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 a b s t r a c t

Prognostics and Health Management (PHM) ensures the reliability, safety, and efficiency of complex engineered 
systems by enabling fault detection, anticipating equipment failures, and optimizing maintenance activities 
throughout an asset’s lifecycle. However, real-world PHM presents persistent challenges: sensor data is often 
noisy or incomplete, available labels are limited, and degradation behaviors and system interdependencies can 
be highly complex and nonlinear. Physics-informed machine learning has emerged as a promising approach 
to address these limitations by embedding physical knowledge into data-driven models. This review examines 
how incorporating learning and observational biases through physics-informed modeling and data strategies can 
guide models toward physically consistent and reliable predictions. Learning biases embed physical constraints 
into model training through physics-informed loss functions and governing equations, or by incorporating prop-
erties like monotonicity. Observational biases influence data selection and synthesis to ensure models capture 
realistic system behavior through virtual sensing for estimating unmeasured states, physics-based simulation for 
data augmentation, and multi-sensor fusion strategies. The review then examines how these approaches enable 
the transition from passive prediction to active decision-making through reinforcement learning, which allows 
agents to learn maintenance policies that respect physical constraints while optimizing operational objectives. 
This closes the loop between model-based predictions, simulation, and actual system operation, empowering 
adaptive decision-making. Finally, the review addresses the critical challenge of scaling PHM solutions from in-
dividual assets to fleet-wide deployment. Fast adaptation methods, including meta-learning and few-shot learn-
ing, are reviewed alongside domain generalization techniques that ensure robust performance across diverse 
assets and fleets. These advances are essential for moving PHM from isolated applications to broad, impactful 
deployment across real-world contexts. For each approach, we discuss its strengths, limitations, and relevance 
for different PHM tasks.

1.  Introduction

Prognostics and Health Management (PHM) systems aim to ensure 
the long-term reliability, availability, and safety of complex industrial 
and infrastructure assets by predicting system degradation and support-
ing optimal maintenance decisions [1]. Increasingly, PHM leverages ma-
chine learning (ML) techniques for fault detection [2], diagnostics [3], 
and Remaining Useful Life (RUL) prediction [4]. However, practical de-
ployment of PHM continues to face persistent challenges: industrial data 
is often noisy or incomplete, labels are limited, and samples of faulty or 
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degraded conditions may be partly or entirely missing. In addition, un-
derlying degradation processes are frequently complex and nonlinear. 
These obstacles make it difficult for purely data-driven models to gen-
eralize beyond their training conditions or produce physically consistent 
predictions. Overcoming these challenges requires approaches that com-
bine the strengths of data-driven learning with insights grounded in the 
physics of the underlying systems.

Physics-informed machine learning (PIML) [5] has emerged as 
a powerful strategy to address these challenges by embedding physi-
cal knowledge into ML model structures and training. By integrating 
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Fig. 1. Physics-Informed Machine learning framework for PHM. Part I addressed inductive biases that embed structural assumptions into model architectures. Part II 
(this article) examines observational biases and learning biases that shape data representation and training dynamics. The framework extends to scaling approaches 
that enable fast adaptation and deployment across diverse systems.

physical laws directly into the structure or training of machine learning 
algorithms, PIML approaches ensure that model predictions inherently 
respect known physical constraints, even when observations are limited. 
Within this context, three primary types of bias have been identified as 
essential for steering models toward physically consistent and reliable 
solutions:

1. Inductive biases are prior assumptions explicitly embedded into 
model architectures

2. Observational biases influence the model through constraints im-
posed on the selection, representation and sampling of input data, 
ensuring the data reflects relevant physical realities.

3. Learning biases shape the training process itself, arising from the 
choice of algorithms, optimization objectives, and regularization 
strategies.

This paper is the second part of a comprehensive review of physics-
informed machine learning for PHM:

• Part I explored inductive biases, architectural design strategies that 
embed physical knowledge directly into model structures [6].

• Part II (this article) focuses on learning and observational biases, 
which influence the training process and data representation, as well 
as on scaling approaches that support robust deployment across di-
verse operational contexts.

Fig. 1 illustrates how learning and observational biases complete the 
physics-informed framework for PHM. This paper presents a compre-
hensive perspective that begins with (1) the role of learning and ob-
servational biases in guiding models to learn physics-consistent system 
behavior from data, to (2) demonstrates how these physics-informed 
predictions enable intelligent maintenance decisions through reinforce-
ment learning, and (3) explores strategies for scaling these approaches 
to manage and optimize entire fleets of assets.

For completeness, the literature selection criteria for Part II are 
summarized in Table 1. This table provides an overview of the rep-
resentative search keywords, reference periods, and primary reposi-
tories consulted for each section, ensuring transparency and repro-
ducibility in how the reviewed works were identified. As in Part I, 
our intention is exemplary rather than exhaustive: the table highlights 
influential and recent contributions that best illustrate the method-
ological landscape of observational and learning biases in PHM, guid-

ing readers through the breadth of developments covered in this
review.

Across both parts of this review, we adopt a consistent structure: 
we first move from physics to machine learning by embedding physical 
laws into data-driven models, and then close the loop by returning from 
machine learning to physics through the derivation of symbolic physical 
equations in Part I, and through interaction with the physical world via 
feedback and control in Part II.

Learning biases (see Section 2) are introduced through the care-
ful selection of loss functions, constraints, and optimization algorithms, 
guiding machine learning models toward solutions that align with un-
derlying physical laws. Unlike the architectural constraints of inductive 
biases examined in Part I, learning biases are explicitly imposed dur-
ing model training to ensure that learned representations and functions 
remain consistent with known system behaviors. In PHM applications, 
learning biases play a critical role in overcoming the fundamental chal-
lenge of data scarcity. Industrial datasets are often limited in size, cover-
age, or diversity, making it difficult for machine learning models to learn 
robust, generalizable patterns. By embedding physical laws and con-
straints directly into the learning process, learning biases enable models 
to compensate for missing or sparse data, effectively guiding them to-
ward solutions that remain faithful to the underlying physics even when 
observations are incomplete. Without such guidance, purely data-driven 
optimization can lead models to overfit limited training data, resulting 
in predictions that violate basic physical principles [7] or producing un-
realistic degradation trajectories.

In this review, we examine two primary mechanisms for introduc-
ing learning biases in PHM. Physics-Informed Neural Networks (PINNs) 
(see Section 2.1), incorporate governing differential equations directly 
into the loss function, ensuring that model solutions satisfy conserva-
tion laws and system dynamics. As a complementary approach, General 
Degradation Dynamics Informed Prognostics Methods (see Section 2.2) 
offer a more flexible alternative to physics-based or domain-specific ap-
proaches by embedding general physical properties, such as monotonic-
ity and irreversibility,that characterize degradation processes across di-
verse systems.

Observational biases (see Section 3) capture the patterns and dis-
tributions inherent in the training data. These biases can be lever-
aged not only by curating datasets that both adhere to physical princi-
ples and comprehensively represent the system’s operational states, but 
also by enriching the data through virtual observations and simulated

Reliability Engineering and System Safety 274 (2026) 112376 

2 



O. Fink et al.

Table 1 
Summary of literature selection criteria across all sections (Part II).
Section Representative search keywords Period of references covered Primary repositories / sources con-

sulted

2.1 Physics-Informed Neural Net-
works (Learning Bias)

physics-informed neural networks; 
PINN PHM; PDE-constrained learning; 
physics-regularized loss; physics-
constrained optimization; PINN 
industrial prognostics; stiff PDE PINN; 
degradation PDE learning

2017–2025 (from original PINNs to re-
cent PHM-specific and hybrid PINN 
developments)

NeurIPS, ICLR, ICML; IEEE Xplore 
(T-Reliab., T-ASE, T-NNLS); Elsevier 
(RESS, MSSP); SpringerLink

2.2 General Degradation Dynamics 
(Learning Bias)

monotonic degradation modeling; 
trendability constraints; general 
degradation dynamics; irreversible 
degradation learning; physics-inspired 
RUL constraints; health indicator 
monotonicity learning; degradation-
informed prognostics

2010–2025 (from classical HI models 
to modern differentiable monotonic-
ity/convexity constraints in PHM)

IEEE Xplore (T-Reliab., T-IM, T-IE); El-
sevier (RESS, MSSP); PHM Society pa-
pers; SpringerLink

3.1 Soft Sensing (Virtual Sensing) soft sensor PHM; virtual sensing state 
estimation; Kalman-based soft sensing; 
model-driven soft sensors; hybrid soft 
sensor; observer-based PHM; virtual 
sensor RUL; industrial soft sensing re-
view

2000–2025 (from classical 
Kalman/observer formulations to 
deep-learning soft sensors and hybrid 
virtual sensing)

IEEE Xplore (T-IM, T-IE, T-Reliab.); El-
sevier (RESS, Chem Eng. Res., MSSP); 
SpringerLink; MDPI Sensors

3.2 Physics-Based Simulation / Sim-
to-Real

simulation-to-real PHM; synthetic 
data PHM; physics-based simula-
tion prognostics; FEM/CFD PHM 
simulation; sim-to-real domain gap; 
synthetic degradation trajectory 
generation; transfer learning PHM; 
domain adaptation PHM

2005–2025 (from early synthetic-data 
PHM studies to modern domain-
invariant sim-to-real strategies)

IEEE Xplore; Elsevier (MSSP, RESS); 
ACM DL; NeurIPS / ICLR domain 
adaptation papers; PHM Society 
datasets

3.3 Generative Models for Augmen-
tation

PHM generative models; GAN PHM; 
VAE PHM; physics-informed gener-
ative modeling; rare-failure genera-
tion; synthetic fault signal genera-
tion; degradation manifold modeling; 
physics-guided GAN

2014–2025 (from early GAN/VAE ap-
plications to physics-informed, data-
efficient generative models)

NeurIPS, ICML, ICLR; IEEE Xplore (T-
II, T-IM); Elsevier (MSSP, RESS); MDPI 
Sensors

3.4 Data Fusion (Multimodal Obser-
vational Bias)

multimodal PHM fusion; hetero-
geneous sensor fusion; vibration-
acoustic-thermal fusion; multimodal 
forecasting; multi-sensor fusion PHM; 
cross-modal degradation modeling; 
PIML multimodal fusion

2010–2025 (from classical feature-
level fusion to recent deep multimodal 
fusion and PIML-aware fusion archi-
tectures)

IEEE Xplore (T-Reliab., T-IM, T-II); 
Elsevier (MSSP, RESS); SpringerLink; 
ACM DL; MDPI Sensors

4. Reinforcement Learning for PHM 
Decision-Making

reinforcement learning PHM; health-
aware RL; physics-informed RL; main-
tenance policy learning; RL degrada-
tion control; safe RL industrial sys-
tems; model-based RL PHM

2016–2025 (from standard deep RL to 
physics-aware, safe, and maintenance-
oriented RL for PHM)

NeurIPS, ICML, ICLR; IEEE Xplore 
(T-AI, T-Reliab.); Elsevier (RESS); 
SpringerLink

5.1 Meta-Learning and Few-Shot 
Adaptation

meta-learning PHM; few-shot PHM; 
fast adaptation prognostics; MAML 
prognostics; meta-RUL; fleet adapta-
tion PHM; cross-asset transfer PHM

2017–2025 (from early meta-learning 
to cross-asset PHM adaptation and 
fleet-level fast learning)

NeurIPS, ICML, ICLR; IEEE Xplore; El-
sevier (RESS, MSSP); PHM Conference 
papers

5.2 Domain Generalization for PHM domain generalization PHM; DG prog-
nostics; out-of-distribution PHM; in-
variant learning PHM; cross-domain 
fault detection; distribution shift PHM

2013–2026 (from early DG/OOD the-
ory to PHM-specific DG under physical 
constraints)

NeurIPS, ICLR, ICML; IEEE Xplore; 
Elsevier (RESS, MSSP); SpringerLink; 
DG/OOD benchmarks

samples from conditions that were not originally observed. Conceptu-
ally, observational biases offer the most straightforward way to embed 
physical knowledge into models, exposing them to physically mean-
ingful data, thereby improving robustness. However, PHM applications 
present unique challenges for data collection: sensors may be sparse 
or expensive, or impossible to install in certain locations; some fail-
ure modes are rare; and specific system states may be impossible to 
observe directly. These constraints often result in datasets with signif-
icant gaps and biases, which can mislead purely data-driven models. 
Physics-informed observational biases address these limitations through 
four key strategies.

Virtual sensing (see Section 3.1) leverages known physical relation-
ships to estimate unmeasured variables or reconstruct missing data using 
physics-based models, effectively expanding the observable state space 
of the system. Physics-based simulations (see Section 3.2) generate syn-
thetic training data using first-principles models or numerical solvers, 
enabling the creation of representative samples for rare events and a 

wider range of operating conditions. Physics-informed data augmenta-
tion (see Section 3.3) increases the dataset diversity by generating new 
data while strictly preserving physical constraints. Finally, multi-sensor 
data fusion (see Section 4) integrates complementary sensor modalities 
to construct richer and more complete representations of system behav-
ior. Through these combined methods, models are exposed to data that 
more closely mirrors the true physical mechanisms of degradation. Ta-
ble 2 summarizes the key advantages and limitations of the learning and 
observational bias approaches discussed in this part of the review.

The learning and observational biases discussed above enable mod-
els to accurately capture system dynamics and degradation patterns in 
a way that is consistent with physical laws. Yet, effective PHM ulti-
mately requires translating these passive predictions into active decision-
making that interacts with and impacts the physical system itself. This 
transition is achieved through reinforcement learning (see Section 4), 
which closes the loop by allowing agents to move from model-based 
predictions back to the physical world. By building on physics-informed
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Fig. 2. Overview of how learning and observational biases bridging Physics and Machine Learning within PHM framework. Observational biases (Section 3) ensure 
data reflects physical system realities, improving model generalization and robustness. Learning biases (Section 2) guide model optimization to produce physically 
consistent prediction. Reinforcement learning (RL) (Section 4) leverages these biases to transition predictive insights into actionable maintenance decisions, closing 
the loop between modeling and operational effectiveness in PHM.

Table 2 
Key advantages and limitations of learning and observational biases in PHM (Part II).
Bias Approach Key Advantages Main Limitations

Learning Physics-Informed NN 
(PINNs)

Improves generalizability via hard physics con-
straints; enforces physical consistency; reduces la-
beled data needs; extrapolation beyond observed 
regimes.

High computational cost; hyperparameter sensitiv-
ity; scalability issues in high-dimensional PDEs; 
struggles with discontinuities.

General Degradation Flexible embedding of general physical properties 
(monotonicity, trendability); applicable across di-
verse systems; less restrictive than PDEs.

May oversimplify complex physics; requires do-
main knowledge for constraint selection; potential 
for over-regularization.

Observational

Virtual Sensing Cost-effective alternative to physical sensors; es-
timates unmeasurable variables; provides redun-
dancy for unreliable sensors; deployable in real 
time.

Dependent on model fidelity and data quality; do-
main drift and calibration needs; limited transfer 
across operating regimes.

Sim-to-Real Reduces reliance on labeled field data; covers 
rare/unsafe failure scenarios; enables safe and con-
trollable data generation.

Simulator fidelity limits transfer; domain gap/neg-
ative transfer risks; complex validation.

Generative Modeling Generates rare-failure samples and augmentations; 
improves robustness and class balance; models data 
manifolds; adaptable across assets.

Computationally intensive; synthetic-real domain 
gap; propagates dataset biases; training instabilities 
(e.g., mode collapse).

Data Fusion Combines complementary modalities for richer 
health representation; improves accuracy and ro-
bustness; resilience to single-sensor failures.

Heterogeneous data alignment / synchronization is 
challenging; sensitivity to missing modalities; cali-
bration and scaling issues.

representations, RL agents can learn maintenance and operational poli-
cies that not only balance operational constraints, costs, and reliability, 
but also ensure that decisions are informed by the true physical behavior 
and degradation processes of the system.

Finally, moving from individual assets to fleet-wide deployment in-
troduces significant scaling challenges (Section 5) . To address these, 
we highlight fast adaptation approaches such as meta-learning and few-
shot learning (Section 5.1), which facilitate rapid adaptation to new 
systems with limited data. In addition, domain generalization methods 
(Section 5.2) are reviewed for their role in ensuring models maintain ro-
bust performance across diverse assets and operational contexts. These 
methods address the practical requirements of large-scale PHM, sup-
porting reliable performance across multiple assets and varied operating 
environments.

Fig. 2 illustrates our framework, which moves from physics to ma-
chine learning and then back to the physical system. Learning and ob-
servational biases form the basis for physics-informed predictions, while 
reinforcement learning closes the loop by translating these predictions 
into actions that directly affect system behavior. The following sections 
provide a detailed review of observational and learning biases, includ-
ing their foundational principles, practical applications in PHM, current 
limitations, and future research directions. Integrating these systematic 
biases supports the development of robust, reliable, and scalable PHM 
solutions, ultimately enhancing asset reliability and enabling optimal 
operational decisions.

Main Takeaways. This review shows that PHM is increasingly 
evolving from conventional data-driven prediction toward physics-
informed, decision-oriented, and fleet-level health management. The 
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Table 3 
Checklist of Physics-informed neural networks (PINNs).

Applications in PHM
 Type of tasks  Fault detection; RUL prediction.
 Addressed challenges  Sparse data; Physical inconsistency; Poor generalization ability.

Requirements

 Prior knowledge  Governing differential equations.
 Data  Labeled data.
 Type of bias  Learning bias integrated through the loss function.
 Assumptions  Smoothness.

Summary

 Advantages  Improved generalizability; Incorporation of physical laws; Reduced dependency on large datasets.
 Disadvantages  Computational cost; Hyperparameter sensitivity; Scalability to high-dimensional problems;

Resources  Repositories  DeepXDE [8], NeuralPDE[9]
 Datasets  PINNacle [10]; PDEBench[11]; 

field has made significant progress by incorporating learning and ob-
servational biases that embed physical knowledge into model training 
and data representation, enabling more robust and physically consis-
tent predictions under sparse, noisy, or partially observable data. Re-
inforcement learning has emerged as a key mechanism for translat-
ing physics-informed predictions into intelligent maintenance and op-
erational decisions, closing the loop between modeling and physical 
system behavior. Looking ahead, the integration of physics-informed 
PHM with Agentic AI systems, capable of autonomous monitoring, rea-
soning, and decision-making, offers additional opportunities for scal-
able and adaptive health management. Despite this progress, the field 
still lacks systematic benchmarking in realistic industrial settings, reli-
able handling of the simulation-to-real gap, and scalable methods that 
disentangle degradation from operational dynamics. Building on these 
gaps, promising research directions include adaptive physics-informed 
training, more realistic physics-aware generative modeling, hybrid ap-
proaches that integrate partial physics with data-driven inference, and 
scalable generalization across diverse assets. These developments are 
particularly relevant for safety-critical and physics-governed domains 
such as energy systems, transportation, civil and subsurface infrastruc-
ture, and complex manufacturing systems.

The remaining of this paper is organized into five main sections. 
Section 2 details leveraging learning biases to constrain model training 
while Section 3 explores leveraging observational biases through vir-
tual sensing and data augmentation. Subsequently, Section 4 discusses 
how to close the loop using reinforcement learning for decision-making. 
Finally, Section 5 addresses scaling beyond single systems via meta-
learning and domain generalization, followed by the conclusion in Sec-
tion 6.

2.  Leveraging learning bias: Loss functions and constraints for 
robust PHM models

2.1.  Physics-informed neural networks (PINNs)

Introduction to PINNs
Traditional neural networks (NNs) have become widely used in PHM 

applications due to their ability to capture complex patterns from data. 
However, high-quality labeled datasets are often scarce, as collecting 
real-world measurements or running detailed numerical simulations for 
complex systems is both costly and time-consuming. In these “low-
data” settings, purely data-driven models face key challenges: First, NNs 
trained on limited data may struggle to generalize or converge at all, 
leading to unreliable predictions under new or varying conditions. Sec-
ond, standard NNs can produce physically implausible outputs that vi-
olate essential system constraints, such as symmetries and conservation 
laws, undermining their reliability in PHM applications.

PINNs, first introduced by Raissi et al. [12], address these challenges 
by embedding physical priors into the training process. These priors, 

usually given in the form of governing partial differential equations 
(PDEs), are encoded as regularizing terms in a model’s loss function. 
They then act in conjunction with inductive biases to produce predic-
tions that are consistent with established physical principles, rather than 
relying exclusively on data-driven correlations. This makes PINNs a pro-
totypical example of learning bias, enhancing generalization in low-data 
regimes.

PINNs were first conceived as coordinate-based Multilayer Percep-
trons (MLPs), used as universal approximators for solutions to PDEs. 
The key idea is to use these networks to directly model solutions, sup-
plementing scarce data with domain knowledge by embedding differen-
tial equations into their training loss as residues. For example, given a 
general differential operator  and a source term 𝑔, the physics-based 
constraint (𝑢) = 𝑔 can be encoded as a physics-informed loss:

(𝑢) = 𝑔

⟹ 𝐿𝑃𝐷𝐸 = ||(𝑢) − 𝑔||22 = 0.
(1)

which is minimized when the network’s prediction 𝑢 satisfies the un-
derlying physical law. Modern machine learning frameworks enable ef-
ficient computation of derivatives with automatic differentiation, en-
abling the evaluation of such loss terms at randomly sampled collocation 
points throughout the domain. As illustrated in Fig. 3, PINNs combine 
the physics-based loss with data-driven terms (e.g., initial / boundary 
conditions or measurement data):
𝐿PINN = 𝑤data𝐿data +𝑤PDE𝐿PDE (2)

where:

• 𝐿data represents the data-driven loss, which measures the discrep-
ancy between the model’s predictions and actual observations, as 
well as boundary and initial conditions.

• 𝐿PDE enforces the governing PDE constraints, ensuring that the 
neural network satisfies the underlying physical equations at ran-
domly sampled collocation points.

• 𝑤data, 𝑤PDE are weighting factors that balance the contributions of 
each loss component.

As PINNs were first devised in the context of MLPs for PDEs, these 
represent the majority of the resources and applications available in the 
literature (see Table 3). Code repositories for constructing and training 
MLP-PINNs are available in Pytorch [8] and Julia [9]; likewise, current 
benchmarks largely focus on the solution of time-dependent PDEs, such 
as the wave, heat, or Navier-Stokes Equations [10,11]. These, in turn, 
may be used may be transferred to PHM applications

PINNs have since been considered in a broader sense, inspiring a 
number of extensions, including schemes for domain decomposition 
[13] and Bayesian inference [14]. Physics-informed constraints have 
been integrated as regularizers in a large number of modern architec-
tures, including transformers [15], and Neural ODEs [16]. In this more 
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Fig. 3. Overview of a physics-informed neural network. PINNs are trained to 
directly approximate solutions to PDEs by encoding them as residues in physics-
informed loss terms.

general context, physics-informed terms may take the form of general 
operators, conservation laws, and symmetries, both continuous and dis-
crete. These terms may encode a variety of physical priors, such as 
Hamiltonians [17] and continuous symmetries [18]. Integrating such 
physical insight directly into the training process reduces reliance on 
large labeled datasets, improves generalization, and ensures that model 
predictions remain consistent with known physical laws.

Application of PINNs in PHM

PINNs and their variants have seen a surge in interest in recent years, 
leading to a large body of work on PHM, including applications in detec-
tion, diagnostics and prognostics, where they contribute to improving 
the reliability of data-driven frameworks. While diverse, these applica-
tions are often based on combining observational data with a wide range 
of physics-based priors, such as conservation of energy. The concept 
of physics-informed (as well as "physics-inspired" and "physics-guided") 
networks has broadened in scope, leading to a diverse range of addi-
tional techniques for embedding physical insight into PHM model train-
ing, including physics-informed data augmentation [19].

In Sun et al. [20], a physics-informed term enforcing energy conser-
vation is used to enable robust damage detection in wind fan turbines, 
using this regularization to refine unreliable measurements from acous-
tic sensors. In [21], PINNs are used to perform non-destructive testing by 
using the surface acoustic wave equation alongside ultrasound data to 
detect and describe surface cracks. In [15], PINNs are used to track ther-
mal insulation aging in power-plant transformers, using a PDE-based 
heat propagation model to extract detailed spatial thermal profiles from 
localized measurements.

PINNs have also been used for multiple prognostics tasks. For in-
stance, Zheng et al. [22] applied PINNs to predict crack growth in 
quasi-brittle materials in an unsupervised context. In this case, the 
loss function was formulated in terms of differential equations mod-
elling damage increase and the minimization of elastic potential energy, 
leading to physically plausible crack configurations. Similarly, Wen et 
al. [23] developed a model fusion approach using PINNs for RUL pre-
dictions of Lithium-ion batteries. Here, the physics-informed loss en-
codes coarse low-dimensional approximations for degradation dynam-
ics, while a data-driven model is used to model spatial dependences 
across the power cell. Additionally, Wang et al. [24] introduced a PINN 
model for state-of-health estimation, whereby both the physics-informed 
equation residue as well as its solution are learned with neural networks, 
leading to a flexible framework for learning the unknown dynamics of 
battery degradation over time. A summary of the application contexts 
for PINNs is provided in Table 3.

Advantages and limitations of PINNs

These applications highlight the unique advantages of PINNs in 
PHM. By blending physics-based constraints with data-driven learning, 
PINNs enable more reliable and interpretable predictions, particularly 
in scenarios where high-quality labeled data are limited, costly, or noisy.

Their ability to enforce physical consistency during training means 
that PINNs naturally denoise and correct sensor measurements, leading 
to robust predictions that remain consistent with the underlying sys-
tem dynamics. Unlike purely data-driven models, which often require 
large datasets to capture degradation patterns, PINNs leverage govern-
ing equations to guide learning. This allows them to predict fault onset, 
degradation progression, or remaining useful life accurately even from 
limited or incomplete data. Nevertheless, while they offer significant 
advantages in PHM, they also have several limitations that need to be 
addressed for broader adoption.

A significant limitation of PINNs is their sensitivity to hyperparam-
eters and the challenge of loss balancing [25]. Because PINNs combine 
data-driven and physics-based losses, the choice of weighting factors 
is critical: poorly tuned weighting factors can cause instability during 
training or lead to suboptimal solutions. If the physics loss is weighted 
too heavily, the network may ignore available data; conversely, if the 
data loss dominates, the model risks losing physical consistency and 
behaving like a purely data-driven network. Another challenge is the 
requirement for explicit, accurate governing equations. In many prac-
tical PHM applications, such as material fatigue or degradation predic-
tion, these equations may be incomplete, approximate, or entirely un-
known, limiting the effectiveness of PINNs. Furthermore, relying solely 
on physics-informed regularization is often insufficient to enforce phys-
ically plausible solutions. In low-data regimes, PINNs may fail to con-
verge or produce trivial, non-physical outputs. This is particularly preva-
lent for systems dealing with high-frequency behavior or complex ge-
ometries, restricting PINNs to relatively simple equations. This often 
requires the introduction of additional inductive biases, such as special-
ized neural architectures [26] or tailored regularization strategies.

Despite these limitations, ongoing research in adaptive loss balanc-
ing, hybrid modeling approaches, and more computationally efficient 
training algorithms continues to broaden the applicability and scalabil-
ity of PINNs in PHM.

Unexplored or emerging applications of PINNs in PHM

Although Physics-Informed Neural Networks have been widely used 
across multiple sub-domains of PHM, they still hold considerable un-
tapped potential, particularly in domains where classical degradation 
models exist but are computationally expensive, incomplete, or difficult 
to integrate with real-world data.

So far, in part due to the limitations of PINNs, the physics-informed 
losses used often refer to relatively basic, phenomenological descriptions 
of the system. For this reason, they still cannot be considered replace-
ments for traditional numerical simulators when complex geometries 
or dynamics are at play. Likewise, the application of physics-informed 
terms to the training of emerging specialized architectures remains a 
promising field in general.

In terms of applications, the analysis of tribological wear prediction 
in gears and bearings shows promise. Traditional wear models, such 
as Archard’s law, provide general insights but fail to capture complex 
tribological interactions like nonlinear friction and lubrication effects 
[27]. PINNs have been used in an unsupervised manner in this context 
[28] and could be used further to integrate physical laws with sensor 
data to improve the real-time estimation of wear rates.

In corrosion and material degradation modeling, PINNs could en-
hance the understanding of time-dependent electrochemical reactions 
affecting structures like pipelines, aircraft, and marine vessels. Model-
ing corrosion-fatigue has proven to be hard, which has led to the devel-
opment of hybrid data-driven frameworks [29]. PINNs could be used in 

Reliability Engineering and System Safety 274 (2026) 112376 

6 



O. Fink et al.

conjunction with real-world data to account for environmental variabil-
ity (e.g., humidity, salinity) and provide more robust and site-specific 
degradation forecasts.

Finally, PINNs could be used to integrate a wider range of physical 
priors with non-destructive testing (NDT). NDT often involves the in-
teraction of multiple complex and interdependent physical phenomena, 
which can be described by elaborate PDE systems. PINNs could improve 
the detection of hidden subsurface defects using ultrasonic, eddy cur-
rent, or infrared thermography data, along with the mathematical de-
scriptions thereof, leading to more reliable condition assessments and 
defect identification in aerospace, civil, and industrial structures.

Promising research direction for PHM: Physics-informed computer vision

A particularly promising direction for extending PINNs in PHM is 
Physics-Informed Computer Vision (PICV). Visual data is increasingly 
central to PHM applications, particularly for inspection tasks such as 
defect detection [30], structural monitoring [31,32], and visual condi-
tion assessment [33]. With the growing use of autonomous platforms 
(e.g., drones, underwater vehicles, robotic arms), computer vision (CV) 
enables scalable, non-intrusive monitoring across diverse assets and en-
vironments.

Despite this potential, current CV models in PHM are often lim-
ited by their reliance on large labeled datasets and poor generalization 
across operating conditions. Many models are trained for specific sce-
narios and may underperform under variable viewpoints, lighting, or 
noise—frequent challenges in real-world deployments. PICV aims to ad-
dress these limitations by embedding physical constraints into the learn-
ing process, improving robustness, and interpretability in data-scarce or 
safety-critical settings. This integration of physics with vision offers a 
natural extension of PINNs to visual modalities, opening new opportu-
nities for physics-consistent PHM systems. In practice, PICV can enable 
PHM models to move beyond passive visual inspection toward estima-
tion of stresses, deformations, flows, or thermal behavior—quantities 
directly relevant for diagnostics, prognostics, and RUL prediction.

PICV integrates domain knowledge into data-driven CV models by 
embedding physical priors through three main types of biases [5,34]: 
(1) Observational biases: capturing physical quantities directly through 
enriched sensing modalities (e.g., depth or thermal imaging [35,36]); 
(2) Learning biases: regularizing training using physical equations (e.g., 
heat transfer, Navier-Stokes) or geometric constraints (e.g., epipolar ge-
ometry, photometric consistency) to improve data efficiency and en-
force physically plausible outputs [37,38]; (3) Inductive biases: embed-
ding symmetries and invariances (e.g., rotational, scale) into architec-
tures using group convolutions or steerable CNNs [39]. These strate-
gies typically enhance model robustness, learning efficiency, and im-
prove physical consistency, particularly beneficial for PHM tasks where 
deployments face highly variable conditions. In label-scarce scenarios, 
common in PHM, these physics-based objectives can also be applied 
in a self-supervised manner, allowing models to learn from abundant 
unlabeled visual data while maintaining physical consistency. For an 
extensive survey on PICV, we guide the reader to [34].

While CV is widely used in PHM across domains—such as railway 
inspection [40], aerospace surface analysis [30], and civil infrastruc-
ture monitoring [31,32]—the explicit use of PICV for PHM remains lim-
ited. A few hybrid approaches exist, such as combining grease condition 
analysis via vision with physics-based models for bearing degradation 
in wind turbines [41,42], but these are still rare.

PICV opens promising research directions in PHM. Potential appli-
cations include dynamic process monitoring, where vision-based fluid 
flow or thermal field modeling could enable real-time anomaly detec-
tion (e.g., cavitation, heat build-up) [37,43]. Additionally, equivariant 
architectures (e.g., to rotation and scale) can improve inspection ro-
bustness for structures and components [33]. Finally, combining vision 
with sensor data (e.g., vibration, pressure)—a strategy known as multi-
modal fusion (see Section 4)—can lead to more comprehensive health 

Table 4 
Checklist of Degradation dynamics-informed methods.

Applications in PHM
Type of tasks Health indicator (HI) construction; 

RUL prediction.
Addressed challenges Lack of direct degradation labels; 

Truncated or noisy trajectories; Weak 
degradation signals in raw sensor data.

Requirements

Prior knowledge Fundamental degradation properties 
(Monotonicity, Trendability, Prognos-
ability, Robustness).

Data Time-series data
Type of bias Learning bias incorporated through 

auxiliary loss functions.
Assumptions Degradation evolves irreversibly and 

correlates with accumulated usage.

Summary
Advantages Does not require explicit PDEs; Effec-

tive in data-scarce settings; Produces 
interpretable HIs; Robust to sensor 
noise.

Disadvantages Requires careful hyperparameter tun-
ing.

Resources Repositories HIconstruct_optimize [46] 
(constraint-based health indicator 
construction), UnsupervisedHI [47] 
(unsupervised degradation-
consistent health indicator learning),
PINN4SOH [48] (physics-informed 
battery state-of-health modeling),
Wang2024PINN_RUL_Battery [24] 
(battery degradation dataset and 
benchmarking)

Datasets XJTU-SY bearing run-to-failure 
dataset [49]; XJTU-Battery Dataset 
[50] NASA C-MAPSS [51] and
N-CMAPSS turbofan degradation 
datasets[52];

assessment systems [44,45]. Practically, PICV can facilitate visual wear 
tracking, crack-growth modeling, corrosion progression estimation, and 
the monitoring of other degradation processes where physics drives the 
system’s evolution and its appearance.

Despite these opportunities, PICV faces practical challenges, many 
of them similar to those faced by PINNs. Designing physics-consistent 
architectures requires domain knowledge in physics (e.g., PDEs, sys-
tem symmetries), which may be complex to formalize. Some PICV ap-
proaches require explicit governing equations, which may be hard to 
derive or too simplified for real-world PHM. Vision-specific issues also 
arise: physical constraints must be enforced in image space, where cam-
era projection effects, occlusions, and lighting variations complicate 
modeling. Finally, PICV methods often require synchronizing visual and 
physical data across modalities, adding complexity to training and de-
ployment.

2.2.  Degradation dynamics informed prognostics methods

Introduction to degradation dynamics-informed prognostics methods
Industrial and infrastructure assets typically undergo progressive 

degradation over time due to wear, fatigue, thermal stress, and other 
environmental and operational factors. Generally, such degradation can 
be modeled using partial differential equations or other first-principles 
approaches. For example, in the case of wear, PDEs may capture erosion 
depth as a function of applied loads and microstructural properties [53]. 
Similarly, battery degradation can be modeled through electrochemi-
cal reaction kinetics [54], and turbine blade erosion can be described 
by stress-strain relationships [55]. However, for complex systems 
comprising multiple interacting components and difficult-to-measure
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parameters (such as friction coefficients, stiffness, damping, contact 
forces, and material inhomogeneities) PDE-based degradation models 
become impractical [56]. This is due to the high dimensionality arising 
from the need to solve coupled PDEs across different components, the 
strong nonlinear interactions between these equations, and the limited 
accessibility of internal variables such as internal loads and stresses that 
are required for model calibration [53].

Instead of directly modeling degradation through first principles, 
many studies rely on health indicators, quantities that aggregate the level 
of degradation based on sensor data [57,58]. These may be physically 
interpretable (e.g., crack length, battery capacity) or latent variables 
learned from multi-sensor signals. The learning process depends on the 
nature of available data: when direct measurements of degradation are 
available, health indicators can be learned in a supervised manner [59]; 
otherwise, semi-supervised or unsupervised techniques are employed to 
uncover underlying degradation trends from unlabeled data [60–62].

However, engineering systems often operate under data-scarce con-
ditions due to limited sensor coverage or infrequent monitoring, making 
it difficult to learn reliable health indicators purely from observed sensor 
data. In such scenarios, incorporating prior knowledge about degrada-
tion dynamics becomes essential [63]. This knowledge is grounded in 
empirical observations that degradation under cyclic loading often fol-
lows predictable patterns (such as steady wear, increasing crack length, 
or decreasing battery capacity) that reflect underlying physical mecha-
nisms [57,63,64].

These patterns are characterized by key properties commonly ob-
served in engineered systems [57,65]: Monotonicity, where damage 
progresses irreversibly (e.g., cracks do not spontaneously heal); Trend-
ability, where degradation correlates consistently with operational vari-
ables like time or usage cycles; Prognosability, where systems of the 
same type exhibit comparable degradation trajectories under similar 
conditions; and Robustness, where health indicators remain stable in 
the presence of noise or environmental variation. These properties can 
be mathematically formalized and embedded as learning biases in the 
training objective, guiding the learning of physically meaningful health 
indicators in scarce data settings. Fig. 4 illustrates this constraint-guided 
learning process, showing how auxiliary loss terms progressively trans-
form non-physical health indicator behaviors into representations that 
satisfy key degradation dynamics. Below, we describe how these degra-
dation patterns can be incorporated as auxiliary losses to guide the learn-
ing of physically meaningful health indicators:

Monotonicity. Irreversible degradation processes-such as crack growth 
or battery capacity decline-can be modeled by enforcing a monotonic 
change over time in the health indicator. This can be imposed using a 
penalty term that discourages non-monotonic transitions [57,60]:

𝐿mono =
𝑁−1
∑

𝑡=1
max(0,𝐻𝑡 −𝐻𝑡+1) (3)

where 𝐻𝑡 is the health indicator at time 𝑡. This loss, designed for 
decreasing health indicators, penalizes instances where the indicator 
increases (i.e., when 𝐻𝑡 > 𝐻𝑡+1) thereby discouraging non-monotonic 
behavior.

Trendability. Degradation processes typically evolve consistently over 
time or with accumulated usage. For instance, bearing degradation 
should correlate with the number of revolutions, and battery degrada-
tion should align with charge-discharge cycles. To reflect this, health 
indicator can be enforced to correlate with the operational cycle index 
𝐶 [60,66]:

𝐿trend = −𝜌(𝐶,𝐻) (4)

where 𝜌(𝐶,𝐻) measures the degree of correlation.

Prognosability. Systems undergoing the same degradation process 
should exhibit comparable health trajectories that enable consistent 
prognostic performance. When the health indicator is scaled between 0 
(healthy) and 1 (failure), the health indicators should converge to sim-
ilar values at key degradation stages, particularly at failure. To enforce 
this, a penalty can be applied to align the indicator values at the start 
and end of the degradation trajectory [67,68]:
𝐿consistent = (𝐻start − 1)2 + (𝐻end − 0)2. (5)

Robustness. Degradation patterns are typically robust to noise and fluc-
tuations in sensor readings caused by environmental or operational vari-
ability. To reflect this, the learned health indicator can be constrained to 
remain smooth over time, suppressing high-frequency variations that do 
not correspond to actual degradation. This behavior can be encouraged 
using regularization or temporal smoothing techniques [68,69]:

𝐿robustness =
1
𝑁

𝑁
∑

𝑡=1
exp

(

−
|

|

|

|

|

𝐻𝑡 − 𝐻̄
𝐻̄

|

|

|

|

|

)

(6)

where 𝐻̄ is the mean health indicator over time. For modeling a sys-
tem’s degradation process, one or more of these loss formulations can 
be selectively applied depending on the available data, domain knowl-
edge, and desired properties of the health indicator. Table 5 summarizes 
these concepts, providing physical interpretations and visual intuitions 
for each mathematical property.

Application of degradation-dynamics-informed methods in PHM
Recent studies have incorporated degradation dynamics into the 

learning process by embedding monotonicity constraints in the health 
indicator formulation along with supervision on the underlying mea-
sured parameters. For example, Kim et al. [70] used simulated crack 
growth data based on Paris’ law to constrain a neural network to 
follow the irreversible progression of damage, resulting in strong 
agreement with known crack propagation trends. Building on similar 
physics-motivated constraints, Chen et al. [71] developed a degradation-
consistent recurrent neural network for bearing prognosis using temper-
ature signals. By imposing a monotonic trend on predicted temperature 
values, their method improved the temporal consistency of degradation 
modeling and yielded more stable remaining useful life estimates.

Other studies have employed unsupervised or semi-supervised ap-
proaches to learn latent health indicators from multi-sensor data by im-
posing degradation-informed constraints, particularly in settings with 
no direct measurement of degradation. For example, Wang et al. [72] 
proposed a deep learning-based sensor fusion method that integrates 
signals such as vibration and acoustic emissions, applying monotonic-
ity and range constraints to produce a consistent indicator of degrada-
tion. Their approach was demonstrated on simulated turbofan engine 
degradation data. Similarly, Chen et al. [68] developed a feature fu-
sion framework for lithium-ion batteries and rolling element bearings, 
optimizing the combination of degradation-relevant features while en-
forcing monotonicity, trendability, and robustness. Following a similar 
idea, Bajarunas et al. [66] introduced degradation-informed learning 
biases (such as trendability and negative gradient constraints)into an 
autoencoder architecture to infer latent degradation signals from turbo-
fan and battery datasets. Further, Wen et al. [60] constructed a signal-
based indicator for aircraft turbine engines by optimizing for trajec-
tory consistency and enhancing signal range across degradation cases. 
More recently, Qin et al. [73] proposed a supervised multi-head self-
attention autoencoder for machinery prognostics, using power function-
inspired constraints to improve similarity-based remaining useful life 
prediction for wind turbine gearboxes and aero engines. These stud-
ies demonstrate the utility of degradation-consistent learning objec-
tives for inferring health indicators in complex systems where direct 
measurements are limited or unavailable. Table 4 summarizes the ap-
plications, advantages, disadvantages, and representative resources of 
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Fig. 4. Overview of degradation dynamics-informed prognostic methods. Time-series sensor data from monitored systems (e.g., bearings) are processed to construct 
health indicators that progressively satisfy key degradation properties: monotonicity (irreversible decline), trendability (correlation with operational cycles), and 
Prognosability (comparable endpoints across similar units). Auxiliary loss terms enforce these physics-motivated constraints during the learning process, guiding the 
evolution from non-physical to physically meaningful health indicators.

Table 5 
Interpretation of degradation-dynamics loss functions.
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degradation-dynamics-informed prognostic methods. The listed reposi-
tories provide open-source implementations of constraint-based health 
indicator construction and physics-informed degradation modeling, in-
cluding optimized health indicator fusion with degradation constraints 
(HIconstruct_optimize [46]), unsupervised health indicator learning 
guided by degradation consistency (UnsupervisedHI [47]), and physics-
informed neural networks for lithium-ion battery state-of-health es-
timation (PINN4SOH [48], Wang2024PINN_RUL_Battery proposed in 
[24]). The datasets comprise widely used run-to-failure benchmarks 
spanning multiple domains, including the XJTU-SY bearing degradation 
dataset [49], the XJTU open-access lithium-ion battery dataset [50], and 
the NASA C-MAPSS [51] and N-CMAPSS [52] turbofan engine degrada-
tion datasets, which support the evaluation of degradation-consistent 
health indicator learning and prognostic performance. 

Advantages and limitations of degradation-dynamics-informed methods in 
PHM

Degradation-dynamics-informed methods incorporate generic con-
straint into the learning objective to better capture the intrinsic pro-
gression of degradation. These inductive biases are particularly benefi-
cial in high-dimensional, multi-sensor settings, where each sensor pro-
vides only partial and potentially noisy observations of the underlying 
degradation process that is typically not directly measured or known 
[58,66,69]. By embedding these constraints, such methods improve ro-
bustness to sensor noise, mitigate overfitting, and enhance the inter-
pretability of the learned health indicator.

Owing to the generic nature of these learning biases [69], 
degradation-dynamics-informed methods are broadly applicable across 
diverse domains-ranging from bearings [74] and batteries [75] to tur-
bine engines [66]-thus providing another key advantage for practical 
deployment in PHM.

However, these methods also present notable challenges. A key limi-
tation lies in their reliance on the assumption of monotonic degradation, 
which does not universally hold. Systems subject to resets (e.g., main-
tenance events), regime changes, or operational variability may exhibit 
non-monotonic degradation trajectories [76–78]. In particular, systems 
exposed to random external shocks or varying operational loads devi-
ate from smooth, unidirectional degradation patterns, thereby violating 
the foundational assumptions of these methods. Moreover, the varying 
operating conditions can make it difficult to consistently impose these 
constraints across different operational regimes, potentially leading to 
inaccurate prognostic outcomes when the assumed degradation dynam-
ics do not align with the actual system behavior.

Unexplored or emerging applications of degradation-dynamics-informed 
methods in PHM

Degradation-dynamics-informed prognostic methods have shown 
strong performance in established applications such as bearings [74], 
batteries [75], and turbofan engines [66]. However, their application 
to real industrial data collected under realistic operating conditions 
remains limited, with many studies relying on controlled experimen-
tal setups or simulated datasets (e.g., NASA’s turbofan simulation data 
[51]). Moreover, their use in multi-component systems and more com-
plex variable industrial environments is underexplored. Emerging do-
mains such as wind turbines, railway components (e.g., axle bearings 
and brake pads) [79], and industrial robotic systems [80] operate un-
der non-stationary conditions involving varying loads, control strate-
gies, and maintenance events. These factors often lead to non-monotonic 
degradation patterns that violate assumptions underlying many current 
methods.

To address these challenges, future research should focus on com-
bining regime-aware segmentation with partial-monotonic constraints, or 
explicitly incorporating control inputs into the learning architecture. 

Table 6 
Checklist of Soft sensing.

Applications in PHM
Type of tasks Fault detection and Prognostics.
Addressed challenges Lack of direct measurements; Sensor 

costs; Sensor failure or degradation; 
Estimation of difficult-to-measure or 
unmeasurable variables; Data sparsity 
or missing values.

Requirements

Prior knowledge Optional for Data-Driven: System dy-
namics; Physics-based models.

Data Labeled data; Historical sensor mea-
surements.

Type of bias Observational bias.
Assumptions System behavior can be approximated 

through mathematical or data-driven 
models.

Summary

Advantages Cost-effective alternative to physical 
sensors; Can estimate unmeasurable 
variables; Backbones for unreliable 
physical sensors.

Disadvantages Sensitivity to model inaccuracies in 
Model-Driven methods, Dependence 
on data quality; Potential inter-
pretability issues in deep learning 
models.

Resources
Repositories GgNet [82], PEGNN [83], HTGNN 

[84],

Datasets Train-Bridge-Track Interaction [84], 
Bearing Load Prediction [84], District 
Heating Networks [83,85]

By identifying operational segments where degradation evolves consis-
tently (using tools such as change point detection, load profile analysis, 
or maintenance records) constraints like monotonicity or trendability 
can be selectively enforced. Prior work has highlighted the importance 
of jointly modeling gradual degradation and shock-induced damage, 
particularly in multi-component systems where failures may result from 
both cumulative wear and abrupt events [76,81].

Integrating such physics-informed and shock-aware mechanisms into 
deep learning frameworks-as auxiliary loss functions-can enhance the 
robustness, interpretability, and adaptability of learned health indica-
tors. These advances are essential for deploying degradation-dynamics-
informed methods in realistic industrial environments characterized by 
variable operating conditions, irregular maintenance, and noisy sensor 
data.

3.  Leveraging observational biases: Augmentation and physical 
constraints

3.1.  Soft sensing

Introduction to soft sensing
In industrial settings, sensors are widely used to monitor processes, 

assess health condition, and ensure asset reliability. Ideally, placing 
sensors at every critical location would provide the most comprehen-
sive process insight. However, practical and economic constraints often 
make this impossible. Some areas are inaccessible or exposed to harsh 
environments, where installing or maintaining sensors is not feasible. 
Additionally, retrofitting existing systems to accommodate new sensors 
can be prohibitively expensive and disruptive, often requiring produc-
tion downtime, equipment modifications, or significant re-engineering. 
As a result, many important system variables cannot be measured di-
rectly by physical instruments alone. To address these challenges, soft 
sensing (also known as virtual sensing) has emerged as a practical al-
ternative. Soft sensing uses computational and domain knowledge to 
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estimate key process variables or product quality based on available 
measurements [86], as illustrated in Fig. 5. This approach offers a cost-
effective solution when physical sensing is impractical or prohibitively 
expensive [87]. Selecting the right soft sensor model is crucial for ensur-
ing accurate predictions and effective system monitoring. The two main 
approaches for developing soft sensors are white-box (model-driven) 
and black-box (data-driven) modeling, each with specific advantages 
and limitations [88].

Model-driven, or white-box, soft sensing approaches are 
grounded in fundamental principles of physics, chemistry, and engineer-
ing that govern system behavior [89]. Common techniques include first-
principle models, Kalman filters, and observers [86]. First-principle 
models are particularly effective when the governing equations of a 
system are well-understood and can be mathematically formulated, pro-
viding high interpretability through conservation laws [90]. Their main 
limitation, however, is the need for comprehensive system knowledge.
Kalman filters provide a complementary approach when a complete 
mechanistic description of the system is not feasible (see Section 4 of 
Part 1). These estimation algorithms fuse noisy sensor measurements 
with simplified system models, which may be based on linearized ver-
sions of nonlinear dynamics, mass or energy balances under steady-
state assumptions, or empirical relationships derived from experimen-
tal data. By capturing the essential system behavior without requiring a 
full mechanistic model, Kalman filters infer unmeasured states through 
sequential estimation (see Section 4), continuously updating their pre-
dictions as new measurements arrive to enable real-time state tracking 
[91,92].

Data-driven approaches  construct soft sensing models directly 
from empirical data, without relying on explicit physical models of the 
underlying processes [93]. They are particularly valuable in industrial 
contexts where detailed process models are unavailable or incomplete, 
but large volumes of operational data are routinely collected.

Historically, linear and piecewise linear models have been the foun-
dation of data-driven soft sensor modeling [94,95]. Among these, Partial 
Least Squares (PLS) is a widely used method in industrial practice due 
to its robustness to measurement noise and multicollinearity [96]. How-
ever, the linear assumptions of PLS limit its capacity to represent com-
plex, nonlinear system dynamics. To address this, nonlinear approaches 
such as Support Vector Regression have been explored [97–99], along 
with probabilistic approaches like Gaussian Process Regression, which 
can capture nonlinear relationships while also providing uncertainty es-
timates [100,101]. Nonetheless, these machine learning methods typ-
ically require extensive feature engineering, which often falls short of 
fully capturing the complexity of underlying process behaviors.

Recently, deep learning-based techniques have gained traction for 
soft sensing, as they can automatically learn relevant features and rep-
resentations from raw data. Unlike conventional methods, deep learn-
ing reduces reliance on expert-crafted features [102,103]. This shift has 
opened new possibilities for modeling highly complex and nonlinear 
processes.

To capture spatial correlations in high-dimensional process data, 
convolutional neural networks (CNNs) have been applied to extract mul-
tiscale spatial features, with several studies demonstrating in taking ad-
vantage of the correlations between process variables [104,105]. To 
model temporal correlations, gated recurrent units (GRUs) have been 
adopted to capture sequential dependencies in process data, with bidi-
rectional and hybrid designs improving predictive accuracy and robust-
ness [106,107]. However, these conventional deep learning models gen-
erally assume fixed data structures and may not fully capture the irreg-
ular, dynamic, and relational nature of complex sensor networks.

To address these limitations, both transformers and graph neural net-
works (GNNs), including their extension Spatial-Temporal Graph Neural 
Networks (STGNNs) (see Section 2 of Part 1 [6]) have been explored. 
Transformers are well suited for capturing global, long-range depen-
dencies through attention mechanisms [108], whereas GNNs explicitly 
encode relational inductive biases by leveraging the topology of sensor 

networks. STGNNs further extend this capability by jointly modeling 
spatial structures and temporal dynamics [109]. For example, Felice 
et al. [82] proposed a graph-based deep learning architecture for soft 
sensing in sparse multivariate sensor networks. It models both spatial 
and variable-wise dependencies using a nested graph structure: an inter-
location graph captures learned similarities between sensor sites, while 
an intra-location graph models relationships among sensor variables at 
each location. While early graph-based soft sensing methods mainly fo-
cus on learning structural relationships among sensors, later studies ex-
tend these approaches by explicitly incorporating causal reasoning to 
better capture spatial-temporal dynamics and improve model robustness 
in industrial processes. In particular, causal graph learning enables the 
identification of meaningful cause-effect relationships among process 
variables, providing more stable and interpretable soft sensor models. 
A representative example is the development of stable soft sensors for 
batch processes based on causal inference and graph convolutional net-
works, where both global and local causal relationships are learned and 
aggregated through causal graph convolutions to reduce intra-batch and 
inter-batch prediction errors [110]. Building on this causal graph-based 
paradigm, Hu et al. [111] further extend soft sensing to heterogeneous 
industrial settings by proposing a Heterogeneous Causal Graph Atten-
tion Network for mass customization manufacturing. Their approach 
integrates causal discovery with multi-scale sensor modeling to accu-
rately predict product quality across customized products with varying 
assemblies.

Another important advancement in soft sensing is the incorporation 
of physical laws and domain knowledge directly into the learning pro-
cess. Niresi et al. [83] propose a framework that augments the graph 
structure with auxiliary nodes and connections derived from govern-
ing equations, embedding process physics into the model architecture. 
Adding auxiliary nodes to the graph structure allows the GNN to map 
from a more enriched input space to the soft sensors, which improves es-
timation accuracy. Moreover, physics-guided graph learning combines 
a topology informed by known process relationships with learned cor-
relations, and constrains the training objective through physics-based 
regularization terms that penalize violations of conservation constraints 
[112], which leads to more accurate soft sensor estimation. Beyond 
graph-based methods, physically informed hierarchical learning [113] 
integrates reduced-order physical models into a multi-level neural ar-
chitecture, using them as inductive biases to structure intermediate rep-
resentations and guide parameter estimation when the underlying PDE 
dynamics are only partially known, further enhancing soft sensing per-
formance.

Applications of Soft Sensing in PHM

In PHM, soft sensing serves multiple critical functions that enhance 
system reliability and reduce operational costs. Its applications span di-
verse domains, including process industries, mechanical systems, struc-
tural health monitoring, and energy systems, each with unique measure-
ment challenges and data characteristics.

Estimation of Unmeasurable Variables: Soft sensors enable the 
estimation of variables that cannot be directly measured due to harsh 
environments, physical inaccessibility, or prohibitive costs. In process 
industry, they are widely used to monitor complex product quality vari-
ables such as chemical component concentrations, polymer density, and 
melt flow rate, which are essential parameters for precise control and op-
timization [114]. Beyond process environments, structural health mon-
itoring is another key domain for soft sensing. In bridges, limited sensor 
deployments often constrain direct measurement of variables such as 
strain, displacement, or real-time load. The number and placement of 
sensors are often further restricted by costs, deployability, or accessi-
bility, which motivates the use of virtual sensing approaches. Virtual 
sensors can infer these unmeasured responses by fusing heterogeneous 
sensing modalities with environmental and loading context. Zhao et 
al.[84] propose a heterogeneous temporal GNN that models distinct
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Fig. 5. Illustration of a complex system with both physical sensors (measuring real-time parameters) and virtual (soft) sensors. The diagram highlights the mapping 
process from physical sensors to soft sensors using deep learning or other predictive modeling techniques, enabling enhanced monitoring, fault detection, and system 
optimization.

sensor types, integrates operating condition context, and predicts both 
bearing loads in rotating machinery and real-time loads in bridges, 
demonstrating the cross-domain applicability of advanced GNN-based 
virtual sensing. Virtual sensing was also applied to electromechanical 
assets, with electric motors employing soft sensors to infer internal 
winding temperatures and insulation aging [115,116]. Moreover, en-
ergy storage systems utilize virtual sensing in battery management to 
derive crucial state-of-charge and state-of-health estimates from oper-
ational voltage, current, and temperature signals [117]. These diverse 
applications highlight the adaptability of soft sensing across domains, 
enabling the indirect measurement of critical variables that would oth-
erwise remain inaccessible.

Backup Measurements for Sensor Failure Prevention and Detec-
tion: Soft sensors serve also as backup measurements that maintain op-
erational continuity when physical sensors fail, preventing costly shut-
downs. In addition, they support the detection of faulty or degraded 
sensors.

Darvishi et al. [118] proposed a data-driven modular framework, in 
which the available sensor signals are partitioned into a reliable set and 
an unreliable set. Multilayer perceptrons are trained to model each sig-
nal in the unreliable set using only the reliable signals as input. By com-
paring the predicted (virtual) signals to the actual sensor outputs, the 
system performs residual analysis to detect faults. In a different applica-
tion, district heating networks rely on differential pressure to monitor 
pump performance, identify flow imbalances, and detect faults such as 
blockages or leaks. Accurate measurement of this parameter is essen-
tial for optimizing control strategies and maintaining energy efficiency, 
and data-driven soft sensors are employed to infer differential pressure 
values [119]. Moreover, in HVAC systems, soft sensors support fault tol-
erance (i.e., maintaining reliable system outputs despite sensor faults) 
by detecting sensor anomalies through residual analysis and maintain-
ing reliable outputs using soft sensors that are trained based on histor-
ical data [120]. This ensures continued operation and control accuracy 
despite sensor failures, improving system resilience and reducing main-
tenance needs.

Data Augmentation for Downstream Tasks: Soft sensing can also 
expand the set of input variables by inferring additional unobserved 

quantities that can be used for more accurate and more interpretable 
fault detection, isolation and prognostics [2]. Arias et al. [4] employ 
a calibrated physics-based performance model of a turbofan engine to 
estimate latent health-related parameters and virtual signals, which are 
then combined with sensor measurements as inputs to a deep learning 
model. This hybrid approach enhances prognostic performance while 
reducing dependence on large training datasets.

A summary of the application contexts for soft sensing is provided 
in Table 6. We include several GNN implementations that are particu-
larly relevant to soft sensing in PHM applications. These implementa-
tions encompass heterogeneous GNNs (HTGNNs) and physics-enhanced 
GNN (PEGNN) developed using PyTorch Geometric [121,122], as well 
as GgNet, which is implemented using Torch Spatiotemporal [123].

In addition, we summarize a set of publicly available datasets on 
soft sensing in PHM. The District Heating Network dataset [83,85] is a 
simulation-based dataset that includes measurements from various sen-
sors, such as mass flow rate, pressure, and temperature sensors, used 
to monitor the operation of a district heating system. In this dataset, 
soft sensing tasks are typically formulated to estimate a subset of sensor 
variables, for example temperature and pressure, from other available 
measurements, such as mass flow rate sensors.

The Bearing Load dataset [84] is a real-world experimental dataset 
collected from a bearing test rig operating under diverse load and ro-
tational speed conditions. It includes temperature and vibration sensor 
data and is commonly used to predict axial and radial bearing loads.

Finally, the Train-Bridge-Track Interaction [84] dataset is a com-
prehensive, year-long simulated dataset designed for structural health 
monitoring applications. It contains displacement and acceleration sen-
sor readings collected under varying ambient temperature conditions 
and is used for bridge live load prediction.

Advantages and Limitations of Soft Sensing

Soft sensing has become vital in PHM, where it enables estimation 
of health indicators and process variables that are difficult or impossi-
ble to measure directly. Its main advantages include: (1) Enhanced ob-
servability: estimation of variables that cannot be directly measured,
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including internal degradation states, operating loads that influence 
degradation, process conditions at additional spatial locations, and other 
critical unmeasured variables. (2) Cost and feasibility: reduced re-
liance on expensive, intrusive, or failure-prone physical sensors, allow-
ing continuous monitoring in situations where installing or maintaining 
direct measurement devices would be impractical. (3) Data complete-
ness and enrichment: reconstruction of variables already monitored 
by physical sensors to fill temporal or spatial gaps caused by intermit-
tent or faulty measurements, and generation of derived features (such 
as health indices) that provide additional, physically meaningful inputs 
for PHM applications.

Despite their advantages, soft sensing in PHM also face several lim-
itations. Model-driven approaches require accurate system knowledge 
and reliable calibration data. Developing and maintaining such mod-
els for complex assets (e.g., wind turbines, jet engines, or manufactur-
ing equipment) is often labor-intensive and may be impractical when 
system behavior is nonlinear, uncertain, or poorly characterized. Fur-
thermore, white-box models typically rely on steady-state operations 
and therefore struggle to adapt to dynamic, real-world PHM scenarios, 
which limits their predictive accuracy during transients or unexpected 
operating conditions

While Data-driven methods have become popular in PHM for their 
ability to capture complex, nonlinear relationships from historical or op-
erational data, their success relies on the availability of large, diverse, 
and high-quality datasets. In practice, assets often undergo evolving 
degradation modes and operate under varying conditions, making it dif-
ficult for purely data-driven soft sensors to generalize reliably without 
frequent model updates.

Emerging or unexplored applications of soft sensing in PHM

Current research in PHM soft sensing is exploring several promis-
ing directions. One of the promising strategies for soft sensing in PHM 
is using PINNs (see Section 2.1)), and their graph-based counterparts 
PIGNNs (see Part I [6]), which integrate physical laws, such as conser-
vation principles or degradation equations, directly into model archi-
tecture. This approach enables soft sensors that remain consistent with 
known dynamics even in data-scarce environments or under distribution 
shifts. Foundation models represent another promising direction. They 
can be prompted, through in-context learning (see Section 5.1), with 
structured time-series data, process descriptions, and historical logs to 
perform tasks like auxiliary variable selection, uncertainty-aware pre-
diction. Multimodal (see Section 3.4) foundation models can also com-
bine heterogeneous data sources, using language to support transpar-
ent reasoning [124]. These techniques reduce reliance on large labeled 
datasets by incorporating domain knowledge in natural language form. 
These advanced soft sensing methods have significant potential in PHM, 
where robustness, data efficiency, and interpretability are critical. An-
other promising direction is transfer learning or domain adaptation (see 
Section 3.2) which allows models developed on one fleet or system to 
be adapted to others with minimal new data [125].

3.2.  Overcoming the simulation-to-real gap

Introduction to overcoming the simulation-to-real gap
Physics-based approaches have long been fundamental in PHM, 

providing interpretable, generalizable, and physically grounded mod-
els for fault detection [126,127], fault diagnosis [128,129], and prog-
nostics [130,131]. By leveraging first-principles models (e.g., govern-
ing equations) and domain expertise  [132,133], these methods often 
achieve high predictive accuracy with relatively limited data require-
ments. However, their effectiveness is typically confined to critical or 
well-understood components [4]. In complex engineering systems, in-
teractions among subsystems and an incomplete knowledge of failure 
mechanisms often result in physics-based models that deviate signifi-
cantly from real-world degradation dynamics [134].

Table 7 
Checklist for Bridging the simulation-to-real gap in PHM.

Applications in PHM
Type of tasks Fault detection; Fault diagnosis; RUL 

prediction.

Addressed challenges Simulation-to-real gap; Rare failure 
modes

Requirements

Prior knowledge Physics-based models; First-principles 
simulations; Domain expertise

Data Synthetic data from simulations; lim-
ited real measurements.

Type of bias Observational bias
Assumptions Physics-based models capture relevant 

degradation mechanisms; Domain gap 
is manageable for the chosen ap-
proach.

Summary

Advantages Reduced dependency on labeled real-
world data; Coverage of rare failure 
scenarios

Disadvantages Simulator fidelity; Complexity in im-
plementation and validation.

Resources
Repositories ProgPy [143], Transfer Learning Li-

brary  [144]
Datasets Physics-based simulator of the electro-

chemical battery [145] + Real Batter-
ies [146]

Despite their potential, the adoption of physics-based models re-
mains limited in practice [135], due to the complexity of their develop-
ment and the expertise required for accurate parameterization. Recent 
advances have combined physics-based models with ML to alleviate the 
scarcity of labeled real-world data in PHM [136,137]. One widely used 
strategy is to generate synthetic training data from physics-based sim-
ulations. This methodology has been successfully applied to complex 
systems, such as aircraft engines [138] and roller bearings  [139] ,to 
train classifiers where real failure data is practically non-existent. Fur-
thermore, comprehensive reviews of Digital Twin technologies highlight 
the increasing role of these simulation-based strategies in modern mod-
eling [140]. These synthetic datasets can serve multiple purposes, such 
as complementing sparse real-world measurements, creating examples 
of rare failure modes, and providing controlled variations of operating 
conditions. Typically, these physics-based simulations are used to model 
system dynamics and degradation processes, enabling researchers to 
generate comprehensive datasets that would be difficult or impossible to 
obtain from real-world operations. A major challenge in leveraging syn-
thetic data for PHM is the Simulation-to-Real gap (Sim2Real), which is 
the discrepancy between idealized mathematical representations (sim-
ulations) and the complexities of real-world operating conditions. Even 
high-fidelity simulations cannot perfectly capture real-world variability, 
resulting in a distribution gap between synthetic data and experimen-
tal measurements of mechanical systems [141,142]. Table 7 provides a 
condensed checklist for applying Sim2Real strategies in PHM, outlining 
the primary applications, requirements, and trade-offs.

Applications of simulation-to-real approaches in PHM

To address the Sim2Real domain gap, researchers have developed 
strategies that leverage both physics-based simulations and real-world 
data[2,49]. These approaches aim to mitigate the distribution shifts in-
herent between simulated and real environments. The strategies differ in 
how they handle domain discrepancies and the requirements for labeled 
real-world data, with each approach offering distinct trade-offs between 
implementation complexity and data requirements. Fig. 6 summarizes 
three key strategies:
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•Approach 1: Data Augmentation This strategy leverages physics-
based models to enhance training datasets by enriching the information 
content available to machine learning algorithms. Data augmentation 
in the context of simulation-to-real transfer operates through two dis-
tinct mechanisms, each addressing different aspects of the data scarcity 
problem in PHM.

The first mechanism, feature augmentation, expands the feature space 
by fusing physics-derived quantities with observed sensor measure-
ments. Rather than generating entirely synthetic samples, this approach 
computes additional features from physics-based models using real sen-
sor data as inputs. For example, Arias Chao et al. [4] demonstrated this 
by fusing physics-derived performance parameters with sensor data to 
improve RUL prediction in turbofan engines. This strategy has proven 
effective in reducing the amount of real-world data required for train-
ing across various applications [147,148]. Because feature augmenta-
tion operates on real sensor data and only augments the feature repre-
sentation, the primary source of uncertainty lies in the fidelity of the 
physics model rather than in the distribution shift between training and 
deployment domains.

The second mechanism, sample augmentation, addresses a different 
challenge by enlarging the training dataset through the injection of en-
tirely simulated trajectories or degradation paths. This approach is par-
ticularly valuable in PHM contexts where real run-to-failure data are 
scarce or where specific fault modes are rarely observed in practice. By 
generating synthetic degradation sequences that span diverse operat-
ing conditions and failure modes, sample augmentation ensures broader 
coverage of the operational space. However, unlike feature augmen-
tation, this strategy introduces a domain shift between simulated and 
real measurements, as the generated samples originate entirely from the 
physics-based simulator rather than from actual system observations. 
Consequently, the effectiveness of sample augmentation is more sensi-
tive to the simulation fidelity and the magnitude of the sim2real gap. 
When the domain gap is substantial, sample augmentation may require 
explicit mitigation strategies such as domain randomization or hybrid 
data generation approaches that inject simulated fault signatures into 
healthy real-world signals [149].

•Approach 2: Transfer Learning This approach involves pre-
training machine learning models using large-scale simulated data from 
first-principles simulations before fine-tuning them on a smaller set of 
labeled real-world measurements. This allows the model to learn funda-
mental physical behaviors from simulation while adapting to real-world 
noise and specificities through fine-tuning. This is particularly valuable 
when historical time-to-failure trajectories are scarce, as shown by Big-
gio et al.  [150]. for Li-ion battery discharge prediction. Similar benefits 
have been observed in reliability analysis and wind turbine monitor-
ing  [151,152]. Similar to the data augmentation approach, the trans-
fer learning approach improves generalization and reduces the need for 
large labeled datasets.

•Approach 3: Domain Adaptation This approach aims to align dis-
tributions between simulated and real-world data, enabling models to 
generalize across domains despite the absence of labeled data in the 
target domain [153,154]. Unlike transfer learning, which relies on la-
beled data for fine-tuning, domain adaptation learns domain-invariant 
features to bridge the distribution gap. Strategies such as those proposed 
by Liu et al. [153] and Wang et al. [154] learn domain-invariant fea-
tures to bridge this gap. By improving the consistency between training 
and deployment distributions, these methods enhance model reliability 
in real-world scenarios where failure labels are unavailable.

Advantages and limitations of simulation-to-real approaches in PHM

The integration of physics-based data into data-driven methods of-
fers distinct advantages for PHM, primarily by improving generalization 
to unseen operating conditions while reducing the need for a large num-
ber of labeled real-world data [155,156]. This benefit is critical given 
the cost and complexity of acquiring run-to-failure datasets for indus-

trial systems[157]. Studies have consistently shown that incorporating 
synthetic data can help model performance, as shown in [139] for bear-
ing dynamics.

In practice, this beneficial form of observational bias is introduced 
deliberately by incorporating physically realistic synthetic data into the 
training process. A straightforward implementation uses high-fidelity 
numerical models to replicate fault behaviors or, when degradation 
models are available, to simulate progressive degradation, potentially 
covering rare or extreme operating conditions [19]. However, accu-
rately modeling progressive degradation remains particularly challeng-
ing; consequently, most studies leverage physics-based simulations pri-
marily to generate diverse “healthy” samples across varying operating 
conditions rather than to model gradual fault evolution. A second lim-
itation is that models typically treat components in isolation, ignoring 
their inter-dependencies. To mitigate this, alternative strategies gener-
ate hybrid data by injecting simulated anomalies into healthy real-world 
signals [149], thereby preserving relevant operating conditions and re-
ducing the domain gap between simulated and real domains.

Additionally, generating data from high-fidelity numerical models 
(e.g. using the finite element method) can be computationally demand-
ing. Even a single simulation of a degradation process, such as fatigue 
crack growth, may require several hours to complete [158,159]. To 
overcome this bottleneck, researchers increasingly rely on computation-
ally efficient surrogate models [160] (see part I of the review for more 
details [6]). These surrogate models serve as accurate proxies for the 
full-order simulations, enabling rapid analysis and prognostics without 
the exorbitant computation cost.

While data augmentation can significantly improve model perfor-
mance, its effectiveness depends on both the fidelity of the physics-based 
simulations and their relevance to the specific classification or regres-
sion task. This highlights a key assumption in bridging the simulation-
to-real gap: the extent to which the simulated phenomena accurately 
reflect real-world degradation processes in target application. However, 
systematic studies assessing the maximum tolerable domain gap for each 
strategy remain limited.

Unexplored or emerging applications of simulation-to-real approaches in 
PHM

A promising strategy for bridging the simulation-to-real gap in PHM 
is the use of large-scale foundation models, neural networks pre-trained 
on extensive, heterogeneous corpora that learn general representations 
and can be adapted to downstream tasks via fine-tuning, few-shot, or 
even zero-shot transfer [161,162]. Foundation models have shown re-
markable success in different scientific domains, such as protein struc-
ture prediction [163], advanced weather forecasting [164,165], and 
their emerging applications in scientific machine learning [166]. The 
key advantages of foundation models stem from their two-phase ap-
proach. First, pretraining, where a single large-scale neural network 
learns to capture relevant patterns and structural relationships from ex-
tensive, diverse datasets. Second, fine-tuning, which enables the model 
to leverage these learned representations to excel at new tasks and adapt 
to different domains with limited labeled data [167].

Recent operator-transformer foundation models for scientific data 
(e.g. POSEIDON [168]) show that a network can be pre-trained on a 
limited set of PDEs and later zero-shot generalise to unseen equations, 
provided the underlying physics share structural similarities. Translat-
ing this idea to PHM, one could pre-train on large-scale, multi-condition 
bearing simulations and then adapt to real-world operating conditions 
by fine tuning on a small amount of real data. A comparable strategy 
has been recently applied in bearing dynamics, where a model trained 
on simplified lumped-parameter spring-mass simulations is adapted 
to high-fidelity multiphysics simulations of similar bearings, combin-
ing finite element analysis with elastohydrodynamic lubrication, using 
only a small number of cases. This illustrates how pretraining on sim-
plified physics can be followed by targeted fine-tuning toward more
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Fig. 6. Overview of approaches for bridging the simulation-to-real gap in PHM. The figure illustrates three primary strategies: (1) Data augmentation, which enriches 
training data by combining simulated and experimental measurements; (2) Transfer learning, where models are pre-trained on synthetic data and fine-tuned on real-
world data; and (3) Domain adaptation, which learns domain-invariant features to align synthetic and real-world distributions. black arrows indicate simulated data, 
black arrows represent experimental data, and red dashed arrows denote labels.

realistic dynamics, consistent with the foundation-model paradigm dis-
cussed above [169].

Looking forward, a critical direction for methodology development 
is LLM-guided domain randomization. Inspired by recent advances in 
robotics, this approach uses foundation models to automatically op-
timize simulation parameters (e.g., friction or noise levels), ensuring 
that synthetic training data covers the real-world operating distribution 
without requiring manual tuning.

Beyond fine-tuning, these foundation models also offer potential for 
in-context learning [170–172] capabilities (see Section 5.1), where the 
model could analyze new degradation patterns without explicit retrain-
ing or fine-tuning them to real-world data. This enables rapid adaptation 
to novel failure modes or operating conditions simply by providing rel-
evant examples within the input context.

3.3.  Generative modeling

Introduction to generative modeling
Deep generative models (DGM) are neural networks designed to 

approximate complex, high-dimensional probability distributions using 
sample data [173]. These models estimate the likelihood of observed 
data and generate new samples that follow the learned distribution. 
With their high expressiveness, DGMs effectively capture complex data 
patterns, making them valuable for enhancing generalizability, reduc-
ing dependence on large labeled datasets, and generating rare samples 
to improve model robustness. Despite challenges such as computational 
inefficiency, the synthetic-to-real domain gap (Section 3.2, and the risk 
of bias propagation, DGMs remain a powerful tool for data augmenta-
tion.

Various deep generative models have been developed to learn data 
distributions. Among the most well-known are generative adversarial 
networks (GANs) [174] achieve this by introducing two competing neu-
ral networks: a generator, which learns to create realistic synthetic sam-
ples,

and a discriminator, which distinguishes between real and gener-
ated samples. In contrast, Auto-encoders (AEs) [175] take a different 
approach by learning to reconstruct original inputs while compressing 
the data into efficient latent representations, thereby capturing the es-
sential features of the underlying distribution. A widely used variant, 
variational autoencoders (VAEs), introduce a probabilistic framework 
for encoding and decoding, allowing the model to learn a smooth and 
continuous latent space that facilitates both reconstruction and genera-
tion of new samples [176]. Flow-based generative models, such as those 
introduced in [177], take yet another approach by explicitly modeling 
the data distribution through a sequence of invertible transformations. 
More recently, diffusion models [178], inspired by non-equilibrium 
thermodynamics, have gained significant attention. These models de-
fine a Markov chain that incrementally adds noise to data during train-
ing, and then learns to reverse this process, reconstructing high-fidelity 
samples from pure noise.
Physics-informed Data Generation Despite their effectiveness in data 
generation, DGMs often require large datasets and may not always align 
with underlying physical laws. To improve their alignment with real-
world phenomena, an emerging research direction focuses on integrat-
ing physics prior knowledge into generative models by embedding phys-
ical laws and invariance properties directly into the model architecture 
or training process.

One fundamental approach, as discussed in the Sim2Real section 
(Section 3.2), is to leverage physics-based simulations to generate train-
ing data for generative models. This strategy helps ensure that the gen-
erated datasets retain key physical properties with controlled variations 
while augmenting insufficient real-world data [137–139,186]. Another 
strategy is to interpret or encode data in terms of physically meaningful 
variables, thereby improving the model’s adherence to physical princi-
ples. For instance, rather than directly predicting the wireless channel 
signals, Böck et al. [187] employed a VAE to estimate signal transmis-
sion parameters, which were subsequently used to reconstruct the chan-
nel matrix.
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Table 8 
Checklist of generative modeling.

Applications in PHM
Type of tasks Fault detection; Fault diagnosis; RUL 

prediction.

Addressed challenges Data scarcity.

Requirements

Prior knowledge Governing PDEs (optional).
Data Enough data samples to represent the 

data distribution.
Type of bias Observational bias.
Assumptions The underlying data distribution can 

be learned by the designed model.

Summary

Advantages Generalizability and adaptability; Re-
duced dependency on large dataset; 
Rare sample generation.

Disadvantages Computational inefficiency; Synthetic-
real domain gap; Bias propagation.

Resources
Repositories Deep Generative Modeling [179], 

GAN [180], TimeGAN [181]: Time-
series Generative Adversarial Net-
works, MAD-GAN [182]: Multivariate 
Anomaly Detection with GANs, 
PyOD [183]: a library that includes 
VAEs and GAN-based anomaly 
detectors, TSDiff (Time Series Diffu-
sion) [184]: A probabilistic diffusion 
model time series data imputation 
and forecasting

Datasets NASA C-MAPSS [51] and N-CMAPSS 
turbofan degradation datasets[52], 
PRONTO heterogeneous bench-
mark [185]

Beyond physics-informed data simulation and interpretation, re-
searchers have developed methods to directly integrate physics into the 
training process of generative models. These approaches aim to enhance 
model reliability, interpretability, and generalization ability by embed-
ding physics in different ways, ensuring consistency with the underly-
ing laws of physics. One prominent research direction involves incor-
porating physics constraints into the loss function to enforce adherence 
to the governing equations. This approach, pioneered by PINNs (Sec-
tion 2.1), uses physical laws as additional learning objectives during 
training. This framework has been extended to DGMs, for example Zhou 
et al. [188] proposed a physics-informed GAN for system reliability as-
sessment, which fuses limited measurement data with underlying math-
ematical models that aggregates the system state probability in evolu-
tion of time. Their method demonstrated effectiveness on a simulated 
dual-processor computing system, highlighting its potential in scenarios 
where real-world failure data is scarce. In addition to physics-informed 
loss functions, researchers have explored integrating physical princi-
ples directly into the architectural design of generative models, such 
as graph neural networks (GNNs) for physical reasoning [189], Group 
equivariant Convolutional Neural Networks (G-CNNs) to model physical 
symmetry [39] and Hamiltonian Neural Networks (HNNs) [190]. With 
the advancement of diffusion models, Bastek et al. [191] introduced 
Physics-Informed Diffusion Models (PIDMs), which integrate physical 
constraints into the training of denoising diffusion models, enabling the 
generation of samples that comply with governing PDE equations. Along 
similar lines, Qiu et al. [192] applied PIDMs for fuild dynamics, propos-
ing Pi-fusion – a method that integrates a physics-informed guidance 
sampling strategy into the diffusion process to capture quasi-periodical 
patterns in fluid motion, thereby demonstrating the potential of PIDMs 
for complex physical systems. Furthermore, Rissanen et al. [193] pre-
sented a generative modeling framework inspired by the physics of heat 
dissipation, leveraging the inverse process of heat diffusion to generate 
data that closely matches the true distribution.

Application of generative modeling in PHM

A major challenge in PHM applications is the scarcity of labeled 
training data in real-world industrial settings, as discussed in the previ-
ous subsection on simulation-to-real (Section 3.2) and in the section of 
scaling beyond single systems (Section 5). In response to this challenge, 
generative modeling has become an increasingly popular strategy for 
learning data distributions and generating realistic synthetic data in a 
flexible and efficient manner, as illustrated in the general framework 
shown in Fig. 7.

In scenarios characterized by data scarcity or imbalance, generative 
models are widely used to augment datasets and compensate for missing 
or underrepresented distributions. For instance, VAEs can learn the un-
derlying data distribution and generate additional samples for minority 
classes, resulting in more diverse and balanced datasets. This approach 
has proven effective for fault diagnosis of bearing rolling [194–196] 
and multi-phase flow process [196] under imbalanced conditions. It has 
also been applied for RUL prediction of turbofan aircraft engines [197]. 
Beyond simply enriching data distribution, generative models are 
increasingly applied to synthesize rare faulty data, which is typically 
difficult to obtain in industrial systems. Hong et al. [198], for instance, 
combined VAEs with GANs to augment noise and vibration data, 
enhancing the representation of rare fault conditions and improving the 
accuracy of bearing fault diagnosis. Furthermore, generative models 
have been applied to address scenarios involving unseen fault conditions 
by simulating novel fault types, thereby improving the generalization 
capability of diagnostic models. For instance, Rombach et al.[199] 
utilized GANs to generate synthetic data representing previously unseen 
fault types under specific operating conditions, thereby enabling partial 
open-set domain adaptation. Sun et al. [200] deployed diffusion model 
to generate visual unseen anomalies for the unsupervised anomaly 
detection task. These approaches effectively addresses the challenge of 
limited real-world fault data by enriching the dataset with diverse fault
scenarios.

Beyond data augmentation, generative models are increasingly 
applied to learn the underlying data distributions during the generative 
training, enabling the extraction of compact and informative repre-
sentations. For instance, Ren et al. [201] introduced a multivariate 
invertible deep probabilistic framework to uncover latent patterns in 
gearbox fault diagnosis. By distilling essential low-dimensional features 
from high-dimensional sensor data, their method achieved more robust 
and accurate fault classification. In addition to feature learning, DGMs 
are leveraged to model the normal behavior of complex systems. 
This approach is particularly valuable for fault detection in scenarios 
where faulty data is scarce or unavailable. By learning the distribution 
of normal system behavior, these models can identify deviations as 
potential faults. For instance, VAE-based generative models have been 
used for time series reconstruction in wind turbine anomaly detection, 
successfully identifying deviations from expected signal patterns [202]. 
Hu et al. [203] proposed a diffusion-based weakly-supervised approach 
for deriving health indicators of rotating machines, by training a 
diffusion model to generate normal samples. Similarly, Zhu et al. 
[204] combined the temporal modeling capabilities of LSTM networks 
with the generative power of GANs, enabling the capture of complex 
temporal dependencies and dynamic behaviors. The fused model design 
significantly enhances fault detection by combining the generator’s 
reconstruction error (the residual) and the discriminator’s classification
loss.

Physic-informed data generation has been increasingly applied in 
PHM to achieve more interpretable and reliable model performance by 
integrating known physical principles as constraints within generative 
models. For example, Gao et al. [141] introduced a GAN-based approach 
to generate synthetic training data that complements physics-based sim-
ulation outputs. By increasing data diversity, their method improves the 
generalization ability of models for bearing fault detection. Expanding 
on this idea, Nguyen et al.[186] proposed a fuzzy GAN that embeds 
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Fig. 7. General framework of generative modeling for PHM applications. The process consists of three main stages: (1) Data collection and pre-processing: collect 
real-world data, optionally augmented with physics-based simulated data, followed by data pre-processing; (2) Generative model training: train generative models 
to learn the underlying data distribution of input data, incorporating physical priors where applicable; and (3) PHM application: use the trained model to generate 
synthetic data, extract informative features to support downstream tasks such as fault diagnosis, anomaly detection, and remaining useful life prediction.

physical degradation models for RUL prediction to produce degradation 
trajectories that accurately mimic real-world system behavior, result-
ing in more robust RUL prediction for bearing systems and C-MAPSS 
dataset. To further integrate physical principles into the generation pro-
cess, Fan et al. [205] first performed feature extraction to capture rel-
evant physical characteristics, which were then used as reference vec-
tors in a GAN-based model. This approach facilitated the generation of 
synthetic samples tailored to infrared images, showcasing how physics-
informed feature extraction can improve diagnostic accuracy. Another 
widely adopted strategy in PHM involves incorporating physics-based 
constraints directly into the loss functions of learning models. Xu et al. 
[206], for instance, developed a physics-informed dynamic depth au-
toencoder that integrates battery state and capacity equations as penalty 
terms in its loss function. This design improves both the accuracy and 
interpretability of the lithium battery secondary variables, capacity, and 
state-of-health prediction results. Similarly, Xiong et al. [207] intro-
duced the Controlled Physics-Informed GAN (CPI-GAN) for RUL predic-
tion of turbofan engines under conditions of limited time-to-failure data. 
CPI-GAN generates synthetic trajectories of operating conditions that 
integrate degradation by incorporating five basic physics-based con-
straints as controllable terms within the loss function to enforce the 
generator. These constraints enforce consistency between the genera-
tor’s outputs and the underlying physical laws, thereby enhancing both 
the performance and reliability of the RUL predictions. In terms of ar-
chitecture design, PG-GAN [208] allows incorporating physical informa-
tion within the architecture and training process of GAN. This enhanced 
GAN-based architecture uses a VAE to structure its generator’s input, an 
ESO to provide its discriminator with real physical data, and a physical 
loss function to improve the generator’s training. Sanchez et al. [209] 
augment sensor data using Physically Informed Echo State Networks 
(ESNs). Their approach integrates domain-specific physical knowledge 
into the learning process to generate surrogate time-amplitude signals 
from the Power Spectral Density of the data and is tested on the real-
world jet fan dataset. A summary of the application contexts for gen-
erative modeling is provided in Table 8. Here, we outline the require-
ments and provides a summary of generative modeling. We review pub-
licly available repositories implementing mainstream architectures, in-
cluding Generative Adversarial Networks (GANs), Variational Autoen-
coders (VAEs), and Diffusion models. Furthermore, we highlight exem-
plar datasets widely utilized for generative tasks within the PHM do-
main. These datasets contain realistic sensor data collected under di-
verse operating conditions. Such heterogeneity is critical for evaluating 
the generalizability of generative models, enabling rigorous testing of 
their ability to synthesize robust data across varying domains and oper-
ating modes.

Advantages and limitations of generative modeling in PHM

Generative models are playing an increasingly important role in PHM 
applications by addressing critical data limitations inherent to the field, 
including the scarcity of faulty samples, incomplete coverage of possible 
fault types, and the limited availability of complete time-to-failure tra-
jectories under diverse operating conditions. A key advantage of these 
models is their ability to generate synthetic data to overcome these limi-
tations. By sampling from low-density regions of the learned data distri-
bution, they are able to generate more data for rare or underrepresented 
failure scenarios. This not only improves the representativeness of the 
dataset but also helps to balance heavily skewed datasets. Specifically, 
these models can generate new examples of rare failures to address the 
scarcity of faulty samples, and they can extrapolate from the learned 
distribution to generate unseen fault types, tackling the problem of in-
complete fault coverage. For prognostics, these models can synthesize 
entire time-to-failure trajectories, providing the complete degradation 
data needed to train robust models for RUL prediction. Beyond data aug-
mentation, generative models excel at learning robust representations 
of normal system behavior. Through training on data generation tasks, 
they learn to capture the intrinsic patterns of healthy operation across 
all conditions. This directly addresses the challenge of highly varying 
operating conditions, as the models can learn to distinguish between 
changes due to system operation and those indicating actual degrada-
tion. This capability greatly improves the generalization ability of the 
fault detection system, making it highly effective in detecting anomalies 
or deviations that may indicate potential faults.

However, applying generative models in PHM applications also 
comes with challenges. These models often require high computational 
resources and large amounts of high-quality training data, which may 
not always be available in real-world scenarios. Additionally, their com-
plexity makes them difficult to interpret, which can be a drawback in 
safety-critical applications. Without proper regularization and sufficient 
data, these models also risk overfitting to the observational biases within 
the limited dataset, leading to biased learned distributions that fail to 
generalize to new conditions. In addition, the synthetic samples pro-
duced by these models may not always align with real-world physical 
laws, leading to potential inaccuracies. Despite these limitations, gener-
ative models remain an active area of research for improving predictive 
maintenance and fault detection.

Unexplored or emerging applications of generative modeling in PHM

While generative models have demonstrated significant potential in 
PHM, many applications remain unexplored or are only beginning to 
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emerge. One promising direction is the integration of physics-informed 
constraints into generative models. By embedding prior physical knowl-
edge, these models can generate data that adheres to the fundamen-
tal principles governing industrial systems. Another emerging area of 
development is the data-efficient generative modeling, which aims to 
improve the effectiveness of these models in real-world PHM applica-
tions in scenarios characterized by limited or imbalanced data and con-
strained computational resources.

Promising research direction for PHM: Causally-informed synthetic data 
generation

In addition to integrating physical laws, embedding causal knowl-
edge into the generative process is an emerging and highly promis-
ing direction for generating reliable synthetic datasets. Just as physics-
informed models introduce inductive biases that encourage learned rep-
resentations to be consistent with physical principles, causal models bias 
generative models toward reproducing the true relationships between 
measured signals rather than confounding correlations. This causal in-
ductive bias is typically integrated by embedding a system’s causal graph 
directly into the generative architecture. Such graphs can be constructed 
using expert knowledge or obtained through causal discovery methods 
(see part I of the review [6] for more details). As a result, the synthetic 
data generated will reflect the underlying causal mechanisms instead of 
replicating spurious associations, leading to more trustworthy and inter-
pretable datasets. While the discovery and use of such causal graphs as 
inductive bias were discussed in Part I [6], leveraging them specifically 
for generative purposes represents a promising next step for implement-
ing observational bias in a principled manner.

The effectiveness of causally-informed synthetic data generation has 
already been demonstrated across several applications. For example, the 
tabular foundation model Tabular Prior-data Fitted Network (TabPFN) 
[210] was trained exclusively on synthetic data generated from causal 
models, demonstrating that models trained purely on causally-generated 
synthetic data can match or exceed the performance of models trained 
on real data for downstream tasks. More recently, first studies have be-
gun to explore this direction in industrial settings. For example, [211] 
successfully employed causal models to generate synthetic samples for 
injection molding processes. By first discovering the causal graph from 
sensor data and then refining it with expert knowledge, they constructed 
a causal model capable of generating synthetic samples that closely 
matched real distributions.

For sensor-monitored dynamical systems where many variables are 
typically strongly correlated, causal generative methods offer a princi-
pled approach to generating data that is not biased by spurious corre-
lations. Beyond this, causal methods make it possible to generate coun-
terfactual examples and rare-event samples that correlation-based ap-
proaches typically fail to capture. Although their use in PHM remains 
limited, there is growing theoretical work on causally informed gen-
erative modeling for time series. One example is the normalizing flow 
network DoFlow [212], which generates counterfactual time series by 
defining the flow-based generative process over the system’s causal 
graph. For instance, DoFlow could generate ’what-if’ scenarios showing 
how turbine vibrations would affect power generator output in a power 
plant. This causal bias leads to strong generative performance on both 
synthetic time series data and two real-world case studies: time series 
of a hydropower system and cancer treatment outcomes.

Despite these opportunities, the widespread adoption of causal gen-
erative models faces practical hurdles. First, causal architectures in-
troduce additional complexity, as they must incorporate the inductive 
bias implied by the causal graph. Second, while numerous methods ex-
ist to infer causal graphs from data, integrating causal discovery into 
the modeling workflow adds yet another layer of complexity. More-
over, causal discovery alone is often insufficient: The resulting graph 
frequently requires refinement through expert knowledge. A promising 
development in overcoming these limitations is the creation of bench-

marks and datasets with known causal graphs, such as [213]. Momen-
tum in this direction is further supported by the growing adoption of 
causal chamber experiments [214], an emerging experimental platform 
in which the true causal graph is known, enabling datasets to be paired 
with ground-truth causal structures.

In summary, progress in causal datasets, together with advances in 
causally-informed generative models for time series, is laying the foun-
dation for incorporating causal observational bias into PHM. Challenges 
remain, particularly the complexity of causal methods and the limited 
availability of reliable causal graphs, but ongoing developments suggest 
that causal generative models may soon enable more accurate, trustwor-
thy, and interpretable synthetic datasets for PHM. 

3.4.  Data fusion

Introduction to data fusion
Data fusion refers to the integration of information from diverse 

sources and modalities into a unified representation [215,216]. By lever-
aging cross-domain data, it can capture different partial information 
about the same system condition and compensate for the limitations of 
individual sources, thereby improving the overall accuracy, robustness, 
and reliability of downstream algorithms [217,218]. The ability to in-
tegrate complementary information, reduce uncertainty, and improve 
decision-making has driven the widespread adoption of data fusion 
techniques across various domains. Notable applications include au-
tonomous vehicles [219,220], computer vision [221,222], and wearable 
health monitoring systems [223]. In PHM, the increasing complexity of 
industrial systems makes it challenging for uni-modal data to accurately 
describe overall degradation processes. As a result, data fusion tech-
niques enable the integration of additional heterogeneous data streams 
(e.g., temperature, pressure, vibration) to support fault detection, diag-
nostics and prognostics in systems like aircraft engines [224,225], gear-
boxes [226], and electric vehicles [227].

From a PIML perspective, multimodal data fusion inherently intro-
duces observational bias, not merely as noise or artifacts, but as a set 
of constraints imposed by the selection, representation, and sampling 
of input data [228]. In practice, the choice of sensors, included modali-
ties, spatial configuration, and underlying measurement principles col-
lectively determine which aspects of the physical system are emphasized 
or omitted in the fused representation [229]. Rather than being a direct 
reflection of the physical system, the integrated data is shaped by the 
sensitivities and limitations of each modality, creating a composite rep-
resentation defined by both the complementarity and incompleteness of 
the data sources. In PIML, these observational biases influence model 
learning by shaping which physical laws or latent variables can be in-
ferred from the available observations [218,230]. While such biases can 
ensure that models remain grounded in sensor-accessible, physically rel-
evant information, they also risk obscuring or distorting less observable 
phenomena. Explicitly acknowledging and managing this bias is there-
fore essential for PIML as it enables models to leverage the strengths of 
data fusion for robust and interpretable inference, while mitigating the 
risk of spurious correlations or information gaps that may compromise 
physical reasoning and prediction.

Data fusion methodologies are commonly categorized by the char-
acteristics of data sources involved: heterogeneous and homogeneous 
fusion. Heterogeneous data fusion combines information from diverse 
modalities or sensor types. In PHM, commonly used data include vibra-
tion, acoustic, temperature, pressure, speed, electric current, and volt-
age signals, with visual and text data being increasingly used in re-
cent years [218,230]. However, significant challenges remain due to 
inherent variations in data quality, structure, and representation for-
mats [228]. In contrast, homogeneous data fusion integrates data from 
multiple sources of the same modality. For instance, multi-camera sys-
tems positioned at different locations capture complementary visual per-
spectives of the same scene, supporting applications such as building 
inspection [231,232] and rail defect detection [233,234].
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Fig. 8. Overview of data fusion strategies in PHM applications. This includes three primary fusion stages: (1) Data-level fusion combines raw sensor data through 
preprocessing or statistical inference to generate integrated data representations; (2) Feature-level fusion extracts modality-specific features and integrates them 
using advanced techniques; and (3) Decision-level fusion merges predictions from individual models trained on different modalities using strategies like voting or 
ensemble learning.

Recent advancements in multimodal machine learning have broad-
ened the scope of data fusion in two key directions: (1) the develop-
ment of novel neural representations by integrating common modalities, 
such as combining infrared images with vibration signals for gearbox 
diagnosis [235]; and (2) the incorporation of previously underutilized 
modalities such as natural language and semantic metadata, for exam-
ple, integrating technical documents and maintenance logs into diag-
nostic models for hydrogenerators [236,237]. To systematically cate-
gorize recent data fusion methodologies, we adopt a common classifi-
cation framework based on three fusion stages [216,238]: data-level 
fusion, feature-level fusion, and decision-level fusion, as illustrated 
in Fig. 8. Each level presents distinct trade-offs in terms of complexity, 
interpretability, and performance.

Data-level fusion focuses on the direct combination of raw data 
streams to estimate system states or conditions [216,239,240]. Classic 
approaches are typically classified into two complementary groups: pre-
processing techniques and statistical inference models. Preprocessing 
techniques, such as image processing and signal filtering [241–243], 
operate directly on raw data to achieve spatial, temporal, or statistical 
alignment of multimodal inputs. These methods preserve the original 
data format while enhancing accuracy and minimizing noise, thereby en-
suring that downstream models operate on well-calibrated, high-quality 
input data.

In contrast, statistical inference methods, including the Kalman Fil-
ter, Extended Kalman Filter, Unscented Kalman Filter, and Particle Fil-
ter, recursively integrate raw sensor observations to estimate the state 
of dynamic systems (prediction stage) while compensating for measure-
ment and process noise (correction stage) [244]. Further details on the 
use of Kalman filtering for state transitions and sequential modeling are 
provided in the State-Space Models section of Part I.

Feature-level fusion extracts high-dimensional representations 
from preprocessed data and performs cross-modal integration to con-
struct more discriminative feature representations [245]. In the con-
text of feature-level fusion, traditional feature extraction techniques 
used in ML-based PHM applications, such as Fourier and wavelet trans-
forms [242], are typically designed for a single modality. As a result, 
they are generally inadequate for fusing multimodal inputs that differ in 
sampling rates, physical units, or data formats (e.g., time-series signals, 
images, or tabular measurements) [246,247]. In contrast, recent ap-
proaches leverage deep learning architectures that automatically learn
relevant features from data. These architectures are typically applied in-
dependently for each modality to effectively capture modality-specific 
information [240,248]. To fuse these modality-specific representations, 
various fusion strategies have been proposed. Basic methods, like con-
catenation or element-wise operations on learned features, are widely 

used [249,250] but often fail to capture inter-modality correlations, po-
tentially retaining redundant information. Recent studies incorporate 
techniques such as Canonical Correlation Analysis or attention mech-
anisms to emphasize complementary information while suppressing ir-
relevant or overlapping features across modalities [240,251]. Moreover, 
graph-based models, including Graph Neural Networks, Graph Convo-
lutional Networks, and Graph Attention Networks, have emerged, en-
abling the modeling of complex interdependencies and contextual rela-
tionships within multimodal data [240,252].

Decision-level fusion combines predictions from multiple indepen-
dent single-modality models to reach a final decision [245,253]. Each 
modality-specific model generates predictions based on its respective 
measurements and algorithms, thereby offering a high degree of flexi-
bility in accommodating heterogeneous data characteristics and main-
taining robustness even in the presence of sensor noise or failure [254]. 
These methods are typically categorized into statistical approaches and 
learning-based techniques. Statistical methods use probabilistic or rule-
based frameworks, such as weighted voting [255], Dempster-Shafer the-
ory [256], and Bayesian decision theory [257], to reconcile uncertainty 
and inconsistent decisions from different modality-specific models. In 
contrast, learning-based methods often adopt ensemble learning strate-
gies, where independent sub-models are trained on each modality to 
estimate predictive confidence or contribution weights. The final deci-
sion is then obtained by aggregating these outputs, typically through 
confidence-weighted averaging or voting, to improve overall reliability 
and accuracy [258,259].

Application of data fusion in PHM

Benefiting from advances in machine learning and the increasing 
availability of multimodal data, data fusion has become a critical en-
abler in PHM, driving advancements in fault detection, diagnosis and 
prognostic through the integration of multi-source and multi-modal in-
formation [218,247]. A concise overview of representative application 
contexts, addressed challenges, and typical requirements for data fusion 
in PHM is provided in Table 9. Here, we also include Bayesian filter-
ing implementations and pretrained multimodal architectures that are 
particularly relevant to data-level and feature-level PHM applications. 
Moreover, we summarize a set of widely used public datasets that un-
derpin much of the existing literature on data fusion in PHM.

At the data level, preprocessing techniques serve as a preliminary 
step to ensure high-quality, well-calibrated input data for subsequent 
feature- or decision-level fusion. For example, frequency-domain trans-
formations and cosine similarity are commonly applied to align and 
merge homogeneous vibration signals collected from multiple sensor 
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Table 9 
Checklist of data fusion.

Applications in PHM
Type of tasks RUL prediction; Fault detection; Fault 

diagnosis.

Addressed challenges Uni-modal bias; Incomplete health 
representation; Degradation model-
ing.

Requirements

Prior knowledge Sensor models; Modality-specific rep-
resentation.

Data Heterogeneous or homogeneous data.
Type of bias Observational bias.
Assumptions Different modalities are intercon-

nected with shared complementary 
information.

Summary

Advantages Cross-modal data compensate for indi-
vidual weaknesses and improve over-
all system accuracy and reliability.

Disadvantages Inherent differences in the statisti-
cal properties of each modality and 
the complex nonlinear relationships 
among their raw representations.

Resources
Repositories FilterPya, Hugging Face Transformersb
Datasets NASA C-MAPSS / N-CMAPSS, NASA 

Li-ion Battery Aging , PHM Society 
Data Challenges, etc.

a https://github.com/rlabbe/filterpy
b https://huggingface.co/docs/transformers/index

positions. The fused signals are then fed into feature-level architectures 
for fault detection, either with CNNs combined with acoustic modalities 
in compressor blades [260], or independently into neural networks for 
rotating machinery [261]. Beyond fault detection, a common data-level 
application in PHM is the construction of health indices (HIs). HIs are 
typically generated by fusing multiple sensor measurements to support 
degradation modeling and prognostics. Various approaches have been 
proposed for HI construction, ranging from quadratic programming-
based fusion [262,263], genetic optimization [264], kernel-based fu-
sion [265], and more recently, deep neural networks that predict HIs by 
capturing nonlinear relationships among multiple sensor signals [266].

In contrast to preprocessing techniques, statistical data-level fu-
sion approaches, particularly the Kalman Filter and its variants, have 
been widely adopted in PHM. By leveraging probabilistic state estima-
tion and recursive updates, KF-based methods combine established sys-
tem models with measurements from multiple modalities to enable prog-
nostics [267,268]. However, traditional KF applications are often lim-
ited by their reliance on linear system assumptions and the requirement 
for precise a priori models, such as system dynamics and noise charac-
teristics. Recent advancements have focused on improving the adapt-
ability and robustness of KF-based methods through integration with 
data-driven techniques for RUL prediction [269,270]. While the KF as-
sumes linear system dynamics and Gaussian noise [271], the Particle 
Filter (PF) employs sequential Monte Carlo sampling to handle highly 
nonlinear and non-Gaussian systems [272]. For example, PF has been 
combined with SVM trained on fused HIs, where entropy-based fusion 
was employed to fuse the prognostic outputs from PF over multiple time 
steps [269]. Similarly, Lee et al. [270] utilized an EKF to fuse vibration 
and pressure signals, which were subsequently used to train a BiLSTM 
network for RUL prediction. These integrations leverage interpretability 
of model-based filtering and the adaptability of data-driven learning to 
capture nonlinear degradation patterns and complex system dynamics 
under time-varying conditions [273].

At the feature-level, most PHM applications have focused on signal-
based modalities, reflecting the prevalence of vibration, acoustic, and 
other time-series measurements in condition monitoring. In this setting, 

features are first extracted from each modality, either through hand-
crafted signal processing or through learnable transformations, before 
integration. Common architectures include Fully Connected Neural Net-
works for learning nonlinear feature representations [274,275], CNNs 
for capturing spatial patterns [276,277], and RNNs, especially LSTM 
variants, for modeling temporal dependencies [278,279]. Recent ad-
vances have extended feature-level fusion to increasingly heterogeneous 
modalities, broadening the scope of PHM applications through the in-
tegration of image and text data. For example, in the visual domain, 
Cordoni et al. [280] concatenated pretrained VGG features extracted 
from thermal images with structured data (e.g., internal temperature, 
power consumption) through an autoencoder, forming a unified feature 
representation for refrigerator condition monitoring. To address fea-
ture distribution misalignment in cross-modal fusion, Zhang et al. [281] 
combined separately extracted features from thermal images and vibra-
tion signals through fully connected layers, jointly optimizing classifi-
cation, maximum mean discrepancy, and cross-modal consistency losses 
for gearbox diagnostics. Similarly, the DFINet architecture incorporates 
a feature interaction module to enable cross-domain feature learning 
and a global fusion module that adaptively integrates shallow and deep 
representations from vibration, infrared, and spectral data for rotating 
machinery diagnosis [282]. For electrical power equipment inspection, 
capsule networks have been employed to fuse RGB, infrared, and ul-
traviolet imagery, leveraging vector-based features to preserve spatial 
relationships between low- and high-level features and jointly capture 
leakage, temperature, and other physical information [283].

Text-based feature fusion has gained increasing attention by in-
tegrating features from unstructured textual sources, such as mainte-
nance logs, condition reports, and technical documents, with those from 
other sensing modalities, including time-series data and images. For ex-
ample, Wang et al. [284] formulated fault diagnosis as a visual ques-
tion answering task, employing large language models to fuse textual 
expert knowledge with envelope spectrum images constructed from vi-
bration signals through the Hilbert transform and FFT. In this frame-
work, visual features from envelope spectrum images are projected into 
the LLM embedding space and concatenated with text embeddings, 
enabling multimodal reasoning that improves bearing fault diagnosis 
accuracy, particularly in limited data scenarios [284]. Beyond this, 
domain-adapted LLMs have been coupled with condition monitoring 
data to extract contextual insights from maintenance logs in hydropower 
generators [237]. In this approach, the models are fine-tuned with 
domain-specific knowledge and fused narrative fault descriptions with 
sensor-derived operational parameters to enhance situational aware-
ness. Similarly, Mandelli et al. [285] integrated natural language pro-
cessing with model-based system engineering to fuse unstructured nu-
clear plant reports with structured system models, thereby linking causal 
and health-related information directly to component functions and
dependencies.

GNNs have also emerged as a powerful framework for feature-
level fusion in PHM. A representative class of approaches is spatial-
temporal fusion architectures, which integrate graph-based physical 
topology (e.g., sensor/module relationships) with temporal sensor data. 
In such frameworks, GNNs model the spatial structure, while LSTM- 
or attention-based encoders capture temporal dependencies. This has 
been demonstrated, for instance, in turbofan engine RUL prediction 
using hierarchical sensor-module graphs with adaptive cross-graph fu-
sion [286], as well as in hierarchical attention graph convolution with 
self-attention pooling for selective sensor integration [287]. Building 
on this, heterogeneous graph fusion methods explicitly represent com-
plex system interactions by encoding diverse node and edge attributes. 
Examples include multiplex aggregation across spatial and temporal 
meta-paths to fuse heterogeneous bearing vibration patterns [288], as 
well as heterogeneous graph attention mechanisms that integrate both 
intra-domain and inter-domain dependencies (e.g., hydraulic-electrical 
subsystem couplings) with distinct temporal dynamics in hydropower 
plants [252,289]. In addition, hierarchical feature fusion techniques 
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capture multi-scale sensor correlations through multi-level attention 
mechanisms, such as node-, subgraph-, and cyclical-level modeling in 
aircraft engines [290], or adaptive weighting strategies applied to mi-
crograph sequences [291]. Beyond this, several methods augment GNN-
based fusion with physics-informed or statistical regularization, 
such as embedding autoregressive moving-average regression within 
GCNs or incorporating physics-based loss terms to prioritize timely 
fault prediction [292]. Other approaches compute performance dete-
rioration indices by fusing residuals between predicted and measured 
heterogeneous signals in hydropower turbines [293]. These enhance-
ments improve both the robustness and interpretability of PHM mod-
els. A more detailed introduction to GNN architectures and related 
PHM applications is provided in the Graph Neural Networks section of
Part I.

Advantages and limitations of data fusion approaches

Data fusion techniques significantly enhance PHM systems by effec-
tively integrating multi-source and multimodal information, thereby im-
proving the accuracy, robustness, and adaptability of detection, diagnos-
tic, and prognostic models. By combining diverse data sources, fusion 
methods provide a more comprehensive and complementary represen-
tation of system health and degradation process, capturing failure pat-
terns that may be overlooked by uni-modal approaches. From a Physics-
Informed Machine Learning perspective, incorporating complementary 
information from different modalities reduces observational bias and 
aligns learned representations more closely with underlying physical 
processes. This enriched, physically consistent view leads to more mean-
ingful insights and improves the generalization of health monitoring 
models across varying operational scenarios.

A key advantage of data fusion lies in increased robustness and fault 
tolerance, achieved through redundancy and complementary informa-
tion. This mitigates the impact of noisy, incomplete, or missing data, 
which ensures greater reliability and continuity under potentially ad-
verse conditions. Moreover, data fusion enables the modeling of com-
plex spatial, temporal, and structural dependencies often overlooked by 
single-source methods through advanced techniques like Transformers 
and GNNs, which are capable of capturing interactions across modal-
ities and components. An additional benefit is improved scalability 
and adaptability through hierarchical and hybrid fusion architectures, 
which support multi-level integration and dynamic reconfiguration in 
response to changing system states. Finally, by incorporating heteroge-
neous modalities such as text and image data, data fusion broadens the 
informational scope of PHM systems. This allows for context-aware di-
agnostics and more interpretable predictions by combining quantitative 
sensor measurements with unstructured expert knowledge or visual ev-
idence.

Despite its advantages, several challenges still limit the practical de-
ployment and effectiveness of data fusion in PHM systems. From a data 
perspective, heterogeneity remains a significant obstacle. Sensor data 
from different modalities often vary in sampling rates, formats, tempo-
ral alignment, and noise characteristics. Integrating such heterogeneous 
streams requires extensive preprocessing and complex architectures for 
effective fusion. From a methodological perspective, a critical limitation 
lies in the limited interpretability of many fusion models, particularly 
those based on deep learning. These models often operate as black boxes, 
making it difficult to validate system behavior or capture cross-modal 
correlations effectively. When interactions between modalities are ig-
nored or insufficiently modeled, the resulting fused representation may 
not leverage the richness of multi-source data.

Unexplored or emerging applications of data fusion in PHM

Modern data fusion in PHM is no longer limited to traditional physi-
cal sensors such as accelerometers, strain gauges, or temperature probes. 

Increasingly, it incorporates non-sensor data sources, including main-
tenance records, inspection reports, fault annotations, and other seman-
tic or contextual metadata, that provide complementary operational and 
historical insights.

Although the application of LLMs in PHM is still at an early-stage, 
aforementioned studies demonstrate their potential for multimodal fu-
sion, where unstructured text is combined with structured numerical 
or visual sensor data. In these settings, the text modality typically en-
codes expert knowledge, historical fault cases, or procedural descrip-
tions, whereas the sensor modality may consist of time-series mea-
surements or derived representations such as envelope spectrum images. 
By mapping these modalities into a shared embedding space, LLMs can 
perform context-aware reasoning that links descriptive knowledge to 
observed machine states.

Further research aims to integrate 3D reconstruction (e.g., pho-
togrammetry or neural radiance fields) and advanced computer vision 
(e.g., infrared anomaly detection) to construct digital twins or inspect 
visual degradation with high precision. These hybrid approaches bridge 
the gap between physical sensor data and contextual, human-generated 
knowledge, advancing PHM through enhanced interpretability and hy-
brid physical-contextual insights. Importantly, these advancements also 
highlight the need for models that can generalize across diverse operat-
ing conditions and data domains, a challenge that is increasingly central 
to the next stage of PHM research.

4.  Reinforcement learning

Introduction to reinforcement learning

Reinforcement Learning (RL) is a branch of machine learning in 
which an agent learns to make decisions by interacting with its envi-
ronment [305]. The agent takes actions and receives feedback in the 
form of rewards or penalties, using this information to improve its strat-
egy over time. The goal is to maximize cumulative reward by discover-
ing optimal policies through trial and error. Unlike supervised learning, 
which depends on labeled examples, RL agents learn autonomously from 
feedback signals received as a result of their actions. This approach is 
especially well-suited for sequential decision-making problems where 
the optimal strategy cannot be predefined [306]. Recent advances in 
deep reinforcement learning have demonstrated impressive capabilities 
across diverse domains [307], including discovering a novel matrix mul-
tiplication method [308], mastering complex strategy games [309,310], 
controlling robotic systems [311], and advancing scientific discovery 
[312,313]. In the context of PHM, this ability to learn adaptive policies 
for complex, sequential decisions is particularly critical. While tradi-
tional PHM techniques focus on passive prediction, effective asset man-
agement requires translating these predictions into active decisions that 
directly impact the physical system. RL closes this loop by enabling 
agents to interact directly with their environment, take actions, and con-
tinuously refine maintenance and operational strategies in response to 
real-world feedback [314,315].

Applications of reinforcement learning in PHM

PHM is evolving from a focus on predicting system conditions and 
remaining useful life to a more proactive paradigm: prescriptive opera-
tion and maintenance [316,317]. This emerging direction not only an-
ticipates failures but also seeks to optimize system operations in real-
time data, taking actions that extend asset life, reduce costs, and en-
sure safety. Achieving these goals requires approaches capable of mak-
ing sequential, data-driven decisions in highly complex, dynamic envi-
ronments. RL is particularly well-suited to these challenges due to its 
ability to learn from experience, adapt to evolving conditions, and op-
timize policies for long-term objectives. While research into prescrip-
tive operation is still emerging, RL has already demonstrated promise 
in decision support for maintenance scheduling and optimization. In 
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Table 10 
Checklist of reinforcement learning.

Applications in PHM
Type of tasks Prognostics; Fault detection; Prescriptive Operations
Addressed challenges Complex decision making tasks with long-term objectives and scarce supervision

Requirements

Prior knowledge Environment interaction (potentially offline/simulated).
Data Depending on the task, many interactions with the environment are needed to obtain a robust internal 

representation of the task and learn a policy that accumulates satisfactory reward levels
Type of bias Learning, Inductive and Observational bias.
Assumptions The environment’s dynamics can be learned by the agent through observations and interactions; Spar-

sity of the reward signal can be mitigated

Summary

Advantages Multi-objective optimization; Sequential decision-making; Integration with simulation environments 
and digital twins for safe policy development

Disadvantages Data inefficiency; Hard to train; Hard to define a good reward signal; Scalability

Resources
Simulation environments RLfleet: Fleet-level aircraft maintenance environment for deep RL [294]; IMP-MARL: Multi-agent RL 

benchmark for infrastructure maintenance [295]; InfraPlanner: Bridge network planning simulator 
for hierarchical RL [296]; Industrial Benchmark: Continuous-control benchmark inspired by indus-
trial process operation [297]; Grid2Op: Power-grid operation and contingency management environ-
ment [298]; CausalChamber: Physical testbed for RL and causal reasoning [299].

Repositories & toolkits IMPRL: Modular library for inspection and repair RL scheduling [300]; NASA PCoE / ProgPy: Of-
ficial prognostics models and tools for PHM-focused simulation and RL integration [301]; Stable-
Baselines3: Reference RL algorithm implementations for rapid prototyping [302]; OpenAI Gym / 
Gymnasium: Standardized RL environment API and interface suite [303,304].

these applications, RL enables data-driven strategies that improve main-
tenance timing, resource allocation, and system reliability [318,319]. 
Recent studies have demonstrated RL’s potential in domains such as en-
ergy systems [320], and manufacturing [321], underscoring its growing 
relevance for PHM. A particularly promising development is the rise of 
Physics-Informed Reinforcement Learning (PIRL), which provides sys-
tematic approaches for integrating physical knowledge into RL [322]. A 
summary of the application contexts for RL is provided in Table 10.

Building upon the PIRL framework, there are several concrete ap-
proaches for incorporating physical knowledge into RL systems. Phys-
ical priors can be integrated into RL using safety filters by refining 
RL agent actions to ensure operational constraints are never violated. 
In PHM, such filters can prevent RL agents from selecting actions that 
would cause excessive equipment wear, violate health limits, or trigger 
unsafe states during both exploration and deployment  [320]. More ad-
vanced approaches leverage Control Barrier Functions (CBFs) to provide 
formal safety guarantees, ensuring that the learnable policy remains 
within the safe operational envelope defined by the physical limits of 
the system [323,324]. Physics-Informed Neural Networks [325] em-
bed domain-specific knowledge, such as degradation models or conser-
vation laws, directly into the policy or value function architecture. The 
Phyllis framework for data center cooling control [326], which incor-
porates thermodynamic equations into the RL pipeline, achieves faster 
and safer adaptation to changing operational conditions and improved 
energy efficiency compared to conventional methods.

Incorporating task-related inductive bias by embedding physical 
models or system structures within the RL environment further nar-
rows the hypothesis space and guides agents toward physically plau-
sible behavior. Model-based RL approaches are especially applicable 
to PHM, as they can integrate detailed system dynamics and degrada-
tion processes into the agent’s world model [327]. This is illustrated 
by the reinforcement twinning framework, in which digital twins are 
co-trained with RL agents, and by the work of Bellani et al. [328], 
who demonstrated that embedding a physical degradation model and 
RUL estimation into an RL environment enables optimal operation and 
maintenance policies that outperform traditional rule-based strategies 
by adapting proactively to real-time degradation feedback [4,329]. Fur-
thermore, Graph-structured representations offer another form of in-
ductive bias, particularly for systems with complex inter-dependencies. 
For example, [330] modeled aircraft maintenance stand scheduling as 
a heterogeneous graph of maintenance stands and items, using graph 

neural networks and deep RL to efficiently capture system relationships. 
This approach led to superior scheduling performance compared to tra-
ditional heuristics, illustrating the advantages of graph-based inductive 
bias in complex PHM decision-making [331].

In summary, the integration of physical knowledge and inductive 
biases into RL architectures marks a major step toward safer, more in-
terpretable, and more effective PHM solutions, an overview can be seen 
in Fig. 9. These advances are paving the way for RL-driven maintenance 
and operational strategies that are robust to real-world complexities and 
capable of delivering both predictive and prescriptive value.

Advantages and limitations of reinforcement learning

RL offers several distinct advantages over traditional rule-based or 
supervised learning methods. System degradation in PHM is inher-
ently complex and uncertain, making learning-based methods especially 
valuable for enabling proactive, adaptive operation. RL is inherently 
designed for sequential decision-making, enabling agents to optimize 
maintenance and operational actions over time and adapt strategies dy-
namically as system conditions evolve. Additionally, RL also supports 
multi-objective optimization, balancing competing goals – such as min-
imizing downtime, reducing maintenance costs, and maximizing safety 
or reliability –through carefully designed reward functions [332,333].

Moreover, RL can be combined with model-based approaches and 
digital twins, leveraging simulation environments to train agents safely 
before deployment [334]. This reduces real-world risk and enables ro-
bust sim-to-real transfer. Incorporating physics-informed representa-
tions and domain knowledge further enhances interpretability, data ef-
ficiency, and generalization, making RL highly effective for proactive 
PHM solutions.

However, several fundamental limitations currently constrain the 
widespread deployment of RL in PHM applications. One of the most 
significant challenges is sample efficiency: RL agents require extensive 
environment interaction, often impractical or unsafe in industrial set-
tings, necessitating high-fidelity simulators or digital twins for offline 
training. However, simulators must accurately capture complex system 
behaviors and degradation mechanisms, and even then, there is a
persistent risk of a sim-to-real gap, where policies that perform well in 
simulation may not generalize to actual operations (as discussed in Sec-
tion 3.2). In this context, PIML approaches-such as the surrogate models, 
PINNs, and GNN-based representations introduced in Part I-can be used 
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Fig. 9. The framework shows safe policy training in a virtual model (left) followed by deployment on physical systems (right), with physics-informed RL including 
safety constraints and domain knowledge integration. The simulation-to-real gap represents a key transfer learning challenge in real-world deployment.

to improve the fidelity of model-based RL simulation environments 
and reduce sim-to-real discrepancies by embedding physical structure 
and constraints [6].  Also, Offline Reinforcement Learning (Offline RL) 
avoids these safety risks by learning policies entirely from static, histor-
ical datasets. To mitigate distributional shift, where the agent overesti-
mates the value of actions rarely represented in the dataset, algorithms 
such as Conservative Q-Learning (CQL) regularize the value function 
to be pessimistic about out-of-distribution actions [335]. Although 
CQL was not originally developed for maintenance optimization, its 
conservative design principles can be adapted to learn safe maintenance 
policies from logged operational data, complementing recent efforts 
in offline maintenance decision-making [336]. Beyond value-based 
offline RL methods, recent work has reformulated offline reinforcement 
learning as a sequence modeling problem using Decision Transform-
ers [337], suggesting an alternative paradigm for learning maintenance 
policies directly from historical trajectories without explicit value
estimation.

Another major challenge lies in the design of reward functions. 
Translating complex maintenance objectives-such as balancing cost, re-
liability, downtime, and risk-into a scalar reward signal is inherently 
difficult. Poorly specified rewards may incentivize unintended or even 
unsafe behaviors. To address this bottleneck, Inverse Reinforcement 
Learning (IRL) has emerged as a promising research direction. IRL in-
verts the problem by inferring the underlying objective function directly 
from expert demonstrations [338]. In PHM contexts, where expert op-
erators often rely on implicit operational knowledge that is difficult to 
codify, recent IRL approaches can extract latent risk preferences from 
historical logs. This effectively allows for imitating expert decision-
making policies by capturing implicit operational preferences, and 
may improve robustness to modeling and reward misspecification com-
pared to manually designed reward functions in stochastic environments
[339].

Beyond reward formulation, a further challenge is determining the 
optimal integration of physical prior knowledge. Imposing too many 
constraints can limit the agent’s adaptability, whereas insufficient struc-
ture may lead to unrealistic behaviors.  Finally, RL methods in PHM must 
contend with sparse rewards, partial observability, and non-stationary 
system behavior. For instance, the effects of maintenance actions often 
manifest only after long operational periods, and sensors may not fully 
capture degradation states. These factors complicate the learning pro-
cess, highlighting the critical need for high-fidelity simulation tools and 
safety-aware exploration strategies.

Unexplored or emerging applications of reinforcement learning in PHM

Combining Physics-Informed Machine Learning with model-based 
RL [340] offers a promising frontier for PHM. By embedding physical 
laws and constraints directly into simulation environments, PIML en-
ables the construction of more accurate and generalizable system mod-
els, a critical requirement for effective model-based RL. This synergy 
has already proven valuable in robotic systems, where PIML dynamics 
models allow RL agents to learn more effective policies and generalize 
across a broader range of operational scenarios [341]. Extending this 
approach to PHM could yield more robust, efficient, and trustworthy 
maintenance and operational strategies that adapt dynamically to the 
complexities of real-world assets.

Furthermore, differentiable physics simulators show great potential 
for sample-efficient, gradient-based optimization of maintenance and 
operational policies, as they expose analytic gradients of simulation out-
comes with respect to control actions [342]. Gradient information let 
agents optimise long-term maintenance or operational objectives with 
orders-of-magnitude fewer samples than classic model-free methods, 
even when the underlying dynamics are highly nonlinear, as enabled by 
differentiable, physics-informed surrogate models reviewed in Part I [6].

Equally important is the choice of state representation. Augmenting 
or replacing conventional state representations with physical param-
eters, health indicators, and degradation metrics can make RL agents 
more sample-efficient and interpretable. Moreover, incorporating Mul-
timodal RL allows agents to reason using heterogeneous data sources-
combining time-series sensor readings with visual inputs or textual 
maintenance logs (as discussed in Section 4)-to build a more compre-
hensive state representation. Techniques addressing modality alignment 
and dynamic importance weighting [343] are particularly crucial here, 
ensuring that the agent learns to prioritize the most relevant sensor in-
puts for decision-making. In PHM, these physics-informed features, of-
ten derived from domain expertise or monitoring data, enable agents to 
focus on the most relevant aspects of system health and degradation. 
This approach not only accelerates learning and improves generaliza-
tion but also enhances the transparency and trustworthiness of decision-
making in practical maintenance scenarios.

Addressing the challenge of sparse rewards and complex, long-
horizon objectives, methods such as Automatic Curriculum Learning 
(ACL) [344] and Hierarchical Reinforcement Learning (HRL) [345] 
provide structured mechanisms for training agents on progressively 
more challenging health-aware control problems. These approaches can
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facilitate learning in PHM-related settings where agents must reason 
over degradation dynamics or multi-stage operational constraints. Fur-
thermore, safety requirements can be formally incorporated through 
Constrained Markov Decision Processes (CMDPs), ensuring that long-
term optimization does not violate critical operational or safety bound-
aries. 

Promising research direction for PHM: Agentic AI
Looking ahead, an emerging trend is to integrate PHM with agentic 

AI systems, autonomous agents capable of continuous monitoring, rea-
soning, planning, and acting to manage asset health [346,347]. While 
traditional PHM models identify whether a system is behaving anomalously
or when the end of life will be reached, Agentic AI addresses the Agency 
Gap by autonomously determining how to intervene. These agent-based 
frameworks leverage advances in RL and Large Language Models (LLMs) 
to achieve higher levels of autonomy and adaptivity in maintenance 
decision-making. In contrast to pre-defined or rule-based maintenance 
policies, agentic AI systems can learn optimal strategies online, reason 
over complex scenarios with domain knowledge, plan high-level mainte-
nance tasks, and execute interventions in real time. This paradigm shift 
opens additional opportunities for scalable and adaptive health manage-
ment in fleet-wide settings [346,348].

One key enabler of agentic PHM is the integration of LLMs with 
RL-based agents for decision making in maintenance settings. Recent 
work has demonstrated that LLMs can translate natural-language task 
goals into dense reward signals for RL agents [349]. For example, Xie 
et al.  [349] use an LLM to automatically generate dense reward func-
tions from natural-language task descriptions, substantially reducing the 
need for manual reward engineering in robotic manipulation and loco-
motion benchmarks. Although these are not maintenance-specific, the 
same paradigm could, in principle, be used to derive machine-readable 
reward functions from human-specified maintenance objectives such as 
minimizing unplanned downtime, avoiding unsafe operating regimes, 
or satisfying spare-part budget constraints. In a complementary line of 
work, Liang et al. [350] introduced a "Code as Policies" paradigm where 
an LLM generates executable code that composes perception outputs and 
control primitives into multi-step manipulation behaviors. This line of 
work illustrates how LLMs can map high-level instructions and domain 
abstractions into structured, executable decision logic. In an agentic 
PHM setting, analogous mechanisms could be used to generate or adapt 
multi-step maintenance workflows (e.g., inspection-diagnosis-repair se-
quences), which are then validated or refined by an RL or optimization 
layer rather than being hand-crafted by engineers. Early PHM-specific 
prototypes already explore parts of this space. Lukens et al.  [351] 
present LLM-based PHM copilots that sit in the loop of existing mainte-
nance recommendation workflows, where LLM agents process alerts and 
historical data to propose candidate maintenance actions while keep-
ing human subject-matter experts in control. Kirubanandan [352] fur-
ther combines LLM-generated diagnostic action sequences with an ex-
ternal causal inference module, constructing causal knowledge graphs 
from historical traces and using counterfactual reasoning to rank alter-
native intervention sequences. At the industrial scale, Getz et al. [353] 
demonstrate how LLMs are used to augment, summarize, and structure 
large corpora of maintenance work orders in an aerospace manufactur-
ing plant, accelerating the extraction of recurring failure patterns and 
candidate interventions and paving the way for LLM-powered mainte-
nance co-pilots. Together, these works suggest that combining the se-
mantic understanding of LLMs with learning-based control or decision 
modules could support PHM agents that are better aligned with human 
maintenance objectives and capable of producing recommendations in 
a form that is directly interpretable by engineers.

Another promising direction of agentic AI in PHM is the increasing 
adoption of multi-agent reinforcement learning (MARL) for distributed 
asset management and fleet-level control. Real-world maintenance of-
ten involves coordinating decisions across multiple systems (e.g. a fleet 
of aircraft engines or wind turbines). MARL techniques allow a team of 

agents to learn cooperative policies, achieving global optimization while 
respecting local conditions. For instance, Xia et al. [354] developed 
a multi-agent deep RL framework to collaboratively optimize mainte-
nance schedules for an entire aero-engine fleet, outperforming indepen-
dent single-agent strategies in cost reduction and reliability. In paral-
lel, Sebastián et al. [355] propose a physics-informed MARL framework 
for distributed multi-robot coordination problems, such as formation 
control and cooperative navigation, that imposes a port-Hamiltonian 
structure on the agents’ policies and leverages self-attention over the 
interaction graph to ensure scalable, energy-consistent control. From a 
broader critical-infrastructure perspective, Rokhforoz et al. [356] pro-
pose a semi-distributed MARL framework for optimal bidding of genera-
tion units in electricity markets, where each unit is modeled as an agent 
and a graph convolutional network encodes the power-grid topology 
into the agents’ policies. By explicitly exploiting the network structure, 
their approach improves both profitability and generalization across dif-
ferent grid topologies compared to standard deep RL. Although the ob-
jective is economic rather than maintenance-focused, the combination 
of MARL with graph-based representations is highly relevant for PHM 
scenarios in networked infrastructures or IoT systems, such as power 
grids, pipeline networks, or interconnected production lines, where lo-
cal decisions must account for system-wide couplings [6]. Beyond low-
level control and coordination, agentic AI is also emerging at the orches-
tration layer. In smart manufacturing, Farahani et al. [348] propose a 
hybrid agentic AI and multi-agent framework for a prescriptive mainte-
nance use case, where an LLM-based planner agent orchestrates work-
flows across perception, preprocessing, analytics, and optimization lay-
ers, coordinating specialized software agents in industrial settings. These 
developments suggest fleet-level PHM architectures where RL/MARL 
agents handle local asset- or subsystem-level decisions, orchestrated by 
higher-level LLM planners that reason over fleet-wide constraints, doc-
umentation, and human feedback.

While HRL appears earlier as a general learning strategy for im-
proving exploration and sample efficiency, within agentic PHM it plays 
a distinct role as the hierarchical planning and decision backbone. 
Many PHM decision problems are inherently long-horizon and proce-
dural: inspections, shutdowns, and component replacements must fol-
low domain-specific workflows, safety constraints, and interdependent 
steps. Flat Markov decision process formulations often struggle to cap-
ture this structure, leading to myopic or hard-to-interpret policies. To 
address this, hierarchical frameworks decompose complex missions into 
sub-tasks and sequential plans. HRL provides the hierarchical decision 
backbone for agentic systems by enabling the decomposition of long-
horizon tasks into simpler subproblems and the joint learning of high-
level choices (e.g., which component or subsystem to inspect or repair 
next) and low-level skill policies [345], making it well-suited in princi-
ple for multi-stage maintenance scenarios where diagnostic, inspection, 
and repair actions must be coordinated over extended time horizons.

Finally, an essential attribute of agentic AI in PHM is continuous 
learning, the ability for maintenance agents to self-improve over time. 
Industrial environments are non-stationary: equipment degrades, op-
erating regimes shift, and new failure modes appear. Approaches like 
meta-reinforcement learning enable agents to rapidly adapt to new task 
conditions using minimal additional experience [357]. In PHM settings, 
Cheng et al.  [358] demonstrate that meta-RL can transfer maintenance 
strategies across different units in a fleet. Combined with digital-twin-
based online learning pipelines, these adaptive agents can refine their 
predictive and prescriptive policies continuously as new sensor evidence 
accumulates.

In summary, the convergence of RL, LLMs, hierarchical plan-
ning, and multi-agent coordination is laying the groundwork for truly 
agentic PHM systems. Emerging works demonstrate the potential: 
LLM-integrated maintenance co-pilots [351,353], cooperative MARL
frameworks [354,359], and adaptive meta-learned agents [358]. While 
many challenges remain, such as safety assurance, trust, and real-time 
compute constraints, the trajectory points toward PHM systems capa-
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ble of autonomously managing asset health, coordinating maintenance 
actions, and learning continuously from experience.

5.  Scaling beyond single systems

Physics-informed machine learning improves over purely data-
driven methods by increasing model robustness and encouraging 
physically-consistent behavior. However, PHM methods still face de-
ployment and scalability challenges, particularly in fleet-level scenarios.

When a model trained on data from a single unit is applied to other 
units within the same fleet, performance often degrades significantly 
[3]. Indeed, operational conditions can vary across assets, with many 
scenarios not captures in the original training data [360,361]. For ex-
ample, in fault diagnosis, a well-trained deep model may underperform 
on a new machine simply due to unseen environmental or operational 
conditions. Similarly, if a machine’s conditions evolve over time, the 
model may misinterpret these changes as faults if they deviate too much 
from the training distribution.

These challenges arise from the observational bias inherent in real-
world data: models are rarely trained on datasets that capture the full 
range of operating conditions across a fleet, even though all units may 
share the same underlying physics [362]. This issue is further exacer-
bated by the limited availability of labeled data, as industrial datasets 
are often sparsely annotated due to the high cost of labeling.

While domain adaptation techniques aim to address distributional 
gaps between source and target domains, they typically assume access to 
sufficient unlabeled target data. However, in practice, PHM applications 
often involve small, imbalanced, and task-specific datasets with limited 
or no labels—conditions under which conventional learning methods 
perform poorly [363].

To overcome these challenges, fast adaptation and domain general-
ization have emerged as promising strategies for scaling PHM beyond 
single-system training. These techniques aim to enable quick model spe-
cialization or improve robustness across diverse conditions:

• Fast Adaptation Methods (Section 5.1): These techniques enable 
models to quickly specialize to new assets using only a small number 
of labeled examples, either by learning optimal starting parameters 
that can be fine-tuned with minimal data, or by leveraging in-context 
learning approaches that adapt without parameter updates.

• Domain generalization methods (Section 5.2): These approaches 
aim to learn invariant representations that remain stable across di-
verse operating conditions.

5.1.  Fast adaptation methods

Introduction to fast adaptation methods
Physics-Informed Machine Learning (PIML) has advanced PHM by 

embedding physical principles into machine learning models, leading 
to better generalization and data efficiency, especially in safety-critical 
and data-sparse domains. However, real-world PHM applications often 
encounter rapidly changing conditions, new system configurations, and 
unexpected operational scenarios —that require not just robust, physics-
consistent models but also the ability to adapt quickly.

Recent research has sought to address fast adaptation by develop-
ing adaptation and transfer learning mechanisms directly within PIML 
frameworks, enabling models to update or recalibrate in response to new 
data or shifts in system dynamics. For example, a recently proposed deep 
transfer operator learning framework enables fast and efficient learning 
of heterogeneous tasks despite substantial differences between source 
and target domains [371]. At the same time, fast adaptation methods 
from meta-learning and in-context learning provide complementary ca-
pabilities for purely data-driven PHM models, allowing them to learn 
from limited examples, exploit contextual information, and general-
ize across tasks and domains with minimal manual intervention. This 
is particularly valuable in fleet-scale PHM, where operational condi-

tions vary widely and where obtaining sufficient labeled data to retrain 
models across diverse operating scenarios is increasingly impractical at
scale.

Fast adaptation methods build on knowledge acquired during an ini-
tial training phase across multiple related tasks or systems. This knowl-
edge is embedded into the model’s parameters or conditioning mecha-
nisms and can be efficiently reused when adapting to new, unseen sys-
tems or operating conditions. The unifying objective of such approaches 
is to leverage prior experience to enable rapid task transfer under scarce 
supervision and shifting operating conditions, despite differences in for-
mal assumptions across the different approaches. This problem is often 
framed within the paradigm of few-shot learning, where a model must 
adapt to a new task after seeing only a few labeled examples [372]. In 
the standard N-way K-shot setting, the model is required to classify in-
puts into N categories after observing only K labeled samples per class, 
with K typically ranging from one to ten [373]. Few-shot learning meth-
ods can be broadly grouped into two categories: those that explicitly up-
date model parameters for each new task, and those that avoid weight 
updates by relying instead on prompting or conditioning mechanisms 
for fast adaptation. An important special case is zero-shot learning, cor-
responding to the 𝐾 = 0 limit of few-shot learning. Zero-shot learning is 
particularly attractive for PHM applications, as it allows deployment on 
unseen assets, operating conditions or fault types without the need for 
costly data collection or retraining. Instead, it exploits prior knowledge 
and structural similarities between tasks to generalize across domains 
[374–376].

A key distinction among fast adaptation methods lies in whether they 
require parameter updates during adaptation or operate in a parameter-
free manner. Metric-based few-shot methods, such as Siamese networks 
[377], Prototypical Networks [378], and Relation Networks [379], fall 
into the latter category. These approaches learn an embedding space 
where samples from similar classes cluster closely together, enabling 
classification by comparing distances between embeddings rather than 
retraining the model.

Meta-learning, often described as "learning to learn," takes a differ-
ent approach by training across a distribution of related tasks to dis-
cover a parameter initialization that is broadly useful. This initializa-
tion allows for rapid adaptation to new tasks or systems with only a 
few labeled examples [373,380,381]. Among the many meta-learning 
frameworks, Model-Agnostic Meta-Learning (MAML) [382] has gained 
particular traction in PHM research because of its architecture indepen-
dence. MAML directly optimizes model parameters to find a general ini-
tialization, defined as a point in parameter space from which gradient-
based updates quickly converge to task-specific optima, as illustrated in 
Fig. 10. The algorithm uses a two-level optimization process: an inner 
loop that adapts the model to individual tasks using a few examples, and 
an outer loop that updates the initial parameters based on how well the 
model performs across many different tasks. In PHM, this approach en-
ables the model to learn a good starting point that generalizes across the 
fleet, so that for example, when deployed on a new asset, the model can 
quickly adapt using only limited data from that specific unit [383,384].

The category of parameter-free, prompt-conditioned fast adaptation 
methods keeps the model weights frozen and performs adaptation en-
tirely at inference time [385]. Unlike few-shot learning, which typically 
fine-tunes model parameters using a small set of labeled examples, in-
context learning (ICL) typically leverages large pre-trained foundation 
models by concatenating the support examples with the query directly 
in the input context. First identified in large language models [386], 
this "few-shot prompting" capability has since been demonstrated 
across various types of foundation models, including those designed for 
graph-structured data and multimodal scenarios [387,388].  In-context 
learning has proven effective for both classification and regression tasks 
using real and synthetic pre-training data, relying on tabular foundation
models [367,389], and has been evaluated extensively in the PHM 
context [369]. Using a time generative adversarial network for feature 
extraction, tabular foundation models have been applied to slewing 
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Table 11 
Checklist of fast adaptation methods.

Applications in PHM
Type of tasks Fault detection; Fault diagnosis; RUL prediction.
Addressed challenges Fast adaptation to a novel dataset or task.

Requirements

Prior knowledge Consistent observational biases across small datasets.
Data Dataset with few samples (5-100); Multiple small data sets; Unlabeled data
Type of bias Observational bias.
Assumptions Observational biases can be learned by a single model, regardless of the task. This means a training 

task can be formulated at the meta-level, or a suitable pre-training task can be defined.

Summary

Advantages Fast adaptation to novel tasks; Data efficiency; Robustness to distribution shifts; Integration of various 
data sources.

Disadvantages Computational inefficiency; Difficult task definition; Slow Adaptation in complex tasks; Limitations on 
task diversity

Resources
Repositories MAML [364]a: original implementation in TensorFlow; pytorch-maml [364]b: PyTorch implemen-

tation; Torchmeta [365]c: a collection of extensions and data-loaders for few-shot learning & meta-
learning; learn2learn [366]d: a software library for meta-learning research ensuring fast prototyping 
and reproducibility; higher [367]e: a library for higher-order optimization; TabPFN [368]f: a tabular 
foundation model for predictions on small data; TabPHM [369]: an evaluation framework for tabu-
lar foundation models tailored to PHM applications; AnomalyGPT [370]g: A a large vision-language 
model for industrial anomaly detection.

Datasets Fast Adaptation Methods are not tied to specific datasets.
a https://github.com/cbfinn/maml
b https://github.com/tristandeleu/pytorch-maml
c https://github.com/tristandeleu/pytorch-meta
d https://learn2learn.net/
e https://github.com/facebookresearch/higher
f https://github.com/PriorLabs/TabPFN
g https://anomalygpt.github.io/

bearing fault diagnosis in combination with other deep learning models 
[390].

Application of fast adaptation methods in PHM

Fast adaptation is a central objective in PHM and is often stud-
ied through the lens of few-shot learning or related meta-learning 
paradigms. In PHM, few-shot learning has been explored extensively 
to tackle label-scarce classification problems, particularly in fault diag-
nosis [381]. Early applications of few-shot learning in PHM primarily 
built on established methods, combining existing metric-based few-shot 
learning methods, such as Siamese and prototypical networks, with neu-
ral architectures that were already proven effective in the field, partic-
ularly convolutional neural networks. For example, Yang et al. [391] 
demonstrate how a few-shot learning method can be applied in bear-
ing fault diagnosis, employing Siamese convolutional neural networks , 
while Zhao et al. [392] propose a convolutional prototype network for 
chemical process fault diagnosis. More recent work in metric-based few-
shot learning has begun to integrate transformer-inspired architectures, 
especially attention mechanisms. For instance, Hu et al. [393] propose 
a relational convolutional block attention network for bearing fault di-
agnosis under few-shot conditions, specifically targeting the imbalance 
between abundant artificial damage data and limited real-world damage 
data. Building on this direction, Wang et al. [394] proposed an enhanced 
transformer model that leverages the same attention mechanism but is 
trained with a novel asymmetric loss function to improve robustness 
against label noise infew-shot bearing fault diagnosis under variable 
speed conditions Complementing these architecture-focused advances, 
recent research has also revisited the design of distance measures for 
metric few-shot learning. Costa et al. [395], for instance, employ a pre-
trained variational autoencoder and introduced a novel Kolmogorov-
complexity-based distance in the latent space, enabling system health 
estimation with minimal labeled data based on most similar k-neighbors. 
In parallel, other works have shifted focus from distance metrics to the 
learning paradigm itself, investigating how to decouple feature extrac-

tion from episodic training and integrate meta-learning with multi task 
learning. Wang et al. [396] address this by first training a feature ex-
tractor through supervised classification on source-domain labels, then 
freezing it and performing episodic metric learning in the resulting fea-
ture space. This two-stage process improves knowledge transfer and 
yields higher accuracy for bearing and gearbox fault diagnosis under 
limited data conditions. Building on this idea, Lei et al. [397] demon-
strate that feature extraction can also be enhanced through semantic 
self-supervised pretraining. They propose a prior knowledge-embedded 
meta-transfer learning framework that jointly optimizes multi-task met-
ric meta-learning and adaptive information fusion, achieving robust per-
formance in bearing fault diagnosis under scarce-label settings.

While metric-based few-shot learning primarily targets classification 
tasks, meta-learning offers a more versatile framework for fast adap-
tation in PHM [398]. Due to its flexibility and model-agnostic nature, 
MAML has become one of the most widely adopted meta-learning ap-
proaches in the PHM literature. Applications span from the health mon-
itoring of rotary machine components, such as bearings, to machining 
and manufacturing processes, as well as turbofan engine prognostics. 
For example, Ding et al. [399] integrate MAML into a meta learning 
framework for bearing prognostics and fault diagnostics, while Yang et 
al. [400] employ MAML with adaptive threshold networks to improve 
cross-domain fault diagnosis. Building on these classification-oriented 
studies, large body of work extends MAML to regression tasks, most no-
tably for remaining useful life estimation in turbofan engines [401–403], 
as well as for tool wear prediction in machining processes [404].

Recently, several extensions of MAML have been proposed to better 
address the specific challenges of PHM tasks. For example, Wang et 
al.[403] extend MAML to a Bayesian framework, enabling probabilistic 
modeling of multiple failure modes and more reliable estimation of re-
maining useful life [403]. Building on this line of work, Yang et al. [405] 
integrate MAML with conditional normalized flow to infer richer
posterior distributions in the kernel features, thereby extracting more 
discriminative information from engine and bearing degradation 
data. In a related direction, Ding et al. [406] combine MAML with 
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Fig. 10. Model-Agnostic Meta-Learning (MAML). For each task, the model starts from shared meta-parameters 𝜃0, adapts on a support set to obtain task-specific 
parameters, and then uses the query set to update 𝜃 for better generalization. The bottom-left inset shows meta-parameters converging toward the optimal initialization 
𝜃∗, while the bottom-right inset illustrates task-specific adaptation trajectories.

pseudo labeling to enable few-shot prognostics when large amounts of 
unlabeled historical data are available.

Beyond these extensions of MAML, meta-learning has also been in-
tegrated with GNNs for remaining useful life prediction under variable 
operating conditions by constructing a spatio-temporal graph that inte-
grates structural data with multi-source, multi-channel signal, demon-
strating the applicability of meta-learning to non-euclidean domains 
[407]. In addition to graph-based approaches, physics-informed meta 
learning has also been explored. Li et al. [408] propose a framework 
that integrates empirical tool wear models into data-driven modeling, 
allowing the meta-learning process to adapt quickly across wear stages 
while remaining consistent with physical laws. Similarly, Majumdar et 
al. [409] propose a hypernetwork-based physics-informed neural net-
work model for real-time monitoring of an industrial heat exchanger. 
While a large body of literature has focused on MAML-based strategies, 
recent results demonstrate that metric-based few-shot approaches re-
main competitive, and in fact outperform MAML on two bearing datasets 
using recent transformer architecture [394].

Zero-shot methodology has recently gained traction in PHM as a 
way to detect previously unseen fault types without requiring labeled 
training data. Approaches in this direction span several complementary 
strategies. Some integrate physical knowledge with generative models, 
embedding physics-based priors for zero-sample diagnosis [410]. Others 
leverage semantic descriptions of faults, where bi-linear compatibility 
functions map unseen to seen classes [374].

Building on semantic spaces, Ma et al. [411] diagnose compound 
faults from single-fault training data by projecting vibration features 
into a descriptive semantic space. Chen et al. [412] exploit informa-
tion granularity, predicting pyramid-structured attributes and matching 
them to expert-defined descriptions. Xu et al. [375] cluster represen-
tations in semantic space to infer category centroids for unseen fault 

detection, while Cai et al. [413] combine out-of-distribution detection 
with clustering and semantic attribute projections to refine classification 
of both seen and unseen faults.

Although no dominant paradigm has yet emerged, this growing body 
of work demonstrates the promise of zero-shot learning for generalizing 
fault diagnosis to entirely new failure modes.

In parallel to few-shot and meta-learning, in-context learning
has so far seen limited adaptation in PHM, though it shows promise 
in related anomaly detection tasks. For instance, Zhu and Pang [414] 
proposed an in-context residual learning framework that detects 
anomalies across diverse datasets, spanning industrial, medical, and 
semantic datasets, without requiring additional training, demonstrating 
the adaptability of ICL to heterogeneous settings. Building on this 
idea, Gu et al. [370] employed a large vision-language model to 
generate textual anomaly scores in few-shot in-context scenarios, 
aiming to enhance transparency and interpretability in industrial 
anomaly detection. These early efforts suggest that ICL could offer a 
new paradigm for PHM by enabling rapid, training-free adaptation 
with improved interpretability. A summary of the application contexts 
for fast adaptation methods is provided in Table 11.

Advantages and limitations of fast adaptation methods

Parameter-updating methods such as MAML learn parameter 
initializations that capture shared patterns across operating conditions 
or fleet units, enabling rapid adaptation to new configurations or assets 
with minimal labeled data and few gradient steps [415]. This signifi-
cantly reduces both calibration time and the reliance on extensive fault 
libraries for each unit. However, the bi-level optimization introduces 
substantial computational overhead from backpropagating through
inner and outer loops, which can be prohibitive in industrial applica-
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tions [382,416]. In addition, MAML performance remains dependent 
on the underlying model architecture. These methods are also sensitive 
to domain shift, when deployment conditions differ from those seen 
during meta-training, the learned initialization may adapt poorly or 
produce miscalibrated predictions [417]. Additionally, changes in 
sensor modalities or data structures typically require retraining, since 
the meta-learned parameters are architecture-dependent [418]. Com-
pared to MAML, metric-based few-shot methods have the advantage of 
avoiding inner-loop gradient updates at test time, which makes them 
faster, more stable, and less sensitive to optimization hyperparameters, 
as inference typically reduces to embedding and nearest-neighbor 
comparison rather than meta-optimization. Nevertheless, these meth-
ods can struggle to generalize when new classes or tasks significantly 
differ in distribution from the training data, since the learned metric 
or embedding space may fail to capture meaningful similarities and the 
resulting metric can become unreliable in unseen domains.

Parameter-free approaches like in-context learning enable adapta-
tion by providing a few labeled examples directly within the input, al-
lowing the model to infer task patterns without any parameter updates. 
This offers significant flexibility since the same model can handle di-
verse tasks and data structures simply by changing the provided exam-
ples. However, these methods rely on attention mechanisms that scale 
quadratically with sequence length, creating substantial computational 
overhead that limits both the length of time series that can be processed 
[419] and the number of in-context examples that can be provided. Per-
formance depends heavily on carefully selecting, ordering, and curating 
the in-context examples [172,420].

Unexplored and emerging applications of fast adaptation methods in PHM

Building on recent advances in meta-learning advances opens up sev-
eral promising research directions for PHM. Meta-reinforcement learn-
ing, for instance, shows how agents can acquire learning priors that en-
able rapid adaptation to new tasks from few interactions [421]. Applied 
to PHM, this could yield control policies that adjust on the fly to new 
machines, fault modes, or operating conditions, alleviating the need to 
retrain from scratch for each scenario and reducing the computational 
burden of RL applications (Section 4).

Complementing this, physics-informed meta-learning shows strong 
potential for generating surrogate models that generalize across PDE-
driven tasks and adapt to new system parameters with minimal data 
[422,423]. For PHM, such approaches could enable fast-calibrating dig-
ital twins that adapt to new assets with limited sensor data while re-
specting known degradation physics.

A third direction is unsupervised meta-learning, which generates di-
verse training tasks from unlabeled data through augmentations and 
mixing strategies to train models for transferable adaptation patterns 
[424]. Unlike foundation models where in-context learning emerges in-
cidentally from general pretraining, this approach explicitly optimizes 
for task adaptation. In PHM, this could allow models to learn adaptation 
strategies directly from abundant unlabeled operational data and later 
specialize to new fault modes or asset configurations without extensive 
labeled fault libraries.

Finally, foundation models present a complementary approach. 
General-purpose language models have been adapted for equipment 
monitoring in industrial cyber-physical systems [425] and wind turbines 
[426], with specialized variants developed for mechanical fault diagno-
sis of bearings [427]. Recent advances beyond language models  show 
that time-series foundation models can be reprogrammed by keeping 
language-model backbones frozen while adding lightweight adapters for 
cross-domain transfer [428], or by treating series as text tokens to en-
able zero-shot forecasting [429]; unified architectures further handle 
forecasting, classification, and anomaly detection within a single back-
bone [430], with multimodal grounding and federated variants improv-
ing instruction-following over visualized traces and privacy-preserving 
cross-domain transfer [431,432]. These capabilities have been success-

fully transferred to fault detection applications [433,434]. However, 
currently available publicly released foundation models still lack do-
main specificity. Several works therefore investigate the development 
of customized foundation models that integrate domain-specific priors 
of large-scale problem areas such as the monitoring of wind turbines 
[426] or electric power grids [435].

5.2.  Domain generalization: Learning to generalize to unseen domains

Introduction to domain generalization
A fundamental challenge in PHM is domain shift, which occurs when 

the data distribution in the operational environment differs from the 
training dataset. This distributional discrepancy arises from several fac-
tors, including variations in operating and environmental parameters 
[445] such as load, speed, and temperature, and humidity, as well as 
differences in system configurations such as sensor types and place-
ments, calibration settings, or overall system design. Furthermore, tem-
poral factors like system degradation and seasonal changes can intro-
duce gradual data shifts [446]. Consequently, this mismatch between 
source and target domains often leads to a significant deterioration in 
model performance, limiting the generalizability of machine learning 
solutions to new conditions [447,448].

To address the challenge of domain shifts, several learning 
paradigms have been explored. While fast adaptation methods (Sec-
tion 5.1) such as few-shot learning [449], meta-learning [450], in-
context learning [170], and domain adaptation (DA) [448] are effec-
tive, they typically rely on the availability of samples from the target 
domain. However, this assumption may not hold in many real-world sce-
narios, such as fault diagnosis and remaining useful life prediction. Do-
main generalization (DG) [437,451], in contrast, offers a more promis-
ing approach. By leveraging knowledge from several source domains, 
DG techniques aim to develop models that exhibit improved generaliza-
tion capabilities on target domains not encountered during training. An 
illustration of the differences between domain adaptation and general-
ization is shown in Fig. 11.

DG can be generally categorized into three main approaches [437]: 
data manipulation, representation learning, and learning strategies. 
Data manipulation techniques enhance generalization by increasing the 
diversity of training data through augmentation [452,453]. Representa-
tion learning methods seek to acquire domain-invariant representations 
using domain-adversarial neural networks [454,455], explicit feature 
distribution alignment [456], and instance normalization [457]. Addi-
tionally, learning strategies such as meta-learning [458], gradient oper-
ation [459], and self-supervised learning [460] have been explored to 
improve generalization performance. For example, [459] forces the net-
work to activate features that correlate with labels, and [460] designs 
multimodal self-supervised pretext tasks such as masked cross-modal 
translation and multimodal Jigsaw puzzles to improve generalization.
Prior Knowledge-based Domain Generalization Beyond purely data-
driven strategies, domain generalization can also benefit from incor-
porating prior knowledge that captures invariances shared across do-
mains. Such priors constrain the learning process toward features that 
are less sensitive to distributional shifts, thereby improving robustness 
and transferability.

Variations in operating conditions, environmental factors, and sys-
tem configurations described above can alter the statistical properties 
of the measured signals, often affecting their frequency content. Since 
certain frequency components remain relatively stable across domains, 
they can serve as robust priors for domain generalization. Leveraging 
such frequency-domain priors allows models to focus on features that 
are invariant to domain shifts.

For example, the Fourier phase of an image, which encodes high-
level semantic structures, is robust to common domain shifts [461]. 
Similarly, deep neural networks exhibit an inherent bias towards 
learning certain frequency components during training [462]. Incor-
porating these frequency-based priors into the learning objective can 
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Table 12 
Checklist of prior knowledge-based domain generalization.

Applications in PHM
Type of tasks Fault detection; RUL prediction.
Addressed challenges Poor generalization to different machines or conditions.

Requirements

Prior knowledge Frequency components in neural networks and Fourier-based analysis.
Data Labeled source domain data.
Type of bias Frequency domain prior of data and neural networks.
Assumptions The labeled source domain data is available while the target domain data is unavailable.

Summary

Advantages Improved generalizability with incorporation of Frequency domain information.
Disadvantages Difficulty of capturing all possible domain variations and the risk of overfitting to source domains.

Resources
Repositories DomainBed [436], Transfer Learning Library  [437], DG for Fault Diagnosis  [438]
Datasets XJTU Dataset: acceleration signals from bearing [49], PU Dataset: artificially damaged and life-

accelerated bearings [439], JNU Dataset: bearings in a centrifugal fan system [440], SCP Dataset: 
self-priming centrifugal pump [441], MIMII: sound of industrial machines under normal and anoma-
lous operating conditions [442], PACS: object recognition benchmark including four domains (photo, 
art-painting, cartoon, sketch) [443], OfficeHome: object recognition benchmark from four domains 
(Art, Clipart, Product, Real-World) [444].

guide models toward more transferable features, thereby improving 
robustness and generalization.

A common technique involves manipulating the Fourier compo-
nents directly, where phase information (structural content) is preserved 
while the amplitude information (domain-specific characteristics) is 
swapped with that of other domains [461]. This strategy retains core 
structural information while mitigating domain-specific variations. To 
further refine this, some methods introduce a soft-thresholding function 
to remove small, potentially noisy frequency components that might be 
domain-specific [463].

Beyond static Fourier manipulation, recent methods combine fre-
quency priors with physically grounded augmentation strategies. For in-
stance [464] perturbs the Fourier amplitude in proportion to the original 
energy distribution, ensuring that the perturbations remain physically 
plausible while introducing controlled variability. This targeted spectral 
modification exposes the model to a broader range of frequency configu-
rations, encouraging the extraction of structural cues that remain stable 
across domains. Similarly, PhysAug [465] integrates physical guidance 
with frequency-domain augmentation for single-domain generalized ob-
ject detection. By combining physically motivated perturbations with 
spectral manipulations, PhysAug improves model robustness without in-
troducing unrealistic artifacts.

In addition to spectral invariance, prior knowledge can also take the 
form of structural and causal relationships derived from the underlying 
physics of the system. For instance  [466] encodes causal dependencies 
between physical variables and measurement signals, integrating them 
into the learning process via physics-based constraints. By constraining 
the learned features to adhere to known physical mechanisms, the 
model is encouraged to focus on domain-invariant relationships, 
improving generalization to operating conditions never encountered 
during training.

Finally, the inherent frequency bias of deep neural networks 
can itself be leveraged or corrected. Such models tend to learn 
lower-frequency components first, which can create a dependency 
on "frequency shortcuts" patterns that are highly correlated with the 
source domain but do not generalize well  [467]. Recognizing this, Lin 
et al. [462] introduced deep frequency filtering, which modulates fre-
quencies in the latent space. This method uses an attention mechanism 
in the frequency domain to amplify transferable features and suppress 
non-transferable ones.

Application of domain generalization in PHM

In many practical PHM applications, obtaining representative la-
beled data from all possible future operating conditions or equipment 

configurations is either prohibitively expensive or simply not feasible. 
In such cases, DG becomes a more critical and relevant task than DA, 
as it does not rely on access to target domain data during the training 
phase. In PHM, the successful application of DG enhances the reliabil-
ity of key predictive tasks, such as RUL estimation and fault diagnosis, 
across diverse and previously unseen equipment. This improved pre-
dictive accuracy directly enables more efficient resource allocation. For 
example, by facilitating just-in-time maintenance scheduling based on 
reliable RUL predictions, organizations can avoid both premature com-
ponent replacement and costly unexpected failures. This targeted ap-
proach optimizes the deployment of maintenance personnel and spare 
parts, ultimately maximizing equipment availability and reducing oper-
ational costs. The following sections review how DG approaches have 
been applied to the two labeled PHM tasks: fault diagnosis and remain-
ing useful life prediction.

Domain generalization plays a crucial role in building fault di-
agnostics and prognostic models that are robust to unseen operating 
conditions. Key strategies include data manipulation, representation 
learning, and advanced learning strategies [468]. Data manipulation 
techniques enhance training data diversity [469]; for instance, the 
domain augmentation generalization network employs multi-source 
augmentation and adversarial training to generate varied data, boosting 
the model’s robustness to out-of-distribution samples [470]. Represen-
tation learning aims to extract domain-invariant features [471,472]. A 
common strategy is to combine Domain Adversarial Neural Network for 
implicit feature alignment with explicit Maximum Mean Discrepancy 
minimization to reduce distribution gaps, an approach that has 
been successfully applied to diagnose rock drill faults under variable 
conditions [473]. Finally, learning strategies like meta-learning directly 
optimize for generalization. The Meta-GENE framework [474], for 
example, uses a model-agnostic meta-learning procedure with gradient 
alignment to learn a domain-invariant optimization policy, achieving 
strong performance on gearbox fault diagnosis tasks.

Applying domain generalization to RUL prediction is essential for 
creating prognostic models that can adapt to new assets or changing 
operational profiles, a task where target run-to-failure data is often not 
available [475]. RUL prediction is a regression task and is more diffi-
cult than classification because it requires precise, continuous predic-
tions that are highly sensitive to distribution shifts. Additionally, small 
changes in input can lead to large output errors, making robust general-
ization across domains more challenging than in classification. Data ma-
nipulation strategies generate synthetic degradation trajectories to train 
more generalizable regressors [476]. The Adversarial Out-Domain Aug-
mentation [477] framework exemplifies this by training a generator to 
produce diverse pseudo-domains of degradation signals, which are then 
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Fig. 11. Differences between learning paradigms for domain adaptation and domain generalization [438].

used to train a robust RUL predictor. Representation learning methods 
focus on creating a domain-agnostic health index [478]. This is often 
achieved by integrating recurrent architectures like Bidirectional Gated 
Recurrent Units (BGRU) [479] with a DANN, where the BGRU captures 
temporal degradation patterns and the DANN aligns feature distribu-
tions across different working conditions. Advanced learning strategies 
are also employed, particularly for small-data scenarios. For instance, a 
meta-domain generalization method for tool wear prediction [480] uses 
a phased approach of data splitting, meta-pre-training, and fine-tuning 
to effectively generalize from limited source data. A summary of the 
application contexts for domain generalization is provided in Table 12.

Advantages and limitations of domain generalization in PHM

Domain generalization offers significant advantages for the practical 
application of PHM in industrial settings. A primary benefit is the re-
duced dependency on labeled data from every potential target domain. 
In many PHM applications, acquiring comprehensive labeled datasets 
that encompass all operating conditions, equipment variations, and en-
vironmental factors is often prohibitively expensive, time-consuming, 
or impractical [438]. DG mitigates this challenge by enabling mod-
els trained on a limited set of source domains to generalize effectively 
to new, unseen target domains, thereby reducing the need for target-
specific labels. Additionally, DG does not rely on access to target domain 
samples, thereby addressing a key limitation of DA methods.

Moreover, models developed with DG techniques demonstrate en-
hanced robustness and reliability when deployed in real-world environ-
ments characterized by distribution shifts. By design, these models are 
more adept at managing the inherent variability of operational data, 
resulting in more consistent and accurate predictions of faults and RUL 
across diverse conditions [481]. This enhanced reliability is essential for 
building trust in PHM systems and supporting their adoption in safety-
critical industrial and infrastructure applications.

Despite these benefits, DG faces notable limitations. It fundamen-
tally relies on the assumption that the source domains capture enough 
variability to represent potential target domains. When novel or unfore-
seen operational shifts occur in the target environment, they may lie 
outside the scope of the source data, leading to degraded performance. 
In addition, strong generalization typically requires a diverse and care-
fully curated training dataset, which can be difficult to obtain in many 
industrial PHM settings.

Unexplored or emerging applications of domain generalization in PHM

In PHM, domain generalization is an emerging approach to enhance 
fault diagnostics and prognostics across diverse operational conditions. 
However, most existing DG research in PHM primarily focuses on 
unimodal data, while the real world is multimodal. Effectively inte-
grating information from multiple modalities is crucial for improving 
diagnostics and prognostics performance [482,483]. One major barrier 
to multimodal DG in PHM is the lack of public multimodal datasets and 
benchmarks. For example, the accelerometer data is the predominant 
modality in fault diagnosis, while other modalities may also help, 
such as images and audio data, as motivated in Section 4. To advance 
research in this area, it is essential to identify use cases where multiple 
modalities are critical and develop standardized benchmarks tailored 
to those applications. For example, in the railway monitoring system,
vision modality is a good complement to time-series modality for arcing 
detection. An additional limitation is that most existing DG approaches 
for PHM operate under the closed-set assumption, which presumes 
identical label spaces across domains. However, in real-world applica-
tions, target domains often contain unknown faults, making it essential 
to detect and handle them effectively. Techniques developed from the 
out-of-distribution detection [484,485] and anomaly detection [486] 
domains could be leveraged and adapted to facilitate unknown class 
detection. Finally, exploring DG techniques for fault detection is also 
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promising, as it addresses a fully unsupervised and considerably more 
challenging setting.

6.  Conclusion

Prognostics and Health Management has evolved into a critical dis-
cipline for ensuring the safety, efficiency, and resilience of complex en-
gineered systems. Modern PHM extends well beyond traditional tasks 
such as fault detection, diagnostics and prognostics to encompass system 
health management, health-aware decision-making, real-time control, 
and fleet-level asset operation and maintenance optimization. Meeting 
these demands requires algorithms that are accurate and scalable, in-
terpretable, robust to uncertainty, and consistent with physical system 
behavior.

While machine learning has enabled major advances in PHM by mod-
eling complex dynamics and integrating multimodal data, purely data-
driven models often struggle under distribution shifts, perform poorly 
when data is limited or noisy, and often lack physical consistency. These 
limitations are particularly critical in domains where degradation pro-
cesses are gradual, only partially observable, and influenced by exter-
nal factors not directly measured. To address these challenges, Physics-
Informed Machine Learning has emerged as a promising paradigm that 
integrates domain knowledge and physical constraints into the learning 
process, improving model reliability and trustworthiness.

In this second part of our review on Physics-Informed Machine Learn-
ing for PHM, we have focused on the remaining two biases that comple-
ment the inductive biases reviewed in Part I: learning biases and obser-
vational biases. These two biases shape how machine learning models 
are trained and exposed to data in ways that embed physical knowledge, 
improve robustness, and enhance trustworthiness, especially in indus-
trial settings where data is sparse, labels are limited, and degradation 
evolves under complex, partially observable conditions.

We examined how learning biases guide the optimization process 
by embedding physical principles into loss functions, training objec-
tives, or regularization schemes. Physics-Informed Neural Networks and 
degradation-informed learning methods serve as prototypical examples, 
ensuring that predictions are consistent with known dynamics or gen-
eral physical properties of degradation processes such as monotonicity 
and irreversibility. In parallel, observational biases enhance model ro-
bustness by curating, enriching, or reconstructing datasets that more 
faithfully represent system behavior. Techniques such as virtual sensing, 
overcoming the simulation to real domain gap of physics-based simula-
tions, physics-informed data augmentation, and multimodal fusion help 
bridge gaps in observability, enabling models to generalize beyond nar-
rowly defined training distributions.

We also highlighted how to transition from prediction to action in 
PHM by leveraging reinforcement learning and health-aware control, 
enabling intelligent decision-making grounded in physical understand-
ing. In this context, RL closes the loop from physics to machine learn-
ing and back to the physical world, where model-driven decisions di-
rectly affect system behavior. This shift transforms PHM from a passive 
monitoring task into an interactive, decision-oriented discipline, where 
learned policies adaptively manage reliability, risk, and performance in 
dynamic environments.

Despite this progress, several open challenges remain. A major lim-
itation, as already outlined in Part I, is the lack of systematic bench-
marking and validation in realistic industrial contexts. Methods are typ-
ically evaluated on synthetic or clean and controlled laboratory datasets 
, making it difficult to assess their robustness, transferability.

Degradation-informed approaches provide valuable flexibility, but 
their simplifying assumptions remain limiting, particularly in disen-
tangling degradation from operational dynamics. Observational bias 
techniques such as leveraging simulated data or deploying virtual sen-
sors carry inherent limitations. Synthetic trajectories generated from 
physics-based simulations often fail to reflect the complexity and vari-
ability of real-world degradation, hence leading to a simulation-to-real 

gap. Virtual sensing strategies that infer hidden system states from indi-
rect sensor measurements introduce modeling and identifiability uncer-
tainties, as sensor drift can lead to error accumulation that propagates 
misrepresentations of system health.

Looking ahead, several promising research directions emerge. One 
is the development of adaptive training strategies that adjust the influ-
ence of physical constraints based on model confidence or data cover-
age. Another is advancing physics-aware generative models that syn-
thesize realistic and physically plausible degradation trajectories. In 
RL, there is increasing potential in embedding physical structure at 
different levels, including the reward function, policy architectures, 
world models, and value functions, enabling physics-informed and 
sample-efficient decision-making. Hybrid frameworks that combine par-
tial physical knowledge, data-driven inference, and symbolic reasoning 
are particularly promising for scenarios where physics is implicit or only 
partially known. Finally, scaling to fleet-level deployment will require 
generalization across diverse systems and operating conditions, motivat-
ing new research in meta-learning, in-context adaptation, and domain 
generalization under physical constraints.

In summary, this second part of our review expands the PIML frame-
work to include not only inductive biases but also learning and obser-
vational biases, thus completing the picture of how physical knowledge 
can be infused into data-driven PHM systems. By embedding physics 
throughout the modeling pipeline (from data to training, to decision-
making) PIML offers a powerful paradigm for building scalable, reli-
able, and physically consistent PHM solutions that meet the demands of 
real-world deployment in complex, safety-critical systems.
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