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Chapter 1

Introduction

1.1 Background

Building safer vehicles is a prime concern of todays Automotive Manufacturers.
There are currently many Automotive Collision Avoidance systems on the market,
such as adaptive cruise control (ACC) [1], [2] and collision warning systems [2], [3].
These applications have in common that they try to assess one kind of threat and
take action when that specific threat is detected. Broadhurst et al. [4] presents
a framework for reasoning about the future motions of multiple objects in a road
scene. This method can be used to find threats by predicting the paths of the ob-
jects using Monte Carlo simulation. Using the framework presented, in theory any
kind of threat could be detected, not as in earlier work only a specific one. Eidehall
et al. [5] developed a threat assessment algorithm based on this framework.

Eidehall’s algorithm simulates the road scene three seconds forward and calcu-
lates a threat level. This could be used to warn the driver or launch an autonomous
response depending on the application. [6] states that inattention of the driver dur-
ing the last three seconds before the collision is a contributing factor in 93% of the
crashes. Consequently, many accidents could be avoided or reduced in severity if
the driver gets a warning in this time frame.

1.2 Problem Specification

A framework, used to simulate a road scene and detect both direct and indirect
threats, is presented in [5]. With the knowledge of the road shape and position
and velocity of the vehicles in the scene, it is possible to statistically predict the
traffic movements, for short time frames. Provided with this extra information, a
driver would be enabled to make better traffic decisions.

The task of this thesis is to analyse the algorithm suggested by Eidehall et al.

Different parts should be studied and evaluated, both individually and in concert.
Improvements should, if possible, be suggested and analysed.

1



2 Introduction

1.3 Threat Assessment Algorithm

This section describes the framework used in the threat assessment algorithm of
Eidehall et al. The overall theory and methods are presented, to get an under-
standing of how the algorithm works. Different aspects will be presented again, in
greater detail, in the oncoming chapters, where respective part is studied.

1.3.1 Stochastic Model

The future trajectories of objects in the road scene is determined by their current
position, velocity and by future control inputs, such as steering, braking, etc.

The control inputs are however unknown and therefore described as a stochastic
variable

U = [u1, . . . ,um] (1.1)

where m is the number of objects in the scene. ui contains the control input for
the entire simulation time, It, for the object i, i.e., ui = (u1(t), . . . , unc

(t))i where
nc is the number of control inputs. By simulating U , using motion models for the
objects, the state X (U) is obtained. X (U) contains information about position
and other states and can be written

X (U) = [x1(u1), . . . ,xm(um)] (1.2)

Eidehall et al. uses the fact that drivers try to avoid collisions if possible and
therefore the posterior distribution of U , given that no collisions occur during It,
is computed. The posterior distribution is given by Bayes theorem:

P (U|Cc) =
P (Cc|U)π(U)

∫

XM
P (Cc|U)π(U)dU (1.3)

where C is the event of a collision and Cc is the complement, a conflict free event.
P (C|U) ∈ {0, 1} is the probability of a conflict given the control input U , XM is
the set of physically allowed steering inputs and π(U) is the prior distribution,
which models the driver preference.

Drivers have a goal with their driving, i.e., they want to get from point A to
point B as comfortable as possible, using a desired velocity. Four different aspects
are modelled in π(U) to incorporate the driving preferences; distance to desired
path, deviation from desired velocity and longitudinal and lateral acceleration.
The prior distribution is defined as:

π(U) = ae−f(U ,X(U)) (1.4)

where a is a normalising constant and
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f(U , X(U)) =

m
∑

i=1

ωig(ui, xi(ui)) (1.5)

The sum is taken over all m objects in the road scene and f could be looked
upon as the combined manoeuvre cost of all objects. ωi is used to compensate for
different visibility conditions and is discussed closer in Section 3.1.1. The function

g(ui, xi(ui)) =

=

∫

It

[(lxx(t) + lyy(t) − lz)
2λ1 + (v(t) − v0)

2λ2 + along(t)
2λ3 + alat(t)

2λ4]dt (1.6)

represents the manoeuvre cost for a single object over the scenes’ entire time
interval, It. It is a combination of four different penalties; (lxx(t)+ lyy(t)− lz), v0,
alat and along. (lxx(t)+ lyy(t)− lz) measures the distance to the line l = (lx, ly, lz)
which represents the desired path, usually the tangent of the object at time t = 0.
v0 is the initial (desired) velocity and alat and along are the accelerations of the
object.

The weights λi, the behaviour parameters, are used to balance the cost and
they affect the spread of the sample distribution.

1.3.2 Dynamic Model

A car is geometrically described as a rectangle, using two control inputs (u1, u2)
for longitudinal and lateral control respectively. The proposed dynamic model
in [5] distributes the control inputs between the physical limitations, i.e., engine
torque and road-tire friction for longitudinal control and steering angle and road-
tire friction for lateral. What limitation to use depends on the velocity of the
vehicle, i.e., road friction for low velocities and engine torque for high.

The resulting dynamic model is:

ẋ = v cos θ (1.7a)

ẏ = v sin θ (1.7b)

v̇ =

{

u1af if v ≤ vlong

u1
k/v+af

2 +
k/v−af

2 if v > vlong
(1.7c)

θ̇ =

{

v sin ϕmaxu2/L if v ≤ vlat

afu2/v if v > vlat
(1.7d)

where af is the maximum acceleration due to road friction and k/v the limitation
due to engine torque, where k is the engine power devided by the vehicle mass.
ϕmax is the maximum steering angle and L is the wheel base. vlong and vlat are
the breakpoints for the limitations.
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δ

U

P (U)

α α

Uα

Figure 1.1. This Figure explains how the set Uα is defined.

1.3.3 Threat Assessment

The host vehicle is defined as the vehicle containing the safety system, whose
driver is warned of potential danger. The host vehicle is modelled as a deterministic
object, since the warning signal should be issued if the vehicle needs to take action,
in order to avoid danger. There is however a risk that the host vehicle is not seen
or disregarded by other vehicles. To incorporate this risk Eidehall et al. uses the
merged distribution

P (U) = ωAP (U|Cc
A) + ωBP (U|Cc

B) (1.8)

where CA is an event of a collision between any objects, including the host vehicle.
CB is an event of a collision between any objects except for the host vehicle. ωA

and ωB are used to represent different visibility conditions and are discussed closer
in Section 3.1.1, ωB + ωB = 1.

Whether a situation is considered as dangerous or not depends on how much
of the probability mass of U is conflict free. This is determined by forming a
set Uα ⊂ XM , which is defined to be the most likely set of control inputs with
probability mass α. It is obtained by first defining U(δ) = {U ∈ XM : P (U) > δ},
and then δα = sup{δ ∈ R

+ : P (U(δ)) > α}. This means that Uα = U(δα) =
{U ∈ XM : P (U) > δα} has P (Uα) ≥ α, but depending on the behaviour of the
distribution often P (Uα) = α. The set Uα is illustrated in Figure 1.1.

The final threat level is then computed as

P (CB|Uα) ∈ {0, 1} (1.9)

where α is chosen at a good level, i.e., α = 99% is used in [5]. A threat is detected
if P (CB|Uα) = 1 and a warning can be issued.

1.3.4 Monte Carlo Sampling

Monte Carlo sampling with N uniformly distributed samples, of the control in-
put space XM , is used to evaluate the integral in (1.3). The prior probability is
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computed and a conflict detection algorithm is applied on each sample. The algo-
rithm computes the geometry of all objects in the scene, using the results from the
dynamic model computations, and if any objects intersect a conflict is detected.
This results in a set of samples that represents the distribution of U , which can
be used to compute the threat quantities.

To get an explanation of what a Monte Carlo simulation actually is, see Sec-
tion 1.5.

1.3.5 Iterative sampling process

The straight forward approach to obtain a set of conflict free samples is to generate
a set of random control signals for the entire time interval It, compute the trajec-
tories of the objects and then apply the conflict detection algorithm. Eidehall et

al. suggests a method, called iterative sampling, which detects conflict samples at
an early stage of the simulation. These samples are then removed and replaced by
copies of conflict free ones, and thereby no unnecessary computations are wasted
on conflict samples.

X k
F is the set of conflict free samples after k time steps, formally:

X k
F = {U ∈ XM : P (C|U , t ∈ Ic(k)) = 0} (1.10)

where Ic(k) is the time interval corresponding to the smaple time Tc, Ic(k) =
[kTc, (k + 1)Tc].

The algorithm starts by generating a set U1 ∈ XM of N control inputs for time
step k = 1. Then, for k = 1, 2, . . ., repeat the following steps:

1. Simulate the system during time interval k using the control inputs Uk.

2. Compute

Ũk = Uk ∩ X k
F ⇒ |Ũk| = Nk ≤ N, (1.11)

i.e., remove the control inputs that generate a conflict in the time interval k.

3. Form Uk+1 by resampling Ũk = Uk such that |Uk+1| = N . The samples
are drawn both from a uniform distribution and from the prior distribution,
and the resampling is done with replacement. New random control signals
are generated from XM for the time step k + 1 and adjoined to the control
inputs from Uk+1. If several control inputs are the same until the time step
k they all still differ at k + 1.

The algorithm is terminated after step 2 when the final time step is reached.

1.4 Thesis Outline

Four main parts of the algorithm in [5] have been analysed; the dynamic model,
the sample distributions, the behaviour parameters and the resampling algorithm.
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The different parts are presented in Chapter 2, 3, 4 and 5 respectively. Overall
conclusions are presented in Chapter 6.

The dynamic model of [5] is analysed in Chapter 2 and an improved model is
suggested. The reasons why the original model needs to be changed are explained
and the effects on the threat assessment, using the improved model, are analysed.

Chapter 3 presents an analysis of the appearance of the sample distributions,
used for the road scene simulations. The percentage of samples, used to calculate
the threat measure, is also evaluated. It is suggested to change to a wider sample
distribution and to use a smaller percentage of the samples.

The behaviour parameters is used, in [5], to model the behaviour of a human
driver. A systematic way to chose these parameters is presented in Chapter 4. The
suggested method optimises a goal function value to fit the behaviour parameters,
using real traffic data.

The resampling algorithm is evaluated in Chapter 5 and a new definition of
obstacles is suggested. A more advanced resampling method is presented that
incorporates the road lanes.

1.5 Monte Carlo Simulations

A Monte Carlo simulation is used when a probabilistic property is needed, and
the analytical solution is hard or impossible to obtain. Experiments of the event
are performed, and the property is calculated statistically. The accuracy of the
Monte Carlo simulation will increase with the number of experiments and it will
converge for an infinite number of trials.

It is relatively easy to calculate the average of a dice roll, which is:

µ =
1 + 2 + 3 + 4 + 5 + 6

6
= 3.5 (1.12)

It is however much harder to calculate the average of a dice with the following
properties. If the dice roll results in {1, ..., 5} then the resulting value is the value
of roll. But if the roll shows a {6} then two more dice are rolled and the resulting
value is the sum of these two dices. If one of those shows a {6}, then two more
are rolled, etc.

To find this mean value, a Monte Carlo simulation can be used. The dice
is rolled n times and the average, µ, is calculated. The results are presented in
Table 1.1, and it is possible to draw the conclusion the the mean value is µ = 3.75.

In this case it is possible to calculate the analytical solution to verify the results
from the Monte Carlo simulation. The true mean value is:

µ =
1 + 2 + 3 + 4 + 5 + 2µ

6
⇔ 4

6
µ =

15

6
⇔ µ = 3.75 (1.13)

The result was, as expected, the same using both the theoretical and the Monte
Carlo method.
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n µ
10 4.5000

100 3.9200
1000 3.6780

10000 3.7548
100000 3.7519

1000000 3.7500

Table 1.1. This Tables shows the results from simulation of dice rolls. µ is the mean
value of n simulations.





Chapter 2

Properties of the Dynamic

Model

In this chapter the Dynamic Model, that controls the objects in the road scene,
is analysed and an improved model is presented. The reason why the original
Dynamic Model, in [5], needs to be changed is also discussed.

2.1 Theoretical Background

When simulating a traffic environment, in the present work, all cars, bicycles and
pedestrians are treated as stochastic objects. The objects are modelled using two
control inputs (u1, u2) to control their longitudinal and lateral motion respectively.
(u1, u2) represents the accelerations and are used as input in a dynamic model
where longitudinal and lateral positions as well as velocities are computed. There
are physical boundaries to the acceleration of the objects, i.e., engine torque and
road friction for cars. These limitations are implemented in the model. It is
suggested in [4] to remove all samples with an acceleration outside the boundaries
from the sample set, and thereby get a physically allowed set of samples. However
Eidehall et al. argues that better results can be obtained by, already from the
start, distributing (u1, u2) according to the maximum levels of acceleration. A
higher concentration of allowed control inputs is obtained by not discarding any
samples, and that is crucial for the Monte Carlo sampling. Since there is a trade off
between computer performance and accuracy in any Monte Carlo application it is
important to not use any unnecessary computation power at this stage. With the
method of Eidehall et al. fewer samples are required to get the same concentration
of allowed samples.

2.2 The Original Dynamic Model

The dynamic model for a car in [5] uses a simple road friction model as a limita-
tion for the acceleration, as well as maximal engine torque and maximum steering

9
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af

alat

along

Figure 2.1. This Figure presents the acceleration limitations for a car. The acceleration
for a vehicle is limited by the road friction af , the circle, and by the maximum steering
angle and engine torque, the rectangle. The intersection of the circle and the rectangle,
the shadowed area, is the allowed region of acceleration.

angle. The maximum road friction is described as an ellipse in the two dimensional
acceleration space, since it is a two dimensional property. A combination of the
maximum steering angle and engine torque yields a rectangle in the acceleration
space. The intersection of the ellipse and the rectangle defines the allowed accel-
erations. This is illustrated in Figure 2.1. Note that these properties depends on
the velocity of the object.

Eidehall makes the simplification that the longitudinal and lateral accelerations
are treated separately. The turn rates θ1 and θ2 are limited by the maximum
steering angle ϕmax and the road friction af , whilst the longitudinal accelerations
a1 and a2 are limited by the engine torque and the road friction. The limitations
written mathematically are

θ̇1 =
v

L
sin ϕmax (2.1a)

θ̇2 =
af

v
(2.1b)

a1 = af (2.1c)

a2 =
F (v)

m
=

{

F =
W

v

}

=
W

mv
=

k

v
(2.1d)

where L is the wheel base, W is the engine power and m is the mass of the vehicle.
The boundary velocities (vlat, vlong) are obtained when putting

θ1 = θ2 and a1 = a2

and solving for v. If the velocity is less then (vlat, vlong) then (2.1a) and (2.1c)
respectively are used, otherwise (2.1b) and (2.1d). This results in the following
dynamic model:
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ẋ = v cos θ (2.2a)

ẏ = v sin θ (2.2b)

v̇ =

{

u1af if v ≤ vlong

u2k/v if v > vlong
(2.2c)

θ̇ =

{

v sinϕmaxu2/L if v ≤ vlat

afu2/v if v > vlat
(2.2d)

It is argued in [5] that the braking acceleration is limited by the road friction,
not the engine torque. Eidehall et al. suggests a model where the samples are uni-
formly distributed between the maximum acceleration and maximum deceleration,
and therefore changes (2.2c) to:

v̇ =

{

u1af if v ≤ vlong

u1
k/v+af

2 +
k/v−af

2 if v > vlong
(2.3)

2.3 The Mean Value Problem

It is important that the dynamic model has the right mean values. The simulated
vehicles will otherwise move in non realistic ways. The expected mean values for
the lateral and longitudinal accelerations (acclat, acclong) are zero, which is stated
as:

Hypothesis 2.1 acclat = 0 and acclong = 0

If acclat or acclong 6= 0 then a vehicle, driving on a straight road for a long
time, would turn off the road or accelerate infinitely. It favours Hypothesis 2.1
that vehicles don’t have this behaviour and to further strengthen it experiments
were performed.

2.3.1 Calculating the Accelerations

The data used for the validation of the Hypothesis 2.1 was collected during 3.5h of
test driving on a freeway scene. It contains information about, i.e., the driven host
vehicles velocity vhost, angle Φhost and lateral position ∆lat relative the middle of
the lane, as well as information of other vehicles in the road scene. The data
is explained further in Figure 2.2. Only data from the host vehicle is used to
calculate (acclat, acclong). The data is time discrete and is collected at a sample
time of 0.1s. The actual acceleration, of the host vehicle, needs to be calculated
from the velocities and positions, since no directly calculated acceleration data is
available. To perform this basic analysis the following is used:
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Middle of Lane

Lane 2Lane 1

vhost

∆lat

Φhost

Figure 2.2. A traffic data file contains information about, e.g., the driven host vehicles
velocity vhost, angle Φhost and lateral position ∆lat relative the middle of the lane, as
well as information of other vehicles in the road scene. This Figure explains the data
available about the host vehicle.

x(T ) = x(0) +

T
∫

0

v(t)dt = {x(0) = x0} = x0 +

T
∫

0

v(t)dt (2.4a)

v(t) = v(0) +

t
∫

0

a(τ)dτ = {v(0) = v0} = v0 +

t
∫

0

a(τ)dτ (2.4b)

⇒ x(T ) = x0 +

T
∫

0

(v0 +

t
∫

0

a(τ)dτ)dt = x0 + v0T +

T
∫

0

t
∫

0

a(τ)dτdt (2.4c)

This can be simplified further, since the mean acceleration is studied.

a(τ) = a(τ) = a (2.5a)

⇒ x(T ) = x0 + v0T +

T
∫

0

t
∫

0

adτdt = x0 + v0T + aT 2/2 (2.5b)

⇔ a =
2(x(T ) − x0 − v0T )

T 2
(2.5c)

Since no information about the longitudinal position is available, (2.5c) needs
to be modified to calculate acclong. By inserting (2.4a) and replacing the integral
with a discrete sum
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acc Mean Variance
acclat 1.18 · 10−5 0.0075
acclong 0, 026 0.0341

Table 2.1. This Table presents mean and variance values for accelerations from the
traffic data.

a =
2(x(T ) − x0 − v0T )

T 2
=

2(
∫ T

0 v(t)dt − v0T )

T 2
=

2(T/N
∑N−1

0 v(n) − v0T )

T 2

(2.6)
is obtained. (2.6) is used to calculate acclong and (2.5c) to calculate acclat at all
sample points, in all road scenes. The resulting average means and variations are
presented in Table 2.1.

2.3.2 Statistical Test of Mean Acceleration

The values in Table 2.1 were used to statistically test Hypothesis 2.1, by using the
statistical t-test [7]. acclat and acclong were tried separately and Hypothesis 2.1
was used as the null-hypothesis. The opposing hypothesis were acclong 6= 0 and
acclat 6= 0. The t-statistics is defined as

T =
µ − µ0

s

√
n (2.7)

where µ and s are the mean and standard deviation of the experiments, n is the
number of experiments, in this case 41, and µ0 is the value to compare µ with, in
this case zero.

The null hypothesis is rejected in advantage for the opposing hypothesis if
|T | > tα,(n−1), where α is the level of significants. tα,(n−1) is gained from a
statistical table in [7], and the T-statistics (Tacclat

, Tacclong
) are calculated as:

Tacclat
=

1.18 · 10−5

√
0.0075

√
41 = 8.74 · 10−4 (2.8a)

Tacclong
=

0, 026√
0.0341

√
41 = 0.0918 (2.8b)

t0.0005,40 = 3.551 is obtained from the t-table in [7]. Since both Tacclat
and

Tacclong
are less than t0.0005,40 there is no reason to reject Hypothesis 2.1.

2.3.3 The Mean Acceleration of the Dynamic Model

The problem with the dynamic model in [5] is that (2.3) has a mean lower than
zero for a uniformly distributed u1. The mean value of (2.3) is:
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Figure 2.3. This Figure presents the acceleration distribution for a vehicle travelling
with the velocity of 90 [km/h]. Both the original (-) and the improved (- -) model are
plotted.

acclong = E[v̇] = E[u1
k/v + af

2
+

k/v − af

2
] =

= E[u1]
k/v + af

2
+

k/v − af

2
=

= {u1 ∈ U[−1, 1], E[u1] = 0} =

=
k/v − af

2
≤ 0 (2.9)

To illustrate this, a vehicle with vlong = 90 [km/h] is studied. As shown in
Figure 2.3, the model has the correct min- and max-values for the acceleration but
in between it is lower than expected, i.e., the vehicle decelerates for u1 = 0 when
it is supposed to remain at the same velocity. Table 2.2 shows that the samples of
the vehicle on average decelerates with about 3.2 [m/s2].

2.4 The Improved Model

To get a dynamic model with a more accurate mean acceleration it is suggested
that (2.3) is replaced with:

v̇ =

{

u1k/v if v > vlong & u1 ≤ 0
u1af else

(2.10)

This model has a much better mean acceleration than the original one, see
Table 2.2. Other improved properties are, as illustrated in Figure 2.3, that the
samples accelerate for positive control signals and decelerate for negative ones.
The mean value for the improved dynamic model is calculated as:



2.5 Ideas for Further Improved Models 15

Model Mean Acceleration
Original Model −3.2180 m/s2

Improved Model −1.6091 m/s2

Complex Model −0.1612 m/s2

Table 2.2. This Table presents the mean values of the accelerations for a vehicle trav-
elling with an initial velocity of 90 km/h for the three different models.

acclong = E[v̇] = {u1a ∈ U[−1, 0], u1b ∈ U[0, 1]} =

=
1

2
E[u1aaf ] +

1

2
E[u1bk/v] =

=
af

2
E[u1a] +

k/v

2
E[u1b] =

= {E[u1a] = −1/2, E[u1b] = 1/2} =

=
k/v − af

4
≤ 0 (2.11)

Note that the mean value of the improved model is half the original value. The
improved model is evaluated in Section 2.6.

2.5 Ideas for Further Improved Models

A more complex dynamic model is needed to ensure a mean value of zero. The
acceleration patterns of real drivers need to be studied to accurately fit such a
model.

v̇ =















u1af if v ≤ vlong

k/v if v > vlong & u1 > ulimit

u1k/v if v > vlong & |u1| ≤ ulimit

−af if v > vlong & u1 < −ulimit

(2.12)

is a model invented to illustrate that a significant improvement of the mean value
a model can be obtained with just one new parameter, ulimit.

This model uses the fact that a driver most of the time brakes in a controlled
manner. But when a situation arises and the driver needs to panic brake the
maximum brake force is used. If a threat suddenly appears on the road and only
90% of the braking force is needed to stop right before the threat the driver will
still use all brake force to have some marginal. Somewhat similar argument could
be used for maximum acceleration.

The samples accelerate in a controlled way, according to u1k/v, until extreme
actions are needed, |u1| > ulimit, and maximum acceleration or deceleration is
used. The model for ulimit = 0.95 is illustrated in Figure. 2.4. This model has a
mean value much closer to zero than before, which makes the average sample end
up closer to the estimated mean point.
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Figure 2.4. This Figure presents the acceleration distribution for a vehicle travelling
with the velocity of 90 [km/h] using the complex dynamic model.
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(a) Threat Original Dynamic Model
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(b) Threat Improved Dynamics Model

Figure 2.5. This Figure presents the threats detected when the threat detection al-
gorithm was performed on traffic data. Simulations using both the original and the
improved dynamic model are presented.

The mean accelerations for the this models is presented in Table 2.2, as Com-
plex Model. The values represents the mean acceleration for a vehicle driving with
an initial velocity of 90 [km/h].

The drawbacks with this complex model is that the parameter ulimit needs to
be fitted and that all possible accelerations are not represented by the samples. It
is believed that much better models can be implemented and this model should
only be seen as an example that shows that it is possible to get a mean acceleration
closer to zero. The costs of the improved mean value will however be more complex
models that needs traffic data to be fitted.

2.6 Evaluation on Traffic Data

The effects of the improved dynamics, on the threat assessment, are studied in
this section. The algorithm with the new implementation was applied on 3.5h of
data collected while driving on a freeway.
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(b) the scenario using the improved dynamics model

Figure 2.6. A scenario where the host vehicle is closing in on an other vehicle. The
positions of the host vehicle during the whole scenario and the final position of the
samples of the other vehicle is plotted. The host vehicle starts in the origin and has a
velocity of 30 [m/s], the other vehicle starts 35 [m] in front of the host vehicle with the
initial velocity of 25 [m/s].

The number of threats detected is lower using the improved dynamic model,
as shown in Figure 2.5. The threats that have disappeared are from situations
when the host vehicle is driving behind another vehicle in the same lane with the
same or higher velocity. To further study this effect, a similar test scenario, where
the host vehicle is closing in on another vehicle, was created. In this test scenario
the host vehicle travels with a velocity of 30 [m/s] and the other vehicle starts
35 [m] in front of the host vehicle with the speed of 25 [m/s]. The results from
the simulation are presented in Figure 2.6.

The samples using the original dynamic model travel a shorter distance than
the ones with the improved dynamic model. This makes the host vehicle intersect
some of the samples which, results in a conflict. A threat is detected for the
original model, with time to collision 2.7 [s]. No threat is detected for the scenario
with the new dynamic model.

This shows that the improved dynamic model has a potential of not giving as
many false positive threat warnings as before. Another contribution is that more
valid threats could be detected. With the improved dynamics, threats will be
detected when a vehicle is closing in on the host vehicle, that the original model
would overlook.





Chapter 3

Analysis of the Sample

Distributions

The Monte Carlo simulation creates a cluster of samples that represents the tra-
jectories of the simulated vehicles. The different samples are weighted according
to how likely path they choose. Only a fraction of the most likely samples are then
used for the threat evaluation. An analysis of what fraction of the samples to use
is presented in this chapter. A study of the effects of the spread of the sample
distribution is also presented.

3.1 Theoretical Background

Two different kinds of sample distributions are studied in this Chapter, a primary
and a secondary distribution. The primary distribution contains all samples gen-
erated by the Monte Carlo simulation. The secondary distribution is a subset of
the primary one, that contains only a fraction of the most likely samples.

The likelihood of the samples are defined by the prior distribution π(U), where
U = [u1, . . . ,um] is the control inputs for the m different objects:

π(U) = ae−f(U ,X(U)) (3.1)

where a is a normalising constant and

f(U , X(U)) =

m
∑

i=1

ωig(ui, xi(ui)) (3.2)

The sum is taken over all m objects in the road scene and f could be looked
upon as the combined manoeuvre cost of all objects. ωi is used to compensate for
different visibility conditions and is discussed more closely in Section 3.1.1. The
function

19
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50%

70%

70%

99%

Figure 3.1. The probability that the a vehicle will observe/regard an other vehicle
within different regions.

g(ui, xi(ui)) =

=

∫

It

[(lxx(t) + lyy(t) − lz)
2λ1 + (v(t) − v0)

2λ2 + along(t)
2λ3 + alat(t)

2λ4]dt (3.3)

represents the manoeuvre cost for a single object over the scenes’ entire time
interval, It. It is a combination of four different penalties; (lxx(t)+ lyy(t)− lz), v0,
alat and along. (lxx(t)+ lyy(t)− lz) measures the distance to the line l = (lx, ly, lz)
which represents the desired path, usually the tangent of the object at time t = 0.
v0 is the initial (desired) velocity and alat and along are the accelerations of the
object.

The weights λi, the behaviour parameters, are used to balance the cost and
they affect the spread of the sample distribution. A common scaling of all four λ-
values, λ = [λ1, λ2, λ2, λ4], is used through out this chapter to control the spread.
The adjustment of the individual values is discussed in Chapter 4.

3.1.1 Visibility constraints

Eidehall et al. derived a method that incorporates the fact that a driver does not
pay the same level of attention to all parts of the road. The driver will in most
cases have a better understanding of the road scene in front of the vehicle than
behind it. Different regions of attention level are defined according to Figure 3.1
and a visibility matrix V is constructed. V contains the visibility levels between
each pair of objects, where Vij indicates how much object i can see of object j.
The example in Figure 3.2 will generate the V matrix in Table 3.1.

The weights ωi in (3.2) are chosen as:

ωi =
∑

j 6=i

V̂ij (3.4)

where V̂ is a normalised version of V.
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1 2

3

Figure 3.2. This scenario is used as an example to illustrate the method to incorporate
the visibility constraints.

3.1.2 Definitions of the different Distributions

Two different Monte Carlo simulations are performed to handle situations where
other vehicles either see or disregard the host vehicle. The first simulation contains
all objects in the scene, while the second one doesn’t include the host vehicle. Sam-
ples are then drawn from both distributions, according to the visibility constraints,
to generate the primary sample distribution. The distribution including the host
vehicle is called the primary A distribution and the one without the host vehicle
is called the primary B distribution. The hierarchy of the different distributions
is illustrated in Figure 3.3.

The Primart A Distribution The Primary B Distribution

The Primary Distribution

The Secondary Distribution

ωA ωB

99%

Figure 3.3. This Figure explains the hierarchy of the different sample distributions.

If Nsamp samples are used in the simulation then ωANsamp are drawn from the
A distribution and ωBNsamp from the B distribution. ωA is defined as

j = 1 j = 2 j = 3
i = 1 - 50% 99%
i = 2 99% - 70%
i = 3 99% 70% -

Table 3.1. The V matrix generated from the road scene in Figure 3.2
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ωA = min
j

{V̂kj : j 6= k} (3.5)

to represent the worst case scenario of the host vehicles visibility. ωB is chosen
such that ωA + ωB = 1.

3.2 Analysis of the Sample Distributions

Eidehall et al. argues that virtually all of the samples should be used in the threat
calculation since they want to incorporate the fact that it is extremely unlikely for
a vehicle to be involved in an accident. They use 99% of the samples probability
mass resulting in that only the most extreme cases are left outside. To be able
to work with this many samples Eidehall et al. uses a narrow sample distribution
where most seeds follow the intended path.

However one of the reason that vehicles virtually never crashes is that the
driver sees the road in front and anticipates its appearance in the near future. If
the driver sees a static obstacle in front of the vehicle, a turn or brake action will
be applied to avoid it. The samples in the Monte Carlo simulation do not have
this information about the surroundings and can not predict the future, they are
exclusively controlled by two random input signals. The samples do not know
about any obstacles until they run into them, in which case they are removed and
replaced by a copy of one conflict free sample.

In the iterative resampling process the samples are weighted according to their
likelihood and the most unlikely samples are replaced by the more likely ones. The
likelihood is defined in (3.1) and the most likely samples will be the ones travelling
in tangent direction of the object it represent, with constant velocity. This is a
good longterm goal for the trajectories of the samples, but the short term goal
should clearly be different if an obstacle appears in front.

A wider sample distribution needs to be used to compensate for the lack of
information and ensure that every path will be found. These paths might be
the elementary choice of a human driver while almost no samples in a narrow
distribution will find them.

3.2.1 The Primary Distribution

The method, studied here, to control the spread of the sample distributions, is to
change the values of the behaviour parameters. The λ-values were first described
in [4], and improved in [5]. To get a distribution narrow enough to use 99% of the
samples probability mass Eidehall et al. uses values much higher than the ones
suggested by Broadhurst et al. The effects of the behaviour parameters values
are presented in Figure 3.4. The results are based on the parameter values used
in [5] and a uniform scaling of all four parameters is studied, not the individual
values. The scenario presented consists of the deterministic host vehicle and an-
other stochastic vehicle. The two vehicles travels in different lanes and doesn’t



3.2 Analysis of the Sample Distributions 23

0 10 20 30 40 50 60 70 80

−30

−20

−10

0

10

20

30

40

[m]

[m
]

scale = 1

(a) scaling with 1

0 10 20 30 40 50 60 70 80
−30

−20

−10

0

10

20

30

40

[m]

[m
]

scale = 0.1

(b) scaling with 1/10

0 10 20 30 40 50 60 70 80
−30

−20

−10

0

10

20

30

40

[m]

[m
]

scale = 0.01

(c) scaling with 1/100

Figure 3.4. This figure shows the effects on the sample distribution inflicted by the
values of the behaviour parameters. All λ-values are scaled uniformly with scaling of 1,
1/10 and 1/100

constitute a threat for each other. Figure 3.4 shows the scenarios primary sample
distribution.

It is clear that lower values of the behaviour parameters create a much more
spread distribution that covers a larger area of the sample space. High values
yields a narrower and denser distribution.

3.2.2 The Secondary Distribution - A Simple Scenario

A number of experiments were performed to study the combined effects of scaling
the behaviour parameters and changing the fraction of the probability mass used
to evaluate the threat. All combinations of scalings [ 1

100 , 1
10 , 1, 10] and fractions

of [1, 10, 30, 50, 70, 90, 99]% were tested. The scenario used for these tests is the
same as the one used for evaluation of the change in the behaviour parameters,
in Figure 3.4. The secondary distributions are presented in Figure 3.5 on page 24
and should be compared with the primary distributions in Figure 3.4.

A number of plots are presented, which will be discussed in the text, and to be
able to differ between them a nomenclature is defined. A scenario will be referred
to as Scene(scale, fraction) where the scale and fraction represents the ones used
for the simulation, i.e., the scenario using the values of [5] is Scene(1, 0.99).

The experiments, in Figure 3.5, shows that the secondary distribution too
becomes more spread for lower values of the behaviour parameters, as well as for
higher fractions. Both these results were expected. It also shows that the number
of samples in the distribution becomes larger for the same criterion. This might
seem a little bit strange since there are a lot more good samples in a narrow
distribution. To get a better understanding about this phenomenon the prior
distribution π(U) in (3.1) is studied.

There are two competing forces in g(ui, xi(ui)) that affects the probability
mass. The first force is the spread of the distribution, i.e., the distance to desired
path, deviation from initial velocity and the accelerations. This is a quadratic
property. The second one is the values of the behaviour parameters.

An example, where only the distance to desired path part is studied, was cre-
ated to explain the underlying mathematics. The assumption that the spread of
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Figure 3.5. This Figure shows the secondary sample distribution for different scaling
and fractions. This should be compared with the primary distributions in Figure 3.4. The
actual number of samples, out of 2000 in the primary distribution, used in respective dis-
tribution is also presented. The different plots are referred to as Scene(scale, fraction)
where the scale and fraction represents the ones used for the plot, i.e., the Scene(1, 0.99)
is the one using the values suggested in [5].
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g(1, ∆) g( 1
10 , ∆) g( 1

100 , ∆)
∆2 λ g
0 1 0
1 1 1
4 1 4
9 1 9

∆2 λ g
0 0.1 0
4 0.1 0.4
16 0.1 1.6
36 0.1 3.6

∆2 λ g
0 0.01 0
16 0.01 0.16
64 0.01 0.64
144 0.01 1.44

Table 3.2. The results from the example to explain the number of samples in the
distributions in Figure 3.5. This shows that even if the samples are more spread in the
distance space they are closer in the probability space.

the samples increase by a factor of 2 between the different levels of behaviour
parameters is made. Figure 3.5 shows that the assumption is not totally out of
line and it is good enough for this example. A distribution of four samples is
studied for three levels of behaviour parameters λ, [1, 1

10 , 1
100 ]. The samples has a

distance ∆ of [0, 1, 2, 3] for λ = 1 and [0, 2, 4, 6], [0, 4, 8, 12] for λ = 1
10 and λ = 1

100
respectively. To calculate g(ui, xi(ui)) the simplified version g(λ, ∆) is used.

g(λ, ∆) = ∆2λ (3.6)

The results are presented in Table 3.2. This shows that even if the samples are
more spread in the distance space they are closer in the probability space. The
distribution using a scaling of { 1

100} has the largest ∆-values, which represents the
distance, and the smallest g-values, which represents the probability. The effect
of the large scaling of the behaviour parameters overcomes the distance to desired

path effect. This explains why fewer samples are used from the more narrow
distributions with higher parameter values.

When deciding what is a good sample distribution to use for the threat evalua-
tion several factors need to be considered. Firstly, it is important that the samples
are following relatively close to the optimal path, or the path a human driver would
choose. Since the human driver wouldn’t use exactly the same path every time,
but very similar ones, it is important that the distribution have some variance.
An example of a good distribution is the one that Eidehall et al. suggested in [5],
Scene(1, 0.99). This is a very important criteria but for the scenario presented it
is not an exclusive one, i.e., both Scene(0.01, 0.10) and Scene(0.1, 0.30) have an
equally good behaviour as Scene(1, 0.99).

The second criteria is that the distribution consists of enough samples to ac-
curately evaluate the threat. This would make Scene(1, 0.99) much better than
Scene(0.01, 0.10) and Scene(0.1, 0.30) since it uses 1330 samples instead of 84
and 192. However the important factor is not the number of samples but rather
the number of independent samples. The resampling process removes bad samples
and replaces them with copies of better ones, discussed more closely in Chapter 5.
This makes a lot of the samples in the final distribution being siblings born from
a good starting sample. The effect can be observed in Scene(10, 0.50). All the
273 samples have the same trajectory until the last sample points. This effect is
present in all sample distributions but in a higher degree for higher λ-values.
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It is hard to tell which distribution is best by studying simulations of this un-
complicated scenario. It is believed that it does not matter whether Scene(1, 0.99),
Scene(0.01, 0.10) and Scene(0.1, 0.30) is used in this specific case.

3.2.3 The Secondary Distribution - A Complex Scenario

To investigate the performance further, tests on a more complicated scenario were
performed. This scenario is the same as the previous one except for that an obstacle
is placed in front of the stochastic vehicle. The results are presented in Figure 3.6
on page 27 and the three interesting scenarios Scene(1, 0.99), Scene(0.1, 0.30)
and Scene(0.01, 0.10) are viewed. Four distributions, according to Section 3.1.1,
for each Scene are presented, the primary A and B distributions, the total primary
distribution and the secondary distribution. The plots are placed according to:

The Secondary Distribution The Primary A Distribution
The Primary B Distribution The Total Primary Distribution

Table 3.3. This Table explains the placement of the plots in Figure 3.6 and 3.7.

The secondary distributions are studied to see if the samples used to compute
the threat follows a good path. A very smooth and natural path has been found in
Scene(0.01, 0.10). The primary distribution, in Figure 3.6, for Scene(0.01, 0.10) is
also very good, it covers the sample space well. The distribution in Scene(0.1, 0.30)
could also be a good candidate, but it lacks some features of a human driver. If
an obstacle is discovered this closely in front of a driving vehicle a human would
immediately use a steering action to avoid it, not wait for a little bit and then do
a more powerful steering. The primary distribution is good in this case too. Some
holes can however be discovered in the distribution just after the passage of the of
the obstacle. This is because the samples in primary A and B distributions have
chosen different paths.

The secondary distribution in Scene(1, 0.99) is bad. A good path has not been
chosen and the distribution consists mostly of siblings of two samples, one family
from the primary A distribution and one from the primary B. All the primary
distributions are bad as well, they are narrow and does not cover much of the
sample space.

The number of samples is studied to understand why the distributions behave
the way they do. The actual number of samples, used in the secondary distribution,
is not the most important factor to study, but rather the number of samples they
derive from. The number of conflict free samples, at every resampling during
the Monte Carlo simulation, is presented in Table 3.4. The number of conflict
free samples were 1000 except for during the passage of the obstacle, only the
interesting resamplings are viewed. Table 3.4 includes data for both Monte Carlo
runs for all three of the discussed scenario.

It is clear that Scene(0.01, 0.10) has a lot more samples that find their way
around the obstacle, so its final distribution is derived from a lot more samples
and should therefore have a better statistical base. A lot more possible paths will
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Figure 3.6. This Figure shows simulations of a traffic situation for different combinations
of scalings of the λ-values and percentages. The scenario is the same as in Figure 3.5
except for that an obstacle is placed in front of the stochastic vehicle. Four distributions
are presented for each Scene, according to Table 3.2.3
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Scene(0.01, 0.10) Scene(0.1, 0.30) Scene(1, 0.99)
A B

1000 1000
686 696
49 52

1000 1000
1000 1000

A B
1000 1000
668 708
13 12

1000 254
1000 1000

A B
1000 1000
559 552

6 5
1000 1000
1000 1000

Table 3.4. This Table shows the number of conflict free samples at the different re-
sampling steps in the Monte Carlo simulation. The results, from the simulations to
obtain both the primary A and B distributions, are presented.

be examined in order to find the best one and the samples will cover the sample
space better.

With the information from Table 3.4 it is possible to explain the appearance
of Scene(1, 0.99) in Figure 3.6. Since only 5–6 samples survived the passage, the
rest of the distribution is derived from them. In this case it is even possible that
one of the surviving samples had a better probability, than the other ones, and
that almost only that one got copied. The appearance of the primary distribution
in Scene(1, 0.99) supports this theory. Having this few samples, as parents for
the distribution, is not a good statistical basis.

3.2.4 The Secondary Distribution - An Overtaking Scenario

An overtaking scenario is studied to further analyse the effects of what scaling
and fraction to choose. A scenario where a stochastic vehicle is overtaking the
host vehicle, for Scene(0.01, 0.10) and Scene(1, 0.99), is plotted in Figure 3.7.
The wider distribution has a better performance in this case too. The overtaking
action starts much earlier in Scene(0.01, 0.10) than in Scene(1, 0.99) just like a
human driver would do. The better spread of the distribution comes into effect
even in this scenario with relatively few paths to choose from.

By studying the secondary distribution for Scene(1, 0.99), in Figure 3.7, it
is possible to see that the distribution mostly derives from just one sample, that
found a good way around the host vehicle. The distribution is much denser during
the overtaking, for Scene(0.01, 0.10), and therefore more samples finds the way.
This again shows that Scene(0.01, 0.10) has a much better statistical base than
Scene(1, 0.99), even though less samples are used in the final distribution.

3.3 Evaluation on Traffic Data

In this section the effects of the the changed sample distribution, on the threat
assessment, are studied. The algorithm with the improvements was applied on
3.5h of data collected while driving on a freeway. Results from the combined
effect of the new sample distribution and the improved dynamics, see Chapter 2,
are also analysed.
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More threats were detected when using the changed sample distribution, see
Figure 3.8. The new threats can be divided into three categories:

1. The host vehicle driving behind another vehicle in the same lane.

2. The host vehicle driving close behind a vehicle near the line in an adjacent
lane.

3. Two vehicles excluding the host vehicle driving close together in the same
lane.

The first two kinds of new threats appear because the new distribution is a
little bit more spread than the original one. These threats could in some cases be
regarded as false positives. By also applying the improved dynamic model most of
the new threats of the first kind disappears. The scattered threats between 2200–
2800 [s] in Figure 3.8(c) mainly consist of the first kind and they are considerably
reduced in Figure 3.8(d). The last threat in Figure 3.8(c) is of the second kind. The
appearance of this sort of false threat could be solved by adjusting the individual
λ-values and thereby get a distribution with less lateral spread.

The third kind of threats are valid threats. The original threat assessment
algorithm has a problem detecting threats that do not involve the host vehicle,
since all conflict samples are removed in the iterative resampling. Being able to
detect these threats demonstrates the strength of the whole framework. However
the improved dynamic model reduces these threats too. The first threat in 3.8(c)
is of the third kind and it has almost disappeared in 3.8(d).
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Figure 3.7. This Figure presents a scenario where the deterministic host vehicle is
overtaken by a stochastic vehicle. Different distribution, according to Table 3.2.3, are
presented for Scene(0.01, 0.10) and Scene(1, 0.99)

.
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(a) Original
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(b) Improved Dynamics
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(c) Changed Sample Distribution
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(d) Both Improved Dynamics and Changed
Sample Distribution

Figure 3.8. This Figure shows the detected threats when the different algorithms were
applied on real traffic data. The data was collected while driving the host vehicle on a
freeway.





Chapter 4

Finding λ-Values using

Optimisation

In this chapter it is discussed how to choose the behaviour parameters in a sys-
tematic way. The behaviour parameters or λ-values was first described in [4] and
then improved in [5] and they control the sample distribution resulting from the
Monte Carlo simulation. The four scalar behaviour parameters, [λ1, λ2, λ3, λ3]
affects ’distance to intended path’, ’deviation from desired velocity’, ’longitudinal
acceleration’ and ’lateral acceleration’ respectively. The effects of a common scal-
ing for all the four parameters were discussed in Chapter 3. Here, the individual
values are studied.

4.1 Steepest Descent Method

The positions and velocities of the Monte Carlo simulation samples could be de-
scribed as stochastic variables. These variables can be weighted together to a
scalar value using a goal function. The goal function can be almost anything, e.g.,
the mean value or a variance measure, and will be discussed in detail in section 4.2.
The value of the goal function is also a stochastic variable and it is affected by
the λ-values, that spans a four dimensional stochastic space. In [8], Montgomery
describes a systematic way to choose parameters, in a stochastic space, to optimise
the goal function value.

It is easier to work with a goal function with an optimal value that is a max
or a min value. If the goal function do not have this feature, it is often easy to
rewrite it in such way. An example is a linear goal function f(x) = x with an
optimal value of 7. If it is rewritten as g(x) = |x − 7| then the optimal value is a
min point. From now on, it is assumed that the optimal values are min points.

It is possible to fit a response surface by performing experiments at different
points in the stochastic space, in this case a four dimensional surface. Two cases
are possible if experiments are performed around a starting point [8]. The starting
point is far away from the optimal point, or a local extreme point, in the first

33



34 Finding λ-Values using Optimisation

Nr of Iterations

G
oa

l F
un

ct
io

n 
V

al
ue

Figure 4.1. This Figure presents an example of points needed to be examined in order
to find a min-point.

case, and the fitted response surface is flat and without curvature. In the second
case the starting point is close to an extreme point and has curvature. By fitting a
second order surface it is possible to calculate the optimal point, in the second case.

The Steepest Descent Algorithm [8]:

1. Choose a starting point in the stochastic space

2. Perform experiments and analyse the surroundings of the point in the
stochastic space.

3. if the space has curvature go to step 7

4. fit a first order response surface and calculate the gradient

5. perform experiments in the negative direction of the gradient until a min
point is found

6. use the min point as a new starting point and go to step 2

7. fit a second order response surface and calculate the min point of the surface,
which is the searched point.

A min point is mentioned in step 5. In this case a point is defined as min-point
if the two successive points have a value higher then the candidate points. An
example of the runs needed to find a min-point is shown i figure 4.1.

The definition of the space curvature mentioned in step 3 is presented in Sec-
tion 4.1.3.

4.1.1 Fitting a Response Surface

Fitting a response surface is actually modelling how the value of a response variable
changes depending on the regression variables. The goal function value represents
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the response variable and the λ-values the regression variables. The model used
when fitting a first order surface is:

y = β0 + β1x1 + β2x2 + · · · + βkxk + ǫ (4.1)

where y is the goal function value, x1, . . . , x4 are the λ-values, β0, . . . , β4 are the
searched parameters and ǫ is the error in the experiment.

Experiments at different levels of the regression variables need to be performed
to get enough data to fit the model. If n experiments are performed then the
following matrix notation can be used.

Y = X · B + ǫ (4.2)

where

Y =











y1

y2

...
yn











, X =











1 x11 x12 · · · x1k

1 x21 x22 · · · x2k

...
...

...
. . .

...
1 xn1 xn2 · · · xnk











,

B =











β0

β1

...
βn











and ǫ =











ǫ1
ǫ2
...

ǫn











(4.3)

The searched β-values, ˆBeta, is given by the least square solution:

B̂ = (X′X)−1X′Y (4.4)

For more details about the derivation of the formula see [8]

The method is the same for higher order response surfaces. Only the model
needs to be changed. An example of a second order surface model is:

y = β0 + β1x
2
1 + β2x

2
2 + · · · + βkx2

k + ǫ (4.5)

B̂ is received by solving (4.4) in this case too. There is, however, a change in
X:

X =











1 x2
11 x2

12 · · · x2
1k

1 x2
21 x2

22 · · · x2
2k

...
...

...
. . .

...
1 x2

n1 x2
n2 · · · x2

nk











(4.6)
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dist vel acclong acclat

-1 -1 -1 -1
-1 -1 -1 1
-1 -1 1 -1
-1 -1 1 1
-1 1 -1 -1
-1 1 -1 1
-1 1 1 -1
-1 1 1 1
1 -1 -1 -1
1 -1 -1 1
1 -1 1 -1
1 -1 1 1
1 1 -1 -1
1 1 -1 1
1 1 1 -1
1 1 1 1

Table 4.1. 24-factorial design

4.1.2 Experimental Design

Montgomery suggests that experiments according to the 24-factorial design is per-
formed around the starting point to get enough information about the stochastic
space to fit a first order response surface. Which means that each parameter is
coded at a high and a low level, {−1, 1} and an experiment is performed at each
combination of levels. So a total of 24 = 16 experiments are required, according
to Table 4.1.

However, values from at least three levels are required to get information about
curvature. Experiments are therefore performed at the coded zero level, in this
case four experiments at {0, 0, 0, 0}.

4.1.3 The Variance Table

An Analysis of Variance, ANOVA, table can now be calculated according to Ta-
ble 4.2, using the data from the experiments.

The SS-values, Sum of Squares, is a statistical measure that if divided with the
degree of freedom, df , becomes the variance for the property which it represents.
The Mean Square, MS, is the Sum of Squares divided by the degree of freedom
which can be used to calculate the F-value. The F-value is distributed according
to the F-distribution and is used to measure the significance of respective property.

The Pure Error effect is interesting because it represents the estimated variance
of the experiments.
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Source of Degrees of Sum of Mean Square F0

V ariation Freedom Squares Square
Main Effects dfMain SSMain MSMain FMain

2way Interaction df2−Way SS2−Way MS2−Way F2−Way

3way Interaction df3−Way SS3−Way MS3−Way F3−Way

4way Interaction df4−Way SS4−Way MS4−Way F4−Way

Curvature dfCurv SSCurv MSCurv FCurv

Residual Error dfE SSE MSE

(Pure Error) dfPE SSPE MSPE

Total dfTot SSTot

Table 4.2. Analysis of variance for First-Order Model

σ̂2 = MSE (4.7)

This term is used to calculate the F-values of the other properties. The F-value
is obtained by dividing a properties Mean Square by MSE .

MSx =
SSx

dfx
(4.8)

Fx =
MSx

MSE
(4.9)

where x can be any property.
A high F-value means that the property significantly affects the value of the

goal function, and hence needs to be modelled. The properties studied in the
variance table are:

• Main Effect: This represents the effect that the regression variables by
themselves have on the response value, i.e., x1 and x2.

• 2-Way Interaction: This represents the effect of interaction between two
of the regression variables, i.e., x1x2 and x1x3.

• 3-Way Interaction: This represents the effect of interaction between three
of the regression variables, i.e., x1x2x3 and x1x3x4.

• 4-Way Interaction: This represents the interaction effect of all four re-
gression variables, x1x2x3x4.

• Curvature: This is the curvature effect on the response value, i.e., x2
1 and

x2
2.

• Residual Error: This is a sum of all error terms. There is, however, only
one error term in this case, the pure error one.

The stochastic space is defined to have curvature if FCurv is significant.
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4.2 The Goal Function

If a vehicle would be placed in an identical traffic situation a number of times it
would not behave in the same way every time, it would probably not behave in
the same way even twice. If a scenario could be displayed over and over and the
vehicles’ position could be recorded over and over again, then the trajectories of
the vehicles would be a cluster with a mean and a standard deviation. If the cluster
of samples from the Monte Carlo simulation in Eidehall’s algorithm could better
represent the cluster just described then the simulation would better describe a
real traffic situation. By representing a more likely scenario, the threat assessment
would be more realistic.

4.2.1 Least Square Comparison

A least square method is used to compare the samples from the Monte Carlo
simulation with the data in any given scene. The simulation have a prediction
horizon Tpred and a sample time of Tsampsim

. The sample time for the simulation
and the data is chosen to be the same and therefore called Tsamp = Tsampdata

=

Tsampsim
. Each scenario will have Nsamp =

Tpred

Tsamp
sample points. Each object

j ∈ {1 : Nobj} in the scene is simulated with Nseed seeds. Each seed seedi,j,
i ∈ {1 : Nseed}, have a position {xseedi,j

(nt), yseedi,j
(nt)} at every sample point

nt ∈ {1 : Nsamp} and the data have a position {xdata(nt), ydata(nt)}. Each seed is
then compared at each sample point with the data using the least square distance
according to:

dist(i, j, nt) =

√

(xdata(nt) − xseedi,j
(nt))2 + (ydata(nt) − yseedi,j

(nt))2 (4.10)

Then the mean distance, dist, for each scenario is then calculated using:

dist(iscene) =

∑

nt

∑

j

∑

i dist(i, j, t)

Nsamp · Nseed · Nobj
(4.11)

This procedure is then performed for all the different scenarios in the data set. To
obtain a value for the whole data set a total mean distance is defined as:

F(λ) = dist =
∑

iscene

dist(iscene)/Nscene (4.12)

where λ = (λ1, . . . , λ4)

F(λ) is a stochastic variable since the seeds’ position are stochastic, and it
has a min value ≥ 0. A small value of F(λ) means that the simulated samples’
trajectories are close to the route of the accrual vehicle. F(λ) is used as a goal
function and is minimised with the steepest descent method.
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4.2.2 Data Handling

Data from a road scene is required to compare the clusters from the simulated
samples and real data samples. The data available is collected while driving a
host vehicle in a traffic situation. The data contains information about e.g. the
speed and position of the host vehicle and other objects in the road scene. Only
information about objects in front of the host vehicle is collected. The data has
a sample time Tsampdata

and is acquired during the time of the road scene Tscene.
The data does not contain a number of identical scenarios but Nscene = Tscene

Tsampdata

different scenarios, one scenario, iscen ∈ {1 : Nscene}, for each sample point.
At each sample point information of the surrounding vehicles is given, but

a vehicle correspondence algorithm, Table 4.3, is needed to know which vehicle
corresponds to which at different sample points. This information is critical to be
able to do any comparisons over time. The invented algorithm uses the speed and
position data from one sample point to back track where the vehicle should have
been at the previous point. If there is a vehicle close to the calculated location at
the sample before then it is considered the same vehicle. At every sample point,
nsample, there is Nobj(nsample) objects. All objects, iobj(nsample), have a position,
pos(iobj), and a velocity, vel(iobj), and will be given an identification number,
nid(iobj). When computing if a vehicle is close to the back tracked location it is
defined as a target if it appears in a circle with radius radlimit, according to:

‖pos(iobj) − vel(iobj) − pos(any obj ∈ nsample − 1)‖2 < radlimit (4.13)

The vehicle correspondence algorithm is described in detail in Table 4.3.

4.2.3 The Missing Data Problem

When the Monte Carlo simulation starts it simulates the movements of all the
objects in the scenario for the next Nsamp sample points. The objects in the
scenario would be the objects that appears in the data for the first sample point
of the scenario. It is not certain that the data will contain information of all the
objects for the whole length of the scenario. For example, the host vehicle may be
overtaking another vehicle and when it passes it, the data does no longer contain
information about the overtaken vehicle. This creates a problem of comparing the
seeds with the non-existing data of the vehicles’ position. It is proposed to use only
the objects that appears in the data for the whole Tpred for comparison. To remove
the objects entirely, like this, from F(λ) also seems to create a problem. Most
objects are represented in the data for a time, Tappear, much longer then Tpred so
they will be represented in many more scenarios than they will be removed from.
Hence only a small fraction, Tpred

Tappear
, of the information of the objects movement

will be lost.

4.2.4 Inaccurate Velocity Data

Data collected from a road scene of a two lane freeway with no traffic in the
opposite direction was chosen for the fitting of the behaviour parameters. When
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1. set nident = 1

2. for iobj = 1 : Nobj(1)

set nid(iobj) = nident

set nident = nident + 1

3. set nsample = 2

4. for iobj = 1 : Nobj(nsample)

if ‖pos(iobj) − vel(iobj) − pos(any obj ∈ nsample − 1)‖2 < radlimit

set nid(iobj) = nid(detected obj)

else

set nid(iobj) = nident

set nident = nident + 1

5. set nsample = nsample + 1

6. repeat step 4 and 5 for all sample points.

7. screen the data and hand adjust any obvious errors

Table 4.3. The vehicle correspondence algorithm
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Position Velocity
55.4142 0
55.1174 0
54.8156 -0.9803
54.3070 -2.3530
53.8907 -2.8937
53.4483 -3.3138
53.0061 -3.6063
52.6511 -3.5919
52.2608 -3.6723
51.8538 -3.7754

Table 4.4. In-accurate velocity data

using the vehicle correspondence algorithm on the data it became obvious that
most new vehicles appearing, lacked accurate velocity data. The relative velocity
in the two first sample points, for new occurrences of vehicles, was zero, while the
object was still moving relative to the host vehicle. The velocity increases and
reaches approximately the correct value a few sample points later. An example of
the inaccurate data is shown in Table 4.4.

The vehicle correspondence algorithm detect the vehicle as three different vehi-
cles during the three first sample because of this problem. Therefore, the velocity
in the three first sample points was changed to a more likely value close to the
average of the oncoming samples, to get around the problem. In the case shown
in Table 4.4, the velocities would be set to −3.6. With these artificially manipu-
lated velocities the algorithm detected the vehicles accurately. The changes in the
data file should also make the overall performance of the threat algorithm better
because it works with better information.

This problem was reported to the supplier of the data and they provided an
adjustment to the program that resulted in accurate data. The simulations to
minimise F(λ) was however performed before the improved program was provided.
It is believed that this will not affect the overall results much, only a small fraction
of F(λ) is affected by the approximated values and the approximations turned out
to be very good.

4.3 Implementation and Results

4.3.1 The Steepest Descent Method

The λ-values presented in [5] was used as a starting point for the steepest decent
method. The values were {59.5, 0.5, 1, 75} and the high/low values were coded as
these values +/− {5, 0.1, 0.1, 5}. The reason for coding like this was to make each
change somewhat proportional to its absolute value. Then experiments accord-
ing to the 24-design were performed and the analysis of the variance table were
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Figure 4.2. This Figure presents the value of F(λ) during the steepest decent run.

calculated, Table 4.5 (a) on page 45.
Since the FCurv = 0.85317 was non-significant (F0.01(20, 4) = 4.43), a first

order response surface was fitted according to:

ŷ = 4.39 + 0.00212 · x1 − 0.410 · x2 − 0.0567 · x3 − 0.000473 · x4 (4.14)

The main effects were highly significant which indicates that a significant de-
crease in the goal function value can be achieved by changing one or more of the
λ-values.

From the regression it is clear that the biggest steps will be made in the
direction of x2. That means that the largest changes will effect the deviation

from desired velocity behaviour parameter. In order to cover the whole stochastic
space the step-size of x2 was chosen to 0.2. The stepping direction then becomes
{−0.0010, 0.2000, 0.0277, 0.0002}. The goal function value, in the starting point,
F(λ) = 4.2192, is in itself not interesting since it will change depending on what
road scene data is used for the computations. Rather the change in F(λ) should
be studied. When using the steepest descent method 40 steps were needed to
determine a min-point. The changes in the goal value are shown in Figure 4.2.

The goal function value is F(λ) = 2.5447, in the new min-point, which almost
halves the original value. This means that the seeds distance to the actual vehicles
position is considerably smaller. More experiments were performed to evaluate the
stochastic space around the new point. The results are shown in Table 4.5 (b) on
page 45.

From the analysis of variance table it is clear that any curvature effects can be
ignored. The ANOVA also shows that the main effect is not as evident as earlier.
The stochastic space seams to be quite flat around this point.

The next step would be to do another steepest descent search. This process is
however, with the current implementation, extremely time consuming and enough
time to perform a second run was not available.

However, enough information is available to evaluate the effectiveness of the
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Figure 4.3. This Figure presents a scenario where the host vehicle and three stochastic
vehicles travel in the same direction. The scenario is plotted for simulations with both
the original λ-values and the ones found after the steepest descent run.

method. It is shown that a point in the stochastic space, with a goal function value
twice as good as the original, exists. So the steepest descent method is applicable
to find better λ-values, given a good goal function.

When comparing the F(λ) from the two examined points it was clear that
the seeds’ positions was much closer to the actual vehicles position. The starting
positions average distance was F(λ) = 4.2192 and the second positions F(λ)
= 2.5447. This means that the average distance is 2.5447

4.2192 = 60.3% of the original.
The new λ-values are {59.46, 7.90, 2.02, 75.01}.

4.3.2 Simulation with Improved Values

The factor that changed the most was the deviation from desired velocity param-
eter which theoretically would make the seeds’ position more compressed in the
direction of travel. To illustrate this, a scenario that contains the deterministic
host vehicle and three other stochastic vehicles, is studied. The scenario is pre-
sented in Figure 4.3 on page 43. The stochastic object’s position from the last
sample point is plotted. The host vehicle’s position in all sample points is also
plotted to display the direction of movement. Figure 4.3(a) shows the scenario
using the set of parameters from the starting position and 4.3(b) from the new
position.

It is clear that the seeds are much more spread out in the direction of travel in
4.3(a) than in 4.3(b).
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4.3.3 Validation

To validate that the new sets of parameters are good, not just for the data used to
compute them, experiments were performed on data from another freeway driving
session. Experiments were made to evaluate the stochastic space around the new
parameter point for the new data, according to the 24-design. The ANOVA for
the experiments is presented in Table 4.5(c) on page 45.

None of the effects are really significant, all the F-values are small in Ta-
ble 4.5(c), just like the case with the model data. That means that nothing
suggests that a movement in any direction would significantly improve the goal
functions value. So the new λ-values are good for the validation data too.

Experiments were also performed on a data set containing urban driving, to
see if the λ-values need to be changed with the traffic environment. The ANOVA
table for these experiments is presented in Table 4.5(d) on page 45.

There are no significant effects for this data set either which means that the
stochastic space is flat around the new point for urban data too.

4.3.4 Impact on the Threat Detection

The threat assessment algorithm was applied on 3.5h of data for the different sets
of behaviour parameters. Some interesting results are presented in Figure 4.4.

Fewer threats were detected with the new λ-values. This effect depends on
that the samples are much closer together with the new values and the clusters for
the different vehicles are more compressed. Hence, the vehicles can travel closer
together without clusters intersecting, which results in fewer detected threats.

4.3.5 Disadvantages with the Goal Function

The goal function studied has the disadvantage that it only considers the mean
value of the sample cluster. The optimal value of this function is obtained with
a simulation where all samples appear on exactly the mean-point of the data
cluster. This goal function will hence not give a realistic representation of the
traffic situation.

A better goal function would contain a variance measure along with a mean
measure. However, the results in Chapter 3 shows that the sample distribution
needs to be a lot wider than the one in the original algorithm. A distribution that
resembles the actual long term driving behaviour is not optimal for this application.
The method used to find the optimal values would, however, still be applicable, if
an appropriate goal function is found.
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(a) Model Data Freeway, original values

Source of Degrees of Sum of Mean Square F0

V ariation Freedom Squares Square
Main Effects 4 0.040047 0.010012 104.59
2way Interaction 6 0.0021058 0.00035097 3.6665
3way Interaction 4 0.0044153 0.0011038 11.532
4way Interaction 1 0.00029315 0.00029315 3.0625
Curvature 1 8.1667 · 10−5 8.1667 · 10−5 0.85317
Residual Error 3 0.00028717 9.5722 · 10−5

(Pure Error) 3 0.00028717 9.5722 · 10−5

Total 19 0.04723

(b) Model Data Freeway, new values

Source of Degrees of Sum of Mean Square F0

V ariation Freedom Squares Square
Main Effects 4 0.011197 0.0027993 6.7006
2way Interaction 6 0.0010633 0.00017722 0.4242
3way Interaction 4 0.00069386 0.00017346 0.41522
4way Interaction 1 3.6355 · 10−8 3.6355 · 10−8 8.7 · 10−5

Curvature 1 5.2829 · 10−6 5.2829 · 10−6 0.012645
Residual Error 3 0.0012533 0.00041777

(Pure Error) 3 0.0012533 0.00041777
Total 19 0.014213

(c) Validation Data Freeway, new values

Source of Degrees of Sum of Mean Square F0

V ariation Freedom Squares Square
Main Effects 4 0.0046945 0.0011736 3.2768
2way Interaction 6 0.0009049 0.00015082 0.42109
3way Interaction 4 0.00345 0.0008625 2.4081
4way Interaction 1 2.2327 · 10−5 2.2327 · 10−5 0.062337
Curvature 1 4.1618 · 10−5 4.1618 · 10−5 0.1162
Residual Error 3 0.0010745 0.00035817

(Pure Error) 3 0.0010745 0.00035817
Total 19 0.010188

(d) Validation Data Urban, new values

Source of Degrees of Sum of Mean Square F0

V ariation Freedom Squares Square
Main Effects 4 0.0017887 0.00044717 2.4285
2way Interaction 6 0.00018437 3.0728 · 10−5 0.16688
3way Interaction 4 0.00010078 2.5195 · 10−5 0.13683
4way Interaction 1 0.0010134 0.0010134 5.5037
Curvature 1 8.2585 · 10−5 8.2585 · 10−5 0.44851
Residual Error 3 0.0005524 0.00018413

(Pure Error) 3 0.0005524 0.00018413
Total 19 0.0037222

Table 4.5. Analysis of variance tables
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Figure 4.4. This Figure presents the threats detected using the different sets of λ-values,
when the threat assessment algorithm was applied on real traffic data.



Chapter 5

Analysis of the Iterative

Sampling

When working with Monte Carlo sampling it is important that the sample distri-
bution is dense and cover as many possibilities as possible. In this particular case
it is of great value that the trajectories of the vehicles evolve in such a way that
all possible solutions to a complicated traffic situation is found. To improve this
feature of the sample distribution, the resampling algorithm is studied.

5.1 Resampling Theory

In a resampling step for a Monte Carlo simulation, the weighted approximate
density pN is replaced by the unweighted p̂N [9]. This is done by replacing samples
of low importance with copies of samples with higher importance according to:

pN =

N
∑

i=1

wiδ(x0 − xi) (5.1a)

is replaced by

p̂N =
N

∑

k=1

1

N
δ(x0 − x∗

k) =
N

∑

i=1

ni

N
δ(x0 − xi) (5.1b)

where wi is the importance weight, ni is the number of descendants of the sample
xi in the new set of samples {x∗

k} and N is the total number of samples. δ(x0−xi)
is the Dirac function used to produce a point mass. The main mathematical
argument for the resampling process is to ensure convergence of the sampling al-
gorithm [9]. There are other benefits as well, e.g., it creates a denser sample
set without increasing the computational load [5]. The resampling solves many
problems, but it also creates some. One is a phenomenon called sample impov-

erishment. This means that the diversity of the samples is reduced due to the
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Figure 5.1. This Figure presents an example of a vehicle simulated with five samples
and the trajectories of the samples are plotted. The scenario is made to illustrate how
the resampling works. In this case, sample 1 would be removed and replaced with one of
the other ones.

fact that samples with a higher importance weight will be selected many times [9].
Many applications tries to avoid the resampling step when it is not necessary,
because of the negative effects.

An example was created to illustrate what the resampling procedure actually
does. The scenario consists of a vehicle for which possible trajectories are simu-
lated. Five samples of the vehicle are used and their trajectories are presented in
Figure 5.1.

For obvious reasons, trajectory 1 is a very unlikely path and that sample would
get a low importance weight. The resampling process would remove sample 1 and
replace it with a copy of one of the other, better, samples. The samples would
then be simulated for five more time steps and then a new resampling run would
be performed.

So the resampling step creates a better appearance of the sample distribution
and makes sure that no unnecessary computer power is used for simulation of bad
results.

5.2 Iterative Resampling

Eidehall et al. uses a resampling method called iterative sampling, that is specifi-
cally developed for the threat assessment algorithm. The goal is to find a conflict
free sample distribution. The driver tries to find a path in such way so that they
do not collide, and a realistic simulation should have this property. The naive ap-
proach to generate a conflict free sample set would be to create the set of random
control inputs for the entire time of the scenario, compute the trajectories of the
vehicles, apply the conflict detection algorithm and remove the samples with a
conflict. The iterative sampling makes it possible to detect samples with a conflict
at an early stage and remove them from the simulation so that no unnecessary
computational power is used on them.

Nsample samples are used when a traffic scene is simulated. The scenarios
length is Tpred and is simulated, using discrete time steps of length Tsim. This
means that the scenario is simulated in Nsim = Tpred/Tsim time steps. At each
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time step the samples receive a set of random control signals which determines the
movements of the seeds during the time step. It is argued that a human driver
needs more then Tsim to react to a traffic situation which is why the control signals
are set to be the same for Ncontrol succeeding time steps.

The scenario is simulated for Ncontrol time steps, and the dynamic model is
used to compute the samples’ trajectories depending on the control signals and its
current position and velocity. Then the iterative resampling algorithm is applied.
This procedure is repeated until Tsim is reached.

The set of samples Sk, |Sk| = N , is relieved after simulating Ncontrol time
steps. The conflict detection algorithm is applied on Sk and the samples with a
conflict are removed, resulting in the conflict free sample set S̃k, |S̃k| = Ñ ≤ N .
By resampling S̃k the new sample set S is generated in a way so |S| = N . Two
distributions are used for the resampling. First Nuni samples are drawn from
a uniform distribution and then Nprior are drawn from the prior distribution,
Nuni + Nprior = N . For more details of the prior and the uniform distribution,
see Section 3.1.

5.3 Analysis and Improvements of the

Resampling Procedure

S consists of copies of the samples in S̃k, but it is not certain that every sample
in S̃k is represented in S. Many copies of the seeds with high importance will
appear because of the prior distribution. Simulations of three scenarios were per-
formed to study how the seeds were chosen with the iterative resampling. Two
vehicles travel in different lanes, in the first scenario, and almost no conflicts were
detected. In the second scenario three vehicles are travelling in the same direction
and a few more conflict samples are detected. The third scenario is a more com-
plicated overtaking one with many more conflict samples. Figure 5.2 shows how
many times each sample in S̃k is represented in S for each scenario, at the most
complicated resampling step. The plots are sorted by the number of occurrences.
The simulations used the parameters N = 1000, Nuni = 300 and Nprior = 700.

All three plots in Figure 5.2 have an exponential appearance, meaning that
a few samples are represented to a higher degree than others. The exponential
behaviour comes from the samples chosen with the prior distribution, and becomes
more extreme the more complicated the scenario gets. Nuni samples have been
chosen one time using the uniform distribution for all scenarios, but more than
half of the conflict free samples are not represented at all in S.

As stated above it is important that the sample distribution covers the sample
space and that as many paths as possible are explored. This works relatively
well for the not so complicated scenario in Figure 5.2(a) but gets worse the more
complicated the scenarios gets. Figure 5.2(c) shows a scenario when the resampling
breaks down, the prior distribution has chosen the same sample Nprior times. It
is obvious that this isn’t a good statistical base for the threat calculation.

The iterative sampling works well for easy scenarios, but has problems with
more complicated ones. In this case an easy scenario is a scenario where the best
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Figure 5.2. This Figure presents a how many times the different samples are chosen
with the resampling algorithm for different scenarios. Th diagram is sorted depending
on occurrence. Observe that one sample has been chosen 700 times in Figure 5.2(c).

path is close to the one suggested by the prior distribution. The prior distribution
favours seeds that do not turn and remains at the initial velocity. This is why
few solutions are found in Figure 5.2(c). The seeds that makes an early turn, that
would enable a safe overtaking, are removed at an earlier resample step, since they
do not follow the prior distribution.

5.3.1 Resampling without Discarding Conflict Free Samples

To get around this problem a new way to chose S was invented. Instead of drawing
Nuni + Nprior seeds from S̃k, the samples are chosen by drawing N−Ñ

N Nuni +
N−Ñ

N Nprior and then adding S̃k. With this method all conflict free samples are
saved and only the ones with conflicts are replaced. To replace the seed that needs
to be replaced the same method as before is used.

A scenario was created and simulated to study the effect of this new resam-
pling method. The scenario consists of the deterministic host vehicle and another
stochastic vehicle driving side by side in different lanes. Simulation of both the
original resampling and the new one, where no conflict free samples are removed,
were performed. Both the primary and secondary distributions, defined in Sec-
tion 3.1, for both simulations are presented in Figure 5.3.

When studying the primary distributions, in Figure 5.3, it is clear that the
distribution, obtained with the new resampling method, covers much more of the
sample space. The original primary distribution is much narrower and denser.
The secondary distributions, however, looks almost the same, with the difference
that the original distribution is much denser.

One of the conclusions in Chapter 3 is that the primary distribution needs to be
more spread than the original one. Simulations with the new resampling method
results in an a lot wider distribution, which would be able to find paths around
an obstacle. This distribution is however to wide, i.e., a lot of the samples have
trajectories outside the road. This results in that much of computational power is
used on un-applicable results.



5.3 Analysis and Improvements of the

Resampling Procedure 51

−10 0 10 20 30 40 50 60 70 80 90 100
−5

0

5

10

15

20

25

[m]

[m
]

(a) The primary distribution for the original
resampling.
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(b) The primary distribution for the new re-
sampling.
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(c) The secondary distribution for the origi-
nal resampling.
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(d) The secondary distribution for the new
resampling.

Figure 5.3. This Figure presents simulations to compare the sample distributions ob-
tained from simulations with two different resampling methods. The primary and the
secondary distributions are presented for both the original and the new resampling. The
simulated scenario consists of the deterministic host vehicle driving side by side with
another stochastic vehicle.

5.3.2 Lane Definitions for Soft and Hard Obstacles

The available road scene data includes information about the width of the lane
in which the host vehicle is travelling. This data is very accurate since it is easy
to detect the lines that separates the different lanes. It is much harder to obtain
accurate estimations of the width of the road, since the road boundaries can look
very different. So it is better to use data about the lane width, than road width,
to model the road. There is no data about the lanes in which vehicles, other than
the host one, is travelling. The lateral position of these vehicles is defined by their
lateral distance to the middle of the host vehicle’s lane.

A new framework was invented that incorporates the new resampling method
but limits the lateral spread of its sample distribution. The new framework uses
a different road model that handles the different lanes.

If the host vehicle is the only vehicle in the scenario, then the road is defined
as the lane, in which the host vehicle is travelling, and a lane of equal width on
each side, a total of three lanes. The area outside the lanes are defined as non road
environment. If more vehicles than the host appears in the scene then their lane
association is determined by their lateral position. The vehicles could be in the
host vehicles lane, an adjacent lane or outside the existing lanes. If the vehicles
are outside the existing lanes then new lanes, of equal width, are added, until all
the vehicles are associated to a lane. Then extra lanes are added so that the outer
lanes are empty. These extra lanes are also added in the case where the vehicles
appears in an adjacent lane to the host vehicle. The outer lanes represent the



52 Analysis of the Iterative Sampling

−10 0 10 20 30 40 50 60 70 80 90 100
−10

−5

0

5

10

15

20

[m]

[m
]

(a) The primary distribution for the original re-
sampling.

−10 0 10 20 30 40 50 60 70 80 90 100
−10

−5

0

5

10

15

20

[m]

[m
]

(b) The primary distribution for the new re-
sampling.

−10 0 10 20 30 40 50 60 70 80 90 100
−10

−5

0

5

10

15

20

[m]

[m
]

(c) The secondary distribution for the original
resampling.

−10 0 10 20 30 40 50 60 70 80 90 100
−10

−5

0

5

10

15

20

[m]

[m
]

(d) The secondary distribution for the new re-
sampling.

Figure 5.4. This Figure illustrates how the lanes are defined depending on where the
vehicles appear in the road scene. The simulated scenario consists of the deterministic
host vehicle driving side by side with another stochastic vehicle, which yields four lanes.
The striped area is of road environment. Simulations to compare the original resampling
algorithm with the one handling hard and soft obstacles is presented. Both the primary
and the secondary distributions are presented.

verges.
Figure 5.4 presents a scenario that illustrates how the lanes are determined.

The scenario consists of the host vehicle and another vehicle travelling in an ad-
jacent lane. This results in a total of four lanes, or two lanes plus the verges.

5.3.3 Resampling using Soft and Hard Obstacles

All lanes are numbered and each vehicle is assigned to one lane, the lane in which
it starts. Two types of obstacles are then defined, soft and hard obstacles. The
hard obstacles are the same as the original ones, i.e., a rock on the road or the
off road environment. The soft obstacles are all lanes that is not the one that
respective vehicle is associated with.

The two bottom lanes and the top lane are treated as soft obstacles for the
stochastic vehicle in the scenario in Figure 5.4 and the off road environments are
hard obstacles.

The Monte Carlo resampling procedure is changed in such a way that a copy
of all samples that do not have any conflict with either a soft or hard obstacle is
saved. Then the remaining samples needed are copies drawn from the ones that
did not have a conflict with a hard obstacle.

The set of samples Sk is obtained by simulating Ncontrol time steps, and the
conflict detection algorithm, using hard obstacles, is then applied on Sk. This



5.4 Analysis of Resampling using Hard and Soft Obstacles 53

results in the sample set S̃k
H , which is free from ’hard’ conflicts. The conflict

detection algorithm, using soft obstacles, is then applied on S̃k
H , resulting in the

sample set S̃k
S , which does not contain any conflicts, neither hard nor soft. So

S̃k
S ⊂ S̃k

H ⊂ Sk. |Sk| = N , |S̃k
H | = ÑH and |S̃k

S | = ÑS . To create the sample
set S, used for the following simulations, (N − ÑS) samples are drawn from S̃k

H ,
and all of S̃k

S is used. So Nprior
N−ÑS

N samples are drawn from S̃k
H using the prior

distribution and Nuni
N−ÑS

N from the uniform distribution, resulting in the sample
sets S̃k

H,prior and S̃k
H,uni respectively. S is the defined as:

S = S̃k
S + S̃k

H,prior + S̃k
H,uni (5.2)

5.4 Analysis of Resampling using Hard and Soft

Obstacles

Simulations using both the original resampling method and the new one is pre-
sented in Figure 5.4. Both the primary and secondary distributions are plotted.
The primary distribution using the new method fills almost all of the lane in which
the vehicle is travelling, while the ’original’ distribution is a bit narrower. This
effect is expected since all samples inside the vehicles’ lane are saved, using the
new method. The secondary distributions are almost identical.

The fact that more samples travel close to the boundaries of the lane should
make it easier to find a good path if the vehicle needs to leave its own lane. It
is easier for the samples to find a good way out of the lane if they start at the
edge, rather than in the middle. An overtaking scenario is studied to examine this
kind of effects. The scenario is presented in Figure 5.5 and consists of a stochastic
vehicle overtaking the deterministic host vehicle.

The primary distributions look very similar for both resampling methods. A
few samples seems to find a path around the host vehicle and the distribution is
not dense during the overtaking in either case. The overtaking manoeuvre however
starts a little bit earlier for the new implementation. This effect is better seen when
studying the secondary distributions, where the overtaking both starts earlier and
finishes later, using the new resampling method. This effect is, however, not as
significant as in Chapter 3. The secondary distribution derive from just one good
sample in both cases, which is a bad statistical base.

Due to lack of time, no simulations have been made on real traffic data with
the new resampling method, using soft and hard obstacles. But since the effects
on the studied scenarios were so small it is believed that no large changes would
be detected for the threat assessment.
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(c) The secondary distribution for the original
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(d) The secondary distribution for the new re-
sampling.

Figure 5.5. This Figure presents a scenario where the deterministic host vehicle is
overtaken by a stochastic vehicle. The scenario is plotted for both using both the original
resampling and the one handling soft and hard obstacles. The primary and the secondary
distributions are presented in both cases. Observe that an extra hard obstacle has been
placed in the bottom lane to prevent overtaking on the inside.



Chapter 6

Conclusions

An improvement of the dynamic model has been presented, in this thesis, which
generates a better mean value for the accelerations of the simulated vehicles. It
has been shown that less false positive and more true positive threat warnings
could be detected using the improved model.

It is suggested to change the sample distribution to a wider one and to use
a smaller fraction of the samples for the threat evaluation. Better solutions to
complicated traffic scenarios can be found using this approach, while the effect on
more simple scenarios remain the same.

A systematic method to find optimal values of the behaviour parameters is
presented. Given a realistic goal function it is shown that the method works and
will find better values.

The resampling step is studied and weaknesses is detected and analysed. New
definitions, of the obstacles in the road scene, are suggested, along with a new
resampling procedure, using the new obstacles.
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