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Abstract 

Monitoring the progressive degradation of linear guide systems under complex operating conditions is difficult using weak 
vibration signals, and existing data-driven methods generally suffer from insufficient integration of physical evolution laws 
and poor calibration of predictive uncertainty. This issue is particularly consequential in high-precision manufacturing, 
where unexpected wear-induced failures of linear guides can disrupt production continuity and undermine system resilience. 
To address these problems, this paper proposes an AI-driven wear prediction framework that integrates physical priors with 
adaptive physical constraints. First, coarse-grained physical prior features are extracted from wear profile data and 
concatenated with PCA-reduced vibration features to establish a dual-channel fusion mechanism. Second, a lightweight 
residual network enhances degradation feature extraction, while adaptive physical constraints dynamically balance 
prediction accuracy with physical regularity. Finally, within a pseudo-Bayesian physics-informed framework, a two-stage 
model selection and global variance scaling strategy is proposed to achieve well-calibrated uncertainty quantification under 
weak signal conditions. Experimental results on a linear guide degradation dataset show that the proposed method achieves 
an R² of 0.9553, MAE of 101.70 μm·mm, and RMSE of 143.26 μm·mm, with a 95% prediction interval coverage rate of 
0.9460. These results demonstrate that the proposed framework provides reliable, uncertainty-aware wear-state prediction 
and RUL-oriented decision support for the predictive maintenance of linear guides. By enabling early degradation warning, 
informed maintenance planning, and rapid recovery preparation, the proposed method can contribute to reducing unplanned 
downtime and supporting the resilience of high-precision manufacturing systems. 
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1. Introduction

1.1 Research Background 

In modern high-precision manufacturing, the linear axis 
guideway system serves as the core load bearing and 
positioning component of computer numerical control (CNC) 
machine tools, semiconductor manufacturing equipment, and 

*Corresponding author. Email: liy19780810@163.com 

industrial robots, playing a crucial role in achieving precise 
motion control [1-3]. However, with the continuous increase 
in processing speed, load cycles, and prolonged operation 
time of equipment, high-intensity mechanical stress and 
frictional environments accelerate the degradation of key 
components of linear guideways, directly affecting the 
processing accuracy and surface quality of workpieces [4-6]. 
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Additionally, excessive wear may lead to guideway jamming 
or processing assembly failure, resulting in significant 
equipment downtime losses and production safety risks [7-9]. 

Traditional industrial maintenance often relies on reactive 
maintenance strategies, which means repairs or replacements 
are only carried out when equipment malfunctions or 
completely fails [10, 11]. However, such methods are prone 
to sudden production halts due to unexpected equipment 
failures, resulting in unnecessary economic losses. Currently, 
the smart manufacturing industry is accelerating its transition 
towards Predictive Maintenance (PdM) and Prognostics and 
Health Management (PHM), aiming to assess the current 
degradation state of guide rails through real-time monitoring 
data and predict the Remaining Useful Life (RUL). 
Therefore, accurately estimating the current wear state of 
linear guide rails and providing reliable wear-area estimates 
for subsequent RUL assessment are crucial for ensuring the 
reliability of precision machining equipment throughout its 
entire lifecycle [12-14]. More importantly, reliable wear 
prediction can provide actionable time windows for 
maintenance scheduling, spare-part preparation, and 
degradation-aware production adjustment, thereby helping 
manufacturing systems avoid abrupt failures, shorten 
recovery time, and maintain stable operation under 
disturbances.  

1.2. Related work 

For resilient manufacturing systems, equipment health 
monitoring should not be limited to identifying component 
degradation but should also support rapid decision-making 
after abnormal wear is detected. Accurate and uncertainty-
aware wear prediction of linear guides can help maintenance 
managers determine whether a machine can continue 
operating, whether production tasks should be rescheduled, 
and when recovery actions should be initiated. The research 
paths for guideway degradation, surface wear, and RUL 
prediction can be systematically summarized into three 
categories: physical model methods, data-driven machine 
learning approaches, and preliminary hybrid model methods 
[15,16]. 

1.2.1 Physics-based Models 
Early research primarily focused on establishing and ana-
lyzing physical models based on contact mechanics and 
tribology. Cheng et al. [17] proposed a method for predicting 
the accuracy degradation of rolling guides, considering mul-
tiple random parameters and the effects of frictional thermal 
expansion. This approach constitutes a physical framework 
based on probability statistics. Its main contribution lies in 
quantifying how random load fluctuations and thermal de-
formations collaboratively accelerate accuracy degradation. 
Tao et al. [18] established a basic wear prediction model 
specifically for roller linear guides, providing a mathematical 
foundation for calculating operational wear. From a system-
level and dynamic perspective, Zhang et al. [19] investigated 
the factors governing the running accuracy of linear ball 
guides, while Miao et al. [20] conducted a comprehensive 

analysis of vibration characteristics and reliability on roller 
linear guideway workbenches, revealing how dynamic be-
havior correlates with structural reliability. 

1.2.2 Data-driven machine learning approaches 
With the advancement of sensor technologies, data-driven 
machine learning (ML) techniques have emerged as power-
ful tools for condition monitoring without relying on complex 
physical equations. To monitor the surface wear state of linear 
rolling guides in real-time, Nie et al. [21] proposed a surface 
wear state recognition method based on multi-scale fuzzy 
entropy and random forest algorithm, achieving robust 
feature extraction. In terms of structural assembly, Hui et al. 
[22] developed a data-driven modeling approach to evaluate
the assembly quality of machine tool linear axes. Wu et al.
[23] proposed a fault diagnosis framework for linear guide
rails utilizing Synchrosqueezed S-transform (SSTG) com-
bined with a CA-DenseNet convolutional architecture,
significantly enhancing diagnostic accuracy. Li et al. [24]
presented a structured framework that categorizes the use of
ML across wear monitoring, friction prediction, and lubricant
analysis, and identifies key challenges and future directions
for data-driven tribological research.

1.2.3 Hybrid Models and Prognostic Frameworks 
To bridge the gap between physical interpretability and data-
driven adaptability, recent literature has shifted towards 
hybrid fusion models and comprehensive prognostic mainte-
nance. At the infrastructure level, Sicard et al. [25] reviewed 
experimental setups for predictive maintenance of linear 
actuators and conducted surveys and classifications of test 
benches and sensor suites, which are crucial for the syn-
chronous physical and data flows required for developing and 
validating hybrid models. Regarding tool and component 
wear, Saatci et al. [26] presented a systematic review on 
hybrid AI systems, evaluating how expert physical 
knowledge combines with AI models in modern manufactur-
ing. Finally, Yang et al. [27] synthesized recent advance-
ments in prediction methodologies for rail wear, emphasizing 
the paradigm shift from single-domain formulations towards 
multi-source data and physical model fusion. Gao et al. [28] 
developed a hybrid physics-data-driven model-based fusion 
framework for wear prediction, successfully merging 
physical boundaries with algorithmic flexibility. 

1.3 Research Gaps and Contributions 

Through an in-depth analysis of existing literature, this study 
identifies the following core gaps: 

(1) Inadequate integration of physical laws and data char-
acteristics: Existing research often overlooks the distribution 
characteristics (i.e., "profile") of wear along the lateral direc-
tion and along the path of the guide rail. Most existing hybrid 
methods rely on pre-generated physical simulation data, 
lacking the ability to effectively construct and embed 
physical-prior features directly from measured profile data 
governing the degradation of measured high-precision track 
profiles. 
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(2) Modeling bottleneck under weak feature conditions: In
practical monitoring, the inertial vibration signals collected 
by the slider or workbench are often affected by machine tool 
vibrations, motor noise, etc., resulting in an extremely low 
signal-to-noise ratio. Existing data-driven models struggle to 
extract effective guideway degradation information from 
these "weak features" of machine tool operation. 

(3) Calibration Defects in Uncertainty Quantification:
Existing Bayesian neural networks are prone to exhibit an 
"over-confident" phenomenon under weak signal conditions. 
How to effectively calibrate epistemic uncertainty during the 
degradation process of guide rails remains a current research 
challenge. 

Addressing the aforementioned issues, this study propos-
es a framework for predicting guideway wear. The main 
contributions are as follows: 

(1) A dual-channel feature fusion mechanism based on
physical profile evolution laws has been constructed: By 
dividing the degradation interval and analyz-ing the profile 
evolution laws, coarse-grained physical prior features are 
constructed from high-precision physical pro-files. Finally, 
by fusing multi-condition vibration features processed by 
PCA, a dual-channel input architecture of "macroscopic 
physical trend + microscopic data-driven" is formed, 
effectively solving the problem of information extraction 
under weak feature conditions. 

(2) A lightweight residual network architecture with an
adaptive physical constraint mechanism has been designed: 
To address the issue that pure data-driven models struggle to 
meet physical consistency under weak feature conditions, a 
lightweight residual network incorporating skip connections 
is constructed to enhance the ability to extract degradation 
information. Additionally, the loss function explicitly 
incorporates a monotonicity constraint on cumulative wear 
area and a training-data-derived quadratic degradation prior. 
Their contributions are adaptively balanced through learnable 
log-variance parameters, enabling the model to improve 
prediction accuracy while maintaining physically consistent 
degradation behavior. 

(3) A pseudo-Bayesian uncertainty quantification
framework has been developed. A calibration strategy 
integrating "two-stage hyperparameter search" with "global 
adaptive variance scaling" is proposed. This method 
significantly enhances the coverage rate of the 95% 
prediction interval, effectively mitigating the model's 
overconfi-dence behavior. 

Overall, the proposed method links component-level wear 
prediction with system-level resilience enhancement by 
enabling early warning, uncertainty-aware maintenance 
planning, and faster recovery of high-precision 
manufacturing equipment. 

Figure 1. Schematic of the Wear Prediction Method for Linear Guides 
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2. Methodology

The wear prediction method for linear guides proposed in this 
study is illustrated in Figure 1. First, the vibration signals are 
standardized and dimensionality-reduced via Principal 
Component Analysis (PCA). Simultaneously, based on the 
evolution patterns of the wear profile, the degradation stages 
are ranked and partitioned to construct a one-dimensional 
physical prior. Subsequently, these two types of information 
are fused into a 17-dimensional input vector and fed into a 
lightweight residual network (LRN), where residual 
connections are utilized to enhance the extraction of weak 
degradation patterns against a noisy background. During the 
model training process, an Adaptive Physical Constraint 
(APC) is introduced. This jointly considers the data fitting 
loss, wear monotonicity constraint, and physical prior loss. 
Learnable weights are employed to dynamically balance 
prediction accuracy with physical consistency, while Post-
processing of Cumulative Maximum (PCM) is adopted to 
further ensure that the prediction results are monotonically 
non-decreasing with the degradation stages. Finally, a 
pseudo-Bayesian physics-informed framework is established 
based on the optimal prediction model. By performing 
multiple random forward passes, two-stage model selection, 
and global variance scaling, the prediction uncertainty is 
calibrated to output the final predictions. This provides 
support for degradation-aware predictive maintenance 
decision-making of linear guides. 

2.1 Guide rail degradation dataset and 
vibration feature preprocessing 

This study utilizes the linear guideway degradation dataset 
published by the National Institute of Standards and Tech-
nology (NIST) [29]. This dataset comprises 14 degradation 
stages (Stage 1–14), with Stage 1 representing a healthy state 
without damage and Stage 14 representing the most severely 
damaged state. This multi-condition data was obtained 
through 50 bidirectional round-trip experiments conducted at 
three operating speeds for the trolley in each degradation 
stage. 

Vibration feature extraction: First, acceleration and angu-
lar velocity segments of the trolley passing through the wear 
area are extracted based on the position signal. Then, a total 
of 51-dimensional features are extracted from each segment 
in both the time and frequency domains. Time-domain 
features include: root mean square (RMS), peak, peak-to-
peak, kurtosis, skewness, form factor, and impulse factor of 
three-axis acceleration and three-axis angular velocity, as 
well as the RMS and peak values of the synthesized modulus 
of acceleration/angular velocity. For frequency-domain 
features, taking the acceleration X-axis as an example, the 
energy proportion of the power spectrum in the low, medium, 
and high frequency bands is calculated, as well as the spectral 
centroid and spectral spread. 

To eliminate information redundancy and multicollinearity 
among the 51 extracted features, PCA [14] is applied to the 
high-dimensional feature set through covariance analysis and 
orthogonal linear transformation, retaining the leading 
principal components with a high cumulative explained 
variance to achieve dimensionality reduction while 
preserving the major information in the original features. 

Figure 2.  PCA analysis results of vibration features 
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Figure 2 displays the results of PCA analysis: the scree plot 
shows that the explained variance ratios of the first few 
principal components are 0.40, 0.23, 0.08, 0.06, 0.05, and so 
on. The cumulative variance curve indicates that the cu-
mulative explained variance of the first 16 principal compo-
nents reaches 95%. Therefore, retaining the 16 principal 
components can achieve effective dimensionality reduction 
while maintaining most of the information. 

2.2 Profile analysis and physical prior 
generation 

(1) Profile analysis
In addition to vibration signals, a micrometer was used to

conduct point-to-point measurements of the guide rail wear 
profile at each degradation stage, recording wear depth data 
along the guide rail position (0–100 mm). These profile data 
directly embody the physical laws governing wear evolution. 
One of the core innovations of this study lies precisely in 

constructing data-driven physical prior features directly from 
measured profile data, rather than relying on pre-generated 
physical simulation data. 

Profile correction and degradation ranking: Based on the 
profile of Stage 1, the installation deviation is eliminated 
through a translation search algorithm, converting the origi-
nal measurement values of each stage into relative wear 
depth. Using wear area as the degradation indicator, the 
experimental data across the 14 degradation stages are 
automatically ranked according to the principle of monotonic 
increase, resulting in 14 degradation stages. The ranked wear 
area increases monotonically from 0 μm·mm to 2215.62 
μm·mm, which is completely consistent with the physical 
order recorded in the experiment, reflecting the rationality of 
this indicator as a measure of degradation degree. 

Degradation interval division and profile evolution:  The 
four degradation intervals (Stages 1-4, 5-8, 9-10, and 11-14) 
were determined solely from the stage-wise wear-area growth 
rates computed on the training-set stages (Stages 1, 3, 4, 6, 7, 
9, 10, 12, and 13).  

Figure 3. Evolution of interval profiles with different evolutionary characteristics 
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Figure 3 shows the continuous profile evolution within each 
interval: 

Initial wear period (Stage 1–4): The wear area slowly in-
creases, with an average of 419.21 μm·mm, and the profile 
shows local slight depressions; 

Early expansion stage (Stage 5–8): The length of the wear 
area rapidly extends towards both ends, with the average area 
increasing to 1626.16 μm·mm and the peak depth exceeding 
100 μm; 

Mid-term stable phase (Stage 9–10): The expansion rate 
slows down, with an average area of 1834.59 μm·mm. The 
profile exhibits a "flat-bottomed" feature, and the depth 
slightly decreases; 

Late accelerated stage (Stage 11–14): The wear area fur-
ther expands and the depth increases again, with an average 
area reaching 2058.52 μm·mm, and the depth sharply 
increases to 169 μm in the final stage. 

It can be seen that the increase in wear area is attributed to 
both the continuous expansion of the damaged area along the 
length of the guide rail and the contribution of a sudden 
increase in depth during the final stage. The four intervals 
were determined by identifying the change points in the 
stage-wise wear-area growth rate computed exclusively from 
the training-set stages, so that each interval corresponds to a 
distinct physical stage of wear evolution. This partitioning is 
therefore data-driven but derived only from training data, 
avoiding information leakage from the test stages. The Rank 
Wear Profiles are computed offline from the training-set wear 
profiles only, and the resulting physical prior remains fixed 
during inference without online updating. 

(2) Physical prior features generation

Statistical calculations of physical prior features are only 
performed during the training set stages (Stage 1, 3, 4, 6, 7, 9, 
10, 12, 13), and the test set stages (Stage 2, 5, 8, 11, 14) do 
not participate in any statistical calculations. 

Firstly, calculate the average wear area within each deg-
radation interval based on the wear area during the training 
set stage in that interval: 

Initial wear period (training set includes Stage 1, 3, 4): av-
erage area is 468.73 μm·mm; 

Early expansion stage (training set includes Stage 6, 7): 
average area is 1647.11 μm·mm; 

Mid-term stable period (training set includes Stage 9 and 
10): average area is 1834.59 μm·mm; 

Late acceleration phase (training set includes Stage 12, 13): 
average area is 2055.90 μm·mm. 

A mapping function from the degradation stage to the av-
erage wear area within a certain interval is established, as-
signing each sample in the dataset a corresponding average 
area within the interval. Subsequently, normalize these av-
erage areas by dividing them by the global maximum wear 
area in the training set. The maximum wear area among the 
training stages occurs at Stage 13, with a value of 2084.53 
μm·mm. 

The ultimately constructed one-dimensional coarse-
grained interval-based physical prior feature provides coarse-
grained guidance on the degradation stage for the model - it 
informs the model of the approximate degradation stage of 
the current sample, but does not provide precise continuous 
stage values, thereby forcing the model to combine vibration 
features to correct individual differences and achieve an 
organic combination of physical trends and data-driven 
methods.

Figure 4. Comparison of wear profiles in four key degradation stages 

Comparison of profiles at key degradation stages: Figure 4 
focuses on comparing the profiles at four key stages: Stage 1, 
5, 9, and 14. From this, it can be clearly observed that: The 

peak wear depth of Stage 5 has reached 107.8 μm, with 
damage concentrated in the 40–65 mm range; The depth of 
Stage 9 decreased to 60.9 μm, but the length of the wear area 
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expanded to approximately 30–75 mm; The depth of Stage 14 
increases sharply to 169.3 μm, with the wear zone covering 
almost 30–80 mm. 

This comparison further reveals the compound physical 
law of "acceleration after depth saturation" and "continuous 
length expansion", providing a direct basis for the subse-
quent physical constraint. 

2.3 Dual-channel feature fusion 

Based on the two parallel feature-construction branches 
described above, the 16-dimensional vibration representation 
obtained through standardization and PCA is concatenated 
with the 1-dimensional physical prior derived from the wear-
profile evolution. This fusion produces a 17-dimensional 
unified input vector, which is subsequently fed into the 
prediction model. By combining data-driven vibration 
information with coarse-grained physical guidance on the 
degradation stage, the proposed dual-channel representation 
enables the model to capture weak degradation characteristics 
while maintaining consistency with the overall wear-
evolution trend. This fused representation therefore provides 
the feature basis for the subsequent lightweight residual 
network and physics-informed modeling. 

2.4 Lightweight residual network 

Residual architectures can facilitate gradient propagation and 
improve the learning of degradation-related representations 
[15]. Therefore, an LRN is employed to extract weak wear-
related information from the fused features. The 17-
dimensional fused input vector is first projected into a 64-
dimensional latent representation through an input layer 
consisting of a fully connected layer, batch normalization 
(BN), and a ReLU activation function: 

h0 = ReLU�BN(Winx + bin)�     (1) 

where 𝐱𝐱 ∈ R17  denotes the fused input feature vector and 
h0 ∈ R64 denotes the latent feature representation. Here, Win 
and bin denote the weights and bias of the input projection 
layer, while Wl,1, bl,1, Wl,2, and bl,2 denote the parameters of 
the l-th residual block. The subscript in is used only for the 
input projection layer, and the subscript l is used for the 
residual blocks, so that the naming convention remains 
consistent across layers. 

The network subsequently employs two lightweight 
residual blocks. Each residual block contains two fully 
connected layers with 64 hidden units. The first linear 
transformation is followed by BN and ReLU activation, 
whereas the second linear layer is directly connected to the 
residual addition without an additional BN layer. For the  
l-th residual block, the residual mapping is expressed as:

ℱl(hl) = Wl,2ReLU �BN�Wl,1hl + bl,1�� + bl,2  (2) 

and the block output is given by 

hl+1 = ReLU(ℱl(hl) + hl)     (3) 

Here, ℱl(⋅) denotes the nonlinear residual transformation. 
The identity skip connection preserves the original feature 
representation and facilitates gradient propagation, allowing 
the network to learn subtle degradation-related deviations 
from weak vibration features without substantially increasing 
model complexity. After the two residual blocks, a single 
fully connected output layer maps the learned representation 
to the predicted wear area: 

ŷ = Wouth2 + bout       (4) 

The detailed architecture and configuration of the 
proposed LRN are presented in Table 1. 

Table 1. Detailed architecture of the proposed LRN 

Component Detailed configuration 

Input 17 features 

Input projection Linear (17, 64) 

Normalisation BatchNorm1d (64) 

Activation ReLU 

Residual block 
Linear (64,64) → BN → ReLU 
→ Linear (64,64) →       skip 
addition → ReLU 

Hidden dimension 64.0 

Output layer Linear (64,1) 

2.5 APC and monotonicity post-processing 

Inspired by the paradigm that is capable of learning and 
automatically balancing multiple loss terms [30], an APC 
method is proposed by integrating data fitting, a monotonicity 
constraint on the cumulative wear area, and a training-data-  
derived wear prior into a unified objective. The contributions 
of these loss terms are automatically balanced through 
learnable log-variance parameters, enabling the model to 
achieve accurate predictions while maintaining physically 
consistent degradation behavior. Moreover, a quadratic 
degradation prior with a fixed scale coefficient determined 
exclusively from the training data is introduced to explicitly 
guide the predicted wear trajectory and reduce physically 
implausible deviations. The expression of the total loss function is 
as follows: 

𝐿𝐿total = 𝑒𝑒−𝑠𝑠mse𝐿𝐿mse + 𝑠𝑠mse + 𝑒𝑒−𝑠𝑠mono𝐿𝐿mono + 𝑠𝑠mono +
          𝑒𝑒−𝑠𝑠phys𝐿𝐿phys + 𝑠𝑠phys                                (5) 

where Lmse, Lmono, and Lphys denote the data-fitting mean 
squared error loss, monotonicity constraint loss, and physical 
prior loss, respectively. The parameters s_mse, s_mono, and 
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s_phys are learnable log-variance parameters associated with 
the corresponding loss components. The terms exp(-s_mse), 
exp(-s_mono), and exp(-s_phys) serve as adaptive weights, 
whereas the additive terms s_mse, s_mono, and s_phys arise 
from the uncertainty-based weighting formulation and 
prevent degenerate solutions. During training, these 
parameters converge to stable finite values without 
degeneracy.  
     The parameters s_mse, s_mono, and s_phys are global, 
input-independent trainable scalars shared across all input 
samples, rather than sample-specific quantities. They are 
initialised as 0 and jointly optimised with the network weights 
through backpropagation using AdamW. 

 𝐿𝐿𝑚𝑚𝑚𝑚𝑚𝑚 = 1/𝑁𝑁∑ (𝑦𝑦𝑖𝑖 − 𝑦̂𝑦𝑖𝑖)2𝑁𝑁
(𝑖𝑖=1)      (6)                                       

Lmono = 1
N−1

∑ mN−1
i=1 ax �0,−�y�(i+1) − y�(i)��    (7)

 Lphys = 1
N
∑ � y�i

yprior(si)
− 1�

2
N
i=1   (8)           

In Eq. (8), the physical prior is defined as: 

y_prior (s)=β×(s/Smax)^2    (9) 

where β = 2084.53 is determined from the training data, 
corresponding to the maximum wear area observed among 
the training stages. It should be noted that the quadratic form 
of yprior(s) reflects the physical evolution pattern of wear, 
whereas the coefficient β is a data-derived degradation 
reference rather than a purely physical parameter. Thus, the 
proposed prior combines a physically grounded evolution 
trend with a data-calibrated magnitude. The variables s and 
Smax denote the degradation stage and the maximum 
degradation stage (Smax = 14), respectively. For the i-th 
sample, s is replaced by si . 

After model training, Post-processing via PCM [31] is further 
applied to suppress minor non-physical fluctuations in the 
stage-wise predictions. Specifically, the mean predicted wear 
area is first calculated for each degradation stage, and the 
cumulative maximum is then taken along the degradation-
stage direction. Thus, the corrected stage-wise prediction is 
expressed as y ˜_s=max┬(1≤k≤s)⁡〖y ̅_k 〗, where y _̅k 
denotes the mean prediction at the 𝑘𝑘-th degradation stage and 
y ˜_s denotes the PCM-corrected prediction at stage 𝑠𝑠. PCM 
only corrects minor non-physical fluctuations and does not 
alter the overall degradation trend learned by the model. 

2.6 Pseudo-Bayesian physics-informed 
uncertainty quantification 

Based on the optimal LRN+APC model, a pseudo-Bayesian 
physics-informed framework is constructed to quantify 
predictive uncertainty. Dropout layers are inserted after the 
input projection layer and after the first linear layer of each 
residual block. During stochastic inference, Dropout remains 
activated, and 𝑇𝑇 stochastic forward passes are performed for 

each input sample. The resulting prediction samples are used 
to estimate the MC predictive mean 𝜇̂𝜇𝑖𝑖  and MC predictive 
standard deviation 𝜎̂𝜎𝑖𝑖,MC [32] as follows:  

𝜇̂𝜇𝑖𝑖 = 1
𝑇𝑇
∑ 𝑦̂𝑦𝑖𝑖

(𝑡𝑡)𝑇𝑇
𝑡𝑡=1    (10) 

𝜎̂𝜎𝑖𝑖,𝑀𝑀𝑀𝑀 = � 1
𝑇𝑇−1

∑ �𝑦̂𝑦𝑖𝑖
(𝑡𝑡) − 𝜇̂𝜇𝑖𝑖�

2𝑇𝑇
𝑡𝑡=1     (11) 

where 𝑦̂𝑦𝑖𝑖
(𝑡𝑡)denotes the prediction of the 𝑖𝑖-th sample obtained

from the 𝑡𝑡-th stochastic forward pass. 
To mitigate the overconfidence that may arise under weak-

signal conditions, a two-stage model-selection strategy is 
further introduced. In Phase 1, the training Dropout rate is 
selected using the validation set. In Phase 2, based on the 
model selected in Phase 1, the inference Dropout rate and a 
global standard-deviation scaling factor 𝛼𝛼 are jointly selected. 

For each candidate configuration, Prediction Interval Coverage 
Probability (PICP), Mean Prediction Interval Width (MPIW), and 
Negative Log-Likelihood (NLL) [33-35] are calculated on the 
validation set. 

A hierarchical selection criterion is adopted. Candidate 
configurations satisfying ∣PICP−0.95∣≤0.03 are given the 
highest priority. If no candidate satisfies this condition, 
configurations with PICP≥0.90 are considered. If neither 
condition can be satisfied, the configuration with the highest 
PICP is selected. Within the same priority level, the 
configuration with the smallest MPIW is preferred; if the 
MPIW values are identical, the one with the lower NLL is 
selected. 

After the inference Dropout rate is determined, the 
calibrated predictive standard deviation 𝜎̂𝜎𝑖𝑖,cal is obtained by 
scaling the MC predictive standard deviation with the global 
standard-deviation scaling factor α: 

𝜎̂𝜎𝑖𝑖,cal = 𝛼𝛼𝜎̂𝜎𝑖𝑖,MC    (12) 

Through this two-stage selection and global uncertainty 
calibration procedure, the proposed framework 
simultaneously provides point estimates and calibrated 
prediction intervals while balancing interval coverage and 
compactness. 

3. Experiments and results

3.1. Experimental setup 

3.1.1 Data partitioning and validation protocol 
To evaluate the generalization ability of the model throughout 
the entire life cycle of the guide rail, this study employs a 
multi-stage hold-out method to partition the dataset. Five 
stages, specifically Stage 2, 5, 8, 11, and 14, are selected as 
the test set, encompassing early, middle, and late stages of 
degradation; the remaining nine stages (Stage 1, 3, 4, 6, 7, 9, 
10, 12, and 13) serve as the training set. This partitioning 
approach ensures that the test set covers different stages of 
the entire degradation process, thereby comprehensively 
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evaluating the model's predictive performance under varying 
degrees of degradation. 

All models utilize the identical training and testing sets to 
ensure fairness in comparison. Furthermore, to eliminate 
dimensional differences among various features, the input 
features undergo standardization (with a mean of 0 and a 
standard deviation of 1) prior to training. The standardization 
parameters are solely fitted from the training set and 
subsequently applied to the testing set. 

For hyperparameter calibration of the uncertainty-
quantification framework, an internal validation subset is 
further separated from the training data. Specifically, Stages 
1, 4, 7, 10, and 13 are used for validation during the two-stage 
Dropout and uncertainty-scaling selection procedure. The 
held-out test stages (Stages 2, 5, 8, 11, and 14) are not 
involved in hyperparameter selection or uncertainty 
calibration and are used only for final performance 
evaluation. 

3.1.2 Evaluation metrics 
Let yi represent the actual wear area of the i-th sample, ŷi the 
corresponding predicted value, ȳ the mean of all actual 
values, and N the total number of samples. This study 
employs the following three types of indicators to 
comprehensively evaluate model performance: 

(1) Point prediction indicators
Three indicators, namely root mean squared error

(RMSE), mean absolute error (MAE), and coefficient of 
determination (R²), are used to measure prediction accuracy 
[36, 37]: 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = �1
𝑁𝑁
∑ (𝑦𝑦𝑖𝑖 − 𝑦𝑦�𝑖𝑖)2𝑁𝑁
𝑖𝑖=1                (13) 

𝑀𝑀𝑀𝑀𝑀𝑀 = 1
𝑁𝑁
∑ |𝑦𝑦𝑖𝑖 − 𝑦𝑦�𝑖𝑖|𝑁𝑁
𝑖𝑖=1             (14) 

𝑅𝑅2 = 1 − ∑ (𝑦𝑦𝑖𝑖−𝑦̂𝑦𝑖𝑖)2
𝑁𝑁
𝑖𝑖=1
∑ (𝑦𝑦𝑖𝑖−𝑦𝑦�)2𝑁𝑁
𝑖𝑖=1

        (15) 

RMSE: It assigns higher weights to larger errors, with the 
unit consistent with the wear area (i.e., μm·mm). 

MAE: It reflects the average magnitude of prediction 
errors, with the same unit as RMSE. 

R²: It measures the extent to which a model explains the 
variance of the target variable. The closer the value is to 1, 
the better the fit. 

(2) Error robustness
To measure the error robustness (E_Rob) of the model, the

normalized complementary value of the average absolute 
error relative to the full range of wear area is calculated 
according to formula (16). The value range is (-∞, 1], where 
a value closer to 1 indicates a smaller error and better 
robustness. 

𝐸𝐸_𝑅𝑅𝑅𝑅𝑅𝑅 = 1 −  (𝑀𝑀𝑀𝑀𝑀𝑀 / 𝑚𝑚𝑚𝑚𝑚𝑚_𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤)          (16) 

where max_wear = 2215.62 μm·mm denotes the maximum 
observed wear area over the complete 14-stage dataset. 
(3) Uncertainty quantification indicators

PICP: It measures the proportion of true values falling within 
the 95% prediction interval. The ideal value should be close 
to the nominal coverage level (0.95). 

PICP = 1
𝑁𝑁
∑ 𝐼𝐼𝑁𝑁
𝑖𝑖=1 �𝑦𝑦𝑖𝑖 ∈ [𝑦̂𝑦𝑖𝑖 − 1.96𝜎𝜎𝑖𝑖 , 𝑦̂𝑦𝑖𝑖 + 1.96𝜎𝜎𝑖𝑖]� (17) 

where σᵢ is equal to the σ ˆ_(i,cal) given in Equation (12), and 
I ( ) is an indicator function. 

 MPIW: The average width of the prediction interval, 
which should be as small as possible while ensuring coverage. 

𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 = 1
𝑁𝑁
∑ (𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑟𝑟𝑖𝑖 − 𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝑟𝑟𝑖𝑖)𝑁𝑁
𝑖𝑖=1     (18)  

where Upperᵢ = ŷᵢ + 1.96σᵢ，Lowerᵢ = ŷᵢ – 1.96σᵢ . Under the 
premise of satisfying coverage, MPIW should be as small as 
possible. 
NLL: NLL based on the Gaussian distribution assumption, 
where a lower value indicates better probability calibration.   

NLL = − 1
𝑁𝑁
∑ log[𝒩𝒩(𝑦𝑦𝑖𝑖 ∣ 𝑦̂𝑦𝑖𝑖 ,𝜎𝜎𝑖𝑖2)]𝑁𝑁
𝑖𝑖=1      (19) 

3.1.3 Implementation and hyperparameter settings 
To ensure the fairness and reproducibility of the experiment, 
all methods involving neural networks adopt the following 
unified configuration: 

Optimizer: AdamW, learning rate: 0.001, weight decay: 
1×10⁻⁴. Learning rate scheduling: Cosine Annealing. 
Training epochs: 800 epochs. Batch size: 128. Random seed: 
Both PyTorch and NumPy are fixed to 42. 

Traditional machine learning methods (such as XGBoost, 
LightGBM, Gradient Boosting, etc.) all utilize default 
hyperparameters, with the number of trees uniformly set to 
100 and the learning rate set to 0.1. All experiments were 
conducted in the same computing environment equipped with 
an Intel Core i7 CPU and an NVIDIA GeForce RTX GPU. 

For the pseudo-Bayesian uncertainty-quantification 
experiments, 𝑇𝑇=50 stochastic forward passes are performed 
for each sample during MC inference. In Phase 1 of the two-
stage selection procedure, six equally spaced candidate 
values within [0.1, 0.7] are considered for the training 
Dropout rate. In Phase 2, six equally spaced candidate values 
within [0.1, 0.7] are considered for the inference Dropout 
rate, while fifteen equally spaced candidate values within 
[0.1, 3] are considered for the global standard-deviation 
scaling factor 𝛼𝛼. Hyperparameter selection is performed 
according to the hierarchical PICP-MPIW-NLL criterion 
described in Section 2.6. 

The computational overhead of the pseudo-Bayesian 
inference was also considered. The LRN+APC model is 
lightweight, with only two residual blocks and 64 hidden 
units, and the input dimension is only 17. With T = 50 
stochastic forward passes, the total inference cost remains 
modest. Since PHM decisions are typically made on a 
periodic basis rather than in hard real-time, this latency is 
acceptable for condition-based maintenance and RUL-
oriented planning. 
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3.2. Ablation experiment 

3.2.1 BL (Baseline) model 
To evaluate the independent contributions of each module, 
we first constructed a naive baseline model (BL). This model 
employs a simple fully connected neural network with two 
hidden layers (dimensions 64 and 32, respectively), uses 
mean squared error (MSE) as the loss function, and applies 
PCM post‑processing, but incorporates no physical 
constraints. 

3.2.2 BL + LRN and BL + LRN − PCM 
The baseline network is replaced with the lightweight 
residual network (LRN) described in Section 2.4 to 
investigate whether residual connections can help extract 
richer degradation information from weakly correlated 
vibration features. All other settings remain identical to those 
of the baseline. Furthermore, to isolate the effect of PCM, we 
remove the PCM unit from  model (BL+LRN‑PCM) and 

compare its prediction accuracy with the version that retains 
PCM.  

3.2.3 Sensitivity analysis of physical information 
weight 
To investigate the impact of physical constraints on model 
performance, monotonicity constraint and quadratic 
degradation prior are explicitly incorporated into the loss 
function of the baseline model. By fixing the weight of one 
item and scanning the weight of the other, the influence 
patterns of both on the prediction results are examined. 

Monotonicity weight λmono sensitivity: Fix the quadratic 
degradation prior weight λphys=1.0 and take 14 values at 
logarithmic equal intervals within the interval [0.05, 5.0]. 

Sensitivity of the λphys: Fix the λmono =1.0 and similarly 
scan 14 logarithmically equally spaced points within the 
range of [0.05, 5.0]. 

Through the aforementioned weight scanning, the results 
of the sensitivity analysis are shown in Figure 5. 

(a) Monotonicity weight sensitivity

(b) Quadratic degradation prior weight sensitivity

Figure 5.  Sensitivity analysis of physical information weights 
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3.2.4 BL + APC and BL + APC - PCM 
The sensitivity analysis clearly indicates that determining 
fixed optimal weights requires a tedious grid search. To 
address this limitation, we introduce the Adaptive Physical 
Constraints (APC) described in Section 2.5 into the baseline 
model. APC treats each loss term as an independent Gaussian 
likelihood and automatically infers reasonable weights via 
learnable log‑variance parameters. We compare two variants: 
BL+APC (with PCM) and BL+APC‑PCM (without PCM) to 
assess the individual contributions of APC and PCM to 
prediction accuracy. 

3.2.5 BL + LRN + APC 
Based on the independent effectiveness of residual networks 
(Section 3.2.2) and adaptive physical constraints (Section 
3.2.4), we construct a model that combines both LRN and 
APC while retaining PCM (denoted as BL+LRN+APC). This 
is our proposed model. 

3.2.6 BL + LRN + APC + Disent 
To further examine whether feature disentanglement can 
improve prediction under weak wear-related vibration 
characteristics, a disentanglement variant is constructed on 
the basis of BL + LRN + APC. This configuration, denoted 
as BL + LRN + APC + Disent, introduces separate 
degradation-related and operating-condition-related feature 
branches while keeping the remaining experimental settings 
unchanged. Specifically, the network consists of a shared 
input projection followed by two parallel branches. The 
shared projection is a fully connected layer with 64 hidden 

units, batch normalization, and ReLU activation. Each branch 
contains two lightweight residual blocks with 64 hidden units. 
The degradation-related branch outputs the predicted wear 
area, while the operating-condition-related branch outputs the 
predicted degradation stage as an auxiliary task. The total loss 
extends the APC loss by adding an auxiliary stage prediction 
loss and the disentanglement regularization, and all loss terms 
are adaptively balanced by learnable log-variance parameters. 
The purpose of this experiment is to evaluate whether explicit 
feature separation provides additional benefits beyond the 
proposed LRN–APC configuration. 

The results of the ablation experiment are summarized in 
Table 2. 

3.3 Comparison with representative learning 
models 

To comprehensively evaluate the performance of our method, 
this section compares it with other representative models. 

Gradient Boosted Decision Trees (GBDT) methods: 
Gradient Boosting, XGBoost, LightGBM. 

Deep network model: TabNet (deep network with sparse 
attention).  

Variants of attention mechanisms: Self-Attention, 
Squeeze-and-Excitation (SE) attention. 

Method in this paper (Ours): Based on the optimal model 
obtained from ablation experiments. The comparison 
summary of modern methods is summarized in Table 3. 

Table 2. Summary of ablation experiments 

Table 3. Comparison summary of representative learning models 

Methods R² MAE (μm·mm) RMSE (μm·mm) E_Rob 

Gradient Boosting 0.9305 169.09 177.56 0.9237 

XGBoost 0.9371 160.77 168.85 0.9274 

LightGBM 0.936 160.39 170.29 0.9276 

TabNet 0.9225 160.71 187.47 0.9275 

SE Attention 0.9444 144.81 158.71 0.9346 

Experimental methods R² MAE (μm·mm) RMSE (μm·mm) E_Rob 

BL 0.7992 269.48 301.73 0.8784 

BL + LRN 0.9223 159.57 187.66 0.9280 

BL + LRN-PCM 0.8217 197.15 284.31 0.9110 

BL + APC 0.9304 164.20 177.64 0.9259 

BL + APC-PCM 0.8979 183.17 221.35 0.9173 

BL + LRN +APC (Ours) 0.9553 101.70 143.26 0.9541 

BL + LRN +APC +Disent 0.9325 166.75 174.90 0.9247 
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Self-Attention 0.9215 176.52 188.64 0.9203 

Ours 0.9553 101.70 143.26 0.9541 

3.4 Uncertainty quantification experiments 
and results 

This section experimentally evaluates the uncertainty-
quantification framework described in Section 2.6. The 
analysis focuses on the calibration performance of the 
proposed method, the visualization of predictive uncertainty, 
and comparison with representative uncertainty-
quantification approaches. 

3.4.1 Calibration and test results 
The uncertainty-quantification model is calibrated on the 
validation set according to the two-stage selection procedure 
described in Section 2.6 and the hyperparameter settings 
specified in Section 3.1.3. After the calibration procedure is 
completed, the selected configuration is directly applied to 
the held-out test set without further parameter adjustment. 

On the test set, the proposed method achieves a PICP of 
0.9460, an MPIW of 803.26 μm·mm, and an NLL of 6.8974. 
The PICP is close to the nominal coverage level of 0.95, 
indicating that the calibrated prediction intervals achieve the 
intended coverage level. 

3.4.2 Visualization of uncertainty quantification 
prediction 
Figure 6 presents the stage-wise predictive mean and 
calibrated 95% prediction band obtained using the complete 
framework. The true mean wear area, predicted mean wear 
area, and calibrated prediction band are shown for 
comparison. Figure 7 further presents the distribution of the 
calibrated predictive standard deviation across the evaluated 
samples. These visualizations provide complementary 
information on the stage-wise prediction behavior and the 
distribution of predictive uncertainty.

Figure 6. Stage-wise uncertainty prediction results and 95% prediction band across all degradation stages 
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Figure 7.   Histogram of the Predicted Standard Deviation After Calibration for All Samples 

3.4.3 Comparison with representative uncertainty-
quantification methods 
To comprehensively evaluate the performance of the 
proposed uncertainty quantification method, five 
representative uncertainty estimation methods are selected 
for comparison in this section. 

(1) Quantile Gradient Boosting:
Using quantile loss as the objective function, two independent 
models are trained to predict α=0.025 (low quantile) and 
α=0.975 (high quantile), respectively. To reduce training 
overhead, the midpoint of the lower and upper quantile 
predictions is used as an approximate central prediction. Post-
calibration employs the residual quantile method: the 
residuals are calculated by subtracting this central prediction 
from the true values on the validation set, and the 2.5% and 
97.5% quantiles of the residuals are taken as offsets. The 
original quantile interval of the test set is then adjusted using 
these offsets to obtain the calibrated prediction interval. 

(2) Deep Ensemble:
Epistemic uncertainty is quantified by training five 
independently initialized deterministic neural networks with 
the same structure. All ensemble members are trained with 
the same APC loss. However, because the physical 
knowledge is introduced only through the loss function and is 
not embedded in the network architecture or governing 
equations, these models are referred to as deterministic 
physics-constrained neural networks rather than PINNs. 
During inference, the mean of the predictions from the five 
models is used as the point estimate, and the variance between 
models is taken as the epistemic uncertainty. Meanwhile, the 
average variance of the prediction residuals of each model on 
the validation set is used to estimate the aleatoric uncertainty. 

After combining epistemic and aleatoric uncertainties, the 
optimal global scaling factor is searched on the validation set 
to scale the total standard deviation, and this factor is applied 
to the test set to generate the final prediction interval. This is 
a bulleted list. 

(3) SE-Attention + MC Dropout
The SE-Attention is constructed by introducing the SE 
attention mechanism into the basic residual network. Each 
residual block is followed by an SELayer, and Dropout layers 
are added after the input layer and the first linear layer of each 
residual block. MC Dropout is performed during both training 
and inference. A joint search is conducted on the inference 
dropout rate and global scaling factor on the validation set, 
selecting the combination that makes the PICP as close to 
0.95 as possible. The prediction interval for the final test set 
is calculated from the mean after monotonicity processing 
and the scaled standard deviation. 

(4) Self-Attention + MC Dropout
In the residual network, a multi-head Self-Attention layer is 
embedded to capture long-range dependencies between 
features. The network structure is as follows: after linear 
projection and batch normalization, the input is connected to 
two residual blocks through a multi-head self-attention layer. 
Dropout is set in the input projection layer, the first linear 
layer of each residual block, and within the self-attention 
layer. The inference and calibration strategies are completely 
consistent with (3). 

(5) Variational Inference PINN (VI-PINN)
All linear layers in the deterministic network are replaced 
with Bayesian linear layers, approximating the posterior 
distribution of parameters through variational inference. Each 
Bayesian linear layer learns mean parameters and logarithmic 
variance parameters for weights and biases, and samples from 
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the parameter distribution during forward propagation. The 
prior adopts a mixture Gaussian distribution, and the KL 
divergence term constrains the distance between the posterior 
and the prior. During inference, variational randomness is 
maintained, and forward propagation is performed 50 times 
for each test sample, followed by direct calculation of the 
predicted mean and standard deviation. 

The uncertainty quantification performance of all 
comparison methods on the test set is summarized in Table 4. 
In this study, the term PINN is reserved for models in which 
physical laws are embedded in the network architecture or 
governing equations. Models that incorporate physical 
knowledge only through the loss function are referred to as 
physics-constrained models. 

Table 4. Comparison of Performance of Different Uncertainty Quantification Methods on the Test Set 

Methods PICP (target 0.95) MPIW (μm·mm) NLL 

Quantile Gradient Boosting 0.8100 1513.3200 — 

Deep Ensemble 0.6070 428.7800 7.1186 

SE-Attention + MC Dropout 0.9990 1186.1800 6.8454 

Self-Attention + MC Dropout 1.0000 1415.6300 6.9580 

VI-PINN 0.7040 678.4800 7.5895 

Ours 0.9460 803.26 6.8974 

4. Discussion

The following discussion is structured around three 
dimensions: the integration mechanism of ablation 
experiments and physical constraints, a comparison with 
modern data-driven methods, and pseudo-Bayesian 
uncertainty quantification. 

4.1 Ablation experiment analysis and physical 
constraint adaptive fusion mechanism 

The progressive ablation experiment (Table 2) quantifies the 
independent contributions and synergistic effects of each core 
module on the prediction accuracy of the wear area. BL relies 
solely on a fully connected network, and a data-driven mean 
squared error loss. Under the condition where the original 
vibration features have a very weak linear correlation with the 
target, the R² is only 0.7992, and the MAE reaches 269.48 
μm·mm. This indicates that relying solely on statistical 
features is highly susceptible to interference from operational 
condition noise and multicollinearity, causing the model to 
fall into local optima. 

After introducing the LRN with skip connections, the 
performance of BL+LRN achieves a qualitative leap, with R² 
rising to 0.9223 and MAE plummeting by over 40%. The 
residual structure effectively mitigates the vanishing gradient 
problem, enabling the network to extract weak degradation 
trend signals from a strong noise background. Comparing the 
results of BL+LRN with BL+LRN-PCM shows that PCM has 
a significant positive effect on the prediction monotonicity 
correction of the residual network, eliminating minor non-
physical fluctuations caused by vibration feature noise. Even 
with the shallow network unchanged and only APC (BL + 
APC) applied, R² increases to 0.9304. It is worth noting that 
further comparing BL+APC with BL+APC-PCM reveals that 
R² decreases from 0.9304 to 0.8979, corresponding to an 

absolute decrease of 0.0325, or approximately 3.49% relative 
to the BL+APC result; MAE increases from 164.20 to 183.17. 
This indicates that PCM post-processing has a positive effect, 
but its influence significantly weakens when APC is 
introduced - APC itself has already increased R² from the 
baseline of 0.7992 to 0.9304 (an absolute increase of 0.1312, 
or approximately 16.4% relative to the baseline), far 
exceeding the decrease brought about by removing PCM. 
This further confirms the dominant role of adaptive physical 
constraints in weak feature scenarios, with PCM serving only 
as an auxiliary correction method. 

The weight sensitivity analysis (Figure 5) reveals the 
inherent flaws of the fixed weight mechanism. The APC 
mechanism automatically infers the optimal weights for 
multi-objective losses through learnable logarithmic variance 
parameters, completely eliminating the need for manual grid 
search. The R² of BL + APC even surpasses that of the 
optimal fixed weight model obtained through fine scanning, 
highlighting the scale matching advantage of uncertainty 
weighting in multi-task optimization. 

When LRN and APC are synergistically integrated (BL + 
LRN + APC), the optimal performance of the entire group is 
achieved: R² = 0.9553, MAE = 101.70 μm·mm, and error 
robustness E_Rob is 0.9541. This demonstrates a significant 
complementary synergistic effect between deep feature 
extraction capability and adaptive physical trend guidance - 
LRN focuses on mining degradation patterns hidden in noise, 
while APC ensures that these patterns are extrapolated on a 
manifold that conforms to the physical evolution laws of the 
guideway. 

In contrast, the performance declines after introducing the 
feature decoupling module (BL + LRN + APC + Disent). This 
can be attributed to two factors: Firstly, the decoupling 
regularization term forces the degradation-related features to 
be orthogonal to the condition features, which compresses the 
rank of effective representations, resulting in the degradation-
related branch losing some vibration information that is 
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weakly correlated with the wear area but indispensable. 
Secondly, there is nonlinear interference between the 
auxiliary task of the condition branch and the main regression 
task, and the additional MSE loss diverts the network's fitting 
attention away from the wear area. This indicates that in the 
scenario of this study, a unified input of dual channels is 
sufficient for the model to autonomously coordinate 
condition fluctuations. When training data are scarce for a 
new system, the data-derived degradation reference β can be 
estimated from (i) a similar guide system with available 
degradation data, (ii) a physics-based wear model calibrated 
with limited measurements, or (iii) expert knowledge of the 
allowable wear limit. The quadratic evolution pattern is 
expected to remain valid, while the magnitude coefficient 
may require transfer learning or Bayesian calibration with a 
small number of observations. 

4.2 Comparative analysis with modern data-
driven methods 

The horizontal comparison in Table 3 further confirms the 
unique value of physics-informed guidance from an 
architectural perspective. Gradient boosting tree models, 
represented by XGBoost and LightGBM, exhibit robust 
nonlinear fitting capabilities (R² approximately 0.93–0.94). 
However, their nature based on stepwise spatial partitioning 
lacks continuous derivative information, making it difficult to 
spontaneously perceive the complex degradation patterns of 
"acceleration after deep saturation" and "continuous length 
expansion" when faced with multi-stage testing throughout 
the entire lifecycle. The deep tabular model TabNet performs 
mediocrely (R² = 0.9225), and its sparse attention mechanism 
lacks stability in feature selection on low-dimensional strong 
noise feature streams. The introduction of Self-Attention 
significantly deteriorates performance (R² = 0.9215), 
indicating that the long-range dependency assumption is 
prone to overfitting on tabular features after PCA 
dimensionality reduction and recombination. Conversely, the 
SE Attention, which focuses on feature channel weighting, 
achieves superior results (R² = 0.9444), revealing that 
dynamically emphasizing weights on highly correlated 
principal components has higher information focusing 
efficiency than spatial global transformations. 

The positioning of the proposed framework can be further 
clarified through comparison with representative previous 
studies. Tao et al. [18] established a physics-based wear 
prediction model for roller linear guides based on contact 
mechanics and wear theory, demonstrating the effectiveness 
of explicit mechanical modeling for guideway wear 
estimation. Staroszyk et al. [16] further considered real 
operating conditions by combining damage accumulation 
with dynamic model-based condition monitoring for linear-
guideway service-life prediction. These studies provide 
strong physical interpretability, whereas their implementation 
relies substantially on explicit mechanical or dynamic 
modeling. In contrast, Nie et al. [21] proposed a vibration-
based surface wear-state identification method for linear 
rolling guides using multi-scale fuzzy entropy and an 

optimized random forest, achieving a recognition accuracy of 
97.9%. Their work demonstrates the effectiveness of data-
driven vibration analysis for discrete wear-state 
identification, while the present study focuses on continuous 
wear-area regression under weak-feature conditions. 

From the perspective of physics-data fusion, Gao et al. [28] 
developed a hybrid physics-data-driven framework for 
machining tool wear prediction by integrating physical 
information with sensor-derived features and combining 
prediction results through Bayesian fusion. More recently, 
Zhang et al. [31] investigated a physics-informed 
Transformer framework for rolling-bearing RUL prediction, 
representing the growing trend of embedding physical 
degradation knowledge into deep-learning prognostic 
models. 

Compared with these approaches, the present framework 
constructs a physical prior directly from measured guideway 
wear profiles and integrates it with weak vibration features, 
while adaptive physical constraints jointly regulate data 
fitting, cumulative wear-area monotonicity, and the 
degradation prior. In addition, the proposed pseudo-Bayesian 
calibration provides uncertainty-aware wear predictions, 
achieving an R² of 0.9553 and a PICP of 0.9460 for the 95% 
prediction interval. Since the compared studies involve 
different components, degradation targets, datasets, and 
evaluation metrics, their numerical results should not be 
interpreted as a direct performance ranking. Instead, this 
comparison highlights the contribution of the present study in 
combining continuous wear estimation, measured-profile-
derived physical guidance, adaptive physical consistency, 
and calibrated predictive uncertainty. 

It should be noted that Transformer-based time-series 
models such as Informer, Autoformer, and PatchTST are 
designed for long-sequence forecasting with high-
dimensional temporal inputs. In contrast, the present task is a 
low-dimensional tabular regression problem with only 17 
input features. Directly applying such models would require 
reshaping tabular features into artificial sequences, which 
may introduce inductive bias and overfitting. Therefore, this 
study compares with representative tabular and attention-
based models, including TabNet, Self-Attention, and SE 
Attention, which are more suitable for the present setting. 

4.3 Pseudo-Bayesian uncertainty 
quantification and engineering applicability 

The proposed pseudo-Bayesian physics-informed 
framework achieved a PICP of 0.9460 on the test set, which 
is close to the nominal coverage level of 0.95. The MPIW is 
tightly controlled at 803.26 μm·mm (approximately 36.2% 
of the full range). This high-quality probabilistic calibration 
stems from a two-stage hyperparameter search and global 
variance calibration strategy, which accurately balances 
coverage and interval width. 

Comparative analysis of uncertainty quantification 
methods (Table 4): Quantile Gradient Boosting employs a 
tree model to directly fit conditional quantiles, eliminating the 
need for distribution assumptions. However, its PICP is only 
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0.810, indicating severe undercoverage, and the interval 
width reaches 1513.32 μm·mm, suggesting that tree models 
struggle to capture heteroscedasticity in scenarios with weak 
features and high noise. Residual calibration fails to fully 
compensate for inherent flaws. Deep Ensemble characterizes 
epistemic uncertainty through the variance of five 
independently initialized deterministic PINNs. However, its 
PICP is only 0.607, indicating substantial undercoverage. 
One possible explanation is that the ensemble members may 
exhibit similar dependence on the coarse-grained physical 
prior, resulting in limited inter-model diversity and 
consequently an underestimation of epistemic uncertainty 
represented by the inter-model variance. Both SE-Attention + 
MC Dropout and Self-Attention + MC Dropout achieve 
PICPs close to 1.000 (overcoverage), with excessively wide 
intervals (MPIW reaching 1186.18 and 1415.63 μm·mm, 
respectively), and NLLs of 6.8454 and 6.9580, respectively. 
This situation arises from the attention mechanism 
excessively amplifying minor fluctuations under weak 
feature conditions, leading to excessively high MC Dropout 
sampling variance. While ensuring safety, it sacrifices 
interval compactness. VI-PINN employs variational 
inference to approximate parameter posteriors, but its PICP is 
only 0.704, and it has the highest NLL (7.5895), indicating a 
mismatch between the Gaussian mixture prior and the true 
posterior, and excessive regularization of the KL divergence 
term under limited data, leading to underfitting. More 
specifically, the KL divergence term dominates the training 
objective and over-regularizes the posterior toward the 
Gaussian mixture prior, which suppresses the model’s ability 
to fit the wear-area observations and results in underfitting. 
In addition, the Gaussian mixture prior may not match the 
true posterior of the wear prediction task, further degrading 
the probability calibration and increasing the NLL. In 
contrast, the proposed pseudo-Bayesian physics-informed 
framework achieves a PICP of 0.9460 through two-stage 
tuning and calibration (coverage priority + rational interval 
distance priority), which is closest to the nominal level of 
0.95, with MPIW=803.26 μm·mm and NLL=6.8974. This 
verifies that in weak feature degradation prediction, 
physically guided variance calibration is more effective than 
complex attention or variational structures. Therefore, the 
method proposed in this paper strikes an optimal balance 
between coverage and compactness, making it more suitable 
for condition-based maintenance decisions and RUL-oriented 
maintenance planning. 

5. Conclusion

To address the issue of wear degradation prediction for high-
precision linear guides under weak feature conditions, this 
paper proposes a lightweight residual network framework 
that integrates physical prior information with data-driven 
learning. Ablation and comparative experiments demonstrate 
that, in industrial degradation prediction scenarios 
characterized by weak features and strong noise, the residual 
network is capable of extracting subtle degradation trend 
signals from a background of strong noise. Furthermore, 

compared to the cumulative maximum post-processing 
method, the adaptive physical constraint mechanism remains 
the dominant factor in the model’s predictive performance. 
From the perspective of manufacturing system resilience, the 
proposed method converts weak vibration and wear-profile 
information into actionable degradation knowledge. By 
enabling early identification of wear evolution, it supports 
maintenance scheduling, spare-part preparation, and risk-
aware recovery planning, thereby helping to potentially 
reduce unplanned downtime and improve the rapid recovery 
capability of manufacturing systems. Despite the promising 
results, several limitations should be acknowledged. The 
proposed method relies on manual stage-level annotations, 
and the monotonic degradation assumption may not hold 
under abnormal wear, local spalling, lubrication failure, or 
maintenance interventions. In addition, its generalisability to 
other guide systems or wear scenarios has not been fully 
verified, since the current validation is limited to the NIST 
linear guide dataset and the data-derived coefficient beta may 
require re-calibration. 

The current framework uses vibration signals and static 
wear profiles, while additional signals such as temperature 
and friction torque are often available in industrial 
environments. Future work will explore unsupervised or 
semi-supervised multi-source fusion to improve robustness 
with limited labeled degradation data and further embed the 
framework into shop-floor PHM and resilient manufacturing 
decision systems to link wear prediction with maintenance 
execution, production recovery, and system-level resilience 
optimization. 
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