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Abstract—The BMW Group Research and Technology 
has been testing automated vehicles on Germany’s high-
ways since Spring 2011. Since then, thousands of kilo-
meters have been driven on the highways around 
Munich, Germany. Throughout this project, 
fundamental technologies, such as en-
vironment perception, localization, 
driving strategy and vehicle con-
trol, were developed in order to 
safely operate prototype auto-
mated vehicles in real traffic 
with speeds up to 130 km/h. 
The goal of this project was 
to learn what technologies 
are necessary for automated 
driving. This paper presents 
the architecture and algo-
rithms developed during this 
project, results from real driv-
ing scenarios, the lessons learned 
throughout the project and a quick 
introduction into the latest develop-
ments for improving the system.

I. Introduction

D
river assistance systems, such as 
active cruise control (ACC) or lane 
departure warning (LDW) have 
become a common option in pre-

mium vehicles in recent years. With each 
new model, new driver assistance sys-

tems are being introduced. It has 
been proven that driver assistance 

systems offer greater safety to 
the driver and the surround-
ing traffic [1]. Recently, BMW 
has introduced the traffic jam 
assistant in the latest 5 Series 
and X5 as well as the new 
BMW i3, which will introduce 
lateral control of the vehicle 

under 40 km/h. The pinnacle 
of driver assistance systems is 

fully autonomous driving. In recent 
years, many projects from automobile 

manufacturers, automotive suppliers, 
universities and research institutes across 

the world have been developing prototype vehicles 
for automated driving. The DARPA Urban Challenge in 2007, 
won by the team from Carnegie Mellon University [2], was 
a turning point in demonstrating the potential of automated 
vehicles [3]. Universities, research institutes and coopera-
tive projects have since continued researching automated 
vehicles, such as Stanford University [4], Carnegie Mellon Date of publication: 20 January 2015
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FIG 1 Highly automated driving project from the BMW Group Research 
and Technology.

University [5], the Stadtpilot project at the Technical Uni-
versity Braunschweig [6], [7], Team AnnieWAY of the Karl-
sruhe Institute of Technology [8], VisLab of the University of 
Parma [9], the V-Charge project [10] and many others. The 
automotive industry has also been quite active in recent 
years with automated driving, such as in the HAVEit [11] and 
SARTRE [12] European Union projects, but also in indepen-
dent projects, such as the Bertha Benz drive [13].

For several years, the BMW Group Research and 
Technology has been testing automated vehicles on the 
highways around Munich, Germany [14], [15]. The goal 
of this project was to learn about the technologies and 
algorithms necessary in developing a highly automated 
driving (HAD) system, as per the BASt definitions [16], or 
conditional automated driving, as per the NHTSA [17] and 
SAE [18] definitions, of automation levels. This project 
is a successor of the BMW Track Trainer [19] and BMW 
Emergency Stop Assistant [20] projects, where core tech-
nologies of those projects were integrated and further 
developed. Most of the technology required for automated 
driving technology, such as the sensors, already exist 
in today’s premium segment production vehicles. Other 
technologies still need to be developed and are a cur-
rent topic of research. The first successful automated trip 
between Munich and Ingolstadt, without driver interven-
tion, occurred on June 16th, 2011. Since then, thousands 
of kilometers of automated driving experience on high-
ways have been achieved. In this paper, an overview of the 
BMW automated driving prototype vehicles is presented 
along with a discussion on the lessons learned during 
the development process. Additionally, a short overview 
of current research is presented, which will improve the 
reliability and robustness of the system in the future.

II. System Architecture
A flexible, prototype hardware and software architecture 
was chosen for developing the automated driving system. 
This allowed for easy development and testing of new com-
ponents without the need to make any changes to the over-
all architecture. A simple overview of the system architec-
ture is shown in Fig. 2.

The system runs mainly on two computers: a stan-
dard PC and a real-time embedded prototyping computer 
(RTEPC). The PC serves as a sensor data processing and 
algorithm platform using a proprietary software frame-
work. Additionally, the database for the high-precision 
maps are stored on the PC. The sensors and vehicle bus sig-
nals are connected to the PC via Ethernet and CAN buses. 
The RTEPC runs the localization, driving strategy and con-
trol algorithms. The PC and the RTEPC communicate over 
a direct Ethernet connection. The RTEPC is connected to 
the vehicle’s actuators for steering, braking and throttle 
control using a CAN bus. A secondary actuator bus controls 
other elements of the vehicle, such as the blinker. Addition-

ally, some sensors, such as GPS, and vehicle bus signals are 
also directly connected to the RTEPC via CAN.

III. Development Process
A three-stage development process was used during the 
development of the automated driving system. In this sec-
tion, each stage of development and its goals are described.

A. Virtual Development and Evaluation
The development of the HAD functionality was initially con-
ducted in a virtual environment using driving simulation 
software and hardware of the BMW Group Research and 
Technology [21], shown in Fig. 3.

The driving simulator software provides a perfect repre-
sentation of the world, including intelligent dynamic objects 
and the road’s infrastructure, and allow for the development 
of the core functionality of the HAD system. Additionally, 
the simulation software can be coupled to a static cut-out 
of a vehicle cockpit or a complete dynamic simulator with 
fully functional steering wheel, pedals and displays in order 
to assist in development or to evaluate human-interaction 
concepts, such as driver overtake scenarios [22]. The driv-
ing simulator was primarily used for the development of 
the driving strategy, as well as the longitudinal and lateral 
controllers. Besides testing single automated maneuvers 
and scenarios, long-term tests were carried out in order to 
evaluate the overall functionality. For this purpose the traf-
fic simulation program PELOPS©fka was used [23]. The long-
term tests were initially carried out for a driven distance of 
about 5000 kilometers at a time. An overview of the quanti-
tative evaluation is given in [24].

B. Validation on Test Track
Once the system has achieved a thoroughly tested and sta-
ble version in the virtual environment, tests are carried 
on a closed test track in a prototype BMW 5 series outfit-
ted with vehicle environment perception sensors, actua-
tors and prototyping hardware and software, as will be 
described in Sec. II and Sec. IV-A. Validation on the test 
track begins modestly, first making sure all of the compo-
nents, such as the sensors, perception, localization, etc., 
are working independently. Once all of the components 
are verified and integrated, basic driving maneuvers, 



IEEE IntEllIgEnt transportatIon systEms magazInE  •  44  •  Spring 2015

such as lane keeping at different speeds, were indepen-
dently tested in order to ensure safe vehicle control; this 
includes the testing of all safety mechanisms and worst-
case scenarios for the automated driving system. After safe 
operation of the vehicle control is verified, more compli-
cated driving maneuvers were added to the testing catalog, 
which must now rely on the vehicle’s perception systems in 
order to detect other dynamic and stationary objects. Up to 
three other extra vehicles were used in testing in order to 
stage certain scenarios and agitate the automated driving 
vehicle. Additionally, virtual objects were played into the 
system in order to test the reaction of the automated driv-
ing vehicle in critical situations.

C. Testing on Public Roads
Once the HAD system has been validated on the test track, 
the first tests on public roads took place. Several highway 
routes around Munich were used for tests on public roads. 
The challenge of testing on public roads versus on a test 

track is that the HAD system must oper-
ate in real traffic, where normal persons 
are driving, all of whom are completely 
unaware that an autonomous vehicle is 
in their surroundings. This led to the 
discovery of many new challenges that 
needed to be solved. An example of such 
a new challenge was cooperative driv-
ing, where other vehicles attempting to 
merge onto the highway at an on-ramp 
expect a certain amount of cooperation 
from the vehicles already on the high-
way. Dealing with different types of 
vehicles, such as trucks, was also a chal-
lenge, since they tend to act differently 
from a normal passenger car. With the 
identification of new challenges, new 
approaches were developed in order to 
deal with the unique problems faced 
when driving automated on public roads 
with real traffic. This is a continuous 
and still on going process, where new 
challenges are first worked on in the 

virtual environment, then optimized on the test track and 
finally verified on public roads.

IV. Environment Perception
Reliable and robust environment perception is critical in 
automated driving. Not only is the sensor configuration 
important, but the perception algorithms used to extract the 
environment models are a key aspect for successful envi-
ronment perception. In this section, the concept for envi-
ronment perception used in the automated driving project 
is presented, from the sensor configuration to the extraction 
and fusion of the environment models.

A. Sensors for Environment Perception
The prototype vehicles for HAD are fitted with 12 sensors 
for environment perception: four laser scanner (two 4-layer, 
two single-layer), three radar, four ultrasonic and a mono 
camera. The laser scanner sensors provide a complete sur-
round view of the vehicle’s environment without any gaps. 
The radar sensors in the front and the rear enable long-
range detection of vehicles and obstacles. The ultrasonic 
sensors on the side provide a redundant source for detecting 
close vehicles directly to the side. The mono camera in the 
front is able to reliably classify obstacles, such as vehicles, 
and detect lane markings for localization. The sensor con-
figuration is shown in Fig. 4.

With the exception of the laser scanner sensors, all of the 
sensors are series production sensors currently integrated 
into the BMW 5 series for various driver assistance applica-
tions. Most areas of the vehicle are observed by at least two 
sensors with different measuring principles, particularly 

(a) (b)

FIG 3 Virtual validation using a static driving simulator (a) or a dynamic 
simulator (b).
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FIG 2 Modular functional design of the global system architecture.
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the front and the rear, resulting in a configuration with a 
redundant sensor concept, improving system robustness.

B. Object Detection and Fusion
An important aspect of automated driving is detecting 
dynamic objects in the vehicle’s environment. A dynamic 
object Oi  is described by

 {x, , ( ), }x cP pOi 7= t  (1)

where xt  is the state vector, P  the state covariance matrix, 
( )xp 7  the object’s existence probability and c the classifica-

tion vector. The state vector is represented by a 2D rectan-
gular model with velocity, acceleration, orientation and yaw 
rate in the host vehicle coordinate system. Eight features 
are defined on the rectangular model for a dynamic object: 
four at the corners of the rectangle and four on the middle 
edge of the sides. These features are used in the tracking 
and fusion algorithms in order to guarantee consistent and 
reliable state estimations [25]–[27].

A high-level sensor data fusion architecture with a sen-
sor-, fusion- and application-level is used to fuse the data 
from the various sensors around the vehicle [27]. At the sen-
sor-level, traditional Kalman filter tracking algorithms with 
a feature-based association method is used. The existence 
probability is estimated independently of the state estima-
tion using a Bayes filter, similar to the algorithm presented 
in [28]. The classification vector is estimated using machine 
learning methods, such as support vector machines, depend-
ing on the sensor. At the fusion-level, a sensor-to-global 
fusion method with the information matrix fusion algo-
rithm is used [29]. The Dempster-Shafer evidence theory is 
used to fuse the existence probability [30] and classification 
vector. The result of the object detection at the sensor-level 
and fusion-level with ground truth is shown in Fig. 5. At the 
application-level, the fused object data is further processed 
by the environment model or directly used by a ADAS appli-
cation, such as automated driving.

C. Grid-Based Environment Representation
The previous section presented the typical box-model object 
detection used to track dynamic objects in the vehicle’s 
environment. However, such an object representation has 
its limits when detecting static objects, as static objects 
have much complexer and larger variety of forms. In order 
to detect the static environment, a grid-based environment 
representation is used. Grid-based representations, such 
as an occupancy grid, are very common in robotics, where 
the static environment can be used for motion planning or 
localization [31] or for the extraction of static obstacles.

One form of a grid-based environment representation 
is an occupancy grid, where each grid cell represents the 
occupancy of that cell due to an obstacle. In the HAD sys-
tem, a laser scanner sensor was mainly used for generat-

ing the grid-based environment, where experiments were 
also made with a radar sensor [32]. The occupancy grid 
algorithms were efficiently implemented on a GPU platform 
[32]. An example occupancy grid using a laser scanner is 
shown in Fig. 6. This occupancy grid map forms the basis for 
extraction algorithms for detecting features in the environ-
ment, such as road boundaries (see Sec. V-B). In standard 
occupancy grid mapping, the environment is assumed to be 
static. However, sensor data also contains information about 
dynamic objects, which can cause unwanted artifacts and 
violates the static world assumption.

Another form of grid-based environment representation 
is a ground map, where each cell represents the probability 
of a ground location with high reflectivity. Lane markings, 
reflectors and various types of road surfaces have different 
reflection characteristics regarding laser pulses emitted by 
a laser scanner. Such a grid-based environment representa-
tion of the ground is calculated using the same occupancy 
grid methods used for a static obstacle occupancy grid map 
[32]. An example of such a grid map of the ground using 
a laser scanner is shown in Fig. 7. These types of ground 
maps can be used to extract features from the ground, such 
as lane markings (see Sec. V-B).

V. Road Model and Vehicle Localization
Automated driving applications require cm-accurate, in 
the area of 10–20 cm, localization and a description of 
the road in order to realize robust and reliable path and 
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FIG 4 Sensor configuration for environment perception used in the 
prototype vehicles for automated driving.

(a) (b)

FIG 5 Object detection results at the sensor-level, where the colored 
boxes represent object from various sensors (a) and fusion-level, where 
the blue box is the fused result (b). The ground truth is shown with a 
wire-frame white box.
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trajectory planning, as well as vehicle control. Addition-
ally, many complex scenarios can only be solved using 
lane-accurate localization in conjunction with a digital 
map in order to obtain a higher level understanding of the 
vehicle’s environment, such that the automated vehicle is 
able to make the correct decision about its next driving 
maneuver. In this section, the concept for vehicle local-
ization and mapping for highway scenarios used in the 
automated driving project is presented.

A. Map and Sensor-Based Concept for Vehicle Localization
A map-based localization concept was developed for the 
automated driving project [33]. The localization concept is 
illustrated in Fig. 8. Together with vehicle odometry, GPS, 
and sensor-based road model recognition, a cm-accurate 
position is obtained. Once localized in the map, the a-priori 
information contained within it enables the driving strat-
egy to make decisions about lane change maneuvers and 

navigation, some of which are not possible solely with sen-
sor-based road model recognition methods. Additionally, a 
map-based approach increases robustness and foresight, 
both of which are necessary considering the requirements 
of HAD, where the driver may be out-of-the-loop.

The map consists of mainly two layers: a semantic, 
geometric layer and a localization layer. The semantic, or 
geometric, layer contains the lane model geometry and the 
high-level semantic information, such as lane connectiv-
ity, required for path planning and decision making. The 
localization layer contains the data required for localizing 
the vehicle within the map. In this project, the localiza-
tion layer consists mainly of lane marking and road bound-
ary data, which can be detected by the sensors and then 
together with GPS and vehicle odometry can be used to 
match the vehicle onto the map.

Using the a-priori map (see Sec. V-C for details on how 
such a map is generated), a Kalman filter is used to esti-
mate the vehicle’s position within the map. The filter is 
updated with GPS data and detected landmarks, such as 
lane markings, in order to continuously update the local-
ization hypothesis. The vehicle’s position is also predicted 
using odometry data at a higher rate, which is required for 
vehicle control.

B. Road Model Estimation Using Environment Sensors
Using vehicle sensors to detect the road and lanes has been 
extensively used in driver assistance systems. The most tra-
ditional approach is to use a vision-based sensor for detect-
ing the lane markings of the road [34], where image-based 
extraction algorithms are used to estimate a 2nd or 3rd 
degree polynomial to model the lane markings. A monocu-
lar camera was also used in the automated driving project 
for lane marking detection.

However, for automated driving, a redundant source of 
information for detecting the road infrastructure is very 
useful for increasing the robustness and availability of the 
system. Lane markings can also be detected using a laser 
scanner. An algorithm was developed based on a ground 
map occupancy grid, as described in Sec. IV-C. From the 

ground map, lane mark-
ings in form of a 2nd de-
g ree poly nom ia l a re 
extracted and classified 
[35]. An advantage of us-
ing a laser scanner is its 
larger field-of-view, al-
lowing the detection of 
not just the host-vehicle’s 
lane, but also neighbor-
ing lanes. The approach, 
however, is strongly de-
pendent on the ref lec-
tive quality of the lane 

FIG 6 Grid-based environment perception using a laser scanner sensor.

FIG 7 Grid-based ground mapping using a laser scanner.

Sensor Road Model

Lane 
Detection

Landmark
Detection

+ + + +GPS Odometry

Multilane,
Highprecision

Digital Map with
Landmarks

Global Location Determination

FIG 8 Accurate vehicle localization using a high-precision digital map, combined with GPS, vehicle odometry and 
environment perception.
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markings. Results of such a lane marking algorithm using a 
laser scanner is shown in Fig. 9.

In addition to lane markings, other elements of the road 
infrastructure can be detected in order to improve vehicle 
localization. Typically, road boundaries are used to detect 
hard boundaries of the road, such as guardrails or jersey 
barriers. In the automated driving system, an occupancy 
grid based approach was used to extract road boundaries 
using a 2nd degree polynomial model [32]. Such road bound-
aries can be detected using a laser scanner or a radar sen-
sor. An example result of such a road boundary extraction 
algorithm is shown in Fig. 10.

The above presented algorithms for road model estima-
tion are used for generating high-precision maps (see Sec. 
V-C) and then again to localize the vehicle in the map (see 
Sec. V-A). In case localization algorithms fail, due to an 
invalid map, for example, the road model estimation algo-
rithms using environment sensors can serve as a fall back 
until the drive has retaken control of the vehicle.

C. Generation of High-Precision Maps
Today’s navigation maps do not meet the requirements 
needed for HAD, where lane-accurate information is 
required. Therefore, new high-precision maps were gen-
erated for highways around the Munich area for develop-
ing and testing automated driving in this project. Maps for 
automated driving require cm-accurate lane-level informa-
tion about the road, with detailed attributes about the road, 
where the accuracy corresponds to a relative accuracy of 
the map and not necessary absolute accuracy. The maps are 
then used for vehicle localization and situation interpreta-
tion in the driving strategy, in order to carry out complex 
driving maneuvers.

In this project, the base data for generating a map was 
collected using a small fleet of vehicles with similar sen-
sor configurations as the HAD prototypes, described in Sec. 
IV-A. The base data consisted mainly of GPS trajectories, 
vehicle odometry and road model perception data using the 
vehicle’s sensors, such as lane marking and road boundary 
detection. However, the initial map data contains uncertain-
ties and are not yet accurate to one another, as shown in 
Fig. 11a. In order to homogenize the data, the map data is 

modeled and processed using the GraphSLAM algorithm 
[33], [36]–[38], results of which are shown in Fig. 11b. Fig. 12 
shows an example of how the graph is modeled. The nodes 
of the graph correspond to vehicle poses, where relation-
ships between the nodes are modeled representing motion 
models between nodes or sensor measurements such as a 
GPS position or a landmark feature. After the data has been 
homogenized, the geometrical lane model is extracted and 
saved into a database.

A challenge of mapping is the necessity for creating maps 
on a large-scale. In this project, only a few maps were gen-
erated: two longer routes (one between Munich and Ingol-
stadt on the A9 and another between Munich and the airport 
with a highway interchange) and several smaller maps for 
testing specific scenarios, such as tunnels. In the future, 
maps would need to be created for all of the highways in a 
country and continent. There are two main strategies for 
obtaining such maps: create the maps using a fleet of spe-
cially equipped vehicles, which continuously keep the maps 
up-to-date, or use crowd-sourced fleet data, where maps are 
generated and kept up to date in a backend server. Both are 
feasible solutions, but much more work still needs to be done 
to realize either approach and make it commercially viable.

VI. Driving Strategy and Vehicle Control
Safe and comfortable driving are the most important 
requirements for the acceptance of HAD. The driving strat-
egy is the central instance of artificial intelligence and 
responsible for plausible decision-making. Based on these 
decision, trajectories are generated and sent to a robust and 
real-time vehicle controller. This requires a very high con-
troller performance and comfortable behavior.

In this section, an overview of the driving strategy is pre-
sented. It also addresses the concepts of lateral and longitu-
dinal vehicle control.

A. Driving Strategy
The driving strategy determines a unique maneuver based 
on the current traffic situation, traffic rules, the driver’s 
intention and global destination. To reduce the complexity 
of the model, the continuous driving task is divided into a 
finite set of lateral Qlat^ h and longitudinal Qlong^ h guidance 

FIG 9 Laser scanner based lane marking detection using a ground map. 
Dashed lane markings are colored in green whereas solid lane markings 
are shown in red.

FIG 10 Road boundary detection using a laser scanner static obstacle 
occupancy grid map.
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states. The system states q Qlat lat
i !  and q Qlong long

i !  are 
summarized in Table 1.

The lateral guidance consists of eight possible states: Sys-
tem Off, Lane Keeping, Lane Change Gap Approach (LCGA), 
Lane Change (left and right) and Lane Change Abort (left 
and right). In the Lane Keeping state, the vehicle’s goal is to 
remain in the same lane. If a lane change is desired, but due 
to the traffic situation is not possible, the lateral and longitu-
dinal guidance is changed to the Lane Change Gap Approach 
state. In this state an appropriate gap is selected and tracked 
over time. If possible, this gap is then approached. Once a 
lane change is desired and the situation allows for its execu-
tion, the Lane Change state is selected and a continuous lane 
change trajectory is calculated. If a critical situation occurs 
during a lane change, the system will abort the lane change 
immediately and the vehicle automatically returns to the 
originating lane.

The longitudinal guidance consists of five states: System 
Off, Dynamic Cruise Control (DCC), Active Cruise Control 

(ACC), Lane Change Gap Approach (LCGA) and Critical Con-
trol. If there is no vehicle in front within the sensor range, 
the host vehicle drives in the system state DCC with the 
desire speed, where restrictions, such as speed limits, are 
taken into account. Within the ACC state, the speed of the 
host vehicle is adjusted to a target object (such as the vehicle 
in front). The target object, e.g., during a lane change, can 
be the front vehicle in the adjacent lane. The state Criti-
cal Control is activated in critical situations, such as when 
another vehicle cuts in closely. It allows a greater dynamic 
response in the longitudinal guidance in order to resolve 
critical situations.

In order to select the appropriate system states qlat  and   
qlong  for the current situation, decision-making processes 
are required. These processes are modeled here via a net-
work of hybrid deterministic automata and decision-trees. 
The system structure for the driving strategy and vehicle 
control of the HAD system is illustrated in Fig. 13.

The decision-making process runs through four hierar-
chical levels. From the evaluation of the situation, driving 
requests are derived. These requests are investigated con-
cerning their feasibility in the next level and depending on 
the feasibility, an appropriate driving maneuver is executed.

An example visualization of the vehicle’s environment, 
including the driving strategy (bottom-left and bottom-right 
of the image) is shown in Fig. 14. Further information about 
the driving strategy is given in [39].

B. Vehicle Control
Within the control modules the required trajectories for the 
respective driving maneuvers are generated and the control 
performance is adapted to the specific driving tasks. In the 
following the control modules are presented for both lateral 
and longitudinal vehicle guidance.
1) Longitudinal Dynamics Control: In order to facilitate 

velocity and distance control, a cascade control structure 
was developed. The structure consists of three nested 
control loops for acceleration, velocity and distance  

i q4 q lat q long

0 Off Off

1 Lane Keeping DCC

2 LCGA (left) ACC

3 LCGA (right) LCGA

4 Lane Change (left) Critical Control

5 Lane Change (right)

6 LC-Abortion (left)

7 LC-Abortion (right)

Table 1. System states for HAD on freeways.

(a)

(b)

(c)

FIG 11 The steps in map generation: collecting raw sensor data from a 
fleet of vehicles (a), homogenization of the data using GraphSLAM (b) 
and extraction of the geometrical lane model used in the HAD system.

x1 x2 x3

xi xi+1 xi+2

FIG 12 An example graph in modeling the road, where the nodes 
represent vehicle poses and the edges represent models between the 
nodes (gray: odometry, green: data association, red: GPS).
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control. A detailed descrip-
tion of the introduced state 
adaptive control concept is 
presented in [40].

2) Lateral Dynamics Control: 
The lateral controller is based 
on the control concept dis-
cussed in [41]. Since the lateral 
controller should be used up 
to a moderate dynamic range, 
a simplified vehicle model 
(e.g. single-track model) can 
be used for modeling the 
controlled system. For this 
purpose, a decoupling-con-
troller is used, which has high 
control accuracy, stability and 
comfort. The controller con-
sists of an inner and an outer 
loop. The inner loop cor-
responds to the decoupling 
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FIG 13 System structure for the driving strategy and control of highly automated driving vehicles.
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FIG 14 Visualization of the HAD system and the driving strategy during a lane change maneuver.
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controller with the yaw rate as output. It ensures that the 
yaw motion of the vehicle follows its desired value from 
the generated trajectory. The outer control loop provides 
the required nominal variables for the yaw rate controller 
through state feedback.

VII. Discussion and Lessons Learned
Since BMW began its research in automated driving, a lot 
has been learned. In this section, some important topics 
are discussed from the results of this research, which will 
require attention in the future in order to bring HAD func-
tions into production vehicles.

A. Dynamic Limits of the Prototype HAD System
The HAD system was intentionally developed with limits at 
the actuators in order to meet controlability requirements in 
operating the system on public roads. Braking and steering 
moments are in the current system limited, which means 
that full ABS-braking or abrupt evasive maneuvers in criti-
cal situations are not possible in the automated driving 
mode. This limits the system’s capabilities in handling criti-
cal situations. In the current prototypes, this leads to the 
fact that the test driver must be aware of this limit and take 
over manual control when such potential critical situations 
arise. When speaking about future HAD systems, where the 
driver can be out-of-the-loop, such critical situations must 
be handled in the automated driving mode, which requires 
the integration of automatic braking and evasive maneuver 
systems into the overall HAD system.

B. Artificial Intelligence
Driving is a very complicated task. What has been learned 
in this project is that the automation of this complicated 
task by a computer is quite a challenge. Despite testing 
“only” on highways, it was learned that even in this rela-
tively simple environment, in terms of possible scenarios 
and situations, many challenges remain in order to reach 
a level of intelligence in the automated driving system 
that parallels the human’s ability to drive and react to sit-
uations. Humans tend to compare an automated driving 
system’s performance with their own performance and 
usually expect that the HAD system decides and reacts to 
situations in a similar manner as a human driver would, 
or even better. We as humans have an unprecedented abil-
ity to learn, remember and recall events. Additionally we 
have the instant ability to perceive and understand what 
we are looking at and can most of the time easily make the 
correct decision and react appropriately in various situa-
tions. This seemingly easy task for humans is in actuality 
incredibly complex and difficult to model and reproduce 
with a machine and algorithms. Simple situations can be 
easily modeled, but there are always exceptions and unex-
pected situations that can happen at any time; developing 
the algorithms to react correctly in these unique situa-

tions is still quite challenging. The challenges in artificial 
intelligence for automated driving systems will always 
have their limits, but will also continuously improve until 
a level of intelligence is reached with which HAD will be 
possible and where safety, within certain conditions, can 
be guaranteed.

C. Driver Acceptance
An important aspect of getting automated driving func-
tions into production vehicles is the acceptance with 
which drivers, and the public in general, greet such new 
technologies. It is essential that the first time someone 
experiences such a technology, it works well, feels safe 
and comfortable and can be trusted. The question will be, 
what system criteria will be most important in influenc-
ing driver acceptance? Is it the HAD system’s ability to 
drive like a human? Its ability to drive smoothly without 
disturbing the driver during a secondary task? Or will 
it be its ability to increase safety and prevent accidents? 
Experience with the BMW HAD system has shown that the 
system’s control of the steering influences driver accep-
tance: lateral control cannot be abrupt and must make 
smooth steering inputs. Several persons from the press 
have had the chance to have an exclusive test drive with 
the BMW HAD system and most find the control inputs 
smooth and comforting, leading to a fairly quick accep-
tance of the HAD system. However, it is still unknown if 
the public in general is ready to accept automated driv-
ing technology. The public may still have certain fears 
about this technology which need to be addressed. It will 
be necessary to continue positive communication about 
automated driving in order to prepare the public for the 
its introduction.

D. Challenges of Mapping and Localization
The HAD prototypes in this project all rely on a high-preci-
sion digital map for localization and for road foresight. The 
maps were created with a partially automated process with 
some manual work, where the data came from vehicles with 
a similar sensor configuration as the HAD prototypes. Only 
a few maps were created during the project: a map with a 
large distance, a map with a highway interchange and sev-
eral smaller maps to test specific scenarios.

A practical problem that often arose during the project 
is that the mapped highways throughout the year at various 
locations had road work, where the lane markings and road 
boundaries slightly changed and therefore made the origi-
nal map inaccurate. In some cases the inaccuracy was neg-
ligible, but in other cases, that part of the highways needed 
to be remapped, which in itself is a challenging process. The 
HAD system will need to be updated in the future in order 
to detect the fact that an old map is not valid anymore and 
that the driver must now drive manually. This is a current 
focus of research. Furthermore, the updating of an old map 
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needs to become a seamless and automated process, as road 
environments are surprisingly dynamic and can change 
quite often. An automated updating process of the map, for 
example, could in the future be realized through cloud com-
puting applications using a backend server.

Achieving a robust and highly available localization is 
also quite a challenge. The HAD prototypes in this project 
used a differential GPS (DGPS) to aid in the localization 
process. DGPS allows for a lane-accurate initial localiza-
tion hypothesis for finding the correct position in the map. 
Once localized in the map, DGPS was only necessary when 
landmark features were sparse or difficult to detect. Due to 
the high costs of DGPS and the need for robust localization 
despite many uncertainties, the algorithms for localization 
still need to be improved.

Another challenge of mapping is dealing with maps on 
a large-scale. Maps will eventually need to be generated 
for all of the highways in a given country or continent, in 
order to have a wide offering of HAD. This requires the col-
lection of more detailed data than what is currently used in 
today’s navigation maps. These maps will also need to be 
kept up-to-date on a much larger scale, where the subscrip-
tion-based model of today’s navigation maps will not suf-
fice. New business models need to be developed and new 
technical challenges will need to be solved in order to reach 
a largescale availability of high-precision digital maps for 
automated driving. The advantage is that even if not all of 
the vehicles have an automated driving  system, older sys-
tems, such as incar navigation, can be vastly improved using 
these new maps.

The above problem leads to another issue with large-
scale mapping: standardization. Currently, all of the 
automobile manufacturers, institutes and universities re-
searching in automated driving are generating their own 
maps in their own format, specific to their version of an 
automated driving system. There are quite a few similari-
ties between the different approaches, but also a few dif-
ferences. Maps on such a large-scale, such that they can be 
used in production vehicles, will need to go through a stan-
dardization process, with the cooperation of the automobile 
manufacturers working together in a consortium for speci-
fying the requirements and format of the maps. This will 
reduce complexity and vastly reduce costs if a standard for 
the high-precision maps needed in automated driving can 
be developed.

E. Driver Overtake Scenario
With HAD, it is assumed that the driver can be out-of-
theloop and is not continuously monitoring the system 
[16], [17]. However, the HAD system may still reach a limit, 
which will require the driver to takeover manual control 
of the vehicle. How these overtaking scenarios should hap-
pen are still an open research topic. One problem is that 
it is still undetermined how long a driver needs to safely 

take over manual control [22]. Another issue is how does 
the system notify the driver about the necessity to take over 
control. The overtaking process needs to be transparent 
and completely understandable by the driver, such that no 
mode confusion occurs. It is critical that the driver is able 
to react correctly to the presented situation at the time of 
overtaking manual control. These problems are current 
research topics in the human factors field of automated 
driving. Currently, studies are being done with test per-
sons in dynamic driving simulators in order to understand 
a person’s reaction to, and understanding of, overtaking 
scenarios [22].

F. Limits of Sensor Range and Capability
It is assumed that automated driving can be made available 
with a maximum speed of 130 km/h, the highest allowed 
speed limit on European highways. At this speed, and con-
sidering the time required for a driver to manually take 
over control at a system limit, a theoretical requirement on 
the sensor range can be derived for which a HAD vehicle 
must at all times be capable of avoiding a collision using 
solely the on board sensors. Depending on the derivation, 
today’s sensors either do not meet the requirement or only 
do so very slightly. Therefore, some scenarios can become 
critical, where the complete driver overtaking time cannot 
be guaranteed. An increase in comfort, especially in driver 
overtaking scenarios, could be achieved by extending the 
range of sensors through other means, for example car-to-
X communication.

Additionally, sensors must improve in reliability and 
redundancy, such that even by sensor failures, the HAD 
vehicle is able to continue long enough until the driver has 
overtaken control or the vehicle comes to a safe and com-
plete stop. Sensors must also improve in their ability to esti-
mate their own capability, such that a HAD system, which 
must guarantee collision-free driving for at least as long as it 
takes to come to a stop, can adapt itself based on the current 
overall capability the sensors.

G. Challenges in Perception Algorithms
Perception algorithms have come a long way in recent years. 
However, challenges still remain in achieving the robust-
ness and reliability required for HAD.

Detection of vehicles has become quite reliable with 
driver assistance system such as ACC. However, with a 
360º object detection, some work still needs to be done. 
Getting reliable object detection such that a distinct and 
reliable lane association can be made is still challenging, 
especially at distances greater than 100 m on a curvy road. 
False object association can lead to an incorrect reaction 
by the driving strategy. Additionally, the problem of false 
positives still remains, especially when a lane closely bor-
ders a road boundary, for example, in tight spaces on a con-
struction site.
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As mentioned in Sec. IV-C, a challenge in the grid-rep-
resentations is the static-world assumption of occupancy 
grids, which cannot be guaranteed with traditional algo-
rithms. In order to make full use of a static obstacle occu-
pancy grid, no dynamic object artifacts can occur. Ensuring 
that a grid only contains static obstacles allows it to be used 
for more advanced motion planning algorithms, where an 
automated driving system would be able to react to unclas-
sified objects that are difficult to model using traditional 
object tracking algorithms. It is therefore important to 
further develop algorithms that successfully separate the 
model-based dynamic-world with that of the static grid-
based representation.

Perception of the road can also be quite challenging, 
especially in scenarios such as road construction sites. 
Currently, only limited landmarks, such as lane mark-
ing and road boundaries, are detected, which may not be 
reliable in all situations. Detecting discontinuous road 
boundaries, such those outlined with traffic cones, is also 
quite difficult. The simple polynomial models typically 
used also cannot represent more difficult road scenarios, 
such as S-curves. New detection possibilities of the road 
infrastructure are required, not only to increase robust-
ness, but also as a means of interpretation and plausibility 
checks against other detected aspects of the road. Different 
sources of information about the road need to be detected, 
but then also combined together and interpreted in order 
to obtain a uniform representation and model of the road 
environment, as required for automated driving, espe-
cially in cases where the high-precision map is temporar-
ily inaccurate.

H. Validation and Certification
Next to the technical challenges for HAD, the validation 
and certification processes required in order to bring such 
technology into production vehicles is arguably an even 
bigger challenge. Validation of an automotive electronic 
system, including driver assistance systems, require a 
thorough validation and testing process. The standard 
ISO 26262 is a functional safety standard for road vehicles, 
which describes the requirements that automobile manu-
facturers and the automotive suppliers need to follow in 
order to safely certify their components and systems. HAD 
will need to meet the toughest requirements by such stan-
dards, as a software or hardware error could be critical 
and result in a fatal injury if the system fails at the wrong 
time and in the wrong situation. This requires extensive 
testing at the component (hardware and software) and sys-
tem level, where, theoretically, thousands and thousands 
of kilometers need to be driven to validate the system. With 
traditional validation and testing processes, it will be quite 
difficult to meet the necessary requirements in a realistic 
development time frame. Therefore, the automotive indus-
try must develop new processes that can validate HAD. 

Such new processes need to be developed by the automo-
bile manufacturers, but also together with the automotive 
suppliers, such that HAD can one day become a reality in 
production vehicles.

VIII. Latest Developments
The above sections described the current state of the HAD 
system. Many areas of the system are continually being 
worked on and improved on in order to increase safety, com-
fort, robustness and availability of the system. In this sec-
tion, the latest developments in several areas of the system 
are described.

A. Dynamic Grids
In [42], a novel environment perception approach was 
presented that estimates the static as well as the dynamic 
environment at the same time in a grid-based model. 
Similar to occupancy grid mapping [31], the environment 
is divided into a number of cells. Differently though, a 
Dempster-Shafer model is used with a 3-class frame of 
discernment

 { , , }F S DH =  (2)

which represents hypothesis for free space, for static occu-
pancy and for dynamic occupancy.

First, the dynamic environment is estimated using a par-
ticle filter framework, that builds upon ideas from [43], and 
evidences for the dynamic and the static environment are 
deduced. Then, in a single frame these evidences are com-
bined with free space information that comes from a scan 
grid that is built from the sensor data. The combination is 
done using the non-normalized Dempster’s rule of combi-
nation, where the conflicts are explicitly resolved. The tem-
poral filtering is done using a weighted version of Jøsang’s 
cumulative operator [44].

Fig. 15 shows some of the results. The benefit of the 
approach is that uncertainty of whether sensor measure-
ments belong to static or to dynamic objects can be inte-
grated and does therefore not need to be binary. The 
dynamic and the static environment are estimated simul-
taneously in a uniform representation, rather than using, 
what is often done, a model-based approach for tracking the 
dynamic world and a grid-based approach for mapping the 
static world, relying on the static/dynamic classification of 
the former.

B. Real-Time Road Model Estimation
Usually, the road model is stored in a high-precision digi-
tal map, as described in Sec. V, and is used for localiza-
tion, situation evaluation, prediction, decision-making 
and motion planning. However, the map may be invalid 
or inaccurate, for example due to a new construction site, 
where the stored road model does not match the current 
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road environment. Therefore, it is necessary to estimate 
a real-time road model using only the vehicle’s on-board 
sensors. Typically, landmarks such as lane markings and 
road boundaries, as described in Sec. V-B, are detected. In 
this section, two novel approaches for detecting aspects of 
the road model are presented, where the approaches do not 
directly detect landmarks, but extract and interpret them 
from other types of data.
1) Grid-based Road Course and Road Boundary Esti-

mation: As mentioned, typical approaches work with 
featurebased lane marking as well as road boundary 
detection using cameras [34]. In complex, unstruc-
tured environments, however, lane marking and road 
boundary detection systems still have difficulties. For 
example, in construction sites, temporary lane mark-
ings may exist, making it difficult to detect the correct 
markings. Road boundaries are also not always con-
sistent and may be continuous structures or sparse 
structures, such as cones, making the detection of road 
boundaries with previous grid-based approaches dif-
ficult as well [45]–[47].
  The new approach uses path planning on a static 
obstacle occupancy grid to yield boundary separators 
that are then used to extract the road boundaries [48]. 
Since the goal pose is not known, as this would imply 
knowing a position on the road which is to be estimated, 
a path planner was developed that efficiently finds feasi-
ble paths [49]. The most compute-intensive part in many 
motion planning algorithms, especially in grid-based 
environment representations, is checking for collisions 
and evaluating workspace costs. Therefore, two novel 

algorithms for the real-time calculation of the configu-
ration space costs were developed, allowing the cost and 
collision evaluation of a particular configuration, incor-
porating the entire vehicle geometry, to be performed 
with a single look-up [50].
  Fig. 16 shows some of the results in a simulated road 
construction site with several different types of road 
boundaries such as traffic cones, parked vehicles and 
bushes. Shown are the paths from the path planner 
(blue), the extracted boundary cells (colored pyramids), 
the continuous semantic road boundary and smoothed 
center-line trajectory (green). The approach can han-
dle curves with strong curvatures, S-shaped curves and 
branches.

2) Lane Boundary Estimation using the Movement of 
Dynamic Objects: The history of detected dynamic 
objects can also be used to estimate aspects of the 
road model, particularly the lane boundaries on which 
objects are moving. In contrast to the grid-based 
methods, where the hard boundaries of the road are 
estimated, this approach is capable of estimating the 
borders of all of the lanes on which dynamic objects 
are currently observed. The underlying assumption 
behind this approach is that all vehicles drive within 
valid lanes. The advantage of this approach is that a 
redundant source of information about the lanes is 
available and can also be used in situations where 
lane markings may not be available or where the traf-
fic is ignoring the lane marking due to a unique road 
situation. Results of such an algorithm is shown in 
Fig. 17.

(b)(a)

(d)(c)

FIG 15 Results from the grid-based mapping and tracking [42]. The 
dynamic and the static environment are estimated simultaneously in a 
uniform, grid-based representation. It allows the integration of 
uncertainties of whether sensor data is static or dynamic. (a) Uniform 
static and dynamic environment representation. (b) Estimated velocities, 
color coded. (c) Standard Bayesian occupancy grid. (d) Reference image.

(a)

(b)

FIG 16 Road course estimation [48] in an unknown environment showing 
a simulated road construction site. The approach is capable of 
representing strong curves, (a), as well as branches, (b) and can deal 
with arbitrary obstacle-based road boundaries such as parked vehicles, 
bushes or traffic cones.



IEEE IntEllIgEnt transportatIon systEms magazInE  •  54  •  Spring 2015

C. Grid-Based Mapping and Localization
The current mapping approach uses a feature map, where 
feature vectors are stored in a database and used to update 
a Kalman filter for position estimation. This approach, 
however, has its limits once the vehicle’s environment 
becomes more complex. A key problem is data associa-
tion between the map and the detected features. There-
fore, current research is focusing on a generic localization 
approach based on probabilistic maps [51] and scan-match-
ing algorithms [52].

With the scan-matching algorithm, localization can be 
achieved using two types of data: environment grid data 
or environment feature data. As described in Sec. IV-C, a 
generic grid-based representation can be generated of the 
ground using sensor data. This complete grid can be accu-
mulated over a larger area and saved into a database, where 
the grid data can later be used by the HAD system for local-
ization. Such a grid-based data sample from a map is shown 
in Fig. 18a. Another option is to still save feature data into 
the map, but as an intermediate step convert the feature data 
into a grid-based representation, where the same matching 
algorithms can be used for localization. This results in simi-
lar accuracy, but a vastly reduced size of the map. Examples 
of such grid maps are shown in Fig. 18.

Initial results have been promising for this approach. 
The next generation of maps and localization algorithms 
will use this approach, which should also be viable for 
more complex driving scenarios, such as country roads or 
city driving.

D. Hierarchical GraphSLAM for Large-Scale Map Generation
Once maps become larger, the number of nodes required 
in the graph for generating the map increases drasti-
cally. Considering that maps need to be made for com-
plete countries and continents, a hierarchical approach is 
required for solving the mapping problem. The idea is to 
break down a large graph into regional sub-graphs. Each 
sub-graph is solved and condensed into a smaller graph 
with just a few variables. This process can be hierarchi-
cally repeated until the highest hierarchical level has few 
enough variables such that it is computationally solvable. 
The solution from the highest hierarchical level can then 
be back-propagated into the lower levels to solve the com-
plete mapping problem at a large scale. The concept of 
this hierarchical approach is shown in Fig. 19. It can be 
shown that a hierarchical approach is equivalent to solv-
ing a non-hierarchical graph with the same nodes. Using 
such an approach, it may be possible to generate and store 
maps for very large areas.

E. Vehicle Maneuver Prediction
For a forward-looking decision-making process in the 
driving strategy, a robust and computationally efficient 
maneuver prediction of other road users is required. 
Therefore, an early response to critical events (for exam-
ple, cut-in vehicles) is made possible. For highway sce-
narios, the velocities in the longitudinal direction can be 
approximately assumed to be constant for a small pre-
diction horizon. However, this assumption is not valid 
in the lateral direction due to the fact that lane change 
maneuvers have a non-linear behavior. Therefore, a sep-
arate prediction model is needed which determines the 
probability of a lane change | f ,P Ci^ h  where Ci  is the 
set of possible lateral maneuvers and f  is the measured 
feature vector for estimating these maneuvers. For lat-
eral maneuver prediction, a feature vector consisting of 
the lateral distance to the center of the lane and lateral 
velocity in the lane-relative coordinate system is used. As 
a classifier, a Bayes classifier is used. This approach pro-
vides a suitable framework for further extensions. Results 
of the lateral maneuver prediction and its application in 
the driving strategy can be found in [53].

FIG 17 Lane boundary estimation (orange lines) using solely the 
movement history of dynamic objects, overlaid with the high-precision 
digital map described in Sec. V-C. Note that the two bottom lanes are not 
part of the digital map.

(a) (b)

FIG 18 Grid-based mapping approach with sensor ground grids (a) and 
feature-grids (b).

G2

G1

G0

FIG 19 A hierarchical approach to GraphSLAM in order to reduce the 
computation and complexity needed for larger-scale map generation.
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F. Impact Evaluation of Highly Automated Vehicles (HAV)  
in Traffic Flow on Highways
To find out how the traffic performance parameters will 
alter while HAV drives in traffic, the PELOPS software is 
improved to handle several HAV simultaneously. With the 
new controller there is a possibility to make scenarios with 
different penetration rates (up to 100%) to observe interac-
tions between HAV vehicles and vehicles with driver mod-
els in PELOPS. This gives the opportunity to compare traf-
fic efficiency and safety measures in different scenarios by 
means of microscopic traffic simulation.

IX. Conclusion
Over the past few years, a lot of progress has been made 
in automated driving applications. BMW has been testing 
automated driving on highways in Germany since 2011. 
This paper presented the architecture and algorithms 
developed in the HAD prototypes, along with some discus-
sions on the results and lessons learned. The HAD proto-
types are still on going testing and are being continuously 
improved. Although there have been major improvements 
in the last decade, all aspects of the automated driving 
system, including perception, localization, decision-mak-
ing and path planning algorithms, still need to be further 
developed in order to bridge the gap between robotics 
research and a customer-ready system. The next big steps 
will be to focus on the industrialization of HAD technology: 
what needs to be done to get such technology into produc-
tion vehicles? In this area, there is still a lot of work to be 
done, especially in the area of validation/certification and 
the generation of large-scale digital maps. However, before 
HAD goes into production, partially automated driving sys-
tems, such as the traffic jam assistant, are already going 
into production today, and more such partially automated 
driver assistance system will make it to market in the com-
ing years.
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