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Abstract

Self-driving and interconnected cars have recently become a big focal point in the
automotive industry and many automotive OEMs are promising automated and
self-driving cars within a few years. As the vehicles and surrounding infrastructure
are becoming more sophisticated and able to deal with more complex situations,
the involved hardware and software solutions become more intricate. These com-
plex systems give rise to issues when verifying automated and cooperative functions
which today’s testing methods cannot handle. In this thesis, a proposed solution
for improvement in accuracy of state estimates when combining data from mul-
tiple vehicles is developed which enables more accurate testing and verification of
autonomous and cooperative vehicles. Furthermore, a vehicle can gain knowledge
about objects which is located outside its sensors field of view by combining data
from surrounding vehicles.

The proposed solution is a central fusion server to which the data from multiple
vehicles is sent wirelessly and fused to produce a coherent and accurate description
of all dynamic objects in the environment. The fusion algorithm utilises Bayesian
Track-to-track fusion of out-of-sequence tracks. Filter predictions are performed us-
ing the cubature rule and unscented transform and the filter update is performed
using Information De-correlation. Furthermore, a data association algorithm is de-
veloped using the Mahalanobis distance as a metric. The work has been carried out
at Volvo Cars and the proposed algorithm has been implemented in a simulation
platform developed by Volvo Cars.

The results show that the fusion algorithm improves the accuracy of the state es-
timates when data from several vehicles is combined rather than used individually.
The frequency with which the vehicles send data and the transmission delay has
a large impact on the fusion performance. If the transmission delay is too high or
the sending frequency is too low it is no longer beneficial to fuse the data in terms
of accuracy. This thesis shows that combining data from multiple vehicles can be
beneficial and enable cooperative strategical or safety-related decision-making.

Keywords: Bayesian Filtering, Cubature Kalman Filter, Information De-correlation,
Multi-object Tracking, Track-to-track Fusion, Unscented Kalman Filter
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1

Introduction

In the realisation of sustainable mobility, self-driving vehicles and cooperative sys-
tems in an Intelligent Transportation System (ITS) [1] are of great importance.
Current development is progressing at a fast pace and most vehicle manufacturers
are preparing to launch automated and cooperative vehicles within a few years.

Modern day intelligent vehicles are equipped with advanced sensors which are used
to observe the vehicles own state as well as the surrounding environment. Since all
sensors are subject to measurement noise the observations of the objects suffer from
uncertainty. By combining data from several sensors the uncertainty can be reduced.
This combined view, hereafter referred to as a Local Dynamic Map (LDM), consists
of the vehicles own state as well as the states of all the objects that the vehicle can
detect and track which may include other cars, pedestrians, cyclists, etc. The LDM
of a vehicle includes signals such as position, velocity, heading and yaw rate. The
LDM also contains other properties of the host vehicle (the vehicle which produces
the LDM) such as turn indicator status and brake light indicator. The LDM can
then be used to make intelligent strategical or safety-related decisions. By combining
this information with actuators in the vehicle such as electronic power steering
and electronically controlled brakes, advanced control systems can be designed, for
example autonomous braking and steering, lane keeping aid and autonomous drive.

In the upcoming era of Internet of Things [2], more and more devices are connected
to each other and to the Internet in order to share information. This can also
be applied to the automotive industry by connecting vehicles and its surrounding
infrastructure to each other and create an I'TS which enable cooperative strategical
and safety-related decision-making. Path planning, slippery road warnings, queue
warnings, fleet control, etc., can be enabled and improved by connecting vehicles to
each other or to a central server.

Connecting vehicles also means that information in the LDMs can be shared and
the vehicles knowledge about its surrounding can be extended beyond its sensors
field of view. Two examples are illustrated in Fig. 1.1 where a complete picture of
the entire traffic environment can be used to make better decisions.
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(a) Traffic Overview (b) Red Light Violation

Figure 1.1: Two scenarios where I'TS and shared data can be beneficial. Source:
Volvo Cars.

Another benefit of sharing the LDMs is that the uncertainty in the state of an
object detected by multiple vehicles can be decreased. In the scenario illustrated
in Fig. 1.2 both of the vehicles observes an object next to the road, but due to
measurement noise, the vehicles will not place the object in the same position in a
global map. By combining the data from both of the vehicles a more accurate state
estimate can be achieved. If this is done for all objects detected by multiple vehicles
a combined view, hereafter referred to as a Global Dynamic Map (GDM), can be
constructed. In the scenario in Fig. 1.2 the vehicles does not know their own states
exactly due to errors in the Global Positioning System (GPS), Inertial Measurement
Unit (IMU) and other internal sensors used to measure their own state. To cope
with this the vehicles use filters to produce estimates (together with corresponding
covariance matrices) of their own state which is represented by the dotted ellipses
in Fig. 1.2. In this figure the GDM is not present and the blue estimates (stars) and
uncertainties (dotted ellipses) together form the LDM produced by the blue vehicle.
The same applies for the red vehicle.

In this project, the LDMs from the vehicles are sent wirelessly to a central server
where the data is fused. As with any wireless communication, the transmission of
data to the central server suffers from a varying time delay which in this case can
also lead to packets arriving in the wrong order.

All dynamic objects in the environment such as vehicles, pedestrians and cyclists
are referred to as actors. The actors who send data to the server are referred to
as active actors and consequently the non-active actors are called passive actors.
An active actor sends estimates of its own state and state estimates of other actors
within its sensors field of view to the server, i.e. its LDM.
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Figure 1.2: A traffic scenario involving two vehicles and one pedestrian. The local
dynamic maps are represented as stars and dotted ellipses.

1.1 Thesis Objective

The aim of the thesis can be summarized with the following questions:

What existing real-time fusion strategies can be utilised when fusing data from
multiple vehicles in an urban environment?

How can the effect of a varying time delay in the communication channel be
minimized in terms of accuracy?

How can tracks of the same object from multiple vehicles be associated with
each other with high certainty?

How can the algorithm detect if an object has left the field of view of all the
vehicles and decide when to terminate the tracking of that object?

Which algorithms can be utilized when performing fusion of already filtered
data?

Which motion models are most suitable for modeling a vehicle for tracking
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purposes?

1.2 Related Work

The sub-problems in this thesis such as coping with communication delays, fusing
probability densities (as opposed to fusing raw measurements) etc. are covered
in the literature and different methods have been proposed to solve them. The
complete problem of fusing data from multiple vehicles to get a coherent view of
the environment has been treated in a master’s thesis written by Johnny Ngu and
Ronakorn Soponpunth [3]. In the solution proposed by the authors, an Information
Kalman filter [4] was utilized which is formulated using inverse covariance matrices,
i.e. information matrices. This filter was used together with a linear Constant
Acceleration (CA) model and the inputs to the fusion server were assumed to consist
of raw measurements. A comparison between the previous thesis and this one will
be conducted in section 1.3 below.

1.2.1 Communication Delays

Out-of-sequence Measurement (OOSM) [5] and Out-of-sequence Track (OOST) are
quite common when it comes to wireless data transfer. This means that packets
containing measurements/data can be delayed such that they arrive at the central
filtering unit in the wrong order. It is desirable to minimize the effect of the delays
and OOSM/OOST when considering filter performance. Yaakov Bar-Shalom [6] and
Keshu Zhang [7] discusses the OOSM problem where Bar-Shalom proposes a solution
using “negative-time measurement update” where he assumes that the OOSM data
is received within the last sampling interval. Subhash Challa et al. [8] extends the
concept to also include OOST with data which is delayed more than one sample.

A trivial solution to this problem is to save all the data/LDMs and when an
OOSM/OOST is received, the filter recalculates the estimates from the time the
measurement /track was collected. This method is described by Mahendra Mallick
et al. [9] and is called rollback. However, if there is a lot of OOSM/OOST, the
rollback method requires a lot of computational power and might not be feasible in
a real-time scenario involving a large number of actors.

1.2.2 Track-to-track Association

In cases where several actors detect the same object, the tracks from each actor
needs to be fused. Before the fusion can be performed, a data association process
needs to be done in order to detect if the observations are actually corresponding
to a single hypothesized target. The topic of data association is discussed in [10]
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Figure 1.3: Flowchart of the information where each vehicle performs its local
fusion to create an LDM which are then wirelessly communicated to the central
server where the LDMs are fused into one GDM.

and [11] where the authors bring forth an association metric called Mahalanobis
Distance (MD) which indicates how close two tracks are to each other.

1.2.3 Track-to-track Fusion

Each actor is equipped with sensors that locally fuses sensor measurements into
tracks, this process is called Sensor-to-track Fusion (S2TF). These tracks are then
communicated to a central server where they are fused again to create one global
track list (GDM). This problem is called Track-to-track Fusion (T2TF) and is illus-
trated in Fig. 1.3. The T2TF problem is extensively covered in the literature where
a wide variety of solutions are proposed [§8], [12]-[15].

1.3 Major Contributions

The problem of fusing data from multiple vehicles to get a coherent view of the
environment has been treated in a master’s thesis project [3] done during 2016. In
that thesis, a version of a Kalman Filter (KF) was used together with linear CA
models. In this thesis, more accurate filters, the Unscented Kalman Filter (UKF)
and Cubature Kalman Filter (CKF), are implemented and evaluated. In [3], the
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tracks in each LDM was considered to be raw measurements. However, in reality
they are already filtered tracks and hence regular filtering algorithms should not
be used. In this thesis, the Information De-correlation (IDC) fusion algorithm is
implemented and evaluated instead.

As a motion model, the Coordinated Turn (CT) model is used. This model is
considered to be better than the CA model when it comes to describing the motion
of a vehicle. However, since this model is non linear, a filter that can handle this
non-linearity is needed. Hence the UKF and CKF is used which are commonly used
in tracking problems. When considering the track association problem, the strategy
in [3] was to use the Euclidean distance to determine if a measurement should be
associated with a certain track. In this thesis another metric for data association,
called the MD, is studied which incorporates the uncertainties of the tracks as well.

All of the major problems that is covered in this thesis has been studied before.

However, there are no studies that covers the combination of all sub problems.
That is T2TF, OOST, data association.

1.4 Demarcations

After the server has performed the fusion, the output (GDM) will in the future
be used to control the involved actors by sending desired trajectories back to the
vehicles from the server. This controller and the communication back to the actors
is not considered in this thesis.

When considering the wireless communication channel, data packets may be lost
during transmission. However, this is not treated in this thesis and it is instead
assumed that all data packets will eventually be received by the server. Furthermore,
the communication is assumed to be working properly and the implementation of
the communication protocols is not considered in this thesis.

When the active actors send data to the central server, the data contains a timestamp
to indicate when the data was collected. Each of the vehicles has its own clock which
the time stamp is based on and when performing fusion on this data, these clocks
needs to be synchronized. The process of synchronizing the clocks in all active actors
is assumed to be done and is not considered in this thesis.

The traffic scenarios considered in this thesis is limited to a city area where the
velocities of the actors are relatively low. Furthermore, the number of involved
actors is less than five.
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1.5 Thesis Outline

The remainder of this thesis is structured as follows. In Chapter 2 the theoretical
background is introduced. The area of Bayesian estimation theory is introduced
which in this case is focused on sigma point methods for state estimation. Further-
more, the theory regarding T2TF, data association and coordinate transformation
is also covered.

In chapter 3 the proposed fusion algorithm is described in detail and pseudo-code
for the different steps involved in the multi-target tracking process is presented.

Chapter 4 describes the scenario which the fusion algorithm is applied to and chapter
5 presents the results of the proposed algorithm.

In chapter 6, the designed fusion algorithm and results are discussed.

Finally, chapter 7 concludes the thesis, summarizes the results and brings forth
possible further work that can be done within this area to further improve the
algorithm.
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Theory

In this chapter, the basic theories used in the proposed fusion algorithm is presented.
First, the basics in Bayesian estimation is presented where the UKF and CKF
is described in more detail. Next, the topics of data association and coordinate
transformation are introduced. The chapter finishes with a section regarding OOST
to deal with the random delays in the communication channel.

2.1 Bayesian Estimation

A recursive method used for estimating parameters of interest is Bayesian estima-
tion [16] which uses prior information about the parameters as well as input measure-
ments/observations from one or more sensors to estimate the parameters. Typical
sensors that are used for automotive applications are radar, camera, lidar and IMUs.
The parameters of interest is collected into a state vector which is denoted x; where
common examples of parameters is position, velocity and heading of moving objects
such as planes and vehicles. A more recent application of Bayesian estimation is to
track surrounding objects of a vehicle for safety purposes which is well described by
Lundgren in [17].

Bayesian estimation is based on some general assumptions where one of them is that
the stochastic process of a systems state x;, always fulfills the Markov property. Here,
k denotes the time index. This property declares that future states only depend on
the current state, not the previous states, i.e.

P(Xp|Xp—1, Xp—2, - - ., Xo) = P(Xp|Xp_1). (2.1)

Another important property that should be mentioned is that a measurement z
taken at time k only depends on the state at time k, i.e.

P(Zk Xk, Xp—1, - -, X0) = p(2k|Xk). (2.2)

The two basic properties explained is further illustrated in a Bayesian network in
Fig. 2.1 where the relations between measurements and states over time is shown.
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Zy—| Zy Zyy

Figure 2.1: A Bayesian network where the conditional dependencies of the state
evolution and between states and measurements are shown.

The goal with Bayesian filtering is to start with a prior state estimate p(xx_1|21.5-1)
where z,.;,_; denotes a collection of measurements from time index 1 to time index
k — 1 where k is the current time step. The idea is to then use measurements
to compute a posterior probability density function p(xy|zi.x) which summarizes
all information of the state up to time k. When this density has been computed,
the state estimate at time k given information up to time %, denoted Xy, can be
estimated based on an optimization criterion such as Mean Squared Error (MSE)
or Maximum a Posteriori (MAP).

Bayesian estimation consists of two separable steps; prediction and measurement
update. In the first step the predicted probability density function p(xy|zix_1)
is calculated using the state transition density function, p(xx|x;_1) and the priori
density function mentioned above. The equation used in this step is called the
Chapman-Kolmogorov equation where the previously discussed Markov properties
is used and is formulated as

p(Xk|Z1:5-1) = /p<Xk7Xk—1|lek—1)ka—1
= /P(Xk|Xk71,Z1:k71)p(Xk71|Z1:k71)ka71
= /P(Xk|ka1)P(Xk71\Z1:k71)dxk71 (2.3)
where p(xy|x;—1) is called the state transition. This transition is given by a math-

ematical motion/process model that describes how the states evolve over time. The
state transition is defined as

X = fr—1(Xx-1, Vi-1) (2.4)

where fj,_1 is the motion model and vj_; is the process noise.

10
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Some assumptions or simplifications are often done in Bayesian estimation. The
process noise vi_ is often assumed to be an additive, zero mean Gaussian random
variable with covariance Qj_1, i.e.

Vi—1 /\/(0, Qk—1)-

Furthermore, the estimated probability density functions are also assumed to be
Gaussian. The prior state estimate has the normal distribution defined as

p(kaﬂZl:kfl) = N(fik—uk—h Pk—l\k—l) (2-5)

where %j,_1x_1 is the state estimate from the previous time step (recursion), Pjy_1x_1
is the corresponding covariance matrix and z;.,_; is the measurements up to time
k — 1. The prior in Eq. 2.5 together with the motion model of the system is used
to estimate the distribution at time k& given information up to time k£ — 1 which is
distributed as

p(Xk|z14-1) = N (Rijp—1, Prjp—1)- (2.6)

The second part of Bayesian estimation, often called the measurement update step,
is to include measurements into the state estimation. Here, the distribution of x;
is updated by using the information from the measurements z; and the previously
computed density function, p(xx|zi.,—1). This procedure is summarized by Bayes’
rule as

p(Xk|Z1:k:> = p(Xk|Zk,Z1:k—1)
o P(Zk|Xk;,Z1:k—1)p(Xk|Z1:k—1)

p(zk|Z1-1)
 plmlxp(alzie)
N P(2Zk|Z1:6-1) (2.7)

where p(z;|xy) is called the likelihood and is modeled using a measurement model,
denoted hy. The denominator of Eq. 2.7, p(zx|21..—1), represents a normalization
factor which guarantees that the density integrates to one. If this factor is ignored,
the general equation becomes

posterior o< prior X likelihood

which in words mean that by combining the information from the predicted prior
density p(xx|z1.x—1) with additional information from the measurement model p(zy|xx),
the posterior density is obtained. The relationship between the states and measure-
ments are generally described as

11
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Zj, p(Xk’ZLk)

e

A

Y
P(Xk|Z1:6-1) 4{ Prediction

Figure 2.2: General Bayesian estimation scheme.

\

k+—k+1

%
p(Xk—l |Z1:k—1)

Z — hk(Xk,Wk) (28)

where wy, is the measurement noise which often is assumed to be additive and
Gaussian distributed such that w; ~ A(0,Ry;). The posterior density has now
been computed and it is normally distributed with mean X, and covariance Py,
i.e.

p(Xk|Z11) = N (Rijr, Prye)- (2.9)

This general filtering procedure is illustrated in Fig. 2.2 and most filtering methods
follow this scheme. However, they estimate the distributions differently. As can be
seen, the procedure starts with a prior distribution p(xy_i|z1.x—1) that is sent to
the prediction step which computes the predicted distribution p(xx|z1.,—1). Next a
measurement is taken into account in the update step which computes p(xx|z1.x)
and the procedure starts again.

There are several methods that estimates these distributions and the most common
is the Kalman Filter (KF) [16]. The KF is considered as an optimal method for
estimating parameters when all models included are linear and the measurement and
process noise is additive and Gaussian distributed. However, since the mathematical
model describing the motion of the states as well as the measurement models are
often non-linear, several extensions of the KF have been developed to handle this.
Some widely used examples are the Extended Kalman Filter (EKF), UKF and CKF.
In this project the UKF and CKF will mainly be studied and they are further
described in the following sections.

2.1.1 The Unscented Kalman Filter

The UKF [18] is a well known estimation method used when the models included
are non-linear. It outperforms the EKF significantly in many applications when the
models are highly non-linear without compromising on computational power. The
EKF is based on linearization via Taylor series expansions of the non-linear motion

12
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and measurement models. However, when linearizing, the behaviour of the non-
linear models can not be captured accurately. The UKF uses something referred to
as sigma-points (o-points) instead. By introducing o-points, the distributions can
be estimated with higher accuracy. This is explained by the fact that multiple points
that are all propagated through the non-linear motion model f;_; will capture the
posterior mean and covariance better. As with all recursive Bayesian estimation,
the UKF consists of two separate steps, one prediction step and one measurement
update step.

Prediction

In the first step, a set of 2n + 1 o-points are calculated as

X\, = Ri—1]k—1 (2.10a)
X1 = e +7(P ) i=1,2,0m (2.10b)
X = R — 1P =120 (2.10¢)

where n is the number of states and the first o-point is set to the state estimate
Ki—1jk—1 from the previous filter recursion. The rest of the o-points is spread around

this estimate by a scaling parameter v and (Pk/ k- 1 )i which is the ¢-th column of
the lower triangular Cholesky decomposition of the covariance matrix Pj_;;—; from
the previous filter recursion.

Once the o-points have been calculated, they are propagated through the non-linear
motion model f; 1 and the predicted state estimate is the weighted sum of the
resulting sigma points. The predicted estimate and covariance matrix is calculated
as

Riejh—1 ~ ka 1 Xk 1)Wm (2.11)

Prjp—1 ~ Qi 1+Z Xk 1) _ﬁklk—l)(')TVVic (2.12)

where W™ and W are weights associated with the o-points and Qj_; is the covari-
ance matrix of the process noise.

There are several methods for selecting the weights in Eq. 2.11 and 2.12. One of
the most widely used methods is based on three parameters that can be tuned to
change the spread of the o-points as in [19]. These parameters are «, 5 and k and
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the weights are then defined as
A

m o _ 2.1
s A+n (2.132)
A
We=—"—4+1-—0a? 2.13b
) )\+n+ o+ (2.13b)
1
W= _ ——  =1.2.....2 2.13
7 2()\+n)7 Z ) b ) n ( C)
We=wr, i=1,2..2n (2.13d)

where A = @?(n+ k) —n. With this selection of weights, 7 is defined as v = v/n + \.
A normal selection is to set a small, that is 0 < o < 1, 8 equal to 2 is optimal for
Gaussian distributions and the scaling parameter x is usually set to zero.

A second approach of computing the weights suggested by Julier and Uhlmann in
[18] is

W =We=1- g (2.14a)
1
Wr=Wi=c i=12..2n (2.14b)

where in this case, 7 = v/3.

Measurement Update

Once the predicted moments Xy, and f’k|k_1 has been computed, measurements
are used to update the state estimate. Similarly as in the prediction step, a set of
2n + 1 o-points are computed as

X% = R0y (2.15a)
Xi =R F (P = 1,2,00m (2.15b)
xi T = Rygpr — V(Pllcl/lf—l)ia 1=1,2,...,n. (2.15¢)

Based on these o-points, the predicted measurement Z,—; and corresponding cov-
ariance matrix P, is calculated by a weighted summation of the o-points propagated
through the measurement model h; as

2n )
e = > ()W (2.16)
=0
2n )
P..~ Ry + Y (h(x)) = 21 () W5 (2.17)
=0
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The next step is to compute the cross-covariance between the state and measure-
ments:

2n

Po.~ > () — Rk 1) (X)) — 2ugpe) W (2.18)

=0
The cross-covariance is then used in order to compute the UKF Kalman gain, Kj:

K, ~P,.P_ (2.19)

In the final part of the measurement update step, the measurement z; is used to
update the state estimate and covariance by using the previously computed moments
from Eq. 2.16-2.18 and the Kalman gain in Eq. 2.19. The state and covariance
estimate update is defined as

il = K1 + K (21 — Zpjp—1) (2.20)
Pui ~ Pt + Ky P K] (2.21)

When performing the measurement update, the weights, W™ and WF, and the
scaling parameter, 7, is the same as in the prediction step.

2.1.2 The Cubature Kalman Filter

One of the drawbacks with the UKF is that in most cases when selecting the weights,
the first weight Wy ends up negative which could have a negative impact on the
filter performance. When the first weight is negative, the computed covariance
might not be positive semi-definite [20] and thereby not a true covariance. This will
cause problems in the next time step of the filter due to the fact that the Cholesky
decomposition requires that the input matrix is positive semi-definite. However, an
alternative filter called CKF [20] can be utilized which does not suffer from this
problem. This filter performs well for both high and low-dimensional systems and it
is very similar to the UKF with the difference that the first o-point is not included,
hence it only uses 2n o-points. This is equal to setting the first weight in a UKF
equal to zero. The weights are selected such that all o-points are weighted equally,
ie.

Wh=Wf=— i=0,1,...2n— 1. 2.22
) % 271’ ¢ y Ly, 2N ( )
The scaling factor that is used to spread the sigma points around the mean is set

as 7 = /n for the CKF as in [16]. As opposed to the UKF, there are no tuning
parameters for the CKF.
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Time

Actor 1
. . . . . . . . . . Mfezca);urements

Actor 2
. . . . . . . . . . M(;Z;urements

Figure 2.3: Illustration of the dependencies between tracks in hierarchical Track-
to-track Fusion.

2.1.3 Track-to-track Fusion

The T2TF problem is quite different from regular sensor fusion where raw sensor
measurements are used in the filter update. The problem here is to fuse already
filtered data, that is to fuse tracks. This is illustrated in Fig. 2.3 where two actors
perform their own local fusion to obtain so called local tracks. These tracks are then
sent to the central system where they are fused to form system tracks. The system
tracks contains state estimates as well as covariance matrices for all objects.

When performing T2TF it is important to be observant of the correlation problem
that occurs. In regular fusion algorithms where the input is raw sensor measure-
ments, the measurement errors are assumed to be uncorrelated Gaussian random
variables. However, as discussed in [10], [21] and [22], this assumption does not hold
for T2TF. Since the actors perform local fusion, the estimation error for a track
produced at a certain time is correlated to the previously produced track estimation
error. This phenomenon is illustrated in Fig. 2.3 where X; is correlated to and in-
cludes information from %;_;. This implies that some data from actor 1 in Fig. 2.3
is correlated with the system track, e.g. X;_; is correlated with x; which both
contains information from X;_;. This means that a regular measurement update
in a Bayesian estimator can not be performed since one assumption made is that
the input measurement errors are uncorrelated over time. There exist alternative
methods which deal with such problems, such as Fquivalent Measurement or IDC
described below.
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Equivalent Measurement

The method described in [10], called Equivalent Measurement, is an algorithm that
is used to de-correlate the track to be fused from the global track. An equivalent
measurement is computed based on the current as well as the previous track sent to
the central system from the same actor. To compute the equivalent measurement,
the previously sent track needs to be propagated/predicted in order to temporally
align the tracks. The equivalent measurement u; and the equivalent covariance
matrix U, are defined as

w, =R+ P (P —Py) 7N — %50) (2.23)
Uk’ - Pj—l(Pj—l - P])_1PJ (224)

When the equivalent measurement has been computed, a regular KF update can
be performed since the actor track now is uncorrelated with the system track. The
equivalent measurement error is thereby uncorrelated with the system tracks es-
timation error and a regular KF update estimates the posterior distribution of the
system track estimate as

}A(k = ik—l + Pk;—l(Pk—l + Uk)_l(uk — ﬁk—l) (2.25)
P, =Py 1 — Py 1(Py_1 + Up) 'Py_y. (2.26)

Information De-correlation

Another method for fusing tracks which is described in [10] is called IDC (or some-
times also called information matrix fusion). As with the equivalent measurement,
the idea with IDC is to only use the new information received from the local actor.
The IDC uses information matrices instead of regular covariance matrices to identify
the common information for the two tracks. An information matrix is simply the
inverse of a covariance matrix and the IDC methods is now defined as

)A(k = Pk(P];_ll}A(k—l + Pj_l)/&j - Pj__llfij_l) (227)
P,= (Pl +P;' =P (2.28)

where X;_; and P;_; is the previous state estimate and covariance from the local
track that was sent to the central server (propagated to a common time).

The benefit with IDC is that the algorithm is very simple to implement. The
algorithm only requires that the previous state and covariance is stored in memory.
The method is considered to be almost optimal (optimal in the sense that it produces
the same results as if the raw measurements where fused directly [10]) when the
process noise is non-existing which is not the case in this problem. However, if the
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Ay [m] 27T

X [m]

>

Figure 2.4: An illustration of the track association problem. This example includes
one actor track (red) and three system tracks (blue).

process noise is small enough and the local tracks are received at a high rate, the
algorithm has a high performance as shown in [10].

It should be mentioned that Eq. 2.27-2.28 is equivalent to the equations presented
in Eq. 2.23-2.26. Thereby the equivalent measurement algorithm and the IDC
algorithm should produce the exact same result. The advantages of IDC is that the
method can be used when the distributions are non-Gaussian and it does not suffer
from the numerical error that can occur when calculating equivalent measurements.

2.2 Data Association Metrics

The problem of associating one local track (a track from the local fusion done in
each active actor) with a system track is sometimes referred to as multi-target track
association [10], [11]. The problem is illustrated in Fig. 2.4 where a local track is
to be associated with one of the server tracks. There are several association metrics
that can be used to determine if two tracks represent the same object. Two of these
metrics is described in more detail in this section.
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2.2.1 Euclidean Distance

One simple association metric is described in [23] and is called the Euclidean Dis-
tance (ED). This metric is defined as

vep = /(i — %)) (%Ki — %)), (2.29)

where X, and X; is the state estimate of the two tracks. This metric only looks at the
difference between the state estimates. This metric does not consider the covariance
of the track estimates which is a drawback with this method. A common approach is
to only use the lateral and longitudinal position in the state vector X, and X; when
calculating the ED. This metric might be good enough for data association when
the distance between two tracks is large but can perform poorly when the tracks
have trajectories close to each other.

2.2.2 Mahalanobis Distance

Another association metric discussed in [10], [11] and [23] is the Mahalanobis Dis-
tance (MD) which is defined as

Yarp = 1/ (ke — %) (Pi + Pj)~L(Re — %)) (2.30)

where X;, and X; is the state estimate of the two tracks and Pj and P; are the
corresponding covariance matrices. This metric has the benefit that it normalizes
the euclidean distance with the use of the covariances of each track estimate.

An example of the track association problem which can be solved using Mahalanobis
distance is shown in Fig. 2.4. In this two-dimensional case, the server receives a
track from an actor which is to be associated with one of the three existing system
tracks. The dotted ellipses in the figure represents o-level curves of the tracks, i.e.
track uncertainties, which are taken into account when calculating the Mahalanobis
distance.

To further illustrate how the performance of the ED and MD differs, a simple ex-
ample is created. In this example, the only state included in the state vector is
x position to clearly illustrate the difference between the metrics. In Fig. 2.5, the
distributions for two server tracks as well and one track from a LDM is illustrated.
In the legend of the figure, the ED and MD is calculated as well. As can be seen
the ED to the server tracks is the same for both distributions (0.5). However, when
using the MD, the distance is shorter between the local track and the second server
track since the distributions overlap more.
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2.3 Coordinate Transformation

All active actors send their own state estimate as well as the state estimate of the
objects it can detect to the central server, this is what is called an LDM. The ego
states for the vehicles are expressed in the global coordinate frame { W} illustrated in
Fig. 2.6. Furthermore, the measured objects are expressed in a body-fixed coordinate
frame { E'}. At the fusion server, the output is expected to be in the global coordinate
frame { W}, hence a coordinate change needs to be done to all tracked objects for
each actor.

2.3.1 State Vectors

The coordinate change for the linear motion states (position and velocities) contains
two steps: rotation and translation. A rotation matrix R is computed based on the

Yy
heading angle 6, = arctan (Z‘;'W> of the actor and is defined as
a,W

(2.31)

[ sin(0q,w) cos(&a,w)] |

—cos(Oaw) sin(faw)

A translation where the position of the actor is added to the states is also done
in order to compute the object states in the global frame. The transformation is
defined as

4 -
1 = Server track 1 Distribution: Euclidean: 0.50, Mahalanobis: 0.42
351 | = ==LDM track Distribution
| Server track 2 Distribution: Euclidean: 0.50, Mahalanobis: 0.29
3 [
|
o 251 |
= |
2 2 ;
=
15+ : TN,
| / I N
’ .
1+ 1 / 1 N
\
| | ’\\ |
0.5 8
| | \J
Q lewens ‘1“'/| \ 1 |\.~- L . J
0 0.5 1 1.5 2 2.5 3
X position

Figure 2.5: Simple comparison of the Euclidean and Mahalanobis distance for a
one-dimensional case.
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{w} Tw

Figure 2.6: Definition of coordinate frames.

[‘”@W] =R le] + [xW] (2.32)
yo,W yo,E ya,W

where z, p and y, g is the states of the detected object relative to the body fixed
coordinate system {E} and x,w and y, w is the global coordinates for the actor.

The procedure of transforming the velocities are very similar to the transformation
of the position and is performed as

vy vy vr
[ ng] =R [vng] + L}ngl : (2.33)

vo,W o, F a,W

The yaw rate w,w of an object in the global coordinate frame is simply the relative
yaw rate of the object, i.e.
Wow = Wo,E- (234)

2.3.2 Covariance Matrices

In addition to the state estimates, the covariance matrices for the object tracks in an
LDM needs to be expressed in the global coordinate system {W}. The covariance
matrix of the relative positions Py can be formulated as

o2 0
P =" 2.35

where 2 and 0'?3 are the variances for z- and y-position of the object in the relative
coordinate frame {E'} respectively. The covariance matrix describing the uncertain-
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ties of the actors own state estimate is similarly defined as

20
Pg?sv:[% 1 (2.36)

2
OUy

where 02 and 05 are the variances for z- and y-position in the global coordinate

frame { W}.The matrix in Eq. 2.35 is transformed to the global frame { W} by
using the rotation matrix R from Eq. 2.31 and the covariance matrix P, defined
in Eq. 2.36 from the actor [24]:

PP = RPYSRT + PR, (2.37)

The velocity covariance for the objects is transformed similarly as with the position.
The covariance matrix of the relative velocities P}% is defined as

2
prel — |7 ! (2.38)
’ 0 o?

vY

where 02, and o2, is the variance in z- and y-velocity for the object in the local

coordinate frame {E}. The covariance matrix describing the uncertainties in the
ego state estimate for velocities is defined as

0 o

vY

2
Pl = [0 ! ] (2.39)
a,W 2

where 02, and o2, are the variance in z- and y-velocity in the global coordinate

frame { W}. Given this information, the velocity covariance for the objects in the
global coordinate frame { W} is calculated as

PS5, = RPJL,RY + PG, (2.40)

Regarding the transformation of uncertainties in the rotational motion (yaw rate),
the variances are simply added together as
ol =02 +o’ (2.41)

Wo, W Wo,E Wa, W *°

2.4 Out-of-sequence Tracks

One of the main challenges with this project is that all data from the vehicles is
transmitted wirelessly to the fusion server. As with all wirelsess communication,
this introduces a delay. The delays are random which might lead to something
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Figure 2.7: Data sent from two actors to the central server with varying time delay
causing an Out-of-sequence Track.

referred to as OOST [22]. This means that two tracks from one actor might arrive
at the fusion server in the wrong order which is illustrated in Fig. 2.7 where a data
packet created at time ¢1? containing a LDM is delayed such that it arrives at the
fusion server after the data collected at time t1? has been received.

When dealing with OOST, the optimal solution (meaning that all available informa-
tion is used) is something referred to as rollback. Since the time stamp in the LDMs
are assumed to be in absolute time, OOSTs can easily be detected and when this
occurs, the filter goes back and recomputes all filter outputs for the server track from
the time of the OOST up to current server time. By doing this, it is guaranteed that
all available information is used at all times which produces the best state estimate
for the server track.

However, as the number of OOST grows, so does the computational complexity since
it involves a significant amount of re-computation. In addition to the computational
complexity, previous track estimates from the LDMs that has arrived to the fusion
server as well as previous server track estimates needs to be stored in memory.

23



2. Theory

24



3

System Description

The designed fusion algorithm was constructed by smaller subsystems which perform
specific tasks. These tasks are coordinate transformation, data association, data
fusion, track management and output prediction. Together they form the fusion
server which fuses several LDMs in order to create one GDM. The steps involved
(including the wireless transmission) are illustrated in Fig. 3.1 where the dotted
arrows correspond to the wireless communication between the actors and the fusion
server.

The tracks in each LDM needs to be compared to the fusion server tracks to detect
if the local and global tracks correspond to the same hypothesized target. If one of
the local tracks can not be associated with any of the server tracks, a new global
track is created for the new object. When all data has been associated (or new
tracks has been created) it is fused together with the server tracks.

Before the association can be performed, the tracks need to be defined in the same
global coordinate system. This is done by performing a coordinate transformation
of the state estimates as well as the covariance matrices from local, body-fixed
coordinate systems to a global coordinate frame.

Fusion Server
Transfer
LDM1 r----- ---.
Delay ‘<~ -» |Coordinate Transformation
v
Data Association
Transfer ¥ GDM -
LDM2 F-----»  )=----- > >
Delay Data Fusion
. Y

_-» | Track Management

Transfer ," Y
""" - Output Prediction
Delay

Figure 3.1: Block diagram of the proposed data fusion algorithm including the
wireless communication.
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Fusion Server

serverTracks

Coordinate Data serverTracks serverTracks Track serverTracks Output
. - Data Fusion ———— —_—l o
LDM Transformation LDM  Association Management prediction GDM

Figure 3.2: Fusion server implementation diagram.

Furthermore, a track management algorithm was implemented whose purpose is to
terminate a server track if no association is done between the track and any of the
local tracks for a certain amount of time. This occurs when an object has left the
field of view of the active actors and no measurements can be made of that object.
The server resources can thus be released to track other objects in the environment.

The output from the fusion server, a GDM containing the server tracks, will always
lag in time since one server track has the same time stamp as the last local track
which was associated to and fused with it. Therefore a final subsystem that makes
a final prediction was implemented such that each server track contains a track
estimate for the current time.

The algorithm designed in this thesis was implemented and evaluated in a SiM-
ULINK [25] model created by Volvo Car Corporation called Simulation Platform for
Active Safety (SPAS). As the name suggests, the model is used to simulate traffic
scenarios and evaluate new active safety functions.

Fig. 3.2 further illustrates the steps performed in the fusion server. At each time step
in the fusion server, a set of LDMs from the active actors arrives and after performing
all involved steps a final GDM is produced. All steps involved are described in more
detail below.

3.1 Motion Model

In several of the subsystems of the fusion server, both the local and server tracks
needs to be aligned in time, i.e. the distributions need to be predicted. In order
to accurately perform the prediction step of a Bayesian filtering algorithm, a good
motion model is needed. Most systems can be described with a mathematical model
which is an approximation of how the system behaves. A more accurate model will
contribute to more accurate predictions. There exist several models to describe the
motion of a vehicle, such as the Constant Velocity (CV), CA, CT [26], [27] and
bicycle model [28]. In this thesis, the states that are of interest are global positions
Tk, Yk, velocities vf, vy as well as the yaw rate wy for the objects. Thus, the state
vector used is defined as

26



3. System Description

T
Xp = [Tk Yp VP v} wk} : (3.1)

Previously mentioned motion models such as the CV and CA are great for many
applications. They are linear, simple to implement and can in some cases model the
movement of an object accurately. However, they are not suitable in this project
since they do not represent the movement of a vehicle precisely. For example, the CV
and CA models allow the vehicles to move sideways which contradicts the general
behaviour of a vehicle (in normal driving conditions). Neither do they take the
rotational motion (yaw rate) into consideration which means that these models are
not precise when objects are turning. For this reason, the CT model was studied
and when using Cartesian coordinates, the continuous time version of that model is
defined as

y(t) v(t)

vr(t) | = | —o¥(t)w(t)| +q(t) (3.2)
vY(t) v (t)w(t)

w(t) 0

where q(t) is the continuous time process noise. The discrete time version of Eq. 3.2
was obtained as in [27] which yields

_ vT . oY _
T, Tp—1 + w’;i sin(wg_17") — ﬁ(l — cos(wp_1T))
vy oY .
yfc Yk—1 + wz:ll (1 = cos(wr—1T)) + wz:ll sin(wg_17)
R N vi_y cos(wit T) — vl sin(wy_tT) ta (33)
O vi_ysin(wg1T) + v]_; cos(wp_1T)
Wi
L Wk—1 |

where T’ is the prediction time and qg_; is the discretized process noise which is a
zero mean, normally distributed random variable with covariance Q_;. Assuming
that the process noises is additive, Gaussian as well as uncorrelated with each other,
the covariance matrix Qj_ is defined as in [27] where o7, , 07, and o2, is the variance
in the velocities and yaw rate respectively:

Qi-1=G| 0 of 0|G", where G= (3.4)

o ooy}
o N onfFo
_—o oo O
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Figure 3.3: Data definitions.

3.2 Data Definitions

The output from the first three subsystems in Fig. 3.2 is a collection of a data
structure referred to as a ServerTrack which contains the data shown in Fig. 3.3b
where the subscript of the state vectors indicates which coordinate frame the states
are defined in. This data structure is internal in the fusion server and works as an
internal buffer which stores previous input data and previous server state estimates
with corresponding time stamps. Furthermore, the data association need informa-
tion about the currently active server tracks in order to associate the local tracks
from the LDMs with the server tracks. Therefore the ServerTracks are fed back to
the data association at all times. In SPAS, the maximum number of actors is 32,
thereby the maximum size of ServerTrack was set to the same size. Each track gets
an individual ID number and if the track is active, a flag is set to one to indicate
this and zero otherwise.

The ServerTrack contains a buffer that stores all associated tracks from the LDMs
(ordered in time). When new associated data is inserted into the buffer, a variable
that stores where in the buffer the fusion process should start is changed. The buffer
size was set to the same size as the maximum number of actors plus one, i.e. 33.
This ensures that if data is received from all actors within one sample time, the
buffer is large enough to store all new data. Once the data has been associated, it
is fused with the server track and the buffer is updated. As soon as an LDM track
has been fused, a flag in the buffer corresponding to this data is set to one such that
the filter knows that this data has been used.

The final variable contained in the buffer of each ServerTrack is a source ID that is
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used to denote which active actor the local track came from. This variable is needed
in order to perform the IDC algorithm in which the previous data from the same
actor is used.

In addition to the ServerTracks, there is a second data structure that is used in
the fusion server. This structure is denoted LDM Track which is the input to the
first two subsystems in the fusion server illustrated in Fig. 3.2. The structure of
LDM Track which is the data from the actors is shown in Fig. 3.3a. As mentioned in
previous chapters, the LDM, i.e. LDM Track, contains state estimates and covariance
matrices for the actors’ ego state as well as for all dynamic objects that it can detect
and track. Furthermore, this structure contains a time stamp as well as an actor ID
where the latter is individual for each active actor.

3.3 Coordinate Transformation

Since all local tracks in each LDM are to be associated with a server track, they
need to be expressed in the same global coordinate system. Thereby the equations
described in Section. 2.3 is used to transform all state estimates and corresponding
covariances to global coordinates for all the objects in each LDMTrack. The trans-
formation for each object is done based on the estimate of the actors’ ego state.
After the transformation, all of the objects in each LDM are expressed in a global
coordinate frame and hence can be associated and fused with the server tracks.

3.4 Data Association

This subsystem seek to determine if a local track and a server track (contained in
an LDM and the GDM respectively) corresponds to the same hypothesized target.
A pseudo code for the data association process is listed in Algorithm 1 and is done
by calculating the MD, defined in chapter 2 of this thesis, between the local track
and all other server tracks. The local track is associated with the server track to
which the distance is the smallest. However, since the cross-covariance between the
local and global tracks is unknown, the simplified version of the MD in Eq. 2.30 is
used in the association.

If a track from an LDM can not be associated with a server track, which means that
the MD is too large, the track is assumed to be a new object which has entered the
environment. The MD is compared to a threshold drawn from a y2-distribution with
95 percent confidence interval. If the distance is below this threshold, an association
is made between the local and server track. If the distance is above the threshold,
the two tracks are considered to be too far apart and a new server track is created.
In this case, the track is initialized with the local track estimate and covariance
found in the LDM.
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Before the association can be done, the local and server track needs to be temporally
aligned so the tracks represent the object state in the same time instance. To do
this, the data in the server track buffer with the time stamp closest to the local
tracks time stamp is extracted. The track with the smallest time stamp is then
predicted to the other tracks time. This is done using the prediction steps described
in section 2.1.1 and 2.1.2.

For one local track in an LDM, the algorithm simply iterates over all server tracks
and saves the ID and distance to the server track to which the distance is the
smallest. Once associated, the local track is inserted into the buffer of the associated
server track. As illustrated in Fig. 3.4, where each box represents a local track with
time stamp ¢;, the new data (the newly associated local track from the LDM) is
inserted such that the buffer is sorted in time (the time at which the local track was
created).

Remove

tnew

Figure 3.4: Illustration of how data is inserted in the buffer for each server track
(tg < tnew < t4>
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Algorithm 1: Data Association

end

input : ServerTracks, LDMTracks
output: ServerTracks

// Loop through all new LDMs received in the server
for i <~ 1 to length(LDMTracks) do

// Merge ego and object tracks

allTracks = [LDMTracks(i).Ego LDMTracks(i).Objects;
// Loop through all tracks

for j < 1 to length(allTracks) do

end

// Extract track estimate, covariance and time stamp from
local track

[x;, Pj, t;] + extractData(allTracks(j));

// Initialize distance metric to a large number

distance < 10000;

// Loop through each server track

for k < 1 to length(ServerTracks) do

// Extract track estimate, covariance and time stamp from
server track which is closes in time to the local
track

[k, Py, ty] < extractDataClosestInTime (ServerTracks(k),t;);

// Align local and server tracks in time

[k, Py, x;, Pj| < alignTracksInTime (g, Py, ty, ©;, Py, t;);

dist <— Mahalanobis (x;, P, 2y, Pp);

// Associate local track with server track that has the
smallest Mahalanobis distance

if dist < distance then
distance <— dist;
trackInd < k;

end

end

// Extract local track

[z}, Pj,t;] < extractData(allTracks(j));

// Compare distance with threshold from y?-distribution

if distance < chi2inv(0.95,5) then

// Local track associated with a server track, put in
buffer to be fused

InsertTrackInBuffer (z;, P;,t;, ServerTracks(trackind));

else

// Local track not associated to any server track, create
new server track, initialize with local track

CreateNewTrack(x;, Pj,1;);

end
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3.5 Data Fusion

When the data in each new LDM received at the server has been associated with the
server tracks, fusion can be performed. In the data association, all tracks from the
LDMs that were associated with a server track was put in the corresponding buffer
for the associated server track (sorted in time). All data in the buffer is fused with
the server track by using the IDC algorithm presented in section 2.1.3. For the IDC
algorithm to work, the previous local track from the same actor needs to be stored
in memory. Therefore, the size of the buffer in the fusion server was defined to be
big enough to store the previous local tracks from all active actors, i.e. larger than
32.

The fusion algorithm iterates over all server tracks. For each track the algorithm
iterates over the server track buffer, starting one index to the left of the recently
received local track (put there in the data association process). This is done because
this is where the most recent server track estimate and covariance which does not
need to be updated is saved. The fusion algorithm predicts the chosen server track
estimate to the time stamp of the local track estimate closest in time (positive
time). The IDC algorithm is then used to produce a server track estimate for that
particular time stamp. The algorithm then picks the resulting server track estimate
and perform the prediction and update steps all over again until it reaches the end of

the buffer (the most recent local track). The procedure is summarized in Algorithm
2.
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Algorithm 2: Data Fusion Algorithm

input : ServerTracks
output: ServerTracks

// Loop through all server tracks

for m < 1 to length(ServerTracks) do

// Loop through all slots in the track buffer, starting at the
index stored in FusionStartIndex

for n < FusionStartIndex to length(ServerTracks(m).Buf fer)-1 do

// Extract server state estimate, covariance and time stamp

[k, Py, ty] < extractData(ServerTracks(m).Buf fer(n));

// Extract local track from buffer (to which the server will
be predicted)

[z}, Pj,t;] < extractData(ServerTracks(m).Buf fer(n+1));

// Extract previous local track from buffer

(21, Pjo1, tj1]

findPrevLocalTrack(ServerTracks(m).Buf fer,n);

// Predict server track to next local tracks time

[k, Py] < timeUpdate (x;, P;,t; — t);

// Predict previous local track from the same actor

[IL‘j_l, Pj—l] < timeUpdate(xj_l, -Pj—lytj — tj—l);

// Perform update step using IDC fusion

[k, Py| < IDC(xy, Py, xj, Pj,xj—1, Pj_1);

// Update server track

inputDatalInServerBuffer (zy, Py, ServerTracks(m).Buf fer(n+ 1));

end

end

3.6 Track Management

The fusion server produces tracks for all objects in the environment that the active
actors can detect and track. A problem which arose was how to detect when an
object has left the environment and is no longer needed to track, i.e. a track man-
agement algorithm was needed. This algorithm keeps track of how long time has
passed since the last track from an LDM was associated /fused with a certain server
track. If the time since the last data was received/fused for a certain server track is
above a certain threshold, the track is terminated and the resources are released.

When a new track has been created in the server, an extra requirement was added. If
less than 5 tracks from the LDMs have been associated/fused with the server track,
the threshold is set to a smaller value. These tracks are called tentative tracks and
are used to be able to quickly remove tracks that do not correspond to a physical
target (false detections). This guarantees that a new tentative track gets terminated
quickly if no tracks are associated with it. The track management algorithm can be
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seen in Algorithm 3 and the value for the threshold was set to 1 second for regular
server tracks and 0.3 seconds for tentative tracks. After the track management has
been performed, the output is fed back to the data association in the next time step
as displayed in Fig. 3.2.

Algorithm 3: Track Management Algorithm

input : ServerTracks, currentTime
output: ServerTracks

// Loop through all server tracks
for i <~ 1 to length(ServerTracks) do
// Set variable timeOut
timeOQut + 1;
// Check if track is tentative
if tentative then
// Set low timeOut

timeQut < 0.3

end
// Check if no new data has been received for "timeOut"
seconds
if currentTime > ServerTracks(i).Buf fer(end).timeStamp + timeOut
then

// Terminate this track
ServerTracks(i) < [;
end

end

3.7 Output Prediction

Since the time stamp for each fusion server track is the same as the time stamp for
the last track from an LDM that was fused with it, a final prediction step is needed
to get the server track estimates to the current time. To do the final prediction,
the CKF and UKF time update equations described in section 2.1.2 and 2.1.1 are
used and pseudo code for the output prediction is listed in Algorithm 4. After the
final prediction, all server tracks are updated to the current time and represents the
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GDM containing all dynamic objects that can be seen by the active actors.

Algorithm 4: Output Prediction Algorithm

input : ServerTracks, currentTime
output: ServerTracks

// Loop through all server tracks

for i < 1 to length(ServerTracks) do

// Extract server data

[zk, Py, ty] + extractData(ServerTracks(i));

// Predict state and covariance

[k, Py| < TimeUpdate (zy, Py, currentTime — t);

// Update ServerTracks

ServerTracks(i) < insertData(zy, Py, currentTime);
end
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System Evaluation

To test the performance of the fusion algorithm in the server, a simulation scenario
was created. The scenario was designed to represent real-world driving situations
and involves both active actors (vehicles) as well as passive actors (a pedestrian).
The scenario was created manually in the simulation program SPAS where the de-
sired trajectories for each object is predefined before the simulation starts.

To evaluate the performance of the fusion filter, evaluation metrics were needed.
Since the ground truth was known for the simulated data, the Mean Squared Error
(MSE) and Multiple Object Tracking Accuracy (MOTA) [29] was used as metrics.
In this chapter, the test scenario used to test the fusion algorithm is described in
detail. Furthermore, the evaluation metrics that were used are also presented.

4.1 Modeling Transmission Delay

All active actors send data to the fusion server with a fixed frequency during a test
run. This frequency was changed between runs in order to show the effects it had
on the fusion performance. As previously discussed, the wireless data transmission
introduced delays of the data packets and to evaluate the impact the delay had,
different values for the delay were tested.

The transmission delay was defined using a minimum and maximum value where
the delay was modeled as a random variable between these limits. The minimum
delay d,,;, was defined to be 40 ms which was used for all data packets sent to the
server. An additional random delay was added to each data packet to simulate the
randomness of the wireless communication. The total delay d was computed as

. {|X|7 if 1X] <20 1)

Az if | X|> 20
where X is a sample drawn from a normal distribution with mean d,,;, and standard
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_N (dmin; (dhlua:;d”:iu, )2>

dmm dm.am = 20 + dmm

Figure 4.1: Illustration of how the delay for each data packet was generated. It
was drawn from a normal distribution with mean d,,;, and standard deviation o.
dmaz 1s the maximum delay that was applied to a packet defined as d,,00 = dpmin+20.
The delay is selected such that it lies within the green area, that is between d,,;,
and d,,.., and with a higher probability that the delay is closer to d,,;,. The blue
curve represents the probability density function for the delay.

deviation (dpaz — dmin)/2 which is illustrated in Fig. 4.1 where d,4, is the maximum
transmission delay. The total delay d was thus saturated at the minimum value d,,;,,
and maximum value d,,,, where the delay was more likely to take values close to

dmin .

4.2 Simulation Scenario

The algorithm was tested on a simulated scenario which involved three active actors
who transmitted data to the fusion server as well as one passive actor (in this case
a pedestrian) that was standing still next to the road. The scenario is illustrated
in Fig. 4.2 and includes a straight road which leads to a roundabout where all
vehicles turned left and continued driving forward. All of the vehicles drove with
different velocities during the simulation and to further resemble a realistic scenario,
car number two in Fig. 4.2 performed a manoeuvre and overtook car number one
during the simulation. This simulation scenario lasts approximately 20 s. Fig. 4.3
further illustrates the true states for each actor during the simulation.
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Figure 4.2: Path of the actors in the simulated scenario. The boxes represents the
starting position of each actor and the dotted lines are the corresponding paths.
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Figure 4.3: The true states for each of the actors involved in the scenario.

The fact that there was an overtake included in the scenario tested the performance
of the data association algorithm in the fusion server since the vehicles, and hence
the measurements, were closer together. During the overtaking, track estimates
from two actors could easily be associated with the wrong system track if not using
a good association metric.

The scenarios tested is presented in Table 4.1 where the delays, sending frequency,
filter type and the use of rollback was altered in each simulation. In the first scenario
(A in Table 4.1) the communication delay was fixed to the minimum delay (40 ms),
but for the other scenarios (B-D) in Table 4.1 the delay was random within a range.
Furthermore, a different transmission rate was simulated in scenario C and finally
in scenario D rollback was not used. That is, when tracks that arrived to the
fusion server was older than the last fused track, they where ignored in scenario D.
Commonly for scenario A-D is that in the fusion algorithm, CKF prediction was
used. In the final scenario (E), the unscented transform (prediction step of UKF)
was used instead.
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Table 4.1: Definition of settings in the simulated scenario.

Scenario Delay Sending Freq. Filter Rollback
A 40 ms (fixed) 10Hz CKF/IDC Yes
B 40-300 ms 10 Hz CKF/IDC Yes
C 40-300 ms 3Hz CKF/IDC Yes
D 40-300 ms 10 Hz CKF/IDC No
E 40-300 ms 10Hz UKF/IDC Yes

4.3 Evaluation Metrics

In single-object tracking, it is rather straight forward to evaluate the tracking per-
formance in terms of accuracy. A widely used metric in these cases is the MSE
described below which enables several tracking algorithms to be compared to each
other. In multi-object tracking, the performance of the tracker is more difficult
to assess since there is more logic involved such as the data association and track
management. It is for example desirable to assess how often the tracker misses an
object, i.e. does not maintain a track for an object. It is also desirable to examine
how often false positives occur, i.e. how often a track is maintained for an object
that does not exist. When assessing the proposed fusion server, in addition to the
MSE metric, the MOTA was used to evaluate the performance of the fusion server
which is described below.

4.3.1 Mean Squared Error

The first metric that was used when evaluating the fusion filter is the MSE which

is defined as .
1
MSE = — (z; — ;). (4.2)
K=

Here x; is the ground truth at each time step i, z; is the corresponding filter output
and K is the simulation length in number of samples. The MSE metric is always
larger than or equal to zero and a smaller value indicates a better performance in
terms of accuracy. One of the objectives with the fusion server is that the error of
the filter output should be as small as possible and to test this, the MSE is a well-
suited metric. This metric focuses on one track and does not consider e.g. the data
association performance or the number of false positives of a multi-target tracker,
but the MSE metric is good for evaluation of the accuracy of a single track.
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4.3.2 Multiple Object Tracking Accuracy

Evaluation of multi-object tracking algorithm requires more thorough evaluation
than single-object tracking. For this reason a metric, MOTA, was used in addition
to the MSE mentioned above. The MOTA metric discussed in [29] evaluates the
tracking algorithm based on object configuration errors, i.e. if the system traces an
object trajectory correctly and only produces one track per object. The metric also
incorporates the number of false positives, i.e if the system is tracking an object that
does not exist as well as misses and mismatches done during the entire scenario. The
MOTA metric is defined as

YR (mi + fi 4 i)

MOTA=1— i
21 9i

(4.3)

where m; is the number of misses, f; the number of false positives, s; the number of
mismatches and g; is the number of objects present at each time instance 7. Thereby
the metric is composed of three different error ratios. By summation of the three
error ratios, the total error rate F is obtained. Finally the MOTA is computed as
1 — E. As before, K is the total number of samples in the simulation.

In the proposed fusion algorithm, no effort has been made to minimize the number
of mismatches that occurs, therefore the MOTA metric was modified such that
mismatches was not penalized, i.e.

ilil(mi + fz)

MOTA =1 — =="
21 9i

(4.4)
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Results

In this chapter, the performance of the fusion server is presented where the res-
ults are based on the scenario described in chapter 4. The filter output from the
fusion server is compared with ground truth which was easily obtained in simula-
tion. The performance metrics that are used are the previously discussed MSE and
MOTA. Furthermore, plots of the Squared Error (SE) over time are studied to fur-
ther observe the performance. The effects from changing the transmission delay; the
frequency with which the actors send data as well as whether rollback is used or not
is investigated for the scenario defined in the previous chapter. The performance of
the fusion server is also compared to the individual state estimate contained in the
LDMs.

The MSE as well as the MOTA from the simulation scenario is presented in Table
5.1 where MSE is calculated for each of the estimated states for one of the actors
(car number one in Fig. 4.2). The results were similar for the other active actors
as well and to be able to compare different setups, the results for the same actor is
used. The MSE of the ego estimates is presented in the first line in Table 5.1. As
can be seen, by fusing data from multiple sources the accuracy in the state estimates
is clearly improved even if a small transmission delay is introduced. This is seen by
comparing the results from the MSE from the ego estimates with the results from
scenario A where a delay of 40 ms is introduced.

Regarding the MOTA, Table 5.1 indicates that the computed MOTA value is high
for all sub scenarios. However, extra delays and lower sending frequency decreases
the MOTA slightly just as expected. Since the difference in the MOTA metric is
small, the multi-target-tracker is thereby considered as robust.

Table 5.1: MSE and MOT A for the simulated scenario.

Scenario | MSE, | MSE, | MSE, | MSE,, | MSE, | MOTA

Ego 0.1054 | 0.1132 | 0.0533 | 0.0501 | 0.0028 -
0.0866 | 0.0525 | 0.0470 | 0.0273 | 0.0036 0.996
0.1102 | 0.0563 | 0.0787 | 0.0442 | 0.0069 0.993
0.0870 | 0.0684 | 0.1129 | 0.0579 | 0.0096 0.979
0.1180 | 0.0593 | 0.0879 | 0.0524 | 0.0086 0.996
0.1101 | 0.0563 | 0.0787 | 0.0442 | 0.0069 0.993

= Ol Q|| =
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Figure 5.1: Comparison of the Squared Error for the ego estimate and server filter
output from scenario A.
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5.1 Transmission Delay

The wireless communication from the actors to the central server suffers from ran-
dom delays. Different values for this delay were tested, either it was constantly
40ms for all data packets or it was modeled as described in Section 4.1 where the
maximum delay was set to 300 ms. Scenario A represents an ideal scenario with
the minimum possible transmission delay while B is a more realistic scenario. The
effect the additional delays has on the fusion performance can be seen by comparing
the MSE values from scenario A and B presented in Table 4.1. The SE for the two
scenarios is also shown in Fig. 5.2 where the SE for the state estimates are shown
over time. As expected, the accuracy of the state estimates decreases as the delays
of the data packets increases.
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Figure 5.2: Comparison of the Squared Error of the server filter output in scenario
A and B.
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5.2 Sending Frequency

Table 5.1 shows that the sending frequency of the vehicles has an impact on the
accuracy of the state estimates. The MSE is generally increased as the sending rate
is decreased from 10 Hz in scenario B to 3 Hz in scenario C. This behaviour is further
illustrated in Fig. 5.3 where the evolution of the SE of the state estimates in scenario
B and C is displayed.
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Figure 5.3: Comparison of the Squared Error of the server filter output in scenario
B and C.
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5.3 Rollback

Table 5.1 also shows that if rollback is used, the accuracy of the state estimates
is increased slightly in this scenario. This is seen by comparing the results from
scenario B with D in Table 5.1. This is further illustrated in Fig. 5.4 where it can
be seen that a little gain in accuracy is obtained when using rollback compared to
ignoring the OOST.
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Figure 5.4: Comparison of the Squared Error of the server filter output in scenario
B and D.

5.4 CKF vs. UKF

In Table 5.1, the MSE and MOTA results when using a UKF prediction is presented
as well. By comparing the results from scenario B with E, it can be seen that both
filters produces similar state estimates. The filter estimates and hence the squared
error is close to identical and thereby it is not worth illustrating the difference with
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plots of the SE. When using the UKF, the tuning parameters was set as in Eq. 2.14.
When using the tuning parameters as in Eq. 2.13, the covariance matrix was in
many cases not positive semi-definite.

5.5 Passive Actors

In the simulated scenario, there was one pedestrian included that stands still next
to the road. By combining data from multiple sources, the state estimates for the
pedestrian are improved in terms of accuracy which is illustrated in Fig. 5.5 where
the SE is computed from the LDMs from one actor and compared with the fusion
filter output (GDM) which combines the data from all active actors.
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Figure 5.5: Comparison of the Squared Error for state estimate of the pedestrian
from one actor compared to the fusion server estimate.
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Discussion

The results obtained in simulation clearly indicates that it can be beneficial to fuse
data from multiple vehicles. This was illustrated in Table 5.1 as well as in Fig. 5.1
where the accuracy of the state estimates can be improved compared to the ego
estimate. In this setup, the conditions were ideal, i.e., the communication was
assumed to be ideal and all packets had a constant delay of 40 ms. Since wireless
communication is seldom ideal, a different setup was tested as well where each packet
had an extra additional delay which potentially could lead to OOST. By introducing
the larger delays, the accuracy of the state estimates was decreased just as expected,
but was still comparable to the ego estimates displayed in Table 4.1 and Fig. 5.2.

Further tests were conducted to test the filter performance when the sending rate
of the active actors was decreased. The fusion accuracy is clearly affected by the
sending rate, as illustrated in Table 5.1 and Fig. 5.3. This is easily explained by
the fact that the fusion server receives much less data to fuse. In the ideal case, we
would like to increase the sending rate of the vehicles such that more data is used
in the fusion algorithm which thereby would produce more accurate state estimates.
However, due to limitations in the communication, 10 Hz is a reasonable sending
frequency and we would not recommend to lower this limit. Especially if the data
is to be used for controlling the vehicles.

In Fig. 5.5, the state estimates for the pedestrian from one of the actors (LDM)
is compared with the fusion output (GDM). As can be seen, it can be extremely
useful to fuse data from multiple sources for passive actors in terms of accuracy in
the state estimate. The improvement of the accuracy is explained by the fact that
more data is used. In this case, the uncertainties in the LDM tracks that is fused is
approximately equally big. If instead the data from one vehicle had high accuracy
and was fused with less accurate data from other vehicles, the increase in accuracy
would not be as prominent.

Regarding the server estimate for an active actor, the state estimate from the ego
state is fused with LDM tracks from other actors which have larger errors and
uncertainties in the global coordinate frame. Thereby the improvement of the state
estimates for active actors is not as big as for passive actors.

One of the purposes with the fusion server is to centrally steer actors to avoid
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potential collisions. To be able to do this, an accurate GDM is needed. This
project shows that this can be achieved if the communication is working well and
e.g rollback is used. This algorithm can use the GDM that the fusion algorithm
in this thesis produces. Another idea with the fusion server is that the GDM can
be re-transmitted back to the actors in the test environment. This is not covered
in this project, but it should be mentioned that the re-transmission will introduce
extra errors in the state estimates due to communication delays.

This project did not focus on the computational complexity but rather on producing
an accurate GDM. If the fusion algorithm is to be used on an actual server, the
extra computational complexity that rollback introduces needs to be further studied.
Ideally, if the server has high performance, rollback should definitely be used since
the accuracy of the state estimates is increased. However, if cheaper and slower
hardware is used, rollback can perhaps be ignored. Another idea is to set a limit
on the rollback. For instance, if there are 5 or more newer tracks in the buffer as
a new track arrives to the server, this track could be ignored. The analysis of the
computational complexity of the fusion server is thereby left as future work.

By looking at the results from scenarios 1B and 1E in Table 4.1, it is clear that
the performance of the fusion algorithm when using the CKF and UKF is nearly
identical, both in terms of accuracy in the state estimates as well as the MOTA met-
ric. Since the UKF uses one more sigma point, the computational time is increased.
Since the CKF is more stable and does not suffer from the problem with non-positive
semi-definite covariance matrices, the CKF is preferable for this application.

Regarding future work for the fusion server, the first thing that could be done is
to implement the algorithm on a real server and get the communication between
the vehicles and the server working. Once this has been done, the computational
complexity can be investigated and a trade off between using rollback or not can be
done. In SPAS it has been shown that the GDM can be used to centrally steer cars
to avoid possible collisions. This part needs to be evaluated in the server as well.

In this project, o-point methods were investigated when predicting the state evolu-
tion over time. Another possibility for future work is to investigate the performance
when other filters such as the Particle Filter (PF) is used.
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Conclusion

The main purpose with this thesis was to develop an algorithm that produces an
accurate state estimate of all dynamic objects in an environment based on data from
multiple actors. This has successfully been achieved and has shown to increase the
accuracy when a moderate transmission delay is added to the wirelessly transmitted
data packets. Furthermore, it is shown that the sending frequency of the actors
plays an important role on the fusion performance. Not surprisingly, a smaller delay
and a larger sending frequency is desirable in order to accurately estimate the state
of the actors.

The fusion algorithm was divided into subsystems that each performs a specific task.
These were coordinate transformation, data association, data fusion, track man-
agement and final prediction respectively. This modular approach enables partial
replacement of these subsystems if needed, e.g. if a different motion model is de-
sired. The fusion algorithm was developed and analysed using MATLAB/SIMULINK
and the algorithm was implemented in the previously mentioned SPAS model. The
performance of the fusion server was evaluated in terms of the commonly used MSE
and MOTA metrics.

This work has made it possible to create an accurate global map of all dynamic
objects in an environment. This data can be used by other algorithms to steer
vehicles such that e.g. potential collisions can be identified and avoided. Another
implication with this work is that it enables vehicles to potentially extend their field
of view by help of other vehicles. This can be done if the data is transmitted back
to each vehicle.
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