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■ Collision-Free Automated Urban Driving

■ safety

■ efficiency

■ environmental impact

■ passenger comfort

2

Motivation
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“Unified, efficient, and accurate solution to the obstacle avoidance problem.”



v 5G dependable connectivity, localization and sensing

v Example of smart traffic light system organization

v Selected results
v 5G Basic safety messages
v 5G Localization as a service
v 5G Cooperative perception

v Summary and outlook
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Intelligent Intersection



5G dependable connectivity, localization and sensing

cooperative driving requires
dependable vehicular connectivity

autonomous driving
requires dependable localization
and sensing



5G dependable connectivity, localization and sensing

cooperative driving requires
dependable vehicular connectivity

autonomous driving
requires dependable localization
and sensing

automated mobility
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5G Internet of Things Architecture

Example of Smart traffic light system organization

5G Role:
• eNode controls and communicates intersection states
• eNode disseminates basic safety messages



Propagation Modelling for Intersection
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5G Basic Safety Message Transmission – Vehicle-to-Vehicle
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Basic Safety Message Transmission

Gilbert-Elliot Packet Error Model 

Intersection Scenario Models 

Vienna 5G Simulator

Scenario A: The perspective of vehicle 1 Scenario B: The perspective of vehicle 1
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line-of-sight (LOS) on the V2V communication range was 
analyzed in parking lot, highway, suburban, and urban 
scenarios in [3]. The V2V communication performance 
was evaluated in highway tunnel environments for various 
propagation conditions and overtaking maneuvers in [4].

In the infrastructure-to-vehicle (V2I) domain, the au-
thors of [5] analyzed the communication performance 
for various transmission parameters in highway sce-
narios. The performance of V2I communications in ur-
ban environments was analyzed in terms of round-trip 
times, transaction times, and jitter in [6]. The authors of 
[7] observed a negligible influence of the vehicle velocity 
on the communication range for different data rates and 
packet lengths.

A significant part of the measurement-based research 
activities in the field of V2I communications considers 
the effects introduced by system components and op-
erational modes. With regard to on-board unit (OBU) an-
tennas, the authors of [8] have concluded that a rooftop 
position yields the best performance in terms of error 
rate. Addressing the effects introduced by the antenna 
positioning related to the road geometry, the authors 
of [9] have shown that system efficiency can be greatly 
enhanced by mounting roadside unit (RSU) antennas 
above all driving vehicles. Further field tests investigat-
ing the impact of operating and propagation conditions 
on IEEE 802.11p-based ad-hoc network performance 
were presented in [10].

However, the two types of experiments—one ex-
amining system parameters and the other considering 
system components—have rarely been combined. There-
fore, the objective of this field study is to analyze the joint 
performance influence of various system configurations 
and components. An extensive measurement campaign 
has been carried out on the Austrian highway S1 during 
September 2010, within the ROADSAFE project [11]. The 
performance of V2I communication was analyzed using 
12 different setups, including three combinations of data 
rates and packet lengths, four RSU antenna types, two 
RSU mounting positions, and two driving directions.

To make the results of this V2I measurement cam-
paign accessible to the research community, we intro-
duce a computationally inexpensive packet error model. 
Given a limited set of model parameters, available on-
line under a noncommercial academic use license [12], 

realistic packet error traces can be easily generated. We 
suggest using the range-dependent packet error trace 
generator as an alternative physical layer abstraction in 
system-level simulation tools.

Modeling Approach
Markov chains are powerful and commonly used tools for 
modeling error statistics of communication channels. They 
consist of a finite number of states and corresponding 
state transition probabilities. The transition from one state 
to another is governed by the transition probabilities and 
takes place every time a digit is generated. The Markov 
chain can only be in one state at a time, and the produced 
sample depends deterministically on this state. If, however, 
the samples depend on the states probabilistically, the 
states are hidden since they cannot be directly observed 
from the digits. Such models are called hidden Markov 
models (HMMs). The availability of efficient algorithms for 
the estimation of HMM parameters from experimental data 
makes their application in the field of vehicular communi-
cations simple and very beneficial. After obtaining the 
parameters of the HMM, the performance analysis is 
numerically evaluated with a computer, making the expen-
sive field tests unnecessary. Moreover, an HMM can repro-
duce real-world packet error statistics: it is usable as a 
versatile cross-layer interface between physical layer and 
system-level simulators, substantially improving the use-
fulness of existing simulators such as NS-3 and QualNet.

The statistical modeling of communication chan-
nels using HMMs goes back to the work of Gilbert in 
the 1960s. In [13], he proposed a simple first-order 
HMM with two states, called good and bad, as shown in 
 Figure 1. In Gilbert’s model, errors occur only in the bad 
state with an emission probability .P 0E 2  Assuming 
that in time instance n  in the model is in the bad state, 
a biased coin is tossed to produce the nth  observed 
digit, which could be either 1 (with probability )PE   
representing a packet error event or 0 (with probability 1 – 

)PE  representing a successful packet transmission. After a 
digit is produced, a state transition takes place. This transi-
tion is governed by the probabilities of changing from the 
bad to the good state ( )P BG  and from the good to the bad 
state ( ) .PGB  After the state transition, the ( )n 1 th+  digit is 
produced. Thus, given the current state, the current digit 
of the error pattern is independent of all previous digits. 
Note that a biased coin is only tossed for generating obser-
vation digits in the bad state, since the good state is error-
free. Therefore, if an observed digit of the error pattern is 
a 1, it is clear that the process is in the bad state. On the 
other hand, observing a 0 does not tell us whether the un-
derlying state is good or bad. Therefore, the Gilbert model 
is a model with hidden or unobserved states. We further 
note that the states of Gilbert’s model are persistent, i.e., 

,P P P P1 1 ,BG BG GB GB% %- -  and therefore the resulting 
error patterns have a burst structure.

Good
State

Bad
State

PGB

1 – PGB 1 – PBG

PBG

PE

FIGURE 1 A schematic illustration of the Gilbert model.
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5G ITS Key Assumptions / Parameters
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Parameter Value
Carrier frequency 5.9 GHz
Bandwidth 4.32 MHz

Subcarrier spacing 60 kHz

Number of OFDM symbols 14

Transmit power 100 mW

Noise Figure 9 dB

Vehicle speed 60 km/h

Doppler spectrum model Jakes

Modulation and coding scheme (MCS) 64-QAM 873/1024

Forward Error Correction Turbo-Code
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Pathloss, Shadowing, Multi-Path

Intelligent Intersection | Closing Event

Figure 11: The received signal power over distance
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Basic Safety Message Specification (SAE J2735) 
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Parameter Abbreviation Bytes
sequence number for a stream of messages MsgCount 1
random device identifier TemporaryId 4
time at which the position was determined DSecond 2
geographical latitude of the vehicle Latitude 4
geographic longitude of the vehicle Longitude 4
geographical elevation Elevation 2
Genauigkeit der Positionsbestimmung PositionalAccuracy 4
accuracy of the position determination TransmissionState 2
speed of the vehicle Speed 2
current course of the vehicle Heading 2
angle of the driver's steering wheel SteeringWheelAngle 1
acceleration of the vehicle in three directions AccelerationSet4Way 7
current status of brakes and system control BrakeSystemStatus 2
length and width of the vehicle VehicleSize 3

40 Byte of Information Content = 320 bit per BSM
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Error Probabilities for 5G Transmission of BSM Messages

Intelligent Intersection | Closing Event

Figure 13: Number of correctly received BSM messages for vehicle 1
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Behavioral Modelling for Intelligent InterSection
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In the infrastructure-to-vehicle (V2I) domain, the au-
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FIGURE 1 A schematic illustration of the Gilbert model.



■ Positioning accuracy in Purkersdorf scenario

■ Not a substitute for localization with GNSS, but
   enhances GNSS localization for poor satellite visibility

13

5G Vehicular Localization
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M. Ashury, C. F. Mecklenbräuker, J. Nausner: 5G-Positioning for Traffic Safety and Intelligent Intersections, 2023 17th Europ. 
Conf. Antennas and Propagation (EuCAP), Firenze, Italy, 26—31 March 2023. DOI: 10.23919/EuCAP57121.2023.10133434



Vehicular FMCW Radar at 77 GHz 

■ FFT-based processing (blue)

■ Sparse Bayesian Learning (yellow)
■ May use shared radar data from
    neighboring road users
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Cooperative Perception
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M. Ashury, P. Gerstoft, C. F. Mecklenbräuker, D. Lungenschmied: Channel Estimation for FMCW Radar with Sparse Bayesian
Learning, in Proc. 2023 IEEE Int. Conf.  Antenna Measurements and Applications, Genoa, Italy,15—17 Nov 2023.
DOI: 10.1109/CAMA57522.2023.10352684



■ Basic Safety Messages keep adjacent 
road users informed of dynamic states 
and intentions

■ 5G offers Localization as a Service.
■ Not a substitute for GNSS localization, but
■ augments GNSS localization when satellite 

visibility of poor

■ 5G enables Cooperative Perception
■ by sharing of radar sensor data among 

adjacent road users
■ Extending road users’ information horizon 

beyond line of sight

■ IntIntSec is implementable with 5G IoT 
technology 
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Summary & Outlook
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Q & A


