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As vehicle automation becomes increasingly prevalent and capable, drivers have the op-

portunity to delegate primary driving task control to automated systems. In recent years,

significant efforts have been placed on developing and deploying Advanced Driver Assistance

Systems (ADAS). These systems are designed to work with human drivers to increase vehicle

safety, control, and performance in both ordinary and emergent situations. Current ADAS

are mainly presented in rule-based or manually programmed design based on the summary

and modeling of pre-collected human performance data. However, the pre-fixed system with

limited personalization may not match human drivers’ needs, which may arise the driver’s

dissatisfaction and cause ineffective system improvement. Human-centered machine learning

(HCML) includes explicitly recognizing this human operator’s role, as well as re-constructing

machine learning workflows based on human working practices. The goal of this dissertation

is to build a novel driver behavior modeling framework to understand and predict inter-

actions with the driver assistance system from a human-centered perspective. It can lead



not only to more usable machine learning tools but to new ways of improving the driver

assistance systems.

A driving simulator study was conducted to evaluate drivers’ interactions with Forward

Collision Warning (FCW) system. Gaussian Mixture Model (GMM) clusterization was used

to identify different driving styles based drivers’ driving performance, secondary task en-

gagement, eye glance behavior and survey information. The impact of the FCW system on

the different driving styles was also evaluated and discussed from three perspectives: ini-

tial reaction, distraction types, and safety benefits. A driver behavior model was also built

using inverse reinforcement learning. Lastly, the timing prediction of FCW using driving

preference was compared to the algorithm from a traditional FCW system.

The findings of this study showed that ADAS without human feedback may not always

bring positive safety benefits. Learning driver’s preference through inverse reinforcement

learning could better account for future scenarios and better predict driver behavior (e.g.,

braking action). This algorithm can be incorporated into real world in-vehicle warning

systems such that the feedback and driving styles of the human operator are appropriately

considered.
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Chapter 1

INTRODUCTION

1.1 Problem statement

As vehicle automation becomes increasingly prevalent and capable, drivers have the op-

portunity to delegate primary driving task control to automated systems. Significant efforts

have been placed on developing and deploying Advanced Driver Assistance Systems (ADAS).

These systems are designed to work with human drivers to increase vehicle safety, control,

and performance in both ordinary and emergent situations.

Current Advanced Driver Assistance Systems (ADAS) are mainly presented in rule-based

or manually programmed design based on the summary and modeling of pre-collected human

performance data. However, this pre-fixed system with limited personalization may not

match human drivers’ needs, which may arise the driver’s dissatisfaction and cause ineffective

system improvement.

Human drivers may develop different behavior adaptations when interacting with ADAS.

The differences may be caused by different driving styles. As driving styles summarizes the

habitual way of driving for a individual driver or a group of drivers, the conflict between

driver assistance and driving styles could impact the driver behavior adaptation. Driving

styles usually develop through the mixture influence from individual, socio-economic, and
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technological factors. The understanding of how these factors impact the development of

driving style provides the potential and basis for the personalized ADAS. Traditional driving

styles research mainly relied on the self-report information by collecting driver behavior

related questionnaires. Time series observation of steering, speed and headway can implicitly

reflect the driving styles (Black et al., 2011; Macadam, 2003). There is limited research

in identifying driving styles based time-series observational data (e.g., vehicle kinematics,

secondary task engagement, eye glance data), and how driving styles could impact drivers

behavior adaptation when interacting with the ADAS is not thoroughly investigated.

There may be many different reasons for the formalization of the certain driving style.

Näätänen and Summala (1976) proposed that it relates to the driver’s preference, such as

getting to destinations safely, arriving as fast as possible, keeping up with normal traffic flow,

seeking the thrill of speeding, or even engaging with secondary tasks. How to quantify and

evaluate the driver’s preference was not widely discussed in the past research. Quantifying

the driver’s preference would be helpful in improving current ADAS system design and bring

positive safety benefits for human drivers.

Human-centered machine learning (HCML) includes explicitly recognizing this human

work, as well as re-constructing machine learning workflows based on situated human working

practices, and exploring the collaboration of humans and systems. Machine learning from

human-centered perspective could help to focus and guide how machine learning and system

design can stay grounded in human needs. It can lead not only to more usable machine

learning toostas but to new ways of improving driver assistance system.
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1.2 Goal

The goal of this dissertation is to build a driver behavior modeling framework that can

understand and predict interactions with the driver assistance system from a human-centered

perspective. This approach can lead to more usable machine learning tools as well as provide

new ways of improving the driver assistance system. This study seeks to address the following

research questions:

• Research Question 1: Can we identify the driving styles based on driver behavior

data?

– This study focuses on capturing and identifying the driving styles based on drivers’

driving performance, secondary task engagement, eye glance behavior, and sur-

vey information. The data is from a driving simulator study that was designed

and conducted with a scenario including lead vehicle decelerating under different

conditions.

• Research Question 2: How do drivers adapt to the FCW system based on the driving

styles?

– Unlike the previous study, driver’s adaptation to ADAS system is discussed based

on driver characteristics (e.g., age, gender). This study aims to evaluate the

driver’s adaptation to an FCW system based on driving styles from three aspects:

initial reaction, distraction, and safety benefits.
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• Research Question 3: Can we learn driving preferences based on simulator data?

– Driver’s behavior varies, but the driving preference is relatively stable to achieve

a short time goal. A perception-decision-action perspective was utilized to un-

derstand driver behavior when interacting with the vehicle. Driver preference is

learned as a reward function given observed time series data by applying Inverse

Reinforcement Learning.

• Research Question 4: Can we predict when the driver should brake based on their

driving preferences?

– This study compares the braking action timing prediction by using driving prefer-

ence with traditional FCW system. The difference between these two mechanisms

is evaluated and discussed.
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Chapter 2

BACKGROUND AND LITERATURE REVIEW

2.1 Vehicle automation

2.1.1 Levels of automation

As vehicle automation becomes increasingly prevalent and capable, drivers have the oppor-

tunity to delegate control of the primary driving task to automated vehicles. SAE (2016)

provides a taxonomy with detailed definitions for six levels of driving automation, ranging

from no driving automation (level 0) to full driving automation (level 5). Each level describes

the responsibilities of the vehicles that can take over from the drivers, and how the vehicles

and the drivers interact with each other. The following are the specific SAE definitions for

each level:

• Level 0 - No Automation The driver performs all driving tasks.

• Level 1 - Driver Assistance The driver still perform the majority of driving tasks,

vehicle can provide some driving assist features (e.g., lateral control).

• Level 2 - Partial Automation The vehicle can provide some automated functions,

like acceleration and steering, but the driver must supervise the system and monitor

surroundings all the time.
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• Level 3 - Conditional Automation The driver is not required to monitor the en-

vironment all the time, but the driver must be ready to respond to a request from the

vehicle to intervene.

• Level 4 - High Automation The vehicle is capable of performing all driving functions

under certain conditions. The driver may have the option to control the vehicle.

• Level 5 - Full Automation The vehicle is capable of performing all driving functions

under all conditions. There is no need for the driver to intervene.

The evolution of vehicle automation aims to deliver greater driving safety by taking over

the control of driving task from the human drivers. With less involvement of human drivers

in the driving loop, the likelihood of human error occurrence decreases. However, in the

transition from the low level to the high level of automation (up to level 4 automation),

the drivers still have to be ready to intervene when needed. Failure of intervention would

lead to the increase of driving risk. Therefore, a human-centered design idea is essential

when improving the vehicle systems. In order to make the intervention from the human

drivers successfully and effectively, it is critical to consider the individual difference of the

human drivers and monitor the real-time status of the human drivers. For higher levels of

automation, it is extremely important to track drivers’ state and ensure that drivers are in

the loop for responding appropriately in critical situations.
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2.1.2 Advanced Driver Assistance Systems, ADAS

Advanced Driver Assistance Systems (ADAS) are intelligent systems designed to enhance

driving safety by providing assistance to the drivers with primary driving task. The assistance

functions from ADAS include alerting drivers of potential hazard situations, intervening

with partial vehicle control, and providing full control for a period of time. In recent years,

significant emphasis and efforts have been placed on the development and implementation

of Advanced Driver Assistance Systems (ADAS). These systems are designed to work with

the human drivers to increase vehicle safety, control, and performance in both ordinary and

emergent situations. Several examples are explained as following:

• Adaptive Cruise Control (ACC) Adaptive cruise control (ACC) is an automotive

feature for road vehicles that automatically adjusts the vehicle speed to maintain a

safe distance from vehicles ahead (Marsden et al., 2001).

• Lane Departure Warning (LDW) Lane Departure Warning (LDW) is a mechanism

which warns the driver if the vehicle is leaving its lane with visual, audible, and/or

vibration warnings.

• Forward Collision Warning (FCW) A Forward Collision Warnings System (FCWS)

is designed to alert drivers of the potential collision risk when an obstacle is de-

tected.(Lee and Peng, 2005).

Although the ADAS provide supports for specific parts of the driving tasks, the human
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drivers and the system share the control of the vehicle all the time. Unsuccessful transition

of driving control from the system to the human driver could reduce the safety benefits and

may lead to the increase of crash risk. It is important to design the functions provided by

the ADAS to be feasible, accessible, and adaptable for the human drivers.

2.1.3 Car-following scenario

As one of the most common scenario in transportation research, car-following scenario is

observed in manual driving, assisted driving, and self-driving vehicles. Car-following captures

the fundamental activity of driving following the lead vehicles safely in the traffic stream.

Rear-end collision is a common crash occurrence in car-following scenario. It refers to

the situation that the lead vehicle is stopped or moving very slowly before the crash. It has

a significant impact on traffic flow and traffic safety. In 2016, it accounted for 6.8% of the

34,439 fatal crashes in the US (Institute, 2017). To reduce the risk of the vehicle crash in

the car-following scenario, many vehicle technology applications are developed based on the

car-following research. ADAS, such as Adaptive Cruise Control (ACC), partially replaces

the control of vehicle accelerator in order to reduce the hazard from the human driver mis-

perspection. Forward Collision Warning (FCW), provides alerts to the human operators of

the impending collisions.

Car-following is also an essential component of micro-simulation models. By focusing on

car-following, researchers can investigate the individual driver behavior as well as global traf-

fic flow from a microscopic perspective. The car-following behavior describes the behavior of
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a vehicle while following a lead vehicle. It consists of two aspects: vehicle kinematics (e.g.,

speed, acceleration) and human operator performance (e.g., reaction delay, imperfect percep-

tion). Existing car-following models (e.g., Gazis-Herman-Rothery (GHR) model, Fuzzy-logic

model, Helly’s model, Intelligent Driver Model (IDM)) mostly focus on vehicle kinematics

rather than the human operator performance, thus these models are incapable of capturing

varying human operator driving behaviors (i.e., driving styles and risk-anticipating prefer-

ence) in car-following scenario (Chandler et al., 1958; Wu et al., 2000; Helly, 1959; Treiber

et al., 2000). Given the importance of human factor in the car-following scenario, it is

necessary to integrate the current car-following model by considering human operator per-

formance.

2.1.4 Forward Collision Warning (FCW) system

Rear-end collisions account for approximately 29 percent of all crashes each year (Lee et al.,

2007). In order to reduce rear-end or forward collisions, great efforts have been placed on the

development of Rear-end collision avoidance systems (RECAs). RECAs had been shown as

a promising approach to help drivers avoid these crashes (Lee et al., 2002). Forward Collision

Warning (FCW) system is one typical type of RECAs, and it is designed to warn drivers

of an impending forward or rear-end crash so that drivers can return their attention to the

critical driving situations. Thus, it has the potential to reduce the occurrence of rear-end

collisions. An FCW system can detect the vehicles and obstacles in front of the host vehicle.

If a fixed threshold of collision risk is exceeded (e.g., Time to Collision, TTC), an alert is
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issued.

Timing of alerts in an FCW system is based on a parametric physical model estimated

from experiment data. However, this type of design has two potential issues. First, it is

difficult to generalize for varying environmental situation. Weather condition could impact

the time needed for avoiding a collision. Weather-related factors, especially rainy conditions,

were found to affect crash frequencies (Jung et al., 2011). Besides, this design of FCW alerts

does not account for the drivers attention to the driving task. If the driver is distracted, the

driving performance is degraded, such as reduced headway distance and greater lane position

variability, the driver’s capability to respond to these alerts is also negatively impacted.

Many studies have shown that driver distraction is believed to be a factor in a substantial

percentage of collisions (Lee et al., 2007; Lees and Lee, 2007; Bunn et al., 2005).

2.2 Driver performance

Performance measures evaluate the driver’s ability to perform the driving task for a specific

context and road condition. These measures provide insights on the driver’s ability to main-

tain speed, distance, and lane position (da Silva, 2014). Furthermore, performance measures

are essential for evaluating safety and improving vehicle systems. In general, the ideal se-

lections of performance measures should be chosen based on the types of systems that are

evaluated, and the tasks that would significantly affect driver behaviors.

A brief introduction on various performance measures used to evaluate the performance

of drivers is discussed in this section. They are divided into: 1) vehicle performance measures
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2) operator performance measures. 3) physiology measures.

2.2.1 Vehicle performance measures

• Longitudinal control usually focuses on the control of distance and time, as it requires

the driver’s ability to perceive and attend to the situation while driving. Speed, as

one example of longitudinal control measures, aims to prevent vehicle collisions and

maintain steady traffic flow. It has been widely studied as a dependent variable in

transportation research (Regan et al., 2008). Typical speed related measures include

mean, maximum, quantile values of speed, variability such as standard deviation of

speed. Several studies indicate that mean speed decreases when drivers are engaged

with phone call (Green et al., 1993; Reed and Green, 1999). Furthermore, Haigney

et al. (2000) showed that the variation of driving speed increase when drivers are

exposed or distracted by cell phone usage. When it comes to the driver’s interaction

with in-vehicle information system, Srinivasan and Jovanis (1997)’s study shows that

manually controlling in-vehicle navigation system would lower the mean speed, while

Gärtner et al. (2001) indicate that the speech input for Driver Information System

(DIS) has a smaller impact on the variation of speed when compared with manual

input.

Speed is a good performance measure that is dependent on the individual driver, as

high speed and dramatically speed change indicate the drivers’ inability to speed control

(Regan et al., 2008). However, in real life situation, individual speed measures may be
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constrained by the high volume of traffic and other on-road environment conditions,

which makes speed measure insensitive to reflect individual performance and behavior

change.

• Lateral control refers to the control of side-to-side or sideways movement. Lane keep-

ing, one of the commonly used lateral control measures, aims to measure the position

of a traveling vehicle on the road as related to the center of the lane. The most com-

monly used lateral position metrics include mean lane position, standard deviation of

lane position, and number of lane exceedences (LANEX). The ability of lane keeping

control is used as a measure for evaluating the effects of in-vehicle systems on driving

performance. Engström et al. (2005); Peng et al. (2014) show that performing sec-

ondary tasks would negatively affect drivers’ lane keeping ability, especially when they

are involved in high visual demand tasks, such as cell phone texting. Furthermore,

Tijerina et al. (1998) conclude that drivers who were using manual input to navigation

system tend to have a larger standard deviation of lane position and a greater number

of lane exceedences compared to those using voice input.

2.2.2 Operator performance measures

• Event detection and reaction time aim to measure crash involvement of the drivers

directly. Event detection and reaction time have been widely used for ADAS and

in-vehicle information systems, including number of missed/detected events, response

time to specific events. Reaction time to the leading vehicle’s braking lights is used
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to evaluate the driver’s vigilance during driving when automated systems are engaged

(Rudin-Brown and Parker, 2004; Shen and Neyens, 2017). Response Time (RT) to

Tactile Detection Response Task (TDRT) is considered to be a sensitive surrogate test

for driver attention and cognitive demand for non-driving related tasks(Hsieh et al.,

2015). Our previous study shows that participants have longest respond time to the

TDRT when interacting with the in-vehicle navigation system with visual mode, as it

takes time to interpret text on a visual display while also simultaneously attending to

the TDRT stimuli.

2.2.3 Physiology measures

Physiological measures provide insights on the driver’s peripheral and central nervous system

during driving. Physiology measures include heart rate, eye movement and pupil dilation,

respiratory rate, and electroencephalogram (EEG); these have been widely studied and ap-

plied (Hjortskov et al., 2004; Sodhi et al., 2002; Kim et al., 2015; Wang et al., 2015). Hjortskov

et al. (2004) shows that heart rate variability is a more sensitive and selective measure of

mental stress. Particularly, Reid and Colle (1988) claims that heart rate and heart rate

variability vary significantly when the user approaches the workload limit where cognitive

capacity is fully utilized, resulting in degraded performance. Sodhi et al. (2002)’s study uses

eye positions and pupil diameters as the indicators of attentional focus; their experiment

results show that longer eye-off-road durations were observed in radio-tuning and rearview

mirror checking tasks, but not in the odometer checking task. Kim et al. (2015)’s study
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tracks participants’ breath rates and the duration of breathing-in and breathing-out to rep-

resent different driving states and uses this information to design their driving intervention

algorithm. EEG signals also have been used to keep tracking of drivers’ attention level in

(Wang et al., 2015).

2.3 Importance of driver preference

Driver preference, in this dissertation, refers to the driver’s choice in speed and distance

in the car-following scenario. The preferred driving speed and headway distance can be

maintained through accelerating and decelerating by switching between accelerator pedal

and brake pedal. It is important to consider driver preference because it affects the driver

behavior when interacting with vehicle intelligent system and transportation infrastructure.

Lachapelle (2006) concluded that drivers adjust the speed and headway relying on driver

preference. It was also showed that driver preference could impact the route and paths

choice (Macadam, 2003). In order to better evaluate ground vehicle steering systems, Black

et al. (2011) created steering preference metric based on driver behavior. Furthermore,

driver preference is associated with the acceptance of intelligent systems and traffic safety.

Hoffman et al. (2003) demonstrated how well the algorithm of collision warning system and

user interface can be tailored to the driver’s preferences.

Driver preference, as discussed in (Hoffman et al., 2003), decides the success of the For-

ward Warning Collision system. Besides, Ahie et al. (2015) pointed out that driver preference

was the source of the traffic conflict, such as dangerous overtaking.
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With the rapid development of vehicle automation, a significant number of advanced

driver assistance system (ADAS) are designed to improve vehicle control and the safety

of the driver and the passengers. Many studies of ADAS have focused on real-time and

correct identification of the driver’s intention to improve the capability and acceptance of

the system to the drivers. Tran and Firl (2014) considered driver preference (i.e., turning left

or right) in the context of a Monte Carlos method. They employed this method to predict

possible trajectories at urban intersection that involves obvious multi-modalities and non-

linearities, which allows the incremental prediction of possible trajectories in situations where

unimodal estimators such as Kalman Filters would not work well. Their proposed framework

is evaluated experimentally in urban intersection scenarios using real-world data. Sezer et al.

(2015) formalized the problem of vehicle interaction at an intersection merging scenario as

an intention-aware motion planning problem using Mixed Observability Markov Decision

Process (MOMDP). By considering driver’s preference and intention, it is demonstrated

that using intention-aware planning improves prediction performance in comparison to the

traditional algorithm by lowering accident probability and intersection navigation duration.

In addition to driver’s intention at complicated traffic scenarios, modality is also an important

factor that should be addressed in the design of in-vehicle information system. Kim et al.

(2012) explores the efficacy of multi-modal cues for providing route guidance information

to adjust different driver preference; further, they find that the full combination of visual,

auditory, and haptic feedback is generally most useful to reduce way-finding errors.
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2.4 Driving assistance system with human feedback

Driver preference can be gathered through written questionnaires (Mazzae et al., 2004).

However, this approach could delay the procedure of vehicle engineering development and

testing. Human feedback can also be collected without directly person-in-person communica-

tion. Time-series observation of steering, speed and headway can implicitly reflect the driver

preference (Black et al., 2011; Macadam, 2003). Human feedback oriented systems have been

widely studied and implemented in web applications and conversational dialogue systems.

Koren (2010) proposed a modified collaborative filtering algorithm for recommendation sys-

tems which can dynamically model not only the customer’s preference, changing product

perception, and popularity. Furthermore, researchers in conversation dialogue systems are

dedicated to developing systems that can learn user preferences, improve task completion,

or adapt dialogue strategies to an individual during a conversation. Linden et al. (1997)

presents their Automated Travel Assistant, a prototype of the model that interactively builds

flight itineraries by starting with minimal information about the user’s preferences, and then

improving the recommendations after user-interactions.

Unlike the web-based applications, driving is more complicated with safety and time-

critical scenarios. Inappropriate or even misleading adaptive functions from user-adaptive

driving systems may bring serious risks. Jameson (2009) presents a study in which the effects

of different levels of in-vehicle adaptation are analyzed based on the performance of drivers

under driving simulator condition. Their experiments indicate that adaptive user interfaces
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can be a practical means of supporting the driver, but also that the adaptation level of

these systems has to be designed very carefully in order to avoid undesired system behavior,

particularly in non-routine tasks and unfamiliar driving situations. Further, Jamson et al.

(2008) studied the effects of moving from a non-adaptive to an adaptive forward collision

warning(FCW) system that adjusted the timing of its alarms according to each driver’s

reaction time. Their experiment shows that all drivers benefited in terms of improved safety

from both FCW systems. Furthermore, non-aggressive drivers (low sensation seeking, long

followers) did not display a preference to the adaptive FCW over its non-adaptive one, while

aggressive drivers (high sensation seeking, short followers) were demonstrated from benefits

of the adaptive system.

2.5 Gaps in literature

Advanced driver assistance systems (ADAS) aim to assist the driver in the driving process

with safe interactive interface. It has been improving significantly in the automotive industry

due to the rapid development of sensor technology. However, current ADAS mainly focus

on reacting to the context of the vehicle and surrounding environment, while driver, who

is tightly involved in the whole driving process, has been excluded from the consideration

in the system design. Besides, this limitation of current ADAS can not perfectly handle

the potential safety risk due to increased drivers’ engagement of secondary tasks during

driving. Therefore, ADAS with considering the driver’s input is essential in the autonomous

driving field as it not only considers driving contexts but also actively reacts to drivers’



18

varying driving states. This dissertation takes Forward Collision Warning(FCW) systems as

an example to investigate the problem: how to keep human in the loop of ADAS in a varying

environment with safe-critical intervention.

Driver individual differences in terms of interacting with ADAS was mainly discussed

based on driver characteristics and personalities, such as age (Ziefle et al., 2008; Trübswetter

and Bengler, 2013; Reimer, 2014), gender (Son et al., 2015) and driving experience (Mueller

and Trick, 2012; Underwood et al., 2002). However, the impacts of ADAS on drivers with

different driving styles were rarely investigated. Driving style, as defined in (Sagberg et al.,

2015), refers to habitual way of driving, which is characteristic for a driver or a group of

drivers. It often develops through the mixture influence from individual, socio-economic, and

technological factors. The understanding of how these factors impact the development of

driving style provides the basis for personalized ADAS (Cho et al., 2006; Xiong et al., 2012).

However, driving styles are often inferred from self-reported data (e.g., driving behavior

questionnaires) (Xiong et al., 2012; Peng and Boyle, 2015). Identifying the driving styles

based the collected time series data is still new. This dissertation will identify the driving

styles based on driver behavior data that was collected from a controlled driving simulator

study. Specifically, identifying the driving styles of how drivers react to safety-critical braking

events is the focus of this work.

Personalized or adaptive ADAS aims to adjust the driver assistance functions to the

driver’s need. Many studies had discussed the potential of adaptive ADAS to improve safety

and user satisfaction. Hajek et al. (2013) demonstrated the technological possibility of ad-
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justing driver workload while the drivers are interacting with Active Cruise Control (ACC)

system. Their experiment showed that workload-adaptive cruise control (WACC) revealed

a safety advantage over the traditional ACC system in terms of low rate of deceleration.

Lane Keeping (LK) system of adjusting driver distraction status was considered to increase

driving safety through the field experiments conducted by (Blaschke et al., 2009). Further-

more,Jamson et al. (2008) investigated the effectiveness and acceptance of Forward Collision

Warning (FCW) systems that adjusted the timing of its alarms based on drivers reaction

time. Their study compared the different impacts of adaptive FCW on aggressive and non-

aggressive drivers: non-aggressive drivers did not display a preference to the adaptive FCW or

the original FCW, while aggressive drivers were benefited from the adaptive system. With

the development of adaptive driver assistance systems, drivers may develop two different

behavior adaptations when interacting with driver assistance systems in terms of driving

performance: positive and negative. Positive behavior adaptation is the ideal situation when

human drivers drive more safely with the aid of ADAS, while negative behavior adaptation

refers to the case that drivers disuse these systems and further degrade the driving perfor-

mance. This dissertation is also aimed to understand how drivers adapt to the FCW systems

in terms of driving styles, time exposure, and secondary task engagement.

Drivers behavior adaptation to the FCW system may vary due to different driving styles.

The mismatch between the warning from FCW system and the braking timing estimation

from the human driver could lead to delay in reaction, inappropriate braking action, unsafe

engagement of secondary task and distrust in the FCW system. Driving styles in this disser-
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tation mainly were reflected as how drivers react to a braking event, this habitual behavior

is developed by the process of reinforcement, as mentioned in (Sagberg et al., 2015). There

may be many different reasons why such driving behavior occurs. Näätänen and Summala

(1976) proposed that it relates to the motives, such as getting to destinations safely, arriving

as fast as possible, keeping up with normal traffic flow, seeking the thrill of speeding, or even

engaging with secondary tasks. How to quantify and evaluate the driver’s motives was not

widely discussed. Reward function, used in reinforcement learning, is inferred given an ob-

served behavior from the observed subject. Ziebart (2010) discussed the driver’s preference

of route choice and proposed reward function to represent driver preference by considering

factors such as weather, day of time, and cost. Besides, Shimosaka et al. (2014) investigated

the reward function of risk anticipation and defensive driving from urban driving across

the intersection. By adapting the similar techniques from previous studies, this dissertation

applies the idea of learning driver preference in a braking event as reward function and in-

vestigates the individual difference of reward functions. Furthermore, driving preference is

used to predict the personalized braking timing, the predicted timing and the traditional

FCW timing is compared and discussed in this dissertation.

2.6 Research aims

This dissertation aims to build a novel driver behavior modeling framework to understand

and predict interactions with the driver assistance system from a human-centered perspective.

It can lead not only to more usable machine learning tools but to new ways of improving the
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driver assistance system. The following research questions are addressed in this work:

• Research Question 1: Can we identify the driving styles based on driver behavior

data?

– This study focuses on capturing and identifying the driving styles based on drivers’

driving performance, secondary task engagement, eye glance behavior, and sur-

vey information. The data is from a driving simulator study that was designed

and conducted with a scenario including lead vehicle decelerating under different

conditions.

• Research Question 2: How do drivers adapt to the FCW system based on the driving

styles?

– Unlike the previous study, the driver’s adaptation to ADAS system is discussed

based on driver characteristics (e.g., age, gender). This study aims to evaluate the

driver’s adaptation to an FCW system based on driving styles from three aspects:

initial reaction, distraction, and safety benefits.

• Research Question 3: Can we learn driving preferences based on simulator data?

– Driver’s behavior varies, but the driving preference is relatively stable to achieve

a short time goal. A perception-decision-action perspective was utilized to un-

derstand driver behavior when interacting with the vehicle. Driver preference is
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learned as a reward function given observed time series data by applying Inverse

Reinforcement Learning.

• Research Question 4: Can we predict when the driver should brake based on their

driving preferences?

– This study compares the braking action timing prediction by using driving prefer-

ence with traditional FCW system. The difference between these two mechanisms

is evaluated and discussed.
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Chapter 3

EXPERIMENT DESIGN

This chapter outlines the driving simulator experiment that was used for this study. The

experiment was conducted at the University of Washington, Seattle, WA, in April - June

2019. A Forward Collision Warning (FCW) system was used to study driver behavior (e.g.,

braking behavior) and driver-system interaction. An In-Vehicle Information System (IVIS)

was used to induce visual and manual distractions. The driving simulator was used to collect

driving performance measure and vehicle kinematic information, an eye-tracking system was

used to capture eye glance behaviors, and questionnaire before the experiment was used to

quantify risky anticipation and questionnaire after the experiment was used to collect user

satisfaction of FCW. The study was approved by the Institutional Review Board (IRB) at

University of Washington. Informed written consent was obtained from each participant at

the beginning of the study.

A 2 (Assistance condition: FCW on, FCW off) x 2(Task mode: No Secondary task,

Secondary task) within-subjects design was used with age group and gender as blocking

factors.
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3.1 Participants

Participants came from a pool of volunteers that responded to an advertisement placed

online. Among these individuals (from the Seattle area), 24 participants were randomly

selected from three age groups (25-34, 35-44, 45-54) with an equal number of males and

females in each age groups (see Table 3.1).

All participants were required to hold a valid US driver license and a certain amount

of driving experience. Younger age group (25 - 34) were required to have driven in the US

for at least one year, while middle age group (35 -44) and older age group (45 - 54) are

required to have driven in the US for at least three years. Participants were compensated

$20 per hour for attending the experiment and extra compensation was provided based on

their performance of the secondary task.

Age Group Male Female Total

18-34 4 4 8

35-44 4 4 8

45-54 4 4 8

Table 3.1: Number of Participants in Each Group
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Figure 3.1: Driving Simulator Used for the study

3.2 Apparatus

3.2.1 Driving simulator

A National Advanced Driving Simulator (NADS) miniSim (version 2.2.1) fixed-based quarter

cab driving simulator was used in this study (see Figure 3.1). It includes three 48-inch

monitors (sony displays, 1920 x 1080 resolution) placed approximating 2m from the drivers’

eye point. The simulator projected images with a visual field. Data was collected from the

simulator at 60 Hz.

The miniSim software Tile Mosaic Tool, TMT, (version 1.7.5.4) was used for creating the

visual environment and Interactive Scenario Authoring Tool, ISAT, (version 1.8.0) was used

for developing the scenario logic.
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Figure 3.2: Snippet of driving scenario roadway

3.2.2 Driving task

The driving scenario is an undivided two-lane (one lane in each direction) rural road with

one lead vehicle in the same lane and path as the host vehicle and coming traffic on the other

lane. The route map (shown in Figure 3.2) included straight segments, curved segments and

intersections

There were two versions of the driving scenario, denoting as A and B (shown in Figure

3.3). Version A has FCW on condition following by the FCW off condition; version B has

FCW on condition first and FCW off condition as the second. Except that, these two versions

are identical in terms of driving distance, road and traffic conditions.

In the experiment, each participant completed two drives with pre-assigned scenario

version combination (i.e., AA, AB, BA, and BB). Each drive took 20-30 minutes to complete,

which varied among individuals.

Participants were instructed to drive at the post speed limit of 60 miles per hour (mph).

Once the driving speed was greater than 70 mph or lower than 50 mph for more than 10 sec-
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Figure 3.3: Two versions of driving scenarios

onds, participants would receive auditory instructions, either “Speed violation” for exceeding

speed 70 mph or “Please drive up to 60 mph” for speed lower than 50 mph. Participants

have to follow a lead vehicle that braked at a rate of 0.2g (gravitational acceleration) 1 for 10

seconds. Before a lead vehicle-braking event, the lead vehicle speed was smoothly adjusted

to obtain constant time headways of 2.2 seconds. After the lead vehicle braked and reduced

the speed to 30 mph for 10 second, it would start smoothly accelerate to reach the target

speed of 55 mph. There are 16 braking events within a drive, 10 of 8 braking events took

place while participants were instructed to engage with secondary task. The timing of each

braking event was unpredictable for participants to reduce the potential learning effect.

Each drive was partitioned into 16 different segments for data analysis; each segment

was defined as the time period that the lead vehicle started smoothly adjusting speed to

maintain constant time headways until the next time that lead vehicle started maintaining

the constant time headways. There was 1 mile for participants to drive when switching

between two experiment conditions (FCW on and FCW off).

1gravitational acceleration is the acceleration on an object caused by the force of gravitation
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The practice drive, including both FCW on and FCW off conditions, and secondary task

was provided for participants to get familiar with driving simulator manual driving as well

as FCW alert and secondary task. Participant completed the practice drive until they felt

familiar with the driving simulator and understood all experiment tasks. The practice drive

usually took around 5 minutes.

Before entering the driving segment with FCW condition, participants were notified “For-

ward collision warning system is on”. When switching between FCW on the condition to

FCW off condition, participants were also notified “Forward collision warning system is off”.

3.2.3 Secondary task

A 7-inch touchscreen (shown in Figure 3.7) was mounted to the right side of the steering

wheel for the driver. The touchscreen was used in the secondary task, which provided a

controlled exposure to the visual, manual and cognitive distraction. This aims to simulate

the daily interactions of IVIS, such as scanning a music playlist.

The secondary task used in the experiment was designed and modified based on (Donmez

et al., 2007). It consisted of selecting a word match with the phrase “Discover Project

Missions”, from a list of 10 closely related phrases presented in the touchscreen. After an

auditory instruction “Secondary task starts” notified the participants, the task interface was

shown up with initial page. The display would stay blank after another audio “Secondary

task ends, please focus on driving now” was played. The participant initiated the task by

touching the ready button, then two phrases candidates were presented on display. The
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participant was able to go through all the 10 possible phrases by touching up and down

arrow buttons and made a selection by touching the phase, confirmed the answer by hitting

the “Submit” button. The correct answer should be the phrase that has either “Discover”

first, “Project” second, or “Missions” third. There is only one correct answer among the

10 phases. For example, “Propane Discuss Missions” is the correct phrase as “Missions” is

at the right position. After submitting the answer, the participant would receive feedback

regarding correct and incorrect selections (see Figure 3.5)

Participants would receive 0.10 dollars for each correct selection, and lose 0.03 dollars for

each incorrect one. This reward mechanism aims to increase the importance of secondary

task engagement and provide them the incentive to perform to their best ability.

The whole process of the secondary task is self-paced. Participants were instructed to

interact with IVIS only when they feel safe and comfortable doing so. Participants could

decide when to interact with the IVIS within the secondary task segments. This leads to the

evaluation of driver strategies under different FCW assistance conditions.

The secondary task was programmed in Python (version 2.7.15). User Datagram Protocol

(UDP) was used for streaming data communication so that the touchscreen interaction was

recorded and synced with the driving simulator.

3.2.4 Eye-tracking system

A faceLABTMeye tracker (shown in Figure 3.7) was used to collect eye movement and glance

behavior data by using two cameras. FaceLAB is a software package that uses a set of
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Figure 3.5: The interface of the secondary task shown in the touchscreen, initial page (left),
working step page (middle) and result page (right)

cameras as a passive measuring device. The system is non-intrusive so that there’s no need

for participants to wear uncomfortable goggles or other sensing devices. With non-intrusive

eye tracking system, the participants can drive as they normally do in daily life, which helps

us collect the real eye movement data without any unnecessary alternation. The images from

the cameras are processed and analyzed to summarize the characteristics of subject’s face,

including the position and orientation of head and eyes. Furthermore, the gaze directions of

participants were analyzed and recorded.

Eye-tracking data was collected at 60Hz. Same as the secondary task, UDP was also

used for streaming data communication between faceLAB and miniSim.

3.2.5 Questionnaire

There are two questionnaires for the study: pre-experiment questionnaire and post-experiment

questionnaire. The pre-experiment questionnaire covers the questions about the basic demo-

graphics (e.g., age, gender, education level) and driving experiences (e.g., How many miles

did you drive last week?). The post-experiment questionnaire is an acceptance questionnaire

(Van Der Laan et al., 1997), which aims to asses the usefulness and satisfaction of the FCW
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Figure 3.7: The mini touchscreen (left) is used in the secondary task; the faceLABTMeye
tracker system (right) is used for eye movement and glance behavior data collection

system.

3.3 Procedure

This is a 2 (Assistance condition: FCW on, FCW off) x 2(Task mode: No Secondary task,

Secondary task) within-subjects design with age group and gender as blocking factors.

Participants recruitment was conducted online and through student outreach in Seat-

tle, WA. All the experiment took place at the Human Factor Statistical Modeling Lab at

University of Washington – Seattle.

Upon entering the test facility, participants were provided verbal information about the

study and a consent form to review and sign. Once they provided consent, they were asked to

complete the pre-experiment questionnaire. Participants would perform practice simulator

drive to familiarize themselves with all conditions. Once participants were comfortable with

driving in a simulator, the main drive began. Participants will have to complete a total
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Figure 3.8: Assistance condition and secondary task arrangement for each drive

of two drives; each drive took around 20 minutes to complete varying among individuals.

Within in each drive, participants drove with two assistance conditions: FCW on and FCW

off. Participants would drive 1 mile between the condition switch. Within each condition,

participants were required to complete 3 driving segments without the secondary task and

5 driving segments with the secondary task (See Figure 3.8).

Participants had to maintain the safe distance towards the leading vehicle under two

conditions: FCW off and FCW on conditions. Under FCW off condition, participants would

release the accelerator and brake based on their own judgment. With the assistance of FCW,

participants will get a warning cue from programmed algorithm results when the Time To

Collision (TTC) value is lower than 5 second.

Between each drive, participants would have 10 minutes break and completed the wellness
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questionnaire in the meanwhile. After completing all the experiment drives, participants had

to complete the post-experiment questionnaire.

If a crash occurred or participant felt uncomfortable during the experiment, the experi-

ment would immediately end.
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Chapter 4

EXPERIMENT VARIABLE DEFINITION AND SUMMARY
STATISTICS

This chapter presents the definitions of all the variables and summary statistics of the

participants included in this study. The variables defined in this chapter come from four

categories: driving performance, secondary task interaction, eye movement and glance and

survey. The definitions of these variables apply across the dissertation. Descriptive statistics

of the participants’ demographics were evaluated to understand the difference between age

and gender groups. It’s important for evaluating the representability of the general driving

population. Descriptive statistics of the secondary task provides a brief summary of the

workload of the distraction and reflects the strategies of participants when interacting with

FCW system. Collision is one direct traffic safety outcome, the summary statistics of collision

is important for understanding the effectiveness of the FCW system.

4.1 Variable definition

4.1.1 Driving performance

• Collision (Yes/No): Collision is an binary measure that reflects if the participant

successfully avoid the rear-end collision or not. It equals to “Yes” when the participant

had crash during the whole experiment.
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• Maximum deceleration: Maximum deceleration, in m/s2, is defined as the highest

deceleration (or lowest acceleration) value during a braking event. This is used to

measure the braking intensity.

• Accelerator release time: Accelerator release time, in seconds, is defined as the time

between the onset of the lead vehicle braking and the time that participant release the

accelerator (See Figure 4.1). This is a direct measure of initial reaction from the

participant in the braking event.

• Accelerator-to-brake transition time: Accelerator-to-brake transition time defines

the duration starting from accelerator release to stepping on the brake pedal

• Speed at accelerator release: Speed at accelerator release, in m/s, is the speed

when participant releases the accelerator during the braking event (See Figure 4.2).

• Speed at brake: Speed at brake, in m/s, is the speed when participant steps on the

brake pedal during the braking event.

• Standard Deviation of Lateral Position, SDLP: Standard Devision of Lateral

Position (SDLP), in inches, measures the difference between the center of the vehicle

and the center of the lane. SDLP is computed based on Equation 4.1.1 (SAE, 2015).

SDLP =

√√√√ 1

T − 1

T∑
i=1

(xi − x̄)2 (4.1)
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where,

xi is ith observation of lane position,

x̄ is the average lane position of the all the observations,

T is the number of observations in the segment.

• Time to Collision (TTC): Time to Collision (TTC), in seconds, is defined as shortest

time to collision if the vehicles are to proceed with their current speeds. When the

host vehicle is travelling at the same speed or lower speed of lead vehicle, TTC can

be infinity. Due the systematic fault in driving simulator, TTC can also be infinity

when the miniSim failed to identify the existence of the lead vehicle. the cutoff value

is generally 20 seconds based on the definition of (SAE, 2015).

• Minimum TTC: Minimum TTC, in seconds, is defined as the shortest TTC during

a braking event if the participant continue at the current speed in the same path (See

Figure 4.3)

4.1.2 Secondary task interaction

• Number of Completed Tasks: Number of completed tasks measures the engagement

of the secondary task, as it’s a self-paced task, participants can decide when to initialize

the task and pause at any time they felt uncomfortable doing so. It measures the

multitasking ability with and without FCW system assistance.
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Figure 4.1: Visualization for the definition of variable accelerator release time

Figure 4.2: Visualization for the definition of variable accelerator release speed
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Figure 4.3: Visualization of the definition of minimum TTC

• Number of touches to display: Number of touches to display is defined as the total

number of touchscreen operations during a braking event. It was used to evaluate the

level of manual distraction. The larger Number of touches to display is associated with

higher manual distraction.

• Number of touches to display before Brake: Number of touches to display be-

fore Brake is defined as the total number of touchscreen operations before participant

stepping on the brake pedal during a braking event. This measures aims to evaluate

the impact of FCW system on the driver’s manual distraction behavior.

• Number of touches to display after Brake: Number of touches to display be-

fore Brake is defined as the total number of touchscreen operations before participant

stepping on the brake pedal during a braking event. This measures is used to study if
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participants have any compensation behavior after they are interrupted by the sudden

braking incident.

4.1.3 Eye movement and glance behavior

Eye-off-road (EOR) is defined as any eye glance to the IVIS touchscreen. This measure aims

to quantify the engagement of visual distraction.

• Count of Eye-off-road, Count EOR: Count of EOR is the total number of glance

per trial.

• Count of Long Eye-off-road , Count of Long EOR Count of Long EOR is the

total number of glance that duration exceeds 2.0 seconds.

• Total Eye-off-road Time, TEORT: Total Eye-off-road Time is the sum of all eye

glance duration away from froward road view per trial (Equation 4.2).

• Long Glance Duration Percent, LGP: Long Glance Duration Percent is the pro-

portion of glance duration that exceed 2.0 seconds (i.e., long glance) per trial (Equation

4.3).

• mean Eye-off-road, mean EOR: Mean EOR is the average glance duration per trial

(Equation 4.4).

• Maximum Eye-off-road, Maximum EOR: Maximum EOR is the longest glance
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duration per trial (Equation 4.5).

TEORTi =

Ni∑
j=1

EORij (4.2)

LGPi =
Ni > 2.0 seconds

Ni

× 100 (4.3)

MeanEORi =

∑Ni

j=1EORij

Ni

(4.4)

MaximuEORi = Maxj∈{1,...,Ni}{EORij} (4.5)

where,

i is the number of trial,

EORij is jth EOR duration in ith trial,

Ni is the total number of EOR glances in ith trial.

4.1.4 Survey

• Miles Driven per Week: Miles driven per week is collected from the response to

the question “How many miles did you drive last week? ” in the pre-experiment

questionnaire.

• Violation Frequency: Violation Frequency is collected from the response to the

question “How many moving violations have you had in the last 3 years ?” in the

pre-experiment questionnaire.
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4.2 Participants demographics

The summary statistics of demographic information by age group is provided in Table 4.1

and Table 4.2. The average age for younger, middle, older age groups are 31.23 (SD=2.56),

39.33 (SD=3.88), 50.14 (SD=2.12) respectively, each age group has on average around 10

years age difference between each other, it indicates the representability of the participants

from the three age groups. Their average ages of getting driver licenses across the three

age groups are similar, they are 18.00 (SD=3.85), 17.04 (SD=1.66), and 18.27 (SD=2.87)

for the younger, middle, older groups. Table 4.2 shows that the younger and middle age

groups have similar miles to drive weekly, older age group has relatively fewer miles to drive

weekly, but there is no distinct difference of violation frequency observed among these three

age groups. The similarity of driving history controlled the confounding effect of driving

experience. As age and driving experience were claimed to be highly correlated in previous

literature research (Levy, 1990).

Age group
Age Years get license Education

Avg. Std. Avg. Std. H.S. Assoc. Bach. Grad.

25-34 31.23 2.56 18.00 3.85 1 1 5 0

35-44 39.33 3.88 17.04 1.66 0 2 4 0

45-54 50.14 2.12 18.27 2.87 0 2 4 2

Table 4.1: Participant Demographics
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Age group

Miles to drive weekly

(miles)

Violation Frequency

Avg. Std. Avg. Std.

25-34 255.71 248.78 0.428571 0.78

35-44 318.57 151.9 0.571429 0.78

45-54 166.25 124.43 0.375000 0.74

Table 4.2: Participant Driving History

4.3 Collision

Table 4.3 summarized the distribution of participants who had collision in this experiment.

Older age group (45-54) has three participants that experienced collision during the exper-

iment; overall 4 females and 2 males across all the age groups had a collision during the

simulator experiment. Age and gender were considered as important factors contributing to

the crash risk (Peck et al., 2008; Williams and Shabanova, 2003), the implicit driving style,

however, may also be an essential factor that has not been widely discussed.
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Age group Female Male Total

25-34 0 1 1

35-44 2 0 2

45-54 2 1 3

Total 4 2 6

Table 4.3: Summary of collision over gender and age group
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Chapter 5

CAPTURING AND IDENTIFYING DRIVING STYLES

This chapter presents the work of using a Gaussian Mixture Model to capture and identify

different driving styles. The features used for modeling come from each individual driver’s

driving performance, secondary task engagement, eye glance behavior, and survey informa-

tion. Therefore, each individual can be represented by a feature vector of these summary

statistics from the above features. A Gaussian Mixture Model is applied to cluster these

feature vectors, the optimal number of clusters is decided based on the Bayesian Information

Criterion (BIC). The data used for the analysis of this chapter is collected from the driving

simulator study in Chapter 3 that drivers followed a lead vehicle reducing speed under FCW

off condition.

5.1 Methodology

Data collected under FCW off condition is used to capture and identify the driving styles.

The driving behaviors observed in this condition will not be affected or influenced by the

FCW system. For that reason, this condition can also be used to better represent the daily

driving styles of each individuals.
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5.1.1 Feature definition

Driving styles can be reflected in different aspects of the driving data. In order to have a

better representation of driving styles, a total of 29 features from 4 categories were considered.

Each feature was aggregated at participant level by the secondary task levels (no secondary

task and secondary task). Table 5.1 summarized the features used for analysis in this chapter,

detailed definition of each feature can be referred in Chapter 4.

5.1.2 Gaussian Mixture Model

• Model definition The distribution of features x related to the driver is assumed as a

mixture of fixed K component distribution p1, p2, . . . , pK :

p(x) =
K∑
k=1

φkpk(x) (5.1)

where wk is the mixing weights, wk > 0 and
∑

k wk = 1.

In mixture model, wk is usually formalized as φk = P (z = k) in a probability form,

where z is the latent variable. Therefore, Equation 5.1 can be reformulated as:

p(x) =
K∑
k=1

Pr(z = k)p(x|z = k) (5.2)

p(x|z = k) could be completely arbitrary distribution based on the modeling problems.

In practice, parametric mixture model has been widely used, where p(x|z = k) are

all from the same parametric family, but with different parameters θk.

• Gaussian mixture model (GMM) is considered in this study. For a Gaussian Mix-
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Number

of

features

Secondary

task

condition

Features

Driving

performance
12

No

Minimum TTC; Maximum deceleration;

SDLP; Speed at brake;

Speed at maximum brake force;

Speed at accelerator release

Yes

Minimum TTC; Maximum deceleration;

SDLP; Speed at brake;

Speed at maximum brake force;

Speed at accelerator release

Secondary

task

interaction

3
No

Yes

Number of touches to display;

Number of touches to display before brake;

Number of touches to display after brake

Eye movement

and

glance behavior

12
No

LGP; Mean EOR; Maximum EOR;

Count of EOR; Count of Long EOR

Yes
LGP; Mean EOR; Maximum EOR;

Count of EOR; Count of Long EOR

Survey 2
No Miles Driven per Week; Violation Frequency

Yes

Table 5.1: Summary of features used for identifying the driving styles



47

ture model with K components, each component p(x|z = k) is from Gaussian dis-

tribution family with mean ~µk and variance parameters Σk. The mixture component

weights are defined as φk for component K with the constraint that
∑K

k=1 φk = 1.

P (~x) =
K∑
k=1

φkN (~x|~µk,Σk) (5.3)

N (~x|~µk,Σk) =
1√

(2π)k|Σk|
(~x− ~µk)TΣ−1k (~x− ~µk) (5.4)

K∑
k=1

φk = 1 (5.5)

φk = Pr(z = k) (5.6)

• Learning the model Denoting the parameters of GMM as ~θ = (φ, µ,Σ). The GMM

parameter ~θ is estimated by using Maximum Likelihood Estimators (MLE). Given the

training data {x(1), . . . , x(m)}, the log likelihood is shown as Equation 5.7.

`(~θ) =
m∑
i=1

logp(~x(i))

=
m∑
i=1

log
K∑
k=1

Pr(z(i);φ)N (~x(i)|~µk,Σk) (5.7)

As it’s usually analytically impossible to find optimal solution of Equation 5.7 in a

closed form, Expectation maximization (EM) is a numerical technique used for

calculating the maximum likelihood estimation. The EM algorithm is an iterative al-

gorithm, which can solve Equation 5.7 in two main steps: E step and M step, iteratively
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until the algorithm converges.

In E step, for each observation i and component k, the component weight is assigned

as Equation 5.8

w
(i)
k := p(z(i) = k|x(i);φ, µ,Σ) (5.8)

In M step, the parameters are updated accordingly based on Equation 5.9

φk :=
1

m

m∑
i=1

w
(i)
k

~µk :=

∑m
i=1w

(i)
k ~x

(i)∑m
i=1w

(i)
k

Σk :=

∑m
i=1w

(i)
k (~x(i) − ~µk)(~x(i) − ~µk)T∑m

i=1w
(i)
k

(5.9)

• Clustering Given the model parameters, the probability that a data observation x(i)

belongs to component k is calculated using Bayes theorem (Equation 5.10).

p(z(i) = k|x(i);φ, µ,Σ) =
p(x(i)|z(i) = k;µ,Σ)p(z(i) = k;φ)∑K
j=1 p(x

(i)|z(i) = j;µ,Σ)p(z(i) = j;φ)
(5.10)

• Model selection The number of components K is a hypterparameter, which has great

impact on the model results and inference. If K is too small, it is difficult to identify

the underlying clusters; if K is too large, the model can be overfitted. The extreme

case is that each observation point can be a single cluster, thus it is impossible to have

insightful inference. Therefore, the Bayesian Information Criterion (BIC) is used for

model selection (Biernacki et al., 2000).
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• Model initialization Model initialization is important for solving GMM as it affects

the learning convergence as well as the results. Bad initialization, such as assigning all

the components with the same parameters, would never break apart the components.

There’s no optimal strategy to solve this issue. Initializing the components using K-

means was used in this study.

5.2 Result

For GMM in multivariate case, four different structures of covariance matrix were compared

in this study:

• spherical Each component has its own single variance σ2
k, the covariance matrix is

formed as σ2
kI

• diag Each component has its own diagonal covariance matrix

• tied All components share the same covariance matrix, denoted as Σ

• full Each component has its own general covariance matrix, denoted as Σk

From Figure 5.1, the model with 2 components and full covariance, which indicates

that Each component has its own general covariance matrix, is optimal.

The participants were clustered into two groups: cluster 0 with 13 participants, cluster with

9 participants. The summary statistics of these two clusters are summarized as Table 5.2.
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Figure 5.1: BIC score for GMM model selection

Figure 5.2: Summary statistics of two driving style clusters

Figure 5.3: Summary statistics of two driving style clusters: aggressive and conservative
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Figure 5.4: Rates of TTC triggered for drivers with different driving styles

Figure 5.5: Rates of TTC triggered for two driving style clusters: aggressive and conservative
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5.3 Discussion

By comparing the summary statistics of these two clusters, two types of driving styles were

identified: aggressive and conservative. The two different driving styles were discussed in

terms of the seven metrics.

• Minimum TTC Minimum TTC is defined as the shortest TTC during a braking event

if the participant continues at the current speed in the same path. Larger minimum

TTC indicates a safer situation. In general, the average minimum TTC for aggressive

drivers is smaller compared with conservative drivers under both no secondary and

secondary task situations. When engaged with the secondary task, the minimum TTC

for aggressive drivers slightly decreased from 3.11 seconds to 2.69 seconds, while the

conservative drivers increased the minimum TTC from 6.37 seconds to 8.12 seconds.

This may indicate the different attitudes of engaging with the secondary task for drivers

with different driving styles. Aggressive drivers could not maintain the safe minimum

TTC when engaged in the secondary task, while conservative drivers stay more cautious

and keep larger minimum TTC when distracted by the secondary task.

• Maximum deceleration Maximum deceleration, in m/s2, is the maximum deceler-

ation value during a braking event. High maximum deceleration is usually associated

with severe braking, which increases the probability of having collision (Lee et al.,

2002). Aggressive drivers have higher maximum deceleration values than conservative

drivers. Especially when engaged with the secondary task, aggressive drivers had on av-
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erage 8.56 m/s2 maximum deceleration, while conservative drivers only had 2.88m/s2.

• Speed release) Speed Release (speed when releasing the accelerator pedal) is the

initial speed when the driver releases the accelerator. It reflects the driver’s ability

of perspective risk management when following a lead vehicle. Aggressive drivers had

higher speed at accelerator release, 25.97 m/s and 24.77m/s, under no secondary task

and secondary task respectively. Both aggressive and conservative drivers reduced the

speed release when interacting with the In-vehicle Information System (IVIS).

• Number of touches to display Number of touches to display is the total number of

touchscreen operations per trial. It measures the manual distraction of secondary task.

The larger number of touches to display, the more drivers were manually distracted.

There is no difference in this metric among aggressive and conservative drivers.

• Count of EOR Count of Eye-off-road (EOR) accounts for the total number of eye

glances on the touchscreen per trial. It is used to evaluate the level of visual distraction.

Aggressive drivers had EOR more frequently than conservative drivers did within a

trial.

• Violation frequency Violation Frequency measures the number of moving violations

in the past three years. Aggressive driving style cluster has a higher value of violation

frequency compared to conservative driving cluster.

• Rate of TTC triggered FCW alert is triggered once the TTC is less than 5 seconds.
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The average rates of FCW triggered for aggressive and conservative drivers are 87.98%

and 33.63%, respectively (See Figure 5.5) Besides, as observed in Figure 5.4, drivers

with high rate of FCW triggered were more likely to have collision in the experiment.

Overall, participants from aggressive driving style cluster had smaller Minimum TTC,

higher maximum deceleration, higher speed at accelerator release, and larger count of EOR.

Furthermore, speed at accelerator release is negatively associated with minimum TTC: the

higher speed at accelerator release, the smaller minimum TTC is. As aggressive drivers tend

to maintain a higher speed, they had to experience severe braking situation and have higher

crash risk due to the smaller minimum TTC. Aggressive and conservative drivers developed

different safety compensation when engaging with the secondary task. Conservative drivers

tended to have larger minimum TTC when distracted by the secondary task, while aggressive

drivers were generally incapable of maintaining safe minimum TTC.
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Chapter 6

DRIVERS ADAPTATION TO THE FCW SYSTEM BASED ON
THE DRIVING STYLES

This chapter aims to study the driver’s adaptation to the FCW system on different driv-

ing styles(aggressive and conservative) through Generalized Linear Mixed Model (GLMM).

Unlike the previous research, driver’s adaptation to ADAS system is discussed mainly based

on driver characteristics (e.g., age, gender) and driving experience, this chapter aims to eval-

uate the driver’s adaptation to an FCW system based on driving styles from three aspects:

initial reaction, distraction, and safety benefits. Data collected from the driving simulator

study under both FCW on and off conditions is used.

6.1 Methodology

6.1.1 Explanatory variables

• Driving styles: Aggressive and conservative driving styles. This feature is achieved

by Chapter 5.

• Assistance condition: It has two levels: FCW is on and FCW is off.

• Secondary task condition: It has two levels: no secondary task condition and

secondary task condition.



56

• Triggered warning: Once the TTC is lower than 5 seconds, participants received an

auditory FCW alert from the system.

• Trial number: Trial number ranges from 1 to 8. It represents the driver’s time

exposure to the FCW system.

6.1.2 Dependent variables

• Accelerator Release Time (ART): Accelerator release time, in seconds, is defined

as the time between the onset of the lead vehicle braking and the time that participant

release the accelerator (See Figure 4.1). This is a direct measure of initial reaction

from the participant in the braking event.

• Accelerator-to-brake transition time: Accelerator-to-brake transition time defines

the duration starting from accelerator release to stepping on the brake pedal.

• Number of touches to display: The total number of touch operations to the mini-

display when drivers were engaged with the secondary task.

• Minimum TTC: Minimum TTC, in seconds, is defined as the shortest TTC during

a braking event if the participant continue at the current speed in the same path (See

Figure 4.3).

• mean Eye-off-road, mean EOR: Mean EOR is the average glance duration per task

(Equation 4.4).
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6.1.3 Generalized Linear Mixed Model

Generalized linear mixed model (GLMM) is proposed to study the association between

the independent variables and dependent variables.

GLMM is an extension to the generalized linear model (GLM) in which the linear predic-

tor contains random effects in addition to the usual fixed effects (Breslow and Clayton, 1993).

It has been widely used in different statistical modeling problems, especially useful to handle

a wide range of response distributions and a wide range of scenarios where observations have

been sampled in groups rather than entirely independently.

The general form of the model (in matrix notation) is:

Y = Xβ + Zγ + ε (6.1)

Where Y is a N × 1 column vector, the response variable; X is a N × p matrix of the p

predictor variables; β is a p × 1 column vector of the fixed-effects regression coefficients; Z

is the N × q design matrix for the q random effects (the random complement to the fixed

X); γ is a q × 1 vector of the random effects; and ε is a N × 1 column vector of the errors,

which is the part that is not explained by the model.

There are several reasons to consider GLMM for analyzing the relationships between

explanatory variables and dependent variables .

• Driving performance is usually evaluated from a study with a fixed sample of subjects.

Simply relying on the limited sample, it’s not legitimately to conclude by treating

factors as fixed effects, unless the whole population has been studied.
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• Modeling fixed effects without considering potential random effects is inappropriate,

which makes it impossible to derive conclusions about fixed effects. Because ignoring

random effects causes the over-estimate of fixed effects variation, the large variation

without regularization can be incorrectly interpreted and attributed to a subject.

• GLMM is more flexible compared to classic ANOVA approach, as it can handle non-

Gaussian responses and complex grouping structures. Besides, it can also deal with

the missing data problem, which is the prevalent issue in data collection of human

behavior related information, while the traditional models may not.

GLMM will be used to assess the driving performance outcomes (e.g., Minimum TTC)

and reaction time (e.g., Accelerator-to-brake transition time) given varying driving tasks

and road scenarios. It can detect the significant factors that impact responses as well as

accounting for the randomness among different subject groups, such as within individuals,

within age groups, within gender (Donmez et al., 2007; Peng et al., 2014).

6.2 Result

All model parameters were estimated using maximum likelihood and assessed at a signifi-

cance level of 0.05. Significant variables were set in bold font. All data analysis and data

visualization were conducted in R (version 3.3.2). The linear mixed effects model was fitted

using the R package lme4 (version 1.1-12), parameters in the model were tested using the

package lmerTest (version 3.0-1).
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6.2.1 Under FCW on condition

Accelerator Release Time (ART) From Table 6.1 and Figure 6.1, there was no signifi-

cantly difference of Accelerator Release Time (ART) between FCW on and FCW off condi-

tions. While conservative drivers released the accelerator faster than aggressive drivers by

0.61 second (p−value = 0.02), which confirms with the difference of risk anticipation between

these two groups. Besides, the accelerator release time decreased by 0.06 second (p−value

= 0.03). As braking event was repeated multiple times, driving performance in terms of

accelerator release time improved as participants had more exposure in this experiment.

Variable Estimate SE t-statistics p-value 95% CI

(Intercept) 2.31 0.17 13.21 <0.00 (1.96 , 2.65)

reference: Aggressive - - - - -

Conservative -0.61 0.27 -2.25 0.02 (-1.14 , -0.08)

Trial Number -0.06 0.03 -2.13 0.03 (-0.10 , -0.00)

reference: FCW off - - - - -

FCW on -0.02 0.09 -0.22 0.82 (-0.20 , 0.16)

reference: Aggressive × Trial Number - - - - -

Conservative × Trial Number -0.06 0.04 -1.53 0.13 (-0.14 , 0.02)

Table 6.1: Generalized Linear Mixed Model on Accelerator Release Time (ART)

Accelerator to Brake Transition Time Under FCW on condition, the accelerator

to brake transition time increased by 0.53 second (p-value < 0.001). The mismatch of the
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Figure 6.1: ART decreased as participants had more exposure in the experiment

actual FCW warning and the driver’s expectation of FCW warning may cause the longer

accelerator to brake transition time. As FCW is not triggered as expected, participants were

hesitated and thus delayed stepping on the brake pedal. As trial number increased, the

accelerator to brake transition time reduced gradually by 0.06 second, as the participants

either gradually adapted their expectation for the FCW warning or became more cautious.

Details can be referred in Figure 6.2 and Table 6.2.

Number of touches to display The relation between the number of touches to display

and explanatory variables is analyzed by using generalized linear model with negative bino-

mial regression, as negative biomial regression is for count variables, especially over-dispersed

response variables.

Under FCW on condition, the number of touches to display generally reduced by 0.34

(p-value < 0.001) (see Table 6.3 and Figure 6.4). While no difference in terms of number of

touches to display was observed between aggressive and conservative drivers.
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Figure 6.2: FCW increased the time that drivers stepped on the brake pedal.

Figure 6.3: FCW increased the time that drivers stepped on the brake pedal over time
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Variable Estimate SE t-statistics p-value 95% CI

(Intercept) 1.36 0.14 9.83 0.00 (1.09 , 1.63)

reference: Aggressive - - - - -

Conservative 0.32 0.20 1.57 0.12 (-0.08 , 0.71)

Trial Number -0.06 0.01 -3.73 <0.001 (-0.09 , -0.03)

reference: FCW off - - - - -

FCW on 0.53 0.12 4.29 <0.001 (0.29 , 0.78)

reference: FCW × Alert False - - - - -

FCW × Alert True -0.47 0.13 -3.64 < 0.001 (-0.71 , -0.21)

Table 6.2: Linear Mixed Model for Accelerator to Brake Transition Time

Variable Estimate SE z-statistics p-value

(Intercept) 2.62 0.04 60.93 <0.001

reference: Aggressive - - - -

Conservative 0.004 0.05 0.09 0.93

reference: FCW × Alert False - - - -

FCW on -0.34 0.06 -5.25 <0.001

reference: FCW × Alert False - - - -

FCW × Alert True 0.32 0.07 4.34 <0.001

Table 6.3: Generalized linear model with negative binomial regression for number of touches
to display
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Figure 6.4: The frequency of manual distraction is reduced under FCW condition

Mean EOR

Mean EOR was not significantly associated with driving styles and FCW condition (see

Table 6.4). Under FCW on condition, mean EOR generally reduced by 0.15 second. Be-

sides, conservative drivers had smaller mean EOR compared with aggressive driver, which is

consistent with Chapter 5.

Estimate SE t-statistics p-value 95 % CI

(Intercept) 2.60 1.70 1.53 0.12 (-0.72 , 5.93)

reference: Aggressive - - - - -

Conservative -1.99 2.65 -0.75 0.45 (-7.18 , 3.19)

reference: FCW off - - - - -

FCW on -0.15 0.76 -0.20 0.84 (-1.65 , 1.34)

Table 6.4: Liner Mixed Model for Mean Eye-off-road during the secondary task
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Figure 6.5: FCW condition did not significantly impact the average duration of EOR (sec)
during the secondary task

Figure 6.6: Average duration of EOR (sec) under FCW on condition reduced over time
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Figure 6.7: When the FCW warning is triggered, accelerator-to-brake transition time de-
creased.

6.2.2 When FCW is triggered

Under FCW condition, it’s also important to look into the driver’s behavior specifically when

FCW alert is triggered. It helps us understanding under what situation the FCW alert is

triggered.

Accelerator to brake transition time

Table 6.2 showed that the accelerator to brake transition time decreased by 0.47 second

(p-value < 0.001) as the FCW warning is triggered, but the accelerator to brake transition

time was higher than FCW off condition by 0.06(=0.53-0.47) second. This indicates the

immediate benefit of auditory FCW alert, as it could notify drivers of the current driving

status and remind them to return to driving task immediately. However, drivers was not

able to stay vigilance with the assistance of FCW system as they generally did without any

assistance.
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Estimate SE t-statistics p-value 95% CI

(Intercept) 13.54 0.91 14.89 < 0.001 (11.75 , 15.32)

reference: Aggressive - - - - -

Conservative 1.42 0.44 3.25 < 0.001 (0.56 , 2.27)

reference: Alert False - - - - -

Alert True -0.83 0.38 -2.17 0.03 (-1.57 , -0.08)

Trial Number 0.38 0.10 3.60 < 0.001 (0.17 , 0.58)

reference: FCW off - - - - -

FCW on 1.51 0.53 2.85 < 0.001 (0.47 , 2.56)

reference: Secondary task No - - - - -

Secondary task Yes -1.44 0.39 -3.67 < 0.001 (-2.21 , -0.67)

Speed at accelerator release -0.44 0.03 -14.57 < 0.001 (-0.50 , -0.38)

reference: Conservative × Alert False - - - - -

Conservative × Alert True -1.69 0.55 -3.07 < 0.001 (-2.77 , -0.61)

reference: FCW off × Trial Number - - - - -

FCW on × Trial Number -0.25 0.09 -2.65 0.01 (-0.43 , -0.07)

Table 6.5: Generalized Linear Mixed Model for minimum TTC

Minimum TTC Minimum TTC is an important metric for evaluating safety benefits of

ADAS. Higher Minimum TTC indicates lower risk of having collision (Donmez et al., 2007).

It also negatively associated with the speed at accelerator release, which was confirmed by
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Figure 6.8: When the warning was triggered, it decreased the minimum TTC of conservative
drivers.

Table 6.5. Higher speed release leads to lower minimum TTC. Compared with aggressive

drivers, conservative drivers tend to have a larger minimum TTC under no FCW condition by

1.42 (p-value< 0.001), which indicates relatively safe. However, conservative drivers greatly

reduced their minimum TTC by 1.69 seconds (p-value <0.001) when the FCW is triggered.

Besides, when the drivers were engaged with the secondary tasks, the minimum TTC was

reduced by 1.44 seconds (p-value < 0.001), it demonstrated the necessity of intervene from

the driver assistance system. Last but not the least, as the drivers has more exposure to the

system – trial number increases, the minimum TTC also increased by 0.38 second (p-value

< 0.001), while under FCW is on condition, the minimum TTC increased by 1.26(=1.51-0.25)

seconds at the first trial, gradually decreased by 0.25 (p-value = 0.01).
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Figure 6.9: Minimum TTC for conservative drivers gradually increased over time

6.3 Discussion

GLMM and GLM with negative binomial distribution were applied to evaluate the impacts of

driving style, FCW condition, time exposure on dependent variables from three perspectives:

initial reaction, distraction, and safety benefits.

• Driving Styles: As mentioned in Chapter 5, participants from aggressive driving

style cluster had smaller Minimum TTC, higher maximum deceleration, higher speed

at accelerator release, and larger count of EOR. Similar conclusions still apply when

aggressive drivers drove under FCW condition. However, conservative drivers reacted

to FCW differently. FCW condition increased the accelerator-to-brake transition time

for conservative drivers, this may due to the mismatch of the expectation of FCW

warning timing so that conservative drivers were hesitate and delayed stepping on the

brake pedal.
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• FCW alert is triggered The FCW alert is triggered once TTC is lower than 5

seconds. When FCW alert is not triggered, mismatch of the expectation of the warning

cue caused drivers, especially conservative drivers, degenerate their initial reaction.

When FCW alert was issued, drivers were aware of the severity of the driving situation,

the release-to-brake transition time was largely reduced. It also greatly reduced the

driver’s distraction level. Drivers paused the engagement of secondary task visually

and manually. However, the triggered FCW alert might not bring safety benefits for

drivers, especially for the conservative drivers. Conservative drivers had reduced the

minimum TTC when FCW alert is triggered.

• Distraction: The engagement of the secondary task largely reduced the minimum

TTC, indicating the increased potential of having a collision. As discussed in many

previous literature, engaging with the IVIS or cell phone usage is a main contributing

factor for increasing on-road crash risk (Rakauskas et al., 2004; Fitch et al., 2013).

Furthermore, under FCW on condition, drivers generally reduced visual and manual

distraction through analyzing Mean EOR and number of touches to display.

• Time exposure: Over time, drivers become more familiar with the driving tasks and

FCW system. Their driving performance also showed improvement. As they gain more

experience, the driver’s accelerator release time decreased (see Figure 6.1), and release-

to-brake transition time decreased (see Figure 6.3), suggesting improvemenst over time.

Further, the average Eyes-off-road (EOR) under FCW on condition also decreased over
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time (see Figure 6.6). In the first two trials with secondary tasks, aggressive drivers

had higher average EOR with FCW, while conservative drivers had similar average

EOR for both FCW on and off. However, starting from the third trial, both aggressive

and conservative drivers had lower average EOR under FCW condition. Although the

effect of FCW is not statistically significant in this current study, there is a trend that

suggests that FCW could reduce visual distractions over time. The minimum TTC

increased as the number of trials increased under FCW off condition (see Figure 6.9).

Drivers were shown to gradually adapt to the braking task by driving more cautiously.

However, the minimum TTC under FCW on condition was larger in the first trial,

indicating a safety benefit with FCW. As the number of trials increased, the drivers

gradually reduced the minimum TTC as they built up trust in the system. They also

appeared to rely more on the FCW.In summary, as participants had more exposure

to the system, they gradually adapted their expectation for the FCW warning and

performed better.
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Chapter 7

LEARN THE DRIVER’S UNDERLYING PREFERENCE
GIVEN SIMULATOR DATA

The objective in this chapter is to understand driver behavior when interacting with

the vehicle from a perception-decision-action perspective. Driving preference is learned as a

reward function given observed time-series data by applying Inverse Reinforcement Learning.

Driving performance, physiologic metrics and cognitive performance can be explicitly

measured, while human operators underlying preference and decisions are not visible, but

this information plays an essential role on designing adaptive driving assistance system.

For example, in order to make old drivers to recognize and understand the task infor-

mation quickly , different types of modalities can be to provide them the most suitable one

to reduce distraction Lees et al. (2012). In car-following case, vehicle acceleration informa-

tion can be observed and tracked, while drivers’ intention for acceleration, deceleration and

doing-nothing are not observable. The understanding and accurate prediction of the driver’s

intentions to brake will improve the design of warning systems (Wang et al., 2018; Aoude

et al., 2012).

Underlying driver states and intentions can be represented in different ways. Driving

style is the blueprint of drivers, which affects their driving behavior and driving trip choice.

Hong et al. (2014) assessed different driving style based on collecting real-time data from



72

smartphone sensors, which can provide real-time driver feedback to guide drivers to reduce

aggressive driving behaviors. Driving routine preference reflects how they accomplish the

purposeful repetitive tasks, such as how they drive through an intersection. (Aoude et al.,

2012).

Drivers’ states and intentions change over time, usually current states are not independent

of previous states. Besides, when drivers are deeply engaged with secondary tasks, it’s hard

for them to dramatically disengage from secondary tasks and be fully ready for taking over

a critical situation. Therefore,

This chapter aims to use real-time eye glance data to capture the driver’s attention while

driving. Vehicle kinematic data (i.e., relative speed and relative distance) and attention

status were used to learn driving preference under car-following scenario. The data collected

from the driving simulator study under FCW off condition was utilized.

7.1 Methodology

7.1.1 Features definition

• Relative Distance: Relative distance, in m, measures the distance between the lead

vehicle and the host vehicle. The smaller relative distance is, the more emergent the

braking event is.

• Relative Speed: Relative speed, in m/s2, is defined as the speed difference between

the host vehicle and the lead vehicle. The positive value means that the host vehicle

travels faster than the lead vehicle, negative value indicates that the host vehicle is
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slower.

• Distraction (Yes/No): Distraction status indicates if the driver is distracted away

from primary driving task or not. This feature is identified by the eye glance data. If

the driver has Eye-off-road, distraction status is set to be 1, otherwise 0.

• Brake Action (Yes/No): Driver’s braking action is defined based on “Brake Force”

value with the cut-off value 18 pound, as the maximum brake force value in this driving

simulator is 180 pounds. If the brake force is greater than 18 pound, braking action is

set to be 1, otherwise 0.

7.1.2 Reinforcement learning

Reinforcement learning is a type of human-centered machine learning that is influenced

by behaviorist psychology. It is concerned with how agents ought to take action in an

environment to maximize some cumulative reward (Sutton and Barto, 1998).

In car-following scenario (see Figure 7.1), the drivers precept what’s going on from the

outside environment, they made decisions based on their driving preferences, which are

formed by long time driving experience and impacted by many factors, then the drivers take

actions following their decisions.

A basic reinforcement learning model is the Markov Decision Process (MDP). MDP is

particularly well suited for modeling driving performance because it explicitly models the

individual’s context, the actions that can be performed in that context, and the preferences
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people have for different actions in different contexts. A Markov decision process can be

formalized as a tuple:

MMDP = (S,A, P (s
′ |s, a), R(s, a), γ) (7.1)

• S: a set of states S(s ∈ S) represents all driving context(e.g. driver characteristics,

driver workload, driving scenarios)

• A: action states set A(a ∈ A) contains all the possible actions (e.g., braking) that

agent can take.

• P (s
′ |s, a):P (s

′ |s, a) is the action dependent probability that describes the probability

of next state s
′

when agent performs action a in state s.

• R(s, a):reward function R(s, a) specifies the unity that driver get from performing

action a in state s.

• γ: γ ∈ [0, 1] is the discount factor, which represents the difference in importance of

future rewards and present rewards.

• π(s): policy from agent π(s) specified the action π(s)that it will choose at state s.

Finding the optimal policy is the key problem in learning MDP. The goal is to choose

a policy π(s) that can maximize the cumulative rewards, specifically a discounted sum

over all horizon:

∞∑
t=0

γtRat(st, st+1) (where we choose at = π(st)at = π(st))



75

Many studies have used reinforcement learning approach to model driver behaviors and des-

tination planning (Banovic et al., 2016; Ziebart, 2010), but it is still a relatively new concept

for modeling driving behavior. Current ADAS does not support user-adaptive function. For

example, FCW sends collision warning based on prefixed threshold, which may not account

for various driving contexts. Besides, the development of in-vehicle sensors makes model-

ing driver behavior in real-time possible. Therefore, this dissertation focuses on designing

adaptive Forward Collision Warning (FCW) system as a study prototype to identify the

optimized moment to interrupt drivers based on the past driving performance and real-time

estimation of driver states.
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Figure 7.1: Reinforcement learning framework is used to model human-vehicle interaction.
Drivers receive the vehicle state information, then choose the optimal actions by maximizing
the reward.

In order to formulate FCW in an MDP framework, it is helpful to examine the full context

that has been involved in driving. There are generally three components of driving context:

• Environment: including on-road traffic control and infrastructure and the climate

conditions

• Vehicle: responsible for driving-related operations. Recently vehicle can collect sensor

information and give drivers feedback.

• Driver: taking control of maneuvering, and supervisory control.



77

Figure 7.1 presents how to formulate driving control as a reinforcement learning frame-

work. A driver observed the change in the state of the environment, and took actions with

the purpose of maximizing the rewards. In the symbiotic system, the environment includes

outside context and driving vehicle. Hence, the environment state is represented by both the

human state (attention state) and the vehicle state(relative distance and the relative veloc-

ity). The driver decides when to brake. The interpretation of driver in model is equivalent to

find the optimal mapping between situations (described by physical variables, such as speed,

distance) and actions (warning signal).

In practice, the Markov decision process tuple in FCW will be:

• S: the states of the MDP are based on the context of both the driver (attention level)

and the vehicle (relative distance and relative velocity), each state is a tuple s =

(h,∆d,∆v) where h indicates human attention level (e.g., 0 represents not distracted

and 1 represents distracted), ∆d denotes the relative distance between leading vehicle

and driving vehicle, and ∆v denotes the relative velocity.

• A: action states set A(a ∈ A) contains all the possible actions the agent can take (e.g.,

0 indicates no warning, 1 indicates warning).

• P (s
′ |s, a):P (s

′ |s, a) is the action dependent probability that describes the probability

of next state s
′

when agent takes a in state s. The transition probability is assumed

unknown at the beginning and it will be updated continuously during learning.
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Figure 7.3: An example of time series data for a braking event

• R(s, a):reward functionR(s, a) specifies the unity that agent get from performing action

a in state s.

• π(s): policy from agent is mapping from situations s = (h,∆d,∆v) to actions from

agent(e.g. sending warning signal or not).

7.1.3 Time series data summary

There are 16 braking events associated with each participant for those where no crash oc-

curred. Figure 7.3 shows a sample of the time series for state variable, S=(h,∆d,∆v) and

the corresponding action time series data.
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Figure 7.4: Distributions of relative distance ∆d and relative speed difference ∆v for the
data

Visualization of ∆d,∆v was shown in Figure 7.4.

• Relative distance ∆d: ranging from 0 to 1126 m.

– The 95% quantile is 80 m

– Extreme values were observed most likely due to simulator recording errors (about

5% of the data), these values had been bined seperately.

• Relative speed ∆v: ranging from -30 to 27 m/s. Negative relative speed ∆v indicates

the host vehicle is driving slower than the lead vehicles, positive relative speed ∆v

indicates the host vehicle is driving faster.

7.1.4 Inverse Reinforcement Learning

Given the states information and reward mechanism, driver behavior inference (e.g., acceler-

ation or deceleration) is a typical reinforcement learning problem (see Figure 7.5). However,
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in this study, the reward mechanism of human drivers stays implicit. Designing the ap-

propriate reward functions is a typically difficult problem. Different reward functions could

impact the inference result as well as the convergence of the reinforcement learning algorithm

(Kaelbling et al., 1996; Mazumder et al., 2018; Ye et al., 2018).

Through the simulator experiment, time-series data of states, including dynamic vehicle

kinematics and driver distraction status was recorded. Along with state observation, the

driver’s behavior (e.g., acceleration, or deceleration) was also tracked. Learning the implicit

reward mechanism from the time series data of states and actions is an inverse reinforcement

learning problem (Abbeel and Ng, 2004) (see Figure 7.6).

Learning driver preference is assumed as a reward function R(s) given some observed

data. An individual driver is assumed to have a stable preference within a braking event as

the average duration of a braking event is 18.68 seconds of a braking event from the collected

data.

The reward function for a single state follows a linear form (see Equation 7.1.4).

R(s) =
n∑
i=1

θif
i
s = ~θ T fs (7.2)

Where ~θ ∈ Rn is reward weight vector, fs ∈ Rn is a feature vector representation of state s.

Therefore, the reward for the time series ζ = {s1, s2, . . . , sT} is defined as the sum of all

the individual reward for each observed state si (see Equation 7.1.4).

reward(ζ) =
∑
sj∈ζ

~θ T fsj (7.3)
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Figure 7.5: Drivers observe state s and then perform action a based on their preference
(represented by reward mechanism R)

According to Maximum Entropy IRL (Ziebart, 2010), a distribution is considered over

the entire class of possible behaviors (see Equation 7.4). The path with highest probability is

considered as the optimal path. The optimized weight parameter θ∗ is learned by maximizing

the log likelihood ` (Equation 7.5). Then the reward function R(s) is calculated given the

estimated θ∗ through Equation 7.1.4.

P (ζ|θ) =
e−reward(ζ|θ)∑
ζ′ e
−reward(ζ′ |θ)

(7.4)

θ∗ = argmax
θ

`(θ)

= argmax
θ

Πi
e−reward(ζ|θ)∑
ζ′ e
−reward(ζ′ |θ)

(7.5)
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Figure 7.6: Learn the reward function R from time series data collected from driving simu-
lator

7.1.5 Model setup

The simulator data collected under FCW off condition was used. The range of relative

distance within a braking event is from 0 to 1126 m. Relative speed difference varies from

-30 m/s to 27 m/s. Distraction status is a binary variable, it equals to 1 when driver is

distracted, otherwise 0.

• State space S = (h,∆d,∆v)

– Relative distance ∆d ranging from (0, 1126) is divided into intervals (∆d1, . . . ,∆d4),

specifically

∗ ∆di = [(i− 1)× 20, i× 20), where i = 1, . . . , 4

∗ ∆d5 = [80,∞)

– Relative speed difference ∆v ranging from (-30, 27) is divided into intervals

(∆v1, . . . ,∆v5), specifically
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∗ ∆v1 = [−30, 0)

∗ ∆vi = [(i− 2)× 5, (i− 1)× 5), where i = 2, . . . , 4

∗ ∆v5 = [15,∞)

– Distraction status h equals to 1 when participant has eyes off road, otherwise 0.

– By considering all the interaction between each variable, the dimension of feature

for representing a state is 50(=5× 5× 2).

• Action space A = {0, 1}

– 0 indicates no brake, 1 indicates stepping on brake pedal

• 80% of the data was used as training data, the 20% of the data is hold for test.

7.2 Result

The preliminary results were visualized as heatmap (Figure 7.7 and Figure 7.8). The darker

color is associated with larger reward value for the state.

7.2.1 Aggressive drivers

Using participant with PID 103 as an example. Under undistracted status, maintaining

relative distance between 40 − 60 m and relative speed difference between 5 − 10m/s is

the optimal as it was assigned with the largest instant reward value (see the left picture

of Figure 7.7). However, when driver is distracted, the preferable relative distance is still

between 40− 60 m, but the relative speed difference reduced to 0− 5m/s.



84

Figure 7.7: Heatmap of reward function under undistracted (left) and distracted (right)
status for aggressive driver with PID 103

7.2.2 Conservative drivers

Using participant with PID 120 as an example. Under undistracted status, maintaining

relative distance between 40 − 60 m and relative speed difference between 0 − 10m/s is

the optimal as it was assigned with the largest instant reward value (see the left picture

of Figure 7.8). However, when driver is distracted, the preferable relative distance is still

between 40 − 60 m, but the relative speed difference reduced to negative, which indicates

that conservative drivers prefer driving slower than the lead vehicle.

7.3 Discussion

• Difference between aggressive and conservative drivers By comparing the re-

ward functions from aggressive and conservative drivers, these two drivers prefer main-

taining similar relative distance towards the lead vehicle. Furthermore, both drivers

reduced the relative speed difference when they were distracted. However, the big

difference reflects the speed choice. In general, aggressive driver prefers higher rela-
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Figure 7.8: Heatmap of reward function under undistracted (left) and distracted (right)
status for conservative driver with PID 120

tive speed than conservative driver at both distracted and undistracted status. When

conservative drivers were distracted, they prefer compensating their speed by driving

slower than the lead vehicle. This is acceptable in the driving simulator study, but it

could be dangerous for the traffic flow in the daily driving situation.

• Preferred driving state Based on the data collected from the simulator, the range of

relative distance within a braking event is from 0 to 1126 m. Relative speed difference

varies from -30 m/s to 27 m/s. The safest state is when ∆d is greater than 80 m, ∆v

is less than 0 m/s and driver stays undistracted status. This perfect and ideal state

is not preferable among the participants attending this experiment. Previous research

of developing advanced driver assistance system aims to keep drivers maintaining a

safety zone; however, the assumption about safety state without considering the driver’s

preference impacts the satisfaction and acceptance of the system (Elmalaki et al., 2018).

• Individual difference As shown in Appendix A, each driver has a different preferred



86

state under distracted and undistracted status. This individual difference could be

Incorporated for designing ADAS to improve the user trust and acceptance.
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Chapter 8

PREDICT WHEN THE DRIVER BRAKES USING
UNDERLYING PREFERENCE

How to make drivers effectively respond to system warning at a critical situation is

important for driving safety. Inappropriate interventions or interruptions while driving can

be quite dangerous, as they can increase driver workload and degenerate primary driving

task performance. Optimizing appropriate intervention time for a driver is critical for system

design.

The traditional FCW system measures the time-to-collision based on the relative distance

and the relative velocity of the front object. If the Time-to-Collision (TTC) is below a certain

threshold, system provides an alert and displays a visual alert, prompting the driver to apply

the brakes. The fixed threshold is set based on multiple experiments capturing the average

population-level response and feedback. Unfortunately, making a phone call, texting, talking

with passengers can cause distraction and delay the driver’s response (Regan et al., 2008;

Horberry et al., 2006; Lansdown et al., 2004; Hancock et al., 2003; Boyle et al., 2013). This

motivates us to investigate the adaptive FCW system which adapts to individual response

based on their preference, which is learned from Chapter 7.

This chapter compares the braking action timing prediction by using driving preference

(from Chapter 7) with traditional TTC-based FCW system. The difference between these
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two mechanisms is evaluated and discussed.

8.1 Methodology

8.1.1 Features definition

• Relative Distance: Relative distance, in m, measures the distance between the lead

vehicle and the host vehicle. The shorter relative distance is, the more emergent the

braking event is.

• Relative Speed: Relative speed, in m/s2, is defined as the speed difference between

the host vehicle and the lead vehicle. The positive value means that the host vehicle

travels faster than the lead vehicle, negative value indicates that the host vehicle is

slower.

• Distraction (Yes/No): Distraction status indicates if the driver is distracted away

from primary driving task or not. This feature is identified by the eye glance data. If

the driver has Eye-off-road, distraction status is set to be 1, otherwise 0.

• Brake Action (Yes/No): Driver’s braking action is defined based on “Brake Force”

value with the cut-off value 18 pound. If the brake force is greater than 18 pound,

braking action is set to be 1, otherwise 0.
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8.1.2 Reinforcement learning

Chapter 7 described how to formulate driving control as a reinforcement learning framework.

A driver observed the change in the environment, and then took actions with the purpose

of maximizing the rewards. In Chapter 7, the reward function and transition probabilities

of the MDP model are calculated from the observed time series data. Q-values Q(s, a) is

the expected utility starting in s, taking action a. Q(s, a)∗ is defined as Equation 8.1.2.

The expected value of Q(s, a)∗ can be estimated from the sampling approach, which can be

updated iteratively based on Equation 8.1.2 until the algorithm converges.

The probability that the driver take action a at state s is denoted as π(s, a), calcualted

as Equation 8.1.2 by applying softmax over the Q-values. the Q-values for each state vary by

individuals as they have different reward mechanism. The estimated probability is helpful

for easily comparing the optimal state across all the individual drivers.

Q∗(s, a) =
∑
s′

P (s
′|s, a)(R(s, a, s

′
) + γmaxa′Q

∗(s,
′
a
′
)) (8.1)

Qk+1(s, a) ←−
∑
s′

P (s
′ |s, a)(R(s, a, s

′
) + γmaxa′Qk(s,

′
a
′
)) (8.2)

π(s, a) =
eQ
∗(s,a)∑

a′ e
Q∗(s,a′ )

(8.3)



90

Figure 8.1: Predicted and Actual data comparison (left); ROC Curve with AUC=0.96 (mid-
dle); Precision Recall Curve with average precision = 0.85 (right)

8.2 Result

Taking the participant with PID 103 as an example, the predicted and actual braking action

probability is shown in Figure 8.1.

The left plot of Figure 8.1 demonstrated the probability that a driving controller (human

or system) should take action over time. The darker the color is, the higher the likelihood

that the operator should take braking action. The area in color gray suggests that driver

should brake and reduce speed during this period. The yellow dashed line marks the earliest

moment that an alert should be delivered if the controller is not taking necessary action

(e.g., stepping on the brake pedal). The red lines marked the actual brake action of the

participant from 4.5 seconds to 8 seconds. The period of time was covered by the predicted

time for braking.

The ROC curve and Precision-Recall Curve demonstrated the potential of using individ-

ual preference to predict braking action with high precision and high sensitivity.
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8.3 Discussion

The result section demonstrated the technical possibility of predicting the timing when the

driving controller should take braking action by incorporating the driver’s preference. In or-

der to compare and evaluate the difference between the driver’s preference based algorithm

and TTC-based algorithm, two examples from aggressive and conservative drivers were visu-

alized in Figure 8.2. The suggested predicted alert timing in the dashed yellow line and the

actual FCW alert cue in red. Distraction status, brake force, acceleration position, and the

probability predicted by considering individual driving preference were visualized for more

insights.

• Aggressive driver As shown in the left plot of Figure 8.2, aggressive driver brake

more severely (Brake force reaches the maximum value 180 pounds) due to the late

FCW alert issued by the traditional TTC based algorithm. Even though the driver

detected the potential collision risk by releasing the accelerator before the FCW alert, it

was still too late for taking a safe braking action. The yellow dashed line was suggested

by the new algorithm, and it was issued one second before the traditional FCW alert,

it may provide enough braking time for the aggressive driver without performing hard

brake.

• Conservative driver As shown in the right plot of Figure 8.2, the conservative driver

did not receive any FCW alert during the experiment, because the TTC based algo-

rithm took this case as a safe status since the TTC value did not exceed the fixed-
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threshold. However, due to the lack of the FCW warning, conservative drivers were

constantly engaged with the secondary task and had a high frequency of eyes-off-road

for this braking event. This is dangerous for real-life driving, as drivers compensate the

driving performance for constantly engaging in distraction. Ths misuse of the FCW

could bring the potential risk for collision. The yellow dashed line suggested by the

new algorithm could be helpful to reduce the unnecessary engagement of the secondary

tasks.

Overall, the suggested braking actions based on driving preference are earlier than the

original FCW alert. Due to the delay of issuing FCW alert, the aggressive driver was

distracted and had to take severe brake (brake force reaches to maximum brake force value).

While the conservative driver was distracted constantly during the braking event. An on-road

test by comparing these two algorithms would help understanding the driving performance,

user acceptance, and behavior adaptation with the assistance of these two FCW systems.
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Figure 8.2: Demonstrated examples from aggressive driver (left) and conservative driver
(right)
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Chapter 9

GENERAL CONCLUSION

This chapter provides an overall summary of the findings from this dissertation, contri-

butions, and future research.

9.1 Overall summary

This goal of this dissertation is to build a novel driver behavior modeling framework to un-

derstand and predict interactions with the driver assistance system from a human-centered

perspective. The FCW system was used as a study prototype to understand driver behav-

ior and the interaction with the driver assistance system. A driving simulator study was

conducted with two different FCW assistance conditions and secondary task engagement

conditions. Driving styles were captured based on the data collected under FCW off condi-

tion. Driver’s adaptation to the FCW system was evaluated based on the identified driving

styles. Driver’s braking behavior was formalized as Markov Decision Process, individual

implicit driving preference towards braking behavior was represented as a reward function

and learned by applying inverse reinforcement learning. The predicted braking action by

considering driver preference was compared with the original FCW system. The key findings

from this dissertation are summarized below:
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• Driving styles Driving styles can be reflected in varying metrics. Four categories of

features were used for capturing and identifying the difference in driving style. The four

categories are driving performance, secondary task engagement, eye glance behavior,

and survey. By applying Gaussian Mixture Model, 2 clusters are optimal. By compar-

ing the summary statistics from these two groups, they were identified as aggressive

and conservative groups. In general, aggressive drivers had smaller minimum TTC,

larger maximum deceleration, higher speed at accelerator release, high frequency of

EOR, higher violation frequency over the past years, and higher average rates of FCW

triggered in the experiment.

• Adaptation to FCW system FCW system, as a driver assistance system, aims to

raise the driver’s awareness of potential rear-end crash risk and further bring safety

benefits. The adaptation and interaction to the FCW system were discussed based

on demographic information (e.g., gender, age) with the assumption that the driving

experience and driving styles are highly associated with demographic information. Un-

like the previous study, driving style identified in Chapter 5, was used to evaluate the

adaption to the FCW system.

– Driving styles Aggressive and conservative drivers reacted differently to the

FCW system. FCW condition increased the accelerator-to-brake transition time

for conservative drivers; this may due to the mismatch of the expectation of FCW

warning timing so that conservative drivers delayed stepping on the brake pedal.
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– FCW alert timing The FCW alert is triggered once TTC is lower than 5 seconds.

When FCW alert is not triggered, mismatch of the expectation of the warning

cue caused drivers, especially conservative drivers, degenerate their initial reac-

tion. When FCW alert is issued, drivers were aware of the severity of the driving

situation, the release-to-brake transition time was largely reduced. It also greatly

reduced the driver’s distraction level. Drivers paused the engagement of secondary

task visually and manually. However, the triggered FCW alert might not bring

safety benefits for drivers, especially for conservative drivers. Conservative drivers

had reduced the minimum TTC when FCW alert is triggered.

– Time exposure In general, drivers were getting familiar with the driving tasks

and FCW system as they had taken more trials. Their driving performance also

improved. As they were getting more exposure to the experiment trials, the

driver’s accelerator release time decreased, release-to-brake transition time de-

creased, this indicated that drivers improved the initial reaction to the FCW

system. Besides, the average EOR for both aggressive and conservative drivers

decreased over time, it showed the trend that FCW could reduce the visual dis-

traction over time. Furthermore, the minimum TTC also increased as the number

of trials increased. Furthermore, average eyes-off-road reduced under FCW condi-

tion over time. It showed that drivers gradually received safety benefits from the

FCW system. To sum up, as the participants had more exposure to the system,

they gradually adapted their expectation for the FCW warning and performed
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better.

• Driver preference FCW alert timing is so critical that it leads to the different behav-

ior adaptation to the FCW system. By formalizing the braking behavior as a Markov

Decision Process (MDP), driver’s preference was learned as a reward function. The vi-

sualization of reward functions reveals that the theoretical ideal state is not preferable

among the participants attending this experiment. Advanced driver assistance system

aims to keep drivers maintaining a safety zone; however, the inappropriate assumption

about safety state without considering the driver’s preference impacts the satisfaction

and acceptance of the system.

• FCW based on driving preference Issuing the alert based on TTC does not account

for individual difference. The suggested braking actions based on driving preference

are earlier than the original FCW alert. The new algorithm captured the dynamics of

the vehicle kinematics as well as the distraction status of the drivers. Due to the delay

of issuing FCW alert based on the traditional FCW system, the aggressive driver was

distracted and had to take severe brake (brake force reaches to maximum brake force

value). While the conservative driver was distracted constantly during the braking

event due to the failure of capturing driver attention status in the traditional FCW

system. An on-road test by comparing these two algorithms would help understand

the driving performance, user acceptance and behavior adaptation with the assistance

of these two FCW systems.
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Overall, through this dissertation work, ADAS without human feedback may not always

bring positive safety benefits to the drivers. Inverse reinforcement learning proposed in this

dissertation can learn driving preference from the time-series observation data of vehicle

kinematics and eye glance data. Furthermore, the new FCW algorithm can successfully

predict driver behavior (i.e., braking) by considering individual driving preference. The

comparison between the new algorithm and the traditional FCW system could provide the

implications for the design of new driving assistance warning system.

9.2 Study limitations and future research

A limitation of the driving simulator study was the sample size. There were 24 participants

from three age groups with an equal number of females and males recruited for this exper-

iment. The sample size 24 was carefully chosen given the randomization of the scenario

sequence. There were four possible orders for the driving scenario (see Chapter 3). These

four possible orders required a minimum sample of four for each age group and gender. This

sample size was large enough to capture significant differences in the effect of the FCW sys-

tem and driving styles. However, for the outcomes that were not significant (FCW did not

significantly impact Mean Eye-off-road), it is most likely due to insufficient power and large

variability. In general, larger sample size is preferred as it can increase the precision of the

effects estimation (Casella and Berger, 2002). Thus, a future driving simulator study with

larger sample size (e.g., 48) could provide a more precise estimation of the effects and bring

more insights on the factors that were not statistically significant for the current study.
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The design of reward function is not trivial in reinforcement learning. The objective

of inverse reinforcement learning is to learn the underlying reward structure based on ob-

servations. In Chapter 7, the reward function is assumed to be a weighted linear form of

pre-selected features (see Equation 7.1.4). The linear form is the most interpretable as it

shows the direct relations between the reward function and the state features. However, the

reward structure can also be quite complex. From a parametric perspective, a non-linear

form could also be considered. As pointed out in (Levine et al., 2010; Choi and Kim, 2013),

a non-linear form of reward functions can capture the complex relationships between the

state features. From a non-parametric perspective, Gaussian Processes (GPs) can also be

applied to account for potentially complex, non-linear reward functions (Levine et al., 2011;

Wulfmeier et al., 2015).

Driver’s braking behavior in the car-following scenario was formalized as a Markov De-

cision Process (MDP) problem. However, it is recognized that there is a lot of unknowns

associated with driver behavior and environmental conditions that can not be easily captured

in a simulator study. MDP is capable of dealing with many stochastic states and uncertainty

based on the Markov property. Other machine learning methods, such as logistic regression,

Support Vector Machine (SVM), and random forest, may not be suitable for the varying-

length sequential data. Future research could compare the prediction between MDP and

other machine learning methods.

Subsequent research should compare the driving preference based FCW algorithm with

the TTC based FCW algorithm. Chapter 8 used the data collected from the driving simulator
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study as examples to compare the brake timing predictions from these two algorithms. The

new FCW algorithm is developed based on a reinforcement learning algorithm that uses

driving preference as the reward. The simulator study for this dissertation was based on

dry roads with clear skies. The advantage of the driving preference based FCW algorithm

is that it can be used to infer behavior based on other road and weather conditions, as well

as other environmental conditions.

The new FCW algorithm can adapt to each driver’s needs as more data on each person

is collected over time. Thus, an additional driving study (simulator or on-road) using this

driving preference based FCW algorithm could be conducted to evaluate driver acceptance

of this new system.

9.3 Contribution and publications

9.3.1 Driving styles identification

Contribution: As noted earlier, driving styles are usually inferred from self-reported data

(e.g., driving behavior questionnaires). Identifying driving styles based on time series data is

still a novel concept. Driving styles can be reflected in varying metrics. The four categories

used in this study are driving performance, secondary task engagement, eye glance behavior

and driver history. This dissertation used a Gaussian Mixture Model to capture and identify

different driving styles based on driver behavior data. The data was collected from a con-

trolled driving simulator study. Specifically, a two cluster solution was identified as optimal

based on the Bayesian Information Criterion (BIC). By comparing the summary statistics
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from these two groups, they were identified as either aggressive and conservative. In general,

aggressive drivers had smaller minimum TTC, larger maximum deceleration, higher speed

at accelerator release, high frequency of EOR, and higher violation frequency over the past

years.

Impact: Driving style is an important component of driving behavior. It relates to the

way drivers choose to drive, and further impacts the way that driver interact with assistance

systems and traffic infrastructure.

Publication: The paper will summarize the work conducted to capture two driving styles:

aggressive and conservative. In general, aggressive drivers had smaller minimum TTC, larger

maximum deceleration, higher speed at accelerator release, high frequency of EOR, and

higher violation frequency over the past years. This work is being prepared for submission

to Transportation Research Part F (Li and Boyle, in preparation).

9.3.2 Driver’s adaptation to the FCW system

Contribution: FCW systems are designed to alert the driver of potential rear-end crashes.

In previous studies, the adaptation and interaction to the FCW system were discussed based

on demographic information (e.g., gender, age) with the assumption that the driving experi-

ence and driving styles are highly associated with demographic information. Unlike previous

studies, this work focused on the use of driving styles to evaluate adaptation to the FCW

system. The driving styles were identified using non-FCW associated data. Aggressive and

conservative drivers reacted differently to the FCW system. Furthermore, mismatch of the
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expectation of the warning cue caused drivers, especially conservative drivers, to have de-

graded driving performance. When FCW alert is issued, drivers were aware of the severity

of the driving situation by stepping on the brake pedal much quicker. It also greatly reduced

the driver’s distraction level. Drivers paused the engagement of secondary task visually and

manually. As drivers became more familiar with the driving tasks and FCW system, their

driving performance also improved. Participants would gradually adapt their expectation

for the FCW warning and performed better over time.

Impact: Human drivers adapt differently when interacting with ADAS. The differences

may be caused by different driving styles. Past studies have not fully captured the impact

of driving styles and adaptation behavior as drivers interact with ADAS. However, these

findings have implications for safety and user acceptance of ADAS.

Publication: This work aims to study the driver’s adaptation to the FCW system on dif-

ferent driving styles (aggressive and conservative) through Generalized Linear Mixed Model

(GLMM). Driver’s adaptation to the FCW system was evaluated based on driving styles

from three aspects: initial reaction, distraction, and safety benefits. Data used for this work

was collected from the driving simulator study under both FCW on and off conditions. This

work is being prepared for submission to Transportation Research Part F (Li and Boyle, in

preparation).
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9.3.3 Driver preference based FCW system

Contribution: FCW alert timing is so critical that it affects the driver’s interaction with the

FCW system. The braking behavior was formalized as a Markov Decision Process, driving

preference is learned as a reward function given the time-series data. Learning the implicit

reward mechanism from the time series data of states and actions is an Inverse Reinforcement

Learning(IRL) problem. Maximum Entropy IRL was applied to solve the optimal reward

function based on the collected data. The visualization of a reward matrix reveals that the

theoretical ideal state is not practical and preferable among the participants attending this

experiment. Each individual has a different preference for the optimal safe state. Advanced

driver assistance system aims to keep drivers maintaining a safety zone; however, the assump-

tion about safety state without considering the driver’s preference impacts the acceptance

of the system. Furthermore, the suggested braking actions based on driving preference are

earlier than the original TTC-based FCW alert. The new algorithm captured the dynamics

of the vehicle kinematics as well as the distraction status of the drivers.

Impact: Driver preference affects the driver behavior when interacting with intelligent ve-

hicle systems and the transportation infrastructure. It is important to account for driver

preference in the design of ADAS. The driver preference based FCW system could enhance

driver safety and the driver’s acceptance.

Publication: This work aims to understand driver behavior when interacting with the

FCW system from a perception-decision-action perspective. Driving preference is learned as

a reward function given observed time-series data by applying Maximum Entropy Inverse Re-
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inforcement Learning. Real-time eye glance data was used to capture the driver’s attention

status while driving. Both Vehicle kinematic data (i.e., relative speed and relative distance)

and attention status were used for learning driving preference under the car-following sce-

nario. The data collected from the driving simulator study under FCW off condition was

utilized. This work is being prepared for submission to IEEE Transactions on Intelligent

Transportation Systems (Li and Boyle, in preparation).
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Appendix A

REWARD FUNCTIONS FOR ALL THE PARTICIPANTS

A.1 Aggressive drivers

Undistracted Distracted

Figure A.2: PID 102

Undistracted Distracted

Figure A.4: PID 103
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Undistracted Distracted

Figure A.6: PID 105

Undistracted Distracted

Figure A.8: PID 107

Undistracted Distracted

Figure A.10: PID 109



120

Undistracted Distracted

Figure A.12: PID 110

Undistracted Distracted

Figure A.14: PID 111

Undistracted Distracted

Figure A.16: PID 113
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Undistracted Distracted

Figure A.18: PID 114

Undistracted Distracted

Figure A.20: PID 115

Undistracted Distracted

Figure A.22: PID 116
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Undistracted Distracted

Figure A.24: PID 110

Undistracted Distracted

Figure A.26: PID 119
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A.2 Conservative driver

Undistracted Distracted

Figure A.28: PID 104

Undistracted Distracted

Figure A.30: PID 106
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Undistracted Distracted

Figure A.32: PID 108

Undistracted Distracted

Figure A.34: PID 118

Undistracted Distracted

Figure A.36: PID 120
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Undistracted Distracted

Figure A.38: PID 121

Undistracted Distracted

Figure A.40: PID 122

Undistracted Distracted

Figure A.42: PID 123


