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Abstract

Traffic control operators (TCOSs) are at risk of human fatigue due to their
heavy workload, their monotonous work, and the long duration of their shift
work. Human fatigue can result in inefficiency, impaired alertness, and even a
high probability of human error, and it has been identified as the primary cause
of many traffic accidents. Thus, much research has focused on the management
of human fatigue in transportation. However, strategies for managing human
fatigue in transportation mainly focus on a single aspect of human fatigue, such
as mental fatigue or physical fatigue. In addition, the existing strategies
primarily center on prescriptive hours-of-work regulations. However, such
regulations lack flexibility and fail to consider factors such as individual
differences and the dynamic working conditions involved in traffic control. To
fill this research gap, this study aims to develop context-aware human fatigue
management strategies based on dynamic interactions between the contextual
factors of human fatigue other than hours of work.

In this study, data-driven approaches are proposed to prevent and mitigate
human fatigue across traffic control centers (TCCs) and to develop context-
aware fatigue management, which consists of four parts: task-driven causal
factor analysis (TCFA), eye movement-based fatigue detection (EMFD),
context-aware human fatigue prediction (CHFP) and data-driven intervention
design (DID). Specifically, TCFA identifies and evaluates direct and indirect
causal factors wusing a fatigue causal network that considers the
multidimensional aspects of human fatigue. EMFD enables an objective and

unobtrusive assessment of human fatigue by conducting gaze-bin analysis to
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obtain inputs for semisupervised bagged trees. EMFD paves the way for an
alternative means of detecting human fatigue and enables the application of a
low sampling rate eye tracker in TCCs. CHFP adopts a novel fatigue causal
network and bagged tree techniques to predict human fatigue based on complex
and interacting context data. Both dynamic work conditions and individual
differences are considered in CHFP. To lower the occurrence of fatigue, a novel
scheduling algorithm and a user requirement (UR)-driven framework for the
redesign of traffic alarm systems are developed to achieve DID, which
adaptively arranges work for operators by considering individual differences
and work types and provides recommendations for reducing alarm fatigue.

Several case studies were conducted in vessel traffic service centers to
demonstrate and test the efficiency of the proposed context-aware human
fatigue management approach. TCFA enabled both direct and indirect causal
factor analysis. EMFD achieved an excellent accuracy of 89%, outperforming
other classical methods, while CHFP achieved a high accuracy of 89%.
Furthermore, DID, which adaptively arranges work for operators by considering
individual differences and work types, showed that 27% of operators could be
rearranged to reduce the possibility of human fatigue.

In conclusion, this research develops a novel context-aware system for
human fatigue management that advances the applications of artificial
intelligence (Al) in human factor studies, provides insightful guidance for
safety managers regarding the mitigation of human fatigue, and lays the

foundation for further explorations of context-aware safety management.
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Chapter 1 Introduction

This chapter consists of five sections. The research background is
presented in Section 1.1, in which the importance of human fatigue
management and the necessity of context-aware management are highlighted.
Based on the research background, the objectives of this study are stated in
Section 1.2, followed by the scope of this research in Section 1.3. Subsequently,
the significance of this research is elucidated in Section 1.4. The introductory
conclusion, with an outline of the organization of this thesis, is given in Section

1.5.

1.1 Background
Traffic control centers (TCCs) provide services to traffic operators (e.g.,

drivers, pilots, and masters) to maintain the flow and safety of traffic and to
decrease environmental impacts while improving economic efficiency. TCCs
are implemented for all modes of transport, including vessel traffic service, air
traffic management, freeway traffic management and rail traffic control [1-3].
Unlike traffic operators, the work of traffic control operators (TCOs) includes
intense information processing and passive monitoring instead of active control
[4]. In addition, they work around the clock in shifts to guarantee smooth traffic,
mitigate delays and improve the safety of the traffic network. Shift work has
been found to be a major cause of human fatigue in transportation [5], as it
interrupts the sleep-wake cycle and degrades the sleep conditions. As a result,
TCOs usually face a higher probability of human fatigue [6] than traffic
operators, inducing higher chances of disastrous outcomes for public safety [7,

8].
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Human fatigue can lead to a delay in response time, undermine the
capacity for information integration, and even reduce situational awareness.
Fatigue is increasingly considered to be the primary cause of most traffic
accidents [9], and the National Highway Traffic Safety Administration
(NHTSA) reported that drowsy drivers cause nearly 100,000 crashes per year in
the United States of America [7]. A survey of 1488 pilots found that 71% of
them suffered from fatigue [10]. In rail transport, “an operator falling asleep”
has been frequently reported as a contributing factor in critical accidents [11].
Hence, it is imperative and vital to manage and address human fatigue in TCCs.

Recently, organizations and researchers have advocated improving work
schedules as the main solution to reduce the risk of human fatigue [12]. Such
organizations and researchers increasingly rely on biomathematical fatigue
models to assess the likelihood of human fatigue under a given work schedule
and to manage the impact of shift design [13, 14]. It is important to assess the
human fatigue of TCOs associated with a given work schedule. Nevertheless,
emerging fatigue models in other fields are not adequate for traffic control due
to the following challenges. First, existing models focus on time effects [15]
and pay insufficient attention to dynamic working conditions. The working
conditions of TCOs vary with vehicle type, traffic density and weather
conditions and usually impose a dynamic workload on TCOs [16].
Nevertheless, the existing fatigue models assume that operators have a stable
workload. Second, few current models consider individual differences in
response to fatigue-inducing factors. In general, there are dramatic individual

differences in the experience of human fatigue [14]. Depending on factors such
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as personality, age, and experience, the degree of human fatigue varies
significantly for different TCOs under the same working conditions [17, 18].

Considering these two limitations, context-aware management may be
adopted to reduce the risk of human fatigue. The goal of context-aware
management is to acquire and utilize contextual information to provide
appropriate services to a particular type of people at a specific time [19]. In this
study, context-aware management will provide a foundation for adaptive
fatigue prediction and work arrangement. In general, context includes
information about the present status of any entity in the environment [19].
Specifically, the context of human fatigue includes fatigue-inducing factors and
the effects of human fatigue on psychophysiological behaviors. According to
recent studies, considering more related factors would be beneficial for
managing human fatigue [7, 12, 20].

In summary, the complex interactions among fatigue-inducing factors
highlight the necessity of context-aware fatigue management. Nevertheless,
context-aware management is a relatively new field of research. Applying this

approach to human fatigue management in TCCs involves several challenges:

1) Human fatigue is usually confused with tiredness and drowsiness
[21]; in some studies, human fatigue, tiredness, and drowsiness are
synonymous [6]. Nevertheless, some researchers have suggested
that there are significant differences between drowsiness and
human fatigue [22]. Wolf et al. [23] found correlations and
differences in reported sleep and perceived fatigue. Hence, it is
necessary to clearly define “human fatigue” before identifying its

causal factors.
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2)

3)

4)

There is an inordinate number of interacting factors that induce
human fatigue [24]. Considering their complex interrelationships, it
is very challenging to determine the key causal factors of human
fatigue, and it is difficult to objectively assess the importance of
such causal factors due to the limited number of accident reports
related to human fatigue. In general, the objective measurement of
such factors hinges on statistical data derived from incidents and
accidents [25]. Nevertheless, human fatigue is usually

underestimated, and it is not included in traffic disaster reports [26].

Measuring human fatigue in any situation is complex, and no

effective and direct method is currently available.

Traffic conditions are dynamic and complex. Since human fatigue
is significantly affected by individual differences and working
conditions, which vary with vehicle types, traffic density and
weather conditions[27], it remains a challenge to predict operators’

fatigue and arrange their work schedules accordingly.

This thesis presents a formal study of these four issues. Considering the

complex and dynamic challenges involved in these four issues, the proposed

study adopts Artificial Intelligence (Al) techniques, such as artificial immune

system, support vector machines, and neural networks, etc., to establish a data-

driven, context-aware systematic framework for managing human fatigue.

These techniques facilitate data analysis and decision making and have been

widely employed in context-aware management [28].
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1.2 Objectives

The overall goal of this thesis is to establish a data-driven, context-aware
systematic framework for managing human fatigue. Accordingly, this goal is
decomposed into several subobjectives to address the following key research
issues:

1) Identify the critical causal factors of human fatigue in TCCs

Recognizing the causal factors is generally considered the first step in
managing human fatigue [7], and understanding these factors can help in
developing fatigue countermeasures [29]. Fundamentally, human fatigue-
inducing factors differ for varying fields [30]. Different job scopes or tasks may
have significantly different causal factors. Hence, the primary goal of this study
is to identify the causal factors of human fatigue in TCCs.

2) Measure human fatigue objectively and unobtrusively in real time

One way to minimize the risks of human fatigue is to monitor human
fatigue and to alert fatigued subjects. Hence, fatigue monitoring in dynamic and
safety-critical traffic control tasks has been increasingly recognized for its
importance in improving safety. To address this problem, this research intends
to develop an objective and unobtrusive approach to the detection of human
fatigue using bio signals, which have high time resolution [31]. Given the large
quantity of bio signals data, the Al techniques, such as support vector machines
and decision trees are used to facilitate data-driven detection of human fatigue.

3) Predict levels of human fatigue based on context data

Human fatigue prediction can be used to schedule working time, improve
operational flexibility, and guarantee safety [13, 14, 32, 33]. Considering the

dynamic work conditions of TCCs, the integration of contextual information for



PhD Thesis Chapter 1 Introduction

the purpose of human fatigue prediction must be achieved. Contextual
information can be collected by ubiquitous sensors, such as smart phones. The
interactions among contextual information are dynamic and complex [28].
Hence, an adaptive and coevolve algorithm of Al techniques, such as an
artificial immune system, could be used to handle the contextual information of
human fatigue.

4) Design context-aware interventions to reduce the possibility of human
fatigue

In transportation, the existing strategies for managing human fatigue
primarily consist of undertaking prescriptive “hours-of-work” regulations [27].
However, these regulations lack a certain flexibility and fail to consider the
dynamic fatigue-inducing factors in context. Hence, this study proposes to

design context-aware interventions to manage human fatigue.

1.3 Scope
Concerning the research objectives, this thesis concentrates on issues of

human fatigue in TCOs and relies on context data to facilitate human fatigue
management. The scope of this research is as follows:

1) An approach for analyzing the causal factors of human fatigue in TCCs

This approach identifies and evaluates the causal factors of human fatigue
in TCCs. Therefore, a definition of human fatigue in TCCs will be introduced
and discussed. Additionally, a novel method will be proposed to guide users to
determine the direct and indirect factors that induce human fatigue. Furthermore,
an importance estimation strategy will be developed to evaluate the importance
of causal factors considering the interrelationships among them.

2) An objective measurement of human fatigue
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This tool is expected to assess human fatigue objectively and unobtrusively.
To fulfill this task, human factor experiments will be conducted to collect eye
movement data, which can be obtained unobtrusively. Since eye movement data
are typically of low quality, a method will be deployed to clean the eye
movement data. Some eye movement-based parameters will be defined, and a
novel algorithm will be developed to assess human fatigue.

3) A context-aware human fatigue predictor

This model analyzes causal factors that can be derived from contextual
information and presents a hybrid approach to the prediction of the human
fatigue of TCOs via the causal factors captured. A novel way in which to
represent the numerous complex causal factors will be proposed. Based on the
novel inputs, an algorithm to predict human fatigue based on context data will
be developed. Furthermore, the benefits of integrating working conditions and
individual differences in human fatigue prediction will be illustrated with a case
study.

4) Interventions to reduce the risks of human fatigue considering
individual differences and working conditions

Considering the multidimensional aspects of human fatigue, several
interventions should be designed. A scheme for assigning operators to
appropriate work sectors at a particular time based on context data will be
developed, and a novel and systematic platform for context data collection will
be established. Moreover, a method will be established to provide
recommended arrangements considering individual differences and working
conditions. Furthermore, a conceptual framework for reducing other aspects of

human fatigue will be developed. It is expected that the interventions will
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improve overall performance and reduce the overall risk of human fatigue in

TCCs.

1.4 Significance of the research

The fulfillment of the research objective will contribute to the following
research areas.

1) Exploratory research on context data in human fatigue management in
TCCs

While practitioners have gradually realized the importance of considering
the context in managing human fatigue, to date, especially in the traffic control
fields, this aspect has not been exploited. This research is positioned to make a
pioneering contribution by elucidating the prospect of context data in fatigue
management on a theoretical level and by supporting adaptive work
arrangement on a practical level, which will benefit both TCOs and safety
managers.

2) Development of a context-aware scheme for human fatigue management

This scheme involves a careful study of the definition of human fatigue in
TCCs and the specific research problems caused by integrating context data in
each fatigue management phase and the development of novel or advanced
methods and approaches to tackle these research problems. Hence, academic
contributions to the realization of such systematic, context-aware fatigue
management are expected.

These two areas cover the significance of this study in general. In Chapter
7 of the thesis, the distinct contributions that fall within these two areas are

stated.
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1.5 Organization of the thesis

As shown in Figure 1.1, this thesis is organized as follows.

Chapter 1 introduces the background, objectives, scope, significance, and
overall architecture of this research.

Chapter 2 presents a comprehensive review of the extant literature. An
investigation into the critical components of human fatigue management is
performed, indicating the importance of the fatigue model for managing human
fatigue. After a thorough analysis of human fatigue management, the potential
of integrating context data in human fatigue management is explained.
Subsequently, studies related to context data on human fatigue are carefully
reviewed. The challenges of and necessity for a study on context-aware human
fatigue management are discussed, and the previous studies on context-aware
techniques are also reviewed. As a result, the directional orientation and
grounding of this research are established at the end of this chapter.

Chapter 3 provides a novel definition of human fatigue and explains the
task-driven causal factor analysis (TCFA) of human fatigue in TCCs. A task-
driven approach for the identification of causal factors and a causal network-
based approach for the selection of key causal factors are described. To
demonstrate the effectiveness of the proposed approach, a case study of a local
vessel traffic service center is presented.

Chapter 4 introduces eye movement-based fatigue detection (EMFD). In
this chapter, eye movements are examined to reveal several novel fatigue
indicators. An innovative method that involves gaze-bin analysis and
semisupervised bagged trees is proposed. A lab-based experiment is then

conducted to test the effectiveness of the proposed method.
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Chapter 5 describes a hybrid approach to making a proactive prediction of
human fatigue based on the contextual information of dynamic working
conditions and individual differences. The fatigue causal network developed in
substudy 1 is adopted to efficiently represent the context factors and their
interactions. The artificial immune system (AIS) concept is adopted for context-
aware fatigue management. Specifically, a novel method referred to as artificial
immune system-extreme gradient boosting-enabled fatigue prediction (AIS-
XGBFP) is proposed to establish a fatigue prediction model.

Chapter 6 provides two interventions for reducing the risks of human
fatigue in TCCs. One intervention is focused on adaptive work arrangement.
Specifically, a framework for the data-driven platform is established.
Decentralized data collection is proposed to improve computational efficiency
and to maintain model performance in the event of data loss. Based on Chapters
4 and 5, an algorithm is proposed to adaptively arrange work for operators
considering individual differences and work types. Considering contextual
information, adaptive fatigue management can adapt to the dynamic working
conditions and individual resilience of TCOs. The other intervention is a user
requirement (UR)-driven conceptual framework for redesigning traffic alarm
systems. A method for collecting and analyzing URs based on quality function
deployment (QFD) is proposed. In addition, to generate innovative ideas, the
theory of inventive problem solving (TRIZ) is extended to traffic alarm system
design.

Chapter 7 concludes the thesis with a summary of the research findings,

discussion, and directions for future research.
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Data-driven Context-aware Human Fatigue Management in Traffic Control Centre
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Figure 1.1 Organization of the thesis
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Chapter 2 Literature Review

This chapter presents the detailed background of this research and
establishes the context of this thesis. First, Section 2.1 introduces the definition
of human fatigue. Then, the importance and critical components of human
fatigue management are presented in Section 2.2. Section 2.3 explores the
complex data that describe the context and characteristics of human fatigue.
Section 2.4 summarizes context-aware management in various fields. The
considerable potential and uniqueness of context-aware techniques in managing
human fatigue are identified; these findings inspired this study and encourage
further efforts to leverage context awareness with regard to human fatigue

management. The research gaps are specified in Section 2.5.

2.1 The concept of human fatigue

Human fatigue is generally defined as a state/condition caused by
something. Hence, the definitions of fatigued conditions are first reviewed,

followed by the causes of fatigue.

Perceived condition/subjective feelings: Several definitions describe
human fatigue, especially mental fatigue, as a feeling [21, 22]. For example,
Shen et al. [34] suggested that fatigue is an overwhelming sense of tiredness, a
lack of energy and a feeling of exhaustion. These experiential definitions of
human fatigue heavily depend on subjective sense and individual
understanding. In addition, the links of perceived fatigue to human performance
are not straightforward [22]. Hence, other researchers define human fatigue
from the perspective of objective measurements, including psychophysiological

depletion and performance decrement.
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Psychophysiological depletion: Alonso et al. [26] claimed that fatigue is
“one of the most dangerous psychophysical conditions”. Hirshkowitz [35]
defined fatigue as “a decreased response of cells, tissues, or organs after
excessive stimulation, stress or activity”. Although defining fatigue as a
psychophysiological state allows fatigue levels to be objectively assessed, the
complex psychophysiological mechanisms underpinning fatigue require more
study. Phillips [22] even suggested that we might never understand the
physiology of human fatigue. Hence, defining fatigue merely as a suboptimal
psychophysiological condition provides limited practical benefits when

conducting fatigue studies.

Performance decrement: Dodge [36] concluded that fatigued people are
incapable of receiving sensorial information and sending motor responses.
Charbonnier et al. [6] mentioned that mental fatigue is associated with a
decrease in vigilance. Defining fatigue in terms of performance makes it
possible to measure the levels of fatigue based on behavioral patterns. Hence,

many studies use human performance as a fatigue indicator [37, 38].

The studies reviewed above focus on how researchers describe fatigue as a
condition without considering the causes of human fatigue. In the following, the

roots of fatigue are examined.

Insufficient rest/sleep/recovery: Fatigue is generally defined as a condition
caused by inadequate rest [39]. This type of definition is used in a limited

manner because it can easily be confused with drowsiness.

Exertion: Most studies agree that fatigue is caused by demanding physical

or mental activities [6, 40]. Nevertheless, both high-demand and low-demand

13
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work can induce human fatigue. In addition to the degree of exertion, the
duration of exertion should be emphasized in defining human fatigue.
Charbonnier [6] claimed that fatigue is caused by performing activities for an

extended period of time.

Subjective feelings: Fatigue, especially mental fatigue, is always linked to
people’s emotions and motivations. Hockey [41] defined mental fatigue as a
lack of motivation caused by the feeling that something is increasingly less
rewarding over time. Montgomery et al. [42] defined mental fatigue as “the
unwillingness of alert, motivated subjects to continue performing a specific
mental task”. In these definitions, fatigue is caused by subjective feelings such

as unwillingness and a bad mood.

Health: According to the Oxford English Dictionary, fatigue can result
from illness. Although many studies indicate that fatigue is often caused by
iliness, food intake and habits [24], few definitions in the engineering fields

mention these factors [22].

Table 2.1 summarizes all the definitions mentioned above. Most
researchers suggest that fatigue is a psychophysiological condition caused by
exertion. However, there is still no definition that considers the specific
consequences of fatigue and the effects of both exertion and subjective feelings.
Phillips [22] claimed that the definition of fatigue should include experiential
fatigue as a central aspect. Hence, in this study, a novel definition of human
fatigue that accounts for the interactions between subjective feelings and

exertion in relation to psychophysiological states is proposed.
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Table 2.1 Summary of human fatigue definitions

Source Cause Consequence

Exertion Subjective Rest ~ Health | Perceived Psychophysiological ~ Performance
feelings condition depletion decrement

Phillips et al., | N

2015 [22]

2|

Shen et al.,
2006 [34]

2|
2|

Trejo et al,
2015 [21]

Alonso et al.,
2016 [26]

Hirshkowitz,
2013 [35]

Dodge, 1982
[36]

< | 2| < <
<

Charbonnier et
al., 2016 [6]

Gander, 2001 N N
[27]

Job and N N
Dalziel, 2001
[43]

Van Cutsem et | v
al., 2017 [40]

Hockey, 2013 N N
[41]

Montgomery et N
al., 1995 [42]

Oxford J
dictionaries

2.2 Human fatigue management

2.2.1 ldeal human fatigue management
Human fatigue management originated from the aviation and military

domains and it has received increasing research attention. Human fatigue
management continues to evolve [14, 44], as human fatigue has been widely
accepted as a major cause of traffic accidents. In general, human fatigue
management includes several complementary elements. Khosro and Zohreh [45]
found that optimal human fatigue management includes both fatigue reduction
and fatigue proofing strategies. Fatigue reduction means reducing the likelihood
that a worker will experience human fatigue. By contrast, fatigue proofing
refers to decreasing the probability that a fatigued worker will make errors [46];
for example, complex tasks should be assigned to an alert worker. Different
from Sadeghniiat-Haghighi and Yazdi [45], Leman et al. [47] suggested that

human fatigue management consists of comprehensive processes for measuring,
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mitigating, and managing fatigue risk. In fact, most researchers support the idea
that human fatigue management includes at least three elements, and they
suggest measuring human fatigue as the first step in managing fatigue in the
workplace [45, 48].

Balkin et al. [48] reviewed technological approaches to fatigue
management over the past decade and concluded that optimal human fatigue
management includes three parts:

e Human fatigue measurement: the ability to measure and monitor

fatigue/performance online in the operational environment (as a
backup and check of the performance prediction model);

e Human fatigue prediction: the ability to predict fatigue, based on
the factors that produce it, well before operational performance;
and

e Intervention: the ability to effectively intervene when potential

deficits are identified or anticipated. Organizations and researchers
have advocated work schedule improvement as the primary

solution to reducing the risks of human fatigue [12].
In agreement with [48], this study intends to propose systematic human
fatigue management based on these three aspects. In the following sections, the
existing literature related to human fatigue measurement, human fatigue

prediction, and work arrangement is reviewed.

2.2.2 Fatigue measurement
Fatigue measurement is an indispensable part of human fatigue forecasting

[7, 49, 50]. Because measuring human fatigue in any situation is complicated,
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no practical methods are currently available. The fatigue measures reported in
the current literature can be categorized into performance measures,
psychological measures, and subjective measures.

Performance measures: Fatigue results in impaired performance and
reduces work efficiency [37]. Therefore, the degradation of task performance
has been widely utilized as a fatigue indicator [51, 52].

Pimenta et al. [37] employed a neural network to classify fatigue based on
human performance, such as key-down time, the time between keys, mouse
velocity, and mouse acceleration. Additionally, perceptual functions,
performance continuity, and time regularity can be employed to detect human
fatigue [51].

Psychophysiological measures: Electroencephalogram (EEG) activity,
heart activity and eye movements are the most commonly used physiological
indicators of human fatigue. Chai et al. [53] used a Bayesian neural network to
predict human fatigue levels; the predictions of this neural network resulted in
an accuracy of 76% [53]. However, EEG features were differently distributed
across different sessions [54]. Thus, accurate recognition of human fatigue
requires more research. Lin et al. [55] proposed a generalized EEG-based self-
organizing neural fuzzy system to predict the human fatigue level of drivers and
found that it was feasible to estimate a subject’s reaction times based on 1
second of EEG data. However, this system could only provide assistive
warnings to the fatigued driver. Based on the research of Lin et al. [55], Chuang
et al. [56] proposed a recurrent self-evolving fuzzy neural network (RESEFNN)
to predict driving fatigue based on brain dynamics. Considering the continuous

and cumulative process of the human cognitive state, they developed a recurrent
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structure to remember past events. Compared with nonrecurrent structures, the
RESEFNN exhibited significantly improved performance [56].

Based on the effects of fatigue on heart rate variability (HRV), Patel et al.
[57] presented an Al system to detect the early onset of fatigue in drivers.
However, some studies found that using HRV as a fatigue indicator was
somewhat unreliable [58]. In addition to heart rate variables, other well-known
physiological measures exist, such as electrodermal response (EDR), respiration
rate (RR) and blood pressure (BP) [58, 59].

The eye movement measurement of human fatigue includes eyelid
movement measures and eye fixation measures. Han et al. [60] proposed a
method that requires only eyelid movement information to detect driver
drowsiness. However, the performance of this method is affected by the limited
amount of data.

In  addition, some researchers have used multidimensional
psychophysiological data to measure human fatigue. Zhao et al. [61] applied
dual indicators of the percentage of eyelid closure over time (PERCLOS) and
the power ratio of alpha, beta, and theta waveforms to identify whether a driver
was in a state of fatigue [60]. Moreover, Ji et al. [62] employed eyelid
movement, fixation movement, head movement, and facial expressions to infer
robust, accurate and reliable fatigue characterizations. Bergasa et al. [63]
combined PERCLOS, eye closure duration, the blink rate, the nodding rate,
face position and fixed gaze to predict the level of fatigue of drivers.

Subjective Measures: In general, three types of subjective measures have
been used to rate subjective human fatigue: the sleepiness scale, the workload

scale and the fatigue scale [39]. Both the sleepiness and workload scales are
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indirect scales. Samn and Perelli [64, 65] proposed a fatigue scale called the
Samn-Perelli Fatigue Scale to record presleep fatigue and postsleep fatigue. In
addition to the Samn-Perelli Fatigue Scale, there are other fatigue scales, such
as the fatigue severity scale (FSS), the Dutch fatigue scale (DFS), and the
Dutch exertion fatigue scale (DEFS) [66]. These scales mainly measure the
severity of fatigue and investigate how fatigue affects the activities of subjects
in terms of aspects such as motivation and physical functioning. Some visual
analogy fatigue scales have also been proposed to measure fatigue [67, 68].
However, most such scales measure fatigue severity and are utilized in the
healthcare context.

The subjective measurement of human fatigue has the advantages of
effectiveness, efficiency, and low cost. However, participants in subjective
assessment must be trained to detect and evaluate their fatigue correctly and
efficiently [69]. In addition, the successful monitoring of human fatigue levels
depends on the cause and type of fatigue experienced.

2.2.3 Fatigue prediction

Predicting human fatigue is the most important part of the human fatigue
research [7]. To date, some research has been conducted to predict human
fatigue based on working time and circadian rhythms. Such studies can be
broadly classified into two-process and three-process models.

As early as 1982, Borbély [70] proposed a model of human fatigue that
involves two processes: Process S and Process C. Process S presents the effects
of sleep and waking time on the level of human fatigue whereas Process C
considers the interactions between circadian rhythms and sleep-wake

independence. The two-process fatigue model includes the sleep-wake history
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as the only input in the prediction of human fatigue. Many efforts have been
made to broaden the application of the two-process fatigue model [71].

System for Aircrew Fatigue Evaluation (SAFE) [71]: The SAFE
implements a two-process model to forecast fatigue in the field of civil aviation.
It employs the sleep-wake history as the input and predicts human fatigue
directly from sleep-wake data.

Fatigue Audit Inter Dyne (FAID) [72]: The FAID model was developed
based on the two-process model. Unlike the SAFE, the FAID model takes shift
schedules as inputs. Based on shift schedules, the FAID model can infer the
average sleep time and then predict the level of human fatigue [15].

Over time, researchers have found that sleep inertia has significant effects
on human fatigue [15]. Therefore, the three-process fatigue model includes
sleep inertia as the third process. In general, the three-process model produces
more accurate prediction results [15].

Sleep, Activity, Fatigue, and Task Effectiveness (SAFTE) [73]: The SAFTE
model is a three-process model that considers sleep-wake patterns, circadian
rhythms, and sleep inertia. This model is especially useful for predicting human

performance on a psychomotor vigilance task.

2.2.4 Intervention design for reducing human fatigue
Interventions for reducing human fatigue can be divided into two

categories: (a) preventive strategies for reducing the possibility of inducing
human fatigue and (b) operational strategies for stimulating fatigued operators
[45].

Preventive strategies: Preventive strategies are generally designed to

reduce the possibility of circadian disruption, which has been considered to be
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the most important cause of human fatigue. Specifically, preventive strategies
include rest guidelines, naps during night shifts, improvements in sleeping
habits, and stimulators [45]. For example, aircraft pilots are required to have a
minimum 10-hour rest period before going on duty [74]. Scott et al. [75] tested
the impacts of educating nurses with regard to the hazards of fatigue and
discovered that significant improvements were noted in sleep quality, alertness
and education.

Operational strategies: In general, operational strategies include alarms,
physical activities, and caffeine consumption. Gershon et al. [76] examined and
confirmed the effectiveness of energy drinks as fatigue countermeasures.
Gershon et al. [77] investigated 190 participants and found that listening to the
radio and opening a window are effective operational strategies for coping with
human fatigue. In addition to these countermeasures, challenging secondary
tasks given to operators and alerts are generally utilized in the transportation
field [78]. Operational strategies can temporarily enhance the performance of
fatigued operators; however, their effects cannot last because they do not
address the underlying mechanism of human fatigue [45].

It is likely that the abovementioned countermeasures do not consider all
aspects of human fatigue, and they cannot adapt to dynamic working conditions.
Specifically, the existing strategies for managing human fatigue in
transportation primarily involve implementing prescriptive “hours-of-work”
regulations. However, these regulations lack a certain degree of flexibility and

fail to consider dynamic fatigue-inducing factors in context.
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2.3 Context data on human fatigue
The context of human fatigue includes fatigue-inducing factors and the
effects of human fatigue on psychophysiological behaviors. These factors and

effects are reviewed in the following sections.

2.3.1 Causal factors
There are two widely accepted types of factors that may induce human

fatigue: personal fatigue-inducing factors and work-related fatigue-inducing
factors. Personal fatigue-inducing factors refer to individual differences in
resilience to work-related factors. Work-related fatigue-inducing factors include
work environments, the work arrangement, and work attributes [79].

In general, health status, health-related lifestyle factors and sleep patterns
are the primary personal fatigue-inducing factors. Health status can increase the
risk of fatigue by impairing the central nervous system and directly affecting
the brain. Recent evidence shows that medical conditions such as
neurodegenerative disease, cardiovascular disease, obesity, and high cholesterol
can severely decrease alertness [80, 81]. Similarly, health-related lifestyle
factors can influence human fatigue. Smoking, illegal drugs, the excessive use
or withdrawal of stimulants and alcohol, and a lack of physical exercise may
exacerbate fatigue in both the short and long term [81]. A sedentary lifestyle
and unhealthy eating habits, which may result in obesity, can also lead to a high
probability of human fatigue [24]. In addition to health status and health-related
lifestyle factors, personal sleep patterns and, in particular, the proper timing of
sleep have significant effects on human fatigue. Sleep has been established as a
contributing factor to the development of human fatigue [82]. Grandjean [83]

even suggested that sleep is the best way to recover from fatigue. Factors such
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as age, gender, experience, social activities, domestic duties, partner
relationship, and cognitive strategies may also interfere with one’s resilience to
fatigue [84]. A survey conducted by Winwood et al. [79] showed that being part
of a family structure may assist full-time nurses in fighting maladaptive fatigue.

In addition to personal factors, many work-related factors can induce
human fatigue, including shift work [79]. Shift work disrupts the cycle of
sleeping and being awake [4]; thus, it may have a chronic effect on health and
even result in cumulative sleep deprivation. Operators working the night shift
always suffer from a high probability of human fatigue. Moreover, human
fatigue always occurs during early-morning shifts [5]. Workload is another
critical work-related factor of human fatigue [85]. A nonmonotonic relationship
between workload and fatigue was identified in a routine naval patrol [85].
Grech et al. [85] suggested that the optimal workload level might change over
time. Thus, the causal factors related to workload are always indirect causal
factors of human fatigue.

There are implicit social and organizational factors in the workplace that
affect human fatigue [24], including factors such as safety culture, safety
climate, and safety management. Safety culture influences all individual
perceptions of safety policies, procedures, practices and behaviors [86]. A
pathological safety culture, in which near misses and minor incidents are
ignored, almost always leads to deficient organizational systems. A safety
climate and safety management can also be considered fatigue-inducing factors
as they exert their effects on the safety motivation and workers’ knowledge.
Advanced technology utilized in the workplace can also be a risk factor for

human fatigue. Operators may rely too heavily on technology, such as
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automated systems. An automated system can reduce the requirements of
maintaining one’s alertness, resulting in a monotonous work environment,
which is a critical factor in human fatigue [87].

In summary, human fatigue operates at a high level of complexity. Many
interactive factors influence fatigue, compounding the challenge of modeling

human fatigue [7].

2.3.2 Physiological data
In general, the total quantity and quality of work performed, task accuracy,

response time and speed are the most common predictors of human fatigue [88].
Radiintz [59] found significant differences in accuracy rates among all fatigue
levels. The accuracy of controlling vehicles was found to have a sufficient
correlation with fatigue level. Heavy-truck drivers were better able to maintain
their vehicle speed, steering, and accelerator pedal movements under alert
conditions than under fatigued conditions. Fairclough and Graham [89] found
that tired drivers made larger steering wheel movements and fewer steering
wheel reversals. However, drivers could guarantee their lane position even
under fatigued conditions [90].

These changes due to human fatigue allow researchers to measure levels of
human fatigue.

Fatigue has adverse effects on human internal states and always results in
cognitive lapses [56]. In other words, human fatigue leads to physiological
change. Thus, many physiological variables have been studied to detect the
level of human fatigue. Brain dynamics are highly associated with mental
states. Thus, some research has focused on predicting human fatigue based on

EEG measurement technologies [56]. EEG, which monitors brain activity, is
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classified into waveform categories such as alpha, beta, and delta based on
rhythms. The literature abounds with evidence of the effects of human fatigue
on EEG variables [91]. An increasing level of human fatigue results in
increasing synchronizations in the delta and alpha bands in certain lobes [92].
Increased fatigue may lead to a proportional increase in high-load EEG
segments and an increase in the amplitude of the centrofrontal alpha [59].

HRV has also been investigated to measure fatigue levels [93, 94]. Vicente
et al. [95] found that human fatigue has significant effects on some HRV
features. Statistical analysis suggested that the heart rate of a non-fatigued
person was significantly different from the heart rate of a fatigued person.

In addition to these parameters, eye movement data are an objective and
reliable indicator of human fatigue [96, 97]. In general, eyelid movement
includes PERCLOS, the number of blinks, the blinking rate, the eye closure
time [63, 98], the blink duration, the long closure rate (LCR), and the blink
amplitude (BA). In a fatigued state, the eye blink rate, PERCLOS and the LCR
increase beyond the average rate [99, 100] while the BA decreases [101].

Eye fixation data include the saccadic speed [97], the number of fixations
[63], the saccade rate, the peak saccade velocity, the amplitude and duration of
saccades [102], and the latency [103]. Accumulated fatigue will decrease the
saccadic speed, the peak saccade velocity and the amplitude of saccades [103,
104] but increase the saccade duration [102]. Specifically, peak velocity was
found to be a sensitive indicator of mental fatigue [102]. However, the optimal

variations in eye fixation movement depend on the research problem [105].
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2.3.3 Data-driven approaches for managing human fatigue

Traditional approaches to human fatigue management are mostly based on
questionnaires [37]. Recently, however, various machine learning approaches,
including random forests, decision trees[106, 107], AdaBoosted decision trees,
and support vector machines [108-110], have been applied in the management
of human fatigue. Tango and Botta [109] investigated the performance of the
support vector machine (SVM), linear regression (LR), and a neural network in
detecting visual distraction based on vehicle dynamics data. They found that the
SVM outperformed all other machine learning methods. Kamalian et al. [108]
tested the performance of k-nearest neighbors, decision trees and the SVM in
developing a fuzzy system to estimate a human user’s score. All of these
approaches achieved good performance in validation tests.

Among the abovementioned machine learning approaches, the SVM is the
one that is most widely used in the existing literature related to human fatigue
management. Nevertheless, it cannot effectively address the problem of the
great diversity of human factor data [108]. In addition to SVM, the AIS has also
been widely used. The AIS is a modeling technique that simulates the
biological immune system, which is adaptive and self-organizing [111]. It has
many useful features, such as its ability to adapt and to learn from examples and
its memorization and generalization capabilities. With these functions, the AIS
has been successfully used in various fields, and it has even shown better
performance than artificial neural network fuzzy systems and other approaches

[112].
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2.4 Context-aware management

The complex interactions among fatigue-inducing factors highlight the
necessity of context-aware fatigue management other than relying solely on the
hours of work. In this section, the development and techniques of context-aware
management are presented. In addition, the necessity of context-aware human

fatigue management is revealed.

2.4.1 Development of context-aware techniques

In general, context includes information about the present status of any
entity in the environment, and the goal of context-aware management is to
acquire and utilize contextual information to provide appropriate services to
specific people at a particular time [19, 113-115].

Context-aware management is a relatively new research field.
Nevertheless, many techniques have been proposed [19, 116-119], and
activities in context-aware systems have increased dramatically in recent years.
For instance, Chang et al. [120] predicted taxi demand distributions using
contextual information on time, weather and taxi location. Braunhofer et al.
[116] developed a context-aware recommender system to generate
recommendations based on weather conditions and places of interest.

Although a considerable number of studies have shown that context-aware
techniques can improve system performance [19], few studies have investigated
the potential of developing context-aware fatigue management, let alone in the

transportation field.

2.4.2 The necessity of context-aware fatigue management
As mentioned in Section 2.1, many factors affect human fatigue in an

interacting way. Thus, incorporating other causal factors will be beneficial for
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forecasting human fatigue [20, 121]. Jewett and Kronauer [121] found that light
exposure has an influence on sleep quality and proposed resetting the oscillators
of the three-process fatigue model based on the level of light exposure. Strahan
et al. [20] surveyed two government organizations to study the effect of the
safety climate and occupational stress on the level of human fatigue. The results
of this study confirmed that the organizational safety climate and occupational
stress could be adopted to predict work-related driver fatigue. Ji et al. [7]
proposed a probabilistic framework to model fatigue generation processes. The
framework suggested that contextual information could induce human fatigue.
The framework proposed by Ji et al. [7] can incorporate visual parameters and
complex contextual information to predict human fatigue; however, the
framework is established based on survey data on corporate/executive aviation
operations. More research is required to improve the parameterization of this

fatigue model.

2.5 Specification of the research gaps

The above review focused on the background and strategies of human
fatigue management. It covered a broad domain spectrum from the definition of
human fatigue to human fatigue management as well as context-aware
techniques. Based on the literature reviewed in this chapter, the following
issues and gaps must be addressed.

1) Causal factors of human fatigue in TCCs. Identifying the causal factors
of human fatigue is usually the first step in managing human fatigue. Although

many studies have analyzed the causal factors of human fatigue, some
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limitations still exist, as discussed in the above sections. The gaps in the
research include the following:

e A standard and widely accepted definition of human fatigue is
lacking.

e Due to the lack of a systematic approach to identifying causal factors,
the potential and indirect causal factors of human fatigue have not
been explored.

e Approaches to evaluating the complex and interacting causal factors
of human fatigue are scarce.

2) An objective and unobtrusive human fatigue detector. Among all the
physiological behaviors mentioned in Section 2.2.2, eye movements are the
most suitable indicator of human fatigue [122]. On the one hand, some eye
parameters cannot be voluntarily controlled; thus, the mental state can be
objectively and accurately inferred based on eye movements. On the other hand,
eye movements can be measured continuously during extended cognitive tasks.
Although eye movements are potential indicators of human fatigue, little
research has detected human fatigue using eye movements in real time,
resulting in the following gaps:

e Suitable fatigue indicators that could be extracted from short-period
recorded eye movement data are lacking.

e The way in which eye movement data can be summarized for
machine learning techniques is underresearched.

e Approaches to the linking of eye movement data to levels of human

fatigue are scarce due to the high classification noise.
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3) Predicting human fatigue considering context conditions. To date, some
researchers have tried to predict human fatigue based on working time and
circadian rhythm models [15]. However, these models are inadequate in
predicting human fatigue in TCCs. First, they focus on time effects and fail to
consider the dynamic work conditions of TCCs. Second, few such models
capture the dramatic differences among individuals. Specifically, to achieve a
context-aware prediction of human fatigue, several gaps have yet to be filled:

e A method for capturing contextual information, which includes the
characteristics of dynamic work conditions and the individual
differences exhibited by TCOs, is lacking.

e A way to represent context data on human fatigue considering their
interactions is lacking.

e The effects of working conditions and individual differences on the
prediction performance of human fatigue have not been explored.

e A data-mining approach to the predicting human fatigue based on
complex context data is lacking.

4) Intervention design based on context data. Organizations and
researchers have advocated work schedule improvement as the primary solution
to reduce the risks of human fatigue [12]. Meanwhile, recent studies have
shown the necessity and promising benefits of considering contextual
information in work arrangements [7, 20, 79]. Nevertheless, they have been
scarcely reported in the area of context-aware fatigue management, and several
issues still must be further addressed:

e Limited studies have considered the multidimensional aspects of

human fatigue.
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e A platform for collecting context data that present the dynamic
working conditions and individual differences exhibited by TCOs is
lacking.

e An approach to managing the problem of alarm fatigue is lacking.

e An algorithm for generating appropriate work arrangements for
particular operators at specific times is lacking.

These gaps provided the motivation to conduct an in-depth study on
context-aware human fatigue management. Accordingly, research gaps 1) to 4)

are filled in Chapters 3 to 6.
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Chapter 3 Task-driven Causal Factor Analysis for Human

Fatigue

3.1 Brief

As mentioned in Section 2.3.1, human fatigue can be caused by various
causal mechanisms, such as sleep loss, circadian rhythms and workload [123].
Thus, the implementation of fatigue management should take into account the
cause and type of human fatigue [123]. In general, defining and identifying
causal factors are the first step in mitigating human fatigue and improving
human performance [124]. Based on the previous literature, each industry has
specific human fatigue-inducing factors. Even within one sector, a particular
job task may be significantly associated with different fatigue-related factors
compared to other job tasks in the same setting [30]. Hence, a general approach
to identifying and analyzing causal factors would be useful. Recognizing causal
factors is generally considered the first step in managing human fatigue [7], and
it could help in obtaining an understanding of human fatigue and in developing
fatigue countermeasures [123]. Although researchers have studied the causal
factors of human fatigue in various fields, a systematic method for analyzing
the causal factors of human fatigue is still lacking.

The specific aim of this chapter is to determine the key causal factors of
human fatigue in TCCs, with a focus on TCC operations and the workspace

environment. To achieve this aim, the study addresses the following concerns:

1) Definition of human fatigue. There is no clear and widely agreed-upon

definition of human fatigue [21]. Fatigue is frequently confused with tiredness

32



PhD Thesis Chaeter 3 Causal Factor Analzsis

and drowsiness [21]; in some studies, human fatigue, tiredness, and drowsiness
are synonymous [6]. Nevertheless, some researchers have suggested that there
are significant differences between drowsiness and human fatigue [22, 23].
Hence, it is necessary to clearly define human fatigue before identifying its

causal factors.

2) ldentification of causal factors. Historically, researchers have
investigated the causal factors of human fatigue through questionnaires,
interviews, task analyses and literature reviews [24, 124]. It is imperative to
establish an effective and systematic method to collect the causal factors of

human fatigue.

3) Evaluation of causal factors. Objective assessment of the importance of
the causal factors of human fatigue is difficult due to the limited accident
reports related to human fatigue in TCCs. In addition, there are too many
interacting factors that induce human fatigue [24]. Considering the complex

interrelationships, determining the key causal factors is very challenging.

To achieve the aim of identifying the critical causal factors of human
fatigue in TCCs and addressing the abovementioned concerns, the study
proposes a novel definition of human fatigue, develops a task-driven approach
for causal factor identification and presents a fatigue causal network for
evaluation. The remainder of this chapter is organized as follows. A novel
definition of human fatigue is presented in Section 3.2. Sections 3.3 and 3.4,
respectively, describe the methodology, including task-driven identification and

causal network-based evaluation, and they discuss the results of the vital causal
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factors and symptoms of human fatigue in a case study of vessel traffic service

(VTS). Section 3.5 summarizes the main conclusions reached in this work.

3.2 Definition of human fatigue

To identify the key causal factors of human fatigue, a good definition of
human fatigue should meet the following requirements. (1) It indicates that the
causes of human fatigue should be work related. The aim of this work is to
investigate the work-related causal factors of human fatigue. Hence, the
definition of human fatigue should indicate that fatigue is task-induced rather
than caused by personal or social factors. (2) It indicates the multidimensional
consequences of human fatigue. Defining human fatigue from a single
dimension is inadequate as studies have shown that there are dissociations
between performance decrement and experienced fatigue [22]. Some
researchers have divided fatigue into mental and physical fatigue [21] based on
physical or mental exertion. Nevertheless, this study proposes combining
mental and physical fatigue because two types of fatigue interact [40]; people
can experience mental and physical fatigue simultaneously. (3) It optimizes face
validity because it is an experiential and operational definition. To enable
causal factors to be identified through subjective methods such as surveys and
interviews, everyday language should be used to define human fatigue [22]. In
addition, the consequences of fatigue can be assessed by subjective feelings.
According to Table 2.1, the existing definitions basically fail to satisfy these
criteria. From these requirements and the current definitions, the following

novel definition is proposed:
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Fatigue is a suboptimal physical, emotional, motivational, and cognitive

condition caused by a prolonged period of exposure to task-related stimuli.
Instead of using a phrase such as “psychophysiological”, the study
explicitly indicates the multidimensions of fatigue using everyday language.
Fatigue is generally considered to be a decrement in an individual’s physical
and mental conditions. Nevertheless, in some studies, mental condition is
confused with cognitive state. MacMahon et al. [125] used the term “cognitive
fatigue” instead of “mental fatigue,” as they found that “mental fatigue” was
induced by typical cognitive tasks. Analyses of several multidimensional
fatigue scales [126, 127] and fatigue definitions have shown that fatigue
includes several aspects, including physical, cognitive, emotional, and
motivational aspects. This definition implies that people under fatigue may
experience performance decrement, a lack of motivation, a bad mood and even
impaired cognitive capacity, in line with the definitions put forth by Zuraidi et

al. [126] and VVan Cutsem et al. [40].

The definition implies that fatigue is to some degree relative to a specific
optimal condition for which the optimal state is the average health condition
after the individual is fully recovered and rested [22]. Defining fatigue as a
relative condition enables people to recognize fatigue states through experience.
Additionally, the definition is in line with the idea that fatigue causes a

decrement in psychophysiological states [22].

The use of the description “a prolonged period of exposure to task-related
stimuli” for the cause of human fatigue can be explained in terms of three

aspects. First, fatigue is a gradual and cumulative phenomenon [6]; hence, the
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definition highlights the time effects of task-related factors. Second, instead of
“exertion”, “task-related stimuli” are used as the cause. The term “stimuli” is in
line with the definitions of Dodge [36] and Hirshkowitz [35]. According to
Phillips’ [22] definition, the term “exertion” emphasizes that people must put
forth effort. Nevertheless, people may experience fatigue under low-demand
work conditions because such conditions are boring and monotonous. In
addition, people may experience emotional fatigue due to psychological factors,
such as feeling that something is increasingly less rewarding over time or even
being unwilling [41] to continue performing a given task. Hence, the term

“stimuli” is used.

3.3 Task-driven identification of causal factors

Figure 3.1 shows the framework of the proposed task-driven causal factor
identification. Tasks are identified by performing standard operating procedure
(SOP) reviews and field observations.

Unstructured interview

Symptoms

SCM-enabled analysis

" — Task-related s Y
::>\ - stimulus — CansalFactors;‘/
Tasks Subtasks
SHELL-based

. . . T={CL, L, S, E,H}
interaction analysis

Figure 3.1 Framework of Task-driven Causal Factor Identification

Hierarchy task analysis (HTA) [128] can be employed to hierarchically
decompose the main task into subtasks to facilitate a better understanding of an
operational process. In this way, the main task T can be represented as

{T;,T,..., T}, where n is the number of subtasks.
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According to SHELL theory [129, 130], an individual may interact with
the environment, hardware, software, and other liveware when he or she
performs any task. Hence, any subtask T, could be represented as T, —
{CL,,L,,S, E,, H,}, as shown in Figure 3.1. CL is the individual who performs
the task. L encompasses the human element of the target industry. S refers to
the nonphysical and intangible aspects of the target industry that govern how
the industry operates and how information within the industry is organized.
Software factors such as safety procedures, regulations, and work sector
characteristics influence workload and may cause human fatigue. E concerns
the context in which tasks are executed. H refers to physical elements such as

operating consoles, seats and computers.

Classification Trace back
Subtasks

s Or.ganizational
T, ~ - , ' influence
Tn & 4 ‘

\ i ) Unsafe supervision
N C)

. tﬁ Preconditions
| E ]

S: Software H: Hardware E: Environment
L:Liveware CL: Central Liveware

(a) (b)

Figure 3.2 Hlustration of (a) SHELL-based interaction analysis and (b) SCM-
based analysis

The core concept of the Swiss cheese model (SCM) postulates that both
direct and indirect factors cause accidents [131]. Following the SCM concept,
the data collected in interviews and interaction analysis are classified into three
categories: preconditions, unsafe supervision and organizational influences. For

the precondition factors, their corresponding indirect factors fall under unsafe
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supervision and organizational influences. Figure 3.2 illustrates the process for
SCM-enabled causal factor analysis. In general, unsafe supervision includes
inappropriately planned operations, the failure to rectify known problems,
inadequate supervision, and violations by supervisors. Organizational
influences consist of the organizational climate, resource management, and
regulatory processes. More specifically, inappropriately planned operations
refer to improper crew scheduling and improper operational planning [132]; for
example, supervisors may fail to provide correct data or to conduct an adequate
briefing. Violations by supervisors refer to situations in which supervisors
disregard existing rules, regulations and SOPs [132]. Resource management
includes human resource management, such as training and staffing, monetary
safety budgets and equipment design. Organizational climate refers to the
organizational culture, which includes the values, attitudes, and beliefs of an
organization. Organizational process relates to the formal processes,

procedures, and oversight within the organization.

3.4 Network-based evaluation

To evaluate the causal factors and their complex interrelationships, in this
study, the study established a causal network of human fatigue. The specific

steps for realizing the causal network are summarized as follows:

1. Analyze the interrelationships among any two causal factors;

2. Add the necessary virtual nodes;

3. Rate the strength of each node; and

4. Establish a matrix to model the causal network.
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There are two types of influence, i.e., direct and indirect, that one causal
factor (CF) can have on another. Figure 3.3 shows the interrelationships among
the causal factors. As shown in the figure, for the direct influence (A), CF;
interacts with CF« by directly affecting CFi. Regarding the indirect influence
(B), CFjinteracts with CFk by affecting the interaction between CFi and CF«. In
this study, a matrix is established to present the interrelationships among the
causal factors. In general, direct influences can be represented by the entries of
the matrix itself; however, representing indirect influences is more challenging
[133]. To address this issue, i.e., representing indirect influences, a virtual node
(V) is introduced to convert an indirect influence into a direct influence. By
using the virtual node, the indirect influence can be treated such that CF;j
influences CF« indirectly through the virtual element, Vj. In this manner, the
introduction of virtual node Vj enables the indirect influence of CFi on CF«k to
be more clearly illustrated. Hence, the influence of CFi on CFk can be treated as
the cumulative effect of direct and indirect influences. The introduction of the

virtual node provides the basis for matrix construction.

\FOO/...
& @

Figure 3.3 Illustration of the interrelationships among causal factors (CFs)

Basically, the causal network utilizes all causal factors, virtual nodes and
symptoms of fatigue (SF) as elements. To rate the importance of each element,

an ordinal scale, i.e., low, moderate and high, which has been proven to be an
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effective way to qualitatively classify causal factors, is adopted. The ordinal

scale is subsequently converted into a comparative format where 1 denotes

“low”, 3 represents “moderate” and 5 indicates “high”. The following matrix

represents the interrelationships of any two elements:

o 1 E; has ef fects onk;.
Fori #j,¢;; = {
710 Ejhasnoeffects onE;.
1 if therate of E; is low;
Fori = j,c;; =43 if therate of E; is moderate;
5 if the rate of E; is high.

(3.1)

Each column of C is a principal eigenvector of the effects of the jth

element on the ith element. For i=j, ¢;; refers to the strength of the ith node.

Table 3.1 Demonstration of item format in the questionnaires

CF1 CF2 SF1
Ck Low/moderate/high ~ 0/1 0/1
CF2 0/1 Low/moderate/high  0/1
SF1 0/1 0/1 Low/moderate/high

“SF” refers to symptoms of human fatigue in VTS. In general, the

importance of a node can be determined by the “degree”, which refers to the

number of adjacent nodes. As the direction of edges and the strength of adjacent

nodes are important parameters, two new terms are proposed in this study: out-

degree and in-degree, which can be expressed using Egs. (3.2) and (3.3),

respectively:

n
kouti = ZC‘” X Cij,j *1
j=1
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n

kinl’ :ZijXCji,j:pti (33)

j=1
where kouti refers to the out-degree of the ith node and kini denotes the

in-degree of the ith node. Based on the out-degree and in-degree, the influence

power of the ith node, li, can be represented by Eq. (3.4) as follows:

Ii = Cji + kouti + kini (34)

Basically, the influence power indicates the impact of a node on its
adjacent nodes. To determine the importance of a node, both its influence on its
adjacent nodes and the range of influence must be assessed. By considering the
general properties of the causal network, the number of paths from the root
nodes to the end of the chain node that passes through the ith node is defined as
its influence range (Npi). Npi, which is a classical problem in network analysis,

can be determined using a depth-first search (D-FS) algorithm.

In this study, multicriteria ranking is employed to evaluate the importance
of causal factors. To do so, li and Npi, which provide essential information, are
preprocessed as follows: (1) Calculate the | of each CF and rank all CFs
according to the value obtained. The ranking of CFi is denoted by a;;. (2)
Calculate the Np of each CF and rank all CFs according to the value obtained.
The ranking of CFiis denoted by a;,. (3) Rank all CFs according to the value of

c;;- The ranking of CFiis denoted by a;5.

The importance of CFi can be expressed by using a vector, Ai (ai1, aiz, ais).

The causal factors can be ranked by adopting the following rule:

“CFi is ranked ahead of CF;j if Vector Ai is smaller than Vector Aj”.
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To compare Vector Ai and Vector Aj, their moduli are first calculated. For
example, for Ai (1,3,5) and Aj (2,4,2), the modulus of Ai equals 5.92, and the

modulus of Aj is 4.90. Hence, CFi is ranked ahead of CF;.

3.5 Case study of causal factor analysis

3.5.1 Participants and procedures

A two-month field observation was conducted in VTS centers in Singapore
to understand the daily tasks of VTSOs. Field observations were carried out in a
naturistic and passive manner, i.e., with the researcher standing beside an
operator without interrupting his or her work. With an understanding of VTS
operations, an unstructured interview with eight operators was conducted. The
eight participants (male = 7; female = 1) had an average age of 35 years

(standard deviation (SD) = 5 years), with an average experience of 8 years.

The operators received a brief introduction about the novel definition of
human fatigue before the interview. They were encouraged to ask questions
about the definition. The unstructured interviews consisted of three crucial
stages: asking open-ended questions, probing for details and seeking to verify
unclear points. The open-ended questions were designed based on task analysis.
The operators were asked to recall the challenges or problems they face in
performing each subtask. Probing questions were generated when an operator
mentioned any fatigue patterns. According to the novel definition, fatigue
patterns include physical, emotional, motivational, and cognitive decrements.
Finally, the interviewer repeated what he or she heard so that the interviewees

could confirm the information summarized. To encourage operators to explore
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their knowledge and provide more information about fatigue, their identities

were kept anonymous throughout the study.

Other causal factors were elicited based on expert knowledge. The details
are explained in Section 3.2. With the collected causal factors and fatigue
symptoms, questionnaires were designed for factor evaluation. A VTS manager
assisted in distributing the questionnaires to VTSOs in Singapore through
email. In the questionnaires, no identifying information was required. The
participants completed the questionnaires after work and returned them to the
VTS manager via email. They were encouraged to ask the VTS manager about
the terms used in the questionnaires and to provide written feedback on the
questionnaires. The participants were informed of the objectives of this study
and of the definition of human fatigue. They were required to sign a consent
form for participating in this study, which was approved by the institutional

review board.

A total of 60 questionnaires were distributed. In total, questionnaires from
48 licensed VTSOs (male=40, female=8), with an average age of 41 years old
and an average experience of 11 years, were collected. The response rate of

80% is acceptable [25].

3.5.2 Task analysis and factor identification

It was understood that only the information service (INS) was provided by
the VTS of Singapore to vessels. First, VTSOs identify potentially unsafe
events by monitoring the traffic conditions of vessels and communicating with
the masters or pilots. Second, once a possible hazardous event is spotted,

VTSOs will gather the basic information and refresh the port traffic
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management system (PTMS) to check vessel movements. Finally, based on the
information gathered, VTSOs will provide corresponding advice to the vessels,
such as the intentions of other ships, the number of ships in the vicinity and the
type of ships in the vicinity. At times, VTSOs may broadcast temporary notices
to all vessels under special conditions, such as poor visibility. Figure 3.4 depicts
the hierarchical analysis of the INS, whose details are presented as follows.

Detect inbound vessels
Monitor traffic conidtions Detect outbound vessels

Detect arrival vessels

Confirm vessel position |

Contact vessels
Assign "user event" Click vessels
Make assignment

Information —'| H:: Check track detail
. Verify vessel information
SErvice Check info-link states
information Refresh PTMS
Lol Update PTMS H:

Add vessel movement

Identify issues

Generate advice
—DI Provide traffic information
Call vessels

Provide service
Initiate broadcast
—hi Provide temporary notices

Call all vessels

Notes: PTMS - port traffic management system

Figure 3.4 Hierarchical analysis of the INS

Based on the task analysis, 23 task-related factors were identified, as listed

in Table 3.2.
Table 3.2 Task-related factors
Operations Task-related factors
Detect inbound/ CF1: Continuous monitoring or tracking
outbound vessels/ arrival  CF2: Too many vessel traffic regulations
vessels CF3: Too many vessels with the same icons

CF4: Overlap of vessel information
CF5: Marker or notes left by other operators
CF6: The display is too large

Confirm vessel CF7:A large amount of information
movement/ verify vessel  CF8: Key information masked
information/ update CF9: Information updated by the AulS is not complete/
information consistent

CF10: Sensing information affected by light reflection
CF11: Slow feedback of hardware system
CF12: Demand to memorize information
Provide temporary CF13: No or slow feedback

notices CF14: Work interrupted by assignments from manager
CF15: Need to collect information from different systems
and masters/pilots

Provide traffic CF16: Inefficient communication due to a language barrier
information CF17: Communication is interrupted by other pilots
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CF18: Too many unnecessary alarms

CF19: Ambiguous alarms

CF20: Time pressure in providing information

CF16: Inefficient communication due to language barrier
CF21: Too many steps to make assignments

CF22: Lack of experience

Assign user event (UE)

CF23: Difficulties in clicking vessels using the mouse

In addition to these task-related factors, 24 factors were collected by SCM-

based analysis, as listed in Table 3.3.

Table 3.3 The causal factors identified by SCM-based analysis

Organizational
influence

Unsafe supervision

Preconditions

CF24: Safety culture

CF25: Organizational
rules

CF26: Organizational
structure

CF27: Organizational
policies

CF28: Work arrangement
CF29: Revision of SOP
CF30: Staffing levels
CF31: Team interaction
CF32: Training

CF33: Safety management
system

CF34: Update equipment
CF35: Recruitment
policies

CF36: Work sector
division

CF37: Information
management system
CF38: Night shift

CF39: Recovery/ rest
CF40: Individual capacity
CF41: Health and wellness
condition

CF42: Subjective feelings

CF43: Interface design
CF44: Environment

CF45: Usability of
equipment

CF46: Time on task
CF47: Workload

3.5.3 Symptoms of human fatigue in VTS

Table 3.4 shows the results related to the top ten fatigue symptoms in VTS.
The mean value listed in the third column indicates the impact of fatigue
symptoms. VTSOs suffer from multidimensional fatigue. In addition, physical
fatigue seems to be more severe than cognitive fatigue in VTS. There are six
physical symptoms ranked in the top ten, whereas there are only two cognitive
symptoms in Table 3.4. In addition to physical and cognitive symptoms,
symptoms related to motivation and emotion can be found in Table 3.4. The

top-ranking symptom of human fatigue is “eyes feel strained”. In addition, SD
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is ranked lower than most other human fatigue symptoms. This result means
that most VTSOs suffer from a high level of “eyes feel strained”. In VTS, the
decrement in cognitive states does not seem to be serious, as cognition-related
fatigue symptoms have a low ranking. Moreover, the symptom “cannot sense
information” has the highest SD. It can be deduced that some operators suffer
from impaired cognitive capacities while others can maintain their information-

processing capacity.

Table 3.4 Top 10 symptoms of human fatigue in VTS

Category Descriptions Mean SD

Physical SF1: Eyes feel strained 418 0.38
Physical SF2: Feel tired in the whole body 3.47 049
Physical SF3: Feel stiff in the neck and shoulder 337  1.30
Physical SF4: Flickering in eyes 3.06 1.19

Motivational SF5: Lack of motivation, would rather be doing 3.06 1.30
something else

Emotional SF6: Bad mood, fed up with the task 2.96 1.05
Physical SF7: Hearing ability reduced 265 1.19
Cognitive SF8: Increased response time 265 0.32
Emotional SF9: Find the task monotonous 255 0.97
Cognitive SF10: Cannot sense information 194 287

3.5.4 Key causal factors of human fatigue in VTS

All causal factors were evaluated using the causal network. Figure 3.5

illustrates the fatigue causal network.

Suboptimal conditions

< ‘ Physical
‘
\\\\

Motivational

Cognitive

Q Indirect factors O Task-related stimulus O Individual resilience

Figure 3.5 Hlustration of the fatigue causal network
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In this study, the factors ranked in the top 25% were identified as key
causal factors, and they are analyzed below. Table 3.5 shows the key causal
factors and their rankings in three dimensions: (1) al is the rank of the influence
power (I) of each causal factor; (2) a2 is the rank of the influence range (Np) of

each causal factor; and (3) a3 is the rank of the impact of the causal factor.

Table 3.5 Key causal factors of human fatigue in VTS

Causal factors al a2 a3 Final Rank
Safety culture 6 4 16 4
Organizational rules 10 5 18 6
Workload 1 1 10 2
Rest/recovery 2 8 1 1
Subjective feelings 9 21 22 8
Health and wellness condition 5 7 15 3
Language barrier 25 27 4 11
Marker or notes 20 26 5 9
Overlap of vessel information 12 26 8 7
Unnecessary alarms 24 30 6 12
Amount of information 11 14 2 5
Continuous monitoring 22 29 3 10

“Safety culture” and “organizational rules” were classified as root causes;
they have high rankings in both influence power and influence range. The
results indicate that “safety culture” and “organizational rules” have significant

effects on the entire fatigue causal network.

2 (13

“Workload”, “recovery”, “subjective feelings” and “health and wellness
condition” are impact factors that can be considered preconditions of human
fatigue. Table 3.5 shows that all of them except “subjective feelings™ are highly
ranked in the three dimensions. Considering the three dimensions, “rest” ranked
first. Hence, the “work/rest arrangement” of VTS requires more development.
VTSOs perform shift work; hence, they always suffer from the problem of

ensuring adequate rest and recovery. “Workload” ranked second; its a3 ranking
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is much lower than that of “rest”. a3 shows the subjective feelings of the
VTSOs. It can be concluded that the operators felt the problem of “rest” to be
more serious than the problem of “workload”. The VTSOs did not work close
to the limits of their capacity. Nevertheless, they felt a lack of motivation to

continue their work.

Other key factors include “language barrier”, “amount of information”,
“marker or notes”, “unnecessary alarms”, “overlap of vessel information”, and
“continuous monitoring”. These are the task-related stimuli and direct causal
factors of human fatigue in VTS as they have a high ranking in a3. A factor
with a high ranking in a3 means that the operators encountered the factor very
frequently and perceived the factor to be critical. These task-related stimuli are

discussed below:

Language barrier: From the task decomposition, it appears that VTSOs
frequently communicate with the pilots of vessels coming from different
countries. Nevertheless, communication can be interrupted by the “language
barrier”, as the pilots of vessels may be not proficient in English. During the
unstructured interview, the VTSOs mentioned that pilots might ignore advice or
even insist on speaking their language during communication. This factor
obtains a high ranking in a3 as the operators stated that it dramatically affects
their work. However, “language barrier” obtains low rankings in al and a2.

Hence, it does not have a significant influence on other factors.

Amount of information: From the task analysis of VTS operations, VTSOs
frequently work close to the limits of their information-processing capacity.

They must handle numerous warnings, calls from vessels, and traffic
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information. The effort required to process high-density information and
simultaneously make adequate decisions can be daunting and may potentially
induce a high workload. Due to its direct effect on workload, this factor ranks
high in both al and a2. Although the operators felt that their workload was

acceptable, they also stated that the amount of information should be reduced.

Overlap of vessel information: The identification information of a vessel,
including its name, call number, and type, is displayed next to its icon.
Nevertheless, when a vessel is close to another vessel, their information always
overlaps, as shown in Figure 3.6. At such times, VTSOs must drag the
information labels manually. According to the field observation, the VTSOs

spend most of their time managing overlapping information.
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Figure 3.6 Information overlap

Unnecessary alarms: The integrated VTS alarm system was developed to
assist in identifying potential unsafe issues. However, the operators mentioned

that most of these alarms are unnecessary. Examples include “I receive
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hundreds of warnings per day, but I ignore most of them. I think they are
unhelpful and useless”; “I detect abnormal situations before the alarm system.
| rarely use it”; and “The voice alarms interrupt my communication”. These
unnecessary alarms induce distrust in systems, resulting in a slow response to

the alarm system.

Markers or notes: VTSOs used “markers or notes” to mark the vessels that
require their attention, as shown in Figure 3.7. However, there is no standard in
making markers. As a result, the operators make markers according to their own
preferences and working habits. They may be confused by the markers or notes
left by the other operators. Similar to the “language barrier”, this factor does not
have a great influence on other causal factors; however, it was rated as “very

important” by the operators.

Figure 3.7 Markers and notes

Continuous monitoring: With the increase in automation technology in
VTS, the role of the VTSO tends to change from that of a controller to that of a
monitor whose main task is monitoring tasks. Thousands of laboratory

experiments have demonstrated that human vigilance will easily be interrupted
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when people are working on monitoring tasks [134]. In addition, the operators
mentioned that their eyes felt strained after continuous monitoring. This factor

was ranked just after “rest” and “amount of information” in a3.

In summary, the causal network-based evaluation provides a
comprehensive assessment of three aspects: the influence range, influence
impact, and subjective rate of importance. In general, operators could identify
direct task-related stimuli according to their experience. Nevertheless, the
importance of indirect causal factors could not be determined by subjective

feelings. The proposed network can well fill this gap.

The evaluation approach meets the criteria of a well-designed measurement
as suggested by Liu et al. [25]: (1) it assesses a considerable number of factors;
(2) it evaluates the importance of factors from several dimensions; and (3) it

aggregates various judgments.

3.6 Summary

It is desirable to identify the task-related causal factors of human fatigue
and to subsequently design corresponding preventive interventions for its
management. Based on this understanding, this study was conducted to

determine the key causal factors of human fatigue in TCCs.

As the causal factors of human fatigue are associated with specific job
domains, this study employed TCFA. This analysis provides the basis for
human fatigue management, the identification of specific causal factors of

human fatigue and an objective, holistic and quantitative evaluation of causal
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factors. A case study was conducted in VTS in Singapore, and several critical

causal factors and symptoms in VTS were identified.

Unexpectedly, the physical fatigue suffered by VTSOs was greater and
more serious than their cognitive fatigue. The results provide directions for

future fatigue management.
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Chapter 4 Proactive Human Fatigue Detection based on

Bagged Decision Trees and Gaze-bin Analysis

4.1 Brief of human fatigue detection

Among all the physiological behaviors mentioned in Section 2.2.2, eye
movements have been shown to be the most suitable indicator of human fatigue
[122]. With technological improvement, eye movements can be remotely
tracked using contactless eye trackers [135, 136]. Hence, eye movements can be
measured unobtrusively and continually during extended cognitive tasks. In
addition, changes in eye movements can be promptly captured to identify and
understand the interactions between users and human interface devices.
Consequently, eye movement-based fatigue detectors have recently received
great attention [122, 137-139].

The existing methods in EMFD have focused on using eye movements
recorded over an extended period to generate descriptive fatigue indicators,
such as the mean, SD and median of fixations and saccades [140]. However,
these indicators impede the ability to warn fatigued subjects in a timely manner,
and they heavily depend on the selection of parsing methods and the quality of
the eye-tracking data [141]. These factors have given rise to many contradictory
results in studies of eye movement-based mental fatigue detection. For example,
although many studies have suggested that saccadic parameters vary with the
fatigue level [97, 103, 105], Saito [142] did not find any significant quantitative

changes in saccadic eye movement in five hours of eye-tracking tasks.
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Therefore, instead of focusing on fixations and saccades, it would be better
to capture dynamic information from eye-tracking data recorded over a short
period of time, which poses several challenges. First, splitting eye-tracking data
recorded over a long period into short-period data will introduce overlapping
data, which can affect the accuracy of the fatigue detection model. Second,
labeling eye-tracking data recorded over a short period is labor intensive. Third,
it is difficult to determine the period of the time window. It is believed that the
time window period will significantly affect the performance of human fatigue
models, such as their detection accuracy and time delays [143]; however, little
attention has been paid to determining the appropriate time window.

To address these challenges and achieve the aim of proactively and
noninvasively monitoring the human fatigue of TCOs, a method that involves
extending bagged decision trees with semisupervised training to gaze-bin
analysis is proposed. Bin analysis, which refers to counting how many values
fall into a specific interval, can accurately present the distribution of numerical
data and capture dynamic features from short-period data. The bagged decision
tree method adopts the concept of assembling multiple decision trees, and it
performs well in analyzing data with substantial classification noise [144].
Semisupervised training enables both labeled and unlabeled training data to be
used.

This chapter is organized as follows. In Section 4.2, the novel problem of
using gaze-bin analysis to discriminate human fatigue is stated. Section 4.3
describes the innovate approach suggested for detecting human fatigue using
gaze-bin analysis. The case study in VTS and the performance of the proposed

approach are presented in Section 4.4; in addition, Section 4.4 presents the
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effects of the model characteristics and the comparison results of the proposed
method in relation to other classical methods. Section 4.5 summarizes the

contributions and limitations of this work.

4.2 Gaze-bin analysis-based indicators of human fatigue

4.2.1 Gaze-bin analysis

Figure 4.1 (a) shows the basic concept of the existing parameters. The
previous studies generally focused on first identifying fixations and saccades
and then generating statistical parameters. Different from existing studies, a
novel research problem, gaze-bin analysis, is investigated. Basically, there are
eye-tracking data E = {X,Y,T}, where X,Y refers to the set of x and y
coordinates of the gaze points and T is the set of timestamps. The gaze velocity
of each gaze point can be calculated by determining the difference between the
center of two points and multiplying by the sampling frequency (f) of the eye

tracker.

ve = f X Y (= X-1)% + (e — Yeo1)? (4.1)
teT,xeX,yeY
Hence, the eye-tracking data are represented as E = {V, T}, where V is the

set of gaze velocity data.
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Figure 4.1 Representation of eye-tracking data
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First, the eye-tracking data were split into short-period data packets, and
then, bin analysis was conducted. The time series data on eye movements were
split into N packets based on the time window and shift window. The time
window (Tw) denotes the period of each packet. The shift window (Sw) refers to
the length that the time window moves forward. T refers to the length of the

eye-tracking data recording time.

=[] [ @2
M=T,Xf (4.3)

In this way, eye-tracking data E ={V,T} are presented as E =
{D;, Dy, ... Dy }. M refers to the number of gaze points belonging to a data packet,
while f is the sampling rate frequency of the eye tracker.

The basic idea of gaze-bin analysis is shown in Figure 4.1 (b). Eye-
tracking data E = {D,,D,,..Dy} can be represented as E ={P}=
{p1,p2, -.-pn}, Where P is the set of gaze velocity probability vectors.

The bin analysis was extended to gaze velocity analysis by describing each
data packet as a histogram of all velocities at which the eye travelled during the
time window (Tw). The gaze velocity data belonging to the data packet are

transformed into a discrete probability mass function and entropy, p=(p(v1),

p(v2), ..., p(vB), €):

Vmax
BvbszB_l (4.4)
e =) p(®,) x log(p(vy)) 49)
b=1

p(v,) is the probak;ility that the gaze velocity is larger than v,_; and
smaller than v,,. V4, is the maximum velocity of the fixation, B is the number

of bins, and e is the entropy of the gaze velocities belonging to the time window.
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Because the velocities of the saccades are much faster than the velocities of the
fixations and the amount of time spent on saccades is substantially shorter than

that spent on fixations, just one bin (bin B) was set for the saccades.

4.2.2 Problem statement

This study proposes a novel analysis of short-period eye-tracking data
instead of statistical analysis of fixations and saccades, which can be conducted
using only long-period recorded eye-tracking data. In this way, a new problem
of using gaze-bin analysis to discriminate human fatigue in TCCs is introduced.
The problem is stated as follows: given a set of eye-tracking data P =

{1, ..., } and a set of fatigue levels FL = {f1,, ..., f1;}, the aim is to (1) train

a fatigue model {P,FL} - FM and (2) predict the human fatigue level using

short-period eye-tracking data fI s {p}. This problem is based on the
following assumptions:

Assumption 1: The dimension of FL is much smaller than the number of
data packets belonging to P. In other words, j < m.

Assumption 2: Eye-tracking data collected from the same participants are
subject to the same distribution.

Assumption 3: There are some overlaps among data packets, p; N pg+1 #
@,where {py,pa+1} € P.

Compared with existing human fatigue detection studies, which focus on
fixations and saccades from eye-tracking data recorded over an extended period,
the proposed solution of using gaze-bin analysis is expected to capture dynamic
features from short-period eye-tracking data. Moreover, the gaze-bin analysis is

independent of event detection methods and eye trackers. Hence, the gaze-bin
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analysis is expected to reduce the contradictory results caused by eye trackers

and event detection methods.

4.3 Semisupervised bagged trees for human fatigue detection

This section presents an innovative method to address the challenges
summarized in Section 4.1 for gaze-bin analysis-based human fatigue detection.
In general, the training data and test data were randomly selected. Nevertheless,
a simple selection is not applicable in this study due to the overlapping data
packets. Hence, the proactive selection of training and testing data is introduced
first. Then, a semisupervised bagged tree method for training the fatigue model
using labeled and unlabeled data is discussed. Lastly, the procedures of human

fatigue detection are stated.

4.3.1 Proactive selection of training and testing data

In total, N data packets were utilized for training and testing the bagged
tree model. First, 80% of the data packets were randomly selected for training,
and the remaining data packets were used for testing. To avoid overfitting
caused by overlapping data packets, the training data and testing data were split
before training. The overlapping data packets were deleted, as shown in Figure
4.2. A random number s was generated using MATLAB R2018a. To prevent s
from being outside of the index, s was set to be larger than N, and smaller than
0.8N-N,-1. The data packets numbered s to s + 0.2N were utilized as testing
data, while the data packets whose numbers ranged from s-0.5N, to s + 0.2N +
0.5N, were deleted. After deleting the overlapping data, the remaining data

were used to train the model.

58



PhD Thesis Chaeter 4 Human Fatigue Detection

N, =2+ ([Z—Zj 1) (456)

where N, is the number of overlapping data packets.

Random starter

Test data (s to s+0.2N)
Delete Delete
213 | [sNo2— |
el | .. [+ DoNNeZ] .
Timeline
Figure 4.2 Generating data for training and testing
In this way, the training data set Tr =

{Dy, ... Ds_n,—1,Dsy0an+n,+1, Dy} and the testing data set Ts=

{Ds, ..., Ds 40y} Were obtained.

4.3.2 Semisupervised training with decision trees

Given a set of eye-tracking data Tr =
{Dy, ....,Ds_n -1, Ds402n+n,+1, > Dy} and a set of fatigue levels FL, the
number of data packets in Tr is much larger than the dimension of FL. { Tr, FL}
can be presented as { D!, D*}, where D' denotes the set of labeled eye-tracking
data and D“ denotes the set of unlabeled eye-tracking data. Essentially,
{ D', D"} = {d},d}, ...d},d},q, ...,dR%}, d' = {p,f1}, and d* = {p}. Hence, a
labeling vector FL* = (f1},4, ..., flx)Tis generated for the unlabeled data set.

First, a decision tree using the labeled data set D' was generated, and then,
the decision tree was used to generate a labeling vector FL* =
(fli41, -, fl;)" for the unlabeled data set. A subset fI;,, with high
classification confidence of FL* was selected to label Dg,,. Then, the decision

tree was trained using the data set {D!,D%,}, and a subset of data was
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reselected from the unlabeled data set. The procedure was repeated until it
reached a stopping condition. The C4.5 algorithm was used to build decision
trees because it is the most well-known algorithm for building decision trees,
and it has been successfully used in many fields [145]. Algorithm 4.1 presents
the main structure of the semisupervised training algorithm. The output training
data set can be represented as Tr = {d!,...,d%,}. The time complexity of

Algorithm 1 is O(T - B - |D*|?), as the time complexity of C4.5 is O(B - |D*|?).

Algorithm 4.1: Semisupervised training algorithm

T: number of iterations. C: prediction confidence threshold
t=1
whilet<T
Dt € Decision tree (DY)
FL*= Bt (DY)
select D&, whose p(FLs,;,) > C
FL € {FL+FL},;,}
Dl < {D1+D;Lub
D* € {D*-DY%,
t=t+1
end
Output: generate final training data set D' and a labeling vector FL*

4.3.3 Bagged tree-enabled human fatigue detection

To build A trees for bagging, A copies of data set BT =
{BT,,BT,, ... BT} were generated from the training data set Tr using sampling
with replacement. Based on each data set BT,, a decision tree F*¢ could be built
using the classification and regression tree (CART) algorithm.

Given the training data set BT, = {(p{, fI{), ..., (p3, fl%4)}, where p® €
P, fl* € FL, the decision tree F** divides P into K feature subspaces. On each
subspace, the same prediction is made for all data packets belonging to the
subspace. The Pro,g, estimated probability of class F on the k subspace is the

proportion of training observations in the kth subspace that are from the Fth
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class. The method aims to find F*¢, which can achieve a minimized Gini index
[146]:
1
Gini = Z Progr(1 — Progg) (4.8)
F=0
The final prediction for a given observation p is calculated using Eq. (4.9)
[147].
1 A
Foag (9) = ﬂaZ_lF*a (p)‘ 49)

Out-of-bag errors are typically used to evaluate the bagged model.

Although the out-of-bag error estimation is particularly convenient, it is not
suitable for this study due to the overlapping data packets. As illustrated in
Figure 4.2, each data packet overlaps with several other data packets, making
out-of-bag observation too complex. Hence, in this study, a k-fold cross-
validation method was extended. The aforementioned testing data set Ts =
{Ds, ... Ds402n}, Where Dy = (P, FLg), was used to test the bagged model. For

each fold |, the Accuracy,; can be obtained based on Eq. (4.10).

1 s+0.2N
Accuracy; =1 - o= Z |(FL, — Fpag(P))| (4.10)
r=s

In addition to accuracy, sensitivity and specificity were tested. Accuracy
measures the percentage of correctly classified observations, while sensitivity,
which is also known as the true positive rate, determines the proportion of
actual positives that are correctly identified as positives. In contrast, specificity
measures the proportion of actual negatives that are correctly identified as
negative. In this study, “alert” is defined as positive, and “fatigue” is defined as

negative. The time complexity of the bagged trees is O(A4 - B - m - log (m)?).
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4.4 Field-based experiments

This section describes the data collection and the performance of the
proposed method. The effects of the model characteristics, including the time
window, bin number, and input features, are examined and presented, and the
proposed method is compared with other commonly used methods, such as

decision tree, LR and SVM methods.

4.4.1 Data collection and experiment settings

Eight VTSOs consisting of seven males and one female with normal vision
were recruited for this study. Their ages ranged from 30 to 50, with an average
age of 42 years. All of them worked in the morning shift, which runs from 7:30
a.m. to 15:30 p.m. None of them suffered from sleep disorders.

The data collection phase consisted of four sessions (Figure 4.3). The
participants were asked to conduct their daily work and to complete a 5-minute
Mackworth clock test after every two hours of work. The Mackworth clock test
requires participants to monitor a dot moving around and to press the space bar
immediately when the dot jumps more than usual. The participants were further
instructed to complete the Samn-Perelli Fatigue Scale before and after the
Mackworth clock test. Their eye movements were recorded using Tobii X3-120
with a sampling frequency of 120 Hz. A 14-inch Lenovo laptop with a
768*1024 resolution monitor was used to display the vigilance test. The
participants were required to sit 50 cm away from the laptop and were required
to sit still during the experiments. The illumination of the test room was

maintained at approximately 400 Ix.
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Tobii X3-120 can track eye movements in an unconstrained and natural
way by placing it in front of the participants. However, applying it in TCCs
would still be challenging [28]. On the one hand, due to the natural movement
of TCOs when working, it is difficult to collect high-quality eye-tracking data.
On the other hand, the illumination and reflection of the visual display may
decrease the performance of eye trackers due to the large amount of noise
collected [148, 149].

A total of 160 minutes (8 participants x 5 minutes x 4 sessions) of eye
movement data from eight VTSOs were collected. The human fatigue data were
summarized from the results of the Samn-Perelli Fatigue Scale and the

Mackworth clock test.

N
Consent forms
Demographical
infromation

—

@

% The Mackworth
Clock Test

Session 1 | | Session 2, | Session 3) | Session 4
7:30 9:30 10:00 12:00 13:00 15:00 15:30

VTS
operations

Time line

Figure 4.3 Data collection procedures

The time window ranges from 4 to 10 seconds. The shift window was set
to a quarter of the time window. According to Eqg. (4.6), the number of
overlapping data packets is 6. The number of data packets N varies with the
length of the time window, as shown in Table 4.1. In addition to the time
window, the value of the bin number (b) required more investigation because it
can affect the performance of the human fatigue detection model. In this study,

b was set to 6, 8, 10, 12, 14, and 16.
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Table 4.1 The number of data packets with different time windows (for each
participant)

Time window (seconds) N Np N test
4 1196 6 1199
6 796 6 159

8 596 6 119
10 476 6 95

A within-subject design was adopted to investigate the effects of the
variables on model performance in terms of three aspects, specifically, accuracy,
sensitivity and specificity. For each model, 10 observations were obtained from
a 10-fold cross-validation. A repeated-measures analysis of variance (ANOVA)
was conducted to test the differences in observation of all the models. For
factors that did not satisfy Mauchly’s test of sphericity before the repeated-
measures ANOVA, a Greenhouse-Geisser correction was applied. The

significance level in this study is 0.05.

4.4.2 Performance of the human fatigue detection models

This section presents the effects of the two main variables: bin numbers (6)
x time windows (4), on bagged tree model performance in terms of three
aspects, specifically, accuracy, sensitivity and specificity. MATLAB 2017a was
used to generate the fatigue models. Bayesian optimization was used to
preliminarily select the optimal hyperparameters for the bagged tree models.
After a preliminary study, the number of trees was set to 1500, and the

minimum leaf size was set to 1.
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Figure 4.4 Model performance versus the time window

Figure 4.4 shows the performance of the human fatigue detection models
across different time windows. The results show that the time window had a
significant effect on the accuracy (F1452, 10161 = 13.262, p = 0.002 < 0.05) and
specificity (Fs 21 = 22,9, p = 0.002 < 0.05) of the human fatigue detection
models but not on their sensitivity (Fi1.222, 856 = 0.799, p = 0.519 > 0.05).
Therefore, the time window has no significant effects on detecting the “alert”
state, while it has significant effects on detecting the ““fatigue” state. In other
words, using longer periods to summarize the data made the fatigue state easier
to detect. With an increase in the time window, the human fatigue detection
models can detect a “fatigue” state with higher accuracy and more sensitivity.
However, the main effects of the bin number on model performance are not
significant (accuracy: F2.149, 15.046 = 0.206, p = 0.958 > 0.05; sensitivity: F2.371,
16597 = 0.589, p = 0.708 > 0.05; specificity: Fs, 21 = 0.507, p = 0.769 > 0.05).
Hence, the performance of a human fatigue detection model is not sensitive to
the bin number.

Figure 4.5 shows the line graph of model performance across different bin
numbers. The best performance (accuracy = 0.90; sensitivity = 0.81; specificity
= 0.90) was achieved when the time window was set to 10 seconds and the bin

number was set to 8.
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Figure 4.5 Model performance versus bin number

Figure 4.6 shows the cloud graph of human fatigue detection accuracy with
different bin numbers and time windows. As shown in Figure 4.6, a longer time
window can yield better performance; however, a larger bin number shows no
significant improvement. The interaction effect of bin number and time window
appeared to be nonsignificant (Fis,105s = 1.097, p = 0.368; sensitivity: Fis,105 =
1.178, p = 0.301; specificity: Fis105 = 0.989, p = 0.472). In the following

sections, the bin number is fixed at 8.
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Figure 4.6 Effects of the bin number and time window on detection accuracy

4.4.3 Comparison with other common fatigue indicators

This section compares the performance of four types of feature

combinations: gaze-bin analysis, fixations, saccades and combination data.
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Table 4.2 shows their parameters. Specifically, gaze-bin analysis includes two
types of parameters: the velocity probability of each bin and entropy. For
fixations and saccades, many statistical parameters can be generated from the
raw eye movement data. Thus, several frequently used fixation parameters and

saccade parameters were selected based on a review of the extant literature.

Table 4.2 Feature combinations used as model inputs

Feature combination

Eye movement Gaze-bin analysis Fixation data Saccade data Combination data |
parameters (G) (F) (S)

Mean fixation duration v v
Mean fixation velocity v v
Mean fixation stability v v
Fixation count v v
Saccade count v v
Mean saccade peak v v
velocity

Mean saccade velocity v v
Mean saccade v v
amplitude

Mean saccade duration v 4
Gaze velocity v

probability

Entropy v

Table 4.3 shows the performance of the fatigue models with the four types
of feature combinations. The results show that the feature combinations had a
significant effect on the performance of human fatigue detection (accuracy: F,
21y = 5.806, p = 0.005 < 0.05; specificity: F@,21) = 3.677, p = 0.028 < 0.05) but
not on sensitivity (Fi.346, 9.422 = 2.662, p=0.131 > 0.05). Multiple comparisons
show that the gaze-bin analysis could achieve a higher accuracy in human
fatigue detection than other inputs. There is no significant difference in model
performance between fixation data, saccade data and combination data. The
results suggest that fixation data can contribute to human fatigue detection.
Furthermore, the results show that the combination of fixation data with
saccade data cannot greatly improve the accuracy of human fatigue detection.

This finding can be explained based on two aspects. First, the combination of
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fixation and saccade data introduces too many input features and impairs the

performance of the bagged tree. Second, there should be some relationships

between fixations and saccades.

Table 4.3 Model performance (bin number = 8)

Performance Gaze-bin Fixation Saccade Combination data
analysis data data

Accuracy 0.84 0.77 0.79 0.81

Sensitivity 0.77 0.71 0.67 0.75

Specificity 0.85 0.75 0.78 0.79

There was no interaction effect of time window and feature combinations

(accuracy: Fo, 63 = 1.782, p = 0.89; sensitivity: Fo, 63 = 0.820, p = 0.600;

specificity: accuracy: Fo, 63=0.665, p = 0.737). For all types of inputs, model

performance increased with the time window, as shown in Figure 4.7.
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Figure 4.7 Effects of feature combinations and the time window on the

performance of human fatigue detection

4.4.4 Comparison with other methods

The proposed approach was compared with other classical methods,

specifically, LR, decision trees, and the SVM. For the three types of

performance, neither the method nor time window satisfied Mauchly’s test of
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sphericity. Hence, Greenhouse-Geisser correction was applied to all results of
the main effects test. Table 4.4 shows the accuracy of the different methods
using gaze-bin analysis as inputs. Figure 4.8 shows the accuracy, specificity,
and sensitivity of the different methods using gaze-bin analysis as inputs. The
methods used to detect human fatigue had significant effects on accuracy
(accuracy: Fi.210,8473 = 19.004, p = 0.002 < 0.001). Multiple comparisons show
that bagged trees outperformed the other three methods in terms of accuracy.
Moreover, decision trees achieved significantly higher accuracy than LR and
the SVM. No significant effects on sensitivity and specificity (sensitivity: F1.023,
7160 = 3.369, p= 0.108 > 0.05; specificity: Fi.oss, 7.403 = 0.471, p=0.705) were
found. Therefore, bagged trees cannot significantly improve efficiency in
detecting a ‘“fatigue” state or an “alert” state. The time window affected
specificity (F1.39,9.733=11.3, p = 0.005 < 0.05) but not accuracy (F1.139, 7.795 =
1.569, p = 0.251 > 0.05) or sensitivity (F1.118, 7.286 = 1.941, p=0.154 > 0.05).
The model’s specificity increased with the time window size, suggesting that
using longer periods of eye movement data can improve the model’s ability to
detect a fatigued state. The interaction effects of time window and methods on
accuracy (Fo, 63=2.329, p = 0.025 < 0.05) and sensitivity (Fo, 63 = 2.691, p =
0.010 < 0.005) were significant; however, the interaction effect on specificity
was not significant (Fo, 63 = 0.755, p = 0.64). Compared with the results of
Section 4.4.2, the time effects on bagged trees are more significant than those
on the other three methods. Therefore, no main effect of time window on

accuracy was found in this section.
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Table 4.4 Model performance (bin number = 12)

Performance  Decision tree  Linear Support vector Bagged trees
regression machine
Accuracy 0.76 0.71 0.70 0.84
Sensitivity 0.65 0.63 0.68 0.75
Specificity 0.82 0.81 0.81 0.85
0.95 — - - -
O Bagged trees B Decision tree O Support vector machine B Linear regression
0.9
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0.8
0.75
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0.5 = = =
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Figure 4.8 Effects of the methods and time window on the performance of
human fatigue detection

4.5 Summary

The performance of TCOs is usually impaired by mental fatigue, resulting
in considerable threats to public safety. To minimize these risks, an innovative
approach to noninvasively detect human fatigue in TCOs using gaze-bin
analysis was proposed. A case study was conducted to test the effectiveness and
performance of the proposed approach.

We run Algorithm 1 and the bagged trees on ThinkPad X1 Carbon with 8th
Gen Intel Core™. The processing time for both Algorithm 1 and the bagged
trees was shorter than 1 second. Hence, the proposed method can provide
fatigue detection timely. The results in Sections 4.4.2, 443, and 4.4.4
confirmed that the proposed method could provide better performance than

existing methods in this case study. It is expected that the results can be
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extended to TCC operations. Specifically, the study collected eye-tracking data
from the Mackworth clock test, which is a monitoring task. Monitoring tasks
are the most frequent operations of TCOs. Moreover, the eye-tracking pattern
related to gaze velocity is relatively task independent. As mentioned in Section
1, fixations and saccades are highly related to tasks and interface design
whereas gaze velocity is relatively uncontrollable. With regard to these two
aspects, gaze-bin analysis is expected to be a task-independent fatigue indicator

and can be applied in other operations.
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Chapter 5 A Context-aware Machine Learning Approach to

Predicting Human Fatigue

5.1 Brief of human fatigue prediction

In recent years, organizations and regulators have advocated several
fatigue models that aim to predict human fatigue to effectively schedule
working time, improve operational flexibility, and guarantee safety [13, 14,
150]. Some researchers have tried to predict human fatigue based on working
time and circadian rhythm models [15, 71]. However, these models are
inadequate for predicting human fatigue in TCCs. First, they focus on time
effects and fail to consider the dynamic work conditions in TCCs. The
workload of TCOs varies with traffic density and weather conditions [16];
however, existing human fatigue models assume that operators have a stable
workload. Second, TCOs exhibit dramatic individual differences in human
fatigue [14], and few of these models capture such differences.

To address the problems resulting from dynamic work conditions and
individual differences, in recent years, some researchers have proposed
integrating contextual information for human fatigue prediction [7, 20].
Contemporary studies have claimed that integrating causal factors with
circadian rhythm models would be beneficial for managing human fatigue [7,
12, 20]. For example, Strahan et al. [20] recommended that companies should
predict human fatigue based on organizational influence and occupational stress.
Ji et al. [7] suggested investigating the dynamic aspects of human fatigue by

considering various causal factors.
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Nevertheless, it has been established that thorough and systematic methods
for predicting human fatigue based on contextual information are scarce, and
several issues must be addressed. Specifically, research must determine (1) how
to capture contextual information, which includes the characteristics of dynamic
work conditions and the individual differences exhibited by TCOs; (2) how to
address the numerous interrelated factors involved in contextual information;
and (3) how working conditions and individual differences affect the
performance or accuracy of human fatigue prediction.

To address the above issues, this study analyzes the causal factors
contained in contextual information and presents a hybrid approach that
combines an AIS and the extreme gradient boosting (XGBoost) algorithm to
predict human fatigue in TCOs using the causal factors captured.

The AIS technique simulates the biological immune system, which is
adaptive and self-organizing [151, 152]. The biological immune system is a
defense system comprising many structures that protects against pathogens such
as bacteria and viruses. The pathogen surface includes many antigens that can
induce an immune response. When an antigen enters the body, the immune
system produces antibodies against it. Antibodies can recognize the antigen and
then wipe out it. When an antibody is first activated by an antigen, memory
cells develop. This process is termed the primary response. Memory cells can
induce a stronger response to a smaller amount of antigen when the same
antigen is encounter again. This process is known as the secondary response.
Compared with the primary response, the secondary response has a shorter lag

time and a larger number of antibodies. Thus, a vaccine, which is an antigenic
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material, is used to induce the primary response and provide active acquired
immunity to a particular disease.

The proposed approach consists of three phases: the data preprocessing
phase, training phase, and testing phase. In this study, AIS is used to preprocess
the causal factors and provide structured inputs for a XGBoost model.
Furthermore, the benefits of integrating working conditions and individual
differences in human fatigue prediction are illustrated using a case study on
vessel traffic management based on the information obtained by a
questionnaire-based survey.

This chapter is organized as follows. Section 5.2 describes the causal
factors of human fatigue captured in contextual information and a novel way to
represent these factors. A framework and the detailed algorithm of the proposed
approach are reported in Section 5.3. Section 5.4 presents a case study to
illustrate the proposed approach; it also includes a comparative study of the
proposed approach and other approaches. Section 5.5 summarizes the main

conclusions reached in this chapter.

5.2 Contextual information of human fatigue

Four main fatigue-inducing factors have been identified: environmental
factors, working conditions, circadian rhythms and individual resilience (Figure
5.1). Hence, the causal factors of human fatigue can be represented as
{E,W,C,I}. E is a group of environmental factors, including the factors that
shape the environment whereas W is a group of working condition factors that
are involved in the specific task. C includes the factors that affect circadian

rhythms, and | refers to the factors that affect a person’s response to the other
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three factors. The details about how to quantify these causal factors of human

fatigue in TCCs are discussed in Sections 5.2.1-5.2.4.

E: Environmental factors

W: Working conditions @ I: Individual resilience

C: Circadian rhythms

Figure 5.1 The causal factors of human fatigue

5.2.1 Work environment

The work environment includes the factors involved in creating the
environment. For example, dim lighting causes eye strain, and insufficient
lighting can promote sleep [18]. A higher core body temperature can create
sleep onset difficulties [19] whereas environmental and occupational noise can
increase the level of work-related fatigue [20]. In this study, the work
environment was characterized by factors that included lighting levels, noise,

air pressure, and temperature.

5.2.2 Working conditions

As shown in Figure 5.1, the intensity and length of work are critical work-
related factors that contribute to human fatigue. Essentially, the length of work
(WL) is suggested by working hours, and the intensity of work (W1) is assessed
using the NASA task load index (NASA-TLX) scale, a subjective,
multidimensional assessment tool. The NASA-TLX scale assesses workload
based on six aspects: mental demand, physical demand, temporal demand,

performance, effort, and frustration.
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5.2.4 Circadian rhythms

TCCs generally adopt shift work to provide 24-hour service. Shift work
can directly lead to work-related fatigue [79] as it disrupts the cycle of sleep
and wakefulness [153]. Accordingly, shift work may chronically affect health
and even result in cumulative sleep deprivation [88]. However, some
researchers [15, 71, 72] have focused on investigating the effects of circadian
rhythms (CR) and the effect of time on task. In practice, these two factors
induce human fatigue interactively. Thus, shift work and time on task are

studied to indicate the level of disruption of circadian rhythms.

5.2.3 Individual resilience

There are large individual differences in people’s susceptibility to
becoming drowsy [154]: some people are greatly affected by work conditions,
while others are not. Individual differences mainly refer to demographic
variables (DV), physical conditions (PC) and personality factors (PF). In
general, demographic variables include age, gender, nationality, and experience.
In this study, physical conditions were measured by the FSS. The FSS
(Appendix A.1) is a 9-item self-report questionnaire scale that contains nine
statements related to topics such as motivation and physical functions. Physical
conditions involve many aspects including various diseases, eating habits, and
drug consumption. It is almost impossible to collect all the information
pertaining to physical conditions. Thus, fatigue severity, which is a type of
observable pattern of physical conditions, has been adopted as one type of
contextual information. Personality factors, such as extraversion and sensation

seeking, can be mediating precursors of human fatigue [154, 155], and they can
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be assessed using the Bortner Type A scale, which is a simple self-report scale
[155]. The Bortner Type A scale (Appendix A.2) covers 14 aspects, such as

extremes of ambition, competitiveness, and punctuality [155].

5.2.5 Fatigue causal network representation
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Figure 5.2 Causal factor representation: (a) conventional causal factor
representation; (b) fatigue causal network representation

Conventionally, {E,W,C,I} can be represented as CF = {Cy,...,Cy},
where CF refers to all the causal factors of human fatigue. Nevertheless, this
type of representation fails to consider the interrelationships among causal
factors. It has long been found that there are significant correlations among
fatigue-inducing factors [85].

Causal networks, which have been used to manage problems in different
domains, such as philosophy, health and the environment, and tourism [133],
can be used to express the interrelationships among causal factors. Hence,
instead of using a conventional representation of causal factors, in this work, a
novel fatigue causal network representation is proposed, and Figure 5.2

illustrates these two types of representation:

netf11 b netle
e I ] (5.1)
netfy; -+ netfyy
) 1 netf; has ef fects on netf,.
Forh #j netfjn = {0 netf; has no ef fects on netf,. hj €[1H]
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For h = j,netf,; = Cy

Each column of CF is a principal eigenvector of the effects of the jth

element on the hth element. For h = j, netf}; refers to the value of the hi node.

By representing causal factors using the network, the problem of F «
{C;, ..., Cy} is transformed into the following:

netf;; - netfiy

F « [ : : ]

netfy, - netfyy
where the transformation faces several challenges in modeling human
fatigue. First, the causal network induces a high dimensional sparse matrix. It
enlarges the dimension from N to N X N, and this high dimension will result in
increased computing time. In addition, using the high dimensional matrix as an
input for a fatigue prediction model will require a large amount of training data.
Second, the heterogeneity of causal factors, including both qualitative variables

and quantitative variables, should also be addressed.

5.3 AIS and XGBoost-enabled fatigue prediction

Generally, in the artificial immune system, antigens refer to problems
waiting to be solved, antibodies refer to solutions, and vaccines refer to problem
and corresponding solutions. In this study, causal factors are treated as antigens,
grouped causal factors are treated as antibodies, and a vaccine refers to a set of
causal factors and their corresponding fatigue levels.

The proposed AIS-XGBFP has three phases: data preprocessing, training,
and predicting. In the first phase, a vaccine with causal factors and
corresponding fatigue levels is generated. In the second phase, the fatigue

causal network and vaccine are integrated to generate antibodies and memory
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cells, and a fatigue model is trained based on the memory cells. In the third
phase, the fatigue level is predicted by comparing the antigens and the memory

cells.

5.3.2 Phase 1: Data preprocessing

The notation and terminology used in this phase are as follows: the raw
data are preprocessed to generate a vaccine, Va = {Va,,Va,, ..., Va;}. Each Vai
is denoted by Va; = (CF;, F;). CF is the set of fatigue causal factors, while F
refers to the subjective fatigue level.

There are two steps in the preprocessing of raw data. The first step is to
delete noisy data. Certain populations may be less likely to participate in a
survey even if invited (e.g., elderly operators). Moreover, some participants
may be unwilling to answer certain questions (e.g., related to personality or
workload). During a questionnaire survey, these challenges can result in
incomplete information or missing data. Thus, questionnaires containing
nonresponse items were ignored in this research. The second step is
normalization. The data collected from questionnaires include categorical
variables and numerical variables. The data related to categorical variables are
encoded as numerical vectors using one-hot encoding, which performs
“binarization” of the category [156]. Numerical variables are first normalized
and then scaled from 0 to 1; thus, the values of the causal factors in the vaccine

range from 0 to 1.

5.3.2 Phase 2: Training

In this phase, the vaccine generated from the first phase is treated as

training data. Antibodies and memory cells are generated based on the fatigue
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causal network and training data. Figure 5.3 depicts the procedures of the

training phase.

Initial antibodies Inject Vaccine Update antibodies
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Figure 5.3 Procedures of the training phase

The training phase can be summarized in six steps:

Step 1: Initialize antibodies (Ab). A set of Ab is generated based on the
fatigue causal network. Causal factors with interrelationships are grouped into
one Ab. The interrelationships among any C, and C; are defined as netf} ;. The
value of netf;; can be obtained from the fatigue causal network, as set forth in
Eq. (5.1).

Ab, =(Cy,Cy, ..., Cg), if [The1 (Xl netfi)) >0,1 <L <K  (5.2)

Step 2: Inject vaccine (Va). The vaccine is a set of causal factor data
labeled with the subject fatigue level, Va; = (Cy, Cs, ..., Cy, F;).

Step 3: Update antibody. Each introduced Va; is presented to the initial Ab.
The distance function D, which quantifies the similarity between Va; and Ab,,,

is adopted to calculate the affinity A.

D;(Va;, Ab,) = Xi=y|Abp i — Vayl, (5.3)
D:
Ai=1-— (5.4)
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For each Va;, determine the Ab,, that has the highest affinity with it. If the
affinity between Va;and Ab,, is larger than the predetermined o, add the Va; to
the recognition pool of Ab,,. Constructed by higher-similarity vaccines, the
recognition pool of Abn is denoted by Rp_Abn = (Va,,Va,,..,Va,). If the
affinity between Va;and Ab,, is smaller than the predetermined o, add a new Ab
by reproducing the Va;. The value of Ab,, is updated as the mean value of Va in
the recognition pool of Ab,,.

Step 4: Memory cell selection. The recognition size (RS_Ab) of an Ab
refers to the number of Va within its recognition pool divided by the amount of
injected Va. If the recognition size of an Ab is larger than the predetermined g,
it is selected as a memory cell. Hence, the memory cell (Mc) refers to the

selected antibodies that have a large recognition pool.

RS_Ab, = (5.5)
Step 5: Vaccine recoding. The recoding of vaccines uses binary code to

~I Y

produce inputs for XGBoost training. Va; = < Try,Tr,, Trs, ..., Trg, F; >=<
Tr, F; >. G is the number of memory cells. If the affinity between V, and Mc, is

larger than the predetermined o, the value of T, will be set to 1.

Tr, =0,if D,(Va;, Mcy)= a, g=123,..G.

Tr, = 1,if D,(Va;, Mcy)< a, g=123,..G.
Step 6: XGBoost training. The latest available set of Va is utilized to train

(5.6)

the XGBoost algorithm, which is implemented using Python libraries. The
XGBoost algorithm is trained to predict Fi based on Va= < Va,,Va,,Vas,,...,
Va; >; each Va is denoted by Va; = < Tr,F; >. In the training phase, T-

boosted trees are generated to optimize the following objective functions:
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I T
obj = Y IR, R+ ) 0 67
T
Fo= ) £ 58)
t=1

where | is the training loss function and Q is the regularization term. In this
study, the logistic loss function is adopted as |. The regularization term was
calculated following [157], where the number of terminal nodes and the depth
of the boosted tree are considered. When the regularization parameter is set to
zero, the objective falls back to the traditional gradient tree boosting. T is the
number of boosted trees, and f is the function of the boosted trees. Normally it
Is impossible to enumerate all possible tree structures. A greedy algorithm that
starts from a single leaf and iteratively adds branches to the tree is used instead.
The tree ensemble model in Eq. (5.7) includes functions as parameters and
cannot be optimized using traditional optimization methods in Euclidean space.
Instead, the model is trained in an additive manner. Thus, to achieve the
objective, the XGBoost algorithm greedily add the tree that most improve the

model.

5.3.3 Phase 3: Testing

A set of causal factors, treated as the antigen (Ag), was utilized to test the
proposed method. The antigen, which is denoted by Ag = (C;, C,, ..., Cy), is the
vector of causal factors. A threshold o is applied to determine whether the Mc is

similar to the Ag.
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The testing phase involves finding a set of memory cells that have a high
level of affinity with the antigen and then predicting the level of human fatigue.
The procedures are summarized as follows:

Step 1: For each Mc,, compute the affinity between the Ag and Mc.

Step 2: If the affinity is larger than the predefined threshold a, set T, to 1.
If the affinity is smaller than the predefined threshold a, set Ty to 0.

Step 3: Repeat steps 1 to 2 until all memory cells have been tested.

Step 4: Predict the fatigue level by using Tr as the input of the XGBoost
algorithm. The fatigue level can be predicted by reassembling the boosted trees

(Eq. (5.8)).
5.4 Case study in fatigue prediction

VTS is a marine shore-side monitoring service designed to guarantee the
safe and efficient navigation of vessels in a port and coastal area [158]. During
the field studies, it was found that VTSOs are at risk of suffering from human
fatigue. Hence, this case study was performed at a VTS in Singapore to validate

the effectiveness of the proposed context-aware fatigue management system.

5.4.1 Fatigue model

The data on human fatigue and causal factors were extracted from a
questionnaire-based survey. A total of 132 VTSOs from the port authority
participated in this survey. Their ages ranged from 25 to 55 years old. The
sample group consisted of 119 males and 13 females, with an average working

experience of 11 years. All participants were initially screened during a
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telephone interview to eliminate those with sleep disorders, and they were
asked to refrain from consuming drugs and coffee before the survey.

Information about individual differences, working conditions, the
environment and circadian rhythms was collected. Thirty-three (33) variables
were gathered (as shown in Figure 5.4). Accordingly, a fatigue causal network
(Figure 5.4) was constructed, and the values of the 33 variables were measured
by the methods discussed in Li et al. [159].

In terms of human fatigue, the 7-point Samn-Perelli fatigue scale [160] was
adopted to evaluate the subjective fatigue level where 1 denotes alert and 7
denotes fatigued. The researcher collected 705 records of human fatigue, 10
records of which were discarded due to item nonresponse. The remaining
fatigue records were utilized to train and test the proposed method. Each fatigue

record includes 33 causal factors and a corresponding subjective human fatigue

level.
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elements of the Bortner Type A are listed in Appendix A.2).

o | Wil
Work condition
Time zone \ Bortner type

FS1

\“ I

J

FS8

Experience ‘

84



PhD Thesis Chaeter 5 Human Fatigue Prediction

5.4.2 A comparative study of fatigue prediction

As mentioned in Sections 5.3.2 and 5.3.3, it is necessary to determine four
parameters: the affinity threshold, the recognition pool size threshold, the
number of boosted trees and the maximum depth of the boosted trees.
According to Lu et al. [161], the affinity threshold should be set to 0.7, and the
recognition size threshold should be set to 0.2 to guarantee accuracy and to
limit the number of memory cells. For the other two parameters, a greedy
approach was applied to determine their values. In general, the number of
boosted trees is set with lower and upper limits in the hundreds and thousands.
To reduce model complexity, the maximum depth of a tree was set to 4 to 6. In
this study, the number of boosted trees was decided according to the
experimental results by setting the value to 500, 1000 and 1500. Similarly, the
maximum depth of a tree was decided according to the experimental results by
setting the value to 3, 4, and 5. It was found that 1000 boosted trees with a
depth of 4 can achieve the best performance. Thus, the four parameters were set

to the particular values shown in Table 5.1.

Table 5.1 Parameters of AIS-XGBFF

Parameters Value
Affinity threshold o 0.7
Recognition pool size threshold 0.2
Number of boosted trees 1000
Maximum depth 4

A 10-fold cross-validation was conducted to verify the proposed approach.
The fatigue records from the port authority were split into 10 parts, with nine
forming the training data set and the other forming the testing data set. The
training data set serves as the vaccine to generate memory cells and to train the

boosted trees; the testing data set is the antigen used to test the performance of
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the proposed approach. This research adopts accuracy and deviation to measure
the performance of the proposed approach. Accuracy refers to the proportion of
true results while deviation is suggested by the average of the squares of the

errors, that is, the difference between the estimator and what is estimated.

According to the literature review in Section 2.3.3, decision tree
regression (DTR), random forest regression (RFR), the SVM, and LR are
commonly used machine learning approaches in human fatigue management.
Hence, the proposed AIS-XGBFP approach was compared with these well-
known methods. The parameters of DTR, LR, the SVM, and RFR were
determined using the built-in hyperparameter optimization function of
MATLAB R2018a. Table 5.2 shows the performance of all these methods in
predicting human fatigue. Detailed results are shown in Appendix A.3. AlS-

XGBFP showed the highest accuracy and lowest deviation.

Table 5.2 The results of 10-fold cross validation

Methods AIS-XGBFP LR SVR DTR RFR
Accuracy 0.89 0.88 0.82 0.84 0.85
Deviation 0.09 0.26 0.16 0.12 0.10

To test the performance differences between the proposed approach and
the other four methods, ANOVA was conducted in the SPSS (version 19)
software environment. The significance level of 5% was adopted in all tests,
and the results are shown in Table 5.3. The ANOVA results revealed that AIS-
XGBFP had significantly higher accuracy (p < 0.05) than the other four
methods. Furthermore, compared with the SVM and LR, AIS-XGBFP also
showed a significantly lower deviation (p < 0.05). It is clear that the stability
and accuracy of the proposed method are significantly better than those of the

other methods.
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Table 5.3 Comparison of prediction performance between AIS-XGBFP and the
other methods

Algorithm Algorithm Sig. (Accuracy) Sig. (deviation)
AlIS-XGBFP DTR .000 182

LR .001 .003

RFR .000 464

SVR .000 .000

Next, an experiment was designed to investigate the effects of contextual
information on human fatigue prediction. The contextual information was
classified into three subsets: contextual information without personality
information (No PI), contextual information without demographic information
(No DI), and contextual information without working conditions (No WC). The
details of the classification can be found in Figure 5.4. Table 5.4 shows that
without personality information as input, the predictive performance of the
proposed approach significantly degrades. Furthermore, all three subsets result
in low accuracy and high deviation. The details can be found in Appendix A.4.
In other words, integrating all information can greatly improve the performance

of human fatigue prediction.

Table 5.4 The results of 10-fold cross validation

Subset No Pl No DI No WC
Accuracy 0.81 0.87 0.85
Deviation 0.14 0.10 0.11

The experimental results show that the proposed algorithm can
significantly increase the accuracy of human fatigue prediction. Moreover, with
more contextual information as input, a higher accuracy of the prediction results
can be achieved. The case study shows that personality information plays the
most important role in predicting human fatigue. Without personality
information as input, even the proposed algorithm can achieve an accuracy of

only 0.81.
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5.6 Summary

In this chapter, a hybrid approach to predicting human fatigue based on
contextual information, called AIS-XGBFP, is proposed. This approach allows
users to systematically represent various factors related to fatigue and to
account for the inherent uncertainties associated with these factors. Since
human fatigue is a common phenomenon in various work settings, this
approach can be extended and used in these work settings to reduce the risk of
human fatigue. The experimental results obtained from the case study
demonstrate the validity of the proposed approach. The statistical tests suggest
that the approach can achieve better performance than traditional methods, such
as the SVM, random tree forests, and LR. An experiment was conducted to
confirm the importance of integrating individual differences and working
conditions in the prediction of human fatigue. Large individual differences were

found in the susceptibility to becoming fatigued.
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Chapter 6 Hybrid Data-driven Intervention Design for

Mitigating Human Fatigue

6.1 Background of human fatigue intervention design

According to the review in Section 2.2.4, interventions for mitigating
human fatigue mainly include preventive strategies and operational strategies
[137]. Preventive strategies reduce the possibility that errors will occur because
of human fatigue and decrease the likelihood of human fatigue itself. These
strategies include using a second operator as a second set of eyes, developing
explicit procedures for monitoring operators, and increasing vigilance with
vertical vibration [162, 163]. In addition to preventive methods, extensive
studies have been conducted to monitor or detect human fatigue in real time
[18, 28]. These studies have given rise to operational strategies that alert
operators once human fatigue occurs.

Chapter 4 presents an operational method for detecting fatigued operators.
Thus, this chapter focuses on preventive strategies. According to the research in
Chapters 3 and 5, the existing preventive strategies cannot fully address the
problem of human fatigue in TCCs because preventive strategies (1) focus on
time-induced human fatigue and pay limited attention to other dimensions of
human fatigue. Moreover, based on Chapter 3, TCOs always suffer from the
problem of alarm fatigue, which is the phenomenon of distrusting or neglecting
alarms. Alarm fatigue has been identified as the top risk factor in the safety and
security industry [164]; nevertheless, limited studies have focused on reducing

alarm fatigue. (2) The existing strategies for managing human fatigue in
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transportation primarily involve prescriptive “hours-of-work” regulations;
however, these regulations lack a certain flexibility and fail to consider dynamic
fatigue-inducing factors in the workplace context.

With the development of advanced information and communication
technology (ICT), the internet of things (1oT), and Al, data on human states and
working conditions can easily be collected and analyzed to proactively support
human decision-making, learning, and action. For example, Akhavian and
Behzadan [165] successfully used mobile sensors and machine learning
classifiers to recognize construction equipment activities in a working
environment. Based on the above knowledge and research gaps, the objective of
this chapter is to develop a hybrid data-driven framework to reduce fatigue
from the preventive perspective. This novel framework can make it possible to
fulfill the objectives of developing adaptive work arrangements and redesigning
alarm systems to reduce alarm fatigue.

This chapter is organized as follows. Section 6.2 introduces the overall
structure of the proposed interventions. Section 6.3 describes the data-driven
platform, which provides warnings and recommendations for effective work
arrangements. The conceptual framework for redesigning alarm systems is
proposed in Section 6.4. The study concludes with a discussion of the potential
industrial applications, contributions, limitations, and future development of

this research in Section 6.5.
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6.2 Overall structure of intervention design

This chapter provides two preventive interventions for reducing the
possibility of human fatigue: recommendations for work arrangements and

recommendations for alarm system design (as shown in Figure 6.1).

Ry dations for al
[Recommcnded arrangcmcnt) ( ccommendations for alarm
system design
’—F‘ Adaptive work arrangement |1—‘ | Alarm system redesign |
| Human fatigue prediction | | Human fatigue detection |
ﬁ Artificial techniques ﬁ QFD&TRIZ
f? Sensors
() [ o)

Figure 6.1 Overall structure of intervention design

6.2.1 Work arrangements

In this chapter, adaptive work arrangements are proposed to identify an
optimized work arrangement based on working conditions and individual
conditions to mitigate the risk of human fatigue. As described in Chapter 4,
individual conditions were measured using eye movements and bagged trees.
The proposed human fatigue detection model monitors the cognitive states of
operators in real time and can provide alarms if operators are fatigued. In
addition, it sends operators’ information to an adaptive work arrangement
module. As mentioned in Chapter 5, AIS-XGBFP is used to predict the effects
of working conditions on human fatigue. The human fatigue prediction model
can predict fatigue levels considering dynamic working conditions and

individual differences. Based on this model, a long-term plan can be formulated.
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For example, if the model predicts that all operators will be fatigued after 6
hours of work under working condition A, the duration of shifts under working
condition A should not be more than 6 hours. In addition, the model can

provide prediction results for adaptive work arrangements.

6.2.2 Alarm system design

A UR-driven design that considers human limitations and URs is proposed
to reduce alarm fatigue. URs have been widely accepted as an important source
of information from which to derive design metrics and specifications in the
early stages of product concept design [166, 167]. The alarm system design
guidebook released by the Engineering Equipment and Material Users
Association (EEUMA) [168] pointed out that alarm systems should be
“context-sensitive” and that designers should account for human limitations
during the design phase [169]. Moreover, a study conducted in three VTS
centers found that it is critical to provide the right information according to user
needs [170]. Therefore, in this chapter, an integrated UR-driven framework for

improving alarm systems is introduced.

6.3 Context data-driven work arrangements

6.3.1 Platform establishment

The platform for establishing context data-driven work arrangements is
illustrated in Figure 6.2. The data were collected with connected objects,
including an eye tracker, a smart phone and a computer. These objects could
collect three types of information: eye movements, human-computer

interactions, and user sensing data. Regular commercial eye trackers provide
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gaze or eyelid movements with timestamps. Fixation, saccade, and blink events
were extracted from the raw eye-tracking data using dispersion-based threshold
algorithms or velocity threshold algorithms [148]. The computer recorded data
on human-computer interaction, such as the inputs of keyboard and mouse
movements. Hence, a set of behavioral data could be generated. In addition to
product-generated data, user sensing data, including online feedback, subjective
feelings and complaints, were collected.

y |

Al-enabled Modules
’ Cloud-based data

é 5 collection
Cyber world

Feedback Data records A
Physical world g
3 [ |60

y_§

Traffic control operator Sensors

Wamings Feedback
Prediction Eye movements
Recommendations

Figure 6.2 Data-driven platform for interventions

All collected data were uploaded to the cloud for data analysis. Due to the
large amount of data, machine learning techniques were adopted to generate a
human fatigue model. In the following sections, the details of the cloud-based

data collection and model generation are discussed.

6.3.2 Decentralized data collection

Sensor-generated data were preprocessed separately and then uploaded to
the cloud, as shown in Figure 6.3. Thus, feature extraction occurred locally on
each sensor. An extracted feature is represented as Fj, = {f, s}, where f is the

value of the feature and s is the sensor label. The sensor label depends on the
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information collected from the specific sensor. In this study, three types of
information were collected: eye movements, working conditions, and system
information. This method benefits from local observations and reduces the
cloud computation time. Furthermore, the key advantage of decentralized
feature extraction is that it is survivable with regard to the loss of sensing nodes.
In the eye movement-based system, the eye trackers always lose track due to
light exposure and subjects’ nature movements. If the eye tracker loses track of
the eye, a part of the eye movement data will be lost. Hence, decentralized
feature extraction is developed to minimize the effects of data loss on extracting

other features.

[‘ﬁ/«m]

Features Features Features

T T Decentralized feature extraction T

[ Sensor 1 ] [ Sensor 2 ] [ Sensor n ]

Figure 6.3 Illustration of decentralized data collection

6.3.3 Algorithm for work arrangements

To further assist with human fatigue reduction, in this subsection, an
adaptive work arrangement approach is introduced. Given a series of tasks W =
{w,,...W,} and a group of people I = {I,, ..., I}, there are Z! ways to arrange
operators. The objective of adaptive work arrangements is to identify optimized
work arrangements based on working conditions and individual differences to

mitigate the risk of human fatigue. The problem can be denoted as follows:
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Z

min. Fy,, = Z xgb{E,W,,C,1,}, (6.1)
b=1
foranyband a € [1,Z], W, # W, I, # I,

for b € [1,Z],F, = xgb{E, W), C, Iy} < Fpresnota
The fatigue level of every person should not be higher than the threshold.
To reduce the complexity of working arrangements, tasks are divided into
several groups, and then an analysis of work arrangements is conducted. The
values of working condition were transformed into 0 or 1 by one-hot coding
[156]. Given two tasks W, = {wyq, Wpy, ..., Wprt and W, = {wg1,We2, .., War},
where R is the length of working conditions variables, their similarity is

calculated based on Eq. (6.2):

R
Sba=1= ) Wpr = Werl /R (6.2)
Tasks are classified into the samézglroup (GW) if their similarity is higher
than a defined threshold a. In this way, a series of tasks W = {W;, ... W,} is
grouped as W = {GWl, GWQ}, Q < Z. Then, the number of combinations (NC)
can be obtained using Eq. (6.3).
Sizeg

_ Si261 SiZeZ
NC=C; 7" X Cylge X X Cz—qu;115izeq (6.3)

Size, refers to the number of tasks belonging to GW,. MATLAB can be used to
generate all possible combinations of the elements of vector I = {I,, ..., I} for
the work groups, and AIS-XGBFP can be used to estimate the fatigue score of
each combination. The combination with the lowest fatigue score should be
selected. Algorithm 6.1 below shows how to obtain the recommended work

arrangement.
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Algorithm 6.1: Context-aware work arrangements

Inputs:  I: the set of workers {I3, ..., I;}
W: the set of grouped tasks {GW;, ... GW,}

1 Sizeg: the number of slots belonging to G,
2 CP: the set of workers whose task should be rearranged
3 ForallI, €I, GW, e W

4 F, ={Fz1, ., Fpq o Fpo}

5 A, = maxF, — minF,

6 IfA, >0

7 1, » CP

8 end

9 End

10 N,=0

11 While size(CP)>0

12 ForallI, € I, GW, e W

13 F, = {Fy1, ) gy o) Fpg}

14 A, = maxF, — mink,

15 IfA, >0

16 I, -» CP

17 end

18 End

19 Rank CP from max to min based on A
20 For n=1:1:size(CP)

21 Find GW,, where F, , == minF,,
22 N,=N,+1

23 If N, < Size,

24 Get{CP,, GW,}

25 Delete CP, from CP & |

26 Update CP

27 Else

28 Get{CB,, GW,}

29 Delete CP, from CP & |

30 Delete GW, from W

31 Update A,

32 Update CP

33 End

34 End

35 End while

Outputs {CP,GW } the recommended work arrangement

6.3.4 Case study in work arrangement

There are eight work sectors at the VTS in Singapore. In other words, eight
VTSOs must work at the same time to provide services to vessels in a
designated area. According to the International Convention for the Safety of
Life at Sea (SOLAS), Chapter V, Regulation 12, there are two types of VTS
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operations, specifically, port and coastal, and there is a clear distinction
between the two. Port operations focus on providing services to vessels entering
or leaving ports, while coastal operations mainly provide services to vessels
passing through a sea area. In the VTS in Singapore, there were three coastal
operation work sectors and five port operation work sectors. Due to the
distinction between port and coastal operations, operators performed different
operations and thus experienced different workloads.

The work sectors were classified into two groups, port operations and
coastal operations, which reduced the possible size of the work arrangements
from 8!= 40,320 to 56. Twenty sets of historical data were randomly selected
from the data set mentioned in Section 5.4. Each set of data was obtained at the
same time, including information about the eight operators and their work
sectors, environments and fatigue levels. Algorithm 1 was adopted to provide
recommended work arrangements. The fatigue level related to the
recommended work arrangements was obtained using the fatigue prediction
model described in Chapter 4.

Figure 6.4 shows the number of operators rearranged according to
Algorithm 6.1. On average, 27% of operators could benefit from the
recommended work arrangements. Figure 6.5 shows the comparison of the
original work arrangements and the recommended work arrangements. For each
operator, 1 denotes “fatigued” and O denotes “alert”. Figure 6.5 shows that the
recommended work arrangements can greatly reduce the summed fatigue levels

of the eight operators.
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Figure 6.5 The sum of the fatigue levels of eight operators in 20 trials

In this section, the data collected from the local vessel traffic service
center were analyzed by the proposed method. Owing to the limited data source,
the performance of the proposed model might be affected. Specifically,
proportionally few females participated in the questionnaire-based survey,
resulting in biased data for model training. Hence, for female participants, the
trained model may result in over-fitting. Nevertheless, the problem can be
mitigated by selecting the appropriate affinity threshold. In addition, substantial

individual differences in the susceptibility to become fatigued were observed,
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which revealed the necessity of a promising adaptive work arrangement. The
case study in the local VTS indicated that the adaptive work arrangement
improved the states of 27% of the operators. By considering individual
differences and work types, the novel scheduling algorithm can provide
adaptive work arrangements to reduce the occurrence of fatigue. However, most
of the operators still suffered from a high possibility of human fatigue with the
proposed work arrangement. Specifically, Figure 6 shows that fewer than 50%
of operators were fatigued in only 6 out of 20 trials. Hence, fatigue is still a
critical problem in VTS. According to the field observations and expert
interviews, monitoring vessel movements is monotonous and quickly induces
human fatigue. Adaptive work arrangements can reduce monotony. However,

the problem of monitoring still exists.

6.4 An UR-driven approach incorporating TRIZ and QFD for designing an

alarm system

In this study, an innovative and integrated design framework called PQT
(a combination of the initial letters of each phase of the design process) is
proposed based on the quality characteristics of software, QFD and TRIZ to
redesign alarm systems [171, 172]. Figure 6.6 illustrates the PQT framework,
which includes three main phases: (1) a process-based elicitation of URs, (2) a
QFD-enabled selection of design requirements (DRs) and (3) a TRIZ-based
generation of innovative solutions.

In the first phase, the work logic of alarm systems, the operational process
and the URs were investigated through field observations and SOP analysis. In

the second phase, the nonfunctional requirements of alarm systems were
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analyzed to determine the candidate DRs. QFD was adopted in the second
phase to identify the critical DRs from the candidate DRs [173]. In the solution
generation phase, the selected DRs were translated into TRIZ parameters to
identify the suggested innovative principles. Finally, the approved solutions
were developed following the TRIZ principles.

Alarm system analysis

B
i C?

General
principles

| |
| |
| |
| Design | bwl 1
| requirements | General » -
| | problems \'-. 2
! ! L = |
User A

_:_;>I : 3

|roquiremems} | "'\\ r
Design \ Solutions for reducing
| l—L> probl of { n alarm fatigue
[ Critical design | | alarm systems
| requirements |
Phase 1: | Phase 2: QFD-based | Phase 3: TRIZ-based generation
Elication of user requirments analysis of alarm system of innovative solutions

Figure 6.6 PQT Framework of URs-driven design of vessel alarm system

6.4.1 Phase 11: QFD-enabled selection of DRs

Figure 6.7 illustrates Phase 11, the process of identifying the critical DRs of
a vessel alarm system, which includes a house of quality (HoQ) chart. The URs
elicited from the first step were used as the “whats” along the vertical axis of
the chart, and the importance weights of the URs were added along this axis.
Along the horizontal axis of the HoQ are the candidate DRs, that is, the “hows”.
The candidate DRs were determined by analyzing nonfunctional requirements
and alarm systems.

The International Organization for Standardization (ISO) defines five
software quality characteristics: usability, efficiency, maintainability, reliability,
and functionality. However, these characteristics are too broad to be used in the

matrix of UR deployment. Sen and Baragli [174] broke them down into more
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specific subcharacteristics to obtain enterprise software selection requirements.

The summarized results for the quality subcharacteristics are shown in Table

6.1.
Nonfunctional
requirement analysis
Alarm system analysis
Relationship
v
( Design requirements
Candidate DRs
\ (DRs)
QFD relationship
% matrix
Score of each DR

[ Candidate DRs j

Figure 6.7 General processes of Phase Il

To identify the specific DRs of the vessel alarm system, the quality
subcharacteristics are combined with the modules of the vessel alarm system. In
general, an alarm system involves five modules: a signal filter, alarm generation,
alarm suppression, alarm shelving, and alarm presentation. Following this
analysis, the DRs of an alarm system can be inferred from “module + quality
characteristics.” For example, alarm presentation understandability means the

readability and informativeness of the visual and/or audio alarm.

Table 6.1 The quality characteristics of software [174]

Usability Functionality Reliability Maintainability Efficiency
Understandabilit ~ Suitability Recoverability — Testability Time behavior
y
Operability Security Maturity Stability Resource
behavior

Learnability Interoperability ~ Fault tolerance  Changeability

Compliance Analyzability

Accuracy
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After determining the URs and DRs, the relationships between them can be
investigated to select the critical DRs. The importance of each UR to each DR
is reflected by the indicators (Rij), placed in the relationship matrix. A rating
scale (0, 3, 5, and 9) was used to evaluate the relationships (no, weak, moderate,
and strong, respectively) between the URs and DRs. The overall importance
score of each DR was calculated using the following equation:

Ty = Xi=1 Rij = U, (6.4)

where Tj is the overall score of the jth DR, U; is the importance score of
the ith UR, and R;; is the score related to the relationship between the URs and

DRs. The outputs of Phase Il suggested the critical DRs waiting to be improved

and the interrelationships among the DRs.

6.4.2 Phase 111: TRIZ-based generation of innovative solutions

This phase involved DR classification and TRIZ contradiction analysis.
The critical DRs were classified into several types based on the modules of
alarm systems. For example, if DR 1 was associated with module A, then DR 1
was classified as type A.

TRIZ contradiction analysis provides inventive principles based on the
interrelationships among the DRs [175]. The interrelationships can be identified
from the roof of the HoQ [176]. Compared to the conventional method, this
novel combination of QFD and TRIZ makes the development of a contradiction
matrix easier. First, the DRs were translated into TRIZ parameters. In this study,
TRIZ parameters updated in 2003 [177] were utilized because they include

most software qualities. Second, the TRIZ contradiction matrix was established
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to generate the innovative principles. Directly applying the original inventive
principles in software development is inappropriate and unworkable as original
inventive principles are mainly used in the field of engineering. Therefore,
TRIZ software analogies were proposed by Rea [178]. Finally, high-frequency
principles were selected to generate effective solutions for specific problems.

Figure 6.8 illustrates the logic of solution generation.

DRs Classification DRs Translation
|[DR1| [DR2| ... |DRn]| |[DR1| |DR2| ... |DRn|
| A | | B | [TP1| [ TP2| ... | TPn|

TRI1Z contradiction matrix
| [ [ |

Improving Worsening Parameters
B A | Parameters TP. [ TP2
TP: P
Principles

Figure 6.8 Solution generation process of Phase 111 (TP: TRIZ principles)

6.4.3 Case study in alarm fatigue

To verify the proposed framework, an empirical study was conducted in a
VTS center in Singapore. As one of the busiest ports in the world, the
Singapore port especially requires efficient VTS to guarantee the safe and
efficient navigation of ships in the water [158]. During the field observations at
the VTS in Singapore, the study found that operators tended to ignore most of
the alarms generated by the present vessel alarm system.

“[ receive hundreds of warnings per day, but | ignore most of them. | think

they are unhelpful and useless...I detect abnormal situations before the alarm
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system. I rarely use it...The voice alarms interrupt my communication. |
preferred to silence them”.
1) Phase I: UR analysis of vessel traffic control alarm systems

Field observation and SOP analysis were conducted to identify the current
operational processes of the vessel traffic alarm system. The work logic of
handling alarms is illustrated in Appendix B.1. First, operators should make a
track assignment for vessels entering the Singapore Strait. Most alarm
assignments are associated with one or more warnings. Different assignments
may be made for different vessels; thus, operators must be familiar with the
rules of setting track assignments.

Second, operators detect and analyze the triggered alarms. There are two
types of alarm modes in the vessel alarm system: visual alarms and audio
alarms. Operators can hear alarms or check the alarm list to identify alarms.
After detecting an alarm, operators analyze the current conditions and make
decisions about how to respond to the alarm. Finally, operators can
acknowledge or cancel audio after correcting the current condition.

To identify the URs, unstructured interviews were conducted based on the
abovementioned operational processes. Forty-two operators (32 males and 10
females) participated in this interview and described the problems that they face
during work. Their average length of experience was 10 years. All interviews
were recorded and fully transcribed. Then, the transcribed interviews were
coded, resulting in an initial set of 27 codes (as shown in Appendix B.2).
Prescreening was performed, which included eliminating, combining, and

translating the 27 codes into UR attributes. Consequently, a total of seven URs
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were summarized, as shown in Table 6.2. A total of 12 operators determined

the importance score for each elicited UR based on a predetermined scheme; for

example, 5 denoted “most important”, while 1 represented “least important”.

Table 6.2 Prescreened URs by eliminating, combining, and translating

URS Definition UR codes Importance
UR:1 Accurate The system provides fewer false 1,2, 12, 19, 20 5
alarms and missed alarms.
UR: Effective The system provides fewer 3,26, 5
alarms repeat alarms. The operator has
enough time to deal with
alarms.
UR3 Comfort The system is comfortable to 5,6,7,8,16,10 5
use and matches the VTS
console.
UR4 Safety The system provides human 9,11 4
error protection.
URs Easy touse  The system is simple to operate, 4,13,14, 18, 21, 4
e.g., alarm messages are easy to  22,23,24
detect.
URs The system provides rapid 15 4
Responsiveness response.
UR7 Informative  Alarm messages provide 17,25,27 5

alarms

enough information.

2) Phase I1: DR analysis of the vessel traffic control alarm systems

a) Alarm system analysis

Table 6.3 Current vessel alarm system of Singapore VTS

Modules

Functions

Description

Track assignment
module

Vessel details

Identity of area, data area,

notifications area

Vessel alarm
determination

Anchor watch, berthing watch,
collision watch, domain watch,
grounding watch, speed watch...

Alarm generation

Threshold setting

Range

module
Alarm presentation Group vessel alarms  Grouped by
module selecting type, priority, or none

Acknowledge alarms

Acknowledge single or multiple
alarms, cancel audio alarms

Alter option

Audio and/or visual alert

In this section, the existing vessel alarm system is analyzed. The alarm

system involves three main modules: the track assignment module, alarm
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generation module, and alarm presentation module. The functions and

description of the current modules are shown in Table 6.3.

The track assignment module contains 40 types of alarms. Operators
analyze vessel information integrated from the automated identification system
(AulS), radar and closed-circuit television (CCTV) and then determine what
type of alarm should be assigned to the vessel. The alarm generation module
allows operators to edit the alarm threshold in the range section of the module.
Moreover, the alarm presentation module allows operators to choose between
visual and audio alerts for each type of vessel. The visual option refers to a
configured color in a shape (square, circle, or triangle) around the target vessel.
To manage alarms, operators can group them by selecting the type or priority
and then acknowledging or canceling alarms.

b) Candidate DRs

The full names and corresponding abbreviations used for the DRs can be
found in Appendix B.3.

c) Determining critical DRs

Figure 6.9 shows the QFD relationship matrix, which was constructed with
the help of VTSOs. The numbers utilized in the QFD matrix and their
corresponding meanings are described as follows: 9 indicates strong correlation;
3 denotes ordinary correlation; and 1 represents weak correlation. For example,
the “accurate alarms” UR presented a strong correlation with each of the three
items “ATA accuracy,” “sensor accuracy,” and “ATA fault tolerance”. Not only
does the alarm trigger algorithm affect the accuracy of the generated alarms;

however, the signal obtained from the sensor also affects the accuracy of alarms.
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“Safety” was found to correlate strongly with “system response speed,” as
system response speed affects the system’s ability to respond.

The importance score resulted from dividing the absolute importance of
each individual quality characteristic by the total absolute importance value.
The absolute importance measure refers to the correlation score and importance
of URs multiplied together to achieve a total value. The final five top-ranked
DRs (as shown in Figure 6.9) are “ATA accuracy” (DR1, with a score of 192),
“AAR complexity” (DRz2, with a score of 180), “ATA aptness” (DRs, with a
score of 171), “AP informativeness” (DR4, with a score of 162), and “AP
aptness” (DRs, with a score of 132). They were selected as the requirements
that best fit the URs to improve the vessel alarm system.

d) Investigating the contradictions between DRs

The DRs that contradict the five top-ranked DRs were also selected. The
“roof” of the HoQ indicates contradictions between DRs, as represented by the
“+” symbol. The contradictions between DRs are illustrated in Appendix B.3.
According to the analysis of URs, the accuracy and aptness of generated alarms
must be improved. However, there is a contradiction between “DRe: ATA
complexity” and “DR3: ATA aptness”. There is also a contradiction between
“DR1: ATA accuracy” and “DR7: ATA efficiency” as high accuracy requires a
low time delay, which directly increases the latency in raising the alarm. The
contradictions in vessel alarm-handling modules also require resolution.
Adaptive and informative alarm messages are necessary for VTSOs to fully

understand each situation; however, information overload may affect “DRa:
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Readability of alarm messages” and “DRe: AH operability.” Nine DRs were

selected.
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Figure 6.9 HoQ of the vessel alarm systems [159] (red arrows: highly ranked
DRs; green arrows: DRs related to highly ranked DRS)

3) Phase I11: Using TRIZ to resolve the contradictions identified by QFD

a) Classification of the selected DRs

To identify the problems in the current vessel traffic alarm system, the
selected DRj (j=1 to 7) were classified based on the three modules. Table 6.4

represents the classification of the selected DR;.

b) The corresponding engineering parameters
Based on the literature [177, 179, 180], the relevant engineering
parameters were summarized for the selected DRj (j=1 to 9). Table 6.5 shows

the corresponding engineering parameters of the selected DRj. The DRs that are
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a high priority are considered improving parameters, while the DRs that

contradict them are regarded as worsening parameters.

Table 6.4 The contradictions extracted from QFD

Modules Positive qualities Corresponding  negative
qualities

Track assignment AAR complexity ATA accuracy and ATA
module aptness

Alarm  generation ATA accuracy and ATA ATA complexity and ATA
module aptness efficiency

Alarm presentation AP informative and AP Appearance and AH
module aptness operability

Table 6.5 TRIZ-based parameter of this case

Design requirements Corresponding TRIZ engineering
parameters

DR1: AAR complexity 45, Complexity

DR2: ATA accuracy 48, Measurement accuracy

DRs: ATA aptness 32, Adaptability

DRa4: ATA efficiency 14, Speed

DRs: AP informative 11, Amount of information

DRe: ATA complexity 45, Complexity

DRy7: AP aptness 32, Adaptability

DRs: Appearance 39, Appearance

DR9: AH operability 34, Ease of operation

c) Generation of solutions

The TRIZ contradiction matrices were established based on the DR
classification and relevant TRIZ parameters. Tables 6.6 to 6.8 show the
contradiction matrices of the three modules. The high-frequency principles
were typically selected. These principles provided the direction of systematic
resolutions and suggested the new functions or elements required in the new
system model.

The recommended inventive principles for the track assignment module
are shown in Table 6.6. In Table 6.6, No. 28 (replacement of the mechanical
system) was chosen and underlined because of its relatively high frequency;

Table 6.8 shows that “No. 28" appears twice. In contrast, No. 37 (thermal

109



PhD Thesis Chaeter 6 Intervention Design

expansion) was not selected because there is no corresponding interpretation in
the software analogy [178]. Hence, principle No. 28 was adopted. It refers to
replacing a mechanical means with a sensory means. The operational definition
of No. 28 requires no change in the software analogy, which motivated an
improvement in the current manual task assignment module to a new automated
case-based track assignment module (as seen in Table 6.9). The automatic track
assignment system is expected to alleviate the mechanical action of mouse
clicks.

For the contradictions within the second module, the recommended
inventive principles appear in Table 6.7. No. 10 (prior action), No. 13 (do it in
reverse), No. 28 (replacement of the mechanical system) and No. 35
(transformation properties) have higher frequencies than other principles.
Hence, they were selected and underlined to solve the contradictions. Table
6.10 shows the explanations and software analogies of these principles. The
solutions based on these principles are also clearly described in Table 6.10. An
adaptive multiparameter alarm generation module was proposed based on these
principles to improve the accuracy and aptness of alarms. This module triggers
alarms based on multiple parameters and can modify the trigger algorithm
based on user feedback.

The inventive principles for the contradictions within the third module are
listed in Table 6.8. As shown in Table 6.8, inventive principles No. 3 (local
quality), No. 7 (nesting), No. 10 (prior action), No. 13 (do it in reverse), No. 17
(transition into new dimension), No. 19 (periodic action), No. 24 (mediator),

No. 25 (self-service), No. 28 (replacement of the mechanical system) and No.
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32 (changing the color) appear at least twice; therefore, they were selected and
underlined. Table 6.11 shows the operational definitions and software analogies
of all these principles. Furthermore, the innovative solutions based on these
principles are presented and discussed in Table 6.11. To integrate these
solutions, an adaptive multimodal alarm presentation module was proposed.
Users are expected to be able to interact with the adaptive multimodal alarm

presentation module to quickly identify alarms.

Table 6.6 TRIZ contradiction matrix of AAR innovative principles

Improving parameters ~ Worsening parameters

32 (Adaptability) 48 (Measurement
accuracy)

45 (Complexity) 29,28, 1,24,15,25,37  28,26,10,2,34,7,37
Table 6.7 TRIZ contradiction matrix of ATA innovative principles
Improving parameters Worsening parameters

14 (Speed) 45 (Complexity)
32 (Adaptability) 10,14, 35, 24, 15, 28, 6, 28, 29, 31, 35, 40, 17,

12,29 25
48 (Measurement 28,13, 24,5,32,35,37 3,35, 10, 27,1, 13, 28, 26
accuracy)

Table 6.8 TRIZ contradiction matrix of AP innovative principles

Improving parameters Worsening parameters
39 (Appearance) 34 (Ease of operation)
11 (Amount of 7,3,32,19, 25,17 25,10,17,6,19, 13
information)
32 (Adaptability) 29,28,2,32,3,7,24 15, 24, 3, 4, 28, 14, 13, 26,
10
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In conclusion, the study proposes a modular smart vessel alarm system
with three submodules (as shown in Table 6.12): (1) an automated case-based
track assignment module, (2) an adaptive multiparameter alarm generation
module, and (3) an adaptive multimodal alarm presentation module. Appendix
B.3 shows the alarm-handling process and illustrates how the proposed modules

meet the URs.

Table 6.12 New adaptive alarm system for VTS

Modules Main Functions Subfunctions
Automated case- Vessel information Vessel movement report
based track integration Vessel details
assignment module  Vessel alarm Historical case data, decision
recommendation tree
Adaptive Adaptive alter option Audio and/or visual alert
multiparameter Reinforcement learning ~ Adaptive range based on human
alarm generation algorithm performance
module Adaptive color scheme  Day/dusk/night
Adaptive Alarm list Customized and adaptive
multimodal alarm scheme, multimodal alarm
presentation module presentation
Shelve alarms Unnecessary alarms can be
shelved
Alarm evaluation Operators can evaluate alarms to
provide a foundation of alarm
generation

With the design logic from Phase | to Phase 1ll, the system specifications
for a smart vessel alarm system to reduce operators’ workload and to improve
their situational awareness are finally conceptualized.

4) Final design result: The smart vessel alarm system

The smart vessel alarm system consists of three intelligent modules: (a) the
automated case-based track assignment module, (b) adaptive multiparameter
alarm generation module, and (c) adaptive multimodal alarm presentation

module. The functions and advantages are discussed in this section:
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a) The URs of safety and ease of operation are met through an automated
case-based track assignment module.

First, to overcome the challenges of setting incorrect track assignments and
missing track assignments, the study suggests replacing manual assignments
with an automated assignment module and the automatic screening of the risk
levels of entering vessels based on historical data. The automated case-based
track assignment module, implemented with a case-based reasoning (CBR)
mechanism, can systematically set track assignments through a self-learning
feature.

b) The adaptive multiparameter alarm generation module can provide
alarms that are more accurate.

A signal selector and multiparameter alarm trigger algorithm are
implemented in the new module. The signal selector can be used to filter repeat
signals, and the multiparameter algorithm is expected to provide correct and
valid alarms under dynamic and complex vessel traffic conditions. Based on
integrating the multiparameter algorithm and reinforcement learning
mechanism, the alarm system can provide operators with more accurate and
suitable alarms. A comparison of the original and new alarm generation system

modules is shown in Figure 6.10.
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Original alarm generation Proposed alarm generation module
module
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Figure 6.10 Comparison of the original alarm generation module and the
proposed module

¢) The adaptive multimodal alarm presentation module can assist operators
in detecting alarms.

Multimodal alarms that involve a sound alarm, visual alarm, and haptic
alarm are designed to gain operators’ attention. Compared with traditional
visual and audible alarms, haptic alarms have two distinct advantages: they can
be detected even in a noisy environment, and they offer a particularly effective
means of presenting directional signals to operators. Moreover, a mediator that

combines related alarms can be implemented to reduce the number of presented
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alarms. The comparison of the original and new alarm presentation system

modules is shown in Figure 6.11.

Original alarm presentation Proposed alarm presentation
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: Principles No. 3, ) J/ _
Alarm display: 17.28. Multimodal alarm display:
Sound or Geometric SN Sound, Geometeric, and

Haptic

Figure 6.11 Comparison of the original alarm presentation module and the
proposed module

6.5 Summary

In a TCC, human fatigue is a normal phenomenon that has a significant
negative impact on human performance. This fact suggests that traffic
controllers could benefit from real-time fatigue management, which motivated
the proposal of a data-driven approach to reducing human fatigue by
redesigning the alarm system and formulating adaptive work arrangements.

This chapter describes a novel framework for data-driven human fatigue

management. This framework can proactively manage human fatigue using
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connected physical objects and Al techniques. Moreover, it enables work
schedules to be redesigned to reduce the risk of human fatigue. In addition, a
novel PQT framework with three design phases based on operational processes,
QFD, and TRIZ was proposed to solve the problems of alarm fatigue. This
framework provides an original approach by integrating TRIZ and QFD with

software quality characteristics to design a smart alarm system.
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Chapter 7 Conclusions and Future Research

In this chapter, the key findings and main contributions of this thesis are
summarized in Section 7.1. Meanwhile, the limitations and future directions are

further discussed in Section 7.2.

7.1 Contribution

This thesis presents a data-driven strategy for context-aware human fatigue
management by integrating human factors and machine learning techniques.
The critical issues associated with context data in each stage of human fatigue
management, specifically, TCFA, EMFD, CHFP, and hybrid DID, are carefully
studied. In general, this research offers a pioneering contribution to the
exploration of context data for adaptive human fatigue management.
Additionally, this thesis contributes to the adoption of Al techniques for human
factor studies. With respect to the summary presented from Chapters 2 to 6, this
section highlights the original scientific contributions of this research in terms
of the following aspects.

1) TCFA of human fatigue. The first substudy aims to determine the key
causal factors of human fatigue in TCCs. Specifically, the following
contributions are made:

e |t provides a clear definition of human fatigue in TCCs and a
foundation for other substudies. The novel definition of human
fatigue accounts for the interaction effects between subjective

feelings and exertion on psychophysiological states.
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A task-driven approach for identifying causal factors and a causal
network-based approach for selecting key causal factors are
proposed. The proposed method enables fatigue causal networks to
be established and fatigue symptoms to be analyzed. The causal
network-based evaluation method integrates three dimensions of
judgment and enables the identification of key causal factors from a

holistic perspective.

The case study reveals that TCOs suffered from multidimensional
fatigue, especially physical fatigue. The results provide a
foundation and future directions for designing interventions to

manage human fatigue.

2) EMFD. In an effort to facilitate the proactive detection of mental

fatigue, this substudy introduced a novel fatigue indicator and a semisupervised

bagged tree method for developing the fatigue model. The following

contributions are made:

Instead of identifying events from eye-tracking data, a novel fatigue
indicator, which presents the eye-tracking data with histograms, is
proposed. The utilization of gaze-bin analysis enables the
application of an eye tracker with a low sampling rate. Hence, it
can significantly reduce the cost and improve the usability of an

eye movement-based human fatigue detector.

This substudy develops an innovative method that uses gaze-bin
analysis as inputs of semisupervised bagged trees. This method

outperforms the commonly used machine learning methods, such as
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a decision tree and the SVM. The proposed approach can alleviate
the burden of manual labels, eliminate the problem of overlapping

data, and improve the performance of the fatigue detection model.

3) CHFP. Substudy 3 proposes a contextual information-based human

fatigue model for human fatigue prediction. The following contributions are

made:

A novel presentation of causal factors is developed. The proposed
fatigue causal network can properly store the information of causal
factors and express the interrelationships among them.

A machine learning-based method for human fatigue prediction
called AIS-XGBFP is proposed. This method takes into account
causal factors, such as work-related factors and weather-related
factors, and adapts to dynamic traffic conditions. In addition, it
attempts to analyze individual differences and utilize the results
obtained to facilitate human fatigue prediction. Since human
fatigue is a common phenomenon in many work settings, this
method can be extended and utilized in these settings to reduce the

risks associated with human fatigue.

4) Intervention design for mitigating human fatigue. Taking into account

multidimensional human fatigue, two preventive interventions are proposed to

reduce human fatigue and lower its occurrence. Specifically, a scheduling

algorithm is provided to adaptively arrange work for operators considering

individual differences and work types; additionally, a UR-driven design
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framework called PQT is proposed to reduce alarm fatigue. The following
contributions are made:

e This study proposes a framework for adaptive work arrangements.
As a novel framework for developing a data-driven human fatigue
model, decentralized data collection is proposed to improve
computational efficiency and to maintain model performance in the
event of data loss. This work is a pioneering study that applies IoT
techniques to research on human factors.

e In this study, a UR-driven design framework called PQT is
proposed to reduce alarm fatigue. As an exploratory study, this
research can offer insightful guidance to traffic management
authorities in their safety management process with better
operational experience.

In summary, this thesis contributes to context-aware human fatigue
management and the advancement of Al applications in data-driven human

fatigue management.

7.2 Limitations and future research

In this thesis, context data are studied to enhance human fatigue
management in TCCs. Context-aware human fatigue management, which is still
a relatively new concept, has not been experimentally investigated or
comprehensively and systematically studied. Although great effort was put
forth with regard to the context data analysis and processing, the limitations and

constraints of the research are inevitable, as discussed in the following:
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1) Only VTS was used as a case study. Some general methods were
proposed; however, almost all case studies were conducted only in a VTS
center. Although VTS has most attributes of TCCs, such as a 24-hour working
schedule, monitoring operations, and a dynamic work environment, more case
studies should be conducted in other TCCs, such as rail TCCs, to demonstrate
the wider applicability of the proposed methods.

2) Unavoidable subjective evaluation. This research mainly identifies key
causal factors from the subjective point of view of operators; thus, some
objective measurements should also be considered in the future. In addition, the
importance scores of the URs were collected using a Likert scale, which can
induce subjective bias.

3) No capability to detect medium fatigue. There is no clear line for
distinguishing between being alert, experiencing medium fatigue, and
experiencing high fatigue. The proposed method can warn only fatigued users,
and it cannot be used in fields that require operators to be very alert.

4) Limited data collected. In laboratory conditions, only a limited amount
of data can be collected. For example, real-time traffic data, such as vehicle
locations, traffic density and vehicle speeds, cannot be collected.

5) Too many causal factors considered. The great number of causal factors
resulted in a tremendous workload during the data collection and training
processes.

For future studies, the following four directions are proposed.

1) Case studies in air TCCs and rail TCCs. More case studies will be

conducted to demonstrate the proposed general methods.
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2) Objective evaluation of causal factors. It has been confirmed that the
causal factors of human fatigue are normally task specific. Therefore, a study
that classifies causal factors based on task type would greatly benefit fatigue
management in various fields. The importance of a factor can be evaluated by
the frequency of its corresponding task.

3) Taking advantage of the prevailing information technologies (e.g., the
10T) to efficiently collect contextual information. In the field of transportation, a
vast amount of data, such as vehicle locations and vehicle speeds, can be
collected from embedded sensors and AulSs. In the future, real-time data from
embedded sensors can be used to manage human fatigue. With the presence of a
large number of features, a learning model tends to overfit, resulting in
performance degeneration. To address the problem of the curse of
dimensionality, feature selection, which is a widely employed technique for
reducing dimensionality, can be applied.

4). A way to define importance by means of linguistic variables. Some

knowledge or requirement acquisition techniques, such as laddering, may be
applied to systematically elicit URs. In addition, a fuzzy algorithm, such as
symmetrical triangular fuzzy numbers, can be utilized to capture the vagueness

in verbal assessments.
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Appendix

Appendix A.1 Fatigue severity scale

Items  Descriptions Strongly Strongly
disagree agree
FS1 My motivation is lower when fatigued. 1 2 3 4 5 6 7
FS2 Exercise brings on my fatigue. 1 2 3 4 5 6 7
FS3 I am easily fatigued. 1 2 3 4 5 6 7
FS 4 Fatigue interferes with my physical 1 2 3 4 5 6 7
functioning.

[N
N
w
o
3]
o
~

FS5 Fatigue causes frequent problems for me.

N
w
IN
(&)
o
~

FS6 My fatigue prevents sustained physical 1
functioning.

FS7 Fatigue interferes with carrying out 1 2 3 4 5 6 7
certain duties and responsibilities.

FS 8 Fatigue is among my most disabling 1 2 3 4 5 6 7
symptoms.

FS9 Fatigue interferes with my work, family, 1 2 3 4 5 6 7
or social life.

Appendix A.2: The Bortner type A scale

Item Descriptions Scale Descriptions
BT1 Never Late 123456 7 Causal about
appointments
BT2  Not competitive 123456 7 Verycompetitive
BT3  Anticipates what others 1 2 3 4 5 6 7 Good listener, hears others
are going to say out
BT4  Always rushed 1 2 3 45 6 7 Never feels rushed, even

under pressure

BT5 Can wait patiently 1 2345 6 7 Impatient when waiting
BT6  Goes “all out” 123456 7 Causal
BT7 Takes things one at a 1 2 3 4 5 6 7 Tries to do many things at

time once

[N
N
w
N
3]
(o]
-

BT8 Emphatic in speech Slow, deliberate talker

BT9 Wants good job 123456 7 Only cares about

recognized by others satisfying  himself  no

matter what others may
think

BT10 Fast 1 23 45 6 7 Slowdoing things

BT11 Easy going 123456 7 Harddriving

BT12 ‘Sits’ on feelings 1 2345 6 7 Expresses feelings

BT13 Many interests 1 2345 6 7 Fewinterests outside work

BT14 Satisfied with job 123456 7 Ambitious
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Appendix A.3: The k-fold cross validation results of testing data for each
algorithm (Accuracy)

Data Algorithms Trail | Trail | Trail | Trail | Trail | Trail | Trail | Trail | Trail | Trail | Ave.
source 1 2 3 4 5 6 7 8 9 10
All LR 086 | 092 |088 |08 |[086 |08 | 087 |093 |081L | 0.89 | 0.88
SVR 083 | 081 081 |081L [084 |08 | 084 |077 |081L | 0.85 | 0.82
DTR 0.77 | 083 | 088 | 081 [083 |08 | 086 |083 |08 | 081 |0.84
RFR 080 | 084 088 |081L [082 |08 | 086 |087 |08 | 081 | 0.85
AIS-XGBFP | 090 | 088 | 091 [092 | 086 | 092 |]093 |086 | 086 | 091 | 0.89
NoPl | LR 0.66 | 079 | 075 | 076 | 079 | 078 | 0.78 | 0.64 | 0.79 | 0.74 | 0.75
SVR 0.72 | 074 1075 | 075 [071 | 073 | 071 [0.66 | 072 | 0.69 | 0.72
DTR 073 | 073 | 071 |073 [076 | 076 | 0.76 | 0.69 | 0.72 | 0.75 | 0.73
RFR 0.76 | 0.73 | 067 | 075 | 074 | 072 | 0.78 | 0.77 | 0.72 | 0.80 | 0.74
AIS-XGBFP | 085 | 085 | 0.82 | 081 | 083 |0.79 J]078 |]081L |0.75 | 0.85 | 0.81
No LR 085 | 088 | 086 | 086 |08 |09 | 086 |0.87 | 086 | 0.90 | 0.87
WeC SVR 081 [ 079 079 |075 [079 | 077 | 080 |0.77 |080 | 0.82 | 0.79
DTR 0.85 [ 079 | 085 |079 [082 |08L |079 [083 |081L | 0.84 | 0.82
RFR 079 | 083 | 081 |08 |[079 |08 | 083 [082 |081L | 081 |0.82
AIS-XGBFP | 0.86 | 0.88 | 0.88 | 091 | 0.83 | 0.89 | 0.84 | 0.88 | 0.89 | 0.87 | 0.87
No LR 0.88 | 080 | 0.86 | 087 | 086 | 0.84 | 0.84 | 0.83 | 0.83 | 0.81 | 0.84
wC SVR 0.70 | 075 | 0.78 | 0.76 | 075 | 0.73 | 0.73 | 0.72 | 0.74 | 0.71 | 0.74
DTR 085 | 089 | 086 |082 [083 |081L | 080 |081 |083 | 0.83 | 0.83
RFR 085 | 084 | 083 |08 |087 |083 |083 |08 |080 | 0.87 | 0.84
AIS-XGBFP | 089 | 082 | 0.82 | 088 | 0.88 | 0.85 | 081 |082 | 0.86 | 0.83 | 0.85

Appendix A.4: The k-fold cross validation results of testing data for each
algorithm (Accuracy)

Data Algorithms Trail | Trail | Trail | Trail | Trail | Trail | Trail | Trail | Trail | Trail | Ave.
source 1 2 3 4 5 6 7 8 9 10
All LR 0.11 | 0.07 |09 | 012 | 010 J0.09 |[009 |0.09 | 011 | 091 | 0.26
SVR 012 | 0.15 | 0.17 | 014 | 020 |0.16 | 0.15 | 019 | 0.17 | 0.13 | 0.16
DTR 016 | 012 | 009 | 015 j011 [0.09 |011 | 011 ] 0.10 | 0.12 | 0.12
RFR 014 | 011 008 | 014 011 [0.09 |011 | 010 ] 0.09 | 001 | O0.10
AIS-XGBFP ] 0.10 | 0.08 | 0.08 | 0.08 | 0.11 | 0.07 | 0.07 ] 0.11 | 0.09 | 0.08 | 0.09
NoPl | LR 020 | 016 | 0.18 | 0.17 017 [ 015 |0.17 | 020 | 0.16 | 0.17 | 0.17
SVR 020 | 024 1020 | 018 | 020 | 047 |[0.26 | 026 | 023 | 025 | 025
DTR 019 | 019 [020 | 019 | 0.17 | 0.13 |0.17 | 0.20 | 0.18 | 0.18 | 0.18
RFR 0.15 | 0.18 | 020 | 0.18 | 0.15 | 0.17 | 0.17 | 0.16 | 0.17 | 0.14 | 0.17
AIS-XGBFP | 0.12 ] 013 | 015 | 014 [0.12 | 015 | 015 | 0.16 | 0.18 | 0.13 | 0.14
No LR 012 | 011 012 | 010 010 [O011 012 | 012 ] 011 | 0.09 | O0.11
WeC SVR 0.11 | 020 020 |021 |0.17 J0.18 |0.19 | 0.19 ] 0.17 | 0.15 | 0.18
DTR 011 | 013 | 011 | 015 jo011 [o0.12 |0.13 | 012 | 0.14 | 0.11 | 0.12
RFR 012 | 012 012 | 011 j013 [011 |0.13 | 011 ] 012 | 0.11 | 0.12
AIS-XGBFP ] 0.10 | 0.10 | 0.09 | 0.10 | 0.11 | 0.10 | 0.11 ] 0.09 | 0.09 | 0.11 | 0.10
No LR 0.10 | 012 | 0.09 | 009 | 0.10 |o0.12 | 0.11 | 0.13 | 0.13 | 0.12 | 0.11
wcC SVR 024 | 024 1020 | 023 023 |019 [0.24 | 027 | 025 |031 |O024
DTR 011 | 0.08 010 | 013 j012 [013 014 | 012 ] 012 | 011 | 0.12
RFR 0.10 | 0.10 | 0.10 | 0.08 ] 0.09 | 0.13 | 0.11 | 0.13 ] 0.13 | 0.10 | 0.11
AIS-XGBFP_ | 0.09 | 0.12 ] 0.10 | 0.08 | 0.09 |0.12 | 011 | 0.14 | 0.13 | 0.11 | 0.11
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Appendix B.1: traffic alarm handling process in VTS
=<E>
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Appendix B.2: Initial UR codes

No Initial UR codes No Initial UR codes

1  less false alarms 14  easy to detect

2  less missed alarms 15 short system response times

3 lessrepeat alarms 16 noise is not greater than 74db

4 less alarms per minute 17  no need recall

5  less noises 18 sound louder under fatigue

6  lesscolorsto dazzle the eyes 19 different alarm time for different

vessels

7 color is matching with 20 different alarm time for different

background speed

8  good shape of alarm message 21 easy to learn
9 no need of manual assign 22 easy to understand alarm message

alarms
10 be silent during normal 23 easy to select high priority alarms
situation
11 operators can make minor 24 easy to respond to alarms
errors
12 less annoying audible alarms 25  less unrelated information
13 less high priority alarms 26 more time to deal with alarms
27 more information to understand
alarms
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Appendix B.3: User requirements and new traffic alarm handling process
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Appendix C: NTU Institutional Review Board Approval

L3 NANYANG

. TECHNOLOGICAL
Q% UNIVERSITY
A SINGAPORE

IRB-2018-04-007
25 June 2018

Associate Professor Chen Chun-Hsien
School of Mechanical & Aerospace Engineering

NTU INSTITUTIONAL REVIEW BOARD APPROVAL

Project Title: Human Factors in Vessel Traffic Management: Casual Factors and Preventive
Interventions

(Amount Approved: SGD$446,000; to be funded by SMI)

| refer to your application for ethics approval with respect to the above project.

The Board has considered your application and noted from your application that your research
involves collecting behavioral data from participants through questionnaire-based survey and the
simulation experiments.

You have also confirmed that informed consent will be obtained from the participants and you have
guaranteed the confidentiality of your participants’ biodata obtained from them.

The documents reviewed are:
a) NTU IRB application form dated 7 June 2018
b) Participant information sheet and consent form: version 1 dated 7 June 2018
¢) Data collection form: version 1 dated 7 June 2018

The Board is therefore satisfied with the bioethical consideration for the project and approves the
ethics application under Expedited review. The approval period is from 25 June 2018 to 1 August
2019. The NTU IRB reference number for this study is IRB-2018-04-007. Please use this reference
number for all future correspondence.

The following protocol and compliances are to be observed upon NTU IRB approval

1. Any research involving subjects less than 21 years old would require IRB approved written
Parental Consent and consent from the participant before any research protocols can be
administered unless waiver of consent is given by IRB. Minimal risk refers to an anticipated
level of harm and discomfort that is no greater than that ordinarily encountered in daily life, or
during the performance of routine educational, physical, or psychological examination.

2. Only the approved Participants Information Sheet and Consent Form should be used. It must
be signed by each subject prior to initiation of any protocol procedures. In addition, each
subject should be given a copy of the signed consent form.

3. Consent forms are important documents therefore they should be stored in the strictest
arrangement. Loss of consent form would result in disciplinary action.

4. No deviation from, or changes of, the protocol should be initiated without prior written NTU
IRB approval of an appropriate amendment.
Research Integrity and Ethics Office, NTU Institutional Review Board
50 Nanyang Avenue, NS4-05-92A, Singapore 639798, T: (65) 65922495, www.ntu.edu.sg
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5. The Principal Investigator should report promptly to NTU IRB regarding:
a. Deviation from, or changes to the protocol.
b. Changes increasing the risk to the subjects and/or affecting significantly the conduct
of the trial
All serious adverse events (SAEs) which are both serious and unexpected.
d. New information that may affect adversely the safety of the subjects of the conduct
of the trial.
e. Completion of the study.

o

6. Continuing Review Request/ Notice of Study completion form should be submitted to NTU IRB
for the following:
a. Annual review: Status of the study should be reported to the NTU IRB at least
annually using the Continuing Review Request/ Notice of Study completion form.
b. Study completion or termination: Continuing Review Request/ Notice of Study
completion form is to be submitted within 4 to 6 weeks of study completion or
termination.

7. All Principal Investigators should comply with existing legislation that would have an impact on
the domain of their research.

8. Advertisements/ Notices for recruitment of subjects must meet the following requirements:
a. Advertisements must clearly state that volunteers are being recruited to participate
in an NTU research project with proper research title and NTU logo.
b. Name and contact details of Principal Investigator (usually a faculty member), and
NTU-IRB contact details (Tel: 6592 2495; Email:IRB@ntu.edu.sg) should be provided.
The NTU-IRB project reference number should be stated.
Advertisements should include eligibility criteria.
e. Advertisements recruiting Minors must explicitly state that parental consent is
required for participation (unless NTU-IRB has granted approval for a waiver of
parental consent).

a o

Advertisements/ Notices should NOT contain the following:

a. State or imply a certainty of favourable outcome or other benefits beyond what is
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