Rapid prediction and optimization of mechanical response of the CEPC detector barrel yoke based
on machine learning surrogate models
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The Circular Electron-Positron Collider (CEPC) is a critical large-scale scientific facility for high-energy
physics research. The barrel yoke, as the outermost and fundamental detector component, requires continuous
design optimization. Conventional finite element analysis (FEA)-based optimization suffers from low computa-
tional efficiency. To address this, we propose a rapid mechanical response prediction and optimization method
using machine learning surrogate models. Four algorithms—Ridge regression, extreme gradient boosting (XG-
Boost), support vector regression (SVR), and multilayer perceptron (MLP)—are trained on FEA data to predict
maximum deformation and equivalent stress. All nonlinear models outperform the linear Ridge baseline; SVR
achieves the best test R? of 0.9998 (maximum deformation) and 0.9651 (maximum equivalent stress). Using
the SVR surrogates in conjunction with sequential least squares programming (SLSQP), we optimize the end-
flange structural parameters. FEA validation yields prediction errors of 1.17% for maximum deformation and
0.52% for maximum equivalent stress, while optimization time is reduced from dozens of hours to minutes.
This approach effectively increases optimization efficiency and provides a reusable framework for the rapid
optimization of other subdetector mechanical structures.
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1 I. INTRODUCTION s on repeated Finite Element Analysis (FEA), where every ad-
a1 justment of design parameters requires a complete re-run of

:  With the discovery of the Higgs boson, the focus of par- % the simulation, resulting in a long optimization cycle and low

s ticle physics research has shifted to the high-precision mea- % computational efficiency.

surement of its properties [1, 2]. The proton—proton collision

I

s mechanism of the Large Hadron Collider (LHC) suffers from - 1;175500 -
s inherent limitations, including uncertainty in the initial state oy } . -
7 and high background noise, which restrict the effective identi- Sl ——b e ———

s fication of Higgs events. The Circular Electron-Positron Col- | — Magnet —

lider (CEPC) scheme proposed by Chinese scientists adopts
o electron—positron collisions, which feature a well-defined ini-
1 tial state and low background noise, enabling efficient pro- i Barsl OTK)
2 duction of Higgs events [3-5]. The CEPC is designed with
s a higher luminosity, which imposes more stringent require-
12 ments on the performance of its detector system.

15 The structural layout of the CEPC detector is shown in
16 Fig. 1, where the outermost component is the yoke [6]. The
7 functions of the yoke are to form a return path for the mag-
s netic flux of the solenoid superconducting magnet and pro-
s vide support for all of the internal subdetectors and related ==
o components [7]. In addition, the yoke must provide instal- {11 f—— = = AL

1 lation space for the muon detectors and absorb all particles 1240_ 1240_
except muons [8]. The yoke is divided into the barrel yoke

s and the end yokes. The barrel yoke, which provides structural Fig. 1. Structural layout of the CEPC detector.

24 support and fixation for the internal subdetectors and related
s components, is the most critical large-scale structural compo-
nent of the CEPC detector.

2z To meet the precision requirements of the CEPC detector,
the barrel yoke requires continuous optimization during the
s design phase. The conventional optimization workflow relies
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s In recent years, machine learning surrogate models have
a5 attracted widespread attention and have been increasingly
s applied in structural design optimization [9]. By replacing
a7 high-fidelity numerical simulations with computationally ef-
ss ficient approximate mathematical models, surrogate models
3 significantly improve computational efficiency while main-
40 taining prediction accuracy, thereby establishing a vital tech-
4 nical pathway for the optimization of complex engineer-
42 ing structures. Various surrogate modeling methods have
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been adopted globally for structural optimization. For in-
stance, Kriging models and their variants have been exten-
sively used in the lightweight design and uncertainty quantifi-
cation of aerospace structures [10], while artificial neural net-
works have demonstrated strong nonlinear fitting capabilities
in damage identification and response prediction for civil en-
gineering structures [11]. In addition, support vector regres-
sion, leveraging its excellent generalization performance with
small sample sizes, has been successfully applied to the pa-
rameter optimization of mechanical structures [12]. However,
existing research on surrogate-based optimization has pre-
dominantly focused on conventional-scale mechanical com-
ponents or civil engineering structures, with relatively few
studies addressing ultra-large-scale scientific facilities. The
barrel yoke structure of the CEPC detector is characterized
by its ultra-large dimensions, multi-layered staggered con-
nections, and coupled multi-physics constraints. The com-
plex mapping relationship between its mechanical responses
and structural parameters imposes higher demands on the pre-
diction accuracy, generalization capability, and optimization
efficiency of surrogate models.

To address the aforementioned issues, this paper re-
places time-consuming FEA with machine learning surro-
gate models. A training dataset is constructed through Latin
Hypercube Sampling (LHS), and both a linear regression
method (Ridge regression) and several nonlinear regression
algorithms—including support vector regression (SVR), ex-
treme gradient boosting (XGBoost), and multi-layer percep-
tron (MLP)—are employed to develop rapid prediction mod-
els for the mechanical response of the barrel yoke structure.
The predictive performance of each algorithm is systemati-
cally compared, and the optimal surrogate models are sub-
sequently integrated with the Sequential Least Squares Pro-
gramming (SLSQP) gradient-based optimization algorithm to
achieve automatic optimization of the structural parameters.
The overall flowchart of this study is illustrated in Fig. 2.
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Fig. 2. Study flowchart.

The main features of this work are as follows: (1) the appli-
cation of machine learning surrogate models to the structural
optimization of the CEPC detector barrel yoke extends the
applicability of surrogate modeling methods to the domain
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comparative analysis of four representative algorithms (linear
model, kernel method, ensemble learning, and deep learning),
the basis for surrogate model selection tailored to this class of
complex structures is established; (3) a complete technical
chain of “parametric modeling—LHS sampling—multi-model
comparative evaluation—surrogate-based optimization—-FEA
validation” is established, providing a reusable methodolog-
ical framework for the rapid iterative optimization of similar
ultra-large-scale detector structures.

II. BARREL YOKE AND DATASET ACQUISITION

A. Parameters of barrel yoke

The barrel yoke structure of the CEPC detector is shown in
Fig. 3. It consists of a polygonal staggered laminated struc-
ture composed of 12 barrel yoke modules [13] and two end
flanges. This structure is referred to as the inter-supporting
barrel yoke structure [6]. Through the synergistic bearing of
the modules and end flanges, the realization of the structure’s
inter-supporting function is enabled.

|+
2 end flanges

Fig. 3. Inter-supporting structure of the barrel yoke.

Inter-supporting
barrel yoke

12 modules

The structure and dimensions of the module are shown in
Fig. 4 and Fig. 5. Each steel plate has a thickness of 100 mm,
totaling 7 layers. The installation gap for the muon detectors
in each layer is 40 mm, allowing the installation of 6 layers of
muon detectors. The installation gap for the muon detectors
in each layer of the module is divided into two sections by the
isolation strips [6].

Isolation strips

Fig. 4. Structure of the module.

The structure of the end flange is shown in Fig. 6. The

of large-scale scientific engineering; (2) through a systematic 110 structure features a dodecagonal inner boundary and an octag-
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Fig. 5. Dimensional parameters of the module: (a) Z-direction view,
(b) YZ-plane cross-sectional view

onal outer boundary, and the lower part of the outer boundary
is equipped with a flange that extends to the bottom [6].

Fig. 6. Structure of the end flange. (a) w is the bottom support width,
(b) t is the thickness.

B. Dataset acquisition

The design of the barrel yoke modules already satisfies the
physical requirements of the muon detectors and the solenoid
superconducting magnet. Parameters such as plate thickness,
installation gaps, and the layout of isolation strips are strictly
governed by the detector’s physical specifications and are
therefore excluded from the optimization. Accordingly, the
optimization effort is directed toward the end flange struc-
ture. As a critical load-transferring component connecting
the barrel yoke modules to the bottom support, the end flange
has geometric parameters that directly influence the stiffness
and strength distribution of the overall barrel yoke structure.
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The remaining geometric parameters of the end flange, such
as the inner boundary dimensions and the outer boundary di-
mensions of the upper half, are determined by the external
dimensions of the barrel yoke and the overall layout of the
detector, leaving limited room for independent adjustment.
Structural analysis reveals that increasing the bottom support
area of the end flange enhances the stiffness and strength of
the barrel yoke, thereby reducing the overall structural de-
formation and stress. The bottom support area of the end
flange is primarily determined by two parameters: the thick-
ness (t) and the bottom support width (w). Increasing either
the thickness or the bottom support width enlarges the bot-
tom support area, thereby influencing the mechanical perfor-
mance of the barrel yoke structure. The thickness (¢) and
the bottom support width (w) of the end flange are selected
as design variables. Due to design constraints, ¢t and w are
limited within the following ranges: ¢ € [100, 300] mm and
w € [10370, 15000] mm. The lower bound of ¢ is determined
by the geometric dimensions required for fixing the internal
subdetectors [6], while its upper bound is governed by the
actual manufacturing and fabrication processes. The lower
bound of w is set by the dodecagonal outer-profile dimen-
sions resulting from the assembly of the 12 modules of the
barrel yoke, and its upper bound is dictated by the physical
size constraints of the actual underground experimental hall
described in Ref. [6].

A total of 1500 sample points were generated in the fea-
ture parameter space using the Latin Hypercube Sampling
(LHS) method [14]. The sample size was determined based
on the following comprehensive considerations: (1) The de-
sign space in this study involves only two feature parame-
ters and is therefore low-dimensional; 1500 sample points can
achieve dense coverage of the two-dimensional design space,
ensuring the completeness of the training data for the surro-
gate models. (2) The LHS method partitions the value range
of each input feature parameter into several equal subinter-
vals and randomly selects one sample point within each sub-
interval, thereby ensuring uniform filling of the design space,
effectively avoiding the clustering and voids typical of tra-
ditional random sampling, and significantly improving sam-
ple representativeness. (3) Each sample point requires one
complete FEA; the total computational time for 1500 sample
points amounts to approximately 250 hours, which provides
sufficient training data for the surrogate models within an ac-
ceptable one-time time investment. (4) The dataset is divided
into a training set and a test set at an 8:2 ratio; the total sam-
ple size of 1500 ensures that both the training and test sets
possess adequate statistical significance, guaranteeing the ob-

173 jectivity and reliability of the model performance evaluation.
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The maximum deformation (,,,4;) and maximum equivalent
stress (0mqz) Of the barrel yoke are selected as the prediction
targets.

The FEA is performed using the ANSYS software. The
material of the barrel yoke is structural steel (10#), whose
properties are listed in Table 1 [15, 16]. The barrel yoke
structure is assembled from steel plates, and the actual con-
nections are all complex bolted joints, while the contacts ex-
hibit frictional nonlinearity. These factors make the simula-
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tion extremely difficult. Moreover, the current computational
resources are inadequate to carry out the relevant computa-
tions. To facilitate simulation, the complex internal contacts
of the modules are simplified as bonded contact. The con-
tacts between modules and between modules and end flanges
are simplified as bonded contact. To ensure the efficiency of
FEA, the smallest mesh size is set to 50 mm. The fixed sup-
port is the bottom surface of the barrel yoke. The loads mainly
include the self-weight of the barrel yoke and the 2145-ton
gravitational loads of the internal subdetectors and related
components. Among these, the gravitational load of 60 t from
the barrel muon detector is applied to the 12 modules of the
barrel yoke, while the gravitational load of 2085t from the
other internal subdetectors and related components is applied
to the dodecagonal inner boundary on the end flange.

Table 1. Material parameters of structural steel (10#).

Property Value
Density 7850 kgm >
Elastic modulus 206 GPa
Poisson’s ratio 0.3
Tensile strength 335 MPa
Yield strength 205 MPa
Allowable stress 136.7 MPa

After setting up the 1500 sample points, the software au-
tomatically modifies the parametrized barrel yoke model and
executes a fully automated FEA using the same settings as the
previous analysis. Upon completion, the data from each sam-
ple point are extracted, and a training dataset is subsequently
built.

III. SURROGATE MODELS OF MACHINE LEARNING

Surrogate models are essential tools in the field of de-
sign optimization. By replacing high-fidelity numerical mod-
els with computationally inexpensive approximate models,
they can significantly improve computational efficiency while
guaranteeing prediction accuracy. The prediction principles,
model construction, and prediction results of the surrogate
models established by four algorithms, Ridge regression, eX-
treme Gradient Boosting (XGBoost), Support Vector Regres-
sion (SVR), and Multi-Layer Perceptron (MLP), are pre-
sented in the subsequent sections.

A. Ridge regression model
1. Prediction principle

Ridge regression is a linear regression method with L2
regularization constraints [17]. To address the inherent lim-
itations of ordinary linear regression, including excessively
high variance in coefficient estimation, poor numerical stabil-
ity, and degraded generalization capability caused by prone-
ness to overfitting, this method imposes an L2 regularization
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penalty term on the regression coefficients to achieve the op-
timal trade-off between model bias and variance, thereby en-
dowing the model with stronger anti-overfitting performance
and numerical robustness. In this paper, the Ridge regression
model is adopted as the baseline model. The mathematical
expression of the Ridge regression model is given as follows:

Yy =wiT1 +waTo + - +wpxy + b Q)
N p

LOWV) =) (i —5:)* +a ) (w)’ 2
i=1 j=1

W=(XTX+al)'XTy 3)

where L(W) denotes the loss function, the first term is the
sum of squared residuals, and the second term is the L2 regu-
larization term. [V is the number of samples. y; is the ground-
truth value. §); is the predicted value. « is the regularization
strength. p is the number of weights. w; is the weight coeffi-
cient of the model. Equation (3) presents the closed-form ana-
lytical solution of the Ridge regression model, through which
the optimal regression coefficients can be obtained via direct
solution. [ is the identity matrix of order p. By adding the
regularization term o to the diagonal elements of the X7 X
matrix, the permanent invertibility of the matrix can be guar-
anteed, which further enhances the stability and robustness of
the model.

2. Model construction

The core mechanical response indicators of the barrel yoke
include 6,4, and o.,44, With significant differences in nu-
merical magnitude and data distribution characteristics be-
tween the two types of indicators. To ensure the accuracy of
prediction results and the generalization performance of the
models, independent Ridge regression models are constructed
for d,nqr and o,,q., respectively. Model training, hyperpa-
rameter optimization, and performance validation are carried
out separately. The Ridge regression models are mainly im-
plemented based on the scikit-learn and are written in Python.

First, the sample data is read and preprocessed. A normal-
ization method is adopted to map the input features and target
values to the interval [0, 1], eliminating dimensional differ-
ences and numerical magnitude differences between different
indicators and ensuring that the contributions of each feature
to the model are comparable.

Subsequently, dataset splitting is performed, where the en-
tire sample dataset is randomly divided into a training set and
a test set at an 8:2 ratio. The training set is used for model fit-
ting and hyperparameter optimization, while the test set is not
involved in the training process at all and is only used for the
unbiased evaluation of the model’s generalization capability,
ensuring the objectivity of performance validation. The data
splitting is kept consistent for all models in this paper.
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Model hyperparameter optimization is conducted using the
grid search method. Taking the maximization of the coeffi-
cient of determination on the training set as the optimization
objective, the optimal hyperparameters of the models corre-
sponding to the two mechanical response indicators are deter-
mined respectively, ensuring that the model achieves an opti-
mal balance between the fitting effect on the training set and
the generalization capability on the test set. After grid search,
the optimal hyperparameters of the models are obtained as
shown in Table 2. The models are trained using the optimal
hyperparameters, and then the prediction results are output
and subjected to data processing.

Table 2. Hyperparameters of the Ridge regression models.

Hyperparameter Omaz pred. model Omaa pred. model

«@ 0.1 1

Solver sag sag
3. Result

As shown in Fig. 7(a), for the maximum deformation pre-
diction model, the coefficient of determination (R?) and root
mean square error (RMSE) of the training set are 0.9614 and
0.0736 mm, respectively. For the test set, the R? is 0.9648,
and the RMSE is 0.0719 mm. The results of the maximum
deformation prediction model indicate that the model has a
certain reference value. However, in terms of the fitting per-
formance, the prediction accuracy of the model shows ob-
vious deviations under small and large deformation working
conditions, and the model cannot characterize the nonlinear
variation law between maximum deformation and input pa-
rameters. The overall prediction capability of the model is
insufficient, which is difficult to meet the demand for high-
precision prediction.

As shown in Fig. 7(b), for the maximum equivalent stress
prediction model, the R? and RMSE of the training set are
0.8619 and 6.5907 MPa, respectively. For the test set, the
R? is 0.8935, and the RMSE is 5.7887 MPa. This indicates
that the model cannot achieve accurate stress prediction, with
its accuracy far below the acceptable threshold. The scatter
points in the plot deviate significantly from the diagonal line,
which verifies the existence of strong nonlinear mechanical
behavior between the maximum equivalent stress and the end
flange thickness as well as the bottom support width, neces-
sitating the adoption of nonlinear models for fitting. The pre-
dictive capability of the model fails to meet the requirements
for high-precision prediction.

B. SVR model
1. Prediction principle

SVR is an extension of the Support Vector Machine (SVM)
algorithm for regression tasks [18]. By introducing the e-
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Fig. 7. Scatter plots of ground-truth versus predicted values from
the Ridge regression models: (a) §pmaqz prediction model; (b) omaz
prediction model.

insensitive loss function, the SVR algorithm allows a maxi-
mum deviation of ¢ between the predicted and ground-truth
values without incurring any loss. For samples with devia-
tions exceeding this threshold, the loss of the function is cal-
culated via support vectors, and the best model is finally ob-
tained by minimizing the total loss and maximizing the mar-
gin. For nonlinear modeling, features can be mapped into a
high-dimensional feature space through a kernel function be-
fore regression processing is performed. This algorithm ex-
hibits excellent robustness and generalization performance.
The mathematical formulation of the SVR model is given as
follows:

flz)=w-2+b %)

N
Liwb) = glel? + O Lef@) —w) O
i=1

_Jo, |z| <e
FE = e —e e ©
N
fle) =) (i —a))K(zi, ) +b (7

In Equation (4), w is the weight vector of the model, b is the
bias term, and z is the input feature vector. In Equation (5),
the first term represents the model complexity, while the sec-
ond term corresponds to the empirical error. C' is the reg-
ularization penalty coefficient, f(x;) is the predicted value,
and y; is the ground-truth value. Equation (6) defines the -
insensitive loss function. Equation (7) is the prediction func-
tion, where «; and o are Lagrange multipliers satisfying the
constraints «y; - of = 0, a;; > 0, and «f > 0. Only the sam-
ples corresponding to a small number of non-zero Lagrange
multipliers are the support vectors, and K (z;, x) is the kernel
function.
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2. Model construction

The data preprocessing, dataset splitting, and grid search
workflow for the SVR models are consistent with those de-
scribed in Section 3.1.2 for the Ridge regression models. The
models are likewise built using the scikit-learn and are writ-
ten in Python. Independent models are constructed for d,,,4,
and 0,,,4,. After grid search, the optimal hyperparameters of
the models are obtained as shown in Table 3.

Table 3. Hyperparameters of the SVR models.

Hyperparameter Omae pred. model Omaa pred. model

C 10 100

epsilon 0.01 0.5

gamma 0.1 scale

kernel rbf rbf
3. Result

As shown in Fig. 8(a), for the maximum deformation pre-
diction model, the R? and RMSE of the training set are
0.9998 and 0.0057 mm, respectively. For the test set, the R?
is 0.9998, and the RMSE is 0.0056 mm. The ground-truth
values and the corresponding predicted values for both the
training and test sets show excellent agreement, enabling ac-
curate prediction of the maximum deformation of the barrel
yoke structure. The prediction error of the model is controlled
within 0.006 mm, which fully meets the prediction accuracy
requirements for the structural maximum deformation.

As shown in Fig. 8(b), for the maximum equivalent stress
prediction model, the R? and RMSE of the training set are
0.9500 and 3.9634 MPa, respectively. For the test set, the
R? is 0.9651, and the RMSE is 3.3134 MPa. The prediction
error of the model is controlled within 4.0 MPa, satisfying the
prediction accuracy requirements for the structural maximum
equivalent stress. All evaluation metrics of the model on the
test set outperform those on the training set, indicating that
the model is free from overfitting, has successfully captured
the core law of the mechanical response of the barrel yoke
structure, and exhibits excellent generalization capability.

275 SVR
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Fig. 8. Scatter plots of ground-truth versus predicted values from the
SVR model. (a) §mqz prediction model; (b) 0mq. prediction model.
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C. XGBoost model
1. Prediction principle

XGBoost is an efficient optimized ensemble learning al-
gorithm based on the Gradient Boosting Decision Tree
(GBDT) [19]. This algorithm optimizes the loss function by
introducing second-order Taylor expansion, controls model
complexity via regularization terms, and improves computa-
tional efficiency through the approximate splitting algorithm
and histogram algorithm. Combined with techniques such as
column sampling and row sampling, it achieves accurate data
prediction, and exhibits the advantages of fast computation
speed, high prediction accuracy, strong generalization capa-
bility, and native support for missing value handling. The
XGBoost model is an additive model consisting of K regres-
sion decision trees, with its mathematical formulation given
as follows:

K
gz:¢(xz):ka(xz)v fk eF (®)
k=1
N K
L(6) =Y 1 yi) + D Q) ©)
=1 k=1
1 T
Q(fk):fyT+§)\jz:;wJ2 (10)

where K denotes the number of decision trees, F rep-
resents the function space of all regression decision trees.
fr(x;) is the predicted value of sample z; from the k-th tree,
and ; is the final predicted value of sample z;. L(¢) is the
objective function, where the first term is the empirical loss
term. N is the number of samples. I(§;,y;) is the differ-
entiable loss function. The second term is the regularization
term €( fy ), where -y is the regularization coefficient control-
ling the number of leaf nodes. 7' is the number of leaf nodes
of the k-th tree, A is the L2 regularization coefficient control-
ling the weights of leaf nodes, and w; is the weight of the j-th
leaf node.

2. Model construction

The XGBoost models are likewise built using the scikit-
learn and are written in Python. The data preprocessing,
dataset splitting, and grid search workflow are consistent with
Section 3.1.2. Independent models are constructed for .44
and 0,,,4,. After grid search, the optimal hyperparameters of
the models are obtained as shown in Table 4.

3. Result

As shown in Fig. 9(a), for the maximum deformation pre-
diction model, the R? and RMSE of the training set are
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Table 4. Hyperparameters of the XGBoost models.

Hyperparameter Omaz pred. model  0ymqq. pred. model
colsample_bytree 0.7 0.7
learning rate 0.1 0.05
max_depth 3 3
n_estimators 300 300
reg_alpha 0.1 1
reg_lambda 5 5
subsample 0.8 0.8

0.9932 and 0.0309 mm, respectively. For the test set, the R?
is 0.9924, and the RMSE is 0.0334 mm. The ground-truth
values and the corresponding predicted values for both the
training and test sets show close agreement, and the predic-
tion error of the model is controlled within 0.034 mm, which
meets the prediction accuracy requirements for the maximum
structural deformation. From the sample distribution, the
model exhibits satisfactory fitting performance under small
and medium deformation conditions, whereas slight devia-
tions emerge under large deformation conditions with notice-
able prediction errors, demonstrating insufficient fitting and
extrapolation capability for large deformation scenarios. This
is also a prevalent problem inherent to tree-based models in
regions with sparse boundary samples.

As shown in Fig. 9(b), for the maximum equivalent stress
prediction model, the R? and RMSE of the training set are
0.9566 and 3.6964 MPa, respectively. For the test set, the
R? is 0.9569, and the RMSE is 3.6828 MPa. The prediction
error is controlled within 3.7 MPa, satisfying the prediction
accuracy requirements for the maximum equivalent stress of
the structure.
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Fig. 9. Scatter plots of ground-truth versus predicted values from the

XGBoost model. (a) dmaqz prediction model; (b) omas prediction
model.

D. MLP model
1. Prediction principle

The MLP is the most fundamental feedforward neural net-
work model in the field of deep learning. To address the in-
herent limitation that traditional linear models struggle to fit
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complex nonlinear relationships, MLP constructs a hierarchi-
cal feature extraction and transformation structure by intro-
ducing multiple hidden layers and nonlinear activation func-
tions, which realizes deep nonlinear mapping of input data
and exhibits an extremely strong fitting capability for com-
plex functions [20].

The MLP model consists of an input layer, multiple hid-
den layers, and an output layer. Its forward propagation pro-
cess can be expressed as follows: for an input sample =z,
the output hy = o(Wi2 + by) is obtained first through lin-
ear transformation and nonlinear activation in the first hidden
layer. If the model contains multiple hidden layers, the sig-
nal is propagated layer by layer, and the output h; of the I-th
layer is calculated from the output h;_1 of the previous layer:
hy = o(Wih;—1+b;). Finally, the model obtains the predicted
value § = Woythiast + bout through the output layer. Here, o
is the nonlinear activation function, which introduces nonlin-
ear representation capability and enables MLP to fit complex
nonlinear functional relationships. Both the number of hidden
layers and the number of neurons in each layer are hyperpa-
rameters of the model, which determine the network capacity.

The parameter optimization of MLP relies on the back-
propagation algorithm. This algorithm calculates the gradi-
ent of the loss function with respect to the parameters of each
layer using the chain rule, and updates the weights and bi-
ases via the gradient descent algorithm. The mean squared
error (MSE) is usually adopted as its loss function, with the
expression shown in Equation (11). In the equation, NV is the
number of samples, g; is the predicted value, and y; is the
ground-truth value.

1 N
LW,b) = 5 > (G — v)? (11)
i=1

2. Model construction

The MLP models are built on the PyTorch framework, em-
ploying ReLU activation functions, BatchNorm normaliza-
tion, and Dropout regularization, with MSE as the loss func-
tion, Adam as the optimizer, and an early stopping strategy to
prevent overfitting. The data preprocessing and dataset split-
ting scheme are consistent with Section 3.1.2, and indepen-
dent models are constructed for 9,4, and o ,4,- The optimal
hyperparameters of the models are shown in Table 5.

Table 5. Hyperparameters of the MLP models.

Hyperparameter Omaz pred. model Omaz pred. model
(fcl, fc2, fc3) (128, 64, 32) (128, 64, 32)
batch_size 64 64
Epochs 300 400
Lr 0.001 0.0008
Weight decay 1x107° 1x1077
Patience 30 40
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3. Result

As shown in Fig. 10(a), for the maximum deformation
prediction model, the R? and RMSE of the training set are
0.9937 and 0.0296 mm, respectively. For the test set, the
R? is 0.9933, and the RMSE is 0.0313mm. The ground-
truth values and the corresponding predicted values for both
the training and test sets show very close agreement, and the
prediction error of the model is controlled within 0.032 mm,
which meets the prediction accuracy requirements for the
maximum structural deformation. In terms of the fitting per-
formance over the full interval, the model achieves good pre-
diction accuracy under small and medium deformation condi-
tions, with minor prediction deviations occurring under large
deformation conditions. This reflects that the model pos-
sesses a relatively weak fitting ability for sparse samples at
the data boundary and exhibits certain limitations in the pre-
diction of large deformation conditions.

As shown in Fig. 10(b), for the maximum equivalent stress
prediction model, the R? and RMSE of the training set are
0.9520 and 3.8860 MPa, respectively. For the test set, the
R? is 0.9661, and the RMSE is 3.2662 MPa. The prediction
error of the model is controlled within 3.9 MPa, satisfying
the prediction accuracy requirements for the structural stress.
All evaluation metrics of the model on the test set outperform
those on the training set, indicating that the model is free from
overfitting, has successfully captured the core law of the me-
chanical response of the barrel yoke, and exhibits excellent
generalization capability.
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Fig. 10. Scatter plots of ground-truth versus predicted values from
the MLP model. (a) §ynqe prediction model; (b) 0.maqs prediction
model.

IV. RESULT COMPARISON

To quantitatively compare the performance differences
among the four models, the coefficient of determination (R?),
mean absolute error (MAE), and root mean square error
(RMSE) are selected as the quantitative evaluation metrics
for model performance to facilitate comparative analysis. The
formulas for each metric are given as follows:
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S0 (2

(13)

14

where n is the number of samples, y; is the ground-truth
value, §; is the predicted value, and y is the mean of the
ground-truth values of the samples. For the MAE and RMSE,
smaller values indicate a smaller prediction error and higher
prediction accuracy of the model. The R? has a value range
of (—oo, 1]; the closer the value is to 1, the better the fitting
performance of the model on the data, and the stronger the
explanatory power of the model for the target variable.

As can be seen from Figs. 7, 8,9, 10 and 11:

First, there is no significant difference between the evalua-
tion metrics of the training set and test set for all models, and
no overfitting is observed, indicating that the generalization
capability of all models meets the engineering application re-
quirements.

For the prediction of maximum deformation, all nonlinear
models (SVR, XGBoost, MLP) outperform the linear base-
line model (Ridge regression) in prediction accuracy. This
verifies that a nonlinear mapping relationship exists between
the structural deformation and the end flange thickness as
well as the bottom support width, and that nonlinear mod-
els are essential to achieve high-precision prediction. The
SVR model exhibits the optimal performance, with an ex-
tremely high R? on both the training and test sets, reflecting
excellent fitting accuracy. Meanwhile, its MAE and RMSE
are extremely low, meaning the model has the lowest average
prediction deviation and more robust prediction performance
for extreme samples. The MLP and XGBoost models follow,
with slightly lower accuracy than the SVR model but still out-
performing the Ridge regression model.

For the prediction of the maximum equivalent stress, the
nonlinear characteristics are far more pronounced than those
for maximum deformation prediction. The accuracy of the
linear baseline model (Ridge regression) drops sharply, show-
ing a significant gap with the nonlinear models. This directly
confirms the existence of a strong nonlinear mapping rela-
tionship between the structural maximum equivalent stress
and the end flange thickness as well as the bottom support
width, and that nonlinear models are indispensable for high-
precision prediction of this indicator. All three nonlinear
models (SVR, MLP, and XGBoost) exhibit favorable predic-
tion performance, with the test set R? all above 0.95 and the
inter-model difference less than 0.01, indicating that all three
models have excellent fitting capability for the mechanical re-
sponse law of structural stress. Among them, the SVR model
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Fig. 11. Bar charts of evaluation metrics for prediction models based on the four algorithms. (a), (b), (c) are evaluation metrics for the §p,qz
prediction models; (d), (e), (f) are evaluation metrics for the 0,4 prediction models.

achieves the minimum MAE, corresponding to the lowest av-
erage prediction deviation, while the MLP model obtains the
minimum RMSE, presenting more robust prediction for ex-
treme samples.

From the perspective of prediction accuracy and stabil-
ity, the SVR model exhibits more remarkable comprehensive
performance compared with the other three models. Conse-
quently, the SVR model is the most suitable surrogate model
for the prediction of maximum deformation and maximum
equivalent stress of the CEPC detector barrel yoke.

V.  STRUCTURAL OPTIMIZATION BASED ON THE SVR
SURROGATE MODELS AND VALIDATION

According to the design requirements in Reference [6], un-
der the combined loading of the barrel yoke structure’s self-
weight and the gravitational loads of the internal subdetectors
and related components, the maximum deformation of the
barrel yoke must not exceed 2 mm, and the maximum equiv-
alent stress must not exceed the allowable stress. Under these
two constraints, the mass of the end flange must be minimized
to reduce material cost and structural self-weight. In this sec-
tion, the structural optimization problem is formulated under
the above constraints. The SVR surrogate models trained in
Section 3 are employed to replace FEA, and the Sequential
Least Squares Programming (SLSQP) algorithm is adopted
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to realize rapid optimization design of the end flange. The
optimization results are subsequently validated through FEA.

A. Optimization problem formulation

The mass (m) of the end flange can be expressed as a func-
tion of ¢ and w. Based on the geometric model of the end
flange, the relationship between mass and the design variables
is derived as:

m ~ t - (38.9426 + 0.025804 - w) (15)

where ¢ and w are in units of mm, and mm is in units of kg.
Integrating the design constraints and the optimization objec-
tive, the mathematical formulation of the end flange structural
optimization problem is:

min  m(t,w) ~ - (38.9426 4+ 0.025804 - w)
St Omax(t,w) <2 mm

Omaz(t, w) < 136.7 MPa

100 < ¢ < 300 mm

10370 < w < 15000 mm

(16)

where 0,4, (t, w) and 0,4, (¢, w) denote the maximum de-
formation and maximum equivalent stress of the barrel yoke
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structure, respectively. Both are nonlinear implicit functions
of the design variables (¢, w). In conventional optimization
workflows, these quantities must be obtained through FEA.
They are replaced by the trained SVR surrogate model now.

B. Surrogate-model-based optimization method

For this optimization problem, the SVR surrogate models
trained in Section 3 are employed as fast evaluators of the me-
chanical response functions in lieu of FEA. During the opti-
mization process, the optimization algorithm generates can-
didate design points (¢, w) at each iteration, and the SVR
models predict the corresponding 6,4 (¢, w) and 0,44 (¢, w),
which are returned to the optimizer to evaluate the objective
function and constraint satisfaction without invoking an FEA
solver. This approach shifts the dominant computational bur-
den of optimization from FEA solving to the trained SVR
surrogate models. The optimization process is implemented
within the scipy.optimize framework of SciPy and written in
Python [21].

The optimization algorithm adopted is SLSQP, a gradient-
based constrained optimization method built on Lagrangian—
Newton iteration [22]. Its core idea is to approximate the orig-
inal optimization problem as a quadratic programming sub-
problem at the current iterate: the Lagrangian function is ex-
panded to second order via a Taylor series, and the constraint
functions are approximated to first order linearization. The
search direction obtained by solving this subproblem simul-
taneously accounts for the reduction of the objective function
and the satisfaction of the constraints. A one-dimensional line
search is then performed along this direction to determine an
appropriate step size. The algorithm alternates between sub-
problem solution and design-point update until the conver-
gence criterion is satisfied.

SLSQP was selected as the optimization solver for the fol-
lowing reasons: (1) the optimization problem involves only
two design variables and two inequality constraints, constitut-
ing a small-scale continuous optimization problem for which
gradient-based methods are best suited; (2) compared with
metaheuristic methods such as genetic algorithms and parti-
cle swarm optimization, SLSQP leverages gradient informa-
tion to achieve superlinear convergence rates, significantly
reducing the number of objective function evaluations; and
(3) SLSQP can simultaneously handle inequality constraints,
equality constraints, and variable bound constraints, which
fully aligns with the form of the problem at hand.

C. Optimization results, validation, and analysis

The detailed optimization results are presented in Table 6.
The SVR model predicts §,,,4, to be exactly 2 mm, indicating
that deformation is a tight constraint; ¢4, is 94.580 MPa,
well below the allowable stress, indicating a loose constraint.
Therefore, under this loading condition, the stiffness of the
barrel yoke structure is the dominant design-driving factor. It
should be noted that the optimal thickness ¢ = 100 mm lies
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10

exactly at the lower bound of the design variable. This is not a
convergence error caused by model prediction bias or sparse
boundary samples, but rather arises from the geometric con-
straints imposed on the end flange by the fixed dimensions of
the subdetectors. 100 mm is the minimum allowable thick-
ness [6]. Under this engineering constraint, stiffness, rather
than strength, governs the optimal design.

Table 6. Optimization results of the SVR model with SLSQP algo-
rithm.

Parameter Optimal value
t 100 mm
w 12491.28 mm
m 36126.76 kg
Omaz 2mm
Omazx 94.580 MPa

To verify the reliability of the SVR surrogate-model-based
optimization results, an actual finite element model was built
according to the optimal design parameters, and FEA was
performed using exactly the same simulation settings as de-
scribed in Section 2.2. The comparison of the SVR predicted
values and the FEA values is shown in Table 7.

Table 7. Comparison between SVR predictions and FEA simulation
results.

5maz Umaz
SVR predicted value 2.0000 mm 94.580 MPa
FEA value 2.0238 mm 94.087 MPa
Absolute error 0.0236 mm 0.493 MPa
Relative error 1.17% 0.52%

As shown in Table 7, the SVR predictions agree well with
the FEA results. The relative error of 6,42 iS 1.17%. The
FEA value of 2.0238 mm slightly exceeds the 2mm de-
sign limit, which is within an acceptable range and can be
addressed by appropriately tightening the deformation con-
straint to reserve a safety margin. The relative error of 0,4,
i 0.52%. The FEA value of 94.087 MPa remains well below
the allowable stress of 136.7 MPa, providing an ample safety
margin. Fig. 12 shows the total deformation and equivalent
stress contour plots of the optimized barrel yoke structure.

A: Static Structural
Total Deformation
Type: Total Deformation
Unit: mm
Time: 1
2.0238 Max
H 1.7989
1.5741
— 1.3492
1.1243
0.89946
0.6746
0.44973
0.22487
0 Min

A: Static Structural

Equivalent Stress

Type: Equivalent (von-Mises) Stress

Unit: MPa

Time: 1

. 94.087 Max
83.634
73.18

— 62726

D 52273
41.819

= 31365

20911
(@) I

10.458
0.0039467 Min

(b)

Fig. 12. Total deformation and equivalent stress contour plots of the
optimized barrel yoke structure.

The slight prediction deviation of the SVR models at
the optimal solution primarily originates from two sources:



e77 (1) the optimal solution lies in a boundary region of the de-
sign space where the LHS sample density is relatively low;
(2) the SVR model is a smooth regression model that exhibits
a smoothing effect on local nonlinear details. Overall, the de-
viation between the SVR predictions and the FEA results is
within an acceptable range, validating the feasibility and reli-
ability of substituting the SVR surrogate models for FEA in
structural optimization.

In conventional structural optimization, each design pa-
rameter adjustment requires a full FEA evaluation of the me-
chanical response. A single solve takes approximately 20
minutes including pre- and post-processing. If the optimiza-
tion results do not meet the design requirements, engineers
rely on experience to iteratively adjust parameters and recom-
pute, with total time potentially reaching tens of hours. More-
over, manual judgment is prone to becoming trapped in local
optima. In contrast, the proposed SVR surrogate model com-
bined with the SLSQP algorithm can automatically complete
the optimization within seconds and directly output the opti-
mal parameters, after which only a single FEA validation of
the optimal design scheme is required. Consequently, the pro-
posed method shifts the dominant computational burden from
FEA to the surrogate models, reducing the FEA computation
time required for structural optimization from tens of hours to
the order of minutes, while also avoiding the local-optimum
problem inherent in manual optimization.

678
679
680

68

682

68

@

684

685

686

687

688
68

©

690

69

692
693
694
695
696
69

N

698
699
700

70

702

VI. CONCLUSIONS

703

Through structural parameterization and automated FEA,
a dataset of maximum response values for the CEPC detector
barrel yoke under various parameter combinations was ob-
tained. Based on this dataset, four machine learning algo-
rithms, namely Ridge regression, SVR, XGBoost, and MLP,
were respectively employed to construct surrogate models,
and the models were trained and their performance evaluated.
And the optimal surrogate models were combined with the
optimization algorithm to optimize the structural parameters
of the end flange, leading to the following conclusions:
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1. The thickness and bottom support width of the end
flange were selected as the input features of the four
models, and the maximum deformation and maximum
equivalent stress of the barrel yoke were taken as the
prediction output. Through comprehensive analysis of
the evaluation metrics of the four models, the SVR
model is determined to achieve the optimal prediction
performance for both the maximum deformation and
maximum equivalent stress of the CEPC detector bar-
rel yoke.
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724 2. Based on the trained SVR surrogate models combined
with the SLSQP optimization algorithm, automatic op-
timization of the end flange structural parameters was
realized, yielding optimal values of thickness 100 mm
and bottom support width 12491.28 mm. The optimal
design scheme was validated through FEA, with pre-
diction errors of 1.17% for maximum deformation and
0.52% for maximum equivalent stress, showing that
the SVR surrogate model can effectively replace FEA
for structural optimization. Compared with the con-
ventional FEA-based optimization method, which re-
quires several to over ten hours of computation, the pro-
posed method reduces the optimization solution time to
the minute level while maintaining prediction accuracy,
thereby validating the feasibility and efficiency advan-
tages of the SVR surrogate models in the structural op-
timization of the CEPC detector barrel yoke.
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742

Machine-learning-based surrogate models can effec-
tively address the low computational efficiency of
FEA in the optimization of the CEPC detector barrel
yoke, while satisfying the required prediction accuracy.
The technical workflow of ‘“parametric modeling—
LHS sampling—multi-model comparative evaluation—
surrogate-based optimization—FEA validation” estab-
lished in this work provides a reusable methodological
framework for the rapid optimization of other subde-
tector structures.
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