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Abstract

Modem complex aerospace systems employ flight deck automation to increase the efficiency and
safety of systems while reducing operator workload. However, too much automation can lead to overtrust,
complacency, and a decrease in operator situation awareness. In an attempt to prevent these from
occurring, the operator and the automation often share responsibility for performing tasks. The tasks
allocated to each agent are rarely fixed; instead, they can be dynamically re-allocated throughout
operations based on the state of the operators, system, and environment. This thesis investigates how
dynamic task re-allocation has been implemented in operational aerospace systems, and investigates the
effect of control mode transitions on operator flying performance, visual attention, mental workload, and
situation awareness through experimentation and simulation.

This thesis reviews the dynamic task allocation literature and discusses the ways in which the concept
can be implemented. It highlights adaptive automation, in which the dynamic re-allocation of tasks is
initiated by the automation in a manner that is adaptive - in response to the state of the operator, system,
and environment - and workload-balancing - with the purpose of keeping the operator in control as much
as possible while remaining at a moderate level of mental workload. Adaptive automation is
enthusiastically supported in the literature; however, for reasons discussed, it has not been deployed in
any operational civilian aerospace system.

In the experiment, twelve subjects sat at a fixed-base lunar landing simulator and initiated transitions
between automatic and two manual control modes. Visual fixations were recorded with an eye tracker,
and subjects' mental workload and situation awareness were measured using the responses to a secondary
two-choice response task and a tertiary task of verbal call-outs of the vehicle state, respectively. Subjects
were found to re-allocate attention according to the priority of tasks: during mode transitions from
autopilot to two-axis manual control the percent of total attention on the attitude indicator (which was
required for the primary flying task) increased 14% while attention on instruments required for the
secondary and tertiary tasks decreased 5%. Subjects' conception of task priority appeared to be influenced
by instructions given during training and top-down and bottom-up properties of the tasks and instrument
displays. The attention allocation was also affected by the frequency of control inputs required. The
percent of attention on the attitude indicator decreased up to 13% across mode transitions where the flying
task was not re-allocated because the pitch guidance rate-of-change decreased from -9 to 0 */s throughout
the trial. Consequently, fewer control inputs and less attention were necessary later in the trial.

An integrated human-vehicle model was developed to simulate how operators allocate attention in the
lunar landing task and the effect this has on flying performance, mental workload, and situation
awareness. The human performance model describes how operators make estimates of the system states,
correct these estimates by attending and perceiving information from the displays, and use these estimates
to control the vehicle. A new attention parameter - the uncertainty in operators' estimates of system states
between visual fixations - was developed that directly relates attention and situation awareness. The
model's attention block was validated against experimental data, demonstrating an average difference in
the percent of attention 3.6% for all instruments. The model's predictions of flying performance, mental
workload, and situation awareness were also qualitatively compared to experimental data.
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When the pilot and airplane exchange

Control over tasks, as arranged,

The pilot makes a decision

How to allocate vision

If the level of workload has changed.
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1.0 Introduction

Modem complex aerospace systems have flight deck automation capabilities that execute tasks
previously performed by human operators. Commercial transport aircraft can operate almost completely
automatically from takeoff to landing, and fully-autonomous lunar landing vehicles have been proposed
for future uncrewed resupply missions to the Moon (National Aeronautics and Space Administration,
2008). The Apollo Lunar Module had a fully automatic landing capability (Bennett, 1972), but it was
never used. The interaction between operators and these autonomous systems often occurs without
trouble. However, sometimes this interaction can break down with disastrous consequences. Take for
example the 2013 crash of Asiana Flight 214 at San Francisco International Airport (National
Transportation Safety Board, 2014). The pilots believed that the autothrottle was engaged when it was
actually in a "hold" mode. As a result, neither the pilots nor the automation were controlling the airspeed.
The Boeing 777 descended much faster than usual, and the pilots failed to notice the issue until it was too
late. The aircraft impacted the seawall at the end of the runway, causing 181 injuries and 3 fatalities. This
accident, one of many caused in part by poor human-automation interaction, emphasizes that system
designers must work to facilitate effective collaboration between the human pilot and the automated
systems as the aerospace field looks to the next generation of these complex vehicles.

Automating tasks that were once completed by a human has the potential to increase the efficiency
and safety of systems while reducing operator workload (Ephrath & Curry, 1977; Wiener & Curry, 1980;
Wickens & Hollands, 2000). However, research has also identified a number of ways in which
automation can create new problems for the human operator. Bainbridge collectively termed these
problems the "ironies of automation" (1983). Operator workload can be increased if automation is applied
at the wrong time (Wiener, 1989) or if the operator does not trust the automation (Lee & Moray, 1992;
Lee & Moray, 1994; Parasuraman & Riley, 1997; Lee & See, 2004; Dixon et al., 2007). Over-reliance can
result in complacency in the short term (Parasuraman et al., 1993) and the loss of manual flying skills in
the long term (Wiener & Curry, 1980), which can both lead to incidents and accidents (Wood, 2004;
Gillen, 2010; Lowy, 2011; Stock et al., 2013; National Transportation Safety Board, 2014). If insufficient
information is presented about the automation's actions, the operator may lose awareness of the
automation state and have a decreased ability to anticipate the automation's behavior (Sarter & Woods,
1995; Sarter et al., 1997; Woods & Sarter, 1998). This may result in the operator performing
inappropriate actions without realizing it. The Federal Aviation Administration (FAA) has encouraged
airlines to "provide manual flight operations when appropriate" (Federal Aviation Administration, 2013)
and issued more than two dozen recommendations relating to automation and training in the report of the
Flight Deck Automation Working Group (2013). The National Aeronautics and Space Administration
(NASA) Human Research Roadmap also lists poor human-computer, -robot, and -automation interaction
as potential risks for future planetary exploration that could result in an increase in crew errors, injuries,
and failed mission objectives (National Aeronautics and Space Administration, 2014).

19



One solution to mitigate the increased complacency, loss of manual flying skills, and decreased

awareness caused by over-automating is to allocate some, but not all, tasks to the automation. This

removes a portion of the workload burden from the operator but still keeps him in the loop as a way to

preserve awareness of the state of the aircraft and the automation (Kaber & Endsley, 1997). These task

allocations can be described as intermediate levels of automation (Sheridan & Verplank, 1978; Endsley &

Kaber, 1999; Parasuraman et al., 2000). Level of automation (LoA) hierarchies describe a continuum that

spans from fully manual single or multiloop control (low LoA) to full automation (high LoA) where the

operator sets the highest-level goal and trusts the automation to achieve it without further human

monitoring. At intermediate LoAs the operator is involved in "supervisory control" (Sheridan, 1992).

Here, the automation is responsible for the lower-level control loops - gathering information and

performing actions - and the operator is responsible for the higher-level control loops - processing

information, making decisions, and setting intermediate goals. The operator also has the responsibility for

supervising the automation and ensuring that it is performing correctly.

For practical and safety reasons, and because of unanticipated events or subsystem failures, the LoA

cannot be the same in all situations (Airbus SAS & Flight Safety Foundation, 2006). As a result, modem

complex aerospace systems feature dynamic task allocation, where the allocation of tasks between the

human and the automation is not fixed during operations. This re-allocation of tasks is often adaptive,

meaning it responds to the state of the operator, system, and environment. It is possible for dynamic task

allocation to be non-adaptive, as is discussed in Section 2.1.2. This is rare, and in this thesis dynamic task

allocation is assumed to be adaptive unless noted otherwise. It is also possible for systems to be adaptive

without featuring a re-allocation of tasks, as is discussed in Section 3.2.

Current aerospace systems feature dynamic task allocation in the form of control mode transitions

(Boeing, 2003b). Mode transitions during operations are encountered when the vehicle enters'a new phase

of flight, or they can be forced by an equipment failure. Adaptive dynamic task allocation can also be

workload balancing, meaning that it occurs with the intent of keeping the operator in control as much as

possible while remaining at a moderate level of mental workload (Rouse et al., 1987). For example, the

operator may initiate a change from high to low LoA in order to practice flying manually during low-

workload phases of flight, or the automation may decide to remove tasks from an overloaded operator. As

Section 3.2 demonstrates, not all adaptive dynamic task allocation is workload balancing.

This thesis is structured around a fundamental, overarching hypothesis concerning how a human

operator responds to dynamic task allocation (Figure 1). Each of the chapters in this thesis addresses this

hypothesis in a different manner.

Dynamic task allocation Change in Change in total Re-allocation Re-allocation of

Mode transition task structure H mental workload H of attention H situation awareness

Figure 1. Chapters of this thesis are structured around this proposed hypothesis describing
operator response to dynamic task allocation.
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Dynamic task allocation causes a change in the task structure. The task structure describes the
current and future tasks that fall under the responsibility of the human or the automation. Accomplishing
a task at the desired level of performance requires a minimum amount of cognitive and attention

resources, or mental workload (O'Donnell & Eggemeier, 1986). This is different than the physical
workload that an operator must expend to complete a task. Humans have a limited capacity of cognitive

and visual attention resources that they can allocate among the tasks to be performed (Wickens, 1980;
Wickens & Hollands, 2000). When the total cognitive and visual attention demands exceed the limiting
capacity, the operator must sacrifice attention on the lower-priority tasks in favor of the higher-priority
tasks. If attention on a task is reduced below the minimum requirement there will be a noticeable decrease
in performance on this task.

The reduction of attention on the lower-priority tasks also causes a decrease in situation awareness
on these tasks. Situation awareness is defined by Endsley as "the perception of the elements in the
environment within a volume of time and space, the comprehension of their meaning, and the projection
of their status in the near future" (1995, p. 36). Endsley did not define what tasks are part of "the
environment," but the most common interpretation is everything beyond the immediate primary task (e.g.
flying the vehicle), particularly the set of information needed to make appropriate strategic decisions.
Consequently, experimental measures of situation awareness often focus on system states that do not
directly relate to the primary task. This interpretation of situation awareness is narrow, and becomes
problematic when the task structure changes across a mode transition. System states that were involved in
the primary task may become a part of the environment and vice versa. This thesis takes a broader view of
situation awareness, making no distinction between system states that belong to the environment and
those that belong to the primary task. It is assumed that the operator has an internal model of all key
system states and is able to project these estimates into the future based on knowledge of the vehicle
dynamics. It is impossible for operators to have perfect knowledge of the vehicle dynamics, and as a
result these projections have uncertainty. The rate at which the uncertainty grows is proportional to the
accuracy of the operator's internal model and the rate at which the state is changing. By making

observations of the actual state, the operator can "correct" these estimates, reducing the uncertainty.

However, the uncertainty begins to grow again when the operator looks away.

When an operator reduces his attention on a lower-priority instrument across a mode transition, he
has less frequent opportunities to correct his estimate of the system state. This, in turn, increases the
average uncertainty in the estimate and reduces the operator's situation awareness of this system state.

This decrease in situation awareness is greatest for the system states that have a high rate-of-change, or

for which the operator has an inaccurate mental model. Like mental workload and attention, the total

amount of operator situation awareness does not decrease. Instead, it is allocated among the tasks in

proportion to the attention that they each receive. As a result, the operator usually has high situation
awareness of higher-priority tasks and low situation awareness of lower-priority tasks.
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This hypothesized operator response to dynamic task allocation (Figure 1) explains how an operator

can continue to satisfactorily perform the primary task even as his workload increases (Yerkes & Dodson,

1908; Hebb, 1955). He is sacrificing attention, performance, and situation awareness on the other tasks.

Performance on the primary task only drops whenever the workload demands of the primary task itself

exceed the total attention capacity, or if the operator fails to re-allocate attention in the proper manner.

Operator response to dynamic task allocation has been investigated in part, but never as a complete

five-stage process as this thesis proposes. Previous research has found that pilots with better situation

awareness, measured as the response to one query, had lower perceived workload and pilots with poor

situation awareness had higher perceived workload (Yu et al., 2014). Other research has shown that

situation awareness of a vehicle state, measured by task performance (Ratwani et al., 2010) or by verbal

situation awareness queries (Moore & Gugerty, 2010), increased as subjects allocated more attention to

the instrument displaying that state. These studies collectively probe the relationship between attention,

mental workload, and situation awareness, but not during dynamic task allocation. Previous work done on

the same project that supported this thesis found that reversion to manual control increased subjects'

mental workload and decreased the measure of situation awareness in proportion to the number of

manually-controlled vehicle axes during simulated lunar landings (Hainley et al., 2013). However, this

prior study did not measure visual attention. Therefore, this thesis investigates the complete operator

response to dynamic task allocation hypothesized in Figure 1 and develops evidence that supports the

connections between changes in the task structure, visual attention, mental workload, and situation

awareness.

1.1 Research Aims and Thesis Organization

The first aim of this thesis is to clearly define dynamic task allocation and explain the ways in which

it can occur. Chapter 2 examines the ways in which adaptive dynamic task allocation can be

implemented in the context of the existing literature. Its primary focus is on the question of decision

authority - the extent to which each agent (the human and the automation) has authority to re-allocate

tasks. Chapter 3 investigates the extent to which dynamic task allocation occurs in current aerospace

systems. It begins with a hierarchical task analysis of approach and landing in the Boeing 767. Then, it

discusses adaptive systems in aircraft of more recent design and considers whether or not they are

examples of workload-balancing, adaptive dynamic task allocation. Finally, Chapter 3 discusses

"associate systems" in military aircraft and rotorcraft and draws general conclusions about why

operational systems do not employ dynamic task allocation as the literature promotes.

The scientific aim of this thesis is to investigate how experimental subjects re-allocated visual

attention when performing control mode transitions in a simulated lunar landing task. This is covered in

Chapter 4. To the author's knowledge, this experiment is the first to concurrently measure mental

workload, situation awareness, flying task performance, and visual attention across control mode

transitions. This allows for an analysis of how the attention re-allocation across a mode transition affects

22



other aspects of an operator's performance and cognitive state. These experimental results are used to
hypothesize the factors that motivated subjects to re-allocate their attention in the manner that they did.

The engineering aim of this thesis is to develop a closed-loop human operator-vehicle model that
simulates operator visual attention, flying performance, mental workload, and situation awareness during

control mode transitions. This is the focus of Chapter 5. To the author's knowledge, the attention block

in this integrated model is the first to predict the attention allocation for both supervisory and manual

control tasks, and to capture changes in the attention allocation across mode transitions as tasks vary in
priority and shift between supervisory and manual control. The chapter concludes by comparing the
model's predictions of attention, mental workload, situation awareness, and flying task performance to

experimental data obtained in Chapter 4.

The final aim of this thesis is to provide recommendations for future research. This is one of the foci

of Chapter 6, along with an executive summary of the entire thesis. These recommendations are intended

to help bridge the gap between the findings of the existing research and how aircraft manufacturers

currently implement dynamic task allocation.
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The questions this chapter expands
Are how, when, and at whose command

There may be some refinement
Oftasks and their assignment

To both automation and man.
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2.0 Implementation of Workload-Balancing Dynamic Task Allocation

through Adaptive and Adaptable Automation

As described in Chapter 1, dynamic task allocation is a necessity in real-world operational systems.
A task re-allocation may be forced by a system failure, or it may be an adaptive response to keep the
operator's mental workload at a moderate level. This chapter focuses on the latter and addresses the key
questions of how, when, and under whose command the task structure can be dynamically re-allocated. It
cites a number of possible answers for these questions from the existing research and, when available,
highlights recommendations from the current body of research.

2.1 Model of Dynamic Task Allocation

Figure 2 shows a conceptual model of an aerospace system with a human operator and automation.
Tasks in the task structure are allocated to both agents, who make control inputs to the system and receive
information about the system state and the environment. The allocation of tasks to the human and the
automation can change based on the answers to the following three key questions:

* Who or what decides to dynamically re-allocate tasks?

" What factors trigger the dynamic re-allocation of tasks?

* How should tasks be dynamically allocated to the operator and the automation?

The remainder of this chapter addresses each of these questions in turn.

2.1.1 The Decision Authority

The agent - the operator or the automation - that chooses to re-allocate tasks during operations is
called the decision authority. When the dynamic task allocation is both adaptive and workload balanced,
two specific terms are used in the literature to distinguish between the decision authority: adaptable
automation when the operator is the decision authority and adaptive automation' when the automation is
the decision authority (Oppermann, 1994). Adaptable automation keeps the authority to allocate tasks
with the operator, who is ultimately responsible for system safety. This is the stated goal of Boeing and
Airbus's automation philosophies, which guide the design of automation in their aircraft (Abbott, 2001).
Although both manufacturers use flight control computers to simplify their aircraft handling qualities and

incorporate some degree of flight envelope and load protection, both philosophies leave much of the final
authority for automation use to the pilots. As detailed in the Chapter 3, most autoflight automation used in
aircraft cockpits today remains adaptable, and not adaptive.

1 Note that "adaptive systems" are not necessarily examples of "adaptive automation," which specifically refers
to adaptive, workload-balanced dynamic task allocation. Section 3.2 provides examples of this distinction. These
terms come from prior literature, which is why they are used in this thesis despite the potential for confusion.

25



Tasks

Task Structure

Suggested Task Allocation

Chosen Task Allocation

Suggested Task Allocation

Automation Hu
Decision Authority

ntrol System Psychophysiological measures System
puts State Situation awareness State

+ Environment

Tasks

n an

Control
Inputs

+-

Vehicle

Figure 2. Conceptual model of an aerospace system that responds to inputs made by a human
operator and automation. Each agent can each perform tasks and suggest new task allocations with

a certain degree of authority.

One concern with adaptable automation is that it loads the operator with an additional task -

evaluating his workload and the situation and determining whether or not to re-allocate tasks - at a time

when his mental workload may already be high (Bailey et al., 2006). As a result, the operator may make

an expedited or uninformed decision and fail to employ automation in the best way to maximize system

performance. Furthermore, there are situations when the operator may be unable to re-allocate tasks. He

may not have enough time or he may be physically unable to do so (e.g., due to high g-loads) (Scerbo,

1996; Scerbo, 2007). Adaptive automation is not without its limitations either. Automation surprise and

mode confusion become a concern when the automation's actions are not transparent and understandable

to the operators (Sarter & Woods, 1995; Woods & Sarter, 1998).

Adaptive and adaptable automation are not the only possible decision authorities; rather, they are the

two extremes of a continuum with intermediate degrees of operator and automation authority in between

(Clamann & Kaber, 2003; Hancock, 2007; Sauer et al., 2011). For example, the automation may suggest a

certain task allocation that the user can confirm or choose to ignore. This is known as "pilot command by

initiation" (Hancock, 2007) or "management by consent" (Billings, 1996a). Or, the automation may

suggest a certain task allocation that will automatically go into effect unless the operator vetoes it. This is
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called "pilot command by negation" (Hancock, 2007) or "management by exception" (Billings, 1996a).
Another possibility is for the automation to wait for the operator to take an action, warn him if the action
has not been performed close to the deadline, and then only perform the action itself when the deadline
arrives and the operator has not responded. In these three examples both the pilots and the automation
share decision authority to different degrees.

Much of the existing dynamic task allocation literature has focused on enabling adaptive automation
and investigating the benefits it provides for the human operator. In particular, researchers have examined
the factors that the automation can use to trigger a dynamic re-allocation of tasks (Section 2.1.2) and how
the automation should re-allocate tasks between itself and the operators (Section 2.1.3).

2.1.2 Triggering Dynamic Task Allocation in Adaptive Automation Systems

If the automation in a complex aerospace system has any degree of authority to re-allocate tasks, it
needs some criteria to determine when to do so. The process by which the automation makes this decision
is called the trigger. Numerous triggers have been investigated theoretically and experimentally.
However, it remains difficult to measure vehicle and/or operator state during real-time operations.

One option for triggering a task re-allocation is to alternate periods of manual and automated control
over a certain time interval without any regard to the state of the system, environment, or operator. This
has been shown to increase subjects' detection of automation failures (Parasuraman et al., 1993;
Parasuraman et al., 1996). In these experiments, transferring control to the subjects prevented them from
becoming complacent when control was returned to the automation, and encouraged them to supervise the
automation more carefully.

Alternating periods of manual and automated control is an example of non-adaptive dynamic task
allocation. As a result, this trigger is only beneficial for operations with continuous, unchanging tasks,
like the cruise phase of flight. If this trigger were implemented during a phase of operations in which new
tasks were always beginning, like approach and landing, the tasks might be re-allocated at an
inappropriate time. For example, the operator could regain control at the very moment that a difficult task
begins, causing him to quickly become overloaded.

The most common adaptive triggers described in the literature are various proxy metrics of operator
mental workload. These triggers are workload balancing, as described in Chapter 1. The goal is to remove
enough tasks from the operator so that his cognitive and attention resources are not exceeded and he will
be able to devote the necessary amount of resources to each task for which he is responsible. Prior
research in laboratory settings has found that adaptive automation is able to provide a performance benefit
to operators when it is matched to their workload - providing more automation assistance during times of
high operator workload and less during times of low workload (Parasuraman et al., 1999).
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One can define six classes of operator workload triggers, which assess or predict workload in

different ways: 1) detection of critical events, 2) use of subjective mental workload assessment scales, 3)

measurement of operator primary task performance, 4) measurement of operator secondary task

performance, 5) psychophysiological assessments, and 6) use of operator performance models.

2.1.2.1 Critical Events

When triggering on critical events, the amount of automation increases or decreases when certain

pre-defined events occur that are anticipated to raise or lower the operator's workload (Parasuraman et al.,

1999; Scallen & Hancock, 2001; de Visser & Parasuraman, 2011). Example critical events include the

appearance of an unidentified target on a military aircraft's radar, which initiates a shift from a

monitoring phase to an investigation phase, or the beginning of the final approach in commercial aviation.

Triggering on critical events is the simplest workload trigger, as it does not require the automation to take

any measurements from the operator. However, this trigger may only partially or implicitly reflect the

operator's true workload. If the assumptions about the operator's workload after the critical event are

incorrect, the automation may be inappropriately applied.

2.1.2.2 Subjective Assessments

Subjective assessments help the operator to rate his own level of mental workload using a structured

scale. These techniques ask the operator a series of questions and use the responses to give an estimate of

mental workload. The Modified Bedford Workload Scale gives a single overall measure of workload and

assesses the amount of spare attention an operator has while performing a flying task (Roscoe & Ellis,

1990). On the other hand, the NASA-TLX technique assesses six different dimensions of workload:

mental demand, physical demand, temporal demand, performance, effort, and frustration level (Hart &

Staveland, 1988). This gives a more detailed picture of a task's workload demands, but requires the

operator to answer many more questions. Strengths of subjective measures are their relative ease of

implementation and high face validity (Proctor & van Zandt, 2008). However, they have the same

disadvantage as adaptable automation in that they give the operator an additional task to complete at a

time when his mental workload may already be high. For this reason, subjective assessments are often

used in experimental settings where they can be administered after a task is performed. Other

disadvantages of subjective assessments are that operators may confound mental and physical workload,

or that they may have trouble distinguishing task difficulty from the workload required to deal with these

task demands (O'Donnell & Eggemeier, 1986).

2.1.2.3 Primary Task Performance Measurements

This class of triggers uses measurements of the operator's performance on the primary task to infer

his workload level. It assumes an inverted-U-shaped relationship between performance and workload, the

Yerkes-Dodson Law: performance on the primary task drops when the overall workload becomes either

very high or very low and increases when workload returns to a manageable intermediate level (Yerkes &
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Dodson, 1908; Hebb, 1955). If the operator's mental workload varies, but stays within this intermediate

region, performance on the primary task will not visibly change. This is a strong disadvantage of

triggering adaptive automation on primary task performance: it is only sensitive to very high or very low

levels of mental workload. While some research has used primary task performance to measure workload,

many researchers instead use secondary task performance.

2.1.2.4 Secondary Task Performance Measurements

As described in Chapter 1, attention on the secondary task decreases whenever the attention demands

of the primary task increase if both tasks compete for the same sensory and cognitive resources (Wickens,

1980; Wickens & Hollands, 2000). The operator sacrifices performance on the secondary task in order to

keep satisfactory performance on the primary task. As a result, secondary task performance is more

sensitive to changes in workload than primary task performance. Many different secondary tasks have

been used in the literature to measure operator workload: gauge monitoring (Kaber & Riley, 1999;

Clamann et al., 2002; Clamann & Kaber, 2003; Kaber et al., 2005), change detection (Parasuraman et al.,

2009), and responding to a light illumination (Lowenthal, 2012; Hainley et al., 2013), for example.

Experiments have also been conducted using multiple primary and secondary tasks in conjunction

(Calhoun et al., 2011).

Unlike critical events, triggering on primary or secondary task performance directly reflects the

operators' mental workload. Triggering on task performance also has the advantage of being able to react

to unexpected changes in workload. One major disadvantage is that operator performance may vary

between individuals in complex, real-world tasks due to experience, fatigue, or other factors. This

inherently large variability makes it difficult to define performance criteria that are sufficiently reliable

across all operators. The criteria must either be set to constant values, providing poor results for a large

portion of the operators, or tuned for each operator, which requires extensive upfront costs in money and

time. Another limitation is that primary and secondary task performance measurements are reactive to

changes in workload, rather than predictive. It would be more beneficial for the automation to anticipate

when subjects will become overworked to the point that performance will decrease and to increase the

amount of automation before this occurs.

2.1.2.5 Psychophysiological Assessments

Sometimes grouped together with operator performance measurements, psychophysiological

assessments (also called augmented cognition or neuroergonomics) record psychological and

physiological measurements that serve as proxies for operator mental workload or engagement.

Psychophysiological measurements investigated in the literature include heart rate variability, galvanic

skin response, eye movement, and brain activity from fNIR and EEG recordings (Casali & Wierwille,

1984; Wilson, 2002; St. John et al., 2004; Bailey et al., 2006; Fidopiastis et al., 2009; de Greef et al.,

2009).
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Psychophysiological assessments are an attractive trigger because they provide a continuous real-

time estimate of mental workload. They can also be used to estimate mental workload when the operator

is supervising the automation and there are no operator performance metrics to assess.

Psychophysiological assessments are not mentally intrusive to the tasks being performed, and it is

believed that they have less of an effect on operator performance. As with operator performance

measurements, psychophysiological assessments are reactive to changes in workload, rather than

proactive (Scerbo, 2007). There is also a debate about the sensitivity and diagnosticity of

psychophysiological assessments and whether they actually capture changes in workload or engagement

(Casali & Wierwille, 1984; Scerbo, 2007; Cummings, 2010). Psychophysiological assessments tend to

have high intra- and inter-subject variability, making true changes in workload harder to predict. They

also cannot make instantaneous predictions of workload because they require data collected over a period

of time. Lastly, the equipment required to make psychophysiological assessments can be physically

intrusive to the operator.

2.1.2.6 Operator Performance Modeling

In this class of triggers, the automation uses human performance models in real-time to predict the

intent or behavior of the operator and estimate his future workload (Rencken & Durrant-Whyte, 1993;

Sharit, 1997; Miller et al., 1999; Goodrich et al., 2004; Arciszewski et al., 2009; de Greef & Arciszewski,

2009; de Greef et al., 2010; Klein & van Lambalgen, 2011). Operator performance modeling uses much

of the same information as other triggers (e.g. upcoming critical events or operator task performance), but

combines these measurements in specific ways to predict operator workload in the future. It is not

reactive like the other triggers discussed. For example, an operator performance model may indicate a

slight increase in operator workload that, by itself, does not currently exceed the threshold for a workload-

triggered task re-allocation. However, knowing the current operational context and upcoming events, the

operator performance model may predict that the operator's workload will increase above the threshold in

the near future. In response, tasks can be re-allocated to prevent the operator's workload from ever

exceeding this threshold. One limitation of this trigger is that it is only as good as its model, and

underlying assumptions and any deficiencies in the model will lead to inappropriate automation. The

question - to be considered later in this thesis - is whether such algorithms are sufficiently reliable that

they can be deployed in operational systems.

2.1.3 Allocation of Tasks

During operations, tasks should be dynamically re-allocated to the agent - the operator or the

automation - that can best perform them given the current system state. This will help to assure

satisfactory system performance. The fixed and dynamic allocation of tasks has been the focus of many

theoretical, analytical, and experimental investigations (see Sherry & Ritter, 2002 and Marsden & Kirby,

2004 for reviews). The most basic task allocation guidelines simply outline which tasks humans can

perform better than the automation and vice versa. Fitts' List states that automation is good at performing
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repetitive tasks that might bore human operators, tasks that necessitate a high degree of precision, and

time-critical tasks that require a faster response than humans can provide (Fitts, 1951). Conversely, the

human operators are better at thinking creatively and improvising in unfamiliar situations based on past

experience. Billings' concept of "human-centered automation" is another set of guidelines that prescribes

how automation can be best implemented as a tool to enhance the human pilot's performance (Billings,

1996). These guidelines state that the automation should be predictable, understandable, and only used in

situations where it is necessary and not just because the technology exists to automate a function.

Billings' guidelines are more specific than Fitts', discussing specific human-centered automation

requirements for aircraft control automation, information automation, and air traffic control management

automation.

Fitts' List can serve as a set of general guidelines that provide a starting point for design. However,

the capabilities of automation have greatly increased since 1951 and the list of tasks that automation can

perform better than humans has grown. Furthermore, the best allocation of tasks is more complicated than

Fitts discussed. It is context-specific, depending on a number of factors including the training and ability

of the operators, the capabilities of the automation, the operating procedures, and the mission to be

completed. Pritchett et al. (2013a, 2013b) have developed a model that aims to address some of these

context-specific factors by quantifying the "effectiveness" of particular task allocations in commercial

aviation approach and landing. In this model, the researcher uses a cognitive work analysis to describe all

of the tasks that must be completed and assigns them to the simulated human operator or the automation.

Additional teamwork actions are also created based on the task allocation. Once the task allocation is set,

the model quantifies how "effective" the task allocation is on the basis of 8 different metrics: 1) workload,

2) mismatches between responsibility and authority, 3) stability of the human's work environment, 4)

coherency of [task] allocation, 5) interruptions, 6) automation boundary conditions, 7) system cost and

performance, and 8) human's ability to adapt to context.

More generally, several experimental studies have investigated the effects of allocating tasks to the

human or automation based on the information processing stages they involve. Endsley and Kaber (1999)

and Parasuraman et al. (2000) both discussed how the level of automation - a continuum of task

allocations between the automation and operator that range from fully manual to fully automatic - does

not need to be consistent across each stage of information processing. The authors used a simplified

model of information processing consisting of four stages: 1) information acquisition, 2) information

analysis, 3) decision and action selection, and 4) action implementation (in the terminology of

Parasuraman et al., 2000). In the first stage, information is gathered from the environment through a

number of different sensory channels and pre-processed. The information capacity of each sensory

channel is limited (e.g. an operator's foveal vision only encompasses about 2* visual angle), which makes

attention a serial process. In the second stage, this information is consciously perceived, manipulated, and

analyzed. The second stage lasts just prior to the point of decision, which is contained within the third

stage. Once an action has been decided upon it is carried out in the fourth stage and the process repeats.

Parasuraman et al. (2000) discussed ten levels of automation, and how these did not need to be consistent
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across the four stages. Instead, tasks involving different information processing stages could employ

different levels of automation. Kaber and Endsley (1999) discussed ten similar level of automation, and

outlined in detail how the four stages of information processing were allocated to the human or the

automation under each level.

Several studies have found that dynamically automating tasks involving information acquisition and

action implementation led to better primary and secondary task performance than when information

analysis and decision making were automated (Clamann et al., 2002; Clamann & Kaber, 2003; Kaber &

Endsley, 2003; Kaber et al., 2005). The authors hypothesized that this occurred because it was easier for

subjects to understand what the automation was doing when it was gathering information or carrying out

an action the subjects selected. When the automation was analyzing information or making a decision, the

subjects had to spend additional time checking that what the automation did was in line with their mental

model of the situation.

2.2 Conclusion

This chapter discusses three key questions that, when answered, describe how dynamic task

allocation can be implemented in operational systems. The first and most important question asks who or

what decides to dynamically re-allocate tasks. When the operator serves as this decision authority,

workload-balancing, adaptive dynamic task allocation is called adaptable automation. When the

automation is the decision authority, it is called adaptive automation.

The second questions asks what factors should trigger the dynamic re-allocation of tasks when the

automation is the decision authority. Most of the research has investigated mental workload-based

triggers. The operator can give subjective assessments of his own workload, or the trigger can measure

proxies for mental workload including the occurrence of pre-defined events that are assumed to change

workload, operator primary and secondary task performance, and psychophysiological assessments. The

trigger can also combine these measurements with operator performance models to predict future changes

in workload. While these triggers have all been investigated theoretically and in simplified experiments, it

still remains difficult to measure or estimate the vehicle and/or operator state during real-time operations.

The final question asks how tasks should be dynamically allocated to the operators and the

automation. Theoretical guidelines, like Fitts' List or human-centered automation, give general, high-

level starting points for the task allocation. Other research has developed models to simulate task

allocations and quantify their "effectiveness", and has experimentally investigated how operators perform

when the automation executes tasks that involve the different stages of information processing.

As this chapter has shown, much of the existing literature has been focused on investigating the

benefits of adaptive automation and developing the technologies and techniques that enable it. However,

the next chapter shows that aircraft manufactures do not appear to be as enthusiastic about adaptive

automation as the research community.
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"Adaptive automation is great!"

Is what earlier research relates.

But we find this domain,

In operational airplanes,

Is not implemented to date.
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3.0 Dynamic Task Allocation in Operational Systems

The previous chapter focuses on how, when, and under whose command workload-balancing,
adaptive dynamic task allocation can occur in human-automation systems. Specifically, it outlines the two
fundamental alternatives: adaptive and adaptable automation. The literature is enthusiastic about adaptive
automation, and studies have repeatedly claimed that it could serve as a great benefit to operators of
complex systems. Despite this, there may still be gaps between what researchers are advocating and
aircraft manufacturers are implementing. This chapter probes these gaps by looking at how, when, and
under whose command the task structure actually changes in current operational systems. It deconstructs
the approach and landing procedure in commercial aviation, specifically the Boeing 767, in order to
uncover the ways in which tasks can be dynamically re-allocated between the pilot and the automation.
After this in-depth investigation, this chapter discusses adaptive systems in newer commercial aircraft and
identifies if they also feature workload-balancing dynamic task allocation, meaning that they can be
classified as adaptive automation. These investigations find that modern commercial aviation employs
essentially no degree of adaptive automation. This chapter then briefly discusses adaptive automation
"associate systems" that were developed and tested in military aircraft and rotorcraft. However, these
systems do not appear to have been implemented in operational vehicles. As this chapter discovers,
aircraft manufacturers and airlines have made a deliberate decision not to leverage the benefits of
adaptive automation as described in the literature. This chapter concludes by hypothesizing reasons why
this is the case.

3.1 Dynamic Task Allocation in Approach and Landing in Commercial Aviation

Approach and landing in commercial aviation was selected as the in-depth case study for this chapter
because it represents a prominent industry - with over 70,000 flights per day in the U.S. alone (A Review
of FAA 's Efforts, 2012) - that could potentially benefit from the implementation of adaptive automation.
Furthermore, there is information publically available about both normal day-to-day operations and the
causes of incidents and accidents in commercial aviation. Approach and landing is a high-workload phase
of flight where a number of tasks must be properly executed in sequence, even under normal conditions.
Any air traffic control mandated changes in the flight plan, inclement weather, or subsystem malfunctions
can increase pilots' workload even further.

In this investigation, the normal Category I instrument approach and landing procedures have been
detailed through a hierarchical task analysis (Annett, 2004; Stanton, 2006). A hierarchical task analysis
(HTA) takes a specific task and its associated high-level goal (e.g. "safely land the aircraft") and
decomposes it into subtasks and subgoals (e.g. "complete approach preparations"). These subtasks can be
decomposed into their own subtasks, a process which continues until a sufficient level of detail has been
reached for the desired analysis. The HTA of normal approach and landing presented in this chapter has
been developed based on the manufacturer's recommended procedures, as described in manuals for the
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Boeing 767 aircraft (Boeing, 2003a; Boeing, 2003b). The details are specific to this aircraft, but the same

general procedure is used across many aircraft types when flying instrument approaches.

The Boeing 767 has a variety of lower-level automation systems that determine handling qualities

and provide engine control, speed protection, and load relief. Other lower-level automation systems detect

and alert when subsystem states are non-normal. However, these are not normally configured by the

operators, and hence are not considered here. When pilots fly manually they normally refer to an

autopilot-driven "attitude flight director" display, but their visual attention is largely determined by the

manual flying task.

The HTA of approach and landing shows thirteen high-level goals that must be accomplished in

order for the aircraft to land safely. Figures 3.1 through 3.3 show this HTA in three parts. The agent in

charge of the task (the human or the automation) is noted by the color of each task. Red tasks are always

completed by one or both of the two pilots, and blue tasks are always completed by the automation.

Purple tasks can be accomplished by either agent, depending on whether or not the automation is

engaged. Lastly, green tasks are those high-level goals that the automation can accomplish only with

assistance from one of the pilots. The border of each task box notes if the task is always necessary (solid

border), or only necessary if the automation is in use (dashed border). The latter are primarily automation

setup tasks, in which the pilots set the parameters for an action (e.g. changing altitude) and the automation

subsequently undertakes these actions.

This HTA shows that the automation is not required for a safe landing under normal conditions.

However, its use certainly makes the entire process easier, more precise, and more consistent, particularly

under actual instrument conditions. The automation can be used to intercept the localizer (Task 4) and to

descend past a series of waypoints with altitude constraints to the glide slope intercept at the final

approach fix (Task 5). To accomplish these tasks with the automation, one of the pilots sets the heading,

altitude, and speed as prescribed by the approach procedure or as directed by air traffic control (Tasks 3.1,

4.1, 5.1, and 6.1). To change the heading, the pilot engages the "heading select" or "localizer capture"

mode, and to change the altitude he engages the "flight level change" or "approach" (glide slope and

localizer tracking) mode. The automation will automatically retard the throttles and initiate a descent

while maintaining the speed set by the pilot.

Once established on the glideslope and localizer, the pilots lower the landing gear (Task 9) and

deploy the flaps as the aircraft slows towards the final approach speed (Task 12.1). If the pilots wish to

land under manual control, they disconnect the autopilot (Task 11.5) at the decision altitude of a few

hundred feet (as specified by the approach procedure), flare (Task 12.4), touch down, and roll out (Task

13). At certain runways, if the crew has sufficient training and recency, they may leave the automation

engaged and monitor an automatic flare, rollout centerline tracking, and autobraking, even under very

reduced visibility. In this case, their only manual tasks are to engage and disengage the thrust reversers

(Tasks 13.2 and 13.6) and disengage the autobrakes (Task 13.7).
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If the pilots wish to regain manual control at any time, they can switch the automation off and fly

manually with or without the flight director and autothrottle engaged, whichever they prefer. When the

automation is engaged, it is the pilots' responsibility to ensure that it is functioning correctly and to

decide whether or not to assume control by disengaging the automation. Even if the automation is in

control of the entire approach down to minimums, there are still tasks that must be accomplished by the

pilots - arming the autobrakes, programming in the airspeed and lowering the landing gear and flaps.

Most importantly, the autoflight automation never decides itself to take over a task, nor does it even

suggest that the pilots might want to re-allocate tasks. The automation has essentially no part of the

decision authority. This is true even in high-workload situations, like when an unanticipated event occurs.

One such event is a go-around and transition into a missed approach (Flight Safety Foundation, 1998a;

Flight Safety Foundation, 1998b; Boeing, 2003a). The pilots are required to initiate this procedure if the

aircraft is not well established on the localizer and glide slope in the final approach configuration and

speed by the minimum stable approach altitude, or if the weather obscures the runway when reaching a

predetermined decision altitude. In a go-around, the aircraft must be pitched up and the thrust increased in

order to gain altitude. The automation can be pre-programmed to complete both of these tasks once a

single "go around" button is pushed. However, the automation never decides to initiate a go-around itself.

The pilots are required to push the button to allow the automation to switch from approach mode to go-

around mode.

3.2 Adaptive Systems in Commercial Aviation

Newer aircraft like the Boeing 777 and 787 or the Airbus A350 and A380 feature adaptive systems

in which the automation can sense and react to the state of the vehicle, environment, and operator. These

systems inherently fulfill one part of the three-part definition of adaptive automation (Section 2.1.1). This

section discusses whether four of these adaptive systems fulfill the other two parts of the definition:

re-allocating tasks between the automation and the pilots in order to balance the operator's workload. The

systems investigated are: 1) flap active load relief, 2) flight envelope protection, 3) aircraft monitoring

systems and electronic checklists, and 4) adaptive interfaces.

3.2.1 Flap Active Load Relief

Aircraft flaps can be extended at a number of positions (e.g. 5-25* in 50 increments). Each position is

designed to be used within a certain airspeed range, which is indicated on the primary flight display. If the

airspeed limit is exceeded for a particular flap setting, the automation automatically retracts the flaps to an

appropriate setting (Boeing, 2011). This prevents damage to the flaps due to excessive aerodynamic

loads. When the airspeed decreases to an appropriate level, the flaps are re-extended to the commanded

setting. If the airspeed does not decrease, the automation prevents pilots from manually extending the

flaps.
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In flap active load relief there is a dynamic re-allocation of the flap extension and retraction task

from the pilots (who perform the task under normal conditions) to the automation. However, active flap

load relief cannot be considered adaptive automation because it is not workload balancing. The aim is to

protect the aircraft with a temporary safety precaution, and not to reduce operator workload or increase

operator performance. The flap extension/retraction task is re-allocated back to the pilots as soon as the

aircraft reaches an appropriate airspeed for the commanded flap setting, even if their mental workload is

above the desired level.

3.2.2 Flight Envelope Protection

Flight envelope protection systems ensure that an aircraft operates within its performance limits. In

the Boeing 777, there are three types of flight envelope protection (Boeing, 2011). Stall protection limits

the pitch up at the minimum maneuvering speed to prevent the aircraft from stalling and losing lift.

Overspeed protection limits the pitch down at the maximum maneuvering speed to prevent damage to the

airframe or control surfaces. Both stall protection and overspeed protection are forms of pitch envelope

protection. The third type of flight envelope protection is roll envelope bank angle protection. This limits

the amount that an aircraft can roll to prevent stall. All of these flight envelope protection systems are

possible because of fly-by-wire systems, in which the pilots control the aircraft through an intermediary

flight control computer. The flight control computer can modify the aircraft's handling qualities during

flight to prevent it from exceeding its performance limits.

The two major manufacturers of commercial aircraft, Boeing and Airbus, employ flight envelope

protection in different ways (Abbott, 2001). Boeing employs "soft" flight envelope protection, where the

pilots face increasing resistance from the control column when they approach the aircraft's limits.

However, with sufficient force the pilots can exceed the flight envelope, which may be necessary for

upset recovery or to avoid an imminent mid-air collision. Boeing flight envelope protection cannot be

considered adaptive automation because tasks are not being re-allocated between the pilot and the

automation. Even as the aircraft approaches the edge of the flight envelope, the task of controlling the

aircraft attitude remains with the pilots. The automation never takes over this task; instead, it changes how

the pilots' control inputs translate to control surface deflections. As a result, Boeing flight envelope

protection can be considered adaptive control, rather than adaptive automation. Flight envelope

protection is only one example of adaptive control; there are a number of other general ways in which this

concept can be implemented (Sheridan, 2011). Beyond commercial aviation, adaptive control has also

been designed and tested for rotorcraft (Fletcher et al., 2008; Warwick, 2009) and proposed for lunar

landing (Duda et al., 2010).

Different from Boeing, Airbus employs "hard" flight envelope protection, which will not allow the

pilots to exceed the flight envelope. When the pilots push an Airbus aircraft to the limits of its normal

flight envelope, their control inputs are ignored and the automation temporarily takes over the flying task

from the pilots. However, as with flap active load relief, this dynamic task allocation is not workload
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balancing. The intent is not to reduce pilot workload, but merely to keep the aircraft safe. As a result, the
flying task is re-allocated back to the pilots as soon as the aircraft moves away from the edge of the flight
envelope. The pilots also have the ability to turn the flight control computer off at any time, after which
they can exceed the flight envelope.

3.2.3 Aircraft Monitoring Systems and Electronic Checklists

The Airbus Electronic Centralized Aircraft Monitoring (ECAM) system and the Boeing Engine
Indicating and Crew Alerting System (EICAS) use a network of sensors to diagnose problems with the
aircraft (Boeing, 2011; de Crespigny, 2012). Whenever there is a problem, the aircraft monitoring system
can detect the problem, alert the pilots, and display the appropriate non-normal checklists. Since the
aircraft monitoring system knows the state of the aircraft and the switches in the cockpit, these electronic
checklists are specific to the current state. The aircraft monitoring systems also state the operational
consequences of the non-normal condition for the remainder of the flight.

There is an inherent change in the task structure whenever there is a non-normal event. A number of
new tasks appear, and all are of high importance. The automation performs a number of these tasks,
identifying the problem and determining the response, without being asked by the pilots. This is not
adaptive automation, however, because the automation does not take over tasks that the operator used to
perform. Since the automation always performs this information acquisition and analysis task when a
non-normal event occurs, the task allocation is fixed instead of being dynamically re-allocated. If the
pilots turn the flying task over to the autopilot to reduce their overall workload and allow them to focus
on the non-normal checklist, this would be an example of adaptable automation. But because the pilots
are the ultimate authority - particularly during non-normal events - the automation never decides on its
own to take over the flying task.

3.2.4 Adaptive Interfaces

The electronic non-normal checklists described in the previous section are an example of an adaptive
interface. When the state of the aircraft changes, the display changes in response to present only the most
important information to the pilot. These adaptive interfaces are attractive because modern technology
allows for the potential of presenting too much information to the pilot (Federal Aviation Administration
Flight Deck Automation Working Group, 2013). This information overload has the potential to
overwhelm the pilot, particularly during critical phases of flight. Adaptive interfaces can automatically
present the most-relevant and -critical information to the pilots, de-cluttering the displays.

Researchers have investigated adaptive interfaces in numerous systems (see Karwowski et al., 2006
for a review). One example is the response of a military aircraft's head-up display (HUD) to an unusual
attitude (Newman, 1995). When the pitch and bank limits are exceeded, the HUD automatically deletes
all but the minimum amount of information from the display. This adaptive response is designed to help
pilots recover from the unusual attitude as quickly as possible.
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Many of these adaptive interfaces employ the same triggering methods as adaptive automation to

measure the state of the system, environment, and/or operator (Section 2.1.2). As a result, adaptive

interfaces are often equated with adaptive automation in the literature. However, this is not necessarily the

case. The two are separate concepts that can occur together or separately. For example, it is not adaptive

automation if the display changes but the pilot continues to perform the same tasks. Adaptive automation

can also occur without the display changing. It is important for future research to distinguish between

adaptive interfaces and adaptive automation by describing whether it is the underlying tasks and/or the

display that are changing.

3.3 Associate Systems in Military Aviation

The prior analyses have all focused on commercial aviation because the information is publically

available. Information regarding the current implementation of adaptive automation in military aircraft is

more difficult to obtain. One set of available information details research projects that were undertaken in

the late 1980s and 1990s to develop associate systems for military aircraft and rotorcraft: the Pilot's

Associate (PA) and Rotorcraft Pilot's Associate (RPA) (Banks & Lizza, 1991; Miller et al., 1999; Miller

& Funk, 2001; Smith & Geddes, 2003; Inagaki, 2003; Miller & Dorneich, 2006; Hammer, 2009).

Associate systems are defined as "collections of intelligent aiding systems that, collectively, exhibit the

behavior of a capable human" (Miller et al., 1999, p. 1321). The PA and RPA monitored the environment

for new tasks and then either allocated these new tasks to the pilot or handled them itself based on pre-

approved schemes. These systems also reconfigured the displays based on an estimate of the pilot's

intentions. The PA and RPA were developed and tested in simulations and actual flight vehicles. The

RPA program, for example, concluded with twelve months of flight testing (Robertson, 2000). However,

as far as this author knows, neither associate system has been implemented in operational aircraft (Smith

& Geddes, 2003). Miller & Dorneich (2006) suggest that an associate system was incorporated into the F-

22 Raptor, but detailed and current information was unavailable.

3.4 Conclusion

Much of the existing literature suggests that employing some degree of adaptive automation in a

complex aerospace system could help to keep the operators' workload at a manageable, intermediate

level. This would help to preserve situation awareness and manual flying performance. However, this

chapter has shown that current aerospace systems do not fully implement adaptive automation. The

hierarchical task analysis of 767 approach and landing finds that most of the time pilots must tell the

automation what tasks to perform. This is adaptable automation. The analysis of adaptive systems in

newer commercial aircraft shows that these systems fulfill only part of the definition of adaptive

automation. They fail to be workload balancing and/or do not involve the dynamic re-allocation of tasks.

Finally, while adaptive automation has been developed and tested for military aircraft and rotorcraft in the

form of the Pilot's Associate and Rotorcraft Pilot's Associate, these associate systems have not been

implemented operationally to the best of the author's knowledge.
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Why is it, then, that aircraft manufacturers and airlines have made a deliberate decision to not

leverage the benefits of adaptive automation as described in the literature? It is believed that this is due to

three primary factors: 1) difficulties in fully testing and evaluating adaptive automation, 2) manufacturers'

desire to make the pilot the ultimate authority, and 3) the reluctance of operators to trust adaptive

automation.

The PA and RPA programs demonstrated the difficulty in fully evaluating adaptive automation

systems (Smith & Geddes, 2003). Before adaptive automation is implemented in operational aircraft, it
must be evaluated in all possible scenarios to assess that it is performing correctly and benefitting the
operator. This requires a high-fidelity environment (either a simulation or a physical test vehicle) and a

human test subject or a high-fidelity human performance model. The high-fidelity environment can make

it difficult to repeat suspect automation behaviors and define and collect appropriate operator

performance metrics. Without fully assessing adaptive automation, it will likely not be approved by the

Federal Aviation Administration and other government bodies for implementation in operational systems.

Future research should work to develop physical and virtual test platforms that allow for these

assessments.

As was described in Section 2.1.1, Airbus and Boeing have automation policies that state the pilot is

the ultimate responsibility for system safety (Abbott, 2001). The simplest way to ensure this is to

implement adaptable automation in the cockpit, as has been done. This way, the pilot can quickly take

over when the aircraft or the automation exhibits an unexpected behavior. As the development of adaptive

automation sensors and algorithms advances and they become more predictable, manufacturers can give

the automation a greater share of the decision authority. Even if the automation gains more authority,

manufacturers can keep the ultimate responsibility for system safety with the pilot by implementing a

form of form of shared decision authority such as management by consent or exception (Section 2.1.1).

When the PA and RPA programs were first implemented, the test pilots involved were initially very

hesitant to trust the associate systems (Smith & Geddes, 2003). As Smith and Geddes state, "It was

widely felt by the pilots that no machine could produce anything other than weak or outright silly advice"

(p. 669). With time, the pilots' trust increased and they found the associate systems to be helpful. It is

expected that these issues with user trust will be compounded if adaptive automation is proposed for

commercial aviation. Convincing orders of magnitude more pilots from different cultures and

backgrounds to accept adaptive automation is likely to be difficult. One area of future research that will

help to facilitate pilot acceptance is increasing the sensitivity and specificity of adaptive automation

triggers (Section 6.2.1). As sensitivity and specificity increase, so will the predictability of the adaptive

automation and pilot trust in it.

The remaining chapters of this thesis address one of these barriers to the implementation of adaptive

automation: assessing the impact that dynamic task allocation has on human operators. Chapter 4

experimentally investigates how control mode transitions during simulated lunar landing affect subjects'
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visual attention, primary flying task performance, mental workload, and situation awareness. Chapter 5

develops an integrated human-vehicle model that can be used to simulate these behaviors across control

mode transitions. Future models with a similar structure can allow researchers to perform longitudinal

studies of system performance and discover unexpected emergent behaviors that warrant further human

subject testing in physical test platforms.

3.4.1 Limitations and Future Work

The primary limitation of this chapter is its scope, in that it primarily focuses on commercial

aviation. There may be other aerospace systems - lunar landing, the control of one and multiple UAVs,

air traffic control, and military command and control, for example- that may currently employ some

degree of adaptive automation. Future work should investigate operational procedures and systems in

these domains, as well as adaptive automation-focused research projects similar to the Pilots' Associate

and Rotorcraft Pilots' Associate. If any of these operational systems employ adaptive automation, future

research should seek to clarify the technical and social factors that fostered this implementation. It is also

important for future research to consider the domains that do not feature adaptive automation. In

particular, analyzing adaptive automation research projects that have not moved to implementation can

help to further highlight the challenges and research gaps that still need to be addressed.
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The subjects were told of their mission:

To fly through control mode transitions.

The data desired,

An eye tracker required;

Attention was the acquisition.
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4.0 Pilot Visual Fixations on Flight Displays across Lunar Landing

Mode Transitions

The previous two chapters discuss workload-balancing dynamic task allocation in the form of

adaptive and adaptable automation. While much of the existing literature has focused on investigating and

enabling adaptive automation, operational aerospace systems do not fully implement this concept. This

chapter helps to fill one of the gaps between research and implementation: understanding and evaluating

how operators respond to the re-allocation of tasks. Specifically, this chapter presents the results of an

experimental investigation into how subjects' visual attention, flying performance, mental workload, and

situation awareness changed across control mode transitions in simulated lunar landing. Understanding

how operators respond to dynamic task re-allocations can help to improve the design of automation,

displays, and cockpit procedures so that operators can transition "gracefully" - preserving performance

and situation awareness while minimizing workload (Hainley et al., 2013).

4.1 Background

An operator's visual attention in the cockpit is driven by both bottom-up and top-down processes

(Wickens et al., 2003). From the bottom-up, the likelihood of fixating on a particular instrument increases

as its salience (e.g. color and luminance relative to the surrounding instruments) increases and the

distance between it and other instruments decreases. Top-down factors include the expected frequency of

events involving a particular instrument (called the "expectancy"), and the value of that information to the

current task structure. The expectancy of information is analogous to the instrument's bandwidth - how

frequently it needs to be sampled - which is a function of how quickly it is changing. Experience is

another top-down factor that influences the operator's strategy for visually scanning the instruments

(Bellenkes et al., 1997; Hayashi, 2003; Huemer et al., 2005). Bellenkes et al. (1997) hypothesized that

experts have different scan patterns than novices because they are better at extracting information from

displays, constructing a mental model of the vehicle behavior, and changing their scan pattern when the

situation dictates.

A change in the phase of flight, a failure, or a control mode transition may all modify the tasks

performed by the operator. In response, operators must re-allocate their limited capacity of attention

resources (Wickens, 1980; Wickens & Hollands, 2000). Visual attention becomes the major constraint

when the level of automation decreases across a mode transition and the operator gains more tasks

perform. If the cumulative task workload increases to a level where there are insufficient attention

resources for all tasks, operators must shed attention on lower-priority tasks in favor of higher-priority

ones. If the sampling frequency of an instrument decreases below the minimum required for satisfactory

performance, given the process bandwidth and the duration of the task, performance will obviously

decrease. However, there will be other effects. As the time between fixations increases, the uncertainty in
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the operator's estimate of these vehicle states also increases. This is noted as a decrease in the operator's

situation awareness of these states. In order to retain good situation awareness of the high-priority tasks,
the operator has been forced to reduce attention, and therefore situation awareness, on the lower-priority

tasks.

Mental workload is the amount of cognitive resources required to perform a set of particular tasks

(O'Donnell & Eggemeier, 1986). It can be measured by asking the operator to give subjective

assessments using rating scales, by taking physiological measurements that correspond to cognitive effort,

or by measuring the decrement in performance on a primary or secondary task (see Section 2.1.2 and

Cain, 2007 for reviews). Secondary task measures are more sensitive to workload changes when both the

primary and secondary tasks compete for the same sensory resources (Wickens, 1980; Wickens &

Hollands, 2000). When the primary task requires more attention than is currently unused, attention must

be taken from the secondary task. If attention on the secondary task is reduced below the minimum

required for satisfactory performance, there will be a measurable effect. The experiment described in this

chapter employed an embedded two-choice secondary task - requiring the subject to extinguish a cockpit

light (the "comm light") as the acknowledgement of receipt of a data communication - to infer cognitive

workload while preserving face validity (Lowenthal, 2012; Hainley et al., 2013; Kaderka, 2014).

Situation awareness may be measured with subjective rating scales employed by the operator (e.g.,

Situation Awareness Rating Technique, SART (Taylor, 1990)) or by experts (e.g., SALSA (Hauss &

Eyferth, 2003)). More often, objective techniques are used that assess the operator's answer to questions

about the system state while the simulation continues (e.g., Situation Present Assessment Method, SPAM

(Durso et al., 1995)) or is frozen and blanked (e.g., Situation Awareness Global Assessment Technique,
SAGAT (Endsley, 1988)). There is concern that these techniques are intrusive and distracting, and that

they test memory rather than situation awareness. The experiment described in this chapter assesses

situation awareness using a tertiary task developed by Hainley et al. (2013) - making verbal call-outs of

the vehicle state at pre-determined intervals. Situation awareness is assumed to increase as the number of

missed call-outs decreases, and vice versa. This technique provides an unintrusive real-time measure of

situation awareness with high face validity, and has been used in other prior experiments (Kaderka, 2014).

Hainley et al. (2013), which was supported by the same project as this thesis, performed a similar

experiment and found that manual control reversions increased subjects' mental workload and decreased

the measure of situation awareness in proportion to the number of manually-controlled vehicle axes

during simulated lunar landings. However, this experiment did not measure visual fixations or ask

subjects to perform control mode transitions from low->high levels of automation. This experiment closes

both of these research gaps.
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4.2 Methodology

4.2.1 Lunar Landing Simulator Displays

The lunar landing simulator display was located across two computer screens separated by a 1.4 in
(3.6 cm) gap (Figure 4). The primary flight display (PFD) was shown on the left screen and the horizontal

situation display (HSD) was shown on the right screen. The center of the displays was located
approximately 2 ft (61 cm) from the subjects' eyes.

The PFD depicted the vehicle roll and pitch in multiple ways: the brown/blue terrain/sky horizon, the
pitch ladder, and the roll indicator. The yellow "waterline" indicator represented the simulated vehicle's
current pitch and roll state, and the magenta needles served as an attitude flight director indicating the
attitude required to converge with the optimal reference trajectory. This trajectory brought the vehicle to a
hover 150 ft (46 m) above the selected landing aim point (LAP) (Bilimoria, 2009; Stimpson, 2011;
Hainley et al., 2013). The PFD displayed the vehicle's remaining fuel, altitude, and rate-of-descent (RoD)
through analog and digital displays, as shown in Figure 4. A RoD reference trajectory was indicated with

a magenta fly-to triangle on that instrument. The pre- and post-transition control modes were displayed
above the attitude and altitude indicators, with the current mode highlighted.

The vehicle position was represented on the HSD by the stationary white crosshairs over the moving
digital elevation map (DEM). Pictures of the DEMs used in the experiment can be seen in Appendix A.
The shades of grey and contour lines on the DEM indicated lunar terrain of different altitudes. Subjects
were told the red square symbolized a prior radar "scan area," on which hazards and LAPs had been

identified. Subjects could overfly the red hazard areas but not land in them. All trials began targeting the
center of the scan area as the LAP. In some trials, the LAP was automatically redesignated to one of the
alternate LAPs (marked with cyan circles on the HSD).

The comm light - a small, rectangular box containing two circular lights - was located in the

bottom-right corner of the HSD. When either of these lights illuminated, subjects responded and the speed
and reliability of their responses provided a measure of their mental workload. This procedure is

described in detail in Section 4.2.4.

Five areas of interest (AOIs) were identified around the fuel indicator, attitude indicator, altitude

indicator, RoD indicator, and comm light. Each task accomplished by the operator was assumed to require

foveal vision: errors between the actual and flight director specified attitude and RoD were not

identifiable in peripheral vision unless they were very large, the fuel and altitude call-out tasks required

the subjects to read the respective instruments, and the comm light illuminated with blue and green colors

that were very close to the turquoise background color of this instrument. The size of foveal vision is

approximately 2* visual angle, and so each AOI encompassed 1* visual angle margin around the

instrument, as based on the reference position of subjects' heads. All instruments were separated by at

least 20 visual angle to ensure that the AOIs did not overlap.
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Fuel Attitude Altitude Rate-of-descent Comm Light

Figure 4. Lunar landing simulator displays (Stimpson, 2011). The black bar in the middle represents the gap between two separate

computer screens, with the primary flight display on the left screen and the horizontal situation display on the right screen. The

regions highlighted in yellow are the areas of interest for the five instruments involved in the experimental tasks.



In this thesis, the attitude and RoD indicators are referred to as the "flight instruments" because the

subjects used them for the manual control flying tasks. The other instruments - the comm light, fuel

indicator, and altitude indicator - are referred to as the "secondary instruments." This is because they

were not required for the flying task, which subjects were told was their primary responsibility.

4.2.2 Lunar Landing Simulator Controls, Dynamics, and Initial Conditions

The experimental scenario was designed to replicate the landing phase of the Apollo mission design.

Each trial began at an altitude of 820 ft (250 m) above the lunar surface, 2800 ft (945 m) downrange of
the initial landing aim point (LAP) located in the center of the scan area. The vehicle was pitched up 180,
with a horizontal offset of 200 ft ( 61 m) cross-range from the initial LAP. The forward velocity was
94 ft/s (29 m/s), and the descent rate was -16 ft/s (-5 m/s). These initial conditions required control inputs
immediately after the trial began in order to match the current vehicle attitude and RoD to the guidance

trajectory.

The vehicle dynamics approximated the Apollo lunar module dynamics as detailed by Bilimoria

(2009). Attitude inputs made to the right-hand rotational hand controller (RHC) were rate

command/attitude hold, which was used in the Apollo lunar module (Duda et al., 2009). This meant that

subjects could maintain a specified attitude without having to maintain a constant deflection of the RHC.

When the RHC was returned to the neutral position, the attitude control computer would maintain the
vehicle attitude until the next control input. The maximum angular rate, corresponding to full deflection

of the RHC, was 8.57*/s in pitch and 9.68*/s in roll. There was a l s delay until this maximum angular

rate was achieved, with the exact value depending on the joystick deflection (Appendix E). The RoD was

commanded in 1 ft/s ( 0.3 m/s) increments by a throttle button located under the subject's left index

finger. The actual RoD lagged behind the commanded RoD with a time constant2 of ~1 s. The vehicle

could be operated in three distinct control modes: 1) Two-axis (pitch and roll) and rate-of-descent manual

control (TA+RoD), 2) Two-axis manual control with automatic rate-of-descent control (TA), and 3)
Automatic control of attitude and rate-of-descent (Auto). The difficulty of performing the required

experimental tasks in a particular control mode was proportional to the number of manually-controlled

loops.

4.2.3 Recording Visual Attention

Subjects' visual fixations were recorded using an eye tracker (Tobii Model x50; Stockholm, Sweden)

mounted beneath the two simulator displays. The positioning of the tracker camera beneath the simulator

displays allowed for gaze angles up to 40 visual angle above, left, and right of the camera (Tobii

Technology, 2006). This encompassed all instruments on the display. Subjects were not required to keep

their head fixed in space. Subjects' chairs were repositioned so their eyes were 2 ft (61 cm) from the eye

2 The time for the actual RoD to reach 63.2% of the commanded value.
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tracker and centered within the camera's range of vision. In this position, subjects were still able to

comfortably reach the simulator controls.

Gaze position relative to the screen was almost always sampled at a rate of 50 Hz (Tobii

Technology, 2006). If the eye tracker lost track of a subject's eyes due to rapid head or eye movements,

the sampling rate would temporarily drop to a minimum of 10 Hz. Consecutive gaze points that occurred

within a 50-pixel diameter - which corresponds to 2* visual angle, the size of foveal vision - for >100 ms

were grouped together as a single fixation. The selection of this fixation duration was based on prior

literature (Manor and Gordon, 2003; Blignaut, 2009). The x50 eye tracker specified accuracy of 10 across

large head movements and over long periods of time (Tobii Technology, 2006).

At the beginning of each trial, subjects performed the x50 eye tracker's native 9-point calibration

routine. This calibration left substantial, yet consistent, errors and so a secondary calibration was

developed and applied to all fixations. Subjects fixated on each of the 9 calibration points five times, and

the average horizontal and vertical errors about each point were determined. These nine "corrections"

were applied post-hoc to each subsequent fixation, weighted by the inverse square distance between the

fixation and the particular calibration point. After both calibrations, subjects performed a validation

procedure. They looked at instruments on the display repeatedly, and the data was inspected to make sure

the fixations fell within the area of interest (AOI) they were actually looking at. All subjects satisfied this

validation step and proceeded to the training and collection of data. Another validation procedure was

performed after the data-collection trials to ensure that any drift in the eye tracker measurements was

minimal. All subjects satisfied this post-experiment validation requirement.

4.2.4 Subjects and Experimental Protocol

Twelve volunteer subjects (7 males, 5 females; average age 23.8 1 (mean standard error,

throughout unless noted) participated in the study. All subjects completed the full experiment and were

compensated for their time. Three subjects wore contact lenses for vision correction, but this did not

impede visual fixation data collection. Seven subjects had no experience with any flight simulator, four

had some experience, and one held a private pilot's license with instrument ground school training. The

experimental protocol was approved by the Massachusetts Institute of Technology Committee on the Use

of Humans as Experimental Subjects. Further details about the subject demographics can be seen in

Appendix A.

Each experimental trial began in one of the three control modes with the automated guidance

targeted on the center of the scan area as the landing aim point (LAP). After 20 seconds a tone cued

subjects to press a button, manually accepting a transition to one of the other two control modes. Subjects

were told what the beginning and ending control mode of each trial would be before the trial began.

Furthermore, the modes were displayed during the trial on a mode annunciator panel at the top of the

primary flight display. There were six possible mode transitions (MTs), as seen in Table 1. In half of the

trials, there was a landing point redesignation (LPR) in which the automated guidance changed the LAP.
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The approach trajectory to this new LAP was also updated, which caused a step-change in the flight

director guidance error. The agent flying - the subject or the autopilot - was required to nullify this error.

For trials beginning in autopilot, or those beginning in manual control where subjects closely followed the

reference trajectory, the average magnitude of this step-change in guidance was 6.2 0.04* in pitch and

7.0 0.03* in roll. Further details about the experimental test matrices can be seen in Appendix A.

Table 1. Subjects experienced six different control mode transitions during the simulated lunar
landing experiment. It was expected that Mode Transitions 1-3 involved changing to a harder task,

whereas the flying task became easier across Mode Transitions 4-6.

Direction of Mode Starting Ending Change in # of
Change in LoA Transition Mode Mode Manual Control Loops

1 TA Auto -2

Low- High 2 TA+RoD -* Auto -3

3 TA+RoD -> TA -1

4 Auto -> TA 2

High--*Low 5 Auto TA+RoD 3

6 TA -* TA+RoD 1

In some trials, a system failure was introduced after >50 s of elapsed trial time. The trial ended when

subjects correctly detected and diagnosed the failure. If the trial did not present a failure or if the subject

did not detect the failure present, the trial ended after 80 s. This chapter focuses on subject behavior

across the mode transitions, and not during failure detection and diagnosis. As a result, the data analysis

considers only the first 50 s of each trial. For the analysis of subject failure detection and diagnosis, please

refer to Kaderka (2014).

Mental workload and situation awareness were assessed with the same procedures used by Hainley

et al. (2013). A two-choice visual secondary task was used to measure subject mental workload

throughout each trial. At regular intervals, one of the circles on the comm light illuminated blue (always

the left circle) or green (always the right) at a random time within the first 2 s of a 6-s window. Subjects

were instructed to respond by pressing the corresponding left or right button on the rotational hand

controller. The light extinguished when the subject responded with the correct button or after the 6-s

window ended. The comm indicator illuminated 11 times in each trial, 8 of which were within the first

50 s of the trial.

Verbal call-outs of the vehicle's altitude, fuel remaining, and scan area landmarks at pre-determined

intervals were used as a tertiary task to measure situation awareness. Subjects were told to report altitude

every 100 ft (30.5 m) down to 500 ft (152 m), and at 50-ft (1 5-m) intervals thereafter. Fuel remaining was

to be reported in 5% increments. Lastly, three scan-area landmarks were to be reported: 1) when the scan

area came into view on the HSD, 2) when the selected LAP came into view on the HSD, and 3) when the
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vehicle crossed over the edge of the scan area. Subjects were trained on the call-outs before the data

collection trials began, and a placard was placed beside the displays to remind them of the call-outs

during the trials. If subjects kept on the reference trajectory, there were 16 call-outs (8 altitude, 5 fuel, and

3 landmark) spread throughout the trial, with 10 (6 altitude, 4 fuel) in the first 50 s. The average time

between consecutive call-outs of the same type in the first 50 s was 7.1 0.03 s for the altitude call-outs

and 12.7 0.02 s for the fuel call-outs. Call-outs were scored as correct if they were verbalized within

1-2 s of their actual occurrence, as judged by the experimenter.

After the initial calibration trials described in Section 4.2.3, subjects were given standardized

training to familiarize them with the simulator displays, controls, and tasks. They were explicitly

instructed to give the flying task (control of the vehicle attitude and RoD) the highest priority, and to give

the comm light response task a higher priority than the situation awareness call-outs. They were not told

to prioritize one type of call-out over another. Subjects flew between 25-33 training trials until they felt

comfortable and their performance on the experimental tasks had reached a satisfactory level (as judged

by the experimenter). This was followed by two blocks of 18 data collection trials separated by a short

break.

4.2.5 Experimental Design and Data Analysis

This experiment used a repeated-measures within-subjects design. There were two inter-trial

independent variables: the 6 mode transitions (MTs) depicted in Table 1 and 2 levels of landing point

redesignation (LPR), yes and no. Each of the 12 factor-level combinations of these two variables was

repeated 3 times for a total of 36 trials. Trial order was pseudo-randomized so that the same ending

control mode was not repeated in consecutive trials and the ages of the mode transitions within the

experiment were approximately equal. The digital elevation map (3 different maps seen in Appendix A)
and failure time window (3 levels: 50-55, 55-60, and 60-65 s after the MT) were randomized into the

design using a Graeco-Latin square.

Each trial was divided into 6-second windows outward from the mode transition (Figure 5). The

windows were then grouped into three phases: pre-, during-, and post-MT. As is stated later, the

characteristics of the during-MT window set the 6-s window length across the trial. The beginning and

ending time of each phase, and the number of 6-s windows in each phase (2 pre-MT, 1 during-MT, and 4

post-MT) can be seen in Figure 5. The pre-MT phase did not extend to the beginning of the trial to omit

subjects' scan patterns during the time they spent nulling the initial flight director guidance errors. The

during-MT phase lasted 6 seconds, because subjects spent this amount of time nulling the flight director

guidance errors that occurred with an LPR. Furthermore, this phase contained the first comm light

response, fuel call-out, and altitude call-out after the MT in nearly all trials (Comm Light: 97.2% of trials,
Fuel: 98.8%, Altitude: 99.8%). Table 2 details the number of comm light illuminations and call-outs in

each phase. The post-MT phase ended 30 s after the MT, which was the time of the earliest failure in any

trial.
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Figure 5. Each 50 s trial was partitioned into three phases based on the time of the mode transition.

Table 2. Number of comm light illuminations and call-outs in each phase.

Phase
Measurement Pre-MT During-MT Post-MT Total

Comm Light Illuminations 3 1 4 8
Altitude Call-outs 2 1 3 6

Fuel Call-outs 1 1 2 4

The analyses focused on the five instruments indicated in Figure 4: the two "flight instruments" (the

attitude and RoD indicators) and three "secondary instruments" (the comm light, fuel indicator, and

altitude indicator). Three metrics quantified subjects' visual attention on each instrument in each 6-s

window. First, the percent of time spent on an instrument directly indicated how much attention subjects

allocated to it. As a result, this metric, referred to as the "percent of attention," was the primary focus of

the analyses. The two other metrics of attention - the number of fixations and the average dwell duration

in each 6-s window - provided additional information about how subjects allocated their attention to a

specific instrument.

Secondary task performance was quantified by two metrics: 1) the percent of correct comm light

responses 3, and 2) for the correct responses, the time interval that elapsed between the illumination of the

comm light and the response. Tertiary task performance was quantified by the percent of successful

call-outs (call-outs verbalized within 1-2 s of their actual occurrence, as judged by the experimenter).

The visual fixation data was processed in MATLAB (MathWorks; Natick, MA) in preparation for

analysis. These procedures involved applying the secondary calibration, identifying the area of interest

(AOI) for each fixation, and grouping fixations into 6-s windows. If multiple consecutive fixations

appeared on the same AOI, they were counted together as one longer fixation. This was done because it

was assumed that subjects did not change the task they were performing if they looked at a different area

3 An incorrect response occurred when the subject responded to the comm light while it was illuminated, but
pushed the wrong color button. However, this occurred <1% of the time. Most of the time, subjects either responded
correctly or missed the comm light completely.
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of same AOL. Performance data on the comm light response task and call-outs was also processed in

MATLAB. Thirty-three trials (7.6% of the data) were removed across all subjects due to insufficient eye

tracker data, abnormal behaviors that were observed during the experiment (e.g. forgetting to control the

RoD in TA+RoD), or flying performance that was an extreme outlier (beyond 3 times the interquartile

range) from the subject's normal performance. Two subjects had no trials removed, and each of the other

subjects had 56 trials removed. Statistical analyses on the remaining 399 trials were performed using

SYSTAT (Systat Software; Chicago, IL). In all analyses significance was determined at a level of a=0.05.

Post-hoc pairwise comparisons were Bonferroni-corrected.

Before statistical analyses were performed, the flying performance (mean square error between the

actual and guidance-prescribed pitch, roll, and RoD) data was inspected for learning effects. Friedman

tests were performed to see if subjects' steady-state mean square flying error (in the period 40-50 s after

the trial commencement) decreased with later repetitions of the same experimental condition. No

consistent trends were found across experimental conditions, which meant that subjects were sufficiently

trained before the data-collection trials and their performance had plateaued. As a result, it was not

necessary to include trial number in further analyses.

4.3 Hypotheses

4.3.1 Attention across Mode Transitions

As was stated in Section 4.1, subjects had a limited capacity of visual attention resources to allocate

among all instruments in the display. Whenever workload increased to a level where there were

insufficient resources for all tasks, subjects would need to sacrifice attention on lower-priority tasks in

favor of higher-priority tasks. Controlling the attitude of the vehicle by nulling the flight director errors

was a complex task that required frequent control inputs and attention from the subjects. As a result, it

was expected that adding the primary flying task on top of the secondary and tertiary tasks would exceed

their attention capacity. It was hypothesized that when transitioning from Auto to TA, subjects would

decrease attention on the secondary instruments in order to increase attention on the flight instruments.

This was expected to occur even without the presence of an LPR, an event that required additional

attention on the attitude indicator immediately after the mode transition.

Hypothesis 1: Subjects would increase attention on the attitude indicator and decrease

attention on the fuel indicator, altitude indicator, and/or comm light across Auto -- TA mode

transitions without an LPR.

Mode transitions between TA and TA+RoD in both directions were the focus of Hypothesis 2. Since

flying the vehicle was the primary task, subjects were expected to give the attitude indicator enough

attention for satisfactory control before and after these mode transitions. Any attention re-allocated to the

RoD indicator across TA-+TA+RoD mode transitions should have been taken from the secondary
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instruments. Similarly, any attention removed from the RoD after TA+RoD-+TA mode transitions should
have been re-allocated to the secondary instruments. As with Hypothesis 1, these behaviors were expected
to occur even when there was no LPR.

e Hypothesis 2.a: Subjects would not increase or decrease attention on the attitude

indicator across TA -+TA+RoD or TA+RoD-+TA mode transitions without an LPR.

* Hypothesis 2.b: Subjects would decrease attention on the fuel indicator, altitude

indicator, and/or comm light across TA -*TA+RoD mode transitions without an LPR.

* Hypothesis 2.c: Subjects would increase attention on the fuel indicator, altitude

indicator, and/or comm light across T A+RoD -*TA mode transitions without an LPR.

Hypotheses 1 and 2 are summarized in Table 3.

Table 3. Hypothesized changes in the percent of attention on instruments across particular mode
transitions without an LPR.

Change in attention across the MT

Mode Transition Attitude Indicator RoD Indicator Secondary Instruments
(Comm, Altitude, Fuel)

Auto-+TA

TA-*TA+RoD t
TA+RoD-*TA

4.3.2 Transient Effects after Mode Transitions

The previous hypotheses addressed expected changes in subjects' visual scan patterns before and
after a particular mode transition. The following hypotheses investigated how quickly subjects assumed
these scan patterns after a mode transition, and if these scan patterns were constant throughout the post-
MT phase.

It was expected that the presence of an LPR would cause transient effects in subjects' post-MT scan
patterns. An LPR caused a step-change in the flight director guidance error, which subjects nulled when
transitioning to a manual mode (TA or TA+RoD). This required subjects to temporarily allocate more

attention to the attitude indicator. Since it was expected that subjects would already be working at their

attention capacity in these manual control modes (per Hypothesis 1), they would not be able to increase

attention on the attitude indicator without cost to their performance elsewhere. They would need to re-
allocate attention away from the secondary instruments. Once the flight director guidance error was
nulled, subjects would be able to decrease attention on the attitude indicator and increase attention on the
attitude indicator, returning to their steady-state post-MT scan pattern. Without the presence of an LPR,

subjects would be able to begin their steady-state scan pattern immediately after the mode transition.
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* Hypothesis 3.a: When transitioning to a manual mode with an LPR, attention on the attitude

indicator would temporarily increase immediately after the mode transition, and then

decrease again in later windows.

* Hypothesis 3.b: When transitioning to a manual mode with an LPR, attention on the fuel

indicator, altitude indicator, and/or comm light would temporarily decrease immediately

after the mode transition, and then increase again in later windows.

* Hypothesis 3.c: When transitioning to a manual mode without an LPR, attention on the

attitude indicator and the fuel indicator, altitude indicator, and/or comm would be constant

across all windows after the mode transition.

4.4 Results

4.4.1 Mode Transitions from Auto -+TA

The first hypothesis predicted how subjects would re-allocate attention across Auto-+TA mode

transitions without an LPR. To test these claims, four mixed-model ANOVAs were constructed, one each

for the attitude indicator, fuel indicator, altitude indicator, and comm light. The RoD indicator was not

analyzed because it was not needed for either control mode. Each of these ANOVAs used the percent of

attention on an instrument as the dependent variable, the subject as a random factor, and the phase (pre-,

during, or post-MT) as a fixed factor. To satisfy assumptions about the normality and homoscedasticity of

the ANOVA residuals, the percents of attention were transformed by the square root before being

analyzed. Furthermore, windows with no attention on the particular instrument were excluded. When

there were significant main effects (a=0.05), pairwise comparisons were conducted to see which phases

differed. These pairwise comparisons were Bonferroni corrected within each ANOVA.

Figure 6 shows the data used in this Auto-+TA analysis. The figure is a way of graphically

characterizing the subjects' "visual attention budget" for each instrument by experimental phase. Similar

figures, for each of the other mode transitions with and without an LPR, can be found in Appendix B.

Included are the five instruments shown in Figure 4, as well as a group containing all other instruments in

the simulator. Also included is the amount of attention "overhead" - the percent of time that subjects were

not looking at any instrument. During this overhead time, subjects may have been moving their eyes from

one instrument to another, looking at a space on the display outside of an instrument, or looking away

from the screen. A mixed-model ANOVA (with the same factors and transformations as described in the

preceding paragraph) finds no significant difference in the amount of overhead between phases

(F(2,178)=0.95, p=0.39). This suggests that subjects did not change the total amount of attention on the

instruments; instead, they re-partitioned it among the instruments.
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Figure 6. Percent of attention on each instrument by phase during Auto->TA mode transitions
without a landing point redesignation. The instruments are listed in the legend in the same order as
they appear in each stacked bar. Significant differences (a=0.05) were found between the pre-MT
phase and each of the other two phases for the attitude indicator, comm light, and fuel indicator

(marked with *).

Figure 7 shows the change in the percent of attention from the pre-MT phase to the during- and post-

MT phases. There was a significant main effect of phase on the percent of attention on all instruments

except the altitude indicator. (Attitude: F(2,238)=44.4, p<0.0005; Comm light: F(2,214)=18.6, p<0.0005;

Altitude: F(2,230)=2.82, p=0.062; Fuel: F(2,185)=13.5, p<0.0005). Pairwise comparisons (indicated by

the * symbols on Figure 7) showed that the percent of attention on the attitude indicator significantly

increased across the Auto-+TA mode transition. At the same time, the percents of attention on the fuel

indicator and comm light significantly decreased across the mode transition. These findings supported

Hypothesis 1.

It is surprising that subjects significantly decreased attention on the fuel and comm indicators but not

the altitude indicator. Subjects were explicitly told during training that responding to the comm light was

their secondary task, and that altitude and fuel call-outs were their tertiary task (with no priority specified

between these two). So, why did subjects sacrifice attention on the secondary task before the tertiary task?

And, why did subjects choose to sacrifice attention on the fuel indicator but not the altitude indicator?
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Figure 7. Change in percent of attention from the pre-MT phase to the phase noted on the x-axis,

Auto->TA mode transitions without a landing point redesignation. Error bars indicate standard

error. Significant differences (a=0.05) were found between the pre-MT phase and each of the other

two phases for the attitude indicator, comm light, and fuel indicator (marked with *).

To answer these questions it is necessary to first see if the changes in attention on the comm light

and fuel indicator corresponded to significant changes in the secondary and tertiary task performance. If

attention changed across the Auto->TA mode transitions without significant changes in performance, it

suggests that these instruments were oversampled during the Auto control mode.

As Figure 8 shows, the fuel call-out performance did significantly degrade over the mode transition

(Friedman test for main effect of phase: p=0.003). In fact, performance on the fuel call-out during the

mode transition was the worst across subjects. Subjects improved post-MT, but still consistently

performed worse than during the pre-MT Auto mode. It is important to note that the numbers of call-outs

that occurred in each phase were similar to one another but not identical (Table 2). Even so, averaging

call-outs by phase does not grossly change the results.
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Figure 8. Performance on the fuel call-out decreased during the Auto-+TA mode transition and
then recovered, but not to the pre-MT performance. Error bars indicate standard error. Significant

differences (a=0.05) between phases were found for the fuel indicator, and are marked with *.

Subjects may have chosen to shed the fuel call-out instead of the altitude call-out for two reasons:

their timing and their location on the display. On the nominal trajectory fuel call-outs occurred

approximately every 12.7 0.02 s, while the altitude callouts occurred approximately twice as often -

every 7.1 0.03 s. It is likely that subjects gave priority to the call-outs that need to be made more

frequently. This is consistent with the notion of expectancy, one of the top-down processes that influences

attention allocation as described in Section 4.1.

The fuel and altitude indicators were also placed differently on the display. The altitude indicator

was located in the middle of the combined display, near the instruments required for the flying task (8'

visual angle separation between the altitude and attitude indicators, 40 visual angle separation between the

altitude and RoD indicators). The fuel indicator was located on the left side of the display, set apart from

the other instruments (90 visual angle separation between the fuel and attitude indicators, 180 visual angle

separation between the fuel and RoD indicators). Therefore, it required relatively more effort for the

subjects to move their eyes to the fuel than to the altitude indicator. This is in line with models of

attention that have suggested the attention allocated to an instrument is inversely proportional to the

relative distance one's eyes must be moved to fixate on it (Section 4.1).
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Unlike the fuel call-outs, the comm light performance did not significantly change over Auto-+TA

mode transitions without an LPR (Friedman test, p=0. 12) although the average response time increased

slightly over the phases (Figure 9).

1.9 H
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1.6-

1.5-

1.4-

1.3
+

Pre-MT During MT
Phase

+

Post-MT

Figure 9. Response time to correctly identified comm lights responses increased slightly, but not
significantly, across the Auto-+TA mode transition. Error bars indicate standard error.

Subjects were not responsible for the flying task in Auto; therefore, during this phase the comm light

response task became the primary task. This may explain why subjects allocated more attention to the

comm light than was necessary for satisfactory performance. After transitioning to TA, they were able to

sacrifice the "extra" attention without a significant effect on response time. The location of the comm

light may have also helped to encourage this re-allocation. Like the fuel indicator, the comm light was

located off to the far side of the display (270 visual angle separation between comm light and altitude

indicator). As such, it required a comparatively large effort to fixate on it.

This analysis shows that subjects increased and decreased their attention on certain instruments in

systematic, largely predictable ways, but it does not indicate the manner in which these changes occurred.

Subjects may have increased or decreased the number of fixations on an instrument, the dwell duration, or

both. Figure 10 shows the number of fixations/window (on the y-axis) and the dwell duration (indicated

by the size of the data points) for the Auto->TA mode transition without an LPR. Similar figures, for all

MTs with and without an LPR, can be found in Appendix B.
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Figure 10. The number of fixations/window (y-axis) and the dwell duration (size of data point)
across Auto-.TA mode transitions. Error bars indicate standard error. Significant differences

(a=0.05) in the number of fixations between phases are marked with *. Significant differences in the
dwell duration between phases are marked with t.

Mixed-model ANOVAs were performed to test whether the number of fixations/window and dwell

durations significantly changed across this mode transition for any instruments. Like the ANOVAs for the

percent of attention, these ANOVAs used phase as a fixed factor and subject as a random factor. In order

to make the residuals satisfy the Fisher criteria, the numbers of fixations were averaged together across

trials for each subject and phase before analysis, and the dwell durations were transformed by the natural

log. Significant main effects of phase were found for the number of fixations on the attitude and fuel

indicators (Attitude: F(2,94)=27.8, p<0.0005; Comm light: (2,94)=1.17, p=0.31; Altitude: (2,94)=0.10;

p=0.90; Fuel(2,22)=12.2; p<0.0005) and for the dwell duration on the attitude indicator, comm light, and

fuel indicator (Attitude: F(2,226)=7.77, p=0.0005; Comm light: F(2,210)=11.1, p <0.0005; Altitude:

F(2,227)=1.89, p=0.15; Fuel: F(2,180)=8.18, p<0.005).

While there were statistically significant differences in the number of fixations/window and dwell

duration on the fuel indicator, they were not substantial (<1 fixation and <100 ms dwell duration). This

highlights the advantage of analyzing the attention budget: insignificant changes in the number of

fixations and dwell duration can combine to produce a significant change in the attention budget (Figure

7) and task performance (Figure 8). Unlike the fuel indicator, the statistically significant differences for
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the attitude indicator and comm light were substantial. The fact that the dwell duration on the comm light

decreased without a significant change in the number of fixations suggests that subjects dwelled on the

comm light longer than was required for satisfactory performance. When subjects transitioned to TA, they

could reduce this dwell duration without a significant change in performance. Finally, the significant

increase in the number of fixations and the average dwell duration on the attitude indicator makes sense:

the manual control task obviously requires more frequent attention (to make sure that the guidance errors

never grow too large) and longer dwells (to make the necessary control inputs).

4.4.2 Mode Transitions between TA and TA+RoD

Hypothesis 2 predicted how subjects would re-allocate their attention across mode transitions

between TA and TA+RoD without an LPR. As with the analyses for Auto-+TA mode transitions,
separate mixed-model ANOVAs were conducted for each mode transition and instrument. The percent of

attention was the dependent variable (transformed by the square root, windows with no attention on an

instrument removed), and subject and phase were random and fixed factors, respectively. Because the

subject controlled the RoD before or after these two mode transitions, it was included in the analyses. The

percent of attention spent on attention "overhead" was also analyzed to see if subjects changed the

amount of overhead or if they just re-allocated attention among the instruments.

Figure 11 shows the results of the analyses. For mode transitions from TA->TA+RoD there was a

significant main effect of phase for the flight instruments (Attitude: F(2,210)=27.6, p<0.0005; RoD:

F(2,145)=1 1.9, p<0.0005), but not the secondary instruments (Comm light: F(2,187)=0.24, p=0.79 ;

Altitude: F(2,192)=0.58, p=0.56; Fuel: F(2,139)=0.33, p=0.72) or overhead (F(2,157)=0.37, p=0.69).

Bonferroni-corrected pairwise comparisons for the attitude and RoD indicators found that attention on the

RoD indicator significantly increased across the mode transition (pre-MT compared to during- and post-

MT). Contrary to Hypothesis 2.a., subjects unexpectedly re-allocated attention away from the attitude

indicator across the mode transition. They chose to reduce attention on the primary instrument rather than

on the secondary and tertiary instruments.

In the analysis of TA+RoD-TA mode transitions there was a significant main effect of phase on the

percent of attention for all instruments except the comm light and the attention overhead (Attitude:

F(2,192)=7.44, p=0.0008; RoD: F(2,181)=6.29, p=0.002; Comm light: F(2,152)=2.39, p=0.095; Altitude:

F(2,110)=32.6, p<0.0005; Fuel: F(2,209)=8.79, p<0.0005; Overhead: F(2,150)=3.58, p=0.03). While the

change in overhead was statistically significant, it was insubstantial, only -3.6%. As expected, attention

on the RoD indicator decreased across the mode transition while attention on the altitude and fuel

indicators increased. Figure 12 shows that the increased attention on the altitude and fuel call-outs lead to

improved call-out performance across the mode transition. However, the effect was significant (per

Friedman tests as in Section 4.4.1) only for the altitude call-outs (Altitude: p=0.0006; Fuel: p=O. 13). Once

again, contrary to Hypothesis 2.b., subjects' attention on the attitude indicator significantly decreased

across the TA+RoD->TA mode transition.
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These analyses support Hypothesis 2.c., but reject 2.a. and 2.b. Subjects decreased attention on the

attitude indicator across both TA->TA+RoD and TA+RoD->TA mode transitions. In retrospect, this

behavior may have occurred because the rate-of-change of the attitude and RoD guidance reference

trajectories was not constant over the trial. At the beginning of each trial, the reference trajectory directed

the subjects to pitch the vehicle from 450 to ~7* in 20 s. This corresponded to a high reference trajectory

rate-of-change, as is shown in Figure 13. With a high reference trajectory rate-of-change, the error

between the guidance-prescribed and actual attitude grew quickly when a subject was not making control

inputs. In order to keep this error low, the subject needed to make frequent control inputs, which required

frequent fixations on the attitude indicator. The experimental data shows that there were 0.75 s between

fixations on the attitude indicator in the first 10 s of a trial. After the mode transition at 20 s, the reference

trajectory was flatter. The guidance error did not grow as fast, and subjects did not have to make control

inputs and fixations on the attitude indicator as frequently. This is reflected in the experimental data: at

the end of the trial (40-50 s after the trail beginning) there were 1.5 s between fixations on the attitude

indicator. This reduction in the attention required on the attitude indicator meant that subjects were

arguably freer to re-allocate attention to other instruments. Although subjects performed the flying task

before and after the mode transition, in retrospect it was realized the nature of the flying task - and

therefore the attention allocated to the attitude indicator - was arguably somewhat different.

2-

CM

-6-

0

C
43 -8

9Pitch

2 4 6 8 10 12 14 16 18 20
Trial Time (s)

Figure 13. The pitch and roll reference trajectory rates-of-change throughout an example trial in
Auto, with no mode transition or landing point redesignation.

4.4.3 Transient Effects after Mode Transitions

The third set of hypotheses asserted that that attention on the attitude indicator, fuel indicator,

altitude indicator, and comm light would have a constant, steady-state value after transitions to manual

control modes that lacked an LPR. Conversely, transitions to manual control modes accompanied by an
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LPR would have required a temporary increase in attention on the attitude indicator and corresponding

decrease in attention on the secondary instruments.

Mixed hierarchical regression was used to test these hypotheses. Two separate mixed hierarchical

regressions were performed for each instrument: one for the trials with an LPR and one for those without

an LPR. The percent of attention was transformed by the square root before analyzing the data and

windows with no attention on an instrument were removed. The mode transition was included as a 4-level

(mode transitions ending in TA or TA+RoD) categorical independent variable, the window number as a

continuous independent variable, and subject as a random factor. The cross-effect of mode transition and

window was also included in the models. The primary factor of interest was the main effect of window,

which described the rate (%/window) at which the attention on an instrument increased or decreased after

the mode transition.

In trials with an LPR, there was a significant effect of window for all four instruments (Attitude:

z= -11.4, p<0.0005; Comm light: z=3.52, p<0.0005; Altitude: z=3.98, p<0.0005; Fuel: z-2.61, p=0.009).

The change in the percent of attention on the attitude indicator was -3.51 0.31%/window (Figure 14).

However, the effect of window was not as substantial for the secondary instruments. The change in the

percent of attention was +1.20 0.30%/window for the altitude indicator, +0.83+0.24%/window for the

comm light, and +0.60 0.23%/window for the fuel indicator (Appendix B).

Attitude Indicator
40-

-- No redesignation
38 - Redesignation

36-

34-

Z 32-

30 -
a>
i 28-

26-

24-

22
1 2 3 4 5

Window after MT

Figure 14. The percent of attention on the attitude indicator after the mode transition was greatly
different depending on whether or not there was a landing point redesignation. Data was averaged
over all four mode transitions that end in TA or TA+RoD (MTs 3-6). Error bars indicate standard

error.
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When there was no LPR, the effect of window was significant only on the attitude indicator

(Attitude: z=-2.31, p=0.021; Comm light: z=3.52, p=0.75; Altitude: z=3.98, p=0. 4 3 ; Fuel: not analyzed

because the fit to the model was poor). Nevertheless, the effect was not substantial

(-0.72 0.31%/window).

These results thus confirm Hypotheses 3.a. and 3.b. The LPR caused an increase in attention on the

attitude indicator that was not present without an LPR. By the end of the post-MT phase, however, the

two percents of attention on the attitude indicator - with and without LPR - were nearly identical (Figure

14). This suggests that subjects returned to a steady-state scan pattern after the LPR. This return to a

steady-state scan pattern did not occur after the first 6-s window, in which subjects nulled the step change

in flight guidance error caused by the LPR. Instead, the return to steady-state happened gradually over

three 6-s windows. It is believed that this occurred because an LPR caused a longer-term change to the

reference trajectory in addition to the step-change in guidance error. This effect can be seen in Figure 15.

When there was no LPR the reference trajectory rate-of-change was small and required minimal control

inputs. However, when there was an LPR, the reference trajectory had a greater rate-of-change even after

the initial step-change. This required more control inputs, therefore a higher percentage of the subjects'

attentions. Also note that the increase in attention on the attitude indicator with an LPR was not mirrored

by an equal decrease in attention on the secondary instruments. This suggests that subjects had other

attention resources they could draw on - perhaps the RoD indicator or the "other" instrument category.

2.5-
-Ptch, no LPR
----- Pich, LPR

2- -Rol, no LPR
----- Rol, LPR

0

~.0 25 30 35 40 45 50
Trial Time (s)

Figure 15. The shape of the reference trajectory was different depending on whether or not there
was a landing point redesignation, which occurred at 20 s into the trial (the x-axis origin).
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4.5 Conclusions

To the author's knowledge, this experiment was the first to measure operator visual attention, flying
performance, mental workload, and situation awareness all together during control mode transitions in

which specific control loops varied between passive monitoring and active multiloop control. The results

help describe how subjects re-allocated their limited attention resources when their mental workload

changed upon entering a new control mode. The experiment also demonstrated the effects that this
re-allocation of visual attention had on subjects' situation awareness of vehicle states. Many experimental

effects were large enough to suggest that the attention demands and the relative priority of supervisory

and manual flying tasks should be considered in system design, particularly when mode transitions might

occur. The behavioral trends observed in the present experiment can help designers predict which

instruments will receive more or less attention after a mode transition.

This experiment found that adding a two-axis attitude manual control task (nulling pitch and roll
flight director guidance errors) to the existing supervisory tasks (here, responding to a comm light visual

secondary task and a tertiary task of making verbal situation awareness call-outs) reached or exceeded

subjects' visual attention capacity. In order to maintain performance in the flying task, subjects chose to

re-allocate attention away from the fuel indicator and the comm light. As a result, there was a significant

decrease in subjects' situation awareness of the fuel indicator, as indicated by the fuel call-out

performance. In a real lunar lander, such decreased situation awareness could have real operational

consequences. The operator may not realize that he is nearly out of fuel, for example, or he may miss

noticing a fuel leak. Knowing which instruments acquire a lower priority during and after a mode

transition would allow designers to expect that the operator will be attending to them less frequently. If
automation detects a system failure whose signature includes the lower priority instrument, the system

could draw attention to that instrument using visual or auditory display cues to compensate for the

operator's lowered visual attention and reduced awareness on that instrument.

System designers must understand that the priority of each of the operator's tasks is not only

explicitly stated during flight training - as it was here in the pre-experiment training - but that it can also

be influenced by the nature of the tasks and the design of the displays. In this experiment, the percent of

attention on the altitude indicator (a tertiary task) was found to be higher and decrease less than the

percent of attention on the comm light (the secondary task) and the fuel indicator (a tertiary task of equal

priority). This behavior was likely influenced by the task priority, the frequency of the task (comm light

illuminations or call-outs), and the relative effort required for subjects to move their eyes to the

instrument. These results confirm the findings of previous visual attention research (Wickens et al., 2003).

Like the discrete comm light response and call-out tasks, attention on the continuous manual control

task also appeared to be influenced by subjects' expectations of event frequency. However, the influential

parameter was the guidance trajectory rates-of-change, which dictated the required frequency of control

inputs. This was demonstrated in the decrease in attention on the attitude indicator across TA-+TA+RoD
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and TA+RoD-+TA mode transitions (Hypotheses 2). The two-axis flying task remained subjects' first

priority across these mode transitions, but the guidance trajectory rate-of-change decreased.

Consequently, the percent of attention on the attitude indicator also decreased. The same behavior

occurred when there was a landing point redesignation (LPR). Attention on the attitude indicator

increased with the step-change in the flight guidance error caused by the LPR, and then gradually

decreased to a steady-state (no LPR) value as the reference trajectory rate-of-change decreased. The mode

transitions between TA and TA+RoD and the transient behavior after an LPR both demonstrate how

faster rates-of-change in the guidance trajectory require more control inputs and greater attention.

4.5.1 Limitations and Future Work

Though the flying task used in this study has some technical face validity, only three control modes

were employed to decrease experimental time, cost, and complexity. In reality, operational aerospace

systems have many more control modes. Furthermore, the control modes in this experiment only varied in

the number of manual control loops the subjects had to close. The supervisory tasks - monitoring the fuel

level, altitude, and comm light - were never allocated to the automation. Future research can confirm and

extend the results of this research by investigating subject performance across different control mode

transitions in similar, simplified experimental settings.

Another fruitful area of future research would be to re-arrange the display elements to further test the

role of the distance between flight instruments in determining how subjects allocated their attention. For

example, researchers could exchange the fuel and altitude indicators, or move the comm light to a more

central location. As an instrument moves closer to the flight instruments in the center of the combined

display, it is expected that it will receive more attention. However, some research has suggested that the

bandwidth of the information (how frequently the instrument needs to be sampled) is more important than

the relative effort of moving one's eyes (Steelman et al., 2011). So, if the fuel and altitude instruments

switch locations, it is likely that there will be a slight increase in subjects' attention on the fuel indicator

and a slight decrease in subjects' attention on the attitude indicator. However, it is unlikely that the

relative priority between the two will change.

One final limitation is that the simulator provided no motion cues, and flying it presented no real risk

to the subjects comparable to that of a true lunar landing. Subjects' visual attention priorities may be quite

different in a real lunar lander cockpit. For example, monitoring the altitude is critical when one is rapidly

descending toward the real lunar surface, whereas our subjects did not need to sample the attitude

indicator to fly the vehicle. They could simply focus on nulling flight director cues. Another limitation

was that with one exception, the experimental subjects were nonpilots with little formal experience in

manual control and instrument scanning. Recruiting highly experienced pilots might have altered the

results (Bellenkes et al., 1997; Hayashi, 2003; Huemer et al., 2005). Future work could test expert pilots

in the same and different experimental conditions to compare how they re-allocate attention across mode

transitions.
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The model set forth here combines
Predictions of how pilots fly
With an important extension
To prior work with attention

That describes movements made with the eyes.
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5.0 A Closed-Loop Model of Operator Attention and Control across

Mode Transitions

This chapter proposes an integrated human-vehicle model to better understand the complex ways that

visual attention, mental workload, and situation awareness change before, during, and after control mode

transitions. The model replicates the lunar landing scenario described in Chapter 4, including identical

vehicle dynamics and guidance algorithms. The human performance model is quantitative, and is based

around the four-stage "perceive-think-decide-do" scheme for human information processing (Wickens &

Hollands, 2000). It builds upon a number of established human performance models: the Crossover

(McRuer et al., 1965) and Optimal Control (Kleinman et al., 1971) Models for manual control and SEEV

models for visual attention (Wickens et al., 2003). One strength of this model is that it specifies attention

for both manual control and supervisory tasks, unlike prior attention models that focus on one or the

other. Furthermore, this model has the ability to capture changes in attention on specific control loops as

they vary in priority and between passive monitoring and active multiloop control. Another strength of

this model is that it is a closed-loop model, which allows it to simulate the effect that changes in visual

attention have on operator situation awareness and manual flying performance, and the effect of manual

control demands (i.e. mental workload) on attention. Very few models simulate all of these factors in

concert, and those that do are incredibly detailed and require the specification of many parameters. The

model is not intended to give absolute predictions of operator behavior; rather, it aims to illuminate the

relative differences between simulated conditions. This allows researchers to identify unexpected

emergent behaviors that warrant further targeted human subject experiments.

5.1 Background

5.1.1 Models of Operator Manual Control

5.1.1.1 The Crossover Model

The Crossover Model (McRuer et al., 1965) describes how a human operator adjusts his control

strategy to provide a stable closed-loop system response with reasonably-low error (McRuer et al., 1965;

Young, 1973; Jagacinski and Flach, 2002). The operator can provide control lead to the system to

overcome his reaction time delay and neuromuscular lag, which are collectively represented as a time

delay. Beyond the lead required to overcome these inherent limitations, the operator can also provide lead

and lag to stabilize the closed-loop system response. The lead and lag are chosen strategically based on

the vehicle dynamics. For a stable closed-loop response, the operator must provide lag for a zero-order

plant (position control) and lead for a second-order plant (acceleration control). Once the operator has

applied lead and lag to keep the system stable, he can apply a control gain to minimize the tracking error.

These control strategies make the joint human-system open-loop transfer function appear as a gain, a time

delay, and an integrator in the region of the crossover frequency (the frequency where the open-loop
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amplitude ratio is 0 dB). The control of multiple integrated control loops is simulated by arbitrarily

lengthening the time delays, lowering the loop gains, and increasing the remnant noise to represent the

effects of divided attention (McRuer & Jex, 1967; McRuer & Krendel, 1974).

The Crossover Model is a simple, easy-to-understand representation of operator manual control.

However, it has limitations: it is only valid in the region around the crossover frequency, and it is best

suited for compensatory tasks in which the error between the actual and guidance-prescribed state is

displayed.

5.1.1.2 The Optimal Control Model

The Optimal Control Model (OCM) predicts the control inputs an operator will make during a simple

tracking task (Kleinman et al., 1971). The OCM combines the vehicle dynamics and a human

performance model (HPM) into one linearized system. In the OCM, it is assumed that the operator does

not directly perceive the actual system states needed for control. Instead, he perceives a subset of states

perturbed by noise and delayed because of his inherent reaction time. The noise, also called the remnant,

captures the non-linear portion of vehicle and human behavior that is not modeled by the linearized

system (Levison et al., 1969).

The OCM makes estimates of the actual system states based on the concept of a Kalman filter

(Kalman & Bucy, 1961). The Kalman filter is an algorithm that estimates the system state from noisy,

delayed measurements using information about: 1) the dynamics of the system, 2) the operator's control

inputs, 3) the relationship between the system dynamics and the control inputs, and 4) the properties of

the external disturbances and measurement noise. Together, the components used by the Kalman filter

represent the operator's "mental model" of the system and its behavior.

The operator's closed-loop control inputs to the system are based on the estimate of the actual state

produced by the Kalman filter. These control inputs can be shaped to optimize a mathematical cost

function, trading control input effort against state errors. The theoretical duality of the state estimation

and control problems is exploited, giving the Optimal Control Model its name. While the full closed-loop

OCM is only applicable to manual control tasks, the optimal state estimation portion of the model is more

generally applicable. It can be used to model tasks where a passive observer needs to monitor certain state

variables but does not have an immediate knowledge of the control inputs being made. One example of

these passive monitoring tasks is human spatial orientation, and a number of Kalman filter models have

been used to simulate this behavior (Oman, 1982; Merfeld et al., 1993).
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5.1.2 Models of Operator Attention

5.1.2.1 The Optimal Scanning Model

The attention model based on the OCM - called the Optimal Scanning Model - predicts the amount

of attention (measured in time) that is required on a display to produce the optimal control inputs (Baron

& Kleinman, 1969; Baron et al., 1970). These models capture the shift of attention between different

displays by varying the level of assumed perceptual noise. The noise on a given display is lower when the

HPM is fixating on it and higher when the HPM is fixating elsewhere. This simulates foveal and

peripheral vision, respectively. Visual acuity is higher in foveal vision than in peripheral vision, and so

the perceptual noise is lower. The Optimal Scanning Model has been used as a design tool, predicting

how changes to the flight director or displays will influence the operator's scan pattern (Kleinman, 1976;

Hess, 1981). Sheridan (1970) created a similar mathematic model that determined the optimal frequencies

with which an operator needed to sample an unknown process and make control inputs in order to

maximize a given value function.

Because the Optimal Scanning Model is based on the full, closed-loop OCM, it can only predict the

amount of attention required for manual tracking tasks. This is the primary limitation of the model.

Manual tracking tasks are often the primary task in aerospace systems (e.g. controlling attitude to match a

flight director), but they are rarely the only task that an operator must complete. Aerospace systems

usually require the operator to perform additional supervisory tasks, in which he monitors the automation

or the state of a display without directly controlling it. The amount of attention allocated to each

supervisory task influences the operator's situation awareness of the related vehicle state (Chapter 1). The

Optimal Scanning Model can be used to predict the amount of spare attention left over after the manual

tracking task is completed, which is the attention that can be used to complete all supervisory tasks. The

amount of this spare attention is assumed to be inversely proportional to the operator's mental workload.

While the Optimal Scanning Model can be used to predict mental workload, it cannot predict situation

awareness. It does not capture how much attention each supervisory task requires for satisfactory situation

awareness, and therefore cannot predict if these requirements are being met.

5.1.2.2 SEEV Attention Models

The family of SEEV models predict attention for any set of tasks, not just manual control (Wickens

et al., 2003). In SEEV, the percent of visual attention spent on a given instrument is driven by bottom-up

and top-down processes. The bottom-up properties describe the characteristics of the display - the relative

salience of the instrument (e.g. color and luminance) and the relative effort4 required for an operator to

4 It is important to note that moving one's eyes does not require much physical effort. The SEEV literature uses
the term "effort" to denote the relative amount of time that it would take to move one's eyes from the current
instrument to any other instrument. The instruments that are farther away take longer to move to, and therefore have
a higher "effort." The model in this thesis uses the same effort primitive used in SEEV attention models, and so the
term "effort" is used in place of "distance" or "movement time."
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move his eyes to the instrument, in comparison to all other instruments. More influential, however, are the

top-down processes: the expected frequency of events involving the instrument (called the "expectancy"),

and the value of the instrument's information to the current tasks. The current tasks are also prioritized,

and the instrument's value to each task is multiplied by that task's priority. These products are then

summed, giving the instrument's overall value in the current task structure. These four parameters -

salience, effort, expectancy, and value - are known as attention primitives. Each primitive can be

weighted differently, describing its relative influence on the allocation of attention

The challenge in applying SEEV attention models to real-world scenarios is quantifying the

primitives and their weightings in the context of SEEV's qualitative framework. In the original

formulation of SEEV, the researcher or other subject-matter experts had to subjectively specify numbers

for the SEEV primitives. These were often derived from qualitative rankings: for example, Gore et al.

(2009) quantified an instrument's expectancy as 0, 0.333, 0.666, or 1 based on whether the event rate was

"none," "low," "moderate," or "high" relative to the other instruments. More recently, quantitative

methods have been developed to objectively determine the salience, effort, and expectancy for a given

scenario or phase of flight. Computational models can determine the salience of static and dynamic

displays based on the luminance, color, and orientation of instruments (Itti & Koch, 2000; Walther &

Koch, 2006). The expectancy of an instrument is often taken as proportional to the rate of events. This

value can be specified by the experimenter (Steelman-Allen, 2011) or learned by the model through

training simulations (Wortelen et al., 2013a-c). Finally, the effort to move from one instrument to any

other can be computed as the angular distance between the two on the display (Gore et al., 2009). In

contrast to these primitives, the priority of tasks and the value of each instrument to each task remain

subjective parameters.

Prior research has investigated the relative weightings of each attention primitive by building models

that include and exclude certain primitives and comparing the model predictions to experimental data.

The results found that value and expectancy dictated attention allocation more than effort (Wickens et al.,

2005; Steelman et al., 2011) and salience (Steelman et al., 2011), and that expectancy dictated attention

allocation more than instruments' value (Wickens et al., 2003). For these reasons, many implementations

of the SEEV attention model leave out the salience and/or effort primitive (Wickens et al., 2003; Wickens

et al., 2005; Horrey et al., 2006; Wortelen et al., 2013a-c).

One limitation of most SEEV models is that, like the Optimal Scanning Model, they predict the total

percent of time fixated on each instrument and not the time between fixations (the sampling period). As

discussed in Chapter 1, the sampling period of an instrument is an important parameter of the operator's

situation awareness because it describes how frequently the operator can correct his estimates of the

vehicle states. The SEEV expectancy primitive relates to the operator's desired sampling period of an

instrument, but there is no way of determining if this desired rate is met or not.
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Another limitation of SEEV models is that they cannot predict the effect of the attention allocation

on task performance or operator situation awareness on their own. They must be integrated with models

of human control and vehicle dynamics. One prominent integrated model is the Man-machine Integration

Design and Analysis System (MIDAS), which simulates operator performance, workload, and situation

awareness in aviation (Tyler et al., 1998; Gore et al., 2009; Hooey et al., 2010). MIDAS provides a

continuous estimate of situation awareness, which increases whenever the SEEV attention model fixates

on an area of interest with information relevant to a current task and decreases in the time between these

relevant fixations. This situation awareness model is difficult to validate because there is no easy way to

continuously measure situation awareness in an experiment (see Section 4.1 for a review of experimental

situation awareness measurement techniques). Furthermore, in MIDAS the operator behavior is specified

by a large number of unbounded parameters that can be adjusted to fit individual data sets. This can be

useful when the model is used in a descriptive manner (e.g. explaining experimental results), but it limits

MIDAS's use in novel situations ions where a new system or vehicle is still relatively undefined.

Other integrated models that employ SEEV or SEEV-inspired attention models include the Cognitive

Architecture for Safety Critical Task Simulation (CASCaS) (Wortelen et al., 2013a-c), the N-SEEV

attention model (Wickens et al., 2009), and the Attention-Situation Awareness (A-SA) model (Wickens et

al., 2005). In CASCaS, attention is allocated to each task present based on its priority, which is specified

by the researcher, and the expected rates of events involving that task, which the model learns by training

on the scenario. CASCaS predicts the effects that a particular attention allocation has on operator task

performance, but does not address how attention is influenced by workload or how attention influences

situation awareness. The N-SEEV model predicts the time that it would take an operator to notice a

particular event, which can be assumed inversely proportional to the operator's situation awareness

(Wickens et al., 2009). Unlike MIDAS, N-SEEV predictions can be validated against similar
experimental metrics; however, it does not address how attention influences workload or performance on

other tasks. Finally, A-SA predicts continuous situation awareness in a manner similar to MIDAS, and

has the same limitation regarding experimental validation.

5.2 Model Structure

The model described in this chapter is a closed-loop model of operator visual attention, flying

performance, mental workload, and situation awareness. It describes how an operator makes estimates of

the system state, adjusts these estimates by attending to and perceiving information on the displays, and

uses these estimates to control the vehicle. The model contains an Attention block that builds upon the

strengths of the Optimal Contol Model and SEEV and addresses the weaknesses of each. Similar to

SEEV, the attention allocated to an instrument is a function of value and effort primitives. This model

also describes a new primitive - the uncertainty in the estimate of an instrument's state - which draws on

ideas from the Optimal Control Model. The uncertainty is similar to the SEEV expectancy primitive, but

it directly relates to the OCM-inspired state estimator and mental model. Furthermore, the uncertainty

primitive responds in a closed-loop manner with the chosen attention allocation and the demands of the
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flying task. By integrating this new attention model with models of operator control and vehicle

dynamics, predictions of manual control performance, mental workload, and situation awareness can be

made. Workload and situation awareness are both predicted through two approaches: a cognitive first-

principles approach and a performance-based approach that is validated against experimental data.

The model has two major components: a vehicle model and a human performance model (Figure

16). The current vehicle state and the guidance-prescribed states (the "reference trajectory") are

communicated to the human performance model (HPM) through a simulated display. The HPM in turn

influences the vehicle states through a simulated hand controller.

Conr Task
- Allocation

Control Mode

Error between
Reference and Actual

Reference
Trajectory

Actual
States

I
Commanded

States

Figure 16. Structure of the integrated vehicle-human model.

The structure of the HPM in this thesis assumes that there are four human stages of information

processing: 1) information acquisition, 2) information analysis, 3) decision and action selection, and 4)

action implementation (Wickens & Hollands, 2000). The Attention and Perceptual Noise blocks represent

the information acquisition stage. The Attention block determines the instrument to be attended during

each time step. The Perceptual Noise block simulates an operator's inability to perfectly determine the

78



state of the vehicle. This perceptual noise is the result of physical human limitations (e.g. limited visual

acuity), the design of the vehicle displays (e.g. the inherent quantization of a digital display), and
non-linearities of the system dynamics (e.g. the control remnant). The State Estimator block represents

the information analysis stage. The HPM continually estimates the system states based on an internal
model of the system dynamics (the Mental Model block). The uncertainty in these estimates grows with
time, until the instrument displaying a particular state is attended to and the estimate of that state is
"corrected." Finally, the Action block represents the action selection and implementation stages. It
decides upon an action (making manual control inputs, responding to an illuminated comm light, or
making fuel and altitude call-outs) based on the output of the State Estimator.

The HPM has four prioritized tasks to complete, using information from five task-related
instruments: 1) an attitude indicator (showing the actual and flight director-prescribed pitch and roll), 2) a
rate-of-descent (RoD) indicator (showing the actual and flight-director prescribed state), 3) a cockpit light
that illuminates to simulate a data communication ("comm light"), 4) a fuel indicator, and 5) an altitude
indicator. The four tasks to be completed are to:

First priority:

* Minimize the error between the vehicle attitude and the guidance-prescribed attitude.
" Minimize the error between the vehicle RoD and the guidance-prescribed RoD.

Second priority:

* Respond to comm light illuminations.

Third priority

0 Make call-outs of the vehicle fuel and altitude at pre-determined intervals.

When the control mode involves manual control of both the attitude and RoD, these two highest-

priority tasks essentially become one task. While each task involves the same HPM blocks, the behavior
of the Perceptual Noise, State Estimator, and Action blocks is different. The following sections discuss

these blocks in the context of their task, after explanations of the Vehicle Model and Attention block.

5.2.1 Vehicle Model

The vehicle dynamics and guidance algorithms in the model are identical to those used in the
experiment in Chapter 4. The vehicle dynamics and controls replicate those of the Apollo lunar module

(Duda et al., 2009). There were three distinct control modes: 1) Two-axis (pitch and roll) and rate-of-

descent manual control (TA+RoD), 2) Two-axis manual control with automatic rate-of-descent control

(TA), and 3) Automatic control of attitude and rate-of-descent (Auto). In the first two modes, the HPM's

task is to minimize the error between the vehicle state and the state required to converge with the optimal

reference trajectory. This reference trajectory is continually updated based on the current vehicle state. It
plots a smooth trajectory that brings the vehicle to a hover 150 ft. above the selected landing aim point

(Bilimoria, 2009). In the Auto control mode, the vehicle automatically follows the reference trajectory.
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The vehicle model can enact transitions between two control modes at any time. Model simulations

discussed in this chapter all used the same initial conditions presented in Section 4.2.2, and each

simulation runs lasted 50 s.

5.2.2 Allocation of Visual Attention

The Attention block in the HPM is based on the SEEV model of attention (Section 5.1.2.2), with a

number of modifications. At each time step, the Attention block fixates on one of six instruments: 1) the

attitude indicator, 2) the rate-of-descent indicator, 3) the comm light, 4) the altitude indicator, 5) the fuel

indicator, or 6) a generic "other" indicator. The presence of the other indicator captures the amount of

attention "overhead": the time that an operator spends looking at regions of the display outside the five

task-related instruments, looking off of the display, and/or dwelling on a point less than the 100 ms

threshold for a fixation (Section 4.2.3). The other indicator does not include pursuit movements between

instruments, which are counted separately (Section 5.2.2.4).'

The model assumes that all tasks require foveal vision, and only one instrument can be attended to at

a time. This is different than the Optimal Sampling Model, which models peripherally-viewed

instruments with increased noise. Only modeling foveal vision is arguably a defensible assumption given

the design of the displays and tasks. In the experiment, errors between the actual and flight director-

specified attitude and RoD were not identifiable in peripheral vision unless they were very large, the fuel

and altitude call-out tasks required the subjects to read the respective instruments, and the blue and green

colors of the illuminated comm light were very close to the turquoise background color of this instrument.

(See Section 4.2.4 for further details about the experimental tasks).

Unlike many SEEV models, which only predict the percent of attention allocated to each instrument,
this model uses the SEEV primitives to drive attention around to different instruments in a real-time

simulation. This is similar to more-recent implementations of the SEEV model (Steelman et al., 2011;

Wortelen et al., 2013a-c). After the HPM completes a fixation on one instrument, it selects the next

instrument based on three attention primitives: 1) the value of each instrument to the current task

structure, 2) the level of uncertainty in the current estimate of each instrument's state, and 3) the effort

required to move eyes to each instrument.

The value, uncertainty, and effort of an instrument i are combined to produce a weight for that

instrument, w(i), as described by the following formula:

wQ) vQm) (AtQ), T(i)) ej (i)
w(i)= V )+.U - E. (5.1)

vnia Um ema

5 Considering the overhead and pursuit movements as two separate categories is different than in Chapter 4, in
which the pursuit movements were contained within the overhead.
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v is the value of instrument i, which is a function of the control mode, m. u is the uncertainty of

instrument i, which is a function of the time since the last fixation on i, At(i), and the desired sampling

period of i, 7(i). ej is the effort to move eyes from instrument j to instrument i. These primitives were

calculated for each instrument from knowledge of the experimental scenario design and experimental

data. The dataset used for parameter specification contained 60% of the 432 total experimental trials. This

left 33% of the remaining data for use in validating the attention model (Section 5.3), excluding 7% of the

data that was discarded due to insufficient eye tracker data or flying performance that was an extreme

outlier from the subject's normal performance (the same as in Section 4.2.5). This 60/33% split in the data

was necessary for each subject and experimental condition to be equally represented in the

parameter-specification and validation data sets. Each subject performed 3 repetitions of each

experimental condition, and one of these repetitions was randomly assigned to the validation data set. The

others were then assigned to the parameter-specification data set.

Equation (5.1) shows that the value, uncertainty, and effort for instrument i are all normalized by the

maximum value, uncertainty, or effort for any instrument at that time step. This ensures that each

primitive is measured on the same 0-1 scale. With this normalization, the relative contribution of each

primitive is specified by the weighting of each primitive noted by the capital letters V, U, and E. These

weightings, which are consistent across instruments, can be adjusted by the researcher to best match

experimental data. Section 5.3 describes how the V, U, and E weightings were chosen for this

implementation of the model.

The probability of fixating on instrument i is a function of an instrument's weight, w(i) per the

following formula:

P(i)= (1- O)- (5.2)

In this equation, 0 is the probability of fixating on a generic "other" instrument. In the model, this

was set to the percent of attention given to "overhead" during the experiment in Chapter 4 (approximately

30%). The model randomly selects the next instrument to fixate on based on these probabilities. The

model also contains an inhibition-of-return parameter (Steelman et al., 2011), which does not allow for

consecutive fixations on any instrument except the "other" instrument. The model also captures the time

required to move the eyes between two instruments (Section 5.2.2.4), which is a function of the display

design, and the dwell duration on each instrument (Section 5.2.2.5), which is derived from experimental

data.

The next three sections discuss each of the attention primitives in more detail.
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5.2.2.1 Value

The value of an instrument computed by the Attention block is similar to the SEEV value primitive.

In SEEV, an instrument's value is the product of its relevance to each task and the priority of that task. In

the experimental scenario used with this model, each instrument is only used for one task. Therefore, the

value of an instrument is directly proportional to the priority of the task for which it is used. These

priorities were determined from the instructions given to subjects during pre-experimental training

(Section 4.2.4). As Table 4 shows, the priority of tasks changes with the control mode. This also changes

the value of instruments in the Attention block.

Table 4. The value of instruments in the Attention block is proportional to the
for which they must be referenced.

priority of the task

Task
Task

Priority
Instrument

Instrument Value under Control Mode

Auto TA TA+RoD

Control attitude 1 Attitude indicator 0 3 3

Control RoD 1 RoD indicator 0 3 3

Respond to comm 2 Comm light 3 2 2
light illuminations

Altitude indicator
Make call-outs 3

Fuel indicator

2

2

1

1

1

1

5.2.2.2 Effort

Effort in the Attention block is also similar to the SEEV effort primitive. The effort required to move

eyes from one instrument to another instrument is proportional to the visual angle between the two

instruments. This is a function of the display design. The visual angle between instruments (Table 5) was

measured with respect to the locations indicated on Figure 17.

Table 5. Visual angle between instruments (0).

Comm LightAttitude Altitude RoD

Fuel 8.7 15.3 17.6 39.2
Attitude 7.6 11.2 33.9

Altitude 4.4 26.8

RoD 22.7
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Fuel Attitude Altitude Rate-of-descent Comm Light

Figure 17. Lunar landing simulator displays with yellow stars marking the reference locations used
in the calculation of the visual angle between each pair of instruments.

5.2.2.3 Uncertainty

Uncertainty is a new primitive developed in this thesis. It models the uncertainty in the estimate of

an instrument's state, which grows between fixations. When an instrument is being attended, the

uncertainty is 0. When an instrument is not being attended, its uncertainty grows according to Equation

(5.3).

u(At(i) T(i)) = (5.3)
T(i)

where At(i) is the time since the last fixation on instrument i and T(i) is the desired sampling period

(seconds between fixations) of instrument i. Figure 18 shows how the uncertainty of each instrument

grows and then "resets" to 0 when it is attended to. If an instrument is attended to when the uncertainty is

<1, the desired sampling period has been met. Whenever an instrument's uncertainty is >1, more time has

elapsed between fixations than is desired. The desired sampling period has not been met.

The desired sampling period of each instrument is specified by the researcher, and is a function of

the amplitude and frequency of the displayed signals. As the amplitude and the frequency increases, the

desired sampling period decreases (i.e. the sampling frequency increases). The following subsections

discuss how the uncertainty was determined for each instrument in this thesis's experimental scenario.
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Figure 18. The uncertainty of an instrument is 0 when it is attended, and grows when attention is
fixated elsewhere. This data is from the 20-40 s after the commencement of an example simulation

run in TA+RoD with no landing point redesignation.

Secondary Instruments - The desired sampling period of the secondary instruments - the comm

light, altitude indicator, and fuel indicator - is a function of the frequency of the respective task - the

comm light illumination, altitude call-out, or fuel call-out. This is similar to how prior research has

quantitatively determined the expectancy of instruments (Steelman-Allen, 2011; Wortelen et al.,

2013a-c). The time between events was known from the experimental scenario (Table 6). In the

experiment, these three event periods did not change much during one trial, and so the sampling periods

are held constant in a simulation run. It was assumed that operators sample the secondary instruments at

the Nyquist sampling rate (i.e. the sampling period of the instrument was half the period of the related

task event).

Table 6. The desired sampling period on the secondary instruments is approximately half the rate
of the associated event.

Instrument

Comm Light
Altitude Indicator

Fuel Indicator

Event Period
from the Experiment
(seconds between task)

6.0 0.01
7.1+0.03
12.7 0.02

Desired Sampling Period
in the Model

(seconds between fixations)
3

3.5
6.5

Flight Instruments - The event period that drives attention on the attitude and rate-of-descent

indicators is the time that it takes the error between the actual and guidance-prescribed state to grow

above a certain threshold. This threshold is the error that operators allow when they consider their closed-

loop performance to be satisfactory. It is a function of the display resolution, the size of the displayed

84

2

1.8

1.6

1.4

1.2

1

0.8

0.6

0.4

0.2

2_

E

20

- Attitude
-RoD

Comm
Altitude
Fuel

36 38 4030
Trial Time (s)

32 342



signals, and the operator's control behavior. Given the lunar landing displays and controllers used in the

experiment, these thresholds were set in the model at 1.5* for the attitude error and 1 fps for the RoD

error. Experimental data confirms that subjects' steady-state flying errors were of this order of magnitude.

The time that it takes the attitude and RoD error to grow beyond threshold is a function of multiple

factors: 1) the shape of the guidance-prescribed reference trajectory, 2) the perceptual noise in the attitude

and RoD displays, and 3) the control remnant, which is the non-linear portion of vehicle and human

behavior not captured by the linearized system. It is assumed that operators know the general shape of the

reference trajectory and how it changes with time. This is an appropriate assumption for this experiment

because subjects were given extensive training in which the reference trajectory did not change. If an

operator does not know the reference trajectory or vehicle dynamics before flying the landing, or if the

reference trajectory changes unpredictably, he will need to sample the attitude indicator frequently to gain

an understanding of its behavior. Then, once the behavior is understood, he can re-adjust his sampling

period. In principle, the sampling interval could be set by computing the autocorrelation function of the

attitude error. As the attitude error becomes more random, the sampling period will have to decrease.

The operator can estimate the shape of the reference trajectory, the perceptual noise, and the control

remnant, which allows him to set his sampling period. Figure 19 shows the guidance-prescribed pitch and

roll for example simulation runs in Auto (with no mode transition), with and without a landing point

redesignation (LPR). In the experiment, the reference trajectory rate-of-change was faster at the beginning

of the trial than at the end (Figure 19, top). So, the sampling period of the attitude must be shorter. The

presence of a landing point redesignation (LPR) 20 s into the trial also had an effect on the shape of the

attitude reference trajectory (Figure 19, bottom). When there is an LPR, the reference trajectory rate-of-

change was faster, and the desired sampling period of the attitude must decrease. The desired sampling

period of the RoD is unaffected by the LPR.

Because of the design of the lunar lander displays and controls, subjects could sample the vehicle

pitch and roll in the same fixation and make simultaneous control inputs. This coupling decreased the

amount of attention needed to control the attitude. Because the pitch rate-of-change was higher than the

roll rate-of-change, sampling the pitch with the desired period inherently satisfied the desired sampling

period on the roll. If the pitch and roll were displayed separately, subjects would have to spend extra time

sampling the roll indicator. This would leave less time to attend the RoD and secondary instruments,

increasing mental workload and decreasing situation awareness.

The perceptual noise in the attitude and RoD displays can be estimated from knowledge of the

display design, but the control remnant is difficult to model. For this reason, the desired sampling periods

on the attitude and RoD were calculated from a dataset containing 60% of the experimental data (Section

5.2.2). Each trial was split into five 10-s windows, and the average attitude and RoD rates-of-change (i.e.

the derivatives of the signals) were determined in each window. From this, the average time for the error

to grow 1.5' (attitude) or 1 fps (RoD) was calculated.
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Table 7 shows the desired sampling period (T(i), measured in seconds between fixations) for the

attitude and RoD indicators.

2- Before Mode Transition

9

LA
0 -

-5n--Pitrhl

I I I I I I I I

2 4 6 8 10
Trial Time (s)

After Mode Transitior

30 35
Trial Time (s)

12 14 16 18 20

- Pitch, no LPR
-Pitch LPR

-Rol, no LPR
-------------------------------------Rol, LPR

40 45 50

Figure 19. The shape of the reference trajectory changes with trial time, and with the presence of a
landing point redesignation at the mode transition (20 s into the trial). Note that the x-axis and y-

axis scales of the top and bottom graphs are different

Table 7. The desired sampling period on the flight instruments changes with the trial time, based on
the shape of the reference trajectory.

Trial Time (s)

0-10
10-20
20-30
30-40
40-50

Desired Sampling Period
(seconds between fixations)

Attitude
with LPR without LPR

0.5
1.5

1.5
3

4.5

3.5
4.5
4.5

RoD

4
4
4
6
7
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5.2.2.4 Eye Movement Time

The model calculates the time required to move the eyes (P, measured in ms) between two

instruments i andj by the following equation (Carpenter, 1988):

p =2.2y(i, j)+21 (5.4)

In Equation (5.4), Xij) is the visual angle between the two instruments, as detailed in Table 5.

Because the "other" instrument represents a group of locations on the display, there is no physical

meaning of the visual angle between it and one of the task-related instruments. So, this visual angle was

set to 18.70, which is the average of the visual angles between all instrument pairs.

5.2.2.5 Dwell Duration on Instruments

When attention is placed on an instrument, it remains there for a specified dwell duration (Table 8).

This dwell duration is randomly selected from a normal distribution, whose mean and variance are

calculated from a dataset comprising 60% of the experimental data (Section 5.2.2). Randomly-selected

dwell duration <100 ms are rounded up to 100 ins, the minimum fixation duration (Section 4.2.3). If the

model fixates on the attitude indicator in a manual control mode (TA or TA+RoD), and the error between

the actual and guidance-prescribed pitch and/or roll is above a prescribed threshold (1.50, as described in

Section 5.2.2.3) at the end of the dwell duration, attention remains on the attitude indicator until the errors

fall below the threshold.

Table 8. Dwell durations (mean standard deviation) in ms computed from experimental data.

Control Mode
Instrument TA+RoD TA Auto

Fuel 400 160 420 210 440 200

Attitude 530 320 600 450 350 190

Altitude 510 250 550 320 610 240

RoD 580 330 340 170 290 170

Comm 410 190 420 210 500 260

Other 220 200 230 260 260 230

5.2.2.6 Attention-based Measures of Mental Workload and Situation Awareness

As has been stated throughout this thesis, attention, mental workload, and situation awareness are

closely related. Changes in the task structure can increase mental workload, which can force subjects to

decrease attention on certain instruments. This, in turn, leads to a reduction in situation awareness. Mental

workload is commonly assumed to be inversely proportional to the amount of spare attention - that is, the

amount of attention that is not allocated to the primary task (the attitude and RoD indicators). Spare

attention can be computed directly from the attention budget produced as the output of a simulation run.
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As is stated in Section 5.2.2.3, the desired sampling period of a system state is chosen to give

satisfactory performance on the associated task. It is assumed that this is also the sampling rate required

for satisfactory situation awareness. If the state is sampled more frequently than desired, there is no

additional benefit to situation awareness. However, if the state is sampled less frequently than desired,

situation awareness is assumed to be lower than satisfactory.

The model estimates the situation awareness of a particular system state over a period of time by

calculating the "average peak uncertainty" (APU). The "peak uncertainty" of an instrument is the

uncertainty at the moment it is attended to (Figure 18). Averaging this peak value over a period of time

(i.e. pre-, during-, and post-mode transition) tells whether the desired sampling period is being met in that

period. If the APU is 1, then the sampling period is at (APU=l) or below (APU<1) the desired period

and situation awareness is assumed to be satisfactory. If the APU is >1, the actual sampling period is

longer than desired and situation awareness is assumed to be degraded.

5.2.2.7 Summary of Attention Block Parameters

Table 9 summarizes the parameters used in by the Attention block and how they were determined.

Table 9. Parameters used in the attention block.

Parameter Determined by

Value v(I,m) For each instrument, in Scenario designeach control mode

Distances Xij) Between all pairs of Scenario design
instruments

Scenario design /
On fuel, altitude, and comm First principles

Desired sampling T~)(Nyquist sampling rate)
period On attitude and RoD, as a Expri ta l ata

function of trial time Experimental data

Threshold of
opetod oo For attitude and RoD Experimental data

operator control

Weighting of each V, U, E Of each attention primitive Model fitting
primitive

Scenario design /
Eye movement time p Between instruments. Existing literature

(Carpenter, 1988)

Dwell durations
For each instrument, in

each control mode
Experimental data
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5.2.3 Attitude Perception, Estimation, and Control

5.2.3.1 Attitude Perception and State Estimation

The Perceptual Noise and State Estimator blocks for the attitude indicator are structurally similar to

the OCM, as described in Section 5.1.1.2. When attention is fixated on the attitude indicator, the State

Estimator cannot directly perceive the exact vehicle pitch and roll. Instead, it must estimate the actual

pitch and roll from a noisy measurement. To perform this estimation, the State Estimator employs a

Kalman filter which represents the operator's mental model of the system: he understands the dynamics

of the vehicle he is flying, how his control inputs influence these dynamics, and the characteristics of his

perceptual noise. Operators use all this information to estimate the state of the vehicle. As Figure 16

indicates, these estimates are compared to the perceived attitude and the difference is weighted and used

to adjust the state estimates. Once adjusted, operators make control inputs to the system based on these

estimates.

The Kalman filter used in the Mental Model block is based on a linearized model of the actual lunar

lander system dynamics (Appendix E). The operator inputs a joystick deflection (b), which controls the

vehicle pitch and roll rates through first-order lags. The rates are then integrated to give the pitch (0) and

roll ($). Equations (5.5) and (5.6) show these transfer functions:

8.57 (5.5)

0.12s2 +s

9.68 (5.6)
0.12s2 +s

In the model, most of the operator remnant is assumed to arise from perceptual noise (Levison et al.,

1969). The lunar lander in this model is assumed to be operating in a non-atmospheric environment free

of turbulence, and operators would not expect to be subjected to a process noise due to environmental

disturbances. System nonlinearities, such as the joystick deflection limits, could also contribute to the

remnant. However, as Section 5.2.3.2 describes, most subjects chose a control strategy that did not

encounter this nonlinearity. The perceptual noise represents the fact that subjects cannot perceive the

actual pitch and roll of the vehicle, but instead simply estimate it to the nearest 5'. This value was chosen

because the pitch ladder in the lunar landing simulator was marked at 100 increments, and it would have

been easy for subjects to estimate whether they were at, or between, a marked decimation.

The Kalman filter uses the operator's knowledge of the system dynamics and the control input to

propagate the vehicle state estimate from the previous time step forwards to the current time step. It then

computes the error between this a priori estimate and the observation. The a priori estimate is updated by

this error, multiplied by a Kalman gain matrix. The Kalman gain matrix is chosen to minimize the a
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posteriori error between the estimated and the actual state. Essentially, this gain matrix describes how

much the observation can be trusted. If the perceptual noise is known to be high, the a priori estimate will

be weighted more heavily than the observation. If the perceptual noise is known to be low, then the

observation will be weighted more heavily.

During a simulation, the Kalman gain is recomputed with a Ricatti solver in real-time over the

duration of a fixation. This is different than prior optimal state estimation models, which use steady-state

Kalman gains (Kleinman et al., 1971; Merfeld et al., 1993). These models assume that the operator

continually perceives the system state and the uncertainty in the state estimate remains constant. In
contrast, the model described in this thesis assumes the operator only perceives the attitude during visual

fixations. As a result, the uncertainty in the operator's estimate of the attitude grows between fixations

and is greatest when the operator first looks at the attitude indicator. Consequently, the Kalman gain is at
its highest at this time (i.e. the internal estimate is not trusted much). The error between the estimated and
actual state quickly decreases as the operator perceives the noisy state of the attitude indicator during a
fixation. This is the "correction" in the state estimate. As the error decreases, the Kalman gain also
decreases and the internal estimate is trusted more. This process occurs faster than the duration of a
fixation.

For more details about the Kalman filter used in the model, please refer to Appendix E.

5.2.3.2 Attitude Control

The Action block models the control inputs made by the operator. This block receives the estimated
vehicle state from the State Estimator block, compares it to the guidance-prescribed error, and makes a
control input to reduce this error. All of these tasks - perception, estimation, and control - occur
simultaneously. The Action block in this model was not based on the OCM, and therefore does not
perform "optimal" control inputs. Rather, the Action block is based on the Crossover Model of operator
control (McRuer et al., 1965), as reviewed in Section 5.1.1.1.

An operator's control input is a function of three parts: an operator gain, a first-order lag that
represents the time required for neuromuscular activation, and a reaction time delay. The latter two are
fundamental limitations of the human operator that affect the nature of his control strategy (Sheridan &
Ferrell, 1974). In the Action block, the neuromuscular activation and reaction time are simplified and
modeled as a combined time delay of 0.30 s. The lag included in this model is an approximation to the
lead/lag that might be employed if higher-order terms of the integrated human-vehicle model were used.

The operator gain in the Action block can be varied to simulate different control strategies. Ideally,
an operator should aim to null the attitude errors with the minimum amount of attention. In order to do
this, the operator should increase his control gain to increase the speed of the system response to errors.

However, increasing the gain too much leads to overshoot. If the vehicle overshoots the guidance-

prescribed attitude by more than 1.50, the HPM will have to spend additional attention correcting this
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overshoot. So, selecting the operator gain is a tradeoff between maximizing response speed and

minimizing overshoot. Furthermore, the selected gain must maintain system stability.

A linearized model of the pitch dynamics was used to identify the range of operator gains that give

this desirable performance. Further details of this linearized model, and an explanation of how response

speed and overshoot affect attention, are shown Appendix E. The pitch dynamics were the same as

described in Equation (5.5). This transfer function was multiplied by the operator control gain, G, a first-

order lag for the neuromuscular activation, and a first-order Pade approximation of the reaction time

delay:

[ 8.57 1 -s +13.33
I = 2 --s+3.3 (5.7)
L0.12s2 +s 0.15s +1 s +13.33

Analyzing the system with the SISO (single-input/single-output) Design GUI in MATLAB

(MathWorks; Natick, MA) showed that a gain of G=0.217 produced a 1.50 overshoot for a 70 step change

(the approximate step-change in guidance that was caused by an LPR in experimental trials). This is the

maximum gain that the human should employ. The analysis also indicated that a gain of G=0.092 gave

the fastest system response with no overshoot. The open-loop Bode plots of these two gains show that the

linearized system model has sufficient gain and phase margin for closed-loop stability. However, it is

important to note that the linearized model is only an approximation, and the stability of the linearized

model does not necessarily imply the stability of the complete, non-linearized model. Appendix E shows

the open-loop root-locus and Bode plots of the linearized system with these operator gains.

One limitation of this linearized system is that it ignores the joystick deflection constraints present in

the actual simulator. This can cause situations where certain large operator gains prescribe joystick

deflections that are greater than physically allowable. Adding the joystick deflection constraints limits the

maximum pitch rate of the vehicle, which decreases the amount of overshoot with large operator gains.

An analysis finds that a gain of G=0.25 with the joystick limits will produce a 1.5* overshoot for the 70

step change. This is a 15% increase from the maximum gain of G=0.217 without the joystick limits.

With the joystick inputs limited to 1, two different strategies of operator control emerge. One of

them is "bang-bang" control where the operator controls the vehicle by deflecting the joystick to the

extreme limits. This produces a rapid system response, but has a greater potential for overshoot. Only one

experimental subject, #7, exhibited this behavior (Figure 20, left). Bang-bang control can be simulated in

the Action block by using high values of the operator gain. The other control strategy is continuous

control, where the operator makes smaller, continuous inputs to the joystick. This provides smoother

control and less overshoot, but has a slower response time. The majority of subjects in the experiment

exhibited continuous control, making smaller inputs (Figure 20, right). Continuous control is simulated in

the model by smaller values of the operator gain.

91



Bang-bang Control
1200

600

0 0 -0 -
1 -0.8 -0.6 -0.4 -0.2 0 0.2 0.4 0.6 0.8 1 -1 -0.8 -0.6 -0.4 -0.2 0 0.2 0.4 0.6 0.8 1

Joystick Input Joystick Input

Figure 20. Subject 7 (left) exhibited bang-bang control - most joystick inputs were at the 1 limit.
Other subjects (#12, shown at right) exhibited smooth control and made small joystick inputs. Both

histograms only consider non-zero joystick inputs.

5.2.3.3 Summary of Attitude Perception, Estimation, and Control Parameters

Table 10 summarizes the attitude parameters used by the Perceptual Noise, State Estimator, and

Action blocks. It mentions whether the parameters were determined by engineering first principles of

optimal state estimation and manual control theory, knowledge of the scenario design, or existing

literature.

Table 10. Model parameters related to the attitude control task.

Block Parameter Determined by

Estimated Of vehicle pitch and roll Scenario design /
dynamics First principles

Perceptual Noise Of process noise First principles
and State Estimator Standard ________ _____________

deviation
Of measurement noise Scenario design

Operator control
gain

Action
(Manual Control)

Scenario design /
First principles

Neuromuscular Existing literature
time delay (Sheridan & Ferrell, 1974)

Reaction time Existing literature
delay (Sheridan & Ferrell, 1974)

Threshold of
operator control

Scenario design
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5.2.4 Rate-of-descent Perception, Estimation, and Control

Whereas attitude control occurs in parallel (perception, estimation, and control all occur
simultaneously) control of the rate-of-descent occurs in series. Control of the RoD happens after the
perception and estimation have concluded for a fixation. This occurs because there is a substantial lag in
the RoD dynamics, with a time constant on the order of 1 s. Experimental subjects were alerted to this lag,
and were encouraged to not spend time watching the RoD after a control input. Instead, they were
encouraged to fixate on another instrument and return their attention to the RoD later.

During the fixation on the RoD, the State Estimator block estimates how many control inputs are
necessary. The RoD control system replicates the design of the Apollo lunar lander, where RoD must be
commanded in 1 ft/s ( 0.3 m/s) increments (Duda et al., 2009). The RoD display in the simulator was
demarcated in 2 ft/s (0.6 m/s) increments, and so it was assumed that operators could perceive the RoD to
the nearest 1 ft/s (0.3 m/s) (i.e. they could determine if the RoD was at or between one of the
demarcations).

The perceived RoD signal is highly trusted by the State Estimator block for two reasons. As was just
stated, the perceptual noise is the same order of magnitude as the required control inputs. There is no need
to estimate the actual state with more precision. Secondly, the display noise encountered in the
experiment is added to the RoD signal (Appendix E). However, it was limited to 0.25 ft/s ( 0.08 m/s),
four times smaller than the perceptual noise. Because the perceived RoD signal can be highly trusted, a
Kalman filter is not necessary like it is for attitude Perception block.

Table 11 summarizes the RoD parameters used by the Perceptual Noise, State Estimator, and
Control/Action blocks.

Table 11. Model parameters related to the RoD control task.

Block Parameter Determined by

Noise In the RoD indicator Scenario design
Perceptual Noise

and State Estimator
Quantization Of RoD perception Scenario design

Action
(Manual Control) Quantization Of RoD control Scenario design
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5.2.5 Fuel and Altitude Perception and Simulated Call-out Performance

5.2.5.1 Fuel and Altitude Perception

When attending the fuel and altitude, the operator can only perceive a quantized version of the actual

state. These quantizations are functions of the simulator displays and the system behavior. While the

actual fuel level (% fuel remaining) in the lunar landing experiment was a decimal, the digital fuel display

only presented it rounded down to the nearest integer. Therefore, subjects in the experiment could only

perceive fuel in 1% increments. The digital altitude display also presented the actual altitude in feet to the

nearest integer. However, the altitude decreased too quickly through much of the trial for subjects to

perceive it at this resolution. In the model it is assumed that the ones digit of the altitude readout is

unreadable, and that the operator relies on the tens digit to estimate the altitude. With the maximum rate-

of-descent of -16 ft/s (-4.9 m/s), each value in the ones digit is visible for 63 ms. This is less than the

minimum duration of a fixation and is too brief to perceive. However, each value in the tens digit remains

visible for 625 ms, which is the same order of magnitude as the average experimental dwell duration on

the altitude indicator (which is between 510 and 610 ms, depending on the control mode). For these

reasons, it is assumed that the simulated operator is able to perceive the altitude in 10-ft (3-m) increments.

The altitude quantization is assumed to be the same throughout the trial, but it would be possible to

change this and have the quantization as a function of the rate-of-descent. This assumes that as the rate-

of-descent decreases, the operator can estimate the altitude with more precision and the quantization step

size of the altitude estimation decreases as well. For example, at a rate-of-descent of -4 ft/s (-1.2 m/s)

(which is achieved near the end of a trial) the ones digit is visible for 250 ms, which is more than twice

the minimum length of a fixation. This may still be too fast for the operator to perceive the altitude in 1 ft-

increments (0.3 in), but his perception should be better than 10-ft (3-m) increments. However, because the

call-outs occur in 100- or 50-ft (30.5- or 15.2-m) increments, more precise perception is not required for

the tertiary task.

5.2.5.2 Simulated Call-out Performance

The HPM uses its knowledge of the fuel and altitude state to make call-outs at predetermined

intervals. Verbal call-outs of vehicle state have been used as a real-time measure of situation awareness

with high face validity in a number of previous experiments (Chapter 4; Hainley et al., 2013; Kaderka,

2014). In the model, altitude call-outs occur every 100 ft (30.5 m) down to 500 ft (152.4 m), and at 50-ft

(1 5.2-m) intervals thereafter, and fuel call-outs occur at 5% increments. If the Attention block fixates on

the altitude or fuel indicator within 1 quantization unit (10 ft (3 m) for the altitude, 1% for the fuel) of a

call-out, this call-out is successfully "made." If a call-out passes without being fixated on, it is "missed."

The percent of call-outs made gives a measure of situation awareness on these two indicators that can be

compared to similar experimental data. The higher the response percent, the greater the operator's

situation awareness.
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5.2.5.3 Summary of Fuel and Altitude Parameters

Table 12 summarizes the fuel and altitude parameters used by the Perceptual Noise and Action
blocks:

Table 12. Model parameters related to the call-out task.

Block Parameter Determined by

Perceptual Noise Of fuel and altitude Scenario design
and State Estimator Quantization perception

Timing Of fuel and altitude Scenario design
Action call-outs

(Call-out Response) For "making" a Scenario design
Acceptable range call-out

5.2.6 Comm Light Response Task

The model simulates operator response to comm light illuminations to provide a measure of spare
visual attention and therefore a proxy for mental workload. As with the simulated call-out performance,
the model-predicted mental workload can be compared to similar experimental measures. As in the
experiment, the comm light "illuminates" at a random time within the first 2 s of a 6-s window. These
illuminations occur throughout the trial. This timing of the comm light illuminations is determined by the
scenario design, and is the only model parameter related to the comm light response task.

If the Attention block fixates on the comm light while it is illuminated, it is assumed to be noticed
and the response considered as successfully "made." The model records this success, along with the time
since the beginning of the illumination. If no response is made to the comm light, it "extinguishes" after
the 6-s window ends and is recorded as "missed." Unlike the experiment, there is no regard to the color of
the comm light in the model. The time that experimental subjects spent determining the color is already
captured by the dwell duration on the comm light. Furthermore, subjects responded incorrectly to less
than 1% of the comm lights in the experiment.

5.3 Validation of the Attention Block against Experimental Data

Ideally, the attention budgets produced by the HPM would be validated against the results of an
independent experiment. Such data was not available, and so the simulated attention budgets were
validated against a data set containing 33% of the experimental trials (Section 5.2.2). Simulations were
run with six different sets of value, uncertainty, and effort (VUE) weightings (Table 13).
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Table 13. VUE weightings used in the Attention block validation.

Value Uncertainty Effort
1 1 1
1 0 0
0 1 0
1 1 0
2 1 1
1 2 1

These six weightings were selected from a larger possible set in order to explore the sensitivity of the

model to the attention primitives. Holding all primitives equal (VUE = 111) gives a baseline performance.

Simplified models were run with only the value (VUE = 100), only the uncertainty (VUE = 010), and

without the effort (VUE = 110). A model with only effort was not considered because prior research

found that value and expectancy (which is similar to the uncertainty) were more influential than effort in

determining attention allocation (Wickens et al., 2005; Steelman et al., 2011). For this reason, the value

and uncertainty weightings were always the effort weighting. The final two models explored the

importance of the value and uncertainty parameters. Each was weighted twice as much as the other

primitives (VUE = 211 and VUE = 121, respectively).

For each set of VUE weightings, 5 simulation runs were performed for each of the 12 mode

transitions (the 6 mode transitions (MT) specified in Table 1 of Chapter 4, each with and without a

landing point redesignation). The attention budgets for each run were averaged by mode transition, phase

(pre-MT, during-MT, or post-MT), and instrument. Then, these averaged attention budgets were each

compared to experimental data under the same conditions. This gave 36 matching pairs (12 MTs * 3

phases) for each of the 6 instruments. The mean square error (MSE) between the model and experimental

attention budgets is shown in Figure 21 for each set of VUE weightings.

As Figure 21 shows, the different VUE weightings gave a similar error for most instruments. In

many cases the standard error bars overlapped, suggesting that there are few statistically significant

differences between weighting sets. This implies that the other Attention block parameters detailed in

Table 9 have a strong influence on the attention budget produced by the model. Because these parameters

were determined independent of the model fit, they were not varied in a sensitivity analysis.

The most prominent trend of the different VUE weightings in Figure 21 relates to the MSE in the

predicted attention on the comm light and the fuel indicator. These instruments are located on the extreme

left and right edges of the display (Figure 4) and it takes relatively more effort to move the eyes to these

instruments. The attention budget MSE on these instruments was greatest when effort was weighted

equally to value and uncertainty (VUE=1 11). This suggests that subjects' attention was not impeded by

high-effort movements to the comm light and the fuel indicator if the value and uncertainty of this

information was high. The trend is congruent with prior experimental findings performed in different

scenarios (Wickens et al., 2005; Steelman et al., 2011).
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Figure 21. Mean square error between the experimental and simulated attention budgets for five
different sets of VUE weightings. Data points shown have been averaged over all mode transitions

and phases. Error bars indicate standard error. The units of MSE are the percent of attention
allocated to an instrument, squared (not a percent difference).

For the remainder of the analyses in this chapter, a weighting of VUE=121 was chosen because it

gave the smallest or nearly-smallest MSE across all instruments. Furthermore, the uncertainty primitive is

the new parameter developed for this model, and it was expected that it play a significant role in the

determination of attention, task performance, and situation awareness.

Figure 22 shows a scatter plot of all 216 matched pairs (12 mode transitions * 3 phases * 6

instruments) for the runs with VUE=121. The diagonal black line indicates a perfect match between the

experimental and simulated data. As Figure 22 shows, the data is generally clustered close to the black

line, representing a good match between the simulated and experimental data. There are some systematic

biases: the attention on the RoD indicator is overestimated (most of the data points appear above the black

line), and the attention on the altitude and "other" instruments are underestimated. However, the average

difference between the experimental and simulated data (across levels of mode transition and phase) is

small for all instruments (Attitude: 1.4%+ .; RoD: 3.6% 0.5; Comm light: 0.4% 0.5;

Altitude: -3.3% 0.6; Fuel: 0.5% 0.3; Other: -2.5% 0.8).

The poorest fit between the experimental and simulated data occurs in a manual control mode before

the mode transition. This causes the large overestimation of attitude seen at the top right of Figure 22.

This overestimation occurred regardless of the VUE weighting, as Figure 23 shows.
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Figure 22. Comparison between simulated and experimental attention budgets when the
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transition is overestimated for all VUE weightings. Error bars indicate standard error. The units of

MSE are the percent of attention allocated to an instrument, squared (not a percent difference).
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During this phase the reference trajectory rate-of-change is high, and the RPM must allocate a large

amount of attention to the attitude indicator. One possible reason for the model's overestimation in these

conditions may be a difference between the simulated control gain and the actual gain employed by the

experimental subjects. Subjects may have used a higher gain when nulling these errors, leading to a faster

convergence of the actual and guidance-prescribed pitch. This would have required less attention on the

attitude indicator. The model also assumes that subjects kept attention on the attitude indicator while

making control inputs. If the error was large and subjects felt comfortable with controlling the simulated

lunar lander, they may have glanced away from the attitude indicator while continuing to make control

inputs. This also would have lessened the amount of attention on the attitude indicator.

Appendix F shows that simulated attention budgets with VUE=121 show similar changes in attention

allocation across all experimental control mode transitions.

5.4 Situation Awareness and Workload

As discussed earlier, the model makes predictions of operator mental workload and situation

awareness in two ways. Based on the formal definitions of mental workload and satisfactory task

performance (cognitive first principles), workload is measured by the spare attention not allocated to the

flying task and situation awareness is assumed to be proportional to the uncertainty in the estimate of a

system state (Section 5.2.2.6). The performance-based measurements replicate the same metrics used in

the experiment: responses to a comm light illumination (Section 5.2.6) are used to predict mental

workload and verbal call-outs of vehicle state (Section 5.2.5.2) are used to predict situation awareness.

5.4.1 Relationship between Spare Attention and Performance-based Measurements of Mental

Workload and Situation Awareness - Experimental and Model-Predicted Data

Spare attention and mental workload/situation awareness task performance were all measured during

the experiment, and so the model predictions can be compared to this data. Figure 24 and Figure 25 relate

the performance-based measures of workload and situation awareness (y-axes) to the spare attention

(x-axes) for both the experimental and model-predicted data. The experimental results were taken from

the validation data set containing 33% of the experimental data, as described in Section 5.2.2. In both

figures, note that spare attention is plotted so it is greatest on the left side of the x-axes.

Comparing experiment results and model predictions, performance on the comm light response task

and call-outs is generally similar: As the spare attention decreases (from left to right on the x-axis), more

fuel and altitude call-outs are missed and the comm light response time increases. The number of

responses to comm lights shows a different trend, as it remains relatively constant until the spare attention

reaches approximately 50-60%. It is only at the lowest levels of spare attention that the comm light

response percent falls. The increase in mental workload has an effect on call out response latency time,

but it is not enough to make the operator completely abandon this task at times.
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While the general trends in Figure 24 and Figure 25 are the same, there are some differences. The

model under-predicts task performance and spare attention at the beginning of a trial (the red "pre-MT"

data points) in any control mode. This is believed to be a product of the over-prediction of attention on the

attitude indicator during this phase (Section 5.3). As a result, there is less attention for the secondary and

tertiary tasks. The model also over-predicts fuel call-out performance during mode transitions to TA and

TA+RoD and comm light response time and altitude call-out performance during mode transitions to

TA+RoD with an LPR. During these mode transitions subjects gained task(s) (the attitude and/or the RoD

control task), sometimes at the same time as a change in the guidance-prescribed reference trajectory. It is

possible that subjects temporarily changed their visual scan pattern in these high-workload situations and

made unpredictable allocations of attention. Such behavior could not be predicted by the model.

5.4.2 Relationship between Average Peak Uncertainty, Spare Attention and Performance-based

Measurements of Mental Workload and Situation Awareness - Model-Predicted Data

There is no way to measure the uncertainty in an experimental subject's estimates of system states,

and so the model's prediction of situation awareness through the average peak uncertainty (APU) cannot

be directly compared to similar experimental data. However, the model predictions can be inspected to

see if they follow the expected behavior: an increase in the APU should be correlated with decreases in

the amount of spare attention and situation awareness and an increase in mental workload.

Figure 26 and Figure 27 show how the APU for the comm light, altitude indicator, and fuel indicator

correlate with the amount of spare attention and the respective task performance. On Figure 26, the y-axes

have been reversed so that a higher APU (i.e. a longer sampling period than desired) is towards the

bottom. These figures show the expected behavior: an increase in the APU is correlated with a decrease in

the spare attention, and a decrease in task performance is correlated with an increase in the APU.
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Figure 24. Experimental data showing the relationship between comm light response task/call-out performance and the amount of
spare attention.

100

90
80

70

60 4
50

40

30

20-

100 80 60 40
Spare Attention (%)

1

01.5

2

2.5

3

~4a-

0
0

80 60 40
Spare Attention (%)

100

90

80

70

60-

40

30

20-

1?00 80 60 40
Spare Attention (%)

0-

*1
8-

100

90

80

70

60

40

30

20-

1?00 80 60 40
Spare Attention (%)

Figure 25. Model-predicted data showing the relationship between comm light response task/call-out performance and the amount of
spare attention.
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Figure 26. Model-predicted data showing the relationship between the average peak uncertainty on the comm light, fuel indicator, and
altitude indicator and the amount of spare attention.
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5.5 Flying Performance

The model described in this chapter does not only prescribe attention; it is a closed-loop model that

is able to predict the effect of attention on an operator's flying performance. Figure 28 shows how the

simulated performance on the flying task (measured by the MSE between the actual and guidance-

prescribed vehicle state) compared to the experimental data from the 33% validation dataset. Each data

point represents matched conditions (phase and control mode, with or without LPR) between the

experimental data (on the x-axis) and the simulated data (on the y-axis).
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Figure 28. MSE between the actual and guidance-prescribed vehicle state, as compared to the
autopilot MSE in the same phase.

As can be seen in Figure 28, the model performs the flying task with a smaller MSE than the

experimental subjects did. Differences in the pre-mode transition phase may have occurred because this

measure is sensitive to the time required to make the first control input at the beginning of the trial. The

error between the actual and guidance-prescribed attitude is very large at the beginning of the trial

because the guidance-prescribed pitch is 240 higher than the actual pitch (450 vs. 210) and the guidance-

prescribed roll is 60 higher than the actual roll (6* vs. 00). If the operator delays in nulling these errors, the

MSE quickly builds. In the simulated data set used in Figure 28, the first fixation on the attitude indicator

was made less than half a second into the trial (0.44 0.04 s). The model responds to this error so quickly

because the attitude indicator is the top priority and the probability of fixating on it (Equation (5.2)) is

high at the beginning of a trial. While subjects knew that they had to null attitude errors right from the

beginning of the trial, it is likely that they took longer than a half second to get acclimated to a new trial.

Future work could investigate the time it took subjects to make their first control input and include this as

a "trial initialization" period in the model. During this time, the HPM could be prevented from making

control inputs.
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The model's quick response to attitude errors is likely responsible for the model's under-prediction

of MSE during mode transitions with an LPR present. The LPR introduces a step-change in the error

between the actual and guidance-prescribed pitch and roll, which must be nulled quickly. As in the

beginning of the trial, the probability of fixating on the attitude indicator is high. This leads to a fast

response to the step-change in guidance, and a lower MSE.

Differences between the experimental and simulated data in other phases and control modes may

also indicate that subjects' tolerance of errors was larger than the 1.5* pitch and roll and 1 ft/s RoD

thresholds used in the model. Future work could devise experiments to fully characterize the size of the

threshold at different parts in the experimental trial. These values could then be incorporated into future

versions of the model.

5.6 Conclusion

This chapter presents a closed-loop vehicle-operator model designed to help better understand how

the changes in operator attention and mental workload affect task performance and situation awareness.

Specifically, the model simulates how these parameters change across control mode transitions where the

priority of tasks changes and control loops shift from monitoring to manual control.

The human performance model employed in this model follows the stages of information processing

as outlined by Wickens & Hollands (2000). The Attention block determines the instrument that is being

fixated at each time step. Like the SEEV model of Wickens et al. (2003), the attention process is

determined by the value of each instrument to the current task structure (which is dictated by the control

mode) and the effort required to move one's eyes to each instrument. The effect of system state

bandwidth is handled differently than in SEEV models. This model simulates growing uncertainty in the

estimate of each system state between visual samples, which is assumed to depend on the rate-of-change

of the displayed signal (i.e. both amplitude and bandwidth). This directly links attention and situation

awareness, which is assumed to be inversely proportional to the uncertainty of a state estimate. The

Attention block stochastically simulates visual fixations on various instruments and estimates the visual

attention budget and fixation rate using Monte Carlo techniques. Parameters in the attention block were

developed in part with a dataset containing 60% of the experimental data and then validated against a

separate dataset with 33% of the experimental data. There was good agreement between the experimental

and model-predicted attention budgets in models where the effort primitive was weighted lower than the

value, uncertainty, or both.

The Perceptual Noise block simulates an operator's inability to perfectly estimate the actual state of

the vehicle (i.e. the "situation" of the vehicle). The State Estimator block describes how the operator

estimates the actual state of the vehicle from the noisy perceived value using a Mental Model of the

system dynamics and system states rates-of-change. It mimics the decrease in situation awareness that

occurs at high mental workload levels. Finally, the Action block makes pitch, roll, and rate-of-descent
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control inputs to the vehicle, and responds to simulated fuel and altitude call-outs and comm light

illuminations. Control gain is assumed to be chosen to minimize closed-loop response overshoot.

The key strength of this model is that it is a closed-loop model that concurrently simulates the

operator and vehicle. Beyond quantitatively modeling visual attention, it predicts the effect of a given

attention allocation on mental workload, situation awareness, and flying performance. In the model,

mental workload and situation awareness are measured two ways: through cognitive first principles and

task performance-based metrics that can be compared to experimental results. Mental workload is

measured by the amount of spare attention not allocated to the flying task and the performance on a

secondary comm light response task. Situation awareness is measured by the average peak uncertainty

when an instrument is fixated on and the performance on simulated call-outs of vehicle fuel and altitude.

This chapter compared the comm light response performance and call-out performance to the amount

of spare attention for both experimental and model-predicted data. There was good qualitative agreement

between the two, with task performance decreasing in both as spare attention decreased. There were

differences, primarily in how the model under-predicted performance and spare attention at the beginning

of a trial. This chapter also showed that the average peak uncertainty of an instrument increased as the

spare attention decreased, and the comm light and call-out task performance decreased as the average

peak uncertainty increased. Finally, this chapter showed that the model underpredicted the MSE between

the actual and guidance-prescribed attitude, perhaps because of this metric's sensitivity to large errors at

the beginning of a trial and at the time of an LPR.

5.7 Limitations and Future Work

The generalizability of the particular model outlined in this thesis is low because many of the

parameters are tied to the experimental scenario or experimental data. However, the modeling

methodology of uniting the SEEV Model of attention (Wickens et al., 2003), the state estimation and

prediction components of the Optimal Control Model (Kleinman et al., 1971), and the Crossover Model

of multi-loop manual control (McRuer et al., 1965) is generalizable to other vehicles and scenarios that

feature multi-loop manual control. Future researchers investigating these other domains can populate a

similar model structure with information about the task, control modes, and displays to determine how

attention and mental workload affect situation awareness and task performance. These investigations will

help to highlight emergent behaviors resulting from the human-automation integration that require further

study.

Another limitation of this modeling effort is that one experimental data set was used to both set

parameters in the model and validate the model's Attention block. Future work could validate the model

against separate experimental data. This experiment could be similar to the one described in Chapter 4,

but with a different set of subjects and/or slightly different conditions. Or, the experiment could involve a

completely separate vehicle and task set - a pilot flying approach and landing in a commercial aircraft, for
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example. Validating against data taken in a completely separate domain would increase the

generalizability of the model, but would require researchers to re-specify all the parameters in the model.

In the model, it was assumed that subjects kept attention on the attitude indicator while controlling

pitch and roll. However, experienced operators who are more comfortable controlling the vehicle may be

able to fixate on the attitude display, perceive the error, and then look away while making control inputs.

The current model is easily adaptable to this modification because it contains blocks for both attention

and manual control. If control inputs are continually made between discrete fixations, the sampling period

acts as an additional time delay in the linearized system. Including the first-order Pade approximation of

this time delay into Equation (5.7) gives:

0 8.57 1 -s+13.33 - s+2T
I= -G-___ ____ s1.3 s2 (5.8)

0.12s2 +s 0.15s+1 s+13.33 s+2T I

where T is the sampling period as in Equation (5.3). The presence of this new term reduces the maximum

gain (G) that the operator can provide without too much overshoot. Conducting a similar analysis as in

Section 5.2.3.2, the maximum gain for a 1.5* overshoot on a 70 step-change in the guidance-prescribed

pitch is 0.09. This is less than half the maximum gain for the same overshoot when the operator is only

controlling the attitude when looking at the indicator (G=0.217). Future work could use the desired

sampling periods on the attitude indicator (Table 7) and knowledge of the reference trajectory rate-of-

change throughout the trial (which gives the effective size of a guidance-prescribed pitch step-change) to

determine the necessary operator gain throughout a trial.

A final limitation of the current model is that the uncertainty parameter, u(A(i), T(i)), is fixed prior to

simulation runs. In future iterations the Mental Model could include memory of the error between the

actual and estimated states, which could be used to adapt the uncertainty parameter in real-time during a

simulation run. If the error in a particular state is large every time the operator looks at the related

instrument, he knows that his Mental Model does not match reality. This implies one of two scenarios:

either the Mental Model is inaccurate, or the Mental Model is accurate and the system is behaving

abnormally. An inaccurate Mental Model may be the result of complex, non-linear system dynamics that

are not easy for the operator to approximate. Or, the operator may be inexperienced and not have had

enough training to fully understand the dynamics. Abnormal system behavior may the result of a system

failure (see Kaderka, 2014 for a discussion of failure detection and diagnosis in the same lunar landing

environment), or the operator may have missed a task being re-allocated from the automation to manual

control. Whatever the reason for the increased error, the operator must sample the related instrument more

frequently to reduce the uncertainty in the estimate. By allowing the uncertainty parameter to vary in

response to the error, this behavior can be represented in the model.
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There has been much knowledge accrued.
Hypotheses, posed and pursued.

This, along with some text,
About steps to take next

Are put forth as the thesis concludes.
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6.0 Conclusions

6.1 Thesis Executive Summary

Modem complex aerospace systems employ flight deck automation to increase the efficiency and

safety of systems while reducing operator workload. However, too much automation can lead to overtrust,
complacency, and a decrease in operator situation awareness. In an attempt to prevent these from

occurring, the operator and the automation often share responsibility for performing tasks. The tasks

allocated to each agent are rarely fixed; instead, they can be dynamically re-allocated throughout

operations.

This thesis has been structured around a fundamental hypothesis concerning how a human operator

responds to this dynamic task allocation, presented in Chapter 1 and replicated here:

Dynamic task allocation Change in Change in tota I Re-allocation Re-allocation of
Mode transition task structure H menta I workload H of attention H situation awareness

Figure 29. Chapters of this thesis have been structured around this proposed hypothesis describing
operator response to dynamic task allocation.

It is important for system designers to understand these operator behaviors in order to design task re-

allocations that occur "gracefully," meaning that they preserve performance and situation awareness

while minimizing workload (Hainley et al., 2013). When tasks are re-allocated, the operator has a new set

of tasks to perform. Performing each of these tasks at a desired level requires a minimum amount of

cognitive and attention resources, which is called the mental workload (O'Donnell & Eggemeier, 1986).

If the mental workload of all tasks together exceeds the operator's limited capacity, he must sacrifice

attention on lower-priority tasks in favor of higher-priority ones. If attention falls below the minimum

requirement, this decrease can lead to a noticeable decrease in task performance.

Operators continuously estimate the states of the entire system in which they operate, and this

knowledge is called their situation awareness. These estimates are based on a mental model of the system

dynamics and the system states' rates-of-change. These estimates all have an uncertainty, which grows

between fixations as the estimate is projected farther into the future. The rate at which this uncertainty

grows is a function of the system state's rate-of-change and the accuracy of the operator's mental model.

Visual fixations on the display instruments give opportunities to "correct" these estimates with knowledge

of the actual state. When attention is reduced on a lower-priority instrument in response to a task re-

allocation, there are less frequent opportunities to correct the estimate of this state. As a result, the

average uncertainty in the estimate grows and the situation awareness decreases.

This thesis begins by discussing the first part of the hypothesis detailed in Figure 29: the ways in

which the task allocation can change. Dynamic task allocation is often adaptive, meaning that it occurs in
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response to changes in the state of the system, environment, or operator. Dynamic task allocation can also

be workload balancing, meaning that the task-reallocation occurs with the intent of keeping the operator

in control as much as possible while remaining at a moderate level of mental workload. There are two

specific forms of workload-balancing, adaptive dynamic task allocation: adaptive automation and

adaptable automation. In the former, the automation has the decision authority to re-allocate tasks; in the

latter the operator has this authority. There are also intermediate levels, in which both the automation and

operator have varying degrees of authority. When adaptive automation is present in a system, it requires a

triggering system to determine when to re-allocate tasks. Most commonly, the task re-allocation is

triggered on the operator's mental workload, either self-assessed through subjective scales, assumed from

their performance on the primary or secondary task, estimated from psychophysiological measurements,

or determined by a human performance model that synthesizes multiple different measurements.

Much of the academic research literature is enthusiastic about adaptive automation and has focused

on investigating its benefits and developing the enabling technologies and techniques. However, in

practice, the pilot almost always remains the sole decision authority during real-world aviation operations.

This thesis performed a hierarchical task analysis (HTA) of approach and landing in the Boeing 767 to

investigate if and how dynamic task allocation was implemented. This HTA found that automation makes

the landing more efficient and predictable, but it is not required for a safe landing. The pilots have the

ability to turn the automation on and off, but the automation never decides to take over a task on its own.

This is true even during unanticipated high-workload events, like a go-around. The procedure can be pre-

programmed into the automation, but it is still the pilot's responsibility to push a button allowing the

automation to perform the go-around.

Newer commercial aircraft contain adaptive systems, but these are not necessarily examples of

adaptive automation. For example, flight envelope protection is an adaptive system that deters (in Boeing

aircraft) or outright prevents (in Airbus aircraft) a pilot from exceeding the speed and attitude limits of the

aircraft. Boeing flight envelope protection is not an example of adaptive automation because there is no

re-allocation of tasks from the pilot to the automation. Instead, it is an example of adaptive control, in

which the automation modifies the effect that the operator's control inputs has on the control surface

deflections. Airbus flight envelope protection is not adaptive automation because the intent of this action

is to prevent damage to the aircraft, and not to balance the operator's workload. Adaptive automation

associate systems have also been developed and tested in military aircraft and rotorcraft, but they have not

been operationally implemented to the best of this operator's knowledge.

This thesis hypothesized three reasons why aircraft manufacturers and operators have not fully

embraced adaptive automation: 1) difficulties in fully testing and evaluating adaptive automation, 2)

manufacturers' desire to make the pilot the ultimate authority, and 3) the reluctance of operators to trust

adaptive automation. The remainder of this thesis addressed the first point and discussed the impact that

dynamic task allocation has on human operators' visual attention, mental workload, situation awareness,

and task performance through experimental investigations and closed-loop modeling.
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In the experimental study, twelve subjects flew mode transitions between three unique control

modes: 1) Two-axis (pitch and roll) and rate-of-descent manual control (TA+RoD), 2) Two-axis manual

control with automatic rate-of-descent control (TA), and 3) Automatic control of attitude and rate-of-

descent (Auto). A landing point redesignation (LPR) occurred during half of these mode transitions,

causing a change to the guidance-prescribed reference trajectory. Subjects' visual fixations on the

simulator displays were recorded using an eye tracking system. Five areas of interest were specified on

the display: 1) the attitude indicator, 2) the rate-of-descent (RoD) indicator, 3) a comm light, 4) the

altitude indicator, and 5) the fuel indicator. Measures of visual attention were compared to measures of

mental workload, assessed by subjects' performance on the secondary task of responding to the comm

light illuminations, and situation awareness, assessed by subjects' performance of tertiary verbal call-outs

of the vehicle fuel and altitude at predetermined intervals.

Data analyses investigated how attention was re-allocated across three specific mode transitions by

calculating the "attention budget," or the percent of attention that was allocated to each instrument in a

given phase of the trial. The results confirmed the findings of prior work done on the same project that

found mental workload and situation awareness to be dependent upon the number of manual control loops

(Hainley et al., 2013). Furthermore, it extended this prior work by identifying other factors that also

influenced the attention allocation.

Attention on the attitude indicator significantly increased across mode transitions from Auto-+TA

without an LPR, while attention on the fuel and comm light significantly decreased. This decrease in

attention corresponded to a statistically significant decrease in fuel call-out performance, but not a

significant change in comm light response time. It was suggested that attention decreased on the fuel

indicator - but not the altitude indicator, an instrument of equal priority - because of the relative

difference in the location of the instruments on the display and the timing of the call-outs. The fuel

indicator was located on the side of the display apart from other instruments, while the altitude indicator

was located in the middle of the display close to the flight instruments (attitude and RoD). Furthermore,

the altitude call-outs occurred approximately twice as often as fuel call-outs.

Unexpectedly, attention on the attitude indicator significantly decreased across TA-+TA+RoD and

TA+RoD-+TA mode transitions, even though the attitude control task was not re-allocated to or from the

subjects. It was suggested that this occurred because the guidance trajectory rate-of-change decreased

throughout each trial. The faster-changing portion of the guidance trajectory required more frequent

control inputs and therefore more frequent visual fixations. The guidance trajectory rate-of-change also

appeared to influence the allocation of attention after mode transitions. When there was an LPR at the

mode transition, subjects' attention on the attitude indicator increased before linearly decreasing over the

remainder of the trial. This same linear decrease was not seen without an LPR. It is believed that these

behaviors were the result of the increased guidance trajectory rate-of-change caused by the LPR.
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This thesis developed a closed-loop vehicle-human model to further investigate these hypotheses

about the factors that influenced subjects' attention allocation across control mode transitions. It was also

used to investigate how attention allocations correlate to mental workload, situation awareness, and flying

performance. The model was structured around the "perceive-think-decide-do" scheme of human

information processing. Like the state estimator in the Optimal Control Model, it simulated how operators

constantly estimate system states with a mental model of system dynamics and state rates-of-change,

correct these estimates with information perceived from the displays, and use these estimates to make

control inputs (Figure 31). These control inputs were based on the Crossover Model of manual control. In

the model, operator attention was influenced by three "primitives": 1) the value of each instrument to the

current task structure, which is a function of task priority; 2) the effort required to move eyes to each

instrument, which is a function of the display layout; and 3) the level of uncertainty in the current

estimate of each instrument's state, which is a function of the desired and actual sampling periods of the

instrument. The first two primitives were similar to those in the SEEV models of attention, but the third

primitive was new to this thesis. The uncertainty primitive was developed to directly relate attention and

situation awareness, which is inversely proportional to the uncertainty of a system state estimate.
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Estimate

+ Eri Mental Model Stte:A#t,.
Estimate of Vehicle Dynamics

Peretual
Noise

Error between-
Reference and Actual

Guidance
Reference

L Trajctor I Dynamicsa lActual Commanded
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Figure 30. Structure of the integrated vehicle-human model. Figure repeated from Chapter 5.

These three primitives, and other parameters describing attention, were specified from existing

literature, engineering first principles, knowledge of the experimental scenario design, or based on a data
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set containing 60% of the experimental data. The model was used to simulate multiple runs of all mode

transitions, and the attention budget was compared to a separate data set containing a different 33% of the

experimental data. The weightings of the value, uncertainty, and effort were varied to investigate the

sensitivity of the model outputs to these parameters. The results show a good match between the

simulated and experimental data, and suggest that the value and uncertainty primitives influence attention

more than effort, as prior research has found (Wickens et al., 2005; Steelman et al., 2011).

The model was also used to investigate the relationship between mental workload, situation

awareness, and task performance. Other prior human performance models, like CASCaS and N-SEEV, do

not have the ability to simulate all of these together with visual attention. Mental workload was measured

by the spare attention not allocated to the flight instruments and by the response to simulated comm light

illuminations. Situation awareness was estimated by the average peak uncertainty (APU) of an instrument

when it was fixated and by simulated call-outs. Unlike the MIDAS or A-SA models of situation

awareness, the prediction of situation awareness by simulated call-outs could be compared to similar

experimental data.

The correlation between performance on the comm light response task and call-outs was compared

to the spare attention for both the simulated and experimental data. While there were specific differences,

the overall trends were the same for both data sets. As spare attention decreased, task performance also

decreased. The model-predicted APU was then compared to the amount of spare attention and task

performance. As expected, an increase in APU was correlated with decreases in spare attention and task

performance. Finally, the model was used to predict performance on the primary flying task, and the

results were compared to the experimental data. The model was found to underpredict the MSE between

the actual and guidance-prescribed attitude, which may be due to the sensitivity of this metric to large

errors at the beginning of a trial and at the time of an LPR.

6.2 Recommendations for the Adaptive Automation Field

The conclusions to each chapter discuss future work specific to that chapter's contents. This section

provides additional suggestions for future work for the entire adaptive automation field. These

recommendations discuss areas that, in the opinion of the author, should be investigated to promote the

future implementation of adaptive automation in operational systems.

6.2.1 Sensitivity and Specificity of Workload Measurement Techniques

As described in Section 2.1.2, adaptive automation requires a system for triggering a task re-

allocation. This triggering process can be viewed as a binary classification test, and it must have a high

probability of correctly detecting a change in the flight events or an increase in the pilots' workload (i.e. it

must have high sensitivity), while minimizing the number of incorrect re-allocations (i.e. it must have

high specificity). Sensitivity and specificity thus both influence how well the state of the system and the

operator can be determined. If the automation incorrectly classifies the system or operator state due to
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noise in the event or workload detectors, it may re-allocate tasks at an unexpected or inappropriate time.

This mismatch between pilot expectations and automation actions may lead, at best, to distrust in the

automation, increased reluctance to use it, and/or extra time and effort spent making sure it is functioning

properly (Parasuraman & Riley, 1997). At worst, it can cause a fatal accident. These issues will occur

both if the automation determines that an operator's mental workload is above a given threshold when it

is not (a "false positive" or type I error) or if the automation fails to recognize situations in which the

operator workload is actually above the threshold (a "false negative" or type II error). It is critical that the

automation's sensors and data-fusion algorithms minimize the number of type I and II errors to a level

where pilots can be confident in the automation's predictability.

Adaptive automation clearly requires reliable detection of unexpected events, poor pilot

performance, high mental workload, and/or the loss of situation awareness. But, how reliably can these

states be detected with a given adaptive automation triggering system? One can frame the question using

signal detection theory (Green & Swets, 1966) and the concept of a receiver operating characteristic

(ROC) curve.

The ROC curve helps to clarify the tradeoff between type I and type II errors. It plots the true

positive rate on the y-axis and the false positive rate on the x-axis. A simplified diagram of an ROC curve

can be seen in Figure 31.
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Figure 31. A representational receiver operator characteristic (ROC) curve is plotted in red. The

grey shaded area represents the area under the curve (AUC).

The shape of an ROC curve is set by the separation between the signal and the noise in the

underlying processes and the design of the instrument. The experimenter or system designer can set the

detection threshold to operate the instrument at any point along the ROC curve, trading off sensitivity and
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specificity. The chosen operating point should depend on the relative costs of false alarms and benefits of

correct decisions in the operational context.

Because of this, the area under the curve (AUC) is an accepted summary metric that gives one

number of the detection system's discriminatory power (i.e. the detection system's reliability). It does not

depend on the chosen operating point. An AUC of 1 is perfect performance, and an AUC of 0.5 represents

no discriminatory power (the detection system is randomly guessing). The medical literature suggests that

AUC values of 0.97 or higher have "very high clinical value," due to the potentially high cost of an errant

diagnosis (Fan et al., 2006). However, this domain is different from aviation and spaceflight, and the

required AUC may be different as well.

These questions are closely related to research that has shown how decreasing automation reliability

decreases operator trust, which in turn influences them to use less automation (Lee & Moray, 1992; Lee

& Moray, 1994; Dzindolet et al., 2003; de Vries et al., 2003; Lee & See, 2004). Future research can build

off of these studies, investigating the proper level of reliability (i.e. the minimum AUG) that gives the

highest operator-automation system performance. This minimum AUC is likely to be different with

different levels of operator experience, domains, environments, and types of automation. Future research

should investigate these questions, testing how automation reliability affects the trust of novice and expert

commercial aviation pilots or how the requirements for reliability are different depending on the stage of

information processing completed by the automation.

Most researchers have contented themselves with characterizing the effect of automation using

traditional tests of statistical significance. They manipulate the level of automation or the task difficulty

and measure the effect on operator performance, workload, and situation awareness through a variety of

techniques (see Section 2.1.2 and Section 4.1 for details on these measurement techniques). The

measurement technique is considered sensitive to the changes in the experimental conditions if the data

shows a statistically-significant difference between the performance, workload, and situation awareness

measures across conditions. This is an incomplete evaluation of a measurement technique's capabilities

because it does not fully characterize the specificity. Future research should characterize the ROC curve

and the AUC to fully evaluate sensors and data-fusion algorithms to measure changes in operator

performance, workload, or situation awareness.

Recommendation 1: Future research into adaptive automation triggers should investigate how

operator trust of the trigger is affected by its reliability (quantified by the AUC) and the chosen

operating point on the ROC curve under different levels of operator experience, domains,

environments, and types of automation.

Recommendation 2: Future research into adaptive automation triggers should characterize the ROC

curve and A UC of the measurements(s) and compare these to the recommendations made by the

research addressing Recommendation 1.
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6.2.2 Ecological Validity of Simplified Experimental Conditions

There is no question that research conducted with simplified experimental conditions is a necessary

precursor to more detailed applied research and implementation. The noise and heterogeneity present in

actual operational systems and scenarios are greatly reduced, which makes it easier to manipulate a

variable and measure the effect. However, it is not clear whether the results from laboratory studies of

adaptive automation have ecological validity, meaning that the measured effects would also be observed

in real-world operational systems.

One way to determine the ecological validity of research conducted with simplified experimental

conditions is to construct full systems and human-in-the-loop evaluations that employ adaptive

automation in a complex environment that closely represents an operational system. A few projects have

constructed such systems to serve as technology demonstrations and experimental platforms. However, as

far as the author is aware, none of these demonstration systems have yet transitioned to real-world

operations.

One example is the Pilot's Associate (PA) and Rotorcraft Pilot's Associate (RPA) described in

Section 3.3. A more recent system employed adaptive automation for naval command and control tasks

(Arciszewski et al., 2009; de Greef & Arciszewski, 2009; de Greef et al., 2010). Before operations, the

user set "working agreements" that dictated when and how the automation should increase its authority.

During operations, the automation used operator performance measurements and a model of operator

cognition to estimate operator workload and trigger the adaptive automation. Lastly, the Playbook

concept is a method of adaptable automation that makes it easy for the operator to delegate tasks to

automated unmanned air vehicles (UAVs) (Miller, 2005; Miller & Parasuraman, 2007; Shaw et al., 2010;

Miller et al., 2011). A "playbook" consists of a number of levels of automation that are available to the

operator - manual control, selecting a pre-defined automated "script" for one UAV, or selecting a pre-

defined automated "play" for multiple UAVs. While Playbook is a full, implementable system employing

dynamic task allocation, it has only been tested in laboratory simulation environments.

Future research should take the results of research conducted with simplified experimental

conditions and see how they hold in more complex, realistic environments, either physical or virtual. This

will highlight areas of adaptive automation that are well understood, and provide guidelines for its

implementation in future operational systems. Additionally, this research will identify complexities of

real-world systems that change the way operators interact with adaptive automation. These complexities

can then be investigated further in simplified experiments, closing the loop.

One important caveat to this recommendation is that the validation and verification of environments

increases as the complexity increases. This occurs because a larger number of trials is required to

encounter and statistically characterize all possible behaviors. As was stated in Section 3.4, there were

difficulties in fully evaluating the PA and RPA associate systems because of the high-fidelity
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environment (Smith and Geddes, 2003). If the simulation environments cannot be validated, then they

cannot be used for the detailed design, verification, or certification of operational adaptive automation

systems. However, they can still be used for investigative research. It is also important for future

researchers to build upon well-validated research conducted with simplified experimental conditions and

to compare the results of models and virtual environments to similar experimental data, when possible.

Recommendation 3: Future research should investigate implementations of dynamic task allocation in

more complex and realistic scenarios, using the results of prior research conducted with simplified

experimental conditions as a starting point

6.2.3 Using Pilot Flying-Pilot Monitoring Interaction as a Modelfor Adaptive Automation

The interaction between the pilot flying (PF) and pilot monitoring (PM) in commercial aviation can

serve as a model for how adaptive automation can be best implemented in operational systems. During

flight, the PF is responsible for the aircraft's horizontal and vertical flight path and energy management

regardless of the automation mode. The PF must be engaged in either manual control, directly hand-flying

the aircraft, or supervisory control, monitoring the automation when it is flying the aircraft. The PM (also

called the pilot not flying) has the responsibility for cross-checking the PF, performing tasks requested by

the PF, and monitoring the state of the aircraft. The aircraft state to be monitored includes the flight

director and flight management system (e.g. target airspeed and heading), aircraft systems (e.g. engine

performance), and aircraft configuration (e.g. flap and slat settings). The PF and PM roles are distinct

from the captain / first officer designation, and either member of the crew can perform the roles of the PF

or PM. However, the captain remains the final authority in the cockpit.

The task structure between the PF and PM can change during flight, such as in response to a change

in the phase of flight. When this occurs, the PF does not have to tell the PM what to do. Instead, both the

PF and PM assume their new tasks as codified by the airline's standard operating procedures (SOP). The

primary purpose of these procedures is to "identify and describe the standard tasks and duties of the flight

crew for each flight phase" (Flight Safety Foundation, 1998c, p. 1). At their core, SOPs prescribe

mutually agreed-upon strategies for a given phase of flight or off-nominal scenario that help the pilots to

develop a shared mental model. At any point in the flight, the PF and PM know what tasks are their own

responsibility and what tasks are the other pilot's responsibility. When each pilot follows the SOPs during

dynamic task re-allocation, they both have the authority to shed old tasks and begin new tasks. The pilots

are required to communicate verbally and by physically pointing to altered control settings, procedures

that reinforce the shared mental model between them.

Pilot flying-pilot monitoring interaction can serve as a model for pilot-automation interactions and

highlight areas where pilot-automation interaction is currently deficient. One such area is the shared

mental model described in the previous paragraph. To complete the flight successfully, both pilots must

understand the dynamics and control of the aircraft, the task structure and how to complete each task,
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their own role in the task structure, and "the knowledge, skills, abilities, preferences, and other task-

relevant attributes of their teammates" (Cannon-Bowers et al., 1993, p. 232). It is important to note that

the shared mental model involves understanding of the other by both agents. In order for the pilots and the

automation to share a mental model, each needs to understand how the other behaves.

Developing a shared mental model between the pilots and the automation is difficult because of

communication barriers between the two. Communication is necessary for the pilot and automation to

"access" each other's models, test their own knowledge of the system and environmental states, and

update the other's knowledge (Sheridan & Verplank, 1978). Pilot flying-pilot monitoring communication

can occur naturally, whereas pilot-automation communication must be mediated through an interface.

Two pilots can engage in nonverbal "consequential communication," where information emerges as a

consequence of the pilots' actions instead of being communicated intentionally (Segal, 1994). In other

words, the pilots can see what each other is doing at all times and understand what tasks are being

performed. This nonverbal communication is essential for developing the shared mental model between

pilots. It allows each pilot to gain a concrete understanding of the state of the other pilot and the tasks that

he is completing. Because the automation and the pilot cannot communicate in this manner, it can be

harder for each to understand what the other is doing. They must make a conscious decision to

communicate their actions and intentions to each other through text and words.

These limitations in pilot-automation communication and shared mental models are barriers to the

implementation of adaptive automation in operational systems (Scerbo, 1996). If communication and the

shared mental model are improved, the automation's behaviors will be more predictable and it is more

likely that pilots will accept the automation having some authority to re-allocate tasks. Future research

should use the interaction between two pilots as a model for developing automation capabilities and

interfaces that enable the pilot and the automation to easily share mental models. Considering the

automation as a team member has been proposed conceptually in the literature for some time (Sheridan &

Verplank, 1978; Christoffersen & Woods, 2002; Klein et al., 2004; Goldman & Degani, 2012), and new

cockpit interfaces have been proposed that attempt to clearly communicate information to the pilot based

on "etiquette rules" (Miller & Funk, 2001) or crew resource management protocols (Geiselman et al.,

2013). However, these principles have not yet fully implemented in operational automation and interface

design.

Recommendation 4: Future research should use the interaction between two human pilots as a

model for developing automation capabilities and interfaces that enable the pilot and the automation to

easily share mental models.
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6.3 Research Contributions

In summary, this thesis has made the following contributions to the field of dynamic task allocation

research, including:

Chapters 1 and 2

1. Developed a 3-part taxonomy for classifying systems and procedures based on whether or

not they: 1) feature the dynamic re-allocation of tasks between the operator and automation,

2) are adaptive, responding to the state of the operator, system, and environment, and 3) are

workload balancing, meaning that their intent is to keep the operator in control as much as

possible while remaining at a moderate level of mental workload.

2. Clarified the definition of adaptive automation as systems that feature adaptive,

workload-balancing dynamic task allocation initiated by the automation (Chapter 2).

Chapter 3

3. Found that adaptive automation, per this definition, has not been implemented in commercial

aviation approach and landing, adaptive systems in recent commercial aircraft, and

operational military aircraft and rotorcraft. In commercial aviation approach and landing, the

dynamic allocation of tasks is pilot-initiated adaptable automation (Section 3.1). The

adaptive systems in recent commercial aircraft cannot be considered adaptive automation

because they do not initiate a re-allocation of tasks, and/or they are not workload balancing

(Section 3.2). While adaptive automation associate systems have been developed for military

aircraft and rotorcraft, they have not been operationally implemented to the best of the

author's knowledge (Section 3.3).

4. Hypothesized three reasons for this lack of adaptive automation in operational aviation

systems: 1) difficulties in fully testing and evaluating adaptive automation, 2)

manufacturers' desire to make the pilot the ultimate authority, and 3) the reluctance of

operators to trust adaptive automation (Section 3.4).

Chapter 4

5. Conducted the first experimental investigation that measured subjects' visual fixations,

flying performance, mental workload, and situation awareness all together during control

mode transitions in which specific control loops varied between passive monitoring and

active multiloop control.

6. Quantified how subjects increased and decreased attention on instruments across control

mode reversions from autopilot to two-axis manual control and the effect that this had on

performance-based measures of workload and situation awareness (Section 4.4.1).
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a. A 14% increase in attention on the attitude indicator was accompanied by 5%

decreases in attention on both the fuel indicator and the comm light. There was no

significant change in performance on the comm light response task, but there was a

significant decrease in performance on the tertiary fuel call-out task: subjects

responding to 89% of the call-outs pre-mode transition, 39% during the mode

transition, and 65% after the mode transition.

7. Suggested that attention on the attitude indicator across control mode transitions where the

flying task was not re-allocated was influenced by the rate-of-change of the guidance

trajectory, which dictated the required frequency of control inputs (Section 4.4.2).

a. Attention on the attitude indicator significantly decreased 13% across mode

transitions from two-axis rate-of-descent control to two-axis control. This occurred

even though attention removed from the rate-of-descent indicator could have been

allocated to the attitude indicator, which was required for the primary task. This

likely occurred because the guidance trajectory rate-of-change was greater before

the mode transition, which required more control inputs and a greater amount of

attention.

8. Also suggested that attention on the attitude indicator after a mode transition with a landing

point redesignation was influenced by the rate-of-change of the guidance trajectory (Section

4.4.3).

a. Subjects increased attention on the attitude indicator in response to the step-change

in flight guidance error caused by a landing point redesignation and then decreased

their attention on this instrument at a rate of -3.5%/6-s window after the mode

transition. Suggested that this occurred because the landing point redesignation also

caused an increase in the guidance trajectory rate-of-change that lasted for

approximately 18 s.

Chapter 5

9. Developed a closed-loop human-vehicle model that simulates attention allocation across

control mode transitions and predicts operator mental workload, situation awareness, and

flight performance.

10. Extended the SEEV model of attention in two ways: 1) capturing the influence of the

uncertainty in system state estimates that grows between visual fixations on the related

instrument, and 2) predicting the sampling period instead ofjust the total percent of attention

(Section 5.2.2.3). The uncertainty parameter is specified by a desired sampling period, and

the model compares this to the achieved sampling period to give a measure of situation

awareness based on cognitive first principles (Section 5.2.2.6).

11. Investigated how weighting the different primitives that determine attention allocation (the

value of an instrument to the current task structure, the uncertainty of the instrument's

estimate at the current time step, and the effort to move the eyes to the instrument)
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influenced the difference between the experimental and model-predicted attention budgets

(the percent of attention allocated to each instrument) (Section 5.3). Found that when the

uncertainty was weighted twice as much as the value and effort that the average difference

on an instrument was 3.6%.

12. Found that when the effort primitive was weighted equally to the value and uncertainty

primitives, the model under-predicted the attention on the instruments located on the

peripheries of the lunar landing display (Section 5.3).

a. The mean square error between the experimental and model-predicted attention on

the fuel indicator and comm light were 4.5 and 2 time higher, respectively, than the

other primitive weighting sets. This suggested that subjects were not impeded from

making high-effort eye movements to an instrument when its value and uncertainty

were high.

13. Predicted operator mental workload and situation awareness by cognitive first principles and

performance-based measures that could be compared to experimental data. Based on

cognitive first principles, workload was measured by the spare attention not allocated to the

flying task and situation awareness was assumed to be proportional to the uncertainty in the

estimate of a system state (Section 5.2.2.6). Performance-based metrics used were responses

to a comm light illumination to predict mental workload (Section 5.2.6) and verbal call-outs

of vehicle state to predict situation awareness (Section 5.2.5.2).

14. Took steps to validate this model's predictions of visual attention, mental workload (as

measured by spare attention and secondary task performance), situation awareness (as

measured by tertiary task performance), and flying performance against a portion of the

experimental data not used to specify model parameters (Section 5.4).

Chapter 6

15. Recommended directions for future adaptive automation research to address research gaps

and to help enable the implementation of the concept in operational systems (Section 6.2).
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Appendix A. Additional Details on Experimental Methods

Digital elevation maps

The following three digital elevation maps (DEMs) were used in the experimental data-collection

trials. As is stated in Section 4.2.1, the shades of grey and contour lines on the DEM indicated lunar

terrain of different altitudes. Subjects were told the red square symbolized a prior radar "scan area," on

which hazards and LAPs had been identified. Subjects could overfly the red hazard areas but not land in

them. All trials began targeting the center of the scan area as the LAP. In Figure 32, the white crosshairs

representing the vehicle position is over the scan area center. In some trials, the LAP was automatically

redesignated to one of the alternate LAPs (marked with cyan circles).

Map 0: Map 1:

Map 3:

Figure 32. Digital elevation maps used in the experimental data-collection trials, cropped to only
show the square, red "scan area."
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Subject demographics

Demographic information for the twelve experimental subjects is shown in Table 14. Only one

subject had flying experience, and he held a private pilot license (PPL) with 260 flight hours. Five other

subjects had experience with computer flight simulators, to varying degrees. While flight experience

varied between subjects, all were trained to a similar level of performance before the data-collection

trials.

Table 14. Demographics of experimental subjects.
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Subject Gender Age Handedness Contacts Pilot Computer-based
Number Prescription Experience Flight Simulator

___________ Experience

1 M 24 R None No No

2 M 22 R None No No

3 F 23 R None No No

4 M 31 R None PPL Yes

5 M 21 R None No Yes

6 M 28 R None No No

7 F 22 R None No Yes

8 M 20 R -5 in both No Yes

9 F 21 R -1.5 in right, No YesF 21 R-1.75 in left

10 F 22 R -4 in both No No

11 F 24 R None No No

12 M 28 R None No Yes



Test matrices

In the following test matrices, VC 1 represents the pre-mode transition control mode and VC 2

represents the post-MT control mode. In each trial, a landing point redesignation (LPR) was either present

(LPR=1) or not (LPR=0).

Table 15. Test matrix for training protocol.

Trial Map Offset VC 1 VC 2 LPR Failure Falure

1 12 R Auto Auto 0 None

2 13 L Auto TA 1 None
3 14 R Auto TA+RoD 1 None

4 15 L TA Auto 1 None

5 12 R TA TA+RoD I None

6 13 L TA+RoD Auto 1 None

7 14 R TA+RoD TA 1 None

8 15 L TA Auto 0 Fuel 61.41

9 12 R TA+RoD TA 1 Fuel 54.17

10 13 L TA Auto 0 Radar 57.54

11 14 R Auto TA+RoD 1 Radar 53.79
12 15 L TA Auto 0 Thrust 53.67

13 12 R TA TA+RoD 1 Thrust 54.02

14 13 L TA+RoD Auto 0 Fuel 58.90
15 14 R TA+RoD TA 1 Radar 56.76
16 15 L TA TA+RoD 1 Thrust 63.48

17 12 R Auto TA 0 None

18 13 L TA Auto 0 Radar 63.70
19 14 R TA TA+RoD 1 Fuel 60.67

20 15 L TA+RoD Auto 0 None

21 12 R TA+RoD TA 1 Thrust 57.72
22 13 L Auto TA+RoD 1 Radar 54.36
23 14 R Auto TA 0 Fuel 52.34
24 15 L Auto TA+RoD 1 None

25 12 R TA Auto 0 Thrust 52.51
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Table 16. Test matrix for data-collection trials.

Trial Map Offset VC1 VC2 LPR Failure
Failure
Time

1 0 R TA+RoD Auto 0 Radar 61.02

2 0 R Auto TA 0 Thrust 50.30

3 1 L Auto TA+RoD 0 Fuel 53.19

4 1 R TA Auto 1 None

5 3 L TA TA+RoD 1 Radar 59.14

6 1 L TA+RoD TA 0 Thrust 60.82

7 3 L Auto TA+RoD 1 None

8 0 L Auto TA 1 Fuel 63.67

9 1 R TA+RoD Auto 1 Thrust 54.30

10 1 L TA TA+RoD 0 Radar 62.30
11 3 L TA+RoD TA 1 Fuel 54.17

12 3 L TA Auto 1 Thrust 60.05
13 1 L Auto TA 0 None

14 3 R TA+RoD Auto 0 Fuel 58.56
15 1 R Auto TA+RoD 1 Thrust 56.04

16 1 L TA Auto 0 Radar 57.45
17 0 L TA TA+RoD 1 None

18 1 R TA+RoD TA 1 Radar 54.60

BREAK

19 1 L TA+RoD Auto 0 Fuel 61.38
20 0 L Auto TA+RoD 1 Thrust 60.98
21 3 R TA Auto 0 Radar 51.78
22 3 R Auto TA 0 None

23 0 R TA TA+RoD 0 Fuel 58.72
24 3 L TA+RoD Auto 1 None

25 3 R TA+RoD TA 0 Thrust 58.54
26 0 R Auto TA+RoD 0 Radar 53.79
27 1 R Auto TA 1 Fuel 58.53
28 0 L TA Auto 1 None

29 0 L TA+RoD TA 1 Radar 59.98
30 3 R TA TA+RoD 0 Thrust 54.02

31 0 R TA+RoD TA 0 None

32 0 R TA Auto 0 Fuel 52.12

33 1 R TA TA+RoD 1 None

34 0 L TA+RoD Auto 1 Thrust 59.71

35 3 R Auto TA+RoD 0 Fuel 60.86

36 3 L Auto TA 1 Radar 60.56
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Setup and Calibration of the Tobil x50 Eye Tracker

The Tobii x50 eye tracker was mounted below the simulator displays, as seen in Figure 33:

Figure 33. Location of the Tobii x50 eye tracker in the Draper Laboratory fixed-base lunar landing
simulator.

The specific locations and orientations of the eye tracker and subject are detailed in Table 17 and

Figure 34.

Table 17. Details of the eye tracker and subject positioning in the lunar landing simulator.

Parameter
Distance from eye tracker to screen (D, Figure 34)

Angle between eye tracker and screen (0, Figure 34)
Distance from eye tracker to the floor

Distance from subjects' eyes to the floor
Distance from eye tracker to subjects' eyes

Value
3.5 in

36.75 in
45.9 0.4 in
22.4 0.7 in

(9 cm)
3.50

(93 cm)
(117 1 cm)
(57 2 cm)
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67D

Figure 34. Representation of the parameters that specify the eye tracker's positioning relative to the
simulator displays (Tobii Technology, 2005).

This placement of the eye tracker gave an accurate reading of subjects' point-of-regard on the

simulator displays, and did not interfere with any of the experimental tasks. The operational range of the

eye tracker was only 19.1 in (49 cm) wide, which is 3/4 the width of the two simulator displays combined

(25.75 in (65 cm)). As a result, the instruments were all moved towards the center of the combined

display to reside within the eye tracker's operational range.

As is stated in Section 4.2.3, there were two calibration procedures performed. The first was the x50

eye tracker's native 9-point calibration routine. The second was developed by the experimenters to

compensate for substantial, yet consistent, error left from this native calibration. In this secondary

calibration, 9 paper circles were placed on the simulator displays, as shown in Figure 35:

Figure 35. The orange circles on the simulator displays were used in the secondary calibration.
These calibration points were taped to the display, and could be removed and re-applied.
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Subjects were asked to look at each of these 9 calibration points 5 times, and the average x and y

error about each point was determined. These nine "corrections" were applied post-hoc to each

subsequent fixation, weighted by the inverse square distance between the fixation and the particular

calibration point.

After both calibration routines were performed, subjects performed a validation step subjects were

instructed to fixate on a series of 11 different instruments in order (Figure 36). Subjects' points-of-regard

on the simulator displays were recorded, and both calibrations were applied to the data. Then, the data

was inspected to make sure the fixations fell within the AOI they were actually looking at. This validated

the attention data collection procedures, and cleared the subject to participate in the remainder of the

experiment.

Figure 36. In the eye tracker validation, subjects looked at these 11 instruments in the specified
order.
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Appendix B. Additional Experimental Results

Attention Budgets for All Mode Transitions

The following section shows the attention budget (similar to Figure 6) for all six mode transitions,

with and without landing point redesignations (LPR). The legend for all figures is the same, and is shown

in Figure 37. The order of the instruments listed is the same order as the instruments in the stacked bars,

from top to bottom.

Overhead
Other
Fuel
Aftitude
Comm
RoD
Attitude

Figure 37. Legend for attention budget figures.

TA-+Auto

without LPR with LPR
1 00 W.100-7

go 90

80- 80

70 70

C C

.2 60 .2 60-C C

50 50
o 0

40 40

a. 30 -. 30

20 20

10 10

0 0
Pre-MT During-MT

Phase
Post-MT Pre-MT During-MT

Phase
Post-M I

142



TA+RoD-,,Auto

without LPR with LPR

~60-. 60

<50 < 50
4- - ' 4-

0.. 30- a.30-

20- 20-

10- 10-

0 Pre-MT During-MT Post-MT 0-Pre-MT During-MT
Phase Phase

TA+RoD-TA

without LPR with LPR

760 0-

S50 < 50-

~40 C 40-

CL30- d- 30-

20- 20-

10- 10-

0 - 0 -
Pre-MT During-MT

Phase
Post-MT Pre-MT During-MT

Phase

143

Post-MT

Post-MT



Auto--+TA

without LPR
100

90

80

70

60

50

40

30

20

10

0
Post-MT

C

0a.

0

100

90

80

70

60

50

40

30

20

10

0

with LPR

Pre-MT During-MT
Phase

without LPR

Pre-M i Durng-M i
Phase

Auto-TA+RoD

100

90

80

70

60

50

40

a 30

20

10

0
Post-MT

with LPR

lre-M i Uunng-M i
Phase

144

Pre-MT During-MT
Phase

C
0
C
ci,

0
C

0~

Post-MT

100

90

80

70

60

50

40

30

20

10

0

C
0
C
a)

0
C
0)
0
ci)
a-

Post-MT



TA-+TA+RoD

without LPR

Pre-MT During-MT
Phase

Post-MT

100 r

0

C

90-

80-

70-

60-

50-

40-

30-

20-

10-

0

with LPR

Pre-MT During-MT
Phase

Number of Fixations and Dwell Durations for All Mode Transitions

The following section shows the number of fixations and dwell duration (similar to Figure 10) for all

six mode transitions, with and without landing point redesignations (LPR). The number of fixations is

measured on the y-axis, and the dwell duration is indicated by the size of the data points. The legend for

all figures is the same, and is shown in Figure 38.
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Figure 38. Legend for plots of fixation and dwell duration. The dwell duration legend is to-scale
with the rest of the figures presented.
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Transient Effects on the Secondary Instruments Post-Mode Transition

This section shows the post-mode transition transient behaviors (similar to Figure 14) in the percent

of attention on the comm light, altitude indicator, and fuel indicator. The data represents the four mode

transitions ending in manual control modes (TA or TA+RoD), and is split by whether or not there was a

landing point redesignations (LPR).
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Appendix C. Experiment Training Slides

After subjects performed the initial eye tracker calibrations and were approved to participate in the

study, the experimenters walked them through the following training slides (prepared by Kaderka, 2014).

After this initial presentation, subjects were given further hands-on training in the simulator. This session

that lasted approximately 1 hour. During this training session, they were taught how to fly the lunar

lander, complete the secondary and tertiary tasks, and detect and diagnose failures. The experimenters

gave comments and suggestions to the subjects and answered questions.

Lunar Landing Simulator
Training Slides

Aaron Johnson
Justin Kaderka

Draper: Kevin Dude
MIT: Chuck Oman
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Introduction

- Atypical lunar trajectory has 3 phases
- Braking phase (deceleration out of orbit)
- Approach phase (to establish visual contact with the surface)
- Terminaldescent phase (pilot directs vehicle down to the

surface)
- This experiment focuses on the terminal descent phase of

landing

Introduction

- Goal of today's experiment:

- Investigate the instrument scanning behavior of
pilots in simulated lunar landing scenarios
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The Scenario

- You'll be flying a lunar lander in a simulated
terminal descent

- Several displays will be available to assist you,
and you will make use of several control
modes

- A flight director will also assist your landing
efforts

- There will be a total of about 70 Simulations
(about 70 seconds each)

The Scenario continued...

- You begin in one of three control modes (Mode 1),
which may or may not require you to fly the vehicle.

- After 20s, you will be required to make a mode
transition to one of three control modes (Mode 2),
which may or may not require you to fly the vehicle.

- You will need to refer to the mode annunciator to see
your current control mode.

- During the trial you are asked to:
1) Null guidance errors
2) Monitor system states and detect and diagnose any

system failures that may occur.
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Control Modes
- Three control modes

- Autopilot [Auto]

- Triple axis control [TA)
- Rate command attitude hold (RCAH)

- Pitch, roE, and yaw
- Joystick inputs command angular velocities
- Hands off joystick- spacecraft holds attitude

Rate of descent controlled by autopilot
- Triple axis and rate of descent control [TA+ROD]

* RCAH (pitch, roll, and yaw) identical to previous mode
Incremental rate of descent- 1ft/s intervals

" Mode Annunciator Panel (shown in next slides)

Highlighted box:
Current control mode

Displays
- Two displays will be provided

- Primaryflight display (PFD)
* Provides information about ve hide

states, such as attitude, horizontal and
vertical velocity

- Provides flight director cues
* Usesasimulated horizon; does not

show out-the-window information
- Horizontal Situation Display (HSD)

- Provides information about hazards
and recommended landingaimpoints

* Provides information about the
amountof fuel remainingthrough the
use ofachievability contours

- Top down (bird's eye)view of terrain
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Displays - Primary Flight Display

A. Annunator

Horizona

Displays - Horizontal Situation Display (1/2)

Fuel cntomr
Deshedline:
Bigo mark (20s
fuel remaining).
Solid line: max.
acNevable area
withfuel
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Displays - Horizontal Situation Display (2/2)
- Mode1:

SHSD is static map showing possble landing aii points
- Guidance targeting ass4irs

- Once timer reads 5s, the computer selected landing aim point is highlighted (cross-airs can also be
hilh1*91ted)
Once tiner reads Os, tit the mode transition button to transition to a different control mode

- Mode2:
- sD is moving bird's eye ap (spaecraft is ied in center of screen)

* Qidance targets selected kitransition (you
20 second Computer-selected are south of landing area,
timer landirg aim point flying north)

Mod 1Mode 21 x

Failure 1/3 -Thruster stuck on
* A thruster may fai on (firing)

- Efect in m -ns=W atris truster studc on resilts in carstant pitch and ra guts (pitch
dWn, rleft)

- Effect in B"I gt ftrol - autoplot system alows pitch and rao errors to acumiulate widiin
a ded band of 5 d ,hennuis errors, then aows errs to accumulate agai. Restdts in a

* Primary cues- unexpected movements in attitude indicator (two axes)
* Secondary cue -An increased number of inputstojoystick in manual control
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Failure 2/3 - Fuel Leak
* Fuel leak may occur and cause a decrease in amount of descent engine

fuel available
* Primarily cue - fuel contours shrink at a faster rate
" Secondary cue- percentfuel remaining in fuel gauge decreases

with faster rate

Fuel contours
shrink at faster
rate

Failure 3/3 - Faulty landing radar
* Landing radar malfunctions and causes faulty signals (noise) in altitude, rate of descent,

and horizontal velocity
- Recognized by errors between gidance and attitude, errors in position velodty vector

* Primary cue - Noise in guidance needles in both axes)
* Secondary cues- Increased noise level in altitude, rate of descent, and noise in

horizontal velocity

Guidancecue
errors (nise)

Position velocity
noise

Noisein altitude
and rate of
descent
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Failure Summary

* Thruster stuck on
- Primary cue -errors in attitude indicator (two axes) and motion cues

(if present)

* Fuelleak
- Primary cue -fuel contours shrink faster

* Faulty landing radar
- Primary cue -noise in guidance needles (in both axes), and noise in

horizontal position velocity

Controllers

Throwe IJo1tk
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Controllers
Throttle

- Press up/down on button to
decrease/increase rate of descent by
1 t/s

Joystick
- Fore-aft motion of the stick

commands pitch, and left-right
motion commands roll

* Use the trigger to detect failures and
another trigger pull to diagnose
failures

- Use green and blue buttons on top of
joystickto answer alert requests

" Use center button on top to charge
modes

Green
button

Incremental rate of
descent controller

Failure
detection

transitiononi~

Other Communications
- At various intervals, ground control will request your

attention (as designated by a lit "Comm" light on the landing
area display)

- The "Comm" lightwill betransparent (neutral) if you have
attendedto all requests, and will appear lit (blue or green) if
your attention is needed

- It is your responsibility to attend to these requests
- If the left light is lit, piess the blue button on thejoystick
- If the right light is lit, press the green button onthejoystick

- The light will turn off once you press the correct button
- Tryto attend to the requests as quickly as you can
- However, do NOT compromise your main task (detection of

any system failures and piloting the spacecraft)
- Only address the Com"f signal ifit will not hinderyour flyirg

perfbrmance /fail um detect:ion
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Situational Awareness
- Three types of callouts:

- Altitude,fuel, and landing area display
landmarks

- Passing Altitude Callout
- Every 100 ft until _%ft, every 50ft afterwds

- Fuel Percent Change Callout
- Every 5% increments (e.g. 95% 90%, etc)

o Landing area display landmarks
- "Scan area" -Scan areain view
- 'Over scan" - Crossing intoscan area (lander is

over the edge ofthe scan area- hazard zmne)
- 'Landing target"-Selected LAP inview

- DO NOT SACRIFICE THE FLYING OR COMM

TASKS! 4defed by
rud bonderi

Goals

* Your primary goals:
- Monitor system states and detect and diagnose any system failures
- Null the guidance errors to ensure an accurate and safe landing

* Roll and Pitch within 1 degree
* Descent rate: within 0.5 ft/s

* Your secondary goal:
- Minimize response time to communication signals

* Yourtertiarygoal:
- Make verbal callouts during trial

* if you cannot attend to all tasks, shed callouts first, and if necessary,
then shed the comm. light task

" During the trials, the simulation will terminate before touchdown
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Today's Schedule

- Consent/ Briefing (30 min.)
- Eye tracker calibration (15 min.)
" Training trials (45 min.)
e Data collection trials (70 min.)
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Appendix D. Experiment Consent Form

CONSENT TO PARTICIPATE IN
NON-BIOMEDICAL RESEARCH

Pilot performance in dierent control modes during nominal
and off-nominal simulated lunar landings

You are asked to participate in a research study conducted by Charles M. Oman, Ph.D. from the
Department of Aeronautics and Astronautics Man-Vehicle Laboratory at the Massachusetts
Institute of Technology (M.I.T.), Kevin R. Duda, Ph.D. from The Charles Stark Draper
Laboratory, Inc., and Justin Kaderka and Aaron Johnson from The Charles Stark Draper
Laboratory, Inc. and the Man-Vehicle Laboratory at M.I.T. You were selected as a possible
participant in this study because NASA and the National Space Biomedical Research Institute
are interested in understanding how to best design the human-machine interface used to control
the lunar lander for future lunar missions. You should read the information below, and ask
questions about anything you do not understand, before deciding whether or not to participate.

. PARTICIPATION AND WITHDRAWAL

Your participation in this research is completely VOLUNTARY. If you choose to participate you
may subsequently withdraw from the study at any time without penalty or consequences of any
kind. If you choose not to participate, that will not affect your relationship with M.I.T. or Draper
Laboratory or your right to health care or other services to which you are otherwise entitled.

. PURPOSE OF THE STUDY

The purpose of this experiment is to measure the performance of participants flying an Apollo-
like lunar lander simulator during candidate approach and landing trajectories while interacting
with various levels of automation within the flight control system. The research goals are to
evaluate pilots' supervisory control performance during expected or unexpected vehicle control
mode transitions and under different task allocations, as well as to evaluate the pilots' ability to
detect and identify spacecraft failures while in different control modes. The results will help
further understand human-automation interactions in complex space systems, such as a lunar
lander.

. PROCEDURES

If you volunteer to participate in this study, we would ask you to do the following things:

At the start of your session, you will be asked to answer survey questions about your piloting and
video game experience, knowledge with respect to spacecraft systems, as well as standard
biographical information. Prior to starting the simulation, you will be informed of the task you
will be asked to complete and informed of how to interact with the simulation (i.e. what the
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display symbology means and how to control the simulated vehicle with the joysticks). This will
be done with both a presentation and the experimenter demonstrating the simulation to you. You
are encouraged to ask any questions that you may have regarding the protocol.

Before the simulation begins, you will be asked to look at a regularly-spaced grid of dots in order
to calibrate an eye tracker. This equipment, mounted away from you and below the displays in
the simulator, will record your visual attention during the training and experimental trials. After
the eye tracker calibration, the experimental training session will commence and you will learn
to operate the lunar lander. The trial may begin with landing point selection in which you will
select a landing aim point from several candidate points using a joystick button or mouse and a
visual display of terrain information. The lunar lander will fly in one of four control modes
(three of which require manual inputs from you using a joystick and throttle controller) during
this initial phase in which you may or may not be required to select a landing point. After the
initial flying phase, the control mode may change unexpectedly or you may initiate a control
mode change from the current mode to one of the four control modes. In the manual flight
control modes you will be responsible for flying the vehicle during final descent using the
joystick controllers and flight displays. Your primary task is to fly the simulated lunar lander
and maintain control throughout the trial. Your required interaction to fly the simulator will
change according to the active manual control mode, which is indicated on one of the flight
displays. At any point in the trial you may be asked to identify system failures (manifesting on
the flight displays) and diagnose which of the system failures has occurred. Or, a failure may be
identified for you, and you may be asked to perform a new failure response task. In addition, the
simulation may be paused during the trial and you will be asked to estimate a system state, such
as pitch, roll, rate of descent, etc. During each trial you will also be asked to respond to a
secondary task, which will require you to differentiate between one of two illuminated colors on
a flight display. A tertiary task may require you to make verbal callouts of system states
throughout the trial (e.g., altitude, altitude rate, estimated time until touchdown). Each of these
system states will be available to you on one of the flight displays. After each trial, you may be
asked to complete standardized tests (e.g. NASA TL, Cooper Harper, SART, Modified
Bedford) or answer questions about the final system state to assess your workload and situational
awareness. Once you are proficient at flying the lunar lander, and the training session has been
completed, the test session will commence and you will complete trials similar to the training
session.

Your total experiment time will last no more than 3 hours per day over one or two days. Breaks
will be offered at least every 30 minutes, but you may request a break at any time during the
experiment. The entire session will take place in Draper Laboratory's fixed-base lunar lander
cockpit simulator.

POTENTIAL RISKS AND DISCOMFORTS

" Boredom due to the large number of repetitive trials.
" Fatigue from operating the joystick and attending to the displays and tasks
" Symptoms of simulator sickness due to visual motion in the displays.

163



You will be given short breaks between trials to reduce the risks of boredom, fatigue and motion
sickness. You may request a break at any time during the experiment if you begin to feel any
discomfort.

* ANTICIPATED BENEFITS TO SUBJECTS

There are no benefits to you aside from becoming familiar with the potential human-automation
interactions, displays, and tasks associated with future lunar landings.

. ANTICIPATED BENEFITS TO SOCIETY

NASA may benefit from the results of these experiments by being able to design appropriate
human-machine interfaces for space missions of this type.

* PAYMENT FOR PARTICIPATION

You will receive S10 per hour for your participation. Payment is prorated on the basis of time spent if
you decide to withdraw.

* PRIVACY AND CONFIDENTIALITY

The only people who will know that you are a research subject are members of the research
team. No information about you, or provided by you during the research will be disclosed to
others without your written permission, except: if necessary to protect your rights or welfare, or
if required by law.

No personal information will be collected in this experiment. All data collected in this
experiment will be coded to prevent the identification of the data with a specific person. When
the results of the research are published or discussed at conferences, no information will be
included that would reveal your identity. The data will be archived when the project is
completed and papers published (approximately during the 2013-14 academic year). No
identifying information will be kept with the data

* WITHDRAWAL OF PARTICIPATION BY THE INVESTIGATOR

The investigator may withdraw you from participating in this research if circumstances arise
which warrant doing so. If you experience any of the following side effects (simulator sickness
or fatigue) or if you become ill during the research, you may have to drop out, even if you would
like to continue. The investigator, Charles Oman, will make the decision and let you know if it
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is not possible for you to continue. The decision may be made either to protect your health and
safety, or because it is part of the research plan that people who develop certain conditions may
not continue to participate.

If you must drop out because the investigator asks you to or because you have decided on your
own to withdraw, you will be paid S10.

. NEW FINDINGS

During the course of the study, you will be informed of any significant new findings (either good
or bad), such as changes in the risks or benefits resulting from participation in the research or
new alternatives to participation, that might cause you to change your mind about continuing in
the study. If new information is provided to you, your consent to continue participating in this
study will be re-obtained.

* IDENTIFICATION OF INVESTIGATORS

If you have any questions or concerns about the research, please feel free to contact:

Principal Investigator: Charles M. Oman, Ph.D., (617) 253-7508, coman@mit.edu
Co-Investigator: Kevin R. Duda, Ph.D., (617) 258-4385, kduda@draper.com
Research Assistant: Justin Kaderka, (617) 258-2098, jkaderka@draper.com
Research Assistant: Aaron Johnson, (617) 258-4751, awjohnson@draper.com

* EMERGENCY CARE AND COMPENSATION FOR INJURY

If you feel you have suffered an injury, which may include emotional trauma, as a result of
participating in this study, please contact the person in charge of the study as soon as possible.

In the event you suffer such an injury, M.I.T. may provide itself, or arrange for the provision of,
emergency transport or medical treatment, including emergency treatment and follow-up care, as
needed, or reimbursement for such medical services. M.I.T. does not provide any other form of
compensation for injury. In any case, neither the offer to provide medical assistance, nor the
actual provision of medical services shall be considered an admission of fault or acceptance of
liability. Questions regarding this policy may be directed to MiT's Insurance Office, (617) 253-
2823. Your insurance carrier may be billed for the cost of emergency transport or medical
treatment, if such services are determined not to be directly related to your participation in this
study.

. RIGHTS OF RESEARCH SUBJECTS

You are not waiving any legal claims, rights or remedies because of your participation in this
research study. If you feel you have been treated unfairly, or you have questions regarding your
rights as a research subject, you may contact the Chairman of the Committee on the Use of
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Humans as Experimental Subjects, M.I.T., Room E25-143B, 77 Massachusetts Ave, Cambridge,
MA 02139, phone 1-617-253 6787.

SIGNATURE OF RESEARCH SUBJECT OR LEGAL REPRESENTATWE
I have read (or someone has read to me) the information provided above. I have been given an
opportunity to ask questions and all of my questions have been answered to my satisfaction. I
have been given a copy of this form.

BY SIGNING THIS FORM, I WILLINGLY AGREE TO PARTICIPATE IN THE
RESEARCH IT DESCRIBES.

Name of Subject

Name of Legal Representative (if applicable)

Signature of Subject or Legal Representative Date

SIGNATURE OF INVESTIGATOR
I have explained the research to the subject or his/her legal representative, and answered all of
his/her questions. I believe that he/she understands the information described in this document
and freely consents to participate.

Name of Investigator

Signature of Investigator Date (must be the same as subject's)
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Appendix E. Additional Details on Model

Actual Non-linearized Attitude Dynamics

A linearized model of the lunar lander attitude dynamics is used to perceive, estimate, and control

the lunar lander attitude:

0 = 7 (E.1)
0.12s2 +s

S 9.68 (E.2)
0.12s2 +s 0

These linearized dynamics show there is a first-order lag from the joystick deflection, , to the pitch

and roll rates (9 and , respectively). The State Estimator uses these linearized dynamics in a Kalman

filter to estimate the actual vehicle attitude (Section 5.2.3.1). Also, the operator control gain (G) is

selected based on an analysis of these linearized dynamics (Section 5.2.3.2). However, the actual

dynamics of the system are non-linear. Figure 39 shows a block diagram of the actual, non-linear pitch

dynamics:

"m o. Delay Saturation acua Oa''" O1 'a

dactual

Figure 39. Block diagram of actual, non-linear pitch dynamics.

Combining these blocks, the pitch acceleration (d) is related to the joystick deflection (LD) and the

pitch rate (0) by the equation:

O=12606 -1470 (E.3)

Because the gain on the joystick deflection is much higher than the gain on the pitch rate feedback, a

small deflection of the joystick causes a large pitch acceleration. This acceleration is quickly saturated to

10 */s2. With a constant deflection, the pitch acceleration returns to 0 when the pitch rate reaches the

steady-state value of 0,, = 8.57S, . This number is found by setting 6-0 in Equation (E.3) and solving

for 0 .
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The time constant of the linearized system represents the time it takes the pitch rate to reach its

steady-state value. Because the steady-state pitch rate is a function of the joystick deflection, the time

constant is also a function of the joystick deflection. The average joystick deflection was found to be

10.251, and this deflection was used to derive the time constant of 0.12.

The actual roll dynamics are similar to the pitch dynamics, except the gain on the rate feedback is

3.1, instead of 3.5 as it is in the pitch dynamics. This makes the steady-state roll rate #, = 9.6880.

Additional Details on the Attitude State Estimator Kalman Filter

In state-space form, the transfer functions (E. 1) and (E.2) take on the following form:

Xk = k-_ + Bukl_ + Wk_ (E.4)

Zk =CXk +1k

where k is the current time step, x is the vehicle state vector, z is the measurement of the vehicle state, u is

the control input, w is the process noise, and v is the measurement (perceptual) noise. Please note that u,

w, and v are different than the variables used in the attention model (Chapter 5). The symbols in this

appendix have been chosen to conform to commonly-used descriptions of the Kalman filter (Welch and

Bishop, 2006).

For the linearized lunar landing dynamics, the matrices A, B, and C (Equation (E.5.)) are constant

with time. In these equations, q is the pitch rate, 0 is the pitch, r is the roll rate, # is the roll, and At is the

length of a time step (in s). This state-space representation indicates that the operator controls the pitch

and roll rates, but can only observe the pitch and roll.

Because the process noise is expected to be small (Section 5.2.3.2) it is modeled as white noise with

a mean of 0 and a very small variance: p(w) - N(0,0.0000 12). The 50 quantization of measurement noise

(Section 5.2.3.2) is modeled as zero-mean white noise with a variance equal to 52/12 (Stanley et al.,

1983). Therefore, the probability distribution of v is p(v) ~ N(0,5 2/12). The process and measurement

noises are both constant with time.
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q

0
x =

r

1--8.33At 0 0 0

A' At 1 0 0
0 0 1-8.33At 0 (E.5)
0 0 At

71.42At

0
B =

80.67At

0

C =[0 1 0 1]

The Kalman filter computes an estimate of the actual state, .k with the following equations:

Xk )k-1 +Bukl (E.6)
Xk = + Kk zk Cik)

The top part of Equation (E.6) uses the operator's knowledge of the system dynamics and the control
input to propagate the vehicle state estimate from the previous time step forwards to the current time step.

The Kalman filter then computes the error between this a priori estimate (ii-) and the observation (zk).

The a priori estimate is updated by this error, multiplied by the Kalman gain matrix K. The Kalman gain
matrix is computed by the equation:

K; = (E.7)
CP,-CT + R

where R is the measurement noise covariance (52/12) and P; is the a priori estimate error covariance.

P- is computed by the equation

P; = E[ekek T (E.8)

e- is the a priori estimate error:

e~ = xk -Xk (E.9)
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At each time step, the model solves Equations (E.7-9) to compute a new value of K. As the a priori

estimate error decreases, so do the a priori estimate error covariance and the Kalman gain. The error is

largest when the attitude indicator is first attended, but it quickly reduces as the fixation continues. The

Kalman gain follows the same behavior. Figure 40 shows how the error between the actual and estimated

pitch and the Kalman gain both reduce across one example 1-s fixation on the attitude indicator. The

Kalman gain adapts on a timescale shorter than the length of the fixation, which results in an error

between the actual and estimated pitch that begins large but decreases quickly to <10.

-5 1 -
-Actual - Pitch Rate
- Estimated 0.9 - Pitch

-5.5-
0.8

-6 0.7

-6.5 0.6

c 0.5
0-7 0.4

-7.5 0.3

0.2-
-8

0.1-

-8.5 00 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1
Time in Fixation (s) Time in Fixation (s)

Figure 40. The error between the estimated and actual pitch (left) decreases over a 1-s example
fixation on the attitude indicator. As this error decreases, so do the Kalman gains for the pitch rate

and pitch (right).

Additional Details on the Effect of Operator Gain on Attitude

A block diagram of the linearized model of vehicle pitch can be seen in Figure 41. The pitch rate (0)

is connected to the operator joystick inputs (6) through a first-order lag with a gain of 8.57 and a time

constant of 0.12 s. The pitch rate is then integrated to get the pitch, 0. This linearized model removes the

joystick limits of 1 that were present in the experiment.

Operator Pade approx. of Neuromuscular System dynamics
gain reaction time delay lag

09iac G i-s+13.33 1 30 8.57 1

-K> s+13.33 0.15s +1 0.12s+1 s

Figure 41. Block diagram of linearized system and operator model

Figure 42 and Figure 43 show the system response to a 70 change in guidance with three different

operator gains (G). The magnitude of this step-change is the same that was caused by an LPR in
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experimental trials. Figure 42 shows the vehicle pitch, and Figure 43 shows the error between the actual

and guidance-prescribed pitch.

10

9
-Guidance
---- =0.05
-G=0.1
-G=0.3

0 1 2 3 4 5 6 7 8 9 10
Time (S)

Figure 42. The response of the vehicle pitch to a 70 step change in guidance is a function of the
operator gain.

8
- =0.05

-G-0.1
---- =0.3

6

4

2

0

2 3 4 5
Time (a)

6 7 8 9 10

Figure 43. The error between the actual and guidance pitch is a function of the operator gain.

Is it apparent why the G=0. 1 gain is preferred over the G=0.05 gain, as it only takes 1.6 s for the

error to reach 1.5', compared to 3.35 s. The effect of overshoot on attention is also demonstrated clearly

by the system response when G=0.3. The error first reaches the 1.5' threshold in 0.72 s, which is faster

than with the other two gains. However, the error does not reach the threshold and remain within it until

1.63 s.
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One limitation of this linearized system is that it ignores the physical constraints of the joystick

present in the actual simulator (inputs are limited to 1). As Figure 44 shows, this can cause situations

where the operator input is greater than physically allowable.

1.

2 3 4 5
Time (s)

6 7 8 9 10

Figure 44. When the operator gain is too high (G=0.3), the joystick inputs exceed the physical limit
of 1.

Adding the joystick constraint back into the systems lessens the effect of aggressive gains, because

they limit the maximum pitch rate. Figure 45 shows the pitch rate of the system with a gain of G=0.3,

with and without the joystick constraints. Figure 46 shows the joystick inputs made to the system for the

same gains.

- G=0.3
I-G=0.3 w/ Joysk 11mIt

' /

0 1 2 3 4 5
Time (s)

6 7 8 9 10

Figure 45. The joystick limits limit the maximum pitch rate of the vehicle.
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-- - G=0.3
- G=0.3 w/ joystick limit

2 3 4 5
ime (s)

6 7 8 9 10

Figure 46. Joystick inputs that give the vehicle behavior in Figure 46 and Figure 47.

These two figures show that the pitch rate of both systems is identical until the joystick deflection

reaches the +1 limit. The resulting effect of the joystick constraints on pitch can be seen in Figure 47,
which shows the response of the system to a 7* step-change in guidance.

- Gudance
- - -G=0.3
--- G=0.3 w/ joysfick limit

I -
- ~

6 7 8 9 102 3 4 5
ime (s)

Figure 47. The joystick limits reduce the amount of overshoot with the same operator gain.

It is clear that the overshoot is less with the joystick constraints; however, it is still above the 1.5*

threshold. An analysis finds that a gain of G=0.25 will produce a 1.5* overshoot for the 7* step change.

This is a 15% increase from the maximum gain of G=0.217 without the joystick limits.

Open-Loop Root-Locus and Bode Plots of the Linearized System
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G= 0.217
Root Locus Editor for Open Loop 1 (OL1)
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Figure 48. The open-loop root-locus and Bode plots of the linearized system with the upper and
lower operator gains as calculated in Section 5.2.3.2. These plots are the output of the MATLAB
SISO (single-input/single-output) Design GUI. The magenta squares on the root-locus plots show

the location of the closed-loop poles with the indicated gain. The dark yellow vertical lines show the
gain and phase margin at the crossover frequency.

Properties of Rate-of-Descent Display Noise
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Display noise was added to the RoD signal in the experiment and the model. This noise was the sum

of nine sine waves with the properties seen in Table 18, limited to 0.25 ft/s.

Table 18. Frequency and phase of the sine waves in the RoD noise.

Frequency (Hz) Phase (0)

0.0035 0
0.06 37

0.1325 74
0.2075 111
0.28 148
0.645 259
0.865 296
1.33 10
1.67 47
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Appendix F. Additional Model Results

Attention Budgets for All Mode Transitions

The following section shows the experimental and model-predicted attention budgets (similar to

Figure 6) for all six mode transitions, with and without landing point redesignations (LPR). The legend

for all figures is the same, and is shown in Figure 49. The order of the instruments listed is the same order

as the instruments in the stacked bars, from top to bottom.

Other
Fuel
Altitude
Comm
RoD
Attitude

Figure 49. Legend for attention budget figures.

The figures show that while there are differences between the experimental and model-predicted

data, the same general trends hold across the mode transitions.
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Experimental Data
100

90

80

C

0

C

0 K
Before-MT Uurng-M i

Phase

70

60

50-

40-

30-

20-

10-

0
Atter-MI

Simulated Data

Eetore-MT Dunng-MT
Phase

TA-+Auto, with LPR

Experimental Data

0

0

C

U)

C.)

0 Before-MT During-MT
Phase

After-MT

100-

90-

80-

70-

60-

50-

40-

30-

20-

10-

0 Before-MT

Simulated Data

During-MT
Phase

177

100 -

90 -

80-

70

0

0

C

60-

50-

40-

30-

20-

10-

Aflter-MT

100r

90

80-

-70 -
C
0 60-

50-

4 -0
E 40-
a)

U 30-

20-

10 F

Alter-MI



TA+RoD-+Auto, without LPR
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TA+RoD--+TA, without LPR
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Auto->TA, without LPR
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Auto-*TA+RoD, without LPR
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TA-+TA+RoD, without LPR
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