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Vehicle automation has long been an essential component of modern vehicular technologies.

From the Advanced Driver Assistance System (ADAS) to fully autonomous vehicles, these

technologies are trying to enhance road safety and improve the driving experience. However,

their acceptance does not seem to keep up with the fast-growing market penetration. There

have been many attempts to improve the acceptance of vehicle automation. The most widely

adopted methods are customization and trust calibration. However, to the best of our knowl-

edge, none of the current studies provides a holistic framework to design a customized vehicle

automation system that involves humans in the loop. This dissertation aims to propose a

systematic paradigm to design a human-aware and trust-calibrated vehicle automation sys-

tem. We start from the system side to build customized vehicle automation using driving

demonstrations from naturalistic driving data. The procedure consists of identifying driving

style using Multivariate Functional Principal Component Analysis (MFPCA) and clustering

analysis. Then, using the clustering result, we apply the Maximum Entropy Inverse Rein-

forcement Learning (MaxEnt IRL) algorithm to train the personalized vehicle automation

system from demonstrations. The result shows the effectiveness of our proposed method.

Next, from the human side, we develop a customized real-time trust prediction model based



on trust dynamics. “Confident” and “Skeptical” trust dynamics are identified from the trust

levels during interaction with the vehicle automation. Furthermore, the State Space models

for real-time trust prediction improve trust prediction performance for further trust cali-

bration considerations. Finally, we integrate customized vehicle automation with the trust

models using the human-in-the-loop method to achieve trust-calibrated customized vehicle

automation. The proposed algorithm takes a step toward our goal of building human-aware

customized automated systems. The findings have implications for future human-vehicle

interaction design and trust calibration in vehicle automation.
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Chapter 1

INTRODUCTION

Over the past decade, Artificial Intelligence (AI) has achieved tremendous success in

assisting all aspects of our daily lives. From small devices like smartphones to large devices

like autonomous cars, they all leverage AI techniques in complex decision-making tasks to

change our lives. Moreover, due to the agile advancement in AI, prospective AI agents are

expected to play the role of teammates rather than replace humans.

Among all noteworthy assistive devices, autonomous cars are one of the most significant

applications due to the safe-critical and essential usage scenario in our daily commutes. The

field of vehicle automation is evolving rapidly. Although it will likely be many years until fully

autonomous vehicles are publicly available in a wide range of conditions, different levels of

vehicle automation technologies expedite the pace to our final destination. As defined by the

Society of Automotive Engineers (SAE) [97], the following vehicle automation level system

is the most commonly used standard while categorizing vehicle automation technologies.

• Level 0: No automation.

• Level 1: Driver assistance - The vehicle can control either steering or speed au-

tonomously in specific circumstances to assist the driver.

• Level 2: Partial automation - The vehicle can control both steering and speed au-

tonomously in specific circumstances to assist the driver.

• Level 3: Conditional automation - The vehicle can control both steering and speed

autonomously under normal environmental conditions, but requires driver oversight.
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• Level 4: High automation - The vehicle can complete a travel autonomously under

normal environmental conditions, not requiring driver oversight.

• Level 5: Full autonomy - The vehicle can complete a travel autonomously in any

environmental conditions.

Most of the current commercial vehicles have equipped with Level 1 automation, and

some of the newer models have Level 2 automation. However, only a few cars can achieve

level 3 conditional automation. Nevertheless, there is a lot of good news in the autonomous

car industry, such as leading companies that are gradually authorized to conduct road tests

on urban roads in major cities of the United States. Moreover, a recent report released

by National Highway Traffic Safety Administration (NHTSA) stated that there were 38,824

people killed in motor vehicle crashes in 2020. Luckily, studies have shown that vehicle

automation can improve road safety by reducing road injuries and fatalities caused by human

errors [2]. However, there are also rising concerns in society. For instance, a fatal crash may

still happen when autonomous agents control the cars. And most importantly, people still

don’t trust the system to hand over the complete controls to a black-box AI agent.

Despite the considerable potential and positive influence on how we travel and commute,

researchers are still trying to fix the current issues that impede the adoption and wide usage

of vehicle automation technologies. First, autonomous cars are vulnerable and have limited

capabilities to handle unexpected events. Nassi et al. show that the Tesla Autopilot function

is still vulnerable to phantom attacks. Second, a widely adopted consensus is that vehicle

automation with an average driving style will not be satisfactory to all individual drivers. For

user acceptance and trust, they should not only be safe and reliable but also provide a com-

fortable user experience [58]. However, comfortableness was perceived differently by different

drivers. Whereas some drivers may prefer an aggressive driving style, others might prefer a

more conservative driving style. Therefore, it’s crucial to customize the vehicle automation

functions based on the drivers’ demonstrated driving styles. Third, the acceptance of vehicle

automation doesn’t seem to catch up with the growing market penetration, partially due
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to the trust issues that affect the reliance on the technologies. Instead of blindly behaving

as it was programmed to, it should have the ability to respond and change to human trust

dynamics during the interaction. Therefore, studies should explore the effective integration

method to achieve trust calibration in vehicle automation. However, before we can integrate

the trust dynamics into the customized systems, one of the crucial steps is to accurately

model trust during interaction without interrupting or intruding since trust is a hidden and

implicit cognitive state..

1.1 Research Objectives and Goal

The overall goal of this dissertation is to take a step toward effective human-system integra-

tion in vehicle automation to design a human-aware and trust-calibrated customized vehicle

automation that teammates with human drivers in complex driving tasks. To achieve our

goal, we leverage the Human-in-the-loop method to address the following research objectives:

• Research Objective 1: Customized vehicle automation to drivers’ preferences and dif-

ferences

This research objective aims to extract the preferences and differences underlying driv-

ing behavior and styles using Naturalistic Driving Data (NDD) and customize the

vehicle automation to capture the identified driving styles. Hence, we can provide

drivers with a customized system that behaves like their driving styles to promote

acceptance and reliance.

• Research Objective 2: Customized trust modeling for real-time prediction

This research objective aims to model and predict real-time human trust without in-

terrupting and intruding. Trust is a hidden and implicit cognitive state. To integrate

trust dynamics into the refinement of the customized systems proposed in the previ-

ous step, we need to first accurately model human trust while interacting with vehicle

automation.
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• Research Objective 3: Trust-calibrated vehicle automation using human-in-the-loop method

This research objective aims to integrate the trust models into customized vehicle

automation to generate trust-calibrated control policies. This objective takes a step

toward human-aware automation that responds to human cognitive changes to induce

improved reliance and acceptance.

The rest of the dissertation is organized as follows. In Chapter 2, we introduce our

customized vehicle automation to driving styles using NDD. In Chapter 3, we present the

customized trust models for real-time prediction. In Chapter 4, we demonstrate our method

to integrate the trust models into the customized vehicle automation training process. Fi-

nally, in Chapter 5, we will discuss the conclusion, contribution, and potential future work.
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Chapter 2

CUSTOMIZATION IN VEHICLE AUTOMATION

In this chapter, we introduce a proposed framework of customization in vehicle automa-

tion. The customized systems can capture drivers’ preferences and differences by learning

from their demonstrated driving behaviors and styles. This work is the fundamental part

of the customized systems for later human-in-the-loop system design. This work has been

accepted for publication in IEEE Transactions on Vehicular Technology [66].

2.1 Motivation and Objective

The field of vehicle automation is evolving rapidly. It seeks to enhance road safety and

improve the driving experience. Although fully autonomous vehicles are not expected to

be publicly available for several more years, most vehicles are equipped with some degree

of vehicle automation to assist in the driving tasks. Vehicles with automation technologies

promise significant societal benefits, including decreases in car crashes, injuries and deaths,

enhanced mobility, increased road efficiency, and better utilization of parking and lands [69].

Even though research has shown substantial potential benefits of vehicle automation, the

acceptance of these technologies is still not apparent, partly due to the significant increase

in the variety of driving conditions and potential users.

Non-customized vehicle automation with a moderate driving style may be too conserva-

tive for more aggressive drivers and too aggressive for more passive drivers [22]. Some systems

are customized to account for users’ preferences using an in-vehicle interface [53,110]. How-

ever, an effective interface design would require extensive usability studies with multiple

real-world scenarios. Another approach is not based on user testing but rather on observing

driving styles based on existing data to capture driver’s behavior [58].
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The objective of this study is to demonstrate the ability to customize lane change systems

based on naturalistic data made available to the study team from the University of Michigan

Transportation Research Institute (UMTRI). The system is targeted toward a SAE Level 2

system. The data provide insights on various driving styles for multiple drivers; this is an

advantage over other models [22,111] that focus only on one driver.

2.2 Related Work

Customizing a system based on the operator’s capabilities and limitations is a data-driven

approach. The premise of successful customization is identifying accurate and appropriate

driving styles with representative driving behaviors using naturalistic driving data. In this

section, we provide an extensive literature review of driving style identification. We then

review the methods for customized automated lane change systems. The gaps observed in

the literature are discussed in the context of the study motivation.

2.2.1 Driving Style Identification

Driving style is generally defined as the habitual ways drivers choose to drive [98]. It is

crucial to accurately identify driving styles to help better design customized vehicle au-

tomation. However, driving style refers to all the activities performed by the driver, which

contains many aspects. To date, a uniform method for quantifying or identifying driving

styles has not been identified. However, qualitative definitions are available for some driv-

ing styles. This includes the actions that fall under the category of risky driving defined

by NHTSA: drunk driving, distracted driving, speeding, frequent brakes, tailgating, etc.

(https://www.nhtsa.gov/risky-driving). Some qualitative criteria can be transformed into

quantitative measurements using continuous sensory data such as speed and distances to the

surrounding vehicles. The speed profile provides information on the fluctuations and peaks

related to aggressive or conservative driving styles [40]. The distance to the surrounding ve-

hicles provides the behavior related to tailgating and abrupt lane changes. As long as these

patterns are extracted in a reasonable manner, we can identify an effective driving style. A
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survey by Martinez et al. [68] shows the typical process of recognizing meaningful driving

styles. A summary of the driving style identification methods previously examined is shown

in Fig. 2.1.

Figure 2.1: Two types of driving style identification methods in the recent literature.

Driving behaviors are typically captured using continuous sensory data from the vehicles.

For example, speed profiles are collected over time and can, therefore, be examined using

time series analysis methods [79, 106, 115, 117]. Speed profiles can also be examined using

Functional Data Analysis (FDA). As compared to time series analysis methods, FDA does

not require the data points to be evenly spaced and can model both temporal and spatial

trends present in the data. In the past, FDA was attempted by [114] to examine the drivers’

speed profiles in naturalistic driving data collected on rural two-lane curves. The results

provide insights on driver behaviors for the individual road segments of different curvatures.

Once driving behaviors are successfully identified as constructed features, we can use

supervised or unsupervised learning to distinguish the different driving styles. Supervised

learning requires labeling the observations in the training dataset in advance [13,63,105,112,

113]. Since naturalistic driving data is fairly noisy, the labeling process would be inaccurate
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and biased by expert knowledge and personal judgments about the driving styles. The

subjective labels can lead to underfitting or overfitting certain driving styles. Unsupervised

learning, on the other hand, can assign each observation to a cluster based on the measured

distances among the observations [19, 26, 48, 103]. Although it does not require extra effort

to label the data, it might generate latent driving styles that were not previously known.

For this reason, some manual identification or naming convention will be needed after the

groups (or styles) are determined. Therefore, an ideal driving style identification method will

need to include (1) automated feature extraction without complicated feature engineering

and (2) selection using prior assumptions and interpretable clusters with minimum expert

knowledge.

2.2.2 Customization in Automated Lane Change Systems

Personalization and customization have similar meanings and are sometimes used inter-

changeably. In this dissertation, customization refers to the adaptation of automation tech-

nologies to driving styles, whereas personalization captures the detailed individual prefer-

ences in driving tasks. Hence, we adopt the former term in our study but review the literature

related to both in terms of vehicle automation.

The primary approach for designing a customized vehicle automation system is learning

from demonstrations [58]. Here, the demonstrations refer to the operation data collected from

the driving tasks. The widely adopted method is to observe human driving tasks and learn

the behaviors using Inverse Reinforcement Learning (IRL) [124] or Imitation Learning [49,59].

Multiple studies adopted variants of these methods for personalized vehicle automation [25,

33,84,118].

For automated lane change systems, Butakov et al. [22] developed a method for mod-

eling individual driver behaviors during lane changes. They used a sinusoidal lane change

kinematic model and a Gaussian Mixture Model (GMM) to adjust the parameters to fit indi-

vidual driving styles. However, the framework was validated on only three participants with

717 lane changes. The relatively high number of lane change behaviors for each participant
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may be inefficient when applied to new users, and the limited number of participants can

compromise the evaluation of the proposed method. In another study, Vallon et al. [111]

proposed a data-driven classifier to predict the moment a lane change initiation occurs while

also considering the preferences of the driver. This decision logic was then integrated into a

model predictive control framework for lane change control. However, the limited number of

participants impacts the validity of the model.

In another study, Zhu et al. [127] proposed a Personalized Lane-Change Warning System

based on three components: surrounding vehicle information, the predicted safety distance

based on the driving style, and a lane change feasibility judgment system. However, these

modules were rule-based decision-making systems that did not learn or adapt to changes in

the driver behaviors. Another recent work constructed a customized lane-change assistance

system using deep learning and spatial-temporal modeling [40]. The results on real-world

driving data showed that the lane-change model is capable of learning latent features and

achieved better performance than the current system. However, stacking three sophisticated

black-box algorithms weakened the interpretability of the model, and the reasoning process

for the action became unclear to the user. In a very recent study, Huang et al. [53] identified

the user’s preferences using the fuzzy linguistic preference relation method, including mea-

surements on driving safety, ride comfort, vehicle stability. However, the preferences need

to be collected interactively with the passengers using a touch screen rather than passively

identified from naturalistic driving data.

2.3 Methods

Customized automated lane change systems are built using a two-step method. The first

step identifies the driving styles with representative behaviors from naturalistic driving data

by clustering the driving trips into different groups. The second step customizes the auto-

mated lane change systems to the identified driving styles by applying the IRL method to

the clustered trips (demonstrations). The IRL algorithm learns the latent preferences and

objectives in the form of reward functions from the demonstrations. The reward functions
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Figure 2.2: The overall framework of the proposed method.

encode the underlying intents in the lane change tasks, which ensures better performance

than directly imitating the lane change behaviors. To achieve task-level decision making

for lane changes using IRL, we need sequential lane change demonstrations for each driving

style. Therefore, it is essential to identify the appropriate driving styles at the trip-level.

The overall framework consists of three components (see Fig. 2.2): a driving style iden-

tification method using Multivariate Functional Principal Component Analysis (MFPCA)

and clustering analysis to generate grouped demonstrations for each driving style; automated

lane change systems trained with an IRL method using the previously identified driving style

demonstrations; and testing and validation of the proposed framework. We support the ex-

istence of the resulting driving styles with literature from behavioral psychology, and the

interpretability of our driving style identification method ensures that the grouped demon-

strations capture the representative behaviors of each driving style. In addition, the explicit

forms of the reward functions extracted from the IRL method provide insights into the result-

ing behaviors of the customized automated lane change systems. The testing and validation

highlight the improved action prediction performance of the proposed framework.
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2.3.1 Driving Style Identification

The current gaps in driving style identification are addressed using MFPCA and clustering

analysis. NDD is modeled as functional data to characterize the driver’s behavior at the

trip level. Such modeling can be used to identify the underlying patterns behind the driver

behaviors and requires less prior knowledge and effort to calculate the characteristic features.

These features are then used as inputs to identify the most relevant clusters for all the trips

that lead to improved interpretability of the clustered driving styles. Finally, each cluster is

labeled with an appropriate driving style based on similar behaviors.

Functional Data Analysis

The NDD are collected continuously over time. FDA is a collection of effective methods

for analyzing functional data. It considers each individual datum as a function and does

not impose any particular assumptions on the independence of the different values within

a functional datum [91]. It, thereby, aims to detect the important patterns and explain

the reasons behind the variations in the data [92]. These characteristics make FDA an

appropriate method to extract features from naturalistic driving data.

It follows the same common notations used by the statistical models.

y = x(t) + ϵ (2.1)

where y is the response, x(t) is the smooth function of a continuum t (usually time), and ϵ

is the error term.

Specifically, we use the Basis Expansion model to represent the functional data:

x(t) =
K∑
i=1

cjϕj(t) = Φ(t)Tc (2.2)

where x(t) is a single measurement in a continuum t, Φ(t) is a basis system, and c is the

coefficient vector. Commonly-used basis systems include Fourier, B-spline, and Polynomial.

However, in favor of stability, the former two basis systems are preferable in most appli-

cations. In practice, if the data is periodic, Fourier Basis is a better choice. Otherwise,
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B-spline Basis is more suitable. B-splines are polynomial segments joined end-to-end which

are constrained to be smooth at the joins. The points at which the segments join are called

knots. The ith B-spline basis function of degree p (order p + 1) is denoted by Ni,p(t) and

defined recursively as

Ni,0(t) =

1, ti ≤ t < tt+1

0, otherwise

Ni,p(t) =
t− ti

ti+p − ti
Ni,p−1(t) +

ti+p+1 − t

ti+p+1 − ti+1

Ni+1,p−1(t)

(2.3)

where ti is the ith knot, i = 0, 1, . . . , n, and p ≥ 1.

A typical sum of squared error loss function is used to obtain the best fit coefficients.

Since the smoothness is a key assumption in the functional data representation, a penalty

term was added to induce smoothness. The general form of the loss function is represented

in 2.4.

PENSSEλ(x) =
n∑

i=1

(yi − x(ti))
2 + λJ [x] (2.4)

where i is the index of the observations, λ is a continuous tuning parameter, and J [x] is the

smoothing penalty term. A common choice of the penalty term is J [x] =
∫
( d2

dt2
x(t))2dt.

Multivariate Functional Principal Component Analysis

The typical basis expansion methods require us to define parameters, such as knots and

orders, in advance. To address this issue, Functional Principal Component Analysis (FPCA)

represents functional data in the most parsimonious way by using the eigenfunction basis to

explain most of the variation. As the name suggests, FPCA is a variation of the traditional

PCA in a functional basis system instead of a coordinate system.

The traditional multivariate PCA uses eigen-decomposition on the covariance matrix, but

FPCA uses Karhunen-Loève decomposition. It finds the eigenvalue ρk and the eigenfunction
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ξk(t) by solving the eigenequation∫
σ(s, t)ξk(t)dt = ρkξk(s)

s.t.

∫
ξk(t)

2dt = 1∫
ξk(t)ξl(t)dt = 0, l ̸= k

(2.5)

where σ(s, t) = (N−1)−1
∑

i xi(s)xi(t) is the covariance between curve values xi(s) and xi(t)

at values s and t. Then corresponding score of a record r on ξk is
∫
ξk(t)xr(t)dt.

An extension of univariate FPCA to the multivariate case is used to examine multiple

dimensions of the sensory data (i.e., speed and relative locations of the surrounding vehi-

cles). Happ and Greven [43] provide an algorithm to estimate the multivariate Principal

Components (PCs) based on their univariate counterparts using the following steps.

1. Calculate the PC functions and scores using the Karhunen–Loève decomposition on

the covariance surface.

2. Estimate the joint covariance matrix by combining all the PC scores into one large

matrix.

3. Find the eigenvectors and eigenvalues of the estimated joint covariance matrix.

4. Calculate the estimated multivariate PC functions and scores by adjusting the uni-

variate PC functions and scores from step 1 using the eigenvectors and eigenvalues

estimated in step 3.

Clustering Analysis

A k-means clustering algorithm is applied to the scores of the functional PCs. The k-means

algorithm computes the centroid of each cluster iteratively and updates the assignment of

each observation. While converging to stable assignments, k-means finds the clusters that

minimize the within-cluster variances. There have been previous attempts to implement



14

k-means clustering on functional PCs scores, and results confirm the effectiveness of the

method [39]. Driving style identification is achieved once each observation is assigned to an

appropriate cluster.

Algorithm 1: K-means clustering

Input : Observations x(i)

Output: Assigned clusters for every observation c(i)

Initialize cluster centroids µ1, µ2, . . . , µk ∈ R randomly;

while not converge do

for every i do

c(i) := argminj ||x(i) − µj||2

for every j do

µj :=
∑m

i=1 1{c(i)=j}x(i)∑m
i=1 1{c(i)=j}

2.3.2 Customized Vehicle Automation

The driving style identification step clusters the driving trips into different driving styles. In

the second step, we leverage the grouped driving demonstrations generated by the previous

step and adapt a data-driven method to customize the automated lane change systems. Each

customized system is trained separately from the driving demonstrations.

Reinforcement Learning

The vehicle automation system can be regarded as an intelligent agent that can be trained

using Reinforcement Learning (RL). RL provides the learning ability to make sequential

decisions in order to improve the agent’s experience through interactions with its environment

instead of explicit programming. This is achieved by maximizing the expected cumulative

reward of the agent’s actions, where the environment is typically modeled as a Markov

Decision Process (MDP). An MDP is defined by four components: a set of states S, a set

of actions A, a reward R, and a state transition probability P. The state is a collection of
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variables that characterize the system (agent and its environment) at any point in time, and

the action is the decision made by the agent to transition from one state to the next to

maximize the cumulative reward over a given time horizon. Here, the state is characterized

by the variables that affect lane change decisions such as the speed of the ego car and its

distance to the surrounding vehicles. Several other important definitions and properties of

an MDP:

• Ra(s, s
′) is the immediate reward received after transitioning from state s to state s′

by taking action a.

• Pa(s, s
′) = Pr(st+1 = s′|st = s, at = a) is the probability of transitioning to state s′ at

time t+ 1 from state s by taking action a at time t.

• π(at|st) is the probability of taking action at in state st at time t. π(s) ∈ A is the

optimal action in state s at time t.

• γ is the discount factor.

• Markov Property: P (St+1|St) = P (St+1|S1, S2, . . . , St)

• Vπ(s) = E[R(st) + γVπ(st+1)|St = s] is the value function.

• Qπ(s, a) = E[R(st) + γQπ(st+1, at+1)|St = s, At = a] is the action-value function.

The goal of RL is to find an optimal policy that maximizes the expected future reward.

argmax
π

E[
T∑
t=0

Rπ(st)(st, st+1)] (2.6)

where the expectation is taken over st+1 ∼ Pπ(st)(st, st+1).

There are a lot of RL algorithms that can solve the above optimization problem efficiently.

Depending on whether the transition probability Pa(s, s
′) is known, they can be categorized

into Model-free RL and Model-based RL. For the first kind, if the algorithm is to learn
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the policy directly, some examples are Asynchronous Advantage Actor-Critic (A3C) [73],

Proximal Policy Optimization (PPO) [100]. Otherwise the algorithm is to learn the action-

value functions, then the examples are Deep Q-Network (DQN) [74], Hindsight Experience

Replay (HER) [12]. For the second kind, the examples are Model-Based RL with Model-Free

Fine-Tuning (MBMF) [82], and Model-Based Value Expansion (MBVE) [37].

Maximum Entropy Inverse Reinforcement Learning

RL has been shown to be immensely successful in a wide variety of applications. However,

unlike most other applications, no specific reward signals are directly generated from the

driving tasks in our study. We therefore used an IRL algorithm to extract the specific form

of the reward function.

The concept of IRL is first introduced by Ng and Russel in 2000 [86]. They formally define

some important notations of IRL and state the motivation behind IRL. They propose three

algorithms for solving simple IRL problems. Building upon their own work, they propose

Apprenticeship Learning to solve IRL problems [1]. They propose to use linear function

approximation to estimate the reward function which is linear to the state features. This

assumption can lead to sufficient solutions to the IRL algorithm. However, as they discussed

in the paper, one of the most challenging issues in the IRL algorithm is the algorithm will

find a solution set with even degenerate one instead of a single optimal reward function. All

the reward functions in the solution set will satisfy all the constraints and potentially be

able to generate the observed demonstrations or optimal policy. It’s difficult to choose the

optimal reward function without any premises.

As the topic becomes more and more popular, a lot of variations of IRL algorithms

are proposed. Most of them are trying to address the above-mentioned issue. The most

influential method is built on the Principle of Maximum Entropy [55]. The entropy of a

continuous random variable X is defined as:

H(X) = −
∫ ∞

−∞
p(x) log p(x)dx (2.7)
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For discrete random variable, the integral is replaced by the summation.

Ziebart et al. [128] propose Maximum Entropy Inverse Reinforcement Learning (MaxEnt

IRL) to resolve ambiguities in choosing distributions. The maximum entropy principle leads

to the choice of optimal reward function with the maximum entropy. There are a few

definitions introduced to complement the notations of MDP before introducing the MaxEnt

IRL algorithm:

• ζ = {(s1, a1), (s2, a2), (s3, a3), . . . } is a demonstrated trajectory.

• fs ∈ Rk is the feature vector of the state s.

• fζ =
∑

s∈ζ fs is called the feature counts.

• θ ∈ Rk is the reward function parameters.

• P (ζ) is the probability of observing the trajectory ζ.

• P (s) is the probability of visiting state s, also called state visitation frequency.

A direct result coming from the additional notations is:

P (ζ) =
∏
s∈ζ

P (s) (2.8)

They assume the reward of a trajectory is linear to the feature counts.

R(ζ) = θTfζ =
∑
s∈ζ

θTfs (2.9)

The probability of a trajectory demonstrated by the expert (in our case, the human

driver) has to be exponentially greater for larger rewards as compared to smaller rewards.

Mathematically,

P (ζ) ∝ eR(ζ) (2.10)



18

The MaxEnt IRL algorithm solves for optimal θ∗ by maximizing the likelihood of the

demonstrated trajectories,

θ∗ = argmax
θ

L(θ)

= argmax
θ

1

M
log

∏
ζD

P (ζD|θ)

= argmax
θ

1

M

∑
ζD

logP (ζD|θ)

= argmax
θ

1

M

∑
ζD

R(ζD)− log
∑
ζ

eR(ζ)

(2.11)

where M is the number of trajectories in demonstration, ζD is the observed trajectory from

demonstration, and ζ is any trajectory that can be observed from the task.

The above objective function is convex , so the optimal solution can be solved using a

gradient descent based method. The gradient is,

∇θL(θ) =
1

M

∑
ζD

fζD − 1∑
ζ e

R(ζ)

∑
ζ

(eR(ζ)dR(ζ)

dθ
)

=
1

M

∑
ζD

fζD −
∑
ζ

eR(ζ)∑
ζ e

R(ζ)
fζ

=
1

M

∑
ζD

fζD −
∑
ζ

P (ζ|θ)fζ

=
1

M

∑
ζD

fζD −
∑
s

P (s|θ)fs

(2.12)

where P (s|θ) is the state visitation frequency given the reward parameter θ. Define µt(s|θ)

as the probability of visiting state s at time t. It can be calculated efficiently using Alg. 3.

With the state visitation frequency calculated and the value iteration shown in Alg. 2, the

MaxEnt IRL algorithm is shown in Alg. 4.
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Algorithm 2: Value Iteration

for k = 1, 2, . . . ,∞ do

for each state s do

Vk(s) = maxa
∑

s′ Pa(s, s
′)(R(s) + γVk−1(s

′))

if ∀s, |Vk(s)− Vk−1(s)| < threshold then

for each state s do

π(s) = argmaxa
∑

s′ Pa(s, s
′)(R(s) + γVk−1(s

′)) return π, Vk

else
continue

Algorithm 3: State Visitation Frequency Calculation

Solve the MDP using value iteration for optimal policy π;

Computer µ1(s) using sampled trajectories;

for t = 1, 2, . . . , T do

µt+1(s|θ) =
∑

a

∑
s′ µt(s

′)π(a|s′)Pa(s, s
′)

return P (s|θ) =
∑

t µt(s|θ)

Algorithm 4: MaxEnt IRL algorithm

0. Initialize θ randomly;

1. Solve for optimal policy π w.r.t θ with value iteration;

2. Solve for state visitation frequency P (s|θ) using Algorithm 3;

3. Compute gradient ∇θL(θ) =
1
M

∑
ζD

fζD −
∑

s P (s|θ)fs;

4. Update θ with one gradient step using ∇θL(θ)

The MaxEnt IRL algorithm demonstrates great performance in various applications. It

can handle expert suboptimality and stochasticity by operating on the distribution over

possible trajectories. However, the linear function approximation of the reward function is

sometimes too rough. For complicated tasks, the reward function is likely to be nonlinear

in the feature space. To better approximate the nonlinear structure of the reward function,

Neural Networks is proposed to replace the linear function approximation assumption in the
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maximum entropy framework, which is named Maximum Entropy Deep Inverse Reinforce-

ment Learning (DeepIRL) [121].

As a generalization of MaxEnt IRL, DeepIRL uses Deep Neutral Networks to map the

state features to reward values. It is straight forward to show that the MaxEnt IRL is a special

case of DeepIRL by applying back-propagation to a network with a single linear output

connected to all inputs with zero bias term. Suppose the Neural Network approximation of

the reward function can fit in the following general framework:

R(ζ) =
∑
s∈ζ

R(s) =
∑
s∈ζ

g(fs, θ) (2.13)

Under the same derivation procedure, MaxEnt IRL and DeepIRL share the same maxi-

mum likelihood objective function. The difference is in the derivation of Eq. 2.12.

∇θL(θ) =
1

M

∑
ζD

∂

∂θ
R(ζ)− 1∑

ζ e
R(ζ)

∑
ζ

(eR(ζ) ∂

∂θ
R(ζ)) (2.14)

where ∂
∂θ
R(ζ) can be computed efficiently using back-propagation for Neural Networks. The

rest of the algorithm is exactly the same as MaxEnt IRL.

2.4 Naturalistic Driving Data

The dataset used for this study comes from the UMTRI Safety Pilot Model Deployment

(SPMD) naturalistic driving data [20]. The data collection period was from August 2012 to

June 2017. This dataset is a part of the Connected Vehicle Safety Pilot Program, a research

initiative that features real-world implementation of connected vehicle safety technologies,

applications, and systems using everyday drivers. SPMD data includes approximately 3000

vehicles (some with more than one driver) equipped with vehicle-to-vehicle (V2V) commu-

nication in real-world conditions at a test site with diverse traffic [20].

Fig. 2.3 shows the layout of the test site and the location of the roadside equipment used

in data collection. There were five data acquisition systems that worked cooperatively to

record four sets of data: contextual (e.g., weather, lighting), driving (from a vehicle’s data
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Note: Red circles denote the approximate starting (1) and ending (2) locations of the trips for the

highway segment of interest (red solid line).

Figure 2.3: Safety Pilot Model Deployment Site Plan in Ann Arbor, Michigan. Modified

from [20].

acquisition system (DAS)), basic safety messages (BSM), and data from roadside equipment

(RSE). The SPMD data contains more than four terabytes of raw data. We used the publicly

available data, which covered a 7-month period from October 2012 to April 2013 (https://

catalog.data.gov/sv/dataset/safety-pilot-model-deployment-data). This dataset

does not include any personal identifiers and is exempt from additional Institutional Re-

view Boards (IRB) review. The original IRB process is described in [20].

The road environment varied from low-speed urban roads to high-speed freeways. For

our analysis, a segment of the freeway driving route was selected. It starts on location 1 and

https://catalog.data.gov/sv/dataset/safety-pilot-model-deployment-data
https://catalog.data.gov/sv/dataset/safety-pilot-model-deployment-data
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ends on location 2 (shown in red in Fig. 2.3). The trips in the counterclockwise direction were

also selected for the same freeway segment, which starts on location 2 and ends on location

1. The selected route is approximately 7 kilometers with 3.5 minutes of travel time. Note

that the selected segment has a junction from U.S. Route 23 to U.S. Route 14 in the elbow

transition part. Specifically, we filtered the trips based on the GPS coordinates from the

DAS to select the road segments of interest. We then extracted four variables for analysis:

(1) speed of the ego car, (2) distance to the vehicle in front, and (3) average distances to the

vehicles on the left and (4) the right. Previous studies have shown that these features reflect

the driving behaviors and significantly affect the lane change decisions [7, 40]. As a result,

a total of 105 trips, including 46 in the clockwise direction and 59 in the counterclockwise

direction, were selected for further analysis.

2.5 Results

The experiments were carried out on a MAC Big Sur version 11.6 Operating System using

R programming language version 3.6.1 and Python version 2.7. A 2.6 GHz Intel Core i7

quad-core processor with 16 GB 2133 MHz LPDDR3 RAM was used. R packages mfpca [44]

and other supportive packages were employed for implementing MFPCA. Python packages

Theano [107] and numpy [45] were used for implementing IRL algorithm.

2.5.1 Driving Style Identification

Four variables from the naturalistic driving data were selected to identify the driving styles.

The speed profiles provided data on speeding, and changes in speed over time (i.e., accelera-

tion/deceleration). The distances to the surrounding vehicles were used to identify aggressive

driving behaviors (e.g., tailgating and abrupt lane changes). We then applied the MFPCA

method to extract the driving behaviors.

For the clockwise direction, the top four functional principal components are able to

explain 92.3% of the total variability. The distances to the surrounding vehicles were missing

in many observations. Hence, most of the variability came from the speed profile, and only a
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small amount was from the distance to the vehicles in front. The functional PC 2 is shown in

Fig. 2.4. Additional MFPCA results are presented in Appx. A.1 The corresponding coefficient

of the average speed profile for this functional PC is 32.2. Therefore, a coefficient greater

than 32.2 indicates that the trip has a lower than average speed and faster deceleration

than average trips; otherwise, the trip has the opposite behavior. Similarly, other driving

behaviors can be revealed for the other functional PCs:

1. Functional PC 1: Variability is observed before entering the junction segment. A

coefficient larger than the average speed profile for FPC1 indicates that the driver

tends to have a greater than average speed and faster than average deceleration before

entering the junction.

2. Functional PC 2: Variability is observed at the long open road after the junction. A

coefficient larger than the average speed profile for FPC2 (in this case 32.2) corresponds

to lower than average speed and larger than average distance to the vehicle in front.

3. Functional PC 3: Variability is spotted when entering the freeway. A coefficient larger

than the average speed profile for FPC3 means the driver has a slower than average

speed and prefers larger than average distance to the vehicle in front.

4. Functional PC 4: Variability is observed before entering the junction segment. A

coefficient larger than the average speed profile for FPC4 denotes greater speeding

behavior on the open road before entering the junction segment.

We also applied k-means clustering on the extracted MFPCA scores. The silhouette

analysis showed that three clusters provided the largest average silhouette coefficient (0.56)

among clusters varying from two to six. This is consistent with studies from traffic psy-

chology [8, 116] that show three broad categories of driving styles: aggressive, neutral, and

conservative.
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Note: The solid line denotes the average driving profile of all the trips (coefficient=32.2). A

coefficient greater than 32.2 will move the speed profile closer to the “+” line; otherwise, the

profile is closer to the “-” line. More specifically, the “+” and “-” lines are generated by adding or

subtracting two standard deviation of the functional PC from the average speed profile, respectively.

Figure 2.4: The effect of functional PC 2 on the average speed profile. FPC 2 explains 21.1%

of the variability in the clockwise direction.

We visualized the three resulting clusters using the speed profile in Fig. 2.5 since it encodes

the most variability in the data. The clusters are labeled as aggressive trips, neutral trips,

and conservative trips. The aggressive trips tend to have higher speeds, faster accelerations,

and a small distance to the front vehicles on the open road after and in the junction segments.

The conservative trips demonstrate the opposite behaviors, and the neutral trips lie between

the two extremes.

The same analysis steps were conducted for the counterclockwise direction. The top four

functional PCs explained 86.1% of the total variability. The same issue with missing values
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Figure 2.5: Three clusters for the clockwise direction: each cluster is depicted by its mean

speed and the corresponding 95% confidence interval.

in the distances to the surrounding vehicles was observed. The top four FPCs represented

the following behaviors:

1. Functional PC 1: Variability is observed when leaving the highway. A coefficient

larger than the average speed profile for FPC1 indicates that the driver tends to have

a relatively high speed when leaving the highway.

2. Functional PC 2: Variability is observed before the junction segment. A coefficient

larger than the average speed profile for FPC2 denotes fast speed, rapid deceleration,

and small distance to the vehicle in front.

3. Functional PC 3: Variability is spotted on the long open road after the junction seg-

ment. A coefficient larger than the average speed profile for FPC3 indicates speeding

behavior in the long open road after the junction.
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4. Functional PC 4: Variability is spotted in the open road after the junction. A coefficient

larger than the average speed profile for FPC4 indicates that the driver is braking first

after the junction, but accelerating fast thereafter. Otherwise, the driver accelerates

fast at first, but then slows down.

Fig. 2.6 summarizes the speed profiles of the three clusters identified by the k-means

clustering method for the counterclockwise direction trips. Since the conservative group

contains a small number of trips, its confidence intervals are wider than the other two groups.

Figure 2.6: Three clusters for the counterclockwise direction: each cluster is depicted by its

mean speed and the corresponding 95% confidence interval.

In summary, out of 105 total trips, 27 are classified as aggressive, 56 as neutral, and 22

as conservative. These behaviors, as revealed by the spatial and temporal characteristics

of the driving trips using MFPCA, match the qualitative description of the corresponding

driving styles discussed in Section 2.3.1. Previous studies have also shown that these factors
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significantly impact lane change decision making [7, 77]. Therefore, the results confirm that

our driving style identification method is able to extract representative driver behaviors, and

clustering analysis successfully separates the different driving styles with minimal feature

engineering and prior knowledge about the driving styles.

2.5.2 Customized Vehicle Automation

We customized the automated lane change systems using the IRL method, wherein three

separate systems were trained on the clusters generated by the driving style identification

method. Specifically, three reward functions were learned from the clustered demonstrations

to capture the preferences of the different driving styles. Accordingly, the lane change systems

followed the optimal (stochastic) policies corresponding to the reward functions to adapt or

customize to the different driving styles.

The lane change system is considered one of the most challenging vehicle automation

problems, since it involves both longitudinal and lateral vehicle control, and requires constant

monitoring of the surroundings. For this reason, we selected the same four features for the

IRL method: the speed of the ego vehicle, the distance to the lead vehicle, the average

distance to the right vehicles, and the average distance to the left vehicles.

The IRL algorithm is computationally expensive in recovering reward functions and

stochastic policies. The surrounding vehicle information has a high percentage of miss-

ing values due to noisy and imperfect naturalistic driving data. Therefore, we discretize the

continuous state space into a discrete state space. Each continuous variable is discretized

into four levels based on the first, second, and third quantile values along with an additional

level to encode either missing information or no car in a given direction. The detailed nu-

merical intervals for each level are provided in Tab. A.1 of Appx. A.2. As a result, the state

space contains 500 (4× 5× 5× 5) distinct states and 19 (4+ 5+5+5) feature variables (see

Tab. 2.1). The action space comprises three actions: staying in the current lane, changing

to the right lane, or changing to the left lane.

The transition probability is obtained by taking the maximum likelihood estimate of
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Table 2.1: Discretization of the continuous variables: speed, forward distance, left distance,

and right distance.

Var. Names Speed Forward Dist. Left Dist. Right Dist.

List of Levels

Slow

Medium

Fast

Very Fast

No Car

Very Small

Small

Medium

Large

No Info

Very Small

Small

Medium

Large

No Info

Very Small

Small

Medium

Large

Note: The ’No Info’ level corresponds to a situation with no car or no lane information.

the transition matrix [102]. However, not all states are guaranteed to be observed in the

demonstrated trajectories. To account states with no observations, we adopt the common

ϵ-greedy (ϵ = 0.1) algorithm to get a trade-off between exploration and exploitation. The

experiments are carried out using a Feed-forward Neural Network (FNN) with two hidden

layers of 30 hidden units in each layer. We select the discount factor as 0.9, and the learning

rate as 0.01. The reward values are normalized to a continuous scale between -1 and 1.

The results are presented for the recovered reward functions and stochastic policies. The

optimal policies are recovered using approximate value iteration in each update of the reward

function.

Summary statistics of the reward functions for four representative driving scenarios are

shown in Tab. 2.2. We selected these scenarios to demonstrate the interpretability and

effectiveness of the IRL method. In the first three scenarios, we fix the ego vehicle speed and

the distance to the forward vehicle, and show the summary statistics as a result of varying

the other two variables (average distance to the left vehicles and right vehicles). When the

ego vehicle is slow and there is no lead vehicle, the aggressive drivers have the least number

of non-negative reward values and the conservative drivers have the most number of such
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Table 2.2: Summary statistics of the reward values in four example scenarios.

Scenarios (variable: level) Driving Style Non-negative portion* Min Median Mean Max SD

Speed: Slow

Forward Dist.: No Car

Aggressive 12/25 -0.418 -0.014 0.045 1 0.275

Neutral 15/25 -0.059 0.074 0.048 0.398 0.255

Conservative 21/25 -0.114 0.210 0.285 1 0.318

Speed: Fast

Forward Dist.: Very Small

Aggressive 8/25 -0.101 -0.037 -0.004 0.403 0.111

Neutral 7/25 -0.269 -0.046 -0.048 0.158 0.080

Conservative 5/25 -0.343 -0.174 -0.120 0.293 0.172

Speed: Medium

Forward Dist.: Large

Aggressive 11/25 -0.087 -0.018 0.044 0.520 0.165

Neutral 18/25 -0.279 0.069 0.065 0.357 0.128

Conservative 10/25 -0.489 -0.079 -0.077 0.320 0.203

Left Dist.: Medium

Right Dist: Medium

Aggressive 7/16 -0.137 -0.048 -0.001 0.281 0.114

Neutral 8/16 -0.108 -0.048 0.009 0.326 0.109

Conservative 3/16 -0.324 -0.146 -0.129 0.160 0.118

Note: *Non-negative values indicate that the driver is more likely to stay in the scenario.

Bold represents the largest value for a particular scenario and driving style.

values. The reward values for the neutral drivers lie in between those for the aggressive and

conservative drivers. Moreover, the conservative drivers have the largest minimum, median,

and mean reward values, which means that they are more comfortable staying in this scenario

as compared to the other two driving groups.

On the other hand, the scenario with fast ego vehicle speed and very small forward

distance is preferred by the aggressive driver group. Likewise, the scenario with the medium

ego vehicle speed and large forward distance is preferred by the neutral driver group. We also

fixed the average distance to the right vehicles and left vehicles as medium, and examined

the reward values of the other two variables. In this scenario, the neutral drivers have the

largest minimum, median, mean, and maximum reward values. Thus, we observe that the

optimal policies obtained by the learned reward function facilitate model interpretability.
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The recovered policies are used to validate the proposed IRL method by comparing the

behaviors associated with the different driving styles. Tables 2.3, 2.4, 2.5 present the stochas-

tic policy calculated for aggressive drivers, neutral drivers, and conservative drivers based

on the recovered reward functions, respectively. The results show that the aggressive drivers

prefer to switch lanes in more than half of the scenarios. The optimal actions would still

maximize safety by choosing actions with the highest probabilities. For example, although

the probability of changing to left or right lanes in the small distance scenarios is 0.286 for

aggressive drivers (see Tab. 2.3), the optimal action is to stay in the current lane since it has

the highest probability of 0.429. Alternatively, the conservative drivers are quite comfort-

able traveling at a low speed in the current lane even when there is no lead vehicle. Finally,

the neutral drivers prefer to stay in the current lane for most scenarios, but are willing to

switch to other lanes in a few cases. To better demonstrate the performance of the recovered

optimal policies, additional policy tables are provided for a second scenario of fast driving

speed and a very small distance to the lead vehicle in Appx. A.2.

2.5.3 Performance Evaluation

The performance of the proposed customized automated lane change system is compared to

(1) a non-customized system trained on all the sample trips, (2) customized systems built

on expert-coded reward functions, and (3) customized systems trained using a Generative

Adversarial Imitation Learning (GAIL) algorithm.

The non-customized system is expected to have an average driving style across all the

sample trips. The optimal policy is trained using the same IRL method on all the trips.

Specifically, we design three expert-coded reward functions, one for each driving style group,

using an approach similar to An et al. [11] and Hoel et al. [50]. Their primary approach is

to balance the efficiency and safety of automated lane change systems. To maximize safety,

the reward function is purposely coded to give a large negative reward if the vehicle lands

in a collision or near-collision state. We define the near-collision state as being very close to

the surrounding vehicles and use similar reward values (i.e., -5, -10, and -20 for aggressive,
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Table 2.3: Stochastic policy of the aggressive drivers for slow driving without any lead car.

Probability of Action
Dist. to Left Vehicles Dist. to Right Vehicles

Stay in Current Lane Change to Right Lane Change to Left Lane

No info No info 0.476 0.313 0.211

No info Very small 0.152 0.424 0.424

No info Small 0.323 0.292 0.385

No info Medium 0.26 0.288 0.452

No info Large 0.266 0.718 0.016

Very small No info 0.634 0.221 0.144

Very small Very small 0.429 0.286 0.286

Very small Small 0.296 0.352 0.352

Very small Medium 0.355 0.171 0.474

Very small Large 0.133 0.433 0.433

Small No info 0.273 0.63 0.097

Small Very small 0.499 0 0.501

Small Small 0.47 0.265 0.265

Small Medium 0.346 0.327 0.327

Small Large 0.36 0.269 0.371

Medium No info 0.34 0.268 0.391

Medium Very small 0.364 0.318 0.318

Medium Small 0.843 0.078 0.078

Medium Medium 0.571 0.215 0.215

Medium Large 0.42 0.29 0.29

Large No info 0.522 0.2 0.278

Large Very small 0.285 0.357 0.357

Large Small 0.38 0.42 0.2

Large Medium 0.491 0.255 0.255

Large Large 0.119 0.055 0.826

Note: Blue shade denotes the optimal action

neutral, and conservative drivers, respectively). An additional negative reward is designated

if the system tries to choose an action that results in a near-collision state (i.e., -1.5, -3, and

-6, respectively). In terms of efficiency, a positive reward is given such that it is proportional

to either the driving distance or the average speed between two consecutive actions. Since we

discretize speed into 4 levels and the data is recorded at 10 Hz, we assign the same positive

reward for any particular speed level in each of three driving styles, i.e., 1, 3, 5 and 7 for

slow, medium, fast and very fast speed, respectively.
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Table 2.4: Stochastic policy of the neutral drivers for slow driving without any lead car.

Probability of Action
Dist. to Left Vehicles Dist. to Right Vehicles

Stay in Current Lane Change to Right Lane Change to Left Lane

No info No info 0.546 0.407 0.047

No info Very small 0.406 0.332 0.262

No info Small 0.398 0.172 0.43

No info Medium 0.527 0.267 0.206

No info Large 0.432 0.363 0.206

Very small No info 0.266 0.389 0.345

Very small Very small 0.346 0.252 0.402

Very small Small 0.509 0.436 0.054

Very small Medium 0.147 0.62 0.233

Very small Large 0.322 0.576 0.102

Small No info 0.683 0.154 0.162

Small Very small 0.367 0.42 0.213

Small Small 0.424 0.288 0.288

Small Medium 0.39 0.343 0.267

Small Large 0.378 0.444 0.177

Medium No info 0.57 0.43 0

Medium Very small 0.662 0.168 0.171

Medium Small 0.493 0.253 0.253

Medium Medium 0.696 0.017 0.287

Medium Large 0.718 0.141 0.141

Large No info 0.452 0.407 0.141

Large Very small 0.279 0.23 0.491

Large Small 0.549 0.221 0.23

Large Medium 0.718 0.141 0.141

Large Large 0.783 0.109 0.109

Note: Blue shade denotes the optimal action

Compared to the learned reward function using IRL, the expert-coded reward depends

much less on the state levels. It assigns the same reward value for every near-collision state.

However, the learned reward function distinguishes between the different near-collision states.

For instance, if the distance from the vehicle on the right is very small, but the distance from

the vehicle on the left is large, the reward value is positive, whereas the expert-coded reward

function generates negative values.

Lastly, we implemented a GAIL algorithm to learn the optimal policies from the demon-
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Table 2.5: Stochastic policy of the conservative drivers for slow driving without any lead car.

Probability of Action
Dist. to Left Vehicles Dist. to Right Vehicles

Stay in Current Lane Change to Right Lane Change to Left Lane

No info No info 0.63 0.326 0.044

No info Very small 0.425 0.287 0.287

No info Small 0.359 0.321 0.321

No info Medium 0.521 0.246 0.233

No info Large 0.544 0.228 0.228

Very small No info 0.951 0.025 0.025

Very small Very small 0.691 0.155 0.155

Very small Small 0.506 0.247 0.247

Very small Medium 0.397 0.302 0.302

Very small Large 0.501 0.25 0.25

Small No info 0.973 0.014 0.014

Small Very small 0.592 0.131 0.277

Small Small 0.753 0.124 0.124

Small Medium 0.709 0.146 0.146

Small Large 0.758 0.121 0.121

Medium No info 0.715 0.199 0.086

Medium Very small 0.415 0.2 0.385

Medium Small 0.403 0.299 0.299

Medium Medium 0.452 0.274 0.274

Medium Large 0.695 0.153 0.153

Large No info 0.917 0.042 0.042

Large Very small 0.935 0.032 0.032

Large Small 0.576 0.212 0.212

Large Medium 0.677 0.162 0.162

Large Large 0.888 0.056 0.056

Note: Blue shade denotes the optimal action

strated driving styles. The GAIL algorithm used in this study was adopted by Ho and

Ermon [49], and was shown to be equivalent to the MaxEnt IRL algorithm for a specific

form of the discriminator loss function [38]. However, this GAIL algorithm is a form of

imitation learning that learns the optimal policies directly from the demonstrations without

any specific form of the reward functions.

For brevity, we only present the stochastic policy of the conservative drivers in Tab. 2.6,

where we fix the ego car speed to be slow and do not have any lead vehicle. A significant
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difference is observed between the optimal policies for the expert-coded and IRL methods.

Tab. 2.5 suggests that the optimal policy for the IRL method is to always stay in the

current lane. However, the optimal policy for the expert-coded reward function shows some

unexpected behaviors. For example, it tries to change to the right lane even though there

is already a very small distance to the vehicles on the right. Additionally, there are several

states that have an equal probability of changing to the right and left lanes. It suggests

the agent is not learning useful information from the expert-coded reward function. Lastly,

most probabilities in the table are 0, 0.5, or 1, which means the optimal policy is not able

to capture the stochasticity in the actions.

The policy tables for the aggressive and neutral drivers are provided in Appx. A.2. For

the aggressive policy recovered from the expert-coded reward function, there are more lane

change actions than for the slow speed and no lead vehicle scenario, and most probabilities are

not simply 0, 0.5 and 1 as compared to the policy table for the conservative drivers. However,

a significant proportion of the scenarios (8/18) still assigns equal probabilities for changes

to the right and left lanes. In comparison, the aggressive policy recovered from the learned

reward function has a substantially smaller proportion of scenarios (4/14) that are unable

to distinguish between the changes to the right and left lanes. Overall, the neutral policy

shows comparable behaviors for the expert-coded and learned reward functions. However,

a few problematic actions are observed in the policy of the expert-coded reward function.

For example, in the slow speed and no lead vehicle scenario, if the left distance is large and

right distance is very small, the optimal actions of the expert-coded reward and the learned

reward are to change to the right lane and left lane, respectively. To summarize, our method

maximizes safety and yields more reasonable driving behaviors.

Finally, we test the prediction accuracy of the actions of all the four systems on the

unobserved trips of other highway segments for the same set of drivers identified by our

driving style identification method. We have 368, 398, and 229 shorter trips for aggressive,

neutral, and conservative drivers, respectively. The results are shown in Tab. 2.7. Our pro-

posed method outperforms the other three systems in the three categories of the testing
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Table 2.6: Stochastic policy of the conservative drivers using the expert-coded reward func-

tion for slow driving without any lead car.

Probability of Action
Dist. to Left Vehicles Dist. to Right Vehicles

Stay in Current Lane Change to Right Lane Change to Left Lane

No info No info 0.592 0.408 0

No info Very small 0 0.5 0.5

No info Small 1 0 0

No info Medium 0.05 0.95 0

No info Large 1 0 0

Very small No info 0 0.5 0.5

Very small Very small 0 0.5 0.5

Very small Small 0 0.5 0.5

Very small Medium 0 0.5 0.5

Very small Large 0 0.5 0.5

Small No info 1 0 0

Small Very small 0 1 0

Small Small 1 0 0

Small Medium 1 0 0

Small Large 1 0 0

Medium No info 0.069 0.078 0.853

Medium Very small 0 1 0

Medium Small 1 0 0

Medium Medium 0.624 0.188 0.188

Medium Large 1 0 0

Large No info 1 0 0

Large Very small 0 0.5 0.5

Large Small 0.986 0.007 0.007

Large Medium 0.996 0.002 0.002

Large Large 0.931 0.035 0.035

Note: Blue shade denotes the optimal action

trips. More specifically, our customized automated lane change system with an aggressive

driving style improved the prediction accuracy by 81.6%, 141.9% and 21.5%, respectively.

Additionally, we visualize an example driving trip to highlight the difference in performance

of our proposed method from the expert-coded reward function in Appx. A.2. In sum-

mary, our proposed method is capable of accurately predicting the driver actions for all the

different driving styles, with best predictive power for the conservative drivers and largest



36

Table 2.7: Prediction accuracy for unobserved trips.

Methods
Prediction Accuracy (%)

aggressive neutral conservative

Non-customized 40.64 65.33 60.20

Customized using expert-coded rewards 30.52 61.67 74.4

Customized using GAIL 60.75 68.42 70.07

Customized using IRL (our method) 73.82 70.52 85.40

Note: The customized systems are tested for the corresponding trips with the same driving style.

improvement for the aggressive drivers.

2.6 Discussion

In this Chapter, we propose a two-step method for building customized automated lane

change systems directly from naturalistic driving data. In the first step, our proposed method

applies MFPCA for automated feature extraction and clustering analysis to identify driving

styles. Our approach is able to reveal three distinct styles: aggressive, neutral, and conser-

vative. The aggressive drivers tend to have the highest speed and smallest distance to the

lead vehicles in open roads and the fastest acceleration when leaving the junction segment.

On the other hand, the conservative drivers tend to decelerate very fast when entering the

junction segment and maintain the lowest speed on the whole freeway segment and largest

distance to the lead vehicles. Lastly, the neutral drivers have a smooth transition of speed

when entering and leaving the junction segment. As for the open roads, the neutral drivers

travel at speeds that are not as fast as the aggressive drivers but also not as slow as the

conservative drivers. Our method, therefore, addresses the challenges of identifying driving

styles quantitatively using driving behaviors. It also simplifies the interpretability of the

results from unsupervised learning. In other words, minimal expert knowledge are needed to

interpret the driving styles, which reduce excessive and potentially biased labeling efforts.
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In the second step, we apply the IRL method to build customized lane change systems for

each driving style. From the extracted optimal policies and reward functions, we observe that

aggressive drivers prefer faster speeds, stay closer to the lead vehicles, and change lanes more

frequently when compared to the neutral and conservative drivers. The neutral drivers prefer

moderate speeds and do not stay too close or too far from the surrounding vehicles. They

also adapt their speeds and locations by executing lane changes as required by their current

situations. Lastly, the conservative drivers tend to minimize the number of lane changes by

continuing in their current lanes and staying far away from the surrounding vehicles.

The performance of the customized lane change systems on unobserved trips was exam-

ined and compared to a non-customized system and two other customized systems. The

results show the effectiveness of our proposed method and confirm that the learned reward

function is more useful than its expert-coded counterpart. Our two-step method leveraged

a clustering-based method to capture the behaviors of multiple drivers. Moreover, we im-

proved the performance on real-world unobserved driving trips by using noisy naturalistic

driving data instead of limited samples from a controlled driving environment. The value of

using a two-step method is demonstrated through the computed rewards, which connects the

identified driving styles in step one with the driving behaviors from the optimal stochastic

policies in step two.

There are limitations of the proposed method. First, the naturalistic driving data can ex-

hibit different driving behaviors for certain scenarios that are all within the safety threshold.

For example, if an aggressive driver has to merge into one lane from a four-lane road, they

need to take action regardless of their preferred driving style. This limitation can generate ir-

rational behaviors in the training set, which will affect the reward values and optimal policies.

However, the highest probabilities of the reasonable behavior (stay in the current lane) in the

training set can, however, maximize safety when implementing the policy in future testing of

the proposed systems. Second, the naturalistic driving data is purely observational and lacks

experimental control. For this reason, some state transitions or state-action pairs may not

be observed in the data. This exploration deficiency compromises the model performance.
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Third, the computational cost of the IRL method can be huge for long trajectories.

Future studies can consider more realistic and complex scenarios that better account

for the continuous state and action spaces. A more robust method may also have to be

considered to overcome the irrational behaviors observed in the training set. Nevertheless,

in general, our approach is promising for customizing automated lane change systems to

driving styles. While the data used in this study does not provide examples of all the driving

situations, we can expand on this approach to learn other meaningful driving behaviors.
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Chapter 3

CUSTOMIZED HUMAN TRUST MODELS

Trust is an essential factor that affects the acceptance and reliance on automation. It

has been widely studied in human-automation interaction. In this chapter, we introduced a

customized real-time trust prediction model based on trust dynamics. The customized trust

models provide implications for later human-automation integration design. This work has

been published in Proceedings of 2021 IEEE International Intelligent Transportation Systems

Conference (ITSC) [65].

3.1 Motivation and Objective

Vehicle automation technologies have significant benefits for society, including dramatic de-

creases in car crashes, injuries and deaths, increased mobility, increased road efficiency, and

better utilization of parking and lands [42, 69]. Besides the advantages for society, they

can also improve the driving experience and comfortableness of operations [33, 58]. Even

though research has shown substantial benefits of vehicle automation technologies, their ac-

ceptance does not seem to keep up with the fast-growing market penetration. One of the

most widely adopted methods to solve the acceptance issue is to calibrate trust in these

technologies to the appropriate level since trust calibration is essential to accept and rely

on vehicle automation [87]. Additionally, misuse of the system due to overtrust should be

avoided [27]. Many studies have investigated the possible solutions to calibrate trust. These

include paradigms that anticipate human behaviors—such as trust—and inform humans to

make optimal choices [5,32,72]. However, a primary challenge for such an approach is quan-

titatively predicting human trust in real-time.

Most current studies use questionnaires to measure self-reports of drivers’ trust levels
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before, during, or after the interaction with the automated systems [24,51,96]. However, it is

challenging to obtain self-reports repeatedly without interrupting the task. As an alternative,

recent works have developed dynamic models to capture human trust and estimate it in real-

time [5,18,80,122]. There are two approaches for developing such models: a general model for

the whole population and a personalized model for each individual to account for individual

differences [119]. A general trust model ignores individual differences but can be trained using

limited data. On the other hand, a completely personalized model designed for each person

requires a significant amount of data for each new user. Such a personalized model may be

applicable for some small-scale systems. However, for broad commercial applications, the

amount of training data required is more than that can be collected in a short time period.

Therefore, a tradeoff exists between limiting the amount of data needed for model training

and improvement in model performance by personalization.

The objective of this work is to address this tradeoff by using clustering methods to

separate different trust dynamics across the sample population. We then develop customized

trust models for each cluster of the population that account for broad individual differences

in trust dynamics but allows model development with limited data.

3.2 Related Work

With the fast emerging of vehicle automation technologies, there is skepticism rising in pub-

lic concerns [46]. In a 2013 survey, 66% of U.S. respondents indicated they were “scared”

by the concept of automated driving, and more than half of respondents are skeptical of

the reliability of the technology [104]. The results show significant disagreements, that some

people are more confident about the future of automated systems and others are still skep-

tical, have arisen in the attitudes toward the automated systems. From the human factors

perspective, the vehicle automation needs to identify drivers’ psychological characteristics

and cognitive processes because those factors are reported to influence how drivers use these

technologies [29]. Trust has emerged as a relevant focus in research since it provides a solid

foundation for describing the relationship between humans and automation [46,90].
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3.2.1 Trust understanding and modeling

Trust is shown to play a crucial role in understanding the acceptance of innovative tech-

nology [67]. In fact, [51] reported that trust determines the use or rejection of automation

and willingness to rely on automation in certain situations. Researchers have pointed out

important aspects of trust in human-machine interaction. Muir et al. [80] showed that an

individual’s mental model has a strong relationship with the way he/she trust in the system.

The research also emphasized that trust changes through experiences in association with the

change of his/her mental model of the system.

A well-accepted definition of trust in automation, proposed by Lee and See [61], is “the

attitude that an agent will help achieve an individual’s goals in a situation characterized

by uncertainty and vulnerability”. They propose that the dynamic process rules trust and

introduces context as a significant factor in trust development. Based on the definition of

trust in [61], Hoff and Bashir [51] introduce three layers of trust: dispositional, situational,

and learned trust. The dispositional trust is conceptualized based on early trust-related

experiences that are typically affected by an individual’s demographics. Situational trust

is context-dependent and is affected by situational information. The learned trust evolves

with the experience with the system and differs by individual’s mental model. This work is

widely referenced in the later studies since they consider the trust evolution as a dynamic

process [23, 35,99].

3.2.2 Trust estimation and individual differences

Most studies adopt trust-related questionnaires to obtain users’ trust levels. Lee and Kolodge

[60] applied a topic model-based clustering method to comments about consumer attitudes

towards vehicle automation. However, the questionnaires have a delayed effect and ignore

the trust dynamics. While the factors discovered in the study provide guidance on feature

extraction of trust dynamics, we aim at capturing individual differences in trust dynamics

to achieve real-time prediction of user trust for trust calibration.
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Morra et al. [78] proposed using a combination of questionnaire and galvanic skin response

signal to quantify trust. The experiment was carried out using virtual reality as a human-

machine interface to convey situational information, which is shown to improve trust in

vehicle automation. Akash et al. [3] proposed a customized set of psychophysiological features

for each individual to build a classifier-based trust-sensor model, which has investigated

the trust estimation in real-time. Nevertheless, the psychophysiological measurements are

intrusive and impractical in real-world implementation. Several researchers have developed

a variety of quantitative human trust models. These include regression models [28, 81],

time-series models [52, 61, 76], and Markov models [34, 75]. Recent work has demonstrated

the use of a partially observable Markov decision process (POMDP) to model human trust

dynamics to improve human-robot performance [6]. Researchers have also used a state-

space model to capture human trust dynamics while interacting with a Level 3 driving

automation based on automation performance, drivers’ gaze, and drivers’ non-driving related

task performance [18].

With the advancement of new methodologies, many new approaches have been proposed

in recent years. Although there are studies that consider cultural differences that affect trust

in automated systems [47], previous studies on quantitative trust modeling often disregard

the “dispositional” aspect. In this work, we demonstrate that individual differences in trust

behavior (i.e., dispositional trust) can be captured by clustering the participants based on

their trust dynamics (i.e., how they gain/lose the trust) to improve the performance of

quantitative trust models.

3.3 Online Study Design

To model and cluster the dynamics of human trust, we collected human subject data using

an online study where the participants interact with a Level 2 driving automation. The study

used a simulated autonomous driving recording that was prerecorded using a physical driving

simulator. The study was deployed on Amazon Mechanical Turk [9], and the participants

accessed the study online using their personal computers. During the study, the autonomous
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car drove through a series of ten intersections in an urban environment. The participants

could press the spacebar key on their keyboard to indicate their intent to take over if they

did not feel safe with the driving. Along with their take-over behavior, participants were

also asked to provide self-reports of their trust as well as the reliability of the automation

after each intersection during the study. Additionally, they completed a 12-question 7-point

Likert scale pre-study and post-study trust questionnaire adapted from [56].

Two within-subject factors were varied for the ten intersections: automation reliability

and pedestrian presence. Automation reliability was defined only in terms of car’s stopping

behavior at an intersection for consistency. It had two levels: low reliability, where the car

aggressively decelerates very close to the stopline (deceleration starting at < 25 meters), and

high reliability, where the car smoothly decelerates toward the stopline (deceleration starting

at > 60 meters). Note that the reliability of the driving automation can be varied by other

factors as well. Pedestrian presence also had two levels: either pedestrians are present or

absent at the intersection. The presence of pedestrians can increase the perceived risk by

the drivers. The risk was randomly varied across the ten intersections to avoid any ordering

effects.

Additionally, three factors that can affect human trust dynamics were varied between

participants: scene visibility, overall reliability, and automation transparency. First, weather

condition is shown to impact the trust levels significantly [101]. Scene visibility was varied by

changing the weather of the environment and had two levels: high visibility where the scene

was sunny and low visibility where the scene was foggy with snow. Second, situational char-

acteristics such as automation reliability can also substantially impact trust dynamics [88].

In particular, users gain more trust in systems that are reliable. Overall reliability was de-

signed to be affected by scene visibility such that the reliability of the automation reduces in

low visibility scenes (as expected in real scenarios due to degraded scene perception). Specif-

ically, the overall reliability had three levels: 100% reliable, where none of the intersections

were of low reliability and only occurred during high visibility scenes; 80% reliable, where

two intersections were of low reliability and occurred during both low and high visibility
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Table 3.1: Eight drive types in the online study. Overall reliability is the percentage of high

reliability operations.

Drv. Type Overall Reliability Visibility Transparency

A 100% High High

B 80% High High

C 80% Low High

D 60% Low High

E 100% High Low

F 80% High Low

G 80% Low Low

H 60% Low Low

scenes; and 60% reliable, where four intersections were of low reliability and only occurred

during low visibility scenes. The low reliability intersections were randomly chosen across

the ten intersections. Third, studies have shown automation transparency also has a posi-

tive correlation with trust levels. With a higher level of transparency, the users have more

access to the situational information leading to an increase in their trust [70]. Studies have

shown changing the level of automation transparency can calibrate trust to the appropriate

levels [6, 123]. In our study, during the high automation transparency, augmented reality

(AR) cues are shown to the participant representing the driving automation’s perception of

the scene. The AR cues can provide vehicle speed information, navigation information, and

object detection and prediction that are present in the scene. In low transparency, the object

detection and prediction are not presented. Fig. 3.1 shows an example screenshot of the

actual study scenario. Tab. 3.1 shows the resulting eight drive types and their corresponding

characteristics. Tab. 3.2 shows the randomized distribution of reliability and risk in each

drive type. Refer to the supplementary video for further demonstrations.

Participants: Two hundred thirty nine participants (121 males, 113 females, and 5 un-
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Figure 3.1: An example screenshot of the study scenario of low visibility and high automation

transparency. The bounding boxes highlight the signs, cars and other moving objects in sight.

known) with ages between 19 and 77 years (mean: 39 years) from the United States partic-

ipated in and completed the study online. They were recruited using Amazon Mechanical

Turk, with the criteria that they must live in the US and have completed more than 1000

tasks with at least a 95% approval rate. The compensation was $2.25 for their participation,

and each participant electronically provided their consent. The Institutional Review Board

at Purdue University approved the study. Each participant completed a randomly selected

drive type from Tab. 3.1. Before the participants began the trial, they were given brief

instructions about the study, and they completed a tutorial consisting of four intersections

that helped familiarize them with the study interface. To ensure a uniform notion of trust

across participants, they were explicitly informed about the definition adapted from [61] as

follows:

“Trust is defined as your attitude that the self-driving car will help you achieve your goal of

driving safely in a situation characterized by uncertainty and vulnerability.”

Since the participants were not monitored during the study, we asked the participants
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Table 3.2: Event configuration in each intersection. The crosses denote the low reliability

operation, and the Ps denote the presence of pedestrians in the specific intersection.

Drv. Type 1 2 3 4 5 6 7 8 9 10

A P P P P P

B P P X P P X P

C P X P P P P X

D X X P X P P P X P

E P P P P P

F P P P P P X X

G P X P P P X P

H P P X P X P X X P

to complete the study in fullscreen mode to avoid distractions. To avoid non-complying

participants, we tracked the key-presses on the keyboard during the trial and removed the

participants from the dataset who were suspected of exiting the fullscreen mode during the

study. Furthermore, we removed the participants from the dataset who had missing survey

data. As a result, 40 participants’ data were removed from the dataset.

To summarize the online study design, we collected real-time trust levels of the users

along with their take-over behavior while interacting with a Level 2 driving automation in a

simulated environment. The study design considers three drive-level factors that can signif-

icantly impact the drivers’ trust dynamics. Moreover, two event-level factors are considered

within each drive type. The collected data will be used to identify the key characteristics of

users trust dynamic, which will be the basis of clustering users based on their trust behavior.

3.4 Methods

Using the intersection-by-intersection trust measurements obtained from the participants,

we analyze the trust dynamics of each individual. We observe significant variations across

individual trust behavior. Specifically, some participants start with lower initial trust levels

as they may be skeptical about the automation. As they interact with a consistently high

reliability automation, their trust levels increase gradually. However, if they encounter a low
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reliability operation, their trust levels drop drastically. As an extreme case, some partici-

pants’ trust levels remain low throughout the study and do not increase significantly even

after experiencing high reliability operation. On the contrary, some participants start with

high initial trust levels and maintain stable and high trust levels throughout the study.

3.4.1 Trust Evolution Decomposition

We visualized the collected trust data to gain insights into the trust dynamics. Since there

are drive types that do not have the low reliability operations or the low reliability operations

happen at the end of the drive, we remove the participants from those drives to ensure all

the participants for analysis have encountered the similar events in the study. As a result,

we removed drive type A, E, and F from the samples, which left with 138 participants for

further analysis. Based on the observations from the participants’ data, we noticed the trust

dynamics had three general phases across all the participants. The first phase is the initial

trust-building phase. In this phase, the participants start from their initial trust levels and

gradually gain some trust as they experience high reliability operations. The initial trust

levels depend on the personal characteristics of the participants. For example, people who

have indicated prior good experience with advanced vehicle automation systems in the pre-

study survey (scores are greater than 5 out of 7) are likely to have a higher initial trust

level (average initial trust level is 88.6). The second phase is the error-awareness phase,

which occurs when a participant encounters the low reliability operation of the automation.

After observing that the automation is not perfect, participants typically lose their trust in

automation drastically. Finally, the third phase is the trust-repair phase. This phase follows

the error-awareness phase during the interaction, where the participants regain their trust in

the automation as they experience consistent high reliability operations after low reliability

ones. The trust increase during the trust-repair phase is typically lower than the initial

trust-building phase since the participants realize that the automation may not be perfect

and is prone to errors.

For example, Fig. 3.2 shows the average trust dynamics for drive G. In this drive, there
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are two low reliability operations at intersections 6 and 10. We observe that participants

typically start with a relatively high average initial trust level (∼ 77). This is consistent with

findings that recent widespread use of automation has led to humans trusting a system when

they have no experience with it [71]. During the initial trust-building phase (i.e., during

consistent high reliability operation till intersection 5), the average trust level gradually

increases for most of the participants, as apparent from smaller confidence intervals. At

intersection 5, the trust level has the smallest confidence interval with the highest average

value for this drive. Then in the two error-awareness phases (intersection 6 and 10), we

observe a significant decrease in the trust levels and wider confidence intervals compared to

the previous intersection, respectively. In this phase, participants notice the low reliability

operations, which significantly reduces their trust level. Moreover, the first low reliability

operation results in a much more significant effect in the decrease of trust level. Finally, the

trust-repair phase (intersection 7 to intersection 9) shows the participants gradually regaining

their trust after the low reliability operation if no further low reliability operation occurs.

However, the rate at which the trust increases during the trust-repair phase is not as large as

during the initial trust-building phase. Similar trends are also observed in other drive types.

In summary, we observed three main phases of the trust dynamics during the interaction

with imperfect automation. However, the wide confidence intervals in Fig. 3.2 also suggest a

considerable variation of the participants’ trust levels across the three phases. In particular,

the wide confidence intervals for the initial trust level show the participants have significant

initial differences toward the automation. Although the confidence intervals converge during

the trust-building phase, the confidence intervals are still wide during the error-awareness and

trust-repair phases. These observations suggest that a general model may not be effective

in capturing the individual differences in trust dynamics, and there is a need to develop

customized models of trust.
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Figure 3.2: Average trust dynamics for drive G. Each dashed vertical line denotes an inter-

section in the study. The green lines represent the high reliability operation, and the red

lines represent the low reliability operation in that particular intersection. The black solid

line denotes the average trust levels across all participants for drive G with the blue shaded

area denoting the 95% confidence intervals.

3.4.2 Trust Behavior Clustering

To cluster the participants based on their trust dynamics, we first extract features character-

izing the dynamics and behaviors of participants’ trust throughout each interaction for each

individual. Specifically, we extract the rate of change of trust to capture the trust dynamics

for each of the three trust evolution phases. Furthermore, based on our preliminary anal-

ysis of trust, we observe that trust is strongly correlated to the presence of pedestrians at

the intersection as well as participants’ take-over response. Therefore, for the trust-building

and trust-repair phase, we extract the average trust of participants at intersections where:

1) pedestrians are present, 2) pedestrians are absent, 3) the participants take-over 4) the

participants do not take over. We additionally consider the initial trust level as a feature

as it can capture the individual differences we observed in our analysis. This results in 12



50

Table 3.3: List of 12 extracted trust dynamics features.

Phase Feature

Trust-building

Initial trust level

Rate of change of trust

Average trust with pedestrian present

Average trust with pedestrian absent

Average trust with take-over

Average trust with no take-over

Error-awareness Rate of change of trust

Trust-repair

Rate of change of trust

Average trust with pedestrian present

Average trust with pedestrian absent

Average trust with take-over

Average trust with no take-over

features in total as listed in Tab. 3.3.

Considering the limited sample size of unique participants1, we use simple Euclidean

distance-based clustering method. To minimize the ‘curse of dimensionality’ [17] for the

clustering algorithm, we use principal component analysis (PCA) to reduce the number of

features used for clustering [120]. We apply PCA on the extracted features in Tab. 3.3 to

reduce the dimension of data and provide insights on significant features that contribute

most to the total variation. The explained variance ratios for the first three PCs are 44%,

17%, and 11%, respectively 2. Thus, the first 3 PCs explain about 72% of the total variance

1Although our data is not small to model trust behavior as each participant contribute to multiple trust
samples, the number of unique participants (138) is limited for data-based clustering.

2The variance ratios for the 4th and the subsequent components are 9%, 6%, etc.
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in the extracted features.

Finally, we use the K-means clustering method to find the groups of people with sim-

ilar trust behaviors. We chose the number of clusters as two since the silhouette analysis

shows two clusters have the largest average silhouette coefficient (0.45) among all numbers

of clusters varying from two to six and it ensures the best interpretability with significant

statistical difference in all extracted features. With the identified clusters of participants, we

will train customized models for each cluster to capture the individual differences of trust

dynamics in each group. Furthermore, a close look into the clusters can provide insights into

group-specific similarities.

3.5 Results and Validation

We applied the K-means clustering algorithm on the first three PCs to generate two clusters.

The resulting two clusters have 36 and 102 participants, respectively. Fig. 3.3 shows the

boxplots that demonstrate the variations in four representative features for the identified two

clusters. For the initial trust (Fig. 3.3(a)) and the average trust with pedestrian absence

during trust-building (Fig. 3.3(b)), the two clusters show a statistically significant difference

based on two sample t-test with a significant level of 0.05. Specifically, the cluster shown in

orange has relatively lower initial trust than that shown in blue. Furthermore, the orange

cluster also has a lower average trust with pedestrian absence during trust-building than

the blue cluster. This shows that the participants comprising the orange cluster are more

skeptical than those comprising the blue cluster. They tend to have a low initial trust toward

the automation as well as a low trust level even during a low risk (due to the absence of

pedestrians) and high reliability operations. Therefore, we name the orange cluster as the

“skeptical” group due to their lack of trust. On the contrary, we call the blue cluster the

“confident” group as they show high confidence on the driving automation. In the error-

awareness phase, we observe from Fig. 3.3(c) that the “skeptical” group’s trust levels are

more volatile compared to the “confident” group and thereby drop faster after they encounter

a low reliability operation. Finally, during the trust-repair phase, we consider the average



52

trust level with no take-over (Fig. 3.3(d)). This feature represents the trust level when the

participants are comfortable with the automation system. We observe that the “skeptical”

group has statistically lower trust levels than the “confident” group even when they do not

take over. A two group t-test shows all 12 features are significantly different for the two

clusters.

To better demonstrate the characteristics of the trust dynamics for the two groups, we

compare the evolution of average trust for same drive type G as Fig. 3.2in Fig. 3.4. The data

for this drive type comprise of 22 “confident” group participants and 5 “skeptical” group

participants. We see that the “skeptical” group start with a relatively lower initial trust

and their trust level drops more quickly during a low reliability operation compared to the

“confident” group.

While these clusters were identified using data-driven techniques, it is important to verify

these behaviors with cognitive and behavioral psychology literature. Prior studies of both

interpersonal human trust as well as human trust in automation note the existence of distinct

trust behaviors among humans. Studies using the Rotter Interpersonal Trust Scale [93] have

found two groups of trust behaviors, namely, “high trusters” and “low trusters”. Further-

more, it was noted that characteristics of each individual varied in terms of willingness to

trust a novel situation. Though the differences between humans’ trust in automation was not

explicitly analyzed, the other metrics established the two groups, such as high trusters being

more willing to trust experimenters [94,95]. It is likely that the “confident” and “skeptical”

partially represent the high and low trusters, respectively.

3.5.1 Customized Real-time Trust Prediction

We show the improvement in trust prediction performance using customized models as com-

pared to general model. The general model is trained using data for all participants and

therefore, ignores the individual trust variations in trust dynamics. The customized models

are separately trained using data from each group of participants identified by clustering,

respectively. The resulting customized models leverage the distinct trust behaviors of each
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Figure 3.3: Boxplots of four representative features of trust dynamics. The two clusters show

significantly difference from each other in all four features.
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Figure 3.4: Average trust level of the “skeptical” and the “confident” group participants at

each intersection for drive G. The shaded area denotes the 95% confidence intervals of the

trust level.

group that significantly improve the models performance. We consider two structures of

trust prediction models for this comparison.

Linear Regression (LR) Model:

We first consider a simple linear regression model for predicting users’ trust. We use the

observations from the previous two intersections to predict the trust level at the current

intersection. Specifically, we consider scene visibility, automation transparency, presence

of pedestrians, automation reliability, participants trust level, and participants take-over

behavior in the previous two intersections as an input to the model to predict the current

trust level. Although this model may not be practical if self-reports of trust are unavailable,

the models provides a simple baseline to validate the clustering performance.
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State Space (SS) Model with Kalman Filter:

A classical approach to model a dynamical system is by using a linear time-invariant state-

space (SS) model. Linear SS model has been used to capture human trust dynamics while

interacting with a Level 3 driving automation based on automation performance, drivers’

gaze, and drivers’ non-driving related task performance [18]. Considering trust as a contin-

uous state of the system, they use Kalman filter to estimate trust during the interaction.

Since our output of take-over intent is a binary variable, we adapt the linear state space

model in [18] with a sigmoid output function that maps the state of trust to the output of

take-over. Thereby, we consider scene visibility, automation transparency, pedestrian pres-

ence, and automation reliability as inputs of the SS model; the state is a continuous variable

of trust; and the output is the take-over intent. The model parameters are estimated using

linear mixed-effect model with participants as a random effect as described in [18]. Note

that the self-reported trust is used as the measurement for the continuous trust state and is

only used for model training. To evaluate the prediction performance of trust and take-over

intent, we use an extended Kalman filter (EKF) that accommodates the nonlinear sigmoid

output function to update the state estimate of trust after each output is observed, which is

then used to predict the next take-over intent based on current inputs. Therefore, the EKF

provides a real-time estimate of trust and take-over without the need for self-reports of trust

during real-time prediction. The model is characterized by (3.1).

Tk+1 = ATk +B
[
vk tk pk fk

]T
bk = Sig(CTk +Cb)

(3.1)

Here Sig(x) = (1 + e−x)−1, Tk is the trust level at the kth event, v is the scene visibility, t is

the automation transparency, p is the presence of pedestrians, f is the automation reliability,

b is the take-over behavior of the participant, and A,B,C, and,Cb are linear parameters.

Additionally, we compare the performance of our proposed trust dynamics-based cluster-

ing with demographic information based clustering. Specifically, we consider three baselines:

1) age with threshold as the mean age (40 years) of the participants sample; 2) gender (male
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Table 3.4: MSE and F1 scores for general model and customized models using different

clustering criteria. Lower MSE and higher F1 score indicates better model performance.

Clustering Criteria Cluster Number of participants
MSE for trust F1 scores for take-over

LR model SS model SS model

- General model 138 0.602 0.518 0.423

Trust dynamics

(our method)

“Confident” 102 0.442 0.381 0.468

“Skeptical” 36 0.384 0.289 0.650

Age
“At least 40” 53 0.587 0.586 0.520

“Less than 40” 85 0.592 0.431 0.327

Gender
“Male” 65 0.594 0.488 0.456

“Female” 71 0.526 0.549 0.396

Driving Style
“Aggressive” 61 0.543 0.571 0.347

“Conservative” 77 0.526 0.493 0.460

or female); and 3) self-reported driving style (aggressive or conservative). We perform a

5-fold cross validation (CV) with uniform distribution of each drive type in the training and

validation sets for both the model structures to obtain the validation performances. We

calculate the validation mean squared errors (MSE) for trust prediction using both models

and the F1 scores for take-over intent prediction using the SS model for the general model

as well as for the clusters using each of the clustering criteria. The result is shown in Tab.

3.4.

We see that for both the LR and SS models, the customized models based on the trust

dynamics-based clustering performs better than the general model. That is, the trust

dynamics-based customized models have lower MSE for trust as well as higher F1 score

for take-over intent prediction. Therefore, the customized models successfully improves the

trust prediction by considering the individual differences across the population. However, we

do not see such significant improvement for age-based, gender-based, or driving style-based

customized models. To further quantify the improvement in the prediction performance us-
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Table 3.5: Percentage increase in the prediction performance using the customized model as

compared to the general model

Clustering Criteria
MSE for trust F1 score for take-over

LR model SS model SS model

Trust dynamics 29.1% 31.1% 21.7%

Age 2.0% 5.2% -5.2%

Gender 7.1% -0.3% 0.5%

Driving style 11.3% -1.7% -3.1%

ing the customized model, we calculate the percentage increase in the average metrics (MSE

and F1 score) for each clustering criteria as compared to the general model. The average

metrics for each clustering criteria is calculated as the mean of the metrics across the clus-

ters weighted by the number of participants in each cluster. The resulting improvements

in the prediction performance is shown in Tab. 3.5. We observe that the trust-dynamics

based customized models not only improves the prediction performance, it significantly out-

performs simple demographic factor based clustering. This shows that these demographic

factors alone may not be strong contributors to the variations in human trust behavior.

In summary, we demonstrate that trust dynamics-based clustering can allow to develop

improved trust model needed for trust calibration paradigms. In practice, a small interaction

data from a user can be used to determine the cluster to which the user belongs to and

accordingly utilize the pre-trained customized models and policies for the given cluster. This

allows ease of deployment in commercial settings without the need to retrain the models for

personalization.
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3.6 Discussion

We presented a trust dynamics-based clustering framework to identify and develop cus-

tomized trust models based on dominant human trust behavior among a large population.

We showed that such a framework can balance the tradeoff between a single general, or several

personalized, models of human trust. We identified participants in the two clusters, namely

“skeptical” and “confident” based on their trust behavior. We showed that customized mod-

els developed based on these clusters significantly outperforms a general one-fit-all model in

predicting human trust and take-over behavior during interaction with a driving automation.

Furthermore, trust dynamics-based clustering approach is better than age-, gender-, or driv-

ing style-based approach in developing such customized model. Finally, we showed that the

clustered participants’ behaviors could be explained reasonably and may be coincident with

established psychology of human trust. Future work could involve using these customized

models for real-time trust calibration paradigms to improve human-automation interactions.
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Chapter 4

TRUST-CALIBRATED CUSTOMIZED VEHICLE
AUTOMATION

In this chapter, we integrate the real-time trust prediction model and the customized

vehicle automation using the human-in-the-loop method to achieve trust calibration. Our

proposed IRL-SS algorithm provides an algorithm to incorporate human cognitive feedback

into the training process of the automated agent.

4.1 Motivation and Objectives

Prospective vehicle automation is expected to provide customization and dynamic response

to changes in drivers’ cognitive states for better acceptance and reliance. The human-in-the-

loop system design method is essential for building such systems. In the previous chapters,

we introduced customization in vehicle automation and customized real-time trust prediction

model. We are one step away from our general research goal of this dissertation: to effectively

integrate the trust models into the customized vehicle automation to achieve trust-calibrated

customized automated systems.

Trust as a significant factor that affects the reliance on vehicle automation has been widely

studied in previous studies. In recent years, due to the agile advancement of automated

systems, trust calibration has drawn a lot of attention [109, 126]. However, most studies

calibrate trust by adjusting the level of transparency using POMDP [5, 6]. This limits

the design paradigm to only changing the interface of the automated systems. Another

gap in current literature is that researchers rely on psychophysiological measurements for

real-time trust sensing and estimation [3]. These methods can interrupt the continuity of

interaction between humans and automation, and the intruding nature of psychophysiological



60

measurements is impractical in real-world testing and implementation.

The objective of this work is to integrate the human trust models and customized auto-

mated systems to achieve non-interrupting and non-intruding real-time trust prediction for

human-aware system design.

4.2 Related Work

Human-system integration is broadly related to incorporating human feedback into the train-

ing process of automated agents using the human-in-the-loop method. Interactive Learning

methods are widely studied in Human-computer Interaction (HCI) and Human-robot Inter-

action (HRI) communities. Specifically, if the automated agents have the decision-making

capability, Interactive RL is often adopted.

In Interactive RL, the agent learns from human evaluative feedback, such as evaluations of

the quality of the behavior, advice, or instruction [64]. The Interactive RL can be categorized

into different types based on design dimensions and type of feedback from human users [16].

Reward shaping is the most popular design dimension that guides agent training by adding

additional rewards from human feedback directly to the original RL reward functions [14,85].

Some applications also use human feedback as the only reward function in the training

process [15, 57]. Although the reward shaping method is straightforward in agent training,

it heavily depends on a sophisticated reward design. In many real-world applications, the

complexity of the decision process makes the reward design very difficult.

Another design dimension is the policy shaping method [41]. The policy shaping method

consists of formulating human feedback as action advice that directly update the agent’s

behavior [16]. Compared to reward shaping, policy shaping does not rely on the design of

the reward function. Therefore, the agent can directly extract the (near-)optimal action

rather than inferring it using the underlying reward function. However, the policy shaping

methods require a substantial amount of human feedback to generate decent policies.

The next design dimension is the guided exploration process which can mitigate the

sample-inefficient issue of the basic RL algorithms. It aims to minimize the learning proce-
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dure by injecting human knowledge that guides the agent’s exploration process [125]. The

guided exploration process biases for actions that have a high probability of being near-

optimal but avoids exploring the actions that potentially lead to non-optimal policies. One

popular approach to guiding the exploration process consists of creating myopic agents [36].

This kind of shortsighted agent constructs its policy by choosing at every time step to per-

form the action that maximizes the immediate reward, according to the action suggested by

the user; the action’s long-term effects are not considered. However, this approach trains

agent that tends to overfit [16].

The last design dimension is to augment the value function. It is similar to reward shaping

but combines the value functions instead of reward functions from humans and agents. This

approach was shown to accelerate the learning rate [21]. Nonetheless, the reuse of value

functions might be a good way to minimize the human feedback required.

The above design dimensions provide a general approach to integrating human feedback

into the RL framework. Another research direction that differs from the design dimensions

is studying how to deal with different types of feedback. The users can provide binary

critique [54], scalar-valued critique [62], action advice [10], etc. However, these frameworks

require a considerable amount of active interactions initiated by humans. Since trust is a

hidden cognitive state, it is challenging to inquire and sense. Moreover, actively inquiring

about human trust can result in fatigue and biased response. Therefore, passively estimating

and predicting trust is ideal for human-aware automation. In summary, the goal is to find a

sample efficient integration method to connect the trust models with the RL framework.

4.3 Online Study Design

To collect trust dynamics while interacting with our customized vehicle automation, we

designed an online driving simulator study using Carla Simulator [31]. The driving envi-

ronment is a four-lane highway driving scenario with a 60 mph speed limit. The weather

and time are clear noon. The study was also deployed on Amazon Mechanical Turk [9],

and the participants accessed the study online using their personal computers. During the
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Figure 4.1: An example screenshot of the study scenario in Carla Simulator.

study, the autonomous cars sample 15 control actions from the three policy tables of dif-

ferent driving styles generated in customized vehicle automation step. The participants

could press the arrow keys to indicate their intent to take over if they did not feel safe

with the lane change behaviors. Along with their take-over behavior, participants were also

asked to provide self-reported trust levels after each lane change action. Additionally, they

completed a 12-question 7-point Likert scale pre-study and post-study trust questionnaire

adapted from [56].

The 15 lane change behaviors consists of five aggressive lane changes, five neutral lane

changes and five conservative lane changes sampled from the learned policy tables using

MaxEnt IRL, respectively. Additionally, we also collect basic demographic information in-

cluding driving styles (very aggressive, aggressive, neutral, conservative, very conservative)

for further analysis of the customized systems. Fig. 4.1 shows an example screenshot of the

actual study scenario.

Participants: Since the participants were not monitored during the study, we asked the

participants to complete the study in fullscreen mode to avoid distractions. To avoid non-
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complying participants, we tracked the key-presses on the keyboard during the trial and

removed the participants from the dataset who were suspected of exiting the fullscreen mode

during the study. After data cleaning to exclude the participants who did not follow the

study protocol, 99 participants (63 males, 36 females) with ages between 25 and 60 years

(mean: 39 years) from the United States participated in and completed the study online.

They were recruited using Amazon Mechanical Turk, with the criteria that they must live

in the US and have completed more than 1000 tasks with at least a 95% approval rate. The

compensation was $3 for their participation, and each participant electronically provided

their consent. The Institutional Review Board at the University of Washington approved

the study. Each participant completed the study with 15 lane change actions. Before the

participants began the trial, they were given brief instructions about the study, and they

completed a tutorial consisting of four lane change behaviors that helped familiarize them

with the study interface. To ensure a uniform notion of trust across participants, they were

explicitly informed about the definition adapted from [61] the same as the previous online

study. The trust dynamics of an example participants is show in Fig. 4.2.

To summarize the online study design, we collected real-time trust levels of the users

along with their take-over behavior while interacting with our previously designed customized

automated lane change systems in a simulated environment. The study design considers three

driving styles that behave differently in the same environment settings.

4.4 Methods

Study has shown self-reported driving styles have modest but significant correlations to the

actual driving styles [30]. Therefore, to match the drivers with appropriate customized

vehicle automation using the self-reported driving styles can ensure that they are riding in

an automated systems that behave exactly like them. However, the imitation of the behavior

is not perfect. Specifically, the prediction accuracy of the actions is under 75% for aggressive

and neutral drivers. Moreover, they are blind to human trust changes and maintain their

constant behaviors all the time. Therefore, we proposed an IRL-SS algorithm to integrate our
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Figure 4.2: Trust dynamics of an example participant. The trust values of the pre-study and

post-study survey are 4.6 and 5.8, respectively. The self-reported driving style is neutral.

The dashed lines indicate the 15 lane change actions in the time horizon (x axis). The blue

piecewise linear line denotes the trust scores (y axis). The red, green and blue colors denote

the aggressive, conservative and neutral lane change actions, respectively.

customized real-time trust models into the IRL framework to achieve better performance.

The overall framework is shown in Fig. 4.3. Here, trust feedback is estimated by trust

prediction models passively, and serves as additional reward in the training process of the

agent.

4.4.1 Customized Trust Models

Our online study shows that trust dynamics is a significant factor that affect the model

performance. Therefore, before building the trust models, we first cluster the participants

to three “driving-trust” styles based on their trust dynamics. In the previous chapter, we

developed a linear SS model to predict real-time trust and take over intent. The general

form of the trust model can be characterized as follows:
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Figure 4.3: Interactive RL framework. Human is the new entity in the original RL framework.

Human sense environment states, receive actions generated from agent, and provide their

trust as additional feedback to train the agent.

Tt = h(Tt−1) + g(ut−1) + ϵt−1 (4.1)

yt−1 = f(Tt−1) + νt−1 (4.2)

where Tt is the trust levels at time t, at−1 is the input at previous time step, yt is the

output, h(·), g(·), f(·) are fitted functions, and ϵ, ν are random noises.

We still model our output of take-over intent as a binary variable, we adapt the linear

state space model in [18] with a sigmoid output function that maps the state of trust to the

output of take-over. Thereby, we consider environment state, lane change actions as inputs

of the SS model; the state is a continuous variable of trust; and the output is the take-over

intent. The model training and evaluation is the same as previous chapter. The model is

characterized by Eq. (4.3).
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Tt+1 = ATt +B
[
st at

]T
bt = Sig(CTt +Cb)

(4.3)

Here Sig(x) = (1 + e−x)−1, Tt is the trust level at time-step t, ∼t is the environment state

from the MDP, at is the optimal action, b is the take-over behavior of the participant, and

A,B,C, and,Cb are linear parameters.

4.4.2 Proposed IRL-SS for Reward Shaping

We propose a new reward shaping method by integrating real-time trust prediction model

with the IRL algorithm. Our method differs from the previous methods in term of the

types of feedback that we obtained from humans. Previous studies mainly consider active

feedback such as guidance, action advice, binary critiques, etc. which require the users to

actively provide their response during the interaction. These types of feedback can cause

serious fatigue or unwillingness of sharing due to the long course of interaction such as driving

tasks. Moreover, self-reported trust can be biased if the users are asked about the same trust

questions constantly. To mitigate the above issues, we proposed to adapt reward shaping

in our customized systems to build a trust-calibrated system which can better capture their

driving behavior and promote trust. The reward shaping is given as follows:

Rt = w1r
′(Tt) + w2rt(st, at) (4.4)

where w1 + w2 = 1. Here, Rt is the total reward in time-step t, w1 and w2 are the weights,

r′(Tt) is the reward mapping from trust level Tt to a scalar reward value, and rt(st, at) is the

learn reward from IRL algorithm.

With Eq. 4.4, we can derive the proposed IRL-SS algorithm using the new combined

reward. Now the reward of a trajectory becomes:

R′(ζ) = w1

∑
ζ

r′(Tt) + w2

∑
s∈ζ

θTfs (4.5)
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And based on the principle of maximum entropy, the probability of a trajectory is still

proportional to the exponential of the reward of the trajectory given in Eq.2.10.

Therefore, the gradient of the likelihood function is,

∇θL(θ) =
w2

M

∑
ζD

fζD − 1∑
ζ e

R′(ζ)

∑
ζ

(eR
′(ζ)dR

′(ζ)

dθ
)

=
w2

M

∑
ζD

fζD − w2

∑
ζ

eR
′(ζ)∑

ζ e
R′(ζ)

fζ

=
w2

M

∑
ζD

fζD − w2

∑
ζ

P (ζ|θ)fζ

=
w2

M

∑
ζD

fζD − w2

∑
s

P (s|θ)fs

(4.6)

where P (s|θ) is the state visitation frequency given the reward parameter θ. Finally, Alg.

3 Alg. 2 Alg. 4 can be revised corresponding to the above gradient.

Algorithm 5: Revised Value Iteration

for k = 1, 2, . . . ,∞ do

for each state s do

Vk(s) = maxa
∑

s′ Pa(s, s
′)(R′(s) + γVk−1(s

′))

if ∀s, |Vk(s)− Vk−1(s)| < threshold then

for each state s do

π(s) = argmaxa
∑

s′ Pa(s, s
′)(R′(s) + γVk−1(s

′)) return π, Vk

else
continue

Algorithm 6: State Visitation Frequency Calculation

Solve the MDP using Alg. 5 for optimal policy π;

Computer µ1(s) using sampled trajectories;

for t = 1, 2, . . . , T do

µt+1(s|θ) =
∑

a

∑
s′ µt(s

′)π(a|s′)Pa(s, s
′)

return P (s|θ) =
∑

t µt(s|θ)
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Algorithm 7: Revised IRL algorithm

0. Initialize θ randomly;

1. Solve for optimal policy π w.r.t θ with Alg. 5;

2. Solve for state visitation frequency P (s|θ) using Algorithm 6;

3. Compute gradient ∇θL(θ) =
w2

M

∑
ζD

fζD − w2

∑
s P (s|θ)fs;

4. Update θ with one gradient step using ∇θL(θ)

Since the linear SS model for real-time trust prediction does not have the feedback loop to

depend on the IRL algorithm, it does not have to change and can be trained independently.

This is based on the assumption that the trust model is not a moving target, so we can model

and predict real-time trust using environmental factors and human observable behaviors.

4.5 Results

4.5.1 Clustering and Trust Modeling

We cluster the participants based on their trust dynamics and self-reported driving styles.

Nine features are used in the clustering step including:

1. average trust levels for aggressive, neutral, and conservative lane change style,

2. rate of change of trust for aggressive, neutral, and conservative lane change style,

3. trust scores of pre-study surveys,

4. trust scores of post-study surveys, and

5. self-reported driving styles (1=very conservative to 5=very aggressive).

Three clusters were selected and compared to the three customized trust models with the

IRL algorithm. Our goal was to match the trust dynamics over time with driving style. As

a result, 42 participants were identified as “aggressive” group with an average driving style

score of 2.88 (90% CI:[2.70, 3.07]), 42 participants were identified as “neutral” group with an
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average driving style score of 2.24 (90% CI:[2.08, 2.40]), and 15 participants were identified

as “conservative” group with an average driving style score of 2.88 (90% CI:[1.65, 2.21]).

We also observe that the “conservative” drivers are more skeptical toward the automated

lane change systems. Although the initial trust levels are comparable to the other groups,

the average trust trend is below the other two groups and has a wide CI. Especially, during

the first five aggressive lane changes, the “conservative” drivers tend to loos trust very fast

and maintain a relatively low trust levels for the entire study. On the contrary, the “neutral”

drivers are very confident about the automated systems since they have a very stable and

high trust levels in the entire study, and the CI is very narrow. Although they also have a

small drop in trust levels in the first three lane changes, they recovered to a even higher trust

level in the rest of the study. Finally, the “aggressive” drivers maintains a relative stable

and high trust levels across the whole study. They have slightly lower trust levels than

the “neutral” drivers, but the trend is increasing steadily at around 80 trust levels. These

observations show that the “aggressive” drivers are neither overtrust nor undertrust toward

the automated lane change systems but maintain a vigilant attitude toward the automated

systems.

Henceforth, based on the trust dynamics of each cluster, we further classify each group

as “Aggressive-Vigilant”, “Neutral-Confident”, and “Conservative-Skeptical”, respectively.

The final names and clusters are visualized in Fig. 4.4.

After we successfully cluster the participants into different groups, we can build the

corresponding customized trust models. We build three SS models for each cluster of par-

ticipants. Similarly to the previous analysis step, we compare the customized models with

general model and customized based on self-reported driving style models. The result in

Tab.4.1 demonstrates the improved performance of our proposed customized models which

shows the effectiveness of clustering participants based on trust-dynamics and self-reported

driving styles.
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Figure 4.4: Timeline of lane change behavior (mean and 90% CI) given trust levels for three

cluster groups: agressive, conservative, and neutral

4.5.2 Trust-calibrated Customized Systems

In the previous section, we build customized trust prediction models based on trust-dynamics

and self-reported driving styles. Before we can integrate the trust models into the IRL

framework, there are three important parameters and function (w1, w2, and r′(·)) to be

identified first. Considering the limited number of interactions we collected and the off-line

nature of the framework, we only assign a small value of w1 to incorporate the trust levels

as additional reward. Otherwise, the optimal policies will mainly depend on the trust scores

and potentially largely deviate from the base policy that we plan to fine tweak. Therefore,

we assign w1 = 0.05 and w2 = 0.95. Additionally, r′()̇ is more difficult to identify.

Before we dive into the specific form of r′(·) function, we can take a look at each clus-

ter of drivers’ trust distribution across different driving style systems. Fig. 4.5 show the

trust distributions of three customized lane change systems of the three cluster of drivers.

Additionally, we run Analysis of Variance (ANOVA) to test if the drivers have specific pref-

erence of a certain type of customized systems. Moreover, additional Linear Models (LMs)

are used to identify the most preferred customized system if the ANOVA result rejects



71

Table 4.1: MSE and F1 scores for general trust model and customized trust models using

different clustering criteria.

Clustering Criteria Cluster Number of participants MSE for Trust F1 score for Take-over

- General model 99 0.832 0.326

Self-reported

Driving Style

+Trust Dynamics

“Aggressive-Vigilant” 42 0.310 0.698

“Neutral-Confident” 42 0.244 0.715

“Conservative-Skeptical” 15 0.672 0.430

Driving Style

“(Very) Aggressive” 16 0.647 0.559

“Neutral” 24 0.513 0.493

“(Very) Conservative” 59 0.488 0.490

the null hypothesis. From the ANOVA and LM results, the “Aggressive-Vigilant” drivers

shows no significant difference in trust distributions between the three customized systems

(F(2,627)=2.78, p=0.06). Similarly, the “Conservative-Skeptical” drivers also show no signif-

icant difference between the three customized systems (F(2,222)=0.439, p=0.646). However,

the conservative system has the most centered density plot which has shorter tails. Lastly,

the “Neutral-Confident” drivers show significant difference between the three customized

systems (F(2,627)=16.92, p¡0.001). They prefer the neutral lane change systems the most.

We also plot the density plot for all participants in Fig. 4.6. It shows almost identical

trend compared to the “Aggressive-Vigilant” cluster plot in Fig. 4.5(a). Therefore, our

sample participants demonstrates a more vigilant style regarding the customized systems.

This finding matches a lot of studies in trust studies [27,61,87] that the drivers should stay

vigilant to be ready to take-over control when there is an automation failure. Overtrusting is

the major reason for overreliance which an operator’s trust in automation exceeds it’s actual

capabilities [61]. On the contrary, undertrusting may result in the automation being ignored

and negating associated benifits with its use [89]. Therefore, trust should be calibrated to an

appropriate level to ensure the users trust the system but stay vigilant during interaction.

With this design idea, we have the perfect data-driven trust reward function r′(·) that can
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(a) Trust levels of “Aggressive-Vigilant” drivers.

(b) Trust levels of “Neutral-Confident” drivers.

(c) Trust levels of “Conservative-Skeptical” drivers.

Figure 4.5: Density plots for trust levels of different cluster of participants
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Figure 4.6: Density plot of trust levels of all participants.

be fitted from the sample distribution. Finally, since the trust distributions of the three

customized systems show no significant difference between each other, we combine all data

into one single distribution and fits for the trust reward function r′(·).

We applied Kernel Density Estimation (KDE) [108] method to estimate the probability

distribution of trust levels. The non-parametric method allows relatively easy implemen-

tation and avoid the prior knowledge of generating distribution of the sample data. With

KDE, we can also evaluate the probability in each data point. We selected the Gaussian

kernel function and a smoothing factor of 1.5. The result is shown in Fig. 4.7. The KDE

distribution has a mean of 78.82 which indicates that we will assign a larger reward value

to actions that induce a trust level around 80. For trust levels that are far away from 80

in either side, the reward function will penalize the probabilities of the actions to mitigate

overtrusting and undertrusting issues.

Finally, with all pieces available, we can train the IRL-SS algorithm to build trust-

calibrated customized vehicle automation. To summarize all parameters used in the training

step, the transition probability is obtained by taking the maximum likelihood estimate of

the transition matrix [102]. However, not all states are guaranteed to be observed in the

demonstrated trajectories. To account states with no observations, we adopt the common
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Figure 4.7: Density plot of the KDE method and histogram of the collected trust levels.

ϵ-greedy (ϵ = 0.1) algorithm to get a trade-off between exploration and exploitation. The

experiments are carried out using a Feed-forward Neural Network (FNN) with two hidden

layers of 30 hidden units in each layer. We select the discount factor as 0.9, and the learning

rate as 0.01. The reward values are normalized to a continuous scale between -1 and 1. We

assign w1 = 0.05 and w2 = 0.95, and the trust reward function is obtained using KDE. The

optimal policies are recovered using approximate value iteration in each update of the reward

function.

We demonstrate the trust-calibrated stochastic policies of aggressive drivers in Tab. 4.2.

When we compare Tab. 4.2 with Tab. 2.3, we notice that the optimal action in each scenario

stays basically the same. Only they are reinforced to slightly higher probabilities in the

stochastic policy table. This matches the observation that the current trust dynamics of the

aggressive drivers are very close to the distributions of the ideal trust distribution. Therefore,

the optimal actions are reinforced. Additionally, the neutral style customized systems have

the highest self-reported trust levels compare to others, so Tab. 4.2 is calibrated slightly

toward the neutral policy with more stay in the current lane actions and less aggressive

actions. As for trust-calibrated neutral policy shown in Tab. 4.3, the policies tend to be

more aggressive and take more lane change actions compare to the original neutral policy
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Table 4.2: Trust-calibrated stochastic policy of the aggressive drivers for slow driving without

any lead car.

Probability of Action
Dist. to Left Vehicles Dist. to Right Vehicles

Stay in Current Lane Change to Right Lane Change to Left Lane

No info No info 0.395 0.206 0.399

No info Very small 0.068 0.466 0.466

No info Small 0.324 0.233 0.433

No info Medium 0.172 0.195 0.633

No info Large 0.28 0.715 0.005

Very small No info 0.729 0.147 0.124

Very small Very small 0.655 0.173 0.173

Very small Small 0.418 0.291 0.291

Very small Medium 0.384 0.105 0.511

Very small Large 0.075 0.462 0.462

Small No info 0.197 0.801 0.002

Small Very small 0.782 0 0.218

Small Small 0.765 0.118 0.118

Small Medium 0.598 0.201 0.201

Small Large 0.394 0.143 0.463

Medium No info 0.361 0.198 0.441

Medium Very small 0.718 0.141 0.141

Medium Small 0.987 0.007 0.007

Medium Medium 0.847 0.076 0.076

Medium Large 0.559 0.221 0.221

Large No info 0.609 0.176 0.216

Large Very small 0.443 0.278 0.278

Large Small 0.37 0.521 0.118

Large Medium 0.63 0.185 0.185

Large Large 0.13 0.026 0.844

Note: Blue shade denotes the optimal action

shown in Tab. 2.4. This is partially due to the neutral drivers tend to overtrust the neutral

system. Hence, more aggressive behaviors will alert the drivers to stay vigilant to avoid

overreliance. Finally, the conservative policy has a few new actions of lane changes instead

of staying in the current lane all the time in Tab. 4.4. The overall policy is still more

conservative toward staying in the current lane comparing to other two policy tables.

Once successfully obtain the trust-calibrated policy tables, we test these policies on the
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Table 4.3: Trust-calibrated stochastic policy of the neutral drivers for slow driving without

any lead car.

Probability of Action
Dist. to Left Vehicles Dist. to Right Vehicles

Stay in Current Lane Change to Right Lane Change to Left Lane

No info No info 0.534 0.4 0.006

No info Very small 0.407 0.275 0.318

No info Small 0.315 0.315 0.37

No info Medium 0.362 0.331 0.308

No info Large 0.45 0.174 0.376

Very small No info 0.25 0.403 0.348

Very small Very small 0.348 0.256 0.396

Very small Small 0.461 0.455 0.084

Very small Medium 0.256 0.457 0.287

Very small Large 0.274 0.579 0.147

Small No info 0.541 0.234 0.225

Small Very small 0.345 0.369 0.285

Small Small 0.311 0.345 0.345

Small Medium 0.297 0.302 0.401

Small Large 0.31 0.298 0.393

Medium No info 0.567 0.34 0.093

Medium Very small 0.31 0.178 0.512

Medium Small 0.273 0.363 0.363

Medium Medium 0.278 0.415 0.306

Medium Large 0.418 0.291 0.291

Large No info 0.336 0.315 0.349

Large Very small 0.248 0.453 0.299

Large Small 0.205 0.185 0.61

Large Medium 0.447 0.277 0.277

Large Large 0.498 0.251 0.251

Note: Blue shade denotes the optimal action

same unobserved trips and compared with previously trained customized and non-customized

systems. The action prediction accuracy is reported in Tab. 4.5. Our trust-calibrated

customized systems outperforms all other systems including our previously designed IRL

based customized systems for aggressive and neutral trips. However, there is also slightly

decrease in the action prediction accuracy for unobserved conservative trips. This might

relate to the already high prediction accuracy for conservative trips and the trust distribution
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Table 4.4: Trust-calibrated stochastic policy of the conservative drivers for slow driving

without any lead car.

Probability of Action
Dist. to Left Vehicles Dist. to Right Vehicles

Stay in Current Lane Change to Right Lane Change to Left Lane

No info No info 0.652 0.333 0.015

No info Very small 0.322 0.118 0.56

No info Small 0.15 0.325 0.525

No info Medium 0.346 0.08 0.574

No info Large 0.389 0.306 0.306

Very small No info 0.989 0.005 0.005

Very small Very small 0.569 0.216 0.216

Very small Small 0.524 0.238 0.238

Very small Medium 0.537 0.231 0.231

Very small Large 0.562 0.219 0.219

Small No info 0.998 0.001 0.001

Small Very small 0.541 0.164 0.295

Small Small 0.488 0.256 0.256

Small Medium 0.627 0.186 0.186

Small Large 0.645 0.178 0.178

Medium No info 0.768 0.17 0.062

Medium Very small 0.391 0.069 0.539

Medium Small 0.284 0.358 0.358

Medium Medium 0.483 0.259 0.259

Medium Large 0.664 0.168 0.168

Large No info 0.994 0.003 0.003

Large Very small 0.812 0.094 0.094

Large Small 0.22 0.39 0.39

Large Medium 0.614 0.193 0.193

Large Large 0.952 0.024 0.024

Note: Blue shade denotes the optimal action

from collected data can only result in lower reward values which has smaller influence on the

trained policy.

4.6 Discussion

In this work, we take a small step toward human-in-the-loop customized systems which takes

human real-time cognitive feedback as additional reward to calibrate the optimal policies
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Table 4.5: Action prediction accuracy for unobserved trips.

Methods
Prediction Accuracy (%)

aggressive neutral conservative

Non-customized 40.64 65.33 60.20

Customized using expert-coded rewards 30.52 61.67 74.4

Customized using GAIL 60.75 68.42 70.07

Customized using IRL 73.82 70.52 85.40

Customized using IRL-SS 81.80 77.16 84.22

Note: The customized systems are tested for the corresponding trips with the same driving style.

learned from demonstrated trajectories in NDD using IRL. The Interactive RL algorithm

has been widely studied in research community for many years. However, most previous

studies consider explicit human feedback as guidance or reward signal in algorithm design.

These designs do not fit our framework because trust states are inherently difficult to access

and rarely provided by the users in an active manner. We fill in this gap by incorporating the

real-time trust prediction models which can estimate the trust levels without interrupting or

intruding.

In order to build our IRL-SS model, we first design an online driving simulator study

to collect users’ trust levels toward the proposed IRL-based customized systems. The trust

data is analyzed and identified three trust dynamics corresponded to the participants’ self-

reported driving style. The “Aggressive-Vigilant”, “Neutral-Confident”, and “Conservative-

Skeptical” clusters of participants show distinct trust dynamics while interacting with our

customized vehicle automation. One side finding is the aggressive and conservative drivers

show no clear preference toward three customized systems, but the neutral drivers show

significant preference toward the neutral system.

In the design of IRL-SS algorithm, we identified the trust reward function using our

collected data and previous literature from trust in automation research. Our trust reward
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function takes overtrusting and undertrusting issues into consideration, and tries to calibrate

trust in the appropriate level.

Finally, putting all pieces together, we trained three trust-calibrated customized systems

to better capture the driver behaviors observed from NDD. The trust-calibrated policy tables

demonstrate the effect of trust reward function on the stochastic optimal policy tables. And

the action prediction accuracy results confirm the IRL-SS algorithm can better capture the

drivers’ behaviors in unobserved trips for aggressive and neutral drivers. However, partly

due to the trust data collected for conservative drivers are mainly skeptical drivers, the

trust model for conservative drivers will potentially predict more lower trust scores for the

customized systems. These lower trust scores will later result in smaller trust reward values,

and finally lead to limited calibration in the conservative systems.
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Chapter 5

GENERAL CONCLUSIONS

This chapter summarizes the overall findings and contributions of the dissertation. Lim-

itations and future research will also be discussed.

5.1 Overall Summary

The overall goal of this dissertation is to investigate effective human-in-the-loop method to

design human-aware and trust-calibrated customized vehicle automation. To achieve the

objective, the whole human-system integration task is divided into three subtasks: (1)From

a system-only perspective, we leverage NDD to learn driving behaviors and build customized

vehicle automation of different driving styles; (2) From a human-only perspective, we build

customized real-time trust prediction model to ensure non-interrupting and non-intruding;

(3) From a human-system integration perspective, we proposed IRL-SS algorithm to develop

trust-calibrated customized vehicle automation.

5.1.1 Summary of Customized Vehicle Automation

This study introduces a systematic paradigm that starts with naturalistic driving data to

identify the driving behaviors and styles for a customized automated lane change system.

The driving behaviors are first extracted using Multivariate Functional Principal Component

Analysis (MFPCA) with minimum prior expert knowledge. The driving styles are identified

by clustering the extracted driving behaviors. An Inverse Reinforcement Learning (IRL)

algorithm is then used to train the automated lane change system from grouped demonstra-

tions of the identified driving styles to capture the preferences of a group of drivers with a

similar driving style. The performance of the proposed customized automated lane change
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system is compared to (1) a non-customized system trained on all the sample trips, (2) cus-

tomized systems built on expert-coded reward functions, and (3) customized systems trained

using a Generative Adversarial Imitation Learning (GAIL) algorithm. The results show that

our method outperforms all the other systems with respect to the prediction accuracy of the

lane change actions. Additionally, our method gains insights on the representative behaviors

of different driving styles to enable customization of automated lane change systems.

5.1.2 Summary of Customized Trust Models

We present a methodology to develop customized model by clustering humans based on their

trust dynamics. The clustering-based method addresses the individual differences in trust

dynamics while requiring significantly less data than personalized model. We show that

our clustering-based customized models not only outperform the general model based on

entire population, but also outperform simple demographic factor-based customized models.

Specifically, we propose that two models based on “confident” and “skeptical” group of par-

ticipants, respectively, can represent the trust behavior of the population. The “confident”

participants, as compared to the “skeptical” participants, have higher initial trust levels, lose

trust slower when they encounter low reliability operations, and have higher trust levels dur-

ing trust-repair after the low reliability operations. In summary, clustering-based customized

models improve trust prediction performance for further trust calibration considerations.

5.1.3 Summary of Trust-calibrated Customized Systems

This work introduced a new framework, which combines the other two work, IRL-SS al-

gorithm. We first designed an online driving simulator study to collect human trust while

interacting with our customized systems. The trust distributions draw insights on drivers’

trust dynamics, preferences toward the different customized systems, and design of trust

reward functions. We identified three “driving style-trust dynamics” clusters of participants,

“Aggressive-Vigilant”, “Neutral-Confident”, and “Conservative-Skeptical” groups. The MSE

of trust prediction and F1 score of take-over intent prediction demonstrate that our proposed
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clustering criteria outperforms the general model and driving style-based clustering criteria.

After training the trust models, we use trust reward functions which are fitted to the trust

distribution of the entire data using KDE. The non-parametric method of distribution fitting

ensures minimum prior assumptions about the underlying generating distribution. Finally,

we derive the gradient of the new reward functions with reward shaping method to connect

IRL and SS. The IRL-SS algorithm is then tested and validated on unobserved driving trips

and compared with stochastic policy tables learned by IRL. The results shows the trust-

calibrated customized models outperforms the IRL-based systems for aggressive and neutral

trips, and has comparable performance for conservative trips. The IRL-SS algorithm takes

a step toward human-aware automation.

5.2 Contribution and Publications

In the customization of the automated lane change systems work, we adapted an IRL-based

method to train automated systems based on the clustering of NDD into different driving

styles. The MFPCA method extracts driving behaviors from NDD without prior expert

knowledge. The clustering analysis on the MFPCA result identifies appropriate driving

styles that supports the literature on traffic psychology. The customization of automated

lane change systems using driving styles improved prediction accuracy of lane change actions

for unobserved driving segments. A major contribution of this work is the customization of

vehicle automation to a group of drivers with similar driving styles instead of one single driver.

Our findings have implication in the future design of customized vehicle automated systems

to promote appropriate acceptance and reliance. This work is accepted for publication in

IEEE Transactions on Vehicular Technology [66].

In the second work of clustering human trust dynamics for customized real-time pre-

diction, we proposed to use clustering methods to separate different trust dynamics across

the sample population. We then develop customized trust models for each cluster of the

population that account for broad individual differences in trust dynamics but allows model

development with limited data. Specifically, we consider an interaction between a driver and
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a SAE Level 2 driving automation and collect self-reports of trust throughout the interaction.

We identify groups of users with critical differences in their trust dynamics using clustering

based on trust evolution features. We demonstrate that the customized models based on

these clusters significantly outperform the general model in predicting human trust as well

as their take-over behavior. Additionally, although demographic factors have significant con-

tributions to individual differences, we show that clustering based on trust dynamics-based

features is more effective than simple demographic factor-based clustering for trust behavior

prediction. Finally, we support the existence of the resulting clusters with literature from

behavioral psychology. In summary, the contributions of this work are:

1. a framework to cluster humans based on their trust behavior dynamics;

2. identification of the “confident” and “skeptical” groups of users based on their trust in

automation that is grounded in literature; and

3. improvement in prediction performance of human trust and take-over behavior with

limited data available using the clustering-based customized models.

To the best of our knowledge, this is the first study that clusters users based on their trust

dynamics, leading to an improved customized model for real-time trust prediction. This work

is published in Proceedings of 2021 IEEE International Intelligent Transportation Systems

Conference (ITSC) [65].

The last part of this work explores a new framework of integrating passive human feedback

such as trust levels into the training process of the customized vehicle automation. Unlike

other studies that work on Interactive RL algorithms, the human feedback used in our IRL-

SS framework is the passive cognitive states. The main contribution of our IRL-SS algorithm

is to incorporate the trust prediction model into the IRL algorithm to avoid interrupting and

intruding during interaction with the automated systems. Moreover, the results demonstrate

the capability of trust-calibration for customized automation. This work will be submitted

to IEEE Transactions on Intelligent Transportation Systems.
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5.3 Limitations and Future Research

There are limitations of the proposed customized automated lane change systems. First, the

naturalistic driving data can exhibit different driving behaviors for certain scenarios that

are all within the safety threshold. For example, if an aggressive driver has to merge into

one lane from a four-lane road, they need to take action regardless of their preferred driving

style. This limitation can generate irrational behaviors in the training set, which will affect

the reward values and optimal policies. However, the highest probabilities of the reasonable

behavior (stay in the current lane) in the training set can, however, maximize safety when

implementing the policy in future testing of the proposed systems. Second, the naturalistic

driving data is purely observational and lacks experimental control. For this reason, some

state transitions or state-action pairs may not be observed in the data. This exploration

deficiency compromises the model performance. Third, the computational cost of the IRL

method can be huge for long trajectories. Future studies can consider more realistic and

complex scenarios that better account for the continuous state and action spaces. A more

robust method may also have to be considered to overcome the irrational behaviors observed

in the training set. Nevertheless, in general, our approach is promising for customizing

automated lane change systems to driving styles. While the data used in this study does

not provide examples of all the driving situations, we can expand on this approach to learn

other meaningful driving behaviors.

As for real-time trust prediction model, one limitation is that we adopted a K-means

clustering method which can be sensitive to outliers such as bad data point in the dataset.

In the future, we plan to explore a more robust clustering method. Furthermore, with more

human subject data, we can explore more clusters with distinct trust dynamics.

Finally, one limitation of the trust-calibrated customized vehicle automation is the limited

number of interactions to collect self-reported trust data. The IRL-based method requires

a substantial amount of data to achieve valid performance. Although we demonstrated the

effectiveness and potential of the proposed method, more human subject studies should be
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conducted in the future to better validate the systems. Another limitation is the customized

systems are still trained separately and independent from each other. However, the re-

sults in trust-calibrated systems peaks into the potential of connecting three systems into

one framework since they tend to transform to each other with trust as additional reward.

Therefore, future study should explore the connection between different customized systems.

Additionally, the proposed systems also need to be validated on another driving simulator

study to collect human trust while interacting with the trust-calibrated systems. Future

research should consider close the loop of trust calibration to explore how to affect trust

using specifically designed actions or policies.
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Appendix A

CUSTOMIZATION IN VEHICLE AUTOMATION

A.1 Driving Style Identification

Additional plots to better visualize and interpret the behaviors revealed by the functional

PCs. The explicit forms of the functional PCs are in Fig. A.1 and Fig. A.3, and the effects

of the functional PCs on the average speed are shown in Fig. A.2 and Fig. 2.4.

Figure A.1: Functional PC 1. Most variability is observed when entering the junction seg-

ment. A large positive coefficient denotes higher speed and faster deceleration behavior.

A.2 Customized Vehicle Automation

The detailed discretization intervals of the four continuous variables, which define the state of

the automated lane change system are reported in Tab. A.1. The policy tables for aggressive
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Figure A.2: The effects of the different functional PC 1 coefficients on the average speed pro-

file. The “+” and “-” lines are generated by adding and subtracting two standard deviation

times the functional PC 1 from the average speed profile.

Figure A.3: Functional PC 2. Most variability is observed on the open road after the junction.

A large positive coefficient denotes lower speed and faster deceleration behavior.
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and neutral drivers learned from expert-coded reward functions are shown in Tables A.2 and

A.3.

Table A.1: Numerical intervals for discretization of the continuous variables: speed, forward

distance, left distance, and right distance.

Var. Names Speed (m/s) Forward Dist. (m) Left Dist. (m) Right Dist. (m)

Intervals

< 32.23

[32.23, 33.55)

[33.55, 35.04)

[35.04, 39.74]

NA

< 25.13

[25.13, 39.94)

[39.94, 62.07)

[62.07, 130.19]

NA

< 43.18

[43.18, 65.58)

[65.58, 93.93)

[93.93, 200.02]

NA

< 34.98

[34.98, 70.52)

[70.52, 111.48)

[111.48, 200.02]

Note: The distance is measured from the front radar system.

Last, we visualize one representative driving trip of the aggressive drivers in the test

set to highlight the difference in performance of our proposed method from the expert-

coded reward function. Note that this trajectory is not a driving trajectory; instead, it

is the decision making sequence of the lane change actions. For Figures A.4 and A.5, the

driving direction is from left to right, and the two colored trajectories in each figure show

the annotation of the lane change decisions in the three lanes. Additionally, we offset the

two trajectories in each plot for better visualization. We observe that the trajectory for

the proposed IRL method corresponds closely to that of the actual trajectory, whereas the

trajectory for the expert-coded reward function deviates from the actual trajectory at several

places. This observation reinforces that our proposed method has better prediction accuracy

than the expert-coded reward function.
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Table A.2: Stochastic policy of the aggressive drivers using the expert-coded reward function

for slow driving without any lead car.

Actions
Dist. to Left Vehicles Dist. to Right Vehicles

Stay in Current Lane Change to Right Lane Change to Left Lane

No info No info 0.177 0.196 0.628

No info Very small 0.048 0.476 0.476

No info Small 0.286 0.357 0.357

No info Medium 0.488 0.456 0.056

No info Large 0.333 0.009 0.658

Very small No info 0.515 0.056 0.43

Very small Very small 0.002 0.499 0.499

Very small Small 0.009 0.496 0.496

Very small Medium 0.2 0.069 0.732

Very small Large 0.013 0.493 0.493

Small No info 0.219 0.387 0.394

Small Very small 0.023 0 0.977

Small Small 0.332 0.334 0.334

Small Medium 0.486 0.257 0.257

Small Large 0.03 0.001 0.969

Medium No info 0.092 0.633 0.275

Medium Very small 0.01 0.495 0.495

Medium Small 0.976 0.012 0.012

Medium Medium 0.838 0.081 0.081

Medium Large 0.857 0.072 0.072

Large No info 0.298 0.197 0.504

Large Very small 0.03 0.485 0.485

Large Small 0.294 0.086 0.619

Large Medium 0.811 0.094 0.094

Large Large 0.462 0.024 0.514
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Table A.3: Stochastic policy of the neutral drivers using the expert-coded reward function

for slow driving without any lead car.

Actions
Dist. to Left Vehicles Dist. to Right Vehicles

Stay in Current Lane Change to Right Lane Change to Left Lane

No info No info 0.924 0.073 0.003

No info Very small 0.476 0.321 0.203

No info Small 0.388 0.002 0.61

No info Medium 0.246 0.262 0.492

No info Large 0.838 0.161 0.001

Very small No info 0.165 0.199 0.636

Very small Very small 0.146 0 0.854

Very small Small 0 0.001 0.998

Very small Medium 0 1 0

Very small Large 0 1 0

Small No info 0.971 0 0.029

Small Very small 0 1 0

Small Small 0.601 0.199 0.199

Small Medium 0.859 0.058 0.082

Small Large 0.982 0.005 0.013

Medium No info 0.412 0.588 0

Medium Very small 0.004 0 0.996

Medium Small 0.97 0.015 0.015

Medium Medium 0.998 0 0.002

Medium Large 0.992 0.004 0.004

Large No info 0.579 0.421 0.001

Large Very small 0.014 0.985 0.001

Large Small 0.93 0.013 0.057

Large Medium 0.995 0.003 0.003

Large Large 0.997 0.002 0.002



104

Figure A.4: Comparison of a representative trajectory between an actual aggressive trip and

the corresponding trip predicted by our proposed IRL method.

Figure A.5: Comparison of a representative trajectory between an actual aggressive trip and

the corresponding trip predicted by the expert-coded reward function.
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