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Abstract
Vehicles will be more complex, safe, and intelligent in the future. For in-
stance, with the support of the advanced driver assistance system (ADAS), the
safety and comfort of the driver and the passengers can be significantly im-
proved. This degree project proposes data-driven solutions for adaptive cruise
control (ACC) target selection that can be used to select one of the preceding
vehicles as the primary target that similar to the choice of human drivers. This
master degree project was carried out at Scania CV AB. A shared-network and
a shared-LSTM network were used to select the primary target. Besides, A
novel machine learning based target selection model (compare-target model)
was designed, which can consider all neighboring vehicles together by com-
paring vehicles. A compare-target network and a compare-target XGBoost are
developed based on the compare-target model. In total, four different machine
learning methods were adopted to select the primary target for ACC, includ-
ing a shared network, a shared-LSTM network, a compare-target network,
and a compare-target XGBoost model. These methods were compared and
analyzed. Fine-tuning was adopted to overcome the data imbalance problem
of rare situations. The compare-target XGBoost can achieve 94.85% accuracy
on the test set.
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Sammanfattning
Fordon kommer att vara mer komplexa, säkra och intelligenta i framtiden. Till
exempel, med stöd av det avancerade förarassistanssystemet (ADAS) kan fö-
raren och passagerarnas säkerhet och komfort förbättras avsevärt. Detta exa-
mensarbete föreslår datastyrda lösningar för målval för adaptivt fartreglering
(ACC) för att välja ett av föregående fordon som det primära målet. Valet
liknar det som människor gör. Arbetet genomfördes i samarbete med Scania
CV AB. Ett delat nätverk och ett gemensamt LSTM-nätverk användes för
att välja det primära målet. Dessutom har en ny maskinbaserad målvalsmo-
dell (jämförelse-målmodell) utformats, vilken kan överväga alla närliggande
fordon tillsammans genom att jämföra fordon. Ett jämför-mål-nätverk och
ett jämförbart mål XGBoost utvecklas baserat på jämförelsemodellen. To-
talt användes fyra olika maskininlärningsmetoder för att välja det primara
målet för ACC, inklusive ett delat nätverk, ett gemensamt LSTM-nätverk,
ett jämförelsemål-nätverk och en jämförbar XGBoost-modell. Dessa meto-
der jämfördes och analyserades. Finjustering antogs för att motverka dataoba-
lansproblemet för sällsynta situationer. Jämförelse-målet XGBoost kan uppnå
94.85% noggrannhet på testuppsättningen.
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Chapter 1

Introduction

This chapter introduces the subject of machine learning for adaptive cruise
control target selection. Autonomous systems are expected to cope with plenty
of complex situations. However, when the situations are complicated and
changeable, the solutions are difficult to design through classic programming.
With a relatively large amount of data, it is possible to tackle complex situ-
ations through machine learning. The research questions and objectives are
formulated in this chapter. A summary of contribution and delimitation is
presented, followed by the consideration of ethics, together with an outline of
this thesis.

In modern society, transportation is closely related to people’s lives and is an
indispensable part of life. Many developed cities in the world are encoun-
tering problems caused by excessive use of private cars, such as traffic jams,
frequent accidents, parking difficulties, energy shortages, noise pollution, and
environmental pollution. These problems have severely reduced the quality of
life [1]. Autonomous or semi-autonomous vehicles are not only expected to
improve the efficiency and safety of the transportation system, but also have
other benefits such as high flexibility, low operating cost, and environmen-
tal protection. With these advantages, autonomous vehicles can be used as
a useful supplement to urban intensive public transportation, providing high-
quality regional transportation services [2].

When a driver is less involved in operating a vehicle, there is an increased
demand in sophisticated solutions for making correct driving decisions re-
garding surrounding traffic. Adaptive Cruise Control(ACC) is an assist func-
tion to relieve the driver from having to adapt the vehicle’s speed and distance
to surrounding traffic based on data from different sensors, such as radar and

1



2 CHAPTER 1. INTRODUCTION

camera, which could automatically keep a set time gap to one preceding vehi-
cle to avoid vehicle-to-vehicle collisions [3, 4]. For Adaptive Cruise Control,
it is vital to select the right preceding vehicle as the primary target to avoid
accidents and to be able to optimize fuel consumption. It is also to make the
driver feel comfortable and be able to rely on this system. For this prerequi-
site, Scania is exploring how to choose the right target differently. This study
is part of a project in Scania CV AB, Autonomous System Group, and Scania
provides the necessary data for this thesis project.

1.1 Problem Statement
There are several sensors, such as radar and camera on Scania trucks. These
sensors collect environment information. A series of information on the sur-
rounding environment and vehicles can be obtained through data fusion. For
example, the position of the vehicles on the lane could be calculated with this
information by the corresponding algorithm. The primary target is chosen
through a target selection algorithm, and the information of the primary target
is transmitted to a longitudinal controller for the ACC system to maintain a
chosen distance. A simple solution for target selection is to choose the vehicle
which drives in the same lane. As shown in Fig.1.1(a), the primary vehicle is
the preceding vehicle that drives in the same lane. However, when a vehicle
tries to cut in, as shown in Fig.1.1(b), the primary target could be the cut-in
vehicle or the one in the same lane. Also, it is difficult to estimate the driving
lane when the lane is partly observed or when there are no lane marking.

Figure 1.1: The situations of primary target selection [5].

A human driver bases its decision in each moment on personal experi-
ences, gained knowledge, and a limited focus. Most existing algorithms con-
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sider a few (considered to be significant) situations and neighboring vehicles’
status. The possible meaningful targets are detected using a relative distance
and velocity with in-lane target detection, motion-based analysis [5]. The tar-
get is selected based on position and confidence. For example, mostly, the
algorithm will select the closest vehicle in the same lane as the target [6, 7].
When the preceding vehicle changes to another lane or going to stop, the
algorithm will consider choosing another target. One advantage of classic
programming is the ability to adapt the behavior to situations which may not
have occurred yet. However, in our real world, there are many complex traffic
situations. It is hard to consider various kinds of situations with classical pro-
gramming. With access to a large amount of training data and real-time sensor
data, machine learning algorithms should be able to make more informed de-
cisions than the current algorithm. Moreover, the truck could be applied to
more complex traffic situations and new environments, which could enhance
the adaptability and robustness of trucks.

The most challenging problems are data imbalance and noise. These data
were collected from the real world. Some traffic situations are rare. In other
word, these data are imbalanced. In addition to the imbalanced traffic situa-
tions, the algorithm also needs to handle data with noisy and low accuracy,
such as poor lane estimation in curves, incorrect prediction of ego vehicle
movement, etc. Also, part of the data is incomplete because of the sensors
(the value does not always exist).

Several interesting research questions arise:

• How to choose and preprocess the training data?

• How to solve or overcome the challenges of the data(imbalance, incom-
plete, incorrect)?

• What kind of model or algorithm can be chosen and extended to adapt
to this project?

• How to validate and evaluate the performance of the algorithm(s)?

1.2 Objective and Tasks
The structure of the ACC system is shown in Fig.1.2. This thesis focuses on
the module of primary target selection. The objective is to investigate the pos-
sibilities to select the preceding vehicle based on machine learning algorithms
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correctly. The proposed methods should be implemented, evaluated, and com-
pared to each other. Furthermore, the proposed solution should be suitable for
autonomous heavy-duty vehicles, which means the method should be based
on the data from the sensor fusion module in Fig.1.2.

Figure 1.2: The ACC system structure of the truck.

Moreover, the tasks can be split into three main parts. The first part is to
preprocess the data. The data used for this project are log files which include
the information of ego trucks and neighbor vehicles after sensor fusion. These
data are in time series, which were recorded every ten milliseconds. And these
data were labeled manually. The second part is to develop machine learning
algorithms which includes model selection, training, and testing. The third is
to evaluate and compare the performance between different machine learning
algorithms and visualize the process of selection.

1.3 Contributions
A great functioning model for target selection is a significant module in an
adaptive cruise control system. Currently, to the best of the author’s knowl-
edge, there is no existing reliable machine learning based model for adaptive
cruise control target selection. The main contribution is the implementation
and evaluation of several machine learning methods for ACC target selection.
And a novel method of target selection by comparing vehicles is proposed.

The decisions of the primary target selection are based on the information
collected through sensors. The most crucial decision-making factors are the
states of the surrounding vehicles, but other factors such as the environment
and roads also have a certain degree of impact on decision-making. With tra-
ditional methods, it is difficult to model and analyze the relation of a variety of
complex factors, and when the information obtained by sensors changes, the
algorithm also needs to change accordingly. A machine learning-based ap-
proach avoids the analysis of the relationships between various signals man-
ually, and a complex model can take into account more factors. This is useful
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since on different type of trucks the information may be different. The process
of creating a specific mathematical algorithm for each truck can be avoided
with machine learning. Machine learning models should be applicable to a
variety of similar truck only with the corresponding data to train the model.

The novelty of the proposed method (compare-target model, see Section
3.2) is that it considers all surrounding vehicles together instead of one by one.
Scania’s current algorithm considers the situation of each neighboring vehicle
separately and makes decisions based on the condition of each vehicle. But
in reality, the target selection should consider all vehicles at the same time
since the state of one vehicle affects the choices made to other vehicles. Mak-
ing decisions by simultaneously considering all vehicles is more reasonable.
We develop a compare-target network and a compare-target XGBoost model
based on this method. Moreover, the performances are evaluated and com-
pared with the shared models (shared network and shared-LSTM network,
see Section 3.2).

Answering the research questions listed in Section 1.1 can provide insight
into how to properly build up a decision model for target selection and which
features and situations are of more importance.

1.4 Ethical Considerations
Machine learning and Deep learning models are deployed into increasingly
greater parts of the world. Deep learning as an essential branch of artificial
intelligence, is also receiving more and more attention from people.

Deep learning has an increasing impact on human life, but their internal
operations are often opaque. After the deep learning system is trained, it is
hard to see how it made the decision. In many cases, this is unacceptable
even if it gets the right answer. More and more weaknesses exposed by deep
learning are drawing public attention to artificial intelligence. Especially in
the field of driverless cars, autonomous driving uses similar deep learning
techniques for navigation, which has led to well-known disasters and fatalities
[8]. From a legal point of view, GDPR states that individuals have the right to
know the reasoning behind a decision that has affected them adversely, even if
the reasoning is purely algorithmic. Thus, the topics of model interpretability
and explainability become more paramount.

Still, undeniably, deep learning is a powerful tool. Deep learning makes
it very common to deploy applications such as facial recognition and speech
recognition to a level that was almost impossible to achieve ten years ago.
Thus, it is hard to imagine that deep learning will be abandoned at this time.
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It is more likely to modify or enhance the deep learning method, such as com-
bining deep learning with traditional methods to improve the interpretability
of the model. We wish that better understandings of machine learning models
will provide us with more insight on high dimensional data and contribute to
addressing vulnerabilities in the current decision models.

1.5 Outline of Thesis
This thesis follows a typical structure of degree reports. Chapter 2 provides
readers with the relevant backgrounds and theories necessary for understand-
ing the problems and proposed solutions, also reviews the literature on adap-
tive cruise control target selection, machine learning, and time series to iden-
tify a promising approach. Chapter 3 describes the details of the dataset used
and the preprocessing of the dataset. Moreover, this chapter presents the ap-
proach for target selection and the methods used for performance evaluation.
The results and evaluations of target selection are presented and analyzed in
Chapter 4, and discussed in Chapter 5. Finally, Chapter 6 summarizes the
work in this thesis together with suggestions for future work.



Chapter 2

Backgrounds

This chapter presents a series of relevant backgrounds of this thesis project
and the related work. Section 2.1 describes the concept of adaptive cruise
control and presents the strengths and prerequisites of ACC, also introduces
the current algorithm briefly. The theory relevant to the machine learning
methods used in this thesis is presented in Section 2.2, including the concept of
artificial neural networks, XGBoost, and LSTM. And Section 2.3 presents the
related work in this field, including some schemes of primary target selection
(Not the one in Scania).

2.1 Adaptive Cruise Control
Adaptive cruise control is based on conventional cruise control. ACC im-
proves the comfort and energy efficiency of vehicle driving while ensuring
safety, and overcomes some limitations of human drivers. The distance and
relative speed between the ego vehicle and the preceding vehicle are mea-
sured and fused in real time by different sensors. Appropriate control signals
are calculated to adjust the ego vehicle speed to control the distance automat-
ically. For the control system of adaptive cruise control, the information of
a primary target should be provided. In this case, some research aim at the
primary target selection algorithm.

Human limitations, strengths of ACC, and target selection algorithms are
discussed in the following subsections.

7
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2.1.1 Human Limitations

The limitation of the driver’s judgment and reaction on the surrounding traffic
conditions (e.g., the driving states of neighboring vehicles) is a critical cause
of traffic flow instability, traffic congestion, and traffic accidents [9]. Scholars
from all over the world generally believe that if the traffic flow characteristics
cannot be effectively improved, it is difficult to obtain a fundamental break-
through in optimizing road capacity and traffic safety [10]. Automated driving
technology is expected to improve the traditional traffic flow characteristics
from the microscopic vehicle level, thus providing an effective way to solve
traffic problems.

2.1.2 Strengths of ACC

Adaptive cruise control is an essential type of Advanced Driver-Assistance
Systems (ADAS) in the study of autonomous vehicles. ACC vehicles can
obtain the driving status of preceding vehicles in real time through onboard
detection devices and have a more timely and accurate traffic condition per-
ception capability than average drivers.

ACC systems can automatically adjust the vehicle speed to ensure safety
and improve driving comfort and energy saving [11]:

• Safety: The average time for a normal driver to be aware of a situation
to react is about 1.0 to 1.3 seconds [12]. The ACC’s response period
is shorter than human drivers. Thus, ACC could more effectively avoid
the most traffic accidents.

• Comfort: The driver needs to concentrate during driving and constantly
operate the vehicle to maintain a safe braking time. In the case of traffic
congestion, the vehicle often repeats forward and stop, and the driver
needs to complete the coordination of hands and feet continuously. This
is the main cause of driver fatigue, and the ACC can free the driver from
this repetitive and stressful task.

• Energy efficiency: Low carbon life and energy conservations are the
themes and trends of social development. More emissions are generated
when the driving speed changed fluently, and ACC can keep the vehicle
drive smoother. Further, ACC can maintain a proper distance [13], so
it can effectively improve the road capacity and ease traffic congestion,
which would contribute to good economics. Recent studies have shown
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that if the proportion of vehicles equipped with ACC systems on the
highway reaches 25%, it can eliminate the congestion of highways [14].

2.1.3 Target Selection

Since there are more than one vehicle in the real highway situations and var-
ious transitions between the ego truck and the surrounding vehicles occur, it
is necessary to set up a proper target selection strategy to apply the adaptive
cruise control system to multi-vehicle scenarios. To this end, the algorithm
needs to determine which surrounding vehicle is the best target for ACC sys-
tems based on current traffic situations. The primary target selection module
forwards the information to the longitudinal controller after determining the
target within the lane to navigate the ego truck smoothly and guarantee safety
in complex traffic situations. The current existing primary target selection al-
gorithms are based on classic programming, considering several significant
situations. The truck obtains the surrounding information through sensors,
and after the data fusion and calculation, some states of the surrounding vehi-
cle and the ego truck can be obtained. Using the position, speed, lane place-
ment, confidence, and other information possible targets are determined. Fi-
nally, based on a series of criteria, it chooses the most appropriate one of these
possible targets as the primary target.

2.2 Machine Learning
The purpose is to use machine learning methods to address the target selec-
tion of adaptive cruise control. Artificial neural networks (ANN) are com-
putational models that mimic the structure and function of biological neural
networks that have been used to solve a wide variety of problems. Extreme
gradient boosting (XGBoost) has an outstanding performance in many ma-
chine learning competitions. The data set has problems with imbalance and
noise. XGBoost is a tree-based approach that is less sensitive to data. The data
set contains time information. Thus LSTM is used for the time sequences.
The concept of artificial neural networks, extreme gradient boosting, and long
short-term memory are introduced in this section.

2.2.1 Artificial Neural Network

In computational science, artificial neural network models are inspired and ab-
stracted from the central nervous system of biological and are now commonly
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used in pattern recognition and machine learning, also known as artificial neu-
ral networks. The nervous system of animals is made up of a large number
of neurons or nerve cells. The stimulation signals of peripheral neurons are
continuously transmitted for communication. Similarly, artificial neural net-
works are computational models consisting of a large number of connected
nodes (or neurons) connected. Each node represents a specific output func-
tion called activation function. Starting from a certain input data, each node
will get the corresponding input to produce the corresponding output as the in-
put of the next node. In this way, the information is continuously transmitted
to each node until the output is obtained. The connection between every two
nodes represents a weighting value for transmitting the signal, called weight,
which is equivalent to the memory of the artificial neural network. Similarly,
the animal’s nervous system constantly adjusts the synaptic connections be-
tween neurons while learning, and the artificial neural network also adjusts
the weight of connections between nodes. The output of the network varies
depending on the connection in the network, the weight value, and the activa-
tion function [15].

The network mainly refers to the connection between neurons at different
levels in the system. Taking a typical three-layer artificial neural network as
an example. The first layer has only input neurons which transmit the input
signals to the neurons on the second layer through synapses (connections be-
tween neurons). Then the signals are transmitted to the third layer which is the
neuron of the output layer. More complex networks may contain more levels
of neurons, and there may be more input neurons and output neurons. The
multi-layer model has a stronger ability to describe and manipulate nonlinear
problems.

A multi-layer artificial neural network model uses a back-propagation
feedback strategy to adjust the weight [16, 17, 18] by computing the gradient
of the cost function. In this way, the input data can be repeatedly fed into
the artificial neural network for calculation, and the artificial neural network
is adjusted. An error can be obtained by comparing the actual output of each
calculation with the desired output. According to this error, the weights in the
artificial neural network can be adjusted so that the next time the same data
is input to the artificial neural network, the output has a smaller error. This
repetitive process is called learning (training).
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2.2.2 Extreme Gradient Boosting

EXtreme Gradient Boosting is a boosting algorithm based on the regression
tree that has advantages of fast running speed and good performance, an im-
provement of Gradient Boosting Decision Tree (GBDT) [19]. The effects of
this system have been verified by a large number of machine learning and data
mining competitions [20, 21].

Boosting algorithm is a kind of ensemble learning algorithm, which is
based on the concepts of strongly learnable and weakly learnable that Kearns
and Valiant proposed. And they proposed a theorem that a problem is strongly
learnable if and only if it is weakly learnable [22].

First, a number of basic weak models are generated and trained. After
obtaining the results of multiple models, the Boosting method weights the
results of these models to output the final result. In the Boosting framework,
the accuracy of each weak classifier may be low, but after weighted fusion,
the final result is greatly improved [23].

Gradient Boosting Decision Tree (GBDT) is an improvement of Boosting
algorithm. GBDT uses tree models as basic models. The final result is ob-
tained by iteration. Each iteration is to reduce the residual of the last iteration
[24]. When the data set is large and complex, the GBDT algorithm is compu-
tationally intensive and inefficient. In 2015, Tianqi Chen proposed XGBoost
improving this shortcoming of the GBDT algorithm [20].

2.2.3 Long Short-Term Memory

Different from the traditional feedforward neural network, the signal feedback
structure in the recurrent neural network (RNN) makes the output state of
the network at a certain moment related to the historical signal before this
moment, thus showing certain dynamic characteristics and memory ability.

In recent years, RNN has achieved remarkable success in speech recog-
nition, text analysis, and other issues [25, 26]. One important reason is that
the long-short-time-memory unit has been used in the structure of the RNN.
LSTM uses different gates to enhance the memory of the network, thus solv-
ing the problem of vanishing gradient [27]. The structure of the RNN is ex-
panded, as shown in Fig.2.1, and its structure is similar to a model with mul-
tiple layers of the same network. However, vanilla recurrent neural networks
have limited memory because the gradient finally vanishes or explodes when
it propagates through time.

The LSTM-based RNN addressed this issue by improving the internal
structure based on this chain structure. The gate architectures are used in



12 CHAPTER 2. BACKGROUNDS

Figure 2.1: unrolling a recurrent neural network [28]. A is a chunk of neural
network, Xt is the input, and ht is the output.

LSTM unit to keep constant error when propagating. Among these gates,
the forgot gate determines which information needs to be discarded from the
cell states at the previous moment. The update gate determines the cell states
that need to be updated. The output gate will filter information based on
cell states. These three gates are implemented using sigmoid function. As
shown in Fig.2.2, the most prominent characteristic is the use of three sigmoid
layers and point-wise multiplication operations to strengthen the control of the
information transmission. For more details about the structure of LSTM and
the functionality of gates, [28, 29] are recommended for readers.

Figure 2.2: The structure of a network with three LSTM cells [28].

In summary, LSTM-RNN uses the gates to control the memory of the
RNN model. In the training phase, the weights and biases are learned from
the historical data, and the characteristics of the historical states are identified
and memorized.

2.3 Related Work
This section overviews the previous related research on adaptive cruise con-
trol target selection. Seungwuk, Hyoung-Jin, and Kyongsu [5] studied the tar-



CHAPTER 2. BACKGROUNDS 13

get selection strategy through simulations of several driving scenarios, using
the information from sensors. A driving area of the ego vehicle is determined
using the curvature estimated by the yaw rate and the speed, and the width
of the driving area is calculated by the vehicle width. A monitoring area is
defined to detect the neighboring vehicle inside the ego vehicle driving area.
The in-lane vehicles are determined by considering the relative distance and
velocity of detected vehicles. Three indexes of longitudinal motion, lateral
motion, and warning are calculated to determine the driving status of each
target by comparison. The closest target with representative driving status is
determined as the primary target.

Il-ki et al. [30] analyzed several essential situations and make correspond-
ing decisions for each situation under the assumptions that the ego vehicle is
in the middle of the lane and the width of the lane is known. For instance,
when the sign of the lateral position is opposite to the sign of the lateral veloc-
ity, the target is approaching the lane of the host vehicle. When this happens,
a weighted lateral position is adopted in the primary target decision process.
The weighted position function makes a rapid decision possible, while also
considering the fact that the cut-in vehicle is not yet in the ego vehicle lane.
The primary target selection algorithm in [30] integrates additional informa-
tion from multiple models, which allows the ACC system to adapt to another
target more intelligently and more reminiscent of human-drivers. Because the
vehicle does not always run straightly with the curvature of the lane, and the
radar cannot estimate the change in curvature, sometimes confusions of the
target occur.

Eskandarian and Azim[31] introduced two methods for target selection to
improve the performance. Using the steering angle or yaw rate sensor on the
ego-vehicle to estimate the curvature is a common approach, but this method
is only valid when the curvature constant. Aided visual sensors are utilized as
another approach for detection. However, these sensors work unsatisfactorily
and further raise the cost. In this thesis project, lane placement is used as the
input features, which could represent the in-lane condition.

Shifeng et al. [32] developed a method that takes the operational behavior
of the ego vehicle into consideration and provides sufficient qualitative anal-
ysis of trajectories. Shifeng et al. use both preliminary classification and final
classification to decide different operating conditions, combine with the tra-
jectory to determine the primary target. This approach overcomes some typi-
cal shortcomings of traditional ACC, such as confusion between lane changes
and curve enters of preceding vehicles. In this project, the variable path place-
ment is one of the input features which includes the information of trajecto-
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ries.
Jianqiang et al. [33] proposed a method to improve the accuracy of the pri-

mary target selection based on multi-features fusion. The data is preprocessed
by distance compensation factor (DCF) correction to correct the in-lane prob-
ability provided by the lidar. Kalman filtering is adopted to track and predict
the distance and velocity of neighboring vehicles [34]. Besides, a two-layer
artificial neural network is designed to get the importance weight of feature
variables. The training output is finally used for target selection. The method
metioned in [33] adopted an artificial neural network to predict the lane prob-
ability of a vehicle. In this thesis project, an artificial neural network will be
adopted to predict the selected target.

A video and radar data fusion system was developed [35] for improved
target selection. This framework is capable of fusing target information cap-
tured from a camera system and a radar system. The information from the
two sensor systems is preserved as low as possible to facilitate exchange. An
improved path selection and fused target states are used to identify targets
that perform cut-in or cut-out maneuvers. This information is utilized in the
primary target selection scheme. The methods of this thesis are data-driven.
Thus the accuracy of data has a large impact on the results. More sensors
could be utilized to improve the accuracy of sensor fusion.



Chapter 3

Methodologies

This chapter presents the methods used to select a target for adaptive cruise
control. The data collection, annotation, and preprocess are introduced in
Section 3.1, as well as some details about the data. Section 3.2 introduces the
problem-solving strategies, and the architectures of machine learning models,
including shared models and compare-target models. Section 3.4 describes
the algorithm evaluation method.

3.1 Data Preparation
The experiments in this project are based on data collected and fused by Sca-
nia’s test vehicles. Because supervised learning is used, the data need to be
annotated. In the next section, several methods are introduced, and for differ-
ent models, different pre-processing of the data is required.

The details of the data, the annotations, and the pre-processing methods
are described in the following subsection.

3.1.1 Data Introduction

The raw data for this thesis project was extracted from Scania’s database.
There is one radar and one camera on Scania’s test trucks. The data is recorded
by these sensors and stored in log files. The input data to the target selection
algorithm comes from a sensor fusion algorithm based on the raw data. These
trucks have driven in several different highways in Europe.

These data are in time series and recorded at 100 Hz. Of the data in the
database, a total of 26 logs have been labeled in the way described in Section
3.1.2. Each log file includes information for around 4 minutes. The informa-

15
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tion of time length and target changes are presented in Appendix A.1. As for
the information, after sensor fusion and a series of calculations, many features
of the ego truck and neighbor vehicles can be obtained. However, in order to
compare with the current algorithm, the same input as the current algorithm is
used. These statuses contain the states of the ego truck and neighbor vehicles,
such as position, velocity, path placement, lane placement, path confidence,
lane confidence, type, and other path information. The parameters that are
interesting in this project and the descriptions are listed in Appendix A.2.

One of the main challenges comes from the data set. The position, veloc-
ity, width, and other parameters detected by sensors are not always accurate.
Thus the path placement, lane placement, and confidence are also not very
reliable.

For example, the estimation of lane placement is not very accurate. By
inspecting the parameters and raw video of the data set, it can be observed
that sometimes the vehicle is in the same lane as the ego truck, but due to the
inaccuracy, the value of the lane placement indicates that the vehicle is still in
the other lane. Vehicles in other lanes are usually not selected as the primary
target. For example, see Fig.3.1. We can see that part of the white vehicle on
the right side is in the same lane as the ego truck.

Figure 3.1: An example of not accurate estimation. The value of the lane
placement of the white vehicle is -2.16, and the lane confidence is 1.00. The
definition of the lane placement is illustrated in Fig. 3.2.



CHAPTER 3. METHODOLOGIES 17

The definition of lane placement based on the position of a vehicle on the
driving lane. For example, as Fig.3.2 indicates, when the vehicle is exactly on
the left of the right side lane, the value of lane placement is -2.

Figure 3.2: Lane placement definition. The value of the vehicle’s lane place-
ment depends on where the vehicle is located.

Based on the definition, the lane placement value of this white vehicle
should be greater than -2 (Because this vehicle is on the right side, the value
should be between -1 to -2). However, the estimated value is -2.16, and the
confidence is 1.

Another challenging problem is imbalance and rare situations. When there
is a lane change, vehicle cut-in, etc., the selection of the target needs to be
more cautiously handled. However, since the data is collected in the real
world, lane changes and vehicle cut-in are much less frequent than other typ-
ical situations. The percentage of these situations in the data set is small.

3.1.2 Data Annotation

The data set is labeled manually. The annotation is the ID of the vehicle that
should be selected at each moment. The testing truck collecting this data set
can simultaneously detect 22 surrounding vehicles, so the annotation is from
0 to 22 (0 means that no vehicle selected as the primary target at the current
time). An example of the ground truth is shown in Fig.3.3. From step 20000
to step 25000 (200 sec to 250 sec), the ID of the best target is 6. It can be
observed from this figure that at approximately the 27000th step, the primary
target is changed from 6 to 13.
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Figure 3.3: The ground truth of target selection of log file 30 on each time
step.

3.1.3 Data Preprocess

Normalization

Normalization is to preprocess data so that the values fall into a uniform range
of values, such as [0,1]. The normalization can eliminate the influence of data
dimension on modeling and the importance bias caused by some numerical
differences, which can speed up the training and promote the convergence of
the algorithm.

In this project, all features in the dataset are scaled to the range [0, 1] on
the whole data set according to Equations 3.1, where X is a feature before
normalization, X ′ is a feature after normalization. Fig.3.4 is an example of
normalized data.

X ′ =
X −min(X)

max(X)−min(X)
(3.1)

Padding

The data set at each moment contains features up to 22 neighboring vehicles
around the ego truck, but not all the time there are 22 vehicles. When the
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Figure 3.4: An example of normalized data.

number of vehicles is less than 22, zero is used to pad the features of the non-
existent vehicle. This padding is only used for the input data of shared models
in Section 3.2.

Moreover, before converting the normalized data to time-series samples,
zero is used to pad sequences to the same length at the beginning. As shown
in Fig.3.5.

Figure 3.5: Using zero to pad before each sequence.

Time Series

For the Shared-LSTM Network explained in Section 3.2.1, the time series
data is used as input. The network makes decisions based on the timing in-
formation of each vehicle. Therefore, it is necessary to convert the original
single time data sample into time series data samples.

The main arguments of this process are the slice window size and sam-
pling time. The sampling frequency of the original data is 100 Hz, which
means the sampling time is 0.01 second. In order to reduce the difficulty of
network training and the time required for training, it is necessary to set the
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sampling time and resample in each window to reduce the length of time se-
quence. For example, as Fig.3.6 indicates, the slice window size is 5 and the
sampling time is 0.02s. In Fig.3.6(a), the blue shaded part is the first time
series sample. Then sliding the window to get more sample, as the red shaded
part in Fig.3.6(b) illustrates.

(a)

(b)

Figure 3.6: An example of generating time series data. Slice window size is
5, the sampling time is 0.02 second, and the sequence length is 3.

One-Hot Encoding

The data set is labeled as the ID of the vehicle that needs to be selected at each
moment. And the IDs are values from 0 to 22. Usually, machine learning
tutorials suggest preparing data in a specific way. A typical instance is the use
of one-hot encoding on categorical data or integer encoding, which is mainly
for implementing machine learning algorithms efficiently [36].
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If there are natural order relationships between each class, machine learn-
ing algorithms can understand it under integer encoding. Otherwise, integer
encoding is not enough. In this project, there is no relationship between the ID
of each vehicle, so it is necessary to convert the integer encoding to one-hot
encoding. For example, when the maximum integer value is 22, the one-
hot encoding representation of the integer encoding value 5 is represented as
Fig.3.7

Figure 3.7: One-hot encoding representation of the integer encoding value 5,
and the maximum integer value is 22.

Concatenation of Features

For the compare-target network and tree model explained in Section 3.2.2, the
most suitable vehicle is selected as the primary target by comparing the neigh-
boring vehicles with each other. In order to achieve comparison, data need to
be concatenated and relabeled. We concatenated the features of the primary
target with each other surrounding vehicles and labeled 1 or 0 according to
the order of the features.

Take the situation in Fig.3.8 as an example. Vehicle-1 (within the red
frame) and vehicle-2 (within the yellow frame) are surrounding vehicles, and
vehicle-1 is labeled as the primary target.

In Fig.3.9(a), the features of vehicle-1 (target vehicle) is connected with
the features of vehicle 2 (non-target vehicle), and the annotation is 1. In
Fig.3.9(b), conversely, the features of vehicle 2 (non-target vehicle) is con-
nected with the features of vehicle 1 (target vehicle) and labeled as 0.

3.2 Model Architectures
This section mainly introduces the theories and model structures of imple-
mented methods. Two types of models are introduced, the shared model and
the compare-target model. The compare-target model is an original method.
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Figure 3.8: An example of the driving situation [5]. Vehicles within the red
and yellow frames are surrounding vehicles, the blue vehicle is the ego vehi-
cle.

(a)

(b)

Figure 3.9: An example of concatenating features for vehicles comparasion.
In this example, each vehicle has four features.

With shared models, each vehicle can share the same model. When combin-
ing LSTM with the shared network, time series can be used as input, taking
into account the factors of time. The compare-target model can take the in-
teractions between two vehicles into consideration. Moreover, the tree-based
method XGBoost is adopted. Because the samples are imbalanced and the
tree-based model is less sensitive to data imbalance. A summary of the pros
and cons is listed in Table 3.1.
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Table 3.1: A summary of pros and cons of different models. * The compare-
target method is originally proposed in this thesis.

Model Pros Cons

Shared Network
All vehicles share the
same model.

Cannot consider the rela-
tionship between vehicles.
Sensitive to data imbala-
nce.

Shared-LSTM
Network

Share the same model.
Consider time series.

Hard to train. Sensitive
to data imbalance.

* Compare-target
Network

Consider the relations-
hip between vehicles.

Sensitive to data imbala-
nce.

* Compare-target
XGBoost

Less sensitive to data
imbalance than artificial
neural network

Hard to extend the model
to time series data.

3.2.1 Shared Model

Shared Model Structure

The decision at every moment depends on the states of the neighboring vehi-
cles and the ego truck. Therefore, during training, each sample should include
information about neighboring vehicles and ego truck, and neighboring vehi-
cles should share one model.

For instance, when we use an artificial neural network model to evaluate
the semantic similarity between two sentences. A model has two inputs that
are the two sentences to compare. The model outputs a score ranging from 0
to 1, which represents the similarity. Under this scenario, semantic similarity
is a corresponding relationship, and the positions of the two input sentences
can be exchanged. So it is unreasonable to train two models separately to
handle two inputs. Instead, these two inputs should be evaluated using the
same model [37, 38]. Similarly, in this project, each input (information on
neighboring vehicles) is exchangeable. For this reason, it would not make
sense to learn several independent models to process each neighbor vehicle.

The purpose of using the same model can be achieved by the shared model
structure. The structure of shared model is shown in Fig. 3.10. The signals
of neighboring vehicles are input to the same model, and the corresponding
outputs are obtained. The loss function is based on these outputs.
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Figure 3.10: Shared model Structure.

Shared Network

The structure of a shared network for target selection is proposed, see Fig.
3.11. The input layer of the model has two parts. The left side input layer
inputs the features of the ego truck. The right side layer inputs the features of
the neighboring vehicles. The description of the features is shown in Section
3.1.3. For the hidden layer, the features of the ego truck are connected to two
fully connected layers. The features of neighboring vehicles are connected to
two shared fully connected layers and the activation function is ReLU. The
output of each surrounding vehicle feature of the shared model is respectively
concatenated to the output of the ego truck features. Then the model inputs the
concatenated signals into a shared fully connected layer The sigmoid function
is selected as the activation function. The outputs of this layer are concate-
nated. Finally, connecting the result to a fully connected layer and setting the
softmax function as the activation function.

Shared-LSTM Network

The raw data contains information over time. Thus we consider taking a time
series as input and making decisions with the timing information of each ve-
hicle. The information of time sequence data is introduced in Section 3.1.3.
For the model structure, the structure of the shared-LSTM network is similar
to that of the shared network, see Fig. 3.12. The difference of shared-LSTM
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Figure 3.11: The model structure of shared network.

network is that the first fully connected layer after the input layer is replaced
with LSTM and tanh is selected as the activation function.

3.2.2 Compare Target Model

Compare Target

When making decisions, the state of one of the neighboring vehicles affects
the decision to other vehicles, as an example shown in Fig. 3.13. In Fig
3.13(a), the probability of selecting vehicle-1 (within the red box) as the pri-
mary target is higher than the probability of selecting vehicle-2 (within the
yellow box). In Fig 3.13(b), the state (position, speed, etc.) of the vehicle
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Figure 3.12: The model structure of shared-LSTM network.

1 is almost constant, but since the state of the vehicle-2 changes, the proba-
bility of selecting the vehicle-1 as the primary target is very low. Therefore,
it is necessary to consider the relationship between vehicles. As illustrated
in Section 3.1.3, the features are concatenated to learn the effects of features
between vehicles. Ideally, the relationships between all vehicles should be
considered together. Due to computational limitation and model complexity,
we only consider the relationship between two vehicles.

For the strategy of target selection, the features are concatenated in pairs
between all detected vehicles, and the output should be 1 or 0. The primary
target selected at each moment is the vehicle with the largest sum of outputs,
where they are the first in the pair of features. This method can be explained
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(a) (b)

Figure 3.13: An example for influences between vehicles [5]. See the main
text for detailed explanation.

by Equation 3.2. F stands for the machine learning model and ⊕ represents
the operation of concatenation. x stands for the features and i, j are the ID of
vehicles.

target = argmax
i

∑
i 6=j

F(xi ⊕ xj). (3.2)

In this project, a multi-layer artificial neural network and a tree model
were used to achieve the comparison. It should be noted that the data set
used for the models in this section is not in time sequence but still on a single
moment. The reason is by comparing the results of the shared network and
shared-LSTM described in Section 4, the improvement of the result is not
obvious when using time sequence as input, and the difficulty of training and
the time required increased.

Compare-Target Network

The structure of the compare-target network is shown in Fig. 3.14. This
model’s purpose is to achieve binary classification. The input layer of this
model has also two parts. The inputs on the left side are the features of the
ego truck, and the inputs on the other side are the features of the neighboring
vehicles. The specific information of the features is described in section 3.1.3.
In the hidden layer, the features are transmitted to two fully connected layers.
The activation function of the first layer is ReLU and the activation function
of the second layer is sigmoid.
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Figure 3.14: The model structure for compare-target.

Compare Tree

In addition to using artificial neural networks, XGBoost is also adopted. The
principles of XGBoost and the reasons for using this algorithm are described
in Section 2.2.2.

3.2.3 Network Fine-Tuning

A common problem in machine learning application is data imbalance that
some classes or situations have a significantly low number of samples [39].
Data imbalance is also a problem in this project. Although the amount of
data is large, there are only a few data for some cases. In the data set, some
vehicle lane change situations are more important, and it is usually neces-
sary to change the primary target in these situations. However, the number
of samples for these situations is small in the data set, and the number of
change targets is shown in Appendix A.1. The number of these situations is
particularly small compared to the total data set, which means the situation of
imbalance is severe. This problem leads to unsatisfactory performance in rare
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situations (lane change). Methods of coping with imbalance are studied for
machine learning models. Random majority under-sampling [40] is adopted
here.

The specific implementation process is divided into the following steps:

1. Extract the data of target-change situations as well as the data before
and after target-change situations in a limited time window (We can
infer the target-change situation by the change of the ID).

2. Random sampling in the whole data sets, making the number of sam-
ples in common situations balanced with the number of samples of the
target-change situations.

3. Use the original data set to train and save the model first. Then use the
balanced data to fine tune the saved model after adjusting learning rate.

It is emphasized that the training use the whole training data set first and
then fine-tuning the model with the extracted balanced data set, instead of
directly using the extracted subset. There are two main reasons:

1. There are many different kinds of situations in the whole data set, and
training should include as many situations as possible. However, the
data are not labeled for these situations.

2. The number of samples of the extracted subset is too small, and it is
unreasonable to train with such a small set directly.

3.3 Exceptional Situation
In the process of driving a vehicle, it is not always necessary to select a vehicle
as the primary target. When there is no suitable vehicle as the primary target,
there is no need to use adaptive control to keep the ego truck and other vehicles
at a time gap. Therefore, making a judgment on whether or not to choose a
target is an important step.

For the shared network and shared-LSTM network, a threshold is set to
determine whether the target should be selected. For these two model struc-
tures, as presented in Fig 3.11 and Fig 3.12, the outputs shared layers (purple
blocks) stand for the probability of selecting one vehicle as the primary target.
If this value is smaller than the threshold, the corresponding vehicle should
not be selected.
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For the compare-target model, the threshold cannot be applied directly.
Since the output value in compare-target model stands for which vehicle is
more suitable as the primary target. So we reuse the shared layers in the
shared network. As indicated in Fig. 3.15, firstly, the most suitable target is
determined by the compare-target model, and then the features of this target
and the features of the ego truck are input into the shared network, and the
output value is calculated. If the output value is smaller than the threshold, no
target should be selected at this time.

Figure 3.15: The strategy to determine no target should be selected.

3.4 Evaluations
In this project, the evaluation consists of two parts: the accuracy of the selec-
tion and the cost of selection.

• Accuracy
The accuracy is the evaluation criteria. The definition of accuracy is
indicated in Equation 3.3.

accuracy =
Ncorrect

Ntotal

(3.3)

Ncorrect represents the number of correct Selection, Ntotal is the total
number of time steps. The definition of correct selection is the target
selected by the machine learning model the same as the human label.

• Cost
Besides the accuracy, collision avoidance acceleration (CAA) cost and
distance cost were also adopted as an evaluation criterion of the target
selection performance. The reason to use this criterion is when the
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selected target is not the correct target the impact of different choice
is different. The total cost is 0 when the selected vehicle is the same
as the labeled vehicle. If the impact of selecting one vehicle is similar
to the result of selecting the correct vehicle, the cost is low. However,
if choosing a vehicle that will lead to a bad result (affect the safety),
the cost will be high. This cost is based on Scania’s algorithm, so the
details of this cost will not be described in this report. It is only used in
Chapter 4 to evaluate the performance of the machine learning models.



Chapter 4

Results

This project’s objective is to explore machine learning methods for adap-
tive cruise control target selection. The methods introduced in Chapter 3
(shared network, shared-LSTM network, compare-target network, and XG-
Boost model) are implemented, analyzed, and compared in Section 4.1. A
case study is presented in Section 4.2.

4.1 Comparison and Analysis
The data set used by each model in the experiment was the same. The final
evaluations in this experiment were based on the same test set, showing the
best performance achieved by each model. The experimental settings and
details can refer to Appendix B.1 and Appendix B.2. The accuracy and cost
of the models introduced in Section 3.2 are listed in Table 4.1.

Table 4.1: The accuracies and costs of the target selection methods on test
data.

Model Accuracy(%) Cost
Shared Network 90.16 159.65
Shared-LSTM Network 91.94 141.02
Compare-target Network 93.79 144.31
Compare-target Network
(Fine-tune)

94.39 133.81

Compare-target XGBoost 94.85 130.23

In the time series model, LSTM is used to extract important information
from the time series. As Table 4.1 indicates, the best performance of the

32
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shared network is 90.16%, the best performance of the shared-lstm network
is 91.94%. Since the decision mainly depends on the current moment, the
information from time-series is not too much. Thus the improvement is not
obvious. In addition, due to the use of the recurrent neural network, the train-
ing is more difficult, and the training consumes more resources and time. For
these two reasons, in the compare-target model, instead of considering time
sequences, only data at a single moment is used as input.

By comparing the shared network with the compare-target model, it is
obvious that the performance of the compare-target model is better. The ac-
curacy of the compare-target network and the compare target XGBoost could
reach more than 94%. The reason that the compare-target model performs
better can be seen as that the compare-target methods take the interrelation-
ships between the vehicles into consideration. At any moment, the decision
on a vehicle is not based individually on the information of this vehicle. Each
vehicle influences each other.

The result of the compare-target network (fine-tuned) is obtained after the
fine-tuning on the compare-target network using the method mentioned in
Section 3.2.3. The result has improved a bit after fine-tuning. Here is an ex-
ample of the performance of a compare-target network on log file 78, see Fig
4.1. As observed in this figure, from the 5000th step to 8000th step, the selec-
tion is not stable and smooth enough. Between the 10000th step and 10500th
step, there is a vehicle that tries to cut-in (see Fig. 4.2), but the correct vehicle
is not selected in time. One of the factors that led to this phenomenon is data
imbalance and noisy. After the fine-tuning (see Fig. 4.3), the performance has
been improved. Especially between the 6000th step to 8000th step, the selec-
tion process is smoother. Also, the selection performance on cut-in condition
is better.

4.2 Case Studies
In this section, the performance of the algorithm is analyzed for specific situa-
tions in the test set and some target selection results are displayed. The results
of the algorithms in this section are based on the compare-target XGBoost.

According to the results of the previous section, the machine learning-
based approachs can achieve a high accuracy overall. That is, the selected
target is similar to the target selected by the human driver. For example, in Fig.
4.4, the target selected by the algorithm (the vehicle in the yellow rectangle)
is the same as the choice of human drivers. However, in some cases, the
results of machine learning are different from what we expect. As shown
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Figure 4.1: The performance of target selection of compare-target network on
log file 78.

Figure 4.2: An example of cut-in situation on log file 78. The vehicle in the
orange box tries to cut-in.

in Fig. 4.5, another vehicle is a better choice for adaptive cruise control.
But the machine learning algorithm still chooses the original vehicle as the
primary target. One of the possible causes is the error from target detection
and sensor fusion. From this figure we can see that the estimate of the lane
placement is different from the real value (real value should be between -1 and
-2). Actually, the estimation of the yaw rate, trajectory, etc. of this vehicle
is also not accurate. This is just one example. Each parameter affects each
other.
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Figure 4.3: The performance of target selection of compare-target net-
work(fine tune) on log file 78.

Figure 4.4: An example of target selection, explained in the main text
(example-1).

By analyzing the state at the next moment (see Fig. 4.6), we found that the
estimated lane placement of the white vehicle is between -1 and -2 (-1.80), and
this vehicle is selected as the primary target. From the results of these three
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Figure 4.5: An example of target selection, explained in the main text
(example-2).

moments, one conclusion that can be initially drawn is that the model learns
the impact of the lane placement on the target selection. However, due to the
existence of errors and noise, the most suitable choice cannot be made at all
times.

Except for these rare situations, the model performs well. The perfor-
mance of the algorithm in two real highway environments is shown as Fig.
4.7 and Fig. 4.8.
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Figure 4.6: An example of target selection, explained in the main text
(example-3).
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(a) (b)

(c) (d)

(e) (f)

(g) (h)

Figure 4.7: An example of the performance of the compare-target XGBoost
on real highways (log file 32). The red lines represent the lane. The green
cuboids represent the detected vehicles. The yellow rectangle represents the
target selected by the machine learning algorithm.
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(a) (b)

(c) (d)

(e) (f)

Figure 4.8: An example of the performance of the compare-target XGBoost
on real highways (log file 53). The red lines represent the lane. The green
cuboids represent the detected vehicles. The yellow rectangle represents the
target selected by the machine learning algorithm.
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Discussions and Future Work

This chapter discusses the results displayed in Chapter 4. Some problems
are also analyzed, such as data imbalance and no target should be selected,
together with the possible directions for future work.

The data imbalance is a very severe problem. Even after fine-tuning with
a balanced data set, the performance in some important situations is still not
ideal. Some possible reasons can be found by analyzing existing data sets.
The number of log files is 26, each file lasts about 4-5 minutes, the total dura-
tion is more than 100 minutes. However, for machine learning, this number of
data sets may be still insufficient. Moreover, the distribution of the situations
is imbalanced, which is not suitable for machine learning. Through Appendix
A.1, we know that there are only 137 target changes in the data set (some of
which are not vehicle cut-in or cut-out situation). Thus, the amount of data
in these rare cases is insufficient. When we use time sequences as input, the
network is expected to detect cut-in situations. Due to the data insufficiency,
the improvement is not obvious. For the data set imbalance problem, more
data need to be collected, especially the situations of vehicle cut-in. Also,
data augmentation could be adopted to increase the amount of training data.
Since the situations of vehicle cut-in and lane change are essential, this type of
situations can be labeled. In the future, decisions can be made by predicting
the lane change behavior of the vehicle.

In the process of driving, not all the time we can find a suitable neighbor-
ing vehicle as the primary target. In Section 3.3, a method is proposed for the
shared models and the compare-target models to determine to choose or not
to choose any target. However, this method needs to set a hyper-parameter
threshold, which is difficult to decide. It is also considered that the set value
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is not necessarily suitable. As for this threshold, a possible solution is to la-
bel the vehicles that can be selected as targets. Then we can train a model to
determine whether a target can be chosen.

The best result is obtained by the compare-target model. The relationship
between any two vehicles is considered in this model. However, the rela-
tionship between all vehicles is not considered at the same time. Because if
considering the intrinsic relationship between all vehicles at the same time,
the dimensions of the data will be extremely large, which increases the dif-
ficulty of model training. The data need to be learned in a suitable format.
A possible method to consider all vehicles together is to convert the origin
features to graphs. As shown in Fig. 5.1, using different colors and shapes to
represent vehicles, trucks, lanes, and paths . In this way, we can use convolu-
tional neural networks to extract features and consider the spatial relationship
between vehicles. However, it is difficult to convert the raw data to images
without losing information and extracting the correct features. The method
of convolutional neural network finally reached an accuracy of 86.34%. Be-
cause the training requires much time and the results are not satisfying, it is
not introduced in the main work. However, this method is worth exploring.

The objective of this thesis is exploring machine learning based methods
for adaptive cruise control target selection. In fact, it is not necessary to use
machine learning in all scenarios, even though machine learning has achieved
excellent results in many applications. Making decisions by modeling the
motion of surrounding vehicles and road conditions could make the results
more reliable and controllable.
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(a) (b)

Figure 5.1: Convert the raw data to images. Using a white rectangle to rep-
resent the ego vehicle, green rectangles to represent the neighbor vehicles,
white lines to represent lanes and paths. Gaussian filters are applied to repre-
sent confidence.



Chapter 6

Conclusion

The objective is to develop a machine learning based solution for adaptive
cruise control target selection that could select a primary target which is suit-
able for the human driver. Data collected on roads are fused for target selec-
tion. In order to apply machine learning algorithms for selecting a primary
target for the adaptive cruise control system, the data is labeled and prepro-
cessed. In this thesis, mainly two methods are developed. The shared network
shares the same hidden-layers for neighboring vehicles. Based on the shared
network, we use LSTM units to replace the first fully-connected layer to train
the time sequence data. The performance has been improved after consid-
ering the time series. But there is no significant difference since the deci-
sions mainly depend on the current condition. We proposed a compare-target
method to consider the relationship between vehicles. The performance of the
compare-target network is better than shared models. Because the data set is
imbalanced and noisy, a tree-based method XGBoost is adopted. A strategy
of fine-tuning is adopted to reduce the impact of data imbalance. Comparing
the four machine learning methods w.r.t. the test accuracy and the cost, the
compare-target XGBoost model performed best with an accuracy of 94.85%
on the testing set.
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Appendix A

Data Information

A.1 Information about Log Data

Table A.1: Information about log data. Log ID is the ID the log file in the
database.

No. Log ID Time (sec) Number of Target Changes
1 22 30056 3
2 23 29501 12
3 28 30049 9
4 29 30048 5
5 30 30053 6
6 32 30054 3
7 36 30054 6
8 44 18056 5
9 47 36091 0

10 50 29947 1
11 51 30056 0
12 52 30056 1
13 53 30054 5
14 54 27306 3
15 55 30059 0
16 58 30041 5
17 62 30046 3
18 64 30048 2
19 70 27716 2
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20 71 3301 0
21 72 30043 13
22 73 15599 13
23 78 30045 8
24 79 30046 9
25 81 17771 9
26 82 14620 11
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A.2 Signal Description

Table A.2: Description of features of ego truck and neighbor vehicles
* In this thesis project, more features were used. But due to the confidentiality
agreement with SCANIA, it is not allowed to display other features.

Feature Description

position x Longitudinal distance from ego truck
velocity x Longitudinal speed
position y Lateral distance from ego truck
velocity y Lateral speed

relative velocity x
Relative speed calculated from egoSpeed,
egoYawRate, and fusion track absolute speed

relative velocity y
Relative speed calculated from egoSpeed,
egoYawRate, and fusion track absolute speed

age
age = 0, means dead track.
age >0, number of steps the truck alive

length Length of fusion track
width Width of fusion track
sensor Id Associated sensor Ids
type Fusion track type, e.g. car, heavy-vehicle etc
lane placement Lane the fusion track is in
lane confidence Lane confidence
path placement The path the fusion track is on
path confidence Path confidence
vehicle speed x Longitudinal speed of ego truck
Others *



Appendix B

Detailed Experimental Setup

B.1 Hardware and Software Setup
Experiments were implemented on a mobile workstation, HP ZBook Studio
G5 Mobile Workstation, with a Intel(R) Core(TM) i7-8850H CPU 2.60GHz
processor, a Quadro P1000 4GB GPU and 16GB RAM. To simulate and un-
pack the data set, MATLAB and Simulink were used. And pandas, a Python-
based library was used for data access. To implement the artificial neural
network and tree models, the Python-based framework TensorFlow, Keras,
xgboost, deepctr, scikit were used. The details of the platforms and libraries
of this project are shown in Table B.1.

Table B.1: The version of platforms and libraries

Platform or Library Version
MATLAB R2017b
Python 3.6.8
CUDA 9.0.1
CUDNN 7.3.1
TensorFlow 1.10.0
Keras 2.2.4
scikit-learn 0.20.2
scikit-image 0.14.0
xgboost 0.82
OpenCV 3.4.2
deepctr 0.3.1
pandas 0.24.1

51



52 APPENDIX B. DETAILED EXPERIMENTAL SETUP

B.2 Experiments Details
• Data Split

15% of data are split as testing data. Other data are divided into training
data and validation data. To be specific, 4 log files are split as testing
data, and the other 22 log files are used for training and validation.

• K-fold Cross-validation
K-fold cross-validation is applied. The original data samples are ran-
domly divided into k equal sized subsamples. Of these k subsamples,
one single subsample is used as the validation data. The remaining k-1
subsamples are retained as training data. The cross-validation process
is then repeated for k times [41]. Here k is 10.

• Optimization Algorithm and Hyper-parameters
The optimization algorithm Adam [42] was adopted in all neural net-
work methods. The networks are trained for 20 epochs and the batch
size is 100, the initial learning rate is 0.001.

• Initialization
The weights of neural networks are initialized with He-Normal initial-
ization.

• Regularization
L2 regularization term is applied in the neural network for weight decay
to reduce the influence of over-fitting. The value is 0.00001.

• Learning Rate Decay
The learning rate will be reduced when the metric has stopped im-
proving for 3 epochs. The factor of learning rate decay is 0.1 that
lrnew = factor × lr.

• Early Stopping
The training will be stopped when the metric has stopped improving for
10 epochs.
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