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Abstract

This thesis develops methods to estimate the relative motion between the cabin and chassis

of a semi-truck without the use of a complex suspension model between the two bodies. In,

this thesis only sensors that would be already available on current vehicle using both inertial

and GPS sensors on the cabin and chassis bodies are utilized. Automation of Semi-Trucks

requires perceiving obstacles that are both stationary and moving that exist close to the truck.

The cabin and chassis of a truck have a suspension system between them. This can cause there

to be offsets between the perception of obstacles from the cabin vs the chassis which can inhibit

autonomy of the vehicle.

The thesis analyzes both the use of GPS/INS integration as well as Transfer Alignment

techniques to correct an IMU mounted on the chassis with measurements taken from GPS an-

tennas and IMUs mounted on the cabin. Additional methods are investigated to further improve

these techniques such as taking into account the quality of the cabin measurements, adding

higher fidelity models for state estimates, or reducing the amount of states. Using real world

datasets, the methods are evaluated by comparing the corrected chassis solution to a high qual-

ity GPS/INS senor that acts as a truth measurement. The results show that the relative motion

between the two bodies can be determined. The quality of the final solution is dependent on

the performance of both the cabin solution and chassis IMU. The thesis will show with a high

quality cabin GPS/INS solution the chassis attitude solution can be found to be within 0.5

degrees of the true value.
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Chapter 1

Introduction

1.1 Background and Motivation

The autonomous vehicle industry is an ever growing field with a recent focus on making semi-

trucks autonomous. The trucking industry’s total revenue for 2019 was around 700 billion

dollars. Moreover, 13.4 percent of all vehicles are commercial trucks [24]. This industry alone

handles over 70 percent of the nations goods [24]. Therefore, there is a large desire to save

costs everywhere possible. Autonomy has the potential to help solve some of the industries

biggest challenges such as fuel efficiency and driver shortages. In 2018, companies were short

over 60,000 drivers for possible jobs which leads to massive loss in revenue [22].

This thesis focuses on the fact that semi-trucks have an additional suspension system be-

tween the cabin and the chassis that can cause an offset between the two frames. Figure 1.1a

highlights the difference between the cabin and chassis bodies. The suspension system con-

necting the cabin and chassis often includes different kinds of springs, dampers, and anti-roll

bars. These suspension components are used to create a comfortable ride for the driver under

all road conditions. Figure 1.1b pictures a general model of a semi-truck that includes all these

components. The unique suspension system creates difficulties in modelling the relative motion

between the cabin and chassis, because of the sheer amount of components as seen in Figure

1.1b. Any model would need to include many variables for linear and angular spring-damper

coefficients in all dimensions.

Nevertheless, knowledge of the motion of the cab (cabin) relative to the chassis is critical

to making the truck autonomous. Key perception sensors are mounted to the cabin. However,

if there is an offset between the cabin and chassis frame, then the chassis may “perceive” an
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(a) Cabin and Chassis Example (b) Cabin and Chassis Diagram [3]

Figure 1.1: Cabin and Chassis Description

object to be offset from its true location. The truck suspension system allows the cab to be

up to 3 degrees different from the chassis in the roll and pitch directions. This difference can

negatively effect the path planning and control of the vehicle when using using the chassis as

the main object to be controlled. Figure 1.2 demonstrates the impact that 1 - 3 degrees can

have in the pitch and yaw directions. Being off by 3 degrees at the height of a semi-truck can

misplace a detected object by 0.1 meters. This is unacceptable, as the absolute positioning

needed for vehicles to maintain staying in a lane is around 0.1 meters. In fact, this number can

be even lower for a semi-truck which are often wider than normal vehicles.

(a) Effect of Yaw Error (b) Effect of Pitch Error

Figure 1.2: Attitude Errors Effect on Perception

The problem of accounting for sensor motion may be solved by including many additional

sensors to measure the difference between the cab and chassis such as range finders, LiDARS,

or potentiometers. However, these sensors would add additional costs and may not be able to

handle the harsh conditions of being under the truck body which often experiences dirt and
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water while driving. Finally, these types of sensors may increase the amount of power and

computation needed to properly calculate the relative motion of the two bodies.

This thesis addresses the issue by only using sensors that are already included on an au-

tonomous semi-truck. An autonomous semi-truck could be assumed to be equipped with a

GPS on the cabin body for absolute positioning and inertial systems are often equipped on both

the cabin and chassis bodies for safety and local navigation uses. Therefore, the use of these

sensors would not add any additional monetary cost and also these sensors are very robust in

harsh working conditions. This thesis will look at overcoming the limited information that

these sensors provide for estimating the relative motion between the cabin and chassis bodies.

1.2 Prior Research

This thesis utilizes algorithms that are common for localization in the autonomous vehicle

world. The GPS/INS Extended Kalman filter (EKF) has been a popular form of positioning

for many years and has been outlined thoroughly in many works including [10]. The GPS/INS

EKF fuses the measurement outputs from the GPS and IMU and this helps overcome each of the

sensors shortcomings. This fusion helps get the most out of each sensor. GPS reports absolute

positioning with minimal variance and bias but is often slower, only reporting at around 1 Hz.

However, the IMU can report at much faster rates (100-200Hz) and provide attitude information

but can suffer from biases in its measurements which can cause large errors while integrating

the accelerations. This thesis will expand on this GPS/INS sensor fusion to find the relative

motion between the cabin and chassis bodies.

Estimation of relative motion has been very popular in the field of aerospace. Aircraft

often have wing mounted systems that need to have very precise knowledge of their respective

attitude but move frequently due to the flexibility of the wing. Research related to the topic of

estimating relative motion was used to help initialize wing mounted devices on airplanes before

their use. Similar to the truck cab motion, an aircraft using wing mounted sensors experiences

motion relative to a reference mounted on the fuselage. Both the truck and the aircraft have

a reference system and an accompanying IMU and there is no rigidity assumption between

the two. Groves outlines different transfer alignment methods for optimising the performance

3



for use on an aircraft weapon INS system [8]. Rogers improves on the transfer alignment

method by including angular-rate measurements as updates for the Kalman filter, known as

rapid transfer alignment [17]. These techniques were then applied to additional systems such as

ships and pedestrian navigation. Joon extended the rapid transfer alignment work by applying

it to a large ship body to help estimate the large ship body flexures that can occur during travel

[15]. Archit Thopay also applied transfer alignment methods to a foot-mounted IMU in a car by

only applying the updates while the two bodies were considered rigid to one another, removing

the need to estimate any misalignment between the two bodies [1]. Examples of Joon and

Thopays setups are pictured in Figure 1.3. Additional methods attempted to find relative motion

only using inertial measurements. Alan Schneider used only acceleration and gyroscope values

to determine the dynamic misalignment angles between two bodies which were assumed to be

in flexure [18]. The problem of estimating relative motion between two bodies is now a probelm

for the autonomous semi-truck. This thesis extends the transfer alignment and GPS/INS work

to the semi-truck cabin and chassis problem.

(a) Ship Flexure Setup [15] (b) Pedestrian Dead-Reckoning Initialization [1]

Figure 1.3: Transfer Alignment Examples

Further research related to the specific problem of relative motion between the cabin and

chassis is outlined in a thesis by Edvin Agnas where the authors compare different motion

models (separated bodies and merged bodies) to estimate the relative motion model between

the cab and chassis while also comparing different sensor setups [2]. These models were based

of rigid body dynamics and estimates both the cabin and chassis attitude in one combined filter.

Agnas’s work required the knowledge of a wide variety of parameters to be properly fitted to

both the separated and merged body models. This thesis differs from Agnas’s work by using
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less sensors and attempting to estimate the relative motion without a complex motion model.

Additionally, the focus of this thesis will be to rely on a main highly accurate cabin system to

assist the simpler chassis system instead of estimating both cabin and chassis states at the same

time.

1.3 Thesis Contributions

This thesis begins with an investigation and characterization of current sensor fusion techniques

and applies them to the cabin and chassis system. Then the thesis will move to using sensor

fusion methods that focus on systems that experience relative motion between their sensors and

the main body of interest such as the Transfer Alignment method mentioned in Prior Research.

Theses methods are then expanded by improving the observability and performance of those

prior estimation techniques by reviewing many different potential additions or adaptations. All

the solutions are tested on real world datasets that include both track and regular road driving

and their performance is analyzed. The details of these contributions are listed below:

• Analyzed the use of a noncolocation GPS/INS integration using a GPS antenna on the

cabin and the IMU located on the chassis

• Developed a Transfer Alignment filter for the semi-truck using a GPS/INS solution from

the cabin to correct an IMU on the chassis

• Tested possible improvements to overcome observability and stability challenges such as

rigidity detection, fault detection, and dynamic scaling of the measurement noise matri-

ces

• Reviewed observability and stability of each algorithm

• Applied the transfer alignment algorithm and its improvements to real-world semi-truck

datasets on both repeatable oval tracks and regular roads

5



1.4 Thesis Outline

This thesis consists of 8 chapters. Chapter 1 has introduced the work and provided the motiva-

tion for estimating the relative motion between the cabin and chassis. Chapter 2 will provide

technical background for understanding the additional chapters by outlining the important nav-

igation frames used within the work and introduce the base estimation technique, the Kalman

filter, which other techniques will build upon. Chapter 3 describes the physical setup and lo-

cation for collecting the data that will be used in validating the different techniques. Chapter

4 discusses the first method used to solve for the relative motion between the two bodies by

using a normal GPS/INS integration but with noncolocated sensors. Chapter 5 will change the

filter to a transfer alignment integration by adding states to compensate for the misalignment

between the cabin and chassis. Chapter 6 analyzes potential improvements to the transfer align-

ment integration described in Chapter 5 and provides the results of the added improvements.

Chapter 7 reduces the filter from Chapter 6 to make up for observability issues from the dy-

namic transfer alignment method. Finally, Chapter 8 provides the conclusions of this thesis and

potential avenues for future work.
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Chapter 2

Technical Background

This chapter provides the basis for both interpreting the results within this thesis and under-

standing methods that will later build upon the Kalman filter. The chapter will define all the

different reference frames used within this thesis and the different ways that a user could both

represent and transform attitude and orientation. As well as review how inertial measurements

such as acceleration and angular rates can be used to determine a users position, velocity,

and attitude. Additionally, this chapter goes over models that help to remove gravitational ef-

fects from inertial measurements. Finally, this chapter considers the estimation technique, the

Kalman filter and will also provide a review of both the linear and a nonlinear version of the

Kalman filter.

2.1 Coordinate Frames/Transformations

2.1.1 Earth-Centered Earth-Fixed Frame

The Earth-Centered Earth-Fixed (ECEF) Frame represents the 3-axis Cartesian coordinate

frame that gives the user information about the location of an object on the Earth. The frames

origin rests in the center of mass of the Earth. The Z-axis travels through the North and South

Poles with positive values in the northern direction. Both the X and Y axis lie within the plane

of the equator. The X-axis’s positive direction goes through the prime meridian while the Y-

axis’s positive direction goes through the 90 degree east longitude. The geodetic reference
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ellipsoid used for this thesis is the World Geodetic System 1984 (WGS84). Most of algo-

rithms used in this thesis will use the ECEF frame and will be later converted to help convey

information to the reader.

2.1.2 Local Navigation Frame

The local navigation frame has a fixed origin on the surface of the Earth and is usually a

tangent plane to the geodetic reference ellipsoid. Popular variations of the local navigation

frame are North-East-Down (NED) and East-North-Up (ENU) which both follow the right-

handed orthogonal Cartesian system. These frames are common because it is much easier

conceptually for a user to understand compared to an ECEF representation. This work uses the

NED representation as the reference frame for the cabin and chassis body frames.

2.1.3 Body Frame

A body frame refers to a frame attached to a body within a local navigation or global frame.

The bodies of interest in this thesis are the cabin and chassis frames. Both the cabin and chassis

frames follow a similar convention that the X-axis is out of the front of the vehicle. The Y-axis

is out the right-side of the vehicle and the Z-axis is pointed downward towards the road.

2.1.4 Sensor Frame

A sensor frame refers to a frame attached to a sensor that is mounted on an object of interest.

There is often a misalignment during mounting between the body frame and a sensor frame

such that an initial transformation between the two frames is required to ensure that sensors

like IMUs are reflecting the body frame information instead of the sensor frame.

2.1.5 Euler Angles

This thesis uses Euler angles to represent the attitude of a body frame with respect to a reference

frame. A roll angle will represent the rotation around the X axis, a pitch angle will represent

the rotation around the Y axis and the yaw angle will represent the rotation around the Z-axis.

The angles �; �;  will be used to reference roll, pitch, and yaw, respectively.
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2.1.6 Direction Cosine Matrices

Direction Cosine Matrices (DCM) help to transform measurements between existing frames.

This also means that they can be used to represent an object’s attitude within a frame. This

thesis will use the convention of R representing a rotation between 2 frames. The lower term

of R will represent the current frame and the upper term will represent the frame the current

frame exists within. For example, the termRe
b represents the rotation matrix that would be used

to convert measurements from the body frame into the ECEF frame. (e, n, b, cab, chassis, s)

represent ECEF, NED, Body, Cab, Chassis, and Sensor frames.

A DCM can be made of three separate rotations around each axis using the matrices shown

below.

Rx =

266664
1 0 0

0 cos(�) sin(�)

0 �sin(�) cos(�)

377775 (2.1)

Ry =

266664
cos(�) 0 �sin(�)

0 1 0

sin(�) 0 cos(�)

377775 (2.2)

Rz =

266664
cos( ) sin( ) 0

�sin( ) cos( ) 0

0 0 1

377775 : (2.3)

. These rotations can represent the rotation between the body frame and the navigation frame

if multiplied together by applying Equations (2.4 - 2.5).

Rb
n = RxRyRz (2.4)

Rn
b = Rb

n

T
: (2.5)
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A rotation from the NED frame to the ECEF frame would follow a similar process and use a

reference Latitude and Longitude (L,�).

Re
n =

266664
�sin(L)cos(�) �sin(�) �cos(L)cos(�)

�sin(L)sin(�) cos(�) �cos(L)sin(�)

cos(L) 0 �sin(L)

377775 ; (2.6)

This rotation matrix is found by multiplying two of the previous rotation matrices from Equa-

tions (2.1 - 2.3) and using the Latitude and Longitude angles and the result is given in Equation

(2.6). The rotation in Equation (2.6) can be used in conjunction with the rotation in Equation

(2.5) to determine the rotation between body and ECEF, given below.

Re
b = Re

nR
n
b : (2.7)

2.2 Inertial Mechanization

Inertial mechanization describes how inertial measurements are used to propagate the pose

of an object. An IMU (inertial measurement unit) provides acceleration and angular velocity

information at high update rates. However, most systems need to keep track of the position,

velocity, and attitude of the sensor body. The inertial measurements are converted to position,

velocity and attitude using 3 mechanization steps: Attitude Update, Acceleration Rotation, and

the Position and Velocity Update. This thesis represents the attitude of the body using a DCM

to transform the body measurements into the navigation frame. The position and velocity are

kept in a vector that has x, y, and z components of the ECEF frame.

The DCM representing the attitude is propagated forward in time by using the angular rate

inertial measurements. The angular rate measurements exist in the body frame and represent a

change in attitude. To properly propagate the DCM, the angular rate measurements need to be

converted from a vector of (�; �;  ) components into its own DCM. This can be accomplished

by first changing the angular rate vector into a skew-symmetric matrix.

A 3x3 skew-symmetric matrix can be used to represent cross products as matrix multipli-

cations. Given a = (a1; a2; a3), a skew-symmetric form of that vector is given below.
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[a]x =

266664
0 �a3 a2

a3 0 �a1

�a2 a1 0

377775 : (2.8)

The skew-symmetric form of a vector will be represented by []x when displaying a vector

that is a collection of additional variables. Otherwise, the skew-symmetric form of vector

will also be represented by a 
 symbol. A change in DCM can be calculated by multiplying

the change in Euler angle in a skew-symmetric form and the current prediction of an objects

attitude. This is shown in Equation (2.9).

_Re
b = Re

b
b (2.9)

_Re
b can then be integrated using the 1st order Eulers method as shown below.

Re
b(t+ �t) = Re

b(t) + _Re
b�t� 
eR

e
b: (2.10)

The 
e term represents the angular rate of the Earth and �t represents the change in time.

Once the new DCM has been updated the user can rotate the acceleration measurements into the

navigation frame from the body frame and remove external measurements such as gravitational

effects (
) using Equation (2.11).

fe = Re
bfb � 2
eve + 
: (2.11)

The term fb represents the specific force measured by the IMU in the body frame and ve repre-

sents the current velocity in the ECEF frame. Now the acceleration can simply be integrated to

solve for velocity and position using Equations (2.12 - 2.13).

pe(t+ �t) = pe(t) + ve(t)�t+
1

2
fe�t

2; (2.12)

ve(t+ �t) = ve(t) + fe�t: (2.13)
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2.3 Gravity Terms

In the previous section, the inertial mechanization required the removal of the gravitational

effects because the IMU measures the combination of actual motion and gravity. Integrating

this gravity term to find position and velocity would make an object appear as if it were in free

fall even though the IMU remains static. When correcting the accelerometer in the ECEF frame

there are a few terms that are important to consider: specific force, gravitational acceleration,

and centrifugal acceleration. Specific force refers to what is sensed by the sensor, which can

include the actual motion of the sensor body as well as acceleration due to gravity and rotation

of the Earth. Gravitational acceleration is specific to what is sensed by the sensor in regards

to the mass of the Earth. Lastly, centrifugal acceleration is acceleration due to the rotation

of the earth. Gravity includes only the combination of the gravitational acceleration and the

centrifugal acceleration and is the term that needs to be removed from the specific force to

ensure that only the motion of the sensor is mechanized.

This thesis uses the World Geodetic System 1984 (WGS84) for the ellipsoid model of the

Earth which was developed by the National Geospatial-Intelligence Agency (NGA). WGS84

was initially for military purposes but is now widely used by GPS and INS systems around the

world making it a global standard for navigation systems. The parameters used in this model

are displayed in Table 2.1 and a visual is provided by Figure 2.1.

Figure 2.1: WGS84 Ellipsoid representation of the Earth

Gravitational acceleration can be calculated by using known information about the ellip-

soid model of the Earth and the given position pe of the sensor using Equation (2.14).
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Table 2.1: WGS84 Parameters.

Parameter Abbreviation Value Units
Earths 2nd Gravitational Constant J2 1:082627e� 3 Constant
Earths 1st Gravitational Constant � 3:986004418e14 m3

s2

Earths Rotation Rate !e

24 0
0

7.2921159e-5

35 rad
s

Equatorial Radius Ro 6378137 m

Polar Radius Rp 6356752:31425 rad
s

Flattening f 298:257223563�1 Constant
Eccentricity ec 0:0818191908425 Constant


 =
��
kpek3

(
pe +

3

2
J2

R2
o

kpek2

(
26666664

[1� 5(
pe(1)

kpek
)2]pe(1)

[1� 5(
pe(2)

kpek
)2]pe(2)

[3� 5(
pe(3)

kpek
)2]pe(3)

37777775
))

: (2.14)

Gravity can then be calculated by including the rotation rate of the Earth and the gravitational

acceleration as shown below.

Ge = 
 � 
e
epe: (2.15)

Later in this thesis, important terms related to the world model will be used when deriving

the state transition model for the extended Kalman filter. The key terms are Transverse Radius

Re and Geocentric Radius Rg. They are calculated using Equations (2.16 - 2.17).

Re =
Rop

1� ec2sin(L)sin(L)
; (2.16)

Rg = Re

p
cos(L)cos(L) + (1� ec2)2sin(L)sin(L): (2.17)
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2.4 Kalman Filter

The main technique used to combine sensor measurements in this thesis is the Kalman filter.

It provides an optimal way to combine current state (pos., vel., att.) information and incoming

measurements. The Kalman filter is able to combine current sate information with incoming

measurements by keeping a mean and variance of the estimates. It updates these estimates

with the state transition model which propagates the state estimates in time in the absence

of new measurements. Then when a measurement is received the Kalman filter will use the

observation model to relate the new measurements with the current estimates. The Kalman

filter, using both the state transition and observation models operates through a prediction and

update procedure. The mean and variance can be used to construct Gaussian distributions that

represent the confidence the filter has with the mean values of both the state estimates and

the incoming measurements. The filter essentially combines these to determine an optimal

state estimate. The Kalman filter procedure is demonstrated in Figure 2.2. Which shows the

Gaussian curve created by the mean and variance of the current state estimates and how the

incoming measurements can be compared to find new means and variances.

Figure 2.2: Kalman Filter Visual [4]

The prediction procedure propagates the estimate’s mean and variance in the absence of

new measurements using Equation (2.18 - 2.19).

x̂k+1 = Fx̂k +Buk + vk (2.18)
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Pk+1 = FPkF
T +Q: (2.19)

The state transition matrix is represented by the term F . It is used to model how state estimates

are related to one another and how the state estimates and variances will change over time. x̂

is the vector of state estimates, u is the inputs to the system, B represents how inputs effect the

states, and v is a representation of the noise on the system. P and Q are the state covariances

and the process noise, respectively.

The update procedure utilized the mean and variance of the measurement to combine

the measurements with the current state estimate’s to find an optimal solution by using the

observation model H to relate the measurements and states using Equations (2.20 - 2.22).

Kk =
PkH

T

HPkHT +Rnoise

(2.20)

y = z �Hx̂k (2.21)

^xk+1 = x̂k +Ky (2.22)

Pk+1 = (I �KH)Pk(I �KH)T +KRnoiseK
T (2.23)

In the above equations, y represents the innovation or difference between the measurements and

the current estimates. K is the Kalman gain which uses the current state covariances and the

incoming measurements covariance to determine how much to scale the innovation to properly

update the states.

2.4.1 Extended Kalman Filter

The main downside to a Kalman filter is that it assumes a linear state transition model and

observation model. The linear assumption is due to the requirement that the mean and covari-

ance need to be represented by a Gaussian curve for the Kalman filter solution to be optimal.

Most real world systems are nonlinear in nature including the work explained in this thesis.
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One alternative to the Kalman filter to account for non-linear systems is the is the extended

Kalman filter. The extended Kalman filter linearizes the nonlinear state transition and observa-

tion models to be able to update the variance of the states. This helps to maintain the Gaussian

representation of the mean and variance which is a fundamental assumption of the Kalman

filter. A visual representing this linearization is shown in Figure 2.3.

Figure 2.3: Extended Kalman Filter Visual [4]

The state transition model can be represented by a nonlinear function f that has inputs x̂

and u. The state transition matrix that is used for updating the state covariance information

is a linearized form of the state transition nonlinear function formed by taking a Jacobian of

function shown in Equations (2.24 - 2.25).

x̂k+1 = f(x̂k; uk) + vk (2.24)

F =
@f

@x

�����
x̂k�1;uk�1

: (2.25)

The observation model follows the same process as the state transition model. The innovation

can be found using a nonlinear function h with x̂ as an input and the observation matrix can be

calculated by taking a Jacobian of that nonlinear function as shown in Equation (2.26 - 2.27).

y = z � h(x̂k) (2.26)
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H =
@h

@x

�����
x̂k�1

: (2.27)

The extended Kalman filter is one solution to the problem of non-linear state estimation.

The EKF, however is not without its disadvantages. The linearization causes the filter to be

very sensitive to initial conditions. Also, because the linearization is only an approximation of

the state transition and observation models, the extended Kalman filter is not guaranteed to be

an optimal solution like the linear Kalman filter.

This section concludes the technical background needed for this thesis. Chapter 3 fol-

lows this chapter with the test setup and evaluation methods that will be used to evaluate and

understand the results in future chapters.
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Chapter 3

Experimental Test Setup and Evaluation

This chapter will review the experimental setup used for data collection including descriptions

of both the quality of sensors used for estimation as well as truth systems used to analyze

the performance of the proposed algorithms. Specifically, this chapter discusses the different

truth sources and their relevance to the work. The test locations where data was collected are

described and distinct features between the different locations will be highlighted.

3.1 Test Setup

The vehicle used in this thesis is a Peterbilt 579 semi-truck. The cabin of the truck is outfit-

ted with a Novatel FlexPak6D that provides GPS measurements and a Memsense 3020 that

provides the inertial measurements. The GPS/INS system used for truth on the cab is the Hon-

eywell eTALIN 5000. A XSENS MTi 300 provides the chassis inertial measurements and the

chassis also uses a Honeywell eTALIN 5000 for truth measurements. The cabin eTALIN uses

the same antenna as the Novatel GPS receiver. These tests were performed with no trailer to

ensure that the GPS/INS system on the chassis could properly receive satellite signals. The

truck and the hardware setup is shown in Figure 3.1 and all individual sensors are shown in

Figure 3.2. The cabin GPS receiver antenna is located within the fairing but is still able to

properly receive GPS signals.

All sensors are connected to the same Linux computer that is located within the truck

cabin. The sensors were recorded using ROS (Robot Operating System) architecture. ROS is

an open-source robotics middleware suite and itself is not an operating system (OS) but a set
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(a) GAVLAB Peterbilt 579 Truck (b) Rear Setup

Figure 3.1: Truck Setup

of software frameworks for robot software development. ROS provides packages that allow for

the recording of output messages from each sensor. Data was recorded by using appropriate

ROS drivers for each of the sensors. The performance of each of the sensors used in these tests

are shown in Tables 3.1, 3.2, and 3.3. These values are taken from each sensors respective

datasheets that are available online.

(a) XSENS MTi 300 (b) Memsense 3020 (c) NovAtel FlexPak6D (d) eTALIN 5000

Figure 3.2: Sensors

Table 3.1: Inertial Measurement Units Performance

Sensor Gyroscope Accelerometer
Bias Instability Noise Density Bias Instability Noise Density

XSENS MTi 300 10 deg/hr 0.01 deg/s/
p
Hz 15 �g 60 �g

Memsense 3020 1.06 deg/hr 0.06 deg/s/
p
Hz 14.8 �g 160 �g

A test run of two rigidly mounted eTALINs was performed to validate the truth measure-

ments used in this thesis. Two rigidly mounted eTALINs represent a control case where the

19



Table 3.2: GPS Receiver Solution Performance

Sensor Horizontal Position Accuracy Velocity Accuracy
NovAtel FlexPak6D Single Point L1-L2 1.2 m 0.03 m/s RMS

Table 3.3: eTALIN Solution Performance

Sensor Heading Accuracy Pitch/Roll Accuracy
Honeywell
eTALIN 5000

<0.70 mils RMS <0.35 mils RMS

standard deviation between the angle measurements can be used to represent the best perfor-

mance the sensors can measure relative to each other. Since the eTALINS will be used to mea-

sure the relative motion of the cab and chassis, this test provides an estimate of the accuracy of

the truth system. Figure 3.3a shows the dual eTALIN setup in the back of the GAVLABs Lin-

coln MKZ and Figure 3.3b shows the angle difference between both units from a dataset taken

around the surrounding roads near Auburn University’s NCAT test track (discussed in future

section). The roll, pitch, and yaw angle differences had standard deviations of 0.0181, 0.0309,

and 0.0234 degrees, respectively. The relative motion between the cabin and chassis bodies

can be up to 1-2 degrees showing these sensors will provide relative accurate measurements

compared to the motion being estimated.

(a) Setup (b) Results

Figure 3.3: eTALIN Comparison
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3.2 Evaluation of Results

Results in this thesis will be evaluated by using 2 different set-ups and 2 different test locations.

The first setup, will use measurements from the cabin eTALIN as a higher quality GPS/INS

system in the filters created in later chapters. The second setup will use measurements from

the lower quality Novatel and Memsense GPS/INS system. The two different test locations

will be Auburn University’s NCAT test track and roads surrounding the track. All estimators in

this thesis will focus on estimating the chassis attitude and rely on the cabin sensors to act as a

high quality master system. So, results will show the comparison between the chassis eTALIN

attitude and the filters chassis attitude estimates.

3.3 Location

The tests were performed at the GAVLabs (GPS and Vehicle Dynamics Lab) Test Facility at the

NCAT (National Center for Asphalt Technology) test track. The NCAT track is 1.7-mile oval

with 2 lanes that mainly acts as an asphalt technology research facility but, the GAVLab also

has access to it for autonomous navigation research. A birds eye view of the track is in Figure

3.4. Tests were also performed on Highway 280 and the surrounding roads. These routes will

be referred to as the NCAT and Roads dataset, respectively.

Figure 3.4: National Center for Asphalt Technology in Auburn, AL
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3.4 Dataset 1: NCAT Track

The NCAT track dataset includes 3 laps of the NCAT test track. The track is banked approx-

imately 8 degrees on its west and east turns. The dataset is convenient for the analysis of the

methods because it provides constant reoccurring situations where there is substantial differ-

ence between the cabin and chassis. Figures 3.5 and 3.6 highlight the difference in motion

between the two bodies in both the velocity and attitude.

Figure 3.5: Relative NED Velocity (Cabin minus Chassis)

Figure 3.6: Relative Attitude (Cabin minus Chassis)
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