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Abstract

The phenomenon of being Out-Of-The-Loop (OOTL) can significantly un-
dermine pilots’ performance and pose a threat to aviation safety. Previous at-
tempts to identify OOTL status have primarily utilized ”black-box” machine
learning techniques, which fail to provide explainable insights into their find-
ings. To address this gap, our study introduces a novel application of Linear
Temporal Logic (LTL) methods within a framework named Visual Attention
LTLf for Identifying OOTL (VALIO), leveraging eye-tracking technology to
non-intrusively capture the pilots’ attentional focus. By encoding Areas of
Interest (AOIs) and gaze durations within the cockpit into Visual Attention
Traces (VAT), the method captures the spatial and temporal dimensions of
visual attention. It enables the LTL methods to generate interpretable formu-
las that classify pilot behaviors and provide insights into the understanding
of the OOTL phenomenon. Through a case study of a simulated flight experi-
ment, we compared the efficacy of this approach using different time windows
from 10 seconds to 75 seconds. The results demonstrate that VALIO’s per-
formance is stable across all time windows with the best F1 score of 0.815 and
the lowest F1 of 0.769. And it significantly outperforms the other machine
learning methods when using time windows shorter than 30 seconds, signi-
fying its ability to detect the OOTL status more in-timely. Moreover, the
VALIO elucidates pilot behaviors through the derivation of human-readable
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LTLf formulas, offering the explainability of the results and insights into
OOTL characteristics. Overall, this research proposes the VALIO frame-
work as an improvement for OOTL identification in both performance and
explainability.

Keywords: eye-tracking; flight safety; pilot performance;
human-automation interaction

1. Introduction

The introduction of advanced autopilot systems and flight management
functions has significantly mitigated human error in aviation by taking over
manual flight operations traditionally executed by pilots [1]. These systems,
known as Autopilots and Flight Management Systems (FMS), automate a
multitude of flight operations, including aircraft control, navigation, infor-
mation display, and fuel management. Automation reduces pilot workload
and the probability of human-induced aviation accidents [2]. However, an
unintended consequence of increasing reliance on automation is the potential
for pilots to become progressively disengaged from the control loop. Stud-
ies suggest that prolonged exposure to high levels of automation (LOA) can
lead to decreased focus, vigilance, and situational awareness among pilots,
thereby increasing fatigue and reducing skill proficiency [3, 4, 5]. This detri-
mental effect on human performance, resulting from the absence of active
human involvement in the control loop, is known as the Out-Of-The-Loop
(OOTL) phenomenon [6]. Data from both NASA and a survey among Ger-
man aviators indicate that the OOTL phenomenon significantly contributes
to human errors in aviation [7, 8].

While the problem of being OOTL has been acknowledged and exten-
sively studied from diverse perspectives for several decades, there remains a
significant gap in our understanding, particularly regarding the explainabil-
ity of methods used to identify OOTL status [9, 10]. Traditional approaches
often rely on machine learning models that interpret various cognitive states
such as workload, fatigue, and situational awareness—using data collected
from biometric sources like Electroencephalograms (EEG) and eye-tracking
[11, 12]. However, the opaque nature of these ”black-box” methodologies
has raised concerns, especially within risk-sensitive fields such as aviation,
where the inability to understand the reasoning behind decisions and the
potential for errors could have severe consequences [13, 14]. This opacity
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poses a significant challenge in aviation operations, as inaccurately identi-
fying OOTL status can trigger unwarranted alarms or interventions. Such
false positives may contribute to alarm fatigue and detrimentally affect pilot
performance [15]. Conversely, providing clear explanations for OOTL detec-
tions can enable the creation of more human-centred and warranted alerts
that help pilots recognize and adjust their behaviours, thereby mitigating the
negative impacts of OOTL status. This study aimed to develop an OOTL
identification approach with explainability based on eye-tracking methods.

This research innovatively integrates Linear Temporal Logic (LTL) and
pilots’ visual behaviours for the explainable identification of their OOTL
status [16]. Investigating visual behaviours via eye-tracking technology of-
fers a valuable window into pilots’ attentional focus and cognitive status,
which are key factors in detecting OOTL status [17, 18]. Unlike meth-
ods based on functional Near-Infrared Spectroscopy (fNIRS) and Electroen-
cephalograms (EEG), which lack direct implications for behavioral adjust-
ments, eye-tracking data provide actionable and explainable insights. Specif-
ically, it enables the formulation of precise recommendations for pilots to en-
hance their engagement with critical information sources, thereby addressing
the OOTL phenomenon (for example, advising increased focus on specific
displays or instruments). Moreover, eye-tracking technology facilitates non-
invasive data collection, offering a significant advantage over other biometric
approaches. Consequently, this study leverages eye-tracking to analyze the
distribution of visual attention, aiming to accurately identify pilots’ OOTL
status with a focus on explainability and practical application [19].

The LTL method, initially developed for the formal verification of com-
puter programs, encodes atomic propositions (e.g., “The value of variable V2
has changed”) in a linear sequence of states, or traces, to represent system
behaviours [20, 21]. It checks whether these traces satisfy certain LTL for-
mulas, constructed using a set of propositional variables, logical operators
(negation and disjunction), and temporal modal operators (next and until).
The combination of logical and temporal operators makes it particularly suit-
able for expressing the temporal logic of human behaviours. Moreover, the
explicit formulas facilitate human understanding of the classification model
and enhance the explainability of the results [16].

Two primary challenges of achieving explainable OOTL identification
based on eye-tracking data using LTL methods lay in the model compati-
bility and the performance with short lead time. The LTL method is de-
signed to process data composed of atomic propositions, which indicate the
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occurrence of specific events. However, in real-world scenarios, pilots’ gaze
movements dynamically respond to external stimuli, and the data obtained
from eye-tracking differs significantly from the proportion traces that the
LTL method can handle. The raw eye-tracking data consists of continuous
values (e.g., gaze location, pupil diameter, etc.) without clear boundaries to
determine the existence of certain events. Even the processed eye-tracking
data, which reflects the characteristics of visual behaviors over a certain pe-
riod (e.g., average fixation duration, saccade velocity), is also composed of
continuous values. Therefore, it is challenging to integrate eye-tracking data
into the LTL methods for generating LTL formulas and verifying the pilots’
status. Meanwhile, ensuring the performance with a short time window is
another challenge for detection of the OOTL status in-time and more effi-
ciently.

To tackle the compatibility challenge, we proposed a method to encode pi-
lots’ visual attention distribution data into formalized traces and developed a
framework, named Visual Attention LTLf for Identifying OOTL (VALIO).
This framework partitions the cockpit view into several Areas of Interest
(AOIs) based on their functionalities and positions to evaluate where pilots
have directed their gaze and the extent of attention they have allocated,
considering both temporal and spatial aspects. To verify the effectiveness
of the model in short time window and its stability across different time
windows, a comparative flight simulation experiment is conducted as a case
study. The performance of the proposed Visual Attention LTLf for Iden-
tifying OOTL (VALIO) framework is compared with seven state-of-the-art
machine learning methods. It is found that the VALIO method obtained sta-
ble performance across different time windows, and its superiority is affirmed
by outperforming the other methods with shorter time windows.

The remainder of this paper is organized as follows: Section 2 reviews ex-
isting studies on the OOTL phenomenon, attention distribution studies based
on eye-tracking technologies, and LTL methods. Section 3 details the frame-
work of the proposed VALIO methods. Section 4 presents a case study to
validate the proposed approach and discusses the results in comparison with
other benchmark methods. Finally, Section 5 outlines the main contributions
and limitations of this work and highlights future research directions.
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2. Related work

2.1. Out-Of-The-Loop phenomenon

The aviation industry is heavily dependent on advanced automation sys-
tems to bolster efficiency, safety, and overall performance [1, 22]. However,
the increasing complexity and usage of these systems have given rise to sig-
nificant concerns about the Out-Of-The-Loop (OOTL) phenomenon [23, 24].
The OOTL phenomenon refers to situations where operators become disen-
gaged from ongoing tasks, leading to potential performance degradation and
safety risks [4, 3].

The OOTL phenomenon carries substantial implications, from reduced
decision and action performance, to critical incidents and accidents [7, 8].
Operators experiencing the OOTL phenomenon may find it challenging to
promptly identify system malfunctions or failures [25]. Such delayed or in-
appropriate responses to system anomalies can further intensify the sever-
ity of potential accidents [9]. Meanwhile, research suggests that the OOTL
phenomenon increases operators’ workload when they are required to regain
control after automation failure or disengagement, thereby placing additional
strain on their attention resources [26, 27].

Characterizing and quantifying the OOTL phenomenon remains a chal-
lenge, as it is not confined to a specific domain but manifest across several
factors in the information processing tasks [28]. For example, vigilance fail-
ure has been identified as a critical factor of OOTL phenomenon [29, 30].
Additionally, mind-wandering (MW) has emerged as a significant aspect in
the examination of OOTL, further expanding the scope of research in this
area [9]. And the work of Merat et al. (2019) is notable for delineating
three specific statuses,”in-the-loop, on-the-loop, and out-of-the-loop”, based
on situation awareness (SA) within the context of automobile monitoring [10].
Besides, the discussion has also been broadened with other related factors
such as daydreaming and distraction, underscoring the complexity of OOTL
phenomenon[31, 32]. To investigate these factors, researchers have turned
to biometric measurements for objective psychophysiological data, utilizing
tools like Electroencephalograms (EEG) and Functional Near-Infrared Spec-
troscopy (fNIRS) to track vigilance degradation due to passive fatigue, or
employing pupil diameter and saccade measurements to identify OOTL in-
stances triggered by mind wandering [33, 12, 34, 35, 36]. Among these,
eye-tracking stands out as particularly promising for analyzing correlations
and recognizing OOTL status, given its widespread application in address-
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ing human-factor-related safety concerns within the aviation industry [11].
Its ability to assess pilots’ visual attention on crucial flight information in a
real-time, non-intrusive manner underscores its value in enhancing aviation
safety.

Generally, previous works have studied the OOTL phenomenon from the
perspective of data characteristics supported by machine learning methods.
These machine-learning-based methods offer a robust capability for process-
ing extensive and comprehensive data [37, 38]. However, there is an absence
of explainability in the inference process these deep learning or ensemble
models with complex hierarchical structures since the rationale behind their
decisions are hard to understand and interpret[39, 40, 41]. Therefore, these
“black-box” methods has sparked significant concerns about their application
in the high-risk aviation industry [13]. Meanwhile, the OOTL identification
results derived from purely digital numbers cannot provide direct guidance
on how pilots should modify their behaviours to prevent or mitigate the
OOTL phenomenon. To address this gap, it is crucial to capture the eye
movement to assess the visual attention of the subjects, and generate more
instructive recommendations for pilots on how they should manage their vi-
sual behaviours to counteract the OOTL phenomenon.

2.2. Linear Temporal Logic for behaviour classification

This study utilizes Linear Temporal Logic (LTL) to address the explain-
ability challenge in identifying the Out-Of-The-Loop (OOTL) status. LTL,
a formal system in computer science, is used to specify and verify system
behaviours over time. It encodes atomic propositions into a sequence of
states and checks their compliance with LTL formulas, making it suitable for
expressing the temporal logic of human behaviours [16, 20].

More specifically, the use of linear temporal logic on finite traces (LTLf )
formulas is proposed to characterize behaviours from observed finite traces
[42]. The LTLf is a variant that extends the classical LTL to accommodate
finite traces, enhancing its applicability to mine the temporal logic specifica-
tion of system behaviours from a set of program execution logs in practical
contexts [43, 44]. These execution logs, composed of traces that comprise
a series of system states[45], are interpreted over finite traces using LTLf

formulas [46]. Therefore, the LTLf is expected to process the finite trace of
visual behaviours for identifying the OOTL status of pilots within a certain
period.
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A variety of methods have been developed to learn arbitrary LTLf for-
mulas. For instance, an alternating automaton is constructed by exploring
a skeleton space to model observed behavior [16]. A Bayesian probabilistic
model is also employed to infer contrastive explanations that delineate dif-
ferences between various traces for learning LTLf formulas [19]. Gaglione
et al. proposed a method to infer minimal LTL formulas by transforming
the inference problem into a maximum satisfiability (MaxSAT) problem and
then utilizing off-the-shelf MaxSAT solvers to find a solution [47]. However,
these approaches may pose challenges in the analysis of dynamic and complex
eye-tracking data as they either presuppose a noise-free environment [48, 16],
limit the hypothesis space by LTLf template [20, 49], or are subject to the
high complexity inherent in MaxSAT [47].

This paper proposes the integration of Graph Neural Network (GNN) in-
ference to support the inference of LTLf , building on the work of Luo et al.
[46]. Their work demonstrates that GNNs can capture the satisfaction rela-
tions of the LTLf formulas and simulate the LTLf inference to distinguish
between positive and negative traces. By utilizing GNN inference, the search
problem in discrete space can be transformed into a parameter learning prob-
lem in continuous space, a topic that has been extensively studied in recent
years. The remaining challenge lies in how to encode the massive continuous
gaze movements into the finite traces composed of atomic propositions that
can be processed by the GNN-based LTLf method.

2.3. Parse attention distribution through eye-tracking

Dynamic gaze movements are encoded by quantifying the visual attention
distribution, which involves assigning collected eye movement data to specific
regions of the visual scene, known as Areas Of Interest (AOIs). AOIs inher-
ently contain spatial information and serve as a foundation for encoding the
temporal relationship of eye movements [50, 51]. Researchers widely adopt
AOI-based metrics to encode spatial information in attention-based studies,
as they provide specific semantic information across the entire visual scene
[52, 53, 54]. For example, Schnebelen et al. partitioned the driving scene
into 13 AOIs based on the positions and functionalities in road traffic [18].
These AOI-based metrics were then used to study drivers’ visual strategies
in highly automated driving and estimate OOTL. Similarly, Li et al. utilized
AOI-based metrics to assess the information processing of military pilots in
fighter aircraft [55]. Furthermore, Haslbeck et al. found that pilots employ-
ing different visual scan strategies exhibited varying levels of information
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processing efficiency and flight performance by dividing the instruments into
different AOIs based on their functionalities [56]. These studies highlight
that appropriate AOI segmentation aids in linking eye movements to stimuli
and provides an objective measure of visual attention, thereby facilitating
the interpretation of the underlying logic.

In practice, appropriate AOI segmentation largely depends on the func-
tionalities of the stimuli. For instance, in automobile driving studies, the
scene out of the front window can be divided into more than five AOIs ac-
cording to the relative position of the road (i.e., Center, Left, Right, Up,
Down), as they possess different characteristics and provide different infor-
mation in driving [18]. On the other hand, in aviation, the scene outside
the window provides only limited information to the pilots, while the various
instruments in the cockpit provide heterogeneous critical information related
to the flight. As a result, the entire view outside the window is usually de-
fined as a single AOI, while multiple AOIs are defined in the cockpit based
on the instruments [57]. Therefore, a comprehensive understanding of the
functionalities of the stimuli and their relationship to the tasks is crucial for
properly defining the AOIs for analyzing visual attention distribution.

Nevertheless, a gap remains in adopting the AOI-based eye movement
measurements to the LTLf methods. The eye movement data collected by
eye trackers can be automatically mapped to each AOI with the support of
advanced computer vision technologies, generating AOI-based metrics [58].
These metrics, such as visit times and average fixation duration, reflect the
characteristics of the gaze movements toward certain stimuli during specific
periods. It is necessary to extract individual events from such data to form
the traces that can be parsed by LTLf methods and achieve explainable
OOTL identification. Many studies worked on encoding the temporal-spatial
information in pilots’ visual attention, while they are not compatible with
the LTLf methods. For example, McClung and Kang developed a method
to characterize the scanning patterns of the Air Trafic Controllers [59], while
it relies on the complete observation of all aircrafts (AOIs) on the display.
Other studies encode the dwells into vectors of fixated length [60] or calculate
the transition matrices across the AOIs [61, 56], while these methods omit
the duration of each dwell. Though these methods are effective in the specific
tasks, an approach for encoding the temporal-spatial information in the gaze
movements that is compatible with the LTLf methods is needed.

To address the gap, this paper proposes a method for encoding the vi-
sual attention of the pilots and presents a framework called Visual Atten-

9



tion LTLf for Identifying OOTL (VALIO), which aims to achieve explain-
able OOTL identification using the eye-tracking data from pilots’ visual be-
haviours.

3. Visual Attention LTLf for Identifying OOTL (VALIO)

The Visual Attention LTLf Identifying OOTL (VALIO) framework, as
illustrated in Figure 1, executes in three phases. Initially, AOIs are de-
fined to reflect the stimuli in the cockpit, providing a foundation to encode
the spatial information of pilots’ gaze movement. Following this, eye move-
ment data collected via eye trackers are transformed into Visual Attention
Traces (VAT). The AOIs being observed and the corresponding durations
are encoded as atomic propositions in the traces, making the eye movement
data compatible with the LTL methods. Subsequently, these VATs are em-
ployed to train a Graph Neural Network (GNN), yielding a set of parameters.
These parameters are interpreted as LTLf formulas, with the most effective
formula selected through a strategic approach. Finally, insights into pilots’
OOTL status can be obtained by interpreting the obtained LTLf formulas
and analysing the pilots behaviours. The details of each phase are further
elaborated in this section.
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Figure 1: Framework of Visual Attention LTLf for Identifying OOTL (VALIO)

3.1. Visual Attention Traces

This research introduces a methodology to encode pilots’ dynamic gaze
patterns from eye-tracking data into Visual Attention Traces (VAT). VAT
serves as a structured representation to analyze the effort involved in in-
formation acquisition through gaze behaviors, reflecting individual events of
stimulus engagement [62].

Firstly, the proposed VALIO framework defines AOIs upon different in-
struments in the cockpits based on the distinctive designs of different aircraft.
A more specific example is provided by the case study in Section 4. After
defining AOIs in the cockpit, the Visual Attention Trace (VAT) is then gen-
erated based on the dwells. A dwell is defined as the interval between a gaze
entering an AOI and eventually leaving it, including all the fixations and
saccades during this visit, and dwell time can be associated with motivation
and top-down attention [50, 63]. VALIO depicts the pilots’ effort of acquiring
information from an AOI by denoting a dwell di(ai, ti) ∈ D as equation (1)
and (2):

ai ∈ {AOI1, AOI2, AOI3, ...} (1)
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ti ∈ {T1, T2, ..., Tτ} (2)

in which D represents the set of dwells, i indicates the sequence of the
dwell in the whole collected trace, ai and ti represent the AOI (instrument)
being visited in this dwell and the dwell time. Notably, the continuous factor
dwell time ti ∈ T is binned into several levels in VALIO to encode it into an
atomic proposition format that can be processed by the LTLf methods. The
division of the different time levels can be determined according to the specific
tasks and the distribution of dwell time. The case study in Section 4 presents
four methods to determine the time levels and compare their performances.
Correspondingly, a VAT (denoted as v) with finite length is defined in the
form as v = d0, d1, ..., dn.

The length of a VAT (|v|) is determined by a specified duration within
the VALIO framework. For instance, if a duration is set at approximately
20 seconds, the handling of a dwell dn at the conclusion of a current VAT
(vα) which encompasses the 20-second mark, is executed as follows: If more
than half of dn falls within the 20-second timeframe, it remains as a part
of vα, thereby extending the length of |vα| to slightly exceed 20 seconds.
Conversely, if the majority of dn extends beyond the 20-second mark, it is
allocated as the initial dwell of the subsequent VAT (vα+1), resulting in |vα|
being marginally shorter than 20 seconds. More specifically, the final dwell
(d−1) in the current VAT (vα) is determined as shown in equation (3) below:

d−1 =

{
dn−1, | |d0, ..., dn−1| − 20sec | < | |d0, ..., dn| − 20sec |
dn, | |d0, ..., dn−1| − 20sec | > | |d0, ..., dn| − 20sec |

(3)

where |d0, ..., dn| represents the total duration from the first dwell (d0) to
the nth dwell (dn). And | |d0, ..., dn| − 20sec | calculates the deviation between
the total duration of the included dwells and the designated VAT length (20
seconds). The first branch indicates that including the dn will lead to a larger
deviation from 20 seconds than excluding it, so the dn−1 is determined to be
the last dwell (d−1) in the current VAT (vα). Consequently, dn is designated
as the initial dwell (d0) of the next VAT (vα+1), leading the |vα| to be slightly
less than 20 seconds in length. The second branch indicates that excluding
the dn will lead to a larger deviation from 20 seconds than including it, so dn
is determined to be the last dwell in the current VAT. Thisapproach ensures a
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precise division of attention data into segments, preventing a complete dwell
from being split into two parts by the fixed VAT length.

3.2. Linear Temporal Logic on finite traces (LTLf)

The VAT generated in the previous steps provides a compatible format
for the Linear Temporal Logic on finite traces (LTLf ) analysis. Originally, a
LTLf trace can be represented as π = s0, s1, ..., sn, where st ∈ 2P is a state at
time t. si represents a state composed of several atomic propositions p ∈ P .
For every state si, p holds if p ∈ si, or ¬p holds otherwise. The LTLf traces
are label as postive and negative traces depending on the system status
needed to be verified. And the VATs corresponding to the pilots’ OOTL
status are also labeled as positive for training purpose. As shown in Figure
2, the VAT in the previous steps can be regarded as a special form of LTLf

traces with the following characteristics:

Figure 2: Composition of LTLf traces and VAT
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• Basic element: The basic elements of LTLf traces are atom propo-
sitions pi ∈ P which represent fundamental facts of a system, such as
”Process 0420 suspended” and ”Process 2001 initiated”. The number
of such atomic propositions in a system can reach thousands, depend-
ing on the settings. In contrast, VAT comprises two types of basic
elements: dwelled AOI ai ∈ A and dwell time ti ∈ T . Given the in-
struments considered in the cockpits, the number of AOIs is likely to
range from ten to twenty. Dwell time, initially a continuous factor, is
processed into five binned levels in VALIO.

• States and dwells: Each state si ∈ S in LTLf traces includes several
atomic propositions (pi) depending on the number of events (which can
be zero) occurring at the selected moment. Conversely, each dwell di ∈
D in VAT strictly contains only two basic elements: dwelled AOI (ai)
and dwell time (ti). The states si in LTLf traces typically represent a
uniform time length in reality, based on the predefined system settings.
The dwells di in VAT usually signify varying time lengths in reality,
depending on the actual dwell time.

• Length of trace: The duration of LTLf traces can span from sec-
onds to hours, contingent upon the task at hand for analyzing system
behavior. To ascertain pilots’ OOTL status through visual attention
analysis, VAT duration is set within a range of approximately several
seconds (e.g., 20 seconds) in VALIO, facilitating the assessment of pilot
behaviour and status within a specific timeframe.

Following labeling the training VATs, VALIO trains a Graph Neural Net-
work (GNN) model to distinguish between positive and negative traces, based
on the methods proposed by Luo et al. [46]. Each VAT (v) is converted into a
directed graph Gv = (Nv, Ev) for application of GNNs. Here Nv is the set of
nodes in the graph, with each node ni corresponding to a dwell di in v. Each
pair of adjacent dwells (di, di+1) in VAT corresponds to a pair < ni, ni+1 >
in Ev, which is the set of edges in the graph. For each node ni ∈ Nv, an
associated feature vector with a fixed-length encodes information about the
propositions and sub-formulas of non-atomic propositions in the VAT. The
trace graphs (Gv) representing the VATs with the feature vectors are used
as input to train the GNN model. The GNN model is trained using a binary
cross-entropy loss function to minimize the classification error.
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Once the GNN model is trained, the LTLf formula is extracted by in-
terpreting the parameters of the learned GNN classifier. This interpreta-
tion process involves analysing the weights and biases of the GNN model to
identify the sub-formulas that contribute most to the classification decision.
These sub-formulas are then combined to form the final LTLf formula.

3.3. OOTL Identification

After obtaining the final LTLf formula from the training VATs, the
OOTL status can be identified by verifying the given VATs. In addition
to the identification of OOTL, a highlight the VALIO framework is the extra
insights into the OOTL phenomenon brought by analyzing the verification
results.

By training the GNNmodel with different training data from the collected
dataset, multiple different LTLf formulas might be obtained. In addition to
the explanations provided by the human-readable formulas themselves, it
is also possible to acquire further understanding of OOTL from the testing
results. More specifically, different LTLf formulas might achieve similar clas-
sification accuracies, suggesting the different visual behaviours represented
by those LTLf formulas are both correlated to the OOTL status. But with
different precision and recall, the interpretation of such behaviours might
be different. Consequently, it is possible to obtain further insights from the
formulas and therefore better understand the characteristics of the OOTL
phenomenon.

4. Case study

This study evaluated the VALIO framework through a flight simulation
experiment conducted at Hong Kong Polytechnic University, involving 26
participants (17 males, 9 females, aged 22-32). This section details the
methodology, data collection, and performance evaluation of VALIO, and
compares the efficacy of using various VAT lengths. It also contrasts the
VALIO against other widely used methodologies, such as Random Forest,
XGBoost, and Multilayer Perceptron Neural Networks.

4.1. Experiment design and data collection

The experimental framework utilized a Cessna 172 simulator, coupled
with Microsoft Flight Simulator [64] to create a realistic aerial environment.
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A Tobii Pro Glasses 3 [65], with 16 illuminators and 4 eye cameras was uti-
lized to track the participants’ eye movements. The eye tracker also holds a
scene camera in the front to record the field of view, so the eye movements can
be mapped as gaze behaviors in the scene. Meanwhile, a 27-inch monitor on a
desktop computer facilitated data collection, as depicted in Figure 3. Among
the 26 participants, four of them had prior experience (less than 5 hours)
with the flight simulator, while the remaining participants were novices. All
of the participants were right-handed and had normal or corrected-to-normal
vision. Ethical approval for the study was granted by the PolyU Institutional
Review Board (Reference number: HSEARS20211117002), and written in-
formed consent was obtained from all subjects before the experiment.

Figure 3: Experiment apparatus

The experiment procedure began with an introductory session, followed
by a practice session until participants comfortably mastered the simulator’s
flight tasks. To ensure the participants’ capabilities in managing flight con-
trol, the experiment adopted a simplified manual operation requirement for
the participants under the visual flight rules (VFR) [66]: they only need to
conduct a Straight-and-Level flight [67] by maintaining pitch, roll, and yaw
angles using joysticks and throttle through instrument panels and external
views. The other tasks like navigation and fuel monitoring were automated
and no effort was required from the participants. Participants continued prac-
ticing until they could independently perform a complete flight procedure,
including take-off, a 25-minute cruise, and landing. The formal experiment
follows a one-way within-subject experimental design, requiring each partici-
pant to complete two identical flight sessions. Each session commenced with
a pre-saved cruising phase at 2,800 ft AMSL record under autopilot mode,
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lasting about 42 minutes while maintaining the altitude. The meteorology
condition was set as the ”Clear Skies” in the Microsoft Flight Simulator,
with a wind of 18 gusts/minute, average speed of 1 knot, and no cloud below
10,000 ft AMSL. In one session, continuous autopilot engagement was main-
tained to induce Out-Of-The-Loop (OOTL) status in participants, with the
final 120 seconds marked as OOTL. This approach aligns with prior research
indicating that over 20 minutes of automation exposure reliably triggers the
OOTL phenomenon [68, 18, 69]. The alternate session involved manual air-
craft control for two minutes at two separate intervals, with data during
these intervals labeled as In-The-Loop (ITL). Participants were unaware of
the timing and presence of manual control requirements before the flight.
Figure 4 provides a visual demonstration of the two flight sessions. Prior to
the formal experiment, the eye tracker was calibrated for each participant by
directing them to look at the calibration dot on a calibration card, following
the process of the Tobii Field Guide [70]. After the first simulation flight,
a break of 10 to 20 minutes based on the participants’ need was given to
mitigate fatigue effects on the subsequent trial.

Figure 4: Flight tasks

4.2. Learn LTLf formulae with Visual Attention Traces

Fourty-two records from twenty-one participants were selected and pro-
cessed by excluding data from 5 participants (10 records) due to the poor
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eye-tracking rate being below 85% to ensure data quality [71, 72, 73]. We
tested four methods for dividing the dwell times: quartiles, logarithm, Gaus-
sian mixture model (GMM), and K-Means clustering. Meanwhile, we iden-
tified six Areas of Interest (AOIs) crucial for monitoring aircraft status and
executing flight control tasks. Then the Visual Attention Traces (VATs) were
complied for the LTLf processing.

4.2.1. Areas of Interests in the cockpit

The Cessna simulator provides instruments on the panel and the simu-
lated view of the flight. Figure 5 shows a screenshot when processing an eye
tracking record in the Tobii Pro Lab software. The left part on the screen
presents the scene video recorded by the eye tracker, with a gaze moving
from the external view to the panel. The right part on the screen is a photo
imported into the software for mapping the gaze behaviors. The AOIs are
defined based on this statical picture, and hence the eye movements recorded
by the eye tracker can be mapped on the picture as dwells into AOIs. Specif-
ically, this study defined six AOIs as depicted in the upper part of Figure
7. These AOIs encompass key instruments and visual cues within the flight
simulator. Specifically, they include the attitude indicator (ATT), altime-
ter (ALT), airspeed indicator (SPD), vertical speed indicator (VSPD), the
aircraft’s nose (Nose), and the view outside the window (OTW). The ATT,
ALT, SPD, and VSPD provide digital information about the aircraft’s sta-
tus, while the Nose and OTW offer a visual representation of the aircraft’s
orientation relative to the horizon.

4.2.2. Divide dwell times into different levels

To encode the dwell time into atomic propositions that are compatible
with LTLf methods as well as trying to retain the reflection of how the par-
ticipants allocate their attention, we tried to bin the dwell times into 5 levels
using quartiles, logarithm, GMM, and K-Means clustering methods. Specif-
ically, though most eye trackers can capture gaze movements at a frequency
of over 50 Hz, viewing a stimulus for less than 100ms is typically not counted
as an effective fixation or dwell [74]. Therefore, all the dwells shorter than
100ms are firstly classified to the T1 level. Then the rest dwell time data was
binned into four dwell levels (T ) using the methods below:

• Quartiles : Define the bin edges using the 25th percentile (241ms), 50th
percentile (491ms), and 75th percentile (1052ms) of the dwell time
distribution.
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Figure 5: Screenshot of Tobii Pro Lab

• Logarithm(Ln): Define the bin edges using logarithm to the base of the
mathematical constant e. Considering e4.6 ≈ 100ms (T1 level), the rest
bin edges are e5.6 (≈ 270ms), e6.6 (≈ 735ms), and e7.6 (≈ 1998ms).

• GMM : Define the bin edges by applying the Gaussian mixture model
to cluster the dwell times. Specifically, the edges are determined as
525ms, 1728ms, and 5832ms.

• K-Means :Define the bin edges using the K-Means clustering method.
Consequently, 1734ms, 6011ms, and 17531ms are used as bin edges.

Figure 6 provides a visualized illustration for the distribution of the col-
lected dwell times in this case study and the divisions using different methods.
(There are some single dwells longer than 20,000 ms that are omitted in the
figure for layout, with the longest one of 70,789 ms)

4.2.3. Visual Attention Traces

A dwell di(ai, ti) ∈ D in this study can be defined by the interaction
bewteen the 6 AOIs and 5 binned levels, yielding 30 possible combinations.
VATs were constructed based on these combinations, following the sequence
of events as shown in Figure 7. Based on the previously established labels,
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Figure 6: Division of dwell times using different methods

the VATs were categorized into OOTL status and ITL status. Based on the
work of Luo et al. [46], an aggregate-combine Graph Neural Network (AC-
GNN) model was constructed and trained using these VATs (epoch = 60 ).
The parameters of the trained GNN model were then interpreted to obtain
the LTLf formulas for discerning OOTL status.

4.3. Results and comparisons

This case study tested the VALIO method using time windows from 10
seconds to 75 seconds (increase 5 seconds every time) to verify its effec-
tiveness across different time windows (VAT length). All four dwell time
division methods with different time windows were tested using a 10-fold
cross-validation method. Precision, recall, and F1 scores were adopted as
performance metrics to compare the outcomes. Precision denotes the accu-
racy of positive predictions, while recall indicates the rate at which actual
positives are correctly identified. The F1 score harmonizes precision and re-
call into a single metric, measuring a model’s balanced accuracy in positive
prediction and identification.
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Figure 7: Temporal-spatial information in the VATs

4.3.1. Identified LTLf formulas

The VALIO framework was tested with 56 combinations (4 division meth-
ods × 14 time windows) using 10-fold cross-validation. In the GNN training
and parameter interpretation phase of each round, the VALIO framework
generates one LTLf formula and uses this normal expression to classify the
testing data for OOTL identification. These LTLf formulas serve as distinct
classification models in the single round with their individual performances
on the testing dataset. Specifically, three LTLf formulas were recognized in
these 560 rounds: ”G¬ att”, ”G¬ alt”, and ”G¬ vsp”. The distribution and
performance of these three formulas on different time windows are presented
in Figure 8. The figure demonstrates that the occurrence of these formulas
is significantly related to the length of the time window. It is noticeable
that when the overall performance (i.e., F1 score) of the previous formula
declines, the other formula emerges with a better performance. Meanwhile,
these formulas were recognized across different dwell time division methods
with no significant difference between division methods. The interpretations
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and overall performance of the formulas are presented as follows.

Figure 8: Distribution and performance of LTLf formulas

• ”G¬ att”: This formula signifies that the pilot’s attention was never
directed towards the attitude indicator (ATT) throughout the whole
interval. It dominates the time windows from 10 seconds to 30 sec-
onds, and it is also recognized with decreased performance for the time
windows between 35 seconds to 55 seconds. It was recognized 279 times
in total with an averaged Precision of 0.75, Recall of 0.83, and F1 score
of 0.79.

• ”G¬ alt”: This formula indicates that the pilot did not focus on the
altimeter (ALT) at any point during the whole interval. It was rec-
ognized from 35 seconds to 70 seconds, with a total occurrence of 237
times. The averaged Precision is 0.77, Recall is 0.82, and F1 score
is0.79 across all time windows and dwell time division methods.

• ”G¬ vsp”: Similar to the previous two, this formula implies that the
pilot didn’t look at the vertical speed indicator (VSP) during the whole
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interval. It emerged when the time window is longer than 55 seconds.
It obtained Precision of 0.84, Recall of 0.81, and F1 score of 0.82 with
a total frequency of 44 times.

4.3.2. Sensitivity of time windows and division methods

The effectiveness and stability of the VALIO across different time windows
were verified using different dwell time division method. As the 10-fold cross-
validation was adopted to test each combination of the time window and dwell
time division method, different LTLf formulas might be recognized in these
10 rounds. For example, ”G¬ alt” was recognized 4 times and ”G¬ vsp”
was recognized 6 times for the 75-second time window when using quartiles
to bin the dwell times. And the performance metrics were averaged using
the individual performances of these ten times. The result indicates that the
performance is stable with no significant differences between different time
windows for the four tested dwell time division methods, as shown in Figure
9. Specifically, the lowest F1 score (0.769 ) was identified with the Precision of
0.819 and Recall of 0.725 when using the K-Means clustering method and
75-second time window. The highest F1 score (0.815 ) was obtained with
Precision of 0.777 and Recall of 0.857 when using the Logarithm method
and 45-second time window.

Figure 9: VALIO performance using different dwell time division methods

4.3.3. Comparison with other methods

We compared the performance of the VALIO framework (using the Log-
arithm division method of dwell time) against seven well-established predic-

23



tive models: Hidden Markov model (HMM), Linear Discriminant Analysis
(LDA), Random Forest (RF), eXtreme Gradient Boosting (XGBoost), Gra-
dient Boosting Decision Tree (GBDT), Light Gradient Boosting Machine
(LGBM),and Multilayer Perceptron (MLP), using identical data of the 14
time windows. Different from using the binned dwell times in VALIO, these
models were trained directly with the dwell duration in milliseconds. All
these models were constructed using Python 3.9, with their major hyperpa-
rameters illustrated in Table 1.

The performance of the compared methods is shown in Figure 10. The
result indicates that the RF, XGBoost, GBDT, LGBM, and MLP methods
exceeded the performance of VALIO in Recall and F1 score when the time
window was larger than 30 seconds. The best F1 score (0.849 ) was achieved
by the GBDT method when using the time window of 55 seconds, with the
Precision of 0.760 and Recall of 0.962. However, the VALIO outperformed
the other models in Recall rate and F1 score when the time window was
smaller. It kept a stable performance with an average F1 score of 0.793
across all the tested time windows.

Figure 10: Performance of VALIO compared with other methods

4.4. Discussion

This case study demonstrates the efficacy of the VALIO framework in
encoding pilots’ visual attention into VATs and identifying OOTL status. By
comparing the performance across various VAT lengths, the VALIO method
demonstrated a stable performance with F1 scores between 0.77 and 0.82.
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Table 1: Machine learning models for comparison and the major hyperparameters

Models and Library Hyperparameter Function Value

HMM
hmmlearn (v-0.3.2)

n components Number of states 2

covariance type Each state uses diagonal covariance matrix ”diag”

n iter Maximum number of iterations 100

LDA
scikit-learn (v-1.3.2)
.discriminant analysis

solver Singular value decomposition ”svd”

shrinkage No shrinkage None

RF
scikit-learn (v-1.3.2)
.ensemble

n estimators Number of trees in forest 100

min samples split Minimum samples to split an internal node 2

GBDT
scikit-learn (v-1.3.2)
.ensemble

loss Binomial and multinomial deviance ”log loss”

learning rate Shrinkage of each tree’s contribution 0.1

n estimators The number of boosting stages 100

MLP
scikit-learn (v-1.3.2)
.neural network

hidden layer sizes Number of neurons in the ith hidden layer (100,)

activation Rectified linear unit function ”relu”

XGBoost
xgboost (v-2.0.3)

tree method Method for constructing the trees ”hist”

early stopping rounds Enables early stopping 2

LGBM
lightgbm (v-4.3.0)

learning rate Shrinkage of each tree’s contribution 0.1

n estimators The number of boosting stages 100
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Meanwhile, the comparison with other classification models also indicates
that the VALIO framework outperforms when using shorter time windows
with higher recall rates and F1 scores than other methods. This highlights
its capability to identify pilots’ OOTL status in time and efficiently.

4.4.1. VALIO with different VAT lengths and different dwell time divisions

The VALIO method obtained three LTLf formulas and they contributed
to a stable performance of VALIO across various time windows. These formu-
las provide not only OOTL identification capability, but also provide insights
by its explainability.

The formula ”G¬ att” emphasizes the critical role of the attitude indicator
(ATT) in ensuring pilot engagement. Considering the great importance of
aircraft attitude adjustments (pitch, roll, and yaw angles), the pilots need to
regularly check it with a high frequency. Therefore, neglecting this indicator
is identified as a strong predictor of OOTL status. However, a slight decline
in its occurrence and prediction performance was observed when the time
window increased, which might be explained by the increasing possibility of
the dwell towards attitude indicator, considering its necessity in long-term
flight monitoring activities.

The formula ”G¬ alt” underscores the importance of routinely checking
the altimeter. The change in altitude is less extensive than the attitude, so
the need to check the altimeter is less than checking the attitude indicator.
Therefore, this formula was recognized as the OOTL predictor at a medium
frequency with time windows between 35 to 70 seconds.

Furthermore, the formula ”G¬ vsp” was recognized a few times when
the time window became longer than 50 seconds. Comparing to the attitude
indicator and the altimeter, the vertical speed is less checked during the
cruising phase. Therefore, the dwells toward the speed indicator suggest
more active scanning activities and can signify the ITL status. This is in line
with research by Di Stasi et al. (2016) and Diaz-Piedra et al. (2016), which
links reduced saccade rates and velocities to increased fatigue and decreased
vigilance [75, 76].

These three formulas were recognized with the performance decline of the
previous formula as shown in Figure 8, resulting in a stable overall perfor-
mance of the VALIO methods across time windows.
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4.4.2. VALIO and other classification methods

As shown in Figure 10, some other tested models (i.e., GBDT) obtained
better Recall rates and F1 scores when using the longer time windows. How-
ever, the VALIO method outperformed in three perspectives: better perfor-
mance with shorter time windows; more stable performance across different
time windows; and explainability by human-readable LTLf formulas. This
demonstrates that the proposed VALIO method is expected to identify the
OOTL status of the pilot with better timeliness and explainability, and there-
fore enables more in-time interventions to prevent the negative effects.

Meanwhile, a significant improvement in the recall rates and the F1 scores
of other models was observed in Figure 10 when the time window was longer
than 30 seconds. Another observation from Figure 8 indicates that more
LTLf formulas started to arise when the time window was longer than 30
seconds. A possible explanation can be made that the visual monitoring
behaviors of these student pilots have a periodicity. The VALIO method
can handle the characteristics with either more or fewer periodical cycles
by discovering different formulas, while the other methods might need the
eye-tracking data of more periodical cycles to capture the characteristics.
However, this is a hypothesis that needs further investigation by more em-
pirical studies in the future.

4.4.3. Summary

In summary, the results demonstrated that the VALIO framework effec-
tively translates eye-tracking data into VATs and employs LTLf techniques
to generate human-readable formulas for OOTL detection. It fills the criti-
cal gap in explainability associated with detecting OOTL status and provides
insights into understanding the OOTL status. This methodology surpasses
other state-of-the-art approaches with shorter time windows and more sta-
ble performance, showcasing its ability to detect OOTL status with better
timeliness.

5. Conclusion

The phenomenon of Out-Of-The-Loop (OOTL) is a prevalent concern in
aviation, often induced by high levels of automation. It significantly impairs
pilot performance and aviation safety. However, a notable challenge persists
in the explainable characterization and identification of pilots’ OOTL sta-
tus. Addressing this, our study introduced the Visual Attention LTLf for
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Identifying OOTL (VALIO) framework, utilizing eye-tracking data to discern
pilots’ OOTL status with enhanced explainability.

This research makes three significant contributions to addressing the gap
of explainability. First, it introduces an innovative method for encoding pi-
lots’ eye-tracking data into structured Visual Attention Traces (VATs), which
capture the temporal and spatial dynamics of visual attention. These VATs
effectively represent pilots’ information-gathering behaviors, providing a solid
foundation for explainability in the analysis. Second, the study utilizes LTLf

methods to analyze these VATs, successfully identifying pilots’ OOTL status
with explainable results by generating human-readable formulas. In compar-
ison with other methods, this methodology significantly outperforms when
using shorter time windows and hence provides better timeliness. Third,
by conducting a focused case study, the VALIO framework generated three
LTLf formulas for the given flight task. These formulas offer valuable in-
sights into the characteristics of OOTL status, deepening our understanding
and directing future research efforts.

However, our study has limitations. The proficiency level of student pi-
lots involved and the constrained scope of laboratory-collected data limits
the findings from being directly adopted to the practical conditions. Fur-
thermore, the binary classification of OOTL and ITL statuses in this study
simplifies a more nuanced reality. Although having these two limitations,
the results demonstrated that the proposed method is able to capture the
characteristics of the pilots’ gaze movement for discerning different statuses.
Future research aims to encompass a broader spectrum of pilot expertise, in-
corporating licensed pilots and more realistic scenarios. Moreover, the dwell
time division method, as well as the training and interpretation methods
for LTLf formulas will be further developed to enable more comprehen-
sive expressions and better performance. This will enable a more extensive
exploration of OOTL’s varying degrees and enhance the robustness of our
findings.
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AOI Are of Interest
ASRS Aviation Safety Reporting Systems
EEG Electroencephalogram
fNIRS functional Near-Infrared Spectroscopy
FMS Flight Management Systems
GBDT Gradient Boosting Decision Tree
GNN Graph Neural Network
IDA Information-Decision-Action (cognitive model)
LDA Linear Discriminant Analysis
LightGBM Light Gradient Boosting Machine
LTL Linear Temporal Logic
LTLf Linear Temporal Logic on finite traces
MaxSAT Maximum Satisfiability problem
MLP Multilayer Perceptron
NASA National Aeronautics and Space Administration
RF Random Forest
SA Situation Awareness
OOTL Out-Of-The-Loop
VALIO Visual Attention LTLf for Identifying OOTL
VAT Visual Attention Trace
XGBoost eXtreme Gradient Boosting
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