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Overzicht 

Files vormen een belangrijk probleem in Nederland. Files kunnen verminderd worden door 
de wegcapaciteit te vergroten. Om de wegcapaciteit te vergroten kunnen ook de huidige 
wegen beter benut worden, iets wat bijvoorbeeld bereikt kan worden door chauffeurs advies 
te geven om hun rijgedrag aan te passen aan de optimale doorvoer van de weg. Met die reden 
is Connected Cruise Control (CCC), een High Tech Automotive Systems (HTAS) project, tot 
stand gekomen. 

Om files te verminderen wordt in dit project de chauffeur geadviseerd om specifiek gedrag te 
vertonen in bijvoorbeeld de keuze van rijbaan, volgafstand en snelheid. Om het optimale 
advies te kunnen creëren moet data van het voertuig gefuseerd worden om nauwkeurig de 
positie, richting en bewegingen van het voertuig in het verkeer te kunnen bepalen. Deze data
fusie bevat Global Position System (GSP) data in combinatie met driedimensionale 
bewegingsdata of data van Electronic Stability Control (ESC) sensoren. Hierbij hangt de 
combinatie af van de toegankelijkheid tot het Controller Area Network (CAN) van het 
voertuig. 

In dit project wordt een benchmark-methode voorgesteld die betrekking heeft op sensorfusie 
concepten. Deze methode kan bijvoorbeeld gebruikt worden voor de beoordeling van de 
verschillende sensorfusie concepten die voor het HT AS CCC project ontwikkeld zijn. De 
benchmark-methode omvat de bepaling van de belangrijke criteria en de implementatie van 
deze criteria. 

Een bepaald criterium, genaamd de 'kwaliteit van toestandschattingen', is uitvoerig 
bestudeerd. Daarvoor is er een benchmark raamwerk ontwikkeld wat geëvalueerd is met 
metingen die verkregen zijn uit experimenten met een testvoertuig. Het testvoertuig is 
uitgerust met extra en overtollige sensoren. Het benchmark raamwerk is voornamelijk getest 
met data van de beschikbare sensor systemen, een toestandschatter van TNO en een discrete
tijd Kalman filter, dat ontwikkeld is binnen het kader van dit project. Dit filter maakt gebruik 
van een fietsmodel representatie van het voertuig. 

Belangrijke voorbewerkingsstappen zijn ontwikkeld en gevalideerd, zoals: 
Sensor uitlijningsfouten 
Uitschieters in de metingen 
Verschillende bemonsteringssnelheden in de meetsystemen 
Verschillende montage posities van de sensoren 

De data van de sensoren is beoordeeld op tijdvertraging, nauwkeurigheid, prec1s1e en 
algemene prestatie. Door analyse van absolute- en voor tijdsvertraging gecorrigeerde fouten 
is aangetoond dat door gebruik van kruiscorrelaties een goede indicatie voor de 
tijdsvertraging verkregen kan worden. Door gebruik van interpolatie kunnen 
tijdsvertragingen in kleinere intervallen geschat worden. 

Verder is aangetoond dat het gebruikte raamwerk en de methodes ook een basis vormen voor 
het benchmarken van de andere criteria, zoals robuustheid, de zogenoemde 'parameter 
eenvoudigheid', Central Processing Unit (CPU) belasting en prijs. 
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Abstract 

An important problem in the Netherlands is traffic congestion. Congestion can be 
reduced by increasing road capacity. Therefore, better use of the existing roads could be 
made, which can be achieved by advising drivers how to adjust their behavior for the 
optima} throughput on the road. For this reason, Connected Cruise Control (CCC), a High 
Tech Automotive Systems (HTAS) project, has been initiated. 

In this project the driver is advised to show specific behavior, as for instance in the 
choice of lane, headway, and speed with the aim to rnitigate congestion. To create the 
optima} advice, in-car data should be fused to accurately deterrnine position, heading, and 
motion of the vehicle in the traffic environment. The data fusion incorporates Global 
Position System (GPS) data in combination with either three-dimensional motion data or 
data from Electronic Stability Control (ESC) sensors. The particular combination 
depends on accessibility to the Controller Area Network (CAN) on the vehicle. 

In this project a benchmark method regarding sensor fusion concepts is proposed, which 
can for instance be used to asses different sensor fusion concepts that are developed 
within the HTAS CCC project. This benchmark method entails deterrnination of 
important criteria as well as implementation of these criteria. 

One particular criterion named the 'Quality of estimates' is studied thoroughly. For this, a 
benchmark framework is developed and evaluated using measurements obtained in 
experiments performed on a test vehicle. The test vehicle is equipped with additional and 
redundant sensor systems. The benchmark framework is mainly tested using data of the 
available sensor systems, an estimator from TNO and a discrete time linear Kalman filter, 
which is designed in the scope of this project. This filter makes use of a bicycle model 
representation of the vehicle. 

Important pre-processing steps are created and validated, such as pre-processing for: 
Sensor alignment faults 
Spikes in measurements 
Different sample rates in measurement systems 
Different mounting positions of the sensors 

The sensory data is benchmarked in terms of time delay, accuracy, precision, and overall 
performance. By analyzing the absolute and time corrected errors, it is shown that using 
cross-correlation a good estimate of time delays can be achieved. By using interpolation, 
time delays are estimated at smaller time intervals. 

Furthermore, it is shown that the adopted framework and methods for the 'Quality of 
estimates' criterion are also a foundation for benchmarking of other quality criteria, such 
as robustness, the so-called parameters simplicity, Centra} Processing Unit (CPU) load 
and price. 
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Nomenclature 1 

Symbol Unit Description 

al rad Side slip angle of the front tyre 

a 2 rad Side slip angle of the rear tyre 

r rad Bearing angle 
ö rad Steering angle 
0 rad Pitch angle 
µ Friction coefficient 
r s Time constant 
(/J rad Roll angle 
lf/ rad Reading (yaw angle) 
{JJ rad/s Frequency 
a m Distance between front axle and the Centre Of Gravity (COG) 

ax m/s2 Longitudinal acceleration 
ay m/s2 Lateral acceleration 

az m/s2 Vertical acceleration 
b m Distance between rear axle and the Centre Of Gravity (COG) 

cfa l N/rad Comering stiffness of the front tyre 

c f a2 N/rad Comering stiffness of the rear tyre 

Fy1 N Lateral force of the front tyre 

Fy2 N Longitudinal force of the rear tyre 

l zz kgm2 Moment of inertia around the z axis 
l m Vehicle wheelbase 

m kg Vehicle mass 

m1 kg Mass of the front of the vehicle 
ffljl kg Mass of front left wheel 
mfr kg Mass of front right wheel 

mr kg Mass of the rear of the vehicle 
fflrJ kg Mass of rear left wheel 
fflrr kg Mass of rear right wheel 
p mor 0 Position 
r m Range 
s m Traveled distance 
t s Time 
u mis Longitudinal velocity 

1 Note that this nomenclature holds for the main text, in the appendices some symbols 
may be used with other descriptions in order to stay consistent with the used literature 
of different fields. This will be indicated in particular appendices. 
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V mis Lateral velocity 

V mis Vehicle velocity at the Centre Of Gravity (COG) 

Vj mis Vehicle velocity at the centre of front axle 

Vjl mis Longitudinal velocity of front left wheel 

Vjr mis Longitudinal velocity of front right wheel 

Vr mis Vehicle velocity at the centre of rear axle 

Vr/ mis Longitudinal velocity of rear left wheel 

Vrr mis Longitudinal velocity of rear right wheel 

Vx mis Velocity in x direction 

Vy mis Velocity in y direction 

Wj m Front track width 

Wr m Rear track width 

X Varying Longitudinal coordinate 

y Varying Lateral coordinate 

z Varying Vertical coordinate 

Vectors / matrices 

Symbol Size Description 

~measurement (mxl) Measurement noise vector 

~process (nxl) Process noise vector 

A (nxn) State matrix 

B (nxr) Input matrix 

C (mxn) Output matrix 

D (mxr) Feedthrough matrix 

K (nxm) Kalman gain matrix 
p (nxn) Error covariance estimate matrix 

Q (nxn) Process noise covariance matrix 

R (mxm) Measurement noise covariance matrix 

Us (rxl) Input vector 

Xs (nxl) State vector 

Ys (mxl) Output vector 
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1 Introduction 

In this chapter the background of this MSc project is explained. The project Connected 
Cruise Control (CCC) is discussed in section 1.1. The research goals for this thesis are 
presented in section 1.2. The structure of this thesis is given in section 1.3. 

1.1 Connected Cruise Control 

Information in this section is taken from (Arem, 2009). 

An important problem in the Netherlands is traffic congestion, see figure 1-1. Traffic 
congestions do not only result in a waste of time, delays, stress, and frustration, but also 
in a waste of fuel and unnecessary wear and tear on vehicles as a result of idling and extra 
accelerating and braking. A great part of the congestions is caused by human behavior, as 
the lirnited capabilities of humans can cause shock waves and traffic flow breakdown. 
For instance, often changing lanes or driving closely to the other vehicles increases the 
possibility of emergency braking maneuvers or accidents and therefore the possibility of 
shock waves and traffic flow breakdown. 

Figure 1-1: Traffic congestion 

Congestion can be reduced by increasing road capacity or by reducing traffic. The 
capacity of the road can not only be increased by widening the roads, but also by making 
better use of the existing ones. This can for instance be achieved by changing driver 
behavior. One way to achieve changing driver behavior could be to use Connected Cruise 
Control (CCC), a High Tech Automotive Systems (HTAS) project. 

In this project the aim is to advice the driver to show specific behavior, as for instance in 
the choice of lane, headway and speed in order to rnitigate congestion. Note that the 
system only advices the driver and does not intervene in his driving tasks, so the driver is 
responsible for the outcome of Connected Cruise Control. In order to compose the 
advices, information transmitted from equipped vehicles is required. 
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In order to ad vice the driver and obtain information about the actual state of the vehicle, a 
device will be placed inside the vehicle. By providing speed advice in the vehicle, a 
higher resolution in time and space is possible compared to Variable Message Signs 
(VMS), seefigure 1-2. 

Figure 1-2: Variable Message Signs 

The project is conducted by a consortium of Delft University of Technology (consortium 
leader), Eindhoven University of Technology, University of Twente, TNO, Clifford 
Electronics, NA VTEQ, NXP Semi conductors, and Technolution. The project is split into 
several work packages. 

One of the work packages is Work Package 4 (WP4). Apart of this work package deals 
with fusion of in-car data. The intention of fusion in-car data is to achieve a high 
accuracy of position, heading and motion of the vehicle in the traffic environment. The 
leader in this work package is TNO and the other participants are the Eindhoven 
University of Technology, NA VTEQ and Clifford. 

Work Package 4 is split into three tasks: 
■ Task 4.1: Vehicle State Estimation (VSE) 
■ Task 4.2: Environmental representation 
■ Task 4.3: Full data fusion 

Task 4.1 concerns sensor fusion based on a mechanica} representation of the vehicle. 
Sensor fusion entails combining the data from multiple sensors and related information. 

Two sensor fusion concepts will be developed based on Vehicle State Estimation: 
■ Concept 1: Global Position System (GPS) and three-dimensional motion data, 

a retrofit solution without connection to the Controller Area 
Network (CAN). 

■ Concept 2: Global Position System and Electronic Stability Control (ESC) 
sensors, a solution with connection to the Controller Area 
Network. 

In this task the Eindhoven University of Technology and TNO participate. The 
Eindhoven University of Technology focuses on concept 1 and TNO mainly extends their 
Vehicle State Estimator towards concept 2. There is however a close cooperation 
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between the development teams on joint topics, like Input/Output (1/0) specs, reference 
data, benchmarking etc. 

Task 4.2 concerns recognition and visual representation of the environment. In this task 
Clifford, NA VTEQ and the Eindhoven University of Technology participate. 

Task 4.3 concerns combining the results of task 4.1 and 4.2, a full data fusion, in order to 
obtain an accurate representation of the vehicle within the environment, that is to say 
traffic state. Depending on the benchmark results the solution of concept 1 and/or concept 
2 from task 4.1 will be combined with the solution from task 4.2. 

1.2 Objective of the project 

The objective for this graduation project is to develop a benchmark method for sensor 
fusion concepts, where the focus is on WP4.1. 

The development of the benchmark method entails determination of important criteria as 
well as implementation of these criteria. 

1.3 Structure of the thesis 

The project is based on navigation principles as well as vehicle states. Therefore, a 
literature research regarding navigation and vehicle states is made and discussed in 
Chapter 2. In order to obtain sensory data, a test vehicle is equipped with various sensors 
and experiments are performed, which is explained in Chapter 3. A vehicle state 
estimator setup is designed and discussed in Chapter 4. Benchmarking different sensors 
and estimators is discussed in Chapter 5. The conclusions and recommendations of this 
research are given in Chapter 6. 

Additional valuable information regarding the project can be read in the appendices, 
where also solutions of some practical issues are shown. 
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2 Literature survey 

In this chapter a literature survey in given. This survey is split in a part about navigation, 
see section 2. 1, and a part about obtaining vehicle dynamic states, which can be seen in 
section 2.2. Some results of the literature research on state-estimators can be seen in 
Chapter 4. The studied literature about benchmarking is too genera} to be discussed in 
this chapter and therefore implemented in Chapter 5. The conclusions of this chapter are 
given in section 2.3. 

2.1 Navigation 

Knowing the position of the vehicle on a road is important for the HTAC CCC project. In 
order to determine this position, navigation principles can be used. This can be position 
fixing principles, described in section 2.1.1, or dead reckoning principles, described in 
section 2.1. 2. In section 2.1.3 the bene fits of combining these principles are discussed. 
For this section (Graves, 2008) is used, unless mentioned differently. 

2.1.1 Position fixing principle 

In order to determine the position of a body, different position fixing principles can be 
used. For instance, ranges to known objects, hearings to known objects, or range and 
hearing to known objects can be used. For a two dimensional case, this is depicted in 
figure 2-1. 

North \ ~ ,' North 

Yi , , Y2-. ---- ' ' ~ ' ' 

A B 
Bearing 

A B A 
Ranging Range and hearing 

Figure 2-1: Bearing and ranging positionfixing methods 

A hearing is the angle between the line of sight to an object and North. So if one would 
know the positions of points A and B, and the hearings Yi and y2 , then position p can be 

determined by the intersection point of the lines from the reference objects in the 
direction of each hearing measurement. This can be seen in the 'Bearing' plot infigure 2-
1. If only radii are available, the position p can be determined by intersection of two 

circles centered at the reference points A and B with corresponding radii 'i and r2 • This 

can be seen in the 'Ranging' plot in figure 2-1. Note that generally there are two 
intersection points, so prior knowledge or a third range measurement may be needed. 
When the range and hearing are available, the position p is uniquely determined. This 

can be seen in the 'Ranging and hearing' part infigure 2-1. 
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In practice, for instance landmarks, waypoints, etc. at the current location can be 
compared with a map to determine the current position. However, a technique which is 
often used is the one of Global Navigation Satellite Systems (GNSSs). 

Global Navigation Satellite System (GNSS) 

In GNSS, ranges to satellites are used to determine the position. Therefore, a method is 
used which is known as 'GNSS trilateration' . 

The idea bebind this trilateration is shown in 
figure 2-2 (Mangnus, 2010). When the position 
(ps1) and distance (rsi) of satellite-emitter one 
are known, the receiver could be on the whole 
surface of sphere one. When the position Psz 
and distance rs2 are also known, the receiver 
could be on a path, defined by the crossing of 
the two spheres. This path is depicted in blue in 
the figure. Given the position PsJ and distance 
r.d, the receiver can only be on two positions, 
p I or p2. With use of a fourth sphere 
(determined by a satellite or the Earth's 
geometry), the exact place can be determined, 
as the altitude is known. 

Figure 2-2: GPS trilateration 

To determine the ranges to the satellites, the 'time-of-arrival' (TOA) concept is used. 
This concept entails measuring time it takes for a signa! transmitted by an emitter at a 
known location to reach a user receiver. This time interval, referred to as the signal 
propagation time, is then multiplied by the speed of the signal to obtain the emitter-to
receiver distance. The determined distance (range) is called the pseudorange; this is the 
distance to one satellite before being ranging error corrected. The ranging errors can be 
found in Appendix A . 

In GNSS a model for the Earth geometry is required. More information about different 
models for the Earth geometry is available in Appendix/. 

Advantages of using GNSS are high long-term position accuracy, with errors limited to a 
few meters. The position accuracy of a standard GPS device is about 10 meters (Ryu, 
2004). However, GNSS are subject toa fairly low update rate, for GPS this is 1 to 10 Hz 
(Ryu, 2004). The short-term noise of a position solution is high, and standard GNSS user 
equipment does not measure attitude. GNSS is also subject to jamming and outages, so 
GNSS cannot be relied upon to provide a continuous navigation solution. 

One well-known GNSS is the United States NAVSTAR Global Positioning System 
(GPS). 
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2.1.2 Dead reckoning 

Dead reckoning utilizes the concept of estimating a new position by using a previously 
determined position and the traveled distance, as can be seen in figure 2-3. The traveled 
distance sis measured in the body frame of coordinates. Therefore, for two-dimensional 
navigation, the heading f// of the body is required to obtain the direction of travel in the 
reference frame. Note that the initia] position and orientation are required as a reference 
point. Dead reckoning position is determined as the sum of a series of relative position 
measurements. Each of these measurements contains an error. As these errors are also 
summed, the error in the determined position can grow with time. If the heading is 
changing over the time, a smaller time-step in the position calculation may result in a 
more accurate navigation solution. 

y 

,.__....._..x 
Figure 2-3: Dead reckoning position estimation 

In this section two dead reckoning techniques are discussed. Dead reckoning with use of 
odometers is discussed first, dead reckoning with use of Inertial Navigation Systems 
(INS) is discussed in secondly. 

Use of odometers for dead reckoning 

An odometer is used to determine the speed and distance traveled by measuring the 
rotation of the wheels of the vehicle. Nowadays vehicles often have an odometer at each 
wheel, the so called wheel speed sensors (WSSs). These sensors are used for the safety 
system ABS (Anti-loek Braking System). Before every wheel was equipped with its own 
odometer, one odometer was fitted to the transmission shaft. 

A model for <lead reckoning for use with wheel speed sensors on all wheels can be seen 
infigure 2-4. In this model o is the steering angle, a is the distance between front axle 
and center of gravity, b is the distance between rear axle and center of gravity, w1 is the 

front track width and w, is the rear track width. Note that the steering angle on both front 
tyres is assumed to be equal. 

\' 

V 

b Cl 
ll 'r 

rf_ 

Figure 2-4: Modelfor dead reckoning 
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The wheel speeds are determined with odometers. In the model v,, is the speed of the 

rear right wheel, v ,1 of the rear left wheel, v 1, of the front right wheel, and v fl of the 

front left wheel. So the speed v, at the middle of the rear axle and the speed v I at the 

middle of the front axle can be determined using equations (2.1) and (2.2): 

1 
V r = 2 ( V rr + V rl ) • 

V f = _!_ (v fr + V Jl). 
2 

(2.1) 

(2.2) 

The yaw rate if/ can be determined using a gyroscope, using the wheel speed 
measurements from the rear wheel (2.3), or using the wheel speed measurements from 
the front wheel (2.4) . Note, the geometry belonging to (2.3) and (2.4) is shown infigure 
2-4. 

. v,, -vr1 
1/f = ---'-'-------'-'- ' (2.3) 

w, 

. V f r -V Jl . 
1/f=---',----,- ö 

w
1 

-cos(o) · 
(2.4) 

The speed v can now be determined in the frame of coordinates of the center of gravity, 
hereby using the speed v, in equation (2.5) or v I in equation (2.6) : 

(2.5) 

(2.6) 

The position in the reference frame can be determined using numerical integration. 
However, because the required sensor can suffer from bias and disturbances, severe 
drifting may be caused when the noised signals are integrated. 

Use of inertial navigation systems for dead reckoning 

An Inertial Navigation System (INS) is a three-dimensional dead reckoning navigation 
system which consists of a navigation processor and a set of inertial sensors. This set of 
inertial sensors, known as an lnertial Measurement Unit (IMU), usually consists of three 
accelerometers and three gyroscopes, as can be seen in figure 2-5. Accelerometers 
measure specific forces to determine accelerations and gyroscopes measure angular rate. 
Note that the roll rate is indicated with (p, the pitch rate with iJ, and the yaw rate with if/. 
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Yaw 
rate 

Pitch 
rate 

rate 

Figure 2-5: Inertial Measurement Unit 
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The inertial sensors may be grouped in five broad performance categories: marine, 
aviation, intermediate, tactical and automotive. The automotive grade is often known as 
the lowest grade of inertial sensors. The sensors are often sold as individual 
accelerometers and gyros instead of being sold as Inertial Measurement Units. The 
sensors are often not accurate enough for inertial navigation. 

The main advantages of inertial navigation are continuous operation, a relatively high 
bandwidth navigation solution, low short-term noise, provision of attitude, angular rate, 
acceleration measurements, velocity and position. A drawback is the error which is 
growing with time. 

2.1.3 Benefits of combining position fixing and dead reckoning fixing 

As can be seen in section 2.1.2, the error in the position solution of dead reckoning can 
grow with time. Dead reckoning also requires a known start location, hut it provides an 
uninterrupted navigation solution. Position fixing does not suffer from the error growth in 
the same way as dead reckoning. However position fixing solutions are generally not 
continuously available. These solutions also rely on components that are external to the 
user. To use the benefits of both methods, these techniques may be combined in a so
called integrated navigation system. 

A commonly used combination of dead reckoning and position fixing in an integrated 
navigation system, is the one of GNSS and INS. The benefits and drawbacks of INS and 
GNSS are complementary. Integrating both techniques gives the advantage of a 
continuous system with high-bandwidth. lt results in a complete navigation solution with 
high long- and short-term accuracy. The integration of GNSS and INS is also used in this 
project. 

2.2 Vehicle states 

In section 2.2.1 a genera} description of state estimation is given. In section 2.2.2 
methods for attaining vehicle dynamic states using a Global Navigation Satellite System 
(GNSS) and Inertial Navigation System (INS) are given. 
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2.2.1 Vehicle State Estimation 

State estimation is the process of mathematically determining an estimate of a system 
state-vector x (e.g., positions, velocities and accelerations). It is based on vector y of 
measurements (e.g., wheel speeds, accelerations, yaw rate), which is the output of the 
system, and on the vector of inputs to the system u (e.g., steer input, throttle, brakes), 
both related to the state. Each discrete sensor measurement is often referred to as an 
observation. State estimation is typically performed by computer-implemented 
mathematica} models, in a so called state-estimator, which will be discussed in Chapter 4. 
In order to provide estimations of the intemal states a mathematica} model of the real 
system is needed (Hall & Llinas, 2001 ). 

A scheme of the vehicle state estimation method used in this project is shown infigure 2-
6. Note that x denotes the vector of state-estimates. 

Inputu I, ~ Motions 

Vehicle Sensors 

Outputy 
► 

Figure 2-6: Vehicle state estimation 

Estimatex 

Estimator 

For the state estimation multiple sensors may be used. The data from these sensors is 
combined in order to give estimates of the states. Combining the data from multiple 
sensors and related information is called sensor fusion, whereby more specific inferences 
are achieved than were possible by using a single, independent sensor. 

The goals of the state estimation are (Scheepers, 2010): 
Estimating signals that are not measured directly. 
Compensating sensor inaccuracy and noise, and performing sensor fault detection. 
Cost saving by minimizing the number of required sensors and enabling the use of 
lower resolution sensors. 
Providing reliable and consistent input for vehicle control systems. 
Central source of information for vehicle control systems and other applications. 

2.2.2 Attaining vehicle dynamic states 

In order to attain vehicle dynamic states using a Global Navigation Satellite System 
(GNSS) and Inertial Navigation System (INS), there are seven methods that can be used. 

2 "The states of a system are those variables that provide a complete representation of 
the internal condition or status of the system at a given instant of time" (Simon, 2006, p. 
xxi). 
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These methods are mentioned and explained by (Tin Leung, Whidborne, Purdy & 
Dunoyer, 2010, chap. 5) and summarized in this section. 

Inertial Navigation System (INS) 

The measurements from the sensors of the INS can be integrated numerically to attain 
vehicle states, which is an indirect sensor approach. This integration is highly dependent 
on the sampling rate and precision of the sensor measurements. Normally the sensors 
suffer from bias and disturbances, so severe drifting may be caused when these noised 
signals are integrated. Note that comprehensively Electronic Stability Control (ESC) 
systems in vehicles have sensors that are commonly used in a two dimensional lnertial 
Navigation System (INS), like for instance the yaw rate, longitudinal- and lateral 
acceleration. 

Global Navigation Satellite System (GNSS) 

Vehicle states can be measured directly using a GNSS device, which is a direct sensor 
approach. With GNSS technology not only the position of the vehicle can be measured, 
but also the velocities using Doppler measurements. The heading angle, pitch angle, roll 
angle as well as raad grade can also be determined if multiple GNSS receivers are used 
on the vehicle. The common used GNSS is GPS, see section 2.1.1. The GPS data is 
subject to a fairly low sample frequency of typically 1 Hz and a position accuracy of 
about 10 meter (Ryu, 2004). GPS also suffers from the risk of jamming and outages in 
sheltered places. 

Vehicle model 

Vehicle states can be determined directly using a vehicle model. The vehicle model 
typically used is the two degrees of freedom (DOF) one track bicycle model. In this 
model identical motions on the left and right wheels are assumed and the tyre 
characteristics are assumed to be linear. More details about a bicycle model are given in 
section 4.1. In situations where the tyres behave nonlinearly and/or when the laad on the 
left and right tyres differs a lot, the bicycle model tends to suffer from inaccuracy. 
Therefore, for instance, a five degrees of freedom (DOF) twin track model can be used to 
determine laad on each wheel separately. The model is able to give more accurate results, 
however for this more parameters are required. If parameters are not accurate in the 
vehicle model, state estimations may be inaccurate. 

GNSS/INS kinematic estimator 

Vehicle states cannot be estimated cheaply and accurately using just one of the systems 
mentioned above. To maintain accuracy in state-estimations, it is essential to use an 
integrated system. The vehicle states can therefore be estimated using GNSS and INS 
sensors in a kinematic estimator. 
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A kinematic estimator has the advantage that it is easy to implement and does not require 
any parameters like mass, inertia and tyre cornering coefficients that would be required 
using a vehicle model. Therefore it is the simplest estimator to use on different vehicle 
models, reducing complicated and expensive calibration. The estimator typically operates 
at the INS sensors sample frequency and (partially) eliminates the INS its bias. In 
between GNSS sampling times, the corrected INS is integrated numerically to 
compensate for the missing GNSS data. 

INSNehicle model in a model-based estimator 

In stand-alone vehicle model estimations, only the steer angle and wheel speed 
measurements are available. As a vehicle model typically the two degrees of freedom 
(DOF), one track bicycle model is used. With use of inertial sensors more information is 
available, and therefore states can be estimated more precise. The current model-based 
estimator of TNO uses the yaw rate, longitudinal- and lateral acceleration of the ESC 
sensors, which commonly can be measured in an INS. A model-based estimator may 
generate inaccurate states estimation if wrong or inaccurate parameters are used. 
Updating parameters during driving may therefore be necessary. 

GNSSNehicle model in a model-based estimator 

With the use of GNSS in a model-based estimator more information is available. This can 
for instance be position and speed, but also other types of data are possible if multiple 
GNSS receivers are used, as mentioned in the 'Global Navigation Satellite System 
(GNSS)' part of this section. The GNSS can be used to correct errors generated from 
unmodelled dynamics, however multiple receivers may be needed. A model-based 
estimator may generate inaccurate states estimation if wrong or inaccurate parameters are 
used. Updating parameters during driving may therefore be necessary. 

GNSS/INSNehicle model in a model-based estimator 

State-estimations can be improved if the kinematic estimator and model-based estimator 
approach are combined in a GNSS/INSN ehicle model integrated estimator, providing 
estimations of the dynamics states as well as the parameters. The solutions that are 
already applied make use of expensive GPS and INS units, and are therefore unattractive 
for automobile manufacturers. 

For integrating GPS and INS data in a system, a tightly coupled or loosely coupled 
method can be used. In a tightly coupled method, the pseudorange may be directly 
utilized to correct for the INS error growth. This is for instance used in (Kennedy, 
Hamilton & Martell, 2006). In a loosely coupled method the pseudorange measurements 
are preprocessed in order to provide 'GPS derived' geographical position and velocity as 
the receivers output. This approach is, for instance, used in (Mayhew, 1999). 
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2.3 Literature research discussion 

As can be seen in section 1. 1 GPS and inertial sensors are fused in the HT AS CCC 
project. Therefore, as described in this chapter, a kinematic estimator or model-based 
estimator are appealing solutions for this project. The latter estimator will likely produce 
better estimates when the correct parameter values are used. Obtaining correct values for 
the parameters is however difficult in practice. Some of these parameters are vehicle 
depending and can also be case depending, like for instance driving with a loaded or 
unloaded vehicle. 

For the kinematic estimator this problem is smaller and therefore implementation in 
vehicles is easier. It is also shown in this chapter that other solutions can be used in order 
to obtain the vehicle states. In order to determine the most sui tab Ie solution for the HT AC 
CCC project, a benchmark method is needed to assess the different solutions, see Chapter 
5. 

In order to determine important issues when benchmarking different state-estimators and 
for the CCC project, an INS/Vehicle model in a model-based estimator is designed in 
Chapter 4. This configuration is taken because it is relatively easy to implement the 
vehicle model of (Besselink, 2005, p. 99) in it. 
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3 Obtaining measurement data 

In this chapter obtaining measurement data with use of experiments is discussed. The 
data is necessary for the state-estimators and benchmarking. The used sensors are 
presented in section 3. 1. The experiments are discussed in section 3. 2. The ex peri men tal 
data is necessary for the estimators and benchmarking. Some test data is shown in section 
3.3. Concluding remarks are given in section 3.4. 

3.1 Sensor equipment 

In order to gather sensory data, a test vehicle (Toyota Prius 3rd generation) is equipped 
with sensors, see figure 3-1. 

~ --- - - - - -. 

The additional sensors on the test vehicle are: 

1 
1 
1 

Trimble Real-Time Kinematic (RTK) GPS system: DSM232 receiver (in-car) and 
SPS751 receiver (ground station). 
CORRSYS-DATRON CORREVIT S-350 Aqua: Non-contact optica[ sensor. 
OxTS RT3100: GPS and IMU. 
Xsens MTi-G: GPS and IMU. 
U-blox EVK-6R: GPS and yaw rate (wheel speed required). 
NXP ATOP: GPS and accelerometer (3-axis). 

- Two TomTom devices GO 940 LIVE: GPS and /MU. 

Note that sensors from the ESC system of the vehicle are logged using Controller Area 
Network (CAN) messages. Note that data of the default equipped GPS receiver is not 
logged. 

Besides the TomTom devices, all the sensors are connected to a dSPACE AutoBox in 
order to log their data, see figure 3-2. The TomTom loggings are not used in this 
research. The CAN messages in the vehicle are interfaced in TNO its so-called Move box 
before sending these to the dSPACE box. Because the used dSPACE box was only 
equipped with one RS232 port, which is used for the Xsens, the other RS232 sensors use 
a device from Squarell in order to convert the RS232 messages to CAN messages. 
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~AN :--- - ----- - ----------: --- - ---:---, CORRSYS 
1 1 

CAN ' 1 : .----~ 

~---~ ' CAN '----, OxTS 

~~~ ~-- EJ 
~~ J Xsens ~--·· ! RS232 

Figure 3-2: Sensor setup 

In table 3-1 it can be seen which, for this project relevant parameters, are measured by 
the sensors. Distinction is made between parameters which are measured directly 
(sensors) and indirectly (estimated). Note that the Wheel Speed Sensors (WSS) of the test 
vehicle are logged individually, and that the heading is equal to the yaw angle. 

E-< (13 ~ Cll 
c,i - = at:: E > = Q) p.. > C" 0 

Cll 0 >< - p.. ·c: 
:0 d ~ <i: c,i 0 c:: 0 '-0 0 ..-l p.. p.. u E-< - 1 1 E-< 0 E 1 M 

Q) 
~ :0 ~ 0 ~ (13 c,i 

~ 0 >< E-< 
Cll 

1 E -.:::t" z E-< ..... 
l:.Ll ~ E-< at:: lr) 0 ~ ::E ~ > 0 0\ <t: 0 

0 M at:: l:.Ll E-< >.. 
at:: 1 0 0 u c,i 

d E-< 

GPS PcPs • • • • • • -
Steering angle ö • ,! ----- ---- ------- ------ -- -- ------ ---- ---- -- -- ---- ---- --- - - - - - - - ----- -- - ---- -- -- -------- --- --- --

" ... Roll angle <p X X 1 ... 
Pitch angle 0 X X 

Heading angle lfl X X X X X X 

x direction vx • X X • 
y direction 

1 

vY • X X 
- - -

:i 
Wheel speeds Vwss • - - - - . . . -

... GPS VGPS • • • • • • .s 
~ ----- ---- --- ------- --- - --- -- --- -------- -------- - - - - - -- -- - -- -- ---- --- - ---- ---- -------- ----- ---

Roll rate ip • • 
Pitch rate 0 • • • 
Yaw rate if/ • • • • • 

.., x direction ax • • • • • " ·i 
y direction .. aY • • • • • é!! .. ... ... 
z direction -.: az • • • • 

Table 3- 1: Sensors • = directly, x = indirectly 

The particular placements of the sensors are shown in figure 3-3. The exact coordinates 
belonging to this figure are stated in Appendix D, table D-3. As can be seen in this figure, 
the sensors are located all over the vehicle. Note that the CORREVIT S-350 Aqua is 
mounted outside the vehicle, which is indicated in the blue box in figure 3-1 . 
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1 • OxTS (G PS) 

2 0 OxTS (unit) 
3 • u-blox (GPS) 

4 0 u-blox (uni t) 
5 • Xsens (GPS) 

6 0 Xsens (unit) 

7. NXP (GPS) 
8 0 NXP (unit) 

9 Trimble 

10 • Cornys 

"* Toyota Prius 

12* Tomîom 1 

13* TomTom 2 

2.5 3.5 

3.2 Experimental setup 

The experiments are performed at some tracks of the Ford Lommel Proving Ground, see 
figure 3-4. The used tracks are: 

Straightaway ( 3) 
Durability and hill road (6) 
Inner durability road (7) 
Vehicle dynamics area (16) 

Figure 3-4: Ford Lommel Proving Ground (www. bing.nl/maps) 

On these tracks different experiments are performed, which can be categorized in: 
Steady state cornering: different cornering radii, velocities and directions 
( clockwiselcounterclockwise ). 
Steady state straightforward: different velocities. 
Accelerating and decelerating during cornering: different cornering radii, 
directions ( clockwiselcounterclockwise) and accelerations and decelerations. 
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Accelerating and decelerating straightforward: different accelerations and 
decelerations. 
Sinuses: different stee ring frequencies. 
Lane changes: different velocities and directions ( clockwise/counterclockwise ). 
Double lane changes: different directions ( clockwise/counterclockwise) and 
velocities. 
J-turns: different velocities and directions (clockwise/counterclockwise). 
Uneven road (hill) driving: different slopes and directions (up/down). 
Figures of eight. 
Whole tracks. 

3.3 Experimental results 

In this section some results from the experiments addressed in section 3.2 are shown. 
Note that when spikes are present in the the Xsens MTi-G data, the data requires pre
processing. This is shown in Appendix B. The CORRSYS-DATRON CORREVIT S-350 
Aqua also requires some pre-processing which is explained in Appendix C. 

Note that all the sensors are logged at 100 Hertz. However, most of the signals from the 
sensors are updated at a lower sample frequency. Because of that, a zero-order hold effect 
is present in the loggings. Correcting for this effect is discussed in section 5. 1 .4, ho wever 
in this section no corrections are made in the data. 

Position measurements 

Acceleration and deceleration during cornering experiment is performed at the vehicle 
dynamics area, seefigure 3-4. Infigure 3-5(a) the results of the loggings for the positions 
from this experiment are shown. Here it can be concluded that all the sensors work well 
during the loggings. Infigure 3-5(b) the path is shown based on the measurements from 
the Trimble RTK GPS. 
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( a) GPS coordinates (b) Path (www.google.nl/maps) 

Figure 3-5: Position loggings of the sensors 
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In figure 3-6 the positions versus time are shown. Time-delays are present in the data, 
which are discussed in section 5.1.3. The different sample frequencies of sensors can also 
be seen in the data and are discussed in section 5. 1 .4. However, for the sake of 
completeness of this figure, the sample frequencies and time-delays of the sensors are 
shown in table 3-2 . Note that the time-delays in this table are determined in section 5.1.3, 
with use of another experiment. 
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( a) Longitude position versus time (b) Latitude positions versus time 

Figure 3-6: Position signals versus time 

Sensor 
Sample Longitude Latitude 

frequency [Hz] time-delay [s] time-delay [s] 
Trimble RTK 10 reference reference 
OxTS RT3100 100 0.11 0.10 
Xsens MTi-G raw 4 not detennined not detennined 
Xsens MTi-G 50 0.20 0.22 
U-blox EVK-6R 1 0.56 0.60 
NXPATOP 1 1.62 1.65 

Table 3-2: Samplefrequencies and time-delays 

Acceleration measurements 

The acceleration data are obtained in the same experiment as the position measurements. 
Infigure 3-7 the logged accelerations versus time are shown. Same offsets can be seen, 
for instance in the y - and z accelerations of the A TOP. 
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( a) Accelerations in x direction 
Figure 3-7a: Acceleration loggings versus time 
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( c) Accelerations in z direction 

Figure 3-7b and c: Acceleration loggings versus time 

Angular rates measurements 

Again the same experiment as before is considered. Infigure 3-8 the logged angular rates 
versus time are shown. Offsets can be seen for the Xsens MTi-G for the yaw rate and the 
roll rate. Note, for the yaw rate the OxTS data is very consistent with the Prius data. 
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Figure 3-8: Angular rate loggings versus time 
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Velocity measurements 

An experiment is taken where the test vehicle was accelerated up to a certain speed, 
followed by decelerating to a standstill, while driving the vehicle straightforward. In this 
case the GPS velocities should be equal to the velocities in x direction and the velocities 
in y direction should be zero. Note, as mentioned before, that the CORRSYS-DATRON 
CORREVIT S-350 Aqua requires some pre-processing which is explained in appendix C. 

In figure 3-9 the logged velocities versus time are shown. In figure 3-9(a) the GPS 
velocities are indicated with (GPS) behind the sensor name and it can be seen that the 
GPS velocities have the most delay. Time-delays are discussed in section 5.1.3. Infigure 
3-9(b) it can be seen that the velocity in y direction of the CORREVIT S-350 Aqua is the 
only signal fluctuating around the expected zero velocity. It is expected that the OxTS 
corrected its own signals with a wrong determined orientation alignment offset for the 
sensor unit. This is expected because the velocity in y direction increases when the 
velocity in x direction increases and vice versa. 

20 
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Figure 3-9: Velocity loggings versus time 

Angular measurements 
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The same experiment is used again. For the initial heading, the OxTS is taken to be the 
reference sensor in order to correct for different system of coordinates. In figure 3-10 the 
results are shown. For the yaw angle time-delays can be observed, which are discussed in 
section 5.1.3. For the roll angle and pitch angle some offsets can be noticed. 
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Figure 3-10: Angle loggings versus time 

3.4 Discussion on obtaining measurement data 

In this chapter it is shown that most of the sensors provide consistent data. One exception 
is the lateral velocity, which is only measured correctly by the CORREVIT S-350 Aqua. 
The relevant variables for the project are all measured, including the required reference 
signals. Important issues as time-delays and different sample frequencies of sensors can 
already be seen in the measurements. These issues are however better explained in 
Chapter 5. 

Different experiments are performed at different test tracks. Some of them can be used 
for identification of parameters, like for instance for the bicycle model considered in 
section 4. 1, some of them can be used for state-estimation validation and tuning, while 
some of them can be used to mimic real traffic scenarios. The measurements are not only 
used in this research, but are also a foundation for other HT AS CCC projects. 
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4 State-estimator design 

Benchmark methods presented in Chapter 5 require application of a state-estimator. 
Hence, an appropriate estimator is designed and discussed in this chapter. In section 4.1 a 
vehicle model is discussed first. In section 4.2 the estimator is discussed. In section 4.3 a 
multi-rate sensor collection is discussed. Concluding remarks are given in section 4.4. 

4.1 Vehicle model for the estimator 

For the Kalman filter discussed in the next section a system model is required. In this 
research, a bicycle representation of the vehicle is adopted as the system model. This 
bicycle model is described in this section. 

Bicycle model 

In this model, see figure 4-1, a and b are the distances to the center of gravity of the 
frame. and C Jai and C Ja 2 represent the cornering stiffness of the front and rear tyre. The 

mass of the frame is denoted by m and Ju is the moment of inertia around the z -axis. 

The longitudinal velocity of the centre of gravity is denoted by u, the lateral velocity is 
v, and the absolute velocity is V . The yaw rate is denoted by ,fr (in some literature r is 

used) and the steering angle is ö . 

Figure 4-1: A bicycle model (Mangnus, 2010) 

As in section 4.2, a linear Kalman filter is used, a time-invariant state space description of 
the bicycle model is used which is a slightly adapted from the one in (Besselink, 2005, p. 
99). Hence: 

-(vJ _ -(aYJ-(v+uif/J x., - ,fr , u, - (ö), Y.,· - ,fr - ,fr · (4.1) 

Rewriting the equations of motion of this bicycle model into the state-space model results 
m: 

(4.2) 
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(4.3) 

where: 

(4.4) 

(4.5) 

Note that in these equations a 1 is called the side slip angle of the front tyre and a 1 is 
called the side slip angle of the rear tyre. The continuous time state-space description is 
now: 

cfal +Cfa2 aC /al - bC fa2 cfal 
u+ 

[;]+ x" = Ax" +Bos = -
mu mu m ö, 

aC /al -be fa2 a2Cfal +b2Cfa2 aCfal 

I zz u /
22

u I zz (4.6) 

[ CfaO +CJa> 

y s = Cx s +Dus = - "tt aC1a, -bCJa> ][ v] [ C1a,] 
mu . + m ö. 
-1 f// 0 

The wheelbase lof the Toyota Prius test vehicle is 2. 7 meter long (www.toyota.nl/prius). 
To determine the total mass of the test vehicle during the experiments, the vehicle is 
placed on scales under each wheel to measure the masses m11 , m1,, m,1 and m,,, so: 

Consequent! y: 

m1 = m11 + m1, = 491 + 483 = 974[kg], 

m, = m,1 + m,, = 346 + 337 = 683[kg] , 

m=m1 +m,=1657[kg]. 

lm 
a=-' =l.1129[m], 

m 

lm 
b=-1 =l-a=l.5871[m]. 

m 

The value of / 
22 

is estimated by using (Besselink, 2005, p.70): 

(4.7) 

(4.8) 

(4.9) 

(4.10) 

( 4.11) 

(4.12) 
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The cornering stiffness of the front and rear tyres are deterrnined by feeding the Tyre 
Estimator3 of TNO with data of sinus experiments from Chapter 3. Multiple experiments 
are evaluated, and the experiment with the outcomes closest to the mean of the multiple 
outcomes is taken. For this experiment the estimates are CJai = 82757[N / rad] and 

C1a 2 =163761[N/rad]. 

4.1.1 Validation of the bicycle model 

In order to validate the bicycle model, the Toyota Prius is modeled using the 
SimMechanics4 roll-axis demo model from TNO's Delft Tyre5 software, and a 
SimMechanics bicycle model is created. The roll-axis model is a more advanced model 
than the bicycle model. The models are discussed in Appendix D. The setup for the 
validation can be seen infigure 4-2. 

Desired Steering 

1 

velocity angle r r 1 
Roll-axis Bicycle Bicycle 

model u model u model 

SimMechanics SimMechanics Analytica/ 

Figure 4-2: Setup for bicycle model validation 

The results of a simulation used for the validation can be seen in figure 4-3. Here a 
sinusoidal signal as the steer input is used, and the desired speed is 15 meters per second. 
The amplitude of the steer input is small in order to stay in the linear region of the tyres 
for the lateral tyre forces. 

As can be seen in the results for the lateral velocity v and the yaw rate lfr, the 
SimMechanics bicycle model and the analytica} model give identical results. For the yaw 
rate lfr, the SimMechanics roll-axis model gives results which are very close to the ones 

of the bicycle models, for the lateral velocity v, the amplitude of the sinusoidal signals is 
a bit larger. However, the differences are still acceptable. Note that the peaks in the data 
at the beginning, especially for the roll-axis model, are caused by the controllers. 

3 Software of TNO for estimating tyre dynamics. 
4 Toolbox of Matlab to model and simulate mechanica! systems. 
5 Software for vehicle simulation. 
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Figure 4-3: Simulation results for validation 
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4.2 Discrete time linear Kalman filter 

"An optimal estimator is a computational algorithm that processes measurements 
to deduce a minimum error6 estimate of the state of a system by utilizing: 
knowledge of the system and measurement dynamics, assumed statistics of system 
noises and measurements errors, and initial condition information" ( Gelb, 
Kasper, Nash, Price & Sutherland, 1979, p. 2). 

In.figure 3-1 the estimator is introduced as a black box. Here, the input to the estimator is 
the input vector U

5 
and output vector Y,. The output of the estimator is the estimated 

state vector X
5 

• The estimator for this research is not used in a control loop. In this 

section the estimator used in this research, a discrete time linear Kalman filter, is 
discussed in more detail. 

A discrete time filter is taken, because of the possibility of hardware implementation. 
Therefore, the continuous system of section 4.1 is discretized using a Zero-Order Hold 
(ZOH) method. The discretized system matrices are denoted by Ad, Bd, Cd and Dd. 

To see if the system is observable, the observability matrix O can be obtained: 

C An- 1 
d d 

(4.13) 

lf the observability matrix O has full rank n, where n is the length of the state vector 
x.,, the system is observable. This means that all states of the system which are present in 

the state vector can be reconstructed from the sensed outputs. 

In the discrete time linear Kalman filter described in (Welch & Bishop, 2006), the state 
space description of the system is described as: 

x s,k = Adxs,k-1 +Bdus,k-1 +~process,k-1' 

Ys.k = Cdx .,,k +;m, asurement,k · 

(4.14) 

Here, ; process ,k is the process noise, and ;measurement.k ' is the measurement noise. So model 

uncertainties, disruptions and measurement errors are taken to be extra signals in the 
system equations of the estimated system. Note that the process noise ; process.k is taken to 

be an extra input signal, thereby influencing the states of the system. The measurement 

6 
In accordance with some stated criterion of optimality. 
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noise ;measurement,k is not influencing the states of the system, it will however influence the 

estimation of the states. The process noise ; process,k and measurement noise ;measurement,k 

are assumed to be independent of each other, white noise and with normal probability 
distributions with zero mean. The process noise covariance matrix is named Q, and the 
measurement noise covariance matrix is named R , so: 

;proce.u ,k - (O,Q)' 

;mea.rnrement,k - (Q, R) · 

(4.15) 

(4.16) 

The filter consists of a time update part followed by a measurement update part in every 
time step. The time update part (apriori part) is used for prediction of the state estimation 

vector ( x;k) and the measurement part (a posteriori part) for correction of the state 

estimation vector (xs,k ). This is shown infigure 4-4, where the initia} estimate for x.,,k is 

xs,o, and the initia} estimate for Pk is P0 . The aposteriori estimate error covariance Pk 
is defined as: 

where ek is named the aposteriori estimate error. 

Time update 
(Predict) 

Measurement update 
(Correct) 

I 
Initia/ estimates for X s,k and Pk ~ 

Figure 4-4: Linear Kalmanfilter setup 

(4.17) 

The time update infigure 4-4 consists of the determination of the apriori state estimate: 

(4.18) 

This is followed by the determination of the apriori error covariance estimate: 

(4.19) 

The measurement update consists of determination of the Kalman gain: 

(4.20) 

This is followed by determination of the aposteriori state estimate: 
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(4.21) 

As the last step the aposteriori error covariance is determined: 

(4.22) 

Note that in the estimator presented above the Kalman gain is calculated online using 
(4.19), (4.20), and (4.22); this Kalman gain however converges toa time-constant gain. 
As the calculations for the Kalman gain are independent of the input vector us , output 

vector y s or estimated state vector x,, ( 4.18) and ( 4.21 ), this gain could also be 

determined in advance (offline). When using this time-constant Kalman gain, 
K = lim Kk, in the discrete time filter, stability is achieved if the poles of the observer, 

k➔= 

the eigenvalues of (Ad -KCd), are located within the unit circle. 

4.2.1 Extended state vector 

When looking at the Kalman filter, one could notice that the D matrix is assumed to be 
the zero matrix . In (4.6) it can be seen that for the adopted bicycle model the D matrix is 
not the zero matrix. This is caused by the derivative of lateral velocity v in the output 
vector Ys (4.1). In order to work around this problem, the state vector x, (4.1) is 

extended with the steering angle 8. The measurement of the steering angle in the input 
vector us is named 8* and it is coupled to 8 using a low-pass filter: 

G . ~-~ 
8 = . (Frequency domain)-+ 8 = --- (Time domain). 

Jlür+1 r 
(4.23) 

Hence, xs = dt[v ,fr 8Y and: 

cfal +Cfa2 
u+ 

aC fal - bC fa2 Cfal 

mu mu m 

[~]+ 
0 

xs = Axs +Bus =-
aCfal -bCJa2 a2Cfal +b2Cfa2 aCfal 

0 8* - --
l zz u I zz u I zz ' 1 

1 r (4.24) 0 0 
r _ -i C ra, + C ta' aC fal - bC Ja2 -; Hl Ys -Cxs - mu mu 

0 -1 

The time constant r is taken to be the sample time. 
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An altemative for solving the nonzero Dd (discrete time) matrix problem could be 

replacing y s ,k (4.14) with measurable: 

y =y -Du s ,k s ,k s, k • (4.25) 

This solution is however not studied in this research. 

4.2.2 Estimator validation 

In order to obtain some discrete time estimator results, the discretized bicycle model is 
simulated. The input vector u s,k and output vector y s ,k are used as input for the 

estimator. The results for the estimated state vector xs k are compared with the real state 

vector x, .. k , which is obtained using the bicycle model. The setup is shown infigure 4-5. 

Initia[ states X, k 
~ · 

Bicycle 
model 

X s,k 

Estimator 

" A p Initia[ estimates X s,k and k 

Figure 4-5: Simulationfor estimator setup 

The process noise covariance matrix Q and measurement noise covariance matrix R are 
taken as: 

[

0.05 

Q= 0 

0 

0 

0.05 

0 

Note that Q(3,3) is taken to be very small because of the extended state of section 4.2. 1, 

where steering angle c5; is expected to be equal to the steering angle ök. With the 

longitudinal velocity taken to be 20 meters per second, some relevant results are shown in 
figure 4-6. 

From the results it can be concluded that the estimator is able to estimate the states. The 
result for the yaw rate is however a lot better than the result for the lateral velocity. The 
yaw rate is however measured directly by the yaw rate sensor. As can be seen infigure 4-
6( d), the estimator is able to estimate the noisy sensor values. Fromfigure 4-6(c) it can be 
seen that the extended state solution from section 4.2.1 is working properly, one sample 
time delay is however present in the estimate. 
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Figure 4-6: Simulation results of estimator 

4.2.3 Limitations of the discrete time linear Kalman filter 

The used linear estimator has some lirnitations which make it unattractive for the HTAS 
CCC project. One of the biggest lirnitations is the assumption of a constant longitudinal 
velocity u, which is during normal driving obviously not a valid assumption. All the 
relevant states are also not covered by the estimator; the state vector should at least 
contain positions and rotations (including the angular ones). 

The state vector can be augmented to: 

using: 

Xs=(v lfr ö X Y lf/Y, 

X = u COS(lf/) - V sin(lf/)' 

y = u sin(lf/) - V COS(lf/) ' 

,; = lfr. 

(4.26) 

(4.27) 

(4.28) 

(4.29) 
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The conversion of the GPS coordinates into x and y coordinates is discussed in the first 
part of Appendix H. When using (4.27), (4.28) and (4.29) in the conversion to linearized 
time-invariant state-space matrices, a constant value for the longitudinal velocity u , 
lateral velocity v and heading 1// should be used before running the estimator. Therefore, 
the estimates of the augmented part of the state vector can be inaccurate and can drift 
away from the real values, except for some ideal circumstances. 

When using the bicycle model in a model-based estimator, it is therefore necessary to 
switch to a more sophisticated filter, like the extended Kalman filter. Here, instead of 
using a constant value for the longitudinal velocity u , lateral velocity v and heading 1//, 
the estimates for these parameters of the last sample can be used in the calculations at the 
current sample, see (Mangnus, 2010). 

4.3 Multi-rate sensor collection 

A Kalman filter may be used for sensor fusion, so combining the data from multiple 
sensors and related information. In the Kalman filter of section 4.2, these are for instance 
a yaw rate sensor and accelerometer. However, one of the challenges when fusing GPS
and INS data is to cope with the different sample frequencies of these sensors, so in a 
multi-rate sensor collection. An illustration of different sample frequencies can be seen in 
figure 4-7. 

High-rate signa[ 

Figure 4-7: Multi-rate sensor collection 

As can be seen in section 2. 1. 1, the sample frequency of GPS is 1 to 10 Hz. Inertial 
Measurement Units (IMUs) used in this project are however digitized analog sensors and 
logged at a sample frequency of 100 Hz, see section 3. J. 

In literature solutions for a multi-rate sensor collection in sensor fusion can be found, 
which can be divided in two categories: 
1) Perform sensor fusion of GPS- and inertial sensor data at the sample frequency of 

the GPS. For instance only data at the sample frequency of the GPS can be used, 
or one could rely on inertial data alone between the GPS samples. 

2) Extrapolate the data of the GPS, based on previous GPS data trend, to be attuned 
with the sample frequency of the inertial sensor data. 

There are different strategies to implement the method mentioned in the first category. As 
for instance in (Mayhew, 1999) a Kalman filter running at 100 Hz was used to estimate 
the relative position of the vehicle between consecutive GPS samples using a gyroscope 
and odometer. As GPS samples arrived at approximately 1 Hz, one of several sensor 
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fusion techniques is used to determine the relative weightings for the GPS and inertial 
position estimates. However, in a lot of papers the GPS signals are used to determine the 
bias error of the inertial sensors using a Kalman filter. This can for instance be seen in 
(Michael & Salah, 2005). 

Within the second category, there are different ways to extrapolate the GPS data, like 
well known extrapolation techniques as linear extrapolation or polynomial extrapolation. 
This category is, for instance, used by (Hasan, Samsudin, Ramli, Azmir & Ismaeel, 
2009), where three methods are described to extrapolate the GPS data toa higher sample 
frequency using a so-called Adaptive Neuro Fuzzy Inference System (ANFIS). The 
method which produces the best results uses some reading data from the INS system and 
therefore oscillations in the estimates of the position can be reduced. 

4.4 Discussion on state-estimator design 

In this chapter an estimators is designed which is able to estimate some vehicle states. 
Although the estimated states may be used in the HT AS CCC project, the state vector 
does not contain all the states that are important for this project, and the estimator is 
limited to certain operation situations. The estimator is also limited to use the INS 
sensory data, and no GPS sensory data is involved. 

However, by designing the estimator some of the difficulties and points of interest for the 
project are found and explained, which can for instance be seen in the extended state 
vector section or in the limitation of the discrete time linear Kalman filter section. Note 
that the main goal of designing the estimator is to use it as a tool for determining points 
of interest when benchmarking estimators in Chapter 5. 
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5 Benchmarking different sensors and estimators 

In this chapter the benchmarking of different sensors and estimators is discussed. 
Benchmarking is necessary for evaluating the estimators. As no satisfactory 
benchmarking method was available at the beginning of this research, a benchmark 
method is developed, discussed and evaluated in this chapter. Multiple estimators, using 
different approaches, will be developed within the HT AS CCC project, as mentioned in 
section 1.1. In order to determine the most optima} estimator for the project, the 
benchmark method can be used. 

When benchmarking different estimators, various benchmark criteria can be chosen. This 
can for instance be the ones which are mentioned in the overview of figure 5-1. In this 
research, the main priority is on benchmarking the quality of the estimates. In this 
research the so-called quality entails accuracy, precision, overall performance and time
delay of the estimates. While this is not necessarily the most important criterion, the 
applied methods can be used as a foundation for benchmarking robustness and something 
which is named parameter simplicity in this report. With parameter simplicity the amount 
of parameters, the influence of these parameters, and the easiness of obtaining these 
parameters for the estimators is meant. Benchmarking the quality of estimates is 
discussed in section 5.1. Same attention for benchmarking robustness is given in section 
5.2 and some attention for benchmarking parameter simplicity is given in section 5.3. 
Benchmarking Centra} Processing Unit (CPU) laad and price are not discussed in this 
thesis. The overall results of the benchmark method are discussed in section 5.4. 

Quality of estimates 
Parameter simplicity 

CPU!oad Price 

Figure 5-1: Overview of benchmark criteria 

5.1 Benchmarking the quality of estimates 

In this section benchmarking the quality of estimates is discussed. The setup for this 
benchmarking can be seen in section 5.1.1. In this setup a benchmark method is required 
which is discussed in section 5.1.2. However, this benchmark method requires 
determination of the time-delay of the signals, and therefore a method for determining 
this time-delay is described in section 5.1.3. 

In order to apply the setup on available measurement data from Chapter 3, some pre
correction of the data is necessary. This pre-correction implies correcting for different 
sample rates of the measurements systems and is discussed in section 5.1.4. 
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The benchmarking results for time delays, when using some corrected measurement data, 
can be found in section 5.1.5. The results for the quality of estimates can be found in 
section 5.1.6. 

5.1.1 Benchmark setup 

In order to perform benchmarking, the setup shown infigure 5-2 is used. In this figure it 
can be noticed in the 'Desired setup' box that for the raw data, which is used to feed the 
estimators, it is desired to only use one set of sensors. In this case all the estimators use 
the same data, and therefore the sensor fusion method used in the estimator can be 
benchmarked. The results are of course depending on the 'settings' of the estimator, so 
one could also benchmark the influence of using different 'settings' for an estimator in a 
sensitivity study. This 'settings' can, for instance, be adopted values of parameters whose 
exact values are not known, hut also the choice of covariances in the covariance matrix in 
Kalman filters. Most of the 'settings' are vehicle dependent. Note that instead of the 
estimators, also other algorithms for obtaining vehicle states could be used in the 
benchmark setup, as described in section 2.2.2. 
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1 1 L _______________________ t 

Figure 5-2: Benchmark setup 

Since in this research only two estimators are available, see Chapter 4 and section 5.1.5, 
it is chosen to (also) include the measurement systems from section 3.1 in the 
benchmarks. Some of these measurement systems contain an embedded estimator, like 
for instance the OxTS RT3100 and Xsens MTi-G. The U-blox EVK-6R uses a dead 
reckoning algorithm, see section 2. 1.2, if GPS is not available. However, all these 
measurement systems contain their own sensors, therefore not only the algorithms are 
benchmarked, hut a combination of sensors and algorithms (the whole system) is 
benchmarked. This is indicated in the 'Used setup' box of figure 5-2. 

While for the benchmark method using the 'Used setup' instead of the 'Desired setup' 
has no effect, for the benchmark results this will have effect. The different measurement 
systems use different sensors with different specifications. For instance, the Trimble RTK 
GPS system uses a GPS receiver with much better specifications compared to the U-blox. 
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Feeding an estimator with GPS data from the Trimble RTK GPS system will not give the 
same results when feeding the same estimator with U-blox data. 

5.1.2 Method for benchmarking using the deviation 

The benchmark method, which is required in the benchmark setup of the previous 
section, is discussed in this section. This method is based on the deviation between the 
benchmarked signa! and a reference, which is defined as the error. 

Error definition 

When benchmarking signals, a separation can be made between benchmarking the signals 
using an absolute error or a time corrected error. This is indicated infigure 5-3. Here, the 
error e is taken to be the difference between the benchmarked signa! and the reference 
signa!: 

e = Ysigna/ - Y reference • (5.1) 

The absolute error is the error when no corrections for time delays, see section 5. 1.3, are 
made. The time corrected error is the error after corrections are made, so in the case of 
figure 5-3 there is an absolute error, but not a time corrected error. 

-- reference signa[ 
- - - - benchmark signa[ 

X 

Figure 5-3: Absolute versus time corrected error 

Method for benchmarking using the time corrected and absolute error 

In order to benchmark the different signals, a difference is made between accuracy and 
precision. Therefore, the error ( 5. 1) is used. The difference between accuracy and 
precision is indicated in the left hand side of figure 5-4. In the right hand side of the 
figure an arbitrary distribution is taken to indicate the accuracy and precision using the 
probability density. 

High precision, 
- - - low accuracy 

Low precision, 
- high accuracy 

', Reference 

Figure 5-4: Accuracy versus precision 

Precision 

Error 
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The absolute mean of the error eis: 

I! ek I I! (Y.,-ignal ,k - Y ref erence, k 
1 

1
-1 k;I k;I 1 e=--=~-------~. 

n n 

(5.2) 

The absolute mean of the error is used as an indication of the accuracy. The mean of the 
error is taken absolute, because for the benchmark it is useful that all the mean of the 
errors of the different estimators are positive. The standard deviation of the error (STDe) 
is: 

STD, = 
(5.3) 

n 

The standard deviation of the error is used as an indication for the precision. The Root 
Mean Square Error (RMSE) is: 

n 

L ( Y .,·ignal ,k - Y reference,k) 
2 

k;l 

n 

(5.4) 

The root mean square error is used as the overall performance index. Note that in the case 
when the standard deviation of the error is equal to zero ( STD, = 0 ), and the mean error 

is not zero ( e -:t O ), the Root Mean Square Error is equal to the mean of the absolute 
error: 

Ïlekl 
RMSE= =~=e (STD, = 0,e -:t 0) . 

(5.5) 

n 

This can be seen in 'signa! 2' in figure 5-5. Note that in the case when the standard 
deviation of the error is not zero ( STD, -:t O ), and the mean error is zero ( e = 0 ), the Root 

Mean Square Error is equal to the standard deviation of the error (STDe): 

n 

L (ek -0)2 

RMSE = = k;l = STD, (STD, -:t 0, e = 0) . 
(5 .6) 

n 

This can be seen in 'signa! 3' of figure 5-5. 
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5.1.3 Method for determining time-delay 

39 

As it can be seen in the previous section, the time-delay is required for the benchmarking 
method. In order to determine the time-delay in the output of the sensors/estimators 
which are benchmarked, the cross-correlation is used. A detailed description of the cross
correlation can be seen in (Hinton, 2002, chap. 6). 

If the measurements, which are used for the cross-correlation, are logged at a higher 
sample frequency than the sensor is updated, the cross-correlation gives an unreliable 
result for the time-delay if the data is not pre-processed. This is the case in the 
measurements of Chapter 3, and the update frequency versus logging frequency problem 
is indicated in section 5.1.4. The unreliable cross correlation caused by this is indicated in 
figure 5-6. 
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Figure 5-6: Visualization of unreliable cross-correlation 
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In this figure the reference is taken to be a sine wave. The unit of this sine wave is not 
important here, and only a part of the output is shown in the figure. The sensor perfectly 
measures the reference sine wave and updates it at each second. It is however logged at 
100 Hz. If the logged measurements are now used in the cross-correlation, the delay will 
be 49 samples or 0.49 seconds. However, if the one Hertz measurements are used, the 
delay will be zero samples. This is expected because originally there was no time-delay 
present. 

However, if measurements at one Hertz are used in the cross-correlation, and there is a 
time-delay in the measurements, this time-delay will be indicated in steps of one second. 
So, time-delays smaller than one sample time (in this case one second) will not be found. 
To have an indication about the time-delay in a smaller interval than one second, in 
section 5.1.4 the data is resampled to 100 Hertz using linear interpolation. 

Using a simulation, it is shown that the cross-correlation is able to determine the time
delay quite accurate, even when a lot of noise is present in the signals. The result is 
shown in figure 5-7, where both the sine waves contain random noise and the delayed 
sine wave is delayed 150 samples (fifteen seconds) from the reference sine wave. 
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Figure 5-7: Determination of time delay using the cross-correlation 

In the presented simulation, the determined delay is 151 samples. Running twenty-five 
times the simulation with random noised signals gave an average delay of 149 samples. 
Without the noise, the determined delay was always 150 samples. 
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On average, the cross-correlation will give more accurate results when more periods are 
available, so in a periodic signal. This is because of the inaccuracies in the signals when 
measurements are used. Look.ing at the benchmarked signals, see table 5-1, it is probably 
most convenient to try to get sinusoidal signals in the measurements. For the 
longitudinal- and lateral position such measurements can be achieved by driving the test 
vehicle over a circle for multiple times. The best circumstances are a low constant speed 
(much data points) and a large radius for the circle (large period and amplitude in the 
position signals). 

Note that it is important to find the minimum value of the signals that will be cross
correlated and subtract this from the signals, especially for the position signals. These 
signals are logged in degrees, so the difference in values between samples will (often) be 
very small. This will be shown in section 5.1.5, in the figures belonging to 'Results of 
benchmarking time-delay in GPS positions' part. In code the correction will look like: 

correlation data, = signal, - min(min(signal, ), min(signal2 )) , 

correlation data 2 = signal2 - min(min(signal, ), min(signal2 )). 

The signals need to be corrected before using them in the cross-correlation. This 
correction entails synchronizing the data at the beginning and at the end of the 
measurements, such that no offsets are present. In the measurement shown infigure 5-11 
this is achieved by taking a lower limit for the signals, where values under the lower limit 
are taken to be zero, as can be seen in the figure. If the non-corrected data are used, the 
influence of the non-corrected beginning and end of the signals on the results of the 
cross-correlation become smaller when more periods are available in the signal. 

5.1.4 Pre-correction for different sample rates in measurement systems 

All the sensors from Chapter 3 are logged at_ 100 Hertz. However, most of the signals 
from the sensors are updated at a lower sample frequency. Because of that, a zero-order 
hold effect is present in all the loggings, which can for instance be seen in the non
corrected longitude signal from the U-blox sensor shown infigure 5-8. 

Because the sample rate of the different sensors is in general different, and the values in 
the signals of the different sensors are almost never updated at equal sample times, the 
measurements obtained from different sensors need to be corrected before using them. 
This correction implies that only the samples in the signals are used at which the values 
are updated. In order to achieve this, the derivative of the signals is taken and nonzero 
values in this derivative signal are marked as update samples. Only the updates are used 
in the benchmark, except for the reference signals. This is explained at the end of this 
section. The results from the correction can for instance be seen in the corrected 
longitudinal signal from the U-blox sensor shown infigure 5-8. 
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Figure 5-8: Sample rate correction in longitudinal signa/ 

With this correction method there will be a problem if a sensor, after updating, gives 
exactly the same value as at the sample before. However, the probability of this is quite 
small, as indicated in figure 5-9. Here, the test vehicle was standing still and the signals 
of the most precise position sensor, the RTK GPS are plotted. Although the values of the 
signals are accurate enough, see (5.7) and (5 .8), they are not fixed or within the machine 
precision of MATLAB. 

!ilon = lonmax - /onmin = 3.2083 . 10-7 
(

0
]' 

!ilat = latmax -latmin = 2.2067 · 10-7
[

0
] . 

(5.7) 

(5.8) 

Hence, /i.x z 0.0223[m] and/iy:::::: 0.0245[m] when using the flat Eàrth approach, see 
Appendix H, (H.1) and (H.2). 
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Interpolating the reference signals 

Signals which are used as the reference ones in the benchmark should be available at all 
the update samples of the sensors/estimators which are benchmarked. A trade-of between 
update rate, precision and time-delay can be made. Therefore, signals in table 5-1 are 
used as references, where priority is on precision. For more about the sensors, see section 
3.1 . 

Si~nal Reference 
Position Longitude Trimble RTK GPS 

Latitude Trimble RTK GPS 
Heading OxTS RT3100 

Velocity x direction CORREVIT S-350 
y direction CORREVIT S-350 
Yaw rate OxTS RT3100 

Table 5- 1: Reference sensors 

In order to make the reference signals available at all the update samples of the different 
sensors and estimators, linear interpolation is used. For the longitude signal this can be 
seen infigure 5-10. 
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Figure 5-10: lnterpolationfor reference signa[ 

5.1.5 Results of benchmarking the time-delays 

In this section some benchmarks are performed with data from the experiments described 
in Chapter 3. Most of these experiments were only performed once and most of the 
signals are not periodic ones. When applying the method for determining time-delays of 
section 5.1.3 this is not the ideal case. 

Note that there is no pre-correction for the different mounting positions of the sensors, 
which can be seen in figure 3-3. To pre-correct for the different mounting positions, 
which entails calculating the sensory data to one chosen place on the vehicle, the 
approach of Appendix E could be used. Although on high precision positions the different 
mounting positions will have effect on the results, correcting the data for the different 
mounting positions would only be necessary because the 'Used setup' fromfigure 5-2 is 
used. In the 'Desi red setup' indicated in the same figure, all the estimators use the same 
sensor set and accordingly the same mounting positions of the sensors. 
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The results presented in this section are actually estimates for the time-delays, because 
the data for the benchmark is interpolated, see section 5.1.4, and because of inaccuracies 
in the sensors. Note also that the Trimble RTK GPS, U-blox EVK-6R and ATOP NXP 
use an extra device (Squarrel) to convert RS232 to CAN, see section 3.1, which will 
cause extra time-delay, but no difference in the values of the signals. 

Results of benchmarking time-delay in GPS positions 

From the experiments of section 3.2, only experiments are available where maximum one 
circle was driven at larger radii, so the position signals are not periodic. The experiment 
shown in figure 5-11 is an experiment where a part of circular shape was driven with a 
constant speed of 50 km/hour, using the vehicle's cruisecontrol. The radius of this circle 
is 150 meter. In the figure, the longitude signal of the Trimble RTK GPS is shown against 
the delayed NXP ATOP sensor, and the corrections mentioned in section 5.1.3 are 
applied. 
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Figure 5-11: Non-corrected data versus corrected data 

The reference sensor for the position is the Trimble RTK GPS, as indicated in table 5-1 . 
The results of the longitudinal delay can be seen in table 5-2. The difference in time
delays is not expected to be significantly influenced by the extra time delay caused by the 
conversion from RS232 to CAN required for some sensors and shown infigure 3-2. This 
is shown in more detail in the longitudinal velocity part of this section. 

NXP ATOP 

U-blox EVK-6R 

Xsens MTi-G 

OxTS RT3 I 00 

0 0,5 1,5 2 
Delay [s] 

Table 5-2: Longitude time-delay 



CHAPTER 5. BENCHMARKING DIFFERENT SENSORS AND ESTIMATORS 45 

The results for the lateral delay, seefigure 5-12 for the NXP ATOP sensor, can be seen in 
Table 5-3. The results are more or less the same as for the delay in longitude positions. 
Longitude and latitude are determined simultaneously in the same sensor. The small 
differences between the delays for the longitude and latitude are expected because of 
inaccuracies in the signals, the used experiment, and because the used method gives an 
estimate for the delay only. Nevertheless, the same conclusions can be made as for the 
longitude positions. 
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Figure 5-12: Corrected ATOP latitude data 

NXP ATOP 

U-blox EVK-6R 

Xsens MTi-G -

OxTS RT3100 

0 0,5 I 1,5 2 
Delay [s) 

Table 5-3: uiteral time delay 

Results of benchmarking time-de lay in longitudinal velocities 

An experiment is used for the delay in longitudinal velocity, where the vehicle is 
accelerated till 75 km/hour followed by decelerating till stand still. This is performed 
while driving the vehicle straightforward. In this case the longitudinal velocity should be 
equal to the GPS velocity, so the GPS velocities are also benchmarked. As indicated in 
table 5-1, the reference sensor for the velocity is the CORREVIT S-350 Aqua. 

The results for the longitudinal velocity delay can be seen in table 5-4. Infigure 5-13 the 
Trimble RTK GPS is shown with respect to the reference sensor and it can be seen that 
no corrections have to be made to this data before performing the cross-correlation. Note 
that the reference sensor has some delay with respect to the OxTS RT3100 and Prius 
ESC. The priority of the benchmark sensors is on accuracy. The OxTS RT3100, Prius 
ESC and U-blox EVK-6R are connected to the vehicle CAN bus, in order to obtain the 
vehicle velocity and use it in the integrated algorithms. It is however expected that the 
last one mentioned only uses the CAN connection when GPS signals are not available 
(dead reckoning modus). In this experiment GPS signals are available. 

If the assumption on the delay of the U-blox EVK-6R is true, it can be concluded that the 
GPS velocities have delay with respect to the velocities on the CAN bus of the test 
vehicle. Note that GPS velocity information is determined by measuring the Doppler 
shifts of GPS carrier waves (Ryu, 2004). 

Just as for the positions, the NXP ATOP has the most delay followed by the U-blox 
EVK-6R. 



46 CHAPTER 5. BENCHMARKING DIFFERENT SENSORS AND ESTIMATORS 

It can be seen that the conversion from RS232 to CAN is likely not causing a noticeable 
delay, as can be seen for the difference between the delays of the Trimble TRK GPS, 
NXP ATOP and U-blox EVK-6R. These sensors all use the same type of device for this 
conversion. 

25i---~--~--~-----;:::=====;i 
)( Corrsys 
0 RTK 

20 

15 

i 10 
> 

NXPA1DP 

U-blox EVK-6R 

Trirble RTK GPS 

XsensMTi-G 

Prn, ESC 

OxTS RT3100 

-0,5 0 0,5 1,5 
Delay [s] 

t[s] Table 5-4: Longitudinal velocity time delay 
Figure 5-13: RTK GPS longitudinal velocity data 

Results of benchmarking time-de lay in lateral velocities 

A sine wave experiment is taken for the delay in lateral velocity. In this experiment, see 
figure 5-14, a sinusoidal steer input is given when driving the vehicle with a speed of 
approximate 55 [km/h]. As indicated in table 5-1, the reference sensor for the velocity is 
the CORREVIT S-350 Aqua. Both Xsens MTi-G and OxTS RT3100 provide the lateral 
velocity, but their signals are unusable as can be seen in figure 3-9(b ). The reference 
sensor signa! is corrected to the COG of the vehicle, which can be seen in Appendix E. 

For the benchmark two estimators are used. One is the linear Kalman filter of Chapter 4 
and another one is a more sophisticated extended Kalman filter of TNO. This Kalman 
filter is treated as a black box, but in relation to the linear Kalman filter it also uses wheel 
speeds, GPS positions and the acceleration in x direction. Therefore, data of more sensors 
is required with respect to the linear Kalman filter. The two filters use data of different 
sensors as input, this data is however non-corrected for time-delay. 

Lateral velocity 
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Figure 5-14: Lateral velocity data of estimators 
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The results for the lateral velocity indicate that there is no time-delay. However, by 
inspection of figure 5-14 one can notice that the extended Kalman filter has some time
delay with respect to the linear Kalman filter. Running the benchmark again, but now 
with the linear Kalman filter as the reference, results in a delay of 0.45 second for the 
extended Kalman filter in comparison with the linear Kalman filter. So, it can be 
concluded that the noisy signal of the CORREVIT S-350 Aqua, which is corrected for its 
mounting position, is not suitable for determining the time-delay in this case. One 
solution could be to let the estimators output their lateral velocity at the place where the 
reference sensor is mounted. The non-corrected lateral velocity signa} of the reference 
sensor is namely much smoother. This solution is however not studied in this research. 

Results for benchmarking time-de lay in yaw rate 

For the yaw rate the same sine wave experiment is taken as for the lateral velocity, see 
figure 5-15. As indicated in table 5-1, the reference sensor for the velocity is the OxTS 
RT3100. The results of the yaw rate delay can be seen in table 5-5. 

It can be concluded that the Prius ESC has some delay with respect to the reference. 
Remarkably, the difference in the time-delay of the extended Kalman filter with respect 
to the linear Kalman filter is not in line with the result for the time-delay in lateral 
velocities. The time-delay for the Prius ESC is also remarkable, because it was not there 
for the longitudinal velocities. Note however that for the longitudinal velocity a different 
reference sensor is used. 
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Figure 5-15: Yaw rate data 

Results of benchmarking time-de lay in heading 

Extended Kalrmn fitter 

Prius E'iC 

Linear Kalrmn fitter -1 

Xseru; MT1-G l 
+----+-->----+--

0 0,02 0,04 0,06 0,08 0, 1 
Delay [si 

Table 5-5: Yaw rate time-delay 

For the heading it can be seen that for the same experiment as for the lateral velocity 
there are not enough data points for an accurate cross-correlation in the one Hertz signals, 
seefigure 5-16. Therefore the same experiment as for the positions is used. Infigure 5-17 
the corrected data is shown which is used in the determination of the time-delay for the 
heading signa} of the U-blox EVK-6R. 
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Figure 5-16: Unusable heading data Figure 5-17: Corrected heading data of U-blox 

As indicated in table 5-1 , the reference sensor for the heading is the OxTS RT3100. The 
results of the heading delay can be seen in table 5-6. Note that the heading of GPS is 
normally determined using current versus previous coordinates. Therefore more delay is 
expected than for the position data. Except for the NXP A TOP, this can be seen in the 
results. Also for the delays the same trend can be seen as in the results for the position 
data. 

NXPATOP 

U-blox EYK-6R 

Xsens MT~G 

Trirrble RTK GPS 

0 0,5 1 1,5 2 
Delay [s] 

Table 5-6: Heading time-delay 

5.1.6 Results of benchmarking the quality of estimates 

In this subsection some results are shown when applying the mentioned benchmark 
method in the used setup indicated in section 5.1.1. In this section the same experiments 
are used as for the determination of time-delay, see section 5.1.5. Note that as mentioned 
before, the experiments are only performed once, and in order to get more accurate 
benchmark results the experiment should be repeated as much as possible. The raw 
benchmark data can be seen in Appendix F. 

Within the scope of the Connected Cruise Control (CCC) project or when 
studying/benchmarking the quality of estimates, it may be interesting to know the 
traveled distance of the vehicle. However, the traveled distance is likely to be unavailable 
from the signals used in the CCC project. Therefore methods for determining the traveled 
distance are discussed in Appendix G. 

When benchmarking positions it would be obvious to use geographic coordinates 
(longitude, latitude and altitude). However, within the scope of the HTAC CCC project it 
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may also be interesting to know the error in longitudinal and lateral directions in the 
vehicle coordinate system. One could for instance be more interested in the lateral error 
in the vehicle coordinate system when studying accuracy on lane level than in the 
longitudinal accuracy. A method for this benchmarking and its results can be seen in 
Appendix H. 

Results of benchmarking GPS positions 

From table 5-7 it can be seen that, except for the accuracy for the OxTS, all the results for 
the longitude improve after correcting for the delay. The accuracy for the OxTS is hardly 
affected as the delay is small. lt can also be seen that, except for the accuracy of the NXP 
A TOP, for the overall performance, accuracy and precision there is a link between the 
ranking of the benchmark results and the ranking using specifications and price, which 
will be discussed in section 5.4. The accuracy results for the NXP ATOP could however 
be different when the data of a repeated experiment is used. 
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Table 5-7: Benchmark resultsfor longitude positions 
(light gray is the time corrected error, dark gray the absolute error) 

From table 5-8 it can be seen that, except from the accuracy for the OxTS and Xsens, all 
the results for the latitude also improve after correcting for the delay. The accuracy for 
the OxTS is again hardly affected. lt can also be seen that, except for the accuracy for the 
OxTS, for the overall performance, accuracy and precision, there is a link between the 
ranking of the benchmark results and the ranking using specifications and price, which 
will be discussed in section 5.4. 

One could assume that the benchmark results for the longitude and latitude should be 
consistent, because longitude- and latitude positions are determined simultaneously in the 
same sensor. However, it is expected that this assumption does not always hold under 
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dynamic situations, depending on the direction of driving. lt is also expected that the 
results are influenced by the place of testing on the Earth. Because the possible influences 
of this are not studied in this research, a circular shape was driven with the test vehicle as 
an attempt to minimize the possible influences. 
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Table 5-8: Benchmark results for latitude positions 
(light gray is the time corrected error, dark gray the absolute error) 

Results of benchmarking longitudinal velocity 

When looking at the overall performance for the longitudinal velocity in table 5-9, it can 
be seen that, except for the NXP ATOP and Xsens MTi-G, the results for the overall 
performances and for the precisions are close together when looking at the time corrected 
error. Hence, there is no difference between the sensors using the GPS velocity and the 
sensors using the velocity on the vehicle CAN bus. Note that a GPS receiver can provide 
velocity information with accuracies of 3 cm/s (one standard deviation, horizontal) and 6 
cm/s (vertical), even without differential corrections (Ryu, 2004). One unexpected 
exception on accuracy, precision and overall performance with respect to the other GPS 
velocity sensors is the Xsens MTi-G. For accuracy, looking at the time corrected error 
this sensor is more or less as accurate as the NXP A TOP. 
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x~crn MTi-G 

Pms ESC 

OxTS RTIIIJO 

Er 
Tl 

5.00E-01 I.OOE+OO l ,50E+OO 2.00E+00 2.50E+00 

STD of error [mis] 

0,OOE+00 5,IJOE-01 1,00E+0O 1.50E+OO 2.00E+00 2,50E+00 

RMSE [mis] 

Table 5-9: Benchmark results for longitudinal velocity 
(light gray is the time corrected error, dark gray the absolute error) 

Results of benchmarking lateral velocity 
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For the sake of completeness the results for the lateral velocity are shown in table 5-10. 
However, because of the lack of a good reference signal, see section 5.1 .5, no 
conclusions are made. Note that the absolute error is equal to the time corrected error 
because no time-delay was found. 

Extcrrlcd Kalman fikcr j!!!!!---~-...,..---ri---""""' 
Lirear Kalrnan til.er 

l'----..--,L_----l-----l---------j 
3.50E-02 3.60E-02 3.70E-02 3.80E-02 3.!lOE-02 

Absolute mean of error [mis] 

Extcrrlcd Kaman fiker t!!!!!!!!!!-----!!!!!!!!~--...,..1 
Ln:arKalmanfiker -Jo, ---.------i,•'---~1----1-------1 

7.IJOE-02 7.50E-02 8.00E-02 8.50E-02 9.0UE-02 9.50E-02 

STD of error [mis] 

Extcrrlcd Kalman fikcr -------------~-,,--Ln:ar Kalman liter 

-----.... ---..---.... --L_-l----------J 
7.IJOE-02 7.5UE-02 8.IJOE-02 8.51JE-02 9.IJOE-02 9.5UE-02 

RMSE [mis) 

Table 5-10: Benchmark resultsfor lateral velocity 
(light gray is the time corrected error, dark gray the absolute error) 

Results of benchmarking the yaw rate 

The results of the benchmark for the yaw rate can be seen in table 5-11. Note that the 
extended Kalman filter uses the yaw rate from the Prius ESC as the input, while the linear 
Kalman filter uses the yaw rate from the OxTS reference sensor. The other inputs of the 
filters also differ from each other. Therefore it is not fair to say that the linear Kalman 
filter is better. lt can however be concluded that the accuracy of the Prius ESC is much 
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higher than the accuracy of the Xsens MTi-G. For the overall performance the Prius ESC 
is also better compared to the Xsens MTI-G. 

& temcd K:::: ~-aai-• 1 • 
LftarKairunfilcr ""----~i--~----~--+----+-

Xser,;MTi-G -!---"1'1-----------------.._j 
0.00E+OO 2.00E-03 4,00E-03 6.00E-03 8.00E-03 l ,OOE-02 l ,20E-02 

Absolute mean of error [racl/s] 

O,OOE+OO l,50E-02 3.00E-02 4,50E-02 

STD of error [rad/s] 

O.OOE+OO l,50E-02 3,00E-02 4.50E-02 

RMSE [rad/s] 

Table 5-11: Benchmark resultsfor yaw rate 
(light gray is the time corrected error, dark gray the absolute error) 

Results of benchmarking heading 

When looking at the results of the benchmark for the yaw rate, see table 5-12, one could 
see that there are big improvements after correcting for the delay considering accuracy 
and overall performance of the sensors. Both Xsenx MTi-G and U-blox EVK-6R contain 
a GPS sensor as well as a yaw rate sensor. However, the overall performance after 
correcting for the time-delay is better of the U-blox than of the Xsens MTi-G. This is not 
expected when looking at the specifications from the manufacturers. Although correcting 
for the time-delay results in a major improvement for the accuracy and overall 
performance of the NXP ATOP and Xsens MTi-G, the effect on the precision is marginal 
or even worse. 

U-bbx EVK-6R 

Xscns MTi-G 

Trmil.: RTK GPS 

NXPATOP; 

.. ,-, ~ ---+-----+----+----+------l 

O,OOE+OO 4,00E-02 8,00E-02 l,20E-Ol l ,60E-01 2,00E-01 

Absolute mean of error [rad] 

• 
Xsern MTi-G 

U-b::~A:~: ~ 
Trmie RTK GPS 

-----+-------4------+----+----J 
O,OOE+OO l ,OOE-02 2,00E-02 3,00E-02 4,00E-02 5,00E-02 

STD of error [rad] 
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NXP ATOP ~ 
U- bbx EVK-6R 

Xscns MTi-G 

Trimi: RTK GPS ·-1"~--+------+-----r-----l----j 

O.OOE+OO 4,00E-02 8.00E-02 l ,20E-01 l .60E-0 1 2.00E-0 1 

RMSE [rad] 

Table 5-12: Benchmark resultsfor heading 
(light gray is the time corrected error, dark gray the absolute error) 

5.2 Benchmarking robustness 

With the benchmark setup described in section 5.1.1 and the benchmark method 
described in sections 5.1.2 and 5.1.3, some examples of benchmark cases are described in 
this section in order to benchmark the robustness of different estimators. Therefore, 
experiments and/or simulations may be used. In this section the use of experiments is 
assumed. 

In order to benchmark robustness some not ideal experiments for the estimators should be 
performed. In particular, the experiments where the estimators itself are not 'designed' 
for or when feeding the estimators with sensory date under non ideal conditions for the 
sensors. For the first part, one approach could be to look at the assumptions that were 
made when designing the estimators and perform some experiments where these 
assumptions are not valid. 

In the case of using the estimator described in Chapter 4, one could for instance perform 
some experiments with: 

Large body roll 
Non-constant velocity 
High aerodynamic forces 
Driving over slopes, banking roads or uneven road surfaces 
Large steering angles ö 
Large side slip angles a,, a2 

Split friction coefficients µ 

The influence of using incorrect values for the parameters in the estimators should be 
investigated when studying robustness . This is however discussed in section 5.3. 

For feeding the estimators with sensory date under not ideal conditions of the sensors 
part, some experiments could be performed under sheltered or covered conditions, 
because of bad or no GPS availability in that case. Driving over slopes, banking roads or 
uneven road surfaces can also be interesting when using the ESC system of a vehicle 
because of the influence of the gravity when using this planar measurement system. This 
is indicated in (Ryu, 2004, p. 8). Note that the ESC normally does not measure the roll
and pitch rate and the acceleration in direction to the Earth. One could also switch off 
some sensors or add some extra noise in order to study their influence on robustness. 
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After performing the experiments, differences in performance between different 
estimators and settings for the estimators can be determined with use of the benchmark 
method given in section 5.1. 1. After determining the differences, one could for instance 
use some weightings in order to perform the benchmark white emphasizing some more 
important cases. 

In the experiments of Chapter 3 no experiments were performed regarding critica! 
situations. With respect to real highway scenarios, lane change experiments could be 
performed at high speed in order to mimic a scenario where a crash is avoided by moving 
the vehicle sideways. A concept of this experiment is shown in Jigure 5-18. An 
emergency stop scenario can also be mimicked by braking the car with intervention of the 
ABS system. 

_ resting 

===========-=--==~~~~~::;:;::,,:.:::::::=: esting 
Figure 5-18: Lane change experiment concept 

Wi thin the scope of the HT AS CCC project, see section 1.1, one could argue if the 
quality of the estimates in occurrence of critica! situations of big importance. In a critica! 
situation, the driver should pay all his attention on keeping the vehicle in control. 
Therefore it may be of more importance to benchmark within what time or distance the 
estimator converges back to its ' normal' precision and accuracy after a critica! situation. 
In order to achieve in this, the experiments can be benchmarked in different time- or 
distance intervals. Obviously the 'normal' precision and accuracy should also be 
benchmarked, under some normal driving conditions. 

5.3 Benchmarking parameter simplicity 

One important topic for benchmarking in the HT AS CCC project is named 'parameter 
simplicity'. By parameter simplicity the number of parameters, the influence of these 
parameters (sensitivity), and the easiness of obtaining these parameters for the estimators 
is meant. It is not studied in this thesis, but an explanation is given in this section for the 
sake of completeness. 

As mentioned in (Tin Leung, Whidborne, Purdy & Dunoyer, 2010, p. 25), the use of an 
estimator that does not require any parameters such as mass, inertia and tyre cornering 
coefficients is particularly attractive to car manufacturers. This is because in this case the 
estimator can be applied on different vehicle models, reducing complicated and 
expensive calibration and therefore reducing the cost per vehicle. 

Within the HTAS CCC project the idea is to use a device that is applicable in a lot of 
different cars, see section 1.1. Although a sophisticated estimator which requires a lot 
parameters may give far more accurate estimates, it may be necessary to obtain some 
parameters by, for instance, downloading them from a database or performing some kind 
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of manoeuvres to initialize the device. This may be undesirable by the user and also some 
parameters may change during driving, like, for instance, the mass when taking 
passengers in the vehicle. 

Therefore the influence of changing the parameters (sensitivity) and the easiness of 
obtaining these parameters for the estimators may have a heavy weighting in the 
benchmarks. Unfortunately, this (may) require(s) a thorough study on all the 
benchmarked estimators in order to expose all the parameters, and also a lot of 
experiments and/or simulations may be required to study the influence and easiness of 
obtaining of them. 

5.4 Benchmarking different sensors and estimators discussion 

lt can be concluded that the used method for cross-correlation provides an acceptable 
indication for the time-delay. This is concluded from the overall performance results of 
the benchmarks, which have an improvement af ter correcting for the time-delay. The 
determined time-delays for the longitude and latitude positions are also consistent. lt can 
be seen that the amount of time-delay deterrnined in section 5.1.5 is coupled with the 
amount of improvement in section 5. 1.6 in, for instance, the results of benchmarking GPS 
positions. 

The ranking of the position benchmark overall performance results is in line with the 
ranking of Table 5-13. Here, for the ranking, a combination of specifications and price of 
the sensors is used. The Circular Error Probable (CEP) indicates that 50% of the time, the 
position readings will fall within a circle of the mentioned radius. Higher accuracies for 
the OxTS RT3100, Xsens MTi-G and U-blox EVK-6R are possible when a Satellite
Based Augmentation System (SBAS) is used instead of Standard Positioning Service 
(SPS). This is however not the case in the experiments of Chapter 3. The price is 
indicated in the order of magnitude with information from TNO. Although the Xsens and 
U-blox should have the same accuracy in position, this is not the result from the position 
benchmarking. However, note that the U-blox is almost six times cheaper. 

Rank Sensors Accuracy [m] Price [€] 
1 Trimble RTK (0.01 + 1 ppm) RMS' 30k 
2 OxTS RT3100 1.8 CEP (SPS)8 30k 
3 Xsens MTi-G 2.5 CEP (SPS)9 3.5k 
4 U-blox EVK-6R 2.5 CEP (SPS) 10 600 
5 NXPAtop <30 95% CEP 11 <100 

Table 5-13: Position accuracies 

7 http://www. co mm-tee. com/prods/mfgs/Trimble/manuals/SPSx5 J _ModularGPSRcvr _360A_manual.pdf, 
visited: 27-07-2011. 

8 http://www.oxts.com/downloads/RT3000-Single-Antenna.pdf, visited: 27-07-2011. 
9 http://www.xsens.com/images/stories/products/PDF _Brochures/mti-g%20leaflet.pdf, visited: 27-07-2011. 
10 http://www. u-blox.comlimages/downloads/Product_Docs/LEA-6_DataSheet_ %28GPS. G6-HW-09004 ... 

... %29.pdf, visited: 27-07-2011. 
11 ftp://ftp.3gpp.org/tsg_t/TSG_TITSGT_26/Docs/PDFITP-040240.pdf, visited: 27-07-2011. 
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Because of the mentioned reasons in this section, confidence is gained in the used 
benchmark method. lt is however expected that all the results, so also for time delay, get 
more consistent and reliable if measurements are used from experiments that are repeated 
multiple times. Some improvement will also be gained when correcting for the different 
mounting positions of the sensors. For the Xsens MTi-G it is known that it was not set in 
its high precision mode, the consequences of this setting are however not studied. 

Further, it is shown in this chapter that there is not a big difference for the overall 
performance between the sensors using the GPS velocity and the sensors using the 
velocity on the vehicle CAN bus. 

For future benchmarks regarding the HT AS CCC project also the robustness, parameter 
simplicity, CPU load and price should be taken into account. For the complete 
benchmark a scoring table can be used, for which a concept is shown in table 5-14. If one 
wants to use the estimator in a control-loop, it may also be interesting to benchmark the 
'smoothness' of the output of the estimators. With smoothness the lack of jumps/spikes in 
the signal is meant. The quality of the estimates part could be extended by looking at the 
update frequency, resolution, and drift of the signals. Further, the position errors could be 
converted from degrees to meters using a flat Earth assumption, as for instance in 
Appendix H, in order to verify the specifications from the manufactures of the sensors. 

In this chapter all the cases refer to using the same test vehicle. lt can however also be 
interesting to perform the whole benchmark again using different test vehicles. 
Furthermore, all the benchmarks are performed in the time-domain. lt would be 
instructive to perform a thorough research in the distance- and frequency domains. For 
research in the distance domain appendix H can be useful. 

Conceot 1 
Selection criteria WeiRht Rating Weighted score 

Quality of estimates 
Time delay 
Precision 
Accuracy 
Overall performance 
.............................. 

Robustness 
.. ........ ... ................. 

Parameter simplicity 
.............................. 

CPU load 
.. ..... ....................... 

Price 
.............................. 

Total: 
Table 5-14: Scoring table concept/or benchmarking 
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6 Conclusions and recommendations 

In this chapter the conclusions and recommendations of this report are stated. The 
conclusions can be seen in section 6.1 and the recommendations are given in section 6.2. 

6.1 Conclusions 

As mentioned at the beginning of this thesis, the objective of this project is to develop a 
benchmark method for sensor fusion concepts, with the focus on the HTAS CCC WP4.1. 
The development of the benchmark method should entail determination of important 
criteria as well as implementation of these criteria. Although the benchmark method is 
not fully completed, in this research a foundation is made for benchmarking sensor fusion 
concepts. 

It is indicated in this research that a benchmark method for sensor fusion could include 
criteria as: 

Quality of estimates; accuracy, precision, overall performance and time-delay of 
the estimates. 
Robustness; robustness of the different estimators. 
Parameter simplicity; the amount of parameters required for the estimators, the 
influence of these parameters and the easiness of obtaining these parameters. 
CPU load; the amount of processing load required by the algorithms of the 
different estimators. 
Price; price of required sensor(s), required processor(s), et cetera. 

The 'Quality of estimates' criterion is studied thoroughly. Thereby, it is concluded that 
the obtained sensory data requires pre-processing. This pre-processing includes 
correcting for: 

Sensor alignment faults; in this research the optical velocity sensor required pre
processing for an offset in orientation. The correction is achieved by making use 
of a rotation matrix and a measurements where the vehicle was accelerated till a 
certain speed, while driving straightforward. 
Spikes in the measurements; one of the sensor system its measurements contained 
spikes, which are located using a correction domain. The spikes are corrected 
using linear interpolation between the measurements before and after the spike. 
Different sample rates in measurement systems; most of the sensor systems differ 
in sample rates and are logged at a higher rate. This would influence the 
benchmark results undesirably, therefore, only the samples in the signals are used 
at which the values are updated. For the reference signals, linear interpolation is 
used between these samples, in order to obtain a reference signal at a higher rate 
than the used sensor its sample rate. 
(Different mounting positions of the sensors); correction can be achieved by using 
rotation matrices in combination with the placements of the different sensors. The 
pre-processing for mounting positions would only be necessary because of the 
(undesired) use of different sensor systems in the benchmark. In the case of only 
using estimators, all of the estimators should be fed with the same sensory data. 
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The designed benchmark setup for the 'Quality of estimates' criterion entails 
determination of: 

Time delay; by using the specified absolute error and time corrected error, it is 
shown that the cross-correlation provides a good indication for the time-delay. 
This at smaller time intervals compared to the data. Therefore, linear interpolating 
the data of the sensors proved to be effective. 

- Accuracy; the absolute mean of the error is used as an indication for the accuracy. 
Precision; the standard deviation of the error is used as an indication for the 
precision. 
Overall performance; the Root Mean Square Error is used as the overall 
performance index. 

The designed benchmark for the 'Quality of estimates' criterion setup is tested with the 
pre-processed sensory data. Within the HTAS CCC project, different sensor fusion 
concepts are/will be developed, based on Vehicle State Estimation. However, because not 
all the desired estimators were already available, the setup is mainly tested using data of 
available sensor systems gathered with the test vehicle. 

Looking at the ranking of the position benchmark overall performance results, the 
ranking is in line with the determined ranking of using specifications and price. However, 
more consistency in all the benchmark results is expected if the measurements of a 
repeated experiment are used. The first results of the benchmark methods look however 
promising. It is shown that the amount of time-delay is coupled with the amount of 
improvement in, for instance, the results of benchmarking GPS positions. 

Furthermore, it is concluded that the used setup and methods for the chosen criterion, are 
also a foundation for benchmarking the other criteria, which are robustness, parameter 
simplicity, price, and CPU load. 

Some conclusions can also be made which are not directly in line with the project 
objective, but can be interesting for the HT AS CCC project. lt is, for instance, concluded 
that the designed discrete time linear Kalman filter it not useful as the final estimator 
because of the lack of important states like longitudinal velocity, position and heading. lt 
is also concluded that the analytica! bicycle model, SimMechanics model and 
SimMechanics roll-axis model show consistent results in the used simulations which are 
used to validate the analytica! bicycle model. 

Also, it is concluded that a set of consistent sensory data is obtained using the test vehicle 
with additional installed sensors. This set of data are not only to be useful within this 
project, but may be used within other HTAS CCC projects. 
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6.2 Recommendations 

As mentioned before, the benchmark method is not fully completed. Therefore, the 
remaining criteria should be worked out, which are: 

Robustness; to benchmark robustness some non ideal experiments for the 
estimators should be performed. In particular experiments where the estimators 
itself are not 'designed' for, or when feeding the estimators with sensory data 
under non ideal conditions for the sensors, as indicated in section 5.2. 
Parameter simplicity; this (may) require(s) a thorough study on all the 
benchmarked estimators in order to expose all the parameters. To study the 
influence and easiness of obtaining of the parameters (a lot of) experiments and/or 
simulations may be required, as indicated in section 5.3. 
Price 
CPU load 

Looking at the quality of estimates part, it is recommended to extend this part for 
benchmarking the update frequency, resolution and drift of the signals. If one wants to 
use the estimator in a control-loop, it may also be interesting to benchmark the 
'smoothness' of the output of the estimators. 

Furthermore, it is recommended to perform the benchmark in the distance- and frequency 
domains. Some preparations for the distance domain are already made, which can be seen 
in Appendix G. In the frequency domain the type of noise can be studied, for instance. 

Eventually the benchmark should be performed using the 'desired setup ' shown in figure 
5-2, when the different estimators are finished. For the benchmark it is recommended to 
use measurements from repeated experiments and using different test vehicles. 

The benchmark method must also be validated. Therefore, it is also recommended to use 
measurements from repeated experiments and using different test vehicles. The 
specifications provided by the manufacturers can be used for this validation. For the 
position this requires converting the results from degrees to meters, for instance by using 
Appendix Hor Appendix /. 

As for the HTAS CCC project the time-delay of the sensors are small with respect to 
other time delays, one could only be interested in the time corrected signals. 

The influence of using some other interpolation methods in method for determining time 
delay could also be studied. 

Some recommendations will now follow which are not directly in line with the project 
objective. In the project a setup is made to simulate an analytica} bicycle model, 
SimMechanics bicycle model and SimMechanics roll-axis model simultaneously. The 
full potential of this setup is not used in this research. The setup can, for instance, be used 
to study the influence of the constant longitudinal velocity assumption in the analytica} 
bicycle model. The influence of the roll dynamics of the vehicle body can also be studied 
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using this setup. It is however recommend validate the models using measurement data 
from the test vehicle. 

Another recommendation is to study the influence of using different models for the shape 
of the Earth, see Appendix /, and the corresponding flat Earth approaches. 

A recommendation regarding the sensor fusion concepts is to study the benefits of using a 
tightly coupled method, where the GNSS ranges can still be useful when a complete 
GNSS position solution (fix) can not be made. 

The influence of different discretization methods can also be studied. 
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Appendix A: GPS ranging errors 

The GPS ranging errors, where GPS range is explained section 2. 1 .1, can be split into 
seven classes (Mangnus, 2010): 

1) Ephemeris data: Errors in the transmitted location of the satellite. 
2) Satellite clock: Errors in the transmitted clock. 
3) Ionosphere: Errors in the corrections of pseudorange caused by ionospheric 

effects. 
4) Troposphere: Errors in the corrections of pseudorange caused by tropospheric 

effects. 
5) Multipath: Errors caused by reflected signals entering the receiver antenna. 
6) Receiver: Errors in the receiver's measurement of range caused by thermal 

noise, software accuracy, and inter-channel biases. 
7) The physical model for the Earth: Errors caused by the physical model of the 

Earth that is used. 

The error in the position caused by these ranging errors can, for a budget stand-alone 
GPS receiver, be seen in table A-1 (Tiberius & van Bree, 2011). 

Ransdn2 error source 95%-value [m] 
1) 2 
2) 2-5 
3) 5-30 / 15-90 (slant) 
4) 2 / 20 (slant) 
5) 1-10 
6) 1-3 

--
Total range 5-10 

Table A-1: Ranging errors 

The physical models for the Earth are discussed in Appendix/. 
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Appendix B: Pre-processing for errors in Xsens data 

In some of the experiments, the measurements of the Xsens contain spikes, as can be seen 
infigure B-2(a). Because the values of these spikes can be relatively high and are present 
in all of the signals (positions, velocities, accelerations, etcetera), the 'faulty' 
measurements need to be corrected. The spikes are caused by a fault in the software that 
processes the signals. 

The sensor is logged at a higher sample frequency than the sensor is updated, see section 
5.1.4. Therefore, when keeping the measurement at the logged sample frequency, it is not 
useful to look at the derivative of the signa! and use some kind of error criteria. In this 
case only the first sample of the spike will be detected, but not the amount of samples that 
the spike is present. This is because the derivative will only have a non zero value at the 
first sample of the spike. lt was found that the number of samples with spikes can 
change. 

The signals are corrected using the mean value of the same signa! of a reference sensor, 
for instance the Trimble RTK GPS for the position signa!, and a tolerance on the mean 
value is taken in order to create a domain. This can be seen as the green area (used 
domain) infigure B-1. If the logged values of the Xsens signals lie outside this domain, it 
will be marked as spikes. lt was found that if a spike is present in a certain signa!, it will 
be present in all of the signals at the same sample. Because sometimes the spikes may fall 
inside the domain for a certain signa!, all the indices of the different signals are blended 
in order to create one index for all the spikes in all the signals. 

----------- ---------------------- . --------------------------------
- ___________ -/-_s~!~~- _ __ 1 used domain 

-- ____ /______ ····1------ t··------------------------
y i...::;::.__~------- - _;.;;:==--..j-=,,....---,--------- --:::::,,; 

___ ___ -------------------- - ) improveddomain 
- mean value ---- ;---~--! ___ ---

: ---~-------------

X 

Figure B-1 : Correction do mains 

However, for signals with a large range (for instance for the position signa! in long 
measurements with a high speed in one direction), the accuracy of this method will drop 
down because of the relatively large domain. Therefore, it would be better to use a 
tolerance on the reference signa! instead of the mean of the reference signa!, which can be 
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seen as the grey area (improved domain) infigure B-1. This will reduce the area covered 
by the domain and therefore will be more accurate. 

Nevertheless the first approach proved to be able to detect all the spikes in all of the 
'faulty' measurements of Chapter 3, and therefore the improved domain approach is not 
implemented. 

With all the samples of the spikes available, it was chosen to correct the samples which 
contain spikes by linearization between the value of the sample before and after a spike. 
One example is shown infigure B-2. 
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Appendix C: Pre-processing for CORREVIT S-350 Aqua data 

As it can be seen in figure C-1, the CORRSYS-DATRON CORREVIT S-350 Aqua is 
mounted on the front of the car. Adjustments in the mounting orientation are manual, and 
therefore, the coordinate system of the sensor is often not fully aligned with the 
coordinate system of the vehicle. Therefore the signals of this sensor need to be 
corrected. 

In order to achieve in this correction a measurement is taken 
where the vehicle was accelerated till a certain speed, while 
driving straightforward. In this case the velocity in y direction 
should be zero. As can be seen in the figure C-2( a) this is not 
the case and therefore the measurements need to be corrected. 
The problem with the coordinate systems is indicated in 
figure C-1 . 

vehicle 
vx 

V CORREV/T. 

X a 

CORREV/T 
vY 

Figure C-1: Coordinate systems 

The angle a can now be determined (using a same approach 
as for the vehicle sideslip): 

V vehic/e = V CORREV/T Sin(a) + V CORREV/T COS(a) = Q 
)' X )' ' 

_, -vY 
( 

CORREV/T J 
a = tan V ;ORREV/T • 

This results in a z 1. 9 · 10-2 radian. N ow the signals can be corrected by using: 

(C. l) 

[v vehicle v vehicle ]= [vCORREV/T VCORREV/T l[ cos{a) sin{a)l · (C.2) 
x Y x Y -sin{a) cos{a) 

The results are shown infigure C-2. 
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(b) Corrected velocity in y direction 

Figure C-2: CORREV/T velocity in y direction 
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Appendix D: SimMechanics bicycle and roll-axis model 

As discussed in section 4.1.1 a SimMechanics bicycle and roll-axis model are used for 
validation. These two models are discussed in this appendix 

Bicycle model 

The SimMechanics bicycle model is shown in figure D-1. For this bicycle model the 
same values for the parameters are used as for the analytica} bicycle model of section 4.1. 

u (4 )-(1 lu ( 1 ))" (u(2)+p. bi cyd e _ model .dim ension .a ·u(3)) 

-{ 1 /u( 1 )r(u(2 )-p .bi cycl e _ model .di men:sion.b" u(3)) 

Fx_front,Fy_lront,Fz_ front]' 

Cfy_ 1 

" ~ ;;, 0 
0 

s ehlde body 

~ § tl 

1"'"'111 

IPo•••ml 

Figure D-1: SimMechanics bicycle model 

Roll-axis model 

The roll-axis model used as a demo in TNO's Delft Tyre software is adapted to the 
Toyota Prius test vehicle for which the properties can be seen further on in this appendix. 
The model can be seen infigure D-2. In order to validate the bicycle model of section 4.1 
the roll axis is however on ground level as well as the centre of gravity of the bodies. The 
spring and damper constants are unchanged. For the inertia matrix, only / u is replaced 
with the value of (4.12). 
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Figure D-2: SimMechanics roll-axis model 

Test vehicle properties 

The masses of the test vehicle can be seen in (4.7), (4.8) and (4.9). The properties of the 
tyres can be seen in table D-1. 

Type 
Size 

Pressure 

2 l 5/45R 17 87W (Toyo Proxes R30) 
l 7x7J [inch] 

230 kPa (front), 220 kPa (rear) 
Table D-1: Test vehicle tyres 

So the free rolling radius of the tyre is: 

r = d,;m + aspect ratio-section width = 25.4 .!2+ 0.45 -215 =0_3126[m]. (D.l) 
whee/ 2 100 1000 2 1000 
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The dimensions of the test vehicle 12 are shown in table D-2. 

Wheelbase 2.700 [m] 
Track width (front) 1.515 [m] 
Track width (rear) 1.510 [m] 

Length 4.460 [m] 
Width 1.745 [m] 
Height 1.490 [m] 

Bottom clearance 0.130 [m] 
Table D-2: Test vehicle dimensions 

Sensor placement coordinates 

The coordinates of the placements of the sensor, belonging to figure 3-3, can be seen in 
table D-3. 

= = = Q Q Q ·- ·- ·-.... ,...., .... ,...., .... ,...., 
·i;i e ·i;i e ·i;i e 
Q -- Q -- Q --C. C. C. 
i.-t ;;.... N 

OxTS RT3100 1 GPS 0.85 0.5675 1.555 
\ unit -0.44 0 0.72 ................. 

U-blox EVK-6R 1 GPS 0.535 -0.155 1.44 

t"unit ... -0.425 0.36 0.6763 
Xsens MTI-G i GPS 0.535 0.145 1.44 

t__unit ... 1.27 0 0.535 
NXPATOP i GPS 0.75 0.3 1.46 

\ ... unit ... -0.575 0.36 0.6563 
Trimble RTK-GPS 1.56 0.2975 1.49 

CORREVIT S-350 Aqua 3.755 0 0.3650 
Toyota Prius ESC 1.98 0 0.42 ................. 

TomTom GO 940 LIVE 1 1 2.255 0.0825 1.1 2 
TomTom GO 940 LIVE l 2 2.255 -0.0825 1.12 

Table D-3: Coordinates of the placements of the sensor 

12 http://www.toyota.nl/prius, visited: 28-06-2010. 

71 



72 APPENDIX D. SIMMECHANICS BICYCLE AND ROLL-AXIS MODEL 



Appendix E: Calculating CORREVIT S-350 Aqua data to the 
vehicle its COG 

73 

As can be seen in figure 3-3 the CORRSYS-DATRON CORREVIT S-350 Aqua is 
mounted in the front of the vehicle. lts lateral velocity is provided at its mounting 
location. The Kalman filter of section 4.2 its lateral velocity is however provided at the 
COG of the vehicle. Therefore one of the two needs to be calculated to the location of the 
other. Here, the choice is to convert the measurements of the CORREVIT S-350 Aqua to 
the COG. 

Fora position measurement a conversion can be seen infigure E-1. 

So: 

Yo ' \ 
' 0 \ ,,,,,,. 

P 
\ , 

A ,Vc/11ch ,, 

1/f 

\ 
\ , 

Figure E-1: Position convers ion 

-sinv, 

cosv, 

0 

(E.1) 

The origin O is now placed at the location of the origin A, see figure F-2. Between the 
system of coordinates O and A there is no angle, 1/f = 0, but there can be a angular 

velocity around the z axis, so ,fr * 0 is possible. 

' \ 
\ 

\ 

\ \"ehiclc 

Figure E-2: System of coordinates 
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The time derivative of (E.1) is: 

-,fr 

0 

0 

Here, R~ = I because f// = 0 and i>t = 0 because p; is constant. So: 

-lfr oj 
0 0 p;. 
0 1 

(E.2) 

(E.3) 

The results of this correction can be seen infigure E-3 where an open-loop bicycle model 
is used as reference in a sine wave experiment. For the yaw rate, needed in (E.3), the 
OxTS RT3100 is used. It can be concluded that the used method is able to give 
acceptable results, the converted measurements are however noisy. This is because the 
input; the yaw rate and lateral velocity already contain noise. The influence of this noise 
is not studied in this research. 
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(a) Unconverted data (b) Converted data 

Figure E-3: Results of converting CORREVIT S-350 Aqua 
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Appendix F: Benchmark data 

In this appendix the raw data of the benchmarking results can be seen. This data is used 
in section 5. 1. 5, 5. 1. 6 and Appendix H. 

Results of benchmarking longitude positions 

Sensor Delay [s] 
OxTS RT3100 0.11 
Xsens MTi-G 0.20 
U-blox EVK-6R 0.56 
NXPATOP 1.62 
Table F- 1: Longitude time-de lay 

Sensor Mean [0
] STD [0

] RMSE [0
] 

OxTS RT3100 3.0074-10-7 1.4889· 1 ff' 1.4890-1 ff' 
Xsens MTi-G 4.5836·10-6 2.8222·10-5 2.8578· 10-5 

U-blox EVK-6R 1.9225· 10-5 7.7991·10-5 7.9374· 10-5 

NXPATOP 7.7258-10-6 2.6435-104 2.5970-104 

Table F-2: Absolute error longitude 

Sensor Mean [0
] STD [0

] RMSE [0
] 

OxTS RT3100 3.1059-10-1 1.8507 · 10-() 1.8764-10-() 
Xsens MTi-G 3.8179· 10-6 5.6220·10-6 6.7935· 10-6 

U-blox EVK-6R 1.4961· 10-5 1.8112·10-5 2.3316-10-5 

NXPATOP 3.4716· 10-6 6.0987 · 10-5 5.9989· 10-5 

Table F-3: Time corrected error longitude 

Results of benchmarking latitude positions 

Sensor Delay [s] 
OxTS RT3100 0.10 
Xsens MTi-G 0.22 

U-blox EVK-6R 0.60 
NXPATOP 1.65 

Table F-4: Latitude time-delay 

Sensor Mean [0
] STD [0

] RMSE [0
] 

OxTS RT3100 4.1617•10-() 9.3019· 10-() 1.0190· 1 ff) 
Xsens MTi-G 4.2643·10-7 2.4566· 10-5 2.4557-10-5 

U-blox EVK-6R 6.2491·10-6 5.4817 · 10-5 5.4625· 10-5 

NXPATOP 2.4331 · 10-5 1.5992· 10-4 1.5949-104 

Table F-5: Absolute error latitude 



76 APPENDIX F. BENCHMARK DATA 

Sensor Meao [0
] STD [0

] RMSE [0
] 

OxTS RT3100 4.1785-10-0 1.1022· l 0-0 4.3214-10-0 

Xsens MTi-G 5.2215· 10-7 5.8597·10-6 5.8801-10-6 

U-blox EVK-6R 5.8262·10-6 1.2727 · l 0-5 1.3881-10-5 

NXPATOP 1.8705-10-5 3.5310·10-5 3.9510· 10-5 

Table F-6: Time corrected error latitude 

Results of benchmarking positions in the Xvehicleframe 

Sensor Meao [m] STD [m] RMSE [m] 
OxTS RT3100 1.5858 3.5630•10-l 1.6253 
Xsens MTi-G 2.6567 7.4602-10-1 2.7593 

U-blox EVK-6R 7.2800 7.4406-10-1 7.3170 
NXPATOP 2.2258-101 4.4060 2.2675-101 

Table F-7: Absolute error Xvehicle 

Sensor Meao [m] STD [m] RMSE [m] 
OxTS RT3100 1.7162• lQ-l 3.5222·10-l 3.9177-10-1 

Xsens MTi-G 4.1647· 10-2 7.7068-10-1 7.7143· 10-l 
U-blox EVK-6R 9.1720· 10-2 7.7370-10- 1 7.6945· 10-l 

NXPATOP 1.3593 4.4648 4.5874 
Table F-8: Time corrected error X vehicle 

Results of benchmarking positions in the Yvehicleframe 

Sensor Meao [m] STD [m] RMSE [m] 
OxTS RT3100 2.1762·10-l 4.7302-10- 1 5.2063·10-l 
Xsens MTi-G 1.2065· 10-l 4.6084-10-1 4.7605· 10-l 

U-blox EVK-6R 2.5756 7.6743-10-1 2.6848 
NXPATOP 2.1153-10-1 4.0952 4.0270 

Table F-9: Absolute error Y vehicle 

Sensor Meao [m] STD [m] RMSE [m] 
OxTS RT3100 1.6734· l 0- 1 4.7375•10-I 5.0238•10-I 
Xsens MTi-G 1.9920· 10-1 4.5795-10-1 4.9910-10-1 

U-blox EVK-6R 2.3886 6.4237· 1 ff 1 2.4714 
NXPATOP 9.6238-10-1 3.8471 3.8960 

Table F-10: Time corrected error Yvehicle 
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Results of benchmarking longitudinal velocity 

Sensor Delay [s] 
OxTS RT3100 -0.07 

Prius ESC -0.07 
Xsens MTi-G 0 

Trimble RTK GPS 0 
U-blox EVK-6R 0.71 

NXPATOP 1.42 
Table F-11: Longitudinal velocity time-delay 

Sensor Mean [mis] STD [mis] RMSE [mis] 
OxTS RT3100 5.1335· 10-j 1.0471•10-l 1.0482•10-l 

Prius ESC 3.8352-10-2 1.1620-10-1 1.2230·10-l 
Xsens MTi-G 8.0670· l 0-2 2.7224·10-l 2.8389· l ff 1 

Trimble RTK GPS 2.1164· 10-2 7.4883· 10-2 7.7046·10-2 

U-blox EVK-6R 2.0499·10-3 9.7747·10-l 9.6380·10-l 
NXPATOP 3.9323·10-l 2.0940 2.0948 

Table F-12: Absolute error longitudinal velocity 

Sensor Mean [mis] STD [mis] RMSE [mis] 
OxTS RT3100 7.5767· 10-3 5.6120· 10-2 5.6621 · 10-2 

Prius ESC 3.9504·10-2 7.0935· 10-2 8.1157-10-2 

Xsens MTi-G 8.0670·10-2 2.7224·10-l 2.8389·10-l 
Trimble RTK GPS 2.1164· 10-2 7.4883· 10-2 7. 7046-10-2 

U-blox EVK-6R 1.5723-10-3 1.2777· 10-l 1.2599· 10-l 
NXPATOP 7.7289-10-2 8.4520·10-l 8.3409·10-l 

Table F- 13: Time corrected error longitudinal velocity 

Results of benchmarking late ral velocity 

Sensor Delay [s] 
Linear Kalman filter 0 

Extended Kalman filter 0 
Table F-14: Lateral velocity time-delay 

Sensor Mean [mis] STD [mis] RMSE [mis] 
Linear Kalman filter 3.6378·10-L 8.0609• 1 ffL 8.8424·10-L 

Extended Kalman filter 3.8791·10-2 8.5638·10-2 9.4000·10-2 

Table F-15: Absolute error late ral velocity 
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Results of benchmarking yaw rate 

Sensor Delay [s] 
Xsens MTi-G 0 

Linear Kalman filter 0 
Prius ESC 0.02 

Extended Kalman filter 0.09 
Table F-16: Yaw rate time-delay 

Sensor Meao [rad/s] STD [rad/s] RMSE [rad/s] 
Xsens MTi-G 1.0991 · 10-2 8.4198·10-j 1.3842· 10-2 

Linear Kalman filter 1.4426· l 04 3_5595.10-3 3.5618·10-3 

Prius ESC 2.3375-10-3 1.3176-10-2 1.3371 · 10-2 

Extended Kalman filter 3.3592· 10-3 4.0747-10-2 4.0878·10-2 

Table F-17: Absolute error yaw rate 

Sensor Meao [rad/s] STD [rad/s] RMSE [rad/s] 
Xsens MTi-G 1.0991 · 10-2 8.4198· 10-j 1.3842· 10-2 

Linear Kalman filter 1.4426-104 3_5595.10-3 3.5618· 10-3 

Prius ESC 2.0440-10-3 7.4116-10-3 7 .6824-10-3 

Extended Kalman filter 3.2610-10-3 1.0865· 10-2 1.1342· 10-2 

Table F-18: Time corrected error yaw rate 

Results of benchmarking heading 

Sensor Delay [s] 
Trimble RTK GPS 0.09 

Xsens MTi-G 0.46 
U-blox EVK-6R 0.98 

NXPATOP 1.52 
Table F-19: Heading time-delay 

Sensor Meao [rad] STD [rad] RMSE [rad] 
Trimble RTK GPS 1.0527-10-" 3.3371·10-j 1.1035-10-" 

Xsens MTi-G 3_7943.10-2 2.5874-10-3 3.8031 · 10-2 

U-blox EVK-6R 8.6510· 10-2 6.1794-10-3 8.6727·10-2 

NXPATOP 1.6030· 10-1 4.5541 · 10-2 1.6650-10-1 

Table F-20: Absolute error heading 



APPENDIX F. BENCHMARK DATA 79 

Sensor Meao [rad] STD [rad] RMSE [rad] 
Trimble RTK GPS 2.9031 · 10-j 3.3725· 10-j 4.4286· 10-j 

Xsens MTi-G 1.3327· 10-3 3.8324·10-3 4.0563·10-3 

U-blox EVK-6R 2. 7809· 10-3 2.0457 · 10-3 3.4422·10-3 

NXPATOP 3.1186· 10-2 4.3411-10-2 5.3049-10-2 

Table F-21: Time corrected error heading 
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Appendix G: Determination of the traveled distance 

Within the scope of the Connected Cruise Control (CCC) project or when 
studying/benchmarking signals it is interesting to know the traveled distance of the 
vehicle. However, the traveled distance is likely to be unavailable from the signals used 
in the CCC project. 

In order to determine the traveled distance s from discrete sensor measurements or 
estimates for the velocity or GPS positions, three methods are described in this section. 
To be able to show these methods, one of the measurements of section 3.2 is used for 
which the setup can be seen in figure G-1. In this measurement the test vehicle was 
driven straightforward, accelerating from point A up to a certain speed, followed by 
decelerating to a standstill in point B. 

Figure G-1: Setup ofused measurement 

Method 1: cumulative sum 

The cumulative sum of the longitudinal velocity vx is multiplied with the sample time 11t 

to determine the traveled distance s, so: 

n 

sn = s0 + 11t · L vx.k = 412.9[m] . (G.1) 
k=I 

The result can be seen in 'Method 1' of figure G-2, where for the longitudinal velocity vx 

the CORRSYS-DATRON CORREVIT S-350 Aqua sensor, see section 3.1, was used. 

Method 2: haversine distance equation 

The haversine distance equation (Sinott, 1984), see (G.2), can be used to deterrnine the 
shortest distance sk at each sample between two points, pk-1 and pk . 

(G.2) 

Here: 

R = 6.371-106 [m] (Earth's mean radius), 



82 APPENDIX G. DETERMINA TION OF THE TRA VELED DISTANCE 

li1a1 k = latk - latk-i (Latitude is in radians), 

li,
0
n k = lonk -lonk-i (Longitude is in radians), 

ak =sin 2
( !il;tk )+cos(latJ·cos(latk_Jsin2

( !il;nk), 

ck = 2 · atan2(~.Jl-ak ). 

So, s n can be calculated: 

n 

sn =R·Ick =414.l[m]. 
k=l 

(G.3) 

The result can be seen in 'Method 2' of figure G-2, where for the positions p the high 

position precision Trimble RTK GPS system was used. 

Method 3: haversine distance equation in case of straightforward driving 

In case of a straight driving path between two points A and B, see figure G-1, the 
distance sn can be determined using the haversine distance equation of 'Method 2' but 

naw taken pk-1 = p1=0
• So, with A-i = p A and using the same GPS positions as 'Method 

2 ', s n can be calculated: 
n 

sn = R · Ick = 412.9[m] . (G.4) 
k=I 

The result can be seen in 'Method 3' of figure G-2. 
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Figure G-2: Traveled distance determination 
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From this figure it can be concluded that all the methods give acceptable results with 
respect to the reference in this experiment. The reference is the traveled distance signal 
from the CORRSYS-DATRON CORREVIT S-350 Aqua. 

From (G. l), (G.2) and (G.3) it can be concluded that 'Method 1' and 'Method 3' give 
identical results at t = n which also are the closest to the reference sensor, which gives 
sn = 413.l[m]. As can be expected the results of 'Method 2' are worse than 'Method 3 ', 

because in this method the errors are also summed every time step. 'Method 3' is 
however only usable in the case of a straightforward driving path. 

At larger traveled distances, larger differences are expected because of the ellipsoidal 
shape of the Earth, in the haversine distance equation the Earth is assumed to be 
spherical. One could for instance use Vincenty's iterative formulae (Vincenty, 1975), 
where the Earth is assumed to be an oblate spheroid. Such an assumption is explained in 
Appendix I. Because of the reasons mentioned, 'Method J' is chosen to be the best 
solution for the traveled distance from the three methods. 
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Appendix H: Benchmarking positions in the vehicle frame 

As mentioned in section 5.1.6 it can be interesting to know the error in longitudinal and 
lateral direction in the vehicle coordinate system, instead of using geographic coordinates 
(longitude, latitude and altitude). Therefore the GPS coordinates (geodetic coordinates) 
are first converted in ground coordinates (xgps and Y gps) using a flat Earth assumption: 

x
8

ps = R · cos(P) · (a- a 0 ), 

Y gps = R · (P - Po) · 

(H.l) 

(H.2) 

Note that a is the longitude [rad], p is the latitude [rad] and R is the mean Earth radius 
[m]. Also, Xgps [m] is in the longitudinal direction and Ygps [m] is in the lateral direction. 
In this method the Earth is assumed to be a sphere. The GPS measurement are however in 
the WGS-84 coordinate frame, so using this coordinate frame when converting to Xgps and 
Y gps coordinates will give improvements. This conversion can for instance be seen in 
(Mayhew, 1999, appx. B). Some background of this method can be seen in section /.3. 

Secondly, the ground coordinates are converted into the vehicle coordinate system using 
(H.3), which is indicated infigure H-1 . 

vehicle [ vehicle vehicle ] = rGPS [COS(l/f) - Sin(l/f )] 
!.a = Xa Ya -B sin(l/f) cos(l/f) 

YGPS 
Y vehicle 

Xvehicle 

R = Reference point 
B = Benchmark point 

Figure H-1 : Ground coordinate frame to vehicle coordinate frame convers ion 

(H.3) 

Note that r_;";c1, is equal to the error on one sample. So, the array containing r_;";c1, for 

all the samples is equal to the error as it is defined in section 5.1.2 in this case. 

Note that in this conversion the heading is required from the heading reference sensor. It 
can be necessary to correct this heading for the initia! heading of the vehicle in order to 
get the measurement in the same coordinate system as in figure H-1 . A problem is that 
the reference sensor for the position and the heading are not the same and their signals are 
not synchronized in time. In other words, there can be a delay between the reference 
signa! for the position and the heading. 
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Bath reference sensors in this research, see table 5-1, contain pos1t1on- and heading 
signals. From the position sensor, the Trimble RTK GPS, it is however known that the 
heading signal has a delay with respect to its own determined positions. Therefore, the 
assumption is to take the delay between the position signals of bath the reference sensors 
and correct for this delay on one of the reference sensors (the one with delay). In this case 
the average between the longitude and latitude position delays is taken, see section 5.1.5, 
and the reference heading signal is corrected for this delay. 

Note that one should take care of using the correct sample for the heading when looking 
at the time corrected error because this is not the same heading sample when looking at 
the absolute error. The signals for the longitude- and latitude positions also need to be 
synchronized if they have different delays. However, when the same GPS receiver is used 
for longitude and latitude, they will be updated at the same sample. The differences in the 
time delays of section 5.1.5 are expected because they are estimates and the differences 
are quite small between the longitude- and latitude delays. Therefore, the delay is taken to 
be the average between the delay for the longitude- and latitude position. 

Because of the combination of different signals and delays, one should be careful with 
the interpretation of the outcomes of benchmarking position in the vehicle frame. 
Outcomes are highly dependent on the experiment which is used. If for instance there is 
only driven in Northern direction, the latitude position, or consequential ygps, is the only 
signal changing in time in the calculations for Yvehicle• 

Results of benchmarking positions in the Xvehicleframe 

In the experiment used for this benchmark the initial heading 'lfo is 0.14 radian. As 

mentioned before interpretation of the outcomes is difficult, although in this situation it 
can be concluded from table H-1 that there is a big improvement of correcting for delay 
in accuracy and overall performance. For the precision there are no big differences 
between looking at the absolute and time corrected error. The link between the 
benchmark results and the specifications given by the manufacturers is more difficult to 
be observed in the results, it is only visible in the accuracy and overall performance, 
looking at absolute error. 
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Table H-1: Benchmark results for xv,hic/e positions 
(light gray is the time corrected error, dark gray the absolute error) 

Results of benchmarking positions in the Yvehic/eframe 
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It can be seen in table H-2 that for the accuracy it is quite difficult to interpret the 
outcomes. As for the positions in the Xvehic/e frame, for the precision there are no big 
differences between the absolute and time corrected errors. For the overall performance, 
except for the OxTS, there is a link between the benchmark results and the specifications 
given by the manufacturers. 

5,00E-0 1 1,00E+OO l ,50E+OO 2,00E+00 2,50E+OO 3,00E+OO 

Absolute mean of error [ml 

0,00E+00 5,00E-01 l,OOE+00 1,50E+00 2,00E+OO 2,50E+00 3,00E+00 3.5UE+OO 4,00E+00 4,50E+OO 

STD of error [ml 

0,00E+OO 5,00E-0 1 1,00E+00 1,50E+00 2,00E+OO 2,50E+O0 3,00E+OO 3.50E+OO 4.00E+O0 4.50E+OO 

RMSE[ml 

Table H-2: Benchmark results for Yv,hic/e positions 
(light gray is the time corrected error, dark gray the absolute error) 
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Appendix I: Models for the geometry of the Earth 

In this appendix some models for the Earth geometry are shown. In order to show 
distinguish between the different models, the calculations for the x- and z position are 
shown. 

1.1 Determine the x- and z position using a sphere 

In order to determine the x- and z position of point Pon the Earth of figure I-1, the 
Earth can be seen as a perfect sphere. Therefore the vertical cross section spanned by the 
origin and point P is a circle. So a = b, and a is the equatorial radius. 

Figure /-/ : Determining x- and z position using a sphere 
So: 

x = a · cos(/3) , 

z = a · sin(/3) . 

1.2 Determine the x- and z position using an ellipse 

(1.1) 

(1.2) 

Because the Earth is not a perfect sphere it would be more convenient using an oblate 
spheroid for the geometry of the Earth as in figure I-2. So the vertical cross section 
spanned by the origin and point P is an ellipse. 

/ \ 

/ 

Figure 1-2: Determining x- and z position using an ellipse 
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The equation of an ellipse holds: 

(1.3) 

so: 

(1.4) 

Note that x = a · cos(/3), see the circumscribing circle infigure 1-2. So: 

Hereby using cos2 (/3) + sin 2 (/3) = 1 . Note that the eccentricity of an ellipse: 

e=FITT ~ (1.6) 

so: 

z = a · b • sin(/J) = a · ~ -sin(/J) . (1.7) 
a 

1.3 Determine the x- and z position using WGS84 

In the methods described above an assumption is that the latitude <p is equal to the angle 
/3, so /3 =<p. However, using WGS84, the latitude <p is determined by a perpendicular 
to the circumference of the Earth (ellipse) and to the point where this perpendicular 
intersects the plane spanned by the equator, see figure /-3. WGS84 is typically used in a 
GNSS. 
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---- -----

/ \ 

/ 

Figure /-3: Determining x- and z position using WGS84 

In order to determine the x- and z position using the latitude <p a method can be used 
which is taken from (Mayhew, 1999, appx. B) and will now be explained. More 
intermediate steps are taken in the calculations here than in the original. 

By slightly varying /3 (d/3), a dx, dz and ds will be obtained on the circumference of 
the ellipse, seefigure 1-4. 

dx 

Figure 1-4: Circumference of the WGS84 ellipse 

Here: 

dx = -a · sin(/3) · d/3, 

dz = a · ~ -cos(/3) · d/3, 

ds = .J(-dx)2 + (dz) 2 = a -.J1-e2 
· cos2(/J) · d/3. 

It can be seen that: 

. ( ) - dx sin(/3) 
sm <p = -- = ---;========== 

ds .J1 - e2 
• cos2 (/3) ' 

(✓1- e2 . sin( <p) r = ( ~. sin(/3) ]2' 
.J1 - e2 

• cos2 (/3) 

(1.8) 

(1.9) 

(1.10) 

(1.11) 

(1.12) 
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and: 
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(1 2 ) . 2 ( ) (1- e
2

) • sin
2
(/i) -e -sm <p =-----

1-e2 · cos2 (/i) ' 

cos(<p) = dz = ~ -cos(/i) , 

ds .J1 - e2 
• cos2 (/i) 

2 ( ) (1- e2
) · cos

2 
(/i) 

cos <p = -----. 
1 - e2 

• cos2 (/i) 

Summing (1.13) and (1.15) results in: 

(1.13) 

(1.14) 

(1.15) 

(1 2) . 2 ( ) 2 ( ) (1- e
2

) · sin 
2 
(/3) + (1- e

2
) • cos 

2 
(/3) 

- e • sm <p + cos <p = 
2 2 

, (1.16) 
1 - e · cos (/3) 

z . 2 1-ez 
1-e -sm (<p)= 

2 2 
, (1.17) 

1 - e · cos (/i) 

~---- ~ 
✓1-e2 ·COS2 (/J)= .J (1.18) 

1-e2 -sin2(<p) 

Now circumscribing (1.11) and (1.14) and filling in (1.18): 

✓~--- ✓1-e2 -sin(<p) 
sin(/i) = sin(<p) ·l-e2 

• cos2(/i) = .J , 
1-e2 -sin 2 (<p) 

(1.19) 

cos(/i) = cos( <p) · .J1 - e
2 

• cos
2 
(/i) = cos( <p) . 

✓e2 -1 .J1-e2 -sin 2 (<p) 
(1.20) 

Filling in (1.19) in (1.1) results in: 

a • cos(m) 
x = a · cos(/i) =---;====..,,==. .J1-e2 -sin2(rp) 

(1.21) 

Filling in (1.20) in (1. 7) results in: 

r:----:; . ( R) a · (1- e
2

) • sin(<p) 
z = a · -..; l-e- · sm f-' = --;=========~ . .J1-e2 

• sin2(rp) 
(1.22) 
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