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Abstract: Rubber buffers are one of the most important components for structural vibration
damping in light aircraft. This study presents a finite element model developed using
ABAQUS, which has been experimentally validated. The stiffness of rubber buffers with
varying geometric parameters under different loading conditions was analyzed using
ABAQUS. The stiffness of rubber buffers is predicted via a BP neural network model. A
novel approach integrating the finite element method with neural network analysis is
proposed. This method initially derives buffer stiffness data through the finite element
model, which is subsequently utilized to train the neural network model for predicting
rubber buffer stiffness. The results indicate that both geometric parameters and loading
conditions significantly affect the stiffness of rubber buffers. The proposed integration of
the finite element method and neural network analysis not only reduces time and economic
costs but also enhances calculation accuracy, rendering it more suitable for engineering
applications. Comparative analyses reveal that the prediction accuracy of the BP neural
network ranges from 67.59% to 88.5%, which is higher than that of traditional formulas.
Furthermore, the model demonstrates superior capability in addressing multivariate linear
coupling relationships.

Keywords: rubber buffers; stiffness of rubber; BP neural network; prediction finite ele-
ment model

1. Introduction

The landing gear of an aircraft is an essential component during the landing and
takeoff phases. It is responsible for supporting both dynamic and static loads, thereby
playing a crucial role in absorbing impact energy, maintaining fuselage stability, enhancing
passenger comfort, and ensuring the overall safety of the aircraft during landing [1]. Within
the context of aircraft landing gear, the buffer serves a significant function in mitigating the
forces experienced during landing. There are two primary types of buffers: solid spring
buffers, which are made of steel and rubber, and fluid spring buffers, which are composed
of gas, oil, or liquid. Solid spring buffers are favored in small business aircraft due to their
simplicity, reliability, and ease of maintenance when compared to fluid spring buffers [2].
In the design process of rubber buffers, the stiffness of the rubber is a critical parameter
for evaluating the shock absorption performance of the landing gear and determining
the buffer stroke. Consequently, accurately predicting the stiffness of rubber buffers is
imperative for effective landing gear design.

Rubber buffers are widely used in aerospace, construction, cars, and railway trans-
portation applications [3-7]. Research on the stiffness of rubber buffers has primarily
concentrated on rubber bearings. Rubber bearings consist of alternating layers of rubber
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and steel plates. They are extensively used in various construction and mechanical applica-
tions due to their simple structure, ease of production, and excellent vibration resistance
performance. Wang et al. [8] revised the formula in Chapter 3 of China’s standard spec-
ification for rubber bearings by employing FE analysis. Then, the correction factor for
the vertical stiffness of rubber was derived, taking into account the thickness of a single
rubber block and the number of blocks. However, this coefficient does not account for the
effects of coupling the inner diameter, outer diameter, thickness, and number of rubber
blocks with other factors. Wang et al. [9] conducted research on the vertical compression of
thick rubber bearings based on static test studies. Utilizing ABQUES 2022 FE software, the
analysis focused on the impact of various parameters on the vertical stiffness of thick rubber
bearings. The article explores the changing law of each influencing factor and proposes the
correction coefficients related to vertical pressure and the first shape factor (S1). However,
the first shape correction factor does not describe the relationship between the number of
rubber blocks and stiffness. Chen, Ling yang, and Lang lang Cui used BP neural networks
to predict the vertical stiffness of rubber bearings. The predicted stiffness surpasses both
the normative formula and the modified formula. Chen et al. [10] used BP neural networks
to predict the vertical stiffness of rubber bearings. The predicted stiffness surpasses both
the normative formula and the modified formula. Niu et al. [11] predicted the mechanical
behavior of rubber using an artificial neural network model for the first time. Compared
with traditional artificial neural network models and an artificial neural network optimized
by a traditional particle swarm optimization, the proposed model increases the accuracy
by 56.5% and 26.5%, respectively. It can be seen that the finite element method [12] and
machine learning demonstrate significant potential for solving scientific and engineering
problems in different fields [13]. The existing body of research on rubber bearings has
predominantly concentrated on the construction sector. When these theoretical frameworks
are applied to the aerospace domain, they yield low computational accuracy and slow pro-
cessing speeds and fail to accurately calculate buffer stiffness in the context of multifactor
coupling. How to model the multifactor coupling of rubber buffers is a significant scientific
problem as well as an urgent engineering problem. Up to now, the methods to calculate
the stiffness of the rubber buffers under the combined effect of shape and pressure have
also been absent, which is unfavorable to the further development of rubber materials
and products. The accuracy of traditional theoretical research concerning the constitutive
models of rubber materials is inherently limited. In recent years, the development of
machine learning techniques has made accurate prediction possible. It is worth noting that
the present study is restricted to specific material properties. While the results obtained
are promising, further validation across a wider range of configurations and materials is
necessary to fully assess the generalizability of the proposed method. Future research will
concentrate on expanding the validation of the proposed methodology to encompass a
broader range of buffer configurations, including different inner diameters and alternative
rubber materials. Additionally, the impact of environmental factors, such as temperature
and aging, on the stiffness of rubber buffers will be investigated to further enhance the
model’s generalization capabilities.

In this study, both experimental and simulation analyses were conducted on the rubber
buffer of the landing gear of a light aircraft. A refined ABAQUS FE model, which was
experimentally validated, was established to explore the relationship between various
shape parameters of the buffer and its stiffness. For the first time, the stiffness of the
aircraft’s rubber buffer was predicted by a BP neural network model. The BP neural network
was then compared with the traditional formula and the modified formula. The results
indicate that the BP neural network demonstrates high prediction accuracy. The correlation
coefficients between the BP neural network prediction results and the experimental results
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are close to 1. This indicates that it is feasible to calculate and predict the stiffness of the
rubber buffer in light aircraft using the BP neural network. Furthermore, the BP neural
network model is more effective in addressing the multivariate linear coupling relationships
than traditional fitting methods.

2. Experiment and Simulation
2.1. Specimen

This section introduces the basic information about the rubber block and its constant
rate compression test.

The specimens in this paper are hollow cylinders machined from nitrile rubber. The
outer diameter of the specimen is 95 mm, the inner diameter is 25 mm, and the height is
63 mm. The hardness of the rubber is 70.5. The aluminum spacer has a thickness of 1.5 mm,
an outer diameter of 102 mm, and an inner diameter of 25 mm. The construction of the
specimen is illustrated in Figure 1.

D

T N

N aluminum spacer

/ rubber

/ aluminum spacer

[ vid

Figure 1. Geometry of test piece construction, where D is outer diameter, 4 is inner diameter, ¢, is
rubber thickness, and 7 is the number of rubber layers.

2.2. Experiments

This rubber buffer static test loading device utilizes a maximum test force of 100 kN
and is compatible with the MTS Landmark fatigue testing machine model, as shown in
Figure 2a,b. Experimental environment testing equipment using temperature and humidity
meter model HTC-1.Experimental measuring equipment includes digital calipers with an
accuracy of 0.01 mm. The vertical stiffness of the rubber buffers was tested in accordance
with the experimental specification “General Requirements for Static Strength Tests of
Aircraft Structures HB 7713-2002” [14]. Vertical compress pressure is applied gradually in
three stages, with an unloading interval of 30 min between each application. This process
ensures that the rubber buffer fully rebounds before the next loading. All three loading
rates were set at 8 mm/min. The limiting load was the maximum load for normal use
of the buffer, while the preload was 45% of the limiting load, and the limiting load was
defined as 150% of the limiting load.

The first loading load was 12,388 N, which was gradually reduced to zero over a
period of 30 s. The second loading force was 27,527 N, maintained for 30 s before unloading
to zero. The third loading force was 41,291 N, sustained for 3 s without damage.
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Figure 2. The experimental setup and loading detail. (a) The experimental setup. (b) The loading
detail diagram.

2.3. Simulation of Experiment

This paper uses ABAQUS2022 to establish an FE model. As shown in Figure 3, the
specimen for static compression consists of a rubber layer and an aluminum spacer. The
aluminum spacer is on two sides of the rubber layers. The contact mode between the
rubber block and the aluminum spacer is defined by two key interactions: tangential
behavior, which pertains to friction, and normal behavior, which refers to hard contact.
Due to the static test, clamps are used to secure the rubber layer and aluminum spacer,
preventing fluctuations in the horizontal direction. In practice, a metal rod passes through
the buffer bore to connect the rubber layer in series with the aluminum spacer. Therefore,
five degrees of freedom, excluding the vertical movement of the center hole of the entire
specimen, are restricted by the constraints. Additionally, the lower surface of the lowest
aluminum spacer is constrained in all six degrees of freedom. The meshes are composed
entirely of C3D8R elements, which effectively represent the nonlinear processes involved
in rubber deformation. Due to the significant deformation of the hyperelastic mesh of the
rubber material, which results in pronounced geometric nonlinearities within the model,
an implicit dynamics solver is employed. The vertical stiffness can be calculated during
post-processing by measuring the vertical reaction force at the center of the lower surface
and the vertical displacement at the center of the upper surface. Stiffness is defined as

_FN—F
XN — X1

k (1)
where Fy is the load at the end of the simulation, F; is the load at the end of the last
simulation, xy is the displacement at the end of the simulation, and x; is the displacement
at the end of the last simulation.
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Figure 3. Finite element model of rubber buffer.

A bilinear material with isotropic hardening was utilized to model the aluminum
spacer. The Young’s modulus was set to 70 GPa, and the Poisson’s ratio was set to 0.32. In
addition, the yield and ultimate strengths were 193 MPa and 228 MPa, respectively.

In this paper, the Mooney-Rivlin model is used to simulate the rubber layer material.
The Mooney-Rivlin [15-18] model is one of the most commonly used intrinsic models for
hyperelastic materials and is widely applied to the deformation of elastomers in engineer-
ing [19]. The mechanical properties of rubber materials can be effectively characterized
within a specific range using the Mooney-Rivlin model equation.

1
W =Cio(h =3) + Cor(l2 = 3) + - (1 =177 @
where [ and I are the first and second invariants of the deformation tensor, respectively.
C1p and Cy; are the material constants of rubber, and D; is the incompressible parameters.
The modulus of elasticity and the shear modulus of rubber materials exhibit the
following relationship under specific conditions.

Eo
C=20+0) ©)
where G is shear modulus of rubber, and v is the rubber Poisson’s ratio of 0.5.
Thus, Ey = 3G, and the relationship between G and Cj, Co; is

E

G= 30 =2(Cy0+Cor1) 4)
C

Ep = 6Co(1+ -2 5)

Cio

Based on previous experimental data, the following relationship can be established.
IgE, = 0.0198H, — 0.543 (6)

The known rubber hardness can be converted to the modulus of elasticity using
Formula (6). Subsequently, this can be calculated by Formula (5), provided that the ratio of
the relevant parameters Cyg, Cp; is determined [20]. In practical applications, measuring
rubber hardness is relatively straightforward, making it easier to obtain the material
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parameters using this method. Three sets of data are selected and input into ABAQUS,
where Equation (5) is employed to calculate three different sets of values, as shown in
the accompanying Table 1. According to the simulation results depicted in the Figure 4,
it is evident that the material parameters for CS-2 are closest to the experimental values;
therefore, this parameter is selected.

Table 1. The parameters of rubber material.

Co Co1 C10/Co1
CS-1 0.958 0.231 0.241
CS-2 0.995 0.194 0.195
CS-3 1.161 0.028 0.024
5
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Figure 4. Simulation of rubber buffer specimen.

The ABAQUS FE simulation of the preloading experiment, limiting load experiment,
and ultimate load experiment was conducted, resulting in the load—displacement curve
presented in Figure 5. The stress distribution and deformation of the rubber buffer under
various vertical pressures are illustrated in Figure 6.

Force (KN)
Force (KN)
Force (KN)

—e— experiment —e— experiment -0

—e— experiment
—&— simulation 30 | —— simulation —e— simulation

£ L gy s s L ey
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Figure 5. Comparison between numerical and experimental results.
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Figure 6. Stress distribution and deformation of rubber buffers under different vertical pressures.

3. Parametric FE Analysis
3.1. Analysis Parameters

The BP neural network modeling is achieved through the iterative training of samples,
necessitating the use of multiple sets of raw data. This section presents an extensive
parametric analysis of the effects of vertical stiffness using the FE models discussed in
the previous section. A series of three-dimensional FE models of rubber buffers were
developed using ABAQUS, based on buffer specimens from previous studies. The detailed
geometric parameters of the buffers are shown in Table 2. These buffers are commonly
used in practical engineering. The analysis considers different values of outer diameter
(D), rubber thickness (f,), vertical pressure (P), and the number of rubber layers (n). The
thickness of the aluminum spacer was kept constant for all buffers. It is important to note
that while the inner diameter of the rubber buffer significantly affects stiffness, variations in
the inner diameter was not considered in this study. A more comprehensive study should
include the rubber buffer’s inner diameter as a critical variable. The vertical pressures
applied during the experiment were 2 MPa, 4.4 MPa, and 6.6 MPa.

Table 2. Details of FE models.

Model D/ d/ tr/ HS G

ID mm mm mm N/mm? " GPa
CL1 95 25 63 70.5 1 0.96
CL2 95 25 63 70.5 2 0.96
CL3 95 25 63 70.5 3 0.96
CL4 95 25 63 70.5 4 0.96
CL5 95 25 63 70.5 5 0.96
D105 105 25 63 70.5 6 0.96
D95/CL6/GS6 95 25 63 70.5 6 0.96
D85 85 25 63 70.5 6 0.96
D75 75 25 63 70.5 6 0.96
GS1 95 25 393 70.5 1 0.96
GS2 95 25 195 70.5 2 0.96
GS3 95 25 129 70.5 3 0.96
G54 95 25 96 70.5 4 0.96
GS5 95 25 76.2 70.5 5 0.96
DK1 95 25 73 70.5 1 0.96
DK2 95 25 73 70.5 2 0.96
DK3 95 25 73 70.5 3 0.96
DK4 95 25 73 70.5 4 0.96
DK5 95 25 73 70.5 5 0.96
DK6 95 25 73 70.5 6 0.96




Aerospace 2025, 12, 253

8 of 19

3.2. Discussion of Results

The collected force—displacement relationships of rubber buffers under different shapes
are shown in Figure 7. The load from 0 to a predetermined pressure is gradually applied
incrementally in the FE model. The slope of each load—-displacement curve at a specific
point represents the stiffness of the rubber buffer at the corresponding pressure. The
collected force-displacement shows the nonlinear phenomenon of rubber.

The load-displacement curves derived from the rubber buffers designated as CL1
to CL6, as presented in Table 2, are shown in Figure 7a—c. The figure illustrates that the
stiffness of the rubber buffers decreases with an increase in the number of rubber layers
under varying loads. Furthermore, the number of rubber layers significantly influences the
stiffness of the buffers.

To maintain a constant total height of the rubber buffer while increasing the number
of rubber layers, the load—displacement curves for the rubber buffers designated GS1 to
GS6, as presented in Table 2, are shown in Figure 7e—g. Due to the increase in the number
of rubber layers, the number of layers of the aluminum spacer also increases. The increase
in the number of aluminum spacers leads to an enhancement in the vertical stiffness of the
buffer. Furthermore, an increase in the number of layers results in a reduction in both the
vertical and lateral deformations.

In comparison to other parameters, the quantity of rubber layers exerts the least
influence on the stiffness when the total height of the rubber buffer remains constant. The
load—displacement curves obtained from the rubber buffers designated D105 to D75, as
presented in Table 2, are shown in Figure 7g—i. It is evident that the vertical stiffness exhibits
an increase corresponding to the enlargement of the outer diameter of the buffer.

The data presented in Table 2 indicate that all buffer stiffness values increase with
rising vertical pressure. This observation suggests that, in addition to the shape factor
of the buffer itself, the load applied to the front landing gear is a significant variable to
consider when predicting buffer stiffness.

Pearson’s correlation coefficient is a statistical metric that quantifies the extent of linear
correlation between two variables. The coefficient ranges from —1 to 1, where a value of
1 indicates a perfect positive correlation, —1 signifies a perfect negative correlation, and
0 denotes the absence of any linear correlation [21]. Table 3 indicates that outer diameter
and vertical pressure are positively correlated with vertical stiffness. Rubber thickness and
the number of rubber layers are negatively correlated with vertical stiffness. The Pearson
correlation coefficients between outer diameter, rubber thickness, the number of rubber
layers, vertical pressure, and the vertical stiffness are 0.170, —0.178, —0.544 and 0.357,
respectively. It can be seen that the number of rubber layers and vertical pressure have a
great influence on the vertical stiffness of the buffer.

Table 3. The correlation analysis between outer diameter, rubber thickness, the number of rubber
layers, vertical pressure, and the vertical stiffness.

Pearson D (mm) t, (mm) n P(Mpa) K (N/mm)
Correlation
D (mm) 1
ty (mm) 0.079 1
n —0.234 —0.457 1
P (Mpa) —0.002 0.003 0.031 1

K (N/mm) 0.170 —0.178 —0.544 0.357 1
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Figure 7. FE model load-displacement curve: (a) P; =2 Mpa, (b) P, = 4.4 Mpa, (c) P3 = 6.6 Mpa,
(d) P; =2 Mpa, (e) P, = 4.4 Mpa, (f) P3 = 6.6 Mpa, (g) P1 =2 Mpa, (h) P, = 4.4 Mpa, (i) P; = 6.6 Mpa,
(j) P1 =2 Mpa, (k) P, = 4.4 Mpa, (1) P3 = 6.6 Mpa.



Aerospace 2025, 12, 253

10 of 19

4. Neural Network Predictions

Neural networks, as a significant component of machine learning, have diverse appli-
cations within the engineering domain [22]. Prominent types of neural networks include
feedforward neural networks (RNNs), generative adversarial networks (GANs), and back-
propagation neural networks (BP) [23]. The following sections provide a description of
commonly utilized neural network algorithms.

CNN algorithms belong to a class of feedforward neural networks that include con-
volutional computation and have a deep structure [24-27]. As a prominent algorithm
within the realm of deep learning, CNNs can be understood as multilayer perceptrons that
optimize the number of parameters through local connectivity and weight sharing, thereby
decreasing model complexity. Primarily employed in image processing tasks, CNNs neces-
sitate substantial datasets for effective training, which is most efficiently conducted using
graphics processing units (GPUs).

The RNN is a kind of recursive neural network that uses sequential data as input,
recursively in the evolutionary direction of a series, in which all the nodes are connected
in a chained fashion. Convolutional neural networks (CNNs) constitute a specific class
of feedforward neural networks distinguished by their use of convolutional operations
and a deep architectural structure [28-32]. As a significant algorithm in the field of deep
learning, CNNs can be conceptualized as multilayer perceptrons that enhance param-
eter optimization through local connectivity and weight sharing, thus reducing model
complexity. Predominantly utilized in image processing applications, CNNs require ex-
tensive datasets for effective training, which is most efficiently performed using graphics
processing units (GPUs).

The GAN is a new framework for estimating generative models through an adversarial
process. Two models are trained simultaneously in the framework. It is mainly used in
image generation, data enhancement, image processing, and other fields. Despite the
proliferation of new neural network techniques, choosing a suitable neural network model
is the key to solving the problem. A suitable neural network algorithm can save a lot of
time and computational resources while ensuring prediction accuracy. The ANN (BP) has
strong nonlinear mapping (suitable for nonlinear problems) and requires less hardware
than CNN algorithms [33-36].

The BP neural network was selected for this study due to its computational efficiency
and suitability for addressing problems involving nonlinear relationships between input
and output variables. Although convolutional neural networks (CNNs) and recurrent
neural networks (RNNs) offer advantages in specific domains (e.g., image processing and
sequential data), they often require more computational resources and longer training
times. In contrast, the BP neural network strikes an effective balance between accuracy and
computational efficiency for the specific problem, as demonstrated by its high prediction
accuracy and relatively short training time. Additionally, the BP neural network’s ability
to capture complex, multivariate interactions without requiring extensive computational
resources makes it an optimal choice for predicting the stiffness of rubber buffers.

4.1. BP Neural Network Prediction Principle

BP neural networks are the most commonly used multilayer perceptron networks that
employ error backpropagation among the various types of artificial neural networks [37].
The structure consists of one input layer, several hidden layers, and one output layer.
The layers are connected by weights, and there are no connections between layers of the
same type [38]. The core steps of the BP neural network model are shown in Figure 8.
For the input training samples, the hidden layer is obtained by forward propagation and
propagated to the output layer after the activation function is computed. If the result
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produced by the output layer is unsatisfactory, then it is necessary to backpropagate, adjust
the weights, and retrace the original path. The error is minimized through continuous
iteration, resulting in satisfactory outcomes.

sample
Comparison  of
calculate output ——> . output
Desired Outputs
|
weights adjust
| i
1
Cemmmemcem————- training sample  |[------- 4

Figure 8. BP neural network core steps.

The activation function, i.e., the Sigmoid function, is

1
flx) =1 np~: ?)
The loss function is defined as follows:
=" o=y ; +b)? 8
= Ezizl (yi—9:)° = Ezizl lyi — (wx; +b) (8)

where x; is the input sample, y; is output value, §; is the desired output value, w is the
connection weight of the neuron, and b is the bias vector.

4.2. BP Neural Network Modeling

The reasonableness of the number of hidden layers in a neural network is related to
the accuracy of its predictions. The empirical formula was used to determine the range
of the number of neurons in the single hidden layer, which was 5-13. Then, the trial and
error method was used to determine the optimal number of neurons in the single hidden
layer, which was five and four, respectively [39]. The incorporation of additional hidden
layers in deeper neural networks heightens the risk of overfitting. In scenarios where the
dataset is limited in size, shallower networks, such as those with a single hidden layer,
may be insufficient to adequately capture the intricate nonlinear relationships that exist
between input parameters and their corresponding outputs. The BP neural network model
structure consists of an input layer, two hidden layers, and an output layer. The input layer
is composed of diameter (D), rubber thickness (¢,), vertical pressure (P), and the number
of rubber layers (1), and the output layer is composed of vertical stiffness (K). A schematic
representation of the neural network model is presented in Figure 9.

To mitigate prediction errors in large neural networks that arise from substantial
fluctuations in input data and to enhance both the accuracy and the speed of predictions,
it is necessary to normalize the input data [40]. The normalization process is conducted
using the formula shown in Formula (9).

— Ymin ) (X — Xmin
y= (Ymax — Ymin)( )+ymin )

Xmax — Xmin

where V4 is the maximum of the desired outcome, v,y is the minimum of the desired
outcome, X,y is the maximum value of the original data, x,,;, is the minimum value of
the original data, and x is the normalized data.
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Figure 9. Schematic diagram of BP neural network structure.

4.3. BP Neural Network Model Training

In the BP neural network, the number of initial data significantly impacts the network’s
performance. Thus, 42 sets of data were derived from the FE model, BP neural network
modeling is achieved through the iterative training of raw data. To mitigate the risk of
overfitting, the dataset was partitioned into a training set comprising 75% of the data and a
test set comprising 25%. The training set is utilized for model training, whereas the test
set serves to assess the model’s performance on previously unseen data. This approach is
instrumental in ensuring that the model generalizes effectively to new data. Throughout
the training process, the error associated with the validation set is closely monitored. If an
increase in validation error is observed while the training error continues to decline, the
training process is halted to avert overfitting. This methodology ensures that the model
does not inadvertently learn the noise present in the training data. The number of training
iterations is set to 1000, the learning rate to 0.03, and the minimum acceptable error for the
training objective to 1077.

The model stops fitting when the number of iterations is about 10, and the best results
are obtained at the fourth iteration of training. The BP neural network model, trained
using the sample data, demonstrates the capability to compute the vertical stiffness of the
rubber buffer. To validate the trained BP neural network model, it is essential to evaluate
the model using a test set; specifically, the remaining 11 data points are used to test the BP
neural network model. The test results are shown in the Figure 10.
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Figure 10. Comparison of actual and predicted vertical stiffness values.

This shows that the predicted values closely align with the 11 values used for testing,
and the associated error remains within an acceptable range. It is evident that the training
effect for buffer stiffnesses up to 500 N/mm is less pronounced than that for stiffnesses
exceeding 500 N/mm. This discrepancy can be attributed to the limited training dataset,
which includes a smaller number of buffers with stiffnesses greater than 500 N/mm.

It can be seen from Figure 11 that the target value is the training accuracy, and the best
value is the highest accuracy that can be achieved during the training process across the
training set, validation set, and test set. The horizontal coordinate value in the training
process represents the number of iterations, and the vertical coordinate represents the mean
squared error. It can be seen that the best value after training exceeds the target value and
meets the requirements. From Figure 12, it can be seen that the training set, validation set,
test set, and total dataset are fitted after training. The correlation coefficient R between the
prediction results and the finite element results is close to 1, which indicates that the error
between the output values and the finite element results is very small.

Best Validation Performance is 0.0038556 at epoch 21

10" |
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Figure 11. Image of error variation during network training.
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Figure 12. Correlation analysis results.

In machine learning, the prediction results are usually judged by comparing the
predicted values with the output values. The following indicators are generally selected for
evaluation: coefficient of determination (R); R is the ratio of the sum of the squares of the
regression to the sum of the squares of the total deviations in a linear regression, namely

i1 (y - ?)2

R=1-—— """
iy —9)?

while R is a criterion for the goodness of fit of the regression equation. So, the closer R is to
1, the better the algorithm’s prediction result.

According to Figure 13, the coefficient of determination resulting from the training
of the BP neural network is R = 0.9709. It shows that the error between the predicted
and actual values is minimal. In addition, the slope of the fitted equation is closer to 1,
indicating that the error between the predicted and actual values is more petite. It is evident
that the neural network can be effectively trained to establish the relationship between
the outer diameter (D), rubber thickness (t,), vertical pressure (P), the number of rubber
layers (1), and the vertical stiffness of the rubber buffer.
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5. Comparison Between BP Network and Formula

According to “rubber bearing part 3: Building Seismic Isolation Rubber Bearing GB
20688.3-2006" [41], the formula for calculating the vertical stiffness of the rubber bearings

is as follows:
_ AEg,

K
v nt;

(10)

where A is the bonded rubber area, # is the number of rubber bearings, ¢, is the thickness
of one rubber layer, and E, is the modified compression modulus of the elasticity of the

rubber, defined as follows:
E.-E

Ec + Eb
where E; is the elastic modulus in compression; Ej is the bulk modulus of the elasticity
valued references [42].

Ep = (11)

E. =3G (1 + 2k512) (12)

where G is the shear modulus of the rubber valued references, and k is a correction factor
related to the hardness of the rubber; S, is the first shape factor, which is defined as the
ratio of the constrained area to the force-free area of the single layer of rubber. k, S1, and G
are defined as follows:

k = 0.97939 + 0.17734G — 1.4516G? + 0.867837G> (13)

D—d
U=,
where D is the external diameter of the rubber layer, and d is the inside diameter of the
rubber layer.
A total of 12 groups of buffers were randomly selected, and the vertical stiffness of
the rubber buffers was calculated using the aforementioned formula. The errors associated

(14)

with the finite element model error are shown in Table 4. It can be seen in “rubber bearing
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part 3: Building Seismic Isolation Rubber Bearing GB 20688.3-2006” that the buffer formula
given by the finite element analysis exhibited a minimum error of 67.59% and a maximum
error of 88.36%. This formula exhibits a significant calculation error, rendering it unsuitable
for calculating the stiffness of a rubber buffer. Additionally, it fails to account for vertical
pressure as a factor influencing stiffness. From Table 5, it can be seen that the accuracy
of the BP neural network model in predicting the vertical stiffness of the rubber buffer
is much higher than that of the traditional formula. The error falls within an acceptable
range, indicating that the BP neural network model is more effective in addressing the
multivariate linear coupling relationships compared to traditional formulas. The model
demonstrates a strong capacity for generalization across various buffer geometries within
the confines of the training data. Future research endeavors may involve the expansion
of the dataset to encompass a broader spectrum of geometries and loading conditions,
thereby enhancing the model’s generalization capabilities. To further validate the selection
of the neural network, the performance of the BP neural network was compared to that
of a polynomial regression model utilizing the same dataset. The results indicate that the
polynomial regression model encounters difficulties in capturing nonlinear relationships,
resulting in higher prediction errors in comparison to the neural network. This finding
suggests that, particularly when addressing complex multivariate interactions, simpler
methodologies may be inadequate for accurately predicting the stiffness of rubber buffers.

Table 4. Traditional formulations and FE model results and relative errors.

Model P FE Model Formula Error
ID (Mpa) (N/mm) (N/mm)
CL1 2 1058.54 331.03 68.73%
CL2 44 945 165.51 82.48%
CL3 2 363.78 110.34 69.67%
CL4 6.6 711 82.75 88.36%
CL5 2 210.02 66.20 68.48%
D105 2 216 70.01 67.59%
D85 6.6 286 42.41 85.17%
D75 2 104.26 31.52 69.76%
GS2 6.6 431 49.56 88.5%
GS3 2 165.66 50.53 69.49%
G54 2 168.4 51.78 69.25%
GS5 2 431 53.32 83.5%
Table 5. BP neural network and finite element results and relative errors.
Model P FE Model BP Network Error
ID (Mpa) (N/mm) (N/mm)
CL1 44 1711 1712.86 0.11%
GS5 4.4 330 327.67 0.71%
CL2 2 541.53 54891 1.34%
GS4 6.6 472 465.34 1.41%
D105 6.6 570 579.64 1.69%
DK3 2 309.3 316.94 2.41%
GS2 6.6 431 411.34 4.78%
GS1 44 309 327.74 5.72%
D105 2 216 230.08 6.52%
DK2 4.4 721.2 781.63 7.73%
DK5 44 284.41 312.30 8.93%

D95 44 348 315.81 9.25%
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6. Conclusions

The vertical stiffness relationship of airplane rubber buffers under the combined effect
of outer diameter, rubber thickness, vertical pressure, and the number of rubber layers
is established for the first time based on the compression simulation of an FE model. BP
neural networks are used for the first time to explore the vertical stiffness relationships of
rubber materials. The results of the predictions were compared with those obtained using
traditional formulas. The primary conclusions are as follows:

The rubber exhibits an increasing vertical stiffness phenomenon, and the vertical
stiffness increases with the vertical pressure due to the hyperelasticity property. This
observation suggests that, in addition to the shape factor of the buffer itself, the load
applied to the front landing gear is a significant variable to consider when predicting
buffer stiffness.

Outer diameter and vertical pressure are positively correlated with vertical stiffness.
Rubber thickness and the number of rubber layers are negatively correlated with vertical
stiffness. The number of rubber layers and the application of vertical pressure significantly
affect the vertical stiffness of the buffer. In contrast, the thickness of the rubber and the
outer diameter exert a lesser influence on the vertical stiffness of the buffer.

The optimal hidden layer number of the BP neural network is two, with the corre-
sponding numbers of neurons being five and four, respectively. The predicted values
exhibit a strong correlation with the FE model, and the associated errors remain within
acceptable thresholds. A comparative analysis demonstrates that the prediction accuracy
of the BP neural network is between 67.59% and 88.5% higher than that of the traditional
formulas. Although simpler response surface methods may be employed to model the
stiffness of rubber buffers, they do not achieve the same degree of accuracy as neural net-
works; this is mainly due to the nonlinear and multivariate characteristics of the problem.
The determination of numerous parameters in neural networks frequently depends on
prior knowledge and experience, which may affect the objectivity and accuracy of the
assessment. This issue is not comprehensively addressed in this paper. Advanced neural
network theory may provide more insight into this matter.
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