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Abstract. Nuclear power pumps are critical equipment for the safe operation of nuclear power plants, and their
fault diagnosis technologies face challenges such as adaptability to extreme environments, interference from
dynamic operating conditions, and the coupling of multiple faults. Soft sensing technology provides a new
approach to overcoming the limitations of traditional diagnostic methods by constructing mathematical
mapping models between observable variables and target states. This paper systematically reviews the research
progress in this field: traditional machine learning methods demonstrate high efficiency in small-sample scenar-
ios but exhibit limited generalization capability; deep learning models significantly improve the accuracy of
complex fault identification through end-to-end feature learning; transfer learning and hybrid strategies effec-
tively address the challenge of cross-condition adaptability. The study also reveals current technical bottle-
necks, including insufficient dynamic response capability of models, high data dependency, and a lack of
interpretability. Future research should focus on the innovation of intelligent algorithms, the construction of
edge-cloud collaborative validation platforms, and the formulation of industry standards, in order to promote
the comprehensive implementation of soft sensing technology from theory to engineering and provide core

support for the safe operation and maintenance of nuclear power systems.
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1 Research background and significance

In the complex coupled systems of nuclear power plants,
pump equipment is required to operate with high continuity
and reliability. The unobservability of its operating condi-
tions and the concealment of fault manifestations make fault
diagnosis a critical breakthrough for enhancing the system’s
level of intelligence. Under the national strategic framework
of the “dual carbon” goals, nuclear energy, due to its zero-
carbon emissions and ultra-high energy density, has become
a core pillar in the transformation of China’s energy struc-
ture. According to the International Energy Agency
(IEA), by 2050, the global installed capacity of nuclear
energy must be tripled compared to that of 2020 in order
to achieve temperature control targets. As a strategic
emerging high-tech industry in China, the nuclear energy
sector is continuously improving the safety technology level
of nuclear energy utilization [1]. However, during the opera-
tion of nuclear power plants, certain key pump equipment
must serve for extended periods under extreme conditions
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such as high temperature, high pressure, and radiation.
For example, the main loop environment where the primary
pump is located can exceed 300 °C in temperature and reach
pressures up to 15 MPa, accompanied by intense radiation
fields. These special operating conditions significantly
increase the fault risk and diagnostic difficulty of pump
equipment [2], resulting in a failure rate markedly higher
than that of conventional industrial pumps. Studies have
indicated that among unplanned reactor shutdown events
caused by equipment failures in nuclear power plants, a rel-
atively high proportion is associated with pump-related
anomalies. As shown in Figure 1, engineering experience
demonstrates that latent faults such as bearing wear, seal
failure, and impeller cavitation are the most frequent in
nuclear power pump equipment. In some actual operational
data, such types of damage account for more than 80%, pos-
ing significant challenges for early state identification and
diagnosis [3]. If latent defects are not detected in a timely
manner, they may evolve into severe failures under certain
extreme operating conditions, potentially compromising
the cooling capacity of the primary system and leading to
serious consequences such as a Loss-of- Coolant Accident
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Fig. 1. Proportion of fault types in nuclear power pumps.

(LOCA). In the event of such incidents, a single occurrence
can result in economic losses of up to several hundred million
USD [4], while also causing irreversible impacts on public
perception and the credibility of the nuclear industry.

At present, fault diagnosis of nuclear power pumps faces
three major technical bottlenecks:

First, sensor deployment is severely constrained. Due to
the enclosed space of the nuclear island, radiation protec-
tion requirements (as mandated by the ALARA principle),
and electromagnetic interference, the coverage rate of key
parameter measurement points is below 40%. For example,
core failure indicators such as fluid stress within the pump
chamber and microcracks in bearings cannot be directly
measured [5], resulting in essential blind spots in traditional
monitoring systems that rely on physical sensors. Second,
dynamic operating condition interference is intense. Simula-
tion studies have shown that load-following operation in
nuclear power plants leads to frequent start-stop cycles of
pump units, causing complex transient processes such as
abrupt flow changes (£30%) and pressure pulsations
(£15%) [6]. In the face of such complex operating environ-
ments, traditional rule-based diagnostic approaches that
depend on preset thresholds experience a significant
increase in false alarm rates under transient disturbances
(exceeding 30% in some cases [7]), while manual expert
judgment often suffers from delays of more than 6-8
hours—far from meeting the minute-level response require-
ments of safety-critical equipment. Therefore, a more effi-
cient intelligent diagnostic mechanism is urgently needed
as a replacement. Third, multi-fault coupling mechanisms
are complex. The strong coupling characteristics of mechan-
ical, thermal-hydraulic, and electrical systems in nuclear
power pumps mean that a single fault may trigger a

cascade of failures. For example, under complex operating
conditions, high-frequency vibrations caused by faults such
as cavitation and hydraulic disturbances may interfere with
the early feature extraction of mechanical failures such as
bearing pitting. Studies by Reges et al. have shown that
axial vibrations are more sensitive to bearing faults under
such compound conditions but are also more likely to be
masked by other disturbance signals [8]. Furthermore,
traditional signal processing methods experience a sharp
decline in fault resolution when the signal-to-noise ratio
drops below —10 dB [9].

To overcome the aforementioned bottlenecks, soft
sensing technology provides a revolutionary solution by
constructing mathematical mapping models between
observable variables (such as vibration, current, and tem-
perature) and target states (such as wear level, efficiency
loss, and remaining useful life). The evolution of this tech-
nology can be divided into three stages: First Stage
(1990s-2010): Shallow modeling based on mechanistic
equations and statistical regression. Sakthivel et al. com-
pared the performance of Support Vector Machines
(SVM) and Gene Expression Programming (GEP) in fault
diagnosis of centrifugal pumps and found that the symbolic
regression model constructed by GEP improved diagnostic
accuracy to 91.2% under strong nonlinear interference con-
ditions, outperforming SVM’s 86.5%, while also offering
stronger model interpretability [10]. Second Stage (2010—
2020): Feature engineering optimization driven by machine
learning. Algorithms such as SVM and Random Forest
enhanced the ability to fit nonlinear relationships. Liu
improved classification accuracy of pump power maps to
92% based on LibSVM, but the method remained con-
strained by its reliance on manual feature design and
domain expertise [7]. Third Stage (2020—present): End-to-
end intelligent diagnosis empowered by deep learning.
Architectures such as Convolutional Neural Networks
(CNN) and Transformers have enabled automatic extrac-
tion and hierarchical representation of fault features. The
multi-scale convolutional self-attention model constructed
by Chen Li et al. achieved 99.5% accuracy in bearing crack
diagnosis, representing an improvement of over 40% com-
pared to traditional methods [11]. Cheng et al. further
introduced physics-informed embedding (AFARN model),
which maintained 98% accuracy in cross-domain transfer
tasks while enhancing interpretability by a factor of 3.2 [12].

The irreplaceability of soft sensing technology in the
diagnosis of nuclear power pumps is embodied in three core
values: (1) Breaking the Limits of Physical Monitoring: By
performing spectral analysis on measurable signals such as
vibration, soft sensing enables effective estimation of vari-
ables that cannot be directly observed, such as pump cham-
ber stress and wear trends. This significantly expands the
monitoring boundaries of traditional physical sensor
systems [13]. (2) Reconstructing the Fault Identification
Paradigm: End-to-end models significantly simplify the tra-
ditional feature engineering process by integrating feature
extraction and fault identification into a unified modeling
framework. In typical diagnostic tasks, this reduces manual
processing time from hours to seconds [14-16] and allows
for the simultaneous identification of multiple faults.
(3) Enabling Predictive Maintenance: Multiple studies have
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shown that soft sensing models based on transfer learning
can maintain diagnostic accuracy above 90% even under
unseen and unlabeled operating conditions [17, 18]. Some
models demonstrate significantly superior early warning
capabilities compared to traditional methods, showing
strong potential to support predictive maintenance.

From a national strategic perspective, soft sensing —
being one of the key technologies for ensuring the intelli-
gence, safety, and maintainability of nuclear power equip-
ment — is becoming an essential technical support for
advancing China’s strategic goal of becoming a ‘“nuclear
power strong nation.” The China Nuclear Energy Develop-
ment Report (2023) explicitly states: “Intelligent diagnosis
and predictive maintenance are standard capabilities for
next-generation nuclear power plants.” Therefore, overcom-
ing the challenges of soft sensing technology in terms of gen-
eralization, interpretability, and engineering adaptability
holds significant strategic importance for building an inde-
pendent and controllable technological system for nuclear
energy equipment.

2 Core methods and applications of soft sensing
technology

To enhance the accuracy of operating condition identifica-
tion and fault diagnosis for nuclear power pumps, research-
ers have developed multiple approaches centered on soft
sensing modeling technologies. These approaches mainly
include deep learning-based models, traditional machine
learning methods, and hybrid strategies incorporating
transfer learning. Each method has its own advantages
and demonstrates differentiated adaptability under varying
conditions of data scale, operating scenarios, and system
complexity.

2.1 Traditional machine learning

In the field of nuclear power pump fault diagnosis, tradi-
tional machine learning methods still hold irreplaceable
value in scenarios where sample sizes are limited or rapid
deployment is required, due to their advantages of simple
model structure, high computational efficiency, and strong
interpretability. Compared with deep learning models, tra-
ditional methods significantly reduce dependence on train-
ing data (typically 100-500 samples are sufficient to build
an effective model) and demonstrate unique applicability
under conditions with limited feature dimensions, incom-
plete labels, or stringent real-time requirements [17, 19, 20].

(1) Support vector machines and their optimized variants

Support Vector Machines (SVM), as a representative
method of statistical learning theory, are among the most
widely applied techniques in nuclear power pump fault clas-
sification. Liu developed a pump power map feature classi-
fication model based on the LibSVM toolbox, utilizing A
Radial Basis Function (RBF) kernel to map features into
a high-dimensional space. The model achieved an accuracy
of 92% in identifying six types of faults, including bearing
wear and impeller cavitation, significantly outperforming
manual threshold-based methods in terms of generalization
capability [21]. To enhance the ability to identify multiple

concurrent faults, Rapur and Tiwari proposed an inte-
grated framework combining Wavelet Packet Transform
and Multi-class Support Vector Machine (WPT-MSVM).
First, vibration signals were decomposed into 32 sub-bands
using WPT, from which energy entropy and kurtosis fea-
tures were extracted. Then, a one-vs-one strategy was used
to construct an MSVM decision tree, improving classifica-
tion accuracy under multi-fault coexistence conditions in
centrifugal pumps to 96.8%, which is 11.5% higher than
that of a single SVM model [15]. For scenarios with scarce
labeled data, Liu Guangping et al. developed a One-Class
Support Vector Machine (OCSVM) anomaly detection
system that requires only normal condition samples to con-
struct a hyperspherical decision boundary. This approach
achieved a recall rate of 87.3% in detecting unknown fault
types in submersible electric pumps, demonstrating the
practicality of unsupervised learning in nuclear power
diagnostics [17].

(2) Signal processing and feature engineering—driven
methods

The effectiveness of traditional machine learning heavily
relies on signal preprocessing and feature design. Research-
ers have employed time-frequency analysis techniques to
enhance the separability of fault features: (1) Short-Time
Fourier Transform (STFT): Du and Zhang applied STFT
to analyze the vibration signals of a hydraulic pump casing,
constructing a power spectral density feature set. Combined
with a k-nearest neighbor (KNN) classifier, this approach
enabled early diagnosis of bearing pitting, achieving an
accuracy of 89.4% under steady-state conditions. However,
under complex conditions such as sudden flow changes, the
degradation of frequency resolution led to a significant
increase in false alarm rates [5]. (2) Wavelet Packet Trans-
form (WPT): Qing et al. addressed the issue of coupled
interference in plunger pump current signals by applying
WPT decomposition and extracting energy moment fea-
tures. Coupled with a random forest model, the method
achieved high-accuracy classification of different fault states
and improved robustness under strong electromagnetic
interference conditions [13]. (3) Coherent Averaging and
Envelope Demodulation: Schmidt et al. designed a fre-
quency band enhancement algorithm based on coherent
averaging and envelope demodulation. Under conditions
with a signal-to-noise ratio as low as —15 dB, the method
could still identify early micro-damage in bearings with a
recognition rate of 83.6%, significantly enhancing the detec-
tion capability of weak features under complex operating
conditions [9]. As shown in Table 1, the commonly used fea-
ture extraction mechanisms in pump fault diagnosis can be
categorized into time-domain, frequency-domain, and time—
frequency representations.

(3) Innovative applications of other traditional algorithms

Beyond SVM, various traditional algorithms demon-
strate unique advantages in specific scenarios: (1) Gene
Expression Programming (GEP): Patton et al. compared
the performance of GEP and SVM in diagnosing multi-fault
coupling in centrifugal pumps. They found that the fault
decision tree constructed through symbolic regression by
GEP achieved a higher accuracy (91.2%) under strong
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Table 1. Summary of commonly used feature types in
pump fault diagnosis.

Feature category Representative features

RMS, kurtosis, crest factor,
skewness, peak-to-peak value [13,
14].

FFT spectral energy, characteristic
frequency amplitude, harmonic
ratios [9, 11].

Wavelet packet energy, STFT
coefficients, Hilbert spectrum [15].

Time-domain
features

Frequency-domain
features

Time—frequency
features

nonlinear interference conditions compared to SVM
(86.5%), and also offered stronger model interpretability
[22]. (2) Fuzzy Inference Systems: Mwaura et al. combined
an Adaptive Neuro-Fuzzy Inference System (ANFIS) with
vibration spectral kurtosis indicators to quantify the sever-
ity of faults in steam generator feedwater pumps, achieving
a mean absolute error of only 4.3% [3]. (3) Fusion with
Physical Models: Chen et al. developed a hybrid model
combining dynamic equations and Bayesian networks for
diagnosing faults in reciprocating bilge pumps. By perform-
ing force source inversion, the system could identify valve
group leakage faults, offering a mechanism-data hybrid
modeling paradigm for nuclear power pump structures [23].

(4) Performance and engineering applicability comparison
of traditional machine learning methods in nuclear power
pump fault diagnosis

As shown in Table 2 and Figure 2, although traditional
machine learning methods offer advantages in terms of real-
time performance and effectiveness under small-sample con-
ditions, their accuracy and generalization capabilities are
noticeably inferior to those of deep learning models when
dealing with complex operating conditions and multi-fault
identification. This limitation restricts their applicability
in high-demand scenarios [24].

The main limitations of traditional machine learning are
as follows: (1) Dependence on Expert-driven feature engi-
neering: Manual feature design incurs high costs — for
instance, WPT requires predefining the number of decom-
position levels. (2) Weak adaptability to dynamic operating
conditions: When flow fluctuations exceed £20%, the abil-
ity of SVM models to recognize fault features declines signif-
icantly. Experimental evidence indicates that under strong
dynamic disturbances, model accuracy typically drops by
double-digit percentages, highlighting insufficient adapt-
ability to complex conditions [7]. (3) Limited capability in
multi-fault coupling identification: These shortcomings
have prompted researchers to shift toward integrated inno-
vations combining deep learning and transfer learning
approaches [25].

2.2 Deep learning models

(1) Foundational Architecture Phase: Overcoming Depen-
dence on Feature Engineering

Early studies focused on transferring foundational archi-
tectures such as Convolutional Neural Networks (CNN)

and Long Short-Term Memory networks (LSTM). In this
context, end-to-end feature learning refers to enabling deep
models to directly extract discriminative features from raw
vibration or current signals without relying on manually
crafted time—frequency features such as STFT or WPT,
thereby reducing dependence on expert-designed feature
engineering. Zheng et al. were the first to introduce Deep
Neural Networks (DNN) into fault diagnosis of nuclear
power pump power factor anomalies. They constructed a
seven-layer fully connected network that mapped vibration
signal spectra in an end-to-end manner, achieving an accu-
racy of 94.2% in identifying bearing wear — an improvement
of 22% over SVM — and significantly reduced dependence
on manual feature engineering [18, 26]. Zhang et al. further
developed a Spatio-Temporal Convolutional Neural Net-
work (ST-CNN) by parallelizing 1D-CNN and LSTM units
to simultaneously extract frequency-domain features and
temporal evolution patterns from vibration signals. Under
varying load conditions in nuclear power plants, the model
maintained a stable fault classification accuracy of 93.5%,
effectively addressing the resolution limitations of tradi-
tional FFT methods in transient conditions [27]. Tan
et al., focusing on the strongly non-stationary characteris-
tics of cavitation faults in mixed-flow pumps, compared
three architectures — Stacked Autoencoder (SAE), LSTM,
and CNN. Their results demonstrated that CNN exhibited
the strongest noise robustness, with only a 4.3% drop in
accuracy under a signal-to-noise ratio of —8 dB, while main-
taining a baseline accuracy of 87.2% [2§].

(2) Advanced optimization phase: integrating structural
and learning mechanism innovations

To enhance model robustness in complex scenarios,
researchers have achieved breakthroughs in three key areas:
(1) Multi-Scale Perception: Zaman et al. proposed a Dual-
Scale Convolutional Autoencoder (DSCAE), decomposing
raw vibration signals into high-frequency detail components
(0.5-5 kHz) and low-frequency trend components
(<0.5 kHz), which were fed into parallel convolution
branches. By fusing features and applying spatial pyramid
pooling, the model achieved 100% classification accuracy
in centrifugal pump bearing pitting diagnosis, with a gener-
alization error of less than 0.5% under varying pressure con-
ditions [29]. Li et al. developed a Multi-Scale Convolutional
Self-Attention Network (MSCSAN), incorporating dilated
convolutions (dilation rates = 1, 3, 5) to capture multi-
receptive field features and applying channel attention
mechanisms to weight key frequency bands. This enabled
high-accuracy detection of rolling element cracks (accuracy
of 99.5%), representing a 7.8% improvement over single-
scale CNNs [11]. (2) Dynamic optimization mechanisms:
Zhang et al. introduced the Sparrow Search Algorithm
(SSA) to optimize CNN-LSTM hyperparameters. Through
adaptive learning rate adjustment and convolution kernel
size evolution, the model’s convergence speed in nuclear
plant accident classification tasks improved by 40%, with
accuracy reaching 98.24% [16]. Liu et al. proposed a Trans-
fer-Enhanced Spatiotemporal CNN (TE-STCNN), aligning
source and target domain feature distributions using Maxi-
mum Mean Discrepancy (MMD) loss, reducing accuracy
fluctuations during condition shifts from 418.7% to
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Table 2. Engineering applicability analysis of traditional machine learning methods in nuclear power pump fault

diagnosis.
Method Highest Real-time Minimum sample Applicable scenarios
accuracy (%) performance (ms) requirement
SVM 92.0 12.3 150 Stable operating condition classification [7]
WPT-MSVM 96.8 46.7 300 Multi-fault concurrency [15]
OCSVM 87.3 8.2 50 Early warning under label scarcity [17]
STFT-KNN 89.4 22.1 100 Steady-state vibration analysis [5]
GEP 91.2 35.8 200 Strong nonlinear interference [10]
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Fig. 2. Engineering applicability of traditional machine learn-
ing methods in nuclear power pump fault diagnosis.

+5.2% [18]. (3) Lightweight deployment: To address com-
putational constraints on edge devices, Wang et al.
designed a Multi-Task Attention CNN (MTA-CNN) that
shares a backbone network to extract common features.
Task-specific attention modules then branched into fault
diagnosis and operating condition recognition tasks. While
maintaining an accuracy of 98.1%, the model reduced
parameter count by 64%, meeting the real-time demands
of embedded systems [30].

(3) Performance comparison of different deep learning mod-
els in nuclear power pump fault diagnosis

Table 3 and Figure 3 collectively present the perfor-
mance differences among various deep learning models in
nuclear power pump fault diagnosis. Overall, the Multi-
Scale Convolutional Self-Attention Network (MSCSAN)
significantly outperforms basic CNN and Spatio-Temporal
CNN (ST-CNN) in both accuracy and robustness, demon-
strating the superior adaptability of advanced architectures
under complex operating conditions.

Current deep learning models exhibit two main limita-
tions: (1) Data dependency: For example, the MSCSAN
model experiences a sharp drop in accuracy from 99.5%
to 81.3% when the number of training samples falls below
500 [11]. (2) Black-box decision risk: Although DSCAE
achieves 100% classification accuracy, it fails to provide
interpretability regarding the contribution of specific fault

frequency bands [29]. These shortcomings highlight the
need for further optimization through transfer learning
and interpretability-focused research.

2.3 Transfer learning and hybrid strategies

In the field of nuclear power pump fault diagnosis, transfer
learning and hybrid strategies have emerged as key techno-
logical approaches to enhance the engineering applicability
of soft sensing models by addressing three core challenges:
data scarcity, domain shift, and model interpretability. As
the operational conditions of nuclear power plants become
increasingly complex and variable, traditional single-model
approaches face significant limitations in adapting to new
scenarios and generalizing across different devices. Transfer
learning enables model reuse from source domains (e.g., lab-
oratory or simulation data) to target domains (e.g., actual
nuclear power plant environments) through knowledge
transfer mechanisms. In parallel, hybrid strategies integrate
physical mechanisms, multimodal data, and heterogeneous
model strengths to build diagnostic frameworks that offer
both high accuracy and strong robustness [31].

(1) Domain adaptation and feature alignment techniques
Domain adaptation significantly enhances model stabil-
ity under varying operating conditions by minimizing the
distribution discrepancy between the source and target
domains. The main techniques include: (1) Subspace map-
ping: Qu and Yan proposed the Maximum Mean Discrep-
ancy-Regularized Transfer Subspace Model (MMD-TSM),
which constructs a coupled projection matrix between the
source and target domains to map high-dimensional fea-
tures into a shared low-dimensional subspace. In a cross-
device transfer experiment (from a wet ball mill to a nuclear
power pump), this model improved the fault diagnosis accu-
racy from 68.5% to 89.2%, effectively mitigating perfor-
mance degradation caused by distribution shift between
source and target data [31]. (2) Adversarial training: Wang
developed a transfer framework based on Variational
Autoencoder-Wasserstein Generative Adversarial Network
(VA-WGAN). By constraining the generator output distri-
bution using Wasserstein distance, this method addressed
the training instability issues of conventional GANs. On a
multi-condition nuclear pump dataset, it accelerated con-
vergence by 40% and reduced prediction error to 3.7%, sig-
nificantly outperforming direct transfer approaches [32].
(3) Physics-driven alignment: Cheng et al. designed the



6 Res. Des. Nucl. Eng. 2, 2025011 (2026)

Table 3. Performance comparison of different deep learning models in nuclear power pump fault diagnosis.

Model type Highest accuracy (%) Generalization ability (%)
Basic CNN 87.2 A-12.5 [28]
Spatiotemporal CNN 93.5 A-8.3 [18§]
Multi-scale Self-Attention 99.5 A-2.1 [11]
Lightweight MTA-CNN 98.1 A-4.7 [30]

—n— HighestAccuracy (%)
—n— GeneralizationAbility (%)

100
\ L1z L

. 1.0

96 1

94 * los

92 1 6
90 4 L4
ax ) - 0.0

Spaﬂntcmpnral(‘r\N -
86

Basu(. NN Mulu—scale nghmclgh(

ModelType  Self-Attention MTA-CNN

Fig. 3. Performance comparison of different deep learning
models in nuclear power pump fault diagnosis (literature-based
performance comparison).

Adaptive Fault Attention Residual Network (AFARN),
which incorporates fluid dynamics equation constraints
(e.g., simplified Navier-Stokes equations) into the feature
extraction layer. A physics-consistency loss guides the align-
ment of features across domains. The model maintained
98% diagnostic accuracy in cross-domain diagnosis of
nuclear plant circulating pumps, while improving explain-
ability metrics (SHAP values) by a factor of 3.2. The
reported accuracy was obtained under multi-condition
operating scenarios of a nuclear power plant circulating
water pump, including variable-speed operation and fluctu-
ating flow conditions [12].

(2) Multimodal
architectures
Hybrid strategies integrate multi-source data, heteroge-
neous models, and joint tasks to overcome the perceptual
limitations of single data streams: (1) Spatiotemporal-
physical joint modeling: Shi et al. proposed a Deep Learning
Multi-Node Prediction Framework (DL-MNPF), which
processes thermal parameters (e.g., temperature, pressure)7
mechanical vibrations, and current signals in parallel.
Through a gated fusion module, it achieves multimodal fea-
ture interaction. In primary loop state prediction of nuclear
power plants, its Root Mean Square Error (RMSE) was as
low as 0.023, a 54% reduction compared to single-signal
models [33]. (2) Multi-task Attention Mechanism: Wang
et al. introduced a Multi-Task Attention CNN (MTA-
CNN), which shares a backbone network to extract com-
mon features and uses task-specific attention modules to
jointly optimize fault diagnosis and condition identification.

fusion and collaborative learning

On a rolling bearing dataset, it improved training efficiency
by 2.3 times, with an average dual-task F1-score of 96.7%
[30]. (3) Bayesian-deep model fusion: Li et al. combined
EfficientNet with a Bayesian inference module — Effi-
cientNet extracts high-dimensional spatial features, while
the Bayesian module quantifies uncertainty in fault types.
This hybrid model maintained 92.4% accuracy with fewer
than 300 samples and kept the false alarm rate below
1.8% [34].

(3) Exploration of cutting-edge hybrid strategies
Researchers are further exploring advanced technologies
such as meta-learning, federated learning, and digital twins
to tackle increasingly complex engineering challenges: (1)
Meta-transfer learning: Liu et al. proposed a Meta-Transfer
Spatiotemporal CNN (MTST-CNN) based on the Model-
Agnostic Meta-Learning (MAML) framework. This enables
the model to quickly adapt to new working conditions with
only a few samples. In nuclear power plant start-stop condi-
tion switching tests, the required number of fine-tuning
samples was reduced by 80%, and diagnostic latency was
kept under 50 ms [18]. (2) Federated knowledge distillation:
To address data-sharing constraints between multiple
nuclear power plants, some studies have begun exploring
the combination of federated learning and knowledge distil-
lation in fault diagnosis of pump equipment. This approach
involves training lightweight models locally at each site and
aggregating knowledge via distillation mechanisms,
enabling cross-site intelligent diagnosis while preserving
data privacy. Though still in early stages within this
domain, prior transfer learning studies suggest promising
generalization capability between different pump devices
when supported by multi-signal fusion and hyperparameter
optimization, achieving up to 98.6% accuracy [27]. (3) Dig-
ital twin integration: Recently, the integration of digital
twins and soft sensing has emerged as a trend in predictive
maintenance for pump equipment. For instance, Luo et al.
proposed a hybrid method combining digital twin simula-
tion with SAE-LSTM correction models for predicting
the Remaining Useful Life (RUL) of centrifugal pump
rolling bearings. By aligning simulation data with real mea-
surements, they constructed Health Indicator (HI) curves
across the lifecycle and employed Relevance Vector
Machine (RVM) for prediction, achieving over 3% improve-
ment in RUL estimation accuracy across multiple bench-
mark datasets. Although specific engineering applications
in nuclear pumps are still lacking, this study demonstrates
the potential of digital twin—driven soft sensing methods in
scenarios involving small samples and high-reliability
equipment [35]. Figure 4 systematically illustrates the
typical architectures and key differences among major deep
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Table 4. Performance comparison and technical advantage analysis of transfer learning and hybrid strategy models.

Method Cross-domain accuracy Minimum sample Computational Core advantages

retention rate (%) requirement overhead (FLOPs)
MMD-TSM  89.2 200 5.3 x 10° Feature Distribution Alignment [31]
VA-WGAN 935 150 8.7 x 10° Sample Generation Enhancement [32]
AFARN 98.0 250 11.2 x 10° Physical Interpretability [12]
DL-MNPF  95.8 300 15.4 x 10° Multimodal Fusion [33]
MTST-CNN 96.3 40 9.8 x 10° Rapid Adaptation [18]

learning models — CNN, ST-CNN, MSCSAN, MTA-CNN,
AFARN, and VA-WGAN - used in nuclear pump fault
diagnosis.

(4) Performance comparison and challenge analysis of
transfer learning and hybrid strategies

Table 4 and Figure 5 demonstrate that models based on
transfer learning and hybrid strategies outperform others in
terms of cross-domain accuracy retention, reduced sample
requirements, and improved interpretability. Notably,
approaches incorporating physical priors and multimodal
fusion exhibit exceptional robustness and engineering appli-
cability under complex operating conditions.

Despite the significant progress achieved by transfer
learning and hybrid strategies, three major challenges
remain: (1) Transfer failure in complex fault coupling:
When there are substantial differences in fault mechanisms
between the source and target domains, model performance
may degrade significantly. For instance, the accuracy of the
AFARN model drops by 25-30% under such conditions
[27]. (2) Insufficient depth in physics-data fusion: Most cur-
rent soft sensing methods only incorporate physics through
shallow mechanisms — such as physical loss functions or reg-
ularization terms (e.g., Navier-Stokes residuals, MMD
alignment). These shallow fusion approaches have been
repeatedly identified as bottlenecks in interpreting and
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Fig. 5. Performance comparison and technical advantages of
transfer learning and hybrid strategy models.

stabilizing models in multi-physics and strongly nonlinear
systems. The emerging paradigm of Physics-Informed
Neural Networks (PINNs) aims to overcome this by embed-
ding Partial Differential Equation (PDE) structures directly
into the network architecture, enabling joint training and
deeper integration [36]. (3) Edge-cloud coordination and
real-time bottlenecks: While edge-cloud deployment
enhances data privacy and supports dynamic model updates,
it also introduces latency issues. Communication and syn-
chronization delays often reach 100-300 ms — posing serious
limitations in environments with low bandwidth or heteroge-
neous hardware. Studies have shown that such delays can
hinder real-time responses (on the order of minutes or faster),
which are critical in nuclear safety-related application [37].

3 Development of feature extraction mechanisms for
fault signals in nuclear power pumps

In the field of fault diagnosis for nuclear power pumps,
vibration signals and their spectral features have been
widely recognized as the most sensitive indicators, with
strong correlations observed between their variation pat-
terns and specific fault types. This sensitivity arises from
characteristic frequency responses triggered by mechanical
failures. Du and Zhang, using Short-Time Fourier Trans-
form (STFT) to analyze the power spectrum of hydraulic
pump casing vibrations, found that bearing pitting faults
led to a significant energy increase of 40-60 dB in the 3-5
kHz frequency range. The fault monitoring system built
on this basis achieved an accuracy of 89.4% under steady-
state condition [5]. In a study on condition monitoring
and fault diagnosis of multistage centrifugal water-injection
pumps, Wang summarized the vibration characteristics of
typical fault modes such as bearing wear and rotor
misalignment. He noted that excessive clearance in the
pump shaft bearing was a major cause of abnormal vibra-
tion velocity due to rotor misalignment, providing practical
evidence for subsequent quantitative diagnosis and mainte-
nance optimization [38]. Reges et al. conducted a systematic

study of the vibration responses of submersible electric
pumps under 27 operating conditions, revealing that axial
vibrations were 1.8 times more sensitive to bearing faults
than radial vibrations — an important insight for optimizing
sensor placement strategies [8].

3.1 Limitations and breakthroughs of traditional signal
processing methods

Traditional signal processing methods face severe challenges
under dynamic operating conditions, specifically in the fol-
lowing three aspects: (1) Time-Frequency Resolution
Trade-off in STFT: When there are large flow fluctuations
(e.g., £20%), the resolution of the Short-Time Fourier
Transform (STFT) significantly decreases, leading to a
notable increase in false alarm rates. To address this, Sch-
midt et al. proposed a frequency band enhancement tech-
nique for time-varying conditions, which achieved an
83.6% micro-damage identification rate even under SNR
of —15 dB [9]. (2) Dependency on decomposition levels in
WPT: While Wavelet Packet Transform (WPT) can allevi-
ate non-stationary issues, it requires manually preset
decomposition levels (typically 6-8 layers), affecting real-
time performance. To overcome this, Qing Lujun et al.
developed an adaptive WPT algorithm that dynamically
adjusts decomposition depth based on signal complexity,
reducing fault localization error to within +5% [13]. (3)
Confusion of multiple fault features: Immovilli et al. con-
firmed that when bearing pitting and rotor eccentricity
coexist, traditional spectrum analysis struggles to distin-
guish the resonance peaks at 1.2 kHz and 1.8 kHz. They
proposed an externally induced vibration modeling method,
which injects specific frequency excitation signals to
enhance fault separability [39].

3.2 Innovations in multi-source information fusion
strategies

To enhance feature robustness, researchers have developed
multi-source information fusion strategies. As shown in
Table 5 and Figure 6, multi-source signal fusion strategies
can significantly improve the accuracy and robustness of
fault diagnosis in nuclear power pumps. Especially in com-
plex scenarios such as concurrent multiple faults and early-
stage crack detection, information complementarity effec-
tively strengthens feature discrimination.

Rapur and Tiwari improved the diagnostic accuracy of
centrifugal pumps under concurrent fault conditions to
96.8% by synchronously analyzing vibration signals and
motor current, constructing a multidimensional input space
based on WPT energy entropy and kurtosis features [15].
Du et al. proposed a multimodal diagnostic strategy com-
bining Acoustic Emission (AE) and Infrared Thermography
(IRT). By employing compressed sensing and deep feature
extraction techniques, they significantly enhanced early
crack detection in bearings, demonstrating strong potential
for improving early warning sensitivity [40].

Despite the benefits of multi-source information fusion,
several practical challenges remain. First, sensor signals
collected from different measurement channels often suffer
from asynchrony due to inconsistent sampling rates or
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Table 5. Comparison of multi-source signal fusion strategies in fault diagnosis of nuclear power pumps.

Fusion strategy Signal types Key features Accuracy Application scenarios
improvement
(%)

Vibration-current Vibration and motor WPT energy entropy, 96.8(711.5) Concurrent fault diagnosis

fusion current kurtosis
Acoustic emission— Acoustic emission &
thermal imaging fusion infrared thermography
Pressure pulsation &

flow fluctuation

Pressure—flow fusion
features

Acoustic emission RMS 94.2(717.3)
value, thermal gradient
Residual function

[15]

Early crack detection [40]
91.7 (18.9) Diagnosis of impeller,
bearing, and pump body
seal faults [41]
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Fig. 6. Accuracy improvement through multi-source signal
fusion strategies in nuclear pump fault diagnosis.

transmission delays, which may lead to misaligned features
during fusion. Second, redundant or partially correlated sig-
nals can significantly increase computational cost, espe-
cially when deep fusion networks are employed. Third,
the physical layout constraints of nuclear power plants
restrict the installation of additional sensors, limiting the
diversity and spatial coverage of available measurements.
These issues must be addressed to fully realize the potential
of multi-source fusion in nuclear pump diagnostics.

3.3 Deep learning-enabled automatic feature extraction

Deep learning technology has overcome the limitations of
traditional feature engineering in three key ways: (1)
Time-Frequency Feature Learning with CNNs: Zaman
et al. developed a Dual-Scale Convolutional Autoencoder
(DSCAE) that directly learns fault-sensitive features from
time—frequency representations of vibration signals, achiev-
ing 100% accuracy in diagnosing bearing pitting in centrifu-
gal pumps [29]. (2) Feature Weighting via Attention
Mechanisms: Li et al. incorporated a channel attention
module into the Multi-Scale Convolutional Self-Attention

Network (MSCSAN), automatically focusing on the fault-
sensitive frequency band of 3.2-4.1 kHz, enabling 99.5%
accuracy in detecting cracks in rolling elements [11]. (3)
Feature Adaptation through Transfer Learning: Cheng
et al. applied domain adaptation techniques in their
AFARN model by aligning feature distributions across
operating conditions using Maximum Mean Discrepancy
(MMD) loss, maintaining 98% accuracy in cross-domain
diagnostics [12].

3.4 Comparison of feature extraction technique
evolution

Table 6 and Figure 7 together demonstrate that deep learn-
ing — especially multi-scale attention models — offers the
highest diagnostic accuracy and feature extraction capabil-
ity under dynamic working conditions. In contrast, tradi-
tional methods, although low in computational
complexity, show limitations in adaptability and accuracy.
This highlights the dominant advantage of automatic fea-
ture learning techniques in complex environments.

Current research trends indicate: (1) Multi-physical
field collaborative sensing is key to enhancing feature
robustness, such as combined monitoring of vibration, cur-
rent, and temperature. (2) Physics-guided deep learning
seeks a balance between interpretability and accuracy, as
demonstrated by the AFARN model embedding fluid
dynamics constraints. (3) Edge-intelligent feature extrac-
tion meets real-time requirements through lightweight
design, such as the MTA-CNN model reducing computa-
tional load by 64% [30].

4 Current research status on the accuracy of fault
diagnosis models for nuclear power pumps

In the field of fault diagnosis for nuclear power pumps,
existing soft sensing methods show significant differences
in key performance indicators such as diagnostic accuracy,
robustness, and computational resource consumption. To
systematically evaluate the engineering adaptability of var-
ious approaches, researchers have conducted comparative
analyses on traditional machine learning models, deep neu-
ral network architectures, cross-domain models based on
transfer learning, and lightweight networks designed for
edge deployment. By constructing a unified experimental
platform and utilizing multiple public and semi-physical
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Table 6. Performance comparison of feature extraction techniques in nuclear pump fault diagnosis evolution.

Feature extraction
method

Technology type

Traditional signal Manual design (power spectrum)
processing

Adaptive algorithms  Algorithm optimization
(envelope demodulation)
Multi-source Fusion Multimodal feature fusion
Automatic learning (attention

mechanism)

Deep learning

Adaptability to Computational Diagnostic
dynamic operating  complexity accuracy (%)
conditions (%) (FLOPs)
Poor (A-24.7) Low (1.1 x 10°%) 89.4 [5]
Moderate (A-9.2) Moderate 93.6 [9]

(3.5 x 10°%)
Good (A-6.3) Moderate-High 96.8 [15]

(5.8 x 10°%) .
Excellent (A-2.1) High (12.8 x 10°)  99.5 [11]
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Fig. 7. Performance comparison of feature extraction tech-
niques in nuclear pump fault diagnosis.

datasets, they quantified the performance limits and gener-
alization capabilities of each method under typical fault
scenarios — specifically measuring diagnostic accuracy, noise
resistance, inference latency, and model parameter size.
This effort aims to provide both theoretical support and
practical guidance for selecting and deploying soft sensing
models in high-safety industrial systems [11, 18, 27].

4.1 Diagnostic accuracy of traditional machine learning
models

Traditional machine learning methods remain widely used
in the fault diagnosis of nuclear power pumps due to their
computational efficiency and interpretability. These
approaches perform well under stable operating conditions,
offering satisfactory accuracy and fast response times. For
instance, Support Vector Machine (SVM)-based classifiers
are frequently employed to construct discriminative models
for bearing fault detection, using features such as pump per-
formance curves and vibration spectra. When operating
conditions are known and sufficient labeled data are avail-
able, these models can achieve high diagnostic accuracy.
However, their performance tends to degrade significantly

under dynamic operating conditions — such as when flow
or pressure fluctuations exceed certain thresholds — high-
lighting a lack of adaptability to working condition distur-
bances [7]. To enhance performance, researchers have
developed hybrid methods that combine techniques like
Wavelet Packet Transform (WPT) with multi-class SVM
(MSVM), enabling multi-dimensional feature modeling to
improve the discrimination of concurrent faults. Experi-
mental results show that such methods outperform basic
models in multi-fault diagnosis tasks. Nonetheless, they
often rely heavily on complex manual feature engineering
— for example, setting the number of WPT decomposition
levels or calculating energy entropy — making the feature
extraction process time-consuming and limiting the model’s
real-time deployment potential [15]. In response to chal-
lenges such as label scarcity and resource constraints in
edge computing environments, some studies have adopted
One-Class SVM (OCSVM) to build lightweight anomaly
detection frameworks. These models can be trained solely
on normal condition data, offering strong real-time capabil-
ities and computational efficiency. While this approach
excels in early fault warning, its accuracy and robustness
still depend heavily on consistent operating conditions
and low noise levels, making it less suitable for the highly
dynamic environments of nuclear power pump systems [17].

In summary, the strengths of traditional machine learn-
ing methods for nuclear pump fault diagnosis include: clear
feature extraction logic, low data requirements for model
training, and ease of deployment on low-power platforms.
However, they face three major limitations: (1) Heavy reli-
ance on manual feature design, lacking adaptive learning
capability. (2) Poor generalization to dynamic operating
conditions. (3) Limited ability to integrate multi-modal
and multi-task diagnostics [7].

4.2 Accuracy of deep learning models

Deep learning has significantly advanced diagnostic
accuracy in nuclear power pump fault detection through
end-to-end feature learning. As illustrated in Table 7 and
Figure 8, advanced deep learning architectures — such as
multi-scale self-attention networks — demonstrate the
highest levels of accuracy and robustness. However, this
performance comes at the cost of significantly increased
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Table 7. Comparison of accuracy, robustness, and computational resource requirements of mainstream deep learning

models in nuclear power pump fault diagnosis.

Model type Highest Accuracy degradation under Sample Computational
accuracy (%) operating condition requirement cost (FLOPs)
disturbances (%)
Basic CNN 87.2 A-12.5 1,500 3.2 x 10° [28]
Spatiotemporal CNN 93.5 A-8.3 2,200 7.1 x 10° [18]
Multi-scale Self-Attention 99.5 A-2.1 3,800 12.8 x 10° [11]
CNN-LSTM Optimization ~ 98.2 A-3.8 2,500 9.3 x 10° [16]

—=— HighestAccuracy (%)
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Fig. 8. Comparison of accuracy, robustness, and computational
resource requirements of mainstream deep learning models in
nuclear pump fault diagnosis.

computational demands, highlighting a clear trade-off
between model performance and resource consumption. In
recent years, deep learning approaches have shown excel-
lent performance in identifying fault patterns in centrifugal
pumps under complex operating conditions. For example,
Siddique et al. integrated Wavelet Coherence Analysis
(WCA) with S-Transform, feeding the resulting time-
frequency images into a CNN-KAN (Kolmogorov-Arnold
Network) model. This approach achieved a diagnostic accu-
racy of 99.92%, demonstrating exceptional robustness and
generalization across various pump fault scenarios [41, 42].

Key findings: (1) Multiscale structures significantly
enhance noise resistance:multiscale convolutional networks,
by extracting features under different receptive fields in par-
allel, effectively capture multi-frequency information in
fault signals. Compared to traditional single-scale CNNs,
these models exhibit stronger feature separation and stabil-
ity under high-noise conditions [11]; (2) Swarm Intelligence
for Hyperparameter Optimization:To improve adaptability
and training efficiency in complex diagnostic tasks,
researchers have introduced swarm intelligence algorithms
such as Particle Swarm Optimization (PSO) and Sparrow
Search Algorithm (SSA) to optimize deep network hyper-
parameters. These strategies accelerate model convergence

and maintain high accuracy even under small sample condi-
tions [16]; (3) Lightweight Design for Edge Deployment:
For embedded and edge computing scenarios, multi-task
convolutional networks — such as attention-guided light-
weight models — achieve real-time fault recognition under
limited resources by leveraging parameter sharing and
structure pruning strategies [30].

4.3 Accuracy of transfer learning and hybrid models

Transfer learning addresses operational condition shifts
through domain adaptation techniques: (1) Physics-
Embedded Model: The AFARN network by Cheng et al.
integrates constraints from fluid dynamics equations. In
cross-domain diagnostics of circulating water pumps at
nuclear power plants, it maintains 98% accuracy, with only
a 1.8% drop under operational disturbances, while SHAP-
based interpretability indicators improve by 3.2 times [12,
43]. (2) Meta-Transfer Learning: Liu et al. proposed a
meta-transfer spatiotemporal CNN model using a Model-
Agnostic Meta-Learning (MAML) framework. The model
can be fine-tuned with only a small number of new operat-
ing condition samples, achieving diagnostic latency under
50 ms [18]. (3) Bayesian-Deep Learning Fusion: Li et al.
combined EfficientNet with Bayesian inference to quantify
uncertainty in fault types. Under small sample conditions,
the model maintains 92.4% accuracy, with a false alarm
rate controlled within 1.8% [34].

Hybrid models demonstrate excellent robustness in
complex scenarios: Shi et al.’s deep learning multi-node pre-
diction framework (DL-MNPF) processes thermal, mechan-
ical, and electrical signals in parallel. In primary loop state
prediction at nuclear power plants, it achieves a root mean
square error (RMSE) as low as 0.023, reducing error by 54%
compared to single-signal models [33].

4.4 Model accuracy comparison and engineering
selection recommendations

Based on the comprehensive performance comparison in
Table 8, Table 9 and Figure 9, the following engineering
selection recommendations are proposed: (1) High-accuracy
priority scenarios (e.g., reactor coolant pumps): adopt mul-
ti-scale self-attention models (MSCSAN). (2) Dynamic
operating condition scenarios (e.g., load-following opera-
tion): prioritize transfer learning models (AFARN/
MTST-CNN). (3) Edge computing scenarios (e.g., sensor
nodes): utilize lightweight models such as MTA-CNN or
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Table 8. Unified benchmark comparison of representative soft sensing models for pump fault diagnosis.

Model category

Accuracy (%) Robustness FLOPs (10°) Model size Sample requirement

drop (%)
SVM (RBF) 85-92 12.3 N/A  Small Low (<1,000) [7]
CNN (1D) 93.5 7.8 124 Medium  High (3,000-5,000) [27]
ST-CNN (Hybrid CNN-LSTM) 95.1 6.2 187  Medium  High (3,000-5,000) [16]
Transfer learning (ResNet-based) 97.3 4.9 24.5 Large Medium (1,000-3,000) [18]
AFARN 98.0 3.1 208 Large High (3,000-5,000) [12]
SCSAN 99.1 1.8 302 Large High (3,000-5,000) [23]

Table 9. Comprehensive performance analysis of soft sensing models in terms of accuracy, robustness, real-time

capability, and applicability.

Model Accuracy Robustness/operating Real-time Sample Applicable scenarios

category range (%) condition disturbance (%) performance (ms) requirement

Traditional ML 87-97 Poor (A-15-25) Excellent (5-50) Low (50-500)  Real-time edge node
warning [15]

Basic Deep 87-94 Moderate (A-8-15) Moderate (50-100)  Medium (1,000- Lab-condition

Learning 3,000) diagnostics [28]

Advanced Deep 96-99.5  Good (A-2-8) Medium-high (80— High (3,000— Complex fault

Learning 150) 5,000) identification [29]

Transfer 92-98 Excellent (A-1-5) Moderate (60-120)  Low-medium  Cross-condition

Learning (100-1,000) adaptation [12]

Lightweight 94-98 Good (A-4-10) Good (20-60) Medium (500- Edge-cloud

Models 2,000) collaborative
deployment [37]

Accuracy  —s—TraditionalMachineLearning high-noise nuclear power plant settings [34]. (2) Computa-

0.6 —e— BasicDeepLearning
—A— AdvancedDeepLearning

0.5 ~v—TransferLearning
0.4 —o— LightweightModels
0.3

SampleRequirement

Robustness

Real-timePerformance

Fig. 9. Radar chart of key performance dimensions of soft
sensing models.

OCSVM. (4) Few-sample new equipment: recommend
Bayesian—deep learning fusion models [12, 30, 34].
Common Challenges to Note: (1) Lab-to-Field Gap:
Most models achieve over 95% accuracy in simulated
environments, but experience an average drop of 12.7% in

tion-Accuracy Trade-off: The MSCSAN model requires
12.8 x 10° FLOPs, making it difficult to deploy directly
in legacy nuclear power plant control systems [11].
(3) Multi-Fault Coupling Bottleneck: When bearing pitting
and impeller cavitation occur simultaneously, model accu-
racy generally drops by 15-25% [28].

5 Research limitations and challenges of soft sensing
technologies

5.1 Insufficient generalization and dynamic adaptability
of models

Current soft sensing models face significant challenges in
their general applicability within the complex and variable
environments of nuclear power systems, primarily in the
following three areas:

(1) Weak generalization across operating conditions:
Most models are only validated under specific fault types
or steady-state conditions. Their performance significantly
degrades when applied to the highly variable real-world
environments of nuclear power plants. For example, the
transfer subspace model developed by Qu Wu and Yan
Gaowei achieved 92.3% accuracy in wet ball mill applica-
tions but dropped to 68.5% when applied to nuclear power
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Table 10. Analysis of data challenges and mitigation strategies in nuclear pump fault diagnosis.

Type of data challenge Specific manifestation

Impact severity Mitigation strategy

Lack of real fault-labeled
samples
Lab data fail to capture

Sample Scarcity

Simulation-to-Reality

Gap on-site noise
Multi-source Inconsistent data
Heterogeneity formats/sampling rates
Insufficient Validation Lack of long-term field
Depth testing

VA-WGAN-based
sample generation [32]

High-fidelity hybrid
simulation [28|

Model accuracy drops by
15-25%

Average accuracy
degradation of 12.7%
Fusion error up to 18.3% Federated learning
framework [37]
Digital twin-based
validation [45]

Model drift rate >5% per
year

pumps. The key reason lies in the higher structural coupling
and more complex failure mechanisms in nuclear systems
[31]. Similarly, the multi-scale convolutional self-attention
model proposed by Li et al. achieved 99.5% accuracy on
simulation data. However, it was only tested on standard
failures such as outer ring fractures and pitting, raising con-
cerns about its reliability under multiple simultaneous
interferences (e.g., electromagnetic interference combined
with mechanical vibration) [11].

(2) Lack of dynamic response mechanisms: Existing
models lack online adaptability in the face of frequent con-
dition switching in nuclear power plants. Liu et al. reported
that when operating parameters change dynamically, the
accuracy of deep models trained on static data can plummet
by 18.7%, with total failure under some parameter combi-
nations [18]. Although the Bayesian-EfficientNet model
by Li et al. attempted to address this issue, it was tested
only in closed environments that did not consider real-world
sensor drift or communication delays in nuclear settings,
leaving its post-transfer stability in doubt [34].

(3) Insufficient Modeling of Multi-fault Coupling: Cur-
rent approaches struggle to handle multi-fault concurrent
scenarios. Mwaur et al. found that when bearing wear
and seal failure occur simultaneously, traditional classifiers
exhibit a misclassification rate as high as 32.4%, mainly due
to overlapping fault features in the time-frequency domain
(e.g., confusion between 1.2 kHz and 1.8 kHz resonance
peaks) [3]. Although Zogg et al. proposed a parameter clus-
tering method to enhance interpretability, its effectiveness
in the highly coupled systems of nuclear power plants has
yet to be validated [44].

Beyond model-level limitations, the harsh operating
environment of nuclear power systems further exacerbates
the failure of existing soft sensing models. Domain shift
occurs when models trained on laboratory or single-condi-
tion datasets encounter real-world plant conditions involv-
ing fluctuating loads, fluid—structure interactions, and
stochastic noise sources. Under these shifts, feature distribu-
tions deviate from training-time assumptions, causing deep
models to misinterpret previously unseen operating pat-
terns. Additionally, sensor drift induced by thermal cycling,
electromagnetic interference, and mechanical vibration
alters baseline measurements over time, progressively
degrading decision boundaries learned by data-driven mod-
els. In multi-fault coupling scenarios, overlapping signatures
and cross-frequency interference introduce ambiguity that

exceeds the representational capacity of conventional archi-
tectures. These factors reveal a fundamental robustness gap
between controlled experimental validations and deploy-
ment-grade model performance in nuclear environments.

5.2 Data dependency and lack of engineering validation

The reliability of soft sensing models is highly dependent on
data quality and the depth of engineering validation. At pre-
sent, there are three major limitations. As shown in Table 10,
typical cases highlight the following issues: Tan et al.’s cav-
itation diagnosis model for mixed-flow pumps performed
well under controlled experimental setups, but failed to con-
sider key real-world nuclear plant conditions such as radia-
tion noise (>85 dB) and coolant impurity interference. As
a result, its accuracy dropped by 23.5% upon field deploy-
ment [28]. Bu and Guo developed a horizontal pump moni-
toring platform that achieved 90% accuracy, but the system
was only validated on a single pump type under static oper-
ating conditions, making it unsuitable for the diverse equip-
ment found in nuclear power plants [2]. More critically, the
long-term prediction model by Li et al. relies heavily on
extensive historical datasets and high-performance comput-
ing resources. This approach falls short of meeting nuclear
safety regulations that require fault response within a mat-
ter of minutes [46]. Furthermore, Xiao et al. pointed out
the issue of evidence conflict when integrating signals from
vibration, temperature, and current sensors. In cases where
the source data are mutually contradictory (e.g., vibration
indicates failure while current appears normal), the model’s
misjudgment rate surged to 31.2% [47].

Beyond these case-specific failures, the harsh operating
conditions of nuclear power plants introduce several funda-
mental mechanisms that further degrade the performance
of existing soft sensing models. First, domain shift arises
when models trained on laboratory or single-condition data-
sets encounter real plant environments featuring fluctuat-
ing coolant flow, multi-source vibration, and radiation-
induced stochastic disturbances. These shifts alter the sta-
tistical distribution of features and cause deep models to
misinterpret unseen patterns. Second, long-term radiation
exposure, thermal cycling, and mechanical vibration can
induce sensor drift, shifting baseline measurements in ways
that invalidate previously learned decision boundaries.
Third, intermittent communication delays and electromag-
netic interference frequently cause missing or partial sensor
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data, breaking temporal continuity and triggering unstable
behavior in sequence models. These failure mechanisms
demonstrate that data dependency is not merely a matter
of dataset scale, but a deeper structural mismatch between
real nuclear operating environments and the assumptions
embedded in current model architectures.

Taken together, these cases illustrate that the lack of
cross-condition data diversity, incomplete engineering
validation, and inconsistencies among multi-source signals
substantially constrain the generalization capability of soft
sensing models. Moreover, data sensitivity, strict regulatory
policies, and heterogeneous site-specific constraints further
hinder dataset aggregation across nuclear facilities, limiting
opportunities for large-scale model training. These chal-
lenges underscore the need for privacy-preserving data
strategies such as anonymization protocols, hierarchical
access control, and federated or knowledge-distillation—
based learning frameworks, which offer feasible pathways
to strengthen model robustness under practical nuclear
engineering conditions.

In addition to enabling collaborative model training
without data sharing, federated learning frameworks in
nuclear power plants must also address the stringent data
confidentiality and cybersecurity requirements. One key
challenge is ensuring data privacy during the learning pro-
cess, which can be mitigated through advanced encryption
techniques such as homomorphic encryption and secure
multi-party computation. These methods allow computa-
tions to be performed on encrypted data without revealing
sensitive information. Moreover, regulatory restrictions
such as data localization laws and compliance with nuclear
safety standards (e.g., IEC 61508) can affect the scalability
of soft sensing models across different nuclear sites. There-
fore, integrating these privacy-preserving strategies into
federated learning frameworks is essential to ensure both
model performance and compliance with the complex regu-
latory landscape of nuclear power facilities.

5.3 Interpretability and safety compliance bottlenecks

As shown in Figure 10, intelligent fault diagnosis faces
three major challenges: data scarcity and heterogeneity,
difficulty in model generalization and transfer across
scenarios, and the lack of interpretability and safety compli-
ance in decision-making processes. In high-safety-critical
domains such as nuclear power, insufficient model inter-
pretability has become a core barrier to real-world
deployment.

Black-box Decision Risk: Soft sensing models dominated
by deep learning generally lack transparency in their deci-
sion-making processes. For instance, although Zaman
et al’s dual-scale convolutional autoencoder achieved
100% classification accuracy, it failed to clarify the contri-
bution weight of each frequency band to the fault decision,
making it difficult for maintenance personnel to verify
reliability [29]. Similarly, Du et al. pointed out that while
compressed sensing improves efficiency in feature extrac-
tion, it breaks the causal chain between fault physical mech-
anisms and signal evolution pathways, undermining
diagnostic traceability [40].

A critical yet often overlooked challenge lies in the
mismatch between modern deep learning architectures
and the stringent safety-assurance requirements of nuclear
power systems [48]. Under real plant disturbances — such
as coolant flow fluctuations, radiation-induced signal distor-
tion, and rapidly evolving multiphysics interactions — black-
box models tend to produce unstable or non-monotonic
decision paths that cannot be traced back to interpretable
physical mechanisms. This instability directly violates
nuclear diagnostic standards that demand causal trans-
parency, verifiable decision logic, and bounded risk behavior
under abnormal conditions. Moreover, existing inter-
pretability tools, including attention visualization and fea-
ture attribution, often fail to maintain consistency across
operating conditions, making them insufficient for regula-
tory certification. These limitations highlight the urgent
need for hybrid interpretability frameworks that integrate
physical priors, uncertainty quantification, and formal
verification to ensure compliance with nuclear-grade safety
requirements.

Moreover, existing interpretability tools, including
attention visualization and feature attribution, often fail
to maintain consistency across operating conditions,
making them insufficient for regulatory certification. These
limitations highlight the urgent need for hybrid inter-
pretability frameworks that integrate physical priors,
uncertainty quantification, and formal verification. Such
frameworks would ensure compliance with nuclear-grade
safety requirements and enhance model reliability in
safety-critical decisions.

In addition to interpretability challenges, current soft
sensing technologies do not yet satisfy the evaluation stan-
dards and safety-integrity requirements mandated in
nuclear diagnostics. Nuclear regulatory guidelines and
IEC 61508 require diagnostic systems to provide traceable
decision processes, bounded misjudgment risks, and deter-
ministic fail-safe behaviors. Furthermore, system evaluation
must incorporate uncertainty quantification, allowable
fault-tolerance thresholds, maximum false-alarm probabili-
ties, and strict response-time requirements for safety-critical
faults. Most existing deep learning—based soft sensors lack
these verification mechanisms, revealing a significant gap
between academic model development and nuclear-grade
deployment requirements.

In safety-critical fields like nuclear power, fault diagnosis
systems must not only achieve high recognition accuracy
but also meet stringent safety compliance requirements.
International standards explicitly mandate that diagnostic
systems possess traceability of false positives and false
negatives, auditability of decision processes, and fail-safe
mechanisms under system malfunctions or anomalies. How-
ever, current soft sensing technologies still have clear limita-
tions in these aspects. On the one hand, many deep learning
models lack interpretability, making it difficult to clearly
establish causal links between input signals and model out-
puts. This is particularly problematic in complex conditions
or multi-physics coupling scenarios, where the decision logic
often becomes unstable or uncontrollable, limiting the mod-
el’s trustworthiness in high-security settings. Even when
physical priors or attention mechanisms are introduced,
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Fig. 10. Key limitations and challenges in intelligent fault diagnosis.

Table 11. Prospects and theoretical foundations of cutting-edge intelligent technologies in soft sensing models.

Technology direction Core innovation

Expected metrics Theoretical Basis

Quantum Convolutional
Neural Network (QCNN)
Attention mechanisms
guided by symbolic rules
Bio-inspired event-driven
computation

Quantum computing
optimization
Neuro-symbolic systems

Spiking neural networks

Quantum entanglement
feature encoding [49]

Fuzzy cognitive maps [50]

100x faster training speed

>90% decision

interpretability
80% reduction in energy Biophysical neuron
consumption dynamics [51]

they are mostly constrained to idealized assumptions and
struggle to handle real-world disturbances and fluid
dynamic variations [12]. On the other hand, although some
studies attempt to enhance model reliability via uncertainty
quantification or Bayesian inference, existing models
generally lack formal alignment with nuclear safety integ-
rity levels. There are no standardized mechanisms to
guarantee compliance for risk tolerance, response latency,
or misjudgment thresholds. This gap — technological
advancement outpacing regulatory support — is a critical
bottleneck preventing soft sensing models from moving
beyond laboratory environments and into practical nuclear
applications [34].

Real-time vs. Reliability Trade-off: The demand for
edge deployment intensifies the challenge of model inter-
pretability. For example, Liu et al.’s OCSVM-based edge
node achieves a rapid 8.2 ms response time, but only pro-
vides binary anomaly flags — lacking any diagnosis of fault
type or severity [17]. Similarly, Wang et al.’s lightweight
MTA-CNN model reduces computational cost to
1.8 x 10° FLOPs, but this optimization comes at the ex-
pense of attention weight visualization granularity, limiting
its diagnostic transparency [30].

6 Future research directions

With the increasing intelligence and informatization of
nuclear power equipment, the application of soft sensing

technology in nuclear pump fault diagnosis is facing higher
demands and more complex challenges. To achieve more
accurate, efficient, and adaptive fault prediction systems,
future research must continue to make breakthroughs
across multiple dimensions, including theoretical refine-
ment, model evolution, system integration, and safety
assurance. The following section provides a systematic out-
look on five key research directions.

6.1 Innovation in intelligent algorithms and model
architectures

To overcome current limitations in adaptability to dynamic
conditions, few-shot learning, and interpretability, the
development of a new generation of intelligent algorithms
is urgently needed: (1) Meta-Learning and Domain Gener-
alization: Establish meta-transfer learning frameworks (e.g.,
MAML" ") that enable models to rapidly adapt to new
operating conditions using task-aware meta-optimizers.
The aim is to reduce adaptation time from hours to minutes
during operational transitions. (2) Physics-Neural Hybrid
Architectures: Develop Neural Ordinary Differential Equa-
tion (Neural ODE) models that embed physical constraints,
such as the Navier-Stokes equations, into the network
architecture. This facilitates a two-way coupling of first-
principles physics and data-driven inference. (3) Generative
Adversarial Enhancement: Employ diffusion-based genera-
tive models to create synthetic samples under extreme
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operating conditions, addressing the scarcity of real-world
fault data.

As shown in Table 11, cutting-edge intelligent technolo-
gies such as quantum convolutional neural networks,
neuro-symbolic systems, and spiking neural networks
hold great potential in improving training efficiency,
enhancing interpretability, and reducing energy consump-
tion. These innovations offer diverse pathways and solid
theoretical support for the intelligent evolution of soft
sensing models.

6.2 System integration and engineering validation
platform development

To promote the transition of soft sensing technologies from
laboratory research to engineering applications, a three-tier
validation system must be established:

1. Edge-cloud collaborative deployment architecture: As
shown in Figure 11, a closed-loop system combining
lightweight diagnostics at the edge with deep opti-
mization in the cloud should be developed.

2. High-fidelity validation platform: Develop a fault sim-
ulation testbed capable of replicating multiple fault
types in nuclear power pumps.

3. Safety system integration: To ensure the stable oper-
ation of soft sensing models in high-safety scenarios,
it is imperative to deeply integrate intelligent diagnos-
tic systems with existing nuclear power plant control
architectures. Safety system integration requires not
only high sensitivity in detecting critical faults but
also consistent response behavior and fault tolerance
under complex operating conditions. Future system
designs should focus on establishing a closed-loop

mechanism that links state perception, anomaly
detection, and safety response — ultimately enabling
coordinated interaction between fault diagnosis and
safety control logic.

Based on the above components, a conceptual system-level
integration pathway can be summarized to illustrate how
soft sensing technologies may be embedded into future
nuclear power plant operation architectures. In such a path-
way, soft sensors function as upstream perception modules
that continuously extract health indicators and transmit
them to both automatic control loops and supervisory
safety logic. The diagnostic outputs interface with a
safety-assurance layer that enforces nuclear-grade require-
ments for traceability, bounded risk behavior, and deter-
ministic responses under abnormal conditions. Meanwhile,
a hierarchical edge-cloud architecture enables real-time
inference at edge nodes, while the cloud layer supports
large-scale model optimization, digital-twin-based simula-
tion, and cross-site knowledge transfer. This conceptual
integration pathway reflects the direction suggested by
recent literature and outlines how soft sensing models
may evolve toward deployable, safety-compliant compo-
nents within intelligent nuclear power systems.

7 Conclusion

The application of soft sensing technology in fault diagnosis
of nuclear power pumps has gradually become a crucial
technical pathway for achieving key state awareness and
intelligent maintenance under extreme conditions such as
high temperature and high pressure. Its development has
achieved breakthroughs in the following three aspects:
First, by establishing mapping models between observable
variables and target states, soft sensing methods have effec-
tively alleviated monitoring blind spots caused by limited
sensor layouts, significantly enhancing the perception of
unmeasurable parameters (such as pump cavity stress and
bearing wear). Second, the introduction of deep learning
and transfer learning models has enabled adaptive feature
extraction and cross-condition generalization. These models
maintain high diagnostic accuracy and robustness in com-
plex environments with concurrent faults and high noise
disturbances, effectively reducing reliance on manual fea-
ture engineering and expert experience. Third, by con-
structing a closed-loop system of “state awareness —
intelligent diagnosis — predictive maintenance”, soft sensing
technology provides feasible support for the lifecycle man-
agement of nuclear pump equipment and offers a method-
ological foundation for the future development of
intelligent nuclear power systems.

Despite notable progress, several key challenges remain
for the deployment of soft sensing technologies in real
nuclear engineering scenarios. These include limited model
generalizability due to variations in operational conditions,
underdeveloped cross-site data fusion and privacy-preser-
ving mechanisms, and the lack of system-level validation
platforms covering the entire equipment lifecycle. To
address these challenges, future research should expand in
three critical directions: (1) Theoretical level: Enhance the
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fusion modeling of multi-source heterogeneous information,
and develop physically constrained, interpretable neural
network architectures to improve model reliability and
transparency in non-ideal data environments. (2) Standard-
ization level: Promote the establishment of a unified perfor-
mance evaluation framework for soft sensing, clearly
defining its engineering applicability boundaries in terms
of diagnostic accuracy, response delay, and false alarm tol-
erance. (3) Engineering level: Leverage demonstration reac-
tor platforms to carry out high-fidelity, multi-physics
validation of soft sensing systems, and explore integration
pathways with digital twins, federated learning, and other
advanced technologies to improve real-time deployment
capabilities and cross-scenario transferability.

In addition, several actionable implementation path-
ways can further support future development: (1) establish
federated learning frameworks that enable multi-site collab-
orative model training without sharing raw data, thereby
ensuring privacy protection and regulatory compliance;
(2) integrate hydraulic, thermodynamic, and electromag-
netic physical principles into deep models through phy-
sics-informed constraints to enhance interpretability and
robustness under unseen operating conditions; (3) incorpo-
rate uncertainty quantification modules to provide confi-
dence-aware diagnostic outputs suitable for safety-critical
nuclear equipment; and (4) develop edge-cloud collabora-
tive architectures that combine rapid on-site inference with
cloud-based optimization, improving real-time deployment
and cross-scenario adaptability.

In summary, soft sensing technology holds significant
potential for enhancing the intelligent operation and main-
tenance of nuclear power pumps. Its future development
should focus on transitioning from methodological innova-
tion to engineering-grade system integration and validation,
supported by practical pathways such as federated learning
for cross-site data privacy, physics-informed hybrid model-
ing, uncertainty-aware diagnostic strategies, and edge-cloud
collaborative deployment. By advancing these implementa-
tion-oriented research directions, soft sensing can achieve a
deep leap from theoretical exploration to critical applica-
tion, ultimately establishing a new paradigm of inter-
pretable, verifiable, and transferable intelligent fault
diagnosis tailored to high-safety-level energy systems.
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