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Camera-Based Driver Monitoring for Intention-Aware Active Safety
Junyu Sun & Yaochen Song
Department of Electrical Engineering
Chalmers University of Technology

Abstract
Advanced driver assistance systems support drivers to handle different complex traffic
conditions. The support systems get traffic information from sensors and use algorithms
to avoid risks. However, dealing with complex time series data from various sensors is
challenging. In this thesis, a machine learning approach is proposed for threat assessment for
lane changing. The emphasis is on vehicle state prediction and maneuvers for autonomous
emergency steering. The work includes feature selection, model selection, and model
validation. Feature selection is performed using the NSGA-II algorithm and correlation
analysis to identify the most influencing features. This helps reduce the data dimension
while maintaining prediction accuracy. An artificial neural network model structure
inspired by ResNet is developed. This network structure is built from blocks, each with
a shortcut. Various model configurations, including the number of input features and
the network depth, are tested to find a reasonable tradeoff. In addition, driver-state
information is also analyzed, and the "most probable gaze zone" data features enhance the
model’s performance. The proposed model is validated on real-world data and has good
performance.

Keywords: advanced driver assistance system, time series data, feature selection, machine
learning, neural network
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1
Introduction

This chapter is organized as follows: First, it introduces a brief background of the Automatic
Emergency Steering and Blind Spot Information Systems (AES-BLIS) problem. Then, it
reviews the literature on existing solutions, provides a detailed introduction to the research
aims and objectives covered in this thesis, and briefly describes the proposed method.
Finally, it gives an outline of the following chapters.

1.1 Background

1.1.1 Advanced Driver Assistance System
Traffic accidents result in numerous fatalities and property damage, posing a significant
concern worldwide. According to estimations from the World Health Organization (WHO),
there are over 1.35 million fatalities caused by traffic accidents around the world every
year [1].

To help reduce traffic-related injuries and fatalities, Advanced Driver Assistance Systems
(ADAS) have been continuously developed and deployed over the last few decades [2].
ADAS uses automotive electronics, Vehicle-to-Vehicle (V2V) and Vehicle-to-Infrastructure
(V2I) communication, radar, and lidar to perform accurate detection and tracking for
surrounding moving objects [3]. There are different types of ADAS based on levels of
autonomy ranging from L1 to L5 [3]. While fully autonomous driving may be a long
way off at the moment, L2 (partial automation) and L3 (conditional automation) levels
of ADAS should be capable of performing tasks such as lane keep assist, auto-steering
control, traffic jam assist, blind-spot assist, and intersection pilot. Studies have shown
that such systems can significantly help reduce the total number of severe traffic accidents
and casualties [4], enhancing road safety and saving lives.

There are mainly four modules in an ADAS system [6]. The first module is Perception,
using sensors to turn the traffic conditions into different types of data. The second module
is Threat Assessment, using the data to predict the future driving situation. The third
module is Tactical Decision Making [7], making decisions about upcoming threats. The
last module is Actuation, which performs the intervention when necessary.

1.1.2 AES-BLIS
Autonomous Emergency Steering (AES) systems steer the vehicle away from potential
crash scenarios. This technology is often integrated with Autonomous Emergency Braking
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1. Introduction

(AEB) to provide a comprehensive safety solution when braking alone may not be sufficient
to avert a collision.

Over the past few decades, many studies on AES have been conducted. AES utilizes
advanced algorithms and a combination of sensors such as cameras, radar, and lidar to
monitor the vehicle’s surroundings and internal state. The system fuses the data to provide
critical information and continuously analyzes the environment and the vehicle’s status.
Once it detects danger, it makes instructions for obstacle avoidance and lane-keeping. For
example, [8] calculates the optimal steering maneuver for obstacle avoidance considering
the vehicle dynamics. [9] proposes an algorithm that not only steers to avoid obstacles
but also minimizes the deviation of the vehicle from the original path.

In manual driving, "blind spots" refer to the regions surrounding the vehicle that cannot
be seen directly through the rear and side mirrors [10]. It is frequent for drivers to miss
noticing vehicles in their blind spots when changing lanes on the road [11]. As a result, it is
essential to provide blind spot detection in an AES system to alert the driver about objects
in their blind spot. Numerous solutions have been developed to address the issue of blind
spots [12], including sound-based sensors, radar-based systems, and camera-based systems.
Sound-based sensors can provide short-range detection, radar systems offer longer-range
capabilities, and camera-based systems deliver detailed visual information.

1.1.3 Driver Monitoring
In addition to the vehicle state and road situation, new kinds of ADAS systems can monitor
driver parameters that may play an essential role in causing accidents, such as drowsiness,
eating, drinking, smoking, unawareness, and distractions while driving. There are two kinds
of driver monitoring systems, contact methods and contact-less methods. Contact methods
include electroencephalogram (EEG), electrocardiogram (ECG), electromyography, or
galvanic skin response. In contrast, contactless methods may use eye tracking, head
movement, and facial expressions through camera detection and computer vision [15].

Driver behavior monitoring systems try to reflect whether the driver’s current state of
mind is suitable for driving and what actions they will take. This makes it easier to predict
the future movement of the ego vehicle. For instance, intentional and unintentional driving
behavior must be distinguished when predicting the vehicle trajectory. In [32, 16], online
model-based prediction algorithms that use personalized driver information to predict
unintended lane-changing behaviors are presented.

1.2 Problem statement
The problem investigated in this thesis is to develop a system for recognizing and predicting
when a vehicle attempts to change lanes when there is a risk of collision. The system
should then warn the driver or take control of the vehicle to avoid collisions by either
steering or braking. This is denoted as the AES-BLIS problem.

The AES-BLIS problem is illustrated in Figure 1.1. The red car is the vehicle with the
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1. Introduction

Figure 1.1: Illustration of AES-BLIS problem

ADAS system, and it is performing a lane change. However, the yellow car is in the driver’s
blind spot and moves at high speed. As a result, there is a high risk that the yellow car
will crash into the red car. The challenge is to estimate the truly useful information and
make accurate predictions of both vehicles’ future motion. Hence, this thesis focuses on
the threat assessment problem for lane changes, emphasizing the driver’s attention or
inattention to objects coming from the rear. The objective is to develop an algorithm to
detect when a vehicle is beginning to change lanes unintentionally.

The problem can be formulated as a combination of trajectory prediction and collision
risk assessment. With trajectory prediction, the ADAS system can predict whether the
current vehicle will enter the lane next to it or not. With collision risk assessment, the
ADAS system can analyze whether there is a risk of collision with other objects when a
vehicle enters another lane.
The trajectory prediction problem can be formed as a regression problem because it
involves estimating continuously the predicted distance to the next lanes. The collision
risk assessment problem can be viewed as a classification problem because it involves
determining whether there is a potential risk of collision in the future based on the current
state of the vehicle and the surrounding object. The prediction horizon is an important
parameter in both the regression problem and the classification problem. In the regression
problem, the prediction horizon determines the target value of the dataset, and in the
classification problem, the prediction horizon determines the size of the dataset. Also,
a short prediction horizon does not give the system sufficient time to react, whereas an
excessively long prediction horizon increases the likelihood of the system making erroneous
actions.

1.3 Research Questions
This thesis attempts to address the following questions:

• How long should the prediction horizon be?
• Which data features are required to be input into the system?
• What selection criteria should be used when making feature selections?
• What model should be used to solve the problem?
• Does the introduction of driver-state information improve the system performance?
• Is it possible to combine the regression problem and the classification problem into

a single problem to be solved?
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1. Introduction

1.4 Related Work
This section is about the related work in the threat assessment domain. Previous studies
can be categorized into five classes: threat metrics, optimization methods, formal methods,
probabilistic methods and machine-learning methods.

1.4.1 Threat Metrics
Numerous variations of threat metrics are commonly utilized as benchmarks for issuing
warnings or initiating interventions [17, 18]. Time to Collision (TTC), Inverse Time to
Collision (IVT), and Minimum Safe Distance (MSD) are the three most commonly used
threat metrics to evaluate collision risks in driving situations within on-road environments
[6].

TTC is defined as the time required for two vehicles to collide if they continue at their
current speeds and trajectories. The mathematical formulation for TTC is given by:

TTC = Dnearest

Vego − Vnearest
, (1.1)

where Dnearest represents the relative distance to the nearest vehicle, Vnearest denotes the
velocity of the nearest vehicle, and Vego signifies the velocity of the ego vehicle.

Inter-Vehicular Time (IVT) calculates the time until collision based on the assumption
that only the ego vehicle continues on its path at its current speed. This is expressed as:

IV T = Dnearest

Vego
, (1.2)

where the parameters are similarly defined as in TTC.

Minimal Safe Distance (MSD) indicates the distance needed between two vehicles to
maintain safety, i.e., not colliding. This metric addresses scenarios where vehicles move at
high speeds with minimal distance between them or are stopped due to traffic, ensuring a
minimum safe interval.

1.4.2 Optimization Methods
There is also a wide range of ADAS systems using dynamic optimization for threat
assessment and decision-making processes [6], where Model Predictive Control (MPC) is
the most popular method.

An optimization problem involves finding the best solution from all feasible solutions, typ-
ically maximizing or minimizing an objective function while satisfying certain constraints.
In practical driving assistance problems, the algorithm should be able to provide an optimal
solution and, a controlling law over a finite time horizon. Recent developments in the MPC
area, including designing multi-input, multi-output control systems and improving the
control performance of single-input, single-output systems, have opened up opportunities
for ADAS systems [20].
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1. Introduction

For instance, an MPC-based approach is introduced to avoid the ego vehicle running into
another vehicle ahead [21]. Moreover, Nguyen [22] explores the application of a linear
time-variant Model Predictive Control (MPC) within AES (as shown in Figure 1.2). In
his research, multiple trajectories for emergency steering control are generated based on
the distances and linear speeds between the ego vehicle and neighboring vehicles. This
approach allows for dynamic adjustment in critical situations.

Figure 1.2: Autonomous emergency steering system using linear time-varying MPC
Source: [22].

Figure 1.2 shows the layout of the Linear Time-Varying Model Predictive Control (LTV-
MPC) based method for emergency steering control in autonomous vehicles. LTV-MPC is
an advanced control strategy that adjusts the control inputs in real time, considering the
varying dynamics of the vehicle.

Using signals such as ẏ, ẋ, ψ, ψ̇, Y,X, the method first creates a planned path for the
vehicle based on different driving situations through Pontryagin’s Minimum Principle
(PMP), a mathematical optimization technique used to determine the control inputs that
minimize a cost function, and then checks it with the Artificial Potential Field (APF)
technique, which uses virtual forces to avoid obstacles and ensure safe navigation [21].

After this, LTV-MPC develops a steering command (δf ) by utilizing quadratic programming,
a method to solve quadratic optimization problems. This command aims to follow the
reference path while keeping the vehicle stable laterally. Although solving this problem in
real-time is computationally demanding, the receding horizon approach makes the solution
robust against changes in the environment. To manage the vehicle’s navigation, Wang
[23] establishes a quadratic optimization problem represented as the cost function:

J =
N∑

k=1

[
xT (k) − xT

ref(k)
]

Q [x(k) − xref(k)]

+
[
uT (k) − uT

ref(k)
]

R
[
u(k) − uT

ref(k)
]

+ ∆uT (k)P∆u(k)
+ ρsϵ

2
s + ρeϵ

2
e + ρxϵ

2
x

(1.3)

where Q,R,P are positive semi-definite weight matrices applied to the discrete-time model
of the vehicle (as specified in (1.3)), over the range (k = 1, . . . , N).The state variables x(k)

5



1. Introduction

represent the vehicle’s state at time step k, and the control variables u(k) represent the
control inputs at time step k. The slack variables ϵs, ϵe, and ϵx are introduced to ensure
the feasibility of the constraints under different scenarios. The accompanying constraints
are delineated as follows:

|u(k)| ≤ uk
max

|∆u(k)| ≤ ∆uk
max

Hsx(k) ≤ Gk
s + ϵs

Hex(k) ≤ Gk
e + ϵe

ΩHxmatx(k)T ≤ Gx + [ϵx, ϵx, · · · , ϵx]T

ϵs ≥ 0
ϵe ≥ 0
ϵx ≥ 0

(1.4)

Equation (1.4) crafts a multi-faceted objective function for vehicle control. It starts by
accounting for state discrepancies to measure and correct the vehicle’s path deviation.
It then applies penalties for deviations in control inputs. The third element penalizes
sudden changes in the control inputs, promoting smooth vehicle behavior and steady
steering. Lastly, slack variables are introduced to maintain the problem’s solvability across
different scenarios, ensuring the vehicle’s consistent trajectory following, lateral stability,
and responsiveness to driver commands.

1.4.3 Formal Methods
Formal methods are divided into two categories: logic-based approaches and set-based
approaches [6]. Logic-based formal methods leverage mathematical logic as their founda-
tional framework for specifying system properties, verifying correctness, and reasoning
about system behavior. Set-based formal methods primarily utilize set theory and related
mathematical structures as their foundational framework for specifying system properties
and reasoning about system behavior. For example, Higher Order Logic (HOL) can be
used to formalize traffic rules [24]. The problem can also be formulated as a constraints
satisfaction problem and solved by referring to reachability analysis and invariant set theory
[25]. The advantage of formal methods is that they can help improve the interpretability,
extensibility, and robustness of such algorithms.

In Ali’s discussion [25], the focus is on understanding and controlling the behavior of
discrete-time systems. He uses the notation and basic definitions of invariant and reachable
sets for constrained systems as outlined. A thorough review of papers on set invariance
theory is accessible in [26]. The system under consideration has its state, input, and
disturbance vectors represented as x(t), u(t), and w(t), respectively, and operates under
constraints x(t) ∈ X , u(t) ∈ U , and w(t) ∈ W. The state update function of the
discrete-time system is defined by the equation x(t + 1) = f(x(t), u(t), w(t)). The set
of states from which the target set S can be reached in one time step is defined as
Pref(S) ≜ {x ∈ X | ∃u ∈ U such that f(x, u) ∈ S}. This definition highlights the
continuous feasibility of maintaining system states within C through appropriate control
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1. Introduction

actions across all time steps, ensuring the robustness and stability of the system under
operational constraints.

1.4.4 Probabilistic Methods
Probabilistic approaches aim to derive insights from analyzing threats and making decisions
in a probabilistic framework. Under specific assumptions, these methods assign probabilities
to various possible events, such as vehicle collisions [27].

The Kalman filter, as a type of probabilistic approach, is widely used in autonomous
emergency steering systems. In this paper [28], the localization algorithm utilized an
extended Kalman filter to integrate GPS observations to control the vehicle’s steering.
The extended Kalman filter algorithm adheres to well-known steps. It starts with the
prediction equations:

x̂−
k = f

(
x̂+

k−1, uk−1, 0
)

P−
k = FkP

+
k−1F

T
k +Q

(1.5)

These equations predict the next state and covariance based on the previous state, control
inputs, and the process noise.

The calculation of the Kalman gain is given by:

Kk = P−
k H

T
k

(
HkP

−
k H

T
k +R

)−1
(1.6)

This step determines the weight given to the measurements versus the model’s predictions.
The correction equations adjust the predicted state based on actual measurements:

x̂+
k = x̂−

k +Kk

(
yk − hk

(
x̂−

k , uk, 0
))

P+
k = (I −KkHk)P−

k

(1.7)

These corrections are based on the difference between actual observations and predicted
measurements. The initial state of the system is set using the first few GPS observations
while the object is in motion.

Other probabilistic methods include using the Unscented Kalman Filter (UKF) [29] and
Dynamical Bayesian Network (DBN) [30].

1.4.5 Machine-learning Methods
In ADAS, machine-learning plays an important role in helping the system recognize and
understand the environment from sensor data by training on large amounts of data so that
the system can make appropriate decisions and actions. For instance, a support vector
machine can classify two scenarios: a vehicle leaving the lane and a vehicle remaining in
the lane [31]. There are also different machine-learning models to predict lane departures
[32], the movement of the ego car [33].

As for deep learning, approaches have been implemented within AES systems by numerous
studies to estimate the distances between vehicles accurately. Halimi [34] demonstrates
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1. Introduction

how leveraging the computational prowess and predictive capabilities of deep learning
algorithms can significantly boost AES’s effectiveness. This is achieved by providing more
accurate and reliable measurements of vehicle distances, enhancing road safety.

Arabi poses a comprehensive approach that uses deep learning and a monocular camera for
estimating the distance of a following vehicle [35]. This method employs various models
such as linear regression, a pinhole model, and artificial neural networks to compare
their effectiveness in accurately estimating distances based on video data captured from
a leading vehicle. Moreover, the M4Depth study proposes a novel system for monocular
depth estimation in autonomous vehicles operating in unseen environments [36]. This
method uses a multi-level architecture that calculates depth by creating visual disparity
maps derived from motion information, offering a new way to enhance vehicle safety and
operational efficiency in dynamic conditions.

With the rapid development of hardware computing power and the success of network
structure development, there is a growing trend to use machine-learning for comprehensive
ADAS applications. These comprehensive approaches not only enhance real-time threat
detection but also foster adaptability to diverse driving scenarios. Taking ReasonNet as an
example [37], the end-to-end driving model first receives the LiDAR input and multi-view
RADAR input to extract features in the early stage of the framework. Then, it processes
the temporal information and maintains a memory bank to store historical data. Last but
not least, it uses a global reasoning module to analyze the relationship between the ego
vehicle and the environment to detect adverse events.

1.5 Objectives and Method
The scope of the thesis is restricted to developing a system to help recognize and predict
when a vehicle is attempting to change lanes when there is a risk of collision so that the
ADAS system can take action to avoid collisions.

This thesis employs machine-learning techniques and neural network models to address the
problem, as these methods have demonstrated strong performance across various driving
scenarios and can efficiently handle large datasets, including time series data [37].

1.5.1 Objectives
This section shows the steps needed to solve the above AES-BLIS problem using machine-
learning techniques.

1.5.1.1 Feature selection

Feature selection is essential for constructing an effective predictive model, particularly with
a large feature set. Industry practices often prioritize features based on domain knowledge,
as seen in prior work where velocity, acceleration of the ego vehicle, and the heading and
distance to lane markers were selected for threat assessment and decision-making in Lane
Keeping Aid (LKA) systems, demonstrating significant success [19]. However, manual
feature selection may introduce human bias. In this thesis, we use a machine-learning
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1. Introduction

feature selection method to automatically rank data features based on their importance,
which may improve the performance of our model.

1.5.1.2 Model development

This module centers on developing a driver intention prediction system using machine-
learning. Since the input is time series data, the proposed model needs to process the
relationship between data from the sensors in the time domain. Also, various methods
and model parameters need to be tested to improve the model performance.

1.5.1.3 Evaluation and analysis

F1 score and Mean Squared Error (MSE) are often used to evaluate the classification and
regression tasks, respectively. In addition to these two important criteria, our evaluation
system also includes the number of trainable parameters. Reducing the number of trainable
parameters while maintaining model performance reduces the computational cost and
enhances the model’s robustness.

1.5.2 Method
Dahl et al. proposed an intention-aware lane-keeping assist system based on machine-
learning [16]. It shows the effectiveness of machine-learning and the usefulness of the
gaze-tracking system. In this thesis, we extend that work to apply machine-learning and
gaze-tracking system to handle the AES-BLIS problem.

Figure 1.3 from [16] shows the time series data of a vehicle navigating a turn. The current
moment is represented by t, while the past moments are indicated by t − 1, t − 2, and
t− 3. The future moment is represented by t+ h, where h denotes the prediction horizon.
In this thesis, we use the same strategy of using the past information of the vehicle to
predict the future state.

Figure 1.3: The time series data plot.
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1. Introduction

Our proposed method includes four steps, as illustrated in Figure 1.4. First, the raw
data are pre-processed, filtered, and labeled to generate training and test data. For the
classification problem, the data within the prediction horizon are labeled positive (danger),
and the rest are labeled negative (safe). For regression problems, the vehicle motion
trajectory and distance to the lane markers after the prediction horizon are viewed as the
targets to predict. The regression trajectory task focuses more on the moving tendency of
the vehicle, while the regression distance task shows the distance of the vehicle.

Figure 1.4: 4 steps of our proposed method

Second, the feature selection process combines correlation analysis with non-dominated
sorting from the Non-dominated Sorting Genetic Algorithm II (NSGA-II) [39]. Initially,
the ranking of data features is determined through non-dominated sorting. Subsequently,
the correlation method is employed to eliminate data features with redundant information.

Third, a neural network model structure inspired by ResNet [40] is used. The third
step also includes a comprehensive analysis of the results obtained from the experiment,
comparing the different approaches under different parameter settings and highlighting
the best solution, especially the effect of the driver-state information.

Finally, an integrated model producing both the regression and classification outputs is
investigated. By utilizing the hidden features of data, the model is intended to produce as
good results as isolated models with fewer learnable parameters.

Figure 1.5 shows that we first build the time series labeled data based on the training
targets and feature selection. The time series data features are categorized into three
classes: vehicle information, object information, and driver-state information.

Vehicle information, also known as ego information, encompasses various dynamic parame-
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ters of the vehicle, such as speed, acceleration, and steering angle. Object information
involves identifying and tracking external entities, such as other vehicles, pedestrians, and
obstacles. Driver-state information includes data on driver behavior and actions, such as
braking patterns and steering maneuvers.

Vehicle and driver information are inputted into the regression model to predict the
vehicle’s future trajectory. We connect the regression model to the classification model so
that the classification model accepts the information extracted from the vehicle information
and target information combined with the object information to give the final classification
prediction.

In the integrated model, the regression module’s hidden features contribute to improving
the classification module’s performance. The integrated model makes precise predictions
regarding the vehicle’s future trajectory and safety assessment classification.

Figure 1.5: An illustration of the proposed method

1.6 Thesis Outline
The outline of the thesis is given as follows. Chapter 2 provides a comprehensive intro-
duction to machine-learning. It starts with a basic overview of machine-learning theory,
followed by a detailed description of all the methods and techniques used in our experi-
ments. Each method is discussed in relation to its relevance and application to our study.
Chapter 3 explores methods proposed for the AES-BLIS problem. It initially discusses
the feature selection process, which uses two criteria to determine model input. This is
followed by examining neural networks for classification and regression tasks. Chapter
4 presents the results obtained from our experiments and discusses them thoroughly. It
examines the impact of various factors, such as the number of input features, network
structure, and parameters. Additionally, the role of driver information input is analyzed.
Finally, we present an integrated model with main blocks and side blocks. The main block
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is used to get the regression output, while the side block is used to get the classification
output. Chapter 5 summarizes the thesis and the overall project. It synthesizes all the
findings, discusses any limitations encountered, and offers several directions for future
research. This chapter aims to provide a comprehensive conclusion and set the stage for
continued exploration in this field.
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2
Machine-learning Introduction

This section covers the machine-learning techniques that are used in our proposed algorithm.
First, it introduces the multi-objective optimization and NSGA-II algorithm [39], which
is applied in the feature selection part of our model. Then it gives detailed information
about neural networks. The key point of the experiment is to compare the impact of
different model structures and settings, including the activation function and loss function.
Furthermore, some common problems during the training of neural networks are shown,
like over-fitting and vanishing gradients. Finally, the popular neural network structure,
ResNet, is introduced, which is beneficial to solving certain training problems by utilizing
skipped connections.

2.1 Multi-objective optimization

Multi-objective optimization (MOO) is a mathematical problem that involves optimizing
several objective functions simultaneously, where optimal decisions need to be made in
the presence of trade-offs between two or more conflicting objectives. This often indicates
that improving one objective by traditional optimization methods, including gradient
descent, Newton’s method, and interior-point methods, may result in worsening another.
The mathematical description of the multi-objective optimization problem is presented as
follows [41]:

min
x

F = {f1(x), f2(x), . . . , fk(x)}

s.t. gi(x) ≤ 0, i = 1, 2, . . . , n
x = (x1, x2, . . . , xm) ∈ Rm,

(2.1)

where, fi(x) denotes the i-th objective function, x is the vector of control variables, n
signifies the total count of constraints, and k represents the overall quantity of objectives to
be optimized. In real-world problems, multiple criteria are often focused on. For example,
in the machine-learning domain, larger and deeper networks generally perform better.
However, hardware limitations and requirements for training speed require fewer network
layers. In this case, "better accuracy performance" and "smaller network size" form two
different criteria. By balancing different criteria, MOO offers robustness and flexibility in
the process of decision-making by evaluating different solutions that satisfy the constraints.
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2.1.1 Pareto Optimality
Unlike convex optimization, where both the objective function and the constraints are
convex functions, multi-objective optimization deals with problems involving multiple
conflicting objectives. This leads to the introduction of the Pareto optimal solutions
concept. Originating from the work of Vilfredo Pareto [42], the Pareto front represents
a set of non-dominated solutions, termed Pareto Optimal Solutions, which collectively
form the Pareto Optimal Front. This front defines the boundary of achievable trade-offs
between objectives, and all the solutions on the front are optimal. The equation of the
Pareto optimal solution set is shown as follows:

P = {x ∈ Ω | ¬∃xk ∈ Ω : xk ≺ x} , (2.2)

where the x∗ represents the Pareto optimal solutions, and xk ≺ x∗ indicates every criterion
of xk is better or equal to x∗ .

Each solution on the Pareto front outperforms all other solutions on at least one ob-
jective without worsening any other objective. The Pareto-optimal solutions provide a
comprehensive view of the trade-offs inherent in the problem space.

2.1.2 NSGA-II and Non-dominated Sorting
Traditional optimization methods find it difficult to directly optimize objects in MMOs,
so different approximative numerical methods have been proposed in the literature, one
of them being evolutionary algorithms. An evolutionary algorithm is a kind of heuristic
optimization algorithm that searches the solution space of a problem through random
mutation and crossover operations on generations of individuals.

The basic steps of an evolutionary algorithm include: (1) creating an initial population
representing potential solutions. (2) selecting individuals based on the fitness function,i.e.,
the value of the objective function. (3) generating individuals by crossover operations.
Here, the crossover introduces diversity and explores the solution space by exchanging
some of the genes of the parent individuals to generate new offspring individuals. (4)
random mutation of newly generated individuals is used to increase diversity. (5) updating
the population according to a selection strategy. (6) if the stopping condition is satisfied
or the algorithm already reaches the maximum iteration, the algorithm outputs the best
individual based on the fitness function. Otherwise, it continues with steps 3 to 5.

The Non-dominated Sorting Genetic Algorithm II (NSGA-II) [39], proposed by Deb et
al., introduces fast non-dominated sorting to better identify Pareto optimal solutions.
This method efficiently separates the solutions into layers of dominance. It starts with
calculating the dominance relations among them. Solutions that are not dominated by
any others (ni = 0) form the first layer, representing the current Pareto front. For each
individual j belonging to the dominating set si of individual i, its dominance count nj is
decreased by 1. When nj becomes 0, individual j is placed into the next non-dominated
level. In this way, all the solutions are categorized into different layers. In NSGA-II,
lower-layer individuals, being closer to the true Pareto front, are favored for selection in
the next generation.
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2.2 Neural Network
The early conception of neural networks can be traced back to the work of McCulloch et
al. [44], who introduced a simplified computational model of a neuron. This work lays the
groundwork for later developments in the field. Multilayer perceptron has been widely
studied and applied as an important architecture since the application of backpropagation
algorithms.

In recent years, the AlexNet architecture [45], which won the ImageNet competition in
2012, significantly increased the interest and research in deep learning. From then on, the
development of neural network architectures like Convolutional Neural Networks (CNNs)
and Recurrent Neural Networks (RNNs) has been commonly used in all kinds of fields,
including computer vision and natural language processing. CNNs are particularly effective
for image and spatial data processing due to their hierarchical structure and ability to
capture local patterns. RNNs are designed for sequence prediction tasks, incorporating
cycles to handle temporal dependencies.

2.2.1 Multilayer Perceptron
Multilayer Perceptron (MLP) is a class of feedforward artificial neural network [48]. It
consists of at least three layers of nodes: an input layer, one or more hidden layers, and
an output layer, as illustrated in figure 2.1. Each layer, except the input layer, contains
multiple neurons that are fully connected to the neurons in the adjacent layers. Neurons
in each layer apply an activation function to the weighted sum of inputs from the previous
layer.

For each layer of the MLP’s computational process, a denotes the input vector, W(l)

represents the weight matrix for layer l, b(l) is the bias vector for layer l, g is the activation
function. The process of the calculation in figure 2.1 can be written as follows:

y = g
(
W(l) · a(l) + b(l)

)
(2.3)

Depending on the activation function in the output layer, the output y can be used for
tasks like classification or regression. The goal of classification is to predict a discrete label
or category for a given input, while regression is to predict continuous values.
MLPs are widely used for solving complex problems, e.g., pattern recognition or classi-
fication. One of the significant advancements in MLP was made when Rumelhart et al.
[49] introduced the backpropagation training algorithm, allowing MLPs to adjust their
internal parameters and more effectively learn from data.

2.2.2 Activation Functions
The output of each layer in MLP is a linear transformation of the inputs. As a result,
nonlinear activation functions are introduced so that the network can fit any function.
Common activation functions include ReLU (Rectified Linear Activation), sigmoid, tanh
(Hyperbolic Tangent), and softmax.
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Figure 2.1: Multilayer Perceptron. Source: [47].

As shown in Figure 2.1, the ReLU activation function is widely used in neural networks due
to its simplicity and effectiveness [43] in addressing the vanishing gradient problem [50].
ReLU is defined mathematically as f(x) = max(0, x), which means it outputs the input
directly if it’s positive. Otherwise, it outputs zero, as Figure 2.2 shows. This function
has been widely appreciated for its ability to provide a nonlinear transformation with less
computational complexity.

Furthermore, PReLU extends the ReLU function by introducing a learnable parameter
α that scales the negative inputs instead of setting them to zero, as seen in the formula
f(x) = max(αx, x) [46]. α allows PReLU to adapt during training and possibly overcome
the limitations of ReLU, such as the problem of dying neurons where neurons can become
inactive and only output zero.

2.2.3 Optimizer and Loss functions

2.2.3.1 Optimizer

During the training of a neural network, the optimizer is responsible for updating the
parameters based on the gradients of the loss function. In figure 2.1, the optimizer
calculates the learnable parameter between different layers. Common optimizers include
Stochastic Gradient Descent (SGD) [52], Adam [53], RMSprop [54], and Adagrad [55],
each with its own update rule and hyperparameters.

The Adam optimizer estimates the momentum vt and quadratic moments st of the gradient
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Figure 2.2: ReLU activation function. Source: [51]

Figure 2.3: PRelu activation function. Source: [51]
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to correct the gradient g
′
t, speeding up the optimization process and increasing the

convergence rate. The Adam algorithm has become one of the most common optimization
algorithms in deep learning due to its simplicity, high efficiency, and easy implementation.

2.2.3.2 Loss Function

The loss function measures the difference between the predicted and actual output, guiding
the optimization process. Neural networks use the loss function to quantify the difference,
or degree of loss, between the model’s predicted results and the true labels.

Mean Squared Error (MSE) loss function and Binary Cross-Entropy (BCE) loss function
are two common loss functions:

MSE = 1
D

D∑
i=1

(y − p)2 (2.4)

BCE = − 1
D

D∑
i=1

(y log(p) + (1 − y) log(1 − p)) (2.5)

where y indicates the true value and p indicates the predicted value. The former loss
function is used in regression tasks to calculate the mean of the squared difference between
the predicted value and the true value. The latter loss function is used in classification
tasks. If the model makes an incorrect prediction, then the loss function penalizes it.

2.3 Common problems and solutions
This section is about the common problems in machine-learning and their solutions.
Problems like over-fitting, degradation, and class imbalance are included. Techniques like
early stopping, Residual Network, and data augmentation are also introduced.

2.3.1 Over-fitting
Over-fitting occurs when a machine-learning model performs well on training data but
poorly on unseen test data. This phenomenon usually occurs when the model is too
complex (too many model parameters) or the amount of training data is too small.

Despite that increasing the amount of training data is one of the most effective ways to
prevent over-fitting, there are also several other common solutions for over-fitting. For
example, a regularization technique is to add an extra term to the loss function to penalize
the model parameters, including L1 regularization and L2 regularization [56].

LossL1 = Loss+ λ
∑

i

|wi| (2.6)

LossL2 = Loss+ λ
∑

i

w2
i (2.7)

Another way is to use cross-validation to assess the generalization ability of the model by
dividing the dataset into multiple subsets and training and validating on different subsets.
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Early stopping is a simple but effective method to prevent over-fitting. During the training
epochs, the model’s performance on the validation set is monitored, and when it is optimal,
the training process stops.

2.3.2 Degradation
As the depth of the neural network increases, the performance of the model stops improving
and even begins to decline, such a situation is called degradation. As seen in figure 2.4,
the 20-layer neural network is actually performing better than the 56-layer neural network
on both the training dataset and the validation dataset. This phenomenon is abnormal,
as deeper networks should be able to learn more complex features and representations,
resulting in better performance.

Figure 2.4: Training and test errors for 20-layer and 56-layer deep residual networks
(ResNets) over iterations. Source: [40].

Degradation occurs due to the increased difficulty of optimizing the parameters of deep neu-
ral networks, which involves tuning parameters such as learning rate, weight initialization,
and network architecture [40]. As the depth of the network increases, gradient propagation
becomes more difficult, leading to the problem of gradient vanishing or gradient explosion,
making the model difficult to train.

Residual Network (ResNet) is a neural network design created by He et al [40]. Its main
feature, the unique residual blocks with skip connections, enables it to bypass some layers,
effectively handling information flow in deep networks. As figure 2.5 shows, the residual
block in ResNet consists of a skip connection to perform identity mapping, directly adding
inputs to outputs. Residual connection allows gradients to propagate to previous layers
via a direct path, not just via chaining from layer to layer. This results in a shorter path
for the gradient to pass, mitigating gradient vanishing and explosion problems.

In this thesis, we will compare the normal MLP network with the MLP network that has
residual blocks to prevent potential degradation. Furthermore, Batch Normalization (BN)
is also used for accelerating neural network training and improving performance [57]. The
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Figure 2.5: ResNet. Source: [40].

Batch Normalization normalizes the data during training to ensure that the mean of the
inputted data is close to 0 and the standard deviation is close to 1.
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3
Methodology

This section presents a comprehensive solution for the AES-BLIS problem following the
method presented in Chapter 1. It includes the following parts: (1) extracting a subset
of data from raw data and annotating it, (2) a feature selection module based on both
non-dominated sorting from the NSGA-II algorithm and correlation analysis methods,
(3) effective neural network model structure inspired by ResNet to predict the vehicle
trajectory and current level of danger, and (4) an integrated model combining regression
model and classification model to improve performance and save computation resource.

3.1 Dataset Building
The data provided contains three types of information: vehicle information, object infor-
mation, and driver information. Vehicle information includes thousands of time series data
from different sensors, including vehicle distance, speed, acceleration towards the lane
markers, and so on. Object information gives the state of other moving objects, and driver
information mainly focuses on the most probable gaze zone and driver unawareness. The
most probable gaze zone represents where the driver is most likely looking, ranging from 0
to 9. 0 represents the driver-side mirror, 1 represents the front area, 2 represents looking
down, 3 represents the driver information module, 4 represents the rear view mirror, 5
represents center stack display, 6 represents the place where a passenger in the front seat
looks straight, 7 represents passenger side mirror, 8 represents driver side window, and 9
represents passenger side window.

In addition to the most probable gaze, the influence of driver forward unawareness is used.
Driver forward unawareness refers to the driver’s awareness of the road information in
the front. It is determined by the time elapsed since the driver last focused on that area.
When the driver is actively looking at the area, the value of driver forward unawareness is
zero. Otherwise, it increases by 40 every second.

To capture historical driving information, the data features are sampled multiple times.
When the data are inputted into the network, we not only input the data at the current
time instant but also sample the data in the second before the current time as historical
information. This historical information helps the network to understand the trajectory
of the vehicle movement better, as stated in [16]. We call this sampled time range, the
history depth. Specifically, for a certain data feature d, instead of just sampling the data
at time t dt, given a sampling interval I, a set Dt = {dt, dt−I , . . . , dt−nI} is fed to the
neural network model. In the experiment, n = 5 and I = 0.2s are used. These settings are
proved to be effective in [16].
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When constructing the dataset, the data before changing the lane within the prediction
horizon is labeled as a positive category, and the other data are labeled as a negative
category. In this way, the numbers of positive cases and negative cases are equal, which is
essential to improve the system’s performance.

3.2 Feature Selection
Feature selection is crucial for improving the model’s prediction performance, making the
model faster and more cost-effective. By selecting only the most relevant features, the model
generalizes better to unseen data, improving its predictive performance. Additionally, good
feature selection can help to understand the problem better [61]. Another important factor
is controlling the neural network model’s total number of parameters and computation
cost, which leads to high demands on the vehicle’s processing hardware.

In this thesis, thousands of time series data provided are likely to contain a lot of
redundant information. Developing a good feature selection module is essential. There
are several successful cases of feature selection. For example, researchers have identified
important features such as ego vehicle speed, acceleration, and steering angle through
expert experience [16]. However, in addition to the features chosen by the expert, there
may be other features that are helpful for model performance. When there are too many
features, the model may learn the noise and details in the training data rather than the
true pattern of the data, leading to over-fitting the training data and degradation on
unseen data. A machine-learning based feature selection method is applied, ranking the
time series’ features in a specific order. Machine-learning based feature selection methods
are automated and rely on objective criteria derived from the data rather than subjective
judgment. Moreover, machine-learning based methods can capture hidden patterns in the
data that may not be apparent to domain experts.

To perform feature selection, we need to assign importance to different features so that
we can rank them. The importance is defined by the change in the data patterns. For
example, if the vehicle remains at high speed when moving forward and slows down when
performing lane change, the model may need to focus on decreasing longitudinal speed.
Two criteria are proposed to find these data patterns: relative rate of change and absolute
rate of change.

Relative rate of change is defined as follows: consider a sampled time series data feature
as dt, ordered by time instant t, where t = 0 indicates the start of the driving record, and
t = N indicates when the vehicle encounters a critical event. Define two different time
horizons H1 and H2, and let dHi

t represent the mean value of the data feature from time
t−Hi to time t. Similar evaluation criteria Cr1 and Cr2 focusing on the relative rate of
change:

Cri =

∣∣∣∣∣∣d
Hi
N − dHi

t

dHi
N

−
dHi

t − dHi

t−(N−t)

dHi
t

∣∣∣∣∣∣ (3.1)

(dHi
N − dHi

t )/(dHi
N ) shows how the average value of the data feature changes before the lane
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change happens, while (dHi
t −dHi

t−(N−t))/(d
Hi
t ) shows how this data feature normally changes

over time. The latter term is necessary because data, maps, and GPS information are
continuously changing in driving record data. Without it, such information may introduce
noise into the model, reducing the accuracy of the model prediction.

Similarly, the absolute rate of change can be defined as follows:

Cai =
∣∣∣(dHi

N − dHi
t ) − (dHi

t − dHi

t−(N−t))
∣∣∣ (3.2)

In equation 3.1, by adjusting the different time horizons Hi, we obtain data features that
either have relatively large value changes in a short period before the lane change or over
a much longer period. Non-dominated sorting is then used to sort all the data features
according to these criteria. Figure 3.1 illustrates how to determine the ranking based
on non-dominated sorting and different criteria. Assume, there are six points indicating
different data features that correspond to three Pareto fronts. For example, the blue
Pareto front includes features that are only dominated by those on the red front but not
by the other. We first pick the data features on the red front, then those data features on
the blue front, and finally the data feature on the brown front.

Figure 3.1: Illustration of non-dominated sorting on different criteria

In this thesis, only a subset of 175 data features are selected out of thousands of features,
as they show an apparent relative change rate. Non-dominated sorting ranks these 175
data features and the ranking criteria are the relative rate of change over 3 seconds and 6
seconds.

Correlation analysis is also used for feature selection. Correlation analysis assesses the
correlation between each feature and other features. When two features have a very high
correlation coefficient, the lower-ranked feature is removed to reduce redundancy in feature
information. Specifically, when the correlation coefficient is close to 1 or -1, it indicates a
high positive or high negative correlation between the variables. When the value of one
variable increases, the value of the other variable also increases or decreases. When the
correlation coefficient is close to 0, it means there is no linear relationship between the
variables, i.e., no correlation.
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Figure 3.2 shows an example of perform the correlation analysis after using the non-
dominated sorting to rank the features in Figure 3.1. In this example, there is a high
correlation between the first red data feature and the first blue data feature, so we delete
the first blue data feature to reduce the redundant information.

Figure 3.2: Illustration of correlation analysis

3.3 Network Building

Historical driving information is crucial in the ADAS system. Many models are developed
to maintain this information, including RNN, [59], and LSTM, [60]. However, these
models have drawbacks such as gradient vanishing and explosion. This is due to long-
term dependencies in the backpropagation process, making the update process difficult.
Moreover, their computation efficiency is not high. For longer sequences, RNN training
and inference may become very slow. In this thesis, the basic model is an MLP, which is a
simple neural network structure that can be computed efficiently. As discussed in Section
3.1, previous states are fed to the network to introduce historical information to the MLP
model.

The MLP model may experience degradation because the model layers can be very deep.
A ResNet-like network structure is designed as Figure 3.3 shows. The model is built
up by blocks. The block-based structure allows complex neural networks to be broken
down into smaller, more manageable modules. In each block, there is a fully connected
layer, a BatchNorm layer, a PReLU layer, followed by another fully connected layer, a
BatchNorm layer, and a PReLU layer.The fully connected layer plays the role of feature
extraction and feature combination in neural networks. Batch normalization stabilizes
and accelerates training by normalizing input features. The PReLU activation function
increases non-linearity of the model and address the problem dead zones of the ReLU
function.

Additionally there is a shortcut, as shown in Figure 2.5, which facilitates gradient flow
during backpropagation, effectively mitigating the vanishing gradient problem. Throughout
the thesis, the models without and with shortcuts are referred to as SimpleMLP and
ResNetMLP, respectively. This comparative analysis underscores the advantages of
incorporating residual connections in enhancing model robustness and effectiveness.
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Figure 3.3: Illustration of the network structure and block structure.

3.4 Integrated Model

The underlying idea of the integrated model is that the regression task is more complex
and needs more neural network layers to process. In contrast, the classification task is
simpler and requires few computation resources. As a result, we want to use the regression
model to improve the classification model and reduce computation resources. Moreover,
the regression task’s optimizing targets include distance, speed, and acceleration. This
information helps the regression model have a clearer direction for optimizing space. As a
result, the regression model’s generalization ability outperforms the classification model.

The idea is illustrated in figure 3.4. The blue circle represents the "optimizing space", which
defines the range of possible model parameter configurations. This space encompasses all
potential solutions that the algorithm explores. The objective of the neural network is to
navigate within this parameter space to identify the set of parameters that minimize the
loss function and achieve the optimal model parameters. The green space represents a
minimum. Minimas can be either local or global. A local minima may result in a model
that performs well on the training set, but poorly on the test set. This phenomenon can
be considered as a form of over-fitting. The black space represents the optimal parameter
setting for the network. In this position, the model not only performs well on the training
data, but also shows strong generalization ability on the test data. The red dot is the
model parameters’ starting point, and the yellow arrows represent the possible optimizing
directions. In the classification tasks, where the outcome is typically binary (positive or
negative), the model is more prone to losing the direction of the optimal solution and
getting stuck in local minima. In contrast, regression tasks typically provide more detailed
targets, which help the model navigate more effectively through the optimization space
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Figure 3.4: Comparison of optimization trajectories in the classification and regression
models

towards the optimal solution.

The integrated model uses the regression model to help improve the classification model’s
performance by inputting the hidden features of the regression model into the classification
model. Figure 3.5 illustrates the integrated model layout. Vehicle data features and
driver-state information are inputted into the main block part to extract relevant features
for the regression task. The object data features and the features produced by the main
block are then input into the side block to generate the classification output.

3.5 Implementation
The prediction models are implemented in Python, using PyTorch, NVIDIA Quadro RTX
4000 Mobile Max-Q GPU, Driver version 535, and CUDA version 12.2. Unless otherwise
specified, the model is trained for 35 epochs during the training process, using the Adam
optimizer with a learning rate of 10−3. The criterion to evaluate the model is MSE loss for
regression tasks and F1 score for classification tasks. The model with the best performance
on the validation set is chosen as the result of the training.
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Figure 3.5: Integrated model structure
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4
Results and Analysis

This chapter summarizes the results. First, it shows the significance of feature selection
when creating a dataset. Next, it compares the performance of different numbers of
input features, network parameters, and prediction horizons. It then analyzes the driver
behavior pattern and discusses the impact of introducing the driver information to the
model. Finally, it shows the results of the integrated model for solving classification and
regression tasks simultaneously.

4.1 Feature selection

4.1.1 Ranking by non-dominated sorting
In this experiment, different feature sets are inputted into the same model architecture
to show the necessity of feature selection. The ranking criteria are the relative rate of
change over 6 seconds and 3 seconds. After the non-dominated sorting, correlation analysis
is used to reduce redundancy. As shown in Table 4.1, "selected" indicates the best 30
ranked features. "sample" indicates a subset of randomly selected 30 features (which can
be regarded as the basic performance of 30 input features), and "worst" indicates the worst
30 ranked features. Finally, "whole" indicates that all 175 selected features have been sent
to the model.

Category selected sample worst whole
ResNetMLP Trajectory 0.1770 0.2052 3.153 failed to converge
ResNetMLP Distance 0.5209 0.5734 2.1092 failed to converge

ResNetMLP Classification 0.7165 0.7147 0.6668 0.6666

Table 4.1: Comparison between different subsets of features

In Table 4.1, the model performs best when using the best feature subset in all categories.
This indicates that feature selection can significantly improve the model performance. In
addition, the worst data subset performs worse than the sample data subset, indicating
that irrelevant or noisy features can negatively affect model predictions. In most cases,
using all features results in a model that fails to converge or has the worst performance.
This suggests that feature redundancy and noise increase model complexity and decrease
performance instead.
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4.1.2 Ranking Criteria
Proper feature ranking is crucial as it directly influences the model’s performance. We
conduct experiments to assess the impact of different sets of ranked features on the model’s
effectiveness.

4.1.2.1 Ranking whole 175 data features

In this experiment, we rank all 175 data features with different criteria. Table 4.2 shows
the model performance of different top data features ranked by different criteria, "relative
6s 3s" includes the relative rate of change over 6 seconds and 3 seconds, "relative 2s 1s"
includes the relative rate of change over 2 seconds and 1 second, and "absolute 2s 1s"
includes the absolute rate of change over 2 seconds and 1 second.

Ranking criteria top 10 features top 20 features top 30 features
Classification relative 6s 3s 0.6953 0.7041 0.7115
Classification relative 2s 1s 0.7052 0.6950 0.6856
Classification absolute 2s 1s 0.6776 0.6653 0.6469

Trajectory relative 6s 3s 0.1822 0.1626 0.1312
Trajectory relative 2s 1s 0.1755 0.1730 0.1670
Trajectory absolute 2s 1s 0.1758 0.1703 0.1491

Distance relative 6s 3s 0.4881 0.4576 0.3538
Distance relative 2s 1s 0.5461 0.5309 0.5171
Distance absolute 2s 1s 0.5308 0.4866 0.4695

Table 4.2: Model performance of different ranking criteria ranking all data features

Comparing "relative 2s 1s" and "absolute 2s 1s", it is noticeable that data features sorted
by relative rate of change criteria perform better on the classification task, while data
features sorted by absolute rate of change criteria perform better on the regression task.
Comparing "relative 6s 3s" and the other two criteria, we see that data features sorted by
long-term relative rate of change generally perform better than those sorted by short-term
criteria.

4.1.2.2 Ranking selected 30 data features

In this experiment, we rank the selected 30 features in 4.1.1 with different criteria. These
30 features exclude the noisy data features. It is noticeable that the "absolute 2s 1s"
criterion performs better than the "relative 6s 3s" criterion on the regression task, see
Table 4.3 and Table 4.4.

The bad performance of the "absolute 2s 1s" criterion in the last experiment and the
good performance in this experiment show that the absolute rate of change may wrongly
evaluate the bad features highly. However, if the bad features are excluded, it can rank the
good features more accurately. In contrast, the "relative 6s 3s" criterion can help rule out
the noisy features, but it’s not precise when it comes to sorting out good data features.
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Different ranking top 10 features top 20 features
relative 6s 3s 0.1822 0.1626
relative 2s 1s 0.1832 0.1700
absolute 2s 1s 0.1595 0.1515

Table 4.3: Different criteria for regression trajectory prediction

Different ranking top 10 features top 20 features
relative 6s 3s 0.4881 0.4576
relative 2s 1s 0.5262 0.5108
absolute 2s 1s 0.4869 0.4527

Table 4.4: Different criteria for regression distance prediction

4.1.3 Impact of Correlation Analysis
After using the non-dominated sorting on the different data features, the top 5 features
are listed as follows:

1. Lateral velocity (sensor 1).
2. Distance to the right road edges.
3. Distance to the left road edges.
4. Lateral velocity (sensor 2).
5. Velocity to the right road edges.

We can see that lateral velocity counts as different data features twice. This is because
vehicles are equipped with many sensors, and different sensors may record the same data.
Therefore, correlation analysis is used to exclude such redundancy. Table 4.5 compares the
model performance using the top 30 features with different correlation analysis thresholds.
For example, if the threshold is 0.9, then if two data features have more than 0.9 correlation,
the lower-ranked feature is excluded.

Thresholds 1.0 0.9 0.8
Regression trajectory MSE 0.1771 0.1745 0.1467
Regression distance MSE 0.5708 0.5180 0.4689

Classification F1 0.6912 0.6886 0.6853

Table 4.5: Performance of feature subsets with different correlation thresholds

Table 4.5 shows that when the threshold drops from 1.0 to 0.8, the performance of the
regression tasks improves. This shows that in the regression problem, when we remove the
redundant information among the features, more useful data features are inputted into
the model, making the model perform better in the regression task.

Unlike regression tasks, the performance of classification tasks slightly worsens when the
threshold drops. This is because classification tasks require fewer data features. In section
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4.2.1, it is shown that the classification tasks perform better when 10 or 20 data features
are inputted rather than the 30 data features. When the threshold is 1, an input of 30
features containing redundant information may be approximately equal to an input of
fewer features that do not contain redundant information. Therefore, the most relevant
correlated features are more effectively captured by the classification model, reducing the
interference of noisy data features (for classification task) and leading to a better model
performance.

4.1.4 Best Features

After applying the non-dominated sorting and correlation analysis with the 0.8 threshold,
the top 10 important features are listed below:

1. Vehicle lateral velocity.
2. Distance to the right road edges.
3. Distance to the left road edges.
4. Velocity to the right road edges.
5. Velocity to the right lane markers.
6. Rate of change of acceleration to the left road edges.
7. Velocity to the left road edges.
8. Acceleration to the second left lane markers.
9. Rate of change of acceleration to the right road edges.

10. Vehicle longitudinal acceleration.

It is noticeable that the selected features cover various aspects of vehicle dynamics (lateral
and longitudinal movements), interactions with road boundaries, and lane positioning,
providing a holistic view of the vehicle’s behavior and surroundings.

Features related to distances and velocities to road edges and lane markers are crucial for
maintaining safety and stability, ensuring that the vehicle remains within safe bounds and
responds appropriately to environmental changes.

4.2 Model Performance
More tests are used to select the best model parameter settings, including the number of
input features, neural network architecture, and prediction horizon.

4.2.1 Number of Input Features
Table 4.6 shows the different model performances on different sets of input features. Here,
10 indicates the 10 best vehicle sensor features from the previous feature selection, 20
indicates the 20 best features, and so on. For the classification problem, the 10 best
features have an average F1 score of 0.6950, the 20 best features have 0.7004, the 30 best
features have 0.7031, the 40 best features have 0.6934, and the 50 best features have 0.6755.
As a result, the top 30 data features are the best option for the classification task.
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Input feature 10 20 30 40 50
SimpleMLP 3 blocks F1 0.6570 0.7160 0.7008 0.7069 0.7045
SimpleMLP 5 blocks F1 0.6878 0.7097 0.7178 0.6773 0.69
SimpleMLP 7 blocks F1 0.7242 0.7144 0.7036 0.7065 0.6958
SimpleMLP 9 blocks F1 0.6995 0.6947 0.7081 0.708 0.6888
ResNetMLP 3 blocks F1 0.6900 0.7008 0.7008 0.6804 0.6238
ResNetMLP 5 blocks F1 0.7010 0.6728 0.6885 0.6786 0.6634
ResNetMLP 7 blocks F1 0.6952 0.7165 0.7079 0.6866 0.6874
ResNetMLP 9 blocks F1 0.7053 0.6786 0.6974 0.7033 0.6505

Average 0.6950 0.7004 0.7031 0.6934 0.6755

Table 4.6: Classification performance on test dataset

For the regression trajectory problem, see Table 4.7, the 10 best features have an average
loss of 0.2016, the 20 best features have 0.1991, the 30 best features have 0.1861, the 40
best features have 0.1863, and the 50 best features have 0.1866. For the regression distance
problem, see Table 4.8, the 10 best features have an average loss of 0.6016, the 20 best
features have 0.5956, the 30 best features have 0.5492, the 40 best features have 0.5542,
and the 50 best features have 0.5464.

Input feature 10 20 30 40 50
SimpleMLP 3 blocks MSE 0.2023 0.1963 0.1946 0.1926 0.1932
SimpleMLP 5 blocks MSE 0.2023 0.2011 0.1878 0.1948 0.1931
SimpleMLP 7 blocks MSE 0.2012 0.1997 0.1948 0.1952 0.1919
SimpleMLP 9 blocks MSE 0.1999 0.2016 0.1955 0.2008 0.1932
ResNetMLP 3 blocks MSE 0.2082 0.2032 0.1791 0.1926 0.1986
ResNetMLP 5 blocks MSE 0.1996 0.1958 0.1822 0.1740 0.1639
ResNetMLP 7 blocks MSE 0.1981 0.1970 0.1783 0.1655 0.1835
ResNetMLP 9 blocks MSE 0.2014 0.1983 0.1770 0.1752 0.1759

Average 0.2016 0.1991 0.1861 0.1863 0.1866

Table 4.7: Regression trajectory performance on test dataset

4.2.2 Neural Network Architecture and Parameters
The performance differences between the SimpleMLP and the ResNetMLP are shown in
Table 4.9. ResNetMLP behaves slightly worse than SimpleMLP on classification problems,
as ResNetMLP achieves an average F1 score of 0.6987, while SimpleMLP achieves an
average F1 score of 0.7075. However, ResNetMLP performs better than SimpleMLP on
the two regression problems, where SimpleMLP gets an average loss of 0.1932 and 0.5599,
and ResNetMLP has an average loss of 0.1791 and 0.5384, respectively.

Another trend is that the SimpleMLP model does not consistently perform better as the
number of block layers increases. In contrast, the ResNetMLP model performs better and
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Input feature 10 20 30 40 50
SimpleMLP 3 blocks MSE 0.5876 0.5895 0.5432 0.5698 0.5531
SimpleMLP 5 blocks MSE 0.5943 0.5923 0.5617 0.5864 0.5493
SimpleMLP 7 blocks MSE 0.5933 0.5820 0.5674 0.5836 0.5953
SimpleMLP 9 blocks MSE 0.6020 0.5984 0.5674 0.6014 0.5862
ResNetMLP 3 blocks MSE 0.6030 0.6149 0.5591 0.5287 0.5323
ResNetMLP 5 blocks MSE 0.6214 0.5983 0.5437 0.5429 0.5333
ResNetMLP 7 blocks MSE 0.6069 0.5982 0.5300 0.5075 0.5061
ResNetMLP 9 blocks MSE 0.6049 0.5911 0.5209 0.5137 0.5162

Average 0.6016 0.5956 0.5492 0.5542 0.5464

Table 4.8: Regression distance performance on test dataset

better on the regression tasks. Especially on the regression distance task, the loss of the
ResNetMLP falls from 0.5591 to 0.5209.

Model Setting Classification F1 Trajectory MSE Distance MSE
SimpleMLP 3 blocks 0.7008 0.1946 0.5432
SimpleMLP 5 blocks 0.7178 0.1878 0.5617
SimpleMLP 7 blocks 0.7036 0.1948 0.5674
SimpleMLP 9 blocks 0.7081 0.1955 0.5674
ResNetMLP 3 blocks 0.7008 0.1791 0.5591
ResNetMLP 5 blocks 0.6885 0.1822 0.5437
ResNetMLP 7 blocks 0.7079 0.1783 0.5300
ResNetMLP 9 blocks 0.6974 0.1770 0.5209

Table 4.9: Model performance comparison between SimpleMLP and ResNetMLP for the
30 input features.

The difference between SimpleMLP and ResNetMLP is the shortcut connection in the
block, which confirms its effectiveness. Shortcuts help models better propagate information
from deep to shallow layers, which aligns with the current academic consensus.

4.3 Prediction Horizon
This section compares the model’s performance when the prediction horizon is set to 2
and 3 seconds. Table 4.10-4.12 shows the model performance of 2- and 3-second prediction
horizons. Although there is no significant difference in the classification tasks, see Table
4.10, the 2-second prediction model performs better on the regression task than the
3-second prediction, as seen in Table 4.11 and Table 4.12.

4.4 Driver-state Information
This section focuses on how driver intention information affects model performance.
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Input feature 10(2s) 10(3s) 20(2s) 20(3s) 30(2s) 30(3s)
SimpleMLP 3 blocks F1 0.6795 0.6570 0.6897 0.7160 0.6897 0.7008
SimpleMLP 5 blocks F1 0.6769 0.6878 0.6972 0.7097 0.6729 0.7178
SimpleMLP 7 blocks F1 0.6757 0.7242 0.6717 0.7144 0.6752 0.7036
SimpleMLP 9 blocks F1 0.6758 0.6995 0.6619 0.6947 0.6489 0.7081
ResNetMLP 3 blocks F1 0.6875 0.6900 0.6930 0.7008 0.7054 0.7008
ResNetMLP 5 blocks F1 0.6987 0.7010 0.6935 0.6728 0.7137 0.6885
ResNetMLP 7 blocks F1 0.7044 0.6952 0.6898 0.7165 0.7009 0.7079
ResNetMLP 9 blocks F1 0.6953 0.7053 0.7041 0.6786 0.7115 0.6974

Table 4.10: Comparison between different prediction horizons in classification
performance

Input feature 10(2s) 10(3s) 20(2s) 20(3s) 30(2s) 30(3s)
SimpleMLP 3 blocks MSE 0.2138 0.2023 0.2242 0.1963 0.1496 0.1946
SimpleMLP 5 blocks MSE 0.1752 0.2023 0.2360 0.2011 0.1441 0.1878
SimpleMLP 7 blocks MSE 0.1799 0.2012 0.1756 0.1997 0.1529 0.1948
SimpleMLP 9 blocks MSE 0.1814 0.1999 0.1749 0.2016 0.1543 0.1955
ResNetMLP 3 blocks MSE 0.1893 0.2082 0.1843 0.2032 0.1492 0.1791
ResNetMLP 5 blocks MSE 0.1750 0.1996 0.1683 0.1958 0.1286 0.1822
ResNetMLP 7 blocks MSE 0.1760 0.1981 0.1716 0.1970 0.1217 0.1783
ResNetMLP 9 blocks MSE 0.1822 0.2014 0.1626 0.1983 0.1321 0.1770

Table 4.11: Comparison between different prediction horizons in regression trajectory
performance

Input feature 10(2s) 10(3s) 20(2s) 20(3s) 30(2s) 30(3s)
SimpleMLP 3 blocks MSE 0.4971 0.5876 0.5127 0.5895 0.3834 0.5432
SimpleMLP 5 blocks MSE 0.5117 0.5943 0.4853 0.5923 0.4280 0.5617
SimpleMLP 7 blocks MSE 0.5171 0.5933 0.4975 0.5820 0.4166 0.5674
SimpleMLP 9 blocks MSE 0.4867 0.6020 0.4895 0.5984 0.4308 0.5674
ResNetMLP 3 blocks MSE 0.5169 0.6030 0.4821 0.6149 0.3769 0.5591
ResNetMLP 5 blocks MSE 0.4954 0.6214 0.4555 0.5983 0.3759 0.5437
ResNetMLP 7 blocks MSE 0.5212 0.6069 0.4782 0.5982 0.3389 0.5300
ResNetMLP 9 blocks MSE 0.4881 0.6049 0.4576 0.5911 0.3538 0.5209

Table 4.12: Comparison between different prediction horizons in regression distance
performance
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4.4.1 Driver-state Pattern
Table 4.13 and 4.14 show the areas most viewed by drivers, 6 and 1 second before a lane
change, respectively. The similarity between the two time periods is that gaze zone 1 has
the highest number of gazes. This indicates that the driver’s primary gaze area is the
front at different times before the lane change, while the secondary area is area 0. When a
lane change is about to occur, the number of gazes in zone 1 decreases significantly, while
the number of gazes in zone 0 and zone 7 increases. As mentioned earlier, zones 0 and 7
represent the driver- and passenger-side mirror.

Category Percentage
0 0.156
1 0.718
2 0.031
3 0.012
4 0.006
5 0.016
6 0.015
7 0.013
8 0.025
9 0.009

Table 4.13: Most probable gaze zone 6s before the lane change

Category Percentage
0 0.173
1 0.654
2 0.028
3 0.011
4 0.006
5 0.015
6 0.025
7 0.038
8 0.031
9 0.020

Table 4.14: Most probable gaze zone 1 second before the lane change

4.4.2 Experiment
ResNetMLP with 9 blocks and 30 ego car inputted data features was previously proven
suitable for the classification task and regression tasks for trajectory and distance predic-
tion. To investigate whether driver-state information improves performance, the coming
experiment adds driver information to the model’s inputs, i.e., gaze zones and the driver
forward unawareness information.
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Tasks Normal model With gaze zone gaze zone and unawareness
Classification F1 0.7091 0.7121 0.6916

Regression trajectory MSE 0.1339 0.1280 0.1382
Regression distance MSE 0.4377 0.3935 0.4223

Table 4.15: Model performance with different driver-states

As shown in Table 4.15, introducing the gaze zone improves the model performance in all
tasks. This suggests that information about the driver’s gaze zone is beneficial. However,
when unawareness information is added, the model performs worse. In this case, driver
forward unawareness harms improving model performance, so we must distinguish between
valid information and noise when introducing driver-state information.

4.5 Integrated Model
The proposed integrated neural network model combines the regression and classification
tasks, utilizes the data information, and reduces the number of neurons.

Tables 4.6 to 4.9 illustrate the distinct patterns in the classification and regression tasks.
Increasing the number of ResNetMLP blocks from 3 to 9 leads to better performance in
the regression models. For instance, the regression distance MSE decreases from 0.5591
to 0.5299. However, increasing the number of ResNetMLP blocks has minimal or even
adverse impacts on the classification models, with the F1 score dropping from 0.7008
to 0.6974. Additionally, regression models benefit from using 40 or 50 inputted features
compared to 10 or 20, while the classification model experiences a decline in performance
when using 50 features, achieving an average F1 score of 0.6755. These comparisons
suggest that regression tasks are more complex, requiring more inputted features and
neural network blocks for generalization ability. In contrast, the classification model needs
fewer data features and network blocks to avoid over-fitting. As a result, the regression
module requires more blocks than the classification module in the integrated model.

However, if we over-compress the number of blocks in the classification models, the
classification models may fail to capture complex data patterns. Thus, the core idea
of the integrated model is to use the regression module to transform complex inputted
features into hidden features that are easier for the classification module to interpret.
These hidden features allow the classification module to express complex data features
with fewer inputted features and network blocks.

By setting the number of the main block (regression module) to 9 and the number of the
side block (classification module) to 1, the performance during one training process of such
model is shown in Table 4.16. As shown in Table 4.16, with increased training epochs,
the regression performance improves, whereas the classification performance decreases.
This indicates that regression tasks are more complex and require more training epochs,
while over-training can cause the classification module over-fitting, leading to performance
degradation. 10 epochs seem to balance well, producing good results for the classification
and regression modules.
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Epoch Regression trajectory loss Classification F1
5 0.1536 0.7204
9 0.1488 0.7185
6 0.1382 0.7151
10 0.1363 0.7115
11 0.1258 0.7091

Table 4.16: Model performance during one training process with 9 main blocks and 1
side block

The experiment also indicates that the classification module converges very fast, thus
we need to reduce its learning rate appropriately. Table 4.17 shows the results when the
learning rate for the regression module is set to 1e-3, and different learning rates for the
classification module are tested. It shows that a classification learning rate should be
around 1e-4 to 2e-4 for good performance.

Classification learning rate Regression trajectory loss Classification F1
1e-3 0.1601 0.6908
5e-4 0.1337 0.6909
2e-4 0.1288 0.7175
1e-4 0.1241 0.7134
5e-5 0.1272 0.7054

Table 4.17: Best model performance for different classification learning rate

The number of learnable parameters of the 9 main block 1 side block integrated model
is 137567. Its best loss for the regression task is 0.1288, and its nest F1 score for the
classification task is 0.7175. This can also be compared to the number of learnable
parameters for the regression 9 block model, 117315, with a loss of 0.1217, and the
classification 5 block model, 82456, and an F1 score of 0.7137. Furthermore, the proposed
integrated model uses only 68.86% of the computational resources to achieve what the
previous two models can.
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Discussion and Conclusion

This section first discusses the research questions posed in Chapter 1, including the findings
found during the experiment and the potential reasons behind them. Then, it lists the
experiment’s challenges and suggests possible ways to improve them in the future. Finally,
it concludes the thesis by listing the contributions.

5.1 Discussion

5.1.1 Findings
First, we use the experimental data in Chapter 4 to discuss the research questions posed
in Chapter 1:

(1) How long should the prediction horizon be?

Section 4.3 investigates different prediction horizons. It tests two-second and three-second
horizons. For the regression task, a prediction horizon of two seconds improves the model’s
performance, but for the classification task, a prediction horizon of three seconds improves
the model’s prediction accuracy. As the prediction horizon decreases, the uncertainty in
the vehicle’s trajectory is reduced. However, for the classification problem, reducing the
prediction horizon makes the difference between the data of the positive and negative
classes smaller, leading to a decrease in the model performance.

Overall, a 2-second prediction horizon is a good setting for both the classification and the
regression tasks.

(2) Which data features are required to be input into the system?

The top 10 features selected by non-dominated sorting and correlation analysis are:

1. Vehicle lateral velocity.
2. Distance to the right road edges.
3. Distance to the left road edges.
4. Velocity to the right road edges.
5. Velocity to the right lane markers.
6. Rate of change of acceleration to the left road edges.
7. Velocity to the left road edges.
8. Acceleration to the second left lane markers.
9. Rate of change of acceleration to the right road edges.
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10. Vehicle longitudinal acceleration.

From the list, we can observe that the lateral dynamics, i.e., the lateral distance, velocity,
and acceleration, are more important than longitudinal dynamics, which aligns with
common sense in lane-changing problems. Lateral dynamics’ data features should be
included in lane-changing problems.

(3) What selection criteria should be used when making feature selections?

The experiments presented in Section 4.1.2 show that the short-term change rate is more
suitable for selecting the best features among good features. In addition, the absolute rate
of change is better than the relative rate of change. The long-term rate of change and
relative rate of change are more suitable for ruling out the worst data features.

(4) What model should be used to solve the problem?

The experiments presented in Section 4.2.1 show that the system performance increases
with the number of features used, but the increase is less after 30 features. This holds
for both the regression and the classification tasks. Furthermore, regarding network
architecture, the performance of the SimpleMLP and the ResNetMLP are similar. In
Section 4.2.2, we can see that the ResNetMLP solves the degradation problem well in the
regression task by using the shortcut in the block. However, for the classification problem,
ResNetMLP does not outperform the SimpleMLP. This is because the classification problem
is simpler, so a more complex model and a larger number of layers cause overfitting.

(5) Does the introduction of driver-state information improve the system
performance?

In Section 4.4, it is found that drivers spend most of their time looking forward and to
the side mirrors, but before making the lane change, the proportion of looking forward
decreases, and the proportion of looking at the mirrors on both sides rises by a small
amount. Introducing the data feature "most probable gaze zone" to the neural network
helps improve the system’s performance. However, the "driver forward unawareness" data
feature worsens the system’s performance.

(6) Is it possible to combine the regression problem and the classification
problem into a single problem to be solved?

Section 4.5 shows an integrated neural network model that predicts both the regression
and classification tasks. The regression task is more complex and requires more neural
network blocks to achieve good results, while the classification task is less complex. A
classification task module can use the extracted hidden features of the regression module
to reduce the number of parameters and improve model performance.

Table 4.16 shows the training process of the integrated model. The regression module
improves as the number of training epochs increases, while the classification module’s
performance slightly declines. This illustrates that the regression task requires more
fine-tuning and benefits from additional training rounds, whereas the classification task is
relatively simpler. If trained for too many epochs, the classification module may suffer
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from over-fitting, reducing its generalization ability. Choosing an appropriate number of
training rounds can balance the performance of both tasks. In our experiment, 10 epochs
prove optimal for achieving this balance.

The learning rate plays a crucial role in optimizing the model training. Specifically, a
classification learning rate between 1e-4 and 2e-4, combined with a regression learning
rate of 1e-3, leads to the best overall performance, as evidenced by the improvements in
both regression trajectory loss and classification F1 scores. The higher learning rate in
the regression module allows for quicker weight adjustments, optimizing the loss function
within the given training time. Meanwhile, the lower learning rate in the classification
module ensures a more stable learning process, preventing interference from the rapid
updates in the regression module and avoiding over-adjustment or unstable gradient
changes.

The standalone classification model requires 5 blocks to achieve an F1 Score of 0.7137.
However, the classification module in the integrated model benefits from shared information
with the regression module, achieving a slightly higher F1 Score of 0.7175 using only 1
block. This improvement suggests that the integrated model effectively leverages shared
parameters between tasks, enhancing overall efficiency. By combining tasks within a single
framework, the integrated model reduces computational resource usage to 68.86% of the
learnable parameters while maintaining comparable performance.

5.1.2 Challenges
Despite the promising results, several challenges are identified during the work.

Firstly, the class imbalance in the dataset poses a challenge, as risky driving instances are
only a small fraction of the total data. The data pre-processing part needs to balance the
positive and negative classes so the model does not become biased towards the majority
class.

Secondly, while the feature selection process effectively reduces dimension, selecting the
most relevant features remains challenging. This is due to the unique characteristics of each
data feature, which complicate their ranking based on a single criterion. Some features
provide the model with short-term information, while others offer long-term insights. As a
result, the ranking of features represents a relative order.

Thirdly, the current history depth is only 1 second, which may not capture the long-term
driving patterns. History depth refers to the amount of past data inputted into the model
for making predictions. In our case, we use data from the previous second to predict future
states in two seconds. This limitation can affect the system’s effectiveness in real-world
situations.

Lastly, adding the driver-state information may introduce noise and complexity that
degrade model performance. One possible way to overcome this challenge is to choose
models better suited to handle complex features, such as ensemble learning models [83]
and deep learning models. Moreover, feature importance analysis methods, such as feature
importance scores [84], can be used to evaluate the contribution of each feature to the
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model’s predictions.

5.1.3 Suggestions for future Work
Building on the findings of this thesis, several directions for future work are proposed:

It is advised to apply more advanced neural network architectures to the problem to
improve prediction accuracy, such as Transformer-based models [81].

Further refinement of the feature selection process through advanced machine-learning
techniques can more effectively identify and rank features to reduce redundancy and
enhance model accuracy.

Collecting and integrating more useful driver-state information can help improve the
model’s performance. For example, we can monitor the eye closure rate. Calculating
the blinking frequency helps the model determine whether the driver is fatigued. The
model can also monitor whether the driver’s hands are on the steering wheel and analyze
whether the driver’s steering wheel operation is normal. This kind of information can
further improve the model’s robustness.

Finally, conduct real-world trials and validations with the developed model to assess
its practical applicability and reliability. Collaborating with automotive companies or
utilizing driving simulators can provide valuable data and insights to refine and validate
the proposed method.

5.2 Conclusions
This thesis presents a comprehensive approach addressing the AES-BLIS problem. The
focus is on developing an effective system to analyze the current traffic situation and
predict future vehicle states to prevent collisions.

The main conclusions of this thesis can be summarized as follows: using the NSGA-II
algorithm and correlation analysis for feature selection helps reduce the data dimension
while maintaining prediction accuracy, and an artificial neural network model structure
inspired by the ResNet model structure with shortcuts is suitable.

Furthermore, tests have been carried out to improve the model’s performance on the
regression and classification tasks. In addition, the "most probable gaze zone" data feature
enhances the model’s performance.

An integrated model is also proposed to combine the regression and classification tasks.
Integrating the main block and side block models leverages the strengths of both the
regression and classification tasks. The regression model excels at processing continuous
features like distance, speed, and acceleration, providing robust features for the classification
model, which handles discrete labels (safe/danger). This integration mitigates noisy data
issues and over-fitting in classification tasks, improving overall performance by using the
regression model’s accurate features to enhance classification accuracy. It performs well
on both tasks and reduces the number of learnable parameters.
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