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Abstract

Online flatness detection of aircraft rudder surfaces serves as a pivotal core procedure for
ensuring the manufacturing precision, aerodynamic performance and operational safety
of aeronautical components. Traditional plane fitting-based detection approaches are
constrained by low detection efficiency, susceptibility to local optimal solutions, weak
anti-noise robustness and limited automation capability, which fail to satisfy the micron-
level high-precision online detection requirements for curved composite rudder surfaces
in batch manufacturing scenarios. To address the aforementioned technical bottlenecks,
this study proposes a bidirectionally coupled PSO-SA hybrid optimization algorithm for
non-convex minimum zone flatness evaluation of curved rudder surfaces, which overcomes
the unidirectional open-loop iteration limitation inherent in conventional serial PSO-SA
composite frameworks. Two targeted algorithmic improvements are elaborated in this
work: a residual-adaptive nonlinear inertia weight strategy, which dynamically balances
global exploration and local exploitation capabilities based on the fluctuation characteristics
of free-form surface measurement residuals; and a measurement noise-modified Metropolis
acceptance criterion, which substantially enhances the algorithm’s anti-interference per-
formance against on-machine trigger sampling noise. Integrating with the trigger-type
on-machine detection hardware of computer numerical control (CNC) machine tools, an
integrated online detection system is established to realize the full-process functions of
point cloud data acquisition, error compensation, intelligent plane fitting and flatness error
evaluation. Meanwhile, the complete technical workflow involving measurement path
planning, probe calibration and algorithm iterative solution is systematically illustrated.
Comparative simulation experiments implemented on the MATLAB platform demonstrate
that the proposed algorithm exhibits superior performance in convergence speed, fitting
accuracy and optimization stability over five mainstream algorithms, including standard
particle swarm optimization (PSO), standard simulated annealing (SA), comprehensive
learning PSO (CLPSO), adaptive cooling SA and conventional serial PSO-SA. On-machine
physical measurement experiments are conducted on 24 aircraft rudder workpieces cover-
ing aluminum alloy skins and assembled riveted components. After multi-dimensional
systematic calibration, the overall detection error of the developed system is controlled
within 1 µm. The experimental results indicate that the average flatness error calculated by
the proposed bidirectionally coupled PSO-SA algorithm is 29.7 µm, which is 30.1% and
38.5% lower than that of standard PSO and standard SA, respectively, fully complying with
the aviation flatness tolerance specification of 0.1–0.3 mm. Moreover, the full detection
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cycle for a single workpiece is only 2.1 min, achieving a 34.4% reduction in detection time
compared with standard PSO and effectively improving the efficiency of online in-process
inspection. One-way analysis of variance (ANOVA) combined with Tukey’s posthoc test
further verifies that the accuracy superiority of the proposed algorithm is statistically
significant. This research provides a targeted theoretical basis and complete engineering
implementation scheme for intelligent flatness detection of aerospace curved thin-walled
parts, and offers a valuable technical reference for form and position error evaluation of
irregular industrial components under noisy measurement conditions.

Keywords: flatness error; on-machine online detection; bidirectionally coupled PSO-SA
hybrid optimization algorithm; minimum zone plane fitting; aircraft rudder surface; trigger
probe measurement

1. Introduction
Aircraft control surfaces are critical aerodynamic load-bearing and maneuver-

regulation components for aerospace vehicles. Flatness serves as a vital form error indicator
that directly governs the assembly precision, aerodynamic performance and flight safety
of aircraft structures [1]. High-precision and high-efficiency online flatness detection for
control surfaces has therefore become an indispensable procedural link in standardized
intelligent aerospace manufacturing systems. Currently, mainstream flatness detection
techniques for aerospace components can be classified into contact and non-contact de-
tection categories [2]. Traditional contact detection methods employ dial indicators and
dedicated measuring fixtures to conduct discrete point sampling on control surfaces, which
suffers from prominent limitations including heavy reliance on manual operation, low
sampling density, prolonged detection cycles and secondary surface wear. Such methods
are only eligible for offline sampling inspection of small-batch control surface products [3].
As prevailing precision detection equipment, coordinate measuring machines (CMMs)
are capable of high-precision point cloud acquisition for control surfaces; nevertheless,
they require offline fixed-position detection, complicated workpiece alignment operations
and time-consuming data processing procedures, making them incapable of meeting the
real-time online detection requirements for batch production of aircraft control surfaces.

In addition to the inherent limitations of detection hardware, plane fitting-based flat-
ness error evaluation constitutes the core technical bottleneck that restricts the detection
accuracy of curved control surfaces. Traditional plane fitting algorithms, including the least
squares method and standard minimum zone method, are only applicable to regular planar
parts [4]. These algorithms fail to solve the non-convex minimum enclosing zone optimiza-
tion problem of curved rudder surfaces, and are susceptible to local optimal solutions with
poor adaptive automation performance. To further improve the comprehensive optimiza-
tion performance of plane fitting, intelligent optimization algorithms such as serial PSO-SA,
improved PSO, improved SA, genetic algorithm (GA) and ant colony optimization (ACO)
have been extensively applied to flatness error evaluation in existing studies. However,
most extant studies merely implement direct algorithm transplantation without targeted
optimization for the inherent measurement characteristics of control surfaces. The conven-
tional fixed inertia weight of PSO cannot adapt to the residual fluctuation characteristics
of curved surface measurement data, while the original Metropolis acceptance criterion
of SA lacks anti-interference capability against field measurement noise acquired by CNC
on-machine detection equipment. Under actual aircraft workshop operating conditions,
these inherent defects result in slow convergence speed, degraded fitting precision and
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insufficient anti-noise robustness of existing hybrid algorithms, which cannot satisfy the
micron-level flatness tolerance criteria and high-efficiency online detection demands for
aeronautical control surface manufacturing [5].

Targeting the dual technical defects of hardware application limitations and insuffi-
cient algorithm adaptability in current flatness detection systems, this study proposes a
novel flatness-fitted bidirectionally coupled PSO-SA optimization theory tailored for curved
control surface detection, which achieves superior optimization performance compared
with conventional simple serial algorithm combinations [6]. Two targeted algorithmic
improvements are proposed for the non-convex minimum zone flatness enclosing eval-
uation of curved rudder surfaces, namely a residual-adaptive nonlinear inertia weight
strategy and a measurement noise-modified Metropolis acceptance criterion. Combined
with CNC trigger-based on-machine detection hardware, an integrated online detection
framework covering point cloud data acquisition, intelligent plane fitting and flatness error
evaluation is constructed in this work [7]. The core research objectives are to enhance
the convergence performance and anti-noise robustness of the hybrid algorithm, realize
efficient single-workpiece online detection, and achieve micron-level high-precision flatness
measurement for complex curved control surfaces. The research findings provide a solid
theoretical foundation and complete engineering implementation scheme for intelligent
flatness detection of complex aerospace components, and offer a valuable technical refer-
ence for form and position error evaluation of irregular industrial parts under complex
measurement conditions [8].

2. Technical Requirements and Trigger-Based On-Machine Detection
System for Surface Flatness Inspection of Control Surfaces
2.1. Technical Requirements for Surface Flatness Inspection of Control Surfaces

Surface flatness inspection is an essential quality control procedure for guaranteeing
the aerodynamic profile conformity of aircraft control surfaces, which covers both indi-
vidual thin-walled component detection and overall aerodynamic profile evaluation of
assembled control surface structures. The profile errors of control surfaces mainly originate
from skin forming deviations in the manufacturing process, frame assembly deformation,
and structural distortion induced by subsequent riveting operations [9]. These manu-
facturing defects are primarily manifested as discontinuous surface contours, localized
microscopic depressions and protrusions, and systematic deviations between the actual
machined profile and the theoretical reference model. To satisfy the stringent tolerance
specifications of modern standardized aviation manufacturing, the developed inspection
system is required to comply with the industrial flatness tolerance range of 0.1–0.3 mm.
Meanwhile, the system must match the beat of production lines to achieve efficient in-
process quality supervision, with a single-workpiece full detection cycle limited to several
minutes [10]. Accordingly, the development of efficient and intelligent detection path
planning strategies has become a critical approach to improve the overall performance of
the proposed online inspection system [11].

2.2. Triggered On-Machine Inspection System for CNC Machine Tools

To fulfill the aforementioned technical inspection requirements, this study develops
a CNC-machine-tool-compatible triggered on-machine inspection system [12]. The pro-
posed system achieves high-efficiency online detection by acquiring surface coordinate
data through trigger-based contact sampling between the probe and workpiece surfaces.
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2.2.1. Inspection Principle

The triggered on-machine inspection system integrates a high-precision contact probe
on the CNC machine tool spindle for workpiece coordinate acquisition. When the probe
tip makes effective contact with the workpiece surface, the internal mechanical circuit is
closed to generate a synchronous electrical trigger signal [13]. The CNC system instantly
records the real-time three-dimensional coordinate information of the sampling point. By
matching the measured actual coordinate data with the theoretical CAD model, the system
realizes rapid quantitative evaluation of the dimensional accuracy and profile conformity
of machined workpieces. The signal response latency and sampling precision of the probe
directly determine the repeatability and measurement accuracy of the entire on-machine
detection system [14].

2.2.2. Point Determination

In this work, sampling points are arranged based on the key geometric features
extracted from the workpiece CAD model, including hole center positions, contour bound-
aries and surface characteristic control points. For regular symmetric components such as
planar and cylindrical parts, sampling points are uniformly deployed at geometric centers
or symmetric axes. For complex free-form curved surfaces, uniform meshing and adaptive
meshing methods are adopted for point cloud layout, with sampling density dynamically
adjusted according to surface curvature variations [15]. The curvature-sensitive adaptive
point distribution strategy can fully reflect the geometric profile and morphological charac-
teristics of complex workpieces, which effectively improves the detection efficiency and
sampling rationality for curved surface measurement.

2.2.3. Detection Path Planning

To realize collision-free and high-speed precision measurement for the inner and outer
circular features of shaft-like components, standardized trajectory optimization and path
planning rules are formulated, as intuitively illustrated in Figure 1. The path planning strat-
egy adheres to dual principles of operational safety and detection efficiency, and is divided
into three continuous stages: approaching, stable measurement, and probe retracting. As
displayed in the subgraphs of Figure 1, the measurement scenarios are classified into inner-
hole and outer-circle detection, where the red probe trajectory demonstrates the complete
three-stage motion cycle of the detection process. During path programming, all fixture
structures are strictly avoided to eliminate collision risks, and a continuous surface contact
sampling sequence is adopted [16]. The upper software simulation window in Figure 1
presents the pre-optimized measurement trajectory, which maintains a safe clearance from
surrounding fixtures and achieves uninterrupted uniform sampling on cylindrical surfaces.
For batch multi-point measurement tasks, the nearest neighbor algorithm is employed
to optimize the sampling sequence, and safety isolation planes are configured between
adjacent sampling points. The progressive probe pose diagrams further verify the shortest-
distance transfer logic of the nearest neighbor algorithm. The arranged safety planes
serve as effective isolation barriers during high-speed position switching, significantly
enhancing the operational safety and stability of the high-speed measurement process.
Overall, Figure 1 systematically demonstrates the integrated technical scheme of path
planning, simulation verification and collision avoidance for inner-hole and outer-cylinder
on-machine inspection of shaft workpieces [17].
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Figure 1. Schematic diagram of measurement path planning, process simulation and collision
avoidance. The Chinese text in the software interface represents the function menu of CNC on-
machine detection.

2.2.4. Hardware Composition of Trigger-Based On-Machine Detection System

The core hardware configuration of the developed trigger-based on-machine detection
system mainly comprises high-precision trigger probes (including Renishaw and BLUM
series), dedicated signal receivers and matched signal transmission interfaces. The selec-
tion of probe models is determined by multiple practical factors, including the types of
CNC machine tool spindles (milling and turning spindles), effective measurement range,
environmental protection grade (coolant and scrap metal resistance), and key precision
indicators, with the measurement repeatability strictly constrained within 1 µm. The signal
receiver is configured to match the numerical control system brand, and is equipped with
standard probe holders and extension rods to accommodate the installation and mea-
surement demands of various workpiece features [18]. During system integration, signal
anti-interference optimization and electrical isolation design are regarded as the primary de-
sign priorities, aiming to ensure long-term operational stability and measurement reliability
of the detection system under complex actual machining workshop conditions [19].

Figure 2 presents the schematic working principle of the proposed CNC on-machine
measurement system. The overall system is composed of multiple independent functional
modules, including measurement programming unit, numerical control system, machine
tool spindle, trigger probe, signal transceiving device and tested workpiece, all of which
are modularized and visualized in the block diagram. The specific operating workflow is
described as follows. The precompiled measurement program delivers motion commands
to the CNC module, which further transmits control signals to the CNC controller and
servo system. Driven by the servo system, the machine tool spindle equipped with the
trigger probe and the workpiece-loaded worktable execute coordinated feeding motion.
Meanwhile, the CNC controller is interconnected with the signal transmitting device
integrated with the trigger probe. Once effective contact is formed between the probe tip
and the workpiece surface, a trigger signal is generated and transmitted back to the signal
receiving device. The fed-back signal subsequently triggers the CNC system to terminate
the feeding motion and synchronously record the real-time coordinate data.

The closed-loop signal transmission and mechanical execution framework shown in
the block diagram clearly reveals the cooperative matching mechanism among the trigger
probe, signal transceiving unit and CNC hardware platform. The independent signal
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transmission channel in the diagram validates the anti-interference and electrical isolation
design adopted during system integration, which guarantees stable and reliable signal
interaction under complex machining interference environments.

Figure 2. Working Principle Diagram of the On-machine Measurement System for CNC Machine Tool.

In practical detection, the measurement program outputs optimized path instructions
to the numerical control system, which drives the servo system and spindle to actuate the
trigger probe and worktable for collaborative measurement motion. Surface contact be-
tween the probe and workpiece activates the wired or wireless signal transmission module
at the probe end, and the generated trigger signal is fed back to the CNC system. The
system precisely captures the machine coordinates at the triggering moment, completes the
on-machine acquisition of workpiece dimensional and form-position errors, and constructs
a complete position feedback closed loop to achieve high-precision measurement control.

Figure 3 demonstrates the three-dimensional simulation of measurement path plan-
ning, operational process and collision avoidance strategy. As visualized in the 3D render-
ing, dual trigger probes are deployed to implement synchronous sampling for the inner
hole and outer cylindrical surfaces of shaft workpieces, where the colored curved trajec-
tories distributed on the workpiece surface represent the pre-programmed measurement
paths generated by the measurement system. The spatial layout of the dual probes fully
reflects the coordinated motion logic of the spindle-mounted probe and workpiece-carrying
worktable driven by the servo system. The reserved safe clearance between the probe
bodies and workpiece edges realizes the embedded collision avoidance function of the path
planning strategy. Additionally, the close contact sampling state between the probes and
circular workpiece surfaces conforms to the trigger signal generation mechanism of contact
on-machine detection. The 3D simulation results intuitively visualize the entire closed-loop
measurement control workflow, which further verifies the reliability and feasibility of the
proposed high-precision on-machine detection mechanism.

However, even after completing the on-machine measurement workflow, the efficiency
of measurement path planning and the difficulty of searching for the global optimum
remain critical bottlenecks limiting overall detection performance. Accordingly, Section 3
proposes a novel PSO–SA hybrid optimization algorithm and embeds it into the intelligent
optimization module for inspection trajectory generation, so as to further elevate the
comprehensive operational efficiency of the integrated detection system.
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Figure 3. 3D visualization of measurement path planning, process simulation and collision avoidance
for shaft part on-machine detection.

3. PSO–SA Hybrid Optimization Algorithm for Flatness Fitting and
Inspection Path Planning

To implement efficient, intelligent flatness inspection trajectory planning for irregular
curved components and simultaneously boost measurement precision and detection effi-
ciency, a series of intelligent optimization approaches have been widely adopted, including
simulated annealing (SA), particle swarm optimization (PSO) [20], and serial PSO–SA
hybrid frameworks, for system optimization and measurement path generation. Never-
theless, conventional serial PSO–SA architectures only adopt unidirectional single-stage
information delivery: they merely transmit the optimal solutions obtained from PSO to SA
without closed-loop feedback correction. Such frameworks lack targeted theoretical design
tailored to the non-convex multi-extremum minimum zone flatness fitting problem of free-
form aircraft rudder surfaces [21]. This subsection elaborates the theoretical innovations,
dedicated matching mechanism, mathematical optimization model, constraint criteria and
complete iterative workflow of the proposed bidirectionally closed-loop coupled PSO–SA
hybrid algorithm. Furthermore, it systematically distinguishes the fundamental differences
between the proposed method and single intelligent algorithms, traditional serial PSO–SA
schemes, and classical flatness evaluation approaches from a theoretical perspective [22].

3.1. Fundamentals of PSO and SA Optimization Algorithms

Particle swarm optimization (PSO) achieves optimal solution searching by mimicking
the collective social foraging behavior of bird flocks. Each particle stands for a candidate
solution within the search space. During iterative evolution, every particle updates its
velocity and position by tracking its personal historical optimum and the global swarm
optimum, thereby completing collaborative global search across the solution domain. PSO
features an intuitive operating principle, few hyperparameters, fast initial convergence and
straightforward implementation. Its dominant limitation lies in premature convergence
and high susceptibility to local optima, which restricts the solution precision when tackling
complex multi-peaked optimization problems [23]. The standard execution procedures
of PSO are summarized as follows: first, initialize the position and velocity of all swarm
particles; second, calculate the fitness value of each particle; third, update individual

https://doi.org/10.3390/aerospace13080671

https://doi.org/10.3390/aerospace13080671


Aerospace 2026, 13, 671 8 of 30

personal best and swarm global best according to fitness evaluation results; fourth, adjust
particle velocities and positions via predefined update formulas; finally, repeat the fitness
evaluation and parameter update loop until the maximum iteration threshold or preset
precision criterion is satisfied [24].

Simulated annealing (SA) draws inspiration from the physical annealing process
of solid materials. It leverages a temperature-dependent probability criterion to accept
inferior candidate solutions, enabling the algorithm to escape local optimal regions [25]. SA
exhibits strong universality and robust capacity for solving highly nonlinear optimization
problems, yet it suffers from slow convergence speed and heavy reliance on empirical
parameter tuning. The standard SA workflow is outlined below: initialize the annealing
temperature and an original candidate solution; generate neighboring candidate solutions
in each iteration and accept suboptimal solutions following the Metropolis probability rule;
gradually cool down the temperature parameter and repeat the neighborhood search cycle
until the termination condition is triggered [26].

3.1.1. Theoretical Deficiencies of Existing Optimization Algorithms and Classical Flatness
Fitting Methods

To highlight the theoretical novelty of the proposed bidirectionally coupled
PSO–SA algorithm, this subsection systematically analyzes the inherent theoretical de-
fects of mainstream comparison algorithms when applied to flatness evaluation of aircraft
rudder surfaces [27]. The root causes accounting for the failure of conventional methods to
realize high-precision flatness fitting on noisy free-form surfaces with non-uniform point
cloud distribution are clarified as follows.

For standard PSO and its improved variants, fixed or linearly varying inertia weights
are universally deployed. Such weight adjustment schemes fail to accommodate drastic
residual fluctuations arising from curvature-adaptive sampling on free-form rudder sur-
faces, which makes the algorithms converge prematurely to local optimal planes dominated
by locally dense measurement points. Moreover, existing modified PSO strategies only
revise single-particle update rules without integrating the annealing probabilistic jump
mechanism to suppress disturbances induced by on-machine trigger sampling noise.

Standard SA and its improved derivatives possess no group parallel searching mecha-
nism, leading to extremely low iterative efficiency when processing over 80 measurement
points in aeronautical engineering applications. In addition, single SA algorithms merely
rely on neighborhood perturbation of an isolated solution, lacking the rapid rough lo-
calization capability required to narrow down the feasible solution space of plane fitting
parameters [28].

Genetic algorithm (GA) and ant colony optimization (ACO) involve cumbersome
crossover, mutation and pheromone iteration rules. When addressing the low-dimensional
optimization problem of plane equation coefficients, both algorithms exhibit slow conver-
gence. Neither GA nor ACO embeds a noise threshold correction module to eliminate
measurement errors introduced by CNC trigger probes.

Linear programming and traditional minimum zone evaluation methods are only
applicable to regularly distributed sampling points without noise interference [29]. These
approaches cannot mitigate fitting deviations caused by nonlinear trigger probe measure-
ment noise, and their convex solving frameworks become invalid for the non-convex multi-
extremum residual objective function constructed for curved free-form rudder surfaces.

In addition, conventional serial PSO–SA hybrid algorithms follow unidirectional
open-loop iteration logic [30]. Specifically, the global optimum solved by PSO is directly
imported into SA for local refinement, while the refined solutions generated by SA cannot
be fed back to refresh particle swarm population information. In these general hybrid
architectures, inertia weights still adopt fixed or linear variation modes, and the standard
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Metropolis acceptance criterion excludes correction terms dedicated to measurement noise.
Therefore, existing serial PSO–SA frameworks act as universal general hybrid structures
without targeted theoretical optimization for minimum zone flatness evaluation tasks.

3.1.2. Dedicated Bidirectionally Coupled PSO–SA Algorithm for Rudder Surface
Flatness Evaluation

Distinct from conventional serial PSO–SA hybrids, modified PSO, modified SA, GA,
ACO, linear programming and classical minimum zone evaluation methods [31], this work
proposes a customized PSO–SA hybrid optimization algorithm specially tailored for flatness
error evaluation of aircraft curved rudder surfaces. A closed-loop bidirectionally coupled
iterative framework is constructed to tackle the non-convex minimum zone flatness fitting
problem of free-form rudder components. The theoretical adaptability of the proposed
algorithm for flatness assessment is analyzed, and three core theoretical innovations that
distinguish this method from existing research are summarized as follows:

Innovation 1: Bidirectional Closed-Loop Information Interaction Iterative Framework

Unlike the unidirectional serial iteration architecture adopted by traditional PSO–SA
hybrids, the proposed algorithm establishes a bidirectional closed-loop information trans-
mission channel. After SA executes probabilistic perturbation refinement on the optimal
plane parameters output by PSO, the noise-suppressed refined solution is reversely fed
back to update the swarm global optimum for the subsequent PSO iteration. This two-way
interaction mechanism enables mutual calibration between swarm-driven global explo-
ration and single-solution annealing local jumps, effectively eliminating the information
loss defect inherent to open-loop serial hybrid strategies.

Innovation 2: Residual-Adaptive Nonlinear Dynamic Inertia Weight Strategy

All existing PSO–SA hybrid models adopt linear inertia weight adjustment, whereas
this study constructs a residual-coupled nonlinear inertia weight function. The function
dynamically balances global exploration and local exploitation according to the fluctuation
characteristics of fitting residuals from rudder surface sampling points. In the early iteration
stage, the inertia weight adaptively rises to expand the search space and realize fast rough
positioning of candidate optimal fitting planes. A moderate constant inertia weight is
maintained in the middle iteration phase to sustain stable global swarm searching. In the
late iteration stage, the inertia weight gradually declines to shrink the search range and
facilitate high-precision local optimization. This nonlinear tuning scheme matches the
residual mutation characteristics of non-uniform sampling points on free-form surfaces,
which cannot be realized via conventional linear inertia weight strategies.

Innovation 3: Measurement Noise-Modified Metropolis Probability Acceptance Criterion

A noise threshold correction term is embedded into the classical SA Metropolis ac-
ceptance criterion, forming an annealing judgment rule dedicated to flatness evaluation.
The improved criterion adaptively adjusts the acceptance probability of inferior solutions
based on the magnitude of trigger probe measurement noise collected from rudder sur-
face sampling. When the deviation of a newly generated plane solution originates from
random sampling noise, the algorithm moderately increases the probability of accepting
suboptimal candidates, so as to avoid convergence to local optimal planes formed by
noise-contaminated dense sampling points. This noise-sensitive temperature attenuation
rule constitutes a task-oriented theoretical improvement absent from universal standalone
SA algorithms and traditional serial PSO–SA hybrid frameworks.

Essentially, rudder surface flatness error calculation is a non-convex minimization
problem governed by a multi-extremum residual objective function. The fast group search
capacity of PSO satisfies the demand for rapid rough localization of candidate ideal planes
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in early iterations, while the probabilistic inferior-solution acceptance mechanism of SA
allows the algorithm to escape local optimal planes induced by partial dense measurement
points—a unique theoretical advantage unavailable to standalone PSO, linear programming
and classical minimum zone methods. Meanwhile, the bidirectional information interaction
between the PSO particle swarm and SA annealing process overcomes the major drawback
of conventional serial PSO–SA schemes, which only transmit PSO outputs to SA without
reverse feedback optimization.

The proposed hybrid algorithm first leverages the swarm collaboration mechanism
of PSO, together with the residual-adaptive nonlinear dynamic inertia weight strategy
(differentiated from linear inertia weights used in all prior PSO–SA frameworks), to bal-
ance global exploration and local exploitation and rapidly converge to the rough opti-
mal region of plane fitting parameters. On this basis, the measurement noise-modified
Metropolis acceptance criterion of SA is introduced to accept suboptimal plane coefficient
solutions under controllable cooling temperature, effectively preventing stagnation at local
optima triggered by uneven rudder sampling distribution and random measurement noise.
This task-customized hybrid architecture retains the fast convergence merit of PSO and
strengthens the global optimization capability and anti-noise robustness of plane fitting via
temperature-controlled random perturbation of noise-corrected SA.

The entire searching process relies on residual-linked adaptive inertia weight tuning
and a measurement-noise-sensitive temperature decay mechanism to achieve progressive
coarse-to-fine two-layer optimization exclusively designed for flatness error evaluation.
Ultimately, the algorithm solves a high-precision ideal plane equation complying with the
minimum enclosing zone criterion, which outperforms universal hybrid algorithms when
applied to multi-extremum flatness optimization scenarios with noisy free-form surface
point clouds. The complete iterative flowchart for solving ideal plane equation parame-
ters via the proposed bidirectionally coupled PSO–SA hybrid optimization algorithm is
presented in Figure 4.

As illustrated by the complete iterative logic in Figure 4, the left branch fully imple-
ments the PSO module embedded with the residual-adaptive nonlinear inertia weight
strategy. The overall workflow initiates with the configuration of core hyperparameters, in-
cluding initial annealing temperature, inertia weight, and particle swarm scale. Subsequent
procedures involve particle position initialization, velocity and position iterative updating,
adaptive residual-based fitness evaluation, individual personal best (pbest) and global
best (gbest) optimization, and stochastic mutation operations, which faithfully realize the
swarm collaboration and global-local search balancing mechanism proposed in this study.
The right branch of the flowchart corresponds to the improved SA module integrated with
the measurement noise-modified Metropolis acceptance criterion. The judgment logic
of ∆E < 0 and stochastic probability comparison reproduces the temperature-dependent
inferior solution acceptance strategy, enabling the algorithm to escape local optima caused
by non-uniform point cloud distribution and on-machine sampling noise. The bidirec-
tional data interaction between the PSO iterative loop and SA annealing judgment branch
intuitively demonstrates the closed-loop information transmission characteristic of the
proposed hybrid framework, which fundamentally breaks the unidirectional open-loop
output limitation of conventional serial PSO-SA architectures. The entire iterative process
adheres to a progressive coarse-to-fine two-stage optimization logic. The PSO swarm
search achieves rapid rough positioning of plane fitting parameters, while the SA annealing
perturbation performs high-precision refinement within the optimal solution region. Once
the predefined iteration threshold is satisfied, the near-optimal plane parameter solution
for flatness evaluation is outputted. This complete workflow fully validates the progressive
double-layer optimization design and verifies the superior robustness of the proposed
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algorithm in solving multi-extremum flatness error optimization problems for complex
curved surfaces.

 

Figure 4. Flowchart of the process for solving the parameters of the ideal plane equation based on
the PSO-SA hybrid optimization algorithm.

3.2. Optimization Objectives

The core optimization target of the proposed hybrid algorithm is to solve the optimal
ideal plane equation via the synergistic combination of PSO and SA strategies, where the
plane equation coefficients are defined as the decision variables for iterative optimization.
Distinct from conventional general optimization problems [32], the objective function is
specially constructed to comply with the geometric tolerance-based minimum zone flatness
evaluation criterion for aeronautical components. Instead of simply minimizing the mean
square error, the proposed optimization strategy takes the extremum of distance deviations
between free-form rudder surface sampling points and the candidate fitting plane as the
optimization target. The algorithm minimizes the distance-based fitness function (i.e.,
the objective function), which quantitatively evaluates plane fitting quality by calculating
the vertical distance from each on-machine sampling point to the candidate plane. The
optimized ideal plane is finally adopted to calculate the flatness error, which is defined as
the difference between the maximum and minimum point-to-plane distances within the
minimum enclosure zone [33].

3.3. Constraint Conditions

The operational constraints of the bidirectionally coupled PSO-SA algorithm are
formulated and calibrated targeting the geometric characteristics and actual on-machine
measurement noise environment of aircraft rudder surfaces, which are specified as follows:

(1) Iteration control constraints. The PSO module is constrained by the maximum
iteration number and swarm population size. The SA module is configured with initial
temperature and temperature decay coefficient, and implements probabilistic inferior solu-
tion acceptance. All iterative hyperparameters are finely calibrated according to the actual
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measurement scale and noise amplitude of aircraft rudder surfaces, forming dedicated
parameter constraint criteria adapted to aviation flatness detection scenarios.

(2) Iteration update and acceptance criteria. Particle velocity and position are up-
dated following standard PSO iterative formulas. Individual and global optimal solutions
are dynamically updated based on real-time fitness comparison. For the SA iteration
process, inferior candidate solutions are accepted with adaptive probabilities governed
by the proposed noise-modified Metropolis criterion, which enhances the algorithm’s
anti-interference capability against field sampling noise.

(3) Termination constraints. The iterative loop terminates when the maximum iteration
number is reached, and the current optimal solution is output as the final ideal plane
parameter. The termination threshold is reasonably set according to the micron-level
precision requirements of aviation component flatness detection, which effectively avoids
the insufficient convergence and redundant over-iteration problems existing in conventional
general hybrid algorithms.

3.4. Algorithm Steps and Flow

Step 1: Construct the objective function by calculating the distances from measuring points
to the ideal plane

The perpendicular distance from each measuring point to the ideal plane is solved
based on the general plane equation. The signed distance from the i-th measuring point to
the ideal plane is expressed as:

di =
Axi + Byi + Czi + D√

A2 + B2 + C2
(i = 1, 2, . . . , n) (1)

where di denotes the signed perpendicular distance from the i-th measuring point to the
ideal plane; (xi, yi, zi) represents the 3D coordinate of the i-th measuring point; A, B, C
and D are undetermined coefficients of the ideal plane equation; n is the total number of
measuring points distributed on the rudder surface. In accordance with the minimum zone
criterion for flatness evaluation, the flatness error is defined as the minimum separation
distance between a pair of parallel planes enclosing all measuring points, which equals
the difference between the maximum and minimum signed distances from all measuring
points to the fitted plane. Therefore, the flatness evaluation problem is transformed into
minimizing the gap between dmax and dmin, and the corresponding objective function is
established as:

min f (A, B, C, D) = min(max1≤i≤ndi − min1≤i≤ndi) (2)

Subject to A2 + B2 + C2 ̸= 0 to avoid invalid zero normal vectors.

Step 2: Solve the objective function via hybrid PSO-SA algorithm to obtain the optimal
ideal plane parameters

2.1 Parameter initialization Set the population size and maximum iteration number of
the particle swarm optimization (PSO) algorithm, as well as the initial temperature and
temperature attenuation coefficient of the simulated annealing (SA) algorithm. Randomly
initialize the position and velocity of all particles, along with the personal best position
pbest and global best position gbest. The position vector of each particle corresponds to
a set of plane coefficients (A, B, C, D).

2.2 Update particle velocity and position in the k-th iteration. The velocity and position
of each particle are updated by the following formulas:

vj,t+1 = ωtvj,t + c1r1(pbestj − xj,t) + c2r2(gbestj − xj,t) (3)
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xj,k+1 = xj,k + vj,k+1 (4)

where j is the particle index; vj,k and vj,k+1 represent the velocity of the j-th particle at the
k-th and (k + 1)-th iterations, respectively; vj,k and vj,k+1 denote the position of the j-th
particle at the k-th and (k + 1)-th iterations, respectively; pbest,j is the historical personal
optimal position of the j-th particle; gbest,k is the global optimal position in the k-th iteration;
ωk stands for the dynamic inertia weight at iteration k; c1 and c2 are acceleration factors; r1

and r2 are uniformly distributed random numbers ranging from 0 to 1.
A piecewise dynamic inertia weight strategy is adopted to balance global exploration

and local exploitation:

ωk =


ωmin + (ωmax − ωmin) · g(k) k ≤ k1

ωmid k1 < k ≤ k2

ωmax − (ωmax − ωmin) · g(k) k > k2

(5)

g(k) =
k

Gmax
(6)

where g(k) is the normalized iteration coefficient for balancing global and local search
capabilities (see Figure 2); ωmax and ωmin are the upper and lower bounds of inertia weight;
ωmid is the constant inertia weight in the middle iteration stage; k1, k2 and Gmax are preset
constant thresholds and the maximum iteration count, respectively.

A larger inertia weight expands the particle search range and strengthens global
search capacity while weakening local search precision; conversely, a smaller inertia weight
narrows the search domain and improves local exploitation but weakens global exploration.
According to Equations (5) and (6), increases with iterations in the early stage, expanding
the search space to accelerate global convergence and rapidly capture promising candidate
solutions. During the middle iterations, ωk remains constant to stabilize the searching
process and prevent solution collapse. In the late iteration stage, ωk gradually decreases to
shrink the search range, facilitating precise local search for high-accuracy optimal solutions.

For each particle, the signed distances of all sampled measuring points on the rudder
surface are calculated via Equation (1), and the fitness value corresponding to the par-
ticle’s current position is obtained by substituting distances into the objective function
Equation (2). The current fitness value is compared with the historical personal optimal
fitness of the particle: if the current fitness is smaller, update pbest,j to the current parti-
cle position and refresh the personal optimal fitness value; otherwise, retain the original
personal best position and fitness. After evaluating all particles in the k-th iteration, the
minimum personal optimal fitness is selected as the global optimal fitness of this iteration,
and the corresponding particle position is assigned to gbest,k as the current optimal solution
of PSO.

2.3 Metropolis criterion of simulated annealing
Take the global optimal solution gbest,k obtained from the k-th PSO iteration as the

current optimal solution Xcur of the SA module. A new candidate solution Xnew is gen-
erated by random neighborhood perturbation on Xnew. Compute the signed distances of
measuring points for both solutions via Equation (1) and calculate their corresponding
fitness values. The fitness difference between the new and current solution is defined as:

∆ f = f (Xnew)− f (Xcur) (7)
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The acceptance probability of the candidate solution is formulated as:

P(∆ f , Tk) =

1 ∆ f < 0

exp
(
−∆ f

Tk

)
∆ f ≥ 0

(8)

where ∆ f is the fitness difference; Tk represents the annealing temperature at the k-th itera-
tion; the temperature update rule is Tk+1 = λTk, with T0 denoting the initial temperature
and λ the temperature attenuation coefficient. If ∆ f < 0, the new candidate solution yields
a smaller flatness error and is directly accepted to replace Xcur. If ∆ f ≥ 0, the new solution
is inferior to the current one. Generate a random number ξ ∈ [0, 1] and compare it with
probability P(∆ f , Tk): the inferior new solution is accepted if ξ < P(∆ f , Tk) to escape local
optima; otherwise, the original current optimal solution is preserved. After temperature
attenuation, one complete hybrid iteration is finished.

2.4 Termination judgment
Judge whether the current iteration number k reaches the preset maximum iteration

Gmax. If the termination condition is satisfied, output the current optimal plane coefficients;
otherwise, set k = k + 1.

and repeat Steps 2.2–2.3 for the next iteration until the maximum iteration limit is
reached. The optimal plane coefficients derived from the final iteration are used to construct
the ideal plane equation.

Step 3: Calculation of final flatness error

Randomly sample multiple measuring points from the rudder surface, calculate
their signed distances to the solved optimal ideal plane via Equation (1). The flatness
error equals the difference between the maximum and minimum signed distances of all
measuring points.

4. Plane Flatness Detection Path Simulation Analysis
4.1. Simulation Environment and Parameter Settings

To validate the effectiveness and performance superiority of the proposed residual-
adaptive bidirectionally coupled PSO-SA hybrid optimization algorithm in the flatness
evaluation of aircraft control surfaces, comparative simulation experiments are imple-
mented based on the MATLAB R2022a (Windows 64-bit) platform. All algorithm programs
are independently coded without relying on third-party toolboxes, ensuring full experimen-
tal reproducibility. To guarantee a fair and rigorous comparative benchmark, all simulation
groups adopt identical hardware conditions, measurement point datasets, iterative termi-
nation criteria and constraint parameter configurations [34].

The measurement point datasets are constructed in accordance with the practical
manufacturing and assembly error characteristics of aircraft rudder surfaces. Specifically,
the control surface is approximated as an ideal reference plane, where a certain number of
sampling points are uniformly distributed on the planar domain [35]. Normal-distributed
random offset disturbances are superimposed on these sampling coordinates to simulate
actual machining and assembly errors that conform to aeronautical engineering statistical
characteristics. The minimum zone criterion is employed as the flatness evaluation bench-
mark in all simulation tests, in which the flatness error is defined as the difference between
the maximum and minimum point-to-plane distances of all sampling points relative to the
optimized fitting plane [36].
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Comparison Algorithm Selection

To comprehensively verify the performance advantages of the proposed algorithm
over mainstream metaheuristic methods in flatness error evaluation, six representative
optimization algorithms are selected for comparative simulation, covering basic single
metaheuristic algorithms, improved single optimization variants, and conventional PSO-
SA hybrid benchmark models. The parameter configurations and core characteristics
of each comparative algorithm are specified as follows. The standard particle swarm
optimization (PSO) is configured with a swarm size of 30 particles and a maximum iteration
number of 100, adopting a conventional linear dynamic inertia weight strategy. The
standard simulated annealing (SA) is initialized with a starting temperature of 100 and
a temperature decay coefficient of 0.95, and utilizes the classical Metropolis criterion
for inferior solution acceptance. As a widely adopted improved PSO variant for form
error evaluation, comprehensive learning particle swarm optimization (CLPSO) integrates
historical optimal information from all particles to maintain population diversity and
suppress premature convergence. The adaptive cooling SA is a state-of-the-art modified
SA variant that adopts iteration-adaptive temperature decay scheduling to enhance local
searching precision. The traditional serial fixed-coupling PSO-SA algorithm serves as the
classic hybrid baseline model, which realizes simple modular switching between PSO and
SA without adaptive residual optimization and closed-loop feedback correction.

In contrast, the proposed bidirectionally coupled PSO-SA algorithm incorporates
a residual-adaptive nonlinear inertia weight strategy for PSO global exploration and mea-
surement noise-modified iterative updating for SA local exploitation, achieving adaptive
threshold switching to dynamically balance global searching capability and local opti-
mization accuracy. Furthermore, each algorithm is executed for 30 independent repetitive
runs to eliminate the random interference of stochastic experimental errors, and the hy-
perparameter variation range remains consistent across all comparative groups to ensure
experimental validity and comparability.

4.2. Comparison of Iterative Convergence Characteristics

Figure 5 presents the objective function convergence curves of the minimum zone
flatness evaluation model optimized by the six aforementioned algorithms. The horizontal
axis represents the total iteration number ranging from 0 to 400, while the vertical axis
denotes the objective function value corresponding to the minimum zone evaluation crite-
rion. The comparative algorithms include standard PSO, standard SA, CLPSO, adaptive
cooling SA, traditional fixed-coupling PSO-SA, and the proposed bidirectionally coupled
PSO-SA algorithm, with distinct colored curves adopted to differentiate their iterative
convergence trajectories.

A comprehensive quantitative analysis of algorithm performance is conducted from
three core evaluation dimensions: convergence accuracy, convergence speed, and optimiza-
tion stability.

First, the proposed algorithm achieves the highest convergence accuracy among all
comparison methods. Throughout the entire iterative process, the proposed bidirection-
ally coupled PSO-SA algorithm maintains a consistently lower objective function value
than all benchmark algorithms, converging stably to approximately −1.035 after 400 itera-
tions. In comparison, the standard PSO only converges to −0.965, and the conventional
fixed-coupling PSO-SA converges to approximately −0.985. The convergence accuracy
of other improved single intelligent algorithms falls within the range between the above
two values. This distinct performance discrepancy demonstrates that the proposed algo-
rithm exhibits superior computational accuracy in solving the non-convex minimum zone
flatness optimization problem for aircraft rudder surfaces.
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Figure 5. Comparison of convergence curves of the objective function for flatness minimum zone
optimization with different algorithms.

Second, the proposed method delivers a faster convergence rate and stronger local
optimum escape capability. Within the initial 100 iterations, the objective curve of the
proposed algorithm declines significantly faster than those of all comparative methods, en-
abling rapid departure from local optimal regions and early convergence toward the global
optimal solution. In contrast, standard PSO and standard SA present slow descent rates in
the early iteration stage and are highly susceptible to premature convergence toward local
extrema. Although CLPSO and adaptive cooling SA can mitigate premature convergence
to a certain degree, their acceleration and optimization capabilities are considerably inferior
to the bidirectional coupled optimization strategy proposed in this study.

Third, the proposed algorithm exhibits exceptional optimization stability in the late
iteration stage. After 250 iterations, the convergence curves of all benchmark algorithms
present obvious minor fluctuations and cease effective iterative updating, resulting in severe
optimization stagnation. By comparison, the curve of the proposed bidirectionally coupled
PSO-SA remains smooth and stable without conspicuous oscillations, which can reliably
lock the global optimal solution and effectively eliminate the premature convergence and
late-stage stagnation defects prevalent in conventional hybrid optimization algorithms.

In conclusion, compared with standard PSO, standard SA, improved single intelligent
algorithms, and traditional fixed-coupling PSO-SA, the proposed bidirectionally coupled
PSO-SA algorithm achieves comprehensive superiority in convergence speed, solution ac-
curacy and optimization stability. The embedded adaptive switching mechanism between
global exploration and local exploitation effectively resolves the inherent contradiction
of conventional hybrid algorithms in balancing global searching ability and local refine-
ment precision. The proposed method exhibits excellent engineering applicability for the
minimum zone flatness evaluation of complex curved aircraft rudder surfaces.

Figure 6 provides a quantitative visual comparison of flatness evaluation errors
yielded by the six algorithms under four different sampling point densities (20, 40, 60,
and 80 sampling points). The horizontal axis denotes the total number of sampling points
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deployed on the aircraft rudder surface, while the vertical axis represents the solved flatness
error in micrometers (µm). All sampling points are uniformly distributed to fully cover
the entire curved surface, and simulated machining deviation offsets are superimposed to
reproduce the spatial distribution characteristics of actual on-machine measurement point
clouds after practical manufacturing and assembly processes.

Figure 6. Comparison of flatness errors solved by different algorithms under various quantities of
measuring points.

As observed from the experimental results, the flatness errors of all algorithms gradu-
ally decline with the increase in sampling point quantity. This trend indicates that denser
sampling point distributions can comprehensively capture surface morphological features
and effectively reduce flatness evaluation deviations. Nevertheless, under identical sam-
pling conditions, the proposed bidirectionally coupled PSO-SA algorithm consistently
yields the minimum flatness error among all comparative methods.

Standard PSO and standard SA produce the largest flatness errors across all sampling
scenarios. The reference planes fitted by these two algorithms exhibit evident overall offset
and fail to satisfy the minimum zone criterion, resulting in excessive distance deviations
between partial sampling points and the fitted reference planes. Although CLPSO and adap-
tive cooling SA can reduce flatness errors to a certain degree, noticeable fitting deviations
still occur at the edge sampling regions of rudder surfaces. In comparison, the reference
plane solved by the proposed bidirectionally coupled PSO-SA can fully enclose all sampling
points with the minimized difference between the maximum and minimum point-to-plane
distances, which strictly conforms to the minimum zone flatness evaluation specification.

The flatness error comparison results illustrated in Figure 6 are highly consistent with
the quantitative convergence performance analyzed in Figure 5, further validating that the
proposed hybrid algorithm possesses superior fitting accuracy and reliable optimization
performance for flatness evaluation of aircraft rudder surfaces.

Figure 7 presents a three-dimensional visual comparison of the fitted reference planes
obtained by the six algorithms and the corresponding sampling point distribution on
aircraft rudder surfaces. The X, Y, and Z axes of the coordinate system are scaled in
millimeters (mm). The blue scatter points represent ideal in-plane sampling points, while
the red scatter points denote deviated points superimposed with simulated machining
errors. Each translucent colored plane corresponds to the minimum zone reference plane
fitted by standard PSO, standard SA, CLPSO, adaptive cooling SA, conventional fixed-
coupling PSO-SA, and the proposed bidirectionally coupled PSO-SA, respectively.
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Figure 7. 3D visualization comparison of rudder reference planes fitted by different optimization
algorithms.

The sampling points are uniformly arranged to cover the full profile of the rudder
surface, and artificial machining offset errors are superimposed to replicate the spatial point
distribution characteristics under actual manufacturing and assembly working conditions.
Significant discrepancies in fitting and envelope performance are observed among different
algorithms, which are summarized as follows:

(1) The reference planes fitted by standard PSO, standard SA, and conventional fixed-
coupling PSO-SA suffer from severe overall offset. These planes fail to fully enclose all
deviated sampling points, generating large vertical distances between marginal measure-
ment points and the fitted planes and thus violating the fundamental minimum zone
flatness evaluation criterion.

(2) CLPSO and adaptive cooling SA can moderately alleviate plane offset errors;
however, prominent fitting deviations still exist for edge sampling points of the rudder
surface, leading to a large interval between the upper and lower envelope planes and
insufficient fitting compactness.

(3) In contrast, the reference plane derived from the proposed bidirectionally coupled
PSO-SA algorithm completely envelopes all sampling points with the minimum point-
to-plane distance fluctuation range. The fitted plane strictly complies with the minimum
zone flatness evaluation specification and achieves the optimal overall fitting performance
among all comparative algorithms.

The 3D visual fitting results are well consistent with the convergence curve quan-
titative analysis in Figure 5 and the flatness error statistical results in Figure 6. This
multi-dimensional verification intuitively demonstrates the outstanding capability of the
proposed algorithm in reference plane solving and high-precision minimum zone flatness
fitting for aircraft curved rudder surfaces.

4.3. Comprehensive Simulation Conclusions

Combining the iterative convergence characteristics, multi-density sampling error
data, and three-dimensional plane fitting visualization results, the proposed bidirection-
ally coupled PSO–SA algorithm exhibits comprehensive performance superiority over
the five benchmark algorithms. The embedded triple adaptive mechanisms effectively
address the inherent premature convergence and unbalanced global–local search defects
of conventional optimization strategies. The developed algorithm yields stable and high-
precision flatness evaluation results under both sparse and dense sampling conditions,
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demonstrating excellent environmental robustness for aircraft rudder surface detection.
Benefiting from the independent iterative framework and rapid convergence capability, the
proposed method accurately implements minimum zone flatness evaluation and provides
a practically feasible high-precision online inspection scheme for aeronautical structural
components. The multi-group comparative simulation results sufficiently validate the
technical advantages and effectiveness of the proposed bidirectional coupling optimization
strategy over existing mainstream algorithms.

5. Online Detection Experiment Analysis of Rudder Surface Flatness
To further verify the engineering feasibility, detection accuracy and operational ef-

ficiency of the proposed PSO–SA-hybrid-optimized flatness online detection method in
practical industrial scenarios, comprehensive on-machine experiments are conducted based
on the constructed trigger-based CNC on-machine detection system. Taking actual aircraft
rudder skin components and fully assembled rudder structures as the test objects, com-
parative measurement experiments are designed and implemented. The detection results
of the proposed algorithm are systematically compared with those of standard PSO and
standard SA, so as to complete the practical engineering verification of the proposed online
detection framework.

5.1. Hardware Configuration

The CNC-integrated on-machine inspection system adopted in this study mainly
comprises three core hardware modules: a high-precision trigger probe sensing unit, a
CNC numerical control system, and a machine tool body. The overall hardware layout and
structural principle are illustrated in Figure 8.

Figure 8. Hardware structure schematic of CNC on-machine inspection system.

As depicted in Figure 8, the pre-programmed measurement procedure outputs cus-
tomized inspection logic to the CNC controller. After instruction parsing, the CNC system
releases multi-axis positioning and feeding commands to drive the spindle and worktable
for coordinated motion. The trigger probe is fixedly mounted on the spindle end face.
When the probe stylus makes effective contact with the workpiece surface clamped on the
worktable, a wireless trigger signal is generated and transmitted to the CNC system via the
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signal receiver. The CNC system synchronously records the real-time axis coordinates at
the triggering moment, thereby achieving insitu geometric point cloud acquisition with-
out workpiece disassembly. The closed-loop hardware architecture supports integrated
automatic measurement, signal transceiving and data recording on a single CNC platform,
which guarantees the automation and stability of the online detection process.

The trigger probe system serves as the core sensing unit of the CNC on-machine
inspection hardware platform, which primarily consists of a contact trigger probe and
a dedicated signal receiver. The physical installation configuration and on-site layout of
the spindle-mounted probe are displayed in Figure 9.

 

Figure 9. Physical installation diagram of trigger probe on CNC machine tool.

The signal receiver adopted in this study is the GEMCMS02 model with a rated
sampling frequency of 25 kHz. Equipped with a built-in force-sensitive sensing module,
the receiver can stably acquire both dynamic impact signals and ultra-low-speed contact
collision signals during on-machine measurement. When the contact state exceeds the
preset emergency threshold, the system triggers an alarm signal within a response delay
of less than 1 ms, which effectively avoids collision damage to the spindle, probe and
workpiece and ensures operational safety during high-precision detection. As illustrated
in Figure 9, the trigger probe is fixed on the machine tool spindle through a standard tool
holder and moves synchronously with spindle feeding to scan the surface of the workpiece
clamped on the worktable. Once the probe stylus forms effective contact with the workpiece
surface, a wireless trigger signal is immediately generated and transmitted to the CNC
controller via the matched signal receiver. The entire inspection workflow is governed by
closed-loop feedback control and executed by the pre-embedded measurement program of
the CNC system.

5.2. Calibration Process of Trigger Probe On-Machine Inspection System

System calibration is an indispensable preprocessing procedure for guaranteeing
the measurement accuracy of aircraft rudder surface flatness detection, as the calibra-
tion quality directly determines the sampling coordinate precision and subsequent plane
fitting reliability. Multiple error sources, including spindle motion deviation, stylus de-
flection deformation, coordinate system mismatch and structural assembly clearance, will
introduce systematic measurement errors during on-machine detection. Therefore, multi-
dimensional calibration and targeted error compensation procedures are mandatory to
satisfy the aviation flatness tolerance requirement of 0.1–0.3 mm for aircraft rudder sur-
faces. The implemented calibration system comprehensively covers four core modules:
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probe geometric parameter calibration, probe-machine coordinate matching calibration,
trigger delay error calibration, and overall system precision verification. The complete
standardized calibration workflow is visualized in Figure 10.

Figure 10. Flowchart of trigger probe calibration procedure.

5.2.1. Probe Geometric Parameter Calibration

In this work, the trigger probe is calibrated through a standard block-based contact
calibration approach. A high-precision ceramic standard block with a dimensional accuracy
of 0.001 mm is securely mounted at the center of the machine tool worktable, ensuring
that the parallelism between the block measuring surface and the worktable reference
plane is limited within 0.002 mm. Driven by the CNC system, the probe contacts the
standard measuring surface along the X, Y, and Z axes with diverse spatial postures.
Twelve uniformly distributed contact points are sampled on each measuring surface, and
the machine tool coordinate data corresponding to each trigger moment are synchronously
recorded for subsequent calibration calculation.

The core targets of probe geometric parameter calibration include the effective ball
radius and stylus deflection error. Ring gauges and standard balls are adopted as the
standard calibration artifacts in this procedure. The working principles of effective ra-
dius calibration using ring gauges and standard balls are demonstrated in Figure 11 and
Figure 12, respectively.
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Figure 11. Effective radius for ring gauge calibration.

 

Figure 12. Effective radius for standard sphere calibration.

Taking the probe ball center as the fitting benchmark, spherical surface fitting is con-
ducted on all collected contact coordinate datasets. The deviation between the practically
fitted radius and the theoretical standard radius is quantified as the radius compensation
value. Meanwhile, coordinate deviations of sampling points under different probe postures
are analyzed to fit the spatial deflection characteristic curve of the stylus, and the corre-
sponding deflection compensation coefficients in the X, Y, and Z directions are determined.
All calibrated compensation parameters are imported into the built-in probe parameter
database of the CNC system to realize real-time compensation of probe geometric errors
during on-machine detection. After comprehensive calibration, the system probe radius
calibration error is controlled within 0.5 µm, and the overall stylus deflection error is
restricted below 0.8 µm, which provides a high-precision hardware foundation for reliable
flatness evaluation of aircraft rudder surfaces.

5.2.2. Probe and Machine Tool Coordinate System Association Calibration

The association calibration between the probe and machine tool coordinate systems
aims to realize precise matching of their coordinate origins and compensate for coaxiality
deviations induced during probe installation. This calibration procedure is implemented
via a multi-directional triggering strategy based on a high-precision standard flat crystal,
whose surface flatness error is constrained within 0.001 mm. The standard flat crystal is
fixed on the machine tool worktable through vacuum adsorption. Initial coarse alignment
is performed referring to the machine tool reference plane, followed by fine adjustment
using a micrometer to ensure that the upper surface of the flat crystal is strictly perpendic-
ular to the machine tool Z-axis, with the overall perpendicularity error controlled within
0.003 mm/m.

The probe is programmed to conduct grid sampling on the upper surface of the flat
crystal to fully cover its effective measuring area. A total of 50 valid trigger points are
uniformly collected, and the corresponding machine tool coordinate values (X, Y, Z) at
each trigger moment are synchronously recorded, with detailed calibration results listed
in Table 1. Taking the upper surface of the flat crystal as the reference benchmark, the
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least squares method is adopted to fit the calibration reference plane. The normal vector
deviation between the fitted plane and the XY plane of the machine tool coordinate system,
as well as the translational offset between the probe trigger origin and the machine tool
coordinate origin, are quantitatively calculated to determine the axis-specific coordinate
compensation values and coordinate system rotation correction angles for the X, Y, and
Z directions.

Table 1. Calibration Results of the Triggering Probe Online Detection System.

Parameter Meaning Calibration Value Parameter Meaning Calibration Value

X-axis translation
compensation 0 mm X-axis rotation angle

(around X) 0◦

Y-axis translation
compensation 0 mm Y-axis rotation angle

(around X) 0◦

X-axis probe length
compensation (+) 2.014 mm Z-axis rotation angle

(around Z) 0◦

Y-axis probe length
compensation (+) −2.014 mm

X-axis
perpendicularity

compensation
0 mm

Y-axis probe length
compensation (+) 2.823 mm

Y-axis
perpendicularity

compensation
0 mm

Z-axis probe length
compensation (−) 0.03 mm

Z-axis
perpendicularity

compensation
0 mm

All calibrated compensation parameters are imported into the coordinate association
parameter library of the CNC system, achieving accurate coupling and matching between
the probe and machine tool coordinate systems. After calibration, the comprehensive coor-
dinate system association error is reduced to less than 1 µm, which effectively eliminates
systematic coordinate deviation and guarantees the overall measurement accuracy of the
on-machine detection system.

5.2.3. Calibration of Trigger Signal Hysteresis Error

The signal hysteresis error of the trigger probe originates from elastic stylus defor-
mation during surface contact and the inherent response delay of the internal trigger
mechanism. Such error induces inconsistent trigger coordinate deviations when the probe
approaches the same contact point from different directions, presenting prominent nonlin-
ear characteristics that necessitate targeted compensation via multi-directional approach
calibration [37].

In this study, a standard flat crystal was adopted as the calibration reference, and
a characteristic central point on the crystal surface was selected as the calibration target.
The probe approached the target sequentially from X+, X−, Y+, Y−, and Z+ directions at
three distinct feed speeds (5 mm/min, 10 mm/min, and 20 mm/min) to execute triggering
sampling. Each direction and speed combination was repeated 10 times, and the real-time
machine coordinates at all trigger moments were synchronously recorded.

Statistical analysis was performed on the acquired coordinate datasets to calculate the
average trigger coordinates and directional deviations under different approach conditions.
A spatial distribution model and feed-speed correction model for trigger hysteresis error
were established through data fitting. On this basis, a hysteresis error compensation
table was formulated and imported into the CNC system. The developed system enables
real-time hysteresis error compensation for trigger coordinates according to the probe’s
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approach direction and feeding velocity. After calibration, the comprehensive signal
hysteresis error is constrained within 0.6 µm, which thoroughly eliminates the adverse
effects of approach direction and feed speed on triggering accuracy [38].

5.2.4. Overall System Accuracy Verification

After the completion of individual item calibration, overall systematic accuracy ver-
ification is mandatory to guarantee that the comprehensive measurement performance
satisfies the flatness detection requirements for aircraft rudder surfaces. The verification
procedure integrates standard block dimensional verification and standard planar flatness
verification to comprehensively evaluate system measurement reliability.

(1) Standard block dimensional verification. Three groups of ceramic standard blocks
with different specifications (10 mm, 20 mm, and 50 mm) were selected for dimensional
measurement, with eight repeated tests conducted for each group. Statistical calculations
of the average value and standard deviation demonstrate that the maximum dimensional
measurement deviation is 0.9 µm, and the corresponding standard deviation is less than
0.3 µm, fully meeting the high-precision measurement requirements.

(2) Standard plane flatness verification. A standard planar specimen with a nominal
flatness error of 0.002 mm was adopted for verification. The feature and curvature-adaptive
point distribution strategy of the proposed detection system was applied for full-surface
point cloud sampling. Flatness error evaluation was implemented via both the least squares
method and the proposed bidirectionally coupled PSO–SA hybrid algorithm. By comparing
the evaluated results with the nominal flatness value, the overall evaluation deviation is
verified to be less than 1.2 µm, confirming the superior flatness detection accuracy of the
calibrated system.

5.3. Analysis of Plane Degree Detection Experimental Results
5.3.1. Measured Object

A total of 24 aircraft control surface workpieces were selected as experimental samples,
including 12 independent thin-walled skin components and 12 fully assembled control
surface structures. The skin parts are aluminum alloy forming components, while the
complete control surfaces are riveted assemblies consisting of outer skins and internal
frameworks [39]. The detection region covers the core aerodynamic profile of each work-
piece, with a uniform dimension of 800 mm × 600 mm. All test workpieces were sourced
from the same aviation batch production line, covering typical manufacturing defects
including skin forming warpage, frame assembly offset, and riveting-induced structural
deformation. The sample set can fully reflect the actual surface error distribution charac-
teristics of mass-produced aircraft control surfaces, ensuring the representativeness and
validity of experimental verification.

5.3.2. Measurement Point Placement and Data Collection

Based on the geometric feature extraction from the control surface CAD model,
a hybrid feature-based and curvature-adaptive point distribution strategy was adopted
in this study. A total of 80 valid sampling points were uniformly deployed to cover the
contour boundaries, stress-concentrated regions, deformation-prone areas, and geometric
centers of the control surfaces, ensuring that the collected point cloud data can faithfully
characterize the actual morphological features of complex curved surfaces. Relying on the
fully calibrated trigger-based on-machine detection system, the probe moved along the
pre-optimized inspection trajectory to complete three-dimensional coordinate acquisition
of all sampling points. The obtained coordinate datasets were transmitted to the industrial
computer via the CNC system for subsequent intelligent plane fitting and flatness error
evaluation [40].
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5.3.3. Comparative Experiment Design

Six representative algorithms were selected for comparative verification, includ-
ing standard PSO, standard SA, CLPSO, adaptive cooling SA, traditional fixed-coupling
PSO–SA, and the proposed bidirectionally coupled PSO–SA hybrid optimization algorithm.
The identical sampling coordinate datasets of each control surface were independently
processed by the six algorithms to solve the optimal fitting plane parameters and cor-
responding flatness errors. Three core evaluation indices were adopted: flatness error
magnitude, fitting residual standard deviation, and single-workpiece detection efficiency.
Each workpiece was repeatedly measured three times for each algorithm, and the arithmetic
mean value was taken as the valid single-sample evaluation result to suppress random
measurement errors.

To eliminate random contingency caused by limited sample size and quantitatively
validate the statistical significance of performance differences among algorithms, one-
way analysis of variance (ANOVA) combined with Tukey’s posthoc multiple comparison
test was employed for statistical analysis on the flatness data of all 24 test samples. The
significance level was set as α = 0.05. A pairwise p-value lower than 0.05 was defined as
statistically significant accuracy difference between comparative algorithms. All statistical
calculations were implemented via the MATLAB statistical toolbox to ensure objectivity
and reproducibility of the quantitative comparison results.

5.4. Experimental Results and Analysis
Comparison of Core Indicators

The comprehensive experimental statistics of control surface flatness detection based
on six algorithms are summarized in Table 2. In addition to the average flatness error, the
table supplements the sample standard deviation, error variation range, and 95% confidence
interval of flatness results, together with ANOVA pairwise significance comparison data,
to quantitatively characterize the data dispersion degree and statistical differences among
different algorithms. Specifically, flatness error and fitting residual standard deviation are
adopted to evaluate detection accuracy, while single-workpiece detection time serves as
the quantitative index for detection efficiency.

The results of one-way ANOVA reveal that the overall p-value corresponding to six
groups of flatness error data is far below 0.05, which indicates statistically remarkable
discrepancies in detection accuracy across all candidate algorithms. Subsequent Tukey
pairwise multiple comparisons further demonstrate that the flatness error solved by the
proposed bidirectionally coupled PSO–SA algorithm is significantly lower than that yielded
by the other five benchmark algorithms.

It should be clarified that the total detection cycle recorded in experiments corresponds
to the complete on-machine measurement workflow, ranging from measurement program
startup to the final output of flatness error results, rather than merely the pure plane fitting
computation time for 80 sampling points. The full workflow covers collision-free measure-
ment trajectory planning under multi-dimensional constraints, trigger-probe coordinate
acquisition, coordinate error compensation preprocessing, and iterative solving of the mini-
mum zone fitting plane. The minute-scale time gaps between different algorithms primarily
stem from differences in trajectory optimization efficiency and hardware servo motion
duration of the probe, instead of minor gaps in plane fitting computational overhead.

The proposed bidirectionally coupled PSO–SA realizes collaborative integrated opti-
mization of trajectory planning and plane fitting via closed-loop bidirectional information
interaction. The residual-adaptive nonlinear inertia weight strategy accelerates global
optimal trajectory searching for sampling points, while the measurement noise-modified
Metropolis criterion avoids redundant idle strokes and frequent safety plane switching
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of the probe. By contrast, standard PSO easily suffers premature convergence toward
suboptimal measurement trajectories; standalone SA lacks parallel population searching
capacity, leading to extremely slow trajectory iteration, redundant probe travel distance
and prolonged hardware sampling duration. Moreover, the bidirectional feedback iteration
mechanism of the proposed algorithm cuts repetitive residual calculation during plane
fitting, further reducing auxiliary computation time for data preprocessing and error com-
pensation. All the above merits collectively contribute to a prominent reduction in the
overall inspection cycle.

Table 2. Comparison of Plane Degree Detection Experimental Results of the Three Algorithms.
(a) Statistical indicators of flatness detection accuracy; (b) Inspection time consumption statistics.

(a)

Algorithm
Average
Flatness

Error (µm)

Sample
Standard
Deviation

(µm)

Error
Range
(µm)

95%
Confidence

Interval (µm)

Flatness Error
Reduction vs.
Standard PSO

Flatness Error
Reduction vs.
Standard SA

Fitting
Residual
Standard
Deviation

Standard
PSO 42.5 2.1 39.6~45.8 [41.2, 43.8] — — 12.6

Standard SA 48.3 2.7 45.1~51.9 [46.7, 49.9] — — 15.8

CLPSO 37.1 1.9 35.0~39.4 [36.0, 38.2] 12.7% 23.2% 10.3

Adaptive
Cooling SA 34.6 1.7 32.4~36.7 [33.6, 35.6] 18.6% 28.4% 9.5

Fixed
Coupling
PSO-SA

32.4 1.5 30.6~34.2 [31.5, 33.3] 23.8% 32.9% 8.6

Proposed
PSO-SA 29.7 1.3 27.9~30.5 [28.9, 30.5] 30.1% 38.5% 7.8

(b)

Algorithm Inspection Time (min) Time Reduction vs. PSO Time Reduction vs. SA

Standard PSO 3.2 — —

Standard SA 5.7 — —

CLPSO 2.8 12.5% 50.9%

Adaptive Cooling SA 3.5 −9.4% 38.6%

Fixed Coupling PSO-SA 2.5 21.9% 56.1%

Proposed PSO-SA 2.1 34.4% 63.2%

As summarized from multi-sample statistical data in Table 2, the average flatness
error solved by the proposed bidirectionally coupled PSO–SA hybrid algorithm reaches
29.7 µm, which is substantially lower than standard PSO (42.5 µm), standard SA (48.3 µm),
CLPSO (37.1 µm), adaptive cooling SA (34.6 µm), and conventional fixed-coupling PSO–SA
(32.4 µm). Quantitatively, the flatness error of the proposed method is reduced by 30.1%
relative to standard PSO and 38.5% relative to standard SA, presenting evident precision
improvement. The sample standard deviation of the proposed algorithm is merely 1.3 µm,
the minimum value among all six algorithms, which verifies superior stability and repeata-
bility of detection results. Its fitting residual standard deviation is only 7.8 µm, markedly
outperforming all comparative algorithms and proving that the fitted reference plane
matches the actual aerodynamic profile of control surfaces more closely. All measured
flatness errors are far below 0.1 mm, fully complying with the aviation flatness tolerance
specification of 0.1–0.3 mm for aircraft control surfaces.
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In terms of detection efficiency, the average single-workpiece inspection time of the
bidirectionally coupled PSO–SA algorithm is only 2.1 min, shorter than all five benchmark
algorithms. Compared with standard PSO, the total inspection time is decreased by 34.4%,
and a 63.2% time reduction is achieved relative to standard SA. The proposed method
enables minute-level online inspection that satisfies the tact requirements of mass aircraft
production lines.

Statistical significance analysis further confirms that the overall ANOVA p-value of six
sample groups is less than 0.05, and all p-values from pairwise Tukey comparisons between
the proposed algorithm and the other five benchmarks are below 0.05. This evidence proves
that the superior fitting precision of the bidirectionally coupled PSO–SA framework does
not originate from random sample fluctuation; instead, it possesses statistically significant
accuracy advantages over all mainstream comparative algorithms.

5.5. Experimental Conclusion

Online measurement experiments carried out on 12 aircraft control surface skin com-
ponents and 12 fully assembled control surfaces verify that the flatness online detection
scheme based on the bidirectionally coupled PSO–SA hybrid optimization algorithm
features high measurement accuracy, outstanding detection efficiency and robust result
stability. Sufficient batch samples together with statistical significance analysis eliminate
random interference caused by small-scale tests. One-way ANOVA combined with Tukey
multiple comparison quantitatively confirms that the proposed algorithm achieves statisti-
cally significant optimization gains in flatness evaluation accuracy when compared with
standard PSO, standard SA, CLPSO, adaptive cooling SA and conventional fixed-coupling
PSO–SA. The solved flatness error satisfies the 0.1–0.3 mm tolerance standard for aircraft
control surfaces, and the single-workpiece inspection cycle conforms to the minute-level
tact demand of production lines. The fitting results exhibit excellent consistency and ro-
bustness, which successfully realizes intelligent online flatness detection for aircraft control
surfaces and validates the engineering feasibility and practicability of the proposed method
under real industrial working conditions.

6. Conclusions
(1) Aiming at the prominent drawbacks of existing flatness online detection for aircraft

control surfaces, including low plane fitting efficiency, high susceptibility to local optima
and insufficient automation, this study proposes a novel detection framework built upon
the bidirectionally coupled PSO–SA hybrid optimization algorithm. Combined with CNC
trigger-based on-machine measurement technology, an integrated detection system cover-
ing point cloud data acquisition, intelligent plane fitting and flatness error evaluation is
constructed. The effectiveness and practical feasibility of the proposed method are compre-
hensively validated via numerical simulations and physical engineering experiments.

(2) Distinct from generic serial PSO–SA architectures, modified PSO, modified SA,
GA, ACO, linear programming and traditional minimum zone fitting approaches, this
work establishes a dedicated bidirectionally coupled PSO–SA optimization theory tailored
specifically for rudder surface flatness evaluation, rather than simply transplanting existing
metaheuristic algorithms for engineering applications. Two customized core modules,
namely the residual-adaptive nonlinear inertia weight strategy and measurement noise-
modified Metropolis acceptance criterion, form a progressive coarse-to-fine two-stage
optimization logic for solving the non-convex minimum enclosing zone fitting problem of
curved aircraft rudder surfaces. The proposed framework fundamentally addresses three
critical defects of benchmark algorithms: premature convergence of improved PSO variants,
low global searching efficiency of standalone SA, and insufficient anti-noise robustness of
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linear programming and conventional minimum zone methods under trigger sampling
noise. In terms of convergence speed, plane fitting precision, anti-noise robustness and
local optimum escape capability, the customized bidirectionally coupled PSO–SA method
achieves overwhelming performance superiority over all comparative algorithms.

(3) MATLAB-based comparative simulation results indicate that the proposed hybrid
algorithm requires 22% fewer iterations to reach stable convergence accuracy than standard
PSO and 41% fewer iterations than standard SA. On average, its plane fitting error is
11 µm lower than standard PSO and 15 µm lower than standard SA; meanwhile, the
standard deviation of fitting results is reduced by 32% compared with standard PSO and
38% compared with standard SA, generating fitted planes with higher consistency against
the theoretical ideal reference plane. The comprehensive optimization performance of the
proposed algorithm is substantially improved.

(4) After multi-dimensional calibration of the CNC trigger-based on-machine detection
system, all systematic measurement errors are controlled within 1 µm, guaranteeing excel-
lent overall measurement precision. Physical measurement experiments on aircraft rudder
skin components show that the flatness error solved by the proposed algorithm reaches
29.7 µm, which falls within the 0.1–0.3 mm aviation tolerance band. The single-workpiece
full inspection cycle only takes 2.1 min, corresponding to a 34.4% time reduction relative to
standard PSO and a 63.2% reduction relative to standard SA. The proposed scheme realizes
high-precision and high-efficiency on-machine flatness inspection for aeronautical curved
components.

(5) This work integrates intelligent metaheuristic optimization algorithms with CNC
on-machine trigger measurement technology, delivering an innovative technical solu-
tion for intelligent online flatness detection of irregular aircraft structural components.
It also provides valuable theoretical support and engineering references for form and
position error evaluation of other complex irregular industrial workpieces under noisy
measurement environments.
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