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Abstract

Background: Pilots often experience mental fatigue during task performance, accompanied by fluctuations in positive (e.g., joy) and
negative (e.g., tension) emotions. Both mental fatigue and emotional changes significantly contribute to aviation accidents, yet few
studies have considered their interplay. This study had three primary objectives. First, it examined the changes in positive and negative
emotions following mental fatigue. Second, it investigated how these emotions influence the recovery from fatigue. Finally, it developed
a comprehensive evaluation model integrating mental fatigue and emotional states. Methods: Two task sets were created using the
visual search paradigm, incorporating simulated flight tasks with positive and negative emotional stimuli. Data were collected from 30
participants using electroencephalogram (EEG), eye-tracking, electrocardiogram (ECG), and behavioral performance metrics. Results:
Participants showed mental fatigue after the simulated flight task, with reduced arousal for both positive and negative emotions; positive
images had stronger effects. ERP showed decreased N1, P3, and LPP amplitudes. A Support Vector Machine (SVM) classifier achieved
over 93% accuracy for fatigue but about 70% for emotion recognition. Conclusions: The task effectively induced fatigue and indicated
that positive stimuli may aid recovery. Multimodal features support accurate fatigue detection, though emotion classification needs
improvement Clinical Trial Registration: No: ChiCTR2500104961. https://www.chictr.org.cn/showproj.html?proj=267844.
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1. Introduction

Pilots face dual challenges of mental fatigue and emo-
tional fluctuations during mission execution [1-3]. Men-
tal fatigue is one of the most critical factors leading to a
decline in pilot performance, posing a significant threat to
aviation safety [1,4,5]. It manifests across various dimen-
sions, including cognitive, psychological, emotional, and
behavioral [6]. Psychologically, fatigue appears as tired-
ness, headaches, and palpitations, while behaviorally, it is
characterized by distractibility and drowsiness [7—9]. Emo-
tionally, it often leads to anxiety, reduced self-confidence,
and irritability [10]. When pilots experience mental fa-
tigue, their levels of alertness and attention drop signifi-
cantly [11,12]. For example, 72% of Army pilots flying
under sleep-deprived conditions are at risk of falling asleep
during flight [13]. A survey of 162 experienced U.S. Air
Force pilots and navigators revealed that fatigue-induced
performance degradation is common across cockpits, often
resulting in reduced situational awareness and delayed re-
action times [14].

Meanwhile, emotions are also closely related to avi-
ation safety [15,16]. Positive emotions, such as happi-
ness and alertness, correlate with optimal performance,
whereas negative emotions, such as anxiety, often emerge

during suboptimal performance [17]. Emotionally demand-
ing tasks, particularly those involving complex working
memory, have been shown to impair executive functions
under emotional stress [18]. During prolonged cognitive
tasks, individuals often report increased fatigue and nega-
tive emotions while experiencing a marked decline in atten-
tion and positive emotions [19]. In simulated unsafe land-
ing scenarios, negative emotional outcomes associated with
go-around decisions have been found to temporarily impair
decision-making processes, increasing aviation risks [20].
Beyond flight tasks, pilots’ emotional changes driven by
social pressures also impact flight safety. Prolonged expo-
sure to emotionally stressful work environments can lead to
negative workplace behaviors and diminished performance
[21]. In a simulated flight experiment where task difficulty
was a secondary factor, it was found that social stressors
and cognitive workload manipulation influenced emotional
responses. Specifically, social pressure sources triggered
emotional reactions that enhanced secondary task engage-
ment and performance [22].

Fatigue and emotional states in pilots are typically
assessed through induced scenarios in simulated or real-
flight environments, followed by analyzing performance
and physiological data. Measurement tools include subjec-
tive questionnaires, physiological monitoring, and perfor-
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mance evaluations [23]. Among these, physiological met-
rics are particularly valued for their objectivity and sen-
sitivity. Methods include collecting and analyzing elec-
troencephalogram (EEQG), electrocardiogram (ECG), eye-
tracking, electromyogram (EMG), and blood oxygen sat-
uration data. In EEG-based measurements, event-related
potential (ERP) is commonly used to assess fatigue and
emotional responses. Key ERP components include N170,
P300, and late positive potential (LPP). The N170 com-
ponent, peaking between 130-200 ms, is primarily asso-
ciated with emotional processing and is most prominent
in the right hemisphere [24]. The P300 component peaks
around 300-600 ms during emotional picture tasks, with
maximal activity in the central-parietal region, reflecting
both emotional and non-emotional processes [25]. The
LPP component, starting around 400 ms, is more sensi-
tive to arousal levels and emotional regulation, persisting
throughout stimulus presentation [26]. For mental fatigue,
researchers focus on ERP components such as P1, N1, P2,
N2, and P300, as changes in their latency and amplitude
can reflect alterations in attention post-fatigue [27]. EEG
frequency bands are also significant, with beta activity posi-
tively correlated with alertness and alpha/theta activity neg-
atively correlated with it, serving as indicators of mental
fatigue [28]. Similarly, heart rate (HR) and heart rate vari-
ability (HRV) metrics are commonly used as a physiolog-
ical marker of autonomic nervous system function, partic-
ularly reflecting the balance between the parasympathetic
and sympathetic branches. The high-frequency compo-
nent of HRV is associated with parasympathetic activity,
while the low-frequency component is considered a marker
of both sympathetic and parasympathetic influences [29].
Time-on-task effects on HRV are linked to a decrease in
parasympathetic activity, with time-domain indices provid-
ing more reliable monitoring of autonomic changes during
mental fatigue induction. In contrast, frequency-domain in-
dices are more closely related to psychological symptoms
of mental fatigue [30]. Mental fatigue may involve two op-
posing processes: task disengagement and compensatory
effort, both of which are influenced by the sympathetic and
parasympathetic nervous systems. Therefore, a significant
study has explored the relationship between HRV and men-
tal fatigue [31]. Meanwhile, eye-tracking features like blink
frequency and pupil diameter are widely used for fatigue
detection [32,33].

Recent studies leverage machine learning to classify
fatigue and emotional states with high accuracy. For in-
stance, Chen ef al. [34] used graph neural networks to clas-
sify emotional states in simulated driving scenarios with
75.26% accuracy. Lee et al. [35] applied a CNN-based
multi-feature block algorithm to classify pilots’ mental
states (normal, fatigued, workload-induced, and distracted)
with high precision. Yu ef al. [36] combined eye-tracking
and EEG data to build a convolutional neural network-long
short-term memory model, accurately identifying pilots’ fa-

tigue levels. Similarly, Qin ef al. [37] achieved 91.8%
accuracy in mental fatigue detection using ECG and eye-
tracking data.

Despite these advancements, the interaction between
fatigue and emotions remains poorly understood. Specifi-
cally, the reciprocal effects of fatigue on emotional arousal
and how positive or negative emotions either amplify or
mitigate fatigue are unclear. For instance, Ghanbari et al.
[38] used emotional imagery as a stimulus to evaluate brain
arousal post-fatigue but found no significant results. Con-
versely, Fan ef al. [39] demonstrated that mindfulness med-
itation could counteract the negative associations between
fatigue and emotional neural activation by maintaining LPP
amplitudes during emotional stimuli.

In this study, experiments were designed to induce
both positive and negative emotions as well as mental fa-
tigue in simulated flight tasks, with the scenarios based on
a visual search paradigm. The data collected during the ex-
periments included EEG, ECG, eye-tracking metrics, work
performance, and subjective questionnaires. The study
aimed to address three key objectives: (1) Does the sim-
ulated flight task successfully induce mental fatigue, and
what physiological indicators exhibit significant changes?
(2) How do positive and negative emotions change after
mental fatigue, and what is the arousal effect of these emo-
tions on mitigating mental fatigue? (3) Considering the
coupling between mental fatigue and emotional changes
during flight tasks, is it possible to classify these two states
effectively?

2. Materials and Methods
2.1 Participants

To minimize the influence of factors such as educa-
tional background and age, the study recruited 30 healthy
male volunteers, all right-handed, aged 22 to 26, from the
postgraduate student population of Beihang University. Be-
fore the experiment, participants were instructed to main-
tain adequate sleep and a normal diet for two days and to
abstain from consuming stimulants such as strong tea or
coffee for 24 hours. The sample size was close to the op-
timal sample size calculated in G*Power for ANOVA, f =
0.25,a=0.05, 1-beta = 0.80, Number of groups = 1, Num-
ber of measurements = 4, resulting in N = 24.

During the testing sessions, participants were re-
quired to stay focused and minimize actions like speaking,
swallowing, chewing, or making unnecessary movements.
Upon completing the experiment, volunteers were compen-
sated for their participation. This study was performed ac-
cording to the Declaration of Helsinki and was approved
by the Biological and Medical Ethics Committee of Bei-
hang University (approval: BM20250004). All adult par-
ticipants provided written informed consent to participate
in this study.
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Fig. 1. Overall experimental design. VAS, visual analogue scale.

2.2 Stimulus Materials

The experiment employed two paradigms: an emo-
tional image recognition task (emotional experimen-
tal paradigm) and a visual search task (visual search
paradigm). For the emotional image recognition task, 120
pictures (40 positive, 40 negative, and 40 neutral) were se-
lected from the Chinese Affective Picture System (CAPS)
as emotional stimuli. The CAPS database demonstrates
high internal consistency (Cronbach’s ac > 0.85) and strong
test-retest reliability (r > 0.75) [40].

For the visual search task, a total of 40 dashboard im-
ages were used as stimuli, including 20 target images and
20 non-target images. Each image was arranged ina 3 x 3
grid, featuring nine dials with pointers oriented in various
directions. The target stimuli were defined as dials with
pointers fixed at a 45° angle (northeast direction), while the
distractor stimuli consisted of dials pointing in the remain-
ing seven directions (0°, 90°, 135°, 180°, 225°, 270°, and
315°).

2.3 Experimental Design

The experiment comprised two sub-experiments: a
positive emotion condition and a negative emotion condi-
tion, both of which were completed by each participant.
A 20-minute break was provided between the two sub-
experiments to allow participants to recover. Each sub-
experiment included three emotional task blocks and five
visual search task blocks. The visual search tasks were de-
signed to simulate cockpit instrument monitoring by pilots,
while the emotional image tasks intended to elicit either
positive or negative emotional states.

In the positive emotion condition, participants first
completed a positive emotional image task, followed by
five consecutive visual search tasks, and concluded with an-
other positive emotional image task. The negative emotion
condition adopted an identical structure. The visual search
tasks positioned between the two emotional tasks were col-
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lectively referred to as fatigue-inducing tasks, aimed at elic-
iting mental fatigue in participants. Additionally, partic-
ipants were required to complete a visual analogue scale
(VAS) before and after the experiment to subjectively as-
sess their mental state. The VAS included four dimensions:
alertness, anxiety, vitality, and sleepy.

In the positive emotional task, participants were pre-
sented with a random sequence of images drawn from two
categories: positive and neutral, each comprising 50% of
the stimuli. Each image was displayed for 1000 ms, fol-
lowed by an inter-stimulus interval of 1000 ms. The to-
tal task duration was 160 s. The negative emotional task
followed the same design, but featured negative and neu-
tral images instead. All parameters (image count, dura-
tion, and interval) were consistent across both conditions.
Participants were instructed to click the left mouse button
when viewing a positive or negative image and the right
mouse button when viewing a neutral image. Each emo-
tional block lasted approximately 160 s. Behavioral perfor-
mance in each block was assessed via reaction time (RT)
and accuracy (Acc). The total duration of the experiment
was approximately 3 hours. The overall experimental pro-
cedure is illustrated in Fig. 1.

2.4 Experimental Equipment

In this experiment, EEG, ECG, eye-tracking, and be-
havioral data were collected from participants. The EEG
signals were recorded using the NeuroScan 40 system
(Compumedics NeuroScan, Charlotte, NC, USA) with a
sampling rate of 1000 Hz. ECG data were acquired us-
ing the MP150 Data Acquisition System (BIOPAC system,
Inc., Goleta, CA, USA), also with a sampling rate of 1000
Hz. Eye-tracking data were collected using the desktop eye-
tracker (SensoMotoric Instruments, Germany). The spe-
cific experimental setup is shown in Fig. 2.
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Fig. 2. The experimental environment.

2.5 Data Processing

The data preprocessing of EEG  signals
was  analyzed wusing the EEGLAB  toolbox
(https://scen.ucsd.edu/eeglab/index.php) in the MAT-

LAB 2023b (MathWorks, Inc., Torrance, CA, USA)
environment. Four electrooculogram (EOG) channels
(‘HEOL’, ‘HEOR’, ‘VEOU’, ‘VEOL’) were excluded
from acquisition due to irrelevance to the analysis ob-
jectives. Additionally, electrodes ‘FT9’, ‘FT10’, ‘POI’,
and ‘PO2’ were removed post-acquisition due to poor
signal quality, resulting in 32 retained channels. All
preprocessing steps were performed using the EEGLAB
toolbox running under MATLAB 2023b. Initially, EEG
datasets were re-referenced to the average of the mastoid
electrodes, ‘A1’ and ‘A2’, to establish a common refer-
ence. Subsequently, the continuous EEG data were filtered
using a zero-phase Butterworth bandpass filter with cutoff
frequencies of 1 Hz and 40 Hz to remove slow drifts and
high-frequency noise. A notch filter centered at 50 Hz
was also applied to eliminate line noise contamination.
Following filtering, the continuous data were segmented
into 1.2 s epochs (0.2 to 1.0 s relative to stimulus onset),

with the pre-stimulus interval (—0.2—0 s) used for baseline
correction via mean voltage subtractions. To address ocu-
lar and other non-brain artifacts, independent component
analysis (ICA) was employed. An experienced researcher
visually inspected the ICA decomposition results, and
artifactual components (typically 1-5 components per
EEG dataset) were manually identified and removed.

An ERP analysis was performed on the EEG data col-
lected from the frontal (FZ), central (CZ), and parietal (PZ)
electrodes during emotional tasks for both the positive and
negative groups. These locations overlie key cortical areas,
including the prefrontal cortex, central parietal regions, and
parieto-occipital cortex. Consequently, they are considered
crucial recording sites in ERP studies for examining broadly
distributed cognitive processes such as attention, inhibitory
control, and working memory [39,41,42]. FZ: Positioned
over the prefrontal cortex, primarily associated with emo-
tional regulation and task control. CZ: Located over the
central cortex, involved in sensory processing. PZ: Situ-
ated over the parietal-occipital region, playing a crucial role
in visual processing. Specific time windows for key ERP
components were defined to analyze neural activity during
the tasks, including the N1 (100-150 ms), P2 (150-250 ms),
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N2 (200-350 ms), P3 (300-500 ms), and LPP (500-1000
ms). These intervals were carefully selected to capture neu-
ral responses critical for attention allocation, cognitive pro-
cessing, and sustained emotional evaluation, aligning with
the expected timing of these ERP components in the context
of emotional and fatigue-related tasks.

Wavelet packet energy analysis was employed to eval-
uate EEG data collected before and after the fatigue tasks.
For each experimental condition, we extracted the relative
energy features from all channels. Specifically, after per-
forming wavelet decomposition to extract the delta (§, 0.5—
4 Hz), theta (0, 4-8 Hz), alpha («, 812 Hz), and beta (3,
12-30 Hz), the relative power ratios were calculated by di-
viding each energy by the sum of the four energy bands.

ECG signals were processed with the NeuroKit2
toolbox (https://neuropsychology.github.io/NeuroKit) in
Python 3.9.20 (Python Software Foundation, Wilmington,
DE, USA), involving preprocessing that included apply-
ing a high-pass filter at 0.5 Hz and notch filtering to elim-
inate 50 Hz power line interference. For feature extrac-
tion, a 60-second sliding window with a 30-second step size
was used to derive HR and HRV. HRV time-domain met-
rics included mean normal-to-normal interval (NN), stan-
dard deviation of NN intervals (SDNN), root mean square
of successive differences in NN intervals (RMSSD), per-
centage of NN intervals differing by more than 50 ms
(pNNS50), and triangular interpolation of NN interval distri-
bution (TINN), while HRV frequency-domain metrics com-
prised total power (TP) and LF/HF (the low-frequency (LF,
0.04-0.15 Hz) to high-frequency (HF, 0.15-0.4 Hz) power
ratio). The specific formulas for each indicator are as fol-
lows:

1
MeanNN = NRRY; €))
N
SDNN = Z (RR; — RR) 2)
N
RMSSD = Z RRiy1 — RR)* (3)

Number of |RR; — RR;—1| > 50 ms

NN50 —
P N_—1

x100%

“4)

The eye movement data analysis was performed using
the BeGaze software (SensoMotoric Instruments, Warthes-
traBBe, Teltow, Germany) included with the device for pro-
cessing. The features collected from the eye movement data
included pupil diameter, blink duration, blink frequency,
saccade amplitude, and saccade velocity. In the positive
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emotion task, eye movement data from two emotion stimu-
lus blocks (before and after the fatigue task) were used for
analysis, with the data duration set at 160 s. The extracted
feature data were averaged for each dimension across all
participants using Python 3.9.

2.6 Statistical Analysis

To facilitate statistical analysis, we operationalized
two categorical variables: “Positive Group” and “Negative
Group”, which distinguished participants performing pos-
itive vs. negative emotion experimental conditions. Each
emotional condition adopted a 2 x 2 within-subject design,
where participants’ physiological state during Block 1 (pre-
fatigue) was defined as the “Awake State”, whereas Block
8 (post-fatigue) was designated as the “Fatigue State”. The
variable “State” thus indexed the pre/post-fatigue contrast.
Within each emotional block, distinct stimulus types were
presented. The variable “Condition” was therefore de-
fined to denote the valence of stimuli (Positive vs. Neu-
tral or Negative vs. Neutral). All statistical analyses were
performed using the Pingouin package (https:/pingouin-
stats.org/build/html/index.html) in Python 3.9.

For subjective scales, ECG features, and eye-tracking
data, paired t-tests were used to compare the differences in
each feature before and after the fatigue task. The signifi-
cance level was set at p < 0.05.

For ERP data, the image-evoked components N1, P2,
N2, P3, and LPP were analyzed using a 2 x 2 repeated-
measures ANOVA with factors State (Awake vs. Fatigue)
and Condition (Positive/Negative vs. Neutral). False dis-
covery rate (FDR) correction was applied for multiple com-
parisons. For wavelet packet energy features, the rela-
tive power ratios of image-evoked delta 4, 0, a, and 3
frequency bands were analyzed using a 2 x 2 repeated-
measures ANOVA with the same State and Condition fac-
tors. FDR correction was applied for multiple comparisons.

For behavioral data, reaction time was defined as the
time elapsed between stimulus onset and correct keypress.
Acc was defined as the proportion of correctly identified
stimuli. RT and Acc data were subjected to the same 2 x 2
repeated-measures ANOVA (State x Condition), with FDR
correction for pairwise comparisons.

3. Results

Eye movement, ECG, and subjective questionnaire
data were used to verify that the designed simulated flight
experiment successfully induced mental fatigue in the par-
ticipants. Meanwhile, EEG and behavioral data simulta-
neously characterized the mutual influence between mental
fatigue and emotion.

3.1 Mental Fatigue Results
3.1.1 Subjective Scales

As illustrated in Fig. 3, participants’ alertness signif-
icantly decreased after completing the task, while anxiety
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Fig. 3. Subjective scale scores before and after the task. The vertical error bars represent the standard error, indicating the dispersion

or inter-individual variability of the data for each condition. The asterisk (*) denotes statistical significance at the p < 0.05 level, resulting

from paired #-tests comparing the conditions shown.

Table 1. Results of various eye movement characteristics.

Pupil diameter (mm)  Blink frequency (Hz)  Blink duration (ms)  Saccade amplitude (°)  Saccadevelocity (°/s)
Before task 5.09 £0.83 0.24 £0.13 234.11 £ 58.38 16.72 4+ 8.45 139.96 + 61.33
After task 451 +0.81 0.19 +0.14 261.96 + 48.06 11.86 + 7.44 140.24 + 49.56
p-value 0.0004*** 0.72 0.07 0.12 0.23

*** means p < 0.001.

levels significantly increased. Similarly, vigor showed a
significant decline, and sleepy markedly increased.

3.1.2 Eye Movement Feature Analysis

We analyzed several indicators, including pupil diam-
eter, blink frequency, blink duration, saccade amplitude,
and saccade velocity before and after the fatigue task, as
shown in Table 1. After experiencing the fatigue task, par-
ticipants exhibited a decrease in pupil diameter (Before:
5.09 £ 0.83 mm; After: 4.51 £+ 0.81 mm; p = 0.0004), an
increase in blink duration, and a relative reduction in blink
frequency. While there was little change in the saccade ve-

locity during target search, the saccade amplitude tended
to decrease. However, no significant differences were ob-
served in those indicators.

3.1.3 Analysis of ECG Signal Characteristics

Paired ¢-test results for before and after task data are
presented in Table 2. After completing the fatigue task, HR
significantly decreased (Before: 75.1 + 1.72 bpm; After:
72.58 £ 3.22 bpm; p < 0.0001) and multiple HRV met-
rics significantly increased including NN (Before: 759.45
4+ 97.33 ms vs. After: 793.08 4+ 126.11 ms; p = 0.018),
SDNN (Before: 42.71 + 19.86 ms vs. After: 51.21 + 18.53
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Table 2. Features of electrocardiogram signals.

HR (bpm) NN (ms) SDNN (ms) TP PpNNS50 LF/HF TINN (ms) RMSSD (ms)
Before task  75.1 +1.72  759.45 +97.33 42.71 4+ 19.86 869.16 + 736.99 9.84 + 11.09 2.19 + 1.74 103.61 + 30.5 28.69 + 14.11
After task  72.58 +3.22 793.08 + 126.11 51.21 4+ 18.53 1189.1 + 869.18 14.04 + 16.34 2.45 + 1.86 130.62 +39.8 33.71 + 17.48
p-value <0.0001#*** 0.018* 0.02* 0.03* 0.14 0.46 <0.00071 **** 0.05*

FR, heart rate; NN, mean normal-to-normal interval interval, SDNN, standard deviation of NN intervals; TP, total power; pNN50, percentage of
NN intervals differing by more than 50 ms; LF/HF, low-frequency/high-frequency; TINN, triangular interpolation of NN interval distribution;
RMSSD, root mean square of successive differences in NN intervals. * means p < 0.05, **** means p < 0.0001.

Table 3. ANOVA results of each component of ERP in the positive group.

N1 P2 N2 P3 LPP
F p-value F p-value F p-value F p-value F p-value

FZ 4438 <0.001***  0.06 0.80 64.27  <0.001*%** 113.1  <0.001*** 7535  <0.001%***
State Cz 2437 <0.001*** 0.001 0.97 46.5  <0.001*** 3302 <0.001*** 1151  <0.001***

Pz 7.8l 0.006** 4.69 0.03* 10.76  <0.001***  2.03 0.15 1.99 0.16

FZ 0.004 0.95 1.41 0.23 0.69 0.41 4436  <0.001***  182.9 <0.001***
Condition CZ  2.17 0.14 1.77 0.18 3.41 0.07 47.82  <0.001***  247.8 <0.001***

PZ  0.01 0.93 1640 <0.001*** 3972  <0.001*** 102.3 <0.001*** 79.89  <0.001%***

FZ 1396 <0.001***  1.76 0.19 13.03  <0.001*** 926 0.002%* 849  <0.001***
Interaction CZ 394  <0.001*** 328 0.07 9.35 0.002%* 5.54 0.02* 93.61  <0.001%**

PZ 373 0.06 12.59  <0.001***  4.06 0.04* 2.63 0.11 224 <0.001%***

LPP, late positive potential. * means p < 0.05, ** means p < 0.01, *** means p < 0.001. ERP, event-related potential; FZ, frontal; CZ,

central; PZ, parietal.

ms; p = 0.02), TP (Before: 869.16 + 736.99 vs. After:
1189.1 £ 869.18; p = 0.03), TINN (Before: 103.61 &+ 30.5
ms vs. After: 130.62 £ 39.8 ms; p < 0.0001), and RMSSD
(Before: 28.69 4 14.11 ms vs. After: 33.71 &+ 17.48 ms; p
= 0.05), while pNN50 (Before: 9.84 £ 11.09% vs. After:
14.04 £ 16.34%; p = 0.14) and the LF/HF ratio (Before:
2.19 + 1.74 vs. After: 2.45 £+ 1.86; p = 0.46) showed no
statistically significant changes before and after the task.

3.2 Mutual Influence Between Mental Fatigue and
Emotion

3.2.1 ERP

The independent variables in our analysis were emo-
tional type (positive vs. neutral, negative vs. neutral) and
fatigue type (awake, fatigue), while the dependent variable
was the amplitude of ERP components.

As shown in Fig. 4, emotional stimulus pictures
elicited distinct N1, P2, N2, P3, and LPP components. The
P2 component displayed a prominent large-amplitude peak
around 200 ms, the P3 component showed high amplitude
between 300-500 ms, the N1 component had a large am-
plitude around 150 ms, the N2 component exhibited high
amplitude around 250 ms, and the LPP component demon-
strated large amplitude with extended duration (600-800
ms).

In the positive group, as shown in Fig. 4a—c, after
the fatigue task, both positive and neutral stimuli showed
fatigue-related changes, including a reduction in amplitude
for the N1, N2, P2, P3, and LPP components. The results
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of the two-way ANOVA for the positive group (Table 3)
showed significant effects for the State factor.

After the fatigue task, the N1 component showed sig-
nificantly reduced amplitudes at FZ (p < 0.001), CZ (p <
0.001), and PZ (p = 0.006), with no significant differences
between positive and neutral image conditions across these
electrodes. However, significant state x condition interac-
tions were observed at FZ (p < 0.001) and CZ (p < 0.001).
For the P2 component, the main effect of state was signifi-
cant only at PZ (p = 0.03), the main effect of condition was
significant at PZ (p < 0.001), and a significant interaction
emerged at this electrode (p < 0.001). In the N2 component,
significant state effects were found at FZ (p < 0.001), CZ
(» < 0.001), and PZ (p < 0.001), with no significant condi-
tion effects, but significant interactions were present at FZ
(» < 0.001), CZ (p = 0.002), and PZ (p = 0.04). For the P3
component, state effects were significant at FZ (p < 0.001)
and CZ (p < 0.001), condition effects were significant at
FZ (p < 0.001), CZ (p < 0.001), and PZ (p < 0.001), and
interactions were significant at FZ (p = 0.002) and CZ (p =
0.02). Finally, for the LPP component, state effects were
significant at FZ (p < 0.001) and CZ (p < 0.001), condi-
tion effects were highly significant across all electrodes (p
< 0.001), and interactions were significant at all electrodes
(p < 0.001).

In the negative group, as shown in Fig. 4d—f, nega-
tive stimuli reduced amplitudes across multiple ERP com-
ponents compared to neutral stimuli, indicating mental fa-
tigue following the fatigue task. After the fatigue task, dif-
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Fig. 4. Positive group and negative group event-related potentials. (a) Group Positive, FZ. (b) Group Positive, CZ. (c) Group Positive,
PZ. (d) Group Negative, FZ. (e) Group Negative, CZ. (f) Group Negative, PZ.

Table 4. ANOVA results of each component of ERP in the negative group.

N1 P2 N2 P3 LPP
F p-value F p-value F p-value F p-value F p-value

FZ 2048 <0.001***  0.10 0.75 9.64 0.002*%*  15.15  <0.001***  66.9  <0.001***
State CZ 4627 <0.001***  0.63 0.43 0.01 0.92 0.04 0.84 3.51 0.06

PZ 1426 <0.001**%* 6.98  0.01** 10.34  0.002**  9.54 0.002 0.26 0.61

FZ 8426 <0.001*%** 0.11 0.75 4.99 0.03* 9.38 0.002** 188.1  <0.001***
Condition CZ 51.55 <0.001**%*  1.67 0.20 8.63 0.004**  3.22 0.07 330.1  <0.001%***

PZ 3.83 0.053 554  0.02* 0.15 0.70 1481 <0.001***  379.1  <0.001%*%**

FZ 0288 0.35 1.04 0.31 4.70 0.03* 0.32 0.57 47.66  <0.001***
Interaction CZ  0.07 0.79 0.34 0.56 0.25 0.62 0.02 0.90 21.84  <0.001***

PZ 038 0.54 0.05 0.82 <0.001 0.98 0.15 0.70 3341  <0.001%**

* means p < 0.05, ** means p < 0.01, *** means p < 0.001.

ferences between negative and neutral stimuli diminished
across components. Moreover, fatigue had a more pro-
nounced weakening effect on negative stimuli than on neu-
tral stimuli. The results of the two-way ANOVA for the
Negative Group (Table 4) showed significant effects for the
State factor.

For the negative group, the N1 component showed sig-
nificant state differences at FZ (p < 0.001), CZ (p < 0.001),
and PZ (p < 0.001), indicating reduced N1 amplitude in the
central-frontal region after the fatigue task, while negative
vs. neutral images differed significantly at FZ (p < 0.001)
and CZ (p < 0.001) but not at PZ, with no significant in-
teractions across electrodes. For the P2 component, only
the PZ electrode showed a significant state difference (p =
0.01), and no interactions were detected. In the N2 compo-
nent, significant state differences emerged at FZ (p = 0.002)
and PZ (p = 0.002), negative images induced stronger N2
responses at FZ (p = 0.03) and marginally at CZ (p = 0.004),

and a significant state x condition interaction was observed
at FZ (p = 0.03). For the P3 component, state differences
were significant at FZ (p < 0.001) and PZ (» =0.002), nega-
tive images elicited stronger P3 responses at FZ (p = 0.002)
and PZ (p < 0.001), and no interactions were found. For
the LPP component, a significant state difference occurred
at FZ (p < 0.001), condition effects were significant at all
electrodes (p < 0.001), and significant state x condition in-
teractions were observed across all electrodes (p < 0.001).
When participants reach a state of mental fatigue, the
arousal effects of positive and negative emotional stimuli
differ. Assuming that neutral emotion stimuli images have
the same impact on participants’ amplitude changes, we
used the amplitude values of neutral emotion images from
the visual search task in both groups as a baseline. We then
compared the amplitude differences between positive, neg-
ative, and neutral emotion images, as shown in the Fig. 5.
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Fig. 5. Positive group and negative group event-related potentials. (a) FZ. (b) CZ. (c) PZ.
Table 5. Between-group ERP comparison post-fatigue.
N1 P2 N2 P3 LPP
Positive  0.26 £ 0.44 1.17 + 0.98 1.14+1.04 182+098 0.90 + 0.69
FZ Negative 045+026 -031+047 0.04+£098 0.61+0.76 1.19 £ 0.97
p-value 0.07 <0.01** <0.01** <0.001*** <0.001***
Positive  0.65+0.75 1.32+1.19 043+059 191+1.25 1.25+0.79
CZ Negative 0.87+0.74 -025+09 0.52+0.75 0.48+0.53 0.81 + 1.07
p-value 0.30 <0.01** <0.01** <0.001*** <0.001***
Positive  0.26 £+ 0.44 1.16 + 0.98 1.01 +£0.88 1.82+£0.98 0.90 + 0.68
PZ Negative 048 +£0.20 -031+047 0.04+097 0.61+0.76 1.19 + 0.97
p-value 0.03* <0.01** <0.001%**  <0.001*** <0.001%**
* means p < 0.05, ** means p < 0.01, *** means p < 0.001.
Table 6. ANOVA results of EEG wavelet energy.
5 0 a B
F p-value F p-value F p-value F p-value
State 2.73 0.108 4.39 0.033* 0.915 0.346 0.324 0.573
Positive Condition  2.391 0.132 20.311 <0.001**  16.546 <0.001**  1.618 0.213
Interaction  0.44 0.512 8.671 0.006** 9.058 0.005%* 0.163 0.689
State 0.657 0.006** 0.082 0.777 0.276 0.603 0.841  0.001%***
Negative  Condition  0.85 0.772 30.698  <0.001** 11.682  0.002** 3.85 0.058
Interaction  0.903  <0.001*** 8.45 0.006* 8.124 0.007** 0.260 0.037*

* means p < 0.05, ** means p < 0.01, *** means p < 0.001.

In the Positive group, the amplitude difference is cal-
culated by subtracting the amplitude induced by neutral
emotion images from the amplitude induced by positive
emotion images after mental fatigue. Similarly, in the Neg-
ative group, the amplitude difference is obtained by sub-
tracting the amplitude induced by neutral emotion images
from the amplitude induced by negative emotion images af-
ter mental fatigue.

As shown in Table 5, except for the N1 component,
the amplitude changes induced by positive emotion images
are larger than those induced by negative emotion images at
the FZ, CZ, and PZ electrodes. After mental fatigue, partic-
ipants seem to experience better fatigue awakening effects
when exposed to positive emotion stimuli.

&% IMR Press

3.2.2 EEG Wavelet Energy Analysis

The wavelet energy distribution for the positive and
negative groups in each frequency band is shown in
Fig. 6a,b, respectively. After completing the visual search
tasks, the relative energy in the 6 band decreased, while that
in the « band increased for both the positive and negative
groups.

The two-way ANOVA results are presented in Table 6.
In the positive emotion group, the § band showed no signif-
icant group, condition, or interaction effects. The 6 band
exhibited a significant state effect, a significant condition
effect (p < 0.001), and a significant interaction effect (p =
0.006). The « band showed no significant state effect (p
= 0.346) but had a significant condition effect (p < 0.001)
and a significant interaction effect (p = 0.005). The /3 band
had no significant effects for any factor.
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Fig. 6. EEG wavelet energy of the positive group and the negative group. (a) Group Positive. (b) Group Negative.
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Fig. 7. Reaction time and accuracy of the positive group and the negative group. (a) Group Positive. (b) Group Negative. PP, the

positive stimuli of the positive group; PN, the neutral stimuli of the positive group; NP, the negative stimuli of the negative group; NN,

the neutral stimuli of the negative group.

In the negative emotion group, the § band showed a
highly significant state effect (p = 0.006) and interaction ef-
fect (p < 0.001), but no significant condition effect. The §
band had no significant group effect but exhibited a highly
significant condition effect (p < 0.001) and a significant
interaction effect (p = 0.006). The « band showed no sig-
nificant state effect but had significant condition (p = 0.002)
and interaction effects (p = 0.007). The § band had a sig-
nificant state effect (p = 0.001) and a significant interaction
effect (p = 0.037), with no significant condition effect.

3.2.3 Behavioral Performance Analysis

Performance data on RT and Acc for the positive
group are illustrated in Fig. 7a,b, respectively. After the
visual search task, participants exhibited increased mean re-
action times and decreased mean accuracy across all condi-
tions, indicating signs of fatigue.

Two-way ANOVA results (Table 7) reveal that re-
action times significantly increased following the visual
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search task, reflecting a clear decline in performance. Par-
ticipants found it easier to distinguish between negative and
neutral stimuli. However, no significant interaction effects
were observed between image type and group for either the
positive or negative groups. For accuracy, significant dif-
ferences emerged only between positive and neutral image
types. While a downward trend in accuracy was observed
after the task, the decrease did not reach statistical signif-
icance. Furthermore, no significant interaction effects be-
tween image type and group were detected in the accuracy
data. This suggests that while fatigue influenced reaction
times, its impact on accuracy was less pronounced.

3.3 Emotion and Fatigue Classification

To better assess pilots’ emotional and fatigue states
during simulated flight, we accounted for significant in-
dividual differences, as each participant’s classification
thresholds for fatigue and emotion vary. We applied an
Support Vector Machine (SVM) model to classify emo-
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Table 7. ANOVA results of reaction time and accuracy.

Group positive RT ~ Group negative RT

Group positive Acc  Group negative Acc

F p-value F p-value F p-value F p-value
Group 6.14 0.016* 6.97 0.011* 1.255 0.267 0.017 0.898
Condition  0.65 0.424 2790  <0.01**  27.10  <0.01**  3.466 0.068
Interaction  0.15 0.70 2.525 0.118 0.017 0.897 7.231 <0.01%*

* means p < 0.05, ** means p < 0.01.

Table 8. Classification results of emotions and fatigue.

Fatigue-po/ne

Fatigue-neutral

Emotion-pre ~ Emotion-after

0.97 + 0.04
0.94 +0.10

Group positive
Group negative

0.98 £ 0.03
0.93 +0.09

0.64 £ 0.06
0.67 £+ 0.06

0.69 £+ 0.05
0.68 &+ 0.06

tional and fatigue states using EEG, ECG, eye movement,
and behavioral features. A radial basis function was used
as the kernel for our classifier, and data normalization to
the [0,1] range was performed using Z-scores. The dataset
was split into training and testing sets with a 9:1 ratio, and
the classification performance was evaluated using ten-fold
cross-validation. In the fatigue classification task, labels
are defined by inter-group conditions, with “before the vi-
sual search task” and “after the visual search task” serv-
ing as the two labels. In the emotion classification task,
labels are defined by intra-group conditions, which are de-
termined by the type of images presented. We assign label
1 to positive/negative images and label 0 to neutral images,
to distinguish between positive/neutral or negative/neutral
conditions.

We assessed the fatigue state and emotional image
recognition in both the positive and negative groups dur-
ing the emotional task module. The specific evalua-
tion results are presented in the table. “Fatigue-po/ne”
and “Fatigue-neutral” represent the classification of fatigue
states when recognizing positive/negative and neutral im-
ages before and after the visual search task. “Emotion-pre”
and “Emotion-after” denote the classification accuracy for
distinguishing emotional images in each group.

Our evaluation model achieved excellent performance
in classifying participants’ fatigue states, with accuracy ex-
ceeding 0.93. However, the model performed less effec-
tively in distinguishing emotional states, achieving an accu-
racy of approximately 0.7. The specific results are shown
in Table 8. Paired ¢-tests on emotion classification: p =
0.13 (positive group) and p = 0.69 (negative group) for pos-
itive/neutral images before/after fatigue task, no significant
differences.

4. Discussion

The study investigated whether the simulated flight
task successfully induced mental fatigue and examined
changes in participants’ positive and negative emotional
states following fatigue. It also explored the effects of fa-
tigue on various physiological measures. To achieve these
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goals, firstly, we designed a simulated flight task based on
visual search paradigms. Visual search tasks are used to
simulate instrument scanning behaviors during flight. This
scanning constitutes a core element of pilot workload dur-
ing instrument flight, with studies showing that pilots allo-
cate significant attentional resources to visual scanning un-
der instrument flight rules [43,44]. Visual search paradigms
are also widely adopted in aviation human factors research
to evaluate cockpit layout optimization [44], display com-
plexity [45], and task load [46]. Furthermore, cross-domain
validation in transportation research demonstrates the effec-
tiveness of visual search tasks for evaluating performance
and interface design, such as driver attention study under
static and dynamic visual conditions [47]. Secondly, the
study applied a range of analytical methods, including ERP,
EEG wavelet energy analysis, eye-tracking features, ECG
characteristics, and behavioral performance. Additionally,
an SVM model was developed to classify participants’ emo-
tional and fatigue states based on these measures.

Subjective scales confirmed that the visual search task
effectively induced fatigue, evidenced by significant de-
creases in alertness and vigor and increases in anxiety and
drowsiness [48]. These results align with previous find-
ings that prolonged cognitive effort in attention-demanding
tasks leads to subjective fatigue and emotional distress [49].

Behavioral performance showed significant increases
in reaction time, consistent with typical indicators of mental
fatigue [37,42]. Interestingly, while accuracy showed a de-
creasing trend, it did not reach statistical significance, sug-
gesting that fatigue primarily affects reaction time, while
accuracy may be more resilient, possibly influenced by par-
ticipants’ learning effects. Paired #-test results showed sig-
nificant differences in pupil diameter, indicating that the vi-
sual search task successfully induced mental fatigue in par-
ticipants [50,51].

After the task, the heart rate significantly decreased,
while TP and TINN significantly increased, reflecting re-
duced sympathetic activity and enhanced parasympathetic
activity. The NN increased, along with increases in SDNN
and RMSSD, indicating greater fluctuations in autonomic
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nervous system activity [44]. Although pNN50 and LF/HF
also showed an increasing trend, they did not reach statisti-
cal significance. These changes in physiological indicators
suggest that participants entered a state of mental fatigue,
consistent with the findings from the eye-movement indi-
cators, the subjective questionnaire responses, and EEG-
related measures in this study [29,30].

At the ERP level, N1 is an early perceptual compo-
nent that reflects the initial allocation of attention to stimuli,
while the N2 component is associated with conflict detec-
tion and attentional control. P2 is linked to the early evalu-
ation of emotional information and enhanced attention, P3
reflects the late allocation of attentional resources, and LPP
(Late Positive Potential) indicates sustained emotional eval-
uation and memory encoding [27,39,52].

In the positive emotion group, both positive and neu-
tral stimuli exhibited fatigue-related changes after the visual
search task, including reduced amplitudes of the N1, P3,
and LPP components at the FZ and CZ electrodes. In the
negative emotion group, the amplitudes of the N1 and N2
components at FZ, N1 at CZ, and N1 and P2 at PZ were all
diminished. The changes in the N1 component reflect a de-
cline in the brain’s sensitivity to positive emotional picture
stimuli, reduced allocation of early attentional resources,
and slower information processing speed [52]. The reduc-
tion in the P3 component suggests that after prolonged vi-
sual search tasks, participants allocated fewer attentional re-
sources to emotional stimulus judgment, indicating poten-
tial difficulties in effectively processing emotional stimuli
or regulating emotions [27,52]. The alterations in the LPP
component indicate blunted responses to emotional stim-
uli, impaired deep evaluation of emotional stimuli, and di-
minished emotional regulatory effects of positive emotional
pictures [27,39]. These findings align with previous re-
search highlighting that fatigue impairs cognitive resources,
leading to declines in attention and processing efficiency
[53,54].

Regarding condition effects, in the positive emotion
group, image type significantly influenced the LPP and P3
components at FZ and CZ, as well as the P2, N2, LPP,
and P3 components at PZ, suggesting that positive image
stimuli had significantly stronger effects on cognitive pro-
cessing and emotional stimulus intensity than neutral stim-
uli. In the negative emotion group, negative image stimuli
exerted significantly stronger effects on cognitive process-
ing and emotional stimulus intensity than neutral stimuli in
the N2 component at FZ and CZ, and the P3 component at
PZ. Notably, for the N1 and LPP components, neutral pic-
ture stimuli elicited larger amplitudes than negative picture
stimuli in the negative emotion group, which differed from
the positive emotion group. This phenomenon may be re-
lated to participants’ intentional inhibition of emotional re-
sponses to unpleasant pictures, which significantly reduced
LPP amplitude, with this effect persisting throughout the
LPP window [55].
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To compare the arousal effects of positive and nega-
tive emotional stimuli on fatigue, a cross-group comparable
emotional arousal index (A Amplitude = emotional stimulus
amplitude — neutral stimulus amplitude) was constructed,
using the amplitude induced by neutral emotional stimuli
as the baseline. This approach provides a dynamic quanti-
tative measure of fatigue-emotion interaction effects. Post-
visual search task, amplitude changes induced by positive
emotional images were larger than those induced by nega-
tive emotional images across the N2, P2, P3, and LPP com-
ponents at the FZ, CZ, and PZ electrodes. This suggests
that, following mental fatigue, positive emotional stimuli
may have a stronger awakening effect on mental fatigue.

It has been confirmed in previous study that o wave
activity increases with the rise in mental fatigue [8], sug-
gesting a slowdown in brain activity after the visual search
task. In the negative group, the relative energy in the J band
increased after the visual search task. This band has been
positively correlated with mental fatigue in monotonous
tasks [56]. The relative energy in the 5 band decreased, in-
dicating a reduction in arousal levels [57]. Significant main
effects of picture type were observed in the 6- and «-bands
for both groups, reflecting different arousal effects elicited
by positive, negative, and neutral stimuli. For the posi-
tive group, significant group effects were observed in the
0-band, while for the negative group, these effects were sig-
nificant in the §- and S-bands. These findings indicate that
the visual search task led to a decrease in brain excitabil-
ity among the subjects, resulting in symptoms of sleepy.
Meanwhile, positive and negative groups exhibit significant
interactions in the - and «-bands, indicating that there is
an interaction between the changes in wavelet packet en-
ergy caused by the visual search task and those caused by
emotional picture stimulation.

The SVM-based classification model demonstrated
excellent performance in distinguishing fatigue states, with
accuracy exceeding 93%, consistent with the observed
physiological and behavioral changes. However, its abil-
ity to classify emotional states was less effective, with an
accuracy of approximately 70%. The accuracy of emo-
tion classification was lower than that of fatigue classifica-
tion. In our experiment, we only used time-domain features
(such as amplitude) of EEG and frequency-domain features
from wavelet decomposition, which may not be sufficient
to reflect the key neural mechanisms of emotional changes.
This is fewer features than those extracted in previous study
on emotion classification [58]. Additionally, deep learn-
ing is currently the dominant algorithm for emotion classi-
fication, and traditional SVM has less advantage in classi-
fication accuracy. The similar classification results of pos-
itive/negative and neutral emotional stimuli before and af-
ter the fatigue task may be because the decline in emotional
regulation ability due to fatigue is holistic, but it does not af-
fect emotional responses themselves [27,59]. In real-world
scenarios such as long-duration driving, where fatigue and
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emotion interact, the risk of accidents is elevated, and un-
derstanding the underlying mechanisms can offer methods
for algorithm optimization [60].

5. Limitation

While this study provides valuable insights, several
limitations should be acknowledged. First, the sample
size of 30 participants may limit the generalizability of the
findings, particularly to professional pilots who operate in
highly dynamic environments. Second, the simulated flight
task focused on instrument reading, which simplifies the
complexities of real-world aviation scenarios (e.g., environ-
mental stressors, multitasking demands). Third, although
emotional induction tasks were effective, categorizing emo-
tions into only three valence categories (positive, negative,
and neutral) may not fully capture the multidimensional na-
ture of emotional states. Additionally, the predefined stim-
uli might not reflect individual variability in emotional re-
sponses, and the short duration of emotional task blocks
could have constrained the induction of sustained emotional
states. Fourth, while the interaction between fatigue and
emotions was explored, the specific effects of distinct emo-
tional subtypes (e.g., anger vs. anxiety) on fatigue arousal
remain unclear and warrant further investigation. Lastly, al-
though the SVM model was effective in classifying fatigue,
its accuracy in detecting emotional states under fatigue con-
ditions was lower, highlighting the need for further research
to improve classification precision in such scenarios.

6. Conclusions

In this study, a simulated flight task based on the visual
search paradigm was designed. Emotional image stimuli
were used to evoke participants’ positive and negative emo-
tional states, while the visual search task was employed to
induce mental fatigue. The changes following positive and
negative emotional stimuli were analyzed based on EEG,
ECG, eye-tracking metrics, and task performance. Addi-
tionally, the impact of these emotional states on fatigue re-
covery was evaluated. Finally, an SVM classifier was used
to assess emotional stimuli and fatigue tasks.

The results demonstrated that the simulated flight task
effectively induced mental fatigue. Following the task, par-
ticipants exhibited reduced pupil diameter, prolonged re-
action times, decreased HR, and increased values of NN,
SDNN, and RMSSD. Neurophysiological measurements
revealed that fatigue impaired attentional resource alloca-
tion and emotional processing. ERP components N1, P3,
and LPP decreased, indicating weakened early attention,
late cognitive evaluation, and emotional regulation capa-
bilities. Additionally, the elevated relative energy of «
waves further suggested a decline in cerebral arousal lev-
els. Notably, using the ERP amplitudes elicited by neu-
tral images as a baseline, positive emotional stimuli in-
duced stronger arousal effects than negative stimuli after
fatigue, evidenced by larger amplitude differences (AN2,
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AP3, ALPP) across the frontal, central, and parietal re-
gions. The SVM classifier demonstrated high accuracy in
identifying fatigue states, but challenges remained in classi-
fying emotional states under fatigue. These findings high-
light the complex interaction between fatigue and emotional
states and provide valuable insights for improving pilot
safety and performance.
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