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Highlights

What are the main findings?

¢ A machining deformation prediction model for thin-walled aluminum components
was established by integrating spindle power, vibration signals, and structural
flexibility features derived from Kirchhoff-Love plate theory.

e  The proposed model achieved stable prediction accuracy across different machining
conditions, with low RMSE and high R? values, demonstrating strong agreement
between predicted and measured deformation.

e  Spindle power was verified as an effective energy-related indicator that is strongly
correlated with machining-induced deformation.

What are the implications of the main findings?

e  The proposed framework provides a physically informed and data-driven approach
for predicting machining deformation of thin-walled components by utilizing readily
available process signals and structural information.

e The fast convergence and low computational cost indicate its potential for online
deformation prediction and decision support in practical CNC milling applications.

¢ The modeling strategy offers a transferable reference for deformation prediction in
other weak-stiffness structures under complex machining conditions.

Abstract

Thin-walled components used in aerospace manufacturing are highly susceptible to
machining-induced deformation due to their low structural stiffness and dynamic cutting
instability. Although signal-based modeling approaches have been reported for
machining process monitoring and performance evaluation, deformation prediction of
thin-walled structures requires explicit consideration of structural flexibility. To address
this challenge, a deformation error prediction framework integrating multi-source
dynamic machining signals with static structural flexibility characteristics is proposed,
enabling simultaneous representation of process dynamics and structural response.
Kernel principal component analysis (KPCA) is employed to reduce the feature
dimensionality, and the extracted low-dimensional features are subsequently used as
inputs for a kernel-based support vector regression (KSVR) model to establish the
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prediction framework. The proposed method was validated through 25 milling
experiments conducted on Al7075-T6 thin-walled workpieces, where deformation error
was measured at predefined monitoring points under varying process conditions. The
results indicate that the proposed model achieves high predictive accuracy for machining-
induced deformation, with RMSE values below 13 um and R? exceeding 0.89 on both
validation and testing datasets, demonstrating strong agreement between predicted and
experimental results. In addition, machining vibration amplitude exhibits a consistent
correlation with deformation error, confirming that increased energy input and cutting
instability significantly exacerbate thin-walled workpiece deformation.

Keywords: thin-walled components; machining accuracy prediction; multi-source
dynamic signals; deformation error; milling process

1. Introduction

Thin-walled aluminum components are widely used in aerospace and related
industries due to their high strength-to-weight ratio and excellent corrosion resistance;
however, their limited structural stiffness makes them highly susceptible to machining-
induced deformation and dimensional accuracy challenges in milling processes, which
has been the focus of recent deformation prediction studies in the literature [1,2].
Consequently, the rapid and accurate prediction of machining-induced deformation error
in thin-walled components remains a critical scientific and engineering challenge. In this
context, machining accuracy is quantitatively evaluated through the deformation error
measured at predefined locations.

The machining deformation error of thin-walled components is influenced by the
coupled effects of multiple factors, including cutting forces, thermal effects, residual
stresses, and fixturing strategies [3]. Considerable efforts have been devoted to
investigating this problem through various approaches. In terms of mechanistic
perspective, Chen et al. [4] developed an analytical model incorporating initial residual
stress and stress redistribution effects, and proposed a time-varying second moment of
area formulation for deformation error prediction in components with different cross-
sectional geometries. The validity of the model was verified through experiments and
numerical simulations, and the influence of machining parameters on deformation and
surface roughness was further discussed. Wang et al. [5] proposed an analytical model for
predicting machining-induced deformation in frame-type components, investigated the
measurement of initial residual stress distributions, and analyzed the effects of neutral
layer shift and residual stress on deformation behavior. Zhu et al. [6] examined the
influence of initial residual stress on dimensional stability and developed an analytical
model based on the principle of virtual work to predict the excessive deformation of
prestressed bodies under external loading, achieving a prediction accuracy approximately
10% higher than that of conventional models. Although analytical models exhibit
potential advantages for industrial applications due to their high computational efficiency,
the complexity involved in model construction cannot be ignored. At present, most
extended analytical models are developed based on bending moment theory [7] and the
strain energy density release principle [5].

From the perspective of finite element simulation, several studies have focused on
improving deformation error prediction accuracy for thin-walled components. Zhang et
al. [8] proposed a non-uniform allowance planning method for thin-walled parts, in which
the finite element method was employed to add material following a reverse material
removal sequence, calculate cutting force thresholds, and update workpiece stiffness
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iteratively, thereby effectively reducing deformation error and improving machining
accuracy. Ge et al. [9] developed a fast deformation calculation method based on stiffness
matrix reduction and established a prediction model for cutting force-induced errors,
reducing the prediction time of each cutting step from tens of seconds in conventional
finite element analysis to tens of milliseconds, and achieving a machining error reduction
of more than 53.6%. Yao et al. [10] investigated the post-machining deformation of
titanium alloy fan blades using ABAQUS, in which residual stress effects were considered
and experimental measurement data were incorporated to construct the finite element
model, thereby validating the feasibility of finite element analysis for predicting blade
deformation.

Dynamic machining signals, such as spindle power and energy-related information,
have been demonstrated to contain rich process-related characteristics and have been
widely utilized in machining process modeling and optimization [11]. Building upon
these signal-based modeling efforts, data-driven approaches have in recent years been
increasingly extended to the prediction of machining deformation in thin-walled
components, aiming to overcome the modeling difficulties and computational inefficiency
associated with traditional mechanistic models and finite element methods under
complex machining conditions. Chen et al. [12] proposed a data-driven framework that
integrates physical models with machine learning to achieve real-time prediction of
bottom thickness errors during pocket milling of aerospace thin-walled parts. Although
the prediction accuracy was improved to a certain extent, the feature construction of this
approach remains dependent on specific machining configurations, and its generalization
capability requires further validation. Sun et al. [13] developed an engineering
knowledge-based sparse Bayesian learning method for fast and accurate prediction of
machining errors in aerospace thin-walled components, which was experimentally
validated, but the utilization of multi-source dynamic signals was still relatively limited.
Zhao et al. [14] proposed an online deformation prediction method based on deep
learning, in which a fourth-order tensor was constructed to represent continuous
workpiece geometry, machining information, and monitoring data, and combined
conventional neural networks with recurrent neural networks to predict workpiece
deformation. However, such deep learning models generally exhibit a strong dependence
on the scale and quality of training data.

To further enhance prediction performance under complex machining scenarios,
several studies have incorporated physical constraints or hybrid modeling strategies.
Huang et al. [15] proposed a prediction method for multi-pass machining accuracy of thin-
walled components by comprehensively considering dynamic factors such as cutting
forces and stiffness, and quantitatively analyzed error propagation and accumulation
effects using a GA-BP neural network. Yu et al. [16] developed a transfer learning-based
surface error prediction model for thin-walled milling processes, in which physical
constraints and data information were integrated to enable real-time prediction using a
combination of limited online data and abundant historical data. Zhao et al. [17] proposed
a physics-informed latent variable model to characterize internal residual stress states and
achieve accurate deformation error prediction through data fusion and physical prior
knowledge. Ni et al. [18] developed a mechanics-informed neural network by integrating
thin shell theory and Fourier series to model and predict machining deformation of ring-
shaped components, achieving accurate and stable prediction with a limited amount of
training data. Wang et al. [19] proposed a deep transfer learning-based dimensional
accuracy prediction model for frame-type components, which enabled high-precision
real-time prediction using cutting power signals through clustering and feature
reconstruction techniques. Bai et al. [20] developed a hybrid deep learning model that
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integrates cutting parameters and cutting force data to effectively predict the dimensional
accuracy of thin-walled structures during precision milling.

In the study of thin-walled milling processes, physical models can theoretically
establish correlations between machining parameters and product quality; however, they
struggle to fully identify and characterize the complex behavior of machine tool systems.
Finite element analysis, although capable of high prediction accuracy, is limited by
considerable computational cost and poor real-time applicability. Consequently, data-
driven approaches based on machining process information have gradually attracted
increasing attention. Previous studies have demonstrated that dynamic process signals
can be effectively utilized to predict deformation-related phenomena in thin-walled
components. For example, Wang et al. [21] proposed an online prediction method for
machining-induced residual stress fields based on deep learning, revealing a strong
correlation between process dynamics and deformation mechanisms. Nevertheless,
residual stress prediction focuses primarily on stress evolution rather than the resulting
geometric deformation error. In practice, geometric deformation error arises from the
coupled effect of dynamic machining loads and the inherent structural flexibility of thin-
walled components. Therefore, an integrated modeling framework that simultaneously
considers dynamic signals and structural characteristics is required for accurate
deformation error prediction.

To address these limitations, a deformation error prediction method based on multi-
source dynamic signals is proposed. Spindle power and vibration signals are jointly
utilized to characterize machining dynamics, and a unified feature extraction framework
incorporating time-domain, frequency-domain, and time—frequency-domain information
is established. Feature fusion and dimensionality reduction are performed to enhance
model generalization and robustness. Furthermore, structural flexibility features derived
from Kirchhoff-Love plate theory are introduced, enabling the coupled representation of
machining dynamics and inherent structural characteristics in deformation error
prediction.

The main original contributions of this study are summarized as follows:

1. A multi-source dynamic signal-based deformation error prediction method is
proposed by integrating spindle power, vibration signals, and structural flexibility
for accurate milling deformation error evaluation of thin-walled components.

2. A feature modeling framework combining dynamic signal features and static
structural flexibility is developed using feature extraction and kernel principal
component analysis to enhance multimodal fusion and model generalization.

3. A kernel-based support vector regression model is established by mapping dynamic
energy features and structural mechanical characteristics into a nonlinear space for
stable deformation prediction under complex milling condition.

The remainder of this paper is organized as follows. Section 2 introduces the
theoretical background of deformation in thin-walled milling processes and the multi-
source signal processing methods. Section 3 describes the machining experiments, signal
acquisition procedures, and deformation measurement schemes. Section 4 presents and
discusses the experimental results and performance of the proposed prediction model.
Finally, Section 5 summarizes the main conclusions of this study and outlines directions
for future research.

2. Deformation Prediction Framework for Thin-Walled Parts in Milling
2.1. Overall Methodology and Modeling Strategy

During the milling of thin-walled parts, machining deformation is jointly determined
by multiple factors, including cutting loads, the dynamic behavior of the machine tool
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system, and the structural compliance of the workpiece. In theory, physics-based models
derived from cutting mechanics and structural mechanics can reveal the intrinsic
relationship between machining parameters and deformation. However, under practical
machining conditions, dynamic disturbances of the machine tool system, energy
dissipation paths, and process uncertainties are difficult to be fully modeled, which limits
the prediction accuracy and engineering applicability of purely mechanistic models.

To overcome these limitations, it is necessary to incorporate observable dynamic
information from the machining process into the physical modeling framework, thereby
complementing and correcting mechanistic models through data-driven approaches. As
an integrated representation of energy input to the machining system, spindle power
signals can indirectly reflect variations in cutting loads, material removal states, and
system energy losses. Meanwhile, vibration signals are highly sensitive to the dynamic
stability of the machining process and system disturbances. By integrating such dynamic
signals with static physical characteristics such as workpiece structural compliance, a
more comprehensive characterization of deformation formation mechanisms in thin-
walled part machining can be achieved without introducing additional complex
measurement systems.

Based on these considerations, this study establishes a deformation prediction
framework for thin-walled part milling that integrates multi-source dynamic signals with
structural features. The overall workflow of the proposed framework is illustrated in
Figure 1. The framework mainly consists of four stages: dataset construction, predictive
model development, model training, and model evaluation.
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Figure 1. Flow chart of building prediction model for machining deformation. Figure 1(6)

reproduced from [22].

2.1.1. Relationship Between Spindle Power and Effective Cutting Power

The spindle power P, represents the total power consumption of the machine tool
during machining and can be decomposed into two components: the basic power
consumption and the variable power consumption, as shown in Equation (1).

Py =Py + Py 1)
Here, P, denotes the basic power consumption when the machine tool is powered
on without cutting, while P, represents the motion-related power consumption, which

includes the idle power consumption P4, and the additional power consumption P44,
as shown in Equation (2).
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Py = Pigie + Paaa (2)

The cutting power P, refers to the power required for material removal and consists
of the rotational power P, and the feed power P4, which can be expressed as
Equation (3).

B = Protate + Pfeed 3)

The rotational power is generated by the components of cutting forces in the local
coordinate system, while the feed power is produced by the cutting force along the feed
direction. Based on experimental measurements and cutting force models, the cutting
power can be further decomposed and quantified.

The effective cutting power P, represents the portion of cutting power that is
directly involved in the actual material removal process and can be expressed as Equation

(4).
F=Kx*Fk 4)

where K is a proportional coefficient determined through experimental calibration. The
effective cutting power directly affects the strain energy in the near-surface layer of the
workpiece, thereby influencing the formation of residual stresses.

2.1.2. Correlation Between Effective Cutting Power and Machining-Induced Deformation

The surface residual stress R, is generated by plastic deformation and the
accumulation of strain energy during the machining process. According to elastic
mechanics theory, the strain energy P; stored in the surface layer is related to the residual
stresses as Equation (5).

P = (5p) * (Rs? + Rs}) (5)

where E is Young's modulus, R, 1is the transverse residual stress, and R, is the

longitudinal residual stress. Considering the proportional relationship between residual
stresses in the two directions, the above expression can be simplified as Equation (6).

Rs, = ax /2E P 6)

where « is a proportional coefficient.

Previous studies have demonstrated that the effective cutting power consumed
during machining can reflect the degree of plastic deformation in the material, thereby
indirectly characterizing the residual stress level. Wang et al. [23] employed a Gaussian
process regression (GPR) model to describe the complex nonlinear relationship between
the effective cutting power and residual stress, which can be expressed as Equation (7).

Rs, = GPR(F,) 7)

The machining deformation D of thin-walled components is primarily induced by
residual stress. According to the theory of mechanics of materials, deformation is directly
related to stress and can be expressed as Equation (8).

D « Rs, 8)

Therefore, a physically supported transmission chain exists among cutting power,
residual stress, and machining deformation. Based on this relationship, a KSVR model is
further introduced in this study, in which spindle power signals are used as input features
to learn the mapping between machining power and the final deformation of thin-walled
components, expressed as Equation (9).
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D =B *SVR(K *P.) )

2.2. Multi-Domain Feature Extraction from Dynamic Signals

Spindle power can comprehensively reflect key physical processes during
machining, including material removal conditions, variations in cutting forces, surface
energy accumulation, and the formation of residual stress [24]. Vibration signals, on the
other hand, are widely used to characterize process stability and tool condition, and have
demonstrated strong effectiveness in tool wear monitoring and machining condition
identification [25]. Therefore, vibration signals can serve as an effective complement to
spindle power signals, improving the robustness and sensitivity of deformation
prediction. To comprehensively characterize the milling process state, time-domain,
frequency-domain, and time-frequency-domain features are extracted separately from
the spindle power and vibration signals in this study. The detailed feature extraction
strategies are described as follows.

2.2.1. Time-Domain Feature

Time-domain features directly reflect the amplitude characteristics and statistical
distribution of signals. In this study, a set of fundamental statistical features is extracted
to characterize the temporal behavior of the spindle power signal. Assuming that the
spindle power signal acquired over a given time interval is denoted as P, with a total
length of N;.The P, includes 8 dimensional features.The specific feature definitions and
corresponding calculation formulas are summarized in Table 1.

Table 1. Mathematical expression of P;.

Dimensional Feature

Dimensional Feature

Feature Expression Feature Expression
. _ . _ 1 @Ny (Pe(D-Meanp)*
Maximum value Max, = max(P,(x)) Kurtosis Kur, = N_tzi=1 e
_1lgn _ 1 N (Pe(D)-Meany)?
Mean value Mean, = — ¥, x; Skewness Ske, = EZi:lTrf
N¢—1 2 RMS;
. . P¢(i)—M t
Variance Var, = Lizy (PelD-Maxe)” Form factor EF =——
N¢ Meant
= |=¥M p,(i)2 = Maxe
Root mean square RMS, = \/ Nt2i=1 P.(i) Crest factor RMS;

2.2.2. Frequency-Domain Feature

By transforming the machine tool spindle power and vibration signals from the time
domain into the frequency domain, frequency-domain features can be obtained. The fast
Fourier transform (FFT) is employed to convert the time-domain signal P, into its
frequency spectrum Py, where Ny denotes the length of the spectrum. The power
spectral density, denoted as PSD, is derived from the Fourier transform of the signal
autocorrelation function and represents the signal power distributed within a unit
frequency band.

The Pr, includes 8 dimensional features The specific feature definitions and
corresponding calculation formulas are summarized in Table 2.

Table 2. Mathematical expression of Py.

Dimensional Feature

Dimensional Feature

Feature

Expression Feature Expression

spectral centroid

SC =

N
v P £(0)PsD(P£ (1))

- energy entropy EE = =X pilogiop:
%0, PSD(P(0))
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root mean square ¥ Pr()2-PsD(P (i) Yoo +o0 )
¢ d RMSF = 1_1N/; (e ©) S, w@®dt/3E, [7 ) u(©?dt, i =
requency Ei=1PSD(Pf(i)) 123, . K

N 2

5. L (P r(i)-5C)?-PSD(P (i)
spectral skewness FV = i=al fN - ) . (r®)
3,2, PSD(Pf (D))

N . 3 .

spectral kurtosis Ssk = iy (P 0-50) " ps0(P/ )

spectral kurtosis

) psp(p (i) Fv /2
N
B zi:’;(Pf(i)—sc)4PSD(Pf(i))

Ng ]
(X;2, PSD(Pf(i)))-Fv?

2.2.3. Time-Frequency Feature

During the milling of thin-walled components, spindle power and vibration signals
typically exhibit pronounced non-stationary characteristics, with their statistical
properties continuously evolving as machining states and cutting conditions change.
Feature extraction methods based solely on the time domain or frequency domain are
insufficient to simultaneously capture transient signal behaviors and spectral evolution,
thereby limiting their ability to represent critical information under complex machining
conditions. Consequently, time-frequency analysis methods are introduced to
characterize the joint distribution of dynamic machining signals in both time and
frequency domains.

In this study, variational mode decomposition (VMD) is employed for the time-
frequency analysis of dynamic signals. VMD decomposes the original signal into a set of
intrinsic mode components with limited bandwidth through a variational optimization
framework. Each mode exhibits good compactness and separability in the frequency
domain, enabling effective characterization of dynamic features at different time scales
and frequency bands in complex non-stationary signals. Consequently, VMD is well
suited for extracting time-frequency features from multi-source dynamic signals in the
milling of thin-walled components.

However, the decomposition performance of VMD is highly sensitive to key
hyperparameters, such as the number of modes K and the penalty factor a. To address
this issue, the Beluga Whale Optimization (BWO) algorithm is introduced to adaptively
optimize the critical parameters of VMD. Accordingly, a BWO-based parameter-
optimized VMD approach (BWO-VMD) is developed, and its overall procedure is
illustrated in Figure 2 [26].

In the BWO-VMD framework, the number of modes Kand the penalty factor eare
defined as optimization variables and searched within predefined ranges using the Beluga
Whale Optimization algorithm. This adaptive optimization mechanism reduces the
dependency on manual parameter tuning and enhances decomposition robustness. In this
study, K was set within [3, 10] and a within [200, 2000]. The BWO algorithm was
configured with a population size of 20 and a maximum of 50 iterations. To quantitatively
evaluate the decomposition quality of VMD, the envelope entropy is adopted as the fitness
function in the BWO process. Envelope entropy reflects the complexity and energy
concentration characteristics of each intrinsic mode function (IMF). A lower envelope
entropy indicates a more concentrated signal component and clearer physical meaning.

After obtaining the optimally decomposed modal components, energy entropy (EE)
is further introduced as a time—frequency feature to quantitatively characterize the energy
distribution among different modes. Energy entropy reflects the uniformity and
complexity of energy distribution across modes, thereby enabling effective representation
of the multi-scale evolutionary characteristics of dynamic signals during the machining
process. The extracted time—frequency features are subsequently used as important inputs
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for feature fusion and deformation prediction. The definition of energy entropy is given
in Table 2.

Initialize BWO
parameters

v

Perform VMD
decomposition on the
signal to calculate the

fitness value

v

Entering the exploration
stage to calculate the
position of the BW

No

Entering the development
stage to calculate the
position of the BW

Find the optimal
individual based on the
optimal fitness value

v

Calculate the balance
factor Bf and whale fall —
probability W

? No
By < W;?

Calculate fitness value

No Yes

Update position

Yes *

Calculate fitness value

v

Update optimal position

Output optimum

Y
End

Figure 2. BWO-VMD flow chart.

2.2.4. Structural Compliance Features Based on Plate Theory

Due to the spatially non-uniform distribution of structural compliance in thin-walled
components, different regions exhibit significantly different deformation responses under
the combined effects of residual stress release and cutting loads, thereby intensifying the
non-uniformity of machining deformation. Therefore, introducing physically meaningful
quantities that characterize the structural compliance of the workpiece into the
deformation prediction model is essential for improving the rationality and stability of
the predicted results.

Given that the characteristic in-plane dimensions of thin-walled components are
much larger than their thickness, the bending deformation behavior of the workpiece is
modeled in this study based on material and structural mechanics using Kirchhoff-Love
plate theory. By neglecting transverse shear deformation, this theory can effectively
describe the deflection response of thin plates under distributed loads, making it well
suited for the thin-walled milling scenarios investigated in this work. The boundary
conditions of the workpiece are illustrated in Figure 3.
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Coatings 2026, 16, 295

10 of 23

B Clamping area

Processing area

Figure 3. Workpiece boundary condition division.

According to Kirchhoff-Love plate theory, the bending stiffness S of a thin plate can
be expressed as Equation (10).

Eh?

S=12a =

(10)
Here, E denotes the Young’s modulus of the material, h is the plate thickness, and
v represents Poisson’s ratio. For a rectangular thin plate with uniform thickness subjected
to a distributed load q(x,y), the deflection function w(x,y) satisfies the corresponding
higher-order partial differential equation, as shown in Equation (11).
(Lo, Po 00y 11
dx* dx20y? = ayt) & (1)

To describe the bidirectional bending behavior of the thin plate along the length and
width directions, the deflection function is modeled in a separable form, allowing the
deformation response of the plate structure under uniform loading to be obtained.
Accordingly, the deflection function can be expressed as Equation (12).

w(x,y) = wx(wy(y) 12)
The corresponding governing equation is transformed into Equation (13):
d*w, d*w, d*w, d*w,
S (Wwy t2—3 e + wy o ) =q(x,y) (13)

Under the assumption that the load q(x,y) is uniformly distributed, the equation can
be further simplified as Equation (14).

d*w d*w, d*w, d*w,
S Wy +2 +w =q (14)

X
dx* dx? dy? * dy*

The deflection response of the thin plate at different locations is calculated under a
unit load g, and the resulting deflection is defined as a structural compliance feature to
quantify the spatial distribution of flexibility within the workpiece. Accordingly, the
compliance feature at an arbitrary point of the workpiece can be expressed as Equation
(15).

w(x,
PRI
q
For a rectangular thin plate under the above assumptions, the structural compliance

feature can be further expressed as a function of spatial coordinates, resulting in a
compliance distribution that reflects the combined effects of workpiece geometry and

(15)
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material properties. Accordingly, the compliance at an arbitrary point on the workpiece
can be expressed as Equation (16).

(1-v9) ((X2 —xL)? N O* - yb)2>

R TTE L b

(16)

Here, x and y denote the coordinates along the length and width directions,
respectively; L represents the total length of the plate, and b denotes its width.

Through the above modeling procedure, the derived compliance features allow the
intrinsic structural mechanical characteristics of the workpiece to be incorporated into the
prediction model in a quantitative manner without requiring additional measurements.
This establishes a physically consistent static representation that facilitates subsequent
fusion with dynamic signal features from the machining process.

2.3. Data Preprocessing and Feature Fusion

KPCA is a deep learning algorithm, and it is widely applied in fusion and extracting
relevant information from com-plex nonlinear feature sets to reduce the redundancy
among features [27]. The selection of kernel function and control parameter are crucial for
the efficacy of KPCA. The common kernel functions contain poly kernel, rbf kernel and
cosine kernel.

The feature matrix U is presented by Equation (17). uy = [ugr, Uz, ..., U]
represents the feature vector. k =1, 2, ..., K,andi=1,2, ..., S. K and S denote the
number of feature vector and feature, respectively. Because U contains various features,
and the dimensions of each featured are different, U has to be preprocessed via
standardization. Projecting U to the high dimensional feature space, so the projected
feature space ¢(U) is obtained and expressed by Equation (18).

Uyp Uqp 0 Ugg

U= (u1, u,, ...,uk) = u:21 u:ZZ u.Zk (17)
Ujq Uiy Uik

o) = [Pp(uy), p(uyp), ..., p(wy)] as)

M_,, represents the covariance matrix of ¢(U), its eigenvalues 4 and eigenvectors
H are given by Equation (19). & = [§1,&,,...&,]" is the weight vector.

1 K
I{MCOV = EZkZI(p(uk)(p(uk)T
4/11‘1 =M., ,H (19)

K
U= o) =9

Introducing the kernel function, the expression of kernel function matrix Q is given

by Equation (20).

KAS = Q¢

Qgi = KER o (uguy) (20)

g k=12..,K
where KER,., represents the kernel function, and the common kernel functions are
given by Equation (21).

Irploy: (x-y + 1)%,d, is order

—llx=ylI?
KERycq(x,y) ! rbf:e 202 ,gisparameter 1)

Icosine'L
N PTTTEY]
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Finally, the kernel principal components space (feature fusion space) pc can be
obtained and given by Equation (22).

K
pe=AU) = ) & KERyealU, ) @2)
k=1

2.4. KSVR-Based Deformation Prediction Model

Kernel SVR (KSVR) is employed to construct the machining deformation prediction
model. Based on the principle of structural risk minimization, KSVR is capable of
effectively balancing model complexity and prediction accuracy under limited sample
conditions. This advantage makes it particularly applicable to deal with the problem of
dynamic modeling of complex nonlinear system and modeling with smaller sample, and
possesses the advantages of robust and good generalization [23]. The accuracy of the
trained model is reliant on the selection of parameters and kernel function.

(pc,0) is the training sample, and pc is the input feature fusion space given by
Equation (23). o is output variable, represented by Equation (25).

PC11 PCz2 " PCik
C C e C
pc = (pc1, pCy, ..., PCy) = P :21 P :22 P :Zk k=12,..K;i=12,.W (23)
PCi1  DPCiz - PCik
pci = [PC1k, DC2ks - » DCik] (24)
0 = [04, 05, ..., 0] (25)

where pc; represents the feature vector; K is the number of the feature vector, and W
denotes the number of principal components.

The purpose of KSVR is to obtain an expression that satisfies the structural risk
minimization. The expression is given as Equation (26).

fpc) =wl'(pc) + € (26)

where T'(pc) is the nonlinear mapping of higher dimensional feature space of pc, w is
the weight vector, and ¢ is the bias vector.

The optimization problem is constructed by introducing relaxation factor and
insensitive loss function. This loss function allows prediction errors within a certain range
not to be considered, thereby enhancing the robustness of the model. Equation (26) can be
transformed into the form of solving minimization problem which shown as Equation (27).

K
1
min_ |l w P+ C z L.(f(pc) — o) (27)
’ k=1

where C is the regularization coefficient; [, is the insensitive loss function, given by
Equation (28):
0, lv|<e

|lv| —e, otherwise (28)

L) =

where e is the insensitive error.
The relaxation factor ¥ and ¥* are introduced into Equation (27), then it can be
transformed into Equation (29):

K
1
. _ 2 *
Jmin S lw i kz Wi + ¥7) (29)
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fpe)—o<e+yy
constraints: o—f(pc) <e+yy (30)
Y 20,9, =20k=12,..,K

Then the Lagrange function can be obtained by introducing Lagrange multiplier a,

a*, B and %, and is given by Equation (31):

K K K
1
LW, &P Y@, @’ BB =S IWIHC ) W+ ¥ = ) Wb ) ik
k=1 k=1 k=1
K
£ @ (f @) — o —e =) (1)
k=1

£ @ilog— fe) e — )
k=1

The dual problem of Equation (31) is given by Equation (32):

K K K
1
max == " (@~ 6)(@ — G )pepey + ) 0 — @) — e(@ + @) (32)
ok k=1 p=1 k=1
K
constrains: Z(a" — @) =0 (33)
=1

0<aya,<C
Equation (32) has to meet the Karush-Kuhn-Tucker conditions:

(a(f(pe) —0—e—19;) =0
{ai(o—f(pC)—e—ll)Z) =0
arar = 0,Pp =0
(€= )P =0,(C— )y =0
Taking the partial derivative of w, & 1) and yj with Equation (31) and making
the partial derivative equal to zero, then the following equations can be obtained:

(weS" (4 _

iw—zk?(ak )Pk

{ o=zk_1(a,§—ak) (35)
| _

N

(34)

C=ay+ by
C=ap+ Py

Finally, the solution of SVR can be calculated:

K
f®e) = ) (@ = a)KERsur (pCiu pO) + £ (36)
k=1
K
£=0-+e— ) (@ — @KERw (pC, pC) (37)
k=1

where KERg,, represents the kernel function, and contains poly, rbf and sigmoid kernel,
and is given by:

poly: (c; - x -y + ¢)%
KERSvr (xr }’) = { rbf: e—clllx—yllz (38)
sigmoid: tanh(cs - xTy + ¢;)
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where dy is order; ¢;, ¢, and c; are super parameters, c¢; > 0. This article uses the rbf
(radial function). The regularization parameter C was selected within the range of [1, 10],
the kernel coefficient c¢; was searched within [0.1, 1], and the e parameter was set to 0.1.

3. Experimental Setup and Validation Procedure
3.1. Design of the Experiment

Machining and measurement experiments were conducted on AL7075-T6
rectangular thin plates with dimensions of 200 mm x 90 mm x 5 mm. AL7075-T6 was
chosen as the workpiece material because it is a typical aerospace aluminum alloy widely
used in thin-walled structures and is highly sensitive to machining-induced deformation.
The dimensions of 200 mm x 90 mm x 5 mm were selected to represent a typical thin-
walled workpiece with sufficient deformation sensitivity under milling loads, allowing
machining-induced deformation to be efficiently measured using a touch-trigger probe
and providing a representative basis for validating the proposed prediction framework.
The proposed framework is not limited to a specific material or dimension and can be
extended to other thin-walled components through corresponding updates of material
and structural parameters.

The fundamental material properties are listed in Table 3. The machining
experiments were carried out on a four-axis CNC machining center (VDL-850) (Dalian
Machine Tool Group Corp., Dalian, China), during which three-phase spindle power
signals and vibration signals were synchronously acquired. The data acquisition system
consisted of a machine tool energy consumption measurement system, a 2D002
magnetoelectric velocity sensor, and a Donghua dynamic signal analysis system. The
experimental setup and related equipment are illustrated in Figure 4. The specific
parameters of the cutting tools are shown in Table 4.

Four-axis CNC
(VDL-850)

Energy consumption
measurement system

Dynamic signal
acquisition system

L

Figure 4. Data acquisition system.

Table 3. Physical and mechanical properties of aluminum alloy.

Major Properties Al7075-T6
Yield strength 455 MPa
Tensile Strength 524 MPa
Density 2850 Kg/m?
Elastic modulus 70.3 GPa
Hardness HB 150 (kgf/mm?)
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Table 4. Detailed information about the cutting tools.

Information Parameter
Type Seltene-D12 (vertical milling cutter)
Material Tungsten carbide
Coating compound coating
Tooth 4
Diameter 12 mm
Helix angle 35°

A total of 25 groups of 3 factors and 5 levels of milling experiments were designed
by Minitab 22.3. The 3 factors were spindle speed #, feed rate vr and cutting depth ap,
respectively. Specific cutting parameters are shown in Table 5. Machining deformation
was measured using a Pioneer RP610M touch-trigger probe. A total of 30 measurement
points were sampled on each workpiece, with their spatial distribution shown in Figure
5. In total, 25 experimental runs were conducted, among which 21 were used for model
training and the remaining 4 were reserved for independent testing and validation. The
testing and validation cases were selected with the objective of covering the cutting
parameter space as broadly as possible, rather than being randomly chosen. Although the
testing cases do not exhaustively cover the entire parameter space, they were intentionally
distributed across different machining conditions to assess the predictive performance of
the proposed model under representative scenarios. Each experimental run included 30
sets of measurement data, resulting in 750 data samples in total. The cutting processing
parameters of each group of experiments are shown in Table 6 (part of the content; the
rest of the details are given in Appendix Al).

The deformation error at each measurement point was defined as the deviation
between the measured coordinate value and the corresponding nominal coordinate in the
CAD model. Prior to machining, the workpiece was aligned and zero-referenced using
the probing system to ensure consistency between the machine coordinate system and the
nominal design geometry. The deformation error was calculated as:

E; = Zieasured,i — Znominal,i (39)

where E; denotes the deformation error at the i-th measurement point.

Table 5. Cutting parameters of each level value.

Test n (rpm) ap (mm) vf (mm/min)
1 4400 0.1 700
2 4800 0.15 800
3 5200 0.2 900
4 5600 0.3 1000
5 6000 04 1100
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 J
—= Tool path @ Measurement points
Figure 5. Schematic diagram of measuring points and tool path.
Table 6. Experimental table for cutting parameters (part of the content).
Test n(@pm) ap(mm) vs(mm/min) Average Deformation Error (mm)
1 0.1 4400 700 0.0554
2 0.1 4800 800 0.0926
3 0.1 5200 900 0.0823
4 0.1 5600 1000 0.1083
5 0.1 6000 1100 0.1038
21 0.4 4400 1100 0.1257
22 0.4 4800 700 0.1425
23 0.4 5200 800 0.1461
24 0.4 5600 900 0.1212
25 0.4 6000 1000 0.1438

3.2. Multi-Source Signals Dynamic Processing

Machining power consumption information and vibration signals during the cutting
process were collected using a machine tool energy consumption monitoring system and
vibration sensors, respectively. The acquired signals were first segmented to extract the
portions corresponding to the effective cutting stage. Subsequently, signal denoising was
performed. Considering the presence of low-frequency structural drift and high-
frequency measurement noise, a fourth-order Butterworth band-pass filter (50-450 Hz)
was applied to the raw vibration signals. The original sampling frequency was 1000 Hz,
and zero-phase filtering was implemented using a forward-backward filtering scheme to
avoid phase distortion. The filtered signals were then used for feature extraction.

Time-domain, frequency-domain, and time-frequency-domain features were
extracted from both the spindle power signals and vibration signals. Specifically, eight
features were extracted in the time domain, five features in the frequency domain, and
one feature in the time—frequency domain for each signal, resulting in a total of 14 features
per signal. Together with the structural flexibility feature and three cutting parameters,
each data sample consisted of 31 features, which were used for model training.

Kernel principal component analysis (KPCA) was employed to fuse and reduce the
dimensionality of the extracted features. A radial basis function was selected as the kernel
function of KPCA. The principal components obtained after feature fusion and their
cumulative contribution rates were analyzed. The contribution rates of the first ten
principal components are shown in Figure 6, where the blue bars represent the
contribution of each principal component and the red curve denotes the cumulative
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contribution rate. Principal components with a cumulative contribution rate exceeding
95% were selected as the inputs of the prediction model.

110 : T : : : : : ; :

© © © © b

Contribution rate(%)
s W N
(=} (=) (=]

(o8]
(=1
T

20 B Contribution rate 1

—©— Cumulative contribution rate

1 2 3 4 5 6 7 8 9 10
Principal components

Figure 6. Principal component contribution rate.

4. Results and Discussion

The offline training of the proposed model was conducted in MATLAB R2024a. A
total of 630 observations from Experiments 1-9 and Experiments 12-23 were used as the
training dataset, while the remaining experiments were reserved for testing and
validation. As the iterative process proceeded, the prediction error gradually converged
to a stable level, and the entire training process required approximately 1.24 s. This
computational efficiency provides a solid foundation for deploying the model on
machining centers for online measurement of machining-induced deformation in thin-
walled components.

After model training, the prediction accuracy was evaluated using the testing dataset.
The root mean square errors (RMSE) was employed as a quantitative performance metric,
with its definition given in Equation (30). A comparison between the predicted and
measured deformation values for the testing dataset is shown in Figure 7. Data points
closer to the reference line indicate better predictive performance, while the dashed lines
represent +10% error bounds.

m
1
RMSE= | =" (y; = 5)° (39)
i=1

where m is the number of samples, and y; and ¥, are the experimental and predicted
values, respectively.

A comparison between the predicted and measured deformation values for the
validation sets (Exp.10 and Exp.11) and the testing sets (Exp.24 and Exp.25) is illustrated
in Figure 8. The measured deformation is represented by the blue curves, while the
predicted results are shown by the orange curves. A higher degree of overlap between the
two curves indicates better prediction accuracy. The RMSE are 8.079 um, 12.802 um, 7.530
pm, and 6.698 um, respectively, with R? values of 0.9594, 0.8980, 0.9763, and 0.9823. These
results demonstrate a strong agreement between the predicted and experimental values,
indicating that the proposed model is capable of effectively capturing the variation trend
of machining-induced deformation.
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Figure 7. Error comparison between predicted and experimental results for the test sets.
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Figure 8. Comparison between predicted and experimental deformation error results.

The relationship between machining deformation error and spindle power as well as
vibration amplitude is illustrated in Figure 9. It can be observed that the machining
deformation error exhibits a consistent trend with spindle power, indicating that the
deformation increases as the spindle power rises. This phenomenon can be attributed to

two main factors.

1. With the increase in energy input to the machining system, the internal energy stored
in the workpiece correspondingly increases, which serves as a primary source of
machining-induced residual stress. For aluminum alloy thin-walled components
with a thickness of less than 2 mm, the influence of residual stress on deformation is

particularly significant.

2. Spindle power reflects the material removal rate to a certain extent. An increase in
spindle power implies higher cutting parameters, which intensifies the dynamic
loading acting on weakly rigid structures during machining and leads to more

pronounced elastic recovery deformation after cutting.

Similarly, the vibration amplitude shows the same trend with machining
deformation error. As the energy input and cutting parameters increase, the stability of
the cutting process deteriorates, resulting in higher vibration amplitudes, which further

aggravate the overall deformation error of the workpiece.
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It should also be noted that variations in tool wear during machining are indirectly
reflected in the evolution of spindle power and vibration signals. Since these dynamic
signals are continuously incorporated into the proposed prediction framework, the model
maintains adaptability to gradual changes in tool condition, without relying on fixed
process parameters.

0.1 5

y are the projections of @

0.09 on different planes respectively.

_0.08

=
> 2
X 2
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=)
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L
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Figure 9. Correlation between deformation error, spindle power, and vibration.

Taking Exp.15 as an example, the spatial distribution of machining deformation error
in the thin-walled workpiece is analyzed, as shown in Figure 10. The deformation error
distribution exhibits the following characteristics.

1. Along the x-direction of the workpiece, the deformation error near both sides is
relatively small with minor fluctuations, while the deformation error gradually
increases from the two sides toward the central region.

2. Along the y-direction, the deformation error presents a wave-like trend,
characterized by an initial increase, followed by a decrease, and then a subsequent
increase.

This deformation error pattern is mainly attributed to the geometric characteristics
and boundary constraints of the workpiece. The two sides are rigidly constrained by
fixtures, resulting in higher local stiffness, whereas the central region exhibits relatively
lower structural stiffness. Moreover, the deformation error near the edges of the central
region is significantly larger than that at the center. These regions are partially
unsupported during machining, where material support is limited and structural rigidity
is weakest. Consequently, more pronounced elastic recovery and vibration amplification
occur in these areas.

Although a flat thin plate is used as the validation case in this study, the observed
stiffness-dependent deformation distribution demonstrates the fundamental role of
structural flexibility in machining-induced deformation. In practical aerospace
manufacturing, similar mechanisms become more prominent in thin-walled pocket
milling, where cavity geometries lead to non-uniform stiffness distribution and varying
boundary conditions. The integration of dynamic machining signals and structural
flexibility in the proposed framework therefore provides a systematic basis for extension
to such more complex thin-walled structures.
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Figure 10. Exp.15 Processing deformation error distribution.

5. Conclusions and Future Work

This study focuses on the machining deformation error prediction of aluminum alloy
thin-walled components during milling processes. A deformation error prediction
method integrating multi-source dynamic signals and structural mechanical
characteristics is proposed, and its effectiveness is validated through systematic
experiments. The main conclusions are summarized as follows:

1. A deformation error prediction framework integrating dynamic signals and
structural flexibility was established. Spindle power signals, vibration signals, and
structural flexibility features derived from Kirchhoff-Love plate theory were jointly
incorporated to construct the mapping relationship between machining process
characteristics and deformation of thin-walled components. The experimental results
demonstrate that the proposed model maintains stable prediction performance
under different machining conditions, with good agreement between predicted and
measured deformation error values.

2. The influence of machining energy representation on deformation error prediction
accuracy was verified. Spindle power was introduced as a comprehensive indicator
of machining energy to indirectly characterize material removal behavior, cutting
load variations, and residual stress accumulation during milling. The experimental
analysis indicates a clear correlation between spindle power and machining
deformation error. Combined with the nonlinear modeling capability of machine
learning, incorporating spindle power effectively improves prediction accuracy and
model robustness.

3. Fast prediction performance suitable for online application was achieved. The
proposed prediction model exhibits rapid convergence and low computational cost
in the MATLAB environment. The short prediction time provides a foundation for
potential online deformation error prediction and decision support in practical CNC
machining of thin-walled components.

Future work will focus on two main aspects. First, additional physically meaningful
constraints related to cutting mechanics and material removal mechanisms will be
incorporated to further enhance model generalization capability while reducing model
complexity. Second, the proposed method will be extended to thin-walled aerospace
components with more complex geometries and boundary conditions, aiming to establish
a more universal deformation error prediction framework applicable to diverse
machining scenarios.
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Appendix A

Table Al. Experimental table for cutting parameters.

Test n(rpm) ap(mm) v (mm/min) Average Deformation Error (mm)
1 0.1 4400 700 0.0554
2 0.1 4800 800 0.0926
3 0.1 5200 900 0.0823
4 0.1 5600 1000 0.1083
5 0.1 6000 1100 0.1038
6 0.15 4400 800 0.0762
7 0.15 4800 900 0.107
8 0.15 5200 1000 0.0914
9 0.15 5600 1100 0.0934

10 0.15 6000 700 0.1041
11 0.2 4400 900 0.1181
12 0.2 4800 1000 0.1092
13 0.2 5200 1100 0.1371
14 0.2 5600 700 0.1064
15 0.2 6000 800 0.1022
16 0.3 4400 1000 0.1016
17 0.3 4800 1100 0.1561
18 0.3 5200 700 0.144

19 0.3 5600 800 0.1296
20 0.3 6000 900 0.1294
21 0.4 4400 1100 0.1257
22 04 4800 700 0.1425
23 04 5200 800 0.1461
24 04 5600 900 0.1212
25 04 6000 1000 0.1438
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