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Abstract

Carrier-based aircraft landing requires pilots to rapidly integrate heterogeneous cues from the improved Fresnel
lens optical landing system, height deviation relative to the reference glide path and the correction trend of height
error under strong disturbances and severe time pressure. Such concurrent information processing may lead to
perceptual overload and delayed control response. To address this issue, this paper proposes a multi-source infor-
mation fusion method for pilot perception modelling during carrier-based aircraft landing. First, optical deviation,
height deviation and the correction rate of height deviation are fuzzified to construct a unified perceptual feature
space. Then, a Bayesian regularised neural network is developed to establish the nonlinear mapping between these
inputs and a defuzzified pilot perception proxy index generated by the fuzzy inference system. The results show
that the proposed model achieves higher prediction accuracy than conventional regression models and reveals the
dominant contribution of height-related information in the perception process. The proposed method provides an
interpretable proxy-state representation for pilot-state-aware modelling and offers a potential perceptual basis for
future human—machine shared control in carrier-based aircraft landing.

Nomenclature

Ad optical deviation

As height deviation relative to the reference glide path
Al correction rate of height deviation

h defuzzified pilot perception proxy index

Au pilot control correction input

BRNN Bayesian regularised neural network

DLC direct lift control

IFLOLS Improved Fresnel Lens Optical Landing System

Greek symbols

A control authority allocation factor

1.0 Introduction

The precise landing of carrier-based aircraft represents a typical high-risk and high-demand sce-
nario in flight control and human—machine cooperation research [1]. This process involves complex
aerodynamic coupling and multi-source information interaction, characterised by strong dynamics, high
coupling and significant uncertainty [2]. Under strong disturbances and short decision cycles, pilots must
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rapidly perform attitude adjustment, glide-path correction and thrust coordination [3]. The accuracy
of the perception—decision—control chain directly determines flight safety [4, 5]. Therefore, quantita-
tively analysing pilots’ perceptual characteristics and information fusion mechanisms is essential for
improving the modelling accuracy of human—machine cooperative landing systems [6, 7].

Existing studies on carrier landing systems mainly focus on aircraft dynamics modelling, control law
design and automation strategies, while the modelling of pilot perception and cognitive behaviour has
received comparatively limited attention [8, 9]. Some studies employ linear or rule-based approaches
to represent pilot perception; however, these models cannot effectively capture the nonlinear coupling
among multi-source information, which limits the fidelity of human—machine—environment closed-loop
modelling [10, 11]. With the development of human shared control (HSC) and human-in-the-loop con-
trol (HILC), researchers have begun to incorporate pilot perceptual states into control systems to achieve
adaptive human—machine collaboration and dynamic control authority allocation [12].

During carrier-based aircraft landing, pilots primarily rely on the Improved Fresnel Lens Optical
Landing System (IFLOLS) for spatial positioning and glide-path control [13]. However, sensor-derived
visual and flight-state measurements are inherently uncertain and subject to perception ambiguity [14].
Previous studies have shown that complex nonlinear relationships exist among optical deviation, atti-
tude variation and longitudinal velocity changes, which conventional control models cannot accurately
represent [15]. In typical approach-and-landing tasks, pilots must simultaneously process heteroge-
neous information sources: the IFLOLS provides optical ‘meatball’ deviation, while the head-up display
(HUD) presents altitude deviation and the rate of altitude correction [16, 17]. The concurrent presen-
tation of these cues can lead to perceptual overload and information competition, increasing the pilot’s
cognitive burden and risk of misjudgement [18]. Therefore, an effective multi-source information fusion
model is required to provide a unified representation of the pilot’s comprehensive perception index [19].

To address these challenges, this study adopts a direct lift—based human—machine cooperative landing
framework and proposes a multi-source fuzzy information fusion-based modelling method. Fuzzy logic
is employed to manage the uncertainty of optical, altitude and correction-trend features, and a Bayesian
regularised neural network (BRNN) is developed to analyse the contribution of each information source
to a defuzzified pilot perception proxy index 4 [20, 21]. It should be noted that % is a model-based per-
ceptual proxy generated by the fuzzy inference system, rather than a directly measured physiological or
subjective human-factor variable. The effectiveness and robustness of the proposed method are validated
through signal processing and simulation experiments in a carrier-landing simulation environment.

The main contributions of this work are summarised as follows:

(1) A carrier-landing-oriented human—machine cooperative framework with a direct-lift-control
background is introduced to contextualise pilot perception modelling under multi-source cues.

(2) A multi-source fuzzy information fusion framework is constructed to represent heterogeneous
perceptual cues and enhance the interpretability of pilot perception modelling.

(3) A BRNN is developed to estimate the defuzzified pilot perception proxy index 4 and to reveal
the relative contributions of different information sources.

2.0 System architecture

Due to the high risk and complexity of carrier-based aircraft landing tasks, this paper investigates pilot
perception and multi-source information fusion within a direct lift control-human—machine shared con-
trol system (DLC-HSCS) framework [22, 23]. The overall system architecture is illustrated in Figure 1.
The system consists of four hierarchical layers: perception fusion, guidance display, control allocation
and shared control strategy. These layers form a closed-loop human—machine—environment coordina-
tion structure, providing a systematic foundation for modelling the perception proxy index /4. The system
adopts direct lift control (DLC) to coordinate thrust and elevator deflection, enabling rapid and precise
glide-slope adjustments under low-speed and high angle-of-attack conditions [24].
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Figure 1. System modelling and signal-flow architecture, in which the IFLOLS optical deviation
Ad and the HUD signals As and Al are integrated to obtain the perception proxy index h.

As shown in Figure 1, the system modelling and signal-flow framework consists of an environment
model, guidance system, pilot model and flight control system. The perception-fusion module integrates
three guidance signals: the IFLOLS optical deviation Ad, the HUD height deviation As and the HUD
height-correction rate Al. The fuzzy inference system provides a unified reference proxy index #,
while the BRNN learns the nonlinear mapping from these three signals to the corresponding percep-
tion proxy index. Therefore, the fused signals and the resulting output are explicitly represented as
(Ad, As, Al) — h.

During the landing process, the system continuously acquires the following key state variables:

« Ad: optical deviation of the ‘meatball’ relative to the IFLOLS reference line, reflecting the
glide-slope displacement;

« As: height deviation of the aircraft relative to the reference glide path;

e Al: correction rate of height deviation.

Figure 2 illustrates the physical meanings and geometric relationships of the IFLOLS and HUD guid-
ance signals. The IFLOLS signal Ad represents the meatball displacement relative to the datum-light
reference line. In the HUD, As represents the vertical deviation between the current aircraft position
and the glide-slope reference line (GSRL), whereas A/ reflects the correction trend of the height devi-
ation through the relative position of the velocity-vector guidance symbol. Geometrically, Ad and As
both reflect the aircraft’s departure from the reference glide path from external optical and aircraft-state
perspectives, respectively, while Al indicates the change in this departure associated with the difference
between the current and reference trajectory directions. Therefore, As describes the current glide-path
deviation, while A/ indicates whether this deviation tends to increase or decrease. Together with the
external optical cue Ad, these signals provide complementary information on the current deviation and
its evolution, forming the physical basis for the subsequent information fusion.

3.0 Multi-source perception fusion method

To achieve quantitative and structured representation of multi-source inputs, a fuzzification framework
based on fuzzy logic theory is constructed to process heterogeneous flight information.
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Figure 3. Fuzzy perception process of optical deviation in the FLOLS: (a) one-ball high; (b) between
one-ball and two-balls high; and (c) two-balls high.

3.1 Optical deviation fuzzification

During carrier-based aircraft landing, pilots determine the height deviation relative to the reference glide
path by observing the relative position between the ‘meatball’ and the datum lights in the Fresnel Lens
Optical Landing System (FLOLS). This visual perception process relies heavily on subjective judgement
and pilot experience, which introduces inherent uncertainty and ambiguity. Therefore, fuzzy sets are
employed to model the optical deviation information, mapping continuously varying optical positions
into computational fuzzy states.

As the aircraft deviates from the glide slope, the meatball position varies continuously (Figure 3). Its
relative position with respect to the datum lights produces several typical visual states, such as ‘one ball
high’, ‘between one and two balls high’ and ‘two balls high’. These states represent the pilot’s fuzzy
perception intervals of altitude deviation.

For a five-cell FLOLS system, the input space can be discretised into five representative optical states:
(i) the meatball located at the second reference light above the datum light; (ii) the first reference light
above the datum light; (iii) aligned with the datum light; (iv) the first reference light below the datum
light; and (v) the second reference light below the datum light.

Correspondingly, the output space is quantised into five levels of height deviation: (i) two-balls high
deviation; (ii) one-ball high deviation; (iii) on-glide (zero deviation); (iv) one-ball low deviation; and
(v) two-balls low deviation.

This input—output relationship forms the basis of the fuzzy inference system.
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Figure 4. Membership functions used in pilot perception modelling: (a) input membership functions;
(b) output membership functions.

3.2 Fuzzy perception modelling

To represent the continuous variation of optical deviation, the input variable is modelled using triangular
membership functions, consistent with the approximately linear relationship between the optical cue and
altitude deviation. The corresponding linguistic variable set is defined as

O = {OB, SB, FB, HB, DL, HA, FA, SA, OA} (1)

Here, O denotes the linguistic variable set of the IFLOLS optical position, where OB, SB, FB, HB,
DL, HA, FA, SA and OA denote outer below, second below, first below, halfway below, datum line,
halfway above, first above, second above, and outer above, respectively.

Considering the subjective uncertainty in pilot perception, the output variable is modelled using
Gaussian membership functions to represent the continuously varying perceptual state. The linguistic
variable set is defined as

‘P ={EL, TL, OL, HL, CB, HH, OH, TH, EH} 2)

Here, P denotes the linguistic variable set of the perceived height-deviation state, where EL, TL, OL,
HL, CB, HH, OH, TH, and EH denote extremely low, two-balls low, one-ball low, half-ball low, centre
ball, half-ball high, one-ball high, two-balls high and extremely high, respectively.

The membership functions of the input and output variables are illustrated in Figure 4. The triangular
membership functions on the input side reflect the linear geometric distribution of optical cues, whereas
the Gaussian membership functions on the output side describe the nonlinear decay of perceptual
sensitivity as the deviation increases.

Based on these membership functions, fuzzy input—output mapping rules are constructed to describe
the relationship between the input variables and the trajectory stability state. The fuzzy output variable
is defined as the trajectory stability state

Spel—1,1] 3)

where S, denotes the fuzzy trajectory stability index, and its linguistic variable set is defined as
{TH, SH, SS, SL, TL}, corresponding to too high, slightly high, stable, slightly low and too low, respec-
tively. The fuzzy inference process adopts the min—max composition operator, and defuzzification is
performed using the centroid method. The defuzzified quantitative output is denoted by %, which serves
as the reference label for subsequent data-driven modelling and evaluation. It should be noted that A
is a model-based cognitive proxy rather than a directly observed physiological variable. In this study,
h is introduced to provide a unified and quantitatively tractable representation of the pilot’s integrated
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Table 1. Representative partial fuzzy inference
rules under a fixed Ad condition; only represen-
tative rules are shown for brevity

Rule As Al S,

R1 PU SD TH
R2 SU LD SH
R3 LL ST SS
R4 SD LA SL
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Figure 5. Architecture of the fuzzy perception system.

perception of glide-path deviation under multi-source cues. The resulting fuzzy rule base is listed in
Table 1. For brevity, Table 1 presents representative rules under a fixed optical-deviation condition,
while the complete fuzzy rule base is constructed using the three inputs Ad, As and Al. Here, the lin-
guistic labels of As and Al denote representative fuzzy subsets of height deviation and the correction
rate of height deviation, respectively; only representative rules under a fixed Ad condition are listed for
brevity.

To achieve a unified semantic representation of multi-source information, the optical deviation, height
deviation relative to the reference glide path and the correction rate of height deviation are fuzzified to
construct the pilot perception input space. As illustrated in Figure 5, the fuzzy perception system consists
of three main modules: fuzzification, fuzzy rule inference and defuzzification. The IFLOLS and HUD
information are first processed through fuzzification and then fed into the rule inference module. Fuzzy
reasoning is performed based on the fuzzy rule base and membership functions, yielding the fuzzy output
state S,. The defuzzified pilot perception proxy index # is then obtained through centroid defuzzification.

The inference rule can be expressed as

R;: IF AdisA;, AsisB;, and Alis C;,
THEN S, is D;

where A;, B; and C; denote the fuzzy subsets of the input variables, and D; represents the fuzzy subset
of the fuzzy output state S,.

The centroid method is used for defuzzification to obtain the quantitative estimate of the perception
proxy index h, which provides structured inputs for the subsequent perception fusion modelling based
on a BRNN.

“
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3.3 BRNN-based perception fusion model

Although fuzzy inference provides a structured representation of multi-source perceptual information,
the relationship between the input variables and the perception proxy index 4 remains highly nonlinear.
To capture this nonlinear mapping, a BRNN is adopted for perception fusion modelling.

Compared with conventional neural networks, BRNN introduces Bayesian regularisation into the
training process. By incorporating prior distributions of network weights into the loss function, the
model automatically balances the trade-off between data fitting and network complexity. This mecha-
nism effectively prevents overfitting and improves generalisation performance, particularly when dealing
with noisy or limited data.

The optimisation objective of the BRNN can be expressed as

F=pBE,+aky &)

where Ej, denotes the data error term and Ey, represents the weight penalty term. The hyperparam-
eters o and B correspond to the precision parameters associated with the weight prior and the data
error, respectively. During training, these hyperparameters are automatically updated according to the
posterior probability distribution, which balances model complexity and data fitting capability:

14 N—y
= —, = 6
“Z3,  PT, ©
where N denotes the total number of samples and y represents the effective number of network

parameters.

The BRNN architecture consists of three input neurons, two hidden layers with 32 and 16 neurons
respectively, and one output neuron. The hidden layers employ the tansig activation function, while the
output layer adopts a purelin activation function. The network is trained using the Levenberg—Marquardt
(LM) algorithm.

4.0 Results

To quantitatively evaluate the proposed perception fusion model, experimental analyses are conducted
based on the fuzzy-processed multi-source perceptual features. Both linear and nonlinear models are
constructed to capture the relationships among optical deviation (Ad), height deviation (As) and the
correction rate of height deviation (A/). The analysis focuses on prediction accuracy, model robustness
and feature contribution, thereby revealing the nonlinear coupling characteristics of the perception proxy
index h.

4.1 Data description and preliminary analysis

The experimental data were obtained from a self-developed carrier-based aircraft—carrier landing envi-
ronment simulation system. The dataset was generated using a self-developed carrier-based landing
simulation environment based on an F/A-18 model. In addition, an IFLOLS is embedded to reproduce
the visual guidance signals during landing.

The simulation generates multi-source data including flight attitude, velocity, optical deviation and
control commands, resulting in a total of 110,137 samples. After synchronisation and normalisation, Ad,
As and Al were selected as the input features, while the defuzzified pilot perception proxy index 4, gen-
erated by the fuzzy inference system, was taken as the output variable. Here, i serves as a model-based
reference label for data-driven modelling, rather than a directly observed physiological or subjective
pilot-state measurement. The statistical characteristics of the main variables are summarised in Table 2.

To analyse the relationship between the input features and the perception proxy index 4, a Pearson
correlation analysis was conducted, as shown in Figure 6(a). The results indicate that the height devi-
ation As shows the strongest positive linear correlation with A, while the optical deviation Ad also
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Table 2. Statistical characteristics of key variables during the carrier-landing process

Variable Mean Std Min Max

Ad —0.13308 14.248 —225 268.5

As —0.33421 34.153 —553.8 609.04

Al —0.1787 10.144 —96.448 72.383

h —0.00060477 0.195 —0.92961 0.90575
(a) Correlation matrix (b) Trend comparison of A s and A d
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Figure 6. Correlation of inputs and As—Al dynamic trends: (a) correlation matrix of input features
and output; (b) time-series comparison of As and Al.

exhibits a moderate positive correlation. In contrast, the correction rate of height deviation A/ is nega-
tively correlated with &, suggesting that the correction trend affects the perception index with an opposite
sign. These findings imply that As and Ad provide more direct linear information about pilot percep-
tion, whereas the effect of Al is sign-dependent and should be further interpreted through nonlinear
interaction analysis.

Figure 6(b) presents a typical time-series comparison between As and Al, showing a clear syn-
chronous variation trend. This suggests that height deviation and its correction trend are dynamically
coupled during the landing process, and therefore should be jointly considered in subsequent perception
modelling.

4.2 Model performance and feature analysis
To investigate the influence of multi-source features on pilot perception, both a linear regression baseline
model and a nonlinear BRNN model are constructed.

A multiple linear regression model is first established as

h=ay,+a, Ad+ a;As + a; Al + ¢ @)

The regression results show that the overall correlation coefficient of the model is R =0.753
(R* = 0.566), indicating that the linear model can capture the main trend of the perception proxy index
h but still presents noticeable residual errors.

Figure 7(a) shows that most samples lie close to the diagonal line. Figure 7(b) illustrates the
residual—fitted value distribution, showing that the residuals are generally centred on zero with increased
dispersion at higher fitted values. Figure 7(c) presents the normal probability plot of the residuals, indi-
cating that the residuals approximately follow a normal distribution. Overall, the linear model is able to
capture the global trend of the perception proxy index 4 but fails to adequately describe the nonlinear
relationships among multi-source perceptual variables.
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Figure 7. Linear regression fit and diagnostics: (a) predicted versus reference labels with regression
line; (b) residuals versus fitted values; (c) Q-Q plot of residuals.

The training results are summarised as follows. Training set: R>=0.8797, RMSE = 0.0674,
MAE =0.0446. Test set: R*>=0.8780, RMSE =0.0691, MAE =0.0455. Overall performance:
R>=0.882, MSE = 0.0045.

The prediction performance of the BRNN model is illustrated in Figure 8. Figure 8(a) shows that the
predicted values closely follow the reference proxy labels generated by fuzzy inference and are concen-
trated on the ideal diagonal line. Figure 8(b) further demonstrates that the model accurately captures the
dynamic variation of the reference proxy index in the time series.

To evaluate model stability, residual analysis is conducted. The residual is defined as

61=h,v —il,' (8)

where &; denotes the reference proxy label generated by fuzzy inference and h; is the predicted value.

As shown in Figure 8(c)—(d), the residuals approximately follow a zero-mean normal distribution and
fluctuate randomly around the zero line, indicating the absence of systematic bias. The cross-validation
and feature-combination results are shown in Figure 9. As illustrated in Figure 9(a), the coefficient of
determination R* obtained from five-fold cross-validation ranges from 0.876 to 0.883, indicating stable
prediction performance across different data partitions.

To further analyse the influence of multi-source inputs, feature ablation experiments were conducted
using different combinations of Ad, As and Al while keeping the network architecture unchanged.
As shown in Figure 9(b), single-feature models provide limited predictive capability. Introducing the
posture-related feature As significantly improves prediction accuracy (R* = 0.835), while the fusion
of all three features achieves the best performance (R*> = 0.879, RMSE = 0.068, MAE = 0.045). These
results indicate that the three perceptual variables exhibit strong complementarity and synergistic effects
in modelling the pilot perception index.

Permutation importance analysis shows that the height deviation As exhibits the highest contribution
(0.845), followed by the correction rate of height deviation Al (0.153), while the optical offset Ad shows
a negligible contribution (0.003). These results indicate that pilot perception is primarily dominated
by height deviation, whereas the correction trend plays a secondary role and the direct influence of
optical offset is relatively weak. Although Ad shows a moderate pairwise Pearson correlation with 4, its
marginal contribution becomes negligible after As and Al are jointly considered in the BRNN model,
indicating that the information carried by Ad is partly redundant with the other state variables rather
than independently dominant. To further reveal the interaction effects between variables, bivariate
response surfaces of As—Al and Ad—-As were constructed, as shown in Figure 10(a) and (b). The
results indicate that when As is positive, the output /4 increases correspondingly. Under this condition,
a negative deviation in Al further amplifies the response, suggesting that pilots become more sensitive
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to altitude variations during the posture correction phase. Furthermore, the Ad—As surface exhibits a
tilted band-like distribution. When Ad and As vary in the same direction, the predicted pilot perception
index h increases; otherwise, the response decreases.

Overall, pilot perception during carrier landing follows a multi-source fusion pattern characterised
by altitude-deviation dominance, correction-trend assistance and weak independent optical contribu-
tion. These contribution patterns may provide a candidate basis for parameterising control-authority
regulation in future human—machine shared-control design. As an application-oriented interpretation of
the feature-contribution results, a candidate control-authority allocation function can be formulated as

1

MH = 1 4 exp[— k(Au — Auy)]

9

where k is the sensitivity coeflicient, Au represents the pilot control input deviation and Au, denotes
the takeover threshold.

According to the feature-importance weights (w, = 0.845, w, = 0.153 and w, = 0.003), the sensitivity
coefficient k is defined as

k= ky (0.845| As| 4+ 0.153| Al] + 0.003| Ad)). (10)

where k, is a normalisation coefficient.

Under this formulation, larger perceived deviation levels would lead to a higher sensitivity of
control-authority adjustment. This relationship is intended as a physically interpretable application of
the perception model, rather than a fully validated shared-control law in the present study.

5.0 Discussion

To further examine the practical implications of the proposed perception model, simulation-based
validation and robustness analysis were conducted in a closed-loop carrier-landing environment.
Pilot-model-aircraft closed-loop simulations were performed using the integrated carrier-based
aircraft—carrier—IFLOLS simulation framework shown in Figure 1. The framework integrates the carrier
environment, IFLOLS and HUD guidance systems, the pilot perception and trajectory-tracking models,
the direct-lift controller and the aircraft dynamics.
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Table 3. Landing performance in 50 fusion-assisted closed-loop

simulations

Performance metric Result

Signed mean touchdown deviation (m) 0.839

Standard deviation (m) 3.418

Successful landings, n/N (%) 50/50 (100%)

Ideal landings, n/N (%) 47750 (94%)
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Figure 11. Aircraft-state variations during a representative fusion-assisted closed-loop landing.

A total of 50 closed-loop landing simulations were performed using the fused IFLOLS and HUD
guidance information under the prescribed deck-motion conditions.

Figure 11 presents the aircraft-state variations during a representative fusion-assisted closed-loop
landing. The representative simulation was selected as the run whose altitude-deviation root mean square
error (RMSE) was closest to the median value across the 50 simulations. In this configuration, the
perception proxy index /i derived from Ad, As and Al was supplied to the pilot trajectory-tracking
model. The aircraft states remained bounded throughout the selected landing.

Landing performance was evaluated using the touchdown-point deviation. A landing was classified
as successful when the touchdown point remained within +-12.2 m of the reference point, while an ideal
landing was defined using the more restrictive range of 6.1 m. The signed mean and standard deviation
of the touchdown-point deviation were used to characterise touchdown bias and dispersion, respectively.

Table 3 summarises the resulting landing-performance statistics. The fusion-assisted configuration
achieved a signed mean touchdown deviation of 0.839 m and a standard deviation of 3.418 m. The
observed landing success rate was 100%, while the ideal landing rate was 94% under the investigated
simulation conditions.

To further investigate the predictive robustness of the BRNN model, Gaussian noise with intensities
of 1%, 2% and 5% of the standard deviation of each input feature was added to the test inputs. For each
noise level, 20 independent noise realisations were evaluated using the same trained model and test
samples. As shown in Figure 12(a), R* decreases from 0.8769 under the noise-free condition to 0.8590
at the 5% noise level, while RMSE and mean absolute error (MAE) increase from 0.0682 and 0.0450
to 0.0730 and 0.0532, respectively. These results indicate that the model retains comparatively stable
predictive performance under the investigated input disturbances.

Figure 12(b) shows the relative changes with respect to the noise-free condition. In Figure 12(c), the
colour scale represents the performance-retention score relative to the noise-free baseline, with a higher
score indicating better performance. The numerical annotations show the original metric values.
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Table 4. Performance comparison of regression models

Model R RMSE MAE
LR 0.566 0.128 0.098
SVR 0.873 0.069 0.044
GPR 0.826 0.081 0.050
BRNN 0.882 0.068 0.045
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Figure 12. BRNN robustness under different input-noise levels: (a) metric trends; (b) relative changes;
(c) performance-retention scores.

To further evaluate model performance, four regression models were tested on the same dataset,
including linear regression (LR), support vector regression (SVR) with a radial basis function (RBF)
kernel, Gaussian process regression (GPR) and BRNN. As shown in Figure 13, BRNN follows the
reference labels more closely than the other models. Consistent with this observation, Table 4 shows that
BRNN achieves the best overall performance (R* = 0.882, RMSE = 0.068 and MAE = 0.045), followed
by SVR. LR fails to capture the nonlinear relationship, while GPR shows lower accuracy than BRNN
and SVR.

The proposed method is currently applicable to the final-approach phase of carrier landing using the
three guidance variables considered in this study. Its generalisation to other aircraft, operating condi-
tions and guidance-information combinations requires further investigation. Moreover, the index # is
a fuzzy-inference-based proxy rather than a directly measured pilot state, and the present validation is
mainly based on simulation data and Gaussian input noise. The closed-loop evaluation is limited to 50
simulations under the present carrier-air disturbance and deck-motion settings. Therefore, future work
will include pilot-in-the-loop validation, comparison with subjective or physiological measurements,
and evaluation under more diverse disturbances and operating conditions.

6.0 Conclusion

This study addresses the perceptual burden imposed by multi-source information during carrier landing.
A BRNN-based fusion method is proposed to estimate the defuzzified pilot perception proxy index 4.
First, fuzzy logic is employed to achieve a unified representation of multi-source information, includ-
ing optical deviation, height deviation and the correction rate of height deviation, thereby providing
structured inputs for perception modelling. Subsequently, a BRNN-based fusion model is constructed
to predict the perception proxy index /s through nonlinear mapping, achieving a prediction accuracy of
R? =0.882. Feature contribution analysis indicates that the height deviation As plays a dominant role,
the correction trend Al acts as auxiliary information, while the optical deviation Ad has a relatively
minor independent effect. Finally, simulation-based evaluations demonstrated the predictive robustness
of the proposed model. The closed-loop landing simulations further demonstrated the feasibility of
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Figure 13. Comparison of regression models for estimating the perception proxy index h: (a) LR;
(b) SVR; (c¢) GPR; (d) BRNN.

incorporating the fused guidance information into the pilot trajectory-tracking framework under the
investigated simulation conditions.
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