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Abstract

Remaining useful life (RUL) prediction of rolling bearings is essential for ensuring the safe
operation and condition-based maintenance of rotating machinery. To address unreliable
degradation-onset identification and insufficient joint modeling of trend and detail compo-
nents in non-stationary degradation signals, this paper proposes a two-stage framework
that integrates degradation assessment with the DK-Mamba network. First, a multi-feature
health indicator is constructed, and a dual-branch persistent validation strategy (DPV-FPT)
is developed to robustly identify the first prediction time (FPT). Second, a multi-scale
dynamic decomposition module is employed to adaptively separate the degradation se-
quence into trend and detail components. The Mamba architecture is then used to capture
long-range temporal dependencies in the trend branch, while wavelet-based soft-threshold
shrinkage is introduced to suppress noise-like high-frequency disturbances and JacobiKAN
is employed to enhance the nonlinear representation of localized impulsive degradation
features in the detail branch. Finally, a cross-attention mechanism is employed to adaptively
fuse the trend and detail representations for RUL prediction. Experiments on the PHM2012
and IMS datasets demonstrate that the proposed method improves FPT identification
reliability and achieves accurate and robust RUL prediction under complex degradation
patterns and varying operating conditions.

Keywords: degradation assessment; first prediction time; Mamba; rolling bearings; remaining
useful life prediction

1. Introduction
In modern industrial systems, rolling bearings are critical components of rotating

machinery, including machine tool spindles, wind turbines, and aero-engines, and their
health condition directly affects equipment reliability and operational safety. To improve
maintenance efficiency and economic performance while reducing operational risks, prog-
nostics and health management (PHM) has attracted increasing attention, with remaining
useful life (RUL) prediction regarded as one of its fundamental tasks. RUL prediction aims
to estimate the residual service life of equipment from historical condition-monitoring
data, thereby supporting condition-based maintenance decisions, reducing unexpected
downtime, and lowering maintenance costs. With advances in sensing and data acquisition
technologies, data-driven methods have become an important direction for bearing RUL
prediction and have demonstrated promising applicability under complex operating condi-
tions [1]. Deep learning has further advanced this field by enabling models to automatically
learn degradation-related representations with less reliance on handcrafted features and
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predefined rules. Nevertheless, owing to the non-stationary nature of bearing degradation
signals, accurately identifying the onset of sustained degradation and effectively modeling
both long-term degradation evolution and localized impulsive characteristics remain chal-
lenging for bearing RUL prediction. The degradation process of rolling bearings generally
progresses from stable operation through sustained degradation to eventual failure [2].
Accordingly, bearing prognostics typically involve two closely related tasks: identifying
the onset of degradation and subsequently estimating the RUL. Because signal characteris-
tics and degradation dynamics vary across different life stages, conventional single-stage
models may have difficulty simultaneously representing normal operating fluctuations
and subsequent degradation evolution over the full life cycle. Two-stage prognostic frame-
works address this issue by first identifying the degradation onset and then modeling the
degradation stage separately [3]. Within such frameworks, the first prediction time (FPT)
denotes the transition from normal operating fluctuations to sustained degradation. Its de-
termination directly affects degradation-stage sample selection and RUL-label construction
and therefore plays an important role in the overall prediction process.

Existing studies on degradation-onset identification have primarily focused on health-
indicator construction, threshold design, statistical change detection, and anomaly de-
tection. Zhao et al. [4] proposed a health-indicator-based method that jointly considers
monotonicity and detectability to support both FPT identification and RUL prediction.
Mi et al. [5] combined an extended isolation forest with nonparametric cumulative-sum
statistics to improve early fault detection under noisy conditions while reducing false
alarms. Zhang et al. [6] integrated unsupervised anomaly detection with an adaptive
thresholding mechanism to achieve adaptive localization of the degradation onset and
enhance sensitivity to incipient degradation characteristics. Although these studies have
advanced degradation-onset identification, reliable FPT localization remains challenging
for complex and non-stationary full-life vibration sequences. A transient impulse may
produce an isolated threshold crossing without indicating sustained degradation, while a
criterion based primarily on amplitude may not adequately characterize the local growth
tendency of the degradation indicator. Moreover, insufficient persistence validation after a
candidate onset has been detected may result in premature FPT localization. These limita-
tions highlight the need for an identification strategy that jointly considers complementary
degradation cues and verifies the persistence of candidate onset points.

At the RUL prediction stage, deep learning methods have been widely adopted be-
cause of their ability to automatically extract degradation-related representations from
time-series data [7–9]. Recurrent neural networks (RNNs) and their representative variants,
including gated recurrent units (GRUs) and long short-term memory (LSTM) networks,
have become important baseline models for temporal degradation modeling. For exam-
ple, Wang et al. [10] integrated a deep convolutional autoencoder, a multilayer bidirec-
tional LSTM, and a temporal-pattern attention mechanism to construct degradation-related
representations for bearing RUL prediction. However, when applied to non-stationary
full-life degradation sequences, recurrent models may still have difficulty preserving
long-range temporal dependencies and characterizing feature evolution under complex
degradation patterns.

To strengthen global temporal modeling, attention-based and Transformer-based archi-
tectures have increasingly been introduced into bearing RUL prediction. Existing studies
have combined temporal convolutional networks or recurrent structures with Transformer
modules to capture local degradation patterns and long-range temporal dependencies
simultaneously [11,12]. These methods improve the joint representation of local and global
temporal information. However, they generally process the degradation sequence as
an integrated representation, and the explicit separation of slowly varying degradation
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trends, localized impulsive variations, and stochastic high-frequency fluctuations is not
their principal modeling objective.

In recent years, Mamba, an architecture based on state-space models, has provided a
new perspective for efficient long-sequence modeling [13]. By introducing input-dependent
selective state transitions, Mamba can represent long-range temporal dependencies with
favorable computational efficiency and has therefore attracted increasing attention in prog-
nostic applications. Yue et al. [14] combined the Mamba state-space framework with
segmented physical degradation modeling and particle filtering for cutting-tool RUL pre-
diction. Li et al. [15] integrated bidirectional Mamba with causal discovery, attention
mechanisms, and LSTM for aero-engine RUL prediction. More recent studies have incor-
porated multi-head attention and learnable scaling parameters into Mamba-based RUL
models [16] and developed the Mamba-SDP framework for multisensor rolling-bearing
RUL prediction [17]. These studies indicate the potential of state-space models for long-
range degradation modeling, attention enhancement, and multisensor information interac-
tion. Nevertheless, most existing methods process degradation sequences as integrated
representations, whereas the explicit decomposition and dedicated modeling of cumulative
degradation trends and localized detail variations before state-space encoding remain
comparatively underexplored.

In addition to long-range temporal modeling, the nonlinear representation of localized
degradation details requires specific consideration. High-frequency detail components
may contain both degradation-related impulses and stochastic fluctuations, and direct non-
linear encoding may cause noise-like variations to be modeled together with informative
localized patterns. To mitigate this issue, wavelet soft-threshold shrinkage is first applied
to attenuate noise-like high-frequency disturbances before nonlinear feature extraction.
Kolmogorov–Arnold networks construct learnable nonlinear mappings through trainable
univariate functions [18], while Jacobi-function-based variants provide flexible basis ex-
pansions for approximating complex nonlinear relationships [19]. However, the suitability
of different nonlinear mapping modules for representing wavelet-processed degradation
details remains insufficiently examined in bearing RUL prediction.

To address the above limitations, this study proposes a two-stage RUL prediction
framework that integrates degradation assessment with DK-Mamba-based RUL prediction.
First, a multi-feature health indicator and a dual-branch persistent validation strategy,
termed DPV-FPT, are constructed to reduce false alarms caused by short-term fluctua-
tions and transient spike-like disturbances. At the RUL prediction stage, the degradation
sequence is adaptively decomposed into trend and detail components. Mamba is em-
ployed to model long-range temporal dependencies in the trend component, while wavelet
soft-threshold shrinkage and JacobiKAN are used to suppress noise-like fluctuations and
represent nonlinear localized degradation patterns in the detail component. A cross-
attention mechanism is subsequently introduced to integrate the complementary trend
and detail representations. Comparative, ablation, and nonlinear-module replacement
experiments are conducted on the PHM2012 and IMS datasets to evaluate the proposed
framework and examine the suitability of JacobiKAN for the high-frequency detail branch.
The main contributions of this study are summarized as follows:

(1) A degradation-onset localization strategy based on dual-branch persistent validation
is proposed. By jointly considering amplitude variation, local growth tendency, short-
and long-window persistence, and future-window confirmation, the proposed DPV-
FPT strategy distinguishes sustained degradation from transient threshold crossings.

(2) An adaptive trend–detail RUL modeling framework is constructed for heterogeneous
bearing degradation sequences. The proposed multi-scale dynamic decomposition
module separates cumulative degradation trends from localized detail variations,
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while a Mamba-based trend encoder captures long-range temporal dependencies in
the cumulative degradation trajectory.

(3) A detail encoder combining wavelet soft-threshold shrinkage and JacobiKAN is intro-
duced to suppress noise-like high-frequency disturbances and represent nonlinear lo-
calized degradation patterns. The suitability of JacobiKAN for the wavelet-processed
detail branch is further examined through controlled replacement experiments with a
standard KAN, ChebyshevKAN, and an MLP. Cross-attention is subsequently em-
ployed to integrate complementary trend and detail information for RUL prediction.

2. Degradation Assessment and FPT Identification
2.1. Problem Definition

The full-life vibration signals collected from rolling bearings are considered in this
study. Let xt(n) denote the vibration signal corresponding to the t − th sampling file, where
t = 1, 2, · · · , T denotes the time index and n = 1, 2, · · · , N denotes the sampling-point
index within a single file.

During the full-life degradation process, FPT is defined as the earliest time at which the
bearing transitions from normal operating fluctuations to sustained degradation. However,
owing to variations in operating conditions and short-term fluctuations in vibration signals,
FPT is prone to misidentification. To address this issue, a health baseline segment is
introduced to establish the baseline reference range for degradation features and the
health indicator, and a dual-branch persistent validation mechanism, termed DPV-FPT,
is developed to improve the reliability of degradation-onset identification. The overall
procedure of degradation assessment and FPT identification is illustrated in Figure 1. First,
the vibration signal is decomposed by complete ensemble empirical mode decomposition
with adaptive noise (CEEMDAN), and the intrinsic mode function (IMF) components are
selected according to adaptive criteria to reconstruct an enhanced signal. Then, the root
mean square (RMS) and envelope energy (Eenv) are extracted from the reconstructed
signal and subjected to logarithmic compression. Combined with the health baseline
segment, the Mahalanobis distance MD(t) is constructed, from which the normalized
health indicator HI(t) ∈ (0, 1) is obtained. Finally, persistent validation is performed in
both the amplitude branch and the gradient branch, and the confirmed degradation onset
is denoted as FPTconfirm.

Input

Raw vibration signal 

xt(n)

Preprocessing

CEEMDAN decomposition   IMF 

selection (correlation + kurtosis)   

reconstructed signal

Extracted features 

RMS, Eenv

Amplitude-branch confirmation

Feature Gate g(t)   Continuity  

Sustained validation  Far-window 

threshold criterion  FPTamp

Gradient-branch confirmation

 Slope Gate s(t)  Continuity  

Sustained validation  Far-window 

threshold criterion   FPTgrad

FPT confirmation

FPTconfirm = max(FPTamp, FPTgrad)

Output

 HI(t), FPTamp, FPTgrad, 

FPTconfirm

HI construction & threshold calibration

F (́t)=log(1+[RMS(t),Eenv(t)]) 

MD(t;B)  HI(t) = Normalize(MD(t))

 Thresholds:θ, θh​

Figure 1. Flowchart of FPT identification based on CEEMDAN and the health indicator.

2.2. CEEMDAN-Based Signal Enhancement

CEEMDAN was proposed by Torres et al. [20]. By progressively introducing adaptive
noise at each decomposition stage, it can effectively alleviate mode mixing and reduce
reconstruction error. Its main procedure is summarized as follows.

(1) Construct the noise-assisted signal:

x(i)t (n) = xt(n) + ε0δi(n) (1)
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where ε0 denotes the noise amplitude coefficient, and δi(n) denotes the i-th added
white-noise sequence.

(2) Perform empirical mode decomposition (EMD) on each noise-assisted signal x(i)t (n),
and obtain the first intrinsic mode function (IMF) by averaging the first-mode com-
ponents obtained from all decompositions, denoted as IMFt,1(n) = 1

I ∑I
i=1 IMF(i)

t,1(n).
The corresponding residual is then given by rt,1(n) = xt(n)− IMFt,1(n).

(3) For higher-order components j ≥ 2, adaptive noise is added to rt,j−1(n), after which
decomposition is performed again. The averaged result yields IMFt,j(n), and the
residual is updated as

rt,j(n) = rt,j−1(n)− IMFt,j(n) (2)

(4) The decomposition terminates when the residual exhibits a monotonic trend and can
no longer be further decomposed. The original signal can then be expressed as

xt(n) =
J

∑
j=1

IMFt,j(n) + Rt(n) (3)

where j denotes the index of IMF components, J denotes the total number of IMF compo-
nents, and Rt(n) denotes the final residual component of the t-th sampling file obtained
after CEEMDAN decomposition, which mainly represents the low-frequency trend that
cannot be further decomposed.

After CEEMDAN decomposition, the original signal is represented as a series of IMF
components arranged from high frequency to low frequency. Among them, the high-
frequency components mainly reflect localized transient oscillations and fine-scale varia-
tions, whereas the low-frequency components characterize the overall degradation trend of
the signal.

To extract the effective components associated with degradation, an adaptive screening
criterion jointly considering correlation and kurtosis is adopted. For the j-th IMF of the t-th
sampling file, the absolute correlation coefficient between the IMF and the original signal is
denoted as

ct,j =
∣∣corr

(
IMFt,j, xt

)∣∣,
and the corresponding kurtosis is denoted as κt,j. The correlation coefficients are arranged
in descending order as ct,(1) ≥ ct,(2) ≥ · · · ≥ ct,(J), where J denotes the total number of
IMF components.

Given the correlation-ranking ratio ρc, the ranking position is defined as

r = max(1, round(ρc J)).

The adaptive correlation threshold is then determined as

cth,t = min
{

max
(

ct,(r), cmin

)
, cmax

}
,

where cmin and cmax denote the lower and upper bounds of the adaptive correlation
threshold, respectively. The retained IMF index set is defined as

Ωt =
{

j | ct,j ≥ cth,t or κt,j ≥ κth
}

,

where κth denotes the kurtosis threshold. Finally, the retained IMF components are super-
imposed to reconstruct the enhanced signal for subsequent feature extraction:

x̃t(n) = ∑
j∈Ωt

IMFt,j(n). (4)
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2.3. Feature Extraction and Preprocessing

For the reconstructed signal x̃t(n) of the t-th sampling file, a two-dimensional degra-
dation feature vector is extracted as f (t) = [RMS(t), Eenv(t)]T. Among these features, RMS
is used to characterize the signal energy level and is defined as:

RMS(t) =

√√√√ 1
N

N

∑
n=1

x̃ 2
t (n) (5)

The envelope energy Eenv(t) is used to characterize the intensity of impulsive en-
velopes. Let et(n) = |x̃t(n) + iH{x̃t(n)}| denote the envelope obtained from the analytic
signal, where H{·} denotes the Hilbert transform. Then, the envelope energy is defined as

Eenv(t) =
1
N

N

∑
n=1

e 2
t (n) (6)

Considering that extreme peaks may appear in the later stage of bearing degradation
and may adversely affect threshold setting and scale normalization, the two-dimensional
features are compressed using the log1p transformation:

RMS′(t) = log(1 + max(RMS(t), 0)) (7)

E′
env(t) = log(1 + max(Eenv(t), 0)) (8)

Then, the transformed feature vector f ′(t) =
[
RMS′(t), E′

env(t)
]T is taken as the input

for subsequent health indicator construction.

2.4. Health Indicator Construction via MD

To eliminate dimensional inconsistency and fuse the RMS and Eenv components in the
feature vector f ′(t), the Mahalanobis distance (MD) [21] is employed to construct the health
indicator. By exploiting the covariance structure of the feature space, the Mahalanobis
distance can jointly account for both scale differences and inter-feature correlations, thereby
yielding a unified and robust degradation indicator.

Considering that vibration fluctuations are relatively large during equipment start-up
and the running-in stage, the initial ρskip proportion of samples is first excluded to avoid
interference with health baseline determination. Thereafter, a healthy segment with length
ratio ρb is selected as the baseline:

t0 =
⌊

ρskipT
⌋
+ 1 (9)

Tb = ⌊ρbT⌋ (10)

where T denotes the number of sampling files in the full-life-cycle sequence, ρskip denotes
the proportion of samples excluded to avoid the start-up and running-in stage, and ρb ∈
(0, 1) denotes the length ratio of the health baseline segment. Here, t0 represents the
starting point of the baseline segment, and B denotes the time-index set of the health
baseline segment, i.e., B = {t0, t0 + 1, . . . , t0 + Tb − 1}.

Let the baseline feature sample set be denoted as [ f ′(t) | t ∈ B], whose mean vector and
covariance matrix are µB and ΣB, respectively. For an arbitrary time step t, the Mahalanobis
distance is defined as

D2(t) =
(

f ′(t)− µB
)TΣ−1

B
(

f ′(t)− µB
)

(11)

MD(t) =
√

D2(t) (12)
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Let the Mahalanobis distance sequence on the baseline segment be denoted as
[MD(t) | t ∈ B]. To construct a stable normalization scale, define

mdbase = median{MD(t) | t ∈ B} (13)

mdmax = Qq

(
{MD(t)}T

t=1

)
(14)

where Qq(·) denotes the quantile operator, and q ∈ (0, 1) is used to determine the upper
bound for normalization. To mitigate the influence of extreme peaks in the late degradation
stage on the overall normalization range, MD(t) is upper-bounded as:

MDclip(t) = min(MD(t), mdmax) (15)

Based on this, the normalized health indicator (HI) is constructed as:

HI(t) = min

{
1, max

{
0,

MDclip(t)− mdbase

mdmax − mdbase + ε

}}
(16)

where ε is a small positive constant used to avoid division by zero.
In this way, the two-dimensional degradation features are transformed into a scalar

health indicator with improved robustness and comparability, which provides the basis for
the subsequent DPV-FPT-based degradation-onset identification.

2.5. DPV-FPT Criterion

As illustrated in Figure 1, a dual-branch confirmation strategy combining an amplitude
branch and a gradient branch is adopted to identify the degradation onset. In both branches,
persistence constraints, persistent validation constraints, and future-window exceedance
constraints are jointly introduced to reduce false alarms caused by short-term fluctuations
and transient spike-like disturbances. The final output is the confirmed FPT, denoted as
FPTconfirm.

On the baseline segment B, let HIB = [HI(t) | t ∈ B]. The baseline median and median
absolute deviation are defined as:

mB = median{HI(t) | t ∈ B} (17)

MADB = median{|HI(t)− mB| | t ∈ B} (18)

where MADB is used as a robust dispersion measure for threshold calibration. To improve
the adaptivity of threshold setting, the primary threshold is computed by combining
baseline statistics with a predefined upper bound θcap:

θ̃ = max
(

Q1−α(HIB), mB + K f · MADB

)
(19)

θ = min
(

θ̃, θcap

)
(20)

Furthermore, to enhance the discriminative stability of the subsequent validation
stage, a margin m is introduced on the basis of the primary threshold, and the upper bound
θhcap is used for truncation to obtain the high threshold θh:

θh = min
(

θ + m, θhcap

)
(21)
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where Q1−α(·) is the (1 − α)-quantile of the baseline segment HIB, α controls the threshold
sensitivity, K f is the MAD scaling factor, θcap is the upper bound of the primary threshold,
m is the high-threshold margin, and θhcap is the upper bound of the high threshold.

Within the search interval [Tst, Ted], each candidate time t is sequentially examined.
The earliest candidate time satisfying the following conditions in the amplitude branch is
defined as FPTamp:

(1) Feature gating constraint: For a candidate time t, the feature-gating window is defined
as:

Wg(t) =
{

t, t + 1, . . . , min
(
t + Tg − 1, T

)}
(22)

Within this window, the exceedance state of a single-point feature is defined as:

bi = I[Zrms(i) > γ ∨ Zenv(i) > γ] (23)

where I(·) denotes the indicator function, which equals 1 if the condition is satisfied
and 0 otherwise. Then, the proportion of exceedance points within the window is
required to be no smaller than the preset threshold ηg:

g(t) =
1∣∣Wg(t)

∣∣ ∑
i∈Wg(t)

bi ≥ ηg (24)

(2) Persistence constraint: The health indicator is required to continuously exceed the pri-
mary threshold over the persistence interval, i.e., HI(i) > θ,∀i ∈ [t, t + 1, . . . , t + Tc − 1];

(3) Persistent validation constraint: Within the short window Ws(t) = [t, . . . , t + Ts − 1],
the proportion of points whose health-indicator values exceed the high threshold θh

must be no smaller than ηs.

1
|Ws(t)| ∑

i∈Ws(t)
I[HI(i) > θh] ≥ ηs (25)

Meanwhile, within the long window Wl(t) = [t, t + 1, . . . , t + Tl − 1], the mean value
of the health indicator must exceed the high threshold θh

1
|Wl(t)| ∑

i∈Wl(t)
HI(i) > θh (26)

(4) Future-window exceedance requirement: Within the future window W f (t) =[
t, t + 1, . . . , t + Tf − 1

]
, the proportion of points whose health-indicator values ex-

ceed the primary threshold θ must be no smaller than η f

1∣∣∣W f (t)
∣∣∣ ∑

i∈W f (t)
I[HI(i) > θ] ≥ η f (27)

where Ws(t), Wl(t), and W f (t) denote the short window, long window, and future window,
respectively, Ts, Tl , and Tf are the corresponding window lengths, ηs and η f are the corre-
sponding proportion thresholds, θ is the primary threshold and θh is the high threshold.

In the gradient branch, a slope coefficient s(t) is estimated by fitting a first-order linear
regression model to HI(t) within a sliding window. This coefficient is used to characterize
the local increasing trend of the health indicator, and the corresponding threshold θg is
calibrated from the baseline segment. When s(t) > θg, and the persistence and validation
constraints are simultaneously satisfied, the gradient-branch onset FPTgrad is obtained.
The final FPT is defined as:
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FPTconfirm = max
(

FPTgrad, FPTamp

)
(28)

In this study, DPV-FPT is implemented as an offline degradation-onset localization pro-
cedure for complete run-to-failure sequences. Its global hyperparameters are prespecified
independently of the test-bearing RUL labels and kept fixed across all bearing sequences,
whereas the bearing-specific baseline statistics and adaptive thresholds are calculated from
the predefined initial healthy segment of each bearing without using RUL labels. The sub-
sequent validation windows are used to confirm the persistence of degradation after a
candidate onset.

y(t) =


1, t ≤ tFPT,

T − t
T − tFPT

, tFPT < t ≤ T.
(29)

Based on the two-stage degradation modeling framework, FPTconfirm is taken as the
starting point of the bearing degradation stage. Samples before this point are regarded
as being in the healthy state, whereas samples after this point are assumed to degrade
linearly until failure. Let the length of each full-life bearing sequence be T, with time index
t = 1, 2, . . . , T. Then, the normalized RUL label y(t) ∈ [0, 1] is defined by Equation (29).

2.6. Feature Selection

In the RUL prediction stage, to characterize the amplitude variation, distributional
features, complexity, and spectral-structure information during the bearing degradation
process, statistical features are constructed from sliding-window segments, as listed in
Table 1. A total of 15 candidate features is selected, covering indicators from the time
domain, frequency, and complexity domains.

Considering both the relevance of candidate features to the RUL labels and the re-
dundancy among features, the Minimum Redundancy Maximum Relevance (mRMR)
criterion [22] based on mutual information is adopted for feature selection. Specifically,
MI( fi; f j) is used to measure the redundancy between features. The scoring function is
defined as:

J( f ) = MI( f ; y)− 1
|S| ∑

s∈S
MIsym( f ; s) (30)

During the search process, a Sequential Forward Selection (SFS) strategy [23] is em-
ployed to progressively incorporate features. First, the feature with the largest MI( f ; y)
is selected. Subsequently, at each step, the next feature is determined by maximizing the
scoring function, thereby yielding the feature-importance ranking. By jointly considering
feature relevance and redundancy, the final input feature set is obtained.

Table 1. Candidate features.

Category Features Category Features

Time Domain

Mean
Time Domain

Root_amplitude
Variance p-norm Crest Factor (P = 1.9)
Skewness Margin factor

Kurtosis
Frequency

Spectral_flatness
Peak_vibration Energy_ratio

Rms_vibration
Complexity

Entropy
Peak_factor Fractal_Dimension

Pulse_factor
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3. Methodology
3.1. Framework Overview

Let the full-life-cycle bearing dataset be denoted as D =
{(

X(i), Y(i)
)}N

i=1
. In this

study, a sliding-window strategy is adopted to generate training samples. At time step t,
the input window is denoted as Xt ∈ RL×C where L is the historical observation length
and C is the feature dimension. The model learns a nonlinear mapping FΘ : RL×C → RP to
output the future P-step RUL prediction sequence:

Ŷt = FΘ(Xt) = [ŷt+1, . . . , ŷt+P] (31)

where Θ denotes the set of learnable model parameters, and P denotes the number of
prediction steps. During the testing and visualization stages, the mean value of the P-step
predictions is taken as the final RUL estimate for the current window, and the corresponding
labels are processed in the same manner.

A Decomposition-KAN-Mamba prediction framework, termed DK-Mamba, is pro-
posed in this study. As illustrated in Figure 2, the DK-Mamba framework consists of three
main modules: a Multi-Scale Dynamic Decomposition (MSDD) module, a Trend–Detail
Encoding module, and a Cross-Attention Fusion and Prediction module.

Input: 

Feature sequence 

Z-score normalization

Multi-Scale Dynamic 

Decomposition(MSDD)

Trend Encoder Detail Encoder

Cross-attention fusion

Prediction head

 (Linear   P-step)

 Sigmoid

Predicted normalized

 RUL sequence

XdeXtr

Figure 2. Overall architecture of the proposed DK-Mamba framework.

https://doi.org/10.3390/machines14080836

https://doi.org/10.3390/machines14080836


Machines 2026, 14, 836 11 of 27

First, the input sequence is adaptively decomposed into a trend component Xtr and
a detail component Xde, which represent the long-term degradation trend and the high-
frequency impulsive degradation features, respectively. The trend component Xtr is then
fed into a Mamba-based trend encoder to capture the long-range dependencies embedded
in the cumulative degradation trajectory. The resulting trend representation is denoted as
Htrend, i.e., Htrend = Mamba(Xtr).

Next, the detail component Xde is processed by the Detail Encoder for joint mod-
eling in the time-domain and frequency-domain branches. Meanwhile, wavelet soft-
threshold shrinkage is introduced to impose adaptive constraints on the high-frequency
detail component.

Finally, a cross-attention mechanism is employed to interactively fuse the trend and
detail features, and the prediction head outputs the final RUL prediction results.

3.2. Multi-Scale Dynamic Decomposition

Bearing degradation signals usually contain both global degradation trends and
localized impulsive degradation features. However, traditional decomposition methods
based on fixed windows and fixed weights are often inadequate for capturing multi-scale
temporal characteristics and may lead to information loss. To address this issue, a Multi-
Scale Dynamic Decomposition module, abbreviated as MSDD, is designed, as illustrated in
Figure 3.

First, the input X ∈ RB×L×C is transposed into the channel-first form required for
one-dimensional convolution, yielding Xc ∈ RB×C×L, where B, L, and C denote the batch
size, sequence length, and feature dimension, respectively. A set of M convolution kernels
with different receptive fields is predefined as K = [k1, k2, . . . , kM], together with the
corresponding dilation-rate set D = [d1, d2, . . . , dM], where M denotes the number of multi-
scale convolution branches. Multi-scale feature representations are then extracted through
parallel depthwise dilated convolutions:

Fi = DWConvki ,di (Xc) ∈ RB×C×L, i = 1, 2, . . . , M (32)

Next, global average pooling is applied along the temporal dimension of each scale-
specific feature Fi to obtain the corresponding scale descriptor pi. The scale descriptors are
then stacked along the scale dimension and averaged to obtain an aggregated descriptor p.
Subsequently, a lightweight multilayer perceptron is employed to generate the scale-specific
scores, which are normalized by a softmax function to obtain the dynamic scale weights
α = [α1, α2, . . . , αM]:

pi = GAP(Fi) ∈ RB×C, i = 1, 2, . . . , M

P = StackM
i=1(pi) ∈ RB×M×C

p = Meanscale(P) =
1
M

M

∑
i=1

pi ∈ RB×C

α = softmax(MLP(p)) = [α1, α2, . . . , αM] ∈ RB×M

(33)

where pi denotes the global descriptor of the ith scale, P denotes the stacked scale-descriptor
tensor, and p denotes the descriptor obtained by averaging across the scale dimension.
The weight αi represents the sample-dependent importance assigned to the ith scale and is
broadcast along the channel and temporal dimensions when weighting Fi.

M

∑
i=1

αi = 1 (34)
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Input Sequence X
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Dynamic Scale Attention

Stack Scale Mean   MLP   Softmax

Detail Xde = X   Xtr 

Outputs: ( Xtr, Xde)

 Weighted Feature Concatenation 1×1 

Conv Trend Xtr 

Figure 3. Structure of the MSDD trend–detail decomposition module.

Finally, each scale-specific feature Fi is multiplied by its corresponding dynamic weight
αi. The weighted multi-scale features are concatenated along the channel dimension and
subsequently mapped through a 1 × 1 pointwise convolution to obtain the channel-first
trend representation:

Xtr,c = PWConv1×1

(
ConcatM

i=1[αiFi]
)
∈ RB×C×L (35)

The trend representation is then transposed back to the original sequence-first format:

Xtr = TransposeBack(Xtr,c) ∈ RB×L×C (36)

The detail component is obtained as the residual between the input sequence and the
extracted trend component:

Xde = X − Xtr ∈ RB×L×C (37)

In this way, the input sequence is adaptively decomposed into the trend component
Xtr and the detail component Xde.
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3.3. Detail Branch Encoder

The detail component contains both early fault-induced impulses and high-frequency
stochastic disturbances. If modeled directly, localized impulsive patterns are easily contam-
inated by short-term fluctuations. To address this issue, a Detail Encoder is designed, as
illustrated in Figure 4. It consists of two parts: a frequency-domain dual-branch structure
based on wavelet decomposition and a parallel time-domain contextual modeling branch
built upon a Bidirectional State Space Model (Bi-SSM) [24].

Jacobi-KAN
Mamba

(SSM)

Mamba

(SSM)
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Htime

Time -domain path
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Detail feature 
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Learnable Weighted 
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Figure 4. Architecture of the detail encoder, JacobiKAN, and Mamba modules.

First, the Discrete Wavelet Transform (DWT) is employed to decompose Xde into
a low-frequency component Xde,l and a high-frequency component Xde,h. To suppress
transient spike-like disturbances and high-frequency stochastic noise in Xde,h, a learnable
soft-threshold shrinkage operation is introduced:

τ = σ(θ) · mean
(∣∣Xde,h

∣∣) (38)

X̃de,h = sign(Xde,h) · max
(∣∣Xde,h

∣∣− τ, 0
)

(39)

where θ is a learnable parameter and σ(·) denotes the Sigmoid function, which constrains
the threshold scaling factor to the interval (0, 1).

To further enhance the nonlinear representation capability of the high-frequency branch,
JacobiKAN [25] is introduced in the detail encoder. Compared with an MLP based on learnable
affine transformations and fixed activation functions, JacobiKAN parameterizes univariate
nonlinear mappings using learnable Jacobi polynomial basis expansions, thereby providing a
flexible representation for complex localized impulsive degradation features.

The suitability of JacobiKAN is further evaluated through controlled replacement
experiments with a standard KAN, ChebyshevKAN, and an MLP, as reported in Section 4.2.

Since the low-frequency branch mainly preserves slowly varying degradation infor-
mation, it is directly fed into Mamba for sequence modeling.

By contrast, the high-frequency branch mainly contains localized impulsive degrada-
tion features and abrupt high-frequency transients. Therefore, the high-frequency branch
is first enhanced by JacobiKAN to strengthen the nonlinear representation of localized
impulsive degradation features, and is then fed into Mamba to capture the long-range
dependencies embedded in the high-frequency detail sequence:

Hl = Mamba(Xde,l) (40)
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Hh = Mamba
(

ΦJacobiKAN

(
X̃de,h

))
(41)

To compensate for the potential loss of temporal information caused by the frequency-
domain transformation, an additional time-domain contextual modeling branch is intro-
duced in parallel with the frequency-domain wavelet branch. In this branch, a bidirectional
state space model (Bi-SSM) is employed to capture both forward and backward contextual
dependencies, and the resulting features are integrated through a residual connection to
obtain the time-domain representation.

Htime = F(Xde) + FlipBack(F(Flip(Xde))) + Xde (42)

Finally, the outputs of the low-frequency branch and high-frequency branches are
reconstructed by the Inverse Wavelet Transform (IWT) and further combined with the
output of the time-domain branch to obtain the final detail representation:

Hdetail = IWT(Hl , Hh) + Htime (43)

The overall architecture of the detail encoder, together with the JacobiKAN and Mamba
modules, is illustrated in Figure 4.

3.4. Cross-Attention Fusion and RUL Prediction

Traditional dual-branch models usually fuse the trend component and the detail
component through simple element-wise addition, which makes it difficult to characterize
the stage-dependent evolution of localized impulsive degradation features. To address this
issue, a Cross-Attention Fusion mechanism is introduced. In this module, the output of the
detail encoder Hdetail is used as the query(Q), while the trend feature Htrend serves as the
key(K) and value(V), thereby enabling cross-attentive fusion between localized impulsive
degradation features and the global degradation trend:

Q = HdetailWQ (44)

K = HtrendWK (45)

V = HtrendWV (46)

Hatt = Softmax
(

QKT
√

dk

)
V (47)

Z = LayerNorm(Hdetail + Hatt) (48)

In the prediction head, the fused feature is flattened and mapped to a P-step output.
Since normalized RUL labels are adopted, a Sigmoid function is finally used to constrain
the prediction results to the interval [0, 1]:

ŶRUL = σ(Linear(Flatten(Z))) (49)

3.5. Evaluation Metrics

To evaluate the predictive performance of the proposed model, the Mean Absolute
Error (MAE) and Root Mean Square Error (RMSE) are adopted as evaluation metrics.

Among them, MAE is used to measure the average absolute deviation between the
predicted values and the ground-truth values, and is defined as

MAE =
1
n

n

∑
i=1

|yi − ŷi| (50)
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RMSE is used to measure the overall prediction error, and is defined as

RMSE =

√
1
n

n

∑
i=1

(yi − ŷi)
2 (51)

where yi denotes the ground-truth RUL ŷi denotes the predicted RUL, and n denotes
the number of samples. In general, smaller values of MAE and RMSE indicate better
predictive performance.

4. Experimental Results
4.1. Experimental Settings on PHM2012

To verify the effectiveness of the proposed method on full-life bearing degradation
sequences, experiments were conducted on the accelerated degradation dataset of rolling bear-
ings from the IEEE PHM2012 Prognostics Challenge (PRONOSTIA platform) [26]. The plat-
form consisted of a rotation module, a degradation loading module, and a measurement
module. High-frequency accelerometers were used to collect vibration signals at a sampling
frequency of 25.6 kHz, and a signal segment of length 0.1 s was acquired every 10 s. In this
study, the horizontal vibration signals collected under Operating Condition 1 and Operating
Condition 3 were selected and analyzed. Among them, Bearing1_3, Bearing1_5, Bearing1_6,
and Bearing1_7 under Operating Condition 1, together with Bearing3_2 under Operating
Condition 3, were used as the test set, while the remaining bearings were used for training.

The bearing-level training–test split was completed before feature selection and nor-
malization. The mRMR ranking was obtained using only the candidate features and RUL
labels of the training bearings, and the resulting feature subset was subsequently fixed
and applied unchanged to all test bearings. Based on the mRMR ranking and redundancy
analysis, the p-norm Crest Factor and Margin Factor were removed, and the remaining
13 features were retained as inputs to the RUL prediction model, i.e., C = 13. The means
and standard deviations used for Z-score normalization were estimated from the concate-
nated feature samples of all training bearings and subsequently applied unchanged to the
test bearings. The selected feature curves and the mRMR-based redundancy analysis are
presented in Figures 5 and 6.

A sliding-window strategy was then adopted to generate sequential samples. Specif-
ically, a historical feature sequence of length L = 128 (with feature dimension C = 13)
was used as the input to predict the normalized RUL at P = 4 steps ahead. To match the
normalized RUL labels, a Sigmoid function was employed at the end of the prediction head
to constrain the output range.

For CEEMDAN-based signal enhancement, the ensemble size, i.e., the number of noise
realizations, was set to I = 50, the relative noise amplitude was set to ε0 = 0.2, and the
maximum number of sifting iterations was set to 100. For IMF selection, the correlation-
ranking ratio was set to ρc = 0.40, the lower and upper bounds of the adaptive correlation
threshold were set to cmin = 0.15 and cmax = 0.60, respectively, and the kurtosis threshold
was set to κth = 3.0.

In the degradation assessment and DPV-FPT decision process, the initial ρskip = 0.05
proportion of each full-life sequence was excluded, and the baseline length ratio was set
to ρb = 0.20. All window lengths were determined relative to the total number of sam-
pling files T in each bearing sequence and rounded to the nearest integer. Specifically,
the feature-gating, continuity, short-term validation, long-term validation, and future-
validation window lengths were set to Tg = 0.10T, Tc = 0.02T, Ts = 0.10T, Tl = 0.03T,
and Tf = 0.20T, respectively. The corresponding proportion thresholds were set to
ηg = 0.25, ηs = 0.60, and η f = 0.75.
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Figure 5. Selected feature curves.

The MAD scaling factor was set to K f = 0.50. The high-threshold margin and the
upper bound of the high threshold were set to m = 0.020 and θ

cap
h = 0.99, respectively.

The quantile parameter used to determine the upper normalization bound of the Maha-
lanobis distance was set to q = 0.995, and the feature-gating threshold was set to γ = 2.5.
For primary-threshold calibration, the sensitivity parameter and the upper bound were
set to α = 0.015 and θcap = 0.95, respectively. In the gradient branch, the slope s(t) was
estimated using sliding-window linear regression with a window length of 0.03T, and the
gradient threshold was determined from the baseline segment according to θg = µg + 3σg.
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Figure 6. Feature selection results and redundancy analysis based on mRMR: (a) feature relevance
ranking based on mutual information with RUL; (b) feature redundancy matrix based on pairwise
mutual information.

During the training stage of the RUL prediction model, Adam was adopted as the
optimizer, and the Mean Squared Error (MSE) was used as the loss function. The model
was trained for 20 epochs with a batch size of 64 and an initial learning rate of 5 × 10−5.
The dropout rate was set to 0.1, the state dimension of the Mamba module was set to
32, and the convolution dimension was set to 4. Model parameters were optimized by
minimizing the MSE between the predicted RUL values and the normalized ground-truth
labels, while an L2 regularization term was introduced to alleviate overfitting. All models
were implemented in PyTorch (version 2.10.0+cu128, CUDA 12.8) and trained on a single
NVIDIA Tesla T4 GPU.

4.2. Results on the PHM2012 Dataset

First, RMS and envelope energy Eenv were calculated, and the corresponding health
indicator (HI) was constructed. Because the PHM2012 dataset does not provide manually
annotated degradation-onset times, direct FPT localization errors cannot be calculated.
Therefore, a reference-free quantitative consistency evaluation was conducted using inde-
pendent features that were not involved in HI construction. The statistical consistency of
the detected FPTs was evaluated in terms of state deviation, separation before and after the
detected point, and degradation persistence.

The proposed DPV-FPT method was compared with the RMS-based 3σ method,
the kurtosis-based 3σ method, the HI single-threshold method, and a dual-branch variant
without persistent validation. Peak-to-peak value, crest factor, impulse factor, spectral
entropy, and spectral flatness were employed as independent validation features. The de-
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tected FPTs were evaluated using the mean baseline shift, mean buffered separation, feature
support rate, persistence ratio, and relapse ratio.

As shown in Figure 7 and Table 2, the kurtosis-based 3σ method and the HI single-
threshold method identified FPTs at time indices 602 and 603, respectively. However,
their feature support rates were both zero, and their persistence ratios were only 0.203
and 0.196, whereas their relapse ratios reached 0.797 and 0.804, respectively. The HI also
remained close to the healthy baseline level for a relatively long period after these early
detections. These results indicate that the detected points were mainly associated with
transient threshold crossings rather than a sustained degradation-state transition.

Bearing1_3: reference-free quantitative validation of DPV-FPT
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Figure 7. Reference-free quantitative consistency evaluation of FPT localization for Bearing1_3: (a)
RMS and envelope energy used for HI construction; (b) HI curve and FPTs identified by different
methods; (c) MAD-normalized deviations of the independent validation features; and (d) quantitative
comparison of the detected FPTs.

Table 2. Quantitative comparison of FPT localization methods for Bearing1_3.

Method FPT Baseline
Shift

Buffered
Separation

Support
Rate

Persistence
Ratio

Relapse
Ratio

RMS 3σ 1101 2.104 1.022 0.40 0.797 0.203
Kurtosis 3σ 602 0.448 0.476 0.00 0.203 0.797
HI single threshold 603 0.455 0.495 0.00 0.196 0.804
Dual branch without validation 1319 5.373 2.591 0.60 0.993 0.007
DPV-FPT 1343 7.578 4.002 0.60 1.000 0.000
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The RMS-based 3σ method identified the FPT at index 1101. Although its persistence
ratio increased to 0.797, its mean baseline shift, mean buffered separation, and feature
support rate were only 2.104, 1.022, and 0.40, respectively. The dual-branch variant without
persistent validation identified a candidate degradation point at index 1319, whereas the
complete DPV-FPT method confirmed the FPT at index 1343.

The FPT identified by DPV-FPT achieved a mean baseline shift of 7.578, a mean
buffered separation of 4.002, a feature support rate of 0.60, a persistence ratio of 1.000,
and a relapse ratio of zero. Compared with the dual-branch variant without persistent
validation, the mean baseline shift and mean buffered separation were 41.1% and 54.5%
higher, respectively. These results indicate that the persistent-validation mechanism re-
duces premature detections caused by transient fluctuations and identifies an operational
degradation boundary followed by a stronger and more persistent multi-feature state devi-
ation. The detected point is therefore interpreted as a statistically supported operational
degradation boundary rather than a uniquely defined physical degradation onset.

Table 3 further summarizes the DPV-FPT localization results for all bearing sequences
in the PHM2012 dataset. The differences in the detected FPT locations indicate that the
bearing sequences exhibit heterogeneous degradation durations and evolution patterns.

After FPT localization, RUL prediction experiments were further conducted on the test
bearings in the PHM2012 dataset. Figures 8–10 present the comparison curves between the
predicted RUL and the true RUL for several representative bearings. Here, the horizontal
axis denotes the sliding-window sample index, which reflects the degradation evolution
over the bearing life. As can be seen from the figures, the proposed model generally follows
the true RUL trajectories well. During the degradation stage, the predicted curves maintain
a consistent downward trend with the ground-truth curves and remain relatively close to
the true values before failure.

The locally enlarged view in Figure 9 further highlights that, once the bearing enters
the post-FPT degradation stage, the predicted trajectory decreases consistently with the true
RUL curve, indicating that the proposed model is able to effectively track the downward
evolution of the degradation process. These results demonstrate that the proposed method
can effectively capture the degradation evolution of rolling bearings and yield favorable
RUL prediction performance for different test bearings.

Furthermore, RMSE and MAE are adopted as evaluation metrics, and Table 4 sum-
marizes the prediction errors for all test bearings. The results indicate that the proposed
model achieves low prediction errors on multiple test bearings, demonstrating favorable
predictive performance on the PHM2012 dataset.

To further verify the effectiveness of the proposed method, comparisons with existing
studies were conducted on the PHM2012 dataset, and the results are shown in Table 5.
Here, the best results are highlighted in bold, and the second-best results are underlined.
It can be seen that the proposed method is overall superior in terms of RMSE and MAE,
and achieves lower prediction errors on test bearings such as Bearing1_3, Bearing1_5,
and Bearing1_7, demonstrating favorable predictive performance on the RUL prediction
task of the PHM2012 dataset. Compared with existing methods, the proposed method can
better balance the global degradation trend and localized impulsive degradation features,
thereby exhibiting better prediction performance over full-life degradation sequences.

To evaluate the contribution of each component, three ablation experiments were
conducted under the same training configuration by removing MSDD, JacobiKAN, and the
wavelet module, respectively. As shown in Table 6, the effects of these modules differ across
evaluation metrics and test bearings. In this table, the lowest value for each evaluation
metric is highlighted in bold, whereas the second-lowest value is underlined. Lower RMSE
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and MAE values indicate better predictive performance. The complete model achieves the
lowest average RMSE of 0.0204 while maintaining a comparable average MAE of 0.0100.

Removing MSDD increases the average RMSE from 0.0204 to 0.0615 and the average
MAE from 0.0100 to 0.0211. Moreover, both metrics deteriorate for all three test bearings,
indicating that MSDD provides the most consistent contribution among the examined
modules. This result is consistent with its intended role in separating the cumulative
degradation trend from localized detail variations.

After removing the wavelet module, the average RMSE and MAE increase to 0.0266
and 0.0120, respectively, and higher RMSE values are observed for all three test bearings.
Nevertheless, the MAE of Bearing1_3 decreases slightly from 0.0102 to 0.0096. These
results indicate that the aggregate errors are lower when the wavelet module is included,
although its effect is not uniform across every bearing and evaluation metric. This variation
may reflect a trade-off between attenuating noise-like high-frequency disturbances and
preserving weak degradation-related details.

Removing JacobiKAN increases the average RMSE from 0.0204 to 0.0317, with higher
RMSE values observed for all three test bearings. In contrast, the average MAE changes only
marginally from 0.0100 to 0.0099. Because RMSE assigns greater weight to relatively large
prediction errors, this metric-dependent result suggests that the contribution of JacobiKAN
is more clearly reflected in the reduction in RMSE, which may indicate improved control of
relatively large prediction deviations, whereas its effect on MAE varies across individual
bearing sequences. Overall, the ablation results show that MSDD provides the most
consistent contribution, while the effects of the wavelet module and JacobiKAN depend on
the evaluation metric and the individual bearing sequence.

Table 3. Summary of FPT localization results for all bearings in the PHM2012 dataset.

Bearing FPT Bearing FPT

Bearing1-1 1388 Bearing1-6 2418
Bearing1-2 827 Bearing1-7 2172
Bearing1-3 1343 Bearing3-1 494
Bearing1-4 1085 Bearing3-2 1602
Bearing1-5 2429 Bearing3-3 322

Table 4. RUL prediction errors of the test bearings in the PHM2012 dataset.

Metric Bearing1_3 Bearing1_5 Bearing1_6 Bearing1_7 Bearing3_2

RMSE 0.0170 0.0360 0.0400 0.0069 0.0372
MAE 0.0102 0.0126 0.0076 0.0032 0.0166

Table 5. Performance comparison with related methods on the PHM2012 dataset.

Model Metric Bearing1_3 Bearing1_5 Bearing1_7 Average

Proposed Method RMSE 0.0170 0.0360 0.0069 0.0200
MAE 0.0102 0.0126 0.0032 0.0087

Ref. [12] RMSE 0.0454 0.0657 — 0.0556
MAE 0.0379 0.0542 — 0.0461

Ref. [27] RMSE 0.0470 0.0580 0.0630 0.0560
MAE 0.0380 0.0460 0.0500 0.0447

Ref. [28] RMSE 0.1050 0.0840 0.0590 0.0827
MAE 0.0890 0.0720 0.0480 0.0697

Ref. [29] RMSE 0.0540 0.0680 — 0.0610
MAE 0.0370 0.1030 — 0.0700
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Table 6. Results of the module ablation experiments.

Model Metric Bearing1_3 Bearing1_7 Bearing3_2 Average

Proposed Method RMSE 0.0170 0.0069 0.0372 0.0204
MAE 0.0102 0.0032 0.0166 0.0100

w/o MSDD RMSE 0.0346 0.0662 0.0837 0.0615
MAE 0.0175 0.0248 0.0210 0.0211

w/o JacobiKAN RMSE 0.0198 0.0179 0.0575 0.0317
MAE 0.0125 0.0038 0.0134 0.0099

w/o Wavelet RMSE 0.0177 0.0137 0.0485 0.0266
MAE 0.0096 0.0047 0.0216 0.0120
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Figure 8. RUL prediction results for Bearing1_3 in the PHM2012 dataset.
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Figure 9. Global and locally enlarged RUL prediction results for Bearing1_7 in the PHM2012 dataset.
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Figure 10. RUL prediction results for Bearing3_2 in the PHM2012 dataset.

To compare different nonlinear mapping modules and further examine the suitability
of JacobiKAN for the high-frequency detail branch, controlled nonlinear-module replace-
ment experiments were conducted on Bearing1_3, Bearing1_7, and Bearing3_2. In three
separate experiments, JacobiKAN was replaced with a standard KAN, ChebyshevKAN,
or an MLP. The replacement modules retained the same input and output dimensions, while
all other model components, data partitions, preprocessing procedures, input features,
and training settings were kept unchanged. The corresponding results are summarized in
Table 7.

Table 7. Comparison of different nonlinear mapping modules in the high-frequency detail branch.

Module
Bearing1_3 Bearing1_7 Bearing3_2 Average

MAE RMSE MAE RMSE MAE RMSE MAE RMSE

KAN 0.0206 0.0367 0.0095 0.0150 0.0153 0.0469 0.0151 0.0329
ChebyKAN 0.0132 0.0231 0.0053 0.0109 0.0166 0.0372 0.0117 0.0237

MLP 0.0129 0.0208 0.0062 0.0109 0.0104 0.0559 0.0098 0.0333
JacobiKAN 0.0102 0.0170 0.0032 0.0069 0.0166 0.0372 0.0100 0.0204

As shown in Table 7, bold values indicate the lowest value for each evaluation metric
and therefore represent the best performance. Lower RMSE and MAE values indicate
better predictive performance. JacobiKAN achieves the lowest average RMSE of 0.0204.
Compared with KAN and ChebyKAN, it reduces the average MAE by 33.98% and 14.64%,
respectively, and the average RMSE by 38.02% and 14.11%, respectively. Although the
MLP obtains a slightly lower average MAE of 0.0098, its average RMSE increases to 0.0333,
mainly because of the larger error on Bearing3_2. Overall, JacobiKAN achieves the lowest
average RMSE while maintaining a competitive average MAE, supporting its use in the
high-frequency detail branch.

4.3. Experimental Settings on the IMS Dataset

To further evaluate the generalization performance of the proposed method, experi-
ments were conducted on Tests 2 and 3 of the IMS bearing dataset released by the Intelligent
Maintenance Systems Center at the University of Cincinnati [30]. The experimental plat-
form consisted of four Rexnord ZA-2115 double-row bearings mounted on a common shaft
operating at 2000 rpm under a radial load of 6000 lb. One accelerometer was installed on
each bearing housing. Each data file contained a 1 s vibration signal with 20,480 sampling
points, recorded at 10 min intervals.
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Tests 2 and 3 contained 984 and 6324 data files, respectively, and their bear-
ing sequences were denoted as Bearing2_1–Bearing2_4 and Bearing3_1–Bearing3_4.
A leave-one-bearing-out strategy was adopted within each test, in which one bearing
sequence was used for testing and the remaining three were used for training.

The same 13-dimensional feature set and Z-score normalization procedure as those
used for the PHM2012 dataset were adopted. Sequential samples were generated using a
sliding window of length L = 128 and feature dimension C = 13 to predict the normalized
RUL over the subsequent P = 4 steps. The signal preprocessing, CEEMDAN-based recon-
struction, DPV-FPT parameter configuration, RUL-label generation, model architecture,
and training settings were identical to those described in Section 4.1.

4.4. Results on the IMS Dataset

Based on the DPV-FPT procedure described in Section 2, the FPTs of all bearing
sequences in Tests 2 and 3 were identified, and the corresponding results are summarized
in Table 8. The results show that the identified FPTs vary among the bearing sequences,
reflecting differences in their degradation-onset times.

After FPT localization, RUL prediction experiments were further conducted on the
test bearings according to the leave-one-bearing-out strategy described in Section 4.3.
Figures 11–13 present comparison curves between the predicted and ground-truth RUL
values for several representative bearings. As can be seen from the figures, the proposed
model can generally track the degradation trend of the ground-truth RUL well during the
degradation stage.

In addition, Table 9 summarizes the RMSE and MAE values for all test bearings.
The results show that the proposed model achieves low prediction errors on the IMS
dataset as a whole and maintains relatively stable predictive performance under different
degradation patterns. In particular, the errors for most test bearings remain at relatively
low levels. By contrast, Bearing2_1 and Bearing3_1 exhibit relatively larger prediction
errors than the other test bearings. This may be attributed to the more complex degradation
evolution of these two bearings. Specifically, Bearing2_1 shows stronger variability and
less regular degradation-feature evolution, whereas Bearing3_1 presents a relatively long
quasi-stationary period followed by sharper late-stage deterioration. These characteristics
increase the difficulty of accurate degradation characterization and subsequent RUL pre-
diction. Overall, the proposed method still achieves favorable predictive performance on
the IMS dataset.

Table 8. FPT localization results for all bearings in the IMS dataset.

Bearing FPT Bearing FPT

Bearing2-1 510 Bearing3-1 6144
Bearing2-2 874 Bearing3-2 6000
Bearing2-3 880 Bearing3-3 6050
Bearing2-4 864 Bearing3-4 6012

Table 9. RUL prediction errors for all bearings in the IMS dataset.

Bearing RMSE MAE Bearing RMSE MAE

Bearing2_1 0.0611 0.0364 Bearing3_1 0.0696 0.0144
Bearing2_2 0.0317 0.0197 Bearing3_2 0.0386 0.0072
Bearing2_3 0.0334 0.0308 Bearing3_3 0.0445 0.0077
Bearing2_4 0.0476 0.0358 Bearing3_4 0.0417 0.0073

To further verify the effectiveness of the proposed method, comparisons with existing
studies were conducted on the IMS dataset, and the results are presented in Table 10.
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In this table, the lowest value for each evaluation metric is highlighted in bold, whereas
the second-lowest value is underlined. Lower RMSE and MAE values indicate better
predictive performance. It can be observed that the proposed method exhibits favorable
overall predictive performance on the IMS dataset and maintains competitive accuracy
compared with the related methods. In addition, the proposed method achieves lower
RMSE values than the compared methods for all test bearings included in the comparison,
while its MAE values are also lower for most bearings. These results demonstrate that the
proposed framework maintains good prediction accuracy and generalization capability
under different data distributions. Nevertheless, Bearing2_1 and Bearing3_1 still contribute
relatively more to the overall prediction error, indicating that the predictive robustness for
bearings with more complex degradation patterns remains to be further improved.

Table 10. Performance comparison of different methods on the IMS dataset.

Model Metric Bearing2_1 Bearing2_2 Bearing2_3 Bearing2_4 Average

Ours RMSE 0.0611 0.0317 0.0334 0.0476 0.0435
MAE 0.0364 0.0197 0.0308 0.0358 0.0307

Ref. [31] RMSE 0.0691 0.1180 0.1071 0.0822 0.0941
MAE 0.0462 0.0980 0.0868 0.0677 0.0747

Ref. [32] RMSE 0.0612 0.0528 0.0342 0.0592 0.0519
MAE 0.0470 0.0414 0.0267 0.0456 0.0402
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Figure 11. RUL prediction results for Bearing2_1 in the IMS dataset.
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Figure 12. RUL prediction results for Bearing2_3 in the IMS dataset.
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Figure 13. RUL prediction results for Bearing3_2 in the IMS dataset.

5. Conclusions
To address unreliable degradation-onset identification and inadequate joint mod-

eling of the long-term degradation trend and localized impulsive degradation features
in rolling bearing remaining useful life (RUL) prediction, a two-stage framework was
proposed, which integrates degradation assessment with DK-Mamba. In the degrada-
tion assessment stage, a Mahalanobis-distance-based health indicator was constructed
from CEEMDAN-reconstructed signals, and robust degradation-onset identification was
achieved through a dual-branch persistent validation mechanism. In the RUL prediction
stage, a trend–detail joint modeling framework was developed by integrating multi-scale
dynamic decomposition, wavelet-based soft-threshold shrinkage, Mamba-based long-range
dependency modeling, JacobiKAN-based nonlinear enhancement, and cross-attention fu-
sion. Experimental results on the PHM2012 and IMS datasets show that the proposed
method improves FPT reliability and achieves favorable accuracy and robustness in RUL
prediction. Ablation studies further quantify the contribution of each core module. Con-
trolled module-replacement experiments further show that JacobiKAN achieves the lowest
average RMSE among the compared nonlinear mapping modules.

However, the proposed framework still has room for improvement in generalization
across different datasets and operating conditions. In particular, the relatively larger
prediction errors observed for Bearing2_1 and Bearing3_1 in the IMS dataset indicate that
model robustness can be further improved for bearings with more complex degradation
evolution patterns and cross-domain distribution shifts. Future work will investigate
cross-domain transfer learning strategies, such as feature alignment, to reduce distribution
discrepancies across datasets and operating conditions, thereby further improving model
robustness and cross-condition generalization.
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