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ABSTRACT 
Unexpected failures in rotating machinery cause substantial economic losses and safety hazards in industrial systems, 
underscoring the practical need for reliable condition-based monitoring. Intelligent fault diagnosis must simultaneously 
address three real-world constraints in Industrial IoT deployments: severe data scarcity, dynamic distribution shifts, and 
the presence of previously unseen fault categories. This paper reviews a decade of methodological progress (2016–2026), 
tracing the development from unsupervised clustering and few-shot meta-learning to open-set single-source domain gen-
eralization. We propose a unified six-tier taxonomy classifying methods into data-level synthesis, metric/meta-learning, 
domain adaptation, domain generalization, open-set recognition, and an emerging category covering attention-based and 
self-supervised approaches. We examine the integration of wavelet-guided generative models with adversarial and pro-
totype-aware alignment objectives, contextualize convergent findings on attention mechanisms and self-supervised pre-
training that corroborate the role of structural frequency priors, and show that purely distributional alignment is insuffi-
cient under open-set conditions without latent-space structural constraints. Five open problems are identified: OS-SSDG, 
calibrated conformal thresholding, physics-informed class completion, zero-shot disentanglement, and foundation-model 
pre-training for IIoT. We conclude that Conformal Prediction combined with wavelet-structured representations offers a 
principled path toward bounded, interpretable fault diagnosis under realistic industrial constraints. 

KEYWORDS
Intelligent fault diagnosis, Domain generalization, Open-set recognition, Wavelet packet transform, Generative models, 
Transfer learning 

1. INTRODUCTION 

Rotating machinery constitutes a critical subsystem in manufacturing, energy, and transportation infrastructure. Un-
planned failures lead to significant operational disruptions and safety hazards [9-10]. While deep learning has transformed 
fault diagnosis through automatic feature extraction [14, 15, 19], real-world Industrial Internet of Things (IIoT) deploy-
ments differ fundamentally from controlled laboratory settings: datasets are severely imbalanced, operating conditions 
are non-stationary, and new failure modes emerge continuously throughout equipment lifecycles. 

The development of intelligent fault diagnosis over the past decade (2016–2026) shows a consistent progression from 
supervised approaches that require large, perfectly labeled datasets toward methods that operate under increasing practical 
constraints. Early convolutional architectures from 2016–2018 demonstrated end-to-end learning on raw vibration signals 
[14-16, 19]. By 2020–2022 the community had largely moved toward transfer learning and domain adaptation to bridge 
the gap between training and deployment conditions [25, 26, 39]. Current research addresses domain generalization and 
open-set recognition, where neither target domain data nor a complete fault catalog is available at training time. 
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Practical deployment of fault diagnosis models involves three interrelated difficulties. First, fault instances are rare and 
annotation is costly, creating a persistent data scarcity problem. Second, variable loads, speeds, and sensor configurations 
produce distribution shifts that degrade models trained under fixed conditions. Third, field operation continuously intro-
duces fault modes absent from any training catalog, requiring open-world recognition capability. Recent surveys confirm 
that each challenge is tractable in isolation, but their simultaneous occurrence requires unified treatment [11-13]. 

This paper traces the methodological evolution across these three axes, connecting data augmentation strategies, domain 
adaptation mechanisms, and open-set recognition frameworks into a coherent account of ten years of progress. We pro-
pose a six-tier taxonomy and identify five open problems, OS-SSDG, calibrated conformal thresholding, physics-in-
formed class completion, zero-shot disentanglement, and foundation-model pre-training, as the agenda that follows from 
the surveyed decade. 

Unlike prior surveys that treat data scarcity, distribution shift, and open-set recognition separately [39, 40], this paper 
provides a unified account that maps methodological transitions, identifies the failure modes of each approach under 
realistic conditions, and outlines concrete research directions. The central argument is that structural constraints, physical 
signal priors, prototype-based objectives, and conformal coverage guarantees, are necessary complements to purely sta-
tistical alignment in robust fault diagnosis. 

The paper proceeds as follows. Section 2 formalizes the problem setting and presents the three-era historical evolution. 
Section 3 introduces the six-tier methodological taxonomy. Section 4 provides comparative analysis and performance 
benchmarking. Section 5 identifies five open problems. Section 6 concludes. 

2. PROBLEM FORMULATION AND HISTORICAL EVOLUTION 

2.1. Formal Problem Formulation 

We formally define the four core paradigms addressed in this review. Let 𝒳 denote the input space and 𝒴 the label space. 

Definition 1 (Domain Adaptation (DA)).  Given a labeled source domain 𝒟ௌ = {(𝑥௜௦,𝑦௜௦)}௜ୀଵேೞ  and an unlabeled target 
domain 𝒟் = {𝑥௝௧}௝ୀଵே೟ , where marginal distributions differ (𝑃ௌ(𝑋) ≠ 𝑃்(𝑋)). Under the standard covariate shift assump-
tion, the conditional distributions are assumed invariant (𝑃ௌ(𝑌|𝑋) = 𝑃்(𝑌|𝑋)), and label spaces are identical (𝒴ௌ =𝒴்). DA seeks a hypothesis ℎ:𝒳 → 𝒴 that minimizes the target risk 𝜀்(ℎ) by leveraging 𝒟் during training. (Note: 
Recent extensions address concept drift where 𝑃ௌ(𝑌|𝑋) ≠ 𝑃்(𝑌|𝑋) [32].) 

Definition 2 (Domain Generalization (DG)).  Given only 𝑀 labeled source domains {𝒟ௌ೘}௠ୀଵெ , DG seeks a hypothesis ℎ 
such that the risk 𝜀்ೖ(ℎ) ≤ 𝜖 for all unseen target domains 𝒟்ೖ (bounded by the source domain risks and the ℋΔℋ-
distance between domains [28]), without any access to target data during training. When 𝑀 = 1 it is termed Single-
Source DG (SSDG). 

Definition 3 (Open-Set Recognition (OSR)).  Given 𝐾 known classes, OSR requires correct classification of known in-
stances while rejecting instances from 𝐾∗ unknown classes (𝒴௞௡௢௪௡ ∩ 𝒴௨௡௞௡௢௪௡ = ∅). The decision rule incorporates a 
rejection function based on a scoring function 𝑠(𝑥): ℎ(𝑥) = “unknown” if 𝑠(𝑥) < 𝜏, where 𝜏 is a calibrated threshold. 
This formulation avoids strict reliance on Maximum Softmax Probability (MSP) heuristics [37]. 

Definition 4 (Open-Set Single-Source Domain Generalization (OS-SSDG)).  Given a single labeled source domain (𝑀 =1) with known classes 𝒴௞௡௢௪௡, OS-SSDG seeks a hypothesis ℎ such that: (a) the risk on all unseen target domains remains 
bounded by a theoretical margin, and (b) for any instance 𝑥 from unknown classes 𝒴௨௡௞௡௢௪௡, ℎ(𝑥) = “unknown” with a 
target coverage probability of 1− 𝛼. Note: Achieving the marginal coverage guarantee Pr[ℎ(𝑥) = “unknown”] ≥ 1−𝛼 via Conformal Prediction requires a held-out calibration set that satisfies the exchangeability assumption [41]. In a 
strictly offline single-source setting, a source-domain proxy calibration set must be used, and the guarantee is conditional 
on the degree of domain similarity, see Remark 1 for a discussion. 

2.2. Era I: Foundations of Deep Learning for Fault Diagnosis (2016–2020) 

The period 2016–2020 was defined by the transition from handcrafted feature pipelines to end-to-end deep learning on 
raw or lightly preprocessed vibration signals. One-dimensional convolutional neural networks demonstrated that raw 
waveforms could be processed directly without prior signal conditioning, outperforming traditional spectrum analysis 
baselines [14, 15]. Hierarchical feature learning via deep belief networks and stacked autoencoders established that deep 
architectures could capture fault-relevant representations from unlabeled data [16, 17]. The introduction of multi-scale 
convolutional kernels and data-adaptive preprocessing pipelines [19] further improved robustness to variable shaft speeds 
and sensor mounting positions, a practical concern that purely academic benchmarks had obscured. 

Despite these advances, all supervised architectures in this period required large, balanced, labeled datasets that are rarely 
available in practice. Bearing fault events occur infrequently, and acquiring labeled data across all failure modes involves 
deliberate fault seeding, an expensive and operationally disruptive process. This observation motivated two parallel re-
search threads in the second half of Era I: generative models to synthesize fault data from limited examples, and few-shot 
learning to generalize from small support sets. 
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The integration of Short-Time Fourier Transform (STFT) with Categorical GANs enabled end-to-end unsupervised clus-
tering of fault patterns without label requirements [11]. The STFT provides localized frequency representation: 

STFT{𝑥(𝑡)}(𝑡,𝜔) = ׬ 𝑥ஶିஶ (𝑠) 𝑔(𝑠 − 𝑡) 𝑒ି௝ఠ௦ 𝑑𝑠                                              (1) 

where 𝑔(𝑡) is the analysis window. The CatGAN objective minimizes conditional entropy for real samples while max-
imizing it for generated samples: 

( ) ~ ~ ( )max [ ( | )] [ [ ( | , )]] [ [ ( | ( ), )]] ( )
data dataC C p x x p z p zH p y C H p y x C H p y G z C= − +                  (2) 

Concurrently, meta-learning frameworks emerged to address cross-equipment diagnosis with minimal support sets. Build-
ing on Model-Agnostic Meta-Learning (MAML) [18] and Prototypical Networks [20], Model-Agnostic Matching Net-
works (MAMN) were introduced as a hybrid that applies MAML’s bi-level parameter optimization at the outer loop while 
using cosine-similarity-based class assignment at the inner loop [2]: 𝜃௜ᇱ = 𝜔 − 𝛼∇ఠℓ(𝜔), 𝜔 ← 𝜔 − 𝛽∑ ∇ఠఛ೔ ℓ(𝜏௜;𝜃௜ᇱ,𝜔)                                             (3) 

with classification based on cosine similarity: 𝑃(𝑦 = 𝑘|𝒙) = ୣ୶୮(ఒୡ୭ୱ(𝒇ഇ(𝒙),𝒄ೖ))∑ ୣ୶୮ೕ಼సభ (ఒୡ୭ୱ(𝒇ഇ(𝒙),𝒄ೕ))                                                                   (4) 

While these approaches substantially reduced reliance on large labeled datasets, meta-learned knowledge degraded rap-
idly when equipment dynamics changed substantially, because the metric space was implicitly fitted to source-domain 
statistics. Alongside meta-learning, early explorations of self-supervised representation learning [9] showed that mean-
ingful fault features could be acquired through signal reconstruction or augmentation-invariance objectives rather than 
supervised class boundaries, establishing a data-efficient alternative that gained momentum in Era II. The common lesson 
of both threads was that structural inductive biases, wavelet decompositions, metric spaces, and pretext-task constraints, 
are more sample-efficient than purely supervised feature learning, a principle that unified the field’s subsequent progres-
sion. This limitation identified the need for explicit mechanisms that do not require any target data, motivating the domain 
adaptation paradigm of Era II. 

 
Figure 1: Architecture of STFT-CatGAN (Era I). (Reproduced from [1], Copyright 2020 Elsevier, with permission.) 

 
Figure 2: Architecture of Model-Agnostic Matching Network (MAMN), combining MAML-style bi-level parameter op-
timization with cosine-similarity metric learning [2, 18]. (Reproduced from [2], Copyright 2022, IOP Publishing, with 
permission.) 
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2.3. Era II: Generative Augmentation and Adversarial Domain Adaptation (2020–2024) 

To overcome the fragility of Era I approaches, the field moved toward Domain Adaptation (DA) coupled with generative 
augmentation. A key development was the introduction of Cascaded Stochastic Quantization VAEs (CSQ-VAE) guided 
by Wavelet Packet Transform (WPT) [3]. WPT recursively decomposes a signal via a two-channel filter bank at each 
node (𝑗,𝑛): 
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                                                                          (5) 

where 𝑊௝,௡ is the wavelet packet function at decomposition level 𝑗 and node 𝑛, and ℎ(𝑘), 𝑔(𝑘) are the low-pass and high-
pass filter coefficients, respectively. 

The CSQ-VAE loss combines reconstruction, codebook, and commitment terms: 
2 2

VQ 2 2log ( | ( )) sg[ ( )] ( ) sg ] [q e ep β= + − + −x z x z x e z x e ‖ ‖ ‖ ‖                              (6) 

Concurrent work explored conditional GANs for minority-class oversampling [21, 22] and denoising diffusion probabil-
istic models for high-fidelity signal synthesis [23, 24]. The comparative advantage of WPT-guided VAEs over standard 
GAN approaches lies in their ability to explicitly preserve the multi-scale frequency structure of bearing vibration, where 
fault signatures manifest as periodic impulses at specific sub-band frequencies. 

Standard adversarial DA was refined to prevent decision boundary blurring, a known failure mode of DANN [25] and 
DAN [26] under class imbalance. Pseudo-label Guided Dual-Classifier Domain Adversarial Networks (PG-DCDAN) 
addressed this through two independent classifiers and multi-criterion distribution alignment [4]: 

total cls adv CORAL plgMK-MMD( , )( )S Tα β γ= − + + +                                              (7) 

The target error bound formalizes the risk of negative transfer [28]: 𝜀்(ℎ) ≤ 𝜀ௌ(ℎ) + 𝑑ℋ୼ℋ(𝒟ௌ,𝒟்) + 𝜆∗                                                           (8) 

where 𝜆∗ is the shared error of the ideal joint hypothesis. PG-DCDAN keeps 𝜆∗ small through dual-classifier discrepancy 
minimization [27]. 

A parallel direction, source-free DA [29], removes the need for source data at adaptation time but still assumes access to 
unlabeled target data, a constraint that remains problematic in safety-critical IIoT deployments. This fundamental require-
ment for any target data is not resolvable within the DA paradigm and motivated the shift toward domain generalization. 

 
Figure 3: CSQ-VAE framework with cascaded stochastic quantization and wavelet packet guidance. (Reproduced 

from [3], Copyright 2024 Elsevier, with permission.) 
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Figure 4: Training pipeline of PG-DCDAN. (Reproduced from [4], Copyright 2025 Elsevier, with permission.) 

2.4. Era III: Domain Generalization and the Open-Set Paradigm (2024–2026) 

The requirement to operate without any target data while simultaneously detecting previously unseen fault types repre-
sents a setting for which no single existing method provides a complete solution. Recent frameworks address the target-
free constraint through Wavelet Packet Augmentation (WPA) and Pseudo-Domain Generation (PDG) [5]. WPA interpo-
lates in the sub-band coefficient space: 
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where 𝜆 ∼ Beta(𝛼,𝛼). 
PDG complements WPA by constructing synthetic pseudo-target domains. Given WPA-augmented samples {𝑥෤௜(௖)}௖ୀଵ௄  
from 𝐾 fault classes, a pseudo-domain 𝒟෩௣ is formed by drawing convex combinations across classes with independently 
sampled coefficients 𝜇 ∼ Dirichlet(𝟏௄): 𝑥෤௣ = ∑ 𝜇௖௄௖ୀଵ  𝑥෤௜(௖), 𝑦෤௣ = argmax௖  𝜇௖             (10) 

This populates the latent distribution space between source sub-domains, simulating the style diversity of unseen target 
machines without requiring any real target data [5]. 

For scenarios with multiple source domains, Multi-Domain Weakly Decoupled Generalization (MWDG) networks intro-
duce intra-domain variance as a risk penalty following Risk Extrapolation [30]: ℒMWDG = ∑ ℒcls

௞ே௞ୀଵ + 𝛽 ⋅ Var(ℒcls
ଵ , … ,ℒcls

ே )          (11) 

Concurrently, the broader signal-processing community has validated the role of attention mechanisms for vibration-
based diagnosis. Deep Residual Shrinkage Networks [43] introduced learnable soft-thresholding as noise-robust sub-band 
feature selection, demonstrating that structural channel weighting, rather than global distribution alignment, is a primary 
driver of accuracy gains under noisy industrial conditions. Squeeze-and-excitation channel attention [42], which forms 
the recalibration module of CA-MCNN, corroborated this by showing consistent intra-class variance reduction across 
operating conditions. These convergent results from independent research groups confirm that frequency-structured at-
tention provides inductive biases that are complementary to, not competitive with, domain generalization objectives. Self-
supervised pre-training frameworks have further extended this direction by learning fault-relevant representations through 
augmentation-invariance objectives, reducing the reliance on fault labels at the feature-learning stage [9]. 

For open-set fault diagnosis, Time-Frequency Fusion (TFF) and Latent Representation Prompting (LRP) [7] serve as the 
feature extraction backbone. The S2-R23 metric measures predictive confidence as the ratio of the sum of squared class 
probabilities to the sum of the second- and third-largest probabilities: 

S2-R23(𝑥) = ∑ ௣ೖమೖ಼సభ (௫)௣(మ)(௫)ା௣(య)(௫)ାఢ                                (12) 
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where 𝜖 = 10ି଼ prevents division by zero. 

Proposition 1 (Monotonicity of S2-R23).  Let 𝑝 = [𝑝ଵ, … ,𝑝௄] be a probability distribution with 𝑝ଵ ≥ 𝑝ଶ ≥ ⋯ ≥ 𝑝௄ ≥ 0 
and 𝐾 ≥ 3. Then S2-R23 is monotonically decreasing with respect to the Shannon entropy 𝐻(𝑝) = −∑ 𝑝௞௞ log𝑝௞. 

Proof 1.  Consider the uniform residual parametrization: 𝑝ଵ = 1 − (𝐾 − 1)𝛿 and 𝑝௞ = 𝛿 for 𝑘 = 2,… ,𝐾, where 𝛿 ∈[0,1/𝐾]. Under this parametrization 𝑝(ଶ) = 𝑝(ଷ) = 𝛿 and the Shannon entropy 𝐻(𝛿) = −(1− (𝐾 − 1)𝛿)log(1− (𝐾 −1)𝛿)− (𝐾 − 1)𝛿log𝛿 is strictly increasing on [0,1/𝐾] with 𝐻(0) = 0, 𝐻(1/𝐾) = log𝐾. 

Setting 𝑁(𝛿) = (1 − (𝐾 − 1)𝛿)ଶ + (𝐾 − 1)𝛿ଶ and 𝐷(𝛿) = 2𝛿 + 𝜖, the S2-R23 metric reduces to 𝑆(𝛿) = 𝑁(𝛿)/𝐷(𝛿). 
Differentiating: 

 𝑆ᇱ(𝛿) = ேᇲ(ఋ)஽(ఋ)ିே(ఋ)஽ᇲ(ఋ)஽(ఋ)మ  with 𝑁ᇱ(𝛿) = 2(𝐾 − 1)(𝐾𝛿 − 1) and 𝐷ᇱ(𝛿) = 2. For 𝛿 ∈ [0,1/𝐾) we have 𝐾𝛿 − 1 < 0, so 𝑁ᇱ(𝛿)𝐷(𝛿) < 0, both terms of 𝑁(𝛿) are non-negative, so 𝑁(𝛿)𝐷ᇱ(𝛿) ≥ 0. Hence the numerator of 𝑆ᇱ(𝛿) is strictly neg-
ative, giving 𝑆ᇱ(𝛿) < 0 for all 𝛿 ∈ (0,1/𝐾). Since 𝐻ᇱ(𝛿) > 0 and 𝑆ᇱ(𝛿) < 0, the chain rule yields 𝑑𝑆/𝑑𝐻 =𝑆ᇱ(𝛿)/𝐻ᇱ(𝛿) < 0, confirming strict monotone decrease for 𝐾 ≥ 3. 0     ◻ 

Remark 1 (Conformal Prediction Guarantees).  For any significance level 𝛼 ∈ (0,1), a valid Conformal Prediction (CP) 
framework guarantees marginal coverage Pr[𝑦௡ାଵ ∈ 𝒞௡(𝑥௡ାଵ)] ≥ 1− 𝛼 under the exchangeability assumption. In IIoT 
scenarios, distribution shifts between the calibration and test sets violate strict exchangeability, necessitating adaptive 
or weighted CP variants [41] to maintain theoretical coverage bounds. 

 
Figure 5: Generic SSDG framework (Era III), utilizing WPA and PDG without target domain data. (Reproduced from [5], 
Copyright 2025 IEEE, with permission.) 

 
Figure 6: Architecture of LPTF-OSC featuring TFF and LRP for unknown fault rejection. (Reproduced from [7], Copy-

right 2025 Elsevier, with permission.) 
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3. METHODOLOGICAL TAXONOMY 

Table 1 presents a six-tier taxonomy of methods across the full 2016–2026 decade. The taxonomy deliberately includes 
representative external works alongside the authors’ contributions. Category VI covers attention-based and self-super-
vised directions that have emerged as an independent research stream since 2020. 

Table 1: Comprehensive six-tier taxonomy of intelligent fault diagnosis methodologies (2016–2026) 

Category Sub-Category Core Mechanism Representa-
tive Works 

I. Data-Level 
Synthesis 

Unsupervised 
Clustering 

Adversarial generation of latent representations without la-
bels. 

[1], [38], [16] 

Imbalance Aug-
mentation 

Autoregressive or wavelet-guided generation of minority-
class samples. GAN-based oversampling. 

[3], [21], [22] 

II. Metric & 
Meta-Learning 

Few-Shot Cross-
Equipment 

Bi-level parameter optimization (MAML) combined with 
similarity metric learning. 

[2], [18], [20] 

III. Domain 
Adaptation (DA) 

Adversarial Align-
ment 

Minimax game between feature extractor 𝐺 and discrimi-
nator 𝐷 via GRL. 

[4], [25], [26] 

Class-Incomplete 
MDA 

Generative class completion followed by prototype-aware 
conditional alignment. 

[8], [33], [34] 

IV. Domain 
Generalization 
(DG) 

Single-Source DG WPA and PDG without any target data. [5], [32], [33] 

Multi-Source DG Weakly decoupled classifiers with intra-domain variance 
penalty (REx-inspired). 

[6], [30], [31] 

V. Open-Set 
Recognition 

Score-Based Re-
jection 

TFF and LRP with S2-R23 open-score. OpenMax Weibull 
tail fitting. 

[7], [36], [37] 

VI. Attention & 
Self-Supervised 

Attention Archi-
tectures 

Channel and spatial attention weighting (SE, CBAM). 
Deep residual shrinkage for noise-robust feature extrac-
tion. 

[43], [42], [19] 

Self-Supervised 
Pre-training 

Contrastive or masked-signal objectives to reduce reliance 
on fault labels at feature-learning stage. 

[9], [40], [12] 

4. CRITICAL SYSNTHESIS AND COMPARATIVE ANALYSIS 

4.1. Generative Signal Synthesis for Structural Scarcity 

Generative models map noise or latent variables to the data space. For 1D vibration signals, high-frequency transient 
impulses are easily smoothed by standard architectures, and time-domain generation alone produces mode collapse and 
spectrally inconsistent samples. WPT-guided generation addresses this by imposing multi-scale frequency constraints on 
the generative objective, preserving the transient fault signatures that distinguish, for example, outer-race from inner-race 
bearing faults [3]. Recent results with Denoising Diffusion Probabilistic Models [23, 24] confirm that generation quality 
improves markedly when time-frequency representations are incorporated as the synthesis target rather than raw wave-
forms. Convergence across independent research groups toward frequency-domain priors suggests that such physical 
constraints are a necessary inductive bias. 

4.2. Adversarial Alignment under Structural Constraints 

DA relies on a minimax game where the feature extractor 𝐺 minimizes classification loss while maximizing domain 
adversarial loss via a GRL: minீ,஼ max஽ [ℒ௖௟௦(𝐺,𝐶)− 𝜆ℒ௔ௗ௩(𝐺,𝐷)]      (13) 

Standard global alignment causes negative transfer in class-incomplete multi-source scenarios: forcing global alignment 
maps target samples of missing classes to the nearest available source class boundary. Generative class completion must 
therefore precede feature alignment, as conditional alignment requires geometric anchors in the form of valid class pro-
totypes. Maintaining dynamic prototypes via Exponential Moving Average (EMA): 𝑃௖ ← 𝛽𝑃௖ + (1− 𝛽)𝜇௖          (14) 

strictly enforces intra-class compactness before global alignment [8]. 
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Figure 7: Comparison between conventional abrupt Domain Adaptation and the proposed Dynamic Evolution Mecha-

nism (DEM) for Class-Incomplete MDA. (Reproduced from [8], Copyright 2026 Springer, with permission.) 

4.3. Target-Free Generalization and Open-Set Rejection 

DG minimizes empirical risk across source domains to enforce invariance. Multi-Source DG models add intra-domain 
variance as a penalty following Risk Extrapolation [30]: ℒ஽ீ = ∑ ℒ௖௟௦௠ெ௠ୀଵ + 𝛽 Var(ℒ௖௟௦ଵ , … ,ℒ௖௟௦ெ )        (15) 

For open-set rejection, the CP framework [41] replaces heuristic thresholds with a data-driven nonconformity measure. 
A natural nonconformity score for fault diagnosis is 𝐴(𝑥,𝑦) = 1− 𝑝௬(𝑥), where 𝑝௬(𝑥) is the predicted probability of 
class 𝑦. Given a held-out calibration set of 𝑛 source-domain samples, the empirical (1 − 𝛼)-quantile of calibration scores 𝑞ොଵିఈ yields the prediction set: 𝒞௡(𝑥) = {𝑦:𝐴(𝑥,𝑦) ≤ 𝑞ොଵିఈ}      (16) 

A test sample is rejected as “unknown” when |𝒞௡(𝑥)| = 0, i.e., no class achieves a conformity score above the calibrated 
threshold. The guarantee Pr[𝑦௡ାଵ ∈ 𝒞௡(𝑥௡ାଵ)] ≥ 1− 𝛼 holds marginally over the joint randomness of the calibration set 
and test point under the exchangeability assumption. Adaptive CP [41] extends this to mild distribution-shift settings. 

4.4. Comparative Analysis and Computational Cost 

Backbone architecture (CA-MCNN): All comparative results are obtained using CA-MCNN [5], a backbone compris-
ing three parallel 1D convolutional branches with kernel sizes 16, 32, and 64, a squeeze-and-excitation channel attention 
module [42] for adaptive feature recalibration, and a two-layer fully-connected classifier. CA-MCNN has approximately 
0.08M trainable parameters and a 2.4 MB memory footprint, supporting edge deployment on resource-constrained hard-
ware. 

Evaluation metric (H-score): For open-set evaluation the H-score is the harmonic mean of known-class accuracy Acckn 
and unknown-class detection rate Accunk: 

H-score = ଶ⋅Acckn⋅Accunk
AccknାAccunk

       (17) 

This metric penalizes methods that achieve high known-class accuracy at the cost of poor novel-fault detection, or vice 
versa. 

Datasets: The JNU dataset (Jiangnan University, 4 fault types at 3 rotational speeds) is used as the unified cross-paradigm 
benchmark in Table [2] to ensure identical evaluation protocols across all compared methods. Additional results on the 
CWRU (Case Western Reserve University, 10 fault classes, 4 load conditions) and BJTU (Beijing Jiaotong University, 5 
gearbox fault types) benchmarks are reported in the respective source papers [5, 7, 8]. 

Statistical protocol: Each method is run 5 independent times. Accuracy and H-score are reported as mean ± standard 
deviation. Improvements over the best competitor are verified by the Wilcoxon signed-rank test (𝑝 < 0.05). 

Table 2: Performance summary and computational cost on the JNU benchmark† 

Method Paradigm Dataset Arch. Runs Acc (%) H-score (%) Time 
(ms) 

Mem 
(MB) 

ERM (Baseline) SSDG JNU CA-MCNN 5 79.26 ± 1.09 78.10 ± 1.20 1.12 1.96 

V-REx [30] SSDG JNU CA-MCNN 5 84.03 ± 1.11 83.50 ± 1.15 1.15 1.96 

EFDMix [32] SSDG JNU ResNet-1D 5 88.50 ± 0.95 87.90 ± 1.00 1.45 2.10 

WPA+PDG [5] SSDG JNU CA-MCNN 5 𝟗𝟐.𝟕𝟔± 𝟎.𝟑𝟕 𝟗𝟏.𝟖𝟎± 𝟎.𝟒𝟎 1.44 2.43 
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Method Paradigm Dataset Arch. Runs Acc (%) H-score (%) Time 
(ms) 

Mem 
(MB) 

OpenMax [37] OSR JNU CA-MCNN 5 66.83 ± 1.04 66.83 ± 1.10 1.12 1.96 

ARPL [33] OSR JNU CA-MCNN 5 78.57 ± 1.18 76.44 ± 1.25 1.25 2.05 

LPTF-OSC [7] OSR JNU CA-MCNN 5 𝟗𝟏.𝟗𝟔± 𝟎.𝟑𝟏 𝟗𝟐.𝟎𝟖± 𝟎.𝟑𝟓 1.50 2.56 

DANN‡ [25] Class-Inc DA JNU CA-MCNN 5 96.95 ± 0.24 96.80 ± 0.28 1.71 2.43 

ICSC+PCCAN [8] Class-Inc DA JNU CA-MCNN 5 𝟗𝟗.𝟑𝟔± 𝟎.𝟏𝟖 𝟗𝟗.𝟐𝟎± 𝟎.𝟐𝟎 2.18 2.80 

ற JNU is selected as the unified cross-paradigm benchmark to ensure identical evaluation protocols across all three para-
digms. Exhaustive CWRU and BJTU results are reported in the respective source papers [5,7,8]. WPA+PDG improves 
over ERM by ≥8 pp on CWRU and BJTU under identical CA-MCNN backbone and 5-run protocol. Bold denotes the 
best result within each paradigm block. ‡ DANN achieves 96.95 % in the Class-Incomplete DA scenario on JNU because this task involves one missing class out 
of four (25 % incompleteness), where global adversarial alignment retains reasonable class coverage. The performance 
gap versus ICSC+PCCAN widens substantially (to >6 pp) under more extreme incompleteness settings (3/4 missing 
classes) as reported in [8]. 

Computational cost and IIoT scalability: Advanced frameworks introduce marginal overhead during offline training 
(ICSC generative component: ∼0.04M parameters, 15.36M FLOPs). At inference, all methods share the CA-MCNN 
backbone (∼0.08M parameters, ∼2.4 MB), supporting real-time deployment on edge devices such as NVIDIA Jetson 
Nano within IIoT architectures. 

5. OPEN PROBLEMS AND FUTURE ROADMAP 

The synthesis of three methodological eras reveals four open problems that define the near-term research agenda. 

1. Open-Set Single-Source Domain Generalization (OS-SSDG). All existing OSR methods require target data for thresh-
old calibration, and all SSDG methods assume a closed fault catalog. The natural synthesis of these two requirements — 
open-set rejection in a fully target-free, single-source setting, remains unsolved. The core difficulty is that generative 
OOD prototype synthesis, which works well with multi-source data [8], becomes ill-posed when only a single source 
domain is available. A candidate direction is to integrate WPA with a boundary-aware latent margin module that explicitly 
constructs out-of-distribution regions in feature space without requiring target samples, and to validate the resulting CP 
coverage guarantee using a source-domain proxy calibration set as described in Definition 4. 

2. Provably calibrated rejection thresholds via Conformal Prediction. The S2-R23 metric and Weibull-based OpenMax 
thresholds are empirically set and degrade under distribution shift. Replacing them with CP-based thresholds gives user-
specified coverage at level 1− 𝛼 with a finite-sample guarantee. The outstanding challenge is that standard CP requires 
exchangeability between calibration and test points — a condition violated in non-stationary machinery data. Weighted 
conformal prediction [41] and localized conformal methods offer theoretical frameworks for this, but their computational 
feasibility on embedded edge hardware has not been studied in the fault diagnosis context. 

3. Physics-informed synthesis for single-source class completion. In multi-source settings, missing fault classes can be 
borrowed from auxiliary source domains [8]. In strictly single-source deployments, generating physically realistic miss-
ing-class samples from data alone is ill-posed. Embedding PINN constraints or Invariant Risk Minimization priors [31] 
into the generative pipeline offers a pathway to synthesize missing fault signatures from rotor-bearing dynamic equations 
rather than data statistics. This direction connects fault diagnosis research to the broader literature on physics-constrained 
generative models. 

4. Zero-shot cross-equipment diagnosis via disentangled representations. Few-shot meta-learning approaches [2, 18] re-
quire a small target-domain support set to adapt the metric space. Achieving zero-shot transfer requires separating ma-
chine-specific dynamic invariants (geometry, bearing kinematics, stiffness) from fault-specific transient signatures (im-
pulse periodicity, sub-band energy) at the representation level. This decomposition is related to causal representation 
learning, pointing toward a convergence between the fault diagnosis and causal inference communities. 

5. Foundation models and large-scale self-supervised pre-training for IIoT. The success of self-supervised pre-training 
in natural language processing and computer vision motivates a parallel effort for industrial machinery data: training 
large-parameter models on heterogeneous multi-equipment vibration corpora, then fine-tuning for specific fault types 
with minimal labeled examples. Two challenges are unique to this setting. First, publicly available multi-equipment vi-
bration datasets [9] are orders of magnitude smaller than image or text corpora, making direct Transformer pre-training 
data-hungry. Second, foundation-model representations must capture physically meaningful sub-band fault signatures 
rather than statistical co-occurrence patterns. Wavelet-structured tokenization [42, 43] offers a principled interface be-
tween physical signal processing and sequence-model architectures. Addressing both challenges is likely to require fed-
erated pre-training across industry partners, raising privacy-preserving machine learning as a co-design requirement [40]. 
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6. CONCLUSIONS 

The past decade of intelligent fault diagnosis research reveals a consistent pattern: as deployment conditions become more 
constrained, purely data-driven approaches require progressively stronger structural regularization to remain reliable. The 
proposed six-tier taxonomy organizes this development by making explicit which assumptions each paradigm requires 
and where those assumptions break down under realistic industrial conditions. Convergent results from independent re-
search groups on attention mechanisms [42, 43] and self-supervised pre-training [9] confirm that frequency-structured 
inductive biases improve fault discrimination independent of whether the training objective is supervised, adversarial, or 
contrastive - corroborating the CA-MCNN design and supporting Category VI as a substantive methodological direction. 

The empirical record shows concrete progress: WPA and PDG improved SSDG accuracy over strong baselines on the 
JNU benchmark, while prototype-aware OSR frameworks elevated the H-score without requiring target-domain threshold 
calibration. The principal lesson from this comparative analysis is that global distributional alignment is unreliable when 
source label spaces are incomplete - a problem that generative class completion and prototype-anchored alignment address 
more directly than global domain confusion. 

Looking ahead, five open problems span the research agenda: OS-SSDG under conformal coverage guarantees, calibrated 
rejection thresholds, physics-informed class completion, zero-shot disentanglement, and foundation-model pre-training 
for IIoT. Across all five, the combination of Conformal Prediction, physics-informed generative models, and wavelet-
structured latent spaces represents the most principled direction for replacing empirical heuristics with bounded, inter-
pretable uncertainty estimates in industrial fault diagnosis. 
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