling. In our current implementation, this

relies on a pairwise search with a complexity of O(N2).
While this could be reduced to O(N logN) through spatial

partitioning (e.g., k-d trees), the extremely low computational

cost of the underlying control logic ensures the algorithm

remains fast and effective for real-time applications, even with

the current exhaustive search.

Once computed, the target trajectories for the controlled

vehicles are serialized into E2V messages and broadcast via

the RSU. An MAD vehicle prioritizes this infrastructure-

provided reference trajectory over its locally generated plan,

provided the vehicle is within the EPU-Section, and the

message passes local safety consistency checks. The onboard

ADAS maintains a local backup trajectory to ensure safety

if E2V communication is interrupted. As the vehicle exits the

EPU section, control is seamlessly handed back to the vehicle’s

internal automation system.

IV. RESULTS

A. Experimental Setup

The evaluation of the MAD concept was conducted in

simulation and in a real-world deployment at a public intersec-

tion. The simulation environment reproduces the lane topology

of the real-world site Tostmannplatz and includes automated

traffic with four vehicles. The real-world experiments involve

two research vehicles (CoCar NextGen and VIEWCar II),

both equipped with the MAD sensor stack and V2X modules,

operating in real-world mixed traffic at the signalized Tost-

mannplatz intersection 1. The infrastructure setup and planning

system is as described in Sec. III. As a comparison to a non-

cooperative baseline planning algorithm is not possible in a

real-world closed-loop system, we instead present quantitative

metrics for comfort (longitudinal and lateral acceleration,
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Fig. 5. Visualization from simulation-based testing of 4 CAVs.

jerk), and communication and computation performance (V2X

and planner cycle time).

B. Simulation

We use our approach to jointly control 4 with conflicting

paths to evaluate the capabilities of the framework under

increased environmental complexity. The results, illustrated in

Fig. 5, indicate that the vehicles successfully negotiated the in-

tersection without collisions even in this case. The smoothness

of the transition between vehicle-level and infrastructure-level

automation is evident in the steering angle, acceleration, and

jerk profiles, which showed no abrupt variations.

Fig. 6 depicts lateral and longitudinal acceleration for a rep-

resentative simulated MAD vehicle in a four-vehicle left-turn

scenario. The transition from vehicle-centric to infrastructure-

centric control at 12 s does not introduce visible disconti-

nuities in steering or acceleration profiles. Peak longitudinal

acceleration stays within 0.86 m/s² and deceleration within -

1.23 m/s², and peak jerk remains below 0.56 m/s³, which are

typical bounds for comfortable passenger car driving [34].

In the simulated scenario, the 95th percentile of longitudinal

jerk remains below 0.39 m/s³, and lateral acceleration below

0.48 m/s², suggesting that cooperative trajectories computed

are feasible and comfortable for execution by the vehicles’

low-level controllers. No collisions or deadlocks occurred.

C. Real World Demonstration at Tostmannplatz

At Tostmannplatz, two automated vehicles were used

to show the feasibility of the system: VIEWCar II and

CoCar NextGen [35], using a LiDAR SLAM from [36]

for localization, and a driving stack described in [37].

In all runs, the vehicles approached the intersection un-

der onboard automation, switched to infrastructure guidance

upon entering the EPU section when valid E2V messages

were available, and returned to onboard control after ex-

iting the section. Demonstration videos can be accessed

here: https://url.fzi.de/mad-urban-demonstration, https://www.

youtube.com/watch?v=1rGxwGyk5kw.

Fig. 6. Longitudinal and lateral acceleration of a simulated CAV performing
a left turn.

Fig. 7. Combined V2X and infrastructure planning latency, measured on
CoCar NextGen.

1) Communication Performance: V2X communication la-

tency between the infrastructure and the MAD vehicles was

measured during the Tostmannplatz experiments. Fig. 7 shows

the distribution of round-trip message delays (sending CAM,

receiving E2V). This delay is the difference between send-

ing the CAM and receiving a corresponding E2V (with the

trajectory starting from the respective position of the CAM

state). The median end-to-end latency is 49.1 ms with a

minimum of 35.5 ms and a maximum of 68.9 ms. The 95th

percentile remains below 60 ms. While the research vehicle

was operated within the EPU zone, all E2V messages sent by

the infrastructure were received by the vehicle; no package

drops occurred. In Fig. 7, increasing round-trip latency can

be supposed over the sequence. Nonetheless, this effect is

not permanent over multiple sequences and is likely caused

by an increased communication channel allocation due to an

increasing number of CPM messages sent. This causes E2V

messages to have a higher round-trip time.

The amount of delay is within the planning and control cycle

budgets, and no missed or excessively delayed E2V messages

led to observable artifacts in the vehicle motion.
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Fig. 8. Longitudinal and lateral acceleration plot on CoCar NextGen.

2) Driving Comfort and Trajectory Tracking: Fig. 8 shows

longitudinal and lateral acceleration for CoCar NextGen dur-

ing the West to South (see Fig. 1) right-turn maneuver

under infrastructure guidance. Steering rate remains within

0.4 rad/sec without high-frequency oscillations, and longitu-

dinal acceleration lies in the range between -0.75 m/s2 and

0.6 m/s². Lateral acceleration stays below 1 m/s² throughout

the maneuver, indicating a smooth driving style comparable

to a cautious human driver [34].

Similarly, Fig. 9 shows the longitudinal/lateral acceleration

for the VIEWCar II North to West (see Fig. 1) right-turn

maneuver under infrastructure guidance. Steering rate remains

within 0.4 rad/second without high-frequency oscillations, and

longitudinal acceleration lies in the range 1.1 m/s², whereas

maximum deceleration of -1.39 m/s² and lateral acceleration

stays below 0.68 m/s² throughout the maneuver, indicating a

smooth driving style comparable to a cautious human driver.

Fig. 9. Longitudinal and lateral acceleration plot on VIEWCar II.

Safety drivers and passengers reported that transitions into

and out of infrastructure control were not noticeable from

the cabin, consistent with the absence of large jumps in

acceleration at the handover times.

D. Discussion

The combined simulation and field results indicate that the

MAD architecture can reliably coordinate multiple CAVs at

a signalized urban intersection under realistic communication

constraints. In simulation, the absence of collisions or dead-

locks, together with smooth acceleration profiles during the

transitions between vehicle-centric and infrastructure-centric

control, suggests that the multi-agent planner finds dynami-

cally feasible and mutually compatible trajectories even when

all approaches are simultaneously occupied.

The real-world experiments exhibit slightly higher lateral

accelerations, as expected in mixed traffic with measurement

noise, but remain in a range that corresponds to a cautious

human driving style [34]. The subjective feedback from safety

drivers and passengers is in line with the objective comfort

measures and confirms that the cooperative trajectories can

be integrated into existing automated driving stacks without

degrading ride quality.

Taken together, the results indicate a consistent sim-to-

real transfer of the MAD architecture: the qualitative behav-

ior observed in simulation (collision-free negotiation, smooth

handovers, comfortable accelerations) is reproduced at the

Tostmannplatz intersection under real-world mixed traffic.

E. Limitations

The present evaluation has limitations. The real-world ex-

periments involve only two automated research vehicles at

a single intersection and were conducted under favorable

conditions. The planner used was chosen for speed and

simplicity rather than optimal planning. No explicit stress

tests with extreme traffic densities, sudden occlusions, or

intentional communication dropouts were performed. Future

work should therefore extend the evaluation to a larger number

of automated vehicles, different intersection topologies, more

advanced planning strategies, and systematic perturbations

such as delayed or lost messages.

V. CONCLUSION

We presented a demonstration of Managed Automated Driv-

ing (MAD), a concept for vehicle automation that distributes

safety and time-critical automation functions (perception and

trajectory planning) into V2X-equipped roadside infrastruc-

ture. Two different research vehicles with different automated

driving stacks have been utilized to implement and evaluate

the MAD concept in an urban intersection on public roads in

Germany.

Our evaluation revealed that the concept Managed Au-

tomated Driving (MAD) is technically feasible and can be

realized in complex mixed traffic with current sensing, com-

putation, and V2X technology. Automated vehicles can follow

collaborative trajectories from edge infrastructure, especially

in complex scenarios with high interaction potentials.

Future work will involve implementing and evaluating alter-

native prediction and planning methods to optimize interaction

handling at the test site. Looking ahead, MAD can serve as a

step towards large-scale cooperative systems. By extending the
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approach from a single intersection to coordinated corridors

and large districts (detailed in [29]), rich traffic management

objectives can be enabled in the future. By demonstrating that

infrastructure-supported automated driving can be deployed

and operated outside of closed test sites, this work helps

to narrow the gap between research prototypes and scalable

cooperative automation in real cities.
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