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Abstract— Increasing the reliability of sensor data, especially
in collision avoidance applications, is of great importance and
involves the development of different sensor fusion methods. To
reduce the limitations and disadvantages of common fusion
methods and their challenges with respect to highly automated
driving, this paper proposes a statistical model of sensor data
distribution and a new algorithm for multi-sensor data fusion
according to specific detected driving situations. To this end, a
scene catalogue consisting of four different traffic scenarios is
modeled in a specific ADAS simulator. The analysis showed
that, considering a specific road situation, the combination of
sensor data as well as its training resulted in an increase in
detection performance and position accuracy.

Figure 1. This simulation chain shows the steps that should be considered
to develop an autonomous system for decision making. It consists of 6
phases: Simulation, Sensor Data Fusion, Classification, Navigation, Driving
dynamics, and In-crash phase.

I. INTRODUCTION

engineering, robotics, pattern recognition, radar tracking,
remote sensing, traffic control, aerospace systems, law
enforcement, medicine, finance, metrology, and geo-science
[11], [12].

As stated by the Eurostat website, total fatalities due to
road traffic accidents in the EU saw a 45 % decrease between
2004 and 2014, but even considering this decrease, slightly
over 25 thousand persons lost their lives in road accidents in
2014 [1] (see also [2]). Therefore, increasing road-related
safety is a very pressing issue that concerns not only the
European Commission, but also car manufactures and
researchers in the field. In this regard, sensor technologies
have been used actively and/or passively to perceive
surrounding vehicles' for Advanced Driver Assistance
Systems (ADAS) in the ITS domain, and more particularly in
collision avoidance applications [3-5].

To approach decision making for an autonomous system
using sensors the first step is simulation, where the exact
values from all sensors are known. Then it is possible to
develop several scenes with different sensor sets and the
probability distribution of sensor output can be obtained.
Sensor data fusion helps to classify a potentially unsafe
situation more precisely by using the virtual sensor model
output, so that the system is able to take the appropriate
measure, for example by warning the driver. As shown in
Fig. 1, more precise sensor data fusion increases the accuracy
of the classification of the situation and consequently
improves safety by guiding the driver accordingly.

In vehicle engineering in general, and in active safety in
particular, the reliability of sensor data is critically important.
To have a real picture of a vehicle’s environment and in order
to make the system more robust, multi-sensor data fusion
(MSDF) is used frequently [6], [7]. To increase accuracy and
reliability of the active safety systems, it is necessary to know
the distribution probabilities of the sensor data. To address
the limitations, disadvantages and challenges with respect to
highly automated driving of the common fusion methods, this
paper proposes a new algorithm for multi-sensor data fusion
based on a statistical model of sensor data distribution.

In order to provide a methodology to improve road safety
detection-related applications, we define the following
hypotheses:

In the term multi-sensor data fusion, “multi-sensor”
reflects that the data fusion integrates multiple sensors. The
second part involves combining data or information in order
to estimate or predict the state of a considered object [8].
There are other terms for multi-sensor data fusion, such as
data fusion, sensor fusion, multi-source integration and
information fusion [9], [10]. The origin of sensor fusion
technology lies in the field of military technology, but
recently, multi-sensor data fusion techniques have been
successfully applied to non-military fields like maintenance
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A mathematical relationship can be determined from
the combination of different sensor data and related
performance.



The result of the sensor data fusion algorithm is
always closer to reality than the single sensor output.

The first hypothesis means we can find a mathematical
relationship between measured distance deviation and real
data, depending on the respective driving situation. And the
second one states that the distance data obtained by the
sensor data fusion algorithm is always closer to reality than
the measurements of each single sensor.
This paper is organized as follows: section II presents
related works in the field; section III presents the
implemented methodology; evaluation results are shown in
section IV; section V concludes the paper by summarizing
and discussing the work and suggesting future work in this
field.
II. RELATED WORK
Numerous projects have been dedicated to the study of
MSDF for active safety applications [13-16]. In all of the
proposed systems, a limited number of sensors were used and
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the focus was on only one specific algorithm. Although the
number of sensors in this work is also limited, it can be used
in any active safety application.
Some of the algorithms used for MSDF are DempsterShafer Theory [17-21], Kalman filter [22-26], Clustering
[27], Bayesian rules [28-30], and Fuzzy logic [31]. Most of
the works are based on the Kalman filter algorithm due to its
noise filtering capabilities and good performance. Authors in
[23] compared 3 different algorithms based on the Kalman
Filter showing that the state vector fusion performed the best
compared to measurement fusion and gain fusion. In [22]
continuous-time decentralized Kalman filters (DKF) are used
as data fusion devices on local subsystems. In [32] the
authors defined the first sensor as the detection sensor and the
second as the validation sensor, and then used the algorithms
defined in [33] for fusion. The proposed fusion system
provided three types of services:






“Time alignment: to compensate for the individual
time delays from several asynchronous sensors and
the motion of both the targets and the ego vehicle
during these delays”.
“Object state fusion: the combination of several
single sensor estimates or measurements into a single
estimate”.
“Virtual sensors: the creation of specific estimates
that either are not available from a single sensor or
cannot be measured at a reasonable cost”.

As the authors in [32] stated, the focus of their work was
a flexible fusion system that makes it possible to add new
sensors to the sensor set. The main task of the proposed
fusion method is increasing the accuracy of sensor output,
specifically the position of detected objects.
In a further work the authors in [34] used laser and
camera sensor combination in order to boost the advantage of
laser scanners and mitigate the weakness of camera sensors.
To this end, they relied on the counter detection algorithm for
camera and clustering for laser scanner.
The work described in this paper also focuses on fusion
algorithms based on a laser and camera sensor combination,
but considers diverse traffic scenarios and situations. The
fusion function is explained in the following section.
III. METHODOLOGY
There are usually two steps to develop a new system
before putting it into practice in the automotive industry;
simulation analyses and estimates of the proposed system’s
technical developments. Simulation enables developers to
overcome possible faults in an early stage [35]. To this end
we first generated the scenes through a scenario catalogue
simulated on the Scene Suite simulation by IAV GmbH [36].
Then we developed the MSDF algorithm. Before these two
stages, sensor selection took place in order to make the
simulation as realistic as possible.
A. Sensors Selection
In this study, we focused on laser scanner (lidar) and
camera. If a camera is available in 80-90 percent of road

situations, adding a laser scanner can cover the remaining
percentage, in situations such as dense fog or heavy rain [37].
The decision to use a laser scanner was influenced by its
being considered an important sensor for use in future
Advanced Driving Assistant Systems (ADAS), as well as the
fact that its benefits with respect to realistic simulation have
been already investigated [38]. The laser scanner has a
variable viewing angle. As its measurements are taken many
times with a rotating sensor in all directions, the result is a
scanned planar slice. This process can be done many times
within one second (5-50Hz). As a consequence it is possible
create a real time view of the surroundings [39].
The laser scanner that we modelled in the Scene Suite
simulation was based on the specific, real Ibeo Lux sensor
that was specifically designed for ADAS applications, which
has the following characteristics [39]:
• Range up to 120m
• Up to 3 distance measurements per shot
• Embedded object tracking
• Wide horizontal field of view: 2 layers: 110° (50° to 60°), 4 layers: 85° (35° to -50°)
• Vertical field of view: 3.2°
• Multi-layer: 4 parallel scanning layers
• Data update rate: 12.5/ 25.0/ 50.0 Hz
• Operating temperature range: -40 to 85 ºC
• Accuracy (distance independent): 10 cm
Angular resolution:
• Horizontal: up to 0.125°
• Vertical: 0.8°
• Distance Resolution: 4 cm
Cameras are the most precise mechanisms used to capture
data at high resolution. Like human eyes, cameras capture the
scene with details that other sensors like radar, ultrasonic and
lasers cannot detect.
To keep the simulation as simple as possible, as the
vision- based device we selected the monocular camera
model Magna EYERIS Gen 2.5 (characteristics listed below).
The system and analytics of this type of camera can identify
lanes, pedestrians, many traffic signs and other vehicles in the
path with good accuracy [40].
• Field of View 46 °
• Initial Vehicle Detection(max) 70-90 m
• Vehicle Tracking(max) 130 m
• Pedestrian Detection Day 45 m
B. Scenario Catalogue
Modelling and simulation has proven to be very
important in evaluating systems, and are considered the first
steps in introducing and developing a new system [35]. To
this end, we simulated four different complex scenarios in the
ADAS catalogue (via IAV Scene Suite), which we then

TABLE I.

SCENARIO CATALOGUE

No.

Scenario

1.

Overtaking

Ego
vehicle
is
following a car.
Car is following a
motorbike.
Motorbike
breaks
heavily.
Car overtakes the
motorbike.

2.

Turning

Ego is turning left.
Two cars are in the
lane.
There is an object
beside the road.

3.

Parking
Area

Ego is driving with
constant speed in a
parking area.
All cars are parked.
A pedestrian runs
into the street.

4.

Merged
Objects

Illustration

Description

Figure 2. Overview of the proposed fusion method

Ego is following to
motorbikes
with
different speeds.

analyzed and evaluated (Table 1). The color code of the ego
vehicle is blue. Two sensors (laser scanner and camera mono)
are mounted on the vehicle. The detected area of the laser
scanner is red and the detection range of the camera is shown
in blue.
C. Proposed Fusion Method
There are two main variables to resolve when designing
MSDF: the representation of sensor output and the fusion
method of multiple sensors [17]. To deal with the first issue,
IAV Scene Suite is used, where the sensor outputs are
available as an .xml file. The proposed fusion method is
based on a statistical analysis of sensor data and can be
summarized as follows (Fig. 2).


For each scenario in all timestamps the mean value
of sensors’ output for each detected object is
calculated.



The difference between the mean value and the exact
position of each detected object is considered. (An
example for overtaking scenario is illustrated in Fig.
3.)



To reduce the deviation from the exact position a
deviation function is calculated. (An example for
overtaking scenario is illustrated in Fig. 4.)



The deviation function is added to the mean value.



The calculated function(s) is/are saved in a library for
each specific situation. Running again the simulation
calls the related function to fuse the sensor’s data
accordingly.

Figure 3. Overtaking scenario. Differences between the exact positions of
random points detected by the laser scanner. Blue points are related to the
object 1 (motorcycle), which can be detected after overtaking the car. The
change in vehicle points (shifting up) and motorcycle (shifting down) are
related to their speed. Both the vehicle and the motorcycle are decelerating.

D. Evaluation
We evaluated the fusion model for accuracy and
reliability of the fusion algorithm comparing it with single
sensors and the most common fusion algorithm, the Kalman
Filter. To determine accuracy, the sensor output from the
simulation is compared with the exact position of the related
object by plotting them on a chart. The resulting calculated
fusion is also plotted on the same chart. The Kalman filter
was applied on the sensor output from the simulation for data
fusion using MATLAB software. First, the Kalman filter
code was developed and then Kalman filter fusion results
were obtained by using the sensors output as the MATLAB
code input.
E. Mathematical Model for MSDF
To mathematically represent the behavior of the MSDF
system and determine the structure of the fusion model
through equations, we analyzed the information obtained
from the four mentioned scenarios (Table 1). The resulting
specification is described in the next section.

need for fusion. Only a deviation function can be used to
reach a better result.
3) Parking Area Scenario




T = -0.20827t – 1.0368

4) Merging Scenario

Figure 4. Overtaking scenario. Deviation of the object 1, the motorcycle
(blue) and object 2, the vehicle (orange), are shown and compared with
different T functions. For both objects, polynomial equation caused a high
deviation. However, linear and logarithmic equations caused a deviation
decrease.

IV. RESULTS
A. MSDF Algorithm
After detecting the specified scenario, following
equations (1) and (2) were used to find the most reliable
position;
P = R(ave.) +T



P is the exact position of each object (average of all
detected points by the perfect sensor related to each object).
T is the deviation function.


R(ave.) = Ave.(R1,R2)

At first, object 1, the occluded object that has more
distance from the ego vehicle at the beginning, is occluded by
the object 2. Then some points from object 1 become
detectable, and by increasing the distance between the two
objects and the ego vehicle, both objects 1 and 2 are merged,
being detected as one vehicle.
a)

Occlusion situation:



Object 1: T = 0.4332t + 0.0323



Object 2: T = 0.105t + 0.9433
b)


  

Without occlusion:



T = 0.01025t + 0.96745
c)



Merged objects

Object 1: T = -0.58t3 + 7.1481t2 – 29.077t + 39.914

(12)

Object2: T = -0.6122t4 + 9.9818t3 – 60.563t2 + 161.88t
– 159.79





Where, R1 (laser scanner) and R2 (camera) are the
average of all points that sensor 1 and 2 detect in each time
step (t). This means that instead of having many points
illustrating an object, we have an average point to show that
object.

B. Evaluation Results
Following the approach described in section III D, results
regarding the accuracy and reliability of the developed fusion
algorithm compared to single sensors and the Kalman filter
are shown in Table 2. The values were calculated as the

R1 = Ave.(R1)t 
 average of the absolute distance between the
detected/estimated position and the exact position over the

R2 = Ave.(R2)t
 time for each object in each scenario individually. Results
Each scenario might be divided into different situations. show a considerable gain in precision achieved by the
Therefore a different fusion function (T function) should be proposed sensor fusion model compared to single-sensor(s).
Furthermore, our model performed better than the Kalman
taken into account for each situation:
filter in 6 out of 7 cases. Fig. 5 and Fig. 6 depict as showcase
1) Overtaking Scenario
the overtaking scenario for individual sensors and Kalman
filter respectively.
a)



Before overtaking (ego is following a car that has
constant speed)


b)




During overtaking

Object with positive acceleration
T = -18.559t3 + 248.56t2 – 1103.5t + 1625.3



Object with negative acceleration
T = -5.0418t2 + 47.871t – 114.22

2) Turning Scenario
Due to lack of information from the camera, there is no



V. CONCLUSION AND FUTURE WORK

The methodology described in this paper provided the
results to answer the hypotheses defined in the introduction
and determine which sensor data fusion algorithm provides
 the best accuracy and reliability, considering the properties of
different sensor technologies and relevant situations for
automotive systems in road traffic.


For each scenario there is a specific relationship between
sensor output and the exact position that was calculated by
the functions used. Results showed that the sensor data fusion
algorithm is always closer to reality than the single sensor
input (Fig. 5).

TABLE II.
NUMERICAL RESULTS; COMPARING ACCURACY
OF THE PROPOSED MSDF ALGORITHM AND KALMAN FILTER.

also showed that the proposed fusion algorithm depending on
a currently detected driving situation reveals a better
performance than other algorithms like the Kalman filter
(Fig. 6). Comparing yellow points (Kalman filter result) with
the green ones (the exact position) shows more than 2m
deviation, where there is only some cm difference between
the exact position and our proposed algorithm result (black
points).
In contrast to the single sensors, the accurate outcome is
the result of reducing sensor shortcomings like delay, short
range, etc. and increasing their strength, such as larger field
of view (FOV). However, when compared with the Kalman
filter, the results are similar or better in specific situations
where the vehicle object is accelerating.
Future work will focus on the extension of detection
sensors and the addition of V2X communication in further
traffic scenarios.
ACKNOWLEDGMENT
This work was supported by
(Ingenieurgesellschaft Auto und Verkehr).

IAV

GmbH

REFERENCES
Eurostat (2016) ‘Statistics Explained’, Road safety statistics at
regional
level
[online],
available:
http://ec.europa.eu/eurostat/statisticsexplained/index.php/Road_safety_statistics_at_regional_level#Data_s
ources_and_availability [accessed Oct. 2016].
[2] ASIRT ‘Annual Global Road Crash Statistics’ [online] available:
https://asirt.org/initiatives/informing-road-users/road-safetyfacts/road-crash-statistics [accessed Nov. 2016].
[3] Herpel, T. , Lauer, C., German, R., and Salzberger, J. (2008) ‘Multisensor Data Fusion in Automotive Applications’ , IEEE, in 3rd
International Conference on Sensing Technology, Tainan, Taiwan,
2008, pp. 206-211, DOI: 10.1109/ICSENST.2008.4757100.
[4] Müller, F., Navajas, L. M., and Strang T. (2013) ‘Characterization of a
Laser Scanner Sensor for the Use as a Reference System in Vehicular
Relative Positioning’ in Berbineau, M., Jonsson, M., Bonnin, J.,
Cherkaoui, S., Aguado, M., Rico-Garcia, C., Ghannoum, H.,
Mehmood, R., Vinel, A., eds. ,Communication Technologies for
Vehicles: 5th International Workshop, Nets4Cars/Nets4Trains 2013,
Villeneuve d’Ascq, France, May 14-15, 2013. Proceedings,
Heidelberg: Springer Berlin Heidelberg, 146-158.
[5] Bengtsson, F. and Danielsson, L. (2008) ‘A Design Architecture For
Sensor Data Fusion Systems With Application To Automotive Safety’
Proceedings of 15th World Congress on ITS (2008), pp. 197-208.
Available: http://publications.lib.chalmers.se [accessed March 2016].
[6] Sans Sangorrin, J., Sparbert, J., Ahlrichs, U., Ahlrichs, U., Branz, W.
(2010) ‘Sensor Data Fusion for Active Safety Systems’ SAE Int. J.
Passeng. Cars - Electron. Electr. Syst. 3(2), pp.154-161, doi:
10.4271/2010-01-2332.
[7] Hoetzer, D., Freundt, D., Lucas, B. (2008) ‘Automotive Radar and
Vision Systems - Ready for the Mass Volume Market’ presented at
Vehicle Dynamics Expo 2008, USA, October 23, 2008.
[8] Steinberg, A. N. , Bowman, C. L. , and White, F. E. (1999) ‘Revisions
to the JDL data fusion model’ , SPIE Proceedings, Vol. 3719, 3/1999.
[9] Llinas J., and Waltz, E. ‘Multisensor Data Fusion’ Boston, MA:
Artech House, 1990. Vol. 685.
[10] Hall D., and Llinas, J. ‘An introduction to multisensor data fusion’ in
Proc. of IEEE, vol. 85, January 1997, pp. 6-23.
[11] Esteban, J., Starr, A., Willetts, R., Hannah, P., Bryanston-Cross, P.
(2005) ‘A Review of Data Fusion Models and Architectures: Towards
Engineering Guidelines’. UK, Manchester, The University of
Manchester School of Mechanical, Aerospace and Civil Engineering
Sackville Street, Vol. 14(4), pp. 273-281, DOI: 10.1007/s00521-0040463-7.
[1]

Figure 5. Comparing results of individual sensors and the fused data by
MSDF algorithm with the exact position for the vehicle object 2 when it is
overtaking (from 3.7 to 5 s).

Figure 6. Overtaking Scenario; Comparing fusion results of using Kalman
filter and the proposed MSDF algorithm for vehicle objet 2.

As it is shown in the picture, the sensors’ outputs (blue
and red points) have more than 2m deviation from the exact
position shown as the green points. In contrast, the proposed
fusion algorithm, which is explained in III C (black points),
provides less deviation from the exact position (<1m). We

[12] Khaleghi, B., Khamis, A., Karray, F. (2011) ‘Information Fusion‘
Jurnal Elsevier B.V. DOI: 10.1016/j.inffus.2011.08.001, available:
www.elsevier.com/locate/inffus [accessed March 2016]
[13] Labayrade, R., Royere, C., and Aubert, D. ‘A Collision Mitigation
System using Laser Scanner and Stereovision Fusion and its
Assessment’, Proc. of 2005 IEEE Intelligent Vehicle Symposium, Las
Vegas, Nevada, USA, June 6-8 2005, pp.441-446.
[14] Polychronopoulos, U. Scheunert, and F. Tango,’Centralized data
fusion for obstacle and road borders tracking in a collision warning
system’, Proc. of the ISIF 7th International Conference on Information
Fusion, Stockholm, Sweden, 28/06-01/07 2004, pp. 760-767.
[15] Blanc, L. Trassoudaine, Y. Le Guilloux, R. Moreira, ‘Track to track
fusion method applied to road obstacle detection’, Proc. of the ISIF
7th International Conference on Information Fusion, Stockholm,
Sweden, 28/06-01/07 2004, pp. 775-782.
[16] Coué, Th. Fraichard, P. Bessière and E. Mazer, ’Using Bayesian
Programming for Multi-Sensor Data Fusion in Automotive
Applications‘, Proc. of 2002 IEEE Intelligent Vehicle Symposium,
Versailles, France, June 18-20, 2002.
[17] Deng, X., Deng, Y., (2013) ‘Multisensor Information Fusion Based on
Dempster-shafer Theory and Power Average Operator’ Journal of
Computational Information Systems, Vol. 9(16), pp. 6417–6424,
available: http://www.Jofcis.com [accessed April 2016].
[18] Wu, H., Siegel, M., Stiefelhagen, R., Yang, J. (2002) ‘Sensor Fusion
Using Dempster-Shafer Theory‘ IEEE Instrumentation and
Measurement Technology Conference, Anchorage, AK, USA, 21-23
May 2002, pp. 7-12.
[19] Murphy, R. (1998) ‘Dempster-Shafer Theory for Sensor Fusion in
Autonomous Mobile Robots’ IEEE Transactions on Robotics and
Automation, Vol. 14, No. 2, April 1998, pp. 197-206.
[20] Shafer, G., A Mathematical Theory of Evidence, Princeton, NJ:
Princeton University Press, 1976.
[21] Demspter, A. P., “A Generalization of Bayesian Inference”, Journal of
Royal Statistical Society, B, Vol. 30, No. 2, 1968, pp. 205 – 247.
[22] Vershinin, Y. A. (2002) ‘A data fusion algorithm for multisensor
systems’, IEEE, in Proceedings of the Fifth International Conference
on Information, 2002, pp.341-345, DOI: 10.1109/ICIF.2002.1021172.
[23] Anitha, R. Renuka, S., and Abudhahir, A. (2013) ‘Multi Sensor Data
Fusion Algorithms for Target Tracking using Multiple
Measurements’. 2013 IEEE International Conference on
Computational Intelligence and Computing Research, Tamilnadu,
India, pp. 1 - 4, DOI: 10.1109/ICCIC.2013.6724283.
[24] Maybeck, P. S., Stochastic Models, Estimation and Control, Volume
1, Academic Press, Inc., 1979.
[25] Kalman, R. E., “A New Approach to Linear Filtering and Prediction
Problems”, Transactions of the ASME-Journal of Basic Engineering,
Vol. 82, Ser. D, 1960, pp. 35 – 45.
[26] Sasiadek, J. Z., “Sensor Fusion”, Annual Reviews in Control, Vol. 26,
2002, pp. 203-228.
[27] Wang, H., Liu, T., Bu, Q., Yang, B. (2016) ’An Algorithm based on
Hierarchical Clustering for Multi-target Tracking of Multi-sensor Data
Fusion’ IEEE Proceedings of the 35th Chinese Control Conference,
July 27-29, 2016, Chengdu, China, pp. 5106-5111.
[28] Coue, C., Fraichard, Th., Bessiere, P., and Mazer, E. (2002) ‘MultiSensor Data Fusion Using Bayesian Programming: an Automotive
Application’ Intelligent Vehicle Symposium, 2002. IEEE, Vol. 2,
Lausanne (CH), SeptemberOctober 2002, pp. 442 – 447.
[29] Coue, C., Fraichard, Th., Bessiere, P., and Mazer, E. (2002) ‘MultiSensor Data Fusion Using Bayesian Programming: an Automotive
Application’ Proceedings of the 2002 IEEE lRSl Inil. Conference on
Intelligent Robots and Systems EPFL, Vol. 1, Lausanne, Switzerland
October 2002, pp. 141 – 146.
[30] Luo, R. and Su, K., “A Review of High-Level Multisensor Fusion:
Approaches andApplications”, Proceedings of the IEEE International
Conference on Multisensor Fusion and Integration for Intelligent
Systems, 1999, pp. 25-31.
[31] Bloch, I., (1996) ‘Information combination operators for data fusion: a
comparative review with classification’ IEEE Transactions on SMC,
Part A: Systems and Humans, Vol. 26(1), pp. 52– 67.
[32] Labayrade, R. Perrolaz, M., Gruyer, D., and Aubert, D. (2012) ‘Sensor
Data Fusion for Road Obstacle Detection: A Validation Framework’,
France, University of Lyon, Ciza Thomas. Sensor Fusion and Its
Applications, in-tech / Sciyo, 2010, 978-953-307-101-5.

[33] Sandblom, F., and Sörstedt, J. (2014) ‘Sensor Data Fusion for
Multiple Configurations’ , 2014 IEEE Intelligent Vehicles Symposium
Proceedings, Dearborn, Michigan, USA, pp. 1325 - 1331, DOI:
10.1109/IVS.2014.6856557.
[34] Mahajan, S., Bhosale, R., Kulkarni, P.(2013) ‘Obstacle Detection
Using Mono Vision Camera andLaser Scanner’ , IJRET: International
Journal of Research in Engineering and Technology eISSN: 23191163 | pISSN: 2321-7308.
[35] Paulson, D., Kouvelis, P. and Li, R., 2011. Wiley Handbooks in
Operations Research and Management Science: Handbook of
Integrated Risk Management in Global Supply Chains. Hoboken.
[36] IAV
GmbH
‘Driver
Asistance
Systems’
,
available:
https://www.iav.com/node/8018
[37] Just-auto.com (2015) ‘Hella on tomorrow’s ADAS cameras and
sensors’ [online] available: http://www.just-auto.com/interview/hellaon-tomorrows-adas-cameras-and-sensors_id163761.aspx [accessed:
Jun. 2016].
[38] Hartrumpf, M. (2015) Bachelorthesis Maschinenbau mit Mechatronik,
Parametrierung eines synthetischen Sensormodells auf Grundlage
realen Sensorverhaltens im Automobilbereich‘. (B.c.) bbw
Hochschule, Berlin.
[39] Gáspár, P. Et al (2014) ‘Highly Automated Vehicle Systems’, BME
MOGI
ISBN
978-963-313-173-2,
available:
http://www.mogi.bme.hu/TAMOP/jarmurendszerek_iranyitasa_angol/
book.html [accessed Aug. 2016].
[40] Dubey, A. (2016) ‘Stereo vision-Facing the challenges and seeing the
opportunities for ADAS applications’ Texas Instruments, July 2016,
available: http://www.ti.com/lit/wp/spry300/spry300.pdf [accessed
Aug. 2016].

