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Centrifugal pumps often suffer from low operating efficiency and present challenges in accurately
diagnosing impeller blade fracture faults. Therefore, this study develops a method for improving centrifugal
pump efficiency and diagnosing faults based on digital twins. For efficiency improvement, a digital twin
optimization framework for the centrifugal pump impeller is established. Initial samples are generated through
Latin hypercube sampling, and a surrogate model is constructed by combining computational fluid dynamics
numerical simulations with an approximate model. A PSO algorithm is applied to solve a multi-objective
programming problem with the objectives of minimizing entropy production and maximizing efficiency. For
fault diagnosis, the generated pressure and velocity contour map datasets are input into a target detection
network for training, and subsequently, a stacked ensemble strategy is introduced to fuse the two types of
detection results for decision-making. The findings reveal that the optimized impeller’s hydraulic efficiency is
improved by 4.6%, while entropy production is reduced by 18.6%. The proposed method can enhance
centrifugal pumps’ performance and achieve accurate diagnosis of blade fracture faults, thereby providing a
new technical path for intelligent efficiency improvement and accurate fault diagnosis of centrifugal pumps.

Keywords: Digital twin; Centrifugal pump; Particle swarm optimization algorithm; Target detection
network; Fault diagnosis

1. INTRODUCTION

Centrifugal pumps (CPs), as the core power
equipment of the process industry, play an
irreplaceable role in key areas of the national
economy such as petrochemicals, power energy, and
water treatment [1]. CPs operate under complex
conditions for a long time, and the impeller blades
are prone to fracture due to fatigue, cavitation and
other factors, which leads to performance
degradation and serious safety accidents [2].
Therefore, improving the operating efficiency of
CPs and achieving accurate diagnosis of impeller
mechanical faults has become a key area of research
in the intelligent operation and maintenance of
process industry equipment [3]. In terms of
improving efficiency and transforming processes,
although computational fluid dynamics (CFD)
technology has provided a way for designing CPs
hydraulically, it is still difficult to fully explore
optimal solutions in the design space with a single
CFD simulation, and the calculation cost is high [4].
In terms of Fault Diagnosis (FD), traditional
methods are mostly based on vibration signal
analysis, and fault identification is achieved through
time-frequency domain feature extraction and
pattern recognition [5]. However, the installation of
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acceleration sensors is limited in some working
scenarios, and vibration signals under complex
conditions will exhibit nonlinear and non-stationary
characteristics, and fault characteristics are easily
submerged by environmental noise [6]. The rise of
Digital Twin (DT) technology has supported a new
way to solving the above problems. As a core
technology for achieving the deep integration of
cyber-physical systems, it allows real-time
monitoring, simulation, prediction and optimization
of equipment decisions [7].

Against this background, this study develops an
integrated method for improving the efficiency of
CPs and diagnosing faults based on DTs. The goal is
to furnish CPs and accurate FD with theoretical
support and technical reference, and to encourage the
in-depth use of DTs in the field of fluid machinery.

2. RELATED WORKS

DT technology, as a core means of realizing
cyber-physical integration, has received widespread
attention and application exploration in the field of
CPs in recent years. This technology realizes real-
time mapping, simulation prediction and
optimization decision-making of the entire life cycle
of physical entities by constructing a high-fidelity
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virtual model of the physical entity[8]. Zhou et al.
proposed a dynamic pump station scheduling
method based on DTs, which uses DT technology to
predict the available status of pump units in advance
and trigger the rescheduling process in a timely
manner. The findings reveal that the average energy
saving rate reaches 9.78% under the premise of
ensuring dynamic water balance, thereby ensuring
the high efficiency and stability of pump station
operation [9]. Li et al. designed a method for
constructing a monitoring system grounded on DTs
to meet the needs of smart monitoring and prediction
for CP turbines. This method constructs a twin
virtual model through dimensionality reduction
theory and uses point cloud technology and Unity3D
platform to realize system visualization. The
outcomes demonstrate that the model can effectively
realize cavitation prediction and state cloud map
drawing [10].

The hydraulic design method of CPs has evolved
from empirical design to numerical simulation and
then to intelligent optimization. The traditional
velocity coefficient method mainly relies on the
designer's experience and existing model pumps,
which makes it difficult to break through the
performance bottleneck of the original design [11].
With the development of CFD, researchers have
begun to use CFD technology to accurately simulate
the internal flow of CPs. However, single CFD
simulation is still difficult to fully explore the global
optimal solution in the design space, which limits its
application efficiency in iterative optimization [12].
Therefore, researchers have introduced intelligent
optimization algorithms into the field of CP
optimization design. Zhao et al. utilized Spearman's
rank correlation analysis to screen key parameters,
constructed a high-precision alternative model
through a genetic algorithm and a BPNN, and
optimized it using a multi-island GA. Their findings
suggest that the rated point efficiency of the
optimized model increased by 4.29% [13]. Li et al.
designed an automatic optimization method
grounded on an adaptive single-objective algorithm
and CFD. This method applies optimal space-filling
experimental design to screen the set of parameters
and combines Kriging response surfaces and mixed-
integer sequential quadratic programming for
optimization. The findings suggest that the
efficiency of the optimised pump increased by
2.75% [14].

CPFD is traditionally grounded on vibration
signal analysis. Vibration signals are collected by
accelerometers, and time-frequency domain features
are extracted for fault identification [15]. However,
it is sometimes difficult to obtain vibration signals,
and there is a lot of noise in the industrial field,
which can easily drown out the actual fault signals,
increasing the difficulty of diagnosis [16]. Driven by
the deep learning technology, CPFD has shifted
towards an end-to-end smart diagnosis mode
grounded on DNNs. Siddique et al. developed a
CPFD method grounded on deep learning that

enhances vibration signal features using a non-local
mean filter. It then inputs the scale map into a CNN
to extract features for fault identification. The
findings demonstrate that this method achieves a
classification accuracy of over 99.86% [17].
Manikandan S and Duraivelu K proposed a deep
CNN FD method based on vibration signals. The
signal is converted into a two-dimensional image
using image processing technology and input into a
deep CNN classifier for training and testing. The
outcomes show that the accuracy of this method for
fault identification is 99.07% [18].

Despite the progress made in the aforementioned
research, the following shortcomings remain:
existing efficiency-enhancing retrofit studies mostly
focus on single-objective optimization; traditional
FD methods rely excessively on vibration signal
analysis, resulting in insufficient robustness and
accuracy in fault feature extraction.

In the field of technical diagnosis, traditional
CPFD methods mainly rely on vibration signal
analysis, which has problems such as limited sensor
installation and environmental noise interference.
Although deep learning based methods have
improved diagnostic accuracy, most methods lack
interpretability and cannot establish a clear physical
mapping between flow field characteristics and fault
mechanisms. Therefore, this study proposes a
diagnostic method using flow field cloud maps
generated by digital twins to address the
aforementioned shortcomings, providing high
accuracy and physical interpretability for technical
diagnosis. This study develops an integrated method
for CP efficiency enhancement and FD based on
DTs. By employing an approximate model and the
PSO, a multi-objective optimization model is
constructed to achieve global optimization of
impeller hydraulic performance. The performance of
CPFD is enhanced by combining a You Only Look
Once version 5 (YOLOVS) target detection network
with a stacking integration method. The novelty of
this research lies in: constructing a model with the
objectives of minimizing entropy production and
maximizing efficiency; introducing Latin hypercube
sampling, the Kriging approximation model, and the
PSO algorithm to achieve global optimization of
impeller geometry while ensuring computational
efficiency; and combining a target detection network
with a stacking integration strategy to strengthen the
accuracy of FD.

3. METHODOLOGY

This study first proposes a CP efficiency
enhancement method based on DTs and the PSO
algorithm, aiming to reduce the energy loss of CPs.
Then, it proposes a CPFD method that integrates
target detection and stacking integration to improve
the accuracy of FD.
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3.1. Centrifugal pump efficiency enhancement

method based on DT and PSO algorithm

CPs are the core power equipment of fluid
transport systems, and their operating efficiency
directly affects the energy consumption level and
economy of industrial production [19]. Traditional
optimization methods mostly rely on empirical
design and single-objective CFD simulation, which
makes it difficult to balance multi-objective
collaborative optimization and the search efficiency
of the global optimal solution [20]. A DT is a high-
fidelity virtual mapping model of physical entities
that enables real-time monitoring and simulation
prediction of the entire life cycle of equipment [21].
Therefore, this study proposes a CP efficiency
enhancement and modification method based on DT
and PSO algorithm, aiming to maximize hydraulic
efficiency and minimize energy loss. The high-
fidelity digital twin model of the CP is constructed

through a systematic process encompassing
geometric parameterization, mesh generation,
boundary condition specification, and solver

configuration. The impeller and volute geometries
are parameterized using CFturbo software, with
structured hexahedral meshes generated in ANSYS
ICEM CFD. The shear stress transport turbulence
model is adopted for its superior performance in
capturing near-wall flow separation and adverse
pressure gradient phenomena.

The digital twin framework is practically
implemented through bidirectional data integration.
The physical pump's geometric and operational
parameters are mapped to the virtual model, while
CFD simulation results are continuously validated
against experimental measurements and used to
update model parameters, thereby establishing a
closed-loop cyber-physical coupling that enables
real-time monitoring, predictive simulation, and
iterative optimization. The digital twin framework
implemented in this study is constructed following a
five-layer architecture encompassing physical entity,
data acquisition and transmission, virtual model,
data integration and synchronization, and application
service layers. The physical layer consists of the CP
and its associated instrumentation. The acquisition
layer collects real-time operational data at a
sampling rate of 1-2 kHz through a distributed
control system and transmits them to the twin
platform via OPC Unified Architecture protocol.
The virtual layer 1is established through
parameterized CFD modeling in CFturbo and
ANSYS CFX. The integration layer constitutes the
critical ~distinction from conventional offline
simulations. The application layer hosts the
efficiency optimization and FD services. While the
optimization and diagnostic algorithms were
executed in an offline manner due to computational
constraints, the framework architecture supports
eventual online deployment. The DT technology is
denoted in Figure 1.

Fault diagnosis technology Remote control technology

Method: Yolov5 model —!  Mechanism: Closed-loop control [

Strategy: Stacked ensemble Action: Frequency converter

f f

3D modeling & Simulation
Tools: CFturbo, OptiSLang
Output: High-fidelity model Scene: 3D Reconstruction

f f

Data storage technology (MySQL, Navicat)

Visualization technology
Tools: Unity, Origin, Excel

Management, Traceability, and Model updates

i

Data acquisition & Transmission (Python, APIs)

Parameters: Vibration, Pressure, Flow

f

| Physical entity: Centrifugal pump system (Sensors, Motor, VFD) |<_

Fig. 1. Schematic diagram of DT technology

Figure 1 shows the overall architecture of DT
technology in CP system. Through bidirectional
mapping between physical entities and virtual
models, a closed-loop process from state perception
to optimization control is realized. The study
established a parameterized model of CP impeller
using CF turbo software, constructed an automatic
optimization process using the OptiSLang platform,
selected inlet diameter, outlet diameter, blade outlet
width, blade inlet installation angle and outlet
installation angle as optimization variables, and used
the Latin hypercube sampling method to generate an
initial sample set [22]. Its expression is shown in
equation (1).

X = [DIJDZleI.Bl'.BZ] 1
X ={x®,x®, . x™} M

In equation (1), x means the design variable
vector. D; and D, indicate the impeller inlet and
outlet diameters. b, denotes the blade outlet width.
By and f, indicate the blade inlet and outlet
installation angles. X is the set of sample points. x
is the first sample point. N refers to the total amount
of samples. Then, the efficiency and entropy
production of each sample are obtained through CFD
numerical simulation. The calculation of efficiency
is denoted in equation (2).

1N = Phya/Pshae = pgQH /Mw (2)

In equation (2), n represents the energy
conversion efficiency of the CP impeller. P, 4 and
Pgharc represent the hydraulic power obtained by the
fluid and the shaft power input to the impeller,
respectively. p and g represent the fluid density and
gravitational acceleration, respectively. @ and H
represent the volumetric flow rate and head,
respectively. M and w represent the torque and
angular velocity, respectively. The entropy
production is calculated as shown in equation (3).

D
Sgen = fv;dV 3)

In equation (3), Sgn means the total entropy
generation rate. @ and T represent the dissipation
function and temperature, respectively. V represents
the fluid domain volume. Further research employs
approximation  techniques to reduce the
computational cost of CFD simulations and achieve
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rapid prediction. An approximate model is built
based on the Kriging model, and its expression is
shown in equation (4).
) =p+r"(OR(y — 1) “4)
In equation (4), y(x) is the predicted value. u
stands for the global mean. 77 is the transpose of the
correlation vector. R is the correlation matrix. y is
the sample point response vector. A schematic
diagram of the approximation technique based on the
Kriging is denoted in Figure 2.
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Fig. 2. Schematic diagram of approximation
technique based on Kriging model

In Figure 2, the approximation technique first
generates an initial sample through optimal Latin
hypercube sampling, and then obtains the actual
response value through CFD calculation. Then, the
correlation function and regression basis function are
selected, and the hyperparameters are solved using
maximum likelihood estimation to construct a
surrogate model. To enhance the hydraulic
effectiveness of the impeller, a multi-objective
programming with the objectives of minimizing
entropy production and maximizing efficiency is
studied and constructed. The mathematical
expression of this problem is denoted in equation (5).

{min fi(x) = Sgen(x) (5)
max f, (x) = n(x)

In equation (5), min f; (x) means the objective
function to reduce entropy production. max f, (x) is
the objective function to maximize efficiency. To
solve the above multi-objective optimization
problem, a PSO algorithm is introduced. Each
particle updates its velocity based on its individual
historical best position and the group's historical best
position, as shown in equation (6).

vik+1 = ink + Clrl(pbest,i - xzk) +
C2T2 (gbest - xzk) (6)

In equation (6), v¥*! denotes the velocity of the
particle i in the k + 1 iteration. v¥ denotes the
velocity of the particle i in the current generation. w
denotes the inertia weight. ¢; and c, indicate the
individual and the social learning factors. r; and r;,
indicate random numbers. ppeg; means the
individual historical best position of the particle i.

IJvest Tefers to the global best value. The position
update is shown in equation (7).
Xt = xf 4+t (7
In equation (7), x¥*? refers to the position of the
particle iin the k + literation. x} means the position
of the particle i in the current iteration. In multi-
objective optimization, Pareto optimal solutions are
introduced, and the membership degree of each
solution is calculated using the fuzzy comprehensive
evaluation method, as shown in equation (8).

_ ZZ":]_ l‘—jo
(“f T m
max ;g (8)
_J
.u-jo - max{)nin

o

In equation (8), yjmeans the total satisfaction of
the j -th Pareto solution. u;, is the satisfaction of the
jth solution on the o -th objective. m denotes the
amount of objective functions. fj, is jthe actual
objective value of the j -th solution on the o -th
objective. £/ and /™" indicate the max and mini
values of the o -th objective among all Pareto
solutions, respectively. After obtaining the Pareto-
optimal solution set through the PSO algorithm, a
decision-making strategy is required to select the
final optimal impeller design for practical
implementation. In this study, the fuzzy
comprehensive evaluation method is adopted to rank
the Pareto solutions and identify the best
compromise between the two conflicting objectives.
The overall satisfaction degree for the Pareto
solution is then calculated as the arithmetic mean of
the individual membership values across both
objectives, and the solution with the highest value is
selected as the final optimal design. Equal weights
are assigned to both objectives (0.5), reflecting the
practical engineering requirement that efficiency and
energy loss are equally important performance
indicators for CP operation. Furthermore, all
geometric parameters lie well within manufacturable
ranges, ensuring practical feasibility without
requiring special fabrication techniques. The
selected solution remains among the top two
candidates under alternative weighting
configurations (7:3 favoring efficiency), confirming
its robustness as the preferred design choice. The
Pareto optimal solution and the PSO algorithm is
shown in Figure 3.

distribution of different design schemes in the
target space, and the curves form the Pareto front,
with all points on the front being non-dominated
solutions. In Figure 3(b), starting from the initial
position and velocity of the particle swarm, the
initial fitness values are evaluated sequentially,
followed by an iterative loop to update the particle
positions and velocities, searching for individual
optima and global optima. Through the above
optimization framework based on DTs and the PSO
algorithm, the efficiency enhancement of the CP
impeller structure was achieved. This framework
aims to minimize entropy production and maximize
efficiency, using the Kriging approximation model
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to replace high-cost CFD simulation, and combining
the PSO algorithm to efficiently search for Pareto
optimal solutions in the global design space. The
optimized impeller geometry parameters make the
internal flow more uniform, reducing flow
separation and eddy losses, improving hydraulic
efficiency, and reducing energy dissipation. The
schematic diagram of the CP impeller efficiency
improvement is shown in Figure 4.

Fi(x)
A
A Best compromise

@ solution

Fa(x1) A
4 A

Fi(x2) —

Fi(x1) Fi(x2) Fi(x)

(a) Schematic diagram of Pareto
optimal solution

Recalculate the
fitness value

Initialize particle - -
position and velocity | Find the global optimum |

L N

Evaluate the initial fitness
value of particles
Yes

{

Update particle pose and
velocity B End
(b) The flowchart of PSO
algorithm

Fig. 3. Process diagram of Pareto optimal
solution and PSO algorithm

In Figure 3(a), the scatter plots represent the

Figure 4 shows a schematic diagram of the
impeller structure of the CP used for efficiency
improvement in this study. The research object is a
single-stage single suction CP, with the following
design parameters: the flow rate of the CP is 18m?/h,
the head is 22m, the speed is 2900r/min, the inlet
diameter and outlet drop are 50mm and 40mm
respectively, the impeller diameter is 136mm, the
number of blades is 6, and the rated power is 2.2kW.
The key components such as impeller, volute, inlet

640x640%3

and outlet are clearly marked. This structure serves
as a benchmark model for subsequent multi-
objective optimization based on digital twins, in
order to minimize entropy production and maximize
efficiency.

40mm

Fig. 4. Schematic diagram of centrifugal pump
impeller efficiency improvement modification

3.2. A CPFD method integrating target detection

and stacking integration

Based on the improvement of CP impeller
efficiency, in order to further ensure its long-term
stable operation under complex working conditions,
it is necessary to build an efficient and robust FD
mechanism [23]. In view of the problems of
traditional FD methods that rely too much on
vibration signals, are susceptible to noise
interference and have limited sensor installation, a
CPFD method that integrates target detection and
stacking integration is proposed. The physical
mechanism between flow field characteristics and
blade fracture faults is as follows: the fractured
blades disrupt the symmetrical flow pattern inside
the impeller, generating local low-pressure zones
and high-speed jets. These abnormal phenomena are
manifested as distinguishable patterns in pressure
and velocity cloud maps. The proposed method
utilizes this physical mapping relationship to
automatically learn and locate the flow field
distortion patterns caused by faults through
YOLOVS, thereby achieving accurate fault detection
without relying on vibration signals. The method
inputs the generated pressure cloud map and velocity
cloud map into the YOLOvS target detection
network for training, identifies the fault area in the
cloud map and classifies the fault type. The training
of the object detection network relies on the joint
optimization of the loss function (LF), which
consists of bounding box regression loss, confidence

80x80x255

40%40%255

CBL
u SPP ¢
Input
Gl [[cBL |—={concAT }—»{cPs2-1]—+ Conv | —
¥ CBL
Focus ﬁ T
CBL | Upsampling | *
C3T-1 CBL CONCAT CPS2-1 Conv
CONCAT
—— | +{(concar) f
C3T-3 CPS2-1
CBL _
— (concat }—»{cpsa-TH-» Conv }-—@
C3T-3 —~ | Upsampling };

20%20%255

Fig. 5. Schematic diagram of Yolov5 object detection network
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loss and classification loss. The bounding box
regression loss is shown in equation (9) [24].

201 gt
Leoora = 1= 10U + 2822 4 qv 9)
In equation (9), L¢yorq represents the bounding
box regression loss. IoU means the intersection-
union ratio (IU/U) of the predicted and ground truth
boxes. p?(b,b9") represents the square of the
Euclidean distance between b and b9 . The
confidence loss is calculated as shown in equation
(10).
2 bir A
Leont = — Zi:o Zg=o [;q] [Cp log( Cp) +(1
—C,)log(1—Cp)] (10)
In equation (10), L,,¢ represents the confidence
loss. §% denotes the amount of grid cells. B denotes
the amount of bounding boxes predicted for each

grid cell. Iggj means the indicator function. €, and
Cp represent the confidence scores of the predicted

and the true labels, respectively. The classification
loss is calculated as shown in equation (11).
Las = = E920 1y Beetuue B (©) 10g (Pp(e)]
(11)
In equation (11), Ly is the classification loss. ¢
is the class. Cagses is the set of all classes. B,(c)
refers to the probability that the p -th grid belongs to
class c. Pp (c) is the probability that the p -th grid in
the true label belongs to class c¢. The total LF is
denoted in equation (12).
L= Lcoord + Lconf + Lcls (12)
In equation (12), L is the total LF. The YOLOVS5
network uses the Cross Stage Partial Darknet
(CSPDarknet) backbone to extract image features,
combines the path aggregation network structure to
achieve feature fusion at multiple scales, and finally
uses the regression head to output the bounding box
and confidence of the fault region. Figure 5
showcases the YOLOVS object detection network. In
Figure 5, the input image is sliced by the Focus
module and then the features are extracted. The
network adopts the CSPDarknet backbone structure
and the path aggregation network multi-scale fusion
mechanism, and integrates features of different
levels through upsampling and splicing operations
[25]. Ultimately, the precise localization and

categorization of the fault area are accomplished.
The study also introduces the stacking integration
strategy to enhance the accuracy and reliability of
FD. In the first layer of Stacking, the prediction
results of all base learners are combined into a meta-
feature vector, as shown in equation (13).
Z, = [j\]aliyaZ! ---:y\aM] (13)
In equation (13), z, is the meta-feature vector of
the a -th sample. y,; is the prediction result of the
1st base learner for the a -th sample. M is the total
number of base learners. In the second layer of
Stacking, a meta-classifier is constructed to train the
meta-feature vector. The training objective of the
classifier can be expressed as minimizing the LF, as
denoted in equation (14).
f=minTi, L(F(z:0)y)  (14)
In equation (14), f means the training objective
function of the classifier. mein is used to optimize the

parameter 8 of the meta-classifier to reduce the LF.
F(z,; 0) is the predicted output of the meta-feature
vector z, of the meta-classifier F for the a -th
sample. F is the trained meta-classifier. y, indicates
the true label of the a -th sample. During the testing
phase, given a new sample, its prediction results are
obtained through each base learner, a meta-feature
vector is constructed, and input into the trained meta-
classifier to obtain the final fusion diagnostic result,
as shown in equation (15).

y* = F(91.93 . Iul; 0) (15)

In equation (15), §* represents the final fusion
diagnostic result. y; represents the prediction output
of the first base learner for the test sample. The
flowchart of the CPFD method integrating target
detection and stacking integration is shown in Figure
6.

In Figure 6, the CPFD method first generates
pressure and velocity contour maps using a DT
model. After data augmentation and annotation,
these maps are input into a Yolov5 network for
training to identify blade fracture faults.
Subsequently, a stacking ensemble strategy is
introduced to fuse the detection results of the two
networks for decision-making, comprehensively
determining the fault type and location.

o ___ L _
Digital twin model I I |
of centrifugal pump | | Normal | I | Normal | |
| [ |
Velocity Data augmentation Pressure | Blade I Blade |
contour and annotation contour | | malfunctiona | | | | malfunctiona | |
L] ¥ | I |
Yolov5 Training parameter Yolov5 | Blade I Blade I
Network B settings Network A | malfunctionb | | | malfunctionb | |
| I |
I Blade I Blade I
: malfunction ¢ : I malfunction ¢ :
|
Blade Blade Blade | Stacking integration strategy |
malfunction a malfunction b malfunction ¢
T + Normal

Fig. 6. Flow chart of CPFD method integrating object detection and stacking integration
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4. RESULTS AND ANALYSIS

The study first analyzed the performance of the
proposed CP efficiency enhancement method. Then,
the performance of the proposed CPFD method was
evaluated through simulation, aiming to verify the
method's performance in terms of fault identification
accuracy and real-time performance.

4.1. Performance analysis of CP efficiency

enhancement and retrofit methods

To verify the performance of the proposed DT
and PSO algorithm in the impeller enhancement of
CPs, a single-stage, single-suction CP was utilized as
the research object. A high-fidelity model of the
pump was constructed using a DT platform, and the
hydraulic efficiency and energy loss before and after
the enhancement were compared. The hydraulic
efficiency was evaluated using energy conversion
efficiency, hydraulic power, shaft power, and head,
and energy loss was evaluated using . The numerical
simulation used CFturbo for  geometric
parameterization modeling and ANSYS CFX for
high-fidelity flow field solving. The numerical
simulations were performed using ANSYS CFX
2024R1 with a structured hexahedral mesh generated
in ANSYS ICEM CFD. A mesh independence study
was conducted using five mesh levels (1.2M, 2.1M,
3.5M, 4.8M, and 6.2M elements), and the 3.5M
mesh was selected as the optimal balance between
accuracy and computational cost, with head
variation below 0.5% between the 3.5M and 6.2M
meshes. The turbulence model was employed for its
proven accuracy in rotating machinery flows.
Boundary conditions were specified as mass flow
inlet (18 m’h) and static pressure outlet (0 Pa
gauge), with no-slip wall conditions. The high-

resolution advection scheme and second-order
backward Euler transient formulation were applied.
Convergence was declared when all normalized
residuals decreased below 1x10° and monitored
variables stabilized. Table 1 lists the experimental
environment and parameters.

The selection of five optimization variables -
inlet diameter, outlet diameter, blade outlet width,
blade inlet installation angle, and blade outlet
installation angle - was based on CP design theory
and previous sensitivity studies. According to the
velocity coefficient method, these five parameters
fundamentally determined the channel geometry of
the impeller and directly affected the relative
velocity distribution, inflow angle, and diffusion rate
inside the impeller, thereby controlling hydraulic
losses (entropy generation) and energy conversion
efficiency. To quantitatively validate their
advantages, a global sensitivity analysis was
conducted using the Sobol method based on 200
initial Latin hypercube samples before formal
optimization. Table 2 summarizes the first-order and
full order sensitivity indices of each parameter in
terms of efficiency and entropy generation. In Table
2, the outlet diameter showed the highest sensitivity
to both efficiency and entropy production, followed
by the blade outlet installation angle and blade outlet
width. The sensitivity of inlet diameter and inlet
installation angle was relatively low, which is
consistent with the existing understanding that outlet
parameters have a more significant impact on pump
performance than inlet parameters. The total order
sensitivity index of the five variables was 0.94 for
the sum of efficiency and 0.93 for the sum of entropy
production, confirming that the selected parameters
collectively explain over 92% of the overall
performance variance.

Table 1. Experimental environment and parameter settings

Environment Parameter
Item Specifications Parameters Values
. . Intel Xeon Gold 6248R @ .. .
Central Processing Unit 3.00GHz (48 Cores) Initial sample size (LHS) 60
Random Access Memory 256 GB DDR4 3200MHz PSO Population Size 50
Graphics Processing Unit NVIDIA RTX A6000 (48GB PSO Max Iterations 750
VRAM)
Operating System Windows 10 Eﬁ))fessmnal (64- PSO Inertia Weight 0.8
. Python 3.10 / MATLAB .
Programming R2024a PSO Learning Factors 1.5
Table 2. Sensitivity analysis results for the five optimization variables
First-order index Total-order index
Parameter Design range Efficiency Entropy Efficiency Entropy
production production
Inlet diameter S5Smm-75mm 0.08 0.09 0.21 0.14
Outlet diameter 120mm-155mm 0.31 0.28 0.38 0.35
Blade outlet width 8mm-16mm 0.19 0.22 0.24 0.27
Inlet installation angle 18°-32° 0.07 0.06 0.10 0.09
Outlet installation angle 20°-40° 0.22 0.20 0.27 0.24
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To test the hydraulic efficiency of the designed
method, the conversion efficiency, hydraulic power,
shaft power, and head before and after the
enhancement were analyzed under different flow
coefficients (FCs). The FCs were 0.8, 0.9, 0.10, 1.1,
1.2, and 1.3. In Figure 7(a), when the FC was 1.0, the
conversion efficiency of the CP before and after the
enhancement was 78.6% and 83.2%, respectively. In
Figure 7(b), when the FC increased from 0.8 to 1.3,
the hydraulic power of the CP before the
enhancement increased from 5.12 kW to 9.45 kW,
and the hydraulic power after the enhancement
increased from 5.45 kW to 9.98 kW. In Figure 7(c),
when the FC rose from 0.8 to 1.3, the shaft power of
before the enhancement rose from 7.08 kW to 13.27
kW, and the shaft power after the enhancement
increased from 7.09 kW to 13.20 kW. In Figure 7(d),
when the FC was 1.0, the head of before and after the
modification was 20.1 m and 20.7 m, respectively.
The findings reveal that the designed method can
optimize the impeller structure and enhance the
hydraulic performance of the CP.

To verify the fidelity of the constructed digital
twin model, the simulation results were compared
with experimental measurements obtained from a
closed CP test bench under five representative flow
conditions (0.6Qd, 0.8Qd, 1.0Qd, 1.2Qd, and
1.4Qd). The experimental setup is a single-stage
single suction CP, equipped with an electromagnetic
flowmeter, inlet and outlet pressure transmitters, and
a torque and speed sensor for shaft power
measurement. All measurements were conducted
under steady-state conditions, with a sampling
frequency of 1 kHz, and a 30 second average was
taken for each data point to ensure statistical
stability. The comparison results are summarized in
Table 3. In Table 3, the range of head prediction
error was between -2.69% and 2.29%. The
maximum head deviation of -2.69% occurred at the
lowest flow condition (0.6Qd), which can be
attributed to the intensification of flow recirculation
and unsteady phenomena under non design
conditions. The minimum head error of -1.56%
occurred at the design point (1.0Qd), confirming that
the turbulence model was optimally calibrated with
the selected grid resolution under the design
conditions. The overall average absolute errors of
head and efficiency were 2.03% and 1.66%,
respectively. The results indicate that the constructed
digital twin model has sufficient predictive fidelity
and can serve as a reliable virtual alternative model
for subsequent impeller geometry optimization and
FD research.

This study compared the direct, wall, and
turbulent entropy production before and after the
proposed method for improving CP efficiency under
different FCs to investigate the energy loss of the
improvement method. In Figure 8(a), the direct
entropy production of before and after the
improvement was the lowest when the FC was 1.0,
at 0.042 W/K and 0.033 W/K, respectively. In Figure
8(b), when the FC increased from 1.0 to 1.3, the wall

entropy production of the CP before the
improvement increased from 2.65 W/K to 2.80 W/K,
and the wall entropy production after the
improvement increased from 2.53 W/K to 2.73 W/K.
In Figure 8(c), the turbulent entropy production of
before and after the improvement was the lowest
when the FC was 1.0, at 1.88 W/K and 1.78 W/K,
respectively. The findings demonstrate that the
improved impeller structure can effectively reduce
flow separation and eddy current losses, thereby
reducing energy loss.
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Table 3. Comparison of digital twin simulation and experimental results under different flow conditions

Flow Head (m) Efficiency (%) Head Error Efficiency

Condition Experimental Simulation Experimental Simulation (%) Error (%)
0.6Qd 24.52 23.86 68.2 66.9 -2.69 -1.91
0.8Qd 23.18 22.71 74.5 73.1 -2.03 -1.88
1.0Qd 21.05 20.72 79.3 78.5 -1.57 -1.01
1.2Qd 19.87 19.56 76.8 754 -1.56 -1.82
1.4Qd 18.33 18.75 714 70.2 2.29 -1.68
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production before and after CP modification

The study further analyzed the entropy
production of the flow components before and after
the CP's efficiency enhancement modification under
different FCs, including the inlet, impeller, volute,
and outlet. The outcomes are presented in Figure 9.
In Figure 9(a), when the FC was 1.0, the entropy
production of the inlet, impeller, volute, and outlet
before modification was 0.58 W/K, 2.07 W/K, 2.02
W/K, and 0.18 W/K, respectively. In Figure 9(b),

when the FC rose from 0.8 to 1.3, the entropy
production of the inlet after modification reduced
from 0.65 W/K to 0.21 W/K, the entropy production
of the impeller increased from 1.50 W/K to 1.95
W/K, and the entropy production of the outlet rose
from 0.06 W/K to 0.15 W/K. The findings reveal that
the developed method can suppress flow separation
and turbulent pulsation inside the flow components
and reduce energy loss.
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Fig. 9. Comparison of entropy production of
different overcurrent components before and
after CP modification

To verify the optimization results through
experiments, the optimized impeller geometry was
manufactured using precision casting and installed
on a physical pump test bench. Performance testing
is conducted in accordance with ISO 9906 standard,
measuring head and efficiency within the same FC
range as numerical simulation. The comparison of
simulation and measured performance curves of
benchmark impeller and optimized impeller is
summarized in Table 4. In Table 4, the efficiency of
the optimized impeller was better than that of the
benchmark impeller under all flow conditions. At the
design point (1.0 Qd), the measured efficiency of the
optimized impeller reached 82.7%, an increase of 3.4
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Table 4. Experimental performance comparison and optimization effect verification of benchmark and optimized

impellers
FC Baseline Impeller (Experiment) Optimized Impeller (Experiment) Efficiency Gain

Head (m) Efficiency (%) Head (m) Efficiency (%) (%)
0.6Qd 24.52 68.2 24.68 69.8 +1.6
0.8Qd 23.18 74.5 23.52 76.4 +1.9
1.0Qd 21.05 79.3 20.82 82.7 +3.4
1.2Qd 19.87 76.8 19.75 79.1 +2.3
1.4Qd 18.33 71.4 18.56 73.8 +2.4

percentage points compared to the benchmark
impeller's 79.3%. The lift decreased slightly from
21.05 m to 20.82 m, with a decrease of only 1.1%.
Within the range of 0.6 Qd to 1.4 Qd, the efficiency
was improved by 1.6-3.4 percentage points. The
experimental results confirmed the effectiveness of
the proposed optimization strategy, and the
optimized impeller achieved significant efficiency
gains while sacrificing only minimal head

The prediction accuracy of the Kriging surrogate
model was quantitatively evaluated using a five fold
cross validation (based on an initial 60 Latin
hypercube samples) and an independent test set
consisting of 15 additional CFD simulations. As
shown in Table 5, the proxy model achieved high
prediction fidelity for both objective functions. In
terms of efficiency prediction, the R? of cross
validation reached 0.9748, and the RMSE was
0.47%; In terms of entropy production prediction, R?
was 0.9589 and RMSE was 0.0042 W/K. The
independent test set further confirmed its good
generalization ability, with maximum absolute errors
of 1.03% for efficiency and 0.0089 W/K for entropy
production prediction. The above results indicate
that the established Kriging model can provide
sufficiently accurate approximations and provide
reliable support for subsequent optimization.

Table 5. Validation performance of the Kriging
surrogate model

. Entropy
Metric Efﬁc.l ency Production
Prediction Prediction
R2 (5-fold CV) 0.9743 0.9589
RMSE (5-fold
o 0.0047 0.0042 W/K
MAE (5-fold
o 0.0038 0.0031 W/K
R2 (Test set) 0.9682 0.9517
RMiSt)(TeS‘ 0.0052 0.0048 W/K
MAE (Test set) 0.0041 0.0035 W/K
Max’::;)(TeSt 0.0103 0.0089 W/K

4.2. Simulation results of CPFD method

To test the effect of the developed method, a flow
field contour map dataset generated based on a DT
model was studied, and simulation experiments were
conducted. For each generated pressure and velocity
contour map, each map corresponds to a fault state,
forming an image dataset containing multiple fault

types. The FD dataset was constructed based on
pressure and velocity cloud maps generated by
digital twin models, with a total of 12000 images
(6000 pressure/velocity images each), covering three
blade states (healthy, single blade fracture, double
blade fracture) and four operating conditions
(0.8Qd-1.4Qd), with 4000 images for each state. The
fault as set as a 40% fracture at the tail of the blade,
and the cloud image was exported in 640 x 640
pixels. Flip, rotate, scale, and mosaic enhancement
were used in training. Labellmg was used for
annotation, and domain experts manually drew
bounding boxes based on the physical characteristics
of flow field distortion, and underwent two-stage
quality assurance (two person independent
annotation+expert arbitration). The dataset was
randomly partitioned into training, validation, and
test sets at a ratio of 8:1:1. Hyperparameters were
optimized through Bayesian search over 50 trials,
yielding a final configuration with an initial learning
rate of 0.001, a batch size of 16, a momentum of
0.937, and an IoU threshold of 0.5. Data
augmentation  techniques, including random
flipping, scaling, and mosaic augmentation, were
applied during training to enhance model
generalization. The designed method was compared
with existing mainstream methods, including BPNN,
Deep Belief Network (DBN), and Deep Residual
Network (ResNet).

To prevent data leakage between training and test
sets, the dataset was partitioned using a strict
condition-based  stratified sampling strategy.
Specifically, the splitting was performed at the level
of distinct parameter combinations (fault type x
operating condition x simulation run) rather than at
the individual image level. All contour maps
generated from the same simulation run were kept
entirely within a single partition (training, validation,
or test) to ensure that the test data are truly
independent and do not contain images from nearly
identical simulation conditions. To further guarantee
independence, the training and test datasets were
generated from separate and independent CFD
simulation runs with different random seeds and
mesh initialization parameters, ensuring that no flow
field realization is shared across partitions. The
independence of the test set was quantitatively
verified by comparing the statistical distributions of
pressure and velocity fields between the training and
test partitions.

The FD accuracy of the proposed method was
analyzed on pressure contour map and velocity
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contour map datasets and compared with existing
methods. In Figure 10(a), on the pressure contour
map dataset, with 100 iterations, the accuracies of
BPNN, DBN, and ResNet were 81.2%, 85.0%, and
91.3%, respectively, while the accuracy of the
developed method was 94.9%. With 300 iterations,
the accuracies of the four methods were 85.8%,
88.6%, 93.8%, and 96.5%, respectively. In Figure
10(b), on the velocity contour map dataset, with 300
iterations, the accuracies of the four methods were
87.6%, 90.7%, 95.2%, and 98.2%, respectively. The
findings reveal that the proposed method converges
faster and achieves higher diagnostic accuracy,
confirming its superiority.
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Fig. 10. Comparison of accuracy of different
fault diagnosis methods

The study further evaluated the accuracy, recall,
and F1 score of various methods on two datasets. In
Table 6, on the pressure cloud dataset, the research
method achieved an accuracy of 0.975, a recall of
0.973, and an F1 of 0.974, outperforming BPNN,
DBN, and ResNet by a significant margin. On the
velocity cloud dataset, it similarly led with an
accuracy of 0.980, a recall of 0.979, and an F1 of
0.979. The findings illustrate that the proposed
method, by fusing target detection and a stacking
integration strategy, can enhance the performance of
CPFD.

To verify the practical effectiveness of the
proposed method, physical experiments were
conducted on a single-stage single suction CP test
bench. The specifications and parameters of the
pump are completely consistent with the simulation
model. By machining controllable notches on the
impeller blades, five levels of fault severity were
artificially introduced, including health status, 10%,
25%, 50%, and 75% blade fracture. The results are
shown in Table 7. In Table 7, the proposed method
achieved the highest accuracy in all severity levels
of faults, with an overall average accuracy of 94.4%,
which was 13.9%, 10.4%, and 5.3% higher than
BPNN (80.5%), DBN (84.0%), and ResNet (89.1%),
respectively. Under the most severe fault of 75%
blade fracture, the proposed method still maintained
an accuracy of 90.1%, while BPNN, DBN, and
ResNet decreased to 70.5%, 75.2%, and 82.7%,
respectively. The experiment verified the
effectiveness and robustness of the proposed method
in practical applications.

To test the real-time effect of the research
method, a comparative analysis of the FD time of
different methods was conducted, and the outcomes
are indicated in Figure 11. In Figure 11(a), on the
pressure cloud dataset, the average diagnosis
times of BPNN, DBN, and ResNet were 17.8 ms,
28.6 ms, and 37.2 ms, respectively, while the
accuracy of the proposed method is 8.9 ms. In Figure

Table 6. Performance analysis of different fault diagnosis methods (mean + SD, 95% CI, 10 repeated runs)

Datasets Methods Accuracy Recall F1 score
BPNN 0.857 +£0.021 0.849 +0.023 0.853 £0.022
[0.842, 0.872] [0.832, 0.866] [0.837, 0.869]
DBN 0.890+0.018 0.886 +£0.019 0.888 £0.018
Pressure Map [0.877, 0.903] [0.872, 0.900] [0.875, 0.901]
ResNet 0.931+0.014 0.928 £0.015 0.929+0.014
[0.921, 0.941] [0.917, 0.939] [0.919, 0.939]
OURS 0.975 £ 0.009 0.973 £0.010 0.974 +£0.009
[0.969, 0.981] [0.966, 0.980] [0.968, 0.980]
BPNN 0.864 +0.020 0.860 +0.022 0.862 +£0.021
[0.850, 0.878] [0.844, 0.876] [0.847, 0.877]
DBN 0.897 +£0.017 0.893+0.018 0.895+0.018
Velocity Map [0.885, 0.909] [0.880, 0.906] [0.882, 0.908]
ResNet 0.936 +£0.013 0.934+0.014 0.935+0.013
[0.927, 0.945] [0.924, 0.944] [0.926, 0.944]
OURS 0.980 + 0.008 0.979 £0.008 0.979 £0.008

[0.974, 0.986]

[0.973, 0.985]

[0.973, 0.985]
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12
Table 7. Experimental diagnostic accuracy
comparison on physical pump test
Fault BPNN  DBN  ResNet Pl\r/fefiﬁzzd
Severity (%) (%) (%) (%)
Healthy 92.4 94.1 96.8 98.5
10%
Fracture 85.6 88.3 92.1 96.2
0,
25% 79.8 83.5 88.6 94.7
Fracture
0,
>0% 74.2 78.9 85.3 924
Fracture
75%
Fracture 70.5 752 82.7 90.1

Table 8. In Table 8, the proposed method achieved
the highest detection accuracy among all compared
architectures, at 95.8%, surpassing YOLOVS's
94.5%, Swin Transformer's 93.4%, EfficientDet's
92.1%, Faster R-CNN's 91.3%, and DETR's 90.8%.
In terms of inference speed, the proposed method
achieved 84 FPS, which was 1.29 times faster than
YOLOvVS8 and much faster than other architectures.
Its parameter size was 14.6M, slightly larger than
YOLOVS8, but much smaller than Faster R-CNN and
DETR. The results confirm that the proposed method
not only outperforms traditional machine learning
methods, but also achieves superior or comparable
performance compared to state-of-the-art object
detection architectures.

11(b), on the velocity cloud dataset, the average
diagnosis times of BPNN, DBN, ResNet, and the
proposed method were 21.4 ms, 34.5 ms, 42.7 ms,
and 11.8 ms, respectively. The findings show that the
developed method maintains high diagnostic
accuracy while possessing good real-time
performance, making it suitable for online fault
monitoring and rapid response in industrial settings.
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Fig. 11. Real-time performance comparison
of different fault diagnosis methods

To provide a more meaningful benchmark for the
proposed FD method, the diagnostic performance
will be further compared with five state-of-the-art
object detection architectures, including YOLOvVS8
(the latest evolution of the YOLO series), Faster R-
CNN (representative  two-stage detector),
EfficientDet (scalable and efficient single-stage
detector), DETR (transformer based end-to-end
detector), and Swin Transformer (hierarchical vision
transformer backbone). The results are shown in

Table 8. Quantitative comparison of the proposed
method with state-of-the-art object detection architectures

Infere
mAP@ nce Paramet
Method  Backbone 0.5(%) Speed ers (M)
(FPS)
Faster R- ResNet-
CNN 50-FPN 91.3 18 41.7
Efficient  Efficient
Det Net-B3 92.1 32 12
DETR Rei}get' 90.8 27 41
Swin Swi
Transfor win- 93.4 22 283
Tiny
mer
YOLOvV8 CSEgark 94.5 65 11.2
OURS Csigark 95.8 84 14.6

To demonstrate the generalization ability of the
proposed diagnostic framework, supplementary
experiments were conducted on three pump
configurations with different geometric shapes and
performance characteristics. Pump A is an original
single-stage single suction pump (Qd=18 m3h, 6
blades). Pump B is a larger double suction pump
(Qd=120 m*/h, 8 blades). Pump C is a smaller multi-
stage pump (Qd=8 m’/h, 5 blades). Diagnostic
performance was evaluated for each pump
configuration under five operating conditions
(0.6Qd-1.4Qd) and four types of faults, including
blade fracture, cavitation damage, seal ring wear,
and imbalance faults. The results are shown in Table
9. In Table 9, the proposed method maintained high
diagnostic ~ accuracy  under  three = pump
configurations, five operating conditions, and four
types of faults. The design point (1.0Qd) had the best
performance, with pump A reaching 97.1% and
slightly decreasing under non design conditions. The
blade fracture diagnosis of pump B and pump C had
the best effect, with the highest accuracy of 96.4%
and 95.8% respectively, and the lowest sealing ring
wear. The results confirmed its applicability to
various CP configurations and fault scenarios in
practical industrial applications.
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Table 9. The diagnostic accuracy of the proposed method under different types of faults

Pump Configuration Fault Type 0.6Qd 0.8Qd 1.0Qd 1.2Qd 1.4Qd

Blade Fracture 91.8 94.2 97.1 95.6 924

Pump A CaVitati(')n Damage 89.5 92.7 95.8 93.2 90.1
Seal Ring Wear 87.2 90.5 93.4 91.8 88.3
Imbalance Fault 90.3 93.1 96.2 94 91.7
Blade Fracture 90.2 93.5 96.4 94.8 91.6

Pump B CaVitati(')n Damage 88.1 91.8 95.1 92.5 89.3
Seal Ring Wear 86.4 89.7 92.8 91.2 87.5
Imbalance Fault 89.7 92.6 95.5 934 90.8
Blade Fracture 89.8 92.9 95.8 94.3 91

Pump C Cavitatic')n Damage 87.5 91.2 94.5 91.8 88.7
Seal Ring Wear 85.8 89.1 92.2 90.6 86.9
Imbalance Fault 88.9 92 95.1 92.8 90.2

To conduct a more detailed evaluation of the
classification performance of the proposed method,
confusion matrices were constructed for both the
pressure cloud dataset and the velocity cloud dataset.
The confusion matrix displays the classification
results of three fault states (healthy, single blade
fracture, and double blade fracture) under design
conditions, as shown in Figure 12. In Figure 12 (a),
the classification accuracy of healthy, single
fracture, and double fracture classes on the pressure
cloud map dataset was 97.8%, 96.2%, and 95.5%,
respectively. Misclassification mainly occurred
between two types of fractures, with 2.8% of double
fracture samples misclassified as single fractures and
1.5% of single fracture samples misclassified as
double fractures. This is consistent with physical
expectations, as both involve blade damage and
similar flow field distortion patterns. The false
positive rate of healthy samples was only 1.5%,
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Fig. 12. The confusion matrix of this method
on the test set

which was of great significance in avoiding false
alarms. In Figure 12 (b), the velocity cloud dataset
performed better, with three types of accuracy rates
of 99.1%, 98.3%, and 97.7%, respectively. The
misclassification rate was significantly lower than
that of the pressure dataset, indicating that the
velocity field was more sensitive to local flow
disturbances caused by blade geometry changes. The
results show that both confusion matrices exhibit
high diagonal values and low non-diagonal values,
confirming the superior discriminative ability and
good classification balance of the proposed method.

5. SUMMARY AND FUTURE WORK

To improve the efficiency and diagnosing faults
in CPs, a method based on DT technology is
developed. For efficiency improvement, a multi-
objective optimization model for the impeller,
aiming to minimize entropy production and
maximize efficiency, is constructed. Global
optimization is achieved by combining the Kriging
approximation model and the PSO algorithm. The
findings prove that after optimization, the impeller's
rated point conversion efficiency increases from
78.6% to 83.2%, direct entropy production decreases
from 0.042 W/K to 0.033 W/K, and turbulent
entropy production decreases from 1.88 W/K to 1.78
W/K. Energy losses in all flow components are
effectively suppressed. For FD, a pressure and
velocity contour map dataset is generated using the
DT model. The developed method achieves an
accuracy of 96.5% on the pressure contour map
dataset, with a precision of 0.975, a recall of 0.973,
and an F1 0f 0.974. On the velocity cloud dataset, the
accuracy reaches 98.2%, with an accuracy of 0.980,
Rec 0f0.979, and F1 0f 0.979. The average diagnosis
time is only 8.9ms and 11.8ms, respectively,
outperforming existing methods such as BPNN,
DBN, and ResNet. The developed method enhances
the hydraulic performance of CPs while achieving
high-precision, robust, and real-time FD.

Compared with existing literature, the proposed
method demonstrates several distinct advantages.
Unlike traditional FD approaches based on vibration
signal analysis [15,16], which are susceptible to
environmental noise and sensor installation
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constraints, the proposed flow-field-cloud-map-
based method provides visually interpretable fault
localization while maintaining robust diagnostic
accuracy (94.2% ). Relative to deep learning-based
methods such as BPNN [13] and DBN [14], which
typically require extensive feature engineering and
exhibit limited generalization across operating
conditions, the proposed YOLOvS5-based detection
with  stacking ensemble achieves superior
performance with an accuracy improvement of 5.5%
over ResNet [17,18] on experimental datasets.
However, a limitation compared to some studies
[9,10] is that the current diagnostic framework
focuses exclusively on blade fracture faults, whereas
other methods have addressed multiple fault types
simultaneously. This comparative analysis confirms
the proposed method's effectiveness while clearly
delineating its current scope and future extension
directions.

The main contribution of this study to the field of
technical diagnosis is the development of a FD
framework based on flow field cloud maps, which
integrates object detection and stacked ensemble
learning. This method achieves high accuracy
(98.2% on the velocity cloud map) and fast inference
(11.8 ms), while providing visual interpretability of
the fault location. It provides a practical solution for
intelligent state monitoring of CPs, reducing reliance
on physical vibration sensors. Despite the promising
results, the practical deployment of flow-field-based
diagnostics faces several limitations. Generating
high-fidelity pressure and velocity contour maps in
real industrial settings is considerably more
challenging than collecting vibration signals,
requiring either dense sensor arrays or validated
digital twin models with accurate boundary
conditions. The proposed method currently relies on
virtual sensing through the digital twin rather than
direct measurement, making it most suitable for
critical assets with established twin infrastructure.
Additionally, computational demands for real-time
flow field generation remain significant. Therefore,
this approach should be viewed as complementary
to, rather than a complete replacement for, vibration-
based diagnostics, offering enhanced physical
interpretability for high-value applications.
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