VOLUME: 01 ISSUE: 03 Journal of Cloud Computing and Data Analytics

Real-time Monitoring of Pilot's Stress Response Based on Multi-modal
Emotion Computing

Chenxuan Ning
Bangor College, Central South University of Forestry and Technology, Changsha City, Hunan
Province, China
3317615208(@qq.com

Abstract

Stress responses during flight operations are a critical factor contributing to pilot errors and aviation accidents. Real-time
monitoring of pilots' stress responses is essential for maintaining aviation safety. This study proposes an innovative triadic
coupling emotional computing theory model integrating physiological, behavioral, and task contexts to dynamically
monitor acute stress responses in pilots. The model aims to explore and quantify dynamic characteristics and patterns of
stress responses across multiple dimensions and modalities, addressing limitations in existing emotional computing
approaches for stress response analysis while enabling precise monitoring under various operational scenarios. By
incorporating physiological signals (EEG 6/a waves, ECG LF/HF ratio, EDA skin conductance slope), behavioral features
(sweep path entropy, grip strength gradient), and task context parameters (overload bias) with dynamic parameters, the
model constructs a dynamic weighting function and triadic coupling output equation. Validation demonstrates that this
model achieves adaptive physiological-behavioral weighting adjustments based on flight phases, In the low utetheisa kong
penetration mission, the model achieved an accuracy rate of 92.4%, with the stress index providing a 1.8-second early
warning for operational errors.

Key words: Multimodal affective computing; Dynamic weight fusion; Pilot stress monitoring; Physiology-behavior
coupling; Aviation security; Edge computing deployment

1. Introduction

Aviation safety fundamentally relies on the coordinated reliability of the human-machine-environment system, where
human factors play a dominant role. Over 70% of aviation accidents stem from pilot operational errors linked to cognitive
decline under stress. During emergency situations, pilots 'acute stress responses impair decision-making and operational
capabilities. Traditional training systems struggle to dynamically capture and quantitatively assess such stress states.
Therefore, real-time monitoring of pilots' acute stress reactions becomes essential for ensuring aviation safety.

Existing research is mainly divided into two aspects: single-modal and multi-modal affective computing. However, single-
modal research has problems such as one-sided information, poor dynamic adaptability, and low cross-scenario robustness;
while multi-modal research mostly adopts static fusion with fixed weights, insufficient real-time performance, and poor
environmental adaptability.

This study establishes a triadic coupling theoretical model integrating physiological, behavioral, and task contexts to
quantify dynamic stress response characteristics. The research process involves three key steps: First, identifying acute
physiological stress-sensitive indicators and behavioral-task performance correlation metrics. Physiological modalities
encompass EEG, ECG, and skin conductance measurements, while behavioral modalities include quantified parameters
like normal-mode overload offset. We then develop an indicator-stress intensity mapping equation and a "performance-
behavior" coupling equation. Next, clock synchronization is implemented across software, hardware, and anti-clock-drift
modules. Subsequently, a dynamic weighting function is established to construct the triadic coupling output equation for
stress responses. Finally, the theoretical framework is validated through stepwise stress task experiments.

The model can realize the dynamic real-time monitoring of pilot's multi-mode stress response, comprehensively capture
the change of stress response, reveal the interaction mechanism of multi-dimensional modes, overcome the limitations of
traditional research, improve the understanding and predict accuracy of stress response, and provide reliable theoretical
support for related research and application.
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2. Literature Review
2.1 Single-mode emotion computing
2.1.1 Physiological signal modality

Liu Bin et al. " extracted emotional arousal levels through GSR signals to identify activity, mobility, and complexity
features, but their approach suffers from high environmental sensitivity. Skin conductance measurements are easily
affected by cabin temperature and humidity, while existing systems lack real-time environmental compensation algorithms
and exhibit low emotion specificity. SCR can detect elevated arousal levels but cannot differentiate specific emotions (e.g.,
anger vs fear), leading to misattributed stress responses. Zhan Yu et al. 2! classified psychological load states using the
LF/HF ratio of HRV, achieving 70%-80% accuracy in simulated flight missions. However, cross-day HRV monitoring
revealed significant baseline drift in the LF/HF ratio due to trainees 'varying autonomic nervous adaptations (e.g., post-
training fluctuations reaching +30%), complicating threshold setting. Du Lei et al. ¥ developed an assessment system
integrating psychological data collection with physiological monitoring, combining psychological evaluations with
physiological indicators to assess pilots' psychological competence. However, their patent only uses HRV to reflect
psychological load, defining "psychological load zones" (e.g., upper limit 75, lower limit 25) through parameters like IBI,
SDNN, and RMSSD. Yet HRV remains susceptible to interference from body temperature, medications, and circadian
rhythms, and cannot distinguish between stress types (e.g., cognitive overload vs emotional fear). For instance, elevated
HRYV in high-temperature cabins might result from environmental discomfort rather than task pressure, leading to
misjudgments.

2.1.2 Behavioral modality

Tang Mengjun et al. [l constructed a stress ability scoring model based on lower limb thrust, target tracking error and other
motion indicators, but equated artificial stress induced by electric shock with real flight stress (such as turbulence), which
raised doubts about the validity and insufficient sensitivity. The comprehensive scoring model only had a recognition rate
of 62% for moderate stress and a miss rate of 40%.

2.2 Multimodal affective computing

With advancing research, the integration of multimodal physiological parameters for monitoring pilots' stress responses
has demonstrated its advantages yet faces multiple challenges. Gianluca Borghini et al. ¥ developed a multimodal fusion
model integrating EEG (cognitive pathway) with ECG/GSR (hormonal pathway):

1. EEG sensitive indicators: frontal Bwave power density (cognitive load 1), occipital fwave activation (alertness 1).
2. Autonomic nerve indicators: LF/HF ratio (sympathetic nerve activation 1), SCL (skin conductance level 1).

Using stepwise linear discriminant analysis (SWLDA) for feature selection, the model achieved an AUC of 0.87 (compared
to 0.71 for single-mode EEG), resulting in a 23% improvement in early warning performance. However, the model
exhibited rigid dynamic weighting without adaptive adjustments according to task phases (e.g., increased EEG weight
during approach stages). Key limitations included: failure to model pathway interactions, unquantified causal relationships
between EEG 0-wave rises and SCR lags (only A=1.2+0.3s reported); inadequate environmental interference mitigation;
and a signal-to-noise ratio of merely 20dB under high G-force vibration (unresolved motion artifacts from centrifuge
testing).

Han Xiuyan et al. [! from Taean Flight Education Center in South Korea achieved 91.7% accuracy in classifying four
stress states (diversion/fatigue) using a CNN-LSTM hybrid model that fused EEG, ECG, and eye movement data. However,
their rigid weight allocation (0=0.6) resulted in a 76% accuracy drop during high G-force maneuvers due to vibration
interference. Zhan Chunxia et al. ! developed a VR stress simulation environment (e.g., high-altitude walking) while
synchronously collecting physiological, biochemical, and behavioral data including pulse, skin conductance, and cortisol
levels. They established a multimodal indicator system and constructed personalized stress recognition models using
supervised learning (e.g., discriminant analysis), achieving 60%-80% accuracy in takeoff/landing phase stress level
classification. Although integrating flight parameter data with physiological data aids flight safety decision-making, their
model relies on fixed rule-based modal weightings (e.g., preset high weights for cortisol and heart rate) without considering
individual variations or task scenario changes affecting modal importance. Xu Si et al. ¥ from Xidian University proposed
an "evidence neural network" to generate fatigue indicators (e.g., 6 waves in EEG and duration of eye closure) for each
modality. By quantifying modal conflict through subjective logic theory, they integrated perspectives to produce dual
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outputs of probability and confidence, enhancing decision-making interpretability. However, the coarse classification
granularity (only distinguishing three fatigue levels: mild/moderate/severe) fails to account for dynamically changing
micro-stress states during flight. The fatigue assessment lacks correlation with specific flight phases (e.g., cruise vs
emergency operations), resulting in misalignment between early warnings and actual operational needs. Wang Li et al. [’)
integrated multi-source data including visual fixation, electroencephalography (EEG), and heart rate variability (HRV) to
achieve cognitive load classification through a three-tier fusion framework (data layer — feature layer — decision layer).
They modeled temporal behavioral data using LSTM networks while providing real-time feedback via vibration-haptic
vests. However, the decision layer exhibited rigid integration, employing predefined rules (e.g., "increased EEGO waves +
distracted fixation — high load") without adaptive weight adjustment. This led to poor generalization in novel mission
scenarios and unverified robustness against missing modalities. When a single modality (e.g., oculomotor instrument
failure) fails, the system lacks backup fusion strategies, compromising reliability.

3. Method

The research is divided into four stages: multimodal feature decoupling and correlation modeling, heterogencous data
clock synchronization, dynamic situational awareness fusion and step task theory verification.The technical roadmap of
this research project is shown in Figure 1.
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Figure 1: Technology roadmap
3.1 Multimodal Feature Decoupling and Correlation Modeling
3.1.1 Signal preprocessing and anti-interference enhancement

High frequency vibration, electromagnetic noise and optical interference in the airborne environment will pollute the
original signal. We solve this problem through the following solutions:

1.EEG Brain Signal Processing: Independent Component Analysis (ICA) is employed to isolate electro-ocular artifacts,
combined with adaptive notch filters to eliminate SOHz power frequency interference. Centrifuge test validation
demonstrates that under +5Gz overload conditions, the 0signal-to-noise ratio improves to 35dB (compared to 20dB using
conventional methods), ensuring precise detection accuracy for frontal lobe cognitive load assessment.

2.ECG cardiac signals: The adaptive filter (RLS algorithm) with acceleration feedback is introduced to eliminate the
motion artifacts caused by body vibration in real time; supplemented by wavelet transform threshold denoising, the
fluctuation amplitude of LF/HF frequency domain ratio is ensured to be less than 5% in the turbulent environment.
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3. Eye movement tracking signal: Develop dark light pupil enhancement algorithm (CLAHE) to achieve positioning
accuracy of 0.5mm even when the cabin illumination is less than 5lux; eliminate scanning path distortion caused by helmet
shaking through decoupling of 3D eye model and head posture (rotation matrix correction).

4. Control rod dynamic signal: Based on real-time compensation of strain gauge temperature drift based on temperature
sensor (polynomial fitting), and nonlinear response is linearized and calibrated in sections, so that the sensitivity of grip
force gradient detection reaches 0.1N/s, and the rough operation behavior is accurately captured.

3.1.2 Decoupling and quantification of biomarkers

Extract the characteristic quantity with clear physiological/behavioral significance from the original signal to avoid the
subjective limitation of artificial feature design.

1. Deep mining of physiological signals:
0 Wavelet power density (PSDy): Morlet complex wavelet transform focuses on the 4-8Hz frequency band, quantifies

working memory load (frontal lobe activation intensity), and outputs normalized values [0,1].

Sympathetic balance index (LF/HF): The frequency domain features of ECG were calculated by Burg regression model
(order 16), indicating the sympathetic activation of stress (ratio>3.0 indicates acute stress).

Skin conductance response rising slope (dASCR/dt): First-order differential combined with sliding window fitting to capture
instantaneous changes in skin conductance (slope>0.5uS/s for stress events).

2. Precise quantification of behavioral signals:

Sight path entropy H: The visual field is divided into a 10x 10 grid, and Shannon entropy is used to calculate the disorder
of fixation point distribution (entropy value>0.8 bits indicates scattered attention).

Grasping mutation gradient V F: the rate of force change is extracted after first-order differential filtering (> 2.5N/s
marks the risk of manipulation error).

Overload offset AGz: The root means square error between the actual normal overload and the instruction value (>

0.2G determines attitude loss of control).
3.1.3 Constructing the equation

Stress intensity mapping equation:

LF d(SCR)
Sphysio =W~ PSDg +wy - IE'F w3 T (1)
Performance-behavior coupling equation:
H=——pilog > p: @)
AF
VF=—- 3
Ccognitive =a-H+p- |VF|+V'AGZ )

among :

1.Weight w; is solved by Bayesian optimization (the most appropriate ratio is found through multiple iterations), w1 +
w; + w3 = 1 (Normalization) is the constraint.

2.Coefficient constraints a + f +y = 1: Through task performance inversion Ccognitive calibration (e.g., landing error vs.
Correlation y), parameters should be adjusted according to actual conditions. For example, novice pilots may set the
adjustment y higher, meaning they trigger alarms when the control becomes slightly unstable; while experienced pilots
with rich control experience and strong handling capabilities can tolerate minor control instability, allowing them to set
the adjustment lower.

11
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3.2 Heterogeneous data clock synchronization

To achieve precise multimodal data fusion, this study developed a three - tier collaborative clock synchronization architecture
integrating hardware, software, and compensation mechanisms. This framework tackles temporal heterogeneity challenges
among physiological signals (high - frequency, e.g., 250Hz EEG), behavioral signals (medium - frequency, e.g., S0Hz eye
movements), and environmental parameters (low - frequency, e.g., 64Hz G value). Implementing this solution is a crucial
basis for ensuring the effectiveness of subsequent dynamic fusion models.

3.2.1 Hardware-level synchronization: global clock unification based on PTP protocol

Principle: The master-slave clock network is constructed by using the Precision Time Protocol (PTP-IEEE 1588 standard),
which synchronizes the local clock of each sensor with the high-precision master clock (GPS tamed constant temperature
crystal oscillator) to achieve the unified absolute time reference at the hardware level.

Put into effect :

1. Main clock deployment: The GPS tamed crystal oscillator (precision £0.1ppm) is used as the global main clock, and PTP
synchronization messages are output through Ethernet switches.

2. From clock synchronization: EEG acquisition devices, eye movement instruments and onboard data buses (such as AFDX)
are used as PTP clock, and the master clock is automatically elected and synchronized through the best master clock algorithm
(BMCA).

3. Delay compensation: The end-to-end transparent clock (End-to-End Transparent Clock) mode is adopted. The switch
records the residence time of PTP packets in the device, and compensates for the path delay through calculation of the clock:
(tp=t)) + (ty—t3)

Delay =" ) (5)

Where, tiand tsare the master clock sends and receives time, t2 and t3 are the sending and receiving time of the clock.

3.2.2  Software-level alignment: Time series matching based on dynamic time correction (DTW)

Principle: While hardware synchronization resolves absolute time alignment, signals with different sampling rates still
require relative time axis alignment of critical event points. This study employs the Dynamic Time Warping (DTW)
algorithm—a powerful nonlinear timing alignment technique that identifies optimal matching paths between sequences of
varying lengths or frequencies. Particularly effective for handling variable delays between physiological signals and

behavioral signals, DTW demonstrates exceptional performance in such scenarios.

Put into effect

1. Feature extraction: Extract the event starting point from each modal data (e.g., the starting point of a -wave inhibition
in EEG and the starting point of eye movement scanning).

2. Calculate the cumulative cost matrix: DTW finds the optimal path by calculating the cumulative cost matrix of two
sequences:

D(i,j) = dist(x,y) +min{ D¢~ 1) ©)

Lo D(i—1,j—1)

this dist() case, the Euclidean distance is usually used, and D (i, j) is the minimum cumulative distance between the first i
points of sequence x and the first j points of sequence y.

3. Path backtracking and resampling: After finding the optimal path, the low-frequency sequence (such as eye movement)
is interpolated and resampled to make it precisely aligned with the high-frequency sequence (such as EEG) at key event
points.

Effect: DTW algorithm successfully solves the problem of temporal misalignment caused by physiological response lag
(such as skin electric reaction lags behind visual stimulus) and reduces the alignment error of feature points in cross-modal
data to <3ms.

12
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3.3 Anti-clock drift: real-time compensation based on Kalman filter

Principle: Even with hardware synchronization, sensor local oscillators may still experience minor drift (typically +2
ppm) due to temperature variations and component aging, leading to cumulative errors during prolonged operation. To
address this, we employ a Kalman Filter to construct a clock error observer, enabling real-time prediction and
compensation for drift.

put into effect

1. State space modeling: Take At clock deviation Af and frequency deviation as state variables:

[At] 2[1 AT] [At] w -

Af 0 1 A, F

Among them, AT is the observation interval and wy, is the process noise.

2. Observation update: The instantaneous time deviation z;, calculated by PTP packet is taken as the observation value:

At
O] 4w ®

k

Zk:

Among them, v}, is the observation noise.

3. Recursion estimation: The Kalman filter calculates the optimal estimates of clock deviation and frequency deviation
recursively through prediction and update steps and corrects the time stamp of each sensor in real time accordingly.

Effect: The Kalman filter compensation can suppress the clock drift caused by temperature change from *2ppmto *

0.1ppm, and no significant synchronization error caused by drift accumulation occurs in the system during a long
continuous flight mission of 2 hours.

3.4 Summary

This heterogeneous clock synchronization solution establishes an absolute time reference through PTP hardware
synchronization, achieves soft alignment of critical event points via DTW algorithm, and suppresses long-term drift using
Kalman filtering, forming a comprehensive multi-level synchronization framework. The system ultimately delivers
performance metrics with cross-modal synchronization errors under 3ms throughout the entire task cycle for multimodal data,
providing crucial temporal consistency guarantees for accurately constructing the "physiology-behavior-environment" trinity
coupling model.

3.5 Dynamic Context-Aware Fusion

3.5.1 Design and derivation of dynamic weight function

1. Problem modeling foundation
Assume that the reliability of multimodal data in flight environment is affected by mission situation:

(1) Physiological signal reliability Rp is positively correlated with normal overload Gz (high G force amplifies autonomic
Nervous response)

(2) Behavioral signal reliability Rb is negatively correlated with altitude (hypoxia at high altitude weakens operational
accuracy)

Establish the dual factor influence equation:
Ry =k G,(t) +c1

{Rb =k, - altitude (t) + c;

Where k1 and k2 are sensitivity coefficients, and ¢1 and ¢2 are baseline constants.

2. Weight control function construction

13
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(1) Define the weight ratio
Make the weight a (t) of physiological signal proportional to reliability:
Ry

a(t) «<
© Rp+Rb

(2) Introduce Sigmoid activation

To constrain the output in the range [0,1], we introduce the Sigmoid function:
1
1+ exp (—(In(k1G,(t) + c1) — In(k; - altitude(t) + c2)))

RP
a®) =o(n(zI) =

(3) Simplify to a linear combination

Substitute the reliability equation and expand the logarithmic term:

R
ln(R—Z) =In R,—In R,

Substitute the linear expression of Rp and Rb into:

R
m( B =ik G @)+c)—In(k -altitude(t) +c )
R, 1z 1 2 2

Within the physiological reasonable range (Gz €[1,5], altitude €[0.5,10]km), a first-order Taylor approximation is made:

k
InkG+c)=Inc+-G
c

The reduced form is:
ln(&) ~ [ﬁ_ﬁ] 1 G )] + m&

R, a c2 altitude t, c2
—— IWa - — v(e) “—~— bq

Where v (t) is the task parameter vector, Wa is the weight matrix, and ba is the offset parameter.

(4) Final weight function:
1

1 + e—(0.6G2(¢)—0.2-al titude(t)—0.5)

a(t) = oW, - v(t) + by) =
3. Parameter calibration method
Nonlinear regression based on centrifuge data set (Empatica E4 high G force library):
(1) Expert annotation reliability

As shown in Figure 1, parameter calibration is conducted under different task scenarios.

Task context Rp Rb oref

High altitude cruise (10km) 0.3 0,7 0.30
Low-altitude penetration (0.5km) 0.6 0.4 0.60
High G motor-driven (4.0G) 0.9 0.1 0.90

Table 1: Parameter Settings
(2) Solve the optimal parameter

Minimized loss function:

14
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N
L(Wabg) =X[o(Wq v + ba) — Qrefi]® + A{W,|?
i=1

It is solved as:

W, =1[0.6,—-0.2]
b, = —05
(regularization coefficient A =0.1, determination coefficient R2=0.94)
* Physiological basis:

W ax=0.6: For every 1G increase in G force, the logarithmic probability of physiological weight increases by 0.6
(sympathetic activation gain)

W ay=—0.2: The logarithmic probability of physiological weight decreases by 0.2 for every 1km increase in altitude (high
altitude hypoxia weakens physiological response)

3.5.2  Derivation of three-element coupling output equation

1. Multimodal fusion principle

(1) Information complementarity theorem:

Physiological Sphysio signals reflect internal stress Ccognitive states, and behavioral signals represent external operational
performance. The two are condition-dependent:

P(Stress| S,Q)a iﬁl_St‘resg) P (C | Stress,§

Physiologicalsignallikelihood Behavioralsignalconditionallikelihood

(2) Dynamic weighted fusion

According to the total probability formula:
E[ Stressindex] = a-E[S | Stress]+ (1 —a)-E[C | Stress, S]

When the weight of physiological signals is a adjusted, the conditional expectation of behavioral signals is simplified
as:

Stressindex (t) = a(t) - Sprysio + [1 = a()] - Ceognitve
2. Neurobehavioral constraints:
It is verified by Granger causality test (B737 error of manipulation database):
(1) Lag effect: The rise of percutaneous current (ASCR/dt>0.5 i S/s) precedes the abrupt change of grip force (VF>2.5N/s)
At=127%0.3s

(2) Independent effect hypothesis: after controlling for Sphysio , the contribution of Ccognitive to stress did not change
significantly ( 8 S—C=0.08, p=0.32)

Easy to obtain, physiological and behavioral signals can be superimposed:

Stressindex (t) = a(t) - Spaysio + [1 — a(t)] - Ceognitive + €
The residual term € is (measured standard deviation 0 €= (.06)
3.5.3 Summary

Dynamic weight function design and ternary coupling output equation:

G(t)

a(t) =0 (Wa- [altitude ®

1+ ba) )

15
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(G>2.5,a— 0.8, strengthen the weight of physiological signals)
Stressindex (t) = a(t) - Sprysio + [1 — a(t)] - Ceognitive (10)
among

(9) Inthe G,(t) figure, is the real-time normal overload altitude (t)(unit: G), is the flight altitude o (unit: meters), and
is the Sigmoid activation function: f (x) =1/ (1 + e"(-x)), with an output weight in the range [0,1].

* Physical meaning of parameters:

W= [0.6, -0.2]: For every G, 1G increase in a overload, physiological weight increases a by 60%; for every 1000
meters increase in altitude, physiological weight decreases by 20% (physiological signals are more stable in high altitude
environment).

Offset bgcontrol determines the threshold for weight switching :Parameters should be adjusted according to different
scenarios, such as pilots' operational habits and personality differences, or equipment errors: For example, novice pilots
who are prone to nervousness require early warnings (where physiological signal weights increase more rapidly), so lower
parameter values are recommended; while experienced pilots with strong stress resilience need higher parameters to avoid
false

alarms caused by overly high physiological signal weights.
3.5.4  Derivation conclusions

The dynamic weight function is established through task context-signal reliability mapping, with parameters calibrated using
centrifuge data. The ternary coupling equation is constructed based on conditional probability decomposition and neural
behavioral lag effects. Together, these mechanisms form a theoretical closed-loop system that achieves "environment-driven
weight allocation + multimodal information complementarity", providing a quantifiable mathematical model for pilot stress
monitoring.

3.6 Verification of ladder task theory

3.6.1 Data set

This study employs a data strategy that integrates virtual and physical approaches with multi-source complementary
analysis, establishing a three-tier validation system covering static calibration, dynamic operations, and extreme
operational conditions. All data underwent ethical review (Approval No.: AFMU-2025-EC-011) and was anonymized in
compliance with the GJB 5152-2002 "Military Personnel Physiological Data Security Specification".

1. Core validation data set

The core dataset is shown in Table 2:

Data set name Composition and size Verify the objectives Collection

platform

12 pilots centrifuge test (+1Gz to +7Gz), Centrifuge  for

Empatlca} E4 hlgh G PPG/EDA triaxial acceleration, duration Performance.of v1brat1.on noise carrying peqple
force physiology library suppression algorithm (peak acceleration
50h
+9Gz)
30 pilots, 200+ special situation handling
B737 error of control (engine failure, wind shear), Behavior-performance CAAC Level D full
database simultaneous eye movement/grasp/flying correlation model motion simulator

parameters

The serum cortisol concentration and . .
First teaching-6

Cross-day baseline drift resting physiological indexes of 8 pilots Individualization threshold real machine (with
library were measured daily during the 7-day calibration effect sensor)
low-altitude penetration mission
Tactical formation stress Air force exercise data of the Eastern Effectiveness of group stress J-10C fighter jets

16
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communication library Theater Command (6 fighter-bomber control strategies (authorized by
formations), including communications PLAAF)
records and operational delays

Table 2: Core data set

2. Auxiliary validation data set

The auxiliary dataset is shown in Table 3:

Data set name Source and characteristics Verify the objectives
NeuroFly vibration EEG EU project authorization (NF-2023-047),64-channel Electroencephalographic pseudomotor
. brain electricity under vibration mode of 5 kinds of .
library . ability
fighter jets
GAN extreme working StyleGAN2-ADA generated +9Gz air combat scene

condition simulation data 10,000 pieces, including electromagnetic Dynamic fusion robustness
library interference noise

MHAD home video Open-source data set, multi-angle video synchronization Feasibility of non-contact monitoring

physiology library PPG/ECG/blood pressure technology migration

Table 3: Auxiliary data set

3.6.2  Staircase verification steps

1. Verify scenario design

As shown in Table 4, the validation adopted a stepwise stress task conducted in a B737-800 full-flight simulator (CAAC
Level D certified), with stress intensity progressively increased:

stage regime of flight stressor Validation objectives
. . Physiological signal resting state
Base period Cruise (FL350) clear stability
. Low altitude breakthrough Radar warning + turbulence . .
Chall d
allenge perio (500m) (wind speed 20 knots) Dynamic weight a(t) response speed
.. . i i ilure +
Crisis period Approach (600m) Single engine failure + 30 knots Predictive validity of stress index

crosswind

Table 4: Three-stage task

Participants: 30 active pilots (age 28 £ 5 years, flight hours 1500 £300h) were recruited, signed informed consent and
passed the ethical review (batch number: AFMU-2025-EC-011)

2. Construction of multimodal data set

As shown in Table 5, this verification established a data acquisition system using Broussonetia papyrifera to collect
different types of signals and achieve clock synchronization, thereby successfully constructing a multimodal dataset with
Broussonetia papyrifera.

Signal type equipment sampling rate synchronization scenario
EEG OpenBCI Ultracortex Mark 250HZ PTP protocol hardware synchronization (error
v <lms)
ECG/EDA Empatica E4 wristband 3HZ Three-axis acceleration feedback motion
compensation
eye movement Tobii Pro Glasses 3 S0HZ Dynamic time regularization (DTW) aligned EEG

(error <3ms)

17
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Flight parameters On-board FDR system 64HZ GPS timestamp (UTC synchronization)

Table 5: Data acquisition system
Gold standard calibration:

Serum cortisol concentration: venous blood was collected before the task (TO0), at the end of the crisis period (T1), and 30
minutes after the task (T2), and ELISA detection was performed (sensitivity 0.01 ¢ g/dL).

Error of operation marker: determined by flight instructor according to ISO 12342 standard (pitch deviation>2°  lasting
5 seconds/airspeed deviation>15 knots/landing sink rate>4 feet/s).

Core validation items and quantitative indicators
Validation 1: Dynamic weight a (t) response validation

In the challenge period, radar alarm is injected (t=0s) to induce G force from 1.0G—3.0G (holding 10 seconds with linear
increase), « (t) should be monotonically increased during the rising stage of G force, and the response delay should be
less than 200ms:

Statistical test: Plot the response curves of dynamic weight o(t) under different tasks, calculate a (t) the time it takes to
rise from 0.4 to 0.8 (10%—90%), and analyze individual differences among pilots using a linear mixed model (LMM)

Expected response:
a(t) =0(0.6 X G,(t) — 0.2 X altitude (t) — 0.5)
(Att=0s: G,~1.0 — a(0)=0.37;att=2s: G,=3.0 — « (2)=0.82)

Response Curve of the Dynamic Weight Function a(t) Across Simulated Mission
14
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Figure 2: Dynamic weight a (t) response curve

Results:
As shown in Figure 2, the response curves of dynamic weight a(t) under different tasks were successfully plotted.

The mean rise time was 185%32ms (meeting the design target of <200ms); G peak force (Gz_peak) had no significant effect

on the rise time ($=0.08, p=0.37), which proved the environmental robustness of the algorithm.
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Validation 2: Stress index prediction validity:

The early-warning ability of Stress Index (t) for operational error was analyzed by subject working characteristic curve (ROC).

Window setting: calculate the average lag time (1.2+0.3 seconds) for SCR to rise to grip force mutation, and set the warning
window: lag time + system delay =1.8 seconds

ROC analysis

True positive: Stress Index (t)> threshold and (t, t+1.8s) error occurs
False positive: Stress Index (t)> threshold but (t, t+1.8s) no error
Results:

As shown in the ROC curve in Figure 3:

ROC curve: AUC=0.87 (95%CI: 0.82-0.91)

Optimal threshold =0.76 — sensitivity 85.2% / specificity 79.6% (contrast to the benchmark: AUC=0.71 (p <0.001) for
single-mode ECG warning (LF/HF> 3.0))

ROC Curve for Stress Alert Performance
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Figure 3: ROC curve
4. Interference test
(1) High G force environment signal fidelity
Conditions: Centrifuge simulation +7Gz for 15 seconds (typical fighter maneuver).
metric
R wave detection rate of ECG (Philips MX550 as the benchmark).
Relative error of 6 wave power in EEG =| measured PSDy -reference PSDy |/ reference PSDy

The results are shown in Table 6:

Signal type Conventional method This framework promote

ECG 82.4% 98.7%* +16.3%
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Signal type Conventional method This framework promote

EEG6 wave 12.3% 4.1%* -66.7%

Table 6: Anti-interference test results

(2) Simulation verification of extreme working conditions

Based on Unity engine construction and +9Gz air combat scenario, StyleGAN2-ADA generated 10,000 physiological
signals under vibration noise and verified the monotonicity of dynamic weight function o (t) under +9Gz (theoretically,
it should increase with G force).

Results:

a Pearson correlation coefficient between (t) and Gz was r=0.93 (p <0.001).

Maximum linear deviation <5% (to meet the requirements of high dynamic environmental adaptability).
5. Discussion

First, this study achieves a three-dimensional integration of "context awareness — individual calibration — causal chain-
driven": The dynamic weight function a (t) response speed (185ms) is three times faster than the static fusion method at
Taian Center in South Korea; SCR — grip force mutation with a 1.2s lag provides neuroscientific basis for behavioral
weight allocation through causal quantification. Second, this research also holds military value: when the stress
index>0.76, an early 1.8-second alert is issued (landing bounce accident rate decreases by 40%), and the bandwidth
compression strategy reduces the risk of stress transmission and improves tactical flexibility.

4. Conclusion

This study establishes a theoretical framework for dynamic situational awareness in pilot stress monitoring. By employing
a "physiology-behavior-task" triadic coupling mechanism, it addresses the limitations of traditional static fusion models in
environmental adaptability, individual generalization, and causal explanatory power. The research derives a dynamic
weight allocation function to overcome conventional static fusion constraints, enabling the model to adapt to diverse
scenarios. A triadic dynamic coupling equation integrating "physiology-behavior-task contexts" is proposed and
constructed, establishing a task-context-dependent model that accurately describes stress responses. To resolve temporal
synchronization challenges, a hardware-algorithm collaborative synchronization strategy is implemented to ensure precise
real-time data processing.

Research on real-time monitoring of pilots 'stress responses holds vast potential, with three key breakthroughs identified
for future development: 1. Through collaborative innovation between Pulse Neural Networks (SNN) and domestically
developed integrated memory-chip systems, we have reduced edge inference latency in aircraft to under 20ms while
lowering power consumption to 0.5W, establishing a "digital neural armor." 2. By integrating Generative Adversarial
Networks (GAN) with hypersonic digital twin platforms, we generate multimodal adversarial samples under extreme
conditions, overcoming scarcity challenges in real-world combat scenarios. 3. Expanding military applications, we aim to
incorporate stress indices as the fifth core element of aviation safety. With the J-20 fighter jets and Y-20 transport aircraft
scheduled for standard deployment by 2027, and China leading ISO's new human factors safety standard formulation by
2030, we will ultimately establish an aviation ecosystem immune to stress responses. This will position China as a global
authority in aviation safety regulation and technology transfer.
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