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Abstract

Valves constitute the largest population of active components in the ‘Defense in Depth’
philosophy of nuclear power plants (NPPs), and their reliability is crucial for nuclear safety.
Operational experience and numerous studies indicate that valves remain a critical weak link,
yet existing academic reviews are often limited to a single failure mechanism or the operation &
maintenance (O&M) phase. To address the lack of a systematic perspective centered on this
critical component, this paper constructs a full life-cycle reliability framework, systematically
reviewing the current status and progress of NPP valve reliability research from four interrelated
pillars: (1) reliability-oriented design and optimization; (2) key failure modes and mechanism
analysis; (3) reliability assessment and life prediction; (4) condition monitoring and intelligent
O&M. Complementing prior reviews limited to specific phases, this paper utilizes the proposed
full life-cycle framework to analyze the profound paradigm shift in NPP valve reliability
research—transitioning from static, isolated, physics-dominated analysis toward dynamic,
systematic, deep physics-data fusion. We identify four core contradictions hindering this
evolution: the conflict between small samples and data-greedy methods, complex physics and
simplified models, mechatronic systems and single components, and the black-box nature of
models versus the need for explainability. To address these challenges, we provide a
forward-looking perspective focused on deepening physics-data fusion, coupling
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component-level remaining useful life with system-level probabilistic risk assessment, and
exploring solutions for model trustworthiness and uncertainty quantification.

Keywords: nuclear power plant, valves, reliability, full life-cycle, physics-data fusion

Abbreviations

NPP Nuclear power plant

LOCA Loss-of-coolant accident
MOV Motor-operated valve

AOV Air-operated valve

PORV Power-operated relief valve
SOV Solenoid-operated valve

CFD Computational fluid dynamics
FEA Finite element analysis

PBM Physics-based method

DDM Data-driven method

PINN Physics-informed neural network
FIV Flow-induced vibration

FAC Flow-accelerated corrosion
RUL Remaining useful life

PRA Probabilistic risk assessment
UuQ Uncertainty quantification
Oo&M Operation and maintenance
CBM Condition-based maintenance
PdM Predictive maintenance

LTO Long-term operation

1. Introduction

As a clean and efficient energy source, nuclear power rep-
resents a key pathway to achieving global carbon neutrality.
However, its sustainable development hinges on the corner-
stone of extreme safety. The safe operation of NPPs relies on
the fundamental safety principle of ‘Defense in Depth’ [1].
This concept was explicitly articulated by the International
Nuclear Safety Advisory Group (INSAG) in its seminal report,
INSAG-10. Its core principle is to establish multiple, inde-
pendent physical barriers and levels of protection. The goal is
to ensure that radioactive materials remain contained, despite
single or multiple equipment failures. Following this found-
ational philosophy, the International Atomic Energy Agency
(IAEA) further provided a concrete assessment methodology
in its Safety Reports Series No. 46 [2], used to evaluate the
comprehensiveness of DiD in existing NPPs. This method sys-
tematically verifies whether the five levels of protection effect-
ively ensure that the fundamental safety functions (FSFs)—
namely, controlling reactivity, removing heat, and confining
radioactive material—can be achieved under all plant con-
ditions. The interrelationship between these physical barri-
ers and the five levels of protection is illustrated in figure 1,
while the flow-chart logic for applying this strategy is shown
in figure 2.

Valves constitute the largest population of active compon-
ents used to implement this Defense in Depth philosophy.
They are the final control elements that execute the FSFs.

Different valves are positioned at key points across the phys-
ical barriers to control reactivity (FSF1), remove heat (FSF2),
and maintain confinement (FSF3). Figure 3 provides a sim-
plified schematic of a typical nuclear power system, high-
lighting the locations of these key valves. Table 1 offers a
detailed breakdown, linking these valves (e.g. PORVs, SIS
valves, MSIVs) directly to the specific DiD levels and FSFs
they support.

To engineer and validate this safety philosophy, the nuc-
lear industry must rely on a systematic and rigorous reliabil-
ity analysis methodology. Standards such as ANSI/IEEE Std
352-1987 [4] provide the foundational principles for reliabil-
ity analysis of safety systems, including tools like failure mode
and effects analysis (FMEA) and fault tree analysis (FTA). For
physical implementation, the American Society of Mechanical
Engineers (ASME) codes serve as a global benchmark. ASME
BPVC Section III [5] provides the ‘code of law’ for component
construction, ASME B16.34 [6] establishes the standard for
valve pressure-temperature ratings, materials, and dimensions,
while ASME QME-1 [7] specifies qualification standards for
active mechanical equipment and the ASME OM Code [8] dic-
tates in-service testing requirements.

This regulatory baseline serves as a global benchmark, res-
onated in international standards such as France’s RCC-M
code [9] and China’s system, which includes NNSA regula-
tions (e.g. HAF 102 [10], HAF 003 [11]) and NEA technical
specifications (e.g. the NB/T 20 010 series [12]). Together,
these standards establish the comprehensive baseline for life-
cycle reliability. Standards for NPP valves in various countries
are shown in table 2.

While these standards provide the baseline, engineering
practice and decades of operational experience (OpEx) have
revealed significant challenges. Authoritative reports from the
U.S. Nuclear Regulatory Commission (NRC), often stemming
from generic safety issues, provide compelling evidence that
valves (such as PORVs [13], check valves [14], and MOVs
[15]) are a critical and persistent weak link in plant reliability.

These reports, through in-depth data analysis (as shown
in table 3 and figure 4), identified key failure modes such
as internal leakage, control degradation, and Common-Cause
Failures (CCFs). Crucially, this deep understanding of failure
data has driven a successful analysis-feedback-improvement
loop within the industry. Indeed, a recent NRC-commissioned
study INL/RPT-23-73956 [16] revealed that while the demand
frequency for certain valves has shown a statistically signific-
ant increase over the last decade, their failure probability has
demonstrated a statistically significant decrease (see figure 5).
This achievement—decreasing failure rates despite increasing
demands—powerfully demonstrates the success of systemat-
ically learning from OpEx.
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PORV: power-operated relief valve; BV: block valve.
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PRT: pressurizer relief tank; CVCS: chemical and volume con-
trol system; ACC: accumulator; SIS: safety injection system;
AFW: auxiliary feedwater system

In recent years, scholars have also reviewed valve reliab-
ility from various perspectives, but these reviews are often
focused on a single aspect of the life cycle. Regarding fail-
ure mechanisms, Gao et al [19] conducted a comprehens-
ive review of cavitation erosion in NPP pumps and valves,
focusing on the transient dynamics and material properties
related to this single physical failure mode. Regarding assess-
ment methods, Rezaeianjouybari and Shang [20] reviewed the
broad application of deep learning (DL) in prognostics and
health management (PHM). Their work detailed how DL mod-
els can solve the RUL prediction and fault diagnosis chal-
lenges for critical mechanical components, such as valves.
This provides a theoretical framework for the DDMs discussed
in Chapter 4 of this review. Building on this, Ayodeji et al
[21] provided a critical review of DL applications in nuclear
safety assessment, addressing the key challenges of model reli-
ability and the black-box problem by focusing on the need
for explainability. Regarding O&M and diagnostics, Zhang
et al [22] offered a comprehensive review of valve health dia-
gnosis and assessment, focusing on fault diagnosis, condi-
tion monitoring, and RUL prediction techniques for intelligent
maintenance—topics closely related to Chapters 4 and 5 of this
paper.

While these reviews [19-22] have laid a solid foundation
by detailing specific mechanisms or algorithms, a critical chal-
lenge remains in methodological integration. Specifically, cur-
rent research lacks established pathways to translate determ-
inistic physical behaviors (e.g. microscopic damage accumu-
lation) into the probabilistic parameters required for system-
level risk assessment (e.g. dynamic failure rates). This rig-
orous separation limits the extent to which theoretical fail-
ure mechanisms can inform practical reliability engineer-
ing. Therefore, distinct from previous studies, this review
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Table 1. Role of critical nuclear power plant valves in defense-in-depth (DiD) and fundamental safety functions (FSF).

Typical valve Circuit Physical barrier Key level of defense (DiD) Associated specific function
Pressurizer PORV/PSV Circuit 1 3rd physical Barrier  Level 2 FSF(2): provides heat removal
(RCS) (control of abnormal operation)  via ‘Feed and Bleed’ operation
Level 3 FSF(3): maintains pressure
(control of DBA) boundary integrity by preventing
level 4 overpressure
(severe accident mitigation)
Safety injection system Circuit 1 3rd physical barrier ~ Level 3 FSF(2): injects emergency
(SIS) Valves (MOV/Check  (RCS) (executes safety injection during  cooling water into the core
Valve) LOCA) during a LOCA
FSF(3): provides isolation to
maintain pressure boundary
during normal operation
Chemical & volume Circuit 1 3rd physical barrier  Level 1 FSF(1): controls reactor power
control (CVCS) valves (RCS) (controls boron concentration by adjusting boric acid
(control/isolation valve) and inventory) concentration (boration)
FSF(3): maintains pressure
boundary integrity (isolation
function)
Accumulator (ACC) squib  Circuit 1 3rd physical barrier ~ Level 3 FSF(1): assists in reactivity
valve/isolation valve (RCS) (control of design basis control via borated water
accidents—LOCA) injection.
FSF(2): rapidly injects large
volumes of borated water into
the core during Large Break
LOCA (passive safety)
Atmospheric steam dump Circuit 2 Secondary Circuit Level 2/3 FSF(2): provides decay heat

valves(VDA/SDV)

(main steam)

boundary

(controlled cooldown during loss
of offsite power.)

removal by discharging steam to
the atmosphere when the main
condenser is unavailable (Loss
of ultimate heat sink).

FSF(3): prevents secondary
overpressure to maintain SG
tube integrity.

Main steam safety valve
(MSSV/MSRYV)

Circuit 2
(main steam)

Secondary circuit
boundary

Level 3: overpressure protection
during transients.

FSF(2): acts as a passive backup
for heat removal if VDA fails.
FSF(3): maintains pressure
boundary integrity by preventing
secondary side overpressure.

Main steam isolation valve
(MSIV)

Circuit 2
(main steam)

Secondary circuit
boundary

Level 3
(isolates main steam line break
or SGTR accidents)

FSF(2): prevents reactor
overcooling by isolating steam
flow during a steam line break
FSF(3): isolates containment and
prevents radioactive release
during a steam generator tube

rupture (SGTR)
Auxiliary feedwater Circuit 2 Not a barrier, but Level 2/3 FSF(2): provides decay heat
(AFW) valves (feedwater) acts to protect the (primary means of heat removal ~ removal by supplying emergency
(MOV/control valve) barriers during transients) water to steam generators when
main feedwater is lost
Essential service water Circuit 3 Not a barrier, but Level 3 FSF(2): provides cooling to
(ESW) valves (cooling ensures the ultimate  (provides cooling to safety-grade essential safety equipment (e.g.
(butterfly/check valve) water) heat sink equipment) safety pumps, diesel generators),

ensuring the ultimate heat sink
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Table 2. Standards for nuclear power plant valves in various countries.

Country/region  Key organization/institution Standard designation Standard full name
USA American National Standards ANSI/IEEE Std 352-1987 IEEE Standard Guide for General Principles
Institute (ANSI)/Institute of of Reliability Analysis of Power Generating
Electrical and Electronics Station Safety Systems
Engineers (IEEE)
American Society of ASME BPVC Section III ASME Boiler and Pressure Vessel Code,
Mechanical Engineers Section III: Rules for Construction of
(ASME) Nuclear Facility Components
ASME B16.34 Valves—flanged, threaded, and welding end
ASME QME-1 Qualification of active mechanical
equipment used in nuclear power plants
ASME OM Code Code for operation and maintenance of
nuclear power plants
Europe International Organization for ENISO 19 443 [17] Quality management systems—specific
Standardization (ISO) requirements for the application of ISO
9001:2015 by organizations in the supply
chain of the nuclear energy sector supplying
products and services important to nuclear
safe'ty (ITNS)
France Afcen RCC-M Regles de Conception et de Construction
des Matériels Mécaniques des Tlots
Nucléaires PWR
Germany KTA KTA 1401 [18] General requirements for quality assurance
China National Nuclear Safety HAF 102 Safety regulations for design of nuclear
Administration (NNSA) power plants
HAF 003 Safety regulations for quality assurance of
nuclear power plants
National Energy NB/T 20 010.1-2010 General specifications for design and

Administration (NEA)

manufacture of valves for conventional
island and auxiliary facilities of nuclear
power plant

Table 3. Failure modes for PORV mechanical/controls/BVs [13]. Bold values indicate the subtotals for each respective failure category.

Failure parts Failure modes Totals
PORYV mechanical Leakage—internal 62
Leakage—external 3
Fail to open 12
Fail to close 7
Other 17
Subtotal 101
PORY controls Fail to open 6
Fail to close 2
Spurious opening 11
Control degraded 52
Other 20
Subtotal 91
BVs Leakage—external 12
Fail to open 2
Fail to close 12
Spurious opening 3
Other 3
Subtotal 32

Note: PORV: Power-operated relief valve; BV: block valve.
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Figure 5. (a) Failure probability estimate trend for low-demand
MOV FTOC, (b) frequency of FTOC demands for low-demands
MOVs [16].

addresses this limitation by constructing a full life-cycle integ-
rated framework.

This review posits that a complete reliability research loop
should consist of four pillars: (1) reliability-oriented design, to

mitigate failure at the source and achieve proactive reliability;
(2) failure mechanism analysis, to understand failure laws and
provide a physical basis for reactive correction and proact-
ive prevention; (3) reliability assessment and life prediction,
to quantify the health status and failure probability of valves
during operation; and (4) condition monitoring and intelligent
O&M, to transition from reactive maintenance to PAM and
ensure procedural reliability.

As emphasized by the core logic of this review, valve reli-
ability is not an isolated design metric but rather a dynamic
attribute that spans its entire life cycle—from design and man-
ufacturing to operation and decommissioning. These research
phases are interdependent, yet their effective integration
requires robust interface methodologies to connect the determ-
inistic and probabilistic domains. Consequently, this paper
aims to address this methodological fragmentation by sys-
tematically reviewing key technologies across the four stages.
Special attention is given to how emerging tools like physics-
data fusion and UQ can serve as the connection between these
stages. By doing so, we strive to foster a more integrated
understanding of NPP valve reliability research. Finally, the
paper provides an outlook on future trends.

2. Reliability-oriented design and optimization

Valve design is the first step in determining equipment reliab-
ility. In the demanding field of nuclear power, valves must not
only operate stably under normal conditions but also ensure
functionality under extreme conditions, placing high demands
on design and analysis methods. This chapter reviews the key
technological evolutions in reliability-oriented valve design
and optimization. This chapter will revisit traditional sim-
ulation methods represented by FEA and CFD, which are
the cornerstones for understanding valve flow, dynamics,
and structural characteristics. Subsequently, the discussion
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extends to the in-depth application of these methods in spe-
cific, complex nuclear power conditions. However, the high
computational cost of traditional simulation methods renders
them inadequate for multi-parameter, multi-objective global
optimization. Therefore, this chapter will focus on sorting
the cutting-edge methods that have emerged to overcome this
challenge. These methods represent a technological shift from
simulation-driven validation to data-driven optimization. The
chapter will detail high-efficiency analysis and design meth-
ods, including surrogate models, more robust ensemble mod-
els, and the latest PINNs.

2.1. Structural parameter analysis and design validation

A valve’s key structural parameters (e.g. plug shape, spring
stiffness) fundamentally determine its flow, dynamic, and
structural characteristics, making them the origin of reliabil-
ity design. Traditionally, researchers have relied on FEA for
design validation and parameter analysis. However, with the
growing demand for efficient, multi-objective optimization,
design methods are transitioning from a reliance on high-
cost simulation to the adoption of high-efficiency, data-driven
models.

Overall, FEA methods, particularly CFD, are the main-
stream approach for valve design and analysis today. Scholars
utilize simulation technology to assess the impact of key para-
meters on valve performance during the design phase, primar-
ily focusing on two core performance areas:

First is the assessment of structural parameters on flow per-
formance and flow-induced noise. This is the most extensive
area of research. Scholars use CFD to deeply investigate the
influence of plug shape, opening, or flow path structure on the
internal flow field, flow characteristics, and noise sources. For
instance, the studies by Qian, ef al [23], and Bairagi ef al [24]
focus on the macroscopic impact of key parameters on the flow
coefficient. In contrast, Sun et al [25], Asim et al [26], and Jin
et al [27] delve deeper into the flow field details, turbulent kin-
etic energy, and cavitation characteristics within multi-stage
or cage valves, aiming to provide a basis for noise reduction
and anti-erosion optimization. As illustrated in figure 6, these
CFD analyses visualize the intricate flow details. For instance,
the pressure contours within a multi-stage trim clearly show
the step-by-step pressure drop across each row and pinpoint
the critical low-pressure zones prone to cavitation. Building on
this, Wang et al [28] went a step further, designing an innov-
ative valve plug to actively suppress fluid oscillations, thereby
solving abnormal actuator shutdowns.

Second is the analysis of dynamic -characteristics.
Compared to conventional control valves, the reliability of
rapid-opening/closing devices like safety valves is more
dependent on their transient response. Therefore, scholars
(e.g. Ye et al [29]) have focused on analyzing the impact of
key parameters, such as spring stiffness and adjustment ring,
on the opening/closing dynamics of safety valves. Zang et al
[30] utilized dynamic mesh techniques to extend the ana-
lysis to the full fluid-structure-motion process of pilot valves,

Central Flow Route

X . oL 2. 2

K ST S R R S Y
2. .
) S

Figure 6. Static gauge pressure (Pa) variations within the top disk
of the trim at 100% valve [26].

assessing the influence of inlet diameter on their response
speed.

Whether for regular operating conditions or preliminary
explorations of special conditions—such as Tiberga et al
[31]’s work on freezer valves for molten salt fast reactors—the
aforementioned studies fully demonstrate the immense value
of FEA in replacing high-cost experiments and guiding design
validation.

However, the limitations of this traditional simulation-
driven validation paradigm are also evident: when faced with
complex, multi-parameter, multi-objective optimization prob-
lems, the high computational cost required by FEA (especially
CFD and transient analysis) becomes a significant bottleneck.
Traditional simulation is more often used for design valid-
ation or single-parameter scans rather than efficient global
design optimization, which underscores the development of
data-driven, high-efficiency optimization methods.

2.2. Response analysis under complex operating condition

Beyond parameter optimization in the design phase, another
critical application of FEA methods is to assess valve
responses under complex or extreme (e.g. accident) condi-
tions and to explore potential failure mechanisms. This is a
prerequisite for the reliability and safety assessment of NPP
valves.

2.2.1. Complex flow regimes. Valves in actual operation
often face complex flow states such as multi-phase flow,
choked flow, or internal leakage. Elucidating the flow phenom-
ena and physical mechanisms under these extreme states is a
prerequisite for reliability assessment.

Against this backdrop, scholars first dedicated efforts to
reproducing and revealing complex fluid phenomena. For
example, Yang et al [32], by simulating a triple-eccentric
butterfly valve, successfully revealed the spatial correlation
between vortices and choked flow.
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Building on the mastery of complex flow mechanisms, a
more critical step is to evaluate the fluid’s reaction force on the
valve structure. Yang et al [33] employed the fluid-structure
interaction method to deeply investigate the dynamic response
of a control valve under high pressure differentials. The study
clearly identified vortex shedding in the throttling zone as the
direct cause of structural vibration and successfully pinpointed
stability risks at specific openings.

This line of research is focused not on designing valves, but
on understanding their physical behavior under specific condi-
tions like choking or leakage. It not only validates the capab-
ility of simulation models in predicting complex phenomena
but also provides a physical foundation for the failure mech-
anism analysis discussed in Chapter 3, as well as for the fault
diagnostics and operational control strategies in Chapter 5.

2.2.2. Coupled-field analysis. Nuclear power operating
conditions (especially startup/shutdown or accidents) are typ-
ified by high temperatures, high pressures, and severe thermal
transients, posing a stringent test for a valve’s structural
integrity. In analyzing such extreme conditions, ensuring the
quality of the basic FEM itself is crucial. Analysis of a
single physical field is insufficient to simulate these condi-
tions, necessitating a shift toward thermal—fluid—solid multi-
field coupled analysis, which is a key tool for NPP valve reli-
ability assessment.

Scholars (e.g. Zhang et al [34], and Li et al [35]) have
addressed this challenge through coupled-field simulations of
relief valves or feedwater valves. They reached an important
conclusion for NPP valve reliability assessment. First, thermal
stress is the main component of coupled stress. Second,
thermal load—rather than pressure load—is often the primary
cause of stress overload accidents. This critical finding is com-
pellingly visualized in figure 7. The analysis of the feed-
water valve shows that the stress under mechanical load alone
(labeled ‘No thermal loads’) is minimal. However, during
thermal transients, the stress intensity spikes dramatically (e.g.
to 514 MPa at 50 s) due to the severe temperature gradient
across the valve body wall, before slowly decreasing as the
temperature gradient dissipates.

This conclusion clearly redefines the focus of NPP valve
reliability analysis: safety assessments must compare the
coupled stress against the allowable stress intensity. A simple
static pressure analysis, such as that used for conventional
industrial valves, is far from sufficient for NPP valves.

2.3. High-efficiency optimization methods based on
surrogate models

To overcome the optimization bottleneck of high computa-
tional costs in traditional methods (as discussed in 2.1), data-
driven approaches represented by surrogate models are gain-
ing widespread application and research. The core idea of a
surrogate model is to build an extremely low-cost mathemat-
ical model (e.g. Kriging, polynomial chaos expansion (PCE),
support vector regression) by learning from a small number
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Figure 7. The maximum stress intensity changes of the valve body
with time under different openings [35].

of high-fidelity FEA results. This model approximates and
replaces the high-cost FEA model, which is crucial for global
optimization, reliability analysis, or UQ that requires thou-
sands of iterations.

This high-efficiency optimization concept has been widely
validated and applied in valve design. For instance:

In wear prediction, Yan et al [36] used a Kriging surrogate
model to successfully replace costly CFD-DPM simulations,
achieving rapid prediction of erosion rates on sealing surfaces.

In acoustic optimization, Xie et al [37] employed a Kriging
model to analyze the transient flow-field noise of spring-
loaded relief valves, predicting noise directivity based on key
structural parameters.

In structural and sealing design, Zong et al [38] used a PCE
model to optimize the sealing performance of a nuclear relief
valve, increasing its sealing stress by 24.42%.

However, the selection of a single surrogate model is chal-
lenging, and its robustness can be limited. The study by Wang
et al [39] revealed this issue: when optimizing a butterfly
valve, Kriging was found to have severely insufficient accur-
acy for the flow resistance coefficient, necessitating a switch
to RSM. To solve this, a clear trend is the development of
Ensemble Surrogates. The work by Zong et al [40] is a typical
example; they used an advanced ensemble model-ensemble
of adaptive hybrid functions (E-AHF) to optimize the flame-
extinguishing capability of an explosion-proof safety valve
and to improve the discharge capacity and dynamic stability of
a main steam safety valve. Advanced ensemble methods like
E-AHF (Song et al [41]) fuse the advantages of multiple single
models through adaptive weighting, achieving more robust
and accurate predictions.

Building on this core ensemble concept, the field’s model-
ing strategy is advancing in two other directions:

Multi-fidelity modeling has emerged as one direction in
the pursuit of higher computational efficiency. This approach
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Figure 8. Overall scheme of the multi-fidelity model [42].

no longer relies on a single high-cost FEA/CFD but instead
integrates models of different fidelities (e.g. coarse 3D mesh,
2D simplified model, 1D method of characteristics (MOC)).
Song et al [42], in modeling a pressurizer-vessel-pipe-safety-
valve (PVPSV) system, combined analytical methods, the
MOC, and surrogate models, significantly boosting system-
level simulation efficiency while maintaining accuracy. The
architecture of such a multi-fidelity hybrid model is shown
in figure 8. To model the entire PVPSV system, the approach
integrates different modeling techniques based on their suitab-
ility: a simple analytical model for the pressure vessel, the effi-
cient MOC method for the long connecting pipe, and a data-
driven Surrogate model for the geometrically complex safety
valve.

Physics-data deep fusion constitutes the second, more
prominent direction, aimed at resolving the consistency gap
between simulation models and physical reality.

Under this strategy, one path is model updating, which
uses physical measurement data to correct the virtual sim-
ulation model. For example, Xue et al [43] used measured
seismic response data to successfully update an initial FEM,
enabling it to more accurately identify structural parameters.
This approach bridges the gap between physical testing and
virtual simulation.

A more cutting-edge fusion path is the PINN. A PINN is
essentially a surrogate model, but its novelty lies in embedding
physical laws (like PDEs) directly into the neural network’s
loss function. This forces the model to adhere to physical laws
during training, offering a potential solution to the challenge
of training with small datasets. Although direct applications
of PINNSs to valves are still rare, their success in related fields
like nuclear engineering piping (Wang et al [44]), incompress-
ible two-phase flow (Buhendwa et al [45]) and high-speed flow
(Mao et al [46]) demonstrates application prospects for applic-
ation in the complex coupled-field analysis of NPP valves.
To illustrate the fundamental architecture of PINNSs, figure 9.
(From Mao et al [46]) presents a typical schematic for solv-
ing high-speed flows governed by Euler equations. The frame-
work consists of two interconnected pathways sharing the
same hyper-parameters: an uninformed neural network that

Done:

Figure 9. Schematic of PINN for the Euler equations [44].

approximates the state variables U (e.g. density, velocity, pres-
sure) from spatiotemporal inputs (x,7), and a physics-informed
pathway that utilizes automatic differentiation to compute the
partial derivatives required by the governing equations-PDEs.
Crucially, the core logic lies in the construction of the com-
posite loss function, which explicitly aggregates both the data
mismatch loss and the physical residual loss. By minimizing
this total loss, the network is forced to satisfy the physical con-
servation laws during the training process, thereby ensuring
physical consistency even with sparse training data.

2.4. Summary

This chapter reviewed reliability-oriented design and ana-
lysis methods for NPP valves. While classic FEA methods
remain a mainstream choice, their limitations in the face
of demands for high-efficiency optimization and extreme-
condition safety are increasingly apparent, catalyzing a series
of more advanced analysis methods and design philosophies.
The research clearly reveals several trends:

On the design optimization level, a shift from high-cost
simulation-driven validation to data-driven high-efficiency
optimization, represented by surrogate models.

On the condition response level, a focus shift from conven-
tional flow analysis to multi-field coupled assessment under
extreme conditions, identifying thermal stress as a key factor
in structural failure.

On the modeling philosophy level, a trend beyond single
components toward piping system multi-fidelity modeling,
and an exploration of physics-data deep fusion.

In summary, Chapter 2 explored how to prevent fail-
ure through forward design. However, even with perfect
design, valves inevitably degrade in harsh service environ-
ments. Therefore, it is essential to deeply understand their
failure modes and mechanisms, which is the core content of
Chapter 3.

3. Key failure modes and mechanism analysis

While Chapter 2 explored forward design methods for
preventing failure, the reliability of valves—as critical
dynamic components in high-temperature, high-pressure,



J. Reliab. Sci. Eng. 2 (2026) 012001

Topical Review

high-radiation, and corrosive media—depends not just on ini-
tial design but also on their degradation processes throughout
the life cycle. Therefore, this chapter adopts a reverse analysis
perspective to systematically review the key failure modes and
physical mechanisms that nuclear valves face during actual
operation.

A deep understanding of these failure mechanisms—
particularly fatigue, creep, corrosion, wear, and stiction, which
are closely related to aging management—can directly guide
reverse design optimization and developing scientific in-
service inspection and maintenance strategies. This chapter
will focus on three dimensions: pressure boundary integrity,
flow path degradation, and functional failure.

3.1 Pressure boundary integrity: fatigue, creep, and fracture
mechanisms

As pressure-bearing components in piping systems, the most
severe failure mode for valves is the loss of structural
integrity—the cracking or even rupture of the pressure bound-
ary (e.g. body, bonnet, stem). In nuclear conditions, this fail-
ure is rarely caused by a single load but is rather a coupled-
damage result of mechanical vibration, thermal transients,
high-temperature environments, and corrosive media.

Research into NPP valve structural failure mechanisms is
well-developed, with reviews and case studies collectively
revealing that structural failure is not from a single load but
a coupled result of drivers + accelerators + origins.

First, FIV and thermal cycles/transients are identified as the
two core drivers.

In terms of dynamic loads, authoritative reviews (e.D, Yang
et al [47]) have formed a conclusion that FIV is the primary
driver of fatigue failure, with Haile et al [48] further adding
that two-phase flow (steam-water mix) drastically worsens
FIV. This conclusion is fully corroborated by specific case
studies: Zeng et al [49]’s research reproduced the fretting-
fatigue (a mechanism noted by Cai et al [50]) caused by FIV
and successfully predicted the crack initiation sites. Tamura
et al [51]’s study showed how FIV can induce flow-acoustic
resonance, leading to high-cycle fatigue. Beyond internal FIV,
external dynamic loads like earthquakes are also key drivers.
Related studies (e.g. Chen et al [52], Dai et al [53], Meng
et al [54]) have used FEA and shake-table tests to systematic-
ally verify the structural integrity and functional reliability of
valves (especially safety valve springs) under seismic loads.

In terms of thermal loads, thermal transients during star-
tup/shutdown and drastic temperature changes during acci-
dents (e.g. cold safety injection) are another key driver.
Benyamina et al [55] used large eddy simulation (LES) to
reveal the intense temperature fluctuations caused by cold/hot
fluid mixing at T-junctions, considered a direct cause of
thermal fatigue cracks. A notorious industry example confirm-
ing this mechanism is the Farley Unit 2 incident (1987). In
this event, unisolable leaks through the check valves caused
severe thermal stratification and cycling in the safety injection
piping. The interaction between the cold injection water and
the hot reactor coolant led to a 120° circumferential fatigue

Figure 10. (a) and (b) SEM micro-morphology of the fracture
surface, (c) crack initiation source and fatigue crack propagation, (d)
the magnified view of figure (c), (¢) EDS analysis at test point 1 in
the crack initiation zone, (f) EDS analysis at test point 2 in the crack
initiation zone [61].

crack, directly validating the lethality of the thermal striping
mechanism described above. At high temperatures (>450 °C),
as reviews by Zhao et al [56] and Gong et al [57] emphas-
ize, creep—fatigue interaction replaces simple fatigue as the
dominant failure mode for components like main steam valves
or Gen-IV reactor valves. Gong et al [57] further noted that
notches (geometric discontinuities) are the origins for creep
damage, making them a focus of high-temperature integrity
assessments. Zhao et al [58]’s FEA analysis also confirmed
that the creep effects in relief valves during severe accident
thermal shock must be included in assessments.

Second, corrosive environments and manufacturing defects
act as key accelerators and origins.

Larrosa et al [59]’s review highlighted the corrosion-
fatigue mechanism in light-water reactor environments,
where corrosion significantly accelerates crack initiation and
propagation.

If corrosion provides acceleration, manufacturing defects
provide the origin. The failure analysis cases by Cheng et al
[60], and Lu et al [61] offer strong proof: inclusions, pores, and
other defects are often the starting points for fatigue cracks.
As shown in the micrograph in figure 10, the visual evid-
ence clearly reveals a fatigue crack originating directly from a
sub-surface non-metallic inclusion, which acts as the origin or
stress-riser for the coupled failure. To mitigate these material-
based challenges, especially for Gen-IV high-temperature
creep strength, scholars have focused on microstructural con-
trol in advanced materials (e.g. ODS steels), as detailed in
reviews by Chen et al [62] and Zinkle et al.

The aforementioned research paints a clear picture:
failure results from the interplay of ‘FIV/thermal cycles
(drivers) 4+ complex environments (accelerators) 4+ manufac-
turing defects (origins)’. This body of research collectively
shows that NPP valve aging management must shift from
single-fatigue analysis to a comprehensive damage tolerance
assessment, one that accounts for the interaction of FIV, cor-
rosion and creep, while fully considering the impacts of stress
concentrations (notches) and manufacturing defects.
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Figure 11. The vapor phase contour distribution at different valve
openings: (al) 0.6 mm, (a2) 0.8 mm, (a3) 0.9 mm, (a4) 1.0 mm, (a5)
1.2 mm, (a6) 1.5 mm [69].

3.2. Flow path degradation: cavitation, erosion, and
corrosion

While structural failures (section 3.1) are often fatal,
flow-induced wear is the most prevalent and primary pro-
gressive aging mechanism in valves. Authoritative reviews
(e.g. Bhowmik and Sabharwall [64], Gao er al [19], Wang
et al [65]) have reached a conclusion that cavitation, flash-
ing, particle erosion, and corrosion are the key failure modes
leading to performance degradation. The physical basis of
these phenomena (such as the bubble dynamics described by
Arndt [66]) dictates their direct destructive impact. The strip-
ping of material from surfaces like the valve plug and seat,
caused by phase changes or particle impact, leads to internal
leakage, flow characteristic deviation, and vibration, severely
threatening system safety.

Facing this severe engineering problem, research has shif-
ted from qualitative failure description to quantitative predic-
tion and precise localization. The value of this paradigm shift
is three-fold:

First, precise localization of damage hotspots. Typified by
the research of Liu er al [67], Liu et al [68], and Li et al [69]
(i.e. the CFD applications mentioned in Chapter 2), scholars
have used CFD coupled with cavitation models, validated by
experiments, to accurately pinpoint damage zones, such as the
leading and trailing edges of a butterfly valve disc. Figure 11
illustrates this precise localization. The CFD simulation suc-
cessfully reproduces the complex physical process of the cavit-
ation zone migrating from the gap (Region 1) to the nozzle
(Region 2) as the valve opening increases.
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Second, quantitative attribution of key parameters.
Building on these localization studies, research has converged
to confirm that valve opening (throttling degree) and pressure
differential are the two key operational parameters govern-
ing the damage rate. For example, Liu et al [68] and Zhao
et al [70] used visualization experiments and numerical sim-
ulations, respectively, to quantitatively reveal the dominant
effect of inlet pressure and opening angle on cavitation and
erosion area.

Finally, extension of mechanism boundaries. This quantit-
ative paradigm has even revealed wear mechanisms beyond
traditional cognition. Sedghkerdar er al [71], using particle
image velocimetry experiments, cleverly demonstrated that
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wear is not limited to cavitation and particle erosion; the high
turbulent kinetic energy region downstream of a gate valve was
highly correlated with FAC damage. This indicates that high
turbulence itself is a destructive load that accelerates wear via
mass transfer.

In summary, cavitation and erosion research is the most
mature application of CFD in failure analysis. Its ultimate
goal, however, is not just analysis but to feed-back to the for-
ward design discussed in Chapter 2. It is precisely through
this deep understanding of mechanisms and damage local-
ization that scholars (e.g. Wang et al [72]) have been able
to propose fundamental anti-wear structures, such as multi-
stage throttle cages, to dissipate pressure drops and eliminate
bubbles, thereby proactively enhancing valve reliability from
the design stage.

3.3. Functional failure: leakage, stiction, and seizure

Functional failure refers to when the valve’s pressure bound-
ary is intact, but it fails to perform its required open, close,
or throttling function. In a NPP, this failure poses a threat to
system security, as it can lead to system over-pressurization or
loss of key safety functions.

In-depth analysis of such failures indicates that their root
cause often traces back to a core physical contradiction,
precisely identified in Sotoodeh [73]’s authoritative review:
the conflict between Sealing and Actuation in stem packing
design.

On one hand, to prevent leakage, the packing must be
highly compressed. This sharply increased static friction is
the physical root of ‘stiction’—the most common fault in
control valves (as reviewed by Bacci Di Capaci and Scali
[74]). Regarding its evolution, Wu et al [75] revealed that
high-temperature stiction is driven by a competition between
asperity creep, micro-welding, and oxide formation. Under
high temperature and pressure, this friction can deterior-
ate into catastrophic seizure (a complete loss of move-
ment). A historic lesson on this mechanism is the Three
Mile Island Unit 2 (TMI-2) accident. In this event, the
power-operated relief valve (PORV) failed to reseat after a
pressure transient—essentially experiencing a ‘stuck-open’
seizure induced by mechanical binding. This functional fail-
ure, compounded by misleading control room indications
(which showed the solenoid status rather than the actual stem
position), escalated a minor transient into a severe LOCA.
The primary physical mechanism driving this failure mode is
galling (a ‘cold-welding’ mechanism reviewed by Kakulite &
Kandasubramanian [76]), where micro-scale material trans-
fer occurs between the stem/packing or plug/guide, causing
the components to seize. The physical mechanism of various
galling mechanisms are depicted in the schematic in figure 12.
Also, Li et al [77] adds that unbalanced hydraulic forces can
also exacerbate seizing risk.

On the other hand, the consequence of failures on the leak-
age side of this conflict is systemic and cascading. Multiple
studies (e.g. Du et al [78], Kim et al [79], & Chen et al
[80]) have confirmed that internal valve leakage, particularly
when prolonged or exceeding critical thresholds, serve as a

key root cause of severe secondary disasters in piping sys-
tems, such as water hammer and thermal stratification (which
in turn causes the thermal fatigue discussed in 3.1). Because
the consequences are so severe, research into leakage mech-
anisms and diagnostics is critical. For example, Qian and Hu
[81]’s deep simulation (LES) of leakage acoustics provides a
solid mechanistic basis for the acoustic leak detection tech-
niques discussed in Chapter 5.

In conclusion, functional failure is not an isolated issue
but a direct consequence of the mechanisms described in 3.1
(corrosion) and 3.2 (wear). The sealing-friction contradiction
(Sotoodeh [73]) highlights the core challenge of valve reliabil-
ity. The actuator (AOV/MOV) must always provide sufficient
margin to overcome the dynamic increase in friction. This fric-
tion increase can be caused by aging, operating conditions, or
improper maintenance (e.g. foreign object intrusion, as noted
by Ezekoye et al [82]. This clearly indicates that aging man-
agement of the actuators themselves (AOV/MOV diagnostic
testing) must be a top priority for functional reliability.

3.4. Summary

This chapter systematically reviewed the physical roots of
valve failures:

(1) Pressure boundary integrity: Structural failure is rarely
caused by a single load but emerges as a coupled result
of drivers and mechanisms, often accelerated by environ-
mental factors.

(2) Flow path degradation: Internal surface damage is dom-
inated by fluid-dynamic mechanisms such as cavitation
and particle erosion. Research in this domain has success-
fully transitioned from qualitative description to quantitat-
ive damage localization to guide anti-wear design.

(3) Functional failure: The inherent sealing-actuation design
conflict creates significant tribological challenges.
Specifically, stiction behaves as a dynamic evolution
driven by time-dependent mechanisms, which can even-
tually escalate into galling and catastrophic seizure.

This research has shifted from post-mortem analysis to
quantitative reproduction using CFD/FEM, laying the mech-
anistic groundwork for the diagnostics in Chapter 5. However,
all mechanisms described—fatigue, creep, wear—are inher-
ently stochastic and time-dependent. A qualitative description
is insufficient for aging management; probabilistic methods
must be introduced to quantify the failure probability. This is
precisely the core topic of Chapter 4.

4. Reliability assessment and life prediction
methods

The failure mechanisms analyzed in Chapter 3—ranging from
thermal fatigue to tribological stiction—provide the determ-
inistic physical basis for understanding valve degradation.
However, in actual NPP operation, these physical processes
are inherently stochastic due to variabilities in material
properties, manufacturing tolerances, and fluctuating loads.
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Consequently, reliability research must transition from qual-
itatively analyzing the ‘physics of failure’ to quantitatively
evaluating the ‘probability of failure’. A core engineering and
safety question arises: how to quantitatively assess the reliab-
ility status (e.g. failure rate, failure probability) and scientific-
ally predict the RUL of these valves?

Answering this question is key to transitioning from tradi-
tional time-based maintenance (TBM) to CBM and PdM. It is
vital for ensuring NPP safety, optimizing spare parts, reducing
O&M costs, and supporting decisions on operational lifetime
extension.

To address this, the research community has followed two
classic but diverging paths:

(1) PBMs, which offer unparalleled interpretability.
(2) DDMs, which excel at mining non-linear patterns.

However, this divergence also exposes their fundamental
limitations: PBMs (4.1) are often overly complex and
parameter-sensitive, while DDMs (4.2) face black-box and
data-dependency challenges. To bridge the gap between phys-
ical interpretability and data-driven efficiency, a necessary
research frontier—hybrid methods (4.3) represented by sur-
rogate models and PINNs—is emerging.

Therefore, this chapter will follow this evolutionary path to
review the methodologies for valve reliability assessment and
life prediction.

4.1. Physics-based assessment methods (PBM)

PBMs rely on a deep understanding of failure mechanisms
or system logic to build mathematical models. They offer
the strongest physical interpretability and can be divided into
component-level and system-level approaches.

4.1.1. Component-level: physical-of-failure analysis and UQ.
These models aim to translate the specific physical degrada-
tion processes (Chapter 3) into mathematical expressions to
predict component RUL.

In this path, scholars first apply classic physical laws.
Taking the crack propagation from 3.1 as an example, Xu et al
[83]’s work is a typical case, using the Paris Law as the state
function, combined with particle filtering, to effectively pre-
dict the RUL of an electric gate valve. Similarly, Lee et al
[84] proposed a probabilistic method for the leakage mechan-
ism (3.3) to derive the probability density function of damage
parameters for reciprocating pump valves.

However, a more severe challenge than model-building
itself is quantifying and handling the inevitable uncertainty in
these models like material properties and initial crack length.
Baraldi et al [85]’s research directly targets this core prob-
lem. When assessing the fatigue degradation of a check valve,
the study explicitly noted that ignoring cognitive uncertainty
in model parameters leads to completely erroneous main-
tenance decisions. This probabilistic risk perspective is also
reflected in the degradation assessment framework built by
Lewandowski et al [86].
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MDP, (b) MOV [94].

In summary, the core advantage of PBMs is their physical
interpretability. But, as demonstrated by the research (espe-
cially Baraldi), their fundamental weakness is equally evident:
they are extremely complex and their results are highly sensit-
ive to physical parameters that are difficult to acquire, posing
significant challenges for practical application.

4.1.2. System-level: from static logic to dynamic risk
assessment. These models scale up from the compon-
ent (4.1.1) to the system level, establishing logical models to
assess overall risk or identify critical components.

The foundational methodology of this field is classic FTA
and FMEA, which remain indispensable for identifying sys-
tem risks. For example, Chisholm er al [87] used FTA to
quantify risks for a molten salt reactor freezer valve, identi-
fying accidental unfreeze as a far higher risk than failure to
unfreeze on demand. The studies by Subekti & Sunaryo [88]
and Zubair [89] similarly used FTA to successfully pinpoint
failure of main isolation valve to open as a key basic event.

However, classic tools are not perfect. On one hand, schol-
ars (e.g. Zhu et al [90]) work to improve limitations in tra-
ditional FMEA (like information fusion). On the other hand,
a more fundamental limitation is that FTA/Markov models
struggle with complex dynamic, concurrent, and synchronous
behaviors. This represents a critical gap, as high-level per-
spectives (Zio [91]) emphasize that ensuring enhanced safety
in complex systems requires moving beyond static analysis
toward dynamic risk assessment. To meet this challenge, more
powerful formal tools like Petri nets (PNs) have emerged.
The work by Kumar et al [92, 93] clearly demonstrates the
superiority of PNs in analyzing complex dynamic systems
like shutdown systems and digital feedwater control systems
(including main steam safety valves). The formal structure of
such a PN model is shown in figure 14. Unlike a static fault
tree, the PN architecture uses places (e.g. P5: MSSV fails
to open) and transitions (e.g. T7: Planned maintenance trig-
gers) to explicitly model the complex, dynamic, and concur-
rent event sequences that characterize these safety systems.

But whether using FTA or PN, the final accuracy depends
on the failure rates of the underlying components like valves.
Therefore, the most critical and cutting-edge evolution in this
field has shifted toward providing PRA with more realistic,
dynamic inputs. For key components like MOVs, the research
by Parsaei et al [94] and Martorell et al [95] abandons the
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outdated constant failure rate assumption, developing soph-
isticated unavailability models that dynamically reflect aging,
surveillance test degradation, and imperfect maintenance. As
visualized in figure 15, this refined approach starkly contrasts
with the outdated constant failure rate assumption. The model
(e.g. Case 3) shows the failure rate dynamically increasing
with component age and periodically decreasing due to imper-
fect maintenance activities, providing a far more realistic input
for PRA.

In summary, system-level formal modeling is the bed-
rock of risk assessment. But, as highlighted by Parsaei and
Martorell, the accuracy of physical models is ultimately highly
dependent on the failure rate data of basic events. Where does
the data come from?—This is both the final obstacle of PBMs
(4.1) and the core starting point for DDMs (4.2).

4.2. Data-driven assessment methods (DDM)

When physical models are difficult to build or parameters
are unknown, DDMs become the core approach, focusing on
extracting information from data. As noted in the introduction,
this path is divided into two major categories based on the data

type.

4.2.1. Statistical modeling and parameter estimation
(sparselevent data). This first path focuses on the most
typical data characteristic in nuclear power: sparse failure
data (small data), alongside abundant event data (tests, main-
tenance).

This feature determines the core mission of this path: not
real-time RUL prediction, but providing credible, dynamic-
ally updated reliability parameters (e.g. failure rates) for the
system-level models (FTA/PRA) discussed in 4.1.2.

However, sparse data poses a severe statistical challenge. To
address the small-sample problem, research inevitably turns to
Bayesian inference. The Bayesian method is naturally adept at
fusing prior information (e.g. generic data) with sparse, plant-
specific data. For example, Maskin et al [96] applied Bayesian
updating to improve PSA posterior data; He et al [97] used
it to aggregate small-sample data for assessing long-dormant
rupture valves; and Prakash and Pandey [98] used in-service
data to update the life distribution of pneumatic control valves,
providing justification for extending overhaul intervals.

Building on this, the research frontier is moving from
static to dynamic parameter estimation to reflect the real-world
impacts of aging and environment. For instance, Martén et al
[99] proposed a three-step methodology utilizing segmented
regression on Nelson—Aalen estimates to identify aging turn-
ing points in the failure rate of components like safety valves,
while Wu et al [100] introduced a DSMIF method that continu-
ously adjusts failure rates based on environmental changes.
Figure 15 clearly visualizes this methodology. By applying
joint point regression to the sparse historical failure data (red
dots), the approach objectively identifies the critical break
points (e.g. t1 and t2) where the failure rate behavior changes,
thus distinguishing the random failure period from the onset
of the wear-out period.

In summary, statistical modeling, represented by Bayesian
inference and maximum likelihood estimation (MLE) (e.g.
Martorell et al [101]), provides the data input for physical
models (4.1) and practical O&M. They solve the PBM depend-
ency on underlying data by providing dynamically updated
parameter inputs.

4.2.2. ML/DL for RUL prediction (continuous monitoring data).
In stark contrast to the sparse scenario (4.2.1), this second
path leverages the richness of continuous monitoring data (e.g.
acoustic, vibration, temperature) from sensors. Consequently,
its core mission shifts from parameter estimation to direct RUL
prediction.

The evolution of this path reflects an increasing depth of
data mining:

Initially, scholars (e.g. Utah and Jung [102]) used tradi-
tional ML or DNNs to predict RUL for AC-powered SOV,
but this relies heavily on manual feature extraction (e.g. time/-
frequency domain) from the raw signals.

However, manual features often fail to capture the tem-
poral dependencies in non-linear degradation. To overcome
this, advanced time-series models (e.g. temporal convolutional
network (TCN), long short-term memory (LSTM)) emerged.
Wang et al [103], for instance, emphasized that TCNs are far
superior at capturing short-term changes in sensor data. Wang
et al [104] also successfully used an LSTM-convolutional
hybrid to predict the RUL of electric valves.

Despite solving the temporal problem, TCNs/LSTMs
exposed the fundamental flaws of DDMs. As noted previously,
these methods are data-greedy, and in the nuclear field—where
high-quality, full-life-cycle, and failed-state data is scarce—
this is a severe challenge.

To cope with this data-scarce reality, the current frontier
(e.g. Li er al [105], Li et al [106]) has been forced to develop
more complex hybrid neural networks (like Trans-TCN-GRU)
to fuse simulation and real data for control valves, or just-in-
time-learning (JITL) methods to handle diverse degradation
modes in components like reciprocating compressor valves.
Furthermore, advanced prognostic research, such as that by
Gu et al [107], is moving toward generalized approaches
that explicitly quantify and propagate multi-source uncertainty
(e.g. measurement, model, and operational condition uncer-
tainty) to improve the robustness of RUL predictions.
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In summary, ML/DL-based RUL prediction shows power-
ful non-linear processing capability. However, its two funda-
mental flaws—being a black-box and data-greedy—make it
difficult for it to independently shoulder the burden of reli-
ability assessment in the high-safety, small-sample nuclear
domain.

4.3. Physics/data-fused surrogate models and hybrid
methods

As the previous sections revealed, PBMs (4.1) and DDMs
(4.2) both have fundamental limitations. PBMs are inter-
pretable but computationally expensive; DDMs are efficient
but are black-box and data-greedy. As high-level reviews like
Zhang et al [108] point out, this black-box nature is not just
an academic flaw; it poses a fundamental challenge of Al sys-
tems. The lack of trustworthiness is unacceptable in safety-
critical applications like nuclear power.

To bridge the massive gap between physical interpretabil-
ity and data-driven efficiency, hybrid models have become a
major frontier of development. This path is clearly diverging
into two distinct but complementary strategies:

Strategy 1: Accelerate physics (PBM-based) this strategy
uses data (4.2) to accelerate physics (4.1). This is the core
value of surrogate models. Their main goal is to solve
the computational bottleneck of high-fidelity simulations
(FEM/CFD), making the dynamic PRA and UQ discussed
in 4.1.2 engineering-feasible. For example, scholars (e.g.
Lombardo et al [109], Kamkar and Abbasi [110]) use Kriging
or ML models to replace costly MC simulations or time-
domain simulators, enabling reliability analysis of reactors.
A more advanced evolution is the multi-fidelity method (e.g.
Zheng et al [111], Dhulipala et al [112]), which intelligently
uses low-fidelity models to guide high-fidelity sampling in
critical regions (like failure boundaries), efficiently estimating
rare failure probabilities with minimal HF model calls.

Strategy 2: Constrain data (DDM-based) this strategy uses
physics (4.1) to empower data (4.2). Its main goal is to
solve the black-box and data-greedy flaws of DDMs (espe-
cially 4.2.2). This has catalyzed the deeper physics-enhanced
machine learning PEML. As Lye ef al [113]’s review summar-
izes, the mainstream trend in PEML is the PINN. The novelty
of PINNSs is that they embed physical laws (e.g. PDEs) directly
into the neural network’s loss function. This forces the network
to obey physical laws. This characteristic offers a highly prom-
ising solution for the nuclear field’s small-sample and high-
trust requirements. Although its application to valve reliability
is nascent, its success in adjacent fields shows clear feasibility:
Wang et al [44] has used it to predict probabilistic fatigue in
nuclear components, and Lai et al [114] proposed a multistage
PINN framework, as visualized in figure 16. By integrating
the derivative of the valve sizing equation into the loss func-
tion (shown as Lyyy), this architecture explicitly constrains the
relationship between valve displacement and flow capacity.
This approach not only ensures physical consistency under
small samples but also enables the model to interpretatively

Qty

Ap(t) =
N\ ' , ™ \ QA Analysis of Normal
- H N ;
ol @D - O e
N /15t Stage: ./ / |
SlmﬂvngN : / !
i/ 1
. /' andstage: | = = = Training phase
! / DNN : Test phase
i : ieal Lows functi
H H Physical Loss function
| P — Optimizer « === Lioia1 = Laata + Lpny

Figure 16. Proposed method for fault detection in regulating
valves [114].

distinguish between fault types (e.g. sedimentation vs. leak-
age) by analyzing the deviations in the estimated flow coeffi-
cient curves.

4.4. Summary

This chapter reviewed the methodologies for reliability assess-
ment, revealing that the field is evolving along two distinct
dimensions: (1) a methodological axis, transitioning from
interpretable PBMs to efficient DDMs, and ultimately to trust-
worthy hybrid models; (2) a scope axis, expanding from
component-level RUL prediction to system-level dynamic risk
assessment.

At the component-level, the focus evolved from high-
cost, interpretable PBMs (4.1.1, e.g. Paris Law) to efficient,
non-linear DDM for RUL prediction (4.2.2, e.g. TCNs). The
limitations of both—PBM complexity and DDM black-box
nature—drove the development of component-level hybrid
models (4.3). These hybrids act either as accelerators or, more
importantly, as interpreters to solve the small-sample and
trustworthiness challenges.

At the system-level, the focus evolved from managing static
logic to capturing complex, dynamic behaviors. This shift,
motivated by the need for dynamic risk assessment, advanced
from PN to sophisticated models incorporating dynamic, age-
dependent failure rates. This level also relies on DDM to
provide the critical (but sparse) failure data needed to feed
these advanced PBMs.

To provide a clear comparison of the discussed methodo-
logies, table 4 summarizes the key characteristics, pros, and
cons of Physics-based, data-driven, and Hybrid methods.

In summary, the field faces persistent challenges of
data scarcity and the need to balance interpretability
with efficiency. Future research will inevitably focus
on more robust hybrid models. This includes develop-
ing generalized RUL frameworks that manage multi-
source uncertainty at the component level (Gu et al
[107]) and exploring advanced intelligent algorithms,
such as graph neural networks, to better model the com-
plex, dynamic dependencies of the entire system (Wang
and Geng [115]).



J. Reliab. Sci. Eng. 2 (2026) 012001

Topical Review

Table 4. Summary of methodologies for reliability assessment and life prediction (Chapter 4).

Section Author (s) Valve type Core problem/goal Specific model /method
4.1.1 PBM-component Xu, R'Y Electric gate valve Predict RUL based on Paris law + PF
physical crack growth laws
Lee,J K Reciprocating pump Estimate PDF functions PDF of damage
valves from leakage mechanisms
Baraldi, P Check valve Quantify epistemic Epistemic uncertainty

Lewandowski, R

Passive components
(pipes)

uncertainty in physical
degradation models

Model gradual degradation
mechanisms (FAC/SCC)

framework

Condition-dependent PRA

4.1.2 PBM-system Chisholm, BM Molten salt reactor Quantify system-level risk FTA
freezer valve for novel reactor
components
Deswandri Main isolation valve Pinpoint key failure events FTA
in a system
Zubair, M Control/isolation Identify high-contribution FTA
valve failure events
Zhu,J H Nuclear reheat valve Address expert preference Hybrid FMEA
system interdependence and IVPEN + WIVPFBM
psychological behavior TODIM based on GRA
Kumar, P Shutdown systems, Address dynamic, Petri nets (PNs)
MSSV concurrent system
behaviors in complex
systems
Parsaei, S MOVs Model age-dependent Age-dependent
unavailability considering unavailability model
test degradation
Martorell, P MOVs Assess demand failure Demand failure probability
probability under model
degradation stress
4.2.1 DDM-sparse Martorell, S MOVs Estimate parameters for Maximum likelihood

complex PBMs from
sparse data

estimation (MLE)

Prakash, G Pneumatic control Fuse prior knowledge with Bayesian inference
valves sparse plant data
Maskin, M Manual valve Update component Bayesian updating
reliability parameters for
PSA
He,J Squib valve Aggregate small-sample Bayesian inference
data for high-reliability
components
Wu, Y Spring-loaded safety Incorporate environmental DSMIF method
valves factors into failure rate
prediction
Martén, I Safety valves Identify aging turning Three-step methodology
points from sparse (joinpoint regression)
historical data
4.2.2 DDM continuous Utah, M N Solenoid valves RUL prediction from raw Traditional ML & DNN
signal features
Wang, H Electric gate valves Capture temporal Improved TCN
dependencies for RUL
prediction
Wang, H Electric valves Extract features from LSTM-convolutional
acoustic signals for hybrid
prognosis
Li, G Control valves Predict RUL under Transformer-TCN-GRU
data-scarce conditions
Li, X Reciprocating Handle diverse degradation Just-in-time learning

compressor valves

modes for prognosis

(JITL)

(Continued.)
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Table 4. (Continued.)

4.3.1 fusion Lombardo, S S Reactor Accelerate reliability Adaptive Kriging
(LBE-XADS) analysis to overcome importance sampling
computational costs (AK-IS)
Zheng, X Reactor (BWR) Perform dynamic risk Multi-fidelity surrogate
assessment efficiently model (MF-SM)
Chakroborty, P TRISO nuclear fuel Estimate rare failure multi-fidelity surrogate
probabilities model (MF-SM)
Kamkar & Abbasi Reactor (WWER) Perform uncertainty ML-based surrogate
quantification and models
sensitivity analysis
4.3.2 fusion Lye, A General review Categorize PIML, PGML review
physics-enhanced learning
strategies
Wang, X Nuclear piping Constrain neural networks pLMM framework
(elbow) with physical laws (training LDNN)
(fatigue/ratcheting)
Lai, C Regulating valves Enhance diagnostic PINN

trustworthiness via
physical constraints

Note: IVPEN: interval-valued Pythagorean fuzzy number; WIVPFBM: weighted interval-valued Pythagorean fuzzy Bonferroni mean; TODIM: interactive
and multi-criteria decision making; GRA: gray relational analysis; DSMIF: dynamic stress-strength interference model with fuzziness; GRU: gated recurrent
unit; PIML/PGML.: physics-informed/guided machine learning; pLMM: probabilistic linear matching method; LDNN: LMM-driven neural network.

5. Condition monitoring and intelligent O&M

Having established the failure mechanisms (Chapter 3) and
assessment methods (Chapter 4), this chapter focuses on the
action phase: how to ensure sustained reliability through
effective condition monitoring and intelligent O&M.

Considering that NPP valves are numerous and often loc-
ated in inaccessible, high-radiation areas, traditional TBM
is increasingly viewed as inefficient and prone to introdu-
cing maintenance-induced risks. Therefore, CBM and PdM
are the necessary trend. This relies on advanced monit-
oring to detect early fault signatures and intelligent dia-
gnostics to guide precise, efficient O&M decisions. This
chapter will proceed in three parts: (5.1) monitoring tech-
niques and system-level considerations; (5.2) advanced fault
diagnosis methodologies; and (5.3) risk-based intelligent
O&M decision-making. This section reviews the evolution
of O&M strategies from corrective to PAM. A compre-
hensive classification of these strategies, along with their
applicable scenarios and data requirements, is presented in
table 5.

5.1 Condition monitoring and intelligent platforms

Effective condition monitoring is the first step toward intelli-
gent O&M, aiming to capture deviations in operational status
to provide early warnings for diagnostics.

For NPP valves, given their harsh conditions or inac-
cessibility, non-intrusive monitoring (e.g. acoustic emission
(AE), vibration) is the preferred choice for CBM/PdM. Initial
research in this area focused on using these signals for anom-
aly detection. For example, Xu et al [116], and Huang et al

[117] both validated the feasibility of using AE signals com-
bined with PCA or autoencoders for status detection. Liu et al
[118], focusing on new NPP valves, explored using vibration
and power signal features (like power spectral entropy) to pre-
dict fault critical points.

However, monitoring effectiveness depends not just on the
sensor, but on the intelligence of the monitoring system. Thus,
the current research trend has moved beyond simple threshold
alarms toward integrated and intelligent monitoring platforms.
This evolution is reflected in:

From passive to active: Kim er al [119] developed a self-
diagnostic monitoring system for AOVs, which uses multi-
algorithm integration and majority-voting to actively improve
decision reliability.

From physical to virtual: Kim et al [120] took a different
path, building a virtual diagnostic model for AOV assemblies,
using a validated numerical model to achieve non-physical
monitoring of aging status. As visualized in figure 17 (from
Kim et al), the core of this virtual diagnostic approach is the
validation of the numerical model. The figure demonstrates a
high degree of agreement between the physical Experimental
Diagnosis data (dashed line) and the numerical diagnosis sim-
ulation (solid line), thus proving the model’s capability to
serve as a reliable virtual sensor for aging monitoring.

From static to dynamic: To solve the fundamental problem
of models becoming obsolete over time, Zhao et al [121], using
SOVs as an example, emphasized the necessity of sequen-
tial parameter learning, proving that only dynamically updated
models can ensure long-term accuracy.

In summary, the monitoring technologies and intelligent
platforms discussed in 5.1 provide the data input and platform
support for the precise fault diagnosis in 5.2.
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Table 5. Summary of methodologies for condition monitoring and intelligent O&M (Chapter 5).

Section Author (s) Valve type Core problem/goal Input data/signal Specific method
5.1 Monitoring Xu, R Electric valve Detect anomalies via Acoustic emission PCA
acoustic feature (AE)
extraction
Huang, X Electric valve Detect anomalies Acoustic emission VMD + autoencoder
using unsupervised (AE) (AE)
learning
Liu, Z New NPP valves Predict fault critical Vibration & Power Feature analysis
points under signals (spectral entropy)
small-sample
conditions
Kim, W AOVs Improve diagnostic Process parameters Ensemble ML (LR,
reliability using (Pressure, Position) ANN,
active monitoring SVM) + Majority
Vote
Kim, J AOQOV assemblies Monitor aging status Experimental Multibody dynamic
using validated diagnostic data numerical model
virtual sensors
Zhao, Y F SOVs Enhance accuracy by Flowrate/plunger Sequential Bayesian
updating model position learning
parameters online
5.2 Diagnosis Liu, Z Nuclear gate Diagnose fault Vibration signals EEMD + IMF energy
valve severity via energy analysis
characteristics
Gao, J Electric gate Diagnose faults with Vibration & acoustic VMD + MDI-ISSA-
valve (EGV) optimized feature emission (AE) RF
extraction
Luo, J Electric gate Detect internal Acoustic emission Multi-Kernel SVM
valve (EGV) leakage anomalies (AE)
with high accuracy
Huang, X Electric gate Provide high-quality Experimental fault Fault simulation
valve (EGV) data for DL data testbed
Huang, X Electric gate Extract fault features Acceleration signals SBO-
valve (EGV) under strong VMD + SVD + BGRU
background noise
Huang, X Electric gate Classify fault types Vibration & AE CEEMDAN + Bi-
valve (EGV) and assess fault signals LSTM
severity
Ai, X Electric isolation Diagnose concurrent Vibration, AE, Two-layer: rule-based
valve (simultaneous) fault current, valve (FMEA) + VMD-
modes position, flow FastICA-GRU
Liu, YK Electric valve Integrate fault Vibration (for IPS-SVM + DBN
detection and leak detection) & acoustic
size estimation (for sizing)
An,Z NPP valves Enable online Acoustic signals PCA-informer
long-term fault (long-term)
prediction
5.2 Diagnosis Lai, C Regulating valve Ensure physical Process parameters PINN + DeepSVDD

Cilliers, A C

PORYV, AFW stop
valve

consistency in
data-driven diagnosis
Detect faults during
transient operation

Plant measurement
data vs simulator
output

Expert system (based
on PCTRAN
simulator)

5.3 Decision

Ballesteros, A

General valves

Identify
maintenance-induced
risks statistically

NPP maintenance
event data

Statistical analysis

Yang, D W Containment Quantify human error Maintenance task THERP HCR (HEP
isolation valve probabilities in steps quantification)
(SIV) maintenance
(Continued.)
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Table 5. (Continued.)

Section Author (s) Valve type Core problem/goal Input data/signal Specific method
Zhan, X L Steam Optimize periodic Field test data Periodic test strategy
control-valve testing strategies to optimization
reduce operational
risk
Martorell, S General/safety Coordinate Reliability & Risk Risk-Informed
components maintenance based on data (RAM) coordination
reliability,
availability, risk
Do, P General Quantify imperfect Continuous Probabilistic
degrading system maintenance degradation improvement factor
effectiveness to monitoring data model
optimize proactive
CBM policies
Zhang, C Multi-component Dynamic Real-time system Deep reinforcement
system decision-making for state learning
opportunistic

maintenance under
load-sharing and
imperfect repair

Note: VMD: variational mode decomposition; EEMD: ensemble empirical mode decomposition; IMF: intrinsic mode function; MDI: mutual dimensionless

indicator; SBO: improved sparrow search algorithm (SBO is a variant abbrev.); GRU: gated recurrent unit; SAE: stacked autoencoder; DBN: deep belief
network; THERP: technique for human error rate prediction; HCR: human cognitive reliability.
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Figure 17. Comparison of stroke using test-based methodology in
the dynamic diagnosis [120].

5.2. Fault diagnosis methodologies

While the primary objective of condition monitoring
(section 5.1) is anomaly detection, the subsequent task of
fault diagnosis focuses on characterizing the specific nature
of the failure—identifying its type, location, and severity. The
evolutionary path here is clear:

First, the manual features + machine learning classic
paradigm. This paradigm relies on expert experience to first
extract fault-sensitive features using signal processing (e.g.
ensemble empirical mode decomposition (EEMD), variational
mode decomposition (VMD)), which are then fed into a
traditional classifier (e.g. random forest (RF), support vec-
tor machine (SVM)). For instance, Liu et al [122] and Gao
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Figure 18. SVD denoising result display [126].

et al [123] used the EEMD-RF and VMD-RF paradigms,
respectively, to diagnose vibration signals. Luo ef al [124] val-
idated the effectiveness of multi-kernel SVM for internal leak-
age in electric motor-operated valves (MOVs). However, the
classic paradigm is overly reliant on the manual feature extrac-
tion bottleneck.

Second, the automatic feature extraction DL mainstream
paradigm. Thus, the mainstream trend has shifted to end-to-
end DL (e.g. bidirectional gated recurrent unit (BGRU), bid-
irectional LSTM (Bi-LSTM)), which can automatically learn
features. Supported by high-quality experimental data (such as
the MOV fault simulation testbed built by Huang er al [125]),
the DL paradigm is being applied to address complex field
challenges:
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Figure 19. Full life-cycle reliability framework for NPP valves.

Dealing with strong noise: Huang et al [126] utilized VMD
and SVD to filter out background noise (as shown in figure
18), and applied a BGRU network to classify the refined fault
signals of MOVs.

Assessing fault severity: Huang et al [127] further used
Bi-LSTM to achieve quantitative assessment of MOV fault
severity.

Identifying concurrent & mixed faults: Ai et al [128] pro-
posed a two-layer framework for concurrent faults. Similarly,
Liu et al [129] proposed an integrated shallow-deep model
(IPS-SVM + deep belief network (DBN)) to classify valve
damage and estimate internal leakage size.

Achieving online prediction: An et al [130] explored
online prediction, validating the informer model for long-
term sequence forecasting of NPP valve acoustic signals.
Finally, the physics-enhanced frontier paradigm. Despite its

superior feature-learning capabilities, the DL paradigm’s
black-box nature (discussed in 4.2) remains a fundamental
flaw in the high-safety nuclear domain. To resolve this
trust crisis, the research frontier (echoing the fusion trend
in 4.3) is turning to physics-enhanced diagnostic models.
For example, Lai ef al [114] proposed a multi-level PINN
for control valve fault detection, innovatively integrating
the valve flow equation into the loss function to ensure
physical consistency. Similarly, Cilliers [131] (2018) val-
idated the superiority of a model-reference expert system
(based on the PCTRAN simulator) in diagnosing complex
accidents.

In summary, valve fault diagnosis has evolved from the
expert-dependent classic paradigm, to the data-dependent DL
paradigm, and is now moving toward the data and physics co-
driven, interpretable, and high-trust paradigm.
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5.3. Risk assessment and intelligent O&M decision-making

After obtaining the valve’s health status via monitoring (5.1)
and diagnostics (5.2), the ultimate goal of intelligent O&M is
to formulate an optimal maintenance decision.

However, maintenance activity itself is a high-risk event.
Ballesteros et al [132]’s statistical analysis of NPP mainten-
ance events sounded an alarm: ~47% of reported events were
directly related to periodic maintenance, and valves were the
most affected components. The root causes pointed directly to
improper maintenance execution and procedural deficiencies.

This critical insight redefines the core task of O&M
decision-making: it addresses not only the optimal timing of
maintenance but also the safety and efficiency of maintenance
execution. Addressing this, research has diverged into two key
control domains:

One is controlling human risk—quantifying and managing
human factors. To address the improper execution problem,
Yang and Liu [133] provided a quantitative method. By integ-
rating the technique for human error rate prediction (THERP)
and human cognitive reliability (HCR) models, the study cal-
culated the human error probability (HEP) for each step of a
containment isolation valve overhaul. The value of this work
is its provision of a decision basis for high-risk step identific-
ation, personnel optimization, and standard operating proced-
ure improvement.

The second is controlling process risk—optimizing test-
ing and maintenance strategies. To address procedural defi-
ciencies and inefficiency, Zhan et al [134]’s study offers a
model for optimizing O&M strategies. By optimizing the peri-
odic test control strategy for a steam control valve, field tests
showed the new plan dramatically reduced load fluctuations
and shortened test times. This demonstrates that the scope of
intelligent O&M encompasses not only corrective mainten-
ance execution but also the optimization of surveillance testing
strategies, thereby achieving both safety and economic gains.

Furthermore, beyond optimizing maintenance schedules,
quantifying the actual ‘Maintenance Effectiveness’ repres-
ents a critical frontier. As emphasized by the ‘Maintenance
Rule’ (e.g. 10 CFR 50.65), maintenance activities in prac-
tice are often ‘imperfect’—meaning they do not always
restore components to an ideal ‘as-good-as-new’ state.
Consequently, future O&M models must evolve from simple

binary assumptions to quantitative assessments of restora-
tion quality. For instance, Do et al [135] proposed prob-
abilistic models using improvement factors to quantify the
partial restoration of degrading systems, while Zhang et al
[136] recently advanced this by integrating imperfect main-
tenance constraints into deep reinforcement learning (DRL)
frameworks for dynamic decision-making. Incorporating such
‘Imperfect Maintenance’ theories is vital for accurately eval-
uating safety margins during the LTO and license renewal
phases of NPPs.

In conclusion, the essence of intelligent O&M is a risk-
based system engineering task. As Martorell et al [137]
emphasized, the optimal strategy is not an isolated diagnose-
repair loop, but a risk-informed coordination framework. This
framework must dynamically coordinate the risk assessments
(4.1), fault diagnostics (5.2), human factor analysis, and test-
ing strategies to achieve a true balance between reliability,
availability, maintainability (RAM), and risk.

6. Conclusion

This paper constructs a full life-cycle reliability framework, as
visually summarized in figure 19. It systematically reviews the
current status and progress of NPP valve reliability research
from the perspective of four pillars: reliability-oriented design,
key failure mechanisms, reliability assessment, and intelligent
O&M. As discussed above, these four pillars are not inde-
pendent but form a dynamic analysis-feedback-improvement
closed loop. This is logically isomorphic to the industry’s suc-
cessful practice of learning from OpEx:

(1) Failure feeds back to design: A deep understanding of
failure mechanisms (such as cavitation and corrosion)
directly promotes the development of reliability-oriented
design.

(2) Mechanisms guide assessment and monitoring:
Research into physical phenomena provides a solid phys-
ical basis for assessment methods and condition monitor-
ing techniques.

(3) Data supports assessment: Monitoring data from intel-
ligent O&M serves as the ‘fuel’ for data-driven models
and Bayesian statistics in reliability assessment and RUL
prediction.

(4) Assessment optimizes O&M: The dynamic risk and
health status provided by assessment are the prerequis-
ites for risk-informed intelligent O&M to make optimal
decisions.

NPP valve reliability research is undergoing a pro-
found paradigm shift. It is moving from ‘static, isolated,
physics-dominated’ analysis toward ‘dynamic, systematic,
deep physics-data fusion’ reliability management. As Liu ef al
[138] pointed out in their review of intelligent reliability assur-
ance for engineering systems (see figure 20), the entire engin-
eering field is experiencing an intelligent paradigm evolu-
tion from traditional preventive maintenance to PdM centered
on PHM. Research in the Nuclear power domain has indeed
shown rapid growth in recent years.
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However, this mainstream trend encounters unique chal-
lenges for the specific equipment of NPP valves, leading to a
relative lag in application. The root of this lag is a fundamental
conflict between the valves’ service scenarios and the sweet
spot of mainstream methods (especially intelligent methods).

Challenges and lag: The contradictions in NPP valve reli-
ability assessment

Data conflict: The data requirement for intelligent meth-
ods represented by DL is large. As high-reliability, low-
failure equipment, NPP valves’ failure data is often incidental,
unplanned, or even has never occurred. The data-greedy nature
of mainstream intelligent algorithms is fundamentally incom-
patible with the data-scarce reality of high-reliability nuclear
equipment.

Physical conflict: PBMs are typically based on simpli-
fied, single failure physics. Although these models have low
data requirements, their accuracy is only medium [136].
Consequently, traditional simplified physical models fall short
in capturing the strong non-linearities of multi-physics coup-
ling behaviors under extreme accident conditions.

System conflict: As analyzed in Chapters 4 and 5 of this paper,
a NPP valve is itself a complex mechatronic system. Its com-
pound fault modes far exceed the single components targeted
by mainstream PHM. The difficulty increases exponentially
when migrating from single-fault types to compound faults.

Regulatory conflict: In the nuclear safety field, the high
accuracy of a black-box model is unacceptable. Its assessment
methods must be explainable and trustworthy. This sets an
extremely high regulatory bar for the adoption of intelligent
methods.

This series of conflicts collectively leads to the lag in the
application of mainstream popular methods in the NPP valve
domain.

Future outlook

To bridge the gap between academic algorithms and industrial
application, future research must move beyond general meth-
odology applications to address fundamental scientific chal-
lenges in reliability engineering.

Firstly, regarding the physics-data fusion discussed, cur-
rent research often simplifies complex accident dynamics into
steady-state problems. Future work should focus on solving
the numerical stiffness inherent in transient multi-physics gov-
erning equations. Developing adaptive weighting strategies or
transient-specific neural architectures will be crucial to extend
reliability assessment from normal operations to extreme acci-
dent scenarios, ensuring that data-driven models remain robust
under rapid state changes.

Secondly, a methodological disconnect persists between
continuous component-level degradation and discrete
system-level risk assessment. Future frameworks should
utilize mathematical interfaces, such as dynamic Bayesian
networks or state-space integrated models, to map real-time
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degradation trajectories directly onto the dynamic failure prob-
abilities of system fault trees. This integration is essential for
constructing risk-informed digital twins that reflect the real-
time safety margins of the entire plant.

Furthermore, to align with nuclear regulatory standards,
model evaluation must evolve from pure data accuracy to
physical verifiability. Research should establish rigorous
frameworks where physical residual loss—such as errors in
mass or energy conservation—is quantified as a standardized
safety metric. Demonstrating that model predictions strictly
adhere to physical laws, even when data is noisy, will provide
the necessary evidence of trustworthiness for licensing.

Finally, to mitigate the rigorous dependency on large-scale
historical fault data, transfer learning paradigms should be
further explored. By pre-training diagnostic models on high-
fidelity simulations or general industrial datasets, the industry
can achieve effective fault diagnosis even with limited nuclear-
specific samples. This approach offers a scientifically viable
pathway to resolve the data scarcity issues inherent in high-
reliability nuclear components.
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