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Abstract

The reliability of the dust pump in an engine air filtration system significantly affects
vehicle performance. Therefore, the extent to which the parameters of the dust pump
impeller blade fixture affect its reliability is a critical consideration during blade design.
This study investigated the influences of various impeller blade fixture parameters on
reliability. First, a three-dimensional finite element model of the vehicle dust pump was
established to analyse the reliability of the impeller blade fixture in terms of deflection
and stress according to parameter value. Next, a parametric model was established, and
parameter uncertainties were defined for reliability analysis. The relationships between
the different parameters and the reliability of the impeller blade fixture were subsequently
predicted by a BP neural network model trained and tested using 400 and 100 samples,
respectively. Finally, the output of the BP neural network model was applied to analyse
the principal and total importance measures of each considered impeller blade parameter
to fixture reliability. This study shows that in the reliability design of the dust pump
impeller blades, priority should be given to rotational speed, blade thickness, and material
density, as these factors have the greatest impact on the reliability of the blade mounting
system.

Keywords: dust pump impeller blade; uncertainty; backpropagation neural network;
importance measure analysis

1. Introduction

Armoured vehicles carry out combat missions in a variety of environments where
harsh conditions are present, including at sea or on land in deserts, jungles, or plateaus,
making reliability a prominent concern [1,2]. Critically, the demand for vehicle reliability
increases with the level of systems integration in a combat vehicle. The engine air filtration
system is a key component of a vehicle [3-5] that helps ensure a clean air supply to
improve fuel combustion efficiency, extend engine life, and reduce maintenance
requirements [6,7]. The dust pump is an auxiliary device of the vehicle air filtration system
that is primarily responsible for removing particulate matter and dust from the air supply.
It is a critical component as dust pump failure prevents the effective operation of the
filtration system, thereby reducing the air quality inside the vehicle as well as the
performance of the engine [8]. Furthermore, a faulty dust pump can drastically shorten
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the air filter replacement cycle. The dust pump converts mechanical energy from the
electric motor into pneumatic energy of the air by rotating the impeller blade at high speed
to accelerate the air. Therefore, the impeller blade is the core component of the dust pump
and must withstand various loads such as centrifugal and aerodynamic forces during
operation [9-11]. Furthermore, because the air in the filtration system contains a large
amount of dust, the dust pump impeller blade must operate under harsh conditions for
long periods of time [12]. As the reliability of the dust pump affects the reliability of the
entire filtration system, and the filtration quality significantly affects the performance of
the entire vehicle, the reliability of the vehicle dust pump impeller blade in response to
variations in its design parameters must be accurately predicted.

Surrogate model technology has been increasingly applied to predict structural
reliability. For example, Li et al. [13] used a surrogate model with the response surface
method to fit the failure functions obtained during the fatigue reliability analyses of
typical welded joints. Furthermore, surrogate models can be used to reduce the
computational cost and improve the efficiency of reliability optimisation design. Gao et
al. [14] optimised foam-filled conical thin-walled structures using a kriging surrogate
model, and Gupta and Manohar [15] proposed an improved response surface approach
that addressed the problem of excessive design points in the original approach by
employing test points. However, the number of test points required by this method
increases with the number of design variables, making its application to the optimisation
of large and complex structures difficult owing to the excessive computational load
incurred. Therefore, Zhang et al. [16] and Kang and Luo [17] applied the response surface
method to conduct reliability optimisation designs in which the secondary term contained
no cross terms.

Fixture parameters (such as locator layout, clamping force, fixture stiffness, and
support position) during the machining and assembly of vehicle dust pump impeller blades
have a significant impact on machining deformation, stress distribution, and final
aerodynamic performance. Traditional importance evaluation of fixture parameters mainly
relies on finite element simulation and experimental verification, which is computationally
expensive and has long iteration cycles. In recent years, BP neural networks and their
improved variants have been widely used to establish surrogate models between fixture
parameters and impeller performance indicators due to their strong nonlinear mapping and
generalization capabilities. Parameter importance is quantified through sensitivity analysis,
feature importance ranking, and other methods [18-20].

In the field of centrifugal and axial-flow pump impeller optimization, BP neural
networks have achieved relatively mature applications. Wang et al. [18] proposed an
improved BP neural network algorithm for optimizing the cavitation performance of
centrifugal pumps and found that geometric parameters such as blade inlet angle and
blade thickness have the highest sensitivity to cavitation margin; parameter importance
ranking was obtained using the network weight perturbation method. Han et al. [19]
combined a BP neural network with a genetic algorithm and NUMECAsoftware for
collaborative optimization of impeller and volute, demonstrating that the initial stress
state induced by fixtures contributes up to 18.7% to impeller efficiency. Similarly, Wei et
al. [21] performed multi-objective optimization of centrifugal pump impellers based on
NSGA-II and neural network surrogate models; results showed that excessive clamping
force leads to stress concentration at the blade root, with its importance ranking in the top
three on the Pareto front.

For impeller material fatigue performance, Jinlong et al. [20] used a BP neural
network to predict very-high-cycle fatigue (VHCEF) life of centrifugal pump impeller
material containing internal inclusions and grain boundary facets (GBF), pointing out that
residual stress introduced by fixture parameters during manufacturing is a key factor
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affecting VHCEF life, with an importance score as high as 0.62. Sun et al. [22] constructed a
machine-learning-based surrogate model in the multi-condition optimization of high-
specific-speed axial-flow pump impellers and found that fixture positioning error
contributes 12-22% to impeller energy loss under varying conditions.

Neural networks have also been extensively introduced into fixture design itself for
parameter importance evaluation. Wu et al. [23,24] developed a case-based learning fixture
automatic design algorithm for near-net-shaped aero-engine blades, using BP neural network
to evaluate the contribution of different locating-clamping schemes to machining deformation;
results showed that the number of support points and clamping force distribution are far more
important than fixture material stiffness. Zhang et al. [25] directly targeted vehicle dust
extraction fan impellers and proposed a feedback neural network-based stress response
prediction model for fixture parameters; quantitative results showed that when the blade
width is less than 8 mm, fixture thickness and positioning accuracy have importance scores of
0.78 and 0.71, respectively, making them the two most sensitive parameters.

In the context of Industry 4.0, Arslane et al. [26] systematically reviewed fixture
layout optimization, emphasizing that the integration of a BP neural network and a
genetic algorithm can achieve global sensitivity analysis and automatic ranking of fixture
parameters, reducing positioning error by 37% in complex thin-walled blade machining.
Li et al. [27] used neural networks to predict dynamic parameters during milling of thin-
walled blades and found that fixture damping characteristics contribute 24% to vibration
suppression, significantly higher than traditional empirical values.

Sensitivity analyses can reflect the extent to which input variables affect an output
response and are primarily classified into analyses of local or global sensitivity [28,29]. Local
sensitivity reflects the influence of the input variable on the output response at a nominal
value, is constrained by the selection of this nominal value, and lacks global meaning and
computational stability. Global sensitivity (also known as the importance measure)
describes the average impact of an input variable on the output response over its entire
distribution [30-33] and reflects the extent to which the uncertainty of an input variable
affects the uncertainty of the output response [34-37]. After considerable development, the
most common importance models today are based on moment independence, variance, or
nonparametric methods. Among the three approaches, the variance-based model [38-40] is
the most widely used, and several relatively mature methods for measuring variance-based
importance have been developed accordingly, including the Monte Carlo simulation (MCS),
state-dependent parameter (SDP), and stochastic robust design (RBD) techniques [41]. The
SDP and RBD techniques can only calculate the principal importance, which describes the
contribution of only the considered variable to the output response, whereas the MCS
technique can simultaneously obtain the principal importance as well as the total
importance, which describes the contribution of the considered variable to the output
response considering the uncertainty of the other variables; as a result, MCS is the most
widely used method for importance analysis. We have compiled the relevant literature and
presented it in Table 1.

This study innovatively evaluates the reliability of a dust pump in armored vehicles
by employing finite element simulation software to construct a three-dimensional
parameterized model of the dust pump impeller blade fixture, systematically analyzing
the effects of parameter variations on impeller stress and deformation. Subsequently, a
high-precision backpropagation (BP) neural network surrogate model was trained using
the simulation data, effectively capturing the complex nonlinear relationships between
input parameters and output responses. This approach significantly reduces the
computational burden of traditional reliability analysis while improving efficiency.
Finally, an importance analysis of the impeller blade parameters was conducted using the
Monte Carlo Simulation (MCS) method integrated with the BP surrogate model outputs,
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providing a novel and efficient surrogate model-driven framework for the optimal design
of critical vehicle components under extreme service conditions.

Table 1. Literature Findings on Fixture Parameter Importance Assessment in Impeller/Blade

Manufacturing.

Author

Major Finding and Parameter
Importance

Application Area

Research Subject Key Method

Wang et al. [18]

Han et al. [19]

Wei et al. [21]

Jinlong et al. [20]

Sun et al. [22]

Wu et al. [23,24]

Zhang et al. [25]

Li et al. [27]

Arslane et al. [26]

- Improved BP Neural  Blade geometric parameters (e.g., blade
Cavitation Performance . . .
o . Network (using network  inlet angle, blade thickness) have the
Optimization of Centrifugal

weight perturbation highest sensitivity to the cavitation
Pumps .
method) margin.
. L BP Neural Network + The initial stress state induced by the
Collaborative Optimization . . . .
of Impeller and Volute Genetic Algorithm + fixture contributes up to 18.7% to
P NUMECA impeller efficiency.

Excessive clamping force leads to stress
NSGA-II + Neural Network concentration at the blade root, ranking
Surrogate Model in the top three in importance on the
Pareto front.
Residual stress introduced by fixture

Multi-objective Optimization
of Centrifugal Pump
Impellers

Very-High-Cycle Fatigue
(VHCEF) Life Prediction of BP Neural Network
Impeller Material

parameters during manufacturing is a
key factor affecting VHCEF life, with an
importance score as high as 0.62.

Multi-condition
Optimization of High- Machine-Learning-Based
specific-speed Axial-flow Surrogate Model
Pump Impellers

Fixture positioning error contributes
12-22% to impeller energy loss under
varying conditions.

The number of support points and

1 ing f distributi f
Fixture Design for Near-net- BP Neural Network (Case- Camping force dis bt ion are fat

i tant than the fixt
shaped Aero-engine Blades based learning) fmote important that the ixture

material stiffness for machining
deformation.

When blade width < 8 mm,
fixturethickness (0.78) and
positioningaccuracy (0.71) are the two
mostsensitive parameters.

Stress Response Prediction
for Vehicle Dust Extraction Feedback Neural Network
Fan Impellers

Fixture damping characteristics

Dynamic Parameter . . .
y contribute 24% to vibration

Prediction during Thin- Neural Networks suppression. sienificantly hieher than
walled Blade Milling ppression, signiticanty s
traditional empirical values.
This integrated approach enables global
Fixture Layout Optimization = BP Neural Network + sensitivity analysis and reduces
(Review) Genetic Algorithm positioning error by 37% in complex

thin-walled blade machining.

2. Finite Element Analysis and Parametric Modelling of the Impeller
Blade Fixture
2.1. Finite Element Model

This chapter aims to provide the fundamental models for the reliability analysis of
the impeller blade fixture. Given that this study is a continuation and application based
on previous research on impeller stress response prediction, the description of existing
structural and Finite Element Models (FEM) is simplified [25]. The focus is shifted to the
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essential elements for reliability analysis: the definition of parameter uncertainties and the
construction of the BP Neural Network (BPNN) surrogate model.

A dust pump model was created in SolidWorks 2024, which is shown in Figures 1
and 2. This study focuses on the impeller blade fixture, a key component consisting of
multiple blades mounted between fixture plates. The blade uses a typical radial design
with thickened/rounded transitions at the root to minimize stress concentration. The
material properties and geometry of the considered dust pump assembly are detailed in
Table 2.

Impeller blade

Dust extraction pump casing

Motor casing \

Blade fastener

Figure 1. Dust pump model.

Shaft socket

Blade fixture

Blade

Figure 2. Dust pump impeller blade fixture model.

The subject of this study is the impeller and its blade fixture for a vehicle dust
extraction pump. Its structure, material properties, and operating load conditions (such
as rotational speed, temperature, fluid load, etc.) are identical to the model studied in the
reference [25].
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Table 2. Dust pump impeller fixture parameters.

Parameter Value

Elastic modulus 210 GPa

Poisson’s ratio 0.3
Density 7850 kg/m3

Yield strength 235 MPa

Impeller fixture outer diameter 130 mm
Lower fixture inner hole diameter 14 mm
Upper fixture hole diameter 64 mm
Blade thickness 1 mm
Upper fixture plate thickness 2 mm
Lower fixture plate thickness 2 mm

Continuation of the Finite Element Model (FEM): The 3D geometric modeling, mesh
generation, material parameters, boundary conditions, and load application methods of
the impeller all follow the FEM established in our previous work [25].

To simulate centrifugal force during high-speed rotation, displacements at the central
shaft hole were fixed in the X, y, and z directions. Rotations about the x and y axes were
also fixed, allowing only rotation about the z-axis.

This model has been validated experimentally and can accurately capture the stress
response of the blade fixture under complex operating conditions. Therefore, this chapter
will not repeat the detailed FEM establishment process. Instead, this FEM is directly
utilized as the foundation of the deterministic model to generate the training dataset
required for reliability analysis.

2.2. Parametric Model
1. Key parameters

The six parameters involved in modelling the dust pump impeller blade fixture can
be classified as geometric (e.g., fixture thickness and blade thickness), material (e.g.,
Poisson’s ratio, elastic modulus, and material density), and load (e.g., operating speed)
parameters, all of which affect the stiffness and strength of the blades and thus, their
reliability.
2. Parameterised calculation model

The parametric calculations for the reliability analyses were undertaken using the
process shown in Figure 3. First, a deterministic model was established using the ANSYS
17.0 command stream by replacing the parameters with letters that were assigned values
at the top of the command stream, resulting in a model *.txt file containing parameters
and their values. Next, MATLAB 2024b’s fopen function was used to read the created *.txt
files and complete the assignment of values. Subsequently, the assigned *.txt data were
inputinto ANSYS using the parametric design language to conduct the reliability analysis,
and the results were written into a final *.txt file. This file was opened in MATLAB using
the fopen function to read the results calculated by ANSYS.
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ANSYS

MATLAB Initiate

‘ Set initial paramelers

l

‘ Model parameters ‘ Construct ANSYS
l model
l
‘ Sample parameters ‘ Set the bounddary conditions
! and apply the load
Change the *.txt file l
command flow Moeshi
l eshing
Change the *.txt file !
commafd flow Commit calculation
‘ Start ANSYS | l -
| Save the results in a
l J * txt file
‘ Read MATLAB results }<7
‘ Finish ‘

Figure 3. The ANSYS-MATLAB joint calculation process.

Owing to the nature of mechanical manufacturing processes, there is an unavoidable
degree of uncertainty in the geometric dimensions of dust pump impeller blade fixtures,
and various material parameters are uncertain owing to defects in the materials
themselves. As these uncertainties can affect the mechanical properties of the impeller
blade fixture, their influences on the performance of the fixture must be evaluated.
Practical experience in processing and production has shown that the normal distribution
curve is the most widely used theoretical distribution for workpiece errors [33]. Therefore,
this study assumed that the six considered parameters (Poisson’s ratio, elastic modulus,
density, fixture plate thickness, blade thickness, and rotational speed) all followed normal
distributions; Table 3 presents the means and standard deviations of these distributions.
The subsequent uncertainty calculations were based on the information shown in Table 3
using the distribution function in MATLAB.

Table 3. Dust pump impeller blade fixture parameters and their distributions.

Parameter Distribution Mean Coefficient of Variation
Poisson’s ratio Normal 0.3 0.1
Elastic modulus Normal 210,000,000,000 0.1
Density Normal 7.85 x 107 0.1
Fixture plate thickness Normal 7 0.1
Blade thickness Normal 1 0.1
Rotational speed Normal 12,500 0.1

The parametric calculation process detailed in Figure 3 was applied to obtain 500 sets
of data samples for the reliability analysis of the impeller blade fixture, and the maximum
stress and displacement were determined for each sample condition. As shown in Figure
4, the maximum stress was distributed within the interval [75, 350] and most maximum
values were within [125, 200].
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Figure 4. Distribution of ANSYS results.

3. Prediction of Impeller Blade Fixture Response Using the BP
Neural Network
3.1. Construction of BP Neural Network

The BP neural network is a multilayer feedforward neural network that is trained
using the error backpropagation algorithm and exhibits a strong nonlinear fitting ability
[42—44]. Therefore, it can achieve nonlinear mapping of any input to the response

according to the actual working conditions. The topological structure of the BP neural
network is shown in Figure 5.

Input Layer Hidden Layer Output Layer

Y Vi 2

R R "
* &

xN y ‘N Z N

A

Win Wy,
Figure 5. Model of the BP neural network.

The BP neural network consists of input, hidden, and output layers. For the impeller
blade fixture response prediction model established in this study, the input layer
comprised a vector xi containing the six input nodes: the Poisson’s ratio, elastic modulus,
density, fixture plate thickness, blade thickness, and rotational speed. As no calculation
was undertaken in the input layer, its output value was equal to its input value. The
hidden layer comprised three levels, each input with the weighted sum of the outputs of
the nodes in the previous level. The activation degree of each node was determined by its
activation function, which describes the connection weight between nodes in the input

w..
and hidden layers, Y. The output layer contained the connection weights between the
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hidden and output layers, Wik . The error between the target signal and network output
was subsequently backpropagated to the network.

The forward transmission process applied in a neural network weighs the output of
the previous layer and adds a threshold to obtain the input for the node in the present
layer. It is relatively simple to calculate as follows:

Zinput = Zwijxi +bj7.j = [lﬂ }’l], (1)
i=1

where bj is the bias term (threshold) of the jth node in the current layer, used to adjust the
position of the activation function and m is the number of nodes in the previous layer.

Next, the input values z are processed using an activation function and

input

transformed into the [0, 1] interval by

Zoutput = 0 (Zinput ) ’ &)
where the activation function 6 is defined as

1
l+e7’

6(z) ®

in which z is the input value of the activation function.

The BP neural network training process iteratively adjusts the weights and biases to
minimise the value of the error function, and the error is propagated backward along the
direction of the fastest gradient descent. Therefore, the weights and biases between
neurons are continuously adjusted to change each training sample in the direction of the
weight gradient to minimise error. The error is generally calculated using a loss function;
the root mean square error loss function L(e) is minimised as follows:

1 1 &

1.
L(e)==SSE==> el ==Y (3, - %), 4)
2 245 24T

where SSE is the sum of the squares of the prediction errors for all samples, e* is x is
the prediction error of the kth sample, Y is the output value calculated by the neural

network, }8/; is the actual result that should be output (i.e., the true value), and p isthe

total number of samples included in the calculation. According to the gradient-descent
method, the correction of the weight vector should be proportional to the gradient at the

E

current position. The correction for the error (W’ b) at jth output node is given by
OE (w,b)

dw(i,j)

Taking the derivative of the activation function in Equation (3) yields

6'(x):9(x)[l—t9(x)]. (6)

Awl(i,j)=-n 5)

Next, with respect to Wi :
OE(wb) 1 1
ow, awy. 245

y

(&—7,)" @)
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and transforming Equation (7) yields
oE(w,b) .

0w, = (- }g’é)f(zi”l’“’ )[1 _f(zinput )]xl. = 0,8, 8)
ij

where

8, = (5 =B S (Ziar ) 1= (Zia) | ©)

According to Equation (9), the weights and thresholds between the hidden and
output layers can be adjusted using the gradient descent as follows:

JE (w,b)
a%=%—m—357—=%—m%%, (10)
0E (@,b
bjzbj_ﬂ2¥=bj_7725ij' (11)

3.2. Prediction of Impeller Blade Failure

Blade failure was predicted using the BP neural network surrogate model via the
following process:

1. Dataset partitioning. The parameter data obtained through MATLAB sampling were
combined into a single sample set with the stress results calculated by ANSYS on
their basis. This sample set was divided into training and test sets in a 4:1 ratio.

2. BP neural network construction. A five-layer BP neural network was constructed as
described in Section 3.1 using six nodes in the input layer representing the Poisson’s
ratio, elastic modulus, density, fixture plate thickness, blade thickness, and rotational
speed; a hidden layer comprising three levels each containing 14 neurons; and one
output layer representing the stress in the impeller blade fixture under rotational
load. The number of hidden layer levels was determined by

h=\m+n+a, (12)

where & is the number of neurons in the hidden layer, m is the number of neurons
contained in the input layer (m = 6 in this study),  is the number of neurons in the output
layer (n = 1 in this study), and the value of a fluctuates between 1 and 15. The tansig
transfer function was used between the first and second hidden layers and the purelin
transfer function was used between the second and third hidden layers.

3. Network parameter configuration. The parameters to be set included the number of
network training sessions, learning rate, training time, and minimum error of the
training target.

4. Network training. Four convergence conditions were established to avoid overfitting
the neural network: maximum training sessions (less than 10,000), minimum training
time (less than 1 min), generalisation ability (error remained unchanged for six
consecutive iterations), and error accuracy (less than 0.65 x 10-3). If the neural network
met any of these conditions during the training process, the training was terminated.

5. Error calculation. The error between the simulated output and BP neural network-
predicted value was calculated as follows:
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I, -T,
Err= , (13)
T

a

where T, is the actual value of the simulation output and 7, is the predicted value of

the BP neural network.

3.3. Validation of BP Neural Network Predictions

The relationships between the Poisson’s ratio, elastic modulus, density, fixture plate
thickness, blade thickness, and rotational speed parameters and the stress in the impeller
blade fixture were determined according to the process described in Section 3.2. Among
the 500 groups of samples calculated in Section 2, the first 400 were used as network
training data and the remaining 100 were used to test to the network and calculate its
predictive accuracy.

The prediction curve for the established neural network is presented in Figure 6, in
which the blue line represents the ANSYS simulation results, the red line represents the
BP neural network predictions, and the green bars represent the error between the two at
each point. The simulated values generally coincided with the network-predicted values,
with the largest error of 12.7% observed at the 73rd sample point; the remaining errors
were all considerably less than 10%, with an average of 2.55%. These results indicate that
the BP neural network effectively predicted the stress in the impeller blade fixture. The
convergence curve of the BP neural network is shown in Figure 7.

300 T

~-=#--= BP-predicted value
—O— ANSYS-calculated value
R Error

Maximum impeller blade stress(MPa)

50 — -
9 108 o, 103
i 3833 asie L4 s 523716, ,3610 = 27, 52 5 20040 a1 30 21,37 44
o LilEerororizas 2oediisseosona loe titoost oo Mlososisitoss A mE HagoedoloelilaozsoseoatooHlncoe e oz seze;azs: agzei et onfloessorocilll ezsoza oM em el el sooclll 0ol |
0 10 20 30 40 50 60 70 80 90 100
Sample point

Figure 6. BP neural network prediction error.
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Training
Best
Target

40 80 80 100 120 140 160 180
197

Figure 7. Convergence Curve of the BP Neural Network.

4. Determining the Importance Measures of Impeller Blade
Fixture Parameters
4.1. Variance-Based Importance Measure Theory

We employed a BP neural network to predict the relationship between geometric
parameters and stress—strain responses. Subsequently, based on the prediction results
from the neural network, we conducted a variance-based importance measure analysis to
obtain the sensitivity of the geometric parameters to stress and strain.

1.  Variance decomposition and importance measures
In variance-based importance measure theory, the output response is expressed as

Y:g(x), where x:()q,xz,L ’x")

decomposition of Y'is given by

V(Y) = ZV’C, +Z Z V»",X/ +L + Vxlsz X (14)
i=1

i=l j=i+l

is the /7 dimensional input variable. The variance

where ~7 denotes the input variable; % denotes the principal variance contributions

v, =V[E(Y|x)]

for "%, in which % ; and Y denotes the second-order variance
s X X, Ve =V[E(YIx.x,)]-V, -V,
contributions of “? and 7/, in which "V / i .
T
The total variance contribution = %  of the input variables "7 1is defined as follows:
T _ n n _
VI=Vo+ X Vet > 2 Vo Vo =V (Y)-V][E(Y]x,)], (15)
J=Lj#i J=Lj#i k=1k#i,k#j

X . S . X — . .
where "~ isthe ’’-dimension input variable other than 7 the other 7 1 dimension
variables.
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Lx,

. . X; X, . . .
The variance-based importance measure ™™ is defined as the ratio of the

. . . X%, Lx; . . . .
variance contribution " " of the corresponding input variable to the variance of the

ny)

output response as follows:

Xy Xy L X

S =
Xy, Loxg V (Y) (16)

Equation (16) can be used to measure the variance contribution of each individual
impeller blade parameter; the importance measure % corresponding to the input

. X . .
variable ~7 is called the principal importance measure * and reflects the effect of the

. . X . .
input variable “7 on the variance of the output response Y when acting alone, as
follows:

_ Ve V[E(IN)]
ST ) "

. . . XL .
Furthermore, the total importance measure of the input variable " is given by

ST VT

%, which corresponds to %  and reflects the overall influence of the variance of the

. . X,
input variable "' on the total output response Y as follows:

v V)]
YT

(18)

2. Calculating the importance measures using MCS

The specific steps used to calculate the variance-based importance measures via the
MCS technique are as follows:

Step 1: Two sets of samples were selected based on the joint probability density
. . . . x:{xpxzaL 9-xn}
function of the known independent input variables
as the following matrices:

and expressed

X L X; L X Xi(w+1) L Xi(w+1) L Xu(N+1)
A= M M M| B= M M M
xy Loxy Looxy B L Ty b Xy

Next, the matrix Ci was constructed by replacing column I in matrix B with

i

column * in matrix A as follows:
Xi(v+1) L x, L Xa(n+1)
C = M M M
Xi(n+) L xy, L Xa(N+N)
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ST =

Xi

Y=g(x
Step 2: Matrices A, B, and C:i were substituted into the output response g( )

T T
vo=0 LT =L Y]

to

obtain the corresponding output matrices , and

T
vo =[yL ] _
’ ' -, respectively.
. . . . X
Step 3: The principal and total importance measures of the input variable ~? were

calculated based on Equations (17) and (18), respectively, as follows:

LN (1) ,() _ 2
V[E(Y|x—[)]_l (yB'*yC[)_yozzl_N;yB Yo =

V(Y) (yA'*yA)_y02 1 i(y;j))z_yg
Jj=1

N 4

4.2. Importance Measures for Impeller Blade Displacement

The BP neural network model was used as the surrogate model, and the predicted
deformation of the dust pump impeller blade fixture was used as the output response to
conduct an importance measure analysis evaluating the degree of influence of each
parameter on the impeller blade fixture displacement variance. The importance of the six
considered parameters was subsequently ranked to identify the parameter with the
greatest impact on the blade displacement. Thus, the impeller blade fixture parameter
distributions listed in Table 3 were applied using the importance measure theory detailed
in Section 4.1 to obtain the principal and total importance measures for each parameter to
the impeller blade displacement variance as listed in Table 4.

Table 4. Importance measures of impeller blade parameters to displacement variance.

Elastic Fixture Plate Rotational

Poisson’s Ratio Density Blade Thickness

Modulus Thickness Speed

Principal
importance
measure

0.0294 0.2776 0.1468 0.0046 0.0923 0.4218

Total importance

measure

0.0379 0.2859 0.1480 0.0017 0.0897 0.4282

The rotational speed exhibited the largest principal importance measure, followed
by the elastic modulus, material density, blade thickness, fixture plate thickness, and
Poisson’s ratio. Notably, the primary importance measure for the impeller rotational
speed was much greater than that for the other five parameters, and the primary
importance measures for the fixture thickness and Poisson’s ratio were much smaller than
those for the other four parameters, reflecting the extent to which these parameters affect
the variance in the impeller blade displacement when acting separately.

The total importance of the six parameters to the displacement variance of the
impeller blade fixture decreased from the rotational speed to the elastic modulus, material
density, blade thickness, Poisson’s ratio, and fixture plate thickness, which is generally
consistent with the ranking of primary importance measures. Indeed, the total importance
measure for the rotational speed was substantially higher than those for the other five
parameters, and the total importance measures for the fixture plate thickness and
Poisson’s ratio were also much smaller than those for the other four parameters.
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4.3. Importance Measures for Impeller Blade Stress

The degree of influence of each considered parameter on the blade stress variance
was evaluated according to the method presented in Section 4.1 to identify the parameter
with the greatest impact. Thus, the principal and total importance measures of each
parameter to the stress variance in the impeller blade fixture were calculated as shown in
Table 5.

Table 5. Importance measures of impeller blade parameters to stress variance.

Poisson’s Ratio Elastic Density Fixture Plate Blade Rotational
Modulus Thickness Thickness Speed
Principal
importance 0.0051 0.0048 0.2097 0.0047 0.0575 0.7310
measure
Total importance ) 95 0.0092 0.2149 0.0091 0.0652 0.7436

measure

The principal importance of the impeller blade fixture parameters to stress decreased
from the rotational speed to the material density, blade thickness, Poisson’s ratio, elastic
modulus, and fixture plate thickness. Similar to the results for displacement in Section 4.2,
the primary importance measure for the rotational speed was much greater than that for
the other five parameters, and those for the fixture thickness and Poisson’s ratio were
much smaller than those for the other four parameters. However, the contribution of the
elastic modulus to the stress variance was much smaller than its contribution to the
displacement variance, and only the rotational speed and material density significantly
impacted the stress variance in the impeller blade fixture. The total importance of the
different parameters to the stress variance in the impeller blade fixture decreased from the
rotational speed to the material density, blade thickness, Poisson’s ratio, elastic modulus,
and fixture plate thickness, which is consistent with the ranking of the primary
importance measures.

These analyses indicate that the six parameters had different degrees of influence on
the displacement and stress responses, with the rotational speed of the impeller blades
exerting the greatest influence on both. In contrast, the fixture plate thickness and
Poisson’s ratio had negligible effects on the impeller blade displacement and stress.
Therefore, the effect of the uncertainty of these two parameters on the behaviour of the
impeller blade fixture can be ignored during design.

4.4. Impacts of Key Parameters on Impeller Blade Failure Probability

As discussed in Section 4.3, the rotational speed, blade thickness, and material
density parameters significantly affected the displacement and stress in the impeller blade
fixture. The uncertainty of the working load (rotational speed) is determined by the
external environment, whereas the uncertainties of the material density and blade
thickness are determined by the production process.

A comparative analysis with the related literature summarized in Table 1 reveals that
rotational speed ranks first in the variance decomposition analysis of this study, which is
highly consistent with multiple studies concluding that rotational speed dominates
centrifugal forces, stress escalation, and performance degradation in centrifugal/dust-
removal pump impellers [18,21,25]. Blade thickness ranks third in this ordering, aligning
with the literature that emphasizes its critical impact on flow losses, vibration, cavitation
margin, and structural reliability. Material density also exhibits a secondary yet notable
influence, consistent with its role in proportionally amplifying centrifugal loads as density
increases. This strong consistency with established trends in impeller optimization
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simulations within the field supports the reliability of employing a BP neural network
surrogate model combined with Monte Carlo simulation (MCS) for parameter importance
assessment.

The influences of these three parameters on the failure probability can be considered
during impeller blade fixture design using the failure probability curves shown in Figures
8-10.
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Figure 8. Impeller blade fixture failure probability curve for material density.
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Figure 9. Impeller blade fixture failure probability curve for blade thickness.
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Figure 10. Impeller blade fixture failure probability curve for rotational speed.

The curves in Figures 8-10 indicate that the failure probability of the impeller blade
fixture is negatively correlated with the blade thickness and positively correlated with the
rotational speed and material density. Therefore, when designing an impeller blade
fixture, the blade thickness should be increased, materials with lower densities should be
selected, and the rotational speed should be carefully controlled. When the material
density was less than 8 t/m3, blade thickness was greater than 1 mm, and rotational speed
was lower than 12,500 r/min, the failure probability remained relatively low.

5. Conclusions

This study established a surrogate parametric model of the impeller blade fixture in
an armoured vehicle air filtration system using a finite element simulation and BP neural
network, then subjected it to an MCS-based reliability analysis. The primary conclusions
of this study are as follows:

1. This paper employs a neural network to predict the relationship between the
geometric parameters of the dust pump impeller blade and stress—strain responses.
Subsequently, based on the prediction results from the neural network, a variance-
based global sensitivity analysis method is adopted to investigate the influence of
uncertainties in the impeller blade fixture parameters on the output responses
(displacement and stress). The results indicated that the parameter importance to the
impeller blade displacement decreased from the rotational speed to the elastic
modulus, material density, blade thickness, Poisson’s ratio, and fixture plate
thickness; the rotational speed had a much greater effect on the displacement than
the other parameters. The parameter importance to the impeller blade stress
decreased from the rotational speed to the material density, blade thickness,
Poisson’s ratio, elastic modulus, and fixture thickness; again, the rotational speed had
amuch greater effect on the stress than the other parameters. Therefore, the influence
of blade rotational speed on the reliability of the dust pump should be prioritised
during design, as should the material density and blade thickness.

2. In certain operational environments, dust particles significantly affect the reliability
of ventilation and air filtration systems. Accumulated dust can lead to airflow
obstruction, increased load on impeller blades, and higher stress concentrations,
which ultimately reduce the service life and efficiency of the filtration system.
Therefore, it is crucial to analyse the interaction between dust deposition and
mechanical reliability during the design stage.
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3. This study provides a theoretical and methodological basis for improving the
reliability design of air filtration systems in armoured vehicles and other off-road
machinery. The proposed surrogate modelling approach effectively combines finite
element simulation and machine learning, providing a rapid and accurate means for
reliability prediction. The data obtained in this study can be used for optimisation of
impeller blade geometry, material selection, and operational maintenance strategies.

In summary, the results of this study confirmed the utility of applying BP neural
network predictions with importance measure theory to determine the effects of
parameter uncertainty on the reliability of components in complex devices such as the
dust pump in the engine air filtration system of an armoured vehicle.

Furthermore, the dataset used in this study was primarily derived from numerical
simulations. However, numerical simulations cannot fully represent the real working
environments of the dust extraction impeller. In service, the impeller is affected by
complex multi-factor coupling, including variations in dust particle characteristics,
humidity, gas—solid flow interactions, vibration and shock loading, and material fatigue
degradation. These influences may cause time-dependent changes in stress distribution
and dynamic response that are not fully captured by the current surrogate model, leading
to uncertainties when applied to long-term reliability prediction.

To address the above issues, the data acquisition strategy can be optimized to
improve the diversity and representativeness of the sample data, or data augmentation
techniques may be employed to expand the size of the training dataset, thereby enhancing
the robustness of the model. In addition, gas—solid two-phase flow experimental data,
impeller service condition monitoring data, and multi-field coupled experimental results
can be incorporated into the model updating process to achieve dynamic calibration of
the surrogate model, thus improving its reliability and applicability in real engineering
environments.
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