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Abstract

Traffic accidents cost many lives every year and can cause significant economic losses.
The vast majority of accidents are caused by human drivers, especially when they are
trying to change lanes or overtake. Indeed, during these maneuvers, the probability of
traffic accidents is higher. Yet the vast majority of accidents can be avoided. In recent
years, the buzz about self-driving cars has grown. Purely self-driving cars can help reduce
traffic accidents, increase traffic efficiency and save energy. However, overtaking is one
of the most difficult and complex tasks in autonomous driving technology. Overtaking
and lane changing not only involves judging the surrounding environment, maintaining
lanes and judging the right time to change lanes, but also requires precise control of each
key component of the vehicle.

In order to realize the overtaking function, many researchers have researched vehicle-
based solutions, which aim to enable cars to detect road conditions through their own
sensors, and then calculate the right time to make a lane change through the on-board
system. With the boom of communication technology and 5G, V2X-based solutions for
lane change decision making emerged. There are localized solutions that rely on the
exchange of information between cars and ultimately the car itself makes the decision to
change lanes. There are also centralized solutions where a server collects data from
vehicles, and leverages it to perform centralized and optimized decision, thanks to its
wider view of the situation on the road. Based on the collected data, the server can predict
and react to the vehicle’s actions in advance with the help of appropriate artificial
intelligence models. This proactive response strategy helps the server to identify potential
problems on the traffic in advance, thus further enhancing road safety.

In this thesis, three neural network models for centralized maneuver management
predictions are proposed and tested. These models predict the probability of each vehicle

to make a lane change based on the collected vehicle operation information. The purpose



of the models is to enable the server to coordinate the operation of vehicles in the area
based on these probabilities, so that vehicles that have a higher probability of making a

lane change can obtain a safer lane change environment.
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Chapter 1 Introduction

1.1 Problems and Background

With the growth of economy, the traffic demand grows day by day. The problems raised
by traffic growth is one of the major concerns in countries all over the world. Traffic
safety is a top priority among all the issues. According to the WHO statistics, around 1.3
million people died in traffic accident around the world every year. 20 to 50 million people
suffered non-fatal injuries and many disabled as result[1]. Traffic accidents also bring
huge economical damage. Losses due to road traffic collisions account for 3% of GDP in
most countries, while economic losses in low- and middle-income countries even reach
to 5% of GDP.

Among all the causes of traffic accidents, human factors account for 94%, for example,
driver fatigue, panic, lack of experience and the human response time. It is more likely to
cause an accident when the driver intends to lane change or overtake. Traffic accidents
have been one of the major causes of fatal and severe injury for years, yet most road traffic
crashes are predictable and preventable. Humans have been the major uncertainty in road
traffic system.

Compared with humans, self-driving cars can eliminate dangerous driving behaviors such
as fatigue driving and drunk driving with their all-around perception systems, intelligent
decision-making systems and precise execution systems without the human driver
intervention. In addition, autonomous vehicles perform better in obeying traffic rules, and
can prevent possible traffic violations in human drivers. Autonomous vehicles can also
pre-perceive the surrounding environments through the fusion of their sensors and
vehicle-road collaboration technologies, which can avoid risks in advance and reduce the

incidence of accidents effectively.



Over the past few decades, Autonomous driving has raised great interests in giant
companies like Google, Meta and Apple. With the continuous improvement of automation
system technology in the automotive industry, SAE, the International Society of
Automotive Engineers, has graded the driving automation of vehicles into six levels[2]
from LO where vehicles are manually controlled to L5 where no human intervention is
needed in any circumstances, as shown in Figure 1.1. The market share of autonomous
vehicles has gradually increased in recent years. Many vehicles are equipped with L2
level autonomy. However, true self-driving cars still do not exist today, despite the efforts
of many research institutes and companies in this field. One of the major problems is
accountability. Autonomous driving technologies still face many practical challenges,

especially in complex traffic scenarios, or in adverse weather conditions.
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Figure 1.1 SAE Vehicle Autonomy levels[3]
Nearly 75% of traffic accidents are raised by driver’s failure to recognize a dangerous
lateral maneuver. Therefore, developing and exploiting automated overtaking system is
necessary to reduce human error and has the potential to save lives and reduce injuries.
Overtaking is one of the hardest and most complicated tasks in autonomous driving
technology. Control strategies and electronic control systems such as steering and brake

control involves dynamic and complicated tasks. Autonomous overtaking requires not



only high-accuracy environment perception technology to detect surrounding traffic
conditions, but also predictions of potentially time-critical decisions and action
implementations. Autonomous and semi-autonomous vehicles need to be able to handle
complicated driving actions, such as keeping lanes, changing lanes and overtaking which
are necessary in typical driving conditions. Key factors for a safe overtake maneuvering
including the timing to overtake, maintaining the safe distance with the overtaken vehicle
and safely merging to original lane or keeping safe distance with leader vehicle when
failing to overtake. Therefore, an automated overtaking system needs to be capable of
evaluating the current traffic condition in order to make decision on whether it is possible

to perform a safe overtaking and manage the vehicle speed and steering.

1.2 Relevant Works

There are many researches focusing on overtaking systems for self-driving vehicles. Liu
et al.[4] analyzed the features that affect the autonomous lane change. wang et al.[5]
modeled an approach on generating the optimal land change times and accelerations
based on game theory which can be applied to both autonomous and connected vehicle
systems.

The problem of autonomous lane changing can be broken down into three sub-problems:
decision making, trajectory planning and trajectory tracking. Many studies have been
carried out with different considerations in all three areas. Lin et al.[6] proposed a safe
overtaking maneuver procedure based on time to lane crossing estimation and the Model
Predictive Control (MPC) scheme. Mehmood et al.[7] addressed that trajectory planning
in MPC approach is complex and developed an overtaking trajectory planning with
quintic polynomial and trajectory tracking with the help of PID controller. But their model
only considered kinematic model of car, no dynamic models are included. Some
researchers have tried to make cars mimic the behavior of human drivers in some ways.
Zhu et al.[8] proposed an overtaking model based on Bezier curve. They tried to mimic

the trajectory tracking approach of human drivers where strict trajectory curve tracking



was not required and considers only the angle between horizontal plane and vertical plane
and the horizontal distance. Naranjo et al.[9] proposed a two-layer fuzzy controller
architecture a contiguous reference of lane GPS for overtaking maneuver. Safety is one
of the basic criteria for self-driving cars, therefore, many scholars have designed their
automatic lane change models from the perspective of safety. Cui et al.[10] proposed a
automatic lane change model with the decision model based on minimum safety distance,
the lane change trajectory based on fifth order polynomial lane change trajectory function
and the trajectory tracking based on sliding mode control strategy. Wang et al.[11]
proposed their model based on the estimation of the conflict probability. The overtaking

process is carried out in tracking a safe conflict probability use MPC.

The overtaking systems listed mainly focus on standalone autonomous vehicles which
use the data collected by its own cameras and sensors. Although they have been proven
in field tests, there still are some flaws. Petrov et al.[12] considers them as backup on-
board solutions when connected vehicles are not available such as when the vehicles are
in rural areas. The sensing range of on-board sensors is limited, and can only detect
adjacent vehicles, but cannot detect objects blocked by adjacent vehicles. In addition,
there is no cooperation between vehicles which makes it less efficient to perform a

complicated maneuver.

1.3 Cooperative Maneuver

The limitations mentioned above can be tackled by V2X. V2X, or Vehicle-to-Everything,
is the communication between vehicles and its surroundings through dedicated wireless
networks. It is one of the supporting technologies for smart cars and smart transportation.
V2X includes various communication scenarios such as V2V (Vehicle-to-Vehicle), V21
(Vehicle-to-Infrastructure), V2P (Vehicle-to-Pedestrian), V2N (Vehicle-to-Network)[13].

Figure 1.2 illustrates the application scenario of V2X. The purpose of V2X is to reduce



traffic accidents, reduce traffic congestion, improve traffic efficiency, and reduce vehicle
pollutant emissions. V2X is also an important tool to realize autonomous driving. It can
increase the sensing range by communicating between cooperative sensors to make up
for the lack of sight distance of on-board sensors such as cameras and radars. This can
also improve the vehicle ability of operation and perception at intersections and under
harsh weather environments.
There are two types of V2X technologies using different wireless technologies: Dedicated
Short Range Communication (DSRC)[14] based on WLAN and Cellucar-V2X (C-V2X)
[15] originally based on LTE. DSRC enables V2V and V2I. The low latency of WLAN
makes it well suited for V2X communications, but its coverage limitations also limit the
reach of DSRC. V2X senders form ad-hoc networks when they enter each other’s
communication range. Their communication delay can reach milliseconds level, meet the
time requirement of vehicle information interaction. The communication range is
generally in the tens of meters. C-V2X is a more recent V2X communication which
enables V2N in addition to V2V and V2I. It allows devices communicating directly over
the PCS5 interface which is called ‘sidelink’. It also allows devices communicating with
base station in the traditional cellular network way over the Uu interface which is referred
to as V2N and is unique in C-V2X. The limitations of 4G networks in terms of latency
and available channels also affect C-V2X to some extent.
With the help of 5G network, V2X can:

1. Use millimeter-wave spectrum to increase spectrum bandwidth and realize ultra-

high-speed data transmission

2. Reach more than 1Gb/s throughput, with better network coverage uniformity

3. Achieve millisecond-level end-to-end latency

4. Enable penetrating augmented reality to view feedback from vehicles ahead and

spot vulnerable road users



Figure 1.2 V2X application scenario[16]

Cooperative maneuvering (CM) for V2X enables a group of autonomous vehicles to
coordinate their driving according to a common centralized or decentralized decision-
making strategy. Cooperative maneuvering can assist vehicles to change lanes at a more
appropriate speed and timing. Vehicles exchange speed, position, intended
trajectory/maneuvers and other useful information with each other[17]. The on-board
system can then derive an optimized driving strategy with these information.

Cooperative maneuvering can be achieved through localized or centralized strategy. With
Localized Cooperative Maneuvering (LCM), every vehicle needs to be aware of
neighboring vehicles. If a car wants to change its lane, it needs to judge whether there is
a safe lane change condition based on the information collected from surrounding
vehicles and communicate with them to obtain a safe lane change environment. Hafner et
al.[18] successfully implemented a cooperative maneuvering system with the complex
vehicular interaction protocol (CVIP) with a delay lower than 500ms. Due to the need for
the vehicle to locally run all the communication and control algorithms, there will be
higher requirements for the on-board chip. However, the reality is that the computing
power of the chip that most cars are equipped with is not as powerful. Through the
wireless network, the negotiation is carried out by the vehicles themselves, which also
puts forward requirements on the format of the transmitted signal. The content and format

of the signals transmitted by cars of different brands to the outside world need to be



consistent, otherwise the car home will not be able to communicate due to the car brand,
which is not desirable in autonomous driving.

In Centralized Cooperative Maneuvering (CCM), the server will collect all vehicle
information within a certain area. The Server Local Dynamic Map (S-LDM) proposed by
Raviglione et al.[19] can serve as a bridge between cars and other highly automated
maneuver management MEC services. It collects massive amounts of information from
many cars and combine it with historical data to provide a map containing lane change
related data for cars and other MEC services. Therefore, the server has an overview of the
traffic flow in that area. Infrastructures can provide advices, notifications, or information
that vehicles can utilize to coordinate maneuver[20]. Based on the collected traffic flow
data, the server can calculate the appropriate gap from the leaders and followers for the
vehicle that makes the lane change request, and coordinate with surrounding vehicles to
obtain the desired gap. Because the global perspective of the server, it is easier to get a
globally good solution. With its global view, the server can combine the needs of all
vehicles in an area and get a reasonable solution for them, so that vehicles with lane
change needs can achieve a smoother transition process. The centralized approach can
also respond quickly to abnormal situations and adjust the trajectory of all cars. In the
centralized scheme, the server can adjust the vehicles under its govern at any time in
response to a change of traffic conditions, thus making the overall traffic flow more
smoothly and improving the traffic efficiency. What's more, if the server can predict the
possible lane change requests in advance based on the change of the car's driving status
and the car's trace log, then it can propose a solution considering both the current and
future needs and deploy it in advance for future situations. In this way, when a car does
request a lane change in the future, its demand can be satisfied in a short time, which

further improves the smoothness and efficiency of the traffic system.



1.4 Thesis Structure

As mentioned earlier, this thesis considers a centralized scenario. The main goal of this

work is to obtain a machine learning model, so that the server can use the model to predict

the lane change probability of each vehicle in the area it manages based on the collected

information. According to the model output, server can coordinate well in advance the

operation of other vehicles around the vehicles that are predicted to have high possibility

to change lanes, so that those vehicles can safely change lanes.

The thesis is divided in five chapters:

Chapter 1 introduces the background and main motivations of this thesis.

Chapter 2 describes the main theoretical concepts and simulation tools used.
Chapter 3 introduces the model setup process. Firstly, the input data format on the
machine learning algorithms is described. Then, the algorithms themselves are
introduced. And finally, the evaluation metrics used are described.

Chapter 4 describes the simulation process, the trained model and the model
performance evaluation.

Chapter 5 summarizes the project and describes some future work that may exploit

more model possibilities.



Chapter 2 Relevant Theory

In this chapter, the simulation tool and the relevant theory of our research are discussed.
This thesis uses a server-client model to predict the probability of a vehicle taking a
maneuver action while travelling on a motorway. Each vehicle acts as a client which
constantly send its driving condition to the server, such as its position and speed. The
server is able to collect data of vehicles driving in a local area and make a prediction on
whether a lane change is likely to occur, in order to timely control the maneuver in an
automated way. Concerning the data collection, SUMO is leveraged as a simulation tool
and its output is considered as the data stored in the server. To make a prediction, several

machine learning methods are considered.

2.1 SUMO

SUMO (Simulation of Urban Mobility) is an open-source multimodal traffic simulator.
The multimodal characteristic makes it capable of combining different modes of
transportation and vehicle types. SUMO is a microscopic simulator, which operates at the
level of each individual object[21]. It models all vehicles, pedestrians and public transport
individually. Maps for traffic simulation can be created by users or imported from reality.
Users can choose to use a defined set of configurations for the simulation to run
automatically or control the simulation process with the Traffic Control Interface (TraCl).
SUMO allows to collect a large number of different metrics and information such as
vehicle position over time and vehicle emissions. The output can be vehicle-based,

simulation-based or traffic lights-based. In this thesis, the most useful output is



represented by the raw vehicle position dump[22] and the lane change output[23].

A typical sumo simulation consists of the following five parts[24]:

1.

Network Building

SUMO road networks are encoded as XML files with filename extension ‘.net.xml’.

The network file describes all parts related to traffic in a map, including the roads, the

pedestrian and the traffic lights. The main components in a SUMO network file are:

® FEdges. Edges represent the roads or streets. Each edge contains a certain number
of lanes internally. The outermost lane is labeled as lane 0 and the inner most
lane has the largest lane id. The position, shape and speed limit of every lane are
also included. The edges in SUMO network are unidirectional.

® Traffic Light logics.

® Junctions. Junctions represent the area where different streams cross. For
example, if there is a change in the number of lanes, or there is a crossroad, the
area where different edges met is recorded in junctions.

® Connections. Connections describe how different lanes are connected, especially
within junctions. The incoming lane and the outgoing lane are recorded in a
connection, as well as the traffic light logic that controls the traffic flow in the
connection if the connection is controlled by a traffic light.

SUMO provides a tool called ‘netedit’. User can choose to set up a map by hand or

import a network from elsewhere. SUMO also provides a tool called ‘netconvert’ if

the user wants to import real-world maps. With netconvert, user can filter the map and

import only the desired road components.

In this thesis, only motorways are simulated, therefore no traffic light and pedestrians

are involved in the simulation.

Demand Modelling

Demand in a SUMO simulation represents the traffic flow and the file extension is

“rou.xml’. It includes the moving components in a network and their characteristics.

The vehicle types and their characteristics need to be specified in this traffic demand

10



file. The amount of vehicles in a simulation and the route that each vehicle takes need
to be declared too. There are two ways of defining a vehicle’s route, one called ‘trip’,
the other called ‘route’. With a trip definition, only the starting edge and the
destination edge are mandatory while all the edges that a vehicle will pass need to be
specified within a route. SUMO enables various demand generation method. User can
choose to write demand by hand, use randomized measures, or import from other
sources.

The routing configuration in this thesis will be described in detail in Chapter 3.
Simulation configuration

The SUMO simulation process can be managed either through a GUI (Graphical User
Interface) or command line. The user thus needs to specify which XML files SUMO
needs to use. Some additional configuration files can also be specified, such as the
ones managing traffic light phases, bus stops and rerouters. The related XML files
should be specified to SUMO as additional files. The time period of a simulation
needs to be defined in the configuration part as well as the time step length. The time
step length needs to be between [0.001, 1.0] which means the step length should be
at least 1 ms and at most 1 second. The default value is 1 second. The final part of the
configuration is related to the outputs. The output content and the location to store the
desired output need to be specified in this stage.

Simulation

With all the necessary modules, the SUMO simulator will read the network first. Then
the additional files are read in the order they are provided. After this step, the network
with all additional details is set up. Then, SUMO will read the route file and start the
simulation process. It will read the first n steps routing configuration, then perform
the simulation for those n steps. The routing of next n steps will be read during the
simulation process.

Simulation Output

SUMO enables the generation of many types of output files and simulation results.



The results can be vehicle based, network-based and traffic lights-based. Taking
advantage of the different types of simulation results, users can obtain a variety of
desired data. The output files generated by SUMO are in XML-format and SUMO
provides tools to convert them into other types, such as Comma Separated Values
(CSV). Furthermore, some metrics related to the simulation status are printed on the

command line every 100 simulation steps.

2.2 Machine Learning Methods

Machine learning, seen as a part of artificial intelligence, has become a trending subject
in modern society. Machine learning algorithms build a model based on training data in
order to make predictions without being explicitly programmed to do so. machine
learning algorithms can find patterns in provided data which might be challenging for
human to manually create. With machine learning, human programmers don’t need to
specify every step needed for a computer to perform a task. A properly built machine
learning model will learn patterns from the training data itself.
Machine learning algorithms are classified into the following four categories in general:
1. Supervised learning
Supervised learning builds a model from a set of data which is known as training
data that contains both the inputs and the desired output. Supervised learning
algorithms include classification and regression. The output of classification
algorithms is restricted to a set of values. If the set is of size 2, the classification
algorithm is also called binary classification. If the algorithm output has more than
2 output labels, it is called multiclass classification. Output of regression algorithm
can be any real number within a range. One classical example of supervised learning
is spam detection. The training data on whether an email is spam is classified by
human expert. Every email will be associated with a label indicating if it is spam.

Typical algorithms for supervised learning include linear regression, logistic

12



regression and random forest.

Unsupervised learning

In unsupervised learning algorithms there is only input data and no specific, defined
output. Since no reference output is provided, the algorithm needs to learn the data
by itself. Learning from enormous amount of data, the unsupervised learning
algorithms may provide previously unknown insights and identify hidden patterns.
Therefore, unsupervised learning algorithms do not necessarily have clear results.
Instead, it investigates the differences or similarities between sample data.
Unsupervised transformation is an application of unsupervised learning which
creates a new representation of the input data that might be easier for human or
other machine learning algorithms to understand[25]. Clustering algorithm is
another application of unsupervised learning. It assigns the data into subsets of
similar items. Unsupervised learning can be used in malware detection, fraud
detection and human error identification during data entry.

Semi-supervised Learning

Semi-supervised learning is a combination of supervised learning and unsupervised
learning. In a semi-supervised learning problem, the dataset contains both labeled
and unlabeled data. In real world, it is easy to collect data but much harder to have
labeled data which makes labeled data more costly in general. Obtaining labeled
data requires human work to do the labelling. With as few people work as possible
as well as relatively high accuracy, semi-supervised learning is getting more
attention. Semi-supervised learning can be useful in pattern recognition.
Reinforcement Learning

Reinforcement learning is a unique type of algorithm. The basic idea behind
reinforcement learning is simple. Take game for example, if a certain gaming
strategy can achieve high score, then this strategy will be ‘reinforced’. AlphaGo
Zero i1s a famous example of applying reinforcement learning. By playing games

against itself, AlphaGo Zero reached the level of AlphaGo Master in 21 days, and

13



exceeds all the older versions in 40 days[26].

2.2.1 Time Series Problem

Time Series Classification (TSC) is an important and challenging problem. Hundreds of
TSC algorithms have been proposed since 2015[27] with the increase of temporal data
availability[28]. Due to their natural temporal ordering, time series data are presented in
almost every task that requires some sort of human cognitive process[29] such as the lane
changing process considered in this thesis. Time series exist in many real-world
applications ranging from human activity recognition to electronic health records.

Deep learning successfully demonstrated its capabilities in many TSC problems. A huge
amount of algorithms has been proposed to solve problems in natural language process
(NLP) field such as machine translation.

A typical deep learning framework for time series classification is represented in Figure
2.1.

time series
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Figure 2.1 Time Series Classification framework[30]

The problem this thesis models is a time series classification problem which try to predict

the lane change probability of vehicles using a time series of collected vehicle information.

Several deep learning models are introduced.
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2.3 Deep Learning

Deep learning, also known as deep neural networks, is part of the machine learning
methods family based on artificial neural network. Deep learning architectures such as
recurrent neural networks and convolutional neural networks have been widely used in
fields including speech recognition, natural language processing, computer vision and
autonomous driving. A well-trained neural network can produce results comparable to
human experts and in some cases even surpassing. The disadvantage of deep learning is
that it usually has higher requirements on hardware devices due to the complexity of the

algorithm.

2.3.1 Artificial Neural Networks

Artificial neural networks were inspired by information processing and distributed
communication nodes in biological neural systems. Figure 2.2 is a schematic of neuron.
A neuron receives signals via the dendrites and soma and send out signals down the axon
which connects to another neuron. The signal a neuron received from other neurons can
be viewed as inputs; the signal it passes down to other neurons can be viewed as outputs.
Human brain is composed of neurons while artificial neural network is composed of
artificial neurons as shown in Figure 2.3. A neuron takes several binary inputs and
produces a single binary output. Each input X; is associated with a weight w;. A weight
is a real number representing the importance of the respective input to the output. By
varying the weights and the threshold, we can get different models of decision-making.

Different types of neurons are distinguished by the activation function which is how the
output is calculated. For a simple type of artificial neuron called perceptron, the binary
output is determined by a threshold value and the weighted sum of each input ), w;x;. If
the weighted sum exceeds the threshold value, a positive output will be produced.
Otherwise, the output will be negative. Today a more commonly used artificial neuron is
called sigmoid neuron. In a sigmoid neuron, the output can be calculated by the following

equation, with a bias term b which controls the threshold of the neuron:
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hO(x) = sigmoid(Z) where Z = b + Y w;x;
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Figure 2.2 Neuron schematic[31] Figure 2.3 Artificial Neuron schematic[32]

An artificial neural network is a layered structure. A typical ANN is composed of an input
layer, an output layer and one or more hidden layers. Each layer is composed by several
artificial neurons and is connected only with its direct preceding and succeeding layer.
Figure 2.4 shows an example of ANN with one hidden layer. Each node represents a
neuron; each arrow represents a connection from the output of one artificial neuron to the

input of another neuron.
Hidden

Input

Figure 2.4 Neural Network structure[33]
The input layer is where the external data are received while the output layer is where the
ultimate results are returned. The layers between input layer and output layer are called

hidden layers. Hidden layers are considered as the core of a neural network. It is the
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weights related to the connection between input layer and hidden layer, between hidden
layers and between hidden layer and output layer that need to be learned and updated at

every learning iteration.

2.3.2 Multilayer Perceptron

A multilayer perceptron (MLP) is a fully connected class of artificial neural network. A
fully connected neural network means that every node in a layer is connected to every
node in the next layer. A MLP consists of at least three layers. MLP usually uses a sigmoid
as the activation function. Learning on MLP is based on the error in the output compared

to the given results. Through backpropagation, the connection weights are updated.

2.3.3 Convolutional Neural Networks

Convolutional neural network (CNN) is a popular Deep learning architecture.
Convolutional neural networks have been widely applied in daily life, such as image
recognition, video analysis, natural language processing, anomaly detection and drug
discovery, etc. Convolutional neural networks are a specialized type of artificial neural
networks that use a mathematical operation called convolution in place of general matrix
multiplication in its layer. It is inspired by human visual system and is specifically
designed to process pixel data and are used in image recognition and processing. CNNs
can reduce data size effectively with the features of an image retained. Images are hard
to handle because the amount of data in an image is huge and the features are hard to be
preserved during the image processing process.

Kunhiko Fukushima introduced the ‘neocognitron’ in 1980. The neocognition introduced
two basic layers in CNN: convolutional layer and downsampling layer. Kunhiko’s work
has been used in pattern recognition tasks and has been the inspiration for convolutional

neural networks.
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Figure 2.5 Typical CNN structure[34]

Figure 2.5 shows a typical structure of a CNN. Take image recognition as an example, a

CNN is usually consisting of the following layers.

1.

Input layer

The input layer is to input the original data or data preprocessed by other algorithms
into the convolutional neural network. The data type is not specifically defined. It can
be a digital image or other types. Different from the input format (one-dimensional
vector) of the fully connected neural network, the input format of the input layer of
CNN retains the structure of the image itself. For a black and white 28x28 image, the
input to the CNN is a 28x28 2D neuron. For 28x28 images in RGB format, the input
of CNN is a 3x28x28 three-dimensional neuron where the third dimension is called
‘channel’.

Convolutional Layers

Convolutional layers are one of the most important steps in a CNN architecture which
aimed to filter the specific feature of the image. The ‘kernel” in convolutional layers
can be seen as the features to be extracted. Therefore, choosing a suitable kernel is
crucial to capture the most salient and important information contained in the input
signal, which enables the model to make better inferences about the content of the
signal.

Local receptive fields and shared weights are two important concepts in a
convolutional layer. Local receptive fields are basically the area covered by the kernel.
It can be viewed as where the kernel capturing features from the previous layer. The
next-layer neuron matrix generated by a receptive field scan with a convolution kernel

is called a feature map. Shared weights means that the features in one feature map are
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obtained using the same kernel. It means that each feature map is associated with a
specific kernel. Those two features in convolutional layer helps a lot in reducing
parameters.

3. Pooling Layers
If the kernel size in convolutional layer is relatively small, the obtained feature map
is still relatively large. An additional dimensionality reduction operation can be
performed on each feature map through the pooling layer with the output depth still
be the number of feature maps. There are two commonly used pooling methods: max
pooling and average pooling. With the size of pooling area set, the max pooling
method will select the maximum value on the pooling area of feature map while the
average pooling method will give the average value.

4. Fully Connected Layers
In the fully connected layer, the outputs of the last convolutional layer are flattened.
Then every node in current layer is connected with all the nodes in the next layer. And

finally connected with the output layer

2.3.4 Recurrent Neural Networks

The term "recurrent neural network" is used to refer to the class of networks with an
infinite impulse response, whereas "convolutional neural network" refers to the class of
finite impulse response. Recurrent Neural Networks use some form of feedback, where
they return the output back to the input. It’s like a loop from the output to the input in
order to pass information back to the network. Hence, Recurrent Neural Networks are
capable to remember past data and use its information for prediction. From Figure 2.6,
the structure of an ordinary RNN network clearly shows that it is good at solving time

series related problems.
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Figure 2.6 RNN structure and its unfolding schematic[35]

RNN can connect information from previous steps to the current step. The following

formulas briefly describes how states are updated in RNN networks.
0y = g(VSt)

St = f(Ux, + W)

The first formula represents how the output is calculated. The output layer is a fully
connected layer. Term V is the weight matrix of the output layer and g is the activation
function. The second formula represents how the state of recurrent layer with U the
weight matrix of input x and W the weight matrix of the last state which is used as part
of the input in the current step.

The problem of simple Recurrent Neural Networks is Gradient Explosion and Gradient
Vanishing. This happens because the errors are accumulated along each time step. The
accumulated error will eventually lead to a huge error term or a nearly zero error term if
the sequence is long. This results in gradients cannot be passed all the way through longer

sequences during training, making RNNs unable to capture long-distance effects.

2.3.5 Long Short-Term Memory

Long short-term memory (LSTM) is a special type of RNN that is able to solve the
problem of RNN lacking long term memory. However, LSTM networks can only solve

the problem partially and still suffer from the exploding gradient problem.
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All recurrent neural networks have the form of a chain of repeating modules of the neural
network. In a standard RNN, this repeating module would have a very simple structure,
such as a single tanh layer. In LSTM, however, the repeating module is more complex.
The structural of LSTM is shown in Figure 2.7. The repeating module in LSTM consists
of three different layers called ‘gate’. Gate is a way to selectively pass information. Cell
in LSTM basically means the repeating module. The cell remembers values over arbitrary
time intervals and the three gates regulate the flow of information into and out of the cell.
® Forget gate
Forget gate determines which information to be aborted from cell state. It takes in the
input x; and the output from last step h,_; and gives a matrix that indicating how
the parameters from the cell state of the previous step should be preserved. The
matrix elements are in range [0, 1] where 0 means completely discarded and 1 means
completely reserved
® [nput gate
Input gate is where the cell state gets updated. The sigmoid layer determines which
values to be updated and the tanh layer creates a vector of new candidate values of
the cell state. Adding up the state values selected from the new input and the state
values selected from the previous states, the cell state then is updated.
® Output gate

The output is then calculated using the updated cell state and the input data.

@ ® &

L—1 !
A (1AL

I |
&) &) &)

Figure 2.7 LSTM schematic[36]
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The connection weights and biases in the network change once per episode of training,
analogous to how physiological changes in synaptic strengths store long-term memories;
the activation patterns in the network change once per time-step, analogous to how the
moment-to-moment change in electric firing patterns in the brain store short-term
memories. The LSTM architecture aims to provide a short-term memory for RNN that

can last thousands of timesteps, thus "long short-term memory".
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Chapter 3 Model Setup

In this thesis, the server which collects the vehicle information should make prediction
on the probability of a vehicle changing its lane on next second. After making the
prediction, the server may decide to remain silent or deliver further instructions to the

vehicle and its neighboring vehicles for corporation.

3.1 Data Processing

3.1.1 Simulation

The traffic data of each vehicle are obtained with SUMO simulations. SUMO allows users
to generate various types of outputs. The outputs generated by SUMO are in XML-format.
The outputs used in this thesis are the raw vehicle position dump (Rawdump) and the lane

change information.

Rawdump

The network dump output contains detailed information for each simulation step on each
edge for each vehicle[22]. The rich details in network dump output makes it flexible. User
can get various information they want with proper additional programming. As a
consequence of exhaustive details, the Rawdump outputs are quite large. It is easy to get
a file that is several GB.

A general Rawdump output structure is shown in Figure 3.1.
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<netstate>
<timestep time="<TIME_STEP>">
cedge id="<EDGE_ID>">
<lane id="<LANE_ID>"»
<vehicle id="<VEHICLE_ID>" pos="<VEH_POSITION>" speed="<VEH_SPEED>"/>
. more vehicles if any on this lane ...
</lane>

. more lanes if the edge possesses more ...

. optional persons and containers if currently active on that edge
<person id="<ID>" pos="<OFFSET_FROM_EDGE_BEGIN>" speed="<SPEED>"/>

<container id="<ID>" pos="<OFFSET_FROM_EDGE_BEGIN>" speed="<SPEED>"/>

</edge>
. more edges ....
</timestep>
. the next timestep ...

</netstate>

Figure 3.1 Raw vehicle position dump output format[22]
The structure of the raw vehicle position dump output in this thesis after transformed into
csv file using the python tool provided is shown in Table 3.1. There are no person or
container in the simulations, so the Rawdump output contains only information about

vehicle. The lanes that have no vehicle on it at a certain timestep are left blank.

timestep time  edge id lane id vehicle id vehicle pos vehicle speed
0 41575752 41575751 0 flowOl 4.5 32.39
0 41575752 41575751 1

Table 3.1 Transformed raw vehicle position dump output format

Lane change

The lane change outputs record all events where a vehicle laterally changes from one lane

to another[23].
The general structure of a lane change output file is shown in Figure 3.2.
<lanechanges>
<change id="<VEHICLE_ID>" time="<TIME_STAMP>" from="<SOURCE_LANE>" to="<DESTINATION_LANE>" reason="<CHANGE_REASON>" ... />

</lanechanges>

Figure 3.2 Lane change output format[23]

The information contained in a lane change output are listed in Table 3.2.
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change id change dir change time change pos

change reason change speed change from change to
change type change followerGap change followerSecureGap change followerSpeed
change leaderGap change leaderSecureGap change leaderSpeed

change origlLeaderGap change origl.eaderSecureGap change origLeaderSpeed

Table 3.2 Lane change output content

3.1.2 Feature Selection

The thesis aims at predicting a lane change event with machine learning aided. The
features selected and processed should be suitable for a machine learning input and serve
the end goal of this thesis.
When a human driver wants to change to another lane, he will look at the vehicles around
to decide whether it is safe to change lane. Human driver will look at the leader vehicle
on his current lane and the leader vehicle on the lane that he wants to change to. The
leader vehicles determine whether there is enough space to change. Human driver will
also look at the followers on these two lanes to check if they are catching up. Both distance
between the vehicle and its neighbors and their relative speeds are important. We need to
ensure that there is enough safe distance throughout the lane changing process. The lane
changing direction which is not known in data collection state should be part of the
algorithm output. So, it would more propriate to provide the vehicle information on both
the lane on the left side of current driving lane and the lane on the right side, instead of
providing just the current driving lane and the lane that the vehicle is changing to.
For each lane change event from SUMO lane change output, the parameters subtracted
from network dump output that are considered in the machine learning part are the
following ones:

Lane: the lane number that the vehicle is on, mostly 0 or 1. It indicates on which lane

of an edge the vehicle is travelling.
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Speed: the speed of the vehicle.
And the speed and relative distance of the vehicles around the vehicle in each lane as

listed in Table 3.3:

Left Lane  Current Lane  Right Lane  Explanation

11 Cl R 1 Existence of leader on each lane
L 1 speed C 1 speed R 1 speed The leader’s relative speed if exist
L 1 dist C 1 dist R 1 dist The leader distance in range [0, 1500]
Existence of follower on each lane, 1 for exist, 0 for
L f Cf R f
not
The follower speed if exist, set to 0 if follower doesn’t
L f speed C f speed R _f speed

exist

L f dist C f dist R f dist The follower distance in range [-1500, 0]

Table 3.3 Machine learning model input data content

Current lane refers to the lane the vehicle is driving on and the left lane and right lane
refers to the relative left and right lane of the current lane. It is possible that left lane or
right lane doesn’t exist. For example, if the vehicle is driving on the left most lane of an
edge, then there is no more left lane cause the current lane is already the left most. In this
case, the left lane leader and left follower will be marked as don’t exist, e.g., | land 1 f
will be labeled with 0. The same applies to the right lane.

The existence of a leader or follower on each lane are binary terms with label 1 indicating
the existence of the neighbor on the specific direction and label 0 indicating the absent of
that neighbor. The speed term in this dataset is the relative speed of the neighbor vehicle
with respect to the vehicle whose maneuver action will be predicted. The distance refers
to the distance along the edge from the vehicle considered to the specific neighbor.
Horizontal distance is not considered. Only the leaders and followers within 1500 meters
distance from the vehicle are considered. For most of the normal driving vehicles, it takes
more half a minute to travel 1500 meters. A maneuver action takes place in quite a short

period which is often several seconds. A neighboring vehicle which is too far away
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doesn’t have much influence on the decision of maneuvering or not. If the leader/follower
is marked as absent, the distance and speed term are also set to 0.

Lane change is considered a time series action. The driver will not take action as soon as
he intends to change to another lane. A normal lane change event follows the process of
road traffic condition observation, evaluation and decision making. A consecutive 10
seconds of the selected feature above are feed into the time series classification algorithms.
The data structure of the input data for the machine learning algorithms is represented in
Table 3.4. The algorithms use data collected in the last ten seconds to predict the vehicle

action in the next time instant.

lane speed 11 1 1 speed ... r f speed r f dist

-10

Table 3.4 Machine learning model input data structure

3.2 Classification Model

Lane change is a continuous series of actions from making the decision, observing the
traffic condition to finally changing to the destination lane. It is natural to use algorithms
that are capable of dealing with time series data. Standard machine learning algorithms
are designed for structured data which are not always suitable for unstructured data like

time series.

CNN

Motivated by the success of CNN architecture in image recognition problems, researchers
has started trying to adopt them in time series problems[37]. Unlike images, convolution
in time series problems is one-directional. The filters slide only over the time series while

filters in image problems slide along the width and the height. The result of a convolution
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on an input time series can be considered as another time series that underwent a filtering
process. Time series data in CNN can be seen as viewed as a black and white photo which
contains only one channel, and the convolution is performed only on one dimension. With
the support of modern high-performance and high-memory graphics cards, the CNN
model can be trained in a very fast speed.

A simple CNN model is introduced in this thesis and is described in Chapter 4.

RNN

RNNs are good at dealing with unstructured data like text and audio. The recurrent
operation in RNN brings back information from the past to the current prediction process.
In CNN, though the convolution operation can take past information into account, the
scope of what it can include is limited. Convolution can only consider a range as large as
the size of the kernel. However, in RNN, all the past information are considered through
the output of each step. Despite the advantages RNN have in time series problems, it also
suffers from a lack of long-term memory. Since the input data in this thesis consists of
only ten timesteps which seems not long, a deep RNN model is introduced in this thesis
to test if the longer-term memory brought by it can be more effective than that brought
by the kernel in CNN. The lack of long-term memory in RNN can be interpreted as the
data that are closer in time bring more effect on the prediction while the data from a longer
period have little effects on the result. However, this effect is intuitively coincident in a
lane change scenario: the vehicle movements closer to the moment of decision have a

greater impact on the maneuvering decision.

LSTM

The main aspect in LSTM is the cells’ ability to learn the important parts of the sequence
and forget the less important ones. Although the properties of the RNN model are
intuitively compatible with the properties of the lane-changing behavior, it still need to

be tested. In this thesis, the LSTM model is used as another reference. By building an
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LSTM model, this thesis wants to verify how the long-term memory forgotten by the

RNN affects the accuracy of the model.

3.3 Performance Metrics

When evaluating a classification machine learning classification algorithm, accuracy is
always the first consideration. But accuracy can’t represent how the algorithm all the time.
Other evaluation metrics should also be considered. In this thesis, the confusion matrix is

included in the evaluation process.

Confusion Matrix

Confusion matrix is a specific table layout that displays the performance of a
classification algorithm. Each row in the confusion matrix represents instances of an
actual class while each column represents instances of a predicted class, or vice versa.
The template for any binary confusion matrix is shown in Figure 3.3. With confusion
matrix, many useful metrics can be obtained. This allows more detailed analysis than

simply the accuracy.

Predicted Condition

. T&zlion Positive Ne%aNtive
ke (PP) (PN)
Positive True Positive | False Negative

P) (TP) (FN)

Negative False Positive | True Negative

(N) (FP) (TN)

Actual Condition

Figure 3.3 Confusion Matrix format of binary classification
For a multiclass classification problem, the confusion matrix can be used too. The number
of rows and columns equals to the number of different classes. For a multiclass

classification problem, the metrices of each class are obtained with take one specific class
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as positive class and all other classes as negative class.

F1 Score

With the confusion matrix, precision and recall are two commonly used matrices.
Precision (P) is ratio of true positive among all predicted positive cases while recall (R)
is the ratio of correctly predicted positive cases among all actual positive cases. Since
precision and recall are usually a pair of contradictory metrices, F1-score is generally
used as the evaluation metrics in order to better evaluate the comprehensive performance

of the classifier. F1 score is the harmonic mean of precision and recall:

F 5 P xR
17 "p4+R
with P = —— R = —&
TP+FP TP+FN

Since F1 score considers both precision and recall, it is able to relay the true model
performance even if the dataset is imbalanced.

F1-score is defined on each class. With different class viewed as the ‘positive’ class, the
F1-scores are different. The formula of F1-score above is defined on binary classification
problems. For a multi-class classification problem, the F1-score is more complicated.
There are macro-average F1-score and micro-average F1-score. The macro F1 is obtained
by averaging the F1 score calculated for each class. The micro F1 score is calculated with
the P and R value obtained by adding up the TP, FP and FN of each class.

For imbalanced dataset, macro F1 score is a better measure of model performance, since
it gives equal importance to each class while micro F1 score gives equal importance to
each data which will lead to major class shadowing the minor class.

Since the dataset in this thesis is unbalanced, the macro F1 score is used for model

evaluation.

Matthew’s Correlation Coefficient
Accuracy is always the first metric comes in mind when talking about evaluating a

machine learning algorithm. Accuracy is the proportion of correct classifications and can
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be calculated with the confusion matrix as the following equation:

TP+TN
TP+FN+FP+TN

The problem with accuracy is that it will yield misleading results if the dataset is

ACC =

unbalanced. Unbalanced means that there are many more instances in some class and
much less instances on the others. In this condition, the algorithm may seem work well
looking at only accuracy.

Matthew’s correlation coefficient (MCC) can be an alternative of accuracy for unbalanced
datasets. It represents the correlation between true values and the predicted ones. MCC
takes into consideration all four aspects from the confusion matrix and can eliminate the
side effects on accuracy brought by the unbalanced dataset. Some scientists believe that
MCC is the most informative single score to evaluate binary classifiers’ prediction quality.
One of MCC’s benefit is that it is symmetric. Swapping positive class and negative classes
don’t affect the score. It ranges from -1 to 1. A score of 1.0 means a perfect classifier
while a value close to 0 means the classifier performs close to random guessing. The
Matthew’s correlation coefficient of a binary classifier can be calculated with:

~ TP TN — FP « FN
J(@TP +FP)(TP + FN)(TN + FP)(TN + FN)

MCC

For multiclass classification problems, MCC is defined over the K * K confusion matrix

of K classes and is called the R;, statistic.

_ Zk Zl Zm Ckalm - Clelmmk
\/Zk(Zl Ckl)(Zk’lk'ik Zl' Ck’l’) \/Zk(Zl Clk)(Zk’|k'¢k Zl’ Cl’k’)

The formula is complex but can be calculated easily with sklearn module in python with

MCC

the following code:
from sklearn.metrics import matthews_corrcoef

mcc = matthews_corrcoef(y_true, y_predict)
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Chapter 4 Experiment and Result

This chapter presents the experiment performed for traffic data collection and the
corresponding data processing process. The data then are feed into the machine learning
algorithms described in the previous chapter. The machine learning algorithms

performance are evaluated and compared with the previously discussed metrices.

4.1 Data Collection

4.1.1 SUMO Simulation

Network
In this thesis, 6 simulations on A22 highway on the Italy to Austria border are run with
three different types of vehicles. The map used for the simulation is represented in Figure
4.1. This thesis focuses on the vehicle performance when travelling across the national
border. The vehicle routes are highlighted. The route is 39 km long. Each simulation lasts
for one hour. To better emulate the actual road traffic, both normal vehicles and trucks are
included in the simulation.
Traffic Demand

The characteristics of each vehicle are listed in Table 4.1. Marco et al.[38] identified the
capacity of A22 highway overtaking lane is 1916pcu/h. Different traffic density scenarios
are to be provided by the six simulations. The traffic flows for each simulation are listed
in Table 4.2 ranging from a relatively small flow to full utilization of the overtaking lane

capacity.
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Vehicle type Normal Truck Heavy truck

Length (m) 4.4 6 10.2

Max Speed (m/s) 50 35 28

Table 4.1 Vehicle types of SUMO simulations

Simulation ID 1 2 3 4 5 6

Traffic flow (veh/h) 801 999 1200 1500 1701 1899

Table 4.2 Traffic flows in SUMO simulations
Configuration
The input files contain only the network of motorways in Italy border as shown in Figure
4.1 and the traffic demand file. Each of the three types of vehicles accounted for one-third
of the total traffic flow in each simulation. Each simulation lasts for one hour with the
simulation step size set to 1s. The seed is set to 22 to ensure the reproducibility of the

experimental results.
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Figure 4.1 Simulation trajectory

4.1.2 Data Processing

For each simulation output, every lane change event happens later than 30 seconds after
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the vehicle inserted into the simulation was accounted. The vehicle id of every lane
change event obtained is used to find the vehicle route that the vehicle traveled during the
simulation. 30 seconds of neighboring vehicle data before the lane change time are
collected. The lane change output provides information about the lane change event while
the rawdump output provides all the other information needed to calculate the data for the
machine learning model input.

The figures below show the average value of each of the machine learning algorithm input
data and the derived acceleration from 60 seconds before the lane change event to the
second before the vehicle took action to change its lane. Time 0 in those figures refers to
one minute before the vehicle change its lane and time 60 refers to the second before lane
changing. Figures on the left column shows the distances and speed of the vehicle itself
and its leaders and followers of vehicles that turned to the left at time 61, similarly on the
right column where vehicles that merge in the right lane are considered. For figures on
the left column, the relationship between data labeled ‘current’ and ‘left’ is more
important while the relationship between ‘current’ and ‘right’ is more important on the

right column.
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Figure 4.2 Average neighboring vehicle speed and distance

From an empirical point of view, the reason for turning left is usually overtaking or lane
reduction. As can be seen from the picture above, the speed of the car will slowly increase
before changing lanes, while the speed of the car blocking it does not increase
significantly and may even be slowing down. This leads to the closer and closer distance
between the car and the leader. Before the car changed lanes to the left, the car had to
slow down to maintain a safe distance because it was too close to the car in front. From
the collected data, it can also be seen that the relative distance between the follower in
the same lane and the car remains basically constant. Due to the acceleration of the car,
its distance from the leader on the left gradually decreases, and the distance from the
follower on the left lane gradually increases. The above observations are consistent with
what the driver would encounter before overtaking in actual road conditions.

However, from the figures on the right, it can be seen that the relationship between the
leader and the follower is relatively stable until the car wants to change lanes to the right.
This also corresponds to the situation in actual road conditions. In actual roads, vehicles
change lanes to the right generally because they need to return to the original lane or leave
the current road after overtaking. The above reasons have little to do with the operation
of the surrounding vehicles. This can lead to difficulties in making predictions to the right

when using machine learning to make predictions.
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4.1.3 Machine Learning Input

With the simulation results processed, the data should be transformed into a structure that
is suitable for the machine learning algorithm. The algorithms take a series of vehicle
information as input. The input series lasts for 10 seconds with one sample per second
that is 200 parameters in total is inserted to the machine learning algorithms. The output
is whether the vehicle will change its lane in the next second. The possible output are the
following three labels: label 0, label 1 and label 2. Label 0 means the vehicle will travel
along the original lane; label 1 means the vehicle is going to change to its left lane for the
next second; label 2 means the vehicle will change to the right lane in one second.

From the available data, the most straightforward is the label 1 and label 2 data. Those
two types of data are obtained with the information collected from 10 seconds before the
lane change event to the second before changing. For the label 0 data, they are sampled
each 5 second. The collected data are separated into 4 label 0 input data and 1 label 1 or
1 label 2 input data that is 5 machine learning input data are extracted from each lane
change event. In the end, there are 313908 label 0, 32092 label 1 and 46385 label 2 input
data that are used for the machine learning process.

The dataset is separated into training set and test set. 30% of the data are randomly put
into the test set. The training set is further split into two parts. One with 70% is used for
the training process and the other, called validation set, is used for model selection when

tuning hyperparameters.

4.2 Machine Learning Models

A common problem when working with deep learning projects is optimizing the hype-
parameters. In deep learning, there are many parameters that need to be tuned to find a
relatively good model. Some of the parameters are shared among the three models. The
batch size is set to 10 for each model to get a model with better accuracy. The optimizer

used is Adam. Adam stands for adaptive moment estimation which is one of the most
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popular optimizers in the field of deep learning. It has fast convergence speed and is easy
to adjust parameters. The learning rate is set to 0.001 after a few trials and adjustments.
A higher learning rate leads to the machine learning model not learning and a lower
learning rate slows down the learning process greatly without improving model

performance.

CNN

One principle used for determining the network structure is to keep the network as small
as possible on the premise of keeping the model performance high. The final CNN model
has two one-directional convolutional layers with 40 filters of size 5 on the first layer and
20 filters of size 3 on the second layer. No pooling layer is added after the second
convolutional layer with the consideration that the input data are not that bulky, using a
second pooling layer may result in the model drop too much information and hard to make
a correct prediction. The network structure is shown in Figure 4.3. The CNN model is

trained with 100 epochs. The training of each epoch takes about 77 seconds.

convld_input: InputLayer

convld: ConvlD

Y

max_poolingld: MaxPooling1D

convld_1: ConvlD

flatten: Flatten

dense: Dense

dense_1: Dense

Figure 4.3 CNN model structure
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RNN

The model consists of two SimpleRNN layers with 64 units in the first layer and 32 units
in the second layer. RNNs with single SimpleRNN layer are also tested. But the
performance is not stable and the accuracy is not as good. Therefore, a deep RNN is used
instead of a single-layer RNN. A dropout of 0.3 is added before the output layer to prevent
overfitting. Dropout in neural network training discards a part of neurons randomly with
a certain probability to simplify the network and increase the robustness of the network.
The structure of the RNN model is shown in Figure 4.4. The RNN model is trained for

100 epochs while each epoch takes around 155 seconds to train.

simple rmn input: InputLayer

simple_rnn: SimpleRNN

3

simple rnn 1: SimpleRNN

flatten: Flatten

dropout: Dropout

dense: Dense

Figure 4.4 RNN model structure

LSTM

After tuning of hyperparameters, the LSTM model is composed of two LSTM layers
followed by the output dense layer at the end. The model is trained with dropout rate 0.3.
The two LSTM layers contains 128 and 64 units each. Figure 4.5 shows the LSTM
network structure. The LSTM model is obtained after 40 epochs of training. Training of
each epoch takes 440 seconds when no acceleration is enabled and reduced to 115 seconds

with GPU acceleration.
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Istm_2_input: InputLayer

lstm_2: LSTM

Istm_3: LSTM

flatten_1: Flatten

dropout_1: Dropout |

Figure 4.5 LSTM model structure

4.3 Model Evaluation

The three deep learning models are trained with training set, selected with validation set

and tested with test set. Their performances in terms of the metrices mentioned in chapter

3 are listed in Table 4.3.

Model  Train_acc Val_acc Test acc  Macro Fl-score MCC
CNN 0.8817 0.8725 0.8730 0.74 0.59
RNN 0.8805 0.8712 0.8693 0.75 0.59
LSTM 0.9005 0.8874 0.8864 0.78 0.65

Table 4.3 Model performace
The confusion matrix for each model in test set are shown in the following tables. Figure

4.6 shows the classification report of those three models.

Predicted Class
CNN
0 1 2
0 | 89713 | 2068 | 2381
Actual
1 2685 | 6977 0
Class

[u—

2 | 7819 6072

Table 4.4 Confusion Matrix of CNN model
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Predicted Class

RNN
0 1 2
0 [ 87937 | 1725 | 4500

Actual
1 2911 6749 2

Class

2 | 6242 1 7649

Table 4.5 Confusion Matrix of RNN model

Predicted Class
LSTM
0 1 2
0 | 88636 | 2013 | 3513
Actual
1 1951 | 7708 3
Class

2 | 5860 1 8031

Table 4.6 Confusion Matrix of LSTM model

CHN Model:
precision recall fl-score  support
Unchange 8.90 08.95 8.92 94162
Turn Left @.77 8.72 @.75 9662
Turn Right 8.72 9.44 8.54 13852
accuracy 8.87 117716
macro avg 0.79 8.78 8.74 117716
weighted avg a.86 a.87 8.86 117716

RNN Model:
precision recall fl-score  support
Unchange 8.91 8.93 a.92 94162
Turn Left .80 8.78 8.74 9662
Turn Right 8.63 8.55 8.59 13892
accuracy 8.87 117716
macro avg @.78 Q.73 8.75 117716
weighted avg .86 9.87 8.87 117716

L5STM Model:
precision recall fl-score support
Unchange 9.92 8.94 8.93 94162
Turn Left 8.79 8.80 8.80 9662
Turn Right a.7e 8.58 8.63 13852
accuracy 8.89 117716
macro avg Q.80 8.77 8.79 117716
weighted avg .88 9.89 9.88 117716

Figure 4.6 Classification reports of the models on test data
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If we focus only on accuracy, all three models seem to make better predictions, but since
the dataset is not balanced, we need to use other metrics to evaluate the performance of
the models. From macro F1, we can learn that CNN and RNN get about the same model
accuracy, and the LSTM model is more accurate than the other two.

From the confusion matrix, it can be learned that most of the maintained original lanes
can be accurately identified. For the case of lane change to the left, these models can also
accurately predict about three-quarters of the cases. However, for the right lane change,
the models are not able to make accurate predictions. This is consistent with the previous
analysis of the speed-distance relationship between the leader and the follower when
changing lanes to the right.

The LSTM model has the best performance, but the LSTM model is much larger than the
other two models. the size of the LSTM model is 1540kB, while the other models are
only about 150kB. Due to the size of the model, it also causes the LSTM model to be

slower than the other two models when computing.

4.4 Prediction Results

Figure 4.7 shows an example of the input data to the machine learning models. The first
row refers to the vehicle states 10 seconds before the prediction moment. From the data,
it can be told that the right lane neighbors don’t exist which may be due to the vehicle is
traveling on the right most lane. Another observation is that the left lane neighbors are far
away. Concentrating on the current lane the vehicle is traveling on, it can be concluded
that the leader vehicle is blocking and the distance between the vehicle and its leader is
getting smaller. Figure 4.8 and Figure 4.9 show the trend graphically. From the analysis,
it is possible that the vehicle will overtake its leader therefore it may turn to the left lane
in the next second. The predictions made by the three models are reported in Table 4.7.

Each element in Table 4.7 refers to the probability of a model prediction on one certain

0



label. All the three models make strong prediction on label 1 which is turn left.

distance

coocoococoooo

lane speed Il 1l speed || dist I_f Lfspeed |fdist c| clspeed cldist cf cfspeed cfdist rl| rlspeed rldist rf rfspeed rfdist
0 3168 1 08 48025 1 -372 -70041 1 -3.85 8456 1 -374 -19465 0 0 0 0 0
0 3077 1 211 48237 1 -295 -70335 1 -28 8177 1 -273  -197.37 0 0 0 0 0
0 3103 1 186 48423 1 -316 -706.51 1 -31 7867 1 -301 -20038 O 0 0 0 0
0 3179 1 066 48488 1 -391 -71042 1 -394 7473 1 -321 -20359 0O 0 0 0 0
0 312 1 155 48643 1 -3.71 -71413 1 -343 713 1 -266 -20625 0O 0 0 0 0
0 3132 1 176 4882 1 -374 -71787 1 -3.53 6777 1 -32 -20045 0O 0 0 0 0
0 3078 1 199 49018 1 -2.79 -72066 1 -31 6467 1 -2.07 -21222 0 0 0 0 0
0 2994 1 247 49266 1 -218 -72283 1 -2.44 6223 1 -14 -21361 0 0 0 0 0
0 2047 1 35 49617 1 -1.74  -72456 1 -1.87 6037 1 -069 -21429 0O 0 0 0 0
0 3041 1 166 49783 1 -287 -72743 1 -2.47 579 1 -189 -21618 0 0 0 0 0
Figure 4.7 Machine Learning model input data example
Distance Relative Speed
400 3
2
200
1
o
B0
&
—200 left leader -1 left leader
left follower left follower
—400 current leader -2 current leader
current follower current follower
—600 right leader -3 right leader
right follower _a right follower
2 4 13 g 2 4 3 8
time time

Figure 4.8 Relative distance between vehicle

and its neighbors

Figure 4.9 Relative Speed between vehicle and

its neighbors

Class 0 1 2

CNN 6.60e-2 9.34e-1 3.85e-7
RNN 6.57e-2 9.34e-1 1.18e-5
LSTM 1.16e-2 9.88e-1 2.81e-6

Table 4.7 Model prediction results
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Chapter 5 Conclusion and Future Work

Under the idea of centralized cooperative maneuver management, three lane change

prediction models based on vehicle speed and relative distance are proposed in this thesis.

We proposed three different ANN models which have been trained with a dataset built

from SUMO to predict the probability of vehicles changing lanes. Then, the model

performance is evaluated and analyzed. The specific conclusions of this thesis are

summarized as follows.

® A dataset was built based on the simulation results of SUMO, including three
different types of lane change cases: no lane change, lane change to the left and lane
change to the right. The total number of data of different labels is 392385.

® Three deep learning models that can make predictions based on the distance and
speed of the reference vehicle and its surrounding cars are proposed. These three
models were trained on the collected dataset. Generally speaking, the LSTM model
has the best performance, followed by the CNN model, and the RNN model has no
advantage in terms of training speed and model accuracy, which is seen as a result of

the lack of long-term memory of the RNN.

The problem of changing lanes and overtaking is one of the most complex problems in
the field of autonomous driving. Although it has been discussed by many researchers [39-
42], there are still many challenges in the highly automated maneuver management. Using
deep learning and V2X based centralized cooperative maneuver approaches, the lane-

changing problem can be effectively predicted and managed. It can be used as an
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alternative solution rather than having the vehicles detect the environment and make the

lane change decision by itself.

This thesis discusses this problem, related work, and implementation options for deep

learning systems. Several aspects which can be considered as future work:

® The dataset size is quite small for a complex problem like the one discussed in this
thesis. Collecting more simulation data or even actual road data can improve the
prediction accuracy.

® In the analysis of simulation data and test results, it is found that the models have
some difficulties in predicting merge to the right maneuvers.

® The dataset does not take into account the actual road conditions.

® The data is sampled at only 1 Hz; in future work, higher frequencies should be tested.
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