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Abstract: In practical industrial environments, the data distribution of rotating machinery drifts as operating
conditions vary, causing a marked deterioration in the performance of traditional fault diagnosis methods that rely
on the assumption of identical distributions. Incremental learning provides a promising pathway to address
dynamic operating conditions. However, existing approaches typically depend on replaying historical data and
still struggle to strike a balance between stability and plasticity. To overcome these limitations, this paper proposes
a dual-component elastic adaptive network (DCEAN) designed for incremental fault diagnosis of rotating
machinery under varying working conditions. The proposed framework operates without access to previous data
and simultaneously achieves knowledge retention and feature correction. Specifically, a sensitive parameter
constraint (SPC) mechanism is introduced to curb excessive updates to parameters identified as critical, thereby
stabilizing previously learned knowledge. In parallel, a feature drift self-calibration (FDSC) mechanism is
employed to estimate and compensate for distribution shifts induced by condition variations, promoting
consistency of feature representations across domains. Through the coordinated action of these two mechanisms,
DCEAN establishes an incremental learning paradigm that harmonizes stability with adaptability. Two case
studies demonstrate that the proposed method delivers superior diagnostic performance in variable operating
environments, underscoring its robustness and effectiveness.
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I. INTRODUCTION

Rotating machinery constitutes critical equipment for
power transmission and energy conversion within industrial
production processes, with its operational stability and
reliability directly impacting the efficient and safe function-
ing of entire industrial systems [1,2]. In such mechanical
devices, rolling bearings serve as the core components
supporting the operation of rotating parts, playing a crucial
role. Extensive studies have shown that damage or failure of
these critical parts is one of the primary causes of machinery
downtime [3-5]. Therefore, achieving high-precision
fault diagnosis for bearings and other fundamental compo-
nents is crucial not only for ensuring long-term stable
operation of equipment but also for supporting safe and
intelligent production in modern industrial environ-
ments [6].

In recent years, rapid advances in sensing technologies
and artificial intelligence have driven substantial interest in
data-driven intelligent fault diagnosis (IFD) methods within
the mechanical fault diagnosis community [7,8]. Early IFD
approaches, such as support vector machines, decision
trees, and k-nearest neighbors [9,10], rely heavily on the
quality of manually designed features. These shallow mod-
els typically require significant effort from domain experts
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for feature construction, selection, and transformation.
However, they struggle to effectively model unstructured,
high-dimensional, or complex data, ultimately limiting
diagnostic performance. To overcome these challenges,
researchers have increasingly shifted toward deep learning
(DL) paradigms, which offer end-to-end feature learning
capabilities. Sun et al. [11] developed a lightweight and
efficient Transformer architecture that enhances diagnostic
accuracy while substantially reducing computational cost.
Lu et al. [12] proposed a hybrid DL framework combining
convolutional neural networks (CNNs) and transformers to
handle complex operating conditions in rotating machinery
fault diagnosis. Yu et al. [13] designed a CNN-GAN-based
diagnostic framework and demonstrated its effectiveness in
few-sample fault diagnosis scenarios.

Collectively, these studies highlight a clear trend: DL-
based approaches have promoted a shift from expert-crafted
features to autonomous feature learning and intelligent
decision-making, providing strong technical support for
the safe, stable, and efficient operation of modern industrial
equipment. However, most existing DL-based diagnostic
methods assume that training and testing data are drawn
from identical operating conditions, thereby satisfying the
same-distribution assumption [14,15]. In real industrial
environments, this assumption rarely holds due to highly
dynamic and variable working conditions, ultimately lead-
ing to a significant decline in model generalization perfor-
mance across operating conditions.
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To alleviate data distribution discrepancies caused by
varying operating conditions, researchers have begun to
explore how to endow diagnostic models with cross-
domain adaptation (DA) capabilities, thereby enhancing
their robustness under different working environments
[16]. Within this context, the transfer learning (TL) para-
digm has gradually emerged as an effective approach to
addressing operating-condition variations and has been
extensively studied and applied in the field of fault diag-
nosis [17,18]. Among TL approaches, DA methods aim to
exploit limited target-domain samples to reduce the dis-
crepancy between the source and target domains through
distribution alignment and feature transfer, ultimately
improving cross-domain diagnostic performance [19].
For example, Wang et al. [20] proposed a dynamic
collaborative adversarial DA network for unlabeled
cross-domain rotating machinery fault diagnosis. Qin
et al. [21] developed a discriminative popular DA frame-
work to mitigate classifier degradation caused by over-
lapping fault types across domains.

However, DA methods typically assume the availabil-
ity of partial target-domain samples during training—an
assumption that is often impractical in many real-world
industrial scenarios. To address this limitation, researchers
further introduced domain generalization (DG) methods to
enhance a model’s cross-domain generalizability in the
absence of target-domain data [22,23]. For instance,
Song et al. [24] proposed a contrast-assisted domain-spe-
cific removal network that extracts transferable representa-
tions by eliminating nontransferable information from
domain-specific features, thereby enabling cross-domain
fault diagnosis. Li ef al. [25] integrated a domain expansion
module with a dual-branch feature fusion network to im-
prove rotating machinery fault identification under varying
operating conditions.

Fault diagnosis methods based on the TL paradigm
have achieved remarkable progress in addressing cross-
condition and cross-equipment distribution discrepancies.
By leveraging feature alignment, distribution matching,
and the learning of domain-invariant representations,
these methods substantially enhance model generalization
under static cross-domain scenarios. However, they are
typically built upon static datasets and commonly assume
that the relationship between the source and target
domains remains fixed during training. In reality, the
operating environments of industrial equipment are inher-
ently dynamic and continuous. The underlying data dis-
tributions evolve over time, operating conditions, and
equipment states, leading to significant performance deg-
radation when models are exposed to continuously arriv-
ing data from new domains.

Unlike traditional methods built on static datasets,
incremental learning enables models to be dynamically
updated as new data continuously arrive, thereby maintain-
ing adaptability while effectively mitigating catastrophic
forgetting. In recent years, various incremental learning-
based studies have been applied to rotating machinery fault
diagnosis. For example, Xu et al. [26] developed an incre-
mental, broad learning method based on Dempster—Shafer
(DS) theory for scenarios involving gradually increasing
fault types, achieving continuous recognition of newly
introduced types. Shen et al. [27] proposed an incremental
learning method incorporating a dynamic branch-layer
fusion mechanism, which significantly improved diagnostic
performance under imbalanced dataset conditions.

Tao et al. [28] designed a semi-supervised, contrastive-
feature incremental learning framework that enables incre-
mental fault diagnosis of rotating machinery with limited
labeled samples. These approaches effectively alleviate
catastrophic forgetting across various class-incremental
scenarios, demonstrating both the potential and broad
applicability of the incremental learning paradigm in fault
diagnosis. However, as illustrated in Fig. 1, when substan-
tial domain discrepancies exist between old and newly
arriving data in incremental stages, the model often strug-
gles to maintain a stable cross-domain feature space. The
clustering boundaries of fault types from earlier domains
are prone to drift, leading to marked performance degrada-
tion. Moreover, many existing methods heavily depend on
limited incremental samples and are thus highly sensitive to
sample quality, resulting in insufficient adaptability in
domain-incremental scenarios.

To address the issue of insufficient model adaptability
to new fault domains in the absence of old data, this study
proposes a dual-component elastic adaptive network
(DCEAN) to enhance incremental fault diagnosis of rotat-
ing machinery under varying operating conditions. Specifi-
cally, a sensitive parameter constraint (SPC) mechanism is
first designed to suppress excessive updates of critical
parameters based on their importance weights, thereby
preserving historical knowledge at the parameter level.
Next, by explicitly modeling feature drift, a feature drift
self-calibration (FDSC) mechanism is developed to esti-
mate and compensate for distributional shifts induced by
operating-condition variations, thus maintaining cross-con-
dition feature consistency. Experiments on a variable-con-
dition bearing dataset demonstrate that the proposed
DCEAN significantly outperforms existing methods in
new-domain fault identification tasks and exhibits
improved robustness and generalization. Ablation studies
further validate the effectiveness of each component. The
major contributions are summarized as follows:

1) A DCEAN framework without revisiting old samples
is proposed to address the challenge of continual
incremental fault diagnosis for rotating machinery
under diverse and evolving operating conditions.
Through dual-component collaborative optimization,
the model effectively enhances domain adaptability
and diagnostic stability.

2) At the parameter level, an SPC mechanism is intro-
duced to adaptively preserve historical knowledge.
This module evaluates the relative importance of
different adapters through a channel-weighted opti-
mization strategy and incorporates output perturba-
tion analysis to capture the contribution of local
adaptive features, thereby achieving a dynamic bal-
ance between model plasticity and knowledge
stability.
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Fig. 1. Feature drift of old fault types in the new domain.

JDMD Vol. 5, No. 1, 2026



3) At the feature level, an FDSC mechanism is con-
structed to suppress and compensate prototype shifts
caused by operating-condition drift. During training,
a regularization constraint is employed to reduce
deviations between the estimated feature drift and
the null space, ensuring the continuity and robustness
of decision boundaries and maintaining classifier
consistency in new-domain tasks.

The remainder of this paper is organized as follows:
Section II presents the relevant theoretical background;
Section III provides a detailed description of the proposed
DCEAN framework; Section IV reports the experimental
validation; and Section V concludes the paper and discusses
future research directions.

Il. RELATED WORKS
A. INCREMENTAL LEARNING

Incremental learning, as a learning paradigm designed for
dynamic data streams, has been extensively studied in fields
such as computer vision and natural language processing
[29]. Its core objective is to enable the model to accumulate
knowledge and continuously adapt to new tasks or new
classes without retraining from scratch.

From a formal perspective, incremental learning can be
described as an optimization process conducted over a
sequence of learning phases {1,2,...,T}. The dataset at
phase 7 is defined as follows:

D, = {(xy) ), 1)

where x} denotes the input samples, y! represents their
corresponding labels, and N, is the number of samples.
The goal at each phase is to learn a parameterized function
Jfo, that minimizes the empirical risk under the new data
distribution P,(x,y), as follows:

El(gt) = [E(x,y)~Dt [l’ﬂ(fe, <x>5y)}’ 2

while retaining the knowledge acquired during the previous
t-1 phases. Existing incremental learning methods can be
broadly categorized into three types:

1) Replay-based methods: These approaches preserve
part of the old samples or their feature representations
for rehearsal to maintain the distribution of previously
acquired knowledge [30]. Typically, a memory buffer
M is constructed, and at each update step, the model
minimizes a joint loss comprising current-task and
replayed samples, as follows:

‘Ctota.l = Et(gt) + )"Creplay (91; M)’ 3)

where 1 is the balancing coefficient.

2) Regularization-based methods: These approaches
introduce parameter-constraint terms into the loss
function to prevent drastic parameter updates
on new phases, thereby mitigating catastrophic
forgetting.

3) Structure-expansion methods: These methods
dynamically expand the network architecture
(e.g., by adding new subnetworks or parameter mod-
ules) to acquire new knowledge. Such approaches
maintain performance on previous phases while
effectively isolating interference between different
phases.
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In summary, the essence of incremental learning lies in
achieving a stability—plasticity balance, that is, maintaining
the stability of previously acquired knowledge while
enabling sufficient plasticity for learning new knowledge.
However, standard incremental learning typically assumes
that distributional changes arise solely from phase or fault-
type increments, while insufficiently considering variations
within the data domain itself—a factor that is particularly
critical in complex industrial systems.

B. DOMAIN INCREMENTAL LEARNING AND
FEATURE DRIFT

Domain incremental learning (DIL) is an important para-
digm within continual learning, and its core objective is to
enable models to adapt to learning scenarios in which the
data distribution evolves sequentially over time. Under this
setting, both the input feature distribution and the condi-
tional distribution may change as time progresses.

In DIL, the model can only access the training set of the
current phase, D¥", while the aggregated test set D't is
used to evaluate the trained model. The aggregated test set
DYt is defined as follows:

Dtlex; — Dzlest U thest U . UD;_est' “)

The model must maintain cross-DG while avoiding
forgetting knowledge from previous domains when adapt-
ing to new ones. During the domain-incremental process,
the change in the model’s feature distribution can be
formalized as follows:

Af = ®)

where y, = E,.p,[fo,(x)] denotes the mean feature repre-
sentation at phase . A large Af indicates that the feature
space learned in the new domain deviates significantly from
that of the previous domain, i.e., feature drift.

He — K1
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2

lll. PROPOSED METHOD

A. PROBLEM DEFINITION AND OVERALL
FRAMEWORK

In practical industrial systems, rotating machinery typically
operates over long periods under continuously varying
working conditions, causing the distribution of monitoring
data to drift with changes in time and environment. When
the operating condition shifts, traditional DL methods often
fail because their learned feature representations and deci-
sion boundaries become invalid. Moreover, due to the large
number of model parameters, directly fine-tuning the model
on a new working condition leads to catastrophic forgetting,
ie., the loss of knowledge learned from previous
conditions.

To ensure stable diagnostic performance across vary-
ing conditions, this study formulates the cross-condition
learning problem of rotating machinery as a DIL task. The
objective of DIL is to learn a feature extractor F(x) and a
classifier g(-) such that, under a new operating condition ,
the model maintains sufficient stability to preserve knowl-
edge from previous conditions while retaining the plasticity
needed to incorporate new condition-specific features.

The proposed overall structure of DCEAN is illustrated
in Fig. 2. The feature extractor F'(x) consists of an adapter
A, integrated with a pretrained transformer. The adapter A,
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Fig. 2. The proposed overall framework for DCEAN.

adopts an encoder—decoder architecture, which typically
includes a downsampling MLP layer S¢, an activation
function 6(-), and an upsampling MLP layer S*. For an
input x, the output is defined as follows:

y=0(x- 8% -8 =w- 8", ©)

where w denotes the intermediate representation within the
adapter. In addition, DCEAN is primarily composed of two
key modules: (1) SPC, which constrains disruptive updates
to critical parameters at the parameter level, thereby achiev-
ing robust preservation of previously learned knowledge;
(2) FDSC, which compensates for distributional shifts
caused by changing operating conditions at the feature
level, ensuring semantic consistency across conditions.
Here, elastic denotes an importance-aware adaptation
mechanism that selectively adjusts parameter updates and
feature representations to balance knowledge preservation
and adaptability under operating-condition shifts.

B. SENSITIVE PARAMETER CONSTRAINT

To prevent the model from forgetting previously acquired
knowledge during training on a new operating phase, the
SPC module imposes differentiated constraints on the
updates of critical parameters by evaluating their impor-
tance to past knowledge. The more sensitive a parameter is,

the greater its impact on the performance of the original task
when altered, and thus it should be subject to stricter
constraints.

First, let the downsampling and upsampling parameters
of the adapter at layer / under the 7 — th task be denoted as
@d and Of , respectively. The parameter-constraint loss is
deﬁned as follows:

L
Lo =Y (M, .(6f. ~©L))
I=1

L
+ Z(MZT—I ’((glu,r—l )T

where M{__, and M} _, represent the importance matrices
of the downsampling and upsampling parameters from the
previous phase, and L denotes the number of layers contain-
ing trainable adapters. Subsequently, the global importance
is obtained through the statistics of the mean and variance of
each fault type, as follows:

- 1)), D

c CGC

G‘r = Gr—l +—F

where f, and 62 denote the mean and variance of the
features corresponding to fault type ¢, and Ng ) is the
number of fault types in the previous phase.
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Cross-domain samples often exhibit substantial discre-
pancies in local feature distributions. To avoid feature
degradation caused by such distributional mismatch, we
introduce a similarity-based feature matcher. Specifically,
taking the global feature unit w,,T[O,:] as a reference, each
local feature unit w;[j,:] is aggregated through cosine-
similarity—based weighting, producing a more robust and
domain-consistent representation w;,. The global-aligned
feature w;, and the local sensitivity W;fr of the down-
sampling matrix in layer / are defined as follows:

~ wi ] wi0,:] ..

{ Wiz = ZJ'=0<Hw/.z[i,:]ll ’ IW/JI[\(I)»:]>W”’[]"] , )
Wi = Wi + 5 2021 Wie(xy)

where d, is the length of the feature sequence for the input

sample. The local sensitivity W} of the upsampling matrix
at layer / is defined as:

{ Wiz = wl,r : Zlycy;l |q]\1],r[: ’k”
Wlu,‘r = WZT—] + ﬁziél WZ,T(xi) ’

(10)

where ¢;,[:k| denotes the absolute weight value in the
upsampling matrix that flows from the intermediate feature
unit to the k-th output unit, and d is the feature dimension.

Global importance G, aims to quantify how critical
each adapter parameter is to maintaining the overall dis-
criminative structure of previously learned fault types.
From a statistical perspective, parameters that contribute
to stable and well-separated class representations across
historical phases should be preserved more strictly. There-
fore, global importance is estimated at the class level by
aggregating the mean and variance of feature representa-
tions associated with each fault type learned in the previous
phase. This measure reflects the long-term and global
contribution of adapter parameters to historical knowledge
retention, independent of individual samples.

In contrast, local sensitivity W, focuses on the influ-
ence of adapter parameters on the propagation of local
intermediate features to the model output. During incre-
mental learning, even small perturbations in certain param-
eters may cause disproportionate changes in feature
responses, especially under domain shifts. To capture
this behavior, local sensitivity is evaluated by analyzing
the contribution of intermediate adapter features to the
output through similarity-weighted aggregation. Parame-
ters that strongly affect local feature alignment and output
stability are regarded as highly sensitive at the sample and
feature levels. Finally, by integrating G, and W, , the
overall parameter importance is computed as:

{Ml’ff = 5G] oW,
M{. = p,Glow]’

where f; and 3, denote the amplification and scaling
coefficients for global and local importance, respectively.

By jointly considering global importance and local
sensitivity, SPC achieves a complementary assessment of
parameter significance. Global importance emphasizes
class-level stability and historical knowledge preservation,
while local sensitivity captures feature-level responsiveness
under new operating conditions. Their integration enables
differentiated parameter constraints, allowing critical
parameters to be protected while permitting sufficient flex-
ibility for noncritical parameters during incremental
adaptation.

)
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C. FEATURE DRIFT SELF-CALIBRATION

SPC first evaluates parameter importance based on global
statistics and local sensitivity, and then applies weighted
constraints to the shared adapters accordingly, thereby
balancing model plasticity with the preservation of discrim-
inative structures from previous operating conditions. How-
ever, relying solely on parameter-level preservation may
still cause decision shifts in the unified classifier when
encountering cross-condition variations. To address this
issue, the FDSC module is designed to explicitly model
feature drift and maintain semantic consistency through a
trainable self-calibration mechanism.

Let F,_; denote the feature extractor of the previous
phase, and F, the one for the current phase. The sample-
level drift is defined as:

(e) _ ple=1) _ £(@)
{ 51‘ (_T)fl fz , (12)
fi = Fr(xi)
where f 57) represents the features extracted by F',. To obtain

a stable drift estimate, similarity-weighted aggregation is
applied over samples, as follows:

T—1l-7 [ 5<T)
AE- 1 )=EL’ (13)
Py’
T— —1)[|2
o)
a; = exp 52 : (14)

c

During training, a drift-regularization term is intro-
duced to prevent noise amplification, as follows:

Eg;sc = Z

ceC

AE‘T—I—V[) 2
2

as)

The fault prototypes are subsequently updated as:

r—1 r—l-t
P _ {P£ )+A§() ), c¢Co
%27;1 ico cE Cold

Here, a fault prototype is defined as the class-level
centroid of feature embeddings for a given fault type,
obtained by averaging the extracted features of samples
belonging to that type. It serves as a compact semantic
representation of fault features in the feature space. Through
Egs. (12)—(16), the FDSC module achieves adaptive align-
ment of feature semantics, thereby enhancing the robust-
ness of cross-condition fault diagnosis.

16)

D. APPLICATION OF DCEAN IN THE FAULT
DIAGNOSIS OF ROTATING MACHINERY

DCEAN integrates the SPC and FDSC modules in a unified
manner. When a new operating condition arrives, the model
performs adaptive adjustments at both the parameter level
and the feature level, enabling dynamic knowledge preser-
vation and refinement. The overall training objective is
formulated as follows:

o=
~—

classification loss

F LG+ LS e (AT)
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Algorithm 1. DCEAN for domain-incremental fault

diagnosis

Input: Sequential domain datasets {D;,D,,...,D,}

O(lgtput: Updated model parameters A, and class prototypes

c

—

Initialize model with D; — train F(x;A,), g(-), obtain
"}

2: Forz=2toTdo

3 Load previous parameters A,_; and prototypes p(f_l)

4 Compute importance matrices M; ,_; using Eqgs. (8)—(11)
5 For each batch in D, do

6: Extract features f* = F (x)

7 Estimate drift A. using Egs. (12)-(14)

8 Update prototypes py) with Eq. (16)

9: Compute the total loss £) using Eq. (17).

10: Backpropagate and update A,

11: end for

12: Save {A,, py), M;,_,} for next domain

13:  End for

where 4, and 1, are weighting coefficients. During training,
the backbone network remains frozen, while the shared
adapters are updated under the constraints imposed by SPC,
and the unified classifier is dynamically calibrated through
FDSC. SPC alleviates catastrophic forgetting without intro-
ducing additional parameters. Meanwhile, FDSC estimates
feature drift and introduces a regularization constraint to
compensate for the semantic shift of old fault-type proto-
types, ensuring consistent and stable discrimination in the
unified classifier under continuously varying operating
conditions. Through the synergy of these two mechanisms,
DCEAN achieves a unified balance between elastic adap-
tation and knowledge retention in dynamic environments.
Algorithm 1 outlines the entire training procedure
of DCEAN.

IV. EXPERIMENTS

This section first presents the configuration of the experi-
mental datasets, followed by the experimental settings and
performance evaluation protocols. The proposed method is
then systematically compared with current state-of-the-art
approaches. In addition, ablation studies are designed to
analyze the contribution of each key module to the overall

|
\
(a) Flywheel bearing test rig

performance, thereby validating the rationality and effec-
tiveness of the model design.

A. DATASET DESCRIPTION

To comprehensively evaluate the generalization and robust-
ness of the proposed model under continual domain-incre-
mental phases, two representative bearing datasets are
employed.

The flywheel bearing dataset is collected from a satel-
lite flywheel bearing fault simulation platform, whose
structural setup and samples from three typical states are
illustrated in Fig. 3(a). The platform consists of a drive
motor, a coupler, a flywheel, and a housing. Vibration
signals are measured using acceleration sensors at rotational
speeds of 600, 800, 1000, and 1200 rpm with a sampling
rate of 10 kHz to simulate continuously varying operating
conditions. Five state classes are included: healthy (H),
inner-race fault (I), outer-race fault (O), rolling-element
fault (R), and mixed outer-race and rolling-element
fault (OR).

The wheelset bearing dataset is acquired from an
integrated wheelset drive test rig, whose structure and three
typical state samples are shown in Fig. 3(b). The platform is
composed of a drive motor, a loading device, and upper—
lower wheelsets to emulate the complex loading conditions
during train operation. Wheelset bearing vibration signals
are collected at 800 rpm under loads of 0, 0.8, 1.6, and
2.4 kN with a sampling rate of 12.8 kHz. The health state
settings are consistent with those of the flywheel bearing
dataset. The bearing types, operating conditions, and fault
types involved in both datasets are summarized in Table 1.

B. EXPERIMENTAL SETUP

The experimental setup covers a continual fault diagnosis
scenario consisting of an initial phase and three incremental
phases, with each phase containing five different fault
types. For each fault type under each operating condition,
100 samples are used for training and 100 samples for
testing. During incremental training, no samples from
previously learned fault types are stored or reused. Instead,
class prototypes are preserved to represent historical knowl-
edge, enabling exemplar-free incremental learning while
reducing storage requirements and addressing potential
privacy concerns. A standard pretrained transformer
encoder is adopted as the backbone network. The backbone

-

l Bottom Wheelset| Loading Device

|Push-pull Gauge

(b) Integrated wheelset drive test rig

Fig. 3. Flywheel and wheelset bearing test rig.
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Table I. Detailed description of the flywheel and wheelset bearing datasets
Dataset Bearing Working condition Status type Fault diameter (mm) Label Phase
Flywheel 6203DDU NSK 600 rpm H, I, O, R, OR 0.3 0-19 0
800 rpm 1
1000 rpm 2
1200 rpm 3
Wheelset NT204ET 0 kN 0.5 0
0.8 kN 1
1.6 kN 2
2.4 kN 3
Table Il. Experimental parameter settings Zieizgizr;?;efh?ggéag u::gegcii?:?;eotssit ?ﬂﬂ
Batch phase after completing learning on all 7 phases.
Parameter 1 P M 2 Ir sizeEpochs (2) Fl-score (F1): This metric evaluates the comprehen-
Value 100 1 10 10 0.01 32 100 sive classification performance and mitigates mis-

architecture is kept fixed for all methods to ensure fair
comparison, and no task-specific modifications are intro-
duced. Performance gains are therefore mainly attributed to
the proposed SPC and FDSC mechanisms rather than to
backbone engineering. The parameter configurations of the
proposed method are provided in Table II.

The experiments primarily adopt the following perfor-
mance metrics to evaluate all models:

(1) Accuracy: This metric measures the overall classifi-
cation performance of a model across all learned
phases. It is computed as the average of the final
test accuracies over all phases, formulated as:

1T
Accuracy = 7 g a,r % 100%
=1

leading assessments caused by data imbalance,
i.e., ensuring that precision and recall are jointly
considered, as follows:

F1 = 2 x Precision X Recall/(Precision + Recall)

To investigate the effectiveness and superiority of the
proposed DCEAN in continual fault diagnosis under con-
tinuously varying operating conditions, comparisons are
conducted with several advanced methods. In addition, a
series of ablation studies is performed to thoroughly analyze
the contribution of each component within DCEAN. The
methods and their details are summarized in Table III.
Among them, Finetune represents a common strategy for
TL. LwF [31], iCaRL [32], WA [33], and ADC [34] are
representative incremental learning methods selected to

Table lll. Detailed description of the comparison and ablation methods

Method Description

Finetune Fine-tunes all network parameters.

LwF Performs incremental learning without old data by adding a penalty term in the loss to constrain changes in the classifier
for previous phases.

iCaRL Balances learning of old and new phases via nearest-neighbor classification combined with exemplar replay.

WA Maintains discrimination of old fault types through knowledge distillation and corrects bias in the fully connected layer
via weight alignment to ensure fairness between old and new classes.

ADC Uses adversarial perturbations to pull current-sample embeddings toward old-class prototypes, estimating and com-
pensating for feature drift to restore old-class performance in sample-free continual learning.

DCEAN The proposed method.

w/o FDSC  Ablation model used to verify the effectiveness of the FDSC module.

w/o SPC Ablation model used to verify the effectiveness of the SPC module.

Table IV. The diagnostic accuracy (%) of flywheel bearings under variable operating conditions

Method Phase 0 Phase 1 Phase 2 Phase 3 F1

Finetune 99.83+0.16 50.19+£3.78 35.67 £3.68 23.79£4.88 13.62

LwF 99.83+0.16 57.59 +£4.55 38.07+3.77 27.19+4.33 18.00

iCaRL 99.83+0.16 55.38+2.79 39.73£3.28 36.93£2.40 26.88

WA 99.83+0.16 77.16 +3.66 65.73+£3.73 51.23+4.08 30.68

ADC 99.83+0.16 79.87+£2.48 69.21 £3.59 63.24+£4.31 58.64

DCEAN 99.83+0.16 98.01 +0.21 95.59 +0.63 93.05+0.92 92.79
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Fig. 4. Diagnostic accuracy of flywheel bearings at different
phases.

cover both replay-based and exemplar-free paradigms,
thereby enabling a comprehensive comparison under dif-
ferent incremental learning assumptions. Moreover, w/o
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Fig. 5. Box-and-whisker plot versus scatter plot of accuracy rates
for different models in Case 1.

SPC and w/o FDSC denote the ablation variants of
DCEAN, used to verify the influence of each component
on the proposed framework.
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C. CASE STUDY

1). CASE 1: FLYWHEEL BEARINGS DATASET. This sub-
section presents the evaluation results of the proposed
DCEAN model and several mainstream comparison meth-
ods on incremental fault diagnosis tasks using the flywheel-
bearing dataset. To reduce random fluctuations in the
experiments, each method was independently repeated
five times, and the average results were reported as the
final performance indicators. Table IV summarizes the
diagnostic accuracy at each task phase as well as the F1

Dual-Component Elastic Adaptation Network 57

score at the final phase, providing quantitative evidence for
overall performance comparison. As shown in Fig. 4, with
the gradual increase of task phases, the diagnostic accuracy
of traditional comparison methods exhibits a continuous
downward trend, whereas DCEAN consistently maintains
accuracy above 90%, demonstrating remarkable stability
and superiority.

Figure 5 further illustrates the performance character-
istics of each method across multi-phase tasks from a
statistical distribution perspective. The combination of
boxplots and scatter plots intuitively reflects the central
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Fig. 8. Diagnostic accuracy of wheelset bearings at different
phases.

tendency and dispersion of the prediction performance. The
results show that DCEAN exhibits the most concentrated
accuracy distribution, with compact box heights and very
few outliers. This indicates that the method not only
maintains high diagnostic performance at all phases but
also shows extremely low performance variance, confirm-
ing its robustness and consistency in continual learning
scenarios. In contrast, ADC and WA rank second, with
overall accuracy superior to other baselines but still show-
ing noticeable fluctuations. iCaRL, LwF, and Finetune
exhibit the weakest performance, with significantly lower
mean accuracy, clearly revealing their susceptibility to
catastrophic forgetting in multi-phase incremental learning,
making it difficult to effectively preserve historical
knowledge.

To further validate the feature-learning capability of
the proposed DCEAN model in cross-domain continual
incremental tasks, this study employs t-SNE to visualize the
feature representations at each phase, as shown in Fig. 6.
From the visualizations, DCEAN is observed to form well-
defined feature clusters at every phase, with high intra-class
compactness and inter-class separability across different
fault types. Only a few fault types show slight local
boundary contact. Notably, even as the task scale expands
from the initial 5 fault types to 20 fault types, the model
consistently maintains strong discriminative feature repre-
sentation. This indirectly demonstrates that DCEAN effec-
tively prevents forgetting of prior knowledge and enables
continuous adaptation to newly introduced domains and
evolving data distributions in cross-DIL.

To further compare the differences in feature learning
between methods, Fig. 7 presents the t-SNE distributions of
DCEAN and other baselines at the final testing phase. As

shown in Fig. 8(a)—(e), most traditional methods exhibit
varying degrees of feature overlap after multi-phase train-
ing, with blurred class boundaries and loose cluster struc-
tures, indicating their difficulty in maintaining
discriminative power for both old and new classes during
incremental learning. In contrast, the feature distribution of
DCEAN retains clear and stable cluster patterns, with well-
separated class boundaries and almost no obvious over-
lapping. These results demonstrate the method’s strong
capability in preserving the integrity of the feature repre-
sentation space during continual cross-domain learning,
further supporting its advantages in mitigating catastrophic
forgetting and addressing feature drift.

2). CASE 2: WHEELSET BEARINGS DATASET. Table V
presents the multi-phase fault diagnosis accuracy of all
methods on the wheelset bearing dataset. It can be observed
that all methods achieve nearly identical high accuracy in
the initial phase, indicating that different models are capable
of robust feature learning when the data distribution re-
mains unchanged. However, as the phases progress, the
performance of conventional methods deteriorates rapidly,
revealing severe catastrophic forgetting. For example, the
accuracy of the Finetune method drops sharply after Phase 1
and retains only about 20% recognition capability by
Phase 3. Although LwF and iCaRL show slight improve-
ments, they still fail to maintain stable cross-phase diag-
nostic performance. WA and ADC achieve relatively better
results, yet their accuracy continues to decline as phases
increase, reflecting persistent issues of knowledge loss and
feature drift under domain-incremental scenarios.

In contrast, the proposed DCEAN model consistently
maintains a significantly superior diagnostic performance
across all phases. This result clearly demonstrates that
DCEAN can effectively mitigate forgetting and robustly
integrate new knowledge from varying operating conditions
during cross-domain continual learning. The line chart
shown in Fig. 8 further illustrates this trend: while the
accuracy curves of all comparison methods drop substan-
tially across phases, DCEAN consistently remains in a
high-accuracy region with a smooth and stable trajectory.

Figure 9 shows the statistical distribution of accuracy
for all methods across multi-phase tasks. It can be observed
that the box plot of DCEAN is highly compact, with sample
points displaying strong concentration and very few out-
liers, indicating excellent consistency and robustness across
different experimental runs. In comparison, the box plots of
other methods are generally more dispersed, demonstrating
noticeable fluctuations and instability, once again confirm-
ing the superiority of DCEAN in domain-incremental
learning.

Figure 10 illustrates the confusion matrices of DCEAN
across all phases. It is evident that the method continually
maintains strong discriminative capability for various fault

Table V. The diagnostic accuracy (%) of wheelset bearings under variable operating conditions

Method Phase 0 Phase 1 Phase 2 Phase 3 F1

Finetune 99.60+0.34 48.60+3.03 30.27 £2.99 20.56 +3.30 11.81
LwF 99.60 +0.34 51.85+2.81 4473 +3.55 22.07 £4.20 15.71
iCaRL 99.60+0.34 52.89£2.76 35.73+£3.23 33.24+£3.76 26.37
WA 99.60+0.34 71.30+£3.33 53.87+3.01 4326 +3.51 22.51
ADC 99.60+0.34 75.07 £2.69 58.10+2.92 55.23+2.87 46.52
DCEAN 99.60 +=0.34 97.10+0.76 94.73 +0.89 91.65+1.16 90.89
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Fig. 9. Box-and-whisker plot versus scatter plot of accuracy rates
for different models in Case 2.

types as the task evolves, with minimal inter-class confu-
sion. This highlights its advantages in cross-domain knowl-
edge integration and feature stability. To further compare
the recognition capability of different methods in the final
testing phase, Fig. 11 presents the confusion matrices of all
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methods. As shown in Fig. 11(a), Finetune is only able to
correctly recognize the newly introduced fault type in the
final operating condition and almost entirely loses knowl-
edge from earlier phases, exhibiting a typical complete-
forgetting phenomenon. Fig. 11(b)—(e) shows that although
LwF, iCaRL, WA, and ADC retain partial historical infor-
mation, their predictions still suffer from varying degrees of
class confusion and knowledge loss, making it difficult to
sustain stable fault diagnosis performance under domain-
incremental scenarios. In contrast, the proposed DCEAN
model in Fig. 11(f) demonstrates clear and balanced recog-
nition across all classes. It not only preserves knowledge
from earlier phases but also continues to learn effectively in
new phases, achieving a coherent integration of old and new
knowledge.

3). ABLATION STUDY. To evaluate the practical contri-
butions of the two core modules—SPC and FDSC—in
cross-condition continual incremental learning, compre-
hensive ablation studies were conducted on both datasets,
with the results summarized in Table VI. Overall, the
complete DCEAN model achieves the best fault diagnosis
performance across all phases, and its accuracy exhibits the
smallest degradation as phases progress. This further de-
monstrates that the synergistic design of SPC and FDSC is
essential for maintaining cross-domain stability.

From the results of w/o FDSC, it can be observed that
the model experiences a pronounced performance drop after
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JDMD Vol. 5, No. 1, 2026



60 Yan Zhang et al.

19F il
18+ 18 ||
17; 171 - 1
161 16 1
15+ 15 [ | 1
14+ 14 + 4
13 13 :
12t 12 -
Zf = 1
=S 10F =10 ]
H =g
E 8f £ 8f I B -
7t 7t .
6F 6F ]
st s I ] 100
4t 4t ]
3t 3t ]
2t I 2t - [ | 1
1+ 1t 1
1] RN i, & <SPS o B Ol 0 e e S S
DNYH X5 0ADIJIJVOPZO LN D9 DNIYHHH6ADBIJJDDOXHLA DO
Predicted label Predicted label 80
(a) Finetune (b) LwF
18F B - 18t 1
17+ | ] .. 1 17+ 1
16 1 16 1
15+ 1 15F 1
14t || 1 14+ 1
13 1 13F .
12+ -. 1 12+ | 1 60
et 1 st .
=10t [ S0t .
2o 2 of r :
= 8 B = 8 -
7 [ | 1 7 H -
6 1 6F 1
5t 1 5t
4t I 1 4t 71 40
3t [ | 1 3F
2 E 2
1 E 1
o v v v ol NN N . . ofb, . . oo
DNYH X H6ADBIJIJTOZH LN 3 DNYH X5 6A DI DI TB LN R
Predicted label Predicted label
R ¢ —— L E—
19f b
18f 1 H ]
17t 1
16 1
15+ 1
14 1
13 1
12t 1
Bl 13 — 0
S0t 1=
[} 9 E o g
E st 1 e
| J
e 3
st ]
4r u
3t [ | 1
27 1
1r B -
N I R AN I I R I I I
Predicted label Predicted label
(e) ADC (f) DCEAN
Fig. 11. Confusion matrices for different methods in the final testing phase of Case 2.
Table VI. The diagnostic accuracy (%) of the ablation methods under variable operating conditions
Method Dataset Phase 0 Phase 1 Phase 2 Phase 3
DCEAN Flywheel 99.83 98.01 95.59 93.05
Wheelset 99.60 97.10 94.73 91.65
w/o FDSC Flywheel 99.83 96.35 87.21 84.81
Wheelset 99.60 91.30 84.47 82.70
w/o SPC Flywheel 99.83 97.59 89.73 88.60
Wheelset 99.60 95.48 85.87 85.10
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Phase 1 on both the flywheel and wheelset bearing datasets.
Without explicit feature-drift calibration, the model strug-
gles to maintain stable semantic representations across

different operating conditions. This inconsistency causes
the shared classifier to shift its decision boundaries between
old and new feature distributions, thereby intensifying
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performance degradation. In contrast, the w/o SPC results
indicate that although the model retains some cross-condi-
tion adaptability, the absence of parameter-importance
constraints—based on statistical characteristics and sensi-
tivity analysis—leads to excessive updates of critical
parameters in new phases. As a result, discriminative
structures learned from earlier conditions become weak-
ened, allowing errors to accumulate and propagate into
subsequent phases.

The bar charts in Fig. 12(a) and Fig. 12(b) further
validate these findings: the complete DCEAN consistently
maintains a significantly higher performance curve with a
smoother downward trend, whereas both w/o FDSC and w/o
SPC display substantially sharper degradation across phases.
This clearly indicates that both modules play irreplaceable
roles in sustaining continual learning performance. To ana-
lyze the module contributions from a feature-space perspec-
tive, Fig. 13 presents the t-SNE visualization results in the
final testing phase. As shown in Fig. 13(a)-(d), removing
either FDSC or SPC results in varying degrees of cluster
overlap among different fault types, with the feature mixing
in w/o FDSC being the most severe. This observation aligns
fully with the numerical results: the absence of feature-drift
calibration leads to semantic inconsistency across operating
conditions, producing blurred classification boundaries;
meanwhile, the lack of parameter-importance constraints
partially disrupts the representational structure of previously
learned knowledge, degrading feature clustering quality.

In summary, the ablation study demonstrates that SPC
and FDSC contribute complementary functionalities in
terms of parameter stability and feature semantic consis-
tency. Their synergy constitutes the key mechanism
enabling DCEAN to maintain high accuracy and stability
in cross-condition incremental learning.

V. CONCLUSION

To address the challenges of incremental fault diagnosis
for rotating machinery under continuously varying oper-
ating conditions, this study proposes a DCEAN with
strong cross-condition adaptability. The method jointly
models parameter stability and feature consistency by
introducing a sensitive-parameter constraint mechanism
and a feature-drift self-calibration mechanism, enabling
knowledge preservation and cross-phase semantic align-
ment without relying on past samples. The former sup-
presses destructive updates to critical parameters to
prevent overwriting old knowledge, while the latter
explicitly characterizes feature shifts caused by condition
changes and maintains a stable feature-space structure
through self-calibration. Together, these mechanisms
enhance model robustness and generalization under
dynamic conditions. Experimental results demonstrate
that DCEAN significantly outperforms representative
methods in all phases, achieving smaller performance
degradation, higher feature separability, and stronger sta-
bility in cross-phase tasks. Overall, DCEAN provides an
effective and scalable modeling paradigm for exemplar-
free incremental fault diagnosis under continuously vari-
able operating conditions, offering important implications
for intelligent health monitoring of industrial equipment
under safety and privacy constraints. However, the current
study does not yet address scenarios in which few-shot
samples and varying operating conditions coincide with

the emergence of previously unseen fault types, which
constitutes an important direction for future research on
DCEAN. Building on the demonstrated advantages of
DCEAN in continual diagnosis under variable operating
conditions, we are confident that, through further investi-
gation and methodological refinement, it can be extended
to effectively handle the diagnosis of unknown fault types
in few-shot and variable-condition settings, thereby fur-
ther enhancing the level of intelligent health monitoring
for industrial equipment.
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