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Abstract

The performance of the aircraft anti-skid braking system is critical to the ground operational
safety of an aircraft. Conventional Pressure Bias Modulation (PBM) can suffer from deep
skidding under low runway friction coefficients or low aircraft speeds. To address these
issues, a composite control strategy based on Gaussian Quantum Particle Swarm Opti-
mization (GQPSO) is proposed. This strategy employs the GQPSO algorithm for offline
Proportional-Integral-Derivative (PID) parameter optimization, followed by real-time
adaptive scheduling through a lookup table to accommodate varying speed domains and
runway conditions. Simultaneously, by integrating the main-wheel dynamics model and
friction characteristics, a runway identification function based on a Back Propagation Neu-
ral Network (BPNN) is designed to provide runway status information. The stability of the
controller is verified via phase-plane analysis and Monte Carlo simulation. Subsequently,
comparative Hardware-in-the-Loop (HIL) tests are conducted among PBM, PSO-PID, and
the proposed GQPSO-PID controller under various runway conditions. The experimental
results demonstrate that this composite controller can adapt to different speed domains
and runway conditions, stably track the target slip ratio, effectively suppress skidding,
and significantly improve braking efficiency, as well as exhibiting excellent robustness and
control performance.

Keywords: aircraft anti-skid braking system; Gaussian quantum particle swarm optimization;
runway identification; hardware-in-the-loop test

1. Introduction

The aircraft anti-skid braking system (ABS) is a critical subsystem that ensures ground
safety by enabling efficient braking to shorten the taxiing distance while preventing wheel
skidding or lock-up [1-3]. Data indicate that approximately 50% of global aviation accidents
occur during the taxiing phase [4]. Although modern aircraft braking systems include
auxiliary devices such as spoilers, thrust reversers, and deceleration parachutes, the use of
these devices is subject to various operational limitations [5-8]. In contrast, wheels, as the
only braking mechanism operable across the full speed range and all weather conditions,
have a braking performance that directly impacts the aircraft’s taxiing safety [9]. If the
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anti-skid system fails, the wheels are prone to deep skidding or even lock-up, which not
only reduces braking efficiency but also significantly increases the risk of tire blowouts,
posing a serious threat to taxiing safety [10,11]. Therefore, developing efficient and reliable
anti-skid braking controllers remains a key research focus in the modern aviation industry.

The friction provided by the runway to the wheels is influenced by a combination of
runway conditions and wheel motion states. Consequently, the core of designing an aircraft
anti-skid braking system lies in controlling the braking pressure to maximize the utilization
of runway friction while preventing wheel lock-up, thereby reducing the taxiing distance.
Currently, traditional Pressure Bias Modulation (PBM) is widely used in existing aircraft
anti-skid braking systems due to advantages such as strong robustness, high reliability,
and simple implementation [12,13]. PBM is an improved form of Proportional-Integral—
Derivative (PID) control, where the PBM module replaces the integral module of PID,
offering strong runway adaptability and reliability. However, this control method is prone
to inducing deep wheel skidding on runways with low friction coefficients or at low speeds,
leading to poor braking efficiency [14,15]. The root cause lies in the uncertainties, strong
nonlinearities, and real-time requirements of aircraft anti-skid braking systems, which pose
significant challenges to controller design [16-18]. To address these issues, researchers
have proposed various new anti-skid control strategies, such as Model Predictive Con-
trol (MPC) [19,20], Sliding Mode Control (SMC) [21,22], Fuzzy Control (FC) [23,24], and
Artificial Neural Network Control (ANNC) [25,26]. However, SMC struggles to avoid
inherent chattering issues, which may affect braking stability [27,28]; the control rules of FC
heavily rely on expert prior knowledge [29,30]; MPC requires accurate system models and
imposes high real-time computational loads [31,32]; meanwhile, ANNC demands extensive
experimental data for model training, with complex learning processes and generalization
capabilities limited by data quality [33-35].

Given the advantages of PID control, such as simple structure and ease of engineering
implementation, along with the rise of intelligent algorithms, various intelligent algorithms
are often used for self-tuning PID control parameters [36,37]. Compared with traditional
PID control, PID control combined with intelligent algorithms can achieve better control
effects and higher efficiency [38]. Among them, the Particle Swarm Optimization (PSO)
algorithm, known for its fast convergence, few adjustable parameters, and strong global
search capability, has been gradually introduced into the design of aircraft anti-skid braking
controllers. In this regard, Fengrui Xu et al. proposed an active disturbance rejection anti-
skid control algorithm based on PSO, which optimizes the parameters of active disturbance
rejection control using PSO, enabling the system to operate within a stable region without
deep skidding [39]. Jennan N et al. designed an anti-skid control method based on PSO,
optimizing the additive term in the reaching law with PSO, significantly improving braking
performance [40]. Lei Li et al. proposed an aircraft braking control algorithm based
on an improved PSO algorithm, identifying key parameters for optimal control through
PSO and optimizing both braking distance and anti-skid performance [41]. Compared
to the traditional PSO algorithm, the Gaussian Quantum Particle Swarm Optimization
(GQPSO) algorithm offers faster convergence and more robust global search capabilities,
and it has been widely used in fields such as new energy, biology, and medicine [42—44].
However, research on the application of GQPSO in aircraft anti-skid braking control remains
relatively scarce.

Beyond intelligent PID optimization, recent studies have also examined aircraft anti-skid
braking from the perspectives of runway-friction estimation, gain-scheduled controller design,
stability verification, and implementation-oriented validation [45-47]. These studies indicate
that these aspects should be considered together in aircraft anti-skid braking design.
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To address the above research gaps, this paper develops an integrated Hardware-in-
the-Loop (HIL)-validated control framework that combines GQPSO-based PID parameter
scheduling, runway identification, and stability screening. In this framework, a back-
propagation neural network (BPNN) runway identification module based on main-wheel
dynamics is designed to provide the target slip-ratio reference. GQPSO is used to generate
offline PID gain lookup tables, and the scheduled gains are applied online according to
aircraft speed, real-time slip ratio, and the identified target slip ratio. Phase-plane analysis
and Monte Carlo simulation (MCS) are used as a stability-screening step before HIL testing.
Finally, the proposed controller is compared with PBM and PSO-PID under dry-wet and
dry-ice mixed runway conditions to evaluate its slip-ratio tracking, recovery after runway-
friction changes, and braking performance.

(1) Proposing a runway status identification method based on the BPNN and the Magic
Formula (MF) model, which can effectively identify runway status information,
thereby providing the controller with a target slip ratio for efficient braking and
laying the foundation for braking efficiency optimization;

(2) Developing a GQPSO-based offline PID parameter scheduling method, in which
the optimized gains are implemented through lookup tables to achieve accurate
tracking of the target slip ratio and enhance the controller’s adaptability to complex
operating conditions;

(3) Establishing a validation procedure that combines phase-plane analysis, MCS-based
stability screening, and HIL tests under abrupt runway-friction changes, thereby linking
parameter optimization, local stability constraints, and braking-performance evaluation.

The remainder of this paper is organized as follows: Section 2 establishes the dynamic
model of the aircraft braking system. Section 3 develops a composite aircraft anti-skid
braking controller based on GQPSO. Section 4 validates the proposed controller through
HIL experiments. Section 5 contains the conclusions and suggestions for future work.

2. Modeling of Aircraft Braking System
2.1. Dynamic Model of the Airframe

During the aircraft landing taxiing process, its motion state is influenced by various
complex factors. To simplify the system analysis and modeling, the following assumptions
are made in this paper: it is assumed that the aircraft motion is rigid-body motion always
along the runway direction, while ignoring lateral disturbances such as crosswinds, landing
gear shimmy, and nose wheel steering. Based on these simplified conditions, the dynamics
model of the airframe during the landing taxiing process is established, and its force
analysis is shown in Figure 1. The kinetic equilibrium equation for aircraft taxiing is shown
in Equation (1).

za:Tagﬁgmzo
YF, =Y.+ P+ P —W=0 @)

YM="P-a—DP,-b—(Fo+F)-h—T-hy =0

where W is the aircraft landing weight, g is the gravitational acceleration, T is the engine
idle thrust, v is the acceleration of the airframe along the longitudinal axis, Ys is the aircraft
lift force, Fy is the air resistance, P, is the load on the main gear, Py is the load on the nose
gear, F, is the ground friction force on all the main wheels, F, = P,-u, u is the friction
coefficient of the main wheels, F is the ground friction force on the nose wheel, Fy = Pg- Hgd,
}gd is the rolling friction coefficient of the nose wheel, a and b represent the longitudinal
distances from the center of gravity to the nose and main landing gear centers, respectively,
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ht is the distance from the aircraft’s center of gravity to the engine thrust line, and / is the
distance from the aircraft’s center of gravity to the wheel center.

Figure 1. Force analysis diagram of the aircraft during taxiing.

Under the assumption that the atmosphere is an ideal fluid, the lift force and aerody-
namic drag acting on the airframe can be calculated using the established aerodynamic
model, as shown in the Equation (2).

Y, =
Fy =

where p is the air density at the landing airport, S is the wing windward area, and Cx and

. Cy

-p-02~S )
-p-v?-S-Cx

N = NI =

Cy are the aircraft’s aerodynamic drag and lift coefficients, respectively.

During the aircraft landing taxiing process, the engine needs to maintain low-power
operation, thus resulting in some residual thrust. Considering the influence of engine
residual thrust, this paper establishes an engine model to reflect the variation pattern of
thrust, as shown in the Equation (3).

T=Kn-v 3)

where Ky, is the engine residual thrust coefficient.
Combining Equations (1)—(3), the acceleration of the aircraft along the X-axis is ob-

tained as:
o = &T _ gpCxSo? - [(W=Ys)-(a—pigq-h)—T-h]
- W 2W W-[a+b+(p—pgq)-h] 4)
g'l‘gd'[(wfys)'bJrT'hT]

o W [a+b-+(p—piga ) h]

2.2. Dynamics Model of the Wheel

The aircraft wheel braking is primarily achieved by the main wheels. The force analysis
diagram for the main wheel motion is shown in Figure 2. The main wheel rotates under
the combined action of the braking torque and the ground reaction torque. Accordingly,
the dynamics model of the wheel can be established, as shown in the Equation (5).

Uw = w - R
Mf:FZ~R (5)
ty — Mf_Ms
w
Jg

where vy, is the speed of the main wheel, w is the angular velocity of the main wheel,
R is the rolling radius of the wheel, M is the ground friction torque acting on the main
wheel, M is the braking torque acting on the main wheel, and J is the rotational inertia of
the wheel.
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Figure 2. Force analysis diagram of the main wheel motion.

The friction coefficient between the runway and the wheel is difficult to measure
directly. Compared to other descriptive methods, the MF model has better uniformity,
practicality, and higher fitting accuracy, so it is often used to indirectly estimate the runway
friction coefficient [48,49]. In summary, the friction model between the wheel and the
runway can be established using the MF model, as shown in the Equation (6).

=D -sin[C - arctan(B - )] (6)

where B is the stiffness factor, C is the shape factor, and D is the peak factor.

During aircraft taxiing, under the combined action of the braking torque and the
ground friction torque, the wheel is usually in a state of partial sliding and partial rolling.
When the braking torque exceeds the ground friction torque, the wheel locks up, entering a
state of pure sliding. Typically, the wheel’s motion state is described by the slip ratio, as
shown in the Equation (7).

U=y

r=— (7)

When the slip ratio is close to 1, the wheel is considered locked; when the slip ratio is
close to 0, the wheel is in a state of pure rolling.
The system equation is defined as:

X1 =0
{X2=d (8)

3. Controller Design

To enhance the control performance and braking efficiency of the PID controller across
the full speed range and under all runway conditions, this paper designs a controller
framework as shown in Figure 3. The core components of this framework include a runway
status identification module based on BPNN, a PID controller based on GQPSO, and a
priori stability constraint settings. Among these, the runway status identification module
takes the wheel speed, aircraft speed, braking torque, and vertical load as inputs and
estimates the runway status information and target slip ratio via the BPNN. The GQPSO-
based PID controller adopts a parameter scheduling mechanism, where the PID parameters
are pre-calculated offline using the GQPSO algorithm and stored in a lookup table. During
operation, the controller retrieves the optimal parameters based on the real-time identified
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runway state and aircraft speed. Taking the slip ratio error as input, the controller then
commands the braking device to output an appropriate braking torque, thereby achieving
precise tracking of the target slip ratio. In the stability analysis phase, the criterion for
determining the type of singular points is first analyzed using the phase-plane method.
Subsequently, the distribution of stable singular points within the PID controller parameter
space is statistically analyzed using MCS, ultimately validating the system’s stability. The
following sections will elaborate in detail on the BPNN-based runway status identification
module, the GQPSO-based PID controller, and the stability analysis process.

/ Runway identification A\

I
Data
Calculation processing |

I
;
|
[ of oy - g
O I I
[ I % I )
- \
BPNN
! D ' Aircraft |
N = 7| \dynamics |
c 1 |
Kp c | Wheel '
Ky L dynamics
GQPSO) = | PID | : I
Braking Runwgyl |
device | characteristics) |
z v | Aircraft |
l— w1 I
Vy Data brake

. v | .
v processing \env1ronment

Figure 3. Overall framework of the controller.

3.1. Runway Status Identification Based on BPNN

The main wheels directly participate in the conversion of braking energy and produce
significant slip during deceleration, making their dynamic response highly sensitive to
runway conditions. From Equations (5) and (6), it is known that f (w, P,) = f(B,C, D, 0).
However, due to the interference of the braking torque, the raw angular acceleration cannot
accurately reflect the runway status. Therefore, a data pre-processing stage is implemented
prior to the neural network. In this stage, the angular acceleration is decoupled based on the
braking torque. Derived from Equation (5), the decoupled equivalent free-rolling angular
acceleration can be obtained as weq = w + Ms/ Jg, which is subsequently utilized to deduce
the friction coefficient p1. Consequently, a BPNN identification module can be established
with the friction coefficient 4 and slip ratio ¢ as inputs and runway status parameters as
outputs. Based on these output runway status parameters, a solver subsequently computes
the optimal slip ratio that maximizes the friction coefficient via the MF model. Finally,
this optimal slip ratio is designated as the target slip ratio for the anti-skid controller. The
structure of the backpropagation neural network is shown in Figure 4.

The basic computational logic of the BPNN involves, over multiple iterations, repeat-
edly calculating the output results of the hidden and output layers, while continuously
updating the weights and bias coefficients of the hidden and output layers based on error
feedback, until the training termination condition is met. The operational steps of the
BPNN are detailed below.
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Input Layer Hidden Layer Output Layer

Friction
Coefficient

Figure 4. Schematic diagram of the back propagation neural network.

The input vector X and output vector Y of the BPNN are, respectively:

{ X = [u,0] = [X1, X2] )

Y = [B,C,D] = [Y1, Y, Y3]

The activation function for the hidden layer f,, and the output layer f, are, respectively:

_ 1—e""
{ fnlx) = 555 10)

folx) = 1=

The input value s; and output value ; for the j-th node (j =1, 2, , nh) in the hidden
layer are, respectively:

i=1 (11)
hj = fu(s))
where «;j is the weight from the i-th node in the input layer to the j-th node in the hidden

layer, and 6; is the bias of the j-th node in the hidden layer.
The input value /i and output value Y for the k-thnode (k=1, 2, ..., p) in the output

{ 5j = i (i - Xi) + 6

layer are, respectively:

nh
Yy = fO(lk)

where iy is the weight from the j-th node in the hidden layer to the k-th node in the output
layer, and 6y is the bias of the k-th node in the output layer.
The mean square error E for the sample is:

p
E=1Y (% —t)? (13)

k=1

where ty is the sample label corresponding to the k-th node in the output layer.
The residual error Jy for the output layer and the residual error g for the hidden layer
are, respectively:

1en? (14)

p
5]’ =2 (X (5k'Kjk)]
k=1

{ Ok = Vi (b — Vi) - (1 — Yy)
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The updated weight 1~<ij between the input and hidden layers and the updated weight

%jk between the hidden and output layers are, respectively:

fij = Kij + 17 - hj - Ok (15)
K]kZK]k+77X]5]

where 7 is the learning rate. A larger learning rate reduces the number of cycles required
to meet the training error; however, an excessively large learning rate will cause obvious
network oscillations. Generally, the optimal range for the learning rate is 0.1 to 0.3 [50].

The updated hidden layer bias 6; and output layer bias 51( are, respectively:

fEe
[ B

Subsequently, the calculation steps from Equation (11) to Equation (16) are repeated for
the training sample data until the global average error falls below a preset threshold or the
maximum number of iterations is reached, at which point the training process terminates.

To ensure the deterministic convergence of the network training, a high-dimensional
mechanistic database is constructed. It comprises 935,362 independent data groups. The
dataset generation is based on the physical mechanism model of the MF. Multi-dimensional
grid loops with variable step sizes are executed within the strict boundaries of the char-
acteristic parameters. These parameter ranges are configured as follows: stiffness fac-
tor B € [10.0326, 12.2198], shape factor C € [1.5344, 2.0875], and curvature factor
D € [0.18, 0.8]. Concurrently, a full-spectrum parametric sweep was conducted over the
slip ratio domain ¢ € [0, 1] with a fine step of 0.01.

However, the dataset originates from deterministic numerical simulation grid sam-
pling. Therefore, high correlations inevitably exist among the samples. To eliminate the
impact of this high correlation on network generalization, a chaotic mapping algorithm is
introduced. This algorithm performs nonlinear pseudo-random partitioning to decouple
the database. The discrete iterative state equation of the chaotic system is defined as follows:

hkyr =8 he- (1—1I) (17)

where [ represents the chaotic state variable, Iy € (0, 1), and ¢ is the chaotic coefficient,
¢ € (0,4]. A larger chaotic coefficient indicates a higher degree of chaotic intensity.
Subsequently, the total sample pool is separated into a training set (70%), a mutually
exclusive validation set (15%), and an independent testing set (15%) based on this method.
Under this partitioning mechanism, the training samples are used to drive the gradient
calculations for error backpropagation. In contrast, the testing samples are used to verify
the generalization capability after the training ends. This approach successfully eliminates
the artificial inflation of the goodness-of-fit.

To eliminate the impact of dimensional disparities among different physical variables,
a min—max normalization procedure is applied to the dataset prior to learning. All input
and output features are linearly mapped into a bounded interval of [0.1, 0.9].

In this study, the termination conditions for the BPNN training are set as follows:
reaching a maximum of 1000 iterations or the gradient dropping below 1.0 x 10~7. The
training results showed that after 415 iterations of the sample data, the gradient dropped to
1.12 x 1078 (less than 1.0 x 10~7), and the training stopped accordingly. Validation shows
that the fitting degree of the trained neural network reaches 0.9976. Its error distribution
is shown in Figure 5. As can be seen from the figure, the error values of most samples
are concentrated near zero, and there are very few samples that are obvious outliers. This
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indicates that the neural network possesses high fitting accuracy and good generalization
capability, making it suitable for runway status identification.

3,510
[ Test samples
[ Training samples
301 Zero Error

Sample

o Vo D o $ b O N Q& axd NP
N QQQ Q«QQ‘Q‘)Q&QWQ QQQQQ\Q Q%Q‘)Qbﬁl\ ® o’ Q

Error

Figure 5. Neural network error distribution.

As known from the MF model, the relationship between the runway friction coefficient
and the slip ratio exhibits a “first increase then decrease” characteristic: in the first stage,
the friction coefficient increases with the slip ratio, reaches a peak, and then decreases with
further increase in slip ratio. However, even when the wheel locks, its friction coefficient
remains higher than in pure rolling. Therefore, when the derivative of the runway friction
coefficient with respect to the slip ratio is zero, the friction coefficient reaches its peak. If
this slip ratio can be maintained, the maximum braking efficiency can be achieved.

Combining with Equation (5), the slip ratio 0max corresponding to the peak friction
coefficient can be calculated as:

tan(5&)
Oumax = — B (18)

However, if the slip ratio corresponding to the maximum friction coefficient is directly
set as the target slip ratio, the actual slip ratio can easily fall into the descending segment of
the friction curve, causing frequent wheel skidding and significantly reducing the stability
of the anti-skid system [51]. Therefore, it is necessary to shift the target slip ratio towards
the ascending segment of the friction curve by introducing a bias amount ¢ for correction.
The final target slip ratio ot is:

0t = Oymax T € (19)

3.2. PID Controller Based on GQPSO

To improve the robustness and adaptability of PID control, this study uses the GQPSO
algorithm to optimize the PID control parameters. The traditional PID controller takes the
error between the actual slip ratio and the target slip ratio as the control object, outputting a
braking torque control signal to track the target slip ratio. Its braking torque control signal
My is:

Mo = Kp-e+Ki- [edt+Ky-é (20)
where e is the error between the actual slip ratio and the target slip ratio, e = ot — 0, K is
the proportional coefficient, K; is the integral coefficient, and Ky is the derivative coefficient.

The Quantum Particle Swarm Optimization (QPSO) algorithm introduces quantum
mechanics concepts based on the traditional (PSO) algorithm. It characterizes the particle

https:/ /doi.org/10.3390/aerospacel3060556


https://doi.org/10.3390/aerospace13060556

Aerospace 2026, 13, 556

10 of 27

swarm state using a wave function §(x, t), replacing the description of particle position
and velocity in traditional algorithms, making the particle search process more flexible.
The GQPSO algorithm is a further improvement on QPSO, replacing the original uniform
random numbers with a Gaussian probability distribution mutation operator. This ensures
the generation of numerous small-amplitude steps near the current position for local fine-
tuning, while also allowing, with a small probability, the generation of larger-amplitude
steps to escape local optima [52].

The basic computational logic of GQPSO is that, over multiple iterations, particle
positions are continuously updated based on the fitness function and historical search
results, searching for the particle position corresponding to the optimal fitness value
until the maximum number of iterations is reached. The operational steps of the GQPSO
algorithm are detailed below.

The initial position of the particles is:

Xiq(0) ~ U(lbg, ubyg) (21)

where i is the population size,i=1, 2, ..., m; d is the optimization dimension,d =1, 2, ...,
n; U(lbg, uby) is the uniform distribution in the d-th dimension search space; and [bq and
uby are the lower and upper bounds of the d-th dimension, respectively.

The initial individual best pbest value is:

pbest;q(0) = x;,4(0) (22)
The initial global best gbest value is:

gbest(0) = argmini_q m f(pbest;(0)) (23)

The optimal result should make the actual slip ratio closer to the target slip ratio, so
the fitness function f is:

f = min(w|(0r — )| + wa(Ms')) (24)

where w is the penalty coefficient for slip rate error, and wj is the penalty coefficient for
the change rate of brake torque control signal.
When the particle position exceeds the bounds, boundary repair is performed on the
particle position. The repaired particle position is:
{ X4 = Xiq +rand(0,1) - (ubg — Ibq), x4 < Ibg 25)
X4 = Xjq—rand(0,1) - (ubq — Ibg), x; 4 > uby

The global guidance point Mbest(t), defined as the mean of all individual best vectors
pbest,(t), for the t-th iteration is:

Mbest(t) =

pbest;(t) (26)

B~
s

1

The local attractor p; 4 for the t-th iteration is:

Pid(t) = (Gp - pbestig(t) + gp - gbesta(t))/ (Gp + gp)
Gp = |N(0,1)] (27)

gp = IN(0,1)|

https://doi.org/10.3390/aerospace13060556
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where Gp, and gp are Gaussian random numbers, generated using a Gaussian distribution
sequence with zero mean and unit variance.

Based on the quantum potential well model, the particle position for the (t + 1)-th
iteration is updated as:

xid(t+1) = pig(t) + B(t) - [ Mbestq — xj q(t)| - In(1/Gp), k > 0.5
Xiq(t+1) = pig(t) — B(t) - |[Mbestq — x; 4(t)| - In(1/Gp), k < 0.5 (28)
.B(t) =Bo — (.30 - .Bend)/(t/tmax)

where B(t) is the contraction-expansion coefficient, which linearly decreases from 0.55 to
0.22 as the iteration count increases, and k is a uniform random number in the range of
[0, 1]. In the implementation, the denominator is the prescribed maximum iteration number
rather than the instantaneous iteration index, so (t) is well defined at initialization.

In the (t + 1)-th iteration, the individual best value pbest and the global best value
gbest are updated as:

pbest; g(t+1) = x;q(t+1),x,4(t+ 1) < pbest; q(t)
pbest; 4(t+ 1) = pbest; 4(t), x;4(t+ 1) > pbest; 4(t) (29)
gbest(t+ 1) = argminj_q_m f (pbest;(t+ 1))

Subsequently, the calculation steps from Equation (26) to Equation (29) are repeated
for the training sample data until the maximum number of iterations is reached. The
final global best value is then used as the control parameters for the PID controller. The
optimized PID controller is:

MSC:K;-e+1<f-/edt+1<g.é (30)

where KIZ), K?, and K3 are the proportional, integral, and derivative coefficients at the
current scheduling iteration z, respectively.

However, considering the strict real-time requirements of the aircraft ABS and the
computational limits of the hardware controller, the GQPSO algorithm is not executed via
online iterations directly. Instead, extensive offline simulations are conducted to search
for the optimal parameters across the entire braking speed range and typical runway
conditions, constructing a multi-dimensional lookup table for K, K; and K4. During online
operation, the controller only needs to perform computationally inexpensive table lookups
and linear interpolations. This approach achieves the real-time switching of the optimal
control parameters, enabling the system to adapt to the full speed range and complex
runway environments.

It should be noted that the anti-skid control law is implemented via an incremental
PID architecture in practice. This structure is adopted to mitigate the effects of integrator
windup. The actual controller incorporates both incremental PID and derivative filtering.
However, the subsequent stability analysis intentionally retains the continuous-time ideal-
ized PID formulation. This nominal system simplification ensures mathematical tractability.
Specifically, it allows for tracking phase-plane singularity trajectories and extracting explicit
eigenvalue bounds. In addition, auxiliary parameters are excluded from the global opti-
mization algorithm. These parameters include the derivative filter coefficient and control
saturation bounds. Instead, they are determined by physical actuator boundaries, sensor
noise thresholds, and empirical engineering tuning.

3.3. Stability Analysis

The phase-plane analysis method is an effective means to analyze the stability of
nonlinear systems. When using the phase-plane method to analyze the stability of the
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anti-skid system, Equation (8) must first be transformed into a second-order differential
equation composed of the slip ratio and its derivative.

The fast wheel-slip dynamics operate on a millisecond scale. In contrast, due to
the large inertia of the airframe, the variation in aircraft forward velocity evolves over
a much slower time horizon. Based on the principle of time-scale separation, assuming
a quasi-constant aircraft speed in the short term is mathematically justified. Combining
Equations (5) and (7), x can be obtained as:

Vw Rw

X2 v o (31)
Then, w can be expressed in terms of x; as:
w= —%xz (32)

The equation for x; and x1 can be constructed by substituting Equations (29) and (31)
into Equation (5):

v
_I.E-xz:PZ.H-R—K}Z)(O’t—xl)—KiZ/(Ut—xl)dt+KéXZ (33)

Since y is a function of ¢, the derivative of the runway friction coefficient is expressed
as p'(0) with respect to the slip ratio. Therefore, the time derivative should be inter-
preted as:

p=p'(c)-c (34)

The magnitude of the main landing gear load is related to the friction coefficient
and thus also to the slip ratio. However, the change in the main landing gear load is
primarily dominated by variables such as lift and gravity. Under the “constant aircraft
speed” assumption, the lift does not change in the short term, so it can be further assumed
that the main landing gear load is constant in the short term. Combining these assumptions,
the integral term is eliminated by differentiating the Equation (33), and the second-order
differential equation of x, and x; can be obtained as follows:

(g KD d2 = (PR (0) + Kp) -2 + Kf o1 — Kf oy (35)

The coefficients of Equation (35) are extracted as follows:

a=] g+Kj
b:PZ-R~y’(U)+Kf, (36)
c=d=K;f

Then, Equation (35) can be simplified to:
—a-xp=b-xp+c-x1—d-oy (37)

The core of analyzing system stability is judging the system’s response to disturbances,
so the non-homogeneous term in the equation can be ignored. Here, the variablec = o — ot
is introduced to replace o, transforming the original system into an error system. Thus:

o =0+ 0
{ N (38)
C=0,0=0
The system equation for the error system is:
X1 =0
{~ 5 (39)
Xp =0
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Substituting Equation (38) into Equation (37), the second-order differential equation
of the error system can be obtained as follows:

a-c+b-c+c-(0+or)=d-o (40)
The equilibrium point in the phase plane must satisfy ¢ = 0,0 = 0; thus:
c-0=0 (41)

Combining with the original equilibrium point o = o0y, 0 = 0, it can be deduced
that the new equilibrium point of the error system is (x1, x2) = (0, o) = (0, 0). Near the
equilibrium point x; ~ 0, the nonlinear term /(¢ is linearized and approximated as a
constant 3/ (0) = p'(0t). Thus, the following is obtained:

J.Cl = X2
_PZ'R'#/((Tt)—Kf) K? (4:2)

].C = Xy — i X
2 Kitle ® S CEV P S

The coefficients of Equation (42) are extracted as follows:

o — PRy (01) +K5,
X — T Kz.L1.9
Ttk (43)

— i
Px= ol

Then, Equation (42) can be simplified to:

=0 (44)
Xy = =l Xy — Px - X1
The matrix form is expressed as:
J.C1 . 0 1 X1
X2 —Bx  —ox X2 (45)
x = Ax
The eigenvalue A of the state matrix A satisfies det(AI — A) = 0, where I is the

identity matrix. The determinant is calculated as:

A0 0 1 A -1
det( [O )\‘| — [_ﬁx —zxxl) = det( lﬁx At

Expanding the determinant, the following is obtained:

) (46)

A day-A+B=0 (47)

Let Am = Kj + (Jgv)/R, An = K§ + P,-R-p/'(0r), and Ay = KZ. The above
equation can be described as:

Am A2+ A A+ A =0 (48)

When An, > 0, Ap? > 4Am Ay, the singular point is a stable node, the characteristic
roots are two negative real roots, and the phase trajectory monotonically converges to the
equilibrium point from any initial point. When A, > 0, Al < 4Am Ay, the singular
point is a stable focus, the characteristic roots are a pair of complex conjugate roots with
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negative real parts, and the phase trajectory converges to the equilibrium point from any
initial point. When A, < 0, AmAx < 0, the singular point is an unstable node or focus,
the characteristic roots have positive real parts, and the phase trajectory diverges.

Considering Equation (43), it can be seen that the PID control parameters and the
aircraft speed are closely related to the type of singular point. Therefore, it is necessary to
conduct stability verification for combinations of different control parameters and different
aircraft speeds. In this study, the MCS method is used to randomly sample within the
PID control parameter range and aircraft speed range. Combining the above criteria for
determining the type of singular points, the distribution proportion of various types of
singular points is counted to judge the system’s stability. Furthermore, to verify the stability
of the controller under different runways, MCS needs to be conducted separately for
different runways. The stability probability of the system is:

1
Pytability = ﬁz (A1 + A2) (49)

where A1 and Aj; are the numbers of stable nodes and stable foci, respectively, and N is the
sample size of the MCS.

4. Experimental Results and Discussion

To validate the braking performance of the proposed anti-skid controller, comparative
experiments are conducted on an anti-skid braking Hardware-in-the-Loop (HIL) test bench.
The structure of the test bench is shown in Figure 6.

24V DC
Power Supply

) ' ‘& »Vﬁ\b
4 Amplifier
Y Brake RN
Actuator

Monitoring

Hydraulic ) = N . Platform
| Oil Source ‘ o g | "8

J
)

Real-time Simulation
|Computer and Controller|

Figure 6. Hardware-in-the-Loop test bench.

The HIL experiment, also known as semi-physical simulation, effectively enhances
the confidence level of experiments by integrating physical hardware components with
simulation software (MATLAB 2023a). Given the complex working characteristics of
hydraulic braking systems, the test bench utilizes a real hydraulic braking system to
execute braking actions in order to authentically validate the control performance of the
proposed strategy in practical hydraulic braking scenarios. Furthermore, to facilitate the
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testing of multiple types of runway environments, the test bench uses an accurate runway
model instead of an inertial platform. The HIL test bench primarily consists of a hydraulic
braking system, a real-time simulator and controller, a display, and a data monitoring
platform, among other components. The real-time simulator contains an aircraft dynamics
simulation model used to simulate the entire aircraft braking process; the model structure
is shown in Figure 7.

Nose wheel adhesion force

Main wheel adhesion force

Aerodynamic system

Aerodynamic drag

Residual thrust

{ Main wheel load

Nose wheel load <Main wheel load>

Tl — <Nose wheel load>

‘ oy ‘ Aircraft speed <Aircraft speed>

<Ground friction coefficient>

Fuselage

<Brake torque>

N e —

1

T

Propulsion system
<Aircraft speed> -
Ground friction coefficient
<Slip ratio>
, <Main wheel load>
Runway Brake torque
— <Aircraft speed>
<Control signal> » ;l L
<Slip ratio> <Wheel speed>
Brakmg dev1ce Slip ratio> ) \
Control signal Controller

Figure 7. Simulink simulation model on the real-time simulator.

The braking test procedure is as follows: First, the real-time simulator and controller
are started with the set initial parameters, and the brake signal is sent to the hydraulic
braking system. Next, the hydraulic braking system distributes braking pressure to the
brake actuator according to this signal. At this point, various sensors collect the action
signals of the brake actuator and transmit them to the real-time simulator and controller.
Finally, the real-time simulation computer combines the received signals to further simulate
the motion states of components such as the airframe and wheels, and outputs the control
signal for the next working cycle in combination with the control strategy. The above steps
are executed cyclically until the experiment ends, thereby realizing the closed-loop test of
the braking system.

To fully validate the control performance of the proposed controller, three controllers
are tested on the HIL bench: the traditional PBM controller, a PSO-based composite PID
controller, and the proposed GQPSO-based composite PID controller. The PBM controller
is retained as the engineering benchmark because it is a conventional and directly imple-
mentable anti-skid law for aircraft braking systems. The PSO-based controller provides an
intelligent PID /optimization baseline with the same composite-control framework as the
proposed method, so that the contribution of the Gaussian quantum optimization mech-
anism can be isolated. Because the composite controllers regulate the PID gains through
offline lookup tables during the real-time braking process, the PSO and GQPSO parameter
tables are generated under identical optimization settings before the HIL experiments; the
iteration number is set to 10 and the swarm size is set to 18 for both algorithms. Beyond
the stability screening under single-runway conditions, two abrupt-friction scenarios are
considered: a dry-wet-dry runway and a dry—ice—dry runway. In both cases, the aircraft
first rolls over 200 m of dry runway, then passes through a 200 m wet or icy section, and
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finally returns to a dry runway. These scenarios also provide a sensitivity test for rapid

changes in the friction curve. The key parameters of the HIL test are shown in Table 1.

Table 1. Key parameters for the Hardware-in-the-Loop test.

Symbol Explanation Values
v (m/s) Initial aircraft speed 72
Uend (M/S) Aircraft anti-skid disengagement speed 7
W (N) Landing weight of aircraft 759,500
R (m) Wheel radius 0.53
Jg (kg-m?) Wheel moment of inertia 2.88
£ Slip rate offset —0.01
B Stiffness factors of dry, wet, and icy runways [10.0326, 8.2098, 12.2198]
C Shape factors for dry, wet, and icy runways [1.5344, 2.0192, 2.0875]
D Peak factors for dry, wet, and icy runways [0.8,0.4,0.18]
Kp Proportional coefficient of the PBM controller 53.7851
K; Integral coefficient of the PBM controller 0.2872
K4 Differential coefficients of the PBM controller 0.1255
Kp? Proportional coefficient range of the controller [20, 62]
K Integral coefficient range of the controller [0.025, 56]
K4* Differential coefficient range of the controller [0.05, 0.78]
B(t) Contraction—expansion coefficient [0.22, 0.55]
wy Penalty coefficient for slip rate error 1
wy Penalty coefficient for brake torque change rate 0.002
T¢ (ms) Control period 10

Before the experimental test, combined with the content in Section 3.3, the stability
of the controller parameters under dry, wet, and icy runway conditions is first analyzed.
The sample size of MCS is set to N = 10,000. The analysis results are shown in Figure 8.
The results indicate that the control system remains stable within the verified sample space
and exhibits a robust stability margin across different speed ranges and runway conditions.
These trials evaluate the sensitivity of system stability against parameter deviations. The
randomized nodes cover the operational envelope of aircraft speed and vertical load.
The stable performance across these conditions indicates that the stability conclusions
exhibit relatively low sensitivity to the violation of the constant-parameter assumptions.
Furthermore, the sample distribution from the MCS is relatively uniform across the various
speed ranges, indicating the good universality of the simulation results across speed ranges.

The offline generation of the multi-dimensional parameter lookup table is a critical step
in the proposed control strategy. To construct a high-quality parameter matrix more rapidly
across various conditions, an efficient optimization algorithm is required. Therefore, the
performance of the adopted GQPSO is compared with that of the standard PSO algorithm.

The optimization processes of both algorithms are recorded at aircraft speeds of
10 m/s, 15m/s, and 20 m/s under dry, wet, and icy runway conditions, with the number
of iterations set to 30. The corresponding convergence curves are presented in Figure 9.
As illustrated in the figure, GQPSO consistently converges to lower fitness values and at
a faster rate than PSO across all tested scenarios. The PSO frequently exhibits premature
convergence, becoming trapped in sub-optimal local minima. This indicates that GQPSO is
capable of searching for better PID parameters within a limited number of iterations.
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Figure 8. Stability analysis. (a) Analysis results on dry runway. (b) Analysis results on wet runway.
(c) Analysis results on icy runway.
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Figure 9. Convergence performance comparison between PSO and GQPSO at different aircraft speeds.
(a) Results on dry runway. (b) Results on wet runway. (c) Results on icy runway.
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If configured with a larger swarm size and an extended number of iterations, the
PSO algorithm might also obtain comparable optimal parameters. However, the PSO is
susceptible to premature convergence and is sensitive to the initial particle distribution.
Utilizing it for the generation of a multi-dimensional offline lookup table would consume
excessive computational resources and is prone to yielding local optimal solutions. In
contrast, by incorporating quantum mechanics principles and Gaussian mutation operators,
GQPSO ensures faster convergence rates and superior global search stability. Based on the
multi-dimensional parameter lookup table generated by GQPSO, the HIL experiments are
subsequently conducted.

The results of the anti-skid braking HIL experiments are shown in Figures 10-12,
which illustrate the variations in aircraft speed, slip ratio, and braking torque, respectively,
under the control of different controllers (traditional PBM controller, PSO-based composite
controller and GQPSO-based composite controller) on dry-wet mixed runways and dry-ice
mixed runways.
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Figure 10. Variations in airframe speed and wheel speed under different controllers. (a) Experimental
results of the PBM controller on a dry—wet mixed runway. (b) Experimental results of the PBM
controller on a dry-ice mixed runway. (c) Experimental results of the PSO-based composite controller
on a dry—wet mixed runway. (d) Experimental results of the PSO-based composite controller on
a dry-ice mixed runway. (e) Experimental results of the GQPSO-based composite controller on a
dry-wet mixed runway. (f) Experimental results of the GQPSO-based composite controller on a
dry—ice mixed runway.
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Figure 11. Aircraft slip ratio variations under different controllers. (a) Experimental results of the PBM
controller on a dry-wet mixed runway. (b) Experimental results of the PBM controller on a dry-ice mixed
runway. (c) Experimental results of the PSO-based composite controller on a dry-wet mixed runway.
(d) Experimental results of the PSO-based composite controller on a dry—ice mixed runway. (e) Experimen-
tal results of the GQPSO-based composite controller on a dry-wet mixed runway. (f) Experimental results
of the GQPSO-based composite controller on a dry—ice mixed runway.

From Figure 10a,c,e, it can be observed that no distinct discrepancy in braking time is
exhibited by the three controllers under the dry—wet mixed runway. Specifically, braking
times of 21.640 s, 20.883 s, and 20.866 s are recorded under the PBM controller, the PSO-
based controller, and the GQPSO-based controller, respectively. Nevertheless, compared
with PBM and PSO-PID, the shortest braking time is still achieved by the proposed GQPSO-
based controller. From Figure 11a,c,e, it can be observed that no large separation in slip-ratio
tracking is shown by the three controllers under the dry-wet mixed runway. However,
compared with PBM and PSO-PID, the target slip ratio is tracked more closely by the
GQPSO-based controller. Specifically, when the runway transition occurs, the target slip
ratio is re-attained after 0.231 s by the PBM controller, after 0.162 s by the PSO-PID controller,
and after 0.114 s by the GQPSO-based controller. Furthermore, a smaller overshoot as well
as weaker fluctuation are exhibited by this proposed controller. Specifically, under the PBM
controller, a maximum slip-ratio error of 0.220 is generated. Similarly, a maximum slip-ratio
error of 0.140 is exhibited under the PSO-PID controller. By comparison, a maximum error
of 0.106 is yielded by the GQPSO-based controller. The difference is rendered much clearer
under the dry—ice mixed runway. Under the operation of PBM and PSO-PID, low-speed
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skidding is exhibited by the wheels at low aircraft velocities. Conversely, the target slip
ratio is stably maintained in the neighborhood by the GQPSO-based controller even in the
low-speed phase.
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Figure 12. Brake torque variations under different controllers. (a) Experimental results of the PBM
controller on a dry—wet mixed runway. (b) Experimental results of the PBM controller on a dry-ice
mixed runway. (c) Experimental results of the PSO-based composite controller on a dry—wet mixed
runway. (d) Experimental results of the PSO-based composite controller on a dry—ice mixed runway.
(e) Experimental results of the GQPSO-based composite controller on a dry-wet mixed runway.
(f) Experimental results of the GQPSO-based composite controller on a dry—ice mixed runway.

From Figure 10b,d,f, a distinct discrepancy in braking time is clearly exhibited by the
three controllers under the dry—ice mixed runway. Specifically, braking times of 26.002 s,
22.560 s, and 21.639 s are recorded under the PBM controller, the PSO-PID controller, and
the GQPSO-based controller, respectively. Compared with the results obtained under the
dry-wet mixed runway, a significant prolongation in braking time is experienced by the
PBM controller. Meanwhile, an increase in braking time is also exhibited by both the PSO-
PID and GQPSO-PID controllers. Nevertheless, a more pronounced extension is manifested
by the PSO-PID controller than by the proposed GOPSO-based method.

From Figure 11b,d.f, it can be observed that compared with the case under the dry—wet
mixed runway, deviations of varying degrees in tracking the target slip ratio are exhibited
by all three controllers when the runway transition occurs. However, compared with
the PBM controller and the PSO-PID controller, a faster recovery to the neighborhood
of the target slip ratio as well as a smaller overshoot are achieved by the GQPSO-based
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controller. Specifically, during the abrupt runway transition, the neighborhood of the target
slip ratio is never re-attained by the PBM controller, whereby tracking instability is induced;
furthermore, after the runway returns to the dry condition, 5.492 s is still required by this
controller to re-enter the target slip ratio, and another 1.458 s is needed for stabilization to
be achieved on it. A similar tracking instability is exhibited under the PSO-PID controller
as the target neighborhood is never returned to during the transition phase; nevertheless,
after returning to the dry runway, the target slip ratio is re-entered within only 0.880 s,
and stabilization is achieved after an additional 0.071 s. By contrast, stabilization in the
neighborhood of the new target slip ratio is achieved by the GQPSO-based controller within
only 0.851 s after the runway transition; furthermore, the target slip ratio is tracked within
only 0.172 s when returning to the dry runway, and stabilization on it is attained after
another 0.696 s. In addition, a smaller maximum overshoot is exhibited by this proposed
controller throughout the entire process. Specifically, a maximum overshoot of 0.654 is
generated under the PBM controller. Similarly, an overshoot of 0.419 is exhibited under
the PSO-PID controller. By comparison, a maximum overshoot of only 0.306 is yielded by
the GQPSO-based controller. Thus, it is demonstrated that a smaller overshoot can still
be maintained by the proposed controller even under harsh environments, whereby the
occurrence of deep skidding is suppressed. Additionally, consistent with the case under the
dry-wet mixed runway, low-speed skidding is exhibited by both the PBM and PSO-PID
controllers in the low aircraft velocity phase. Detailed data can be found in Table 2.

Table 2. The effects of different controllers on mixed runways.

Runway Controller Rise Time (s) Setting Time (s) Overshoot
Dry-wet PBM 0.231 s (dry-wet), 0.117 s (wet-dry) 1.142 s (dry-wet), 0.680 s (wet-dry) 0.220
Dry—wet PSO-PID 0.162 s (dry-wet), 0.159 s (wet-dry) 0.458 s (dry-wet), 1.318 s (wet-dry) 0.140
Dry-wet GQPSO-PID  0.114 s (dry—wet), 0.127 s (wet—dry) 0.242 s (dry-wet), 0.491 s (wet-dry) 0.106
Dry—ice PBM 1.756 s (dry—ice), 5.492 s (wet—ice) None (dry-ice), 6.950 s (ice-dry) 0.654
Dry—ice PSO-PID 0.901 s (dry-ice), 0.880 s (wet—ice) None (dry-ice), 0.951 s (ice-dry) 0.419
Dry-ice GQPSO-PID 0.547 s (dry—ice), 0.172 s (wet—ice) 0.851 s (dry—ice), 0.696 s (ice—dry) 0.306

A consistent difference among the three controllers is shown by the brake torque
responses in Figure 12. In Figure 12a,b, frequent torque release and re-application are
produced by PBM after the friction changes. In Figure 12¢,d, part of this fluctuation
is reduced by PSO-PID. However, relatively frequent torque variation is still exhibited
by this controller, especially on the dry—ice mixed runway. In Figure 12e,f, a smoother
brake-torque command with smaller variation is generated by the GQPSO-based con-
troller. High-frequency actuation of the braking device can be reduced by this smoother
torque regulation.

In the dry—wet mixed runway, braking efficiencies of 94.38%, 95.16%, and 95.46% are
achieved by PBM, PSO-PID, and GQPSO, respectively. Corresponding stopping distances
of 872.07 m, 846.74 m, and 845.84 m are recorded. Thus, an improvement of 1.08 percent-
age points over PBM and 0.30 percentage points over PSO-PID in braking efficiency is
achieved by GQPSO. Meanwhile, reductions of 3.01% and 0.11% in the stopping distance
are yielded, respectively. A much larger advantage is manifested in the dry—ice mixed
runway. Specifically, braking efficiencies of 63.22%, 79.45%, and 94.23% are obtained
under PBM, PSO-PID, and GQPSO, respectively. The corresponding stopping distances
are measured as 1128.24 m, 957.94 m, and 899.28 m. Therefore, increments of 31.00 per-
centage points over PBM and 14.77 percentage points over PSO-PID in braking efficiency
are provided by GQPSO. Additionally, the stopping distance is shortened by 20.29% and
6.12%, respectively.
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Under the dry-wet mixed runway, the target slip ratio can be tracked quickly and
stably by both PBM and PSO-PID. Thus, only minor performance discrepancies are man-
ifested between these two baseline controllers and GQPSO-PID. However, due to the
issue of low-speed skidding and small tracking deviations, lower braking efficiencies and
longer stopping distances are still exhibited by PBM and PSO-PID relative to GQPSO-
PID. Conversely, a different behavior is shown under the dry—ice mixed runway. When
the abrupt runway transition occurs, the target slip ratio cannot be tracked in a timely
manner by either PBM or PSO-PID. Concurrently, large overshoots are produced by both
controllers. Consequently, a dramatic decrease in braking efficiency is caused, and the
stopping distance is substantially elongated. In contrast, the target slip ratio can still be
tracked quickly and stably by GQPSO-PID despite the abrupt runway variation. Therefore,
a high braking efficiency and a shorter stopping distance are successfully maintained by
the proposed controller.

The principle behind low-speed skidding can be explained by the definition of slip
ratio. A larger change in the slip ratio is produced by the same wheel-speed disturbance
when a low aircraft speed is encountered. Under the traditional PBM controller, sufficient
adaptation to this speed-dependent sensitivity cannot be achieved by the fixed control
parameters. As a result, a high susceptibility to low-speed skidding and repeated brake
release is manifested. Under the PSO-PID controller, the adjustment of the PID gains can be
performed through an offline lookup table. However, a slower convergence rate is exhibited
by the standard PSO algorithm. Additionally, a high tendency towards entrapment in a
local optimum is shown by this standard algorithm. Under limited iteration and particle
swarm size, suboptimal PID parameters are easily generated due to the weaker optimization
capability. Consequently, a larger overshoot and poorer tracking performance are induced
when a sharp change in runway friction is encountered. By contrast, a stronger global
search capability and a faster convergence speed are demonstrated by the GQPSO algorithm.
Thus, more suitable PID parameters can be provided for the transition process. Ultimately,
smaller overshoot, faster recovery speed, and smoother torque regulation are reflected.

To further evaluate the repeatability and mass sensitivity of the proposed GQPSO-
based controller, repeated experiments are conducted under different aircraft masses on a
dry runway. These repeated experiment results are presented in Table 3.

Table 3. Data from repeated experiments.

Aircraft . Brake Maximum Sli
Number Quality Brake Time Distance Rate Error b
1 Cargo 20% 19.486 s 749.62 m 0.113
2 Cargo 20% 19.334 s 747.25m 0.106
3 Cargo 20% 19.389 s 750.08 m 0.105
4 Cargo 40% 19452 s 754.72 m 0.080
5 Cargo 40% 19.506 s 75821 m 0.095
6 Cargo 40% 19.574 s 757.39 m 0.116
7 Cargo 60% 19.648 s 765.53 m 0.091
8 Cargo 60% 19.772 s 769.03 m 0.111
9 Cargo 60% 19.759 s 770.96 m 0.104
10 Cargo 80% 19.796 s 774.03 m 0.107
11 Cargo 80% 19.789 s 771.50 m 0.102
12 Cargo 80% 19.822 s 775.02 m 0.083
13 Cargo 100% 19.878 s 77745 m 0.067
14 Cargo 100% 19.947 s 781.87 m 0.098
15 Cargo 100% 19.880 s 778.04 m 0.078
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The repeatability experiments are carried out for cargo conditions of 20%, 40%, 60%,
80%, and 100%. For each aircraft mass level, three repeated trials are performed. Therefore,
this analysis is reported in the form of descriptive statistics and a linear trend assessment
rather than a formal hypothesis test.

An increase from 19.403 s to 19.902 s in the mean braking time is observed as the
cargo condition is increased from 20% to 100%. Concurrently, an increase from 748.98 m to
779.12 m in the mean braking distance is recorded. Within-group coefficients of variation
below 0.40% for the braking time and below 0.36% for the braking distance are obtained.
Through these indices, a small run-to-run dispersion at each mass level is indicated. A
least-squares fit is performed using all 15 trials. A regression slope of 0.385 m in the
braking distance per 1% cargo increase is yielded by this fit. Concurrently, a coefficient
of determination of 0.953, a residual standard error of 2.60 m, and a maximum absolute
residual of 5.58 m are generated. When the fit is applied to the five group means, the
coefficient of determination is increased to 0.976. Meanwhile, a maximum residual of
3.13 m is manifested. Compared with the 30.14 m increase in the mean braking distance
from 20% to 100% cargo, these residuals are found to be small. Consequently, a systematic
mass effect is suggested, while limited uncertainty in the repeated tests is implied. The
maximum slip-ratio error is generally confined between 0.067 and 0.116. A weak mass
dependence is exhibited by the regression analysis of the slip-ratio error, where a coefficient
of determination of 0.296 and an RMSE of 0.0117 are yielded. In summary, it is demonstrated
by the results that repeatable braking performance can be maintained by the proposed
controller under different aircraft mass levels.

For a more intuitive demonstration of the effectiveness of the runway identification
module, a direct comparison between the actual and estimated optimal slip ratios is
conducted. These variations are shown in Figure 13.
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Figure 13. Runway identification results. (a) Runway identification results of dry-wet mixed runway.
(b) Runway identification results of dry—ice mixed runway.

As shown in Figure 13a, the dry-wet—dry transition trend is well tracked by the
identified value. A mean absolute error of 0.00398 and a root-mean-square error (RMSE)
of 0.00433 are obtained. As shown in Figure 13b, a larger instantaneous step is exhibited
under the dry-ice mixed runway. Nevertheless, the dry—ice—dry transition trend is still well
tracked by the identified value. In this scenario, a mean absolute error of 0.00401 and an
RMSE of 0.00533 are generated. Although a lag behind the actual value is manifested by the
identified value at the two sudden transitions, a short delay is produced. Specifically, a delay
time within 0.05-0.09 s is recorded under the dry-wet mixed runway. Meanwhile, a delay
of approximately 0.09-0.13 s is exhibited under the dry-ice mixed runway. Therefore, the
actual optimal slip ratio can be rapidly tracked by the identification module. Concurrently,
a small residual error is maintained. Consequently, the requirements for use as the target
slip ratio reference of the composite anti-skid controller are satisfied.
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In summary, more stable slip-ratio tracking is achieved by the proposed GQPSO-based
composite controller than by the PBM and PSO-PID controllers. Higher braking efficiency,
shorter braking distance, and faster recovery after runway changes are obtained under
the tested mixed runway conditions. The runway identification module also provides
acceptable optimal-slip-ratio estimation, with small errors and short delays after sudden
runway changes. The repeated tests under different mass levels further indicate that stable
and repeatable braking performance can be maintained.

5. Conclusions

To address the issues of runway condition uncertainty and low-speed skidding, a
composite anti-skid braking strategy based on GQPSO is developed. The strategy is
evaluated through HIL experiments and compared with PBM and PSO-PID under mixed
runway conditions. The main conclusions and future research directions are summarized
as follows:

(1) A BPNN-based runway identification method based on main-wheel dynamics and
friction characteristics is developed. This module provided the target slip-ratio refer-
ence for the controller and demonstrated small estimation errors in the mixed-runway
tests. This result supports its application as an identification-assisted reference module
in the proposed strategy.

(2) A GQPSO-based PID scheduling strategy is proposed. The PID gains are optimized
offline and implemented through lookup tables, thereby reducing online computa-
tional demand. Under abrupt runway changes, the GQPSO-PID controller achieved
smoother torque regulation as well as faster and more stable slip-ratio tracking com-
pared with PBM and PSO-PID.

(3) Phase-plane analysis and MCS are utilized to screen the feasible PID parameter space
before HIL testing. The results indicate that the selected controller parameters remain
within the verified stable region under the tested runway and speed ranges.

(4) The HIL tests demonstrate that the proposed controller can maintain stable slip-
ratio tracking under both dry—wet and dry-ice mixed runways. This advantage is
particularly evident on the dry—ice mixed runway, where deep skidding is effectively
suppressed and braking efficiency is improved. Large-scale repetitive testing also
indicates good repeatability of braking performance within the tested range.

(5) The present study still includes simplified measurement assumptions. The runway
identification module utilizes vertical load and braking-torque-related information
from the main wheels. In practical deployment, the vertical load may be obtained from
landing-gear load sensors or strain gauges, whereas the braking torque usually needs
to be estimated from brake pressure rather than measured directly. Therefore, future
work will focus on the accurate estimation of load and braking torque, brake thermal
effects, and further experimental validation of the runway identification method.
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