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Abstract

Driver distraction from secondary in-vehicle activities is recognized as a significant source of people
injuries and fatalities on the road. Cognitive workload as one main source of diver distraction is vital to
understand the driver state in partially automated cars. eDREAM Project, conducted during May 2015
to November 2016, was initiated to develop an advanced driver monitoring system that utilizes advanced
sensory and vision technologies to improve driving experience and safety. Vehicle-based measures, physi-
ological measures and video-based measures data were collected in order to discover the various impacts
of cognitive load. Those measures were collected from a total of 36 gender-balanced participants and
a driving simulator under three incremental cognitive task-load conditions. The NASA-TLX question-
naire was used for rating various demands and efforts in order to collect participants’ perceived cognitive
workload level after each drive that contained different task-load. This document focused on the process
of experiment design and implementation, future sections on resulted dataset and analysis results will

be added.
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Glossary

ANOVA  Analysis of variance.. 7

Critical Period A period in each drive where di erent levels of task-load would be imposed (while all other

conditions are controlled to be the same). 8, 22{25, 28

D-Lab Software for collecting signals from physiological sensors and webcams in this experiment. 16, 17,
19, 31, 32, 34, 35, 38

ECG Electrocardiogram. 7, 11, 25, 32, 35
EEG Electroencephalogram. 3, 7, 10, 11, 25, 32{34

EV External Vehicle, refers to the vehicle controlled by the experiment participant in the driving simulator.
21{23, 27

FaceLab The commercial eye-tracker used in the experiment. 15, 19, 25, 31, 36, 37

GoPro The colour camera used in the experiment. 16, 19, 31, 38, 39

GSR Galvanic Skin Response. 7, 11, 25, 32, 34{36
HRV Heart Rate Variation. 35
IVIS In-Vehicle Intelligent Systems.. 7

LV Lead Vehicle, which is the vehicle directly in front of the external driver in the driving simulator. It is

programmable and controlled by the simulator. 21{24, 26, 27, 29
miniSim  The driving simulator system. 15, 16, 19, 21, 23, 24, 27, 28, 30{33, 36, 37

RESP Respiration. 7, 11, 25



1 Exclusive Summary

With the popularization of the vehicle and development of technology, the public begin to pay attention to
the issue of enhancing driving safety through some techniques. One of the way which is helpful to reduce
the accident rate is enabling the vehicles or devices to detect driver inattention. So the \EDREAM" project

is presented to reach the goal of mitigating negative e ects of high secondary cognitive task-load on drivers
through developing an advanced driver monitoring system with advanced sensory and vision techniques. In
general, we know that distractions can be classi ed into three categories including manual distraction, visual
distraction and cognitive distraction. In EDREAM project, it narrows the problem by focusing on cognitive
tasks which is a more challenging area comparing to fatigue or visual distraction. In studies in this eld,
the impact of increased mental workload on various measures by conducting statistical analysis is always
the important issue. It worth mentioning that fewer works research on cognitive distraction and mental
workload assessment comparing to other topics in driver monitoring such as driver's vigilance or distraction,
instead of \daydreaming" cases.

In previous studies, researchers mainly chose to employ statistical analysis tools to extract essential trends
from the signals or build machine learning models and analyze selected features. However, this experiment
does not have the limitations of the ensuing data analysis approach. The objectives of this experiments
are collecting various typed of data from drivers and isolating the impacts of cognitive workload. For the
purpose of nding di erent impacts of cognitive load and facilitate the study of possible information fusion for
driver mental workload estimation, three approaches were employed to collect data which are vehicle-based
measure, physiological measures and video-based measures. Because of the insensitivity on the onset of driver
state changes and some other reasons, vehicle measures may not provide the most reliable and consistent
indications for assessing driver's mental workload. Although physiological measures enjoy the advantages
of being more sensitive and having faster response, it is hard or even not realistic to apply those intrusive
physiological sensors in real life driving. The approach of video-based measures, which aims to detect blink,
gaze and visual attention estimation, facial expression and so on, is easy to use and quick at detecting
the onset of abnormal driver states. In order to isolate the impacts of cognitive workload, three levels of
task-load were showed in separate drives in a counter-balanced order. In addition, the external conditions,
such as vehicle behaviour, ambient tra ¢ and driving route, are controlled to be the same. However, it is
more di cult to elicit, isolate and identify changes happened purely in cognitive states comparing to other
common driving problems. And it is also challenging to detect internal cognitive changes by observations
during run time. As a consequence, the e ectiveness of the tasks should be designed carefully and optimized
during design process.

During the early phase of the project, we collect data through a driving simulator study from three
incremental cognitive workload scenarios. We collect driving performance measures including driver's various
physiological, visual and performance changes due to three incremental cognitive task-load conditions: no

task (baseline), 1-back (lower external cognitive task-load), and 2-back (higher external cognitive task-load).



Beyond that, video recordings, a remote eye-tracker and a comprehensive set of physiological signals are also
acquired including EEG, Electrocardiogram (ECG), Galvanic Skin Response (GSR) and Respiration (RESP).
To minimize the variability in participant skills, controlling the age group and ensuring the function of eye-
tracker system, we recruit people who satisfy the requirement of under 35-years old, driving at least several
times per month and hold a full driver's license (G license or equivalent) for at least 3 years, and without
glasses. Our data acquisition system contains driving simulator and vehicle-based measures, vision-based
measures, physiological measures, subjective measures and enjoys the property of data synchronization. The
implantation of the experiment is challenging mainly due to the goal of controlling all tra ¢ conditions
while not being completely monotonic and the instability of the miniSim system and its associated tools.
We increase the complexity of map for miniSim to induce enough workload for participants so that we could
create a scenario which is closer to real world. Besides, we specify LV's behaviours, redesign drives and task
arrangements, ensure signal quality to get a better experiment result.

In this report, we rst introduce the background and objective of the EDREAM project, brie y summa-
rizing some previous works and analyzing their room for improvement and di erences between our works
and some previous studies. Then we present our experiment from the aspects of the requirement of choos-
ing participants, the composition and characteristics of the Data Acquisition System, scenario design and
implementation, challenges and discussion and so on. In the nal section, we shown how the collected data

were organized.



2 Introduction

In order to fulll the modern needs of enhancing driving safety under cognitive distractions imposed by
In-Vehicle Intelligent Systems (IVIS), the \EDREAM" project was initiated to develop an advanced driver
monitoring system that utilizes advanced sensory and vision technologies to improve driving experience and
safety. As an early phase of the EDREAM project, a driving simulator study was conducted to collect
data from various sources under three incremental cognitive workload scenarios. In addition to driving
performance measures, video recordings, and a remote eye-tracker, a comprehensive set of physiological
signals were also collected, including EEG, Electrocardiogram (ECG), Galvanic Skin Response (GSR) and
Respiration (RESP).

This report provides a comprehensive documentation of the EDREAM experiment. Experiment objec-
tives and related works are introduced later in this section. The experiment design, including the scenario
implementation, data acquisition system and participant recruitment methods, are reported in Section 2.0.
Challenges and lessons learnt are discussed within each topics' subsections. In the future, contents for data

reduction process and analysis results should be added.

2.1 Research Questions

Cognitive distraction and mental workload assessment are less developed elds comparing to other topics in
driver monitoring: most studies focused on driver's vigilance or distraction would either exclude the cases of
\daydreaming", or treat cognitive distraction as part of general distraction induced by the secondary tasks.
Eliciting, isolating and identifying changes that happened purely in cognitive states would be much more
di cult comparing to other common driving problems.

However, recent crash statistics suggested the use of voice-command interface or hands-free mode of IVIS
would not remove all the adverse e ects, although they omit taking eyes o road or hands o wheel [1].
This revealed the necessity of studying driver's cognitive workload, and build the foundation for developing
next-generation smart vehicles that could monitor driver's cognitive states, and take actions (either take
control from the driver or send out appropriate alerts) to avoid detrimental consequences.

As there were less established conclusions, studies of driver's cognitive states would consider searching for
informative measures (\discovery") on top of creating the most e ective application system (\application").
There were two main approaches in previous studies on driver's cognitive states: either employ statistical
analysis tools (e.g. ANOVA) to extract essential trends/characteristics from the signals [2], or build machine
learning models and analyse selected features [3]. This experiment does not impose limitations on the ensuing

data analysis approach, and the resulted dataset could be used to answer the following research questions:

(&) What kind of changes would accompany increased cognitive workload?

i. Would our ndings be consistent with previous studies (if similar measures were employed)?



ii. How could we index cognitive workload?

iii. How to determine when cognitive workload would impair the driving performance?

(b) How to assess drivers' cognitive workload based on signals from vehicle-based measures, physiological

sensors, and/or video-based measures?

i. Is it possible to determine cognitive workload in real time?

ii. Which modelling method would be most e cient in determining the drivers' cognitive workload?

(c) Do driving performance (i.e. speed keeping, lane keeping and reaction to hazardous events) degrade

when cognitive task-load increased?

(d) How e ective are the chosen secondary cognitive tasks in raising cognitive workload?

2.2 Objectives

With the research questions identi ed in the previous subsection, two principal objectives that guided the
whole data collection process were identi ed.

The rst objective of this experiment is to collect various types of data from drivers. In previous studies,
there has been three approaches to measure driver's states objectively: (1) vehicle-based measures, (2)
physiological measures and (3) video-based measures [4]. In order to discover the various impacts of cognitive
load and facilitate the study of possible information fusion for driver mental workload estimation, this
experiment collected data coming from all of these three approaches (see Table 1). To our knowledge, this
is the rst driving experiment that collects such a wide selection of signals. Thus, the end dataset could
also provide a unique opportunity for studying the di erences/correlations of di erent types of signals. As
EDREAM project is a multi-disciplinary collaboration, this dataset would be analysed by researchers coming
from di erent backgrounds, with diverse skills and interests.

The second objective of this experiment is to isolate the impacts of cognitive workload. Three levels
of task-load (from no task to higher task-load) were presented in separate drives in a counter-balanced
order. It is assumed that di erent task-load levels should signi cantly in uence the participants' internal
cognitive states. In order to isolate the impacts of cognitive workload, this simulator study designed several
Critical Period where all external conditions (except the cognitive task-loads) are controlled to be the same.
These conditions include the lead vehicle behaviour, ambient tra c, and driving route. The secondary
task responsible for imposing the di erent task-load level was a modi ed version of the n-back task, which
was inspired by its application in several driving studies [5]. Nonetheless, it is very di cult for experiment
investigators to detect internal cognitive changes by observations during the run time. Thus, the e ectiveness

of the tasks should be carefully considered and optimized during the design process.



2.3 Background

Enabling vehicles/machines to detect driver inattention has been a long desired function, and will continue to
be in the future of self-driving cars. Conditions that could negatively in uence driving safety include drowsi-
ness, extreme emotions, and distractions. Speci cally, distractions can be classi ed into three categories:
manual distraction (e.g. operating the car's air conditioner), visual distraction and cognitive distraction.
Di erent types of distractions are not always individually separated or independent to each other, thus
several of them can contribute to an accident at the same time.

In EDREAM project, we narrow the focus to driving problems associated with cognitive tasks. This
is a more challenging area comparing to fatigue or visual distraction. Studies in this eld often aimed to
discover the impact of increased mental workload on various measures by conducting statistical analysis
(e.g., [6, 7, 8, 2]). On the other hand, a handful of studies that applied machine learning to develop real-time
classi cation or prediction systems also research for the most representative features of cognitive distraction
[9, 10, 3, 11]. These studies proposed various theories. But due to the complexity and di culty of this
problem, a big gap remains for developing a robust detection system.

In the Background section, we attempt to provide some insight into the topics that forms the background
of this experiment, including: 1) similarities and di erences of cognitive distraction, workload and task-load,
2) possible approaches for driver monitoring, and 3) previous ndings on the in uence of high cognitive

workload.

2.3.1 The Cognitive Aspect

Before moving further, we should clarify the terms that are used to describe driver's cognitive states in this
study. Cognitive distraction and mental workload are two inter-related concepts that appears very similar
in many studies, but they are di erent at root. In real world, the driving task itself can already be very
demanding in terms of mental workload: for example, an experiment was dedicated to capture the changes
of driver workload due to di erent road conditions [12]. On the other hand there are studies on cognitive
distraction (e.g. [9]), where some secondary task will be imposed during driving.

The Yerkes-Dodson law [14] is a classical model to relate task performance with mental arousal, which
was used in the experiment's proposal to motivate the problem. Its core idea is often represented as a
bell-shape curve (Figure 1). On the left end of the curve, task performance degrades when the arousal level
is low, which corresponds to the danger of driving under fatigue or low-vigilance situations. Secondary tasks
that adds mental workload (e.g. listening to radio or having conversation with passengers) may have positive
e ects on driver when they help to bring the arousal level higher, moving to the center, optimal range of the
bell shape. However, when the mental workload is overloaded, causing anxiety or stress, driving performance
also degrades.

This model does not demonstrated the con ict of cognitive demands and reallocation of resources, where

the total mental workload or arousal level might not have changed signi cantly. There are other mental
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