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Abstract

Operator fatigue, stress, delayed response, and abnormal operation may compromise the
safety of unmanned intelligent system operation in port-security scenarios. This study
proposes a bio-inspired engineering architecture for physiological-behavioral fusion risk
assessment of operators. The architecture is motivated by homeostatic regulation, coordi-
nated physiological-behavioral responses, selective attention, and feedback concepts; it
does not aim to reproduce a biological or neural mechanism. It combines operator-specific
baseline calibration, physiological and behavioral feature representation, cross-modal
coupling representation, modality-level adaptive weighting, and temporal risk-state classi-
fication to identify normal, fatigue, stress, and abnormal-operation states. Physiological
information was acquired using a non-invasive smart-cushion sensing system and sup-
plementary electrodermal-activity monitoring, while behavioral information was derived
from operation-platform and task-event logs. The proposed method was evaluated un-
der representative port-operation tasks using a participant-level data split and repeated
computational training-and-evaluation runs. These repeated runs were used to character-
ize stochastic optimization stability and were not interpreted as independent participant
experiments. The results indicate that the proposed method achieved improved overall
classification performance, warning-related reliability, and repeated-run stability compared
with single-modal, conventional machine-learning, direct-concatenation, and temporal-
fusion baselines. The findings provide pilot evidence that physiological-behavioral fusion
can support operational human-factor risk-state classification under the examined port-
operation conditions. Larger cross-operator and cross-scenario studies are required to
establish broader generalizability.

Keywords: bio-inspired perception; unmanned intelligent systems; human-factor risk
assessment; physiological-behavioral fusion; operator state recognition; attention mechanism;
human-machine collaborative safety
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1. Introduction
1.1. Research Background and Motivation

With the rapid development of artificial intelligence, automatic control, the Internet
of Things, and next-generation communication technologies, unmanned aerial, ground,
and marine platforms have become increasingly important components of intelligent trans-
portation and automated operational systems [1]. These systems are increasingly used in
logistics, inspection, emergency response, and public-safety applications. In port-security
scenarios, imported unmanned intelligent systems may be involved in entry inspection, re-
mote operation, intelligent patrol, equipment supervision, and safety assessment. Although
these systems possess increasing levels of autonomy, their safe operation still depends
on human operators who perform task planning, process monitoring, abnormality judg-
ment, remote intervention, and safety takeover. Previous studies on drone-operation safety,
driver performance, operator training, remote ship operations, and automation failures in
unmanned systems have shown that operational skills, workload, situational awareness,
task performance, and trust in automation can substantially affect operational safety [2-6].

During continuous monitoring, remote control, multi-device coordination, alarm
handling, and emergency response, operators may experience fatigue, stress, excessive
cognitive workload, delayed responses, judgment deviations, or abnormal operations.
These human-factor risks do not originate from equipment faults alone; they may also
arise from changes in the operator’s internal physiological state and external operational
performance. Physiological indicators such as heart rate, respiration, electrodermal activity,
and eye movement have been integrated through multimodal learning to evaluate driver
fatigue, distraction, and potentially unsafe states [7-15]. Behavioral features, including
control frequency, response delay, operation-trajectory deviation, command interval, erro-
neous operations, and task-completion time, can directly reflect operational stability and
task-execution performance [11,16-18].

However, neither physiological monitoring nor behavioral analysis alone is sufficient
for reliable human-factor risk assessment in complex port-operation scenarios. Physio-
logical signals are sensitive to individual differences, sensor noise, motion artifacts, and
environmental disturbances, whereas behavioral abnormalities may become apparent only
after a risk state has developed. Therefore, the joint use of physiological and behavioral
information is important for improving the completeness, timeliness, and robustness of
operator-state assessment.

Although multimodal fusion has been increasingly applied to fatigue detection,
physiological-signal analysis, and human-machine interaction monitoring, existing meth-
ods often rely on direct feature concatenation or simple decision-level fusion [16-20].
Such approaches may not sufficiently characterize the dynamic relationship between
physiological-state deviation and behavioral abnormality, especially under conditions
involving sustained task load, sudden alarms, or complex task switching. Therefore, this
study proposes a bio-inspired physiological-behavioral fusion method for human-factor
risk assessment of imported unmanned intelligent system operators in port-security scenar-
ios. The method integrates physiological-state changes, behavioral performance, individual
baseline deviation, and cross-modal coupling relationships to support the recognition and
warning of normal, fatigue, stress, and abnormal-operation states.

1.2. Human-Factor Risk in Unmanned Intelligent System Operation

Although unmanned intelligent systems possess autonomous perception, decision-
making, and control capabilities, human operators remain responsible for task setting,
process monitoring, abnormality judgment, emergency response, and safety takeover [2-5].
In port supervision, inspection, and remote-operation scenarios, operators may need to
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manage dynamic task conditions, multi-device coordination, environmental disturbances,
and sudden alarms. Under these circumstances, fatigue, stress, distraction, excessive
workload, or reduced situational awareness may lead to delayed responses, judgment
errors, unstable operation, or abnormal behaviors, thereby affecting operational safety and
task-completion quality [4-7,11].

Operator human-factor risks are typically dynamic, concealed, and cumulative. Fa-
tigue may result from prolonged monitoring, repetitive operation, low-stimulation super-
visory tasks, or accumulated cognitive workload, and may be associated with reduced
attention, slower responses, decreased operational stability, and increased errors [7-12].
Stress may arise during alarm handling, complex task switching, or emergency decision-
making and may be reflected in changes in heart rate, heart-rate variability, electrodermal
activity, respiration, and behavioral responses [13,14,21,22]. Abnormal-operation risk may
further occur when the operator experiences excessive workload, misjudgment, nervous-
ness, or unstable task conditions, and may be manifested by incorrect commands, trajectory
deviation, task interruption, or untimely intervention.

Existing operator-state recognition methods mainly rely on physiological or behav-
ioral information. Physiological signals, including heart rate, respiration, blood oxygen,
electrodermal activity, electroencephalography, and eye-related measures, can reveal in-
ternal changes associated with fatigue, stress, and cognitive workload [7-14]. Behavioral
features, such as control frequency, response delay, operation trajectory, command in-
terval, erroneous operations, and task-completion time, directly reflect the operator’s
external task-execution performance [11,16-20]. However, physiological signals may be
affected by individual differences, sensor noise, motion artifacts, and environmental condi-
tions [9,10,13,14], whereas behavioral abnormalities may appear only after the risk state
has progressed to a certain level [11,16,17].

Therefore, single-modal methods have difficulty meeting the requirements for accu-
rate, timely, and stable human-factor risk recognition in complex unmanned intelligent
system operation scenarios. Multimodal sensing and information fusion can exploit the
complementarity of physiological and behavioral data and improve the completeness and
robustness of operator-state representation [16-20,23]. Behavioral telemetry has also been
incorporated into real-time error-prediction and intervention frameworks, indicating that
temporal, sequential, trajectory, and anomaly features can support proactive interaction-
risk detection [24]. Nevertheless, existing physiological-behavioral fusion methods often
rely on direct feature concatenation or simple decision-level fusion, and their capability
to characterize physiological-behavioral coupling, multi-state risk evolution, model inter-
pretability, and cross-operator generalization remains limited [18-25]. These limitations
motivate the development of a more adaptive physiological-behavioral fusion method for
dynamic human-factor risk assessment.

1.3. Bio-Inspired Physiological-Behavioral Fusion

When individuals face sustained task load, sudden events, or complex environmental
stimuli, their physiological states and behavioral performance change jointly through stress
response and feedback-regulation processes [13,14,21,22,26]. Fatigue may be associated
with changes in heart-rate variability, respiratory rhythm, attention level, and response
speed [7-12], whereas stress may be reflected in variations in heart rate, electrodermal activ-
ity, respiration, and behavioral responses [13,14,21,22]. Under higher-risk conditions, these
internal-state changes may be accompanied by trajectory deviation, increased erroneous
operations, delayed responses, or task interruption.

For operators of unmanned intelligent systems, task pressure, communication distur-
bances, continuous monitoring, multi-device coordination, and abnormal-event handling
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may jointly affect physiological load, cognitive state, and operational performance [4,5,27].
Physiological information can reveal internal-state variation, whereas behavioral informa-
tion reflects the external execution of operational tasks. Their temporal association provides
an important basis for assessing the formation and evolution of human-factor risks.

Accordingly, this study regards operator risk as a dynamic process involving
physiological-state deviation, behavioral-performance deviation, and the coupling re-
lationship between them. The proposed bio-inspired framework abstracts this process
into a closed loop of “task stimulus—physiological response-behavioral performance-risk
judgment—warning feedback.” It emphasizes individual baseline deviation because the
same absolute physiological or behavioral value may have different implications for dif-
ferent operators [13,14,22,23]. It also emphasizes cross-modal coupling because fatigue,
stress, and abnormal operation are often associated with concurrent changes in internal
physiological states and external task performance [11,16-20].

Selective attention provides a further conceptual basis for adaptive fusion. Under
different risk states, the relative importance of physiological and behavioral features may
vary: fatigue may be more closely related to heart-rate variability, respiratory rhythm,
and response delay; stress may be more strongly associated with heart rate, electroder-
mal activity, and manipulation frequency; and abnormal operation may depend more
on trajectory deviation, erroneous operations, and task interruption [7-22]. Therefore,
attention-based temporal modeling can be used to adaptively emphasize discriminative
features and capture the temporal evolution of operator risk states. Recent advances in
multimodal learning, attention mechanisms, and temporal models have demonstrated
their value in fatigue detection, physiological-signal analysis, human-machine interaction
monitoring, and real-time operator-state assessment [18-20,25,27-29]. On this basis, the pro-
posed method integrates physiological-behavioral representation, cross-modal coupling,
adaptive weighting, and temporal risk classification to support interpretable human-factor
risk assessment in port-security scenarios.

Recent studies have provided further evidence for the value of multimodal operator-
state assessment in safety-critical human-machine interaction. Huang et al. combined
subjective ratings, physiological measures, and behavioral performance to assess mental
workload under different task demands, demonstrating that internal-state and external-
performance indicators can provide complementary evidence for workload assessment [30].
Walocha et al. employed eye-tracking, skin-conductance, and cardiovascular indicators
to assess mental workload during automated-vehicle remote assistance, highlighting the
importance of time-resolved multimodal monitoring in remote supervisory operations [31].
In collaborative robotics, Borghi et al. developed a multimodal approach for operator-
stress assessment and showed that the integration of multiple information sources can
support operator-centered safety evaluation [32]. Luzzani et al. further investigated
synchronized ECG, respiration, fNIRS, and eye-tracking signals for stress and mental-
workload monitoring in human-machine interaction, emphasizing the importance of
cross-modal synchronization and temporal information fusion [33].

Comparable research in aerospace scenarios has also begun to investigate cross-modal
physiological fusion for cognitive-workload assessment. Wang et al. proposed a cross-
modal transformer framework for multimodal physiological signal fusion in aerospace
training, demonstrating the relevance of dynamic cross-modal interaction modeling to
safety-critical operator-state assessment [34]. Alreshidi et al. systematically reviewed the
use of machine learning and psychophysiological data in aviation safety and identified
workload, fatigue, stress, data preprocessing, and model interpretability as key issues
for operator-centered safety applications [35]. These findings are directly relevant to
the present study because imported unmanned intelligent system operators similarly
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perform safety-critical monitoring, decision-making, and intervention tasks under dynamic
workload conditions.

Recent reviews have also emphasized the importance of physiological sensing and wear-
able technologies for workload assessment in human-machine interaction. Luzzani et al.
reviewed physiological measures for mental-workload assessment in aviation and highlighted
the complementary roles of cardiovascular, respiratory, neurophysiological, and ocular indica-
tors [36]. larlori et al. summarized wearable-sensor-based approaches for cognitive-workload
estimation in human-machine interaction and identified multimodal integration, individual
variability, and real-time applicability as important research directions [37]. Collectively, these
studies support the proposed bio-inspired physiological-behavioral fusion framework. In par-
ticular, they justify the joint use of complementary physiological and behavioral information,
individual baseline consideration, adaptive feature weighting, cross-modal coupling, and
temporal modeling for interpretable human-factor risk assessment in port-security scenarios.

1.4. Contributions of This Study
The main contributions of this study are as follows:

(1) A bio-inspired human-factor risk assessment framework is proposed for imported
unmanned intelligent system operators in port-security scenarios, integrating physio-
logical responses, behavioral performance, risk judgment, and warning feedback.

(2) A physiological-behavioral fusion model is developed to capture individual baseline
deviations and cross-modal coupling relationships, while an attention mechanism is
used to adaptively emphasize discriminative features under different risk states.

(3) A temporal multi-state risk classification and interpretation approach is established for
recognizing normal, fatigue, stress, and abnormal-operation states, thereby supporting
differentiated warning and safety-intervention decisions.

2. Bio-Inspired Mechanism and Problem Formulation
2.1. Stress Response and Neural Feedback Mechanism

When the human body faces high-load tasks, sudden stimuli, and potential risks, it
usually experiences a dynamic process jointly composed of external stimulus perception,
physiological-state changes, behavioral-response adjustment, and feedback regulation. This
process reflects a typical stress-response and neural-feedback mechanism: external task
pressure first acts on the human perceptual system and autonomic nervous system, causing
changes in physiological indicators; subsequently, these internal-state changes further af-
fect the individual’s response speed, movement stability, and operating behavior; finally,
the nervous system realizes attention redistribution and behavioral correction through
feedback regulation. For operators of imported unmanned intelligent systems at ports,
continuous monitoring, remote control, abnormal-alarm handling, multi-device collabora-
tion, and complex environmental changes may all induce similar physiological-behavioral
responses, thereby forming human-factor risks such as fatigue, stress, delayed response, or
abnormal operation.

From a bio-inspired perspective, operator human-factor risk is not the result of an
abnormality in a single physiological indicator or a single operating behavior, but is
jointly determined by physiological-state deviation, behavioral-performance deviation,
and the coupling relationship between the two. Therefore, this manuscript divides the
operator state into two aspects: physiological response and behavioral response. Let the
physiological-state vector at time ¢ be

Py = [HR, RRy, 5p02¢, ED Ay, HRV;] (1)
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where HR¢, RR¢, S,02t, ED At and HRV; denote heart rate, respiratory rate, blood oxygen
saturation, electrodermal activity, and heart rate variability, respectively. Let the behavioral-
state vector at time t be

B; = [MF;, RD;, OTy, ECy, TCT] (2)

where MF; RD; OT EC; and TCT; denote manipulation frequency, response delay, degree
of operation-trajectory deviation, number of erroneous operations, and task-completion
time, respectively.

To characterize the process in which physiological changes and behavioral abnormali-
ties jointly induce human-factor risk, this manuscript defines the physiological-behavioral
coupled risk-activation intensity as

Ar = G(ApHPt — POHZ + /\bHBt — BOHZ + A ®(P;, Bt)> 3)

where A; denotes the risk-activation intensity at time t; P’ and B® denote the physiologi-
cal baseline and behavioral baseline of the operator under the normal state, respectively;
| Py — P° ||, denotes the degree of deviation of the physiological state from the normal base-

line; || B; — B° |, denotes the degree of deviation of the behavioral state from the normal
baseline; @ (P, B;) denotes the coupling relationship between physiological changes and
behavioral abnormalities; A,, A, and A, are the weighting coefficients of physiological de-
viation, behavioral deviation, and the coupling term, respectively; and o(+) is a normalized
activation function.

To clarify the role of the following formulation, Equations (3)-(7) provide a conceptual
bio-inspired representation of human-factor risk evolution rather than an independently
implemented recursive module. The formulation illustrates how cumulative physiological
deviation, behavioral-performance degradation, and prior risk conditions may jointly
influence the current risk state. Its variables and thresholds are not separately learned or
optimized in the subsequent neural-network experiments.

The purpose of this equation is to highlight the core assumption of this manuscript:
operator human-factor risk is not directly determined by a single indicator, but is jointly
activated by “physiological deviation-behavioral and deviation—-physiological-behavioral
coupling.” An increase in heart rate may only represent short-term nervousness, and a
response delay may also be caused by increased task complexity. However, when abnor-
malities in physiological signals such as heart rate, respiration, and electrodermal activity
occur simultaneously with behavioral abnormalities such as response delay, trajectory
deviation, and increased erroneous operations, the probability that the operator enters a
high-risk state increase significantly.

The physiological-behavioral coupling term can be expressed as

®(P;, Br) = (P — P°) W,y (Bt - BO) (4)

where Wy, is the coupling-weight matrix between physiological and behavioral features
and is used to characterize the association strength between different physiological changes
and different behavioral abnormalities. Unlike simple feature concatenation, this term is
intended to describe how changes in internal physiological states are mapped to external
operational risks. A decrease in heart rate variability may be associated with an increase in
response delay, enhanced electrodermal activity may be associated with abnormal manipu-
lation frequency, and disordered respiratory rhythm may be associated with fluctuations in
the operation trajectory.

The human neural-feedback mechanism also indicates that risk states have temporal
continuity and regulability. Fatigue risk usually has an accumulation effect; stress risk may
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be rapidly induced by sudden stimuli, and abnormal-operation risk may also be affected
by the state at the previous moment and feedback intervention. Therefore, this manuscript
further defines the dynamic update relationship of the risk state as

Ry =BRi_1+ (1 - B)At +7F 4 )

where R; denotes the comprehensive human-factor risk level at time t; R;_; denotes the
risk level at the previous moment; A; denotes the current risk-activation intensity; F;_;
denotes the influence of warning or intervention feedback at the previous moment on the
current state; 8 is the risk-memory coefficient; and - is the feedback-regulation coefficient.

This formulation is used only to explain the theoretical risk-evolution mechanism.
In the implemented method, temporal dependence is learned directly by the temporal
classifier from the fused feature sequence; no closed-loop intervention signal is collected,
modeled, or fed back during the reported experiments.

This equation is used to describe the dynamic evolution process of the operator’s risk
state. Unlike static classification methods, this expression jointly incorporates historical risk,
current risk activation, and feedback regulation into risk judgment, enabling the model to
better characterize the accumulation of fatigue, the suddenness of stress, and the influence
of warning feedback on subsequent states.

According to the comprehensive risk level Ry, the operator state can be further divided
into different risk levels:

0, Ry < 6
~ <
Y, = 1,91_Rt<92 (6)
2,92§Rt<93
3, Rt > 63

where Y; = 0 represents the normal state, Y, =1 represents fatigue risk, Y, =2 represents
stress risk, and Y; = 3 represents abnormal operation or a high-risk state; 61, 7, and 63 are
the thresholds for risk-level determination.
In summary, this manuscript abstracts the operator human-factor risk assessment
process as
®(P, By) = Ay — Ry — Vi )

This process corresponds to “physiological-state changes and behavioral responses—
risk activation—feedback regulation-risk-level judgment” in the human stress-response
and neural-feedback mechanism. This mechanism provides a theoretical basis for the
subsequent bio-inspired physiological-behavioral fusion model and also distinguishes the
proposed method from simple physiological monitoring, behavioral recognition, or simple
multimodal feature-concatenation methods.

It should be emphasized that the above stress-response and risk-evolution formula-
tion provides a conceptual design rationale rather than a mathematically implemented bi-
ological model. The biological rationale motivates the use of individual baseline deviation,
physiological-behavioral joint representation, and temporal risk evolution. In contrast, the fea-
ture encoders, bilinear coupling representation, attention mechanism, LSTM temporal model,
and cross-entropy optimization used in the subsequent implementation are conventional
machine-learning components. They are adopted as engineering tools and are not claimed to
be direct mathematical derivations or faithful reproductions of biological mechanisms.

2.2. Bio-Inspired Mapping for Operator Risk Assessment

Based on the analysis of stress responses and neural-feedback mechanisms, operator
human-factor risk assessment can be understood as a bio-inspired closed-loop process
jointly composed of multi-source perception, state recognition, risk judgment, and feed-
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back regulation. Under complex task environments, the human body perceives changes
in internal states through physiological responses, reflects external response capabilities
through behavioral performance, and regulates attention and behavioral strategies through
neural-feedback mechanisms. Correspondingly, in imported unmanned intelligent system
operation scenarios at ports, operator human-factor risk assessment should also simultane-
ously consider internal physiological states, external operating behaviors, task pressure,
and risk—feedback results.

To establish the correspondence between biological mechanisms and engineering
models, this manuscript maps human stress-response and neural-feedback processes into
five functional modules in operator risk assessment: task-stimulus input, physiological-
state perception, behavioral-response representation, physiological-behavioral fusion, and
risk classification and feedback. The specific mapping relationships are shown in Table 1.

Table 1. Mapping relationships between bio-inspired mechanisms and the operator human-factor
risk assessment model.

Engineering Mapping in Operator

Bio-Inspired Mechanism

Meaning in the Biological System

Risk Assessment

External stimulus perception

Perception of task pressure,
environmental changes, and
sudden stimuli

Task load, abnormal alarms,
environmental complexity, and
continuous operation duration

Autonomic nervous response

Physiological changes such as heart rate,
respiration, and electrodermal activity

Physiological features such as heart rate,
respiratory rate, blood oxygen,
electrodermal activity, and heart
rate variability

Behavioral response output

Response speed, movement stability, and
behavioral adjustment

Manipulation frequency, response delay,
trajectory deviation, number of erroneous
operations, and task-completion time

Multi-source information integration

Comprehensive processing of
physiological and behavioral feedback by
the brain

Fusion representation of physiological
and behavioral features

Dynamic allocation of attention weights

Adaptive feature weighting under the

Selective attention

according to information importance attention mechanism

Neural feedback regulation

Behavioral correction and state regulation
according to the risk state

Risk-level output, warning prompts, and
intervention feedback

It should be emphasized that the proposed method is not intended to reproduce
biological neural processes literally. Its bio-inspired nature lies in the functional mapping
of biological principles to engineering design. First, baseline normalization reflects the
homeostatic principle that an operator’s current state should be interpreted relative to
an individual normal state rather than by using absolute physiological thresholds alone.
Second, physiological-behavioral coupling reflects the coordinated relationship between
internal stress responses and external operational performance. Third, adaptive feature
weighting is inspired by selective attention, because the relative importance of physiological
and behavioral information varies across fatigue, stress, and abnormal-operation states.
Finally, the graded risk output and associated warning support represent an engineering
interpretation of feedback regulation. Therefore, the attention mechanism itself is not
claimed as the biological innovation; rather, it serves as an implementation mechanism for
the proposed bio-inspired physiological-behavioral risk-assessment framework.

Table 1 presents a conceptual correspondence between biological processes and engi-
neering functions; it does not imply a one-to-one biological implementation. Specifically,
individual baseline deviation is motivated by the homeostatic nature of physiological regu-
lation, and physiological-behavioral joint representation is motivated by the coexistence of
internal-state changes and external behavioral responses under task pressure. The fusion
operators, including the bilinear interaction representation and modality-level attention, are
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conventional engineering mechanisms used to model cross-modal association and adaptive
weighting. Likewise, the LSTM is employed as a standard temporal classifier to capture
sequential dependence, rather than as a model of biological neural dynamics. In practical
modeling, the operator risk assessment process can be summarized into three levels.

The first level is the perception layer. This layer corresponds to the human process of
perceiving external stimuli and internal-state changes. For unmanned intelligent system
operators, the perception layer mainly includes two types of inputs. One type is physio-
logical sensing data, such as heart rate, respiration, blood oxygen, electrodermal activity,
and heart rate variability. The other type is behavioral sensing data, such as manipulation
frequency, response delay, operation-trajectory deviation, number of erroneous operations,
and task-completion time. Through this layer, basic state information of the operator under
the current task environment can be obtained.

The second level is the fusion layer. This layer corresponds to the integration and
selective-attention process of the human nervous system for multi-source information.
The importance of physiological and behavioral features differs under different risk states.
Fatigue is more likely to be manifested by decreased heart rate variability, changes in
respiratory rhythm, and increased response delay. Stress is more likely to be manifested
by increased heart rate, enhanced electrodermal activity, and abnormal manipulation
frequency. Abnormal-operation states rely more on behavioral features such as trajectory
deviation, number of erroneous operations, and interruption of task execution. Therefore,
the fusion layer needs to adaptively weight different features rather than adopting fixed
weights or simple concatenation.

The third level is the assessment layer. This layer corresponds to risk judgment and
feedback regulation in human neural feedback. The model outputs operator-state categories
and risk levels according to the fused risk representation and further provides a basis for
warnings, interventions, or safety takeover. This layer focuses not only on the current risk
state, but also on the temporal continuity and feedback-regulation effects of the risk state,
thereby adapting to complex processes such as fatigue accumulation, sudden stress, and
abnormal-operation evolution.

To describe the above mapping relationship more clearly, this manuscript formally
represents the operator risk assessment process as

Xt = M(P;, By, Cy) 8)

where X; represents the comprehensive risk representation at time f, P represents the

physiological-state vector, B; represents the behavioral-state vector, and C; represents task-

context information such as task load, alarm state, and operational-scenario complexity.

M(-) represents the bio-inspired mapping function used to map physiological responses,

behavioral responses, and task context into a unified human-factor risk representation.
Furthermore, the risk assessment result can be expressed as

Vi = g(X1) ©9)

where Y; represents the operator risk level and g(-) represents the risk-classification func-
tion. This expression indicates that the risk assessment in this manuscript is not directly
performed according to a single physiological or behavioral indicator, but is based on the
comprehensive representation of physiology-behavior-task context.

Based on the above bio-inspired mapping, the subsequent methodological section of
this manuscript focuses on solving three problems. First, how to extract effective features
capable of characterizing human-factor risks from physiological signals and behavioral
data. Second, how to model physiological deviation, behavioral deviation, and the coupling
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relationship between them. Third, how to achieve adaptive selection of key features under
different risk states through an attention mechanism. Through this bio-inspired mapping
mechanism, operator human-factor risk assessment can shift from single-state recognition
to multi-source fusion, dynamic perception, and interpretable classified judgment.

2.3. Problem Definition

The research object of this manuscript is operator human-factor risk assessment under
imported unmanned intelligent system operation scenarios at ports. Unmanned intelligent
systems include typical equipment such as unmanned aerial vehicles, unmanned ground
vehicles, and unmanned surface vehicles. During task planning, remote control, status
monitoring, abnormality handling, and safety takeover, operators” physiological states
and operating behaviors are affected by task load, environmental complexity, and sudden
events, and may generate risk states such as fatigue, stress, delayed response, or abnormal
operation. Therefore, the objective of this manuscript is to construct a bio-inspired fusion
model capable of recognizing and classifying operator human-factor risks based on operator
physiological signals and operating-behavior data.

Suppose that operator-state data are collected using fixed time windows during
continuous operation. For the ¢-th time window, the operator physiological-state vector
is expressed as P; = [pt1,Pt2,-- -, Ptm), Wwhere m denotes the number of physiological
features, and typical features include heart rate, respiratory rate, blood oxygen saturation,
electrodermal activity, and heart rate variability. The operator behavioral-state vector is
expressed as By = [by1,bs2, ..., b, where n denotes the number of behavioral features,
and typical features include manipulation frequency, response delay, operation-trajectory
deviation, number of erroneous operations, and task-completion time.

To simultaneously consider changes in the operator’s internal state and external op-
erating performance, this manuscript jointly uses physiological features and behavioral
features to form the multimodal input X; = [P, B;, Ct|, where X; represents the compre-
hensive operator-state feature at time t. If task-scenario information such as task load,
abnormal alarms, operation duration, and environmental complexity is further considered,
C: represents the task-context features. In practical modeling, whether this part of the
information is introduced can be determined according to data availability.

Considering that operator states continuously change, a single time window may
be insufficient to fully reflect the risk-formation process. Fatigue risk often gradually
accumulates over time; stress risk may be rapidly triggered by sudden alarms, and
abnormal-operation risk may also continuously evolve over a period of time. There-
fore, this manuscript adopts T consecutive time windows to form the temporal input
Xi—r+1:t = [Xi—1+1, Xt—T+2, - . ., X¢]- This sequence is used to describe the operator-state
change process during a period before the current time and provides a basis for the subse-
quent model to learn risk-evolution patterns.

The objective of this manuscript is to learn a risk-assessment function f(-) to predict the
operator’s human-factor risk category at the current moment according to the multimodal-
state input within consecutive time windows:

Vi = f(Xe—r41:) (10)

During model training, given the training sample set D = {(X;_1.1., Yi)}fil, where
N denotes the number of training samples, X; 7. 1.; denotes the continuous multimodal-
state sequence corresponding to the i-th sample, and Y denotes its true risk label; the
model-training objective is to minimize the classification loss between the predicted results
and the true labels:
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where © denotes the model parameters and L(-) denotes the classification loss function,
for which the cross-entropy loss is used. This optimization objective constrains the model
to learn the discriminative patterns of different risk states from physiological-behavioral
time-series data.

The problem defined in this manuscript is not a simple single-modal state-classification
problem, but a multimodal temporal risk-assessment problem for complex operating sce-
narios. Its core lies in constructing a bio-inspired physiological-behavioral fusion model
using operator physiological features, behavioral features, and optional task-context fea-
tures during continuous operation, so as to realize dynamic recognition, risk classification,
and warning support for normal, fatigue, stress, and abnormal-operation states.

In addition to classification accuracy, this manuscript also focuses on fusion effective-
ness and risk interpretability of the model. Therefore, the problem definition includes not
only “identifying which risk state the operator is in,” but also the following three aspects.

First, how to improve the recognition stability of fatigue, stress, and abnormal-
operation states through joint modeling of physiological and behavioral features.

Second, how to characterize physiological-state deviation, behavioral-performance
abnormalities, and the coupling relationship between them, so as to avoid insufficient
information utilization caused by simple feature concatenation.

Third, how to identify key features under different risk states through an attention mech-
anism or weighting method so that the model output has a certain degree of interpretability.

In summary, the problem addressed in this manuscript can be summarized as fol-
lows: under imported unmanned intelligent system operation scenarios at ports, given
the operator’s physiological signals, operating behaviors, and optional task-context data
within consecutive time windows, a bio-inspired physiological-behavioral fusion model is
learned to realize dynamic recognition, risk classification, and key-feature interpretation of
the operator’s normal, fatigue, stress, and abnormal-operation states. This problem defi-
nition provides a basis for the subsequent model-structure design, experimental-scenario
construction, and evaluation-metric selection.

3. Proposed Bio-Inspired Physiological-Behavioral Fusion Method

To address the problems of insufficient single-modal perception, inadequate character-
ization of physiological-behavioral coupling relationships, and difficulty in modeling the
temporal evolution of risk states in human-factor risk recognition for imported unmanned
intelligent system operators at ports, this manuscript proposes a bio-inspired physiological—-
behavioral fusion method. Inspired by human stress responses, neural feedback regulation,
and multi-source perception mechanisms, the method jointly models changes in operator
vital signs and operating-behavior performance. Through physiological-feature extrac-
tion, behavioral-feature extraction, coupled risk activation, temporal-state modeling, and
risk-classification output, it realizes the recognition of normal, fatigue, stress, and abnormal-
operation states.

Unlike traditional multimodal fusion methods, the proposed method does not simply
concatenate physiological and behavioral features, but performs modeling at three levels.
First, internal physiological-state features and external operating-behavior features of the
operator are extracted separately. Second, physiological-state deviation, behavioral-state
deviation, and the coupling relationship between them are characterized. Third, combined
with state-evolution patterns within consecutive time windows, the operator’s risk state is
dynamically recognized and classified. This method can better adapt to the characteristics
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of port unmanned intelligent system operation scenarios, such as rapid changes in task
load, strong concealment of risk states, and obvious fluctuations in operator states.

The proposed method mainly consists of five modules: a data-input and preprocess-
ing module, a physiological-feature extraction module, a behavioral-feature extraction
module, a bio-inspired physiological-behavioral fusion module, and a human-factor risk-
classification module. The overall process is shown in the following framework.

3.1. Overall Framework

The bio-inspired physiological-behavioral fusion method proposed in this manuscript
is oriented toward human-factor risk-recognition tasks during the operation of imported
unmanned intelligent systems at ports. Its overall design is guided by the concep-
tual sequence of ‘physiological perception-behavioral response-multi-source fusion-risk
judgment-warning support’ under complex task environments. This sequence serves as an
engineering design rationale and does not imply that the model reproduces a biological
feedback mechanism. The method takes physiological signals, operating-behavior data,
and optional task-context information during continuous operator operation as inputs and
realizes the recognition of normal, fatigue, stress, and abnormal-operation states through
dual-branch feature extraction, physiological-behavioral coupling representation, and
risk-classification judgment.

The overall framework consists of five modules, as shown in Figure 1.

Physiological Feature
Extraction

Internal state perception
Fatigue / Stress / Arousal
Autonomic-response indicators

Bio-Inspired Physiological-

Data Preprocessing Behavioral Fusion

Time synchronization
Denoising & outlier handling Physiological baseline deviation
Normalization Behavioral abnormality
Window segmentation Physiology-behavior coupling

Behavioral Feature Extraction Attention mechanism:

adaptive feature weighting

[

External operation modeling
Response capability
Operation stability -

Abnormal-action tendency

A

Risk Grading & Warning Output

Normal / Fatigue / Stress

Biomimetic mapping: physiological perception - behavioral response - selective attention - risk 7 o q
PPing: phy gical p P P Abnormal operation or high risk

judgment - feedback regulation

Figure 1. Bio-Inspired physiological-behavioral fusion framework for human-factor risk assessment.

Figure 1 presents the overall architecture of the proposed bio-inspired physiological-
behavioral fusion framework. To further clarify the operational sequence of the framework
and the relationship among its main modules, Algorithm 1 summarizes the complete im-
plementation procedure. The algorithm starts with synchronized physiological, behavioral,
and task-event records, performs data-quality control and individual-baseline normaliza-
tion, constructs temporal multimodal samples, and subsequently extracts physiological
and behavioral representations.

The extracted representations are used to characterize physiological-state deviation,
behavioral-performance deviation, and their coupling relationship. An attention-based
fusion module then adaptively integrates the multimodal information, and a temporal-
classification module predicts the current operator risk state. Finally, the predicted state is
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mapped to a graded warning action, including normal-status monitoring, fatigue warning,
stress warning, or high-level safety-intervention support for abnormal operation. The
following pseudocode provides an implementation-oriented summary of the proposed
method; the detailed mathematical formulations of each module are presented in the
subsequent sections.

Algorithm 1: Training procedure for the proposed bio-inspired physiological-behavioral
fusion model.

Input:
P Physiological records P, behavioral records B, task-event records E;
individual normal-operation baseline R;
trained feature-extraction, fusion, and temporal-classification model M;
warning policy W.

Output:
Risk state y € {normal, fatigue, stress, abnormal operation};
warning action a.
: Synchronize P, B, and E at the predefined sampling interval.
: Remove incomplete, invalid, or unsynchronized records.
: Normalize physiological and behavioral features relative to the individual baseline R.
: Segment the synchronized records into consecutive temporal sequences.
: Extract physiological features Xp and behavioral features Xb from each sequence.
: Estimate physiological deviation, behavioral deviation, and their coupling representation Xc.
: Apply attention-based adaptive weighting to obtain the fused representation Xf.
: Use the temporal-classification module M to predict the current risk state y.
: Generate a warning action a according to W:
if y = normal, output normal-status monitoring;
if y = fatigue, output low-level fatigue warning;
if y = stress, output medium-level stress warning;
if y = abnormal operation, output high-level warning and safety-intervention support.
10: Output y and a.

O ONO U W

The following subsections introduce the specific implementation methods of
physiological-feature extraction, behavioral-feature extraction, the bio-inspired fusion
mechanism, and the human-factor risk-classification model.

3.2. Physiological Feature Extraction

The physiological-feature extraction module is used to characterize changes in the
operator’s internal state during operation. In this manuscript, heart rate, respiratory rate,
blood oxygen saturation, electrodermal activity, and heart rate variability are selected as
physiological inputs to capture fatigue, stress, and changes in physiological load. Let a
physiological signal within the t-th time window be

P_JP P p
S; = {st,l,stlz,...,st,l} (12)

where | denotes the number of sampling points within the window.
To reduce the effects of dimensional differences and individual differences, the signal
is first standardized as
Spi — My
sh=— (13)

t,1
Op

where 1, and o, denote the mean and standard deviation of the corresponding physiologi-
cal signal, respectively.

Within each time window, this manuscript mainly extracts three types of physio-
logical features: physiological level, dynamic change, and baseline deviation. For any
physiological indicator p, its features are expressed as
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_ _1¢ o -
Pr= 1250 Apr=Pr—Pra, df = \Pt—po\ (14)
i=1
where p; denotes the average physiological level of the current window, Ap; denotes the
magnitude of change between adjacent windows, and d! denotes the degree of deviation
of the current state from the normal physiological baseline p°.
Finally, the physiological-feature vector of the ¢-th time window is expressed as

P_ |7 p
= [popd] (15)
where P is the set of physiological indicators. This feature vector is used to describe the level
changes, trend changes, and individual-baseline deviations of the operator’s physiological
state and provides input for subsequent physiological-behavioral fusion.

3.3. Behavioral Feature Extraction

The behavioral-feature extraction module is used to characterize the external behav-
ioral responses of the operator during unmanned intelligent system operation. Unlike
physiological features, which focus on reflecting internal states, behavioral features can
directly characterize the operator’s response capability, operating stability, and tendency
toward abnormal operation. In this manuscript, indicators such as manipulation frequency,
response delay, operation-trajectory deviation, number of erroneous operations, and task-
completion time are selected as the main behavioral inputs.

Let the operator behavioral data within the ¢-th time window be represented as

sh— {s?l,sgz, ... ,sf,,} (16)

where | denotes the number of behavioral sampling points or operation records within
the window, and sfl denotes the i-th behavioral observation. To eliminate differences in
dimensions and value ranges among different types of behavioral indicators, the behavioral
data are standardized as )
Spi— Mo

g*t’. - Sti — Mo (17)
Op
where p;, and o}, denote the mean and standard deviation of the corresponding behavioral
indicator, respectively.

Within each time window, this manuscript mainly extracts three types of behavioral
features: behavioral level, behavioral change, and behavioral-baseline deviation. For any
behavioral indicator b, its features are expressed as
s 1d =7 N
bt:?zst,i/ Abt:bt_bt—lz dt = ‘bt—b ’ (18)

i=1

where Et denotes the average behavioral level within the current window, Ab; denotes the
magnitude of behavioral change between adjacent windows, and d/ denotes the degree of
deviation of the current behavioral state from the normal behavioral baseline b°.

Finally, the behavioral-feature vector of the f-th time window is expressed as

b _ |7 b
Fb = [bt,Abt,dt}beB (19)

where B denotes the set of behavioral indicators, including manipulation frequency, re-
sponse delay, operation-trajectory deviation, number of erroneous operations, and task-
completion time. This feature vector reflects the current level of the operator’s operating
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behavior, short-term change trends, and the degree of deviation from the normal operat-
ing baseline, and provides behavioral-side input for subsequent physiological-behavioral
fusion modeling.

3.4. Attention-Based Multimodal Fusion

Based on the aforementioned physiological and behavioral features, this manuscript
further constructs a multimodal fusion module based on an attention mechanism. The core
objective of this module is to adaptively adjust the weights of physiological and behavioral
features according to differences in the importance of various features under different
risk states, thereby avoiding interference from redundant information caused by simple
feature concatenation.

Let the physiological and behavioral features extracted from the ¢-th time window be
F/ and F}, respectively. First, the two are mapped into a unified feature space:

HY = ¢,(F), HY = ¢ (F}) (20)

where ¢, (-) and ¢ (-) denote the feature-mapping functions of the physiological branch and
behavioral branch, respectively, and H} and H} denote the mapped physiological-feature
representation and behavioral-feature representation, respectively.

To characterize the contribution of different modalities to the current risk state, this
manuscript introduces attention weights

af ,af = Softmax( [wTHf,wTHf ) (21)

where af and a? denote the weights of the physiological modality and behavioral modality
within the current time window, respectively, and w”T and w’T are learnable parameters.
This mechanism can dynamically adjust the importance of different modalities according
to the current state. Under fatigue, physiological changes and response delay may be more
critical. Under abnormal-operation states, behavioral features such as trajectory deviation
and number of erroneous operations may have higher weights.

The attention mechanism operates at the modality level. It adaptively assigns weights
to the physiological representation and the behavioral representation before fusion, thereby
reflecting their relative contributions to the final risk-state prediction. These modality-
level attention coefficients should not be interpreted as importance weights for individual
input features.

The fused multimodal risk feature is expressed as

" — ol HY + ol H (22)

where F/" denotes the fused feature of the {-th time window. This representation contains
both the operator’s internal physiological state and external behavioral performance and
highlights key modalities that are more relevant to the current risk state through the
attention mechanism.

To adapt to continuous changes in operator state, this manuscript inputs the fused
features within consecutive time windows into the subsequent risk-classification model:

Flris = [Flryn Flrao o B (23)

This sequential feature can be used to characterize fatigue accumulation, sudden
stress, and abnormal-operation evolution, thereby providing a more stable multimodal
representation for subsequent human-factor risk-state recognition.
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In summary, the attention-based multimodal fusion module realizes the transforma-
tion from physiological and behavioral features to a unified risk representation. Compared
with fixed-weight fusion or simple concatenation, this method can dynamically adjust
modal contributions according to different operating states and improve the model’s recog-
nition capability and interpretability for complex human-factor risk states.

3.5. Biomimetic Feature Validation

The human-factor risk-classification module is used to further transform the multi-
modal features obtained through the aforementioned attention-based fusion into recogniz-
able, interpretable, and applicable risk-level outputs. Since operator fatigue, stress, and
abnormal-operation states usually have obvious temporal continuity, features within a
single time window are often insufficient to completely reflect the risk-evolution process.
Fatigue usually gradually accumulates during long-duration continuous operation; stress
may be rapidly triggered by sudden alarms or complex tasks, whereas abnormal-operation
states may continuously manifest over a period of time as response delay, trajectory de-
viation, and increased erroneous operations. Therefore, temporal modeling is introduced
at the classification stage to comprehensively judge the fused features within consecutive
time windows.

After attention-based fusion, the model obtains a multimodal risk representation
within each time window. To characterize dynamic changes in operator state, this
manuscript uses the fused features of T consecutive time windows as classification in-
put. This input contains both the physiological-behavioral state at the current moment and
the state-change trend during a preceding period, thereby helping the model identify the
accumulation, suddenness, and persistence of risk states.

During human-factor risk classification, a temporal-modeling module is first used
to extract state-evolution information from the consecutive fused features. Depending
on the experimental conditions, this module can adopt structures such as LSTM, GRU,
Transformer Encoder, or a one-dimensional convolutional neural network. Its purpose
is not to re-extract single-modal features, but to learn the temporal variation patterns of
different risk states from fused physiological-behavioral representations.

This process can be summarized as

Hi = 9(F/'414) 24)

where F/" 1. ., denotes the fused-feature sequence of T consecutive time windows, ¢(-)
denotes the temporal-modeling function, and H; denotes the high-level risk-state represen-
tation at the current moment. This representation integrates recent physiological changes,
behavioral changes, and multimodal fusion information of the operator and serves as the
direct input for subsequent risk classification.

At the risk-output stage, the high-level risk-state representation is input into the
classification layer to obtain the predicted probabilities of different risk categories. The
model finally selects the category with the highest probability as the human-factor risk
state of the operator at the current moment.

This manuscript divides operator states into four categories: normal state, fatigue
risk, stress risk, and abnormal operation or high-risk state. The normal state indicates
that the operator’s physiological indicators and operating behaviors are within relatively
stable ranges. Fatigue risk mainly corresponds to decreased attention, delayed response,
and reduced operating stability after long-duration continuous operation. Stress risk
mainly corresponds to nervous responses under sudden alarms, complex task switching,
or high-load operations. Abnormal operation or a high-risk state corresponds to situations
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involving increased erroneous operations, obvious trajectory deviation, untimely response,
or simultaneous abnormalities in multiple risk features.

During model training, a cross-entropy loss functions to constrain the consistency
between predicted categories and true labels. Through training, the model can learn the
mapping relationship between physiological-behavioral fusion features and risk categories
under different risk states, thereby realizing automatic recognition of operator states. Com-
pared with fixed-threshold-based discrimination methods, the data-driven classification
model adopted in this manuscript can better adapt to human-factor risk differences among
different operators, different task intensities, and different port-operation scenarios.

Finally, the output of the human-factor risk-classification module is used not only
to determine the current operator state, but also as a basis for risk warning and safety
intervention. When the model determines that the operator is in a fatigue or stress state,
the system can prompt the operator to rest, reduce the task load, or increase operation con-
firmation. When the model determines that the operator is in an abnormal-operation
or high-risk state, a higher-level warning, task suspension, manual review, or safety
takeover can be triggered. In this way, the proposed method can transform physiological—-
behavioral fusion-recognition results into risk-classification and warning outputs for practi-
cal operating scenarios.

4. Experimental Design

To evaluate the proposed bio-inspired physiological-behavioral fusion method, ex-
periments were conducted using synchronized physiological and operational-behavioral
data collected during representative unmanned intelligent system operation tasks. The
experimental protocol included scenario construction, data acquisition, risk-state labeling,
participant-independent dataset partitioning, baseline comparison, and repeated compu-
tational evaluation. The experiments evaluated overall recognition performance, class-
specific recognition capability, multimodal fusion effectiveness, warning reliability, and
computational stability.

The underlying physiological and operational records are owned and managed by the
relevant government authority and contain sensitive operational information. Therefore,
individual-level physiological time series, detailed operation logs, fine-grained timestamps,
and scenario-specific records are not publicly released. To ensure methodological trans-
parency, this section reports the aggregate participant characteristics, sample distribution,
sensing configurations, preprocessing procedures, data-partitioning strategy, model param-
eters, and repeated computational evaluation protocol.

4.1. Port-Based Operation Scenarios

To verify the recognition capability of the proposed method under different human-
factor risk states, four types of experimental scenarios are constructed for typical port-
operation tasks involving unmanned aerial vehicles, unmanned ground vehicles, and
unmanned surface vehicles: normal operation, long-duration continuous operation, sudden
abnormal-alarm handling, and complex multi-task collaboration. These scenarios are used
to characterize the operator’s normal, fatigue, stress, and abnormal-operation or high-risk
states, respectively.

In the normal-operation scenario, the operator completes equipment startup, path
setting, status monitoring, and routine command operations according to a predefined
procedure. No sudden alarms or obvious task conflicts are introduced during the ex-
periment, so that the operator maintains relatively stable physiological and behavioral
states. This scenario is mainly used to collect individual normal-state data and establish
the physiological and behavioral baselines required for subsequent risk assessment.
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The long-duration continuous-operation scenario is mainly used to simulate continu-
ous monitoring and repetitive manipulation tasks. The operator is required to continuously
perform target tracking, path correction, status confirmation, and information feedback
over a relatively long period. As task duration increases, the operator may experience
decreased attention, prolonged response time, slowed operation rhythm, and increased
error rates. Therefore, this scenario is mainly used to obtain fatigue-risk samples and
analyze the cumulative evolution characteristics of fatigue states.

The sudden abnormal-alarm handling scenario is used to simulate sudden events such
as communication abnormalities, positioning deviations, obstacle alarms, trajectory abnor-
malities, or equipment faults. The operator is required to complete abnormality judgment,
command input, and handling feedback within a limited time. This scenario induces stress
responses by increasing task urgency and uncertainty and focuses on observing short-term
changes in indicators such as heart rate, respiration, electrodermal activity, response delay,
and manipulation frequency.

The complex multi-task collaboration scenario is used to simulate parallel monitoring
of multiple devices, task switching, and priority adjustment during port operations. The
operator is required to simultaneously process state information, trajectory corrections, and
abnormal tasks of multiple unmanned systems and make decisions within a limited time.
This scenario involves relatively high cognitive load and operational complexity and is
prone to behaviors such as trajectory deviation, erroneous commands, task interruption,
and delayed response. Therefore, it is mainly used to obtain samples of abnormal operation
or high-risk states.

The correspondence between the four experimental scenarios and the target risk states
is shown in Table 2.

Table 2. Typical operation scenarios and target risk states.

Experimental Scenario Main Task Characteristics Target State

Routine monitoring and standardized operation

Normal operation without sudden events Normal
Long— duration continuous operation Continuous monitoring, repetitive Ipampulatlon, Fatigue
and prolonged task duration
. Random alarms, time-limited response,
Sudden abnormal-alarm handling Stress

abnormality judgment, and handling

Parallel multi-device operation, frequent

Complex multi-task collaboration switching, and task conflicts

Abnormal operation or high risk

Each point represents the metric value obtained from one computational run. Solid
curves show run-specific metric values, horizontal dashed lines show the mean values
across 250 runs, and shaded bands indicate the 95% confidence intervals of the mean.
Statistical comparisons between the proposed method and baseline models were performed
using paired two-sided Wilcoxon signed-rank tests with Holm—-Bonferroni correction.

4.2. Data Collection and Labeling

A non-invasive smart-cushion sensing system integrating MEMS and fiber-optic
sensors was used to collect physiological data from the operators, thereby forming a
multimodal sensing system for seated operation, as illustrated in Figure 2. The MEMS
sensors were used primarily to acquire heart-rate and respiratory-rate signals, whereas
the fiber-optic sensors captured dynamic pressure changes in the seat-contact area. The
combined sensing configuration improved the stability and reliability of physiological
monitoring under natural changes in seated posture.
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Figure 2. Non-invasive smart-cushion sensing system and sensor placement.

The MEMS sensors were integrated into the backrest and seat-cushion regions to
accommodate different postures during sustained console-based operation and to contin-
uously acquire heart-rate- and respiratory-rate-related signals. Fiber-optic sensors were
embedded in the pressure-contact area of the seat cushion to record dynamic changes
in sitting posture and body-pressure distribution. This pressure information assisted in
identifying posture-related signal disturbances and, together with operational-behavioral
records and task-event information, provided supplementary evidence for human-factor
risk analysis. Heart-rate variability was further derived from the heart-rate signal sequence.
In addition, electrodermal activity was monitored using a wearable device positioned
at the finger, wrist, or forearm to provide supplementary information on arousal and
stress-related physiological changes.

To reduce signal deviations associated with individual body characteristics, posture
variation, and environmental interference, an operator-specific normal-operation refer-
ence baseline was established from heart-rate and respiratory-rate records. The acquired
data were calibrated relative to this baseline, and adaptive Kalman filtering was applied
to suppress transient noise and motion-related disturbances. Sensor positions remained
fixed during the experiment; the adaptive procedure adjusted signal-calibration and fil-
tering parameters rather than the physical sensor placement. Records affected by sensor
disconnection, incomplete signals, or evident motion artifacts were excluded during data-
quality control.

Physiological and operational-behavioral data were collected from four trained op-
erators during real port-operation tests involving representative unmanned intelligent
system tasks. Data collection was conducted over approximately 10 operational days,
with an effective recording duration of approximately 3 h per day. Therefore, the final
dataset contained approximately 30 h of valid synchronized records. All physiological and
behavioral records were sampled and synchronized at 10 s intervals.

Physiological data included heart rate, respiratory rate, blood oxygen saturation,
electrodermal activity, and heart-rate variability. Behavioral data were obtained from the
operation platform and task-event logs and included manipulation frequency, response
delay, operation-trajectory deviation, erroneous operations, command corrections, and task-
completion time. Response delay was defined as the time interval between the occurrence
of a task instruction or alarm event and the operator’s first valid response.

Before analysis, the synchronized records were checked for data completeness and va-
lidity. Records affected by sensor disconnection, incomplete physiological signals, missing
behavioral logs, or invalid task execution were excluded. The retained data were nor-
malized relative to each operator’s normal-operation baseline before feature construction.
After data-quality control, the final dataset contained 10,800 synchronized observations.
The experimental schedule allocated approximately equals effective recording time to the
four target risk states. Accordingly, the dataset included 2700 normal-state observations,
2700 fatigue-state observations, 2700 stress-state observations, and 2700 abnormal-operation
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observations. This approximately balanced sample distribution was used to reduce the
potential influence of class imbalance on model training and evaluation.

Risk-state labels were determined through a multi-source procedure combining task-
event records, operational conditions, safety-relevant task evidence, and independent
expert review. No standardized self-report scale was administered during the real port-
operation tests. Therefore, the labels of normal, fatigue, stress, and abnormal operation were
not determined from a single questionnaire score; instead, they were assigned according to
the temporal context of the task, recorded operational events, and independently reviewed
safety-relevant evidence.

A normal-state candidate corresponded to stable task execution without abnormal
alarms, safety events, or evident operational-performance degradation. A fatigue-state
candidate was identified when long-duration continuous operation was accompanied by
sustained reductions in response performance. A stress-state candidate was identified
when sudden alarm handling or time-critical operational demands were accompanied by
short-term deterioration in task-response performance. An abnormal-operation candidate
was identified when the event records showed erroneous commands, marked trajectory
deviation, task interruption, or delayed safety responses. Scenario identity was used as
contextual information but was not treated as the sole label source.

The preliminary labels were independently reviewed by two experts, both of whom
had more than 10 years of practical experience in unmanned-system operation and port-
safety management. Each expert reviewed de-identified task-event records, operational
conditions, and safety-relevant task summaries. The experts were blinded to the processed
physiological feature values, model outputs, and model-prediction results during label
assignment. Thus, the physiological and behavioral features used as model inputs were
not used as the sole basis for determining the final labels.

Inter-rater agreement before consensus discussion was quantified using Cohen’s kappa.
The agreement coefficient was k = 0.76, indicating substantial agreement between the two
experts. Disagreements were resolved through joint discussion. Samples for which a
consensus label could not be reached were excluded from subsequent dataset construction,
model training, and evaluation.

Because task scenarios were designed to elicit candidate risk states, task conditions
remained partially associated with the risk labels in the present pilot dataset.

4.3. Baseline Methods

To comprehensively verify the effectiveness of the proposed method, comparison
methods are selected from single-modal models, traditional machine-learning models,
conventional multimodal fusion models, and temporal deep-learning models.

(1) Single-Modal Models

The physiological single-modal model uses only physiological features such as heart
rate, respiration, blood oxygen, electrodermal activity, and heart rate variability for classifi-
cation and is used to evaluate the capability of physiological information alone to recognize
human-factor risks.

The behavioral single-modal model uses only behavioral features such as manipulation
frequency, response delay, trajectory deviation, number of erroneous operations, and task-
completion time for classification and is used to evaluate the discriminative capability of
external operating behavior.

By comparing the proposed method with the two types of single-modal models,
whether physiological-behavioral fusion can provide complementary information can
be verified.

(2) Traditional Machine-Learning Models

https:/ /doi.org/10.3390 /biomimetics11090675


https://doi.org/10.3390/biomimetics11090675

Biomimetics 2026, 11, 675

21 0f 43

Traditional classification models such as Support Vector Machine, Random Forest,
and Extreme Gradient Boosting are selected as baselines. For these methods, physiological
and behavioral features are first directly concatenated and then input into the classifier for
risk-state recognition.

Traditional machine-learning models have characteristics such as simple structures
and convenient interpretation, and can be used to compare the performance differences
between deep temporal models and traditional static classification methods.

(3) Conventional Multimodal Fusion Models

Conventional multimodal fusion models include direct feature concatenation and
fixed-weight fusion. Direct feature concatenation connects physiological and behavioral
features and inputs them into a unified classifier, whereas fixed-weight fusion combines
the two modal features according to predefined proportions.

Comparison with the above methods can verify the role of the attention mechanism in
dynamically adjusting the contributions of physiological and behavioral modalities.

(4) Deep Temporal Models

To verify the temporal-modeling capability of the proposed model, LSTM, GRU, or
Transformer Encoder can be selected as comparison models. These models use the same
input features and data-partitioning method but do not introduce the bio-inspired coupling
or modal-attention modules designed in this manuscript.

All comparison models should adopt consistent data preprocessing, training-set parti-
tioning, and evaluation metrics to ensure comparability of the experimental results.

4.4. Evaluation Metrics

This manuscript evaluates model performance in terms of classification accuracy,
category-recognition capability, false-alarm and missed-alarm conditions, and opera-
tional efficiency.

For the multi-class risk-recognition task, Accuracy is adopted to measure the propor-
tion of overall predictions correctly made by the model. Since the number of samples in
different risk categories may be imbalanced, Precision, Recall, and F1-score are further
adopted to evaluate the model’s recognition capability for different risk categories. To
prevent the normal category with a relatively large number of samples from dominating
the overall results, the macro-average metric is also reported:

1 K
M -F1=—-) F1 25
acro Kk:Zl K (25)

where K denotes the number of risk categories and F1y denotes the F1-score of the k-th
category. Macro-F1 assigns equal weights to all categories and is therefore more suitable
for evaluating the recognition capability for minority categories such as fatigue, stress, and
abnormal operation.

In addition to conventional classification metrics, the False Alarm Rate (FAR) and
Missed Detection Rate (MDR) were used to evaluate warning-related error characteristics.
FAR represents the proportion of normal-state samples incorrectly classified as risk states,
whereas MDR represents the proportion of risk-state samples that are not correctly identi-
fied. In port-security supervision, an excessive FAR may increase the workload associated
with manual review and unnecessary intervention, whereas an excessive MDR may delay
the identification of potentially unsafe operator states.

Table 3 summarizes the evaluation metrics used in this study. Because the present work
focuses on offline risk-state classification, multimodal-fusion effectiveness, and repeated
computational stability, the evaluation framework includes overall classification metrics,
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class-balanced metrics, and warning-reliability metrics. End-to-end online latency and
deployment efficiency were not evaluated and are discussed as directions for future work.

Table 3. Evaluation metrics for the human-factor risk recognition model.

Metric Category Specific Metric Evaluation Purpose
Overall performance Accuracy Measures the overall classification accuracy
Class performance Precision, Recall, F1-score Measures the recognition capability for each risk state
Balanced performance Macro-F1, Macro-AUC Reduces the influence of class imbalance
Warning reliability False Alarm Rate, Missed Detection Rate Evaluates false alarms and missed detections

In the subsequent result analysis, this manuscript further verifies the effectiveness and
interpretability of the proposed method through overall performance comparison, recogni-
tion results under different risk states, ablation experiments, and attention-weight analysis.

For each model and evaluation metric, results are reported as the mean & standard
deviation across 250 repeated computational training-and-evaluation runs. The 95% confi-
dence interval (CI) of the mean was calculated as the mean £1.96 x SD/+/250. To compare
the proposed method with each baseline model, paired two-sided Wilcoxon signed-rank
tests were performed on metric values obtained from runs using the same random-seed
schedule. The resulting p-values were adjusted using the Holm-Bonferroni procedure
to account for multiple comparisons. Statistical significance was defined as an adjusted
p-value below 0.05.

4.5. Implementation Details and Baseline Settings

All baseline models and the proposed model were trained and evaluated using the
same participant-level train/validation/test split, preprocessing procedure, feature inputs,
and held-out test set. Hyperparameters were selected using the validation set only, and
the test set was not used for model selection. For SVM, an RBF kernel was adopted with
C =10, v = scale, and balanced class weights. The RF model used 300 trees, a maximum
tree depth of 12, a minimum leaf size of 2, and the square-root rule for feature selection.
XGBoost was configured with 300 estimators, a maximum depth of 5, a learning rate of 0.05,
subsampling and column-sampling ratios of 0.8, and an L, regularization coefficient of 1.

The LSTM-fusion baseline used one LSTM layer with 128 hidden units and a dropout
rate of 0.3. The proposed model used 64-dimensional physiological and behavioral repre-
sentations, a modality-attention hidden dimension of 32, a 128-dimensional fused represen-
tation, and one LSTM layer with 128 hidden units and a dropout rate of 0.3. The neural
models were trained using the Adam optimizer with a learning rate of 0.001, a batch size of
32, a maximum of 100 epochs, cross-entropy loss, and early stopping with a patience of
15 epochs based on validation performance. In the 250 repeated computational runs, the
data split and hyperparameter configuration remained fixed. The predefined random-seed
schedule controlled the stochastic initialization and mini-batch ordering of neural models
and the corresponding stochastic procedures of applicable baseline models.

5. Results and Analysis

This section verifies the proposed bio-inspired physiological-behavioral fusion
method in terms of overall recognition performance, recognition effects under different risk
states, model ablation results, and feature interpretability. To ensure fair comparison, all
models adopt the same data partitioning, preprocessing procedure, and training settings
and are evaluated on an independent test set. The experimental results mainly examine
the effects of physiological-behavioral fusion, the attention mechanism, and temporal
modeling on the performance of operator human-factor risk recognition.

https:/ /doi.org/10.3390 /biomimetics11090675


https://doi.org/10.3390/biomimetics11090675

Biomimetics 2026, 11, 675

23 of 43

5.1. Overall Performance Comparison

To verify the overall effectiveness of the proposed bio-inspired physiological-behavioral
fusion method, this manuscript compares it with traditional machine-learning models, single-
modal recognition models, a direct feature-concatenation model, and a conventional temporal
fusion model. All models adopt the same data partitioning, preprocessing procedure, and
evaluation metrics to ensure fairness of the experimental results. The evaluation metrics
include Accuracy, Precision, Recall, F1-score, Macro-F1, False Alarm Rate (FAR), and Missed
Detection Rate (MDR). The overall performance comparison results are shown in Table 4.

Table 4. Overall performance comparison of human-factor risk recognition models over 250 repeated

computational training-and-evaluation runs.

Method Accuracy (%) Precision (%) Recall (%) F1-Score (%)  Macro-F1 (%) FAR (%) MDR (%)
SVM 78.63 +1.25 7914+ 128  77.86+134 7827 +131  7694+138  11.83+092 1846+125
Random Forest 82.47 + 1.08 82.73+1.11  8196+116 8218+1.12  80.84+1.19 964 +078 1417 +1.06
XGBoost 84.76 + 0.96 8508 +099  84.13+103 8457+098 8346+ 1.05 873+ 0.69  12.64 + 093
Physiological-only model ~ 80.92 + 1.18 8146+121  80.08+125 80.67+120 7928+127  1046+086 1627 +1.16
Behavioral-only model 79.84 +1.22 8057 £1.25  7896+130 7953+126  7816+131  11.24+089 1758 +121
?(jflic;t effgtt‘fgfl 86.37 + 0.82 86.84+ 086  8576+0.89 86.18+0.85  84.96+ 091 7944061 1086+ 0.78
LSTM-based fusion 89.56 + 0.68 890.93+072  8887+0.75 8934+071 8817 +0.76 6.54 + 0.49 8.96 + 0.63
Proposed method 92.16 -+ 0.47 9243 +051 9168+ 054 92.04+049  90.86 + 0.53 4.83 +0.34 6.74 + 0.42

Values are reported as mean =+ standard deviation, with 95% confidence intervals
of the mean shown in brackets. All models were evaluated using the same participant-
independent data partition and the same 250 random-seed schedule. Adjusted p-values
indicate paired two-sided Wilcoxon signed-rank tests between the proposed method and
each baseline model, with Holm-Bonferroni correction for multiple comparisons.

The overall performance comparison results are shown in Table 4. All results in the
table are expressed as the mean and standard deviation of 250 repeated computational
training-and-evaluation runs, where the mean is used to reflect the average recognition
performance of the model, and the standard deviation is used to measure the stability of
the model across different trials. Higher Accuracy, Precision, Recall, F1-score, and Macro-F1
indicate better risk-recognition capability, whereas lower FAR and MDR indicate more
reliable warning performance.

As shown in Table 4, the proposed method achieves the best results for all evaluation
metrics. Its Accuracy, Precision, Recall, F1-score, and Macro-F1 reach 92.16% =+ 0.47%,
92.43% £ 0.51%, 91.68% =+ 0.54%, 92.04% =+ 0.49%, and 90.86% =+ 0.53%, respectively. Mean-
while, the FAR and MDR of the proposed method are 4.83% =+ 0.34% and 6.74% =+ 0.42%,
respectively, both lower than those of the other comparison models. These results indicate
that the proposed method not only has relatively high average classification performance,
but also exhibits better stability and risk-warning reliability across repeated trials.

The overall performance of the traditional machine-learning models is relatively low.
Among them, the Accuracy and Macro-F1 of SVM are 78.63% =+ 1.25% and 76.94% =+ 1.38%,
respectively, and its standard deviations are relatively large among the models, indicating
that the performance of the static classification method fluctuates considerably across
different trials. The overall performance of Random Forest and XGBoost is improved,
with XGBoost achieving an Accuracy of 84.76% 4 0.96%, but it is still lower than the
multimodal temporal models. This indicates that although ensemble-learning methods can
enhance the classification capability for nonlinear features, static inputs based only on a
single time window still have difficulty fully capturing dynamic processes such as fatigue
accumulation, stress triggering, and continuous evolution of abnormal operation.
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Among the single-modal models, the Accuracy of the physiological-only model is
80.92% =+ 1.18%, slightly higher than the 79.84% =+ 1.22% of the behavioral-only model.
Physiological signals can reflect internal-state changes such as operator fatigue, nervous-
ness, and stress at an earlier stage, but they are susceptible to individual differences, sensor
noise, and motion artifacts. Behavioral features can directly characterize external risk
manifestations such as delayed response, trajectory deviation, and erroneous operations,
but they usually have a certain lag. The Macro-F1 values of both single-modal models
are below 80%, and their standard deviations are higher than those of the multimodal
models, indicating that relying on a single information source makes it difficult to stably
and comprehensively characterize operator human-factor risks.

The Accuracy and Macro-F1 of the direct feature-concatenation model reach
86.37% £ 0.82% and 84.96% =+ 0.91%, respectively, which are significantly better than
those of the two single-modal models, while their standard deviations are also reduced.
This indicates that physiological and behavioral information have strong complementarity,
and multimodal input can improve the completeness of risk-state representation and the
stability of repeated trials. However, direct feature concatenation adopts a fixed fusion
approach and cannot dynamically adjust the contributions of the physiological and behav-
ioral modalities according to different risk states; therefore, its performance is still lower
than that of the temporal fusion model.

The Accuracy of the LSTM-based fusion model reaches 89.56% =+ 0.68%, which is
480 percentage points higher than that of XGBoost, while the standard deviation decreases
from 0.96% to 0.68%. This result indicates that temporal modeling not only improves
average recognition performance, but also reduces the influence of instantaneous fluc-
tuations within a single time window on classification results, thereby more effectively
characterizing state changes such as fatigue accumulation, sudden stress, and continuous
evolution of abnormal operation.

On the basis of LSTM-based fusion, the proposed method further introduces
physiological-behavioral coupling modeling and an attention mechanism, increasing
Accuracy, Fl-score, and Macro-F1 by 2.60, 2.70, and 2.69 percentage points, respectively.
Meanwhile, their corresponding standard deviations decrease from 0.68%, 0.71%, and
0.76% to 0.47%, 0.49%, and 0.53%, respectively. This indicates that the physiological—-
behavioral coupling relationship and attention weighting not only enhance the risk-
discrimination capability of the model, but also improve output stability under different
repeated-trial conditions.

In terms of warning reliability, compared with the direct feature-concatenation model,
the proposed method reduces FAR and MDR by 3.11 and 4.12 percentage points, re-
spectively; compared with the LSTM-based fusion model, they are reduced by 1.71 and
2.22 percentage points, respectively. In addition, the standard deviations of FAR and MDR
for the proposed method are only 0.34% and 0.42%, further indicating that the method
can maintain relatively stable false-alarm and missed-detection control capabilities under
different experimental conditions.

Overall, the results in Table 4 indicate that physiological-behavioral dual-modal input
improves the completeness of operator-state representation, temporal modeling enhances
the model’s capability to characterize the dynamic evolution of risks, and physiological—-
behavioral coupling and the attention mechanism further improve key-feature selection
capability and model stability. Therefore, the proposed method outperforms the other
comparison models in terms of average recognition performance, repeated-trial stability,
and risk-warning reliability.

To more intuitively compare the overall recognition performance of different models,
this manuscript further visualizes the three evaluation metrics of Accuracy, F1-score, and
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(a) Accuracy
T T

Macro-F1. For each model, 250 repeated computational training-and-evaluation runs are
conducted, and the corresponding metric results of each trial are recorded. Figure 3 takes
the trial number as the horizontal axis and the evaluation metric value as the vertical axis,
showing the performance variations and stability of different models during repeated trials.
By comparing the overall levels and fluctuation amplitudes of the model curves, their
recognition accuracy, class-balance capability, and result stability can be further analyzed.

Overall Performance of Different Models over 250 Repeated Computational Training-and-Evaluation Runs
(b) F1-score
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Figure 3. Overall performance curves of different models over 250 repeated computational training-
and-evaluation runs.

As can be seen in Figure 3, there are relatively obvious differences in the overall per-
formance of different models over the 250 repeated computational training-and-evaluation
runs. The Accuracy, Fl-score, and Macro-F1 curves of the traditional machine-learning
models are generally at relatively low levels and have relatively large fluctuations. Among
them, the average Accuracy and Macro-F1 of SVM are 78.63% and 76.94%, respectively.
Although the three metrics of Random Forest and XGBoost are improved, they are still
generally lower than those of the multimodal temporal models. This result indicates that
relying only on static features within a single time window makes it difficult to fully
characterize human-factor risk states with obvious temporal dependence, such as fatigue
accumulation, stress triggering, and continuous evolution of abnormal operation.

The curves of the physiological-only and behavioral-only models are generally higher
than those of SVM, but the performance improvement remains limited. The average
Accuracy of the physiological-only model is 80.92%, slightly higher than the 79.84% of the
behavioral-only model, and its F1-score and Macro-F1 show similar trends. Physiological
signals can reflect internal-state changes such as operator fatigue, nervousness, and stress
at an earlier stage, but they are easily affected by individual differences, sensor noise, and
motion artifacts. Behavioral features can directly characterize external risk manifestations
such as delayed response, trajectory deviation, and erroneous operations, but obvious
changes usually occur only after the risk state has developed to a certain degree. Therefore,
the performance curves of both single-modal models exhibit certain fluctuations, indicating
that relying on a single information source makes it difficult to stably and completely
describe operator human-factor risks.

The three metric curves of the direct feature-concatenation model are generally higher
than those of the two single-modal models, with its average Accuracy and Macro-F1
reaching 86.37% and 84.96%, respectively, indicating strong complementarity between
physiological and behavioral information. Meanwhile, the curve fluctuations of this model
over the 250 repeated trials are also reduced, showing that multimodal input can improve
the stability of risk recognition. However, direct feature concatenation assumes fixed im-
portance for different modalities and features and cannot dynamically adjust information
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contributions according to operator states and task contexts. Therefore, its overall perfor-
mance remains lower than that of the temporal fusion model and the proposed method.

The Accuracy, F1-score, and Macro-F1 curves of the LSTM-based fusion model are
further improved, with significantly reduced overall fluctuations. Its average Accuracy
reaches 89.56%, which is 4.80 percentage points higher than that of XGBoost. This indicates
that continuous time-window modeling can more effectively capture the accumulation,
suddenness, and persistence of operator states, thereby improving the model’s recognition
capability for dynamic human-factor risks.

Among all comparison models, the three performance curves of the proposed method
consistently remain at relatively high levels while showing smaller fluctuation amplitudes,
demonstrating better recognition accuracy and repeated-trial stability. Its average Accuracy,
F1-score, and Macro-F1 reach 92.16%, 92.04%, and 90.86%, respectively, which are 2.60,
2.70, and 2.69 percentage points higher than those of LSTM-based fusion. This result
indicates that further introducing the physiological-behavioral coupling relationship and
attention-weighting mechanism on the basis of temporal modeling can dynamically high-
light physiological and behavioral information with higher discriminative value under
different risk states, reduce interference from redundant features and noise, and thereby
enhance the model’s recognition capability and result stability for complex human-factor
risk states.

In addition to overall classification performance, the False Alarm Rate (FAR) and
Missed Detection Rate (MDR) are also important indicators for measuring the reliability
of model risk warnings. FAR reflects the probability that the model incorrectly recognizes
a normal state as a risk state, whereas MDR reflects the probability that the model fails
to recognize a true risk state in a timely manner. A high false alarm rate increases the
burden of manual review and safety handling, whereas a high missed detection rate may
result in fatigue, stress, or abnormal-operation states not being detected in a timely manner.
Therefore, this manuscript further compares FAR and MDR for different models over
250 repeated computational training-and-evaluation runs, as shown in Figure 4.

False Alarm Rate and Missed Detection Rate of Different Models over 250 Repeated Computational Training-and-Evaluation Runs

(a) False Alarm Rate (b) Missed Detection Rate
T T T T

Missed Detection Rate (%)

150 200 250 50 100 150 200 250
Trial Number Trial Number
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Behavioral-only

Random Forest XGBoost Physiological-only
Direct Feature Concatenation LSTM-based Fusion === Proposed Method

Figure 4. False alarm rate and missed detection rate curves of different models over 250 repeated
computational training-and-evaluation runs.

Each point represents the FAR or MDR obtained from one computational run. Solid
curves show run-specific values, horizontal dashed lines show the mean values across
250 runs, and shaded bands indicate the 95% confidence intervals of the mean. Lower
FAR and MDR indicate better warning reliability. Statistical comparisons between the
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proposed method and baseline models were performed using paired two-sided Wilcoxon
signed-rank tests with Holm-Bonferroni correction.

As can be seen in Figure 4, there are obvious differences in the false alarm rates and
missed detection rates of different models over the 250 repeated computational training-
and-evaluation runs. The FAR and MDR curves of traditional machine-learning models
and single-modal models are generally at relatively high levels and have relatively large
fluctuations. Among them, the average FAR and MDR of SVM are 11.83% and 18.46%,
respectively, while those of the behavioral-only model are 11.24% and 17.58%, respectively.
This indicates that when a model relies only on static features or single-modal information,
insufficient information representation can easily cause normal states to be incorrectly
judged as risk states, while true risks such as fatigue, stress, and abnormal operation may
also be missed.

Compared with the traditional models, the FAR and MDR of the direct feature-
concatenation model decrease to 7.94% and 10.86%, respectively, and the overall fluc-
tuations of its repeated-trial curves are reduced, indicating that joint input of physiological
and behavioral information can improve risk-warning stability. However, the fixed con-
catenation approach has difficulty dynamically adjusting the contribution of each modality
according to different risk states, and therefore certain false alarms and missed detections
still exist.

The LSTM-fusion model reduced FAR and MDR to 6.54% and 8.96%, respectively,
indicating that temporal modeling can capture state changes across consecutive time
windows and reduce errors caused by instantaneous fluctuations. The proposed method
achieved lower average FAR and MDR values of 4.83% and 6.74%, respectively, over
250 repeated computational runs, with smaller run-to-run variation.

Compared with direct feature concatenation, the proposed method reduced FAR and
MDR by 3.11 and 4.12 percentage points, respectively; compared with LSTM fusion, the
reductions were 1.71 and 2.22 percentage points. These results suggest that modality-level
adaptive fusion of physiological and behavioral information improves warning-related
performance and repeated-run stability. Overall, Figures 2 and 3 show that the proposed
method achieved higher classification performance and lower FAR and MDR under the
evaluated experimental conditions.

5.2. Recognition Results Under Different Risk States

To further analyze the recognition capability of the proposed method for different
types of human-factor risk states, this manuscript separately calculates the classification
results for four states: normal, fatigue, stress, and abnormal operation. Compared with
overall average metrics, class-specific results can more clearly reflect differences in model
recognition under different risk states, and are particularly helpful for analyzing confusion
between similar states such as fatigue and stress, as well as the model’s detection capability
for high-risk states such as abnormal operation.

The classification results under different risk states are shown in Table 5. It should
be noted that the results in the table are expressed as the mean =+ standard deviation of
250 repeated computational training-and-evaluation runs.

Table 5. Recognition performance of the proposed method under different risk states.

Risk State Precision (%) Recall (%) F1-Score (%) AUC (%)
Normal 94.28 + 0.46 95.17 £ 043 94.72 £ 0.41 97.36 £ 0.35
Fatigue 91.36 £ 0.58 89.84 £+ 0.63 90.59 + 0.56 95.12 + 0.44

Stress 90.74 + 0.61 89.21 4+ 0.66 89.97 +0.59 94.63 + 0.47
Abnormal operation ~ 93.15 4= 0.49 92.47 + 0.52 92.81 £ 0.46 96.48 4+ 0.38
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Values are reported as mean =+ standard deviation, with 95% confidence intervals of
the mean shown in brackets. Precision, Recall, and F1-score were calculated separately for
the normal, fatigue, stress, and abnormal-operation states. The reported variability reflects
repeated stochastic model training and optimization under a fixed participant-independent
test set.

As can be seen from Table 5, the proposed method achieves relatively high recognition
performance for all four risk states. Among them, the Precision, Recall, and F1-score for the
normal state reach 94.28%, 95.17%, and 94.72%, respectively, indicating that the model can
relatively accurately distinguish the normal operating state from risk states. The relatively
high Recall for the normal state also indicates that the model produces relatively few
misclassifications of normal samples, which is consistent with the low false alarm rate
reported in Section 5.1.

The F1-score for the abnormal-operation state reaches 92.81%, second only to that
of the normal state, indicating that the proposed method can effectively identify obvious
behavioral abnormalities such as trajectory deviation, increased erroneous commands,
delayed response, and task interruption. When these behavioral abnormalities occur
simultaneously with deviations in physiological states such as heart rate, respiration, and
electrodermal activity, physiological-behavioral coupling modeling can form a stronger
risk representation, thereby improving the discriminative capability for high-risk states.

In comparison, the recognition performance for fatigue and stress is slightly lower,
with Fl-scores of 90.59% and 89.97%, respectively. This is mainly because the two states
have certain overlaps in some physiological and behavioral features. Both fatigue and stress
may be accompanied by changes in heart rate variability, abnormal respiratory rhythm,
increased response delay, and decreased operating stability. Therefore, the model may
generate certain confusion during state-transition stages.

The Recall for fatigue is 89.84%, slightly higher than the 89.21% for stress. This
indicates that the model recognizes persistent fatigue relatively stably. Fatigue is usually
manifested by increased continuous operation time, gradual decreases in response speed,
and accumulated operating errors. Its temporal characteristics are relatively obvious and
are therefore easier to capture through continuous-window modeling. Stress, in contrast, is
usually rapidly triggered by sudden alarms or complex task switching and has stronger
instantaneous characteristics and individual differences, making its recognition relatively
more difficult.

To further show the classification relationships among different risk states, this
manuscript constructs the normalized confusion matrix of the proposed method, as shown
in Table 6.

Table 6. Normalized confusion matrix of the proposed method under different risk states.

Actual\Predicted Normal Fatigue Stress Abnormal Operation
Normal 95.17 1.84 1.29 1.70
Fatigue 2.16 89.84 5.73 2.27
Stress 1.71 6.12 89.21 2.96
Abnormal operation 1.48 2.13 3.92 92.47

As can be seen from Table 6, confusion mainly occurs between fatigue and stress.
Approximately 5.73% of fatigue samples are recognized as stress, while approximately
6.12% of stress samples are recognized as fatigue. This result is related to the similar mani-
festations of the two states in terms of heart-rate changes, respiratory rhythm, decreased
attention, and response delay.
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In comparison, the classification boundaries of normal and abnormal-operation states
are relatively clear. The correct recognition rate for the normal state is 95.17%, with only a
small number of samples incorrectly classified as fatigue or abnormal operation. The correct
recognition rate for abnormal operation reaches 92.47%, and its main confusion category is
stress. High-frequency correction, rapid operation, and trajectory fluctuations under certain
stress states may exhibit characteristics similar to abnormal operation, thereby causing a
small number of samples to be confused.

To further compare recognition differences of the proposed method under different risk
states, 250 repeated computational training-and-evaluation runs are conducted separately
for normal, fatigue, stress, and abnormal-operation states, and the Precision, Recall, and
F1-score corresponding to each trial are calculated. Figure 5 uses a 2 x 2 subplot format
to show variations in the three metrics with the number of trials for the four states. The
vertical-axis ranges of the individual subplots are set according to the actual distributions
of the corresponding curves to more clearly reflect the recognition levels and fluctuation
characteristics of the model under different risk states.

Classification Performance under Different Risk States 250 Repeated Computational Training-and-Evaluation Runs
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Figure 5. Classification performance curves of the proposed method under different risk states over
250 repeated computational training-and-evaluation runs.

As shown in Figure 5, the proposed method maintained relatively high Precision,
Recall, and F1-score values across all four states over the repeated computational runs.
The normal state achieved the highest average Precision, Recall, and F1-score (94.28%,
95.17%, and 94.72%, respectively), indicating that normal samples were relatively well
distinguished from risk-state samples. The abnormal-operation state also achieved high
values of 93.15%, 92.47%, and 92.81%, respectively.

Fatigue and stress produced comparatively lower and closer results. For fatigue,
Precision, Recall, and F1-score were 91.36%, 89.84%, and 90.59%, respectively; for stress,
the corresponding values were 90.74%, 89.21%, and 89.97%. The lower Recall for stress
suggests residual confusion with fatigue and abnormal-operation states, which may be
related to overlapping physiological-behavioral patterns and differences in task load or
event intensity. Future work should incorporate contextual information, such as alarm
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type, task complexity, continuous-operation duration, and task-switching frequency, to
improve discrimination between fatigue and stress.

The AUC values exceeded 94% for all four states, reaching 97.36% for normal operation
and 96.48% for abnormal operation, compared with 95.12% for fatigue and 94.63% for stress.
Overall, Figure 5 indicates clearer class separation for normal and abnormal-operation
states, whereas fatigue and stress remain more difficult to distinguish. These results support
the effectiveness of the proposed multimodal temporal classification framework under the
evaluated experimental conditions.

5.3. Ablation Study

To verity the specific contributions of each key module in the proposed method to
human-factor risk-recognition performance, this manuscript further conducts ablation
experiments. Taking the complete model as the benchmark, the physiological modality,
behavioral modality, physiological-behavioral coupling module, attention mechanism, and
temporal-modeling module are removed in sequence, and comparisons are conducted
under the same data partitioning, training parameters, and evaluation metrics. Each group
of experiments is repeated 250 times, and the results are reported in the form of mean +
standard deviation.

The settings of the different ablation models are as follows:

w/o Physiological modality: the physiological-feature branch is removed, and only
behavioral features are retained;

w/o Behavioral modality: the behavioral-feature branch is removed, and only physio-
logical features are retained;

w/o0 Coupling module: dual-modal input is retained, but the physiological-behavioral
coupling term is removed, and only conventional fusion is adopted;

w/o Attention module: the attention mechanism is removed, and fixed-weight or
direct-concatenation fusion is adopted;

w/o Temporal modeling: LSTM temporal modeling is removed, and classification is
performed based only on a single time window;

Full model: the complete model retains physiological features, behavioral features,
coupling modeling, the attention mechanism, and temporal modeling.

The ablation results are shown in Table 7. It should be noted that the results in the
table represent the mean =+ standard deviation of 250 repeated computational training-and-
evaluation runs.

Table 7. Ablation results of different components in the proposed method.

Model Variant

Accuracy (%)  Precision (%)  Recall (%)  F1-Score (%)  Macro-F1 (%) FAR (%) MDR (%)

w/o Physiological modality

79.84 £1.22 80.57 £ 1.25 7896 £1.30  79.53 £1.26 78.16 £ 1.31 1124 £0.89 1758 £1.21

w/o Behavioral modality

80.92 £1.18 81.46 +1.21 80.08 £1.25  80.67 =1.20 79.28 £1.27 10.46 £0.86  16.27 =1.16

w/o Coupling module

88.21 £0.74 88.56 + 0.77 8742 £0.81  87.98 £ 0.76 86.73 = 0.82 7.18 £ 0.55 9.84 + 0.69

w/o Attention module

89.03 £0.70 89.38 + 0.74 88.26 £0.77  88.79 £ 0.72 87.56 £ 0.79 6.83 £ 0.52 9.21 £ 0.66

w/o Temporal modeling

87.46 £ 0.79 87.81 £ 0.82 86.67 £0.86  87.22 +0.81 85.94 £+ 0.88 7.61 £ 0.58 10.37 £0.73

Full model

92.16 + 0.47 92.43 £+ 0.51 91.68 =054  92.04 £ 0.49 90.86 + 0.53 4.83 +0.34 6.74 £ 0.42

As can be seen from Table 7, removing any key module leads to a decline in model
performance, indicating that all components have positive effects on human-factor risk
recognition. Among them, after removing the physiological or behavioral modality,
model Accuracy decreases to 79.84% and 80.92%, respectively, representing the most
obvious decreases. This indicates that physiological and behavioral information have
strong complementarity and that a single modality has difficulty completely representing
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changes in the operator’s internal state and external operating performance under
complex task environments.

After removing the temporal-modeling module, model Accuracy decreases from
92.16% to 87.46%, and Macro-F1 decreases from 90.86% to 85.94%, while FAR and MDR
increase to 7.61% and 10.37%, respectively. This indicates that human-factor risks such as
fatigue, stress, and abnormal operation have obvious temporal continuity and accumulation
characteristics, and using only a single time window is insufficient to fully reflect the risk-
formation and evolution process.

When the physiological-behavioral coupling module is removed, model Accuracy
and Macro-F1 decrease to 88.21% and 86.73%, respectively. This result indicates that
operator risk is not determined independently by physiological deviation or behavioral
abnormality, but is affected by their joint action. If only conventional fusion is conducted
without characterizing the relationship between physiological-state changes and operating-
behavior abnormalities, the model’s discriminative capability for complex risk states is
significantly weakened.

After removing the attention mechanism, model Accuracy and Macro-F1 become
89.03% and 87.56%, respectively, decreasing by 3.13 and 3.30 percentage points compared
with the complete model. Meanwhile, FAR and MDR increase by 2.00 and 2.47 percentage
points, respectively. This indicates that the importance of key features differs under
different risk states, and fixed-weight or direct-concatenation methods have difficulty
fully highlighting physiological and behavioral information related to the current state. The
attention mechanism can dynamically adjust modality and feature contributions according
to risk type, thereby enhancing model recognition capability and warning reliability.

In terms of the contribution degree of different modules, temporal modeling,
physiological-behavioral coupling, and the attention mechanism all play important roles
in improving model performance. Among them, removing temporal modeling causes the
most obvious performance decline, indicating that dynamic evolution information of risk
states is an important basis for human-factor risk recognition. Removing the coupling
module and attention mechanism also causes obvious performance degradation, further
verifying the necessity of physiological-behavioral association modeling and dynamic
feature weighting.

To further analyze model performance stability after removing different modules,
250 repeated computational training-and-evaluation runs are conducted for each ablation
model, and variations in Accuracy, F1-score, and Macro-F1 are recorded. Figure 6 takes
the trial number as the horizontal axis and the evaluation metric value as the vertical
axis, showing the performance variation curves of the different ablation models during
repeated trials.

Performance Curves of Different Ablation Models over 250 C Training-and. ion Runs
() Accuracy X (b) F1-score (c) Macro-F1

Accuracy (%)

Figure 6. Performance curves of different ablation models over 250 repeated computational training-
and-evaluation runs.
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All results in Table 7 are reported as the mean + standard deviation over 250 repeated
computational training-and-evaluation runs. The participant-independent data partition,
preprocessing procedure, feature configuration, model hyperparameters, and held-out
test set were fixed across runs. Only the random seed used for model initialization and
mini-batch ordering was changed. Therefore, the reported standard deviations reflect
the stability of stochastic model optimization rather than variation across independent
participant experiments.

As can be seen in Figure 6, the Accuracy, F1-score, and Macro-F1 curves of the complete
model remain at the highest overall levels over the 250 repeated computational training-
and-evaluation runs and have the smallest fluctuations, indicating that the model not only
has higher average recognition performance but also better repeated-trial stability. In com-
parison, after removing the physiological modality or behavioral modality, all three metric
curves decrease significantly, while the fluctuation amplitudes increase, indicating that a
single modality has difficulty stably and completely representing operator human-factor
risk states.

Among the functional-module ablation results, removing the temporal-modeling
module results in the most obvious performance decline, with the Accuracy, Fl-score,
and Macro-F1 curves generally lower than those obtained after removing the coupling
module or the attention mechanism. This indicates that information from consecutive
time windows plays an important role in characterizing dynamic characteristics such as
fatigue accumulation, stress triggering, and continuous evolution of abnormal operation.
After removing the physiological-behavioral coupling module, the metrics also decrease
significantly, indicating that explicitly modeling the association between physiological-
state changes and behavioral abnormalities can enhance the discriminative capability of
risk features.

After removing the attention mechanism, although model performance remains bet-
ter than that obtained after removing temporal modeling or the coupling module, all
three metric curves are lower than those of the complete model, and experimental fluctu-
ations increase. This indicates that the attention mechanism can dynamically adjust the
contributions of physiological and behavioral features according to different risk states,
thereby reducing interference from redundant information and improving the stability of
model outputs.

Overall, Figure 5 further demonstrates, from the perspective of repeated trials, that the
physiological modality, behavioral modality, temporal modeling, physiological-behavioral
coupling mechanism, and attention mechanism all have positive effects on model perfor-
mance and stability. Among them, the complete model exhibits higher average levels and
smaller fluctuations for all metrics.

To more intuitively compare the influence of different component modules on the
overall model performance, this manuscript uses a radar chart to visualize the compre-
hensive performance of the ablation models, as shown in Figure 7. The radar chart selects
Accuracy, F1-score, Macro-F1, 100-FAR, and 100-MDR as evaluation dimensions. The first
three metrics reflect model classification performance, while the latter two reflect model
warning reliability. By converting FAR and MDR into positive indicators, all dimensions
maintain a consistent direction; that is, a larger value indicates better model performance.

As can be seen in Figure 7, the complete model exhibits the largest envelope area across
all evaluation dimensions, indicating that it achieves the best comprehensive performance
in classification accuracy, class balance, and warning reliability. In comparison, after any
key module is removed, the radar-chart area shrinks to different degrees, indicating that all
components have positive effects on model performance improvement.
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Radar-Chart Comparison of Different Ablation Models
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Figure 7. Radar-Chart comparison of different ablation models.

Among them, after removing the physiological or behavioral modality, the overall
contraction of the radar chart is the most obvious, particularly in the Accuracy, F1-score, and
Macro-F1 dimensions, while the values of 100-FAR and 100-MDR also decrease significantly.
This indicates that physiological and behavioral information have strong complementarity
in operator human-factor risk recognition. The absence of either modality weakens the
completeness of state representation and reduces the reliability of risk warnings.

For the functional modules, after removing the temporal-modeling module, the radar
chart shows the most obvious contraction in the Accuracy, Macro-F1, and 100-MDR di-
mensions, indicating that temporal information plays an important role in characterizing
dynamic features such as fatigue accumulation, sudden stress, and continuous evolution of
abnormal operation. After removing the physiological-behavioral coupling module, the
model also shows obvious degradation in the Fl-score and Macro-F1 dimensions, indi-
cating that explicitly modeling the association between physiological-state changes and
behavioral abnormalities helps form more discriminative risk representations.

In addition, after removing the attention mechanism, the degradation of the model
across the dimensions is slightly lower than that caused by removing temporal modeling
or the coupling module, but the envelope still shrinks considerably. This indicates that the
attention mechanism can dynamically highlight physiological and behavioral features with
higher discriminative value according to different risk states, thereby reducing interference
from irrelevant information and improving the model’s adaptability to complex risk states.

Overall, Figure 6 further verifies the important roles of the physiological modal-
ity, behavioral modality, temporal modeling, physiological-behavioral coupling mech-
anism, and attention mechanism in the proposed method. Through multimodal infor-
mation complementarity, dynamic temporal modeling, and adaptive weighting of key
features, the complete model achieves the best comprehensive recognition performance
and warning reliability.

5.4. Interpretability Analysis

To further analyze the decision basis of the proposed model during human-factor
risk recognition, this manuscript conducts interpretability analysis from three aspects:

https://doi.org/10.3390/biomimetics11090675


https://doi.org/10.3390/biomimetics11090675

Biomimetics 2026, 11, 675

34 0f 43

modality-level attention allocation, feature contribution, and physiological-behavioral
coupling relationships. Unlike a black-box model that only outputs risk categories, the
proposed method can reflect the relative contributions of physiological and behavioral
modalities under different states through attention weights and further identify key features
that have relatively high impacts on the discrimination of normal, fatigue, stress, and
abnormal-operation states.

(1) Modality-Level Attention Analysis

The physiological-modality and behavioral-modality attention weights corresponding
to different risk states in the test set are statistically analyzed. Since the attention weights of
the two modalities are normalized, their sum is 1. The average modality attention weights
under different risk states are shown in Table 8.

Table 8. Attention weights of physiological and behavioral modalities under different risk states.

Risk State Physiological Modality Behavioral Modality
Normal 0.48 £+ 0.04 0.52 + 0.04
Fatigue 0.61 £0.05 0.39 £0.05

Stress 0.66 £ 0.06 0.34 £ 0.06
Abnormal operation 0.37 +0.05 0.63 & 0.05

As can be seen from Table 8, the contributions of the two modalities differ significantly
under different risk states. Under the normal state, the average weights of the physiological
and behavioral modalities are 0.48 and 0.52, respectively, which are relatively close. This
indicates that when the operator is in a stable state, neither physiological indicators nor op-
erating behaviors exhibit obvious abnormalities, and the model needs to comprehensively
use both types of information for judgment.

Under fatigue, the physiological-modality weight increases to 0.61, higher than the 0.39
of the behavioral modality. This indicates that fatigue recognition relies more on internal
physiological signals such as heart rate variability, respiratory rhythm, and blood-oxygen
changes. Fatigue usually accumulates gradually with continuous operation time, and
physiological changes may occur earlier than obvious behavioral abnormalities. Therefore,
the model assigns a higher weight to physiological information under this state.

Under stress, the physiological-modality weight is the highest, reaching 0.66. Sudden
alarms, task conflicts, or complex task switching may cause increased heart rate, acceler-
ated respiration, and enhanced electrodermal activity within a short period. Therefore,
physiological features have relatively high discriminative value for stress recognition. The
behavioral modality still accounts for a weight of 0.34, indicating that behavioral changes
such as response delay, manipulation frequency, and repeated corrections are also important
bases for stress recognition.

Under abnormal operation, the behavioral-modality weight increases to 0.63, sig-
nificantly higher than the 0.37 of the physiological modality. This is because abnormal
operation is usually directly manifested as external behavioral abnormalities such as trajec-
tory deviation, erroneous commands, untimely response, and task interruption. Although
physiological changes can provide auxiliary information, behavioral data are more directly
associated with abnormal-operation outcomes.

To more intuitively show the differences in modality contributions under different risk
states, this manuscript plots the comparison results of the attention weights of physiological
and behavioral modalities, as shown in Figure 8.

Figure 8 shows that the attention mechanism does not adopt fixed weights for the
physiological and behavioral modalities, but dynamically adjusts the contributions of the
two types of information according to the operator’s current state. This result is basically
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consistent with the actual formation mechanisms of fatigue, stress, and abnormal operation,
thereby verifying the rationality of the attention-allocation results at the model level.

Attention-Weight Distributions of Physiological and Behavioral Modalities under Different Risk States
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Figure 8. Distribution of physiological and behavioral modality attention weights under different
risk states.

(2) Feature-Level Contribution Analysis

On the basis of the modality-level analysis, this manuscript further calculates the
contributions of individual physiological and behavioral features to the prediction results
under different risk states. The interpretability analysis in this study is conducted at
the modality level. The implemented attention module produces adaptive weights for
the physiological and behavioral representations before fusion, indicating their relative
contributions to the predicted risk state. These weights are not interpreted as importance
scores for individual input features. A validated feature-level attribution analysis was
beyond the scope of the present pilot study and will be investigated in future work.

To show the overall distribution of feature contributions under different risk states,
this manuscript plots a feature-contribution heatmap, as shown in Figure 9.

Physiological and Behavioral Feature Contributions under Different Risk States

Respiration Rate $p0, EDA HRV Manipulation Frequency Response Delay Trajectory Deviation Error Count Task Completion Time

Physiological and Behavioral Features

Figure 9. Heatmap of physiological and behavioral feature contributions under different risk states.

As can be seen in Figure 9, different risk states exhibit differentiated feature-
contribution patterns. Fatigue has relatively high contributions from features such as
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HRYV, response delay, and task-completion time; stress is mainly concentrated on EDA,
heart rate, respiratory rate, and manipulation frequency; abnormal operation is mainly
concentrated on trajectory deviation, number of erroneous operations, and response delay.
These differences indicate that the proposed model can select corresponding key features
according to different risk states rather than adopting the same discrimination rule for
all states.

(3) Physiological-Behavioral Coupling Analysis

In addition to individual feature contributions, this manuscript further analyzes the
coupling relationships between physiological changes and behavioral abnormalities. The
coupling weight reflects the joint influence on the risk-recognition result when a change
in a certain physiological feature and an abnormality in a certain behavioral feature occur
simultaneously. A higher coupling weight indicates a stronger risk association between the
two types of features.

The analysis results show that the relatively strong coupling relationships under
fatigue mainly include HRV and response delay, respiratory rate and task-completion
time, and blood-oxygen changes and number of operating errors. These associations
indicate that after internal physiological fatigue gradually accumulates, it may further
manifest as decreased response speed, reduced task-execution efficiency, and increased
erroneous operations.

Under stress, relatively strong coupling relationships are mainly manifested between
electrodermal activity and manipulation frequency, heart rate and repeated correction
behavior, and respiratory rate and response delay. Physiological arousal caused by sudden
stimuli may cause operators to accelerate their operating rhythm, make frequent correc-
tions, or exhibit fluctuations in response behavior, thereby forming typical physiological—
behavioral joint stress patterns.

Under abnormal operation, certain coupling relationships still exist between trajectory
deviation and the number of erroneous operations on the one hand and physiological
features such as electrodermal activity and heart rate on the other. However, the overall
coupling strength is lower than the direct contribution of the behavioral features them-
selves. This indicates that abnormal-operation risk is mainly manifested through external
behavioral outcomes, while physiological signals are used more as auxiliary information to
determine whether the abnormality is caused by nervousness, fatigue, or state instability.

The above results provide model-based evidence that the physiological-behavioral
coupling representation is associated with improved risk-classification performance relative
to simple feature concatenation. Unlike simple feature concatenation, coupling modeling
can further describe the association process through which changes in an operator’s internal
state evolve into external behavioral abnormalities, thereby providing a clearer explanation
for the risk-classification results.

(4) Discussion of Interpretability Results

By considering the modality-attention and physiological-behavioral coupling anal-
yses, the proposed method shows different relative contributions of physiological and
behavioral information across risk states. These model-derived patterns are consistent
with the expected complementary roles of internal physiological changes and external
behavioral performance in human-factor risk assessment.

The dynamic variations in attention weights indicate that the model can adaptively ad-
just the importance of physiological and behavioral information according to different risk
states. The dynamic variations in modality-attention weights indicate that the model can
adaptively adjust the relative importance of physiological and behavioral representations
according to the input condition. Coupling-relationship analysis further describes the joint
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association between internal physiological changes and external behavioral abnormalities.
These results provide modality-level information for interpreting model outputs.

Overall, the modality-level attention and coupling-analysis results are consistent with
the intended physiological-behavioral rationale of the proposed framework and support
its potential engineering value. However, these model-derived results should not be
interpreted as causal evidence or as independent biological validation.

6. Discussion

This manuscript proposes a bio-inspired physiological-behavioral fusion risk assess-
ment method for human-factor safety issues in imported unmanned intelligent system
operation scenarios at ports. Starting from human stress responses, neural feedback, and se-
lective attention mechanisms, the proposed method incorporates changes in the operator’s
physiological state, abnormalities in behavioral responses, and their temporal evolution
processes into a unified modeling framework. The experimental results show that the
proposed method demonstrates good effectiveness in terms of overall recognition perfor-
mance, recognition under different risk states, ablation experiments, and interpretability
analysis. Compared with traditional static classification methods, single-modal recognition
methods, and conventional temporal fusion models, the proposed method can make fuller
use of the complementary relationship between physiological and behavioral informa-
tion, while improving the stability of human-factor risk recognition and reducing false
alarm and missed detection rates. The biological concepts in this study serve as design
motivations for the overall architecture; the attention mechanism, coupling representa-
tion, temporal classifier, and optimization procedure are conventional engineering and
machine-learning components.

First, the joint modeling of physiological and behavioral information is an important
basis for improving operator-state recognition performance. Physiological signals can
reflect fatigue, stress, and changes in physiological load at an earlier stage. In particu-
lar, indicators such as heart rate, respiratory rate, electrodermal activity, and heart rate
variability are highly sensitive to the operator’s internal state. However, physiological sig-
nals are easily affected by individual differences, motion artifacts, environmental changes,
and sensor noise, and their independent use may lead to unstable state discrimination.
Behavioral features can directly reflect the operator’s response capability, operating stabil-
ity, and task-execution quality. Response delay, trajectory deviation, and the number of
erroneous operations are relatively directly associated with actual operational risks, but
their abnormal manifestations usually occur later than internal physiological changes. In
the experiments, the multimodal models significantly outperform the two single-modal
models, indicating that physiological and behavioral features can jointly describe operator
risk from the perspectives of internal state and external performance, thereby improving
the completeness of risk representation.

Second, temporal modeling plays an important role in human-factor risk recognition.
Fatigue, stress, and abnormal operation are not completely independent instantaneous
states, but have obvious temporal continuity, accumulation, and state-transition character-
istics. Fatigue usually develops gradually as continuous operation time increases; stress
may be rapidly triggered by sudden alarms, and abnormal operation may be manifested
as delayed response, frequent corrections, and trajectory deviation over multiple consecu-
tive time windows. The experimental results show that LSTM-based fusion significantly
outperforms traditional static classification models. In the ablation experiments, after the
temporal-modeling module is removed, the Accuracy, F1-score, and Macro-F1 of the model
all decrease significantly, while the false alarm and missed detection rates increase. This
indicates that relying only on statistical features within a single time window makes it
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difficult to fully reflect the dynamic evolution of operator risk states, whereas modeling
consecutive time windows can reduce the influence of instantaneous noise on recognition
results and enhance the recognition capability for persistent and cumulative risks.

Third, physiological-behavioral coupling modeling further improves the discrimi-
native capability for complex risk states. Traditional multimodal methods usually adopt
feature concatenation or fixed-weight fusion. Although such methods can increase the
amount of input information, they do not explicitly describe the association process between
internal physiological changes and external behavioral abnormalities. In this manuscript, a
coupling term is used to characterize the mechanism through which physiological-state
deviation and behavioral-performance abnormalities jointly contribute to risk formation.
The ablation results show that model performance decreases significantly after the coupling
module is removed, indicating that operator risk is not independently determined by a
single physiological abnormality or a single behavioral abnormality, but is affected by the
joint changes of the two.

An increase in heart rate may be caused by short-term task pressure, and response de-
lay may also result from increased task complexity. However, when abnormal physiological
indicators occur simultaneously with response delay, trajectory deviation, and erroneous
operations, the probability that the operator is in a high-risk state increases significantly.
Therefore, coupling modeling helps reduce misjudgments caused by a single abnormal
signal and forms a more discriminative comprehensive risk representation.

Fourth, the modality-level attention mechanism improves the adaptability of multi-
modal fusion under different input conditions. Physiological and behavioral information
may provide different levels of predictive contribution across risk states. The implemented
attention module therefore adaptively weights the two modality representations before
fusion, whereas the temporal classifier captures sequential dependence from the fused
sequence. Both the attention mechanism and the LSTM are conventional machine-learning
design choices.

The observed modality-weight patterns are consistent with the expected complemen-
tary roles of physiological and behavioral information in human-factor risk assessment.
However, these model-derived weights should not be interpreted as causal evidence,
independent biological validation, or proof that the model reproduces biological selec-
tive attention.

From the class-specific recognition results, the normal and abnormal operation states
have relatively clear decision boundaries, whereas there is still a certain degree of confusion
between fatigue and stress. The normal state is usually manifested by relatively stable
physiological indicators and behavioral performance, whereas abnormal operation is often
accompanied by obvious trajectory deviation, erroneous commands, and task interruption;
therefore, these two states are relatively easy to distinguish.

In comparison, fatigue and stress overlap in some physiological and behavioral fea-
tures. Both may involve changes in heart rate variability, abnormal respiratory rhythm,
response delay, and decreased operating stability. The difference is that fatigue usually
has a relatively obvious accumulation process, whereas stress is more easily affected by
sudden events and task contexts. In the future, task-context information such as continuous
operation duration, alarm type, task complexity, task-switching frequency, and environ-
mental disturbance intensity can be further introduced to enhance the model’s capability
to distinguish between fatigue and stress.

From an engineering-application perspective, the proposed method has certain poten-
tial for port-supervision applications. For imported unmanned intelligent systems such as
unmanned aerial vehicles, unmanned ground vehicles, and unmanned surface vehicles,
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operators usually undertake key responsibilities such as task planning, status monitoring,
abnormal takeover, and safety handling.

Based on the human-factor risk assessment results obtained through physiological—-
behavioral fusion, a graded warning and intervention mechanism can be further con-
structed. When the model recognizes fatigue risk, it can prompt the operator to rest, reduce
continuous operation duration, or adjust the task load. When a stress state is recognized,
the number of concurrent tasks can be reduced, operation confirmation can be increased,
or decision-making assistance can be provided. When abnormal operation or a high-risk
state is detected, manual review, task suspension, or safety takeover can be triggered. By
combining risk-recognition results with operation-management procedures, the influence
of abnormal operator states on the operational safety of unmanned intelligent systems can
be reduced to a certain extent.

Although the proposed method achieves good experimental results, several limita-
tions remain.

First, the current study mainly constructs experimental scenarios around a limited
number of unmanned intelligent system operation tasks. Different equipment platforms,
task modes, and port environments may have different human-factor risk characteristics.
Future work should expand the coverage of unmanned aerial vehicles, unmanned ground
vehicles, unmanned surface vehicles, and multi-device collaborative tasks to verify the
cross-platform adaptability of the model.

Second, obvious individual differences exist among operators, including physiological
baselines, operating experience, stress tolerance, and behavioral habits. Although baseline
deviation and standardization methods are adopted in this manuscript to reduce the
influence of individual differences, individual-adaptive and few-shot calibration methods
still need to be investigated for large-scale applications.

Third, the existing physiological-signal acquisition process relies on wearable or
contact-based sensing devices and may be affected by wearing comfort, motion interference,
and missing data. In the future, multi-source physiological-state acquisition methods
based on non-contact vision, seat sensors, steering-wheel sensors, or environmental sensing
devices can be further investigated to improve system usability during long-term operation.

Fourth, the interpretability analysis in this manuscript is limited to modality-level
attention weights and coupling analysis. These model-derived results reflect the relative
weighting of the two modalities, but attention weights are not equivalent to causal explana-
tions or biological validation. Future work should use validated feature-attribution and
causal-analysis methods, such as SHAP, counterfactual analysis, and controlled physiologi-
cal experiments, to investigate individual-feature effects and underlying mechanisms.

Fifth, the current study mainly focuses on model-recognition performance and does not
fully discuss the effects of risk-warning thresholds, intervention timing, and intervention
strategies on subsequent operator states. In practical applications, overly sensitive warnings
may increase operator burden, whereas overly conservative thresholds may result in delayed
risk detection. Therefore, future work needs to investigate dynamic warning thresholds and
human-machine collaborative intervention strategies according to different risk levels, task
importance, and handling costs, and evaluate the effects of intervention measures on risk-state
mitigation and task-completion quality through long-term experiments.

An additional limitation is that the present study did not evaluate end-to-end on-
line performance. The reported experiments focused on offline risk-state classification
and repeated computational stability; inference latency, preprocessing latency, warning-
generation latency, hardware configuration, computational complexity, memory consump-
tion, and multi-operator concurrent-processing capability were not measured. Therefore,
the current results should not be interpreted as demonstrating real-time deployment ca-

https:/ /doi.org/10.3390 /biomimetics11090675


https://doi.org/10.3390/biomimetics11090675

Biomimetics 2026, 11, 675

40 of 43

pability. Future work will evaluate the complete processing pipeline, including signal
acquisition, synchronization, preprocessing, feature construction, model inference, and
warning generation, under specified hardware and operational conditions before practical
online deployment is claimed.

An additional limitation concerns label independence and partial scenario—class as-
sociation. The risk labels in this study were operational labels derived from predefined
task criteria and documented task events, rather than clinical ground truth established
using validated self-report scales or independent physiological diagnosis. In particular,
continuous-operation periods, sudden-alarm handling, and safety-relevant task events
were used to identify candidate fatigue, stress, and abnormal-operation states, respectively.
Although scenario identity was not included as an explicit model-input feature and was not
the sole basis for labeling, task context may still influence the physiological and behavioral
patterns available to the classifier. The participant-level split prevents operator-level data
leakage but does not eliminate this potential scenario—class confounding. Therefore, the
present results should be interpreted as pilot evidence for operational risk-state classifica-
tion under the examined port-operation conditions, rather than as scenario-independent
recognition of latent physiological states. Future studies should collect each risk state across
multiple task scenarios and conduct cross-scenario and within-scenario validation.

Overall, the results of this manuscript indicate that mapping human stress responses,
neural feedback, and selective attention mechanisms into the operator risk-recognition
process can provide an effective approach for human-factor safety assessment under com-
plex human-machine collaborative scenarios. Physiological-behavioral dual-modal input
improves the completeness of state representation, temporal modeling enhances the capa-
bility for risk-evolution analysis, the coupling mechanism characterizes the joint influence
between internal states and external behavior, and the attention mechanism provides
modality-level adaptive weighting and supports interpretation of the model’s multimodal
fusion process. The proposed method provides a methodological basis for dynamic human-
factor risk recognition, graded warning, and safety intervention for operators of imported
unmanned intelligent systems at ports.

7. Conclusions

This manuscript addresses human-factor safety risks, such as fatigue, stress, delayed
response, and abnormal operation, during the operation of imported unmanned intelli-
gent systems at ports, including unmanned aerial vehicles, unmanned ground vehicles,
and unmanned surface vehicles, and proposes a bio-inspired physiological-behavioral
fusion risk assessment method inspired by human stress responses, neural feedback, and
selective attention mechanisms. The proposed method incorporates changes in operator
physiological states, operating-behavior performance, and their temporal evolution into a
unified modeling framework. Through dual-branch physiological and behavioral feature
extraction, physiological-behavioral coupling modeling, attention-weighted fusion, and
temporal risk classification, the method realizes dynamic recognition and classified assess-
ment of normal, fatigue, stress, and abnormal-operation states. The biological concepts
motivate the organization of the framework, whereas the implemented attention, coupling,
temporal-classification, and optimization components are conventional machine-learning
choices and are not presented as direct biological or neural models.

The experimental results show that the proposed method outperforms traditional
machine-learning models, single-modal models, the direct feature-concatenation model,
and the conventional temporal fusion model in terms of overall recognition performance,
warning reliability, and repeated-trial stability. Over 250 repeated computational training-
and-evaluation runs, the Accuracy, Precision, Recall, F1-score, and Macro-F1 of the pro-
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posed method reach 92.16%, 92.43%, 91.68%, 92.04%, and 90.86%, respectively, while FAR
and MDR are reduced to 4.83% and 6.74%, respectively.

Compared with the LSTM-based fusion model, the proposed method improves Ac-
curacy, Fl-score, and Macro-F1 by 2.60, 2.70, and 2.69 percentage points, respectively,
and reduces FAR and MDR by 1.71 and 2.22 percentage points, respectively, indicating
that physiological-behavioral coupling and the attention mechanism can further improve
multimodal temporal risk-recognition capability.

The experimental results under different risk states further show that the proposed
method has relatively clear decision boundaries for normal and abnormal-operation states
and also maintains relatively high recognition performance for fatigue and stress. There is
still a certain degree of confusion between fatigue and stress, mainly because the two states
partially overlap in features such as heart rate variability, respiratory rhythm, response
delay, and operating stability.

The ablation experiments show that the physiological modality, behavioral modal-
ity, temporal modeling, physiological-behavioral coupling mechanism, and attention
mechanism all make important contributions to model performance. Among them, re-
moving either modality or the temporal-modeling module causes a relatively obvious
performance decline.

The interpretability analysis shows that different risk states are associated with dif-
ferent relative weights of the physiological and behavioral modalities. The observed
modality-weight patterns are consistent with expected physiological-behavioral character-
istics of fatigue, stress, and abnormal operation; however, they should not be interpreted as
causal or independently validated biological mechanisms.

Overall, the proposed method can simultaneously utilize internal physiological
changes and external operating behaviors of operators, thereby improving the complete-
ness, dynamics, and interpretability of human-factor risk-state representation under com-
plex unmanned intelligent system operation scenarios. Within the examined port-operation
tasks, the proposed method provides preliminary evidence for physiological-behavioral
fusion in operator risk-state monitoring and classification. Its applicability to independent
task scenarios and broader port-operation conditions requires further validation using
cross-scenario experimental protocols.

Future research will further expand the number of operators and types of unmanned
intelligent systems and cover more port task modes and complex environmental conditions;
investigate adaptive modeling and few-shot calibration methods for individual differences;
introduce contextual information such as task load, alarm type, and environmental com-
plexity to improve the discrimination capability between fatigue and stress; and combine
non-contact physiological sensing, model light weighting, and edge-computing deploy-
ment, and evaluate their effects on latency, long-term stability, and engineering applicability
in practical port-supervision scenarios.
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