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Autonomous vehicles are designed to enhance the overall driver safety by taking the driver

out of the loop. However, the autonomous vehicles that are currently available on the market

still require that the driver is available to take-over control in case the automation fails (ex.

Tesla AutoPilot). If the driver is not able to take-over in time and resume control of the

vehicle, unsafe consequences, such as crashes, could occur. Extensive research has been

done in modeling the driver behavior around these take-over events to mitigate the crash

risk. However, these models use complex or unrealistic data sources (eye gaze, external

environment, heart rate, video data, etc.) and are unable to handle time series data for

updated predictions as new data is acquired.

The main focus of this research is to develop a modeling framework for take-over events

in conditional driving automation with the focus on predicting the remaining take-over time.

This research also explores the impact of individual driver differences on model performance

through the use of online-learning. A hidden semi-Markov model (HSMM) was proposed

for modeling the take-over time and the modeling framework was assessed on data collected

from a driving simulator study. The proposed model is able to accurately predict the re-

maining take-over time, capture the uncertainty in the model prediction, and handle variable



length time series data when compared to state-of-the-art regression prediction models. By

developing a framework to model the take-over time of drivers, autonomous vehicle manu-

facturers can mitigate the risk of vehicle control handovers as the technology continues to

be developed and changed over time.
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Chapter 1

INTRODUCTION

In the United States approximately 12 million vehicles were produced in 2015, with the

total number of registered vehicles on the road exceeding 263 million [10]. When compared

to 2014, this showed an increase in the number of vehicles sold by approximately 4%, with

a total increase in the number of registered vehicles of 1.2% . The increasing trend in the

number of vehicles on the road comes with many problems, such as traffic jams and an

increasing number of accidents. In the United States alone, there were more than 7 million

accidents in 2016, which is an increase of about 20% when compared to 2014 [50]. To

address the issues caused by the increasing number of vehicles on the road, researchers and

car companies have put their hopes in Advanced Driver-Assistance Systems (ADAS).

The most common cause of vehicular accidents and traffic jams are decisions and mistakes

made by the driver [49, 11]. ADAS has the ability to prevent these types of mistakes by taking

the driver out-of-the-loop for different aspects of the dynamic driving task (DDT). The most

promising ADAS are Automated Driving Systems (ADS), that can assume full control of the

DDT. Unfortunately, full driving automation is still many years away from being available,

and in the meantime conditional driving automation, such as the Tesla Autopilot, is what is

currently available on the market [14]. In conditional driving automation, the vehicle is able

to take over the lateral and longitudinal responsibility for a limited amount of time. During

these periods of automation, the driver can engage in secondary tasks, but must remain

available to respond to a request to intervene, known as a take-over request (TOR), in cases

where the automation has reached its system limit or failed. Ensuring that the driver is

able to resume control in time poses one of the major safety challenges for the adoption of

conditional driving automation by the public.



2

A critical safety lever that can be manipulated to affect the safe transitions from au-

tomated to manual driving is the amount of time available for taking over control of the

vehicle, this is referred to as the time budget (TB) [23]. A research question then arises,

what is the optimal TB? This question is a hot area of research within automated driving

research, and has been examined often in literature [22, 45, 65, 41, 31]. However, a single

optimal TB still has not been identified and agreed on upon.

Instead of identifying an optimal TB, predictive approaches of the TOT have been gaining

popularity in literature [38, 23, 8, 55]. TOT prediction shows promise for being able to detect

situations where the driver will not be able to take-over in time, regardless of the TB provided.

These predictions can be incorporated with technology to develop safety features that can

reduce the likelihood of crashes during transitions. However, there is still limited research

in this area, as many of the prediction models are unable to adapt to the individual driver

behavior or can not predict the TOT on a continuous scale. The research in this proposal

intends to address these limitations of past prediction models.

1.1 Research Objective

There are two research objectives in this proposal, which focus on predicting the TOT of

drivers on a continuous scale for system initiated take-overs in conditional driving automa-

tion, SAE level 3 [4], and how to adapt to within and between driver differences in driver

behavior over time. In this proposal the take-over time is defined as the time between the

take-over request (TOR) and either a brake or steering intervention. An overview of the

thesis work and their relationship to the proposed research questions can be seen in Fig. 1.1.

The research questions are:

Question 1: Can the take-over time be accurately predicted on a continuous scale? This

research question aims to evaluate whether a hidden semi-Markov model can accurately

predict the take-over time of a driver on a continuous scale. This approach is shown to be

effective in modeling and predicting driver behavior after an alert. However, other popular

regression methods can include linear regression, random forest, and XGBoost. As part of
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Figure 1.1: An overview of the proposed work and the relationship to the two research
questions.

this dissertation, I will try all three, but will be able to identify which is best based on

different loss metrics, such as mean absolute errors.

Question 2: Does accounting for the within and between driver differences improve the

performance of the take-over time predictions? This research question aims to evaluate

whether online learning can adapt to differences between and within drivers, and whether

this will improve the model performance. An online learning algorithm will be developed

based on research from graphical models. Finally, the performance will be compared to the

TOT model learned using traditional learning methods.
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Chapter 2

BACKGROUND

This chapter summarizes the current state of knowledge regarding the TOT in condi-

tional automated driving, specifically the factors that can impact it and the state of the art

prediction methods. This chapter highlights the importance of TOT predictions and the

current gaps in research.

2.1 Levels of Automation

The term ADS refers to the hardware and software that are collectively capable of perform-

ing the entire dynamic driving task (DDT) on a sustained basis. Within ADS, there are

various definitions of the different levels of automation, but the most widely adopted defini-

tions, which are the definitions used in this proposal, are the ones defined by the Society of

Automotive Engineers (SAE). The SAE defines six levels of driving automation that range

from 0 to 5, these levels are summarized below [4].

• Level 0 - No Driving Automation: The driver performs the DDT at all time.

• Level 1 - Driver Assistance: The driving automation system can control either the

lateral or longitudinal motion of the vehicle, but not both. The driver is expected to

perform the remainder of the DDT.

• Level 2 - Partial Driving Automation: The driving automation system can perform

lateral and longitudinal control, but the human must monitor the environment and

supervise the system at all times.

• Level 3 - Conditional Driving Automation: The driving automation system can perform

the entire DDT under limited conditions, with the expectation of the driver to respond

to a request to intervene.
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• Level 4 - High Driving Automation: The driving automation system can perform the

entire DDT under limited conditions, with no expectation of the driver to respond to

a request to intervene.

• Level 5 - Full Driving Automation: The driving automation system provides full control

and there is no expectation of the driver to intervene.

In the definitions given by SAE, ADS refer to automation levels 3-5. In these levels

of automation, the driver is removed from the control loop and the likelihood of human

error is reduced. At this time, there are no level 4-5 ADS, and only conditional driving

automation (level 3) is available to consumers, an example of this type of system is the Tesla

Autopilot [1]. In conditional driving automation, the ADS is able to assume control, for a

limited amount of time, of the DDT in specified traffic scenarios. During these periods of

automation, the driver is able to engage in secondary tasks while driving, but the ADS will

experience scenarios where the system can no longer handle the DDT. An example of this

could be when there are no visible lane markings for the ADS to follow, and then the system

will need to hand back control of the DDT to the driver (see Figure 2.1). In such situations,

the ADS will issue a TOR for the driver to take-over control of the DDT. The driver will

only have a limited amount of time, TB, to assume control of the DDT, and the time it

takes the driver to resume control of the DDT is called the TOT. These situations pose a

critical safety risk for conditional driving automation, and it is still necessary to consider the

human in the control loop, more specifically how long it will take the driver to resume back

control of vehicle. This proposal focuses on these take-over situations in conditional driving

automation (Level-3).

2.2 Take-Over Time

Take-over situations are the key safety critical event that need to be accounted for in the

safe adoption of conditional driving automation. In these take-over situations, the ADS has

reached its system limit, and must hand over control of the DDT back to the driver. A

critical design parameter in these situations is the available time for taking over control of



6

Figure 2.1: The different phases of a take-over event in conditional driving automation. The
figure is taken from Gold et al. [23]

the DDT, this time is known as the the TB [41]. If the TB is too short, the driver will

not have sufficient time to assume control of the DDT, and an accident may occur [45].

Conversely, if the TB is too long, the driver could lose trust in the system [5]. A natural

question then arises, what is the optimal TB?

To answer this question, many studies have been conducted to understand how long it

takes for a driver to resume control of the DDT. Radlmayr et al. examined how different

traffic density effected the TOT using a driving simulator study and a within-subject design.

They found that the TOT was highly dependent on the traffic situation, but could not

determine the effect on the TOT [61]. Further studies were conducted by Mok et al. on

understanding how secondary task engagement effected the TOT [46], and by Wandtner et

al. on how different modalities of secondary task influenced the TOT [66]. These studies

found secondary task engagement increased the TOT of driver’s, and that different secondary

task modalities had a significant effect on the TOT. The study found that secondary tasks

that required both visual and manual engagement increased the TOT the most. Hergeth et

al. found that prior familiarization with ADS had a significant impact on TOT [28], and a
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study conducted by Clark et al. found differences across age on the TOT of driver’s [13].

These studies suggest that there are many different factors that affect the TOT, and a single

TB will not be optimal in all situations; let alone for each individual driver.

2.3 Take-Over Time Prediction

Modeling and predicting the TOT is a relatively new research area, where the research

focuses on identifying periods of time where a transition can be done safely or on predicting

the TOT. Prediction models for TOT can be separated into two categories: classification or

regression. An exhaustive review of literature found that classification approaches are the

only models proposed for predicting the TOT, but regression approaches have been used for

modeling purposes.

Braunagel et al. proposed a method that classifies a driver into either a high take-over

readiness or a low take-over readiness using gaze and environment features [8]. The take-

over readiness was derived from threshold bounds for driver performance metrics, such as

lane deviation and time to first brake, and subjective ratings from subject matter experts.

With their method and derived take-over readiness, they were able to achieve an accuracy

of 79% using linear SVM. Nilsson et al. proposed a model to identify when a driver could

safely resume control using a driver controllability set [55]. Their method provided bounds

(based on driver performance data from manual driving) on the minimum time headway,

time to collision, and longitudinal acceleration for which the transition of autonomous to

manual driving were identified to be safe. Their model assumed a fixed TOT for drivers

of 1 second and no metrics for model validation were reported. The identification of safe

transition periods provide an alternate approach to TOT predictions, but these methods did

not consider cases in which crashes occurred; thus, it is not understood how the identified

safe transition zones impact the crash likelihood.

Lotz et al. developed a hybrid classification method for predicting the TOT of truck

drivers in conditional driving automation [38]. In their method, the TOT was categorized

into 4 classes, which were then used with different classification methods for prediction.
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Their offline estimation using SVM achieved a misclassification rate of 22.5%, while their

online estimation had a misclassification rate of 38.8%. This research tried to bridge the

gap between classification and regression, but the categorization of the TOT leads to a

loss in information that negatively impact the performance of the model. Classification

methods are a first step to predicting the TOT, however, these methods do not tackle the

prediction problem directly, and must make assumptions that can negatively impact the

model’s performance.

Regression approaches address the limitations where classification falls short, but require

a higher level of accuracy, as the predictions are on a continuous scale. Currently, no re-

gression models have been proposed for prediction. Instead, regression models have only

been used for modeling purposes and to study the effect of different features on the TOT.

Körber et al. used a regression approach to model the TOT through the use of Bayesian

high density intervals [35]. Their method allowed for the mean TOT and a confidence in-

terval, that can capture the uncertainty, to be estimated, but it required different models

for each take-over situations (i.e. traffic density, secondary task engagement). Also, there

model required the assumption that there is an underlying common TOT distribution for

all drivers. Gold et al. used linear regression to study the contribution of different factors

on the TOT [23]. They found that when accounting for individual driver characteristics (de-

mographic and past driver experience), they could explain an additional 30-40% variance,

but this approach was not pursued as this data is usually not available in a realistic setting.

Their final regression model had a root mean square error of 0.81 seconds, but it was never

evaluated on a withheld test set.

2.3.1 Eye Glance Behavior

Recently, researchers have looked to address the unrealistic data sources limitation through

the use of physiological measures, such as gaze and head pose behavior. In two recent studies

conducted by Louw et al., found that the gaze behavior of a driver is good indicator of whether

a driver would crash during take-over situation [39, 40]. This is not surprising since driving
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is a highly demanding visual task. They found that driver’s who had an erratic pattern of

eye fixations were more likely to crash, than those who had a more stable eye fixation during

take-over situations. In another study by Körber et al., found that there were significant

correlation between the TOT and gaze distribution of driver’s [34]. With the advancements

of technology, collection of gaze and head pose data can be done through lightweight sensors

[2] or the use of machine learning algorithms and video data [26, 47]. Given the potential

benefits of using gaze or head pose data as a realistic data source, this research intends to

address the remaining two limitations of past research in TOT predictions.

2.4 Gaps in Literature

The current research in TOT predictions, as summarized in Section 2.3, have not been able

to predict the TOT on a continuous scale or were unable to account for differences within

and between drivers. This is important, as continuous predictions of the TOT can model

the crash risk, whereas classification methods fall short. Also, research in driver behavior

has shown there exist significant differences across drivers [74], and that prolonged exposure

to automated systems can foster behavioral adaptations over time [44]. Not being able to

model these individual differences in a driver or changes over time can lead to a decrease in

prediction performance.

This dissertation proposal is novel for two reasons. First, it uses a time-series regression

approach to modeling and predicting the TOT. This approach allows the model to not only

predict the TOT on a continuous scale, but also make updated predictions as more data is

obtained. Second, online learning will allow the model to adapt to differences in individual

driver behavior and changes in behavior over time.
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Chapter 3

MODEL FRAMEWORK

This chapter outlines the development of a driver behavior model (hidden semi-Markov

model) framework for modeling a driver’s response to an alert. Previous work from driver

behavior modeling and human factors that influenced this model is described. Then the

model formulation, model learning, and prediction algorithm is presented. Finally, a case

study with data from a manual driving simulator study was used to demonstrate the validity

of the model. This chapter provide a general framework for predicting a driver response time

given that an alert has been issued. This framework incorporates time series data to model

the evolution of a driver’s decision over time. The objective of this chapter is to develop a

framework for addressing the first research question:

• Question 1: Can the take-over time be accurately predicted on a continuous scale?

3.1 Model Description

A hidden semi-Markov model (HSMM) is used to capture driver behavior in response to an

alert. The motivation for this model comes from two areas of research in human information

processing models for warnings and driver behavior modeling.

Human information processing is an area of research that considers models that describe

humans perception and use of information. Within this area of research, the Communication-

Human Information Processing (C-HIP) model is used to examine how humans process

warning information when making decisions [69]. The C-HIP model (Fig. 3.1) has several

parts, but this paper highlights two parts that are advantageous for modeling with HSMMs.

First, the C-HIP model shows that humans process warning information through a number

of hidden states, which mirror the hidden states of the HSMMs. Second, information is
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Figure 3.1: Communication-Human Information Processing (C-HIP) model (redrawn from
Wogalter [69, p. 52]). The ‘Source’ and ‘Channel’ represent the alert, the ‘Receiver’ is a
driver processing the cue, and the ‘Behavior’ is the response action of a driver.

processed sequentially such that information flows from one state to the next and never

backwards. This type of information flow can be obtained through the use of a left-to-right

structure for the HSMM.

In driver behavior modeling and prediction, hidden Markov models (HMMs) have been

used in a wide range of applications including estimating driver decisions at intersections

[21], driver fatigue detection [19], and modeling driver decisions at phase transitions [63]. A

drawback of HMM is that the state transitions happen on a fixed interval and the probability

of transitioning between the states does not change. This property of HMMs is not suitable

for modeling dynamic systems where the underlying transition probabilities can change over

time. HSMMs can handle these types of problems due to the semi-Markov property that

allows for the state duration to be modeled as a random variable.

3.1.1 Hidden Semi-Markov Models

A HSMM is a doubly embedded stochastic model with an underlying unobservable (hidden)

stochastic semi-Markov process that governs another observable stochastic process. The

semi-Markov property states that the probability of transitioning between states only de-

pends on the current state and the time spent in the current state, which we denote as dt(i).
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This allows for the transition probabilities between states to dynamically change over time,

which mimics how driver behavior can evolve.

We define O1:T to represent the observable driver-performance data sequence from time 1

to T , St is a driver’s underlying hidden state at time t, N the state when a driver’s behavior

changes (i.e., response to an alert). A HSMM, φ, is then characterized by four parameters:

φ = (A,Θ, B, π) (3.1)

where A ∈ RN×N is the nonrecurrent driver state transition matrix, π is the initial driver

state distribution that represents the probability of starting at any of the states, B is the

probability distribution of the observable data, and Θ is the probability distribution for the

state duration times. The equations for these four parameters are:

A = P (St+1 = j | St = i) (3.2)

Bi(Ot) = P (Ot | St = i) (3.3)

Θi(dt(i)) = P (dt(i) | St = i) (3.4)

πi = P (S1 = i) . (3.5)

3.1.2 Driver Transition Time Model

The proposed model is a left-to-right HSMM, as shown in Fig. 3.2, where the transitions

flow in one direction from the current driver state to the next driver state. This structure

has been shown to be effective in modeling driver behavior as a series of sub-sequences [58],

and the structure mirrors how warning information is processed by humans, according to the

C-HIP model (see Fig. 3.1). A left-to-right structure means that the HSMM always starts

in the first state (π), and can only transition to the next driver state and never back (A),

see Eq. 3.6. In this model, we defined the observed probability distribution as a mixture

of multivariate Normal distribution due to its ability to approximate any finite continuous

density function [36], and the duration time as a Normal distribution.
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Figure 3.2: A left-to-right hidden semi-Markov model proposed to model a driver response
to an alert. Ot represents the observed data at each time point, di is the time duration the
HSMM spends in each hidden state, and the ai, j is the transition probabilities between each
state can only occur between adjacent states.

A =


0 1 0 . . . 0

0 0 1 . . . 0
...

...
...

. . .
...

0 0 0 . . . 1

 , Bi =
M∑
j

δijN i
j (µj, Σj)

π =
[
1 0 0 . . . 0

]
, Θi = Ni(µi,Σi) (3.6)

3.1.3 Model Learning

For model learning, we use a modified Expectation Maximization (EM) algorithm in conjunc-

tion with the state duration approximation formula from Cartella et al. [12]. This improves

the duration estimation accuracy and reduces the computational complexity as compared to

traditional EM algorithms that discretize the state duration into a finite set of values [71].

In our implementation, the final model is selected based on the Huber loss function to reduce

the effect of outliers [27, p.349]. The Python numpy package is used to implement the EM

algorithm to learn the model parameters.

For the EM algorithm, we start with an initial guess for the model parameters, φ, and

we continue iterating until the likelihood function, P (O|φ), no longer improves between

consecutive iterations. The initial parameter initialization is crucial in obtaining a good

fit for the model. To address this issue, 40 random initializations of φ were executed for

training, and the model that achieved the smallest loss on the validation set was selected.

The driver response model learning procedure is as follows:
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1. The hyperparameter is tuned using 6-fold cross validation and grid search on the num-

ber of states (N) and the number of Gaussian mixtures (M).

2. The cross validation hyperparameter for each individual is used to train a HSMM with

the EM algorithm.

For the modified EM-algorithm, we only update the observation and state duration pa-

rameters as we fix the state transition probability and initial state probability to have a

left-to-right structure. Our data set includes multiple time series instead of a single stream

of data, so the distribution parameters were only updated after one full pass through of the

training data set. The update equations for observation distribution (mixture of multivariate

Normal distributions) were the mixture probabilities (Eq. 3.7), mean vector (Eq. 3.8), and

covariance matrix (Eq. 3.9).

cik =

∑T
t=1 γt(i, k) · (xt − µik)(xt − µik)T∑T

t=1 γt(i, k)
(3.7)

µik =

∑T
t=1 γt(i, k)∑T
t=1 γt(i, k)

(3.8)

Σik =

∑T
t=1 γt(i, k) · xt∑T
t=1 γt(i, k)

(3.9)

Where γt(i, k) is the probability of being in a particular state at time t given all the data.

This probability is calculated using the forward-backward equations in the EM-algorithm.

The duration parameters were updated using the update equations duration mean (Eq.

3.10) and duration variance (Eq. 3.11). Where αt(i) and βt(i) are the forward and backward

probabilities, bj(xt) are the observation probabilities, and aij(d̂t(i)) is the dynamic transition

matrix. For a more detailed description of the EM-algorithm and the update equations,

please refer to Cartella et al. [12].
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µi =

∑T−1
t=1 αt(i)

(∑N
j=1,j 6=i aij(d̂t(i))bj(xt+1)βt+1(j)

)
d̂t(i)∑T−1

t=1 αt(i)
(∑N

j=1,j 6=i aij(d̂t(i))bj(xt+1)βt+1(j)
) (3.10)

σ2
i =

∑T−1
t=1 αt(i)

(∑N
j=1,j 6=i aij(d̂t(i))bj(xt+1)βt+1(j)

)
(d̂t(i)− µi)2∑T−1

t=1 αt(i)
(∑N

j=1,j 6=i aij(d̂t(i))bj(xt+1)βt+1(j)
) (3.11)

The update equations presented above are for a single time series, so to update the

model parameters for multiple time series we first calculate the updated model parameters

for every time series in the data set. Next, we average the model parameters for each time

series together to get the final parameter value for updating at each EM-iteration. For the

observation model parameters, we use a weighted average (Eq. 3.12) that accounts for the

variable length of each time series. Where Sj is the jth EM-iteration model parameter, Sn

are the model parameters from each time series for the jth EM-iteration, and Ln is the length

of the time series. For the duration model parameters, we use a normal average as each time

series example only produces a single realization of the state duration.

Sj+1 =

∑N
n=1 Sn ∗ Ln∑N

n=1 Ln
(3.12)

3.1.4 Remaining Behavior Change Time

One of the most important advantages of HSMM is its ability to effectively model the de-

pendencies in time series data due to the semi-Markov property [?]. This enables estimation

of the remaining time for any given state and the prediction of the expected time until we

enter another state.

The last state, SN ,is reached when a driver engages in the secondary task (see Sec.) 3.2.1

for a description of the secondary task. We can then estimate the remaining driver response

time as the expected time to reach the last state. When a new observation is acquired, the

procedure to estimate the remaining time is:

1. Use the Viterbi algorithm to estimate the current state [18]
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2. Estimate the expected remaining state duration time

3. Project the future state transitions until the behavior change state SN is reached

4. Add up the remaining state and the future state duration times

The current state estimation is performed with the Viterbi algorithm. This allows us to

obtain an estimate of the probability of being in state Si at time t, which we denote as δt(i).

δt(i) = max
S1,··· ,St−1

P (St = i | S1, · · · , St−1, O1, · · · , Ot) (3.13)

Having calculated δt, the maximum a posteriori (MAP) estimate of the current state, ŝt, is

obtained by (3.14).

ŝt =1≤i≤N δt(i) (3.14)

The expected remaining duration time of the current state is estimated as the difference

between the estimated state duration and the expected state duration.

dcurrentavg =
N−1∑
i=1

(µΘ
i − dt(i))� δt(i) (3.15)

In Eq. 3.15, � is element wise multiplication and µΘ
i is the expected value of the duration

distribution for state i.

The current state duration time is approximated by Eq. 3.16.

d̂t+1(i) ≈ P (St = i|St+1 = i, O1:t+1)(d̂t(i) +4t) (3.16)

This is an iterative equation, with d̂0 = 0 and 4t is the time between the current and

previous observation.

The projection of the future state transition is obtained from Eq. 3.17:

δt+d = AT · δt (3.17)

Then the estimate of the new current state is obtained by the taking MAP estimate, Eq.

(3.14). The future state projections are continued until the current state estimate is equal

to a driver response state, SN .
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The remaining driver behavior change time for the future states is estimated by Eq. 3.18.

dfutureavg =
N−1∑
i=1

(µΘ
i )� δt(i) (3.18)

Finally a driver behavior change time estimate is the sum of all duration state time estimates

for the current and future states, Eq. 3.19.

Davg = dcurrentavg +
∑

dfutureavg (3.19)

An estimate for a confidence interval is obtained by following the same steps, but substituting

the current and future duration with Eq. 3.20 and 3.21.

dcurrentCI =
N−1∑
i=1

(µΘ
i ± σΘ

i − dt(i))� δt(i) (3.20)

dfutureCI =
N−1∑
i=1

(µΘ
i ± σΘ

i )� δt(i) (3.21)

For more details, please refer to the original paper concerning state duration approximation

formula by Cartella et al. [12].

3.2 Case Study

To show the validity of this model, data from a previous study using a fixed-base NADS

miniSim driving simulator (Fig. 3.3) was used to predict driver response time [33]. The

original study was designed to examine cognitive workload as drivers interacted with an

in-vehicle voice control system (VCS). The data were used to train and validate the driver

behavior change model for this paper.

3.2.1 Simulator Data

Participants

The study was conducted with 24 research participants with an equal number of males and

females in each age group. Due to issues with some of the video and simulator data, only
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Figure 3.3: The NADS miniSim driving simulator setup used for data collection. The simu-
lator is located on the University of Washington campus in Settle, WA.

16 out of the 24 participants were used for the forthcoming analysis (Table 3.1). The video

data were used to manually extract the task initiation time for each participant (Sec. 3.2.1).

All participants were required to hold a valid US driver’s license and had driven in the US

for at least three years. Participants were also compensated for their time and participation

in this study.

Table 3.1: Summary statistics of the drivers in the data set used for modeling.

Age Group Mean Age SD (Age) Sample Size No. of Females

18-24 22.67 1.25 3 1

25-39 29.63 2.43 4 2

40-54 46.6 3.89 5 2

55+ 60.0 3.94 4 3
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Voice Control System Tasks

A voice control system (VCS) was used in this study to examine driver’s engagement in

a secondary task. The VCS task required the participant to verbally select a preferred

restaurant out of five choices. The participants were always asked to choose an American

restaurant based on three criteria: distance, rating, and price. The correct choice would be

an American restaurant with the highest rating, lowest price, and closest distance. There

was always one selection that was best given these criteria. The criteria information for the

restaurants were presented to the participant in three different modes: audio, visual, and

hybrid (visual and audio). An example of the IVIS display in the visual and hybrid modes

is shown in Fig. 3.4).

The sequence of actions for engagement in the secondary task is described in [37] and

shown in Table 3.2. The VCS task would prompt the participant using the auditory state-

ment: ”What would you like to do?”. After the auditory cue, the participants were required

to say the following phrase to start the next task: ”Find an American restaurant”. The

participants were instructed to prioritize driving and only engage in the VCS task when they

felt comfortable doing so. Since the goal of this study is to predict a driver’s transition time

to the secondary task once an alert is activated, we focus on the time duration between steps

1 and 2.

Procedure

The test run consisted of driving on a straight four-lane roadway while following a lead vehicle

at a speed of approximately 55 mph. During the drive, the participants were instructed to

engage in the secondary VCS tasks after the auditory VCS task prompt and only when

they felt comfortable doing so. Each mode of VCS task (auditory, visual, and hybrid) was

presented with two levels of cognitive load (high and low). During the drive, the participants

performed 6 tasks of each modality (3 high and 3 low), for a total of 18 task initiations. Before

starting the experiment, the participants had the chance to familiarize themselves with the
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Table 3.2: Modified from Li et. al [37]. The sequence of actions from the VCS task; the
time between steps 1 and 2 are examined in this paper.

Step Actor Mode Dialog/Action

1 VCS All
(Task begins)

“What would you like to do”

2 Participant All “Find an American restaurant”*

3
WOZ**

(experimenter)
All Initiates restaurant list

4 VCS All Displays (and/or speaks) restaurant information

3*5 Participant Audio only

Listens for key information as the system

sequentially reads off items for each

restaurant, at system’s pace

Participant Visual only
Visually scans a list of restaurants shown on

screen and searches for key information

Participant Hybrid
Switches between visually scanning and

listening for the list of restaurants

6 Participant All Retrieves information from working memory

7 Participant All “Select [restaurant name]”

8
WOZ

(experimenter)
All

Selects restaurant stated by participant.

This entry completes the task

(Task ends) and initiates the next task.

9 VCS All “Starting navigation”

10 VCS All Five seconds pause, then go to Step 1

Note: * The dialog is corrected here from what was presented in Li et al [37];

**WOZ=wizard of oz protocol
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Figure 3.4: User interface for the VCS tasks under visual-only and hybrid modes. The screen
would stay blank during auditory-only mode. The correct answer is shown in the red outlined
box.

driving simulator and the VCS tasks.

Data Extraction

The task initiation time was defined from the initiation of the alert (Step 1 in Table 3.2) to

the time the participant verbally engaged the system to start the VCS task (Step 2). A plot

of the task initiation time for each participant is shown in Fig. 3.5. The vehicle’s angular

velocity and longitudinal acceleration were used as the inputs to the models. The simulator

recorded data at 60 Hz.

3.3 Results

Each of the 16 participants performed 18 tasks during the simulator study, resulting in 18

task initiation times per participant. The task initiation times were split into a training set

(n = 12) and a test set (n = 6) for every participant. This split led to a final data set of 192

and 96 task initiations for training and testing, respectively.

The train-test split was stratified based on task modality as participants can observe the

difference in modality at the start of the task. Task difficulty was not considered because
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Figure 3.5: Task initiation time is defined as the time between the VCS starting prompt
(Step 1, Table 3.2) and the participant’s verbal initiation of the VCS task (Step 2, Table
3.2). This is explained in Sec. 3.2.1. The mean task initiation time is shown as a red dashed
line and equals 3.22 seconds.

participants had no knowledge of the difference in cognitive demand prior to task engagement

and therefore, it had not impact on the time between steps 1 and 2. The training data were

standardized with a mean of zero and a standard deviation of 1. The values obtained from

the training data were applied to the test data.

Three models were trained and compared for each participant: individually tuned hy-

perparameters, a low complexity model (N = 3 and M = 3) and a high complexity model

(N = 5 and M = 5). For model evaluation, 11 predictions were made at equally spaced time

intervals between the time the alert was provided until the time a driver engaged the IVIS.

The performance results of only one model are presented in greater details.
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3.3.1 Comparison Among Models

Fig. 3.6 shows a subset of the predictions on the test data set from the time the alert was

provided (0%) until one-half of the participant’s response time had passed (50%). At the

50% mark, more data are acquired and the model prediction gets updated. For example, if a

participant had a total response time of 4 seconds, 0% would be the first performance data

point at the time of the alert. At 50% (or 2 seconds into the response time), the prediction

is updated with the 120 additional data points (2(sec)x 60(Hz)) that are acquired at this

point in time. For the high complexity model, the prediction errors increased as more data

were acquired. For the individual and low complexity models, the prediction error remained

relatively constant over time. This observation can be explained by the fact that 11 of the 16

individually tuned models had the same parameters as the low complexity models, implying

that the high complexity models were overfitted to the training data.

When comparing the performance of the models, we use the mean absolute error (MAE)

instead of mean absolute percentage error (MAPE) since it is easy to interpret as its unit is in

seconds. Moreover, very large changes in the MAPE can occur even due to small prediction

errors when the remaining task initiation times are small. The individually tuned hyperpa-

rameter had the best overall prediction performance (MAE: X̄ = 0.51, SD = 0.51) and the

low complexity model performed slightly worse (mean absolute error: X̄ = 0.55, SD = 0.52).

The high complexity model performed the worst (MAE: X̄ = 0.72, SD = 0.68). In the real

world, it is not feasible to tune the individual hyperparameters for each participant. Given

that the low complexity model performed only marginally worse with respect to MAE and

the hyperparameters are fixed beforehand (i.e., they do not require tuning), we move forward

with analyzing the performance of this model in greater details.

3.3.2 Task Modality

To analyze whether the task modality had an effect on the model prediction performance

(absolute error), an analysis of variance (ANOVA) was performed on the test data set. For
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Figure 3.6: Mean absolute error of each model with the standard errors shown in parentheses.
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the individual models, only modality was considered in the ANOVA. For the low and high

complexity model, the analysis included a driver variable to account for individual differences.

There were no significant differences in modality (assessed at α=0.05) for the individual

models (F(2,1028) = 0.20, p = 0.8214) or low complexity models (F(2,1028) = 2.07, p

= 0.1273). There was a significant difference in modality for the high complexity models

(F(2,1028) = 4.49, p = 0.0114). More specifically, the combined visual/audio (hybrid) mode

(mean absolute error= 0.90) was significantly higher when compared to the audio mode

(mean absolute error=0.74).

Further investigation on the high complexity model shows that the training error and

standard error (MAE=0.59±0.57) were much smaller than the test error (MAE=0.72±0.68).

This suggests that there may be overfitting in the high complexity model, which would lead

to poor prediction performance in the test set, This overfitting may also lead to differences

observed in modality. Given that the task initiation prompts were identical regardless of

task modality (Sec. 3.2.1), the remaining analysis focuses on the low complexity model and

does not include task modality.

3.3.3 Driver Response Time Predictions

The low complexity model has a maximum absolute error of 3.34 seconds, but 85% of the

predictions fell within an absolute error of 1 second, see Fig. 3.7. These results show that

the model of driver response time is able to make predictions with a high degree of accuracy.

Fig. 3.8 shows the model prediction for two different change times for the same participant.

Each time a new observation is acquired, the model can update the prediction while also

providing the uncertainty of the prediction through a confidence interval. The confidence

intervals were calculated using Eq. 3.20 and 3.18 at a 95% confidence level.

As we examine the predictions over time in Fig. 3.8, there are two advantages of the

model. First, the model can update predictions as new data are acquired. Initially, when

the alert is given, the predictions from the model are exactly the same. As new data are

acquired, the model can take advantage of the time series aspect of the data to provide an
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Figure 3.7: The absolute error of predictions on the test data for the low complexity model.
The mean absolute error is 0.55 (red dashed line).

updated prediction that tend to converge to the true driver response time. This allows the

model to adapt to drivers’ responses over time. This can be observed in Example 1 of Fig.

3.8, where the model detects a change at time index=2.5 seconds and updates the prediction

accordingly. This is one of the advantages of HSMMs when compared to other regression

based methods that just predict a fixed value given the same input.

The second advantage of the model is its ability to quantify uncertainty in the form of a

confidence interval. As more data are included in the model, the confidence interval of the

model will shrink.

3.4 Discussion

This chapter describes a framework for predicting a driver transition time to a secondary

task after an alert is issued. The predictions are achieved using time series data and a

left-to-right HSMM. We demonstrate the performance of the framework using data from a
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Figure 3.8: Two example predictions from the low complexity model. The prediction intervals
converge to the actual driver response time and its uncertainty decreases as the true time
approaches.
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driving simulator that explored drivers’ interaction with an IVIS. A low complexity HSMM

performs almost as well as the individually tuned models in terms of mean absolute error.

The prediction error for the low complexity and individual models stabilizes after 20% of the

data are acquired. This shows that only a small amount of data needs to be collected after an

alert is provided for the model to adapt to the specific driving situation and driver behavior.

We also show that this method accurately predicts a driver’s transition time within 0.55

seconds, on average.

The transition times predicted by this model are points of high risk driving behavior,

where a driver is changing their attention from the road to some task engagement and vice

versa. Identifying these crucial time points can help us better design in-vehicle safety features

to mitigate these risks. This model can, therefore, be used within collision warning systems

or conditional autonomous vehicles to help facilitate timely system interventions or handover

of vehicle control.

This study has two limitations that impact the interpretability and application of the

model. The model was only used for one type of in-vehicle system. While it worked rea-

sonably well for the system we examined after acquiring only 20% of the data, that may

not be the case for other in-vehicle systems and advanced technologies. The system used

in this study was also not a collision warning system, meaning that additional investigation

needs to be done. Second, the model was validated only for a straight road in a simulated

rural environment. There are also varying complexities of on-road environments and driver

performance data depends highly on the driving situation [?]. Thus, the model performance

still needs to be studied for different environmental conditions.

In summary, this chapter provides a prediction framework for capturing a driver’s transi-

tion time given an in-vehicle alert. As technology continues to advance, it becomes increas-

ingly important to understand if a driver can respond in an appropriate time frame. While

the study focused on transition time to a secondary task, there are implications for driver

take-over time that we will explore in a later chapter.
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Chapter 4

SIMULATOR STUDY

This chapter outline the simulator study designed for data collection. This study utilizes

a driving simulator study that was conducted at the University of Washington in Seattle, WA

from January-March 2020. A conditional driving automation (adaptive cruise control and

lane keeping) was used to capture the drivers take-over time during various take-over events.

A visual-manual secondary task was used to induce a distraction, a inertial measurement

unit sensor was used to capture the head position of the driver, and a driving simulator was

used to capture the take-over time. The study was approved by the University of Washington

IRB (STUDY00008915). Informed written consent was obtained from each participant at

the beginning of the study. This study was a 31 (Time Budget: 1, 2, and 3 seconds) repeated

measure (4) partial factorial experiment.

4.1 Participants

Thirty-four licensed drivers (21 male, 11 female, and 2 no responses) between the ages of

19 and 56 (mean=30.4, SD=11.2) were recruited for this study. All participants had a

valid US driver’s license, drove at least 3,000 miles annually, and were fluent in English.

Participants were compensated $35 for the study with up to an additional $5 depending

on their performance on the secondary task. This compensation tied to the secondary task

was added to incentivize the participants to focus their attention on the secondary task

throughout the drive.
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Figure 4.1: Scenario roadway configuration (not to scale).

4.2 Apparatus and Sensors

4.2.1 Driving Simulator

A fixed-based National Advanced Driving Simulator (NADS) miniSim quarter cab driving

simulator was used in this study (see Fig. 3.3). The display of the simulator contains 3

widescreen monitors that emulate a 140 degree horizontal field of vision and a 30 degree

vertical field of vision. The data was collected at 60 Hz from the simulator.

The driving scenario used in this study was specifically developed for this dissertation.

The driving scenario was a 2-lane highway in each direction, that was separated by a grass

median strip. The road configuration included straight segments and wide curve segments,

see Fig. 4.1. Each drive took approximately 25 minutes to complete. The posted speed limit

was 65 miles per hour (mph) and the lead vehicle traveled at a fixed speed of 65 mph.
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During the drive, the participant’s vehicle was engaged in a level-3 conditional driving

automation (adaptive cruise control and lane keeping). This meant that the driver did not

have control the steering or acceleration/braking of the vehicle. The vehicles speed was set at

75 mph and the conditional driving automation had 3 different time budget (follow distance)

settings: 1, 2, and 3 seconds. Throughout the drive, there were 12 unannounced take-over

events that were simulated at random with a uniform 2 to 3 minutes between events. The

participants were given a random order of the 3 different TBs that were each repeated 4 times

each. An auditory TOR was given to the participants for a fixed time of 10-seconds during

the take-over events. During the take-over events the lead vehicle would slow down from

65 mph to 55 mph over 4 seconds. The participants were given instructions and adequate

training to familiarize themselves with the driving automation and the TOR auditory cue

before the main drive.

4.2.2 Secondary Task

While the vehicle was engaged in the conditional driving automation, the participant was

required to perform a visual-manual secondary task using a touch screen monitor (see Fig.

4.2). A visual-manual task was chosen to simulate a distraction that is similar to using a

smartphone. The secondary task was a web application that was developed using R Shiny.

The task required the participant to type the word shown on the screen into a text input

box before pressing the ‘Submit’ button (see Fig. 4.3). The secondary task continuously

displayed a new word after submission, with a second delay between words. Participants were

instructed to prioritize the secondary task when the vehicle was engaged in the conditional

driving automation, and to not perform any secondary tasks when they had to take-over

control and manually drive.

4.2.3 Head Pose Sensor

A head position measurement device was built for this thesis using a headband and an

IMU sensor from SparkFun, see Fig. 4.4 [3]. The IMU sensor combines a microprocessor
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Figure 4.2: The location of the secondary task used for the study.

Figure 4.3: User interface for the secondary task, which required the participant to type a 6
letter word before pressing submit.

with three, 3-axis sensors: an accelerometer, gyroscope and magnetometer. This allowed

the sensor to measure its own orientation, which we used to record the head position of

the participant. The code was developed using Arduino and built in packages developed by
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Figure 4.4: The head pose sensor and headband worn by participants. The headband was
worn with the sensor located in the middle of the participants forehead.

Figure 4.5: The 3 angles measures by the head sensor.

SparkFun. The head pose data was recorded at 60 Hz and Fig. 4.5 show the three angles

(roll, pitch, and yaw) that are measured by the sensor.
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4.3 Procedure

When participants arrived to the study, they were instructed to review the consent form and

ask any questions they had before signing. After signing the consent form, participants were

given two forms of training before the main drive. The participants were given instructions

and familiarization of each component of the study. Afterwards, the participants had a warm-

up drive where they were allowed to practice the take-over events and familiarize themselves

with the auditory TOR. Once the participant was comfortable, the head pose sensor was

attached and the main drive was started.

The main drive took approximately 25-minutes to complete. After the drive, the par-

ticipants took a post-driving survey consisting of 6 questions asking about past exposure to

autonomous vehicles and their trust in the autonomous system during the scenario. The trust

and likelihood to purchase question were a 7-point Likert scale question, where 1 indicated

very low and 7 indicated very high. The questions asked were:

1. What is your age?

2. What gender do you identify as?

3. Have you ever driven in a semi-autonomous or a self-driving vehicle? (Ex: Tesla,

BMW, etc.)

4. If yes, how many times?

5. How much did you trust the self-driving system?

6. How likely are you to buy a self-driving car?

4.4 Dependent Variable: Take-Over Time

The TOT was defined as the time between the TOR and the start of the driver’s maneuver.

The threshold values that determined the start of the driver’s maneuver are a 2° steering
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Figure 4.6: A boxplot of the 12 take-over times for each of the 34 participants. The mean
TOT was 1.48 seconds with a standard deviation of 0.45 seconds.

wheel angle change or a 10% brake or acceleration pedal actuation [23]. The final data set

consisted of 404 take-over events, instead 408, because 4 take-over events were removed due to

a 0 second TOT. These were deemed to be outliers and removed because the participant was

anticipating a take-over event. The mean TOT was 1.48 seconds with a standard deviation

of 0.45 seconds, see Fig. 4.6, with a maximum TOT of 3.22 seconds and a minimum TOT

of 0.74 seconds.
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Chapter 5

TAKE-OVER TIME MODEL

In conditional driving automation, the vehicle is able to take over the lateral and longi-

tudinal responsibility for a limited amount of time [4]. During these periods of automation,

the driver can engage in secondary tasks, but must remain available to respond to a request

to intervene in cases where the automation has reached its system limit or failed. Ensuring

that the driver is able to resume control in time during vehicle control hand-off poses one

of the major safety challenges for the adoption of conditional driving automation by the

public [22]. This chapter presents a driver TOT model, then evaluates the model’s perfor-

mance using a driving simulator study (see Ch. 4), and finally compares the performance

against state-of-the-art machine learning regression models. The objective of this chapter is

to address the first research question of this dissertation:

• Question 1: Can the take-over time be accurately predicted on a continuous scale?

5.1 Analytical Methods

An important step in any machine learning method is finding a representation of the original

measures that correlates with the target of interest. So, first the head pose data was pre-

processed to create an input feature for TOT modeling. Then, the HSMM developed in Sec.

3.1.1 was modified to model the TOT of drivers.

5.1.1 Data Pre-Processing

Before we could generate features, we had to correct the sensor drift of the raw head pose

data (see Fig. 5.1 & 5.2). This was due to the fact that the head position sensor was free

floating and drift can occur. To fix this issue, we fixed the head facing forward at the road
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Figure 5.1: An example of the raw head movement (yaw and pitch) before data cleaning of a
single participant for the 12 take-over events. The green points are the starting head position
of the drivers at the time of the TOR and the red points are the end position 2-seconds after
the take-over. We can see that the sensor had some drift on the measurements that needed
to be corrected.

to be 0. This was done by using a small portion of each time series to shift the values where

the participant was driving the vehicle and not working on secondary.

For feature generation, we had three issues we wanted to address when pre-processing

the data. Those three issues were the variable head starting location, the head movement

direction, and the exact head path. Only the yaw (left and right head movement) and the

pitch (up and down head movement) Euler angles were used and pre-processed prior to model

training, see Fig. 4.5. First, short time series segments were extracted for each take-over

event from the time of the TOR to 2-seconds after the participant had taken over control of

the vehicle.

To account for the differences in the starting head position when the participants head

was off the road, the data was shifted to have the starting head location at the time of the

TOR to be 0. This was done by shifting the data by using the first data point at the time

of the TOR. This shift is independent of future data points and the train-test split.
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Figure 5.2: An example of the cleaned head movement (yaw and pitch) of a single participant
(same as Fig. 5.1) for the 12 take-over events. The green points are the starting head position
of the drivers at the time of the TOR and the red points are the end position 2-seconds after
the take-over. We can see that the drift has been corrected and the starting positions have
all been standardized.

Then the range of the data was transformed to contain the values between [−90, 90]. All

values outside of this range were truncated to be 90 or -90. Next the absolute value was taken

to constrain the values between [0, 90]. This was done to have the features be independent

of the direction the driver was looking (i.e. left or right, up or down). Then the values were

normalized to be between [0, 1] by dividing everything by 90.

Finally, the two features were combined into a single features by using max(yaw, roll).

Past research indicates that a stable gaze on the center of road after take-over event correlates

with a low crash risk [39]. So the exact path of the drivers head back to the center of the

road is not as important as are they looking down the road or not. Finally, the data was

then downsampled to 20 Hz using a fast Fourier transform to reduce the noise of the raw

measurements. Two examples of the final pre-processed timeseries can be seen in Fig. 5.3.
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Figure 5.3: Two examples of the final pre-processed data for two different take-over events for
the same participant. The green dot indicates the time when the participant has taken-over
control of the vehicle.

5.1.2 HSMM

A HSMM was used to model the TOT of drivers. The state transition structure, model

learning, and TOT predictions were the same as described in Sec. 3.1.1. The differences

between the model described in Sec. 3.1.1 and this one is the distribution used for modeling

the observations and the criteria used for model selection.

For model selection, the log likelihood was used for determining the final model, and the

model parameters (the number of hidden states, N) were tuned using the training error. A
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normal distribution was used for modeling the observation distribution and thus requires a

new update equation for calculating the sufficient statistics (mean and variance). The new

update equations for the observation distribution parameters are:

µi =

∑T
t=1 γt(i) · xt∑T
t=1 γt(i)

(5.1)

σ2
i =

∑T
t=1 γt(i) · (xt − µi)(xt − µi)T∑T

t=1 γt(i)
(5.2)

5.2 Results

The final data set consisted of 404 take-over events, instead 408, because 4 take-over events

were removed due to a 0 second TOT. The data were then stratified on the time budget

and split into a training set (302 take-over events) and test set (102 take-over events). Each

participant had approximately 9 take-over events for training and 3 for testing.

For model training, the initial parameter values can greatly affect the final model learned.

We used 20 parameter initializations, where we randomly selected 5% of the data to use for

the starting parameters. The model with the largest log likelihood out of the 20 initializations

was kept as the final model. For parameter tuning (i.e. the number of hidden states), we

used the training error to determine the final model to assess on the test data set.

For model prediction, 11 predictions were made at evenly spaced percentiles for each time

series from 0% (time of the TOR) to 100% (the time the driver had taken-over control), with

10% between predictions. The predictions were made at [0%, 10%, ... 90%, 100%] with the

prediction target (y) being the remaining take-over time. For example, if a participant had

a take-over time of 2 seconds, 0% would be the first data point at the time of the TOR with

a target of 2 seconds. At 50% (or 1 seconds into the TOT), the prediction is updated with

the 20 additional data points and the target is 1 second (2 (sec) TOT - 1 (sec) elapsed time).

When assessing the prediction performance of the models, we use the mean absolute error

(MAE) instead of mean absolute percentage error (MAPE) since it is easy to interpret as
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its unit is in seconds. Moreover, very large changes in the MAPE can occur due to small

prediction errors when the remaining TOT are small. The mean TOT was 1.48 seconds

with a standard deviation of 0.45 seconds. The maximum TOT was 3.22 seconds and the

minimum TOT was 0.74 seconds.

5.2.1 Driver Head Behavior During Take-Over Events

Past research has shown that gaze reactions were on average to be later than the time it took

to deactivate the automation [65]. We wanted to investigate whether our data set contained

a similar driver behavior. We split the data into two sets, one for head facing forward

(n = 142) before the take-over and the other for head facing off of the road (n = 262) at the

time of the take-over. For the purpose of this analysis, any value below 0.2 (18 degrees) was

considered to be head off the road.

After the split, we found that participants took control of the vehicle before their head

was facing the road in 262 of the take-over events, while only 142 take-over events had the

head facing the road before the participant resumed control. This finding is the same as

Vogelphol et. al, where a majority of the participants reacted first before assessing their

driving environment [65].

Next we wanted to analyze if the TOT for the two corresponding actions were significantly

different. Fig. 5.4 shows a boxplot of the TOT for the two data sets (on and off road), we can

visibily see that when the participants head is facing the road before the take-over, they take

longer to take-over control of the vehicle. The mean TOT for head off the road is 1.33 seconds

and the mean TOT for head on the road is 1.74 seconds. We conducted a Welch’s t-test for

unequal variance and sample size and found the mean difference in the take-over times to be

statistically significant (t-value = -8.086, p-value = 1.023e−13). A statsitical power analysis

for a unpaired two-sample t-test was performed for unequal variance and unequal sample

size. The significance-level was set to 0.05 and the effect size was 0.41. Finally, the power

was calculated to be 0.9473, which is significantly larger than a commonly used value of 0.80.

Lastly to visually see the difference in head pose behavior, we calculated the dynamic
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Figure 5.4: A boxplot of the take-over times for the training data sets of the head to road
before and after at the time of take-over. The mean TOT for head off the road is 1.33
seconds, and the mean TOT for head on the road is 1.74 seconds.

time warping (DTW) barycenter averages for each of the driver behaviors and plotted them

in Fig. 5.5 [60]. This is a method of averaging time series of different lengths. We can see

that both head positions start at 0, where the participant is focused on the secondary task.

The participants who had their head position facing the road, start moving their head right

away, but it takes some time for them to assess the driving situation and their head position

to stabilize. While, the participants who had their head position off the road seem to be

focused on the secondary task and only start to move their head position as they are taking

over. Given the differences in the TOT, we will be training a separate model for each of the

behaviors outlined above.

5.2.2 Take-Over Time Model Performance

The HSMM TOT model had an overall MAE of 0.269 seconds with a standard error of 0.259

seconds. If we look at the performance of the two individual models, the head off the road

(3 hidden states) had an MAE = 0.246± 0.200 and the head on the road (5 hidden states)

had an MAE = 0.360± 0.352.

Along with point predictions, we can produce confidence intervals (CI) to represent the

level of uncertainty of the prediction as we are able to model the state duration with a
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Figure 5.5: The dynamic time warping barycenter average of the head on road and head off
road examples for the train data set [60]

distribution (normal distribution). For a 95% CI, the mean width for the head off road

model is 0.974 seconds and 86.7% of the predictions fall within the CI. For the head on the

road model the mean width is 0.903 seconds and 59.7% of the predictions fall within the CI.

5.2.3 Model Comparison

To assess our model performance, we trained 3 other regression models for comparison.

These models were a linear regression, random forest, and XGBoost. These models can not

be trained on time series of variable length, so we used 1 seconds worth of time lags as

features for models training on the already pre-processed data, see Sec. 5.1.1. This equated

to 20 input features for each of the 3 regression models. Two models were trained just like

the HSMM for each of the driver behaviors identified in Sec. 5.2.1.

The models test error, the average of both models (head on and head off the road), can

be seen in Table 5.1. We can see that the HSMM performed slighlty better on average than

the XGBoost, but their prediction performances weren’t significantly different due to the

overlapping standard error.

Although the overall prediction performance (MAE) of the HSMM and XGBoost are ap-

proximately the same, we decided to analyze both models in detail to see how they differed.
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Table 5.1: Model mean absolute error on the test data set.

Regression Model Mean Absolute Error (s) Standard Error (s)

Linear Regression 0.341 0.254

Random Forest 0.306 0.242

XGBoost 0.282 0.247

HSMM 0.269 0.259

First we looked at how the models performed at the different prediction percentiles (i.e. as

more time series data is acquired), see Fig. 5.6. The HSMM has better initial prediction per-

formance (0-40%) and end prediction performance (80-100%), while the XGBoost performs

better in the middle of the time series data. Both models tend to have worse performance

as more data is acquired, this will be elaborated on in more detail in the discussion. But

this still does not give us a clear picture of how the models differ, so next we analyze some

examples of each model’s predictions.

Fig. 5.7 shows two example predictions for the same input time series for both the HSMM

and XGBoost to see how the different model properties affect the model performance. The

main property we are going to focus on is how each model handles variable input sizes. The

HSMM can handle time series of variable length, while the XGBoost has a fixed input size

that has to be predetermined before hand (e.g. 1-second). In the top row we have example of

poor model predictions and in the bottom row are examples of good model predictions. We

can see that the HSMM usually has a monotonically decreasing TOT prediction and better

convergence even when the model is performing poorly. On the other hand, the XGBoost

TOT predictions can increase from the last prediction when the model is not performing

well.
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Figure 5.6: Model prediction performance at each prediction percentile, see Sec. ??, for
the HSMM and XGBoost. Both models had similar prediction performance with HSMM
performing better at the end points (0% and 100%) and XGBoost performing better in
middle (20% to 60%).

5.3 Discussion

This chapter evaluated this first research question, which focused on whether the TOT can

be accurately predicted on a continuous scale. The head pose data was first separated into

two different data sets based on the driver behavior at the time of the take-over. Then

two models were trained and the performance was assessed using MAE. Finally, the model

was compared to other commonly used machine learning regression models to quantify its

performance. The results showed that the modeling framework was able to accurately predict

the TOT to within a MAE of 0.269 seconds using a simple data source of the head position

of the driver.
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Figure 5.7: Two example predictions of XGboost and HSMM for the same input data (rows).
In the top row, we have two examples of when the model perform poorly on prediction. Even
though the initial predictions are quite poor, the HSMM is able to converge to the true TOT
as more data is acquired. In the bottom row, we have two examples of where both models
performed well by tracking the target well (slope = -1) and converging to the true TOT.

5.3.1 Driver Head Behavior and Take-Over Time

Analyzing the head pose data revealed two distinct driver behaviors at the time of the take-

over: head facing the road before the take-over (automation deactivation) and head facing

off the road during the take-over. This finding was similar to Vogelpohl et al., who analyzed

gaze behavior during take-over events and found that the majority of drivers took control

before their gaze looked down the road. However, their study did not analyze if there was a

difference in TOT between these two groups of driver behavior.

As expected, the head facing on the road before the take-over had a longer mean TOT of

1.74 seconds, when compared to the head facing off the road, which had a mean TOT of 1.33
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seconds. This finding suggests that when the drivers head is facing the road before taking

control of the vehicle, they can assess the situation and delay their take-over response to be

appropriate to the perceived risk.

5.3.2 Predicting the Take-Over Time

Two take-over time models were trained for each of the driver behavior groups using the

pre-processed head pose data. The combined models had an MAE 0.269 ± 0.259 seconds.

When compared to the mean driver reaction time in emergency braking situations, which is

0.25 seconds, the prediction error of the model is on the same magnitude [25]. This shows

that the model is able to predict the TOT to a reasonable accuracy on a continuous scale.

When analyzing the individual model performance, we found that the head facing on the

road model (MAE = 0.360 ± 0.352) had a worse prediction error than the head facing off

the road model (MAE = 0.246 ± 0.200). This suggests that there is a loss of information

once the head is facing the road and the model performance degrades. Past research has

shown that gaze data contains vital information on when a driver will resume control of the

vehicle [40]. The head pose data is an approximate of gaze, so we lose detailed information

at what exactly the driver is looking at (i.e. the dashboard, the road, the mirror, etc.) once

the head is facing the road. Thus, it is possible to improve the performance of these models

by integrating the gaze of the drive, which is a harder to capture data source in the driving

environment. The model did has some limitations due to the driving simulator study size. In

this study only a single take-over event, driving scenario, take-over alert, and secondary task

was analyzed. Due to this, how the model generalizes to a wider variety of situations still

needs to be explored. Finally, when compared to state-of-the-art machine learning regression

models, our proposed TOT model was able to outperform or perform the same in prediction

performance.
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Chapter 6

ONLINE LEARNING

Past driving experience, individual driver differences, and automation trust have been

shown to have an effect on the takeover of vehicle control in conditional driving automation

[13, 28]. As a result, a driver’s response to conditional driving automation are likely to

evolve from continued use and as the technology changes [44]. Thus, it is important to adapt

the model to account for these individual differences and changes in behavior over time

to improve the model’s performance. This chapter explores the effect of individual driver

differences on the model prediction performance. The objective of this chapter is to address

the second research question of this dissertation:

• Question 2: Does accounting for the within and between driver differences improve the

performance of the take-over time predictions?

6.1 Analytical Methods

Two different time series clustering, using dynamic time warping (DTW) as the distance

metric, and a online EM-algorithm were used to train individual models to evaluate the

effect of individual driver differences on model performance.

6.1.1 Time Series Clustering

Due to the small data set size for each individual driver (12 take-over events) and how online

algorithms require a large amount of data to accurately estimate model parameters [59],

clustering was done to increase the data set size by grouping together similar drivers based

on their head movement behavior. We used two different clustering methods that allowed

for different assumptions about the drivers in our data set. The first clustering method
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we used was hierarchical clustering, which allowed us to assume that every driver had other

drivers that were similar to them and thus belonged to a cluster. Other clustering algorithms

that used the same assumptions were considered, such as K-means. In the end hierarchical

clustering was chosen for its ability to visually analyze the structure of the data using a

dendrogram and for not having to specify the number of clusters before hand.

We decided to also use a second clustering method because the assumption that every

driver in our data set had other drivers similar to them was too restrictive given our driver

population size of 34. We used Density-Based Spatial Clustering of Applications with Noise

(DBSCAN), which allowed us to relax that assumption and assume that only some of the

drivers were similar to each other and not every driver belonged to a cluster. DBSCAN

accomplishes this by allowing for some of the drivers to be labled as outliers or noise and

thus only clusters a subset of the drivers into groups.

Prior to clustering, we had two issues we had to address. First, we wanted to cluster

the participants so all of their data ended up in one cluster and not split between multiple

clusters. Then we had to deal with the variable length of each time series and how to cluster

them together. We took the pre-processed head pose training data for each of the 34 par-

ticipants and created an average time series using DTW Barycenter Averaging (DBA). This

method averages multiple time series of varying length by iteratively updating an average

time series that minimizes the squared distance [60]. The distance metric was computed

using the DTW distance which is based on the Levenshtein distance (also called the edit

distance), see Eq. 6.1 [51, 62].

D(Ai, Bj) = δ(ai, bj) +min


D(Ai−1, Bj−1)

D(Ai, Bj−1)

D(Ai−1, Bj)

 (6.1)

Where A =< a1, a2, ..., aTA > and B =< b1, b2, ..., bTB > are two time series of varying

length, Ai is the subsequence (< a1, a2, ..., ai >) of time series A, and let δ be the Euclidean

distance between the elements of each time series. At a high level, DTW allows for a one-to-
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Figure 6.1: An example of how DTW is able to calculate distance between two time series
of variable length. It is able to match elements of each time series together in a one-to-many
relationship.

many matching of the elements of each time series to each other, see Fig. 6.1. This average

time series was then used for clustering, which ensured that all of a participants data ends

up in a single cluster.

Hierarchical clustering builds clusters from the bottom up by merging nearby clusters.

The method starts with each observation in its own cluster and successively merges clusters

together until all observations are in a single cluster at the top. The number of clusters

can be determined beforehand by specifying the number of clusters you want or it can be

determined by the algorithm through the use of a distance threshold. In our case we used

the distance threshold and dendrogram plot to determine the number of clusters.

DBSCAN, unlike hierarchical clustering, does not require the number of clusters to be

specified before hand. Instead it will discover the number of clusters based on two parameters:

the neighborhood size (ε) and the minimum number of data points to create a cluster [15].

These 2 parameters control, in our case, the minimum number of drivers needed to create a

cluster and how similar drivers need to be to join a cluster. The parameters for DBSCAN

were tuned so that at least 50% of the participants were put into a cluster instead of identified

as noise or outliers.
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6.1.2 Mini Batch Online-Expectation Maximization Algorithm

For online learning, we implemented a mini-batch algorithm for online-EM proposed by

Nguyen et al. [52]. The mini-batch algorithm processes a mini-batch (m) of time series

observations and calculates the model parameters (s̄(xi)) that will be updated. Then the

model parameters are updated for the ith iteration of the online learning using Eq. 6.2.

s(i) = (1− λi)s(i−1) + λis̄(xi) (6.2)

Where s(i−1) is the model parameter from the i− 1 iteration and lambdai is the current

iteration learning rate. The learning rate for the ith iteration is calculated by raising the

previous (i−1) learning rate to the power of the learning decay (α), see Eq. 6.3. The update

equations for the model parameters are the same as described in Ch. 5.1.2.

λi = λαi−1 (6.3)

There were 4 parameters for the online learning EM-algorithm: the learning rate (λ),

the learning rate decay (α), the mini-batch size (m), and the mini-batch overlap (moverlap).

These parameters were tuned using a random search and cross validation (80/20). After

tuning the parameters, the final models were trained on the full training data set.

6.2 Results

The procedure we followed to cluster the data was to first average the time series data on

the training set of each participant to produce a single time series using DBA [60]. This

produces what the average head movement during the take-over event would look like for

each participant and allowed us to cluster all of the participants data into the same cluster.

These average time series for each participant were then fed into an unsupervised clustering

method (DBSCAN or hierarchical clustering with DTW as the distance metric) to produce

the clusters [15]. For DBSCAN only the drivers that were identified in a cluster were used

for model training and assessment. The clusters were then used to train individual models
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using the online EM-algorithm. The prediction procedure on the test data set was the same

procedure described in Ch. 5.2.

6.2.1 Hierarchical Clustering

For hierarchical clustering, the distance thresholds were determined by examining the den-

drogram to analyze the linkage structure of the participants, see Fig. 6.2 and 6.5. The

dendrogram showed many choices of distance thresholds that would lead to clusters consist-

ing of 1 or 2 participants. These small clusters would have been counter productive to our

original goal of increasing the data set size for training. Thus the distance threshold was

determined to have the clusters as large as possible (the blue lines in Fig 6.2 6.5).

For the head off the road data set, the hierarchical clustering identified three clusters of

size 22, 7, and 5 (clusters 1,2 and 3). The clusters were analyzed by plotting the average head

movement to see if any patterns in driver responses could be identified, see Fig. 6.3. The two

small clusters, clusters 2 and 3, had similar head movement behavior where drivers showed no

head movement until the final moment when the driver started taking-over. The difference

between the two clusters was that cluster 3 seemed to have an erratic head movement at the

time of the take-over. Cluster 1 was the largest with 22 of the participants. The drivers in

this cluster showed a behavior of some initial head movement like they are reacting to the

TOR, but the drivers seemed to be distracted in trying to finish the secondary task before

finally take-over control of the vehicle. The TOT of each cluster were then compared, see

Fig. 6.4. Cluster 1 had the largest variation in TOT with a mean of 1.34 seconds and a

standard deviation of 0.26. Cluster 2 had a mean TOT of 1.36 and standard deviation of

.20. Cluster 3 had the smallest mean TOT of 1.25 seconds and standard deviation of 0.25.

For the head on the road data set, the hierarchical clustering identified two clusters of

size 26 (cluster 2) and 7 (cluster 1). Cluster 2, the larger of the two clusters, exhibited a

behavior of an initial head movement to the road followed by a second head movement to

assess the take-over situation (see Fig. 6.6). This group had the longest mean TOT of 1.79

(SD=0.61) seconds, which indicates that the drivers took their time to take-over control and
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Figure 6.2: dendrogram of the identified clusters for the head off the road data set. We split
the data using a distance threshold of 0.15 to divide the data into three clusters.

Figure 6.3: Using hierarchical clustering, three clusters were identified for the head off the
road data set. The average head movement for each of these clusters was plotted.

felt safe to delay their response, see Fig. 6.7. The other cluster identified had a quicker head

movement to the road and a shorter TOT mean TOT of 1.43 (SD=0.36) seconds. This group
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Figure 6.4: The take-over time for each cluster in the head off data set with hierarchical
clustering.

of drivers seemed to assess the outside driving situation as a high crash risk and decided to

take-over control of the vehicle immediately.

Figure 6.5: dendrogram of the identified clusters for the head on the road data set. We split
the data using a distance threshold of 0.8 to divide the data into two clusters.
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Figure 6.6: Using hierarchical clustering, two clusters were identified for the head on the
road data set. The average head movement for each of these clusters was plotted.

Figure 6.7: The take-over time for each cluster in the head on data set with hierarchical
clustering.
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6.2.2 DBSCAN

For DBSCAN, only a subset of participants were clustered together and the rest were iden-

tified as noise or outliers. Under the assumption that not all the drivers were alike, we took

a conservative approach and tuned the parameters to cluster about 50% of the participants

into groups.

For the head off the road data set, DBSCAN identified one clusters of size 18. The

average head movement for this cluster was plotted in Fig. 6.10. This cluster was similar

to the cluster 1 identified by hierarchical clustering in head movement behavior and the

take-over time. The drivers were distracted by the secondary task for the majority of the

take-over and only start to move their head to the road as they are taking-over control of

the vehicle. When compared to cluster 1 of the hierarchical clustering, the mean TOT was

similar at a mean of 1.30 seconds and a standard deviation of 0.24, see Fig 6.9.

Figure 6.8: Using unsupervised clustering (DBSCAN with DTW), a single cluster was iden-
tified for the head off the road data set. The time series labeled as noise are not plotted.

For the head on the road data set, DBSCAN identified two clusters of size 9 and 7 just

like hierarchical clustering. The average head movement for this cluster was plotted in Fig.

6.8. The two clusters had similar head movement behavior as the clusters identified in the
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Figure 6.9: The take-over time for each cluster in the head off data set with DBSCAN.

hierarchical clustering. With cluster 1 exhibiting a low crash risk scenario where drivers have

time to make two distinct head movements and delay their take-over (mean = 1.76 seconds

and standard deviation = 0.52). Cluster 2 can be interpreted as a higher crash risk scenario

where drivers move their head to the road and take-over immediately. The participants in

this cluster had shorter TOT of mean of 1.60 seconds with a standard deviation of 0.54. The

TOT were plotted in Fig. 6.11.

6.2.3 Online Learning

The 4 parameters for the online learning model were tuned using the training loss. The final

parameter values used were: a mini-batch size of 8, a mini-batch overlap of 4, a learning rate

of 0.01, and a learning rate decay of 0.99. For training, the data was shuffled then processed

sequentially for mini-batch training. For model performance assessment, we are examining

the difference between the offline models performance and the online models performance in

MAE, see Eq. 6.4. This allows us to see if there is any improvement in the model performance

of the online models when compared to the offline models.
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Figure 6.10: Using unsupervised clustering (DBSCAN with DTW), two clusters were iden-
tified for the head on the road data set. The time series labeled as noise are not plotted.

Figure 6.11: The take-over time for each cluster in the head on data set with DBSCAN.

l(x) = MAEoffline(x)−MAEonline(x) (6.4)

For the hierarchical clustering, a total of 5 online models were trained (3 for head off
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and 2 for head on). The model error (offline-online) for the head off the road model was

MAE : 0.0009± 0.0285 for the train data set and MAE : −0.0030± 0.0223 for the test data

set. For the head on the road model, the train error was MAE : 0.0005 ± 0.0176 and the

test error was MAE : 0.0002± 0.0223. A one sample t-test was performed on the difference

in prediction performance on the train data set and not the test data set due to the sample

size. For the head off the road model there was no significant difference between the offline

and online models (p-value: 0.1868, t-value: 1.3202). For the head on the road model there

was no significant difference between the offline and online models (p-value: 0.1848, t-value:

1.3265).

For DBSCAN, a total of 3 online models were trained (1 for head off and 2 for head on).

The model error (offline-online) for the head off the road model was MAE : 0.0029± 0.0774

for the train data set and MAE : −0.0118 ± 0.0647 for the test data set. For the head

on the road model, the train error was MAE : 0.0009 ± 0.0175 and the test error was

MAE : −0.0001 ± 0.0180. Both models were not significantly different when compared

to the offline models (head off models: p-value: 0.1382, t-value: 1.4826; head on models:

p-value: 0.3540, t-value: 0.9269).

6.3 Discussion

This chapter explored the effects of individual driver differences on model performance.

The drivers were first clustered into groups using two different clustering methods with

different assumptions about the drivers. Next, online models were trained for each of the

clusters identified and their prediction performance was compared to the offline models. The

research question this chapter set out to answer is inconclusive the effect of individual driver

differences was not able to be analyzed due to the data set size. Instead, the results show

that accounting for differences between groups of similar drivers, such as families, does not

improve model performance. The effect of individual driver differences still needs to be

explored.

The results indicate that there was no significant difference in model performance when
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accounting for groups of similar individual drivers. This is an important finding because it

shows that using pooled data from multiple participants will not improve the model per-

formance. So manufacturers will have to account for differences at the individual level and

can not assume that a family of drivers will all be the same. This analysis does have some

limitations. The analysis was not able to train individual driver models, thus the findings

do not provide insight on the effect of individual driver differences. By expanding the study

to have more data for each individual driver, the effect of individual driver differences can

be analyze and different online-learning methods can be applied. A second limitation is that

only a single online learning algorithm was explored and there are many different algorithms,

such as gradient descent or another online EM-algorithm, that can be applied to this frame-

work. These alternate algorithms need to be analyzed to identify the one that is best suited

for use in the vehicle environment.
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Chapter 7

GENERAL CONCLUSIONS

This chapter provides an overall summary of the findings of this dissertation, possible

application areas, and future research.

7.1 Overall Findings

The objective of this dissertation was to model the TOT of drivers in conditional automated

driving, as well as examine the effect of individual driver differences on model performance.

A driving simulator study using conditional driving automation was used to capture the

take-over responses of drivers. Each driver was exposed to 12 take-over events over a 25

minutes drive. The TOT was modeled using a HSMM and head pose data. Finally, online-

learning was used to explore the effect individual driver differences on model performance.

The key findings from this dissertation are summarized below:

1. Take-Over Time and Head Behavior. Drivers whose head was facing the road before

taking-over control of the vehicle tended to have a longer TOT, relative to participants

whose head was facing off the road.

2. Take-Over Time Modeling. The TOT model was able to predict the true TOT to within

an error of 0.269 seconds on average. The head off the road model tended to have better

prediction performance than the head off the road model. When compared to other

state of the art machine learning regression models, the HSMM was able to outperform

or perform the same. The HSMM provided other beneficial model properties such as

prediction uncertainty (confidence intervals) and the ability to handle variable input

size.
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3. Head Pose Data. The head position of the driver was shown to be highly correlated

with TOT. However, the prediction performance of the head on the road model suggest

that there is a loss of information once the driver’s head is facing the road. As an un-

obtrusive and easy to measure data source, the head pose provides enough information

to accurately model the TOT of drivers in conditional automated driving.

4. Individual Driver Differences. There were no statistical differences between the offline

and online models with regard to MAE. The results suggest that updating the model

parameters at a grouped level, for example a family of drivers or rental cars, does not

improve the model. However, the data set size for each participant was too small to

train individual models so the effect of individual driver differences still needs to be

explored.

7.2 Contributions

As autonomous vehicles become increasingly available in the market, gaps in the technology

will require the driver to remain in the loop in case they need to take-over. These transitions

of vehicle control are periods of high crash risk where our model can be applied to increase

driver safety and technology adoption. One major limitation in the literature is that there

is a lack of regression prediction models that focus on the TOT using a simple data source.

The majority of the research evaluates how much time is needed for a driver to take-over

control, but depending on the situation and driver, the TB that is optimal will not always

be the same. Hence, there is a gap in the knowledge on predictions frameworks that can

model the TOT of a driver. Therefore, this dissertation developed a framework for predicting

the TOT of a driver in conditional automated driving and explored the effects of individual

driver differences.

The first research question focused on if the TOT can be predicted accurately on a

continuous scale. The scientific contributions from this research question is the developed

framework. This framework is flexible as the model can be adapted by changing the dis-
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tributions used for modeling the observations and the state duration, the algorithm used

for offline model learning, the input data used, and the algorithm used for online learn-

ing. So as the technology continues to change, the model can be adapted to accommodate

these changes. This framework can also be applied to modeling a drivers behavior to any

alert/warning/system cue and is not just applicable to TOT modeling.

The second research question focused on individual driver differences and their impact

on the model performance. The scientific contributions from this research question is that

even though individual driver differences has been shown to be correlated to the TOT, how

to adapt prediction model to account for individual or even grouped differences is an area of

research that still needs to be explored. The findings from this study have been disseminated

into two academic journal articles and a conference preceding.

7.2.1 Publications

The results relating to development of a driver behavior model for a drivers response to

an alert was evaluated on a manual driving data set. The results showed that the model

was able to accurately predict when a driver would respond to an IVIS. These findings are

in press to a special issue of IEEE Transactions on Intelligent Transportation Systems on

technologies for risk mitigation and support of impaired drivers (Hwang, Boyle, & Banerjee,

accepted). This corresponds to the Model Framework in Fig. 7.1.

The results relating to TOT predictions using the previously developed model showed

that the model was able to accurately predict the TOT to within 0.269 seconds on average.

The draft for this manuscript is completed and being prepared for submission to IEEE Trans-

actions on Intelligent Transportation Systems (Hwang, Boyle, & Banerjee, in preparation).

This corresponds to the Simulator Study and Take-Over Time Model in Fig. 7.1.

The results relating to the online learning of the TOT model show that there may be no

benefits for updating the model at a grouped driver level. The results show there was no

difference between then offline model and the online model performance, but the data set

size was small and further investigation needs to be done. This manuscript is currently being
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Figure 7.1: An overview of the proposed work and the relationship to the two research
questions.

prepared for submission to the 64th Annual Meeting of the Human Factors and Ergonomics

Society (Hwang, Boyle, & Banerjee, in preparation). This corresponds to the Simulator

Study and Online Learning in Fig. 7.1.

7.3 Limitations

A study limitation was the given time frame the data was collected (1 drive). Given more

resources and time available, a larger study may show clear benefits of online learning for

individual model performance and how the model performs in a variety of driving scenarios.

The TOT model was shown to be able to accurately predict the TOT, but it is possible that

the model is only effective in the scenario designed for this study. Thus, a larger study could

provide more insight on how individual driver differences effect model performance and how

well the model generalizes to different scenarios and real-world scenarios.

The data collected for this study came from a driving simulator. While driving simulator

studies are beneficial in being able to control the independent variables, the risks drivers are

willing to take are likely different when compared to an on-road study. That being said,

driving simulator studies have been used numerous times to model driver behavior and this

is a good first start to demonstrate the efficacy of our proposed framework.

The online learning results suggests that there is no difference to little difference in model

performance when accounting for individual differences. This study exposed drivers to 12
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take-over events. Even with this small data set, some model improvements were shown

with online learning. By investigating the effect of individual differences, more significant

improvements in model performance could be obtained. This will help to improve the model

to adapt to the driver and increase the drivers trust in the system.

7.4 Future Research

The results of this study suggest that the TOT of a driver can be modeled accurately using

time series data and a HSMM. This dissertation developed a framework for modeling and

predicting the TOT of drivers in conditional driving automation and explored the effect of

individual driver differences. However, a larger driving simulator study, various scenarios, or

other data sources could help to improve the modeling framework.

More specifically, future research should consider a larger data set size (driving simulator

or naturalistic) to analyze how the model generalizes to a variety of scenarios, real world data,

or to conduct further analysis on the effects of individual driver differences. For example,

sudden break events would have increased the crash risk and thus could effect the model

performance. With a larger data set size different more factors can be manipulated to

understand how the model generalizes to a wider variety of scenarios. Finally, other data

sources should be investigated even though head pose data was shown to be highly correlated

to the TOT. Recall the head pose data finding in Ch. 7.1, where once the head stops moving

there is a loss of information about when the driver will take-over. Thus, there is still room

for model improvement by investigating other data sources and how they can be integrated

with the framework presented in this thesis. The last area of future work is taking this

framework and implementing it in a conditional autonomous vehicle, such as the Tesla. This

is important to understand how the information from this framework can be used to help

improve driver safety. But before this framework can be applied in a real vehicle, an adequate

online learning algorithm needs to be identified and implemented. As the driver continues to

be use the technology and the manufacturers continues to update the technology, a method

on updating the model to reflect these changes needs to be implemented for the framework
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to be used in the applied setting.
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