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Abstract— Modern automated and cooperative driver assistance systems (CoDAS) rely deeply on the position estimation.
Regardless of absolute positioning accuracy, the relative position in regard to driving environment and other vehicles
needs to be of high quality to enable sophisticated functions.
Global Navigation Satellite Systems (GNSS) fulfill this demand only partially. In this paper we present an algorithm
to accurately infer the driving lane by utilizing Dedicated
Short Range Communication (DSRC) and map data alone.
We evaluate our approach against simulated and real-life data
from Europes largest cooperative vehicle Field Operational Test
(FOT): simTD . This lane detection algorithm will be an enabler
for CoDAS functions like collaborative driving and merging
developed in the TEAM IP project.

I. I NTRODUCTION
Advanced Driver Assistance Systems (ADAS), automated
functions and even more so cooperative driver assistance is
dependent on information about the relation of the vehicle
to its environment. As GNSS accuracy [1] in systems like
GPS and GLONASS is nowhere near precise enough, all
relative locations are determined by in-vehicle sensors, such
as camera, radar and lidar. We present a novel approach to
infer a critical location information, the driving lane of the
own and other vehicles, without necessity for such sensors.
Instead we show, that for cooperative vehicles in specified
situations the GNSS position in combination with map data
is enough to accurately infer lane location.
This information can be used to enable better cooperative
functions or to infer knowledge about cooperative vehicles
beyond traditional sensor range thus allowing implicit CoDAS [2] such as the cooperative blind-spot assistant [3] without necessity for dedicated long-range sensors. CoDAS are
currently undergoing first real-world tests. Tomorrows Elastic
Adaptive Mobility (TEAM) [11] is a European project that
will perform field tests for CoDAS. Many of the cooperative
functions in TEAM, such as Cooperative Adaptive Cruise
Control (CACC) [4] and Intelligent Speed Adaptation (ISA)
[5], benefit from the lane detection.
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Our approach is based on a discrete Bayes Filter to
infer lane assignment probabilities in a group of cooperative
vehicles using a fitting function to a given digital map.
We evaluate the algorithm in two steps. Firstly we use
a physics simulator to compare algorithm results with a
simulated ground-truth. Secondly we apply real-life log data
from one of the largest cooperative field trials in recent
history: simTD [6]. We show that the algorithm is capable
of detecting the driving lane with an accuracy over 70%
for over 75% of situations. While such accuracy is not high
enough to reliably act on it alone, an indication of the driving
lane for the own and other vehicles can help to improve
function parameters significantly. Typical appliances would
be for blind-spot assistance, overtaking assistance, merging
functions or emergency vehicle warnings [7], [8].
II. A PPROACH
A. Assumptions
For the proposed lane positioning algorithm two main
assumptions have to be made: properties of the road structure
including lane width and the characteristics of the position
error of GNSS systems.
1) Map Information: The commonly available map data
source OpenStreetMap provides information about the geometry of roads. A common additional information is the
number of lanes of the road. Unfortunately in most cases
there is no information about the width of the specific lanes.
However the lane width information is an important factor to
determine the probabilities of a supposed lane assignment.
In the document Richtlinien für die Anlage von Autobahnen
(RAA) [9] in 3 design classes 7 possible constructions for a
motorway in Germany are provided. In the profile RQ43,5
there are the two defined lane widths 3.75m and 3.5m. That
reveals the broad spectrum of possible lane widths. Hence
in course of the lane positioning algorithm a lane width of
3.5m for all lanes is assumed.
2) Characteristic of GNSS error: The proposed lane positioning algorithm assumes a specific characteristic of the
GNSS position error. This error is caused by three main factors (see Section IV-A): user range error, unmodeled errors
during signal propagation and receiver error. As the user
range error is caused by the limited precision of ephemeris
and clock data broadcasted by the satellites, and signal
propagation errors are caused by atmospheric effects that are
similar for spatial close receivers, those errors are common
for receivers that are close to each other. The remaining
uncommon receiver errors lay in a range of up to 0.5m [10].
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The assignment of a vehicle to a specific lane is denoted as
vid → li where id is the identifier of the vehicle and i is
the number of the assigned lane. The lanes are numbered
from the most right lane in the driving direction beginning
at 0. Based on that the hypotheses can be formulated. In Figure 1a the constellation is empty. Therefore the hypotheses
is empty:

H = h0 = (() , 1.0)
(3)

(g)

Fig. 1: Example scenario with changing vehicle and lane
count.

In [11] the same assumption is used with a Bias Model.
It is independent of the vehicle state υ x and denoted as
bias

x = [x, y]

T

(1)

where x and y are the offsets in a Cartesian reference frame.
The bias changes slightly according to a random walk. In
[12] the relative position between vehicles close to each other
are also assumed to have a much lower error than absolute
position solutions.
3) Location of Vehicles: Another important assumption
is that all observed vehicles that are included in the lane
positioning algorithm are located inside a lane of a road.
B. Map Model
The map model, which is used by the proposed algorithm,
is inspired by the one used in OpenStreetMap. Locations
are defined by nodes with latitude, longitude and a unique
identifier. Two or more nodes create a way, which consists
of edges between nodes. Furthermore it is possible to enrich
the information about the way e.g. with number of lanes,
lane width, and road width.
That data is used to determine the distances between
vehicle positions and the center of their supposed lane.
Moreover the orientation of a vehicle relative to its current
edge is deduced from the heading of the vehicle and the
heading of the edge.
C. Hypotheses Generation
It is necessary to keep track of all possible vehicle
constellations and assign probabilities to them. A potential
constellation is called a hypothesis denoted as h. All hypothesis form the hypotheses denoted as H. The number of
elements in H is determined by vehicles in the group and the
lane count of their assigned street edge. This information pair
is denoted as {vid , nl } where id is an identification of the
corresponding vehicle and nl is the number of available lanes
for vehicle vid . The set of vehicles with the corresponding
lanes count is denoted as state space description S. As an
example the constellation in Figure 1c yields:


(v0 , 2) ,
S=
(2)
(v1 , 2)

In order to allow expansion of the hypotheses a placeholder
hypothesis is introduced in this case. It contains no lane
assignments and has the assigned probability 1 as it is the
only hypothesis. The constellation in Figure 1b is expanded
by vehicle v0 , which has in theory two possible host lanes.
To reflect the new situation in H it is expanded:


h0 = ((v0 → l0 ) , 0.5) ,
H=
(4)
h1 = ((v0 → l1 ) , 0.5)
where the new h0 and h1 express the new constellation. The
probability is distributed equally between them as there is no
further information that can be incorporated. The addition
of v1 in Figure 1c is integrated in a similar way with the
resulting H being:




h0 = ((v0 → l0 , v1 → l0 ) , 0.25) ,


h1 = ((v0 → l0 , v1 → l1 ) , 0.25) ,
(5)
H=
h2 = ((v0 → l1 , v1 → l0 ) , 0.25) ,





h3 = ((v0 → l1 , v1 → l1 ) , 0.25)
For a better demonstration of the hypotheses generation
it is assumed that the probabilities were altered by the
algorithm so that p (h0 ) = 0.7, p (h1 ) = 0.1, p (h2 ) =
0.1, p (h3 ) = 0.1. The increased count of possible host
lanes of v0 in Figure 1d leads to the addition of h4 and
h5 as shown in Equation 6. Their probabilities are initiated
1
where
equally distributed, i.e. they receive a share of |H|
|H| denotes the number of elements in H. The probabilities
of h0 , h1 , h2 and h3 are deduced from their previous ratio
of the probability sum.



h0 = ((v0 → l0 , v1 → l0 ) , 0.4667) ,






h1 = ((v0 → l0 , v1 → l1 ) , 0.0667) ,



h2 = ((v0 → l1 , v1 → l0 ) , 0.0667) ,
H=
(6)
h3 = ((v0 → l1 , v1 → l1 ) , 0.0667) ,






h4 = ((v0 → l2 , v1 → l0 ) , 0.1667) ,






h5 = ((v0 → l2 , v1 → l1 ) , 0.1667)
To adapt to the situation shown in Figure 1e the same
mechanism is applied leading to H depicted in Equation 7.


h0 = ((v0 → l0 , v1 → l0 ) , 0.3111) ,






h1 = ((v0 → l0 , v1 → l1 ) , 0.0444) ,






h2 = ((v0 → l0 , v1 → l2 ) , 0.1111) ,






h3 = ((v0 → l1 , v1 → l0 ) , 0.0444) ,

H = h4 = ((v0 → l1 , v1 → l1 ) , 0.0444) ,
(7)



h5 = ((v0 → l1 , v1 → l2 ) , 0.1111) ,






h6 = ((v0 → l2 , v1 → l0 ) , 0.1111) ,






h7 = ((v0 → l2 , v1 → l1 ) , 0.1111) ,






h8 = ((v0 → l2 , v1 → l2 ) , 0.1111)

In the situation shown in Figure 1f the count of possible host
lanes of v0 shrinks to 2. To adapt H accordingly, all elements
are removed that contain lane assignments with lanes that are
no longer valid. For H shown in Equation 7 those are h6 ,
h7 and h8 . Their probability is distributed to other elements
that share the same subset of lane assignments. In h6 the
remaining assignment is v1 → l0 , which is shared by h0 and
h3 . The share of the probability to distribute is determined
by the ratio of the probabilities of h0 and h3 . The increases
of the probabilities are 0.0972 for h0 and 0.0141 for h3 .


h0 = ((v0 → l0 , v1 → l0 ) , 0.4083) ,






h1 = ((v0 → l0 , v1 → l1 ) , 0.1000) ,






h2 = ((v0 → l0 , v1 → l2 ) , 0.1667) ,
H=
(8)
h3 = ((v0 → l1 , v1 → l0 ) , 0.0583) ,







h4 = ((v0 → l1 , v1 → l1 ) , 0.1000) ,





h5 = ((v0 → l1 , v1 → l2 ) , 0.1667)
Finally in the situation shown in Figure 1g v1 is out of
communication range again and no longer part of the group.
H is therefore adapted by removing all lane assignments that
include v1 . The resulting intermediate H is:


h0 = ((v0 → l0 ) , 0.4083) ,






h1 = ((v0 → l0 ) , 0.1000) ,






h2 = ((v0 → l0 ) , 0.1667) ,
(9)
H=
h3 = ((v0 → l1 ) , 0.0583) ,





h4 = ((v0 → l1 ) , 0.1000) ,






h5 = ((v0 → l1 ) , 0.1667)
The matching elements h0 , h1 and h2 , respectively h3 , h4
and h5 are then merged while adding their probabilities. H
then becomes:


h0 = ((v0 → l0 ) , 0.6750) ,
H=
(10)
h1 = ((v0 → l1 ) , 0.3250)
The state of H in Equation 10, which represents the situation shown in Figure 1f now contains information about
the probability modification, which was made between the
states in Equations 5 and 6. That is a key enabler to keep
information about deduced lanes in an environment with
changing communication partners and changing road layout.
As shown the proposed hypotheses generation mechanism
is able to handle the changing environment of vehicles. The
hypotheses is expanded for new vehicles in communication
range and shrunk for vehicles that left the communication
range. Additionally changes in the number of lanes are
incorporated into the hypotheses.
D. Probability Deduction
To update the probabilities of each hypothesis in H, given
the positions of the vehicles in communication range and
the map data as measurement, a recursive state estimation
is used. As the space of possible solutions, represented by
H, is discrete, the Discrete Bayes Filter described in [13] is
applied.
The proposed algorithm is shown in Algorithm 1. The inputs are the hypotheses at the previous time point denoted as
Ht−1 and the measurements (vehicle positions and map data)
denoted by zt . The current hypotheses from the previous

(a) Measured
v1 → l1
v0 → l0

(b) h1 , h2
v1 → l0
v0 → l0 l1

(c) h3 , h4
v 1 → l1
v 0 → l0 l1

Fig. 2: The metric used to deduce the probability of a
hypothesis given the locations of a group of vehicles as
measurement.

time point is copied into the new hypotheses Ht . Afterwards
each element in Ht is updated through two steps: prediction
(line 4) and correction (line 5). Finally the probabilities of
the elements of Ht are normalized to sum up to 1.
Algorithm 1 The used Discrete Bayes filter to update the
probabilities of the elements in H.
1:
2:
3:
4:
5:
6:
7:

function PROBABILITY U PDATE(Ht−1 , zt )
Ht ← Ht−1
for all hk inPHt do
H
hk .p ← hit p(hk | hi ) ∗ hi .p
hk .p ← hk .p ∗ p(zt | hk )
normalize probabilities of Ht
return Ht

1) Prediction: In the prediction step the probability of
each element hk in Ht is updated by projecting the development of Ht−1 to Ht . The new probability for each
hk is the sum of the product of the probability of hi and
the probability that the constellation in hi translates to the
constellation in hk for all elements hi in Ht−1 . The key
component in this step is the function p(hk | hi ) that
determines the translation probability from hi to hk . The
idea applied is that the probability is high to translate from
hi to hk if the angle of the vehicles relative to the edge of
the street is in conformance with the assumed lanes in hi
and hk . Considering the lane assignments v0 → l0 in hi
and v0 → l0 in hk the probability for translation is high
if the vehicle heading is in line with the heading of the
street edge, which is visible by a low angle relative to the
edge. Likewise for the lane assignments v0 → l0 in hi and
v0 → l1 in hk the probability for translation is high if the
vehicle heading is directed towards l1 given in hk , which
is visible by a larger angle relative to the edge towards the
target lane. Furthermore the distance between the lanes of the
assignments in hi and hk is considered. The more distant the
assumed lanes are, the more unlikely it is that hi translates
to hk .
2) Correction: In the correction step the current measurements are introduced into Ht . The new probability of each
hk in Ht is the product of the probability in the previous
time point and the probability of the measurements zt given
hk which is given by the function p(zt | hk ). The idea behind

TABLE I: The chosen GNSS error configurations.
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Fig. 3: The structure and components of the implemented
lane detection module.

the metric used is shown in the example in Figure 2. It
is based on the perpendicular distance between the vehicle
location and the center of the lane assumed by hk . Figure 2a
shows the unchanged measured positions of vehicles v0 and
v1 . To test h1 , h2 , h3 and h4 , one of the participants is
chosen as reference vehicle (in the example v1 is chosen). In
Figure 2b v1 is assigned to lane l0 . Both vehicle positions are
now translated perpendicular so that v1 has a perpendicular
distance of 0 to its assigned lane. Now the perpendicular
distance of v0 is the metric which shows how likely the
hypothesis is. In Figure 2c v1 is assigned to lane l1 and
again the translation of the vehicle’s position is applied.
The different distances measured can be used to deduce the
probability of the measurement given h1 , h2 , h3 and h4 . Low
distances yield a high probability and high distances yield a
low probability respectively. In the example in Figure 2 the
hypothesis with the lane assignments v0 → l0 and v1 → l1
has the highest probability.
III. S YSTEM OVERVIEW
Based on the approach described a lane detection module
was implemented which is shown in Figure 3. The inputs to
the system are the received vehicle positions including the
ego vehicle position which are denoted as measurements and
information about the road layout which is obtained from
OpenStreetMap data. The position information consists of
latitude, longitude, heading and speed. To avoid outliers in
the measurements a position filter based on a Kalman Filter
is used [14]. The most recent vehicle states are available
in the state storage accessed by the hypothesis generation
and lane probability deduction components. The output of
the module are the elements of the hypotheses H with their
associated probabilities.
The per lane probabilities for each vehicle are finally
deduced by accumulating the values of each vehicle in each
element of H.
IV. EVALUATION
For a realistic evaluation, automated test runs have been
generated in a simulation environment. This simulation environment ensures that the framework can be tested in a
systematic way with different scenarios and a broad range
of GNSS error configurations.
A. GNSS error
In order to model the GNSS error several assumptions
are made according to [11]. The error model consists of

Configuration
Bias Gauss 1
Bias Gauss 2
Bias Gauss 3
Bias Gauss 4
Bias Gauss 5

σbias
8
8
8
8
8

maxbias
15
15
15
15
15

σrec
0.5
1
2
4
6

maxrec
2
4
6
10
12

a bias common for all measurements of a test run and an
individual measurement error for each GNSS measurement.
The bias represents user range error, which are generally very
similar for receivers close to each other. The measurement
error represents the error that is caused by the receiver.
Both error sources, bias and measurement error, are modelled as Gaussian distributions. For systematic evaluation
different σ and µ values are chosen. Table I shows the
chosen error configuartions. The subscript ’bias’ denotes
the parameter for determination of the spatial position error
whereas ’rec’ are the parameters of the position error. For
both error sources a minimum and maximum value is set.
µbias , µrec , minbias , and minrec are 0, σbias , σrec , and the
maximum values can be read from Table I.
B. Scenario
For evaluation, a scenario with four vehicles on a four
lane highway is chosen. The lanes are labeled 0 to 3 from
the right to the left. Figure 4 shows the sequence of lane
changes. First, vehicle 0 and vehicle 2 are on lane 0, while
vehicle 1 is between them on the lane 1. Vehicle 3 is behind
all other vehicles on lane 3.
In the next step vehicle 2 changes to lane 1 and then
to lane 2 consecutively. In the 4th tile of Figure 4, vehicle
2 overtakes vehicle 1 and changes back to lane 1, while
both vehicle 1 and vehicle 2 overtake vehicle 0. Vehicle 3
overtakes all other vehicles. After that vehicle 2 changes to
lane 0 and vehicle 3 changes to lane 2. In tile 6 vehicle 1
moves back to lane 0 and vehicle 3 changes to lane 1. In the
last step all vehicles are on lane 0. The algorithm has been
tested with other scenarios, but for evaluation we choose the
most complex one.
C. Results
The most important point for the evaluation of the algorithm is reliability. For each vehicle it is evaluated how
reliable the lane assignment is for different assignment
thresholds. This can be determined exactly because the
simulation framework knows the correct position of each
vehicle.
Figure 5 shows the reliability of the scenario for the chosen
thresholds and increasing GNSS error. The error bars show
the mean reliability of the vehicles involved. The diagram
shows that the reliability is very good for the first two error
configurations. There is a drop for error model 2, and the
reliability significantly decreases for error configurations 4
and 5.
Another important factor for evaluation is the time until the
lane probability is over the given threshold, i.e. the time to

(a) t0 ≤ t ≤ t1

(b) t1 < t ≤ t2

(a) threshold = 80%

(b) threshold = 85%

(c) threshold = 90%

(d) threshold = 95%

(c) t2 < t ≤ t3

Fig. 6: Time to recognition in seconds of Scenario 5 and the
chosen thresholds with increasing GNSS error (Bias Gauss
1 - 5).
(d) t3 < t ≤ t4

(e) t4 < t ≤ t5

(f) t5 < t ≤ t6

(a) Run 1

(b) Run 2

(c) Run 3

(d) Run 4

(g) t6 < t ≤ d

Fig. 4: Evaluation scenario

Fig. 7: Reliability for thresholds 50%, 60%, 70%, 80% and
90% for chosen runs 1, 2, 3 and 4.

(a) threshold = 80%

(c) threshold = 90%

(b) threshold = 85%

(d) threshold = 95%

Fig. 5: Reliability of the scenario for the chosen thresholds
and increasing GNSS error (Bias Gauss 1 - 5).

recognition (TTR). The TTR is the time difference between
an actual lane change in the simulator and the recognition
by the algorithm.
Figure 6 shows the TTR in seconds of the scenario and
the chosen thresholds with increasing GNSS error. The error
bars show the variance of the recognition time during the
simulation run. It shows that the TTR is below five seconds
for error configurations 1 to 3 with all thresholds and below
five seconds for error configuration 4 with all thresholds but
95%. However, error configuration 5 has a much higher TTR.
This shows that the algorithm is tolerant to slight degradation
of GNSS signal, but deteriorates with higher degradation.

D. Field Operation Test Data
In order to evaluate the approach with a larger amount of
data, we use real-world data gathered in the simTD project
[6]. simTD was a Field Operational Test (FOT) for C2X
functions in the greater Frankfurt/Main area. It incorporated
a fleet of 100 C2X equipped vehicles and infrastructure
communication endpoints.
During the test runs each vehicle logged an extensive
range of data, among others the GPS data, heading and the
vehicle speed. We selected four test runs from the log data
which incorporate a high number of vehicles. One of the
vehicles is chosen as ego vehicle and all positions in a virtual
communication radius are filtered and made available for the
lane positioning algorithm. As there is no ground truth data
about the GNSS error, the reliability metric has to be altered.
It is not possible to check the correct assignment of a lane,
but it is still possible to check whether the algorithm has
come to a unambiguous resolution.
Figure 7 shows the results of the evaluation with the field
test data. As the number of vehicles increased, also the
thresholds had to be adapted. The diagram shows that the
algorithm works reliable with a threshold of 50% with all
test runs. Except for test run 4 also thresholds of 60% and
70% provide reliable results.

V. R ELATED W ORK
Modern ADAS require highly precise positioning, which
is a challenging task due to errors introduced by GNSS
systems. Hence extensive research is going on in the field of
location based lane positioning.
In [15] a technique called Precise Point Positioning (PPP)
is used to reduce the positioning error down to approximate
0.5 meters. This precise position is used to build a laneprecise map model. However this information is not used
for ad-hoc lane localization of the vehicles. No map information is used and the number of lanes is determined with
histograms over the lateral positions of passing vehicles.
Du et al. propose a system using DGPS in [16] and [17].
The improved position is transmitted back to the DGPS base
station which determines the vehicle’s lane. They use map
data and estimate the lane with a geometric curve-to-curve
matching method and Bayesian probability respectively. This
approach requires a permanent external connection for GPS
correction data and the lane is determined only on the base
station.
In [18] respectively [11] a group matching algorithm in
context of the CoVeL project is proposed. The algorithm is
based on the common systematic error of GNSS receivers
in a local area. The information is exchanged with Car-toCar and Car-to-Infrastructure communication (C2X) so that
with additional vehicles the certainty raises in the matching
algorithm.
In [12] and [19] Dao et al. also follow an approach
through Bayesian probabilities. Common to the algorithm
in [18] a systematic GPS error is assumed so that relative
positions of vehicles have higher accuracy. To reject outliers
a preceding position filter is used that combines a particle
and a Butterworth filter. Moreover they use precise road and
lane information.
VI. C ONCLUSION
In this paper we presented a cooperative positioning
system that detects the lane position of a vehicle on a
multilane highway. The lane position is determined with the
help of vehicles in the surroundings. The vehicles exchange
their local GNSS data using C2X techonology and fuse this
information with a map layout of the highway. As the GNSS
error of vehicles in vicinity is similar, the GNSS data of the
other vehicles can be used to calculate relative position of
the vehicles.
Our approach applies a recursive state estimation algorithm using Discrete Bayes Filter. In each step the relative
position is used to determine the lane configuration of the
known vehicles. Due to the recursive nature of the algorithm,
the lane assignment gets less ambiguous with each update.
The system has been thoroughly evaluated using different
scenarios and different assumptions about the GNSS error.
The evaluation shows that the lane detection assigns the correct lane within a short time frame and with high reliability.
However the reliability decreases with higher GNSS errors.
The lane detection system can be used for different ADAS,
such as blind-spot assistants. Obviously also the longitudinal

relative position is valuable for other ADAS, e.g. Platooning
or Cooperative Active Cruise Control (CACC). Hence the
adaption of this system in order to determine the longitudinal
offset between vehicles using cooperative positioning is
worthwile.
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[3] Oliver Sawade, Bernd Schäufele, Jens Buttgereit, and Ilja Radusch.
A cooperative active blind spot assistant as example for next-gen
cooperative driver assistance systems (CoDAS). In IEEE Intelligent
Vehicles Symposium, Proceedings, pages 76–81, 2014.
[4] Clemens Dannheim, Markus Mader, Christian Icking, Jan Loewenau,
and Kay Massow. TEAM–CO2 reduction through online weather
assistant for cooperative acc driving. In Computational Intelligence,
Communication Systems and Networks (CICSyN), 2013 Fifth International Conference on, pages 369–373. IEEE, 2013.
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