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Preface

Industrial defect detection is fundamental to product quality, equipment reliability, and safe
operation in modern manufacturing. With the development of intelligent manufacturing, industrial
inspection is progressing from conventional offline examination toward automated sensing and
data-driven assessment. Advances in measurement technologies, signal and image processing, and
artificial intelligence are providing new means to observe defects, identify abnormal conditions, and
evaluate degradation processes. This Reprint brings together recent studies that reflect this progression.
Its scope begins with the acquisition of physical information from industrial components and processes,
continues with the extraction and interpretation of defect- and fault-related features, and extends to
condition assessment, degradation prediction, and maintenance support. The contributions therefore
represent different stages of a common technical chain rather than isolated inspection tasks. The
motivation for preparing this Reprint is the growing need to connect sensing technologies with reliable
engineering assessment. Effective industrial inspection depends not only on obtaining high-quality
measurements, but also on transforming sensing data into meaningful information about defect states,
equipment condition, and future performance. This Reprint aims to present current progress in this
area and to promote closer integration between sensing, intelligent analysis, reliability assessment,
and practical industrial applications. The Reprint is intended for researchers, engineers, graduate
students, and practitioners working on industrial inspection, nondestructive evaluation, equipment
health assessment, and intelligent maintenance. As Guest Editors, we sincerely thank all authors for
their contributions, the reviewers for their constructive evaluations, and the editorial team for their

professional support throughout the preparation of the Special Issue and this Reprint.

Peng Liu
Guest Editor
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1. Introduction

Industrial defect detection is an essential component of modern manufacturing and
plays a critical role in ensuring product quality, operational reliability, and production
safety. With the continuing development of intelligent manufacturing, industrial inspection
is evolving from conventional offline and operator-dependent examination toward auto-
mated, continuous, and data-driven sensing. Machine vision has become one of the most
widely adopted approaches for surface and appearance inspection, while non-destructive
evaluation techniques such as ultrasonic testing and infrared thermography provide com-
plementary capabilities for detecting internal or subsurface defects [1-3]. These sensing
technologies have substantially expanded the observability of manufacturing processes
and engineering components, enabling defects to be detected, localized, and characterized
with increasing spatial, temporal, and quantitative resolution.

At the same time, advances in sensor networks, data acquisition, signal processing,
and artificial intelligence are extending industrial sensing beyond isolated defect identifica-
tion. Multi-sensor data fusion allows complementary information from different sensing
modalities to be integrated for more reliable condition assessment and fault diagnosis [4].
In parallel, prognostics and health management has established a broader framework
in which sensing data are used not only to detect abnormal conditions but also to diag-
nose degradation, predict future system states, and support condition-based or predictive
maintenance [5]. Nevertheless, the transition from laboratory demonstrations to reliable
industrial deployment remains challenging. Variations in operating conditions and data
distributions can substantially reduce the generalization performance of data-driven diag-
nostic models [6]. The increasing use of deep learning also raises concerns regarding model
transparency and the physical credibility of diagnostic decisions, particularly in safety-
and quality-critical applications [7]. For prognostic tasks, uncertainty, robustness, inter-
pretability, and practical feasibility are increasingly recognized as important requirements
in addition to prediction accuracy alone [8].

Against this background, the Special Issue “Sensing Technologies in Industrial De-
fect Detection” was established to present recent developments in sensing, inspection,
condition monitoring, fault diagnosis, prognosis, and intelligent maintenance for indus-
trial applications. The contributions collected in this Special Issue span multiple sensing
modalities and analytical paradigms, including machine vision, infrared thermography,
X-ray computed tomography, vibration and multi-source sensing, process and equipment
monitoring, machine learning, uncertainty-aware prediction, and intelligent maintenance
decision making. Although these studies address different industrial systems and defect or
fault scenarios, they collectively reflect a common evolution in the field: industrial sensing
is progressing from the acquisition of defect-related signals toward integrated frameworks
capable of extracting physically meaningful information, evaluating equipment or product
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condition, predicting degradation, and supporting operational decisions. This Special Issue
therefore provides a timely perspective on the increasingly close integration of sensing
technologies, signal and image processing, artificial intelligence, reliability assessment, and
intelligent manufacturing.

2. Overview of Published Papers

Several studies focus directly on defect and quality inspection. Solovev et al. (6)
present an infrared-thermography-based framework for in-process laser welding monitor-
ing, in which spatter and weld-zone thermal features are combined with machine learning
to identify multiple welding defects. Saiyod et al. (4) address printed circuit board in-
spection using a training-free, reference-based image-processing framework, highlighting
the continued value of interpretable deterministic methods when labeled data are limited
or auditability is required. Chang et al. (10) propose an explainable multimodal neural
network for final-state quality inspection of hairpin windings, combining image informa-
tion with span-related geometric priors. These studies demonstrate that industrial defect
detection increasingly benefits from the integration of physical or geometric knowledge
with data-driven models rather than relying solely on generic image classifiers.

Other papers extend the Special Issue from direct defect localization to degradation
assessment and condition monitoring. Chai et al. (1) develop a hierarchical multi-scale
temporal convolutional network for tool condition monitoring using multi-sensor signals,
while Zhang et al. (3) propose an adaptive signal-decomposition and clustering strategy for
bearing fault detection. Both studies emphasize the importance of extracting weak, multi-
scale, and temporally evolving features from complex sensor signals. Zhang et al. (2) link
mesoscopic defect characteristics obtained through X-ray computed tomography to fatigue
life in 6061-T6 aluminum alloy, illustrating how defect sensing can support quantitative
assessment of subsequent structural performance.

The Special Issue also includes studies that move beyond diagnosis toward prognosis
and operational decision making. Qu et al. (7) address remaining useful life prediction
through Bayesian convolutional neural networks with dual-output units, explicitly consid-
ering aleatoric and epistemic uncertainty. Dai et al. (8) propose a two-stage wind turbine
fault detection strategy for highly imbalanced SCADA data, combining anomaly screening
with supervised classification. Liu et al. (9) further connect state information with main-
tenance planning through a multi-head deep reinforcement learning approach for joint
maintenance decisions in an electro-hydraulic servo fatigue testing machine. At the system
level, Liu et al. (5) integrate wearable sensing and multi-source information with enhanced
Petri nets to improve production system monitoring and real-time state representation.

Taken together, these studies show that the scope of industrial defect detection is
becoming broader and more interconnected. Nevertheless, several challenges remain. First,
sensing performance under variable industrial conditions, including illumination changes,
environmental interference, operating-condition drift, sensor noise, and domain shifts,
still limits model transferability. Second, high-quality labeled defect data are often scarce,
imbalanced, or expensive to obtain, particularly for rare but safety-critical defects. Third,
multimodal sensing can improve observability but introduces new issues in calibration,
synchronization, feature alignment, and information redundancy. Fourth, increasingly
complex learning models require stronger interpretability, uncertainty quantification, and
traceable decision mechanisms before they can be trusted in safety- or quality-critical
production environments.

Future research should therefore place greater emphasis on physics-informed and
knowledge-guided learning, robust multimodal fusion, self-supervised and few-shot learn-
ing, uncertainty-aware diagnosis, and explainable artificial intelligence. Equally important
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is the transition from laboratory demonstrations to long-term industrial validation. Sen-
sor systems and algorithms should be evaluated across machines, materials, production
batches, and operating conditions using standardized metrics and reproducible protocols.
Edge computing and lightweight models will also be important for real-time deployment,
while digital twins and closed-loop manufacturing systems may provide a pathway for
converting sensing results into adaptive process control and maintenance actions.

3. Conclusions

The papers collected in this Special Issue demonstrate the continuing evolution of
industrial sensing from defect observation toward intelligent condition understanding. The
contributions cover multiple sensing modalities and analytical paradigms, ranging from
deterministic image comparison and thermal monitoring to multi-sensor temporal learning,
uncertainty-aware prognosis, and reinforcement-learning-based maintenance decisions.
Their diversity reflects the fact that no single sensor or algorithm is universally optimal for
industrial defect detection; successful solutions depend on the physical characteristics of
the target defect, the manufacturing environment, data availability, and the required level
of interpretability and real-time performance.

Looking ahead, progress will increasingly depend on the coordinated development of
sensing hardware, data analytics, domain knowledge, and industrial deployment strate-
gies. Robustness, generalization, data efficiency, multimodal integration, uncertainty
quantification, and explainability remain central research priorities. By addressing these
challenges, sensing technologies can support a transition from reactive inspection toward
continuous, predictive, and eventually adaptive quality assurance. We hope that the contri-
butions in this Special Issue will provide useful references for researchers and engineers
and stimulate further interdisciplinary research in intelligent industrial inspection and
smart manufacturing.

Funding: This research was supported by the National Natural Science Foundation of China (grant
no. 52475559).

Conflicts of Interest: The author declares no conflicts of interest.
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Abstract

Accurate identification of tool wear conditions is of great significance for extending tool life,
ensuring processing quality, and improving production efficiency. Current research shows
that signals collected by a single sensor have limited dimensions and cannot comprehen-
sively capture the degradation process of tool wear, while multi-sensor fusion recognition
methods cannot effectively handle the complementarity and redundancy between hetero-
geneous sensor data in feature extraction and fusion. To address these issues, this paper
proposes Hi-MDTCN (Hierarchical Multi-scale Dilated Temporal Convolutional Network).
In the network, we propose a hierarchical signal analysis framework that processes the
signal in segments. When processing intra-segment signals, we design a Multi-channel
one-dimensional convolutional network with attention mechanism to capture local wear
features at different time scales and fuse them into a unified representation. When process-
ing signal segments, we design a Bi-TCN module to further capture long-term dependencies
in wear evolution, mining the overall trend of tool wear over time. Hi-MDTCN adopts
a dilated convolution mechanism, which can achieve an extremely large receptive field
without building an overly deep network structure, effectively solving problems faced
by recurrent neural networks in long sequence modeling such as gradient vanishing, low
training efficiency, and poor parallel computing capability, achieving efficient parallel
capture of long-range dependencies in time series. Finally, the proposed method is applied
to the PHM2010 milling data. Experimental results show that the model’s tool condition
recognition accuracy is higher than traditional methods, demonstrating its effectiveness for
practical applications.

Keywords: tool condition monitoring; multi-modal; multi-sensor fusion; deep learning

1. Introduction

Milling, as an efficient cutting process, utilizes rotating milling cutters to perform
intermittent cutting on workpieces, capable of machining planes, grooves, threads, and
complex geometric components, and is widely applied in industrial manufacturing and
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mass production [1]. Cutting tools are essential components in milling processes, and tool
breakage can easily cause unexpected downtime of milling equipment. Accumulated tool
wear leads to breakage, resulting in time and cost losses, with tool failures accounting for
7-20% of milling machine downtime and tool replacement costs accounting for 3-12% of
total processing costs [2]. Although preventive replacement of milling tools is performed
before breakage, replacement strategies rely on operator experience and lack accuracy.
Research shows that the effective life of milling tools is typically only utilized at 50-80%;
therefore, real-time monitoring of tool conditions can maximize tool life utilization and
save processing costs [3].

As artificial intelligence advances, monitoring systems have gradually been applied
to tool condition monitoring. Tool Condition Monitoring (TCM) systems are divided into
offline and online types. Offline TCM systems require interruption of the machining process
and use optical microscopes to inspect tool health during downtime periods [4]. Downtime
inspection adds additional labor and time costs, and due to limited inspection frequency, it
cannot timely detect tool wear changes. In contrast, in online TCM systems, machining
operations continue without interruption, and data can be processed and tool conditions
monitored in real time within specified cycles [5].

At present, techniques for identifying tool health status are divided into two categories:
physics-based models and data-driven models. Physics-based models rely on physical
laws or semi-empirical formulas to predict tool wear. These methods usually depend
on mathematical descriptions of cutting physics, but due to the complexity and high
nonlinearity of the cutting process, such methods are difficult to adapt to real-world
conditions and have limited prediction accuracy [6]. In contrast, data-driven models can
be trained with sufficient historical data and model the nonlinear dependencies between
features extracted from sensor signals and cutting conditions to indirectly infer tool wear.
Compared with physics-based models, data-driven models perform better in handling
complex working conditions and large-scale data, and can achieve real-time monitoring
based on sensor data. Therefore, data-driven models demonstrate broad application
prospects in the field of tool wear monitoring [7]. However, current data-driven models
struggle to capture both historical and future context in temporal data, and when facing
multi-source sensor data, their ability to extract key wear features is limited, resulting in
insufficient robustness under complex working conditions and making it difficult to further
improve recognition accuracy.

To address these issues, this paper proposes a hierarchical multi-scale dilated temporal
convolutional network (Hi-MDTCN) for multi-sensor fusion-based online TCM method.
It employs a parallel branch structure to separately perform convolutional extraction and
channel attention weighting on multi-source signals, significantly enhancing the representa-
tion quality of various types of signal features; secondly, it models temporal dependencies
between segments through multi-scale dilated convolutional modules and combines resid-
ual connection mechanisms to enhance deep feature transmission capabilities; furthermore,
it proposes a lightweight channel attention mechanism for dynamic weighting of intraseg-
ment and intersegment features, effectively improving the model’s sensitivity to key wear
features. Compared with traditional methods, Hi-MDTCN possesses higher parallel com-
puting capability and stronger modeling stability, allowing the training complexity to be
reduced while maintaining high prediction accuracy, thereby achieving the purpose of
monitoring tool conditions in real time. The contributions of this paper are as follows

(a) This paper proposes a Bidirectional Temporal Convolutional Module (Bi-TCN), which
employs a symmetric padding strategy to achieve non-causal modeling, enabling
feature extraction to simultaneously capture both historical and future contextual
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information. Compared to the causal relationship constraints of traditional TCN, this
module significantly enhances the temporal feature expression capability.

(b) For multi-source sensor data feature extraction, a lightweight intra-segment attention
mechanism is designed, dynamically enhancing key wear features through channel
attention weights. This mechanism can improve feature expression capability without
increasing model complexity, effectively enhancing model robustness under complex
working conditions.

(c) The paper proposes a Hierarchical Multi-scale Temporal Network Hi-MDTCN, and de-
signs a two-stage hierarchical processing strategy for intra-segment and inter-segment
in the network. Intra-segment processing employs three-way parallel convolutions
to process multi-source signals and introduces channel attention mechanisms to
strengthen key features. Inter-segment processing adopts multi-scale dilated con-
volutional mechanisms to capture multi-scale patterns in the tool wear evolution
process. The architecture achieves collaborative modeling of local features and global
trends through the integration of time series slices.

The remaining parts are organized as follows. Section 2 reviews some related work on
current TCM methods, Section 3 briefly introduces the basic theory related to TCN, Section 4
elaborates in detail the proposed Hi-MDTCN method framework. Section 5 demonstrates
the effectiveness of the proposed method in tool milling datasets and compares it with
other methods. Finally, Section 5 provides the conclusion.

2. Related Work

Deploying TCM systems can effectively improve production quality and reduce energy
consumption [8]. At present, data-driven TCM methods are divided into direct methods
and indirect methods [9]. Direct methods measure tool geometry based on vision systems;
however, due to the high cost of high-speed cameras and the large amount of data generated
that require substantial computational resources to process, the predictability of online
monitoring processes is usually lower [10].

Indirect sensing methods determine tool wear by analysing multi-source signals,
enabling tool condition monitoring with minimal interference during actual cutting pro-
cesses [11]. Compared to direct methods, indirect methods are more practical and cost-
effective [12,13]. However, indirect methods are typically related to the machine tool’s
response to the cutting process, are susceptible to noise interference, and therefore often
less accurate than direct methods [14,15]. TCM using indirect methods relies on tradi-
tional signal processing techniques, and due to the highly non-linear and multi-variate
coupling characteristics of the cutting processes, it is difficult to extract effective features
from complex multi-source sensor data [16,17].

In recent years, as artificial intelligence advances rapidly, machine learning approaches
have substantially enhanced tool condition recognition accuracy in indirect monitoring
methods by leveraging automated feature extraction and pattern recognition [18-20]. Ma-
chine learning algorithms such as Support Vector Machine (SVM) [21], Random Forest
(RF) [22], and K-Nearest Neighbor (KNN) [23] have been used for tool wear prediction, but
these methods still rely on manual feature engineering and have limited expression capa-
bility for high-dimensional data. To address these limitations, deep learning techniques
have increasingly emerged as research focal points owing to their robust automatic feature
extraction capabilities and superior performance in handling complex data [24,25]. Zhu
et al. [26] utilized fast neural network methods to extract features from cutting force signals,
achieving effective monitoring of tool wear in micro-milling processes. Huang et al. [27]
proposed a tool wear monitoring method combining Short-Time Fourier Transform with
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deep convolutional neural networks, implementing adaptive feature extraction and wear
state prediction by modeling the time-frequency characteristics of vibration signals. Wang
et al. [28] extracted time-frequency features of acoustic emission signals through Fourier
transform and wavelet packet decomposition, and used BP neural networks for modeling
and analysis; experimental results showed that the tool wear monitoring method based
on BP neural networks outperformed SVM. Although the above studies have confirmed
the effectiveness of deep learning for tool condition monitoring, they only analyze single-
source signals. Single sensor signals often can only reflect certain aspects of tool conditions
and struggle to comprehensively cover the actual working conditions of tools in complex
machining processes.

Compared to single-source signal monitoring methods, multi-sensor fusion technology
can significantly improve the accuracy and robustness of tool wear prediction, reducing
the impact of environmental interference and signal uncertainty [29,30]. Li et al. [31]
proposed a residual variational autoencoder transfer learning model based on multi-sensor
fusion, optimising the encoding structure of variational autoencoders through residual
networks to achieve fault diagnosis between different tools under parameter transfer
strategies. Lin et al. [32] effectively improved the accuracy of tool wear state recognition by
establishing Stacked Sparse Autoencoders (SSAE) and BP neural networks for multi-sensor
signals, respectively. Song et al. [33] proposed a tool wear monitoring method that fuses
multi-kernel Gaussian process regression with stacked multi-layer denoising autoencoders,
achieving high precision feature representation learning and reliable wear state prediction
by optimising kernel function parameters and denoising force signal features. The above
autoencoder-based methods can effectively extract deep features from multi-source sensor
data and enhance feature representation capabilities through optimisation mechanisms
such as residual networks and stacked sparse structures, providing feasible solutions
for tool condition monitoring in actual machining processes. However, traditional AE
structures struggle to capture the temporal changes during the tool wear process and
cannot effectively model the dynamic process of wear evolution.

To address this issue, recurrent neural network-based methods have become a new
research direction. Recurrent neural networks, through memory units and gating mecha-
nisms, can better preserve historical information and temporal dependencies of tool wear,
further improving the accuracy of monitoring and real-time performance. Sayyad et al. [34]
combined LSTM with feature selection to optimize and sequentially model sensor signals,
providing reliable monitoring means for tool wear control. Zhou et al. [35] designed a
dual parallel BILSTM architecture to process the multi-domain features of vibration and
cutting force signals separately, achieving an accurate prediction of tool wear states with
temporal dependency patterns. Xiao et al. [36] proposed a tool wear prediction method
based on Bayesian optimized Gated Recurrent Units (GRU), achieving wear state prediction
with high generalization capability by modeling time domain, frequency domain, and
time-frequency domain features of multi-working condition signals with hyperparameter
optimization. Liu et al. [37] effectively improved the accuracy of tool wear state recognition
by deep mining temporal feature dependencies through BiGRU networks combined with
variational mode decomposition for signal optimisation processing. Although RNNss can
effectively model the dynamic evolution process of tool wear, their current state prediction
must be based on the calculation results of the previous moment, causing errors to accumu-
late during temporal propagation, leading to a decrease in the prediction accuracy as time
steps increase [38].

To overcome these problems, one-dimensional convolutional neural networks (1D-
CNN), with their local receptive fields and parameter-sharing mechanisms, can efficiently
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extract local patterns and features from temporal data while reducing computational com-
plexity. Wang et al. [39] proposed a multi-sensor tool wear diagnosis method combining
1D-CNN with Deep Generalized Canonical Correlation Analysis (DGCCA), achieving
accurate prediction of tool wear states by using DGCCA with attention mechanisms to
fuse output features from various networks and remove redundant information. Dong et
al. [40] proposed an improved CaAt-ResNet-1d model, effectively enhancing the accuracy
of tool wear states in complex cutting environments by adding CaAtl channel attention
mechanisms and CaAt5 mechanisms for automatically learning features of different chan-
nels in residual network blocks. Yang et al. [41] significantly improved the stability of
tool wear state prediction under varying working conditions by using multi-scale entropy
values as conditional indicators to construct one-dimensional feature vectors for input
into 1D CNN. Furthermore, by converting temporal signals into two-dimensional image
representations, two-dimensional convolutional neural networks (2D-CNN) can simulta-
neously capture spatial structural features in the time-frequency domain, providing more
comprehensive feature expression capabilities for tool wear state monitoring and further
improving model prediction accuracy. Zhang et al. [42] enhanced the model’s capability to
identify various tool wear stages by transforming force signals into two-dimensional image
formats using time-frequency analysis methods and implementing convolution kernels
with varying sizes to capture multi-scale features simultaneously. Li et al. [43] proposed
an integrated convolutional neural network architecture, achieving real-time monitoring
of tool conditions during cutting processes by combining Short-Time Fourier Transform
techniques to map one-dimensional acoustic signals to two-dimensional representations in
the time-frequency domain. Liu et al. [44] proposed a real-time milling chatter detection
method based on Continuous Wavelet Transform (CWT) scalograms and deep convolu-
tional neural networks (CNN), providing a reliable solution for real-time monitoring of
tool wear in milling processes. Although CNNs have achieved good performance in tool
wear monitoring, there are still some limitations. For example, CNNs often use fixed-size
convolution kernels, resulting in limited receptive fields and difficulties in modeling long-
distance dependencies [45]. Furthermore, extracting features from the time and frequency
domain from multi-sensors increases model complexity; CNN channels need to share
convolution kernels, and excessive information exacerbates the difficulty of extracting and
fusing redundant features, easily introducing unnecessary information and affecting the
quality of the feature [46]. When using 2D-CNN for tool wear monitoring, temporal signals
need to be converted to time-frequency images as input, with preprocessing steps that are
computationally expensive and complex, bringing additional computational overhead to
the model and introducing extra delay [47]. Therefore, 2D-CNN methods are often not
efficient enough in tool monitoring applications with high real-time requirements.

To compensate for the shortcomings of the above research methods, the Hi-MDTCN
proposed in this paper breaks through the limitations of traditional methods through its
hierarchical design and bidirectional temporal convolutional mechanism. Its advantages
lie in the ability to simultaneously capture contextual information from both past and
future, adaptively filter important features through lightweight channel attention mecha-
nisms, and implement long dependency relationship modeling using multi-scale dilated
convolutions. This architecture does not require complex signal conversion preprocessing,
directly processes original temporal data, significantly reduces computational delay while
maintaining high prediction accuracy and generalization capability, providing a real-time
reliable solution for real-time tool condition monitoring.
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3. Preliminaries

During the tool wear process, the evolution of wear states exhibits strong historical
dependence, with the current evolution significantly influenced by previous processing
conditions. This temporal evolution characteristic can be formally expressed as Equation (1):

st = f(St-1,5t—2,. -, St—n) T+ € 1)

where s; is the tool wear state at time ¢, and €; is random noise.

Therefore, TCM is essentially a sequence modeling problem, which requires the cap-
ture of temporal dependencies to achieve accurate wear prediction and optimize tool
replacement strategies and production efficiency. TCN addresses the sequence modeling
problem by ensuring temporal causality through causal convolutions, meaning current pre-
dictions rely only on historical data, avoiding future information leakage. Simultaneously,
it employs dilated convolutions to exponentially expand the receptive field, efficiently
capturing long-term evolution patterns through sparse sampling. These architectural char-
acteristics enable TCN to possess both local feature extraction and global trend modeling
capabilities, providing an effective solution for complex time series modeling problems in
tool condition monitoring.

3.1. Causal Convolutions

In the time series modeling domain, causal convolution is a core component of TCN.
This structure strictly enforces temporal causality constraints, meaning that the output at
the current time step can only depend on input information from the current and previous
time steps, and cannot access data from future time steps. Its mathematical expression is
given by Equation (2).

k-1
V=) wi-Xpj ()
i=0

where, y; represents the output feature at time step ¢, w; represents the i-th weight parameter
of the convolution kernel, k represents the size of the convolution kernel in the time
dimension, and x;_; represents the input feature at relative position i. This approach ensures
the model cannot access future information, satisfying real-time prediction requirements.

3.2. Dilated Convolution

The historical information capacity of causal convolution only increases linearly with
network depth, making it difficult to process sequence tasks requiring long-term dependen-
cies. Dilated convolution, as the second core component of TCN, enhances the network’s
modeling capability for long sequence dependencies by introducing sampling strategies
with gaps. In contrast to standard causal convolution, dilated convolution can exponentially
increase the receptive field while preserving parameter efficiency, successfully addressing
the difficulty of capturing long-term dependencies. For 1-D sequence input x € R", and
filter f : {0,--- ,k — 1} — R, the dilated convolution operation F on sequence element s is
defined by Equation (3):

k—1

F(s) = (x#q f)(s) = Y f(i) - Xs_ai 3)

i=0

where d is the dilation factor, k is the filter size, and s — d - i represents the direction toward
past time steps. Therefore, dilated convolution is equivalent to introducing a fixed step
length between each tap of the neighboring filter. When d = 1, dilated convolution reduces
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to regular convolution. Using larger dilation factors enables perception of inputs from
more distant positions, effectively expanding the receptive field of the convolutional neural
network. The TCN combined with causal dilated convolution is shown in Figure 1.
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Figure 1. Shows examples of TCN combining causal convolution and atrous convolution at different
values of stride and atrous rate, applying a 1d convolution with kernel sizes k = [3; 3; 3], dilation
d =[1;1; 2] and strides s = [2; 1; 1].

4. Methodology and Proposed Model

The proposed Hi-MDTCN architecture consists of three stages: signal preprocessing,
intra-segment feature extraction, and inter-segment temporal modeling. The specific
framework is shown in Figure 2.
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Figure 2. Framework of the proposed approach. (a) illustrates signal preprocessing, including
filtering and segmentation. (b,c) represent segment feature extraction and fusion, enhancing intra-
segment features. (d) shows temporal modeling across segments to monitor tool condition.

First, in the signal preprocessing stage, a Butterworth filtering strategy is adopted
for different types of sensor signals to eliminate noise and extract representative features.
Next, in the intra-segment feature extraction stage, a Bi-TCN block is introduced, which
employs a symmetric padding strategy to achieve non-causal modeling. This allows feature
extraction to simultaneously capture both historical and future contextual information,
significantly enhancing the temporal feature representation capability compared to the
causality constraints of traditional TCNs. Meanwhile, for the feature extraction of multi-
source sensor data, a lightweight intra-segment attention mechanism is designed, which
dynamically enhances key wear features through channel attention weights, improving
feature representation capability without increasing model complexity, and effectively
enhancing the robustness of the model under complex working conditions. Finally, in the
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inter-segment temporal modeling stage, we propose a hierarchical multi-scale temporal
network architecture, which achieves an exponentially expanded receptive field by design-
ing combinations of dilated convolutional layers with increasing dilation rates, thereby
enabling efficient and parallel capture of long-term temporal dependencies. The proposed
model adopts a hierarchical processing strategy that first extracts local intra-segment
features and then aggregates them into global representations.

This approach addresses the issues of gradient vanishing and inefficient parallel
computation in traditional recurrent structures for long sequence modeling, while also
avoiding the computational overhead of complex time-frequency transformations required
by 2D-CNN methods. As a result, the model achieves better training stability and inference
capability while maintaining high prediction accuracy.

4.1. Signal Preprocessing

By analyzing the first-order difference features of the force sensor signal, the end
time of the feed and the start time of the tool retraction during the milling process can be
detected, enabling precise extraction of the effective cutting segment. The original force
signal usually contains high-frequency noise, which can be effectively reduced by applying
a moving average window for smoothing. Mathematically, this is expressed as Equation (4)

1 i+ WL
fsmoothm - w ' Zw, fraw U] 4)

where fraw|[j] denotes the amplitude of the original force signal at sampling point j, and
fsmootn [1] denotes the amplitude of the smoothed signal at sampling point i. W represents
the width of the moving average window, and the summation range for j is from i — %
to i + =1, with the window centered at the current point.

To accurately detect feed end and retraction start, the force signal is smoothed to
suppress high-frequency noise while preserving transient trends. The moving-average

window size W is defined as Equation (5)

wo| L) .

kxnxZ

where f is the sampling frequency (Hz), n is the spindle speed (rpm), and Z is the number
of tool teeth. The parameter k denotes the smoothing coefficient, and | -| indicates rounding
toward the nearest integer with a lower bound. This formulation exploits the physical
periodicity of the tooth-passing frequency frpr = n x Z/60. The window should span
multiple tooth-passing periods to suppress periodic impacts and harmonics while avoiding
excessive smoothing that would blur transients. Here, k € [0.1,0.3] corresponds to the
number of tooth-passing periods covered by the window, balancing noise suppression and
transient preservation.

After smoothing, a first-order difference is applied to calculate the difference between
adjacent sampling points, thereby detecting abrupt changes in the signal. Mathematically,
this is expressed as Equation (6)

diff[i] = fsmooth [i + 1] - fsmooth [1] (6)

where dif f[i] denotes the first-order difference at sampling point i, and fymeotn[i] and
fsmooth [i + 1] denote the amplitudes of the smoothed signal at two adjacent sampling points.
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A positive value indicates that the signal is rising, which may correspond to the end
of the tool feed, with the tool entering a stable cutting state. A negative value indicates that
the signal is falling, which may correspond to the start of tool retraction.

Based on the statistical characteristics of the difference, the weighted sum of the
mean and standard deviation of the absolute value of the difference sequence is used as
the threshold to ensure good adaptability for signals of different strengths, as shown in
Equation (7):

de_+k'0'|d‘ (7)

here, 0 is the threshold, d represents the mean of the difference sequence, k is an adjustable
weighting coefficient, and ¢}, is the standard deviation of the absolute value of the differ-
ence sequence. Based on this threshold, continuous running windows are used to detect
the start and end points. When the absolute value of the difference in the window is
consistently greater than the threshold and the sign is consistent, it is determined as the
end of the feed or the start of tool retraction. The signal segment near the end of the feed or
the start of tool retraction reflects the state characteristics of the tool approaching the wear
limit. To further enhance the effective signal features, it is necessary to filter out noise and
remove interference from high-frequency noise in the signal segment.

The filtering method is selected according to the frequency characteristics of the signal,
including low-pass, high-pass, and band-pass. For different types of signals, different
filtering strategies are adopted to effectively remove noise and improve the accuracy
of feature extraction. Therefore, a Butterworth filter is designed to perform low-pass
filtering, retaining the low-frequency components of the signal and smoothing the signal.
The transfer function of an n-order Butterworth filter with cutoff frequency w, can be
mathematically expressed as Equation (8):

-t
H(w) 1+(w%)2n

Here, w is the frequency, w, is the cutoff frequency, and 7 is the filter order. For force

®)

signals, low-pass filtering is used so that the low-frequency components of the signal can
pass through without attenuation, while the high-frequency components are attenuated
according to the filter order, suppressing high-frequency noise in the signal and vibration
features. Vibration signals are processed with band-pass filtering, allowing the signal
within a specific frequency band to pass through without attenuation, thereby suppressing
drift and low-frequency noise, while retaining frequency bands related to vibration. The
Butterworth filter has the characteristic of the maximum flatness in the passband among all
types of filters, ensuring that the phase and amplitude of the signal are not distorted by
filtering, as shown in Figure 3.

Traditional long-term sequence signal modeling methods have high computational
complexity and memory usage, making them difficult to train. In addition, it is difficult
for a single time step sampling point to directly represent the tool wear state; local feature
extraction through continuous time windows is required to effectively reveal the wear
evolution pattern. To address these issues, a hierarchical two-stage processing strategy
is designed. By uniformly dividing the stable cutting segment into multiple time slices,
multi-sensor fusion features are extracted for each short segment within the segment,
and temporal associations between different segments are established to capture the wear
evolution trend. The hierarchical architecture effectively solves the problem of exponential
growth in computational complexity caused by direct modeling of long sequences; sec-
ond, the complementary fusion of multi-segment features can significantly improve the
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robustness of the model to noise. In addition, parallel processing of each segment greatly
improves computational efficiency. Through the hierarchical design of the time series,
both local detail changes and global trend information are preserved, providing a more
comprehensive and reliable basis for accurate monitoring of tool wear state.
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Figure 3. Signal preprocessing procedure.

4.2. Intra-Segment Feature Extraction

In order to capture short-term local features during the tool wear process, an intra-
segment feature extractor is designed to extract features in parallel from signals of multiple
sensors within each time segment. Specifically, after preprocessing and segmentation, the
original multi-channel sensor signals are input into a three-branch parallel lightweight
convolutional network, with each branch corresponding to one type of sensor signal:
triaxial force sensing, triaxial vibration sensing, and acoustic emission sensing signals. Each
branch adopts the same structure: first, a lightweight one-dimensional convolutional block
is used to extract local temporal features, then a channel attention mechanism is applied
to weight the features of each channel, and finally, global pooling is used to compress the
temporal information into a feature vector. Although the number of channels of the original
input needs to be increased during feature extraction, since the acoustic emission signal is
single-channel at the input, the effect of setting a channel attention module is not obvious.
Therefore, after feature extraction of the acoustic emission signal is completed, it is directly
pooled and then concatenated with other features for fusion. The intra-segment feature
extraction architecture is shown in Figure 4.

A lightweight one-dimensional convolutional module, Conv1dBlock, is used to extract
the features of each branch. Each module contains a convolution kernel of length k, BN,
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ReLU and Dropout. For the ¢, channels, with input features X € R°"*L of temporal length
L, the output at channel j and time t is given by Equation (9):

oy K-1

Vig =Y. Y, WiikXisk+ b )
i=1 k=0

here, wj,; are the convolution kernel parameters, and b]- is the bias term. After convolution,
batch normalization and ReLU activation are applied, followed by Dropout, which can
effectively extract local temporal features and suppress overfitting. After feature extraction
by the one-dimensional convolutional module, the output features are input into the
channel attention module to focus on important channel information. The attention module
first performs global pooling on each channel to obtain the channel description vector
z,z € R¢, and then passes it through a one-dimensional convolution and sigmoid function
to calculate the channel weights, as mathematically expressed in Equation (10):

a =0(fip(z))
1 (10)

o) = T

Here, fip denotes a learnable 1D convolution operation with kernel size k, and o (-) is
the Sigmoid activation function. Specifically, for the c-th channel, as shown in Equation (11):

k-1

£
Ke =0 U; Zq1;
‘ ZH e (11)

==

J?c,t = K¢ Xt

Here, u; is the 1D convolution kernel parameter, &, € (0,1) is the attention weight
of channel ¢ after attention weighting. The channel attention mechanism can achieve
cross-channel interaction through local convolution, and introducing a small number of
parameters can significantly improve the effectiveness of channel attention. After attention
weighting, the temporal feature maps of each branch highlight the key channel information.
For each branch, after global pooling and attention weighting, the temporal feature map
is compressed to a feature vector of length C by max pooling. For example, if the output
feature dimension is C x L, it is pooled to RC, where each element can be used as the
maximum response of the corresponding channel. The feature vectors output by the force
sensing branch, vibration sensing branch, and acoustic emission branch are denoted as
fdyn, faces fae € RE. After obtaining the feature vectors of each branch, the three branch
features are concatenated along the channel dimension to form a feature vector of length
3C, f=| fdyn ; face; fae] € R3C. In order to further integrate multi-source information and
enhance joint features, the features extracted by the three parallel convolution branches
are concatenated, and then input into a fusion convolution layer. The feature vector
concatenated after the first ConvldBlock and its attention layer is reshaped to a tensor
of size 3C x 1, which is input into a convolution kernel of size K in the Conv1ldBlock.
This fusion convolution reduces the number of channels from 3C to C, followed by an
attention layer to reweight the fused features. Then, a second Conv1ldBlock and its attention
layer are used for further feature integration, and finally, a fused feature vector of length
C is output. The entire process can be regarded as first performing feature extraction
and weighting at the branch level, and then obtaining a unified representation through
convolution and fusion at the segment level. Finally, a Dropout layer is added at the output
to prevent overfitting.
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The design of parallel branches enables the network to extract its own key patterns
for different types of signals, while also improving computational efficiency. The paral-
lel convolutional structure and attention weighting of multi-source signals significantly
enhance the expressive power of intra-segment features and the quality of multi-modal
information fusion, providing a richer and more reliable representation for subsequent
temporal modeling.
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Figure 4. Intra-segment feature extraction process.

4.3. Inter-Segment Temporal Modeling

According to the regulations of numerical control machining programs, tool changes
must be performed at the safe and fixed position of the machine tool. Therefore, the judg-
ment of tool status needs to be based on the comprehensive information of the machining
stage signals, rather than relying solely on the local signal at a certain moment. Therefore,
we propose the design of Bi-TCN, which can utilize both the past and future temporal
information within the current stage, instead of only using past information like TCN.

Therefore, in the inter-segment temporal modeling stage, a Bi-TCN1d layer is de-
signed to capture long-term dependencies between different time segments. The forward
convolution branch processes the past-direction information of the time series, while the
backward convolution branch processes the future-direction information. In this way;,
the output of the Bi-TCN1d layer at each moment can take into account the contextual
dependencies before and after that moment, achieving bidirectional temporal modeling, as

shown in Figure 5.
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Figure 5. Shows examples of Bi-TCN1d combining causal convolution and atrous convolution at
different values of stride and atrous rate, applying a 1d convolution with kernel sizes k = [3; 3; 3],
dilation d = [1; 1; 2] and strides s = [2; 1; 1].

At the same time, we adopt a multi-layer stacked residual dilated convolutional
network (Residual Dilated Convolutional Block, ResidualDCBlock) to capture long-term
dependencies between different time segments. Each ResidualDCBlock module contains
two consecutive Bi-TCN1d layers. By using symmetric padding, the output sequence length
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is kept the same as the input, achieving non-causal convolution. After each convolution,
BN, ReLU activation, and dropout are applied in sequence to enhance the stability and
robustness of feature extraction. The overall process is shown in Figure 6.
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Figure 6. Inter-segment temporal modeling process for identifying tool states. The Bi-TCN Block
consists of three stacked ResidualDCBlocks with dilation rates of 1, 2, and 4.

The first Bi-TCN1d first performs feature transformation on the input sequence, and
the output is passed through a second Bi-TCN1d layer with the same configuration, then
enters the channel attention module, where the features from the forward and backward
branches are fused. The attention module performs global pooling on the output features,
followed by a 1 x 1 one-dimensional convolution and Sigmoid activation to generate
channel attention weights, highlighting the channel information that more effectively
reflects the tool wear state. The final output of the module is the result of the residual
connection, that is, the sum of the output from the convolutional layer and the channel
attention module with the input. If the number of output channels does not match,a 1 x 1
one-dimensional convolution is used to match the dimensions, and then ReL.U activation
is applied to obtain the final features. Specifically, the module takes the segment feature
sequence X € R*L as input, where c,, is the number of input channels and L is the length
of the sequence. The output of the module is defined by Equation (12):

y = ReLU(F(x) + H(x)) (12)

here, F(x) represents the composite mapping in the residual block, including two layers of
learnable convolution with dilation, batch normalization, ReLU, and dropout operations,
followed by a channel attention module. #(x) is the identity mapping; when the number
of input and output channels is inconsistent, a 1 x 1 convolution is introduced to match the
dimensions, as mathematically expressed in Equation (13):

Hix) =13 e (13)
ConV1><1<x)r Cm 7 Cn
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here, c;; is the number of output channels. The residual structure allows each module to
directly "skip" the input signal to the output, thus enhancing the advantage of increasing
the depth of the network in a hierarchical manner. In Bi-TCN, we stack multiple ResidualD-
CBlock layers, with each layer’s dilation rate increasing exponentially, which exponentially
expands the receptive field of the network. Therefore, after L convolutional layers, the size
of the final receptive field can be calculated similarly to Equation (14):

R=(k—1)2k=1)+1 (14)

here, k is the kernel size of each layer, and L is the number of convolutional layers. By
increasing the dilation rate, the network can maintain a wide temporal coverage with both
shallow and deep layers, effectively obtaining global trend information across multiple
segments, as shown in Figure 7.

Output

______

/1\/] \// Vv
/ [ [ [ [ [ [ [ [/

X1 X1 XtXt+1Xt+2 Xt+nXt+n+1

Figure 7. The Bi-TCN module with exponentially expanding receptive fields through stacked layers
of different dilation rates. Shown are three Bi-TCN1d layers with kernel sizes k = [3; 3; 3], dilation
ratesd =[1; 1; 2] and strides s = [2; 1; 1].

The residual connections in each layer provide shortcuts for information propagation
in deep networks, allowing gradients to flow directly across layers and greatly alleviating
the common problem of gradient vanishing in deep networks. In addition, the attention
module dynamically adjusts channel weights in each layer, so that key wear characteristics
are enhanced during propagation, improving the model sensitivity and robustness to
subtle signals.

Compared with traditional recurrent neural networks, Bi-TCN can compute the output
at each position of the sequence in parallel. Therefore, when processing long sequences,
Bi-TCN usually has faster training and inference speed. Parallelism and non-causality
enable Bi-TCN to utilize both intra-segment and inter-segment information simultaneously.
Thus, Bi-TCN not only inherits the parallelism and stability advantages of TCN, but also
more fully integrates temporal context through its bidirectional design, achieving sequence
modeling of multi-stage, non-stationary tool wear.

The overall description of the proposed method is shown in Algorithm Al in
Appendix A for details., including signal preprocessing (lines 1 to 7), intra-segment feature
extraction (lines 8 to 15), and inter-segment temporal modeling (lines 16 to 20).

5. Experimental Study

We conducted experiments on the PHM2010 dataset to test the performance of the
proposed method and verify its effectiveness. The code for this paper is available at:
https:/ /github.com /2023AI0T /Hi-MDTCN/, accessed on 11 December 2025.
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5.1. Dataset Description

The PHM2010 dataset was collected under dry milling conditions using a high-speed
CNC machine Roders Tech RFM760 throughout the entire tool life cycle, and contains a
total of six tool life cycle experiments. Among them, three cutting experiments, C1, C4,
and C6, recorded the tool wear value after each machining stage. The materials of the
milling cutter and workpiece are ball-end tungsten carbide tool and stainless steel HRC52,
respectively. The workpiece surface was machined row by row along the x-axis using a
6-mm three-flute cutter. After completing one stroke along the x-axis, the tool was retracted
to start a new stroke. At the end of each stroke, the flank wear of the three tool teeth was
measured offline using a LEICA MZ12 microscope. The specific experimental conditions
are shown in Table 1.

Table 1. Experimental conditions for PHM 2010.

Equipment Type Experimental Equipment Experimental Projects Parameters
CNC milling machine ~ Roders Tech REM760 Spindle speed (r/min) 10,400
Tool type 3-tooth ball nose milling cutter Feed rate (mm/min) 1555
Workpiece material Stainless steel HRC52 Cutting width (mm) 0.125
Force sensor Kistler 9265B dynamometer Cutting depth (mm) 0.2
Charge amplifier Kistler 5019A charge amplifier Tool feeding amount (mm) 0.001
Vibration sensor Kistler 8636¢ acceleration sensor ~ Sampling frequency (kHz) 50

AE sensor Kistler acoustic emission sensor ~ Milling method Climb milling
Wear measuring device LEICA MZ12 microscope Cooling method Dry cutting

Data acquisition card NI DAQ data acquisition card

During the milling process, a Kistler 9265B three-component dynamometer was in-
stalled between the worktable and the workpiece to collect force signals in the x, y, and z
directions during the cutting process. At the same time, three Kistler 8636¢ acceleration
sensors were directly fixed on the workpiece to measure the machine tool vibration data in
the x, y and z directions, respectively. In addition, a Kistler AE sensor was installed on the
workpiece to monitor high-frequency stress waves. All sensor signals were collected using
an NI DAQ PCI1200 board with a sampling frequency of 50 kHz. Therefore, this dataset
contains seven types of signals: force signals in the X, y, and z axes (N), vibration signals
in the x, y and z axes (g), and the root mean square value of the acoustic emission signal
AE-RMS (V). The experimental setup is shown in Figure 8.

LEICA MZ12 Tool wear category
microscope Initial Wear

Stable Wear Flank Wear
VB Values

Severe wear

Tool Wear Measurement

3-tooth ball nose
milling cutter

| :Y AE Sensors NI DAQ
% Workpiece ccelerometer data acquisition card

Dynamometer Force, Vibration,

d CNC machine AE signals
Tech REM760

gh-s
Roders

Online Data Acquisition
Figure 8. Experimental equipment and configuration.

5.2. Data Preprocessing

Since experiments C1, C4, and C6 documented tool-wear measurements following
each machining operation, these three experiments served as the dataset for this research.
After each machining operation, three flank-wear values are recorded for the tool. In this
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study, the arithmetic mean of these three flank-wear measurements is taken as the final
flank-wear value for that experimental record, and the tool-wear stages are evaluated based
on the trend of these averaged wear values. The tool wear curves throughout the entire
operational cycles of experiments C1, C4, and C6 are shown in Figure 9.

225 - -
— C1 ] |
200 1 1 1
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= I Stable wear 1
5150 : : /
o ags
E 125, Initial i |
s wear |
3 4nn | 1
3 100 |
S 75 1 | Severe wear
1 I
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25 !

0 25 50 75 100 125 150 175 200 225 250 275 300
Cut Number

Figure 9. Experimental equipment and configuration.

All cutting tools across the three experiments entered the stable wear phase following
the 50th milling operation; nevertheless, the commencement timing of the severe wear
phase varied across different experiments. Given that experiment C6 consistently exhibited
higher tool wear levels, the initiation point of severe wear in experiment C6 served as the
benchmark for differentiating between stable wear and severe wear stages. Consequently,
tool wear data spanning operations 1-50 were categorized as initial wear, operations 51-175
as stable wear, and operations 176-315 as severe wear. Information from all seven sensor
channels was integrated into the preprocessing workflow. To guarantee reliable assessment
of model performance, the experimental dataset was partitioned into three groups for
pairwise cross-validation, with comprehensive details presented in Table 2.

Table 2. Cross-validated tool set distribution for T dataset.

Datasets Training Datasets Test Datasets
T1 C1-C4 Co6
T2 C4-Co6 C1
T3 C1-Ce C4

The data acquisition card has a sampling frequency of up to 50 kHz, and each cutting
test takes 15 to 30 s. For each cut, the data samples from each sensor, including the feed
and retraction stages, contain more than 100,000 data points. Selecting data from the stable
cutting stage close to the retraction phase best reflects the tool wear condition. By analyzing
the first-order difference features of the force sensor signal, the specific positions of the end
of the feed and the start of the retraction can be obtained, as shown in Figure 10. Finally,
50,000 sensor records generated during 1 second of stable cutting closest to the start of
retraction were selected, and the original signals were filtered according to the filtering
method described in Section 3.1.

20



Sensors 2025, 25, 7603

The architectural parameters are detailed in Table 3. The parameter selection was

designed based on comprehensive considerations of the feature dimensions of multi-sensor

data, temporal dependency length, and computational efficiency. Experimental validation

shows that this parameter configuration achieves favorable results in experiments.

Force Signal Processing

Force Signal Amplitude
(5]

Raw Force Signal
Moving Average Signal
==- Feed End
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100000 150000
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200000

Figure 10. Force signal processing, analysis of the end of the feed and start position of the retraction.

Table 3. Hi-MDTCN Model Architecture Parameter Table.

No. Stage Module Name Input Shape Output Shape C}Ilggles C%:Itgl‘;is Kernel Size Dilation
1 Lowpass Filter (Force) [N, 3] [N, 3] - - - -
2 Signal Bandpass Filter (Vibration) [N, 3] [N, 3] - - - -
3 Preprocessing None Filter (AE) [N, 1] N, 1] - - - -
4 Segmentation [50,000, 7] [50, 7, 1000] - - - -
5 Force Sienal Conv1d Block [B x 50, 3, 1000] [B x 50, 32, 1000] 3 32 3 1
6 Brancgh Channel Attention [B x 50, 32, 1000] [B x 50, 32, 1000] 32 32 3 -
7 MaxPool [B x 50, 32, 1000] [B x 50, 32, 1] 32 32 - -
8 . . . Conv1d Block [B x 50, 3, 1000] [B x 50, 32, 1000] 3 32 3 1
9 Vlbr%t;ggci‘gnal Channel Attention [B x50,32,1000] [B x 50,32, 1000] 32 32 3 -
10 MaxPool [B x 50, 32, 1000] [B x 50, 32, 1] 32 32 - -
11 Acoustic Emission Conv1ld Block [B x 50, 1, 1000] [B x 50, 32, 1000] 1 32 3

12 Branch MaxPool [B x 50, 32, 1000] [B x 50, 32, 1] 32 32 -

13 Concatenation [Bx50,32,1] x3 [B x 50,96, 1] 96 96 - -
14 Conv1d Block #1 [B x 50,96, 1] [B x 50,32, 1] 96 32 3 1
15 Segment Feature Channel Attention #1 [B x 50,32, 1] [B x 50,32, 1] 32 32 3 -
16 Fusion Conv1d Block #2 [B x 50, 32, 1] [B x 50,32, 1] 32 32 3 1
17 Channel Attention #2 [B x 50,32, 1] [B x 50, 32, 1] 32 32 3 -
18 Reshape to Segments [B x 50,32, 1] [B, 32, 50] 32 32 - -
19 Residual DCBlock (Dilation = 1) [B, 32, 50] [B, 32, 50] 32 32 3 1
20 Residual DCBlock (Dilation = 2) [B, 32, 50] [B, 32, 50] 32 32 3 2
21 Segment Temporal g i q,,3IDCBlock (Dilation = 4) (B, 32, 50] [B, 32, 50] 32 32 3 4
2 & MaxPool [B, 32, 50] [B, 32, 1] 32 32 - -
23 Fully Connected [B, 32] [B, 3] 32 3 -

Note: B: batch size—20; N: signal length—50.

To determine the filtering bands for force and vibration signals, spectral analyses were

performed on the three-axis force signals under different wear states, as shown in Figure 11. The

effective components of the x- and y-axis forces are mainly concentrated in the low-frequency

range and share similar distributions. Therefore, only the x-axis and z-axis spectra are plotted

for analysis. As shown in Figure 11a,c.e, the x-axis force signal exhibits pronounced peaks
at 150-200 Hz, 500-550 Hz, 1050-1100 Hz, and 1500-1550 Hz, with significant variations in
peak amplitudes across different wear states. As illustrated in Figure 11b,d.f, the z-axis force

signal shows a prominent peak in the 500-650 Hz range, while minor peak variations are still

present around 1500-1550 Hz across different wear stages. During milling, tool wear induces

changes in the force signal at the tooth passing frequency and its harmonics, which typically
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fall within the low-frequency band. Given that both x-axis and z-axis force signals contain
effective components in the 1500-1550 Hz frequency range, and this band may contain feature
information related to wear states, the low-pass cutoff frequency for the x-, y-, and z-axis
force signals is uniformly set to 1600 Hz to ensure complete retention of these effective signal

components while suppressing noise in higher frequency bands.
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Figure 11. The filtering analysis of force signal. Panels (a,c,e) show x-axis force spectral analysis
for initial, stable, and severe wear, respectively, while (b,d,f) show the corresponding z-axis force
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spectral analysis.
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Similarly, spectral analyses of the three-axis vibration signals under different wear
states show comparable distributions across x, y, and z axes, as shown in Figure 12. In
the initial wear state, as shown in Figure 12a, the x-axis vibration exhibits prominent
peaks at 2000 Hz and 4000 Hz, with effective components primarily below 5000 Hz. In
the stable wear state, as illustrated in of Figure 12¢, major peaks cluster near 2000-2500 Hz
and 4000—4500 Hz, with effective components similarly concentrated below 5000 Hz. In
the severe wear state, as shown in Figure 12e, the x-axis vibration signal exhibits the most
prominent peak around 150-200 Hz, with marked peaks also appearing at 500-550 Hz,
1050-1100 Hz, and 1500-1550 Hz, with energy primarily concentrated below 2000 Hz.
Although energy is present in the 15,000-20,000 Hz range, its pattern shows no significant
differences across wear states and likely originates from machine tool structural vibrations
or electromagnetic interference, contributing little to wear identification. During milling,
tool wear-related vibration characteristics are primarily reflected at the tooth passing fre-
quency and its harmonics, which typically fall within the mid-to-low frequency range.
Given that signals below 10 Hz typically contain environmental noise, DC drift, and low-
frequency machine vibrations unrelated to tool wear, a band-pass filter range of 10-5000 Hz
is applied to the x-, y-, and z-axis vibration signals to retain effective frequency components
related to wear states while suppressing low-frequency drift and high-frequency noise,
thereby improving the signal-to-noise ratio and the reliability of feature extraction. In
contrast, AE signals exhibit energy-type waveforms in the time domain with small am-
plitudes and relatively smooth variations, showing no significant low-frequency drift or
broadband high-frequency noise, as illustrated of Figure 12b,d,f. Their temporal evolution
primarily reflects the cumulative energy from microcrack initiation and friction processes
at the tool-workpiece contact interface, rather than sharp transient pulses. Therefore, no
additional filtering is applied to the AE channel; only normalization is performed, and
the same time window strategy used for other sensors is employed for segmentation. The
Bi-TCN convolutional module and channel attention automatically suppress residual noise
and extract wear-sensitive AE energy evolution features in a data-driven manner.
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Figure 12. Cont.
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Figure 12. The filtering analysis of vibration and AE-RMS signal. Panels (a,c,e) show x-axis vibration
spectral analysis for initial, stable, and severe wear, respectively, while (b,d,f) show the AE-RMS
spectral analysis.

After multiple experimental verifications, it was found that dividing the 50,000 sensor
data into 50 segments, each with 1000 data points for feature extraction, best reflects the
tool wear evolution process at the current stage.

5.3. Results Discussion

The training host uses the Win10 operating system, and the training environment
is based on PyTorch 12.1. The model was trained on an NVIDIA RTX4050 GPU, with
CUDA version 11.8. The training loss adopts cross-entropy loss, and the Adam optimizer
is used for model parameter optimization. The optimizer learning rate is set to 0.001, the
weight decay is set to 0.00001, and the dropout is set to 0.2 to reduce network overfitting. A
mini-batch training strategy is adopted, with the mini-batch size set to 20. The loss curves
and accuracy curves during the training process are shown in Figure 13.
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Figure 13. Loss and accuracy curves for training and testing on T dataset.

On the T1 dataset, the training and testing losses decreased synchronously in the
early stages, and the model exhibited strong generalization ability. However, after epoch
7, the testing curve fluctuated, indicating that the model began to partially memorize
detailed features of the training data, but still retained a certain degree of generalization. By
epoch 6, the model learned more generalizable feature representations through parameter
fine-tuning, resulting in a peak test accuracy of 93.02%, at which point the generalization
ability was optimal.

On the T2 dataset, due to the significant differences in wear characteristics between C1
and C6 at different stages, the training accuracy increased rapidly from 24.44% to 94.13% in
the first 10 epochs, while the test accuracy rose from 31.75% to 90.16%, with both metrics
increasing synchronously, demonstrating the model’s effective learning of features from
different tool wear states. The 8th epoch achieved the best test accuracy of 91.43%.

Similarly, on the T3 dataset, due to the significant differences in wear characteristics
between C1 and C6 at different stages, the training accuracy increased rapidly from 39.68%
to 90.16% in the first 10 epochs, while the test accuracy rose from 39.68% to 85.71%, with
both metrics increasing synchronously, demonstrating the model’s effective learning of
features from different tool wear states. The 15th epoch achieved the best test accuracy
of 93.65%. All experiments were performed on GPU, with a total training time of approx-
imately 42 min for 20 epochs and a peak GPU memory usage of 1.6 GB. To evaluate the
real-time performance of the model, we measured the inference time on the test sets. The
model achieved an average per-sample inference time of 4 ms and a throughput of 270
samples per second, demonstrating that the model can meet the requirements for real-time
monitoring applications. In addition, we compared the proposed model with some classical
model methods, and the comparison results are shown in Table 4.

Table 4. Comparison of the accuracy of the experimental results.

Models T1 (%) T2 (%) T3 (%) Mean = Std (%)
1D-CNN with DGCCA [39] 88.54 90.80 90.80 90.05 £ 1.30
CaAt-ResNet-1d [40] 86.54 90.23 89.50 88.76 +1.95
Informer [48] 90.02 89.92 91.52 90.49 £ 0.89
CNN-Transformer [49] 89.52 86.54 90.04 88.70 + 1.89
Transformer [50] 90.02 85.06 89.52 88.20 +£2.73
GRU [51] 83.63 85.72 84.81 84.72 +£1.05
LSTM [52] 83.52 82.49 81.62 82.54 +0.95
GHCRBM [53] 87.81 90.92 62.23 80.32 £ 15.75
Proposed model 93.02 91.43 93.65 92.70 + 0.93

The experimental results show that the proposed model demonstrates superior per-
formance on the three cross-validation datasets. Compared with traditional recurrent
neural networks such as GRU and LSTM, the proposed model achieves significantly higher
classification accuracy on all test datasets. Compared with 1D-CNN-based methods, the
proposed model also shows a clear advantage. Compared with 1D-CNN with DGCCA,
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the proposed model improves the accuracy by 4.48%, 0.63%, and 2.85% on the T1, T2, and
T3 datasets, respectively. Compared with CaAt-ResNet-1d, the proposed model achieves
accuracy improvements of 6.48%, 1.20%, and 4.15% on the three datasets, respectively.
Compared with the latest Transformer architectures, the proposed model improves the
accuracy by 3.00% on the T1 dataset, and by 6.37% and 4.13% on the T2 and T3 datasets,
respectively. Compared with CNN-Transformer, the proposed model achieves accuracy
improvements of 3.50%, 4.89%, and 3.61% on the three datasets, respectively. Compared
with Informer, the proposed model achieves accuracy improvements of 3.00%, 1.51% and
2.13% on the T1, T2 and T3 datasets, respectively, and achieves a higher average accuracy.
Considering the average accuracy across the three datasets, the proposed model achieves
the best accuracy of 92.70% with a standard deviation of 0.93%, verifying its effectiveness
in the tool wear classification task.

To verify the contribution of each module to the model performance, four models were
designed for ablation experiments. Model 1 removed the channel attention module; Model
2 replaced the Bi-TCN with TCN while retaining the channel attention module; Model 3
replaced Bi-TCN with TCN and simultaneously removed the channel attention module; The
Proposed model represents the complete architecture incorporating all designed modules.

The experimental evaluation was conducted on three datasets, and the results are sum-
marized in Table 5. Model 1 achieved an average accuracy of 90.26% = 0.65%, which is 2.44%
lower than the complete model. Model 2 achieved an average accuracy of 90.74% + 1.77%,
which is 1.96% lower than the complete model. Model 3 achieved an average accuracy of
85.50% = 0.54%, which is 7.20% lower than the complete model. The poor performance is
primarily attributed to the model’s lack of adaptive inter-channel weight learning and bidi-
rectional temporal modeling capabilities, resulting in degraded multi-sensor feature fusion
and temporal information extraction. The complete model achieved the best performance
with an average accuracy of 92.70% = 0.93%.

Table 5. Ablation experiment results.

- T1 T2 T3 Mean + Std
Model Description (%) (%) (%) (%)
Model 1 (without channel attention) 89.52 90.16 91.11 90.26 + 0.65
Model 2 (TCN instead Bi-TCN with channel attention) 91.75 92.23 88.25 90.74 £ 1.77
Model 3 (TCN instead Bi-TCN without channel attention) 86.03 84.76 85.71 85.50 + 0.54
Proposed model 93.02 91.43 93.65 92.70 + 0.93

The results indicate that both channel attention and Bi-TCN contribute significantly to
the model performance. Removing channel attention resulted in a 2.44% accuracy drop;
replacing Bi-TCN with TCN resulted in a 1.96% accuracy drop; simultaneously removing
both modules caused a 7.20% accuracy drop, demonstrating that both channel attention
and Bi-TCN contribute to the performance.

To further explore the performance of the model, four evaluation metrics of the confu-
sion matrix are used for quantitative analysis: accuracy, precision, recall, and specificity.
Accuracy represents the overall classification ability of the model in all tool wear stages,
precision reflects the correctness of recognition for each class, recall measures the ability
to identify the positive class, and specificity quantifies the misclassification rate. In tool
wear monitoring, precision should be prioritized in the initial wear and stable wear stages
to avoid unnecessary tool replacement, while in the severe wear stage, more attention is
paid to recall and specificity to ensure timely detection of potential failures and prevent
a decline in machining quality. The confusion matrices for each T dataset are shown in
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Figure 14, where the accuracy for all stages, precision for the initial and stable wear stages,
recall and specificity for the severe wear stage are shown in Table 6.
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Figure 14. Confusion matrix of experimental results on T dataset.

Table 6. Evaluation indicators on the T dataset.

Indicators Stage T1 T2 T3 Average
Accuracy - 0.9302 0.9143 0.9365 0.9270
Initial 0.9250 0.9787 1.0000 0.9679
Precision
Stable 0.8759 0.9623 0.9817 0.9399
Recall Severe 0.9714 1.0000 1.0000 0.9905
Specificity Severe 0.9886 0.8743 0.8971 0.9200

It can be seen that in the initial and stable wear stages, the average precision of the
three datasets reached 96.8% and 94.0%, respectively, while in the severe wear stage, the
average recall and specificity reached 99.1% and 92.0%, respectively, indicating that the model
is highly effective in identifying the severe tool wear stage. Through cross-dataset comparative
experiments and validation with confusion matrices, the proposed model demonstrates strong
feature representation capability and generalization adaptability, accurately identifying tool
wear evolution patterns. With a lightweight architecture, it achieves real-time, robust, and
high-precision condition monitoring without introducing the frequency domain.

6. Conclusions

This work introduces a hierarchical multi-scale dilated temporal convolutional net-
work (Hi-MDTCN) for real-time tool wear monitoring from multi-sensor time series. Within
segments, a lightweight channel attention module adaptively amplifies key sensor features;
across segments, a bidirectional TCN captures both short- and long-range temporal depen-
dencies, balancing speed and accuracy. Using Butterworth-filtered time-domain inputs
only, the approach eliminates extra frequency or time—frequency transforms and reduces
preprocessing latency. Experiments show that Hi-MDTCN outperforms baselines in both
real-time performance and wear-detection accuracy, offering a reliable solution for tool
condition monitoring and intelligent manufacturing.

In future work, we will improve the generalization of the model in diverse tool
types and challenging machining conditions, with a focus on wet milling to better reflect
industrial practice. Because coolant is commonly used to improve cutting stability, we plan
to collect milling data with coolant and, where appropriate, apply transfer learning and
domain adaptation to validate robustness in representative shop-floor settings. We will
also systematically assess the model’s ability to recognize tool-wear states under varying
sampling rates, providing guidance for optimizing sensing and sampling strategies.
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Appendix A

Algorithm A1 The Proposed Framework for Hi-MDTCN

Require: Raw multi-sensor signal X € R¢*T
Ensure: Predicted tool wear class §

W frawlj]
Calculate first-order difference features: dif f[i] = fonootn|i + 1] — fsmootn ]
Compute adaptive threshold 0 = d +k - 14|
Detect tool retraction points when continuous |dif f[i]| > 6 with matching sign
Extract original signal segments closest to the identified tool retraction points
Apply 4th-order Butterworth filters with specific cutoff frequencies for different signals
Divide signals into N equal-length segments { X1, X5, ..., Xy} for multi-scale analysis
fori =1to N do

Extract Xi(dy n), Xi(acc), Xi(ae) from segment X;

hfdy") < Conv1D + ChannelAttention + MaxPooling on Xi(dy ")
acc acc)

hf ) < Conv1D + ChannelAttention + MaxPooling on Xi(
1"+ ConviD + MaxPooling on X (ac)

1 1

hi + Concat(hgdyn) , hfm) , hl(ag) )

fi + Fusion Conv1D + ChannelAttention on /;
end for
F [y, foro s f)
Apply Bi-TCN on F
: z < GlobalMaxPooling over temporal dimension
7 < FullyConnected(z)
: return i

1: Smooth force signals using sliding window averaging: f00n[i] = % Z;:

S
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[ S S S e T o S U Y
S 9 X NN DT kW

on dynamic mode and abnormal evaluation. Sci. Rep. 2024, 14, 12888. [CrossRef]

condition monitoring of Milling: A review of measurement science approach. Measurement 2022, 199, 111503. [CrossRef]
Lin, W.-].; Chen, J.-W,; Jhuang, J.-P.; Tsai, M.-S.; Hung, C.-L.; Li, K.-M.; Young, H.-T. Integrating object detection and image

Pimenov, D.Y.; Gupta, M.K,; da Silva, L.R.R.; Kiran, M.; Khanna, N.; Krolczyk, G.M. Application of measurement systems in tool

segmentation for detecting the tool wear area on stitched image. Sci. Rep. 2021, 11, 19938. [CrossRef]

Yang, C.; Zhou, J.; Li, E.; Wang, M_; Jin, T. Local-feature and global-dependency based tool wear prediction using deep learning.

Sci. Rep. 2022, 12, 14574. [CrossRef] [PubMed]

28



Sensors 2025, 25, 7603

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

Wong, S.Y.; Chuah, ].H.; Yap, H.]. Technical data-driven tool condition monitoring challenges for CNC milling: A review. Int. |.
Adv. Manuf. Technol. 2020, 107, 4837-4857. [CrossRef]

Li, S;; Li, J.; Zhu, K. Application of physics-guided deep learning model in tool wear monitoring of high-speed milling. Mech.
Syst. Signal Process. 2025, 224, 111949. [CrossRef]

Kasilingam, S.; Yang, R.; Singh, S.K.; Farahani, M.A_; Rai, R.; Wuest, T. Physics-based and data-driven hybrid modeling in
manufacturing: A review. Prod. Manuf. Res. 2024, 12, 2305358. [CrossRef]

Xue, Z.; Chen, N.; Wu, Y,; Yang, Y.; Li, L. Hierarchical temporal transformer network for tool wear state recognition. Adv. Eng.
Inform. 2023, 58, 102218. [CrossRef]

Ntemi, M.; Paraschos, S.; Karakostas, A.; Gialampoukidis, I.; Vrochidis, S.; Kompatsiaris, I. Infrastructure monitoring and quality
diagnosis in CNC machining: A review. Cirp J. Manuf. Sci. Technol. 2022, 38, 631-649. [CrossRef]

Zhou, Y.; Xue, W. Review of tool condition monitoring methods in milling processes. Int. J. Adv. Manuf. Technol. 2018, 96,
2509-2523. [CrossRef]

Huang, Z.; Shao, J.; Guo, W,; Li, W.; Zhu, J.; Fang, D. Hybrid machine learning-enabled multi-information fusion for indirect
measurement of tool flank wear in milling. Measurement 2023, 206, 112255. [CrossRef]

Mohamed, A.; Hassan, M.; M’Saoubi, R.; Attia, H. Tool Condition Monitoring for High-Performance Machining Systems—A
Review. Sensors 2022, 22, 2206. [CrossRef]

Khadka, S.; Rahman Rashid, R.A.; Stephens, G.; Papageorgiou, A.; Navarro-Devia, ].; Hagglund, S.; Palanisamy, S. Predicting
cutting tool life: Models, modelling, and monitoring. Int. ]. Adv. Manuf. Technol. 2025, 136, 3037-3076. [CrossRef]

Ma, Y,; Yao, C.; Tan, L.; Cui, M.; Ren, J.; Luo, M.; Ding, W.; Wang, J.; Zhao, J. Research progress on intelligent monitoring of
machining condition based on indirect method. Adv. Eng. Inform. 2025, 67, 103518.

Xue, Z.; Li, L.; Wu, Y;; Yang, Y.; Wu, W.; Zou, Y.; Chen, N. Study on tool wear state recognition algorithm based on spindle
vibration signals collected by homemade tool condition monitoring ring. Measurement 2023, 223, 113787. [CrossRef]
Navarro-Devia, ].H.; Chen, Y.; Dao, D.V,; Li, H. Chatter detection in milling processes—A review on signal processing and
condition classification. Int. ]. Adv. Manuf. Technol. 2023, 125, 3943-3980. [CrossRef]

Kuntoglu, M.; Salur, E.; Gupta, M.K,; Sarikaya, M.; Pimenov, D.Y. A state-of-the-art review on sensors and signal processing
systems in mechanical machining processes. Int. J. Adv. Manuf. Technol. 2021, 116, 2711-2735. [CrossRef]

Wang, S.; Tian, Y,; Hu, X.; Wang, J.; Han, J.; Liu, Y.; Wang, ].; Wang, D. Identification of grinding wheel wear states using AE
monitoring and HHT-RF method. Wear 2025, 562, 205668. [CrossRef]

Tran, M.-Q.; Doan, H.-P; Vu, V.Q.; Vu, L.T. Machine learning and IoT-based approach for tool condition monitoring: A review
and future prospects. Measurement 2023, 207, 112351. [CrossRef]

Wang, J.; Tian, Y.; Hu, X.; Han, J.; Liu, B. Integrated assessment and optimization of dual environment and production drivers in
grinding. Energy 2023, 272, 127046. [CrossRef]

Liang, Y.; Hu, S.; Guo, W.; Tang, H. Abrasive tool wear prediction based on an improved hybrid difference grey wolf algorithm
for optimizing SVM. Measurement 2022, 187, 110247. [CrossRef]

Cardoz, B.; Shaikh, H.N.E.; Mulani, S.M.; Kumar, A.; Rajasekharan, S.G. Random forests based classification of tool wear using
vibration signals and wear area estimation from tool image data. Int. J. Adv. Manuf. Technol. 2023, 126, 3069-3081. [CrossRef]
Hu, H.; Qin, C.; Guan, F;; Su, H. A Tool Wear Monitoring Method Based on WOA and KNN for Small-Deep Hole Drilling. In
Proceedings of the 2021 International Symposium on Computer Technology and Information Science (ISCTIS), Guilin, China, 4-6
June 2021; pp. 284-287.

Nasir, V.; Sassani, F. A review on deep learning in machining and tool monitoring: Methods, opportunities, and challenges. Int. J.
Adv. Manuf. Technol. 2021, 115, 2683-2709. [CrossRef]

Patil, S.S.; Pardeshi, S.S.; Patange, A.D.; Jegadeeshwaran, R. Deep Learning Algorithms for Tool Condition Monitoring in Milling:
A Review. . Physics Conf. Ser. 2021, 1969, 012039. [CrossRef]

Liu, T.; Zhu, K.; Wang, G. Micro-milling tool wear monitoring under variable cutting parameters and runout using fast cutting
force coefficient identification method. Int. J. Adv. Manuf. Technol. 2020, 111, 3175-3188. [CrossRef]

Huang, Z.; Zhu, ].; Lei, J.; Li, X,; Tian, F. Tool wear monitoring with vibration signals based on short-time Fourier transform and
deep convolutional neural network in milling. Math. Probl. Eng. 2021, 2021, 9976939. [CrossRef]

Zhang, C.; Wang, J.; Cao, Y,; Jiao, E. Tool wear status monitoring under laser-ultrasonic compound cutting based on acoustic
emission and deep learning. J. Mech. Sci. Technol. 2024, 38, 2411-2421. [CrossRef]

Bagga, PJ.; Chavda, B.; Modi, V.; Makhesana, M. A ; Patel, K. M. Indirect tool wear measurement and prediction using multi-sensor
data fusion and neural network during machining. Mater. Today Proc. 2022, 56, 51-55. [CrossRef]

Jones, T.; Cao, Y. Tool wear prediction based on multisensor data fusion and machine learning. Int. . Adv. Manuf. Technol. 2025,
137,5213-5225. [CrossRef]

29



Sensors 2025, 25, 7603

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.
53.

Ou, J; Li, H.; Liu, B.; Peng, D. Deep transfer residual variational autoencoder with multi-sensors fusion for tool condition
monitoring in impeller machining. Measurement 2022, 204, 112028. [CrossRef]

Qin, Y; Liu, X.; Yue, C.; Zhao, M.; Wei, X.; Wang, L. Tool wear identification and prediction method based on stack sparse
self-coding network. J. Manuf. Syst. 2023, 68, 72-84. [CrossRef]

Song, G.; Zhang, J.; Zhu, K.; Ge, Y,; Yu, L.; Fu, Z. Tool wear monitoring based on multi-kernel Gaussian process regression and
Stacked Multilayer Denoising AutoEncoders. Mech. Syst. Signal Process. 2023, 186, 109851. [CrossRef]

Sayyad, S.; Kumar, S.; Bongale, A.; Kotecha, K.; Selvachandran, G.; Suganthan, P. N. Tool wear prediction using long short-term
memory variants and hybrid feature selection techniques. Int. |. Adv. Manuf. Technol. 2022, 121, 6611-6633. [CrossRef]

Zhang, K.; Zhou, D.; Zhou, C.; Hu, B.; Li, G.; Liu, X.; Guo, K. Tool wear monitoring using a novel parallel BILSTM model with
multi-domain features for robotic milling A17050-T7451 workpiece. Int. ]. Adv. Manuf. Technol. 2023, 129, 1883-1899. [CrossRef]
Li, Z.; Xiao, X.; Zhou, W.; Zhang, K.; Fu, H. Identification of tool wear status using multi-sensor signals and improved gated
recurrent unit. Int. J. Adv. Manuf. Technol. 2025, 137, 1249-1260. [CrossRef]

Qin, Y,; Liu, X.; Wei, X.; Guo, B; Jia, R. A variable modal decomposition and BiGRU-based tool wear monitoring method based
on non-dominated sorting genetic algorithm II. Int. ]. Comput. Integr. Manuf. 2025, 38, 715-731. [CrossRef]

Cao, Y,; Ding, Y.; Jia, M,; Tian, R. A novel temporal convolutional network with residual self-attention mechanism for remaining
useful life prediction of rolling bearings. Reliab. Eng. Syst. Saf. 2021, 215, 107813. [CrossRef]

Yin, Y.; Wang, S.; Zhou, ]. Multisensor-based tool wear diagnosis using 1D-CNN and DGCCA. Appl. Intell. 2023, 53, 4448—-4461.
[CrossRef]

Dong, L.; Wang, C.; Yang, G.; Huang, Z.; Zhang, Z.; Li, C. An Improved ResNet-1d with Channel Attention for Tool Wear Monitor
in Smart Manufacturing. Sensors 2023, 23, 1240. [CrossRef]

Yang, X.; Yuan, R.; Lv, Y;; Li, L.; Song, H. A Novel Multivariate Cutting Force-Based Tool Wear Monitoring Method Using
One-Dimensional Convolutional Neural Network. Sensors 2022, 22, 8343. [CrossRef] [PubMed]

Zhang, Y.; Qi, X.; Wang, T.; He, Y. Tool Wear Condition Monitoring Method Based on Deep Learning with Force Signals. Sensors
2023, 23, 4595. [CrossRef]

Li, Z.; Liu, X,; Incecik, A.; Gupta, M.K,; Krélezyk, G.M.; Gardoni, P. A novel ensemble deep learning model for cutting tool wear
monitoring using audio sensors. . Manuf. Processes 2022, 79, 233-249. [CrossRef]

Tran, M.-Q.; Liu, M.-K; Tran, Q.-V. Milling chatter detection using scalogram and deep convolutional neural network. Int. J. Adv.
Manuf. Technol. 2020, 107, 1505-1516. [CrossRef]

Li, Y;; Zou, S.; Zhao, T; Su, X. MDFA-Net: Multi-Scale Differential Feature Self-Attention Network for Building Change Detection
in Remote Sensing Images. Remote Sens. 2024, 16, 3466. [CrossRef]

Wang, Q.; Wang, H.; Hou, L.; Yi, S. Overview of Tool Wear Monitoring Methods Based on Convolutional Neural Network. Appl.
Sci. 2021, 11, 12041. [CrossRef]

Wang, P,; Liu, Z.; Gao, R.X.; Guo, Y. Heterogeneous data-driven hybrid machine learning for tool condition prognosis. CIRP Ann.
2019, 68, 455-458. [CrossRef]

Li, W.; Fu, H.; Han, Z.; Zhang, X.; Jin, H. Intelligent tool wear prediction based on Informer encoder and stacked bidirectional
gated recurrent unit. Robot. Comput. Integr. Manuf. 2022, 77, 102368. [CrossRef]

Liu, H; Liu, Z; Jia, W.; Zhang, D.; Wang, Q.; Tan, ]. Tool wear estimation using a CNN-transformer model with semi-supervised
learning. Meas. Sci. Technol. 2021, 32, 125010. [CrossRef]

Vaswani, A.; Shazeer, N.; Parmar, N.; Uszkoreit, ].; Jones, L.; Gomez, A.N.; Kaiser, L.; Polosukhin, I. Attention is all you need. Adv.
Neural Inf. Process. Syst. 2017, 30, 5998-6008.

Chung, J.; Gulcehre, C.; Cho, K; Bengio, Y. Empirical Evaluation of Gated Recurrent Neural Networks on Sequence Modeling.
arXiv, 2014, arXiv:1412.3555. [CrossRef]

Graves, A. Long Short-Term Memory; Springer: Berlin/Heidelberg, Germany, 2012; pp. 37-45.

Li, G.; Wang, Y,; He, J.; Hao, Q.; Yang, H.; Wei, ]. Tool wear state recognition based on gradient boosting decision tree and hybrid
classification RBM. Int. |. Adv. Manuf. Technol. 2020, 110, 511-522. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual

author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to

people or property resulting from any ideas, methods, instructions or products referred to in the content.

30



sensors m\D\Py

Article
Correlation Between Meso-Defect and Fatigue Life Through
Representing Feature Analysis for 6061-T6 Aluminum Alloys

Liangxia Zhang !, Yali Yang 2, Hao Chen ?* and Shusheng Lv 3

School of Mechanical Engineering, Ningxia Institute of Science and Technology, Shizuishan 753000, China;
zIx0524@126.com

School of Mechanical and Automotive Engineering, Shanghai University of Engineering Science,
Shanghai 201620, China; carolyn71@163.com

Chinese Academy of Agricultural Mechanization Sciences, Beijing 100083, China; Isscng@163.com

*  Correspondence: pschenhao@sues.edu.cn; Tel.: +86-13585901312

Abstract

Fatigue strength is vital for engineering applications of aluminum alloys. Accurate mod-
els incorporating mesoscopic defect-representing features are one of the issues for accu-
rate fatigue strength prediction. A fatigue life prediction method based on meso-defect-
representing features is proposed in this study. Based on staged fatigue damage, meso-
defect data was obtained by X-ray CT. After 3D reconstruction and simplification, porosity,
shape, and location were selected as the meso-defect-representing features using correla-
tion coefficient analysis. Weights of meso-defect features were determined through FEM
simulation. A mesoscopic damage variable incorporating the weights of porosity, shape,
and location for meso-defect was defined. Correlation between fatigue life and meso-
defect features was established through the mesoscopic damage variable. Experimental
verification results showed that the prediction method is an effective method for fatigue
life assessment.

Keywords: meso-defect; representing feature; relative weights; mesoscopic damage variable;
fatigue life

1. Introduction

Aluminum alloy is widely used in aerospace and vehicle manufacturing due to its
good casting properties and light weight. In the process of engineering application, a large
number of accidents are related to the defects caused by the fatigue failure of materials.
Defects are considered to be one of the main factors that seriously affect the mechanical
properties and fatigue properties of materials [1-5].

For damage defect-based fatigue life prediction, efforts have been made to characterize
material damage. One of the common approaches is the damage factor (D) based on
continuous damage mechanics [6-8]; for non-destructive material, D = 1, and for complete
loss of load-bearing capacity, D = 1. Chaboche proposed the concept of effective stress to
establish a one-dimensional nonlinear damage accumulation model, in which the damage
variable (D) is a function of the stress state and the current damage state [9]. Lemaitre
proposed a fatigue damage evolution model based on cumulative plastic strain [10], which
has been continuously improved, and different forms of models have been established for
high- and low-cycle fatigue. Subsequent damage accumulation models are basically based
on the damage evolution model of Chaboche and Lemaitre.

Sensors 2026, 26, 631 https://doi.org/10.3390/5s26020631
31



Sensors 2026, 26, 631

Meso-defects are the critical factors in determining the fatigue life of aluminum al-
loys. The characterization of meso-defect features, such as quantity, shape, size, and
distribution [11,12], is critically important for understanding and predicting fatigue dam-
age evolution [13]. Due to the enormous numbers, irregular shape, and uneven spatial
distribution of meso-defects in the material domain, correlative research between defect
features and fatigue damage behavior has been conducted, along with the development of
continuum damage mechanics theory and high-resolution three-dimensional inspection
technology (such as synchrotron radiation X-ray computed tomography) for the internal
structure of materials [14-16]. Quantitative methods have been proposed for fatigue life
prediction through defect population [17], porosity [18,19], size [20-22], defect shape [23,24]
and location [25-27], influence of defect distance to the surface [28,29], combination of
density, shape, and size [30], and so on, through numerical methods [31,32], the finite
element method [33], and machine learning methods [34,35].

Due to the multi-scale characteristics of meso-defects and also their evolution
during the fatigue process, it is vital to identify the contribution of different meso-
defect-representing features to fatigue life. However, most studies are based on one or
two characteristics, rather than on complex, heterogeneous meso-defects in real aluminum
alloys. The critical research gap lies in moving from defect statistics to a physically graded
understanding of fatigue damage initiation [36]. Tammas-Willliams et al. (2015) statisti-
cally correlated individual pore features with fatigue performance but did not combine
them into a mechanistic damage variable [37]. There are few studies that combine these
defect-representing features to characterize the degree of material fatigue damage.

Aiming to address the research gap in fatigue life prediction through an integrated
framework for meso-defect features, a mesoscopic damage-representing feature-based
fatigue strength evaluation method was proposed in this study. Our objective is to capture
meso-defects that have developed sufficiently to significantly affect local mechanical re-
sponses and can serve as effective indicators of damage in order to establish a physically
informed, mesoscale framework for quantifying the influence of meso-defects on fatigue
life. After staged fatigue experiments, meso-defect data was obtained, reconstructed,
and simplified. Meso-defect-representing features were selected and incorporated into a
mesoscopic damage variable using a weighting method. A fatigue life prediction method
based on the mesoscopic damage variable was proposed and experimentally verified, thus
providing a relatively comprehensive method combing multiple meso-defect features for
quantitative analysis for fatigue behavior.

2. Material and Methods
2.1. Material and Specimen

The material of the test piece is 6061-T6 aluminum alloy. The chemical composition is
shown in Table 1. The specimens are made in accordance with the requirements of ASTM
E8/E8M-15a for fatigue testing. The model and dimensions of the specimens used are
shown in Figure 1.

Table 1. Chemical composition of 6061-T6 alloy used in this study (wt.%).

Al Mg Fe Si Cr Cu Zn Mn Ti Other
95.8 0.8~1.2 0.7 0.6 0.3 0.2~0.4 0.25 0.15 0.15 0.15
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Figure 1. Dimensions of specimens.

2.2. Staged Fatigue Damage Experiment

A tensile fatigue damage experiment was conducted using an MTS electro-hydraulic
servo dynamic test system (model 370.10) at room temperature. The test adopted sinusoidal
waveform control, and under the axial loading with a frequency of 50 Hz, the stress
ratio was set to R = 0.1. Due to the variability of fatigue life testing, the final fracture
point from direct physical measurement is not available for all calibration scenarios. A
fixed fracture cycle of 100,000 cycles was defined as the rupture point, based on several
pretesting, to provide a clear and unambiguous normalization point for comparing damage
trajectories across different specimens and conditions in the dataset. Over the entire damage
process from zero damage to rupture (100,000 cycles), 5 stages were selected—20,000 cycles,
40,000 cycles, 60,000 cycles, 80,000 cycles, and 100,000 cycles—to determine stage-wise
damage behavior. For each stage, 3 replications were obtained.

2.3. Defect Data Acquisition

After the staged fatigue damage experiment, the center sections (6 x 5 x 2 mm?) of
the specimens were scanned using an X-ray CT system (Pheonix v | tome | xm, GE, Tempe,
AZ,USA) to obtain internal meso-defect information, with a resolution of 5 um. For each
specimen, non-destructive internal testing using the CT system scanned 1600 images over
360°. Figure 2 shows four typical Tif slices for different load stages.

(a) 20,000 cycles (b) 40,000 cycles (c) 60,000 cycles (d) 80,000 cycles

Figure 2. Tif diagrams for different loading stage specimens.

To obtain 3D information of meso-defect, AVIZO (2016) software was used to visualize
and reconstruct damage data from X-ray CT. Two-dimensional image data were transferred
into three-dimensional damage data. Defect data were reconstructed in three dimensions
through positioning and display, filtering, defect segmentation, and recognition, as shown
in Figure 3.

Then, damage parameters of specimens at different stages were obtained by the Label
Analysis module in AVIZO. These parameters included damage characteristic information
such as porosity, shape, size, and location of the defects.
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(a) Matrix material model (b) Meso-defect model in AVIZO

Figure 3. Visualization of meso-defects.

2.4. Defect Shape Simplification

The shape of a defect can be defined by its sphericity and aspect ratio as representations
of shape irregularity and elongation [38]. Generally, the detected defects had irregular
shapes with sphericities much less than unity, and both sphericity and aspect ratio typically
decrease with increasing defect size. Therefore, the aspect ratio of a defect is commonly
used in fracture mechanics-based approaches for life prediction to represent the defect
shape. In this study, a rotating ellipsoid was used to simplify defect shape. The spheroid is a
geometric shape formed by rotating an ellipse 180° around its short axis. The defect volume
V and surface area S were calculated to obtain the semi-major axis a2 and semi-minor axis b
of the spheroid. The calculation formulas are given in Equations (1) and (2):

4mab?
V= , 1
. M
2
. 47(2ab+ b ) 2
3
The shape of the ellipsoid can be expressed by the aspect ratio «, as expressed in
Equation (3):
a

The shape of the irregular defect was simplified into a regular ellipse, greatly improv-
ing the accuracy of defect recognition, as shown in Figure 4.

<

Simplified

Figure 4. Simplification of defect shape.

2.5. Weight Index Calculation

To identify the critical representing feature for meso-defects, the Pearson corre-
lation coefficient was introduced [39], in which the Pearson correlation coefficient re-
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flects the stability of relationships along with changes for variables through overall
covariance calculation.

n—1 (4)

v o (=% [ vi-9)?) ,
i=1 (Xi—X i=1 \Yi—Vy
sty\/ 1nfl \/ lnfl

where x and y represent two sets of data, {x1,x2,---,x,} and {y1,y2,- - ,yn}. Sx and S,

=9

are the standard deviations of the following data: Sy, = T ,
The relative weights of the chosen representing indices for meso-defect can be calcu-

lated as follows: )
i

W = —3——
3
Zn:] le

where wj is the weight of the defect feature S; relative to the other defect features.

/ ©)

2.6. FEM Model

For weight index calculation, the stress concentration factor was used as the main
factor. The finite element method was implemented for stress concentration factor calcula-
tion along with meso-defect-representing index changes. An FEM model was established
for the center section of the specimen in a 6 x 5 x 2 mm> domain, the same as the CT
scanning section. Meso-defect data after 3D reconstruction (Figure 3) was imported into
ABAQUS. The characteristic information of the defects was imported through an ABAQUS
subroutine.

The simulation was divided into 3 groups according to defect characteristics, and each
group performed 5 simulation experiments by changing the characteristic quantities. The
material was modeled as linearly elastic and homogeneous at the mesoscale, a standard
assumption for studying the elastic stress concentration caused by isolated meso-defects
prior to plasticity or damage evolution. A displacement control method was adopted to
carry out the finite element tensile analysis of the damage model. One end of the model
was fixed, and stress (p) was applied to the other end on the other end, as shown in Figure 5.
From the final tensile simulation results, the value (pmax) of the maximum stress point
was obtained, as shown in Figure 5b. The stress concentration factor (k) was uniformly
introduced as an intermediate variable for each group of simulations to determine the
degree of material damage. The stress concentration factor (k) of the damage model can be
obtained by Equation (6):

k= Lf;ax. ©)

The stress concentration factor was obtained through simulation using the above
model. To establish a transparent and interpretable baseline model to preliminarily identify
the main effects of different defect features on damage accumulation, a single-parameter
perturbation method was used, in which the characteristic quantity of defect was increased
by 10% each time. In order to avoid the mutual influence of defect spacing, when the
porosity of defects increased, the defects size was increased proportionally while keeping
the original defect positions unchanged. For the aspect ratio, the initial shape was assumed
tobe 1. For the position index, the volume of defects remained the same, but the distribution
and arrangement of defects changed.
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@) (b)

Figure 5. (a) Tension model; (b) simulation results.

3. Results and Discussions
3.1. Meso-Defect-Representing Features

Table 2 presents the meso-defect-representing feature information at different fa-
tigue stages, including number, porosity, aspect ratio, and position to the surface, after
X-ray CT scanning, reconstruction, and simplification. Defects with volumes greater than

3 were taken into consideration for defect number. As meso-defects were sim-

1078 mm
plified into ellipsoid, the representing index for shape was the average aspect ratio. The
location-representing index was defined as the average distance to the surface. Defect
number decreased with increasing load cycles, whereas porosity, aspect ratio, distance to

the surface increased with load cycles.

Table 2. Simplified defect information of staged fatigue test.

Load Cycle (x10%) 20 40 60 80 100
Total number of Group1 35106 215398 125703 35,684 20,982
ota d“?m ero Group2 36,061 233,821 104,895 30,569 16,456
efects Group3 34,854 190,636 76,695 24,534 18,672
Group 1 0.035 0.166 0.268 0.338 0.343
Porosity (%) Group 2 0.076 0.141 0.219 0.288 0.376
Group 3 0.06 0.176 0.242 0.343 0.439
Group 1 0.434 0.659 0.783 0.859 0.887
Aspect ratio Group 2 0.329 0.614 0.681 0.731 0.739
Group 3 0.404 0.713 0.787 0.798 0.855
Group 1 0.894 0.852 1.137 1.061 1.233

Average distance to

the surface (mm) ~ °OWP2 092 1.038 1.204 115 1412

Group 3 1.045 1.512 1.334 1.435 1.314

3.2. Meso-Defect-Representing Feature Correlation Coefficient

For Pearson correlation calculation, the fatigue cycle number was selected as an
intermediate parameter, and the average values in Table 2 for defect number, porosity,
aspect ratio (shape), and distance to the surface (position) were used for correlation analysis.
As shown in Figure 6, a weak correlation was observed between meso-defect number and
damage cycles. For porosity, shape, and position, strong correlations were observed,
with coefficients greater than 90%. Therefore, three major meso-defect features—porosity,
aspect ratio, and position to surface—were taken as the representing indices for further
damage assessment.
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numbers porosity  shape position cycles

numbers -0.1198 —0.4217

porosity

shape —0.0466  0.9363

position  —0.1198  0.9527

cycles —0.4217

Figure 6. Correlation coefficient between representing features and fatigue cycles.

3.3. Weight Index for Representing Features

Based on the above FEM model, the stress concentration factor can be calculated, along
with variations in porosity, aspect ratio, and shortest distance to the surface, as shown in
Figure 7. The stress concentration factor value increased with changes in porosity and
aspect ratio and decreased with decreasing distance to the surface.
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Figure 7. Change in stress concentration factor with defect feature, (a) porosity, (b) shape, and
(c) position.
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These values can be fitted into a linear function using the least-squares method. The
function can be described by Equation (7):

y1 = 39900x; -+ 0.3080
Y, = 0.6793x, + 1.5998, @)
y3 = —1.649x3 + 3.0851

where xq, Xp, and X3 represent porosity, aspect ratio, and short distance to surface, respec-
tively, and where y1, y», and y3 represent the corresponding stress concentrate factors.

Based on the previous hypothesis, the defect characteristic variable x; increases by
10% and the mesoscopic damage variable x; will correspondingly increase by k;%. The
elastic coefficients of the defect characteristic indices for porosity, shape, and location can
be calculated as k; = 8.38, k, =2.98, and ks = 5.98. Thus, the relative weights of porosity,
shape, and location can be obtained by the above-mentioned weight calculation method
Equation (5) as wy = 0.483, wy = 0.172, and w3 = 0.345, respectively.

3.4. Mesoscopic Damage Variable

The mesoscopic damage variable is fundamental for formulating constitutive models
that describe the progressive failure process in engineering materials [40]. Due to the
uneven size and distribution of meso-defects, a comprehensive damage variable was
proposed by combining porosity, shape, and location to represent complex, heterogeneous
meso-defects in aluminum alloys.

For accurately describing material failure under the fatigue process, incorporating
meso-defect feature indices—porosity, shape, and location—into a comprehensive index is
essential. This index, the mesoscopic variable d, was obtained from the relative weights
of the representing features, as shown in Equation (8). The mesoscopic variable d varies
within the range [0, 1]. At the rupture point (100,000 cycles), d = 1.

d = wlil +w2i +w37l

, 8

where wq, wy, and wj are the relative weights corresponding to porosity, shape, and
position of defects. P;, S;, and L; are the damage equivalents of the three features at a
given cycle stage (porosity, shape, and location), as shown in Table 2. P, S;;, and L, are
characteristic quantities corresponding to complete damage in terms of porosity, shape,
and location.

To verify the effectiveness of the mesoscopic damage variable, the macroscopic damage
variable D was introduced for validation of the defined mesoscopic damage variable.

ke - kmin

kmux _kmin

D , ©)
where k, is the stress concentration factor corresponding to the equivalent damage of the
material, kpin is the stress concentration factor the undamaged material, and kj,y is the
stress concentration factor corresponding to the maximum damage of the material. As the
maximum fatigue life of the test specimen obtained from preliminary experiments was
approximately 100,000 cycles, the stress concentration factor at the 100,000-cycle stage was
defined as the maximum stress concentration factor.

The relative error between the mesoscopic and macroscopic variables can be calculated,
and then the average value can then be used as the similarity J, as shown in Equation (10):

5 |d;— D; .
§=Y ., |1Dil| x 100%. (10)
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By substituting the relative weights and representing index data for different fatigue
stages in Table 2 into Equation (8), the mesoscopic damage variable d and the macroscopic
damage variable D can be obtained, as shown in Table 3.

Table 3. Macroscopic damage and mesoscopic damage at each stage.

Cycle (x10%) 20 40 60 80 100
D 0.464 0.617 0.783 0.865 1
d 0.384 0.591 0.718 0.823 1
1) 17.2% 4.2% 8.3% 4.9% 0

A quite similar trend was observed for the mesoscopic variable d and the macroscopic
damage variable D, increasing with load cycles from 0 to 1, which is similar to the normal
damage variables reported in previous studies [7,41]. The biggest difference was observed
at the 20,000-cycle stage, probably because of the influence of more than 30,000 small
meso-defects (Table 2). As load cycles increased, larger meso-defects developed, and
the difference between d and D was reduced. The average relative error between the
mesoscopic variable d and the macroscopic variable D is 6.9%, showing good agreement
in damage evolution. Due to the fusion of 3 representing features (porosity, shape, and
location) in the mesoscopic variable d, the calculation conditions may be closer to the real
fatigue conditions of aluminum alloys.

The reported average error of 6.9% is a global metric calculated across all stress
amplitudes within the calibration dataset. This error is not constant and is expected to vary
with stress amplitude due to underlying damage mechanisms. For broader application, this
method can be utilized for both low-cycle and high-cycle fatigue. For low-cycle fatigue, the
error may increase. Due to the linear-elastic matrix assumption, the macroscopic damage
variable integrates significant plastic dissipation and micro-crack coalescence—nonlinear
processes that are not explicitly captured by the current mesoscale model. For high-
cycle fatigue, the error might be lower, as damage evolution is primarily elastic and the
linearized, elasticity-based mesoscopic damage variable better approximates macroscopic
stiffness degradation.

Furthermore, as normalization of the mesoscopic damage variable d was a key model
assumption, fracture was enforced to occur at 100,000 cycles, and d was consequently
normalized to unity. Instead of macroscopic elastic-modulus-based normalization, fracture
was defined at a fixed observed cycle number (100,000 cycles), to provide a clear and
unambiguous normalization point for comparing damage trajectories across different
specimens and conditions in our dataset. This approach is common in continuum damage
mechanics when the final fracture point from direct physical measurement is not available
for all calibration scenarios. Modulus-based normalization will be included in future work.
A plan to measure the critical elastic modulus drop at fracture in subsequent experiments
will be outlined to refine the model’s terminal boundary condition.

3.5. Fatigue Life Assessment Based on Mesoscopic Damage Variable

The mesoscopic damage variable serves as a critical bridge between microstructural
degradation and macroscopic fatigue failure. The mesoscopic damage variable d in Table 4
can be derived separately, as shown in Figure 8. The mesoscopic damage variable d in-
creases with loading cycles from 0 to 1 until fracture. This result is similar to previous
studies of damage variable D based on Young’s modulus degradation [21] and the multi-
scale fatigue damage index (MDFI) incorporating meso-scale defects [42], demonstrating
the effectiveness of the proposed mesoscopic damage variable.
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Figure 8. Mesoscopic damage variable in different fatigue stages.

By polynomial regression, the relation between fatigue life (N) and mesoscopic damage
(d) can be obtained, as shown in Equation (11):

N = —64.572d4* +129.084° — 72.0084° + 17.504d + 0.0004. (11)

For continuum damage mechanics, the uncertainty of constitutive relationships tends
to increase as they approach the boundaries of the calibration range. To ensure the predic-
tion capability of the proposed model, the validation point was chosen within the experi-
mental testing cycle range [0, 100,000]. For verification, the fatigue stage at 50,000 cycles
was selected as a separate fatigue stage.

The fatigue test was carried out using the same experimental parameters settings,
with three replications. For comparison, the same procedures were conducted, including
fatigue testing, CT scanning, 3D reconstruction, simplification, and so on. Porosity was
obtained through AVIZO. For shape, the aspect ratio was calculated after simplification.
For location, the shortest distance from the meso-defect coordinate position to the surface
was used. Porosity, shape, and location at 50,000 cycles are listed in Table 4.

Table 4. Representing features of meso-defects under 50,000 fatigue cycles.

Meso-Defect Representing Feature Porosity Shape Location

Parameter 0.189 0.834 0.913

Thus, the mesoscopic damage d for 50,000 cycles was 0.648 from Equation (8). Based
on Equation (10), the predicted fatigue life was 48,436 cycles. The error between the
prediction method and the actual test was 3.13%, indicating relatively high accuracy. This
illustrates that the model’s predictions within the primary range of interest are accurate
and physically consistent. Therefore, the proposed mesoscopic damage d, incorporating
meso-defect porosity, shape, and location, can be used for fatigue life assessment.

In the current study, we primarily focused on validating the model’s interpolation
performance within the fitted range, which forms the foundation of the model’s reliabil-
ity. A physically informed mesoscale framework for quantifying defect influence was
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established. The model relies on linear superposition of scalar damage contributions from
meso-defects features, thereby neglecting nonlinear interactions. The study is currently
based on 6061-T6 aluminum alloy under constant-amplitude loading to establish a proof of
concept and calibrate the core defect-weighting methodology. The model reliably predicts
fatigue life for meso-defect features and stress levels within the calibrated domain. For
other alloys, arbitrary meso-defect distributions, or different production techniques, the
baseline model required re-calibration of material-specific parameters for different mate-
rials and loading spectra. The generalizability of the proposed model should be further
enhanced. Future extrapolation tests are an essential step in comprehensively assessing the
model’s robustness.

4. Conclusions

Based on staged fatigue experiments, meso-defect features were obtained and pro-
cessed. A mesoscopic damage variable d incorporating defect porosity, shape, and location
was established, along with a corresponding fatigue life prediction method. The following
conclusions can be drawn.

(1) Based on simplified meso-defects, porosity, shape, and location were selected as the
meso-defect-representing indices using correlation coefficient analysis.

(2) The weights of meso-defect-representing features were determined through FEM
simulation based on stress concentration factor calculations.

(3) A mesoscopic damage variable d was determined using the weight method, along
with a macroscopic damage variable D derived from the stress concentration factor.
The average relative error value between the mesoscopic damage variable d and the
macroscopic damage variable D was 6.9%.

(4) The relationship model between the mesoscopic damage variable d and fatigue life is
established. Verification using the 50,000-cycle experiment showed an error of 3.13%
between the proposed prediction method and the experimental result, validating the
effectiveness of this method.

Further exploration of this baseline model should focus on the quantitative interaction
relationships among meso-defect-representing features and on model normalization to
better elucidate the mechanisms by which meso-defect influence fatigue damage evolution
and to enable more accurate fatigue life assessment.
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Abstract

To address the periodic impacts and amplitude-modulated high-frequency resonance phe-
nomena caused by bearing faults in rotating machinery, this paper proposes a detection
method. The core innovation lies in: firstly, constructing a composite fault feature in-
dex (CFFI) that integrates normalized kurtosis and fuzzy entropy, which synchronously
quantifies the fault impact intensity and periodic structure, and serves as an optimization
objective; secondly, definining a spectral energy retention rate (SERR) that includes both
the full spectrum and characteristic frequency bands to evaluate the denoising effect and
fault feature retention, respectively. Based on this, the method adaptively determines the
Variational Mode Decomposition (VMD) parameters through the Triangular Topology
Aggregation Optimizer (TTAO), and uses Dynamic Weighted Center Clustering (DWCC)
to screen key IMFs containing fault-envelope information. On the IMS bearing dataset,
the SERR of the reconstructed signal is 0.21356, which is higher than the actual collected
signal value of 0.22465, with a relative error of 4.9%, indicating a higher reconstruction
accuracy. These quantitative results indicate that CFFI-guided optimization enhances
impulsive and periodic fault components while maintaining stable feature-band reten-
tion. This approach is suitable for real-world equipment monitoring and exhibits strong
engineering applicability.

Keywords: bearing fault; fault characteristic; modal decomposition; clustering algorithm

1. Introduction

As a critical component of rotating machinery, rolling bearing failure often mani-
fests as periodic impacts between rolling elements and defect sites. This process excites
high-frequency resonance, generating impulses and amplitude-modulation structures in
the envelope domain [1-3]. Under real-world conditions characterized by variable op-
erating states, intense noise, and multi-source interference, fault features are typically
weak, non-stationary, and easily masked, posing significant challenges to the sensitivity
and robustness of traditional diagnostic methods that rely on fixed parameters and single
features [4]. Consequently, how to adaptively select frequency bands, achieve stable signal
decomposition, and quantitatively evaluate feature preservation in real-world scenarios
has become a key research direction in bearing fault signal processing.

Classical diagnostic procedures typically follow the “band selection-envelope demod-
ulation” principle. Methods such as spectral kurtosis and kurtograms are first used to select
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resonance bands that highlight transients, followed by zero-phase bandpass filtering and a
Hilbert transform to obtain the envelope, thereby enhancing impulsive and modulated fault
information [5]. While effective in many engineering applications, this fixed-parameter
approach with a single band-selection criterion is prone to band-selection bias and feature
degradation under low signal-to-noise ratio (SNR) and non-stationary conditions [6]. To
enhance feature separation, adaptive time-frequency decomposition methods have been
widely adopted. Techniques such as EMD, EEMD, and CEEMDAN can decompose signals
into intrinsic modes at different scales and capture transients, but they suffer from issues
such as mode mixing and end effects [7]. In contrast, Variational Mode Decomposition
(VMD) is an adaptive signal decomposition method that recursively extracts intrinsic mode
functions (IMFs) with specific center frequencies by constructing and solving a constrained
variational problem. VMD iteratively solves for modes and their center frequencies within
a variational framework that minimizes bandwidth, offering better noise robustness and
decomposition stability, which aligns well with the “impact-resonance” signal mecha-
nism [8]. However, the decomposition quality of VMD is susceptible to its penalty factor
(«x) and mode number (K). The penalty factor («x) controls the bandwidth of each extracted
mode; a larger « yields smoother modes with better noise suppression but may obscure
impulsive features, while a smaller « preserves detail at the cost of increased noise sen-
sitivity. The mode number (K) determines how many intrinsic mode functions (IMFs)
are generated; an insufficient K leads to under-decomposition (merging of distinct fault
components), whereas an excessive K causes over-decomposition (splitting of fault features
and introduction of spurious components). In bearing fault diagnosis, an inappropriate
penalty factor or mode number (x, K) can directly obscure the impulse-induced resonance
signatures targeted for extraction. Without data-driven criteria, over-decomposition or
under-decomposition can easily occur.

To address VMD'’s parameter sensitivity, recent research has employed metaheuristic
optimization algorithms, using a health indicator as the fitness function to achieve adaptive
parameter tuning. This approach demonstrates a good balance between global and local
search in selecting signal-processing parameters [9,10]. Meanwhile, entropy-based features
(e.g., sample entropy, permutation entropy, fuzzy entropy) and kurtosis are complementary
in characterizing the complexity and impulse strength of time series. They are often used
as fault-sensitive indicators or combined into composite criteria to enhance sensitivity and
robustness to weak features [11,12]. In the post-decomposition stage, clustering methods
can help distinguish noise-dominant from fault-dominant intrinsic mode functions (IMFs),
reducing the impact of mode mixing on reconstruction quality and thus preserving fault-
related components more effectively. For evaluation, publicly available datasets, such as
the IMS bearing data, provide standardized benchmarks and multi-condition coverage for
generalized validation [13].

In addition, in terms of constructing health indicators, although there have been
studies combining multiple features [14], they are mostly used for later diagnosis and
rarely used as a unified optimization criterion for guiding the entire process of signal
decomposition [15]. In the stage of modal selection and reconstruction, traditional methods
often rely on empirical thresholds or simple rules to screen IMFs, lacking robustness
analysis of IMF cluster characteristics, and are susceptible to mode aliasing and noise IMF
interference [16].

To tackle the aforementioned challenges, this paper constructs a closed-loop diagnostic
framework following the sequence: “indicator, decomposition, clustering, reconstruction,
evaluation.” Specifically: (1) Guided by spectral kurtosis, perform frequency band selection,
followed by zero-phase filtering and envelope demodulation. (2) Use the proposed Com-
posite Fault Feature Indicator (CFFI), which integrates impulse sensitivity with complexity
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robustness, as the fitness function to optimize VMD’s « and K parameters adaptively.
This focuses the decomposition on components related to fault envelopes. (3) Apply Dy-
namic Weighted Central Clustering (DWCC) to the obtained IMFs and reconstruct the
fault-dominant components. (4) Quantify noise reduction and feature preservation using a
defined Spectral Energy Retention Rate (SERR). The framework’s stability and engineering
applicability are validated using the IMS bearing dataset. A comparative analysis with
baseline methods using various entropy-based fitness functions demonstrates the superior
robustness of the proposed approach.
The main contributions of this paper are as follows:

1.  CFFlintegrating features sensitive to impulses and robust to signal complexity, serving
as a unified criterion for both VMD parameter optimization and IMF selection.

2. Employs health-indicator-driven metaheuristic optimization to adaptively select
VMD’s « and K, mitigating over-/under-decomposition and enhancing focus on
fault-envelope information.

3. Adopts DWCC for robust clustering and reconstruction of IMFs, reducing the effects
of mode mixing and highlighting fault-dominant components.

4. Introduces the SERR as an evaluation metric, establishing a closed-loop quantitative
assessment from band selection to reconstruction, facilitating online monitoring and
trend tracking.

2. Research Methodology

The objective of this study is to achieve real-time detection of bearing faults (e.g.,
spalling on inner/outer rings or rolling elements) by determining optimal VMD parameters.
This guides the adaptive selection of the impact and modulated resonance information
inherent to such faults [17,18]. This objective is achieved through four key steps: (1) A CFFI
specific to bearing faults is proposed to quantitatively measure the strength of fault-related
impulses and periodic structures, simultaneously serving as the fitness function for the
optimization algorithm. (2) The selected fitness function is used to optimize the two key
VMD parameters: the penalty factor « and the mode number K. This optimization ensures
that the decomposed IMFs are concentrated within the fault-related resonance bands and
envelope components, thereby adaptively amplifying bearing fault signatures. (3) An
improved clustering method, DWCC, is applied to the IMFs. Based on the CFFI values, the
cluster with the highest average CFFI is selected for signal reconstruction, yielding a signal
enriched with bearing fault features. (4) Finally, the feature-band SERR is calculated within
the known or estimated fault characteristic frequency band (), enabling the identification
and trend tracking of bearing fault characteristics.

2.1. Health Indicators

In fault diagnosis systems, health indicators are the key to converting raw vibration
signals into interpretable, state-sensitive quantitative measures. Their core function is to
detect, quantify, and track early fault characteristics, especially in noisy and non-stationary
operating conditions, where simple visual or statistical analysis often fails. To effectively
capture the key changing characteristics of bearing fault signals, this paper proposes a
novel CFFL

Traditional health indicators, such as root mean square (RMS), KI, and various entropy
indicators, are often designed for the single physical characteristics of signals. Although
effective in specific scenarios, their sensitivity and robustness are difficult to balance when
facing the complex characteristics of impact and periodic modulation that coexist in bearing
faults. For example, kurtosis is sensitive to impact but susceptible to noise and outlier
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interference; The entropy index has a certain ability to characterize periodic structures, but
its peak response to transient shocks is weak.

This makes CFFI not only a better-performing alternative indicator, but also a closed-
loop guiding core that embeds diagnostic intelligence into the entire process of “decomposi-
tion, optimization, clustering, evaluation”. The application of traditional indicators is often
open-loop and isolated, while CFFI optimizes and filters signals through the same criteria,
improving the cohesion, adaptability, and target consistency of the entire feature extraction
process. In addition, in Section 4, this article compares CFFI with the traditional metrics
root mean square (RMS) and KI in three evaluation dimensions: trend (Tred), monotonicity
(Mono), and scale-adaptive comprehensive feature variability (SAIF).

2.1.1. Construction of the Composite Fault Feature Index

The introduction of the CFFI is based on an understanding of the limitations of existing
signal-feature extraction methods, and its construction is crucial to the adaptiveness of the
optimization algorithm proposed in this paper. Traditional features such as RMS and KI
perform well in specific scenarios. However, when dealing with complex, non-stationary
signals exhibiting impact-resonance modulation characteristics typical of bearing faults,
a single feature is often insufficient. Bearing faults usually manifest as high-frequency
resonance excited by periodic impacts, resulting in pronounced impulses and periodic
structures in the envelope domain. To simultaneously capture both impulse sensitivity
and periodic structure, the CFFI integrates FE and KI through normalized weighted fusion,
defined as follows:

CFFI(IMF;) = wy x KInorm(IMF;) + w, x [1 — FEnorm(IMF;)] 1)

where I MF; represents the i-th intrinsic mode function; KInorm and FEnorm denote the nor-
malized values of KI and FE for that IMF, respectively; wy and w, are weighting coefficients
(default: wy = w, = 0.5, adjustable based on operational conditions). This definition ensures
that a higher CFFI value indicates stronger impulses and periodic structures in the signal
related to bearing faults. The CFFI serves both for selecting and clustering individual IMFs
and as the fitness function for the Triangular Topology Aggregation Optimizer (TTAO) in
optimizing VMD parameters, enabling the decomposition process to focus on fault-related
features adaptively.

Fuzzy entropy [19] is used to quantify the complexity and uncertainty of a time series.
Its value tends to be lower when the signal exhibits stronger periodicity. The calculation
formula is as follows:

i1 (IMF;
FEnorm(IMF;) = _IH(W) ?

where ¢, and ¢, 1 represent the fuzzy similarity measures at embedding dimensions m
and m+1, respectively.

The kurtosis index [20] quantifies impulse strength and the peakedness of a distribu-
tion. Impacts from bearing faults and the resulting pulses in the envelope domain typically
cause a significant increase in kurtosis. It is calculated using the following formula:

4
KInorm(IMF;) = 2<IMF Wi > 3)

where N denotes the sample size, y is the mean, and ¢ represents the standard deviation.
The construction described above ensures that the CFFI is simultaneously sensitive to
both impulsive shocks and periodic structures. Consequently, a higher CFFI value indicates
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a more substantial presence of components associated with bearing faults. Therefore, the
CFFI serves a dual purpose: it acts as a criterion for selecting relevant IMFs and functions
as the fitness function for the TTAO optimization algorithm, guiding the adaptive search
for optimal VMD parameters.

2.1.2. Assessment Metric

To quantitatively evaluate the performance of the proposed novel health indicator
(CFFI), this paper employs two standard metrics (Tred and Mono) along with one compre-
hensive metric, SAIF. Let the total number of sample segments be K, and the health indicator
value for each segment be denoted as hy. The segment index sy can represent the time series.
The definitions and significance of the three types of metrics are provided below.

(1) Tred: This metric measures the linear correlation between the health indicator and
time, reflecting the overall change trend of the indicator as the fault evolves over time.

= (= H) (s - 5)|

Tred =
\/lef_l (hk —H)? 2115:1 (sx —5)2

)

where H is the mean value of the health indicator, and S is the average value of the time
index. To enhance robustness, sy can be assigned as the rank of the segment index.

(2) Mono: This metric measures the direction of change in the health indicator over
time, which is crucial for evaluating the degradation process of equipment health.
Monotonicity is defined as follows:

[Np = Nu
K—1

where N, and N, represent the number of health indicators that are greater than 0

©)

Mono =

and less than 0 after differentiation, respectively, and K denotes the sample size.

(3) SAIF: This is used to comprehensively measure health indicators across multiple
time scales, integrating methods such as multi-scale analysis, statistical features, and
weighted summation. The definition of SAIF is as follows:

1Y 1&g ’
SAIF = N l; wi | T ]; (Vij Y e) + - skew(xi]-) + B - kurt (xl-]-) (6)

where N is the number of time scales in the signal, L is the number of sub-windows
within each time scale, w; is the weight of the ith time scale, 0;; and y;; are the standard
deviation and mean of the j-th sub window under the i-th time scale, respectively, e
is a small constant to prevent division by zero, « and {3 are weight coefficients for
skewness and kurtosis, and skew (x;;) and kurt(x;j) are the skewness and kurtosis of
the j-th sub window under the i-th time scale, respectively.

2.2. Variational Mode Decomposition

VMD is an adaptive signal-processing method [21,22] that decomposes a complex
signal into several IMFs with distinct center frequencies. It addresses issues such as mode
mixing and end effects that are present in traditional EMD methods [23] and is widely
applied in fields such as fault diagnosis and signal denoising. The core of VMD lies in
minimizing the bandwidth of each mode through a variational approach. This process can
be summarized in the following steps:

(1) Objective of Mode Decomposition:
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a. The input signal f(t) is assumed to be decomposed into K mode functions ),
each associated with a center frequency wy.

b.  The objective is to find these mode functions u(t) and their corresponding
center frequencies wy such that the bandwidth of each mode is minimized.

(2) Formulating the Variational Problem:

The problem of minimizing modal bandwidth is formalized as a constrained varia-
tional problem:

K ) 2
min Y | at((é(t) + 7%) * uk(t)>e’f“’kt [
{ur} {wi} k=1 2 )

sty up=f
k
where 9; denotes the time-derivative operator, 4(t) is the Dirac delta function, which
ensures orthogonality of the modes in the time domain, * represents the convolution
operator, j is the imaginary unit, u(t) is the kth mode function, and wy, is its corresponding
center frequency.

(3) Lagrangian Multiplier Method:

To handle the reconstruction constraint Y& _; ux(t) = f(t), the Lagrangian multiplier
A(t) is introduced:

K .
— ] * —'wkt
L({ux}, {wr} M) —zwkgl | at((5(t)+ m) uk(f)>e J ||2+ ©

K K
1) - & we) ||+ <A<t>,f<t> 5 uk<t>>
k=1 2 k=1

(4) Solving the Variational Problem: The Alternating Direction Method of Multipliers
(ADMM) is employed to solve the aforementioned Lagrangian function iteratively,
updating the mode functions uy(t) and the center frequencies w.

uf tt = argminl| 8t<(5(t) + ]) * uk(t)>e_f“’kt |+
Uy 7Tt > (9)
2

o A
EH f(t) — igkui(t) —ug(f) + % ||2

ntl o w|ug(w) 2dw
Wy = e
k Jo |uk(w)\ dw

(10)
AL = A T(f(t) — f u,’j“(t))

(5) Convergence Criterion: It is determined whether the change in the mode functions u
during each iteration satisfies the convergence condition:

y K g™ — w113
Sl

If satisfied, the iteration stops. The motivation for selecting VMD as the modal
decomposition method lies in its high degree of alignment with the mechanism of bearing

<e (11)

faults: (1) It effectively captures and separates complex vibration modes. (2) It suppresses
noise, thereby enhancing signal clarity. (3) It adapts to non-stationary signals, enabling
precise analysis of transient features. (4) It identifies and distinguishes multiple fault modes.
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2.3. Triangulation Topology Aggqregation Optimizer

The Triangulation TTAO is a novel metaheuristic algorithm based on mathematical
principles, specifically designed to address complex continuous optimization problems in
engineering applications [24]. TTAO leverages the geometric properties of similar triangles
to balance exploration and exploitation, thereby improving the efficiency of finding the
optimal solution.

The core concept of TTAO is to partition the search space into multiple triangular
topology units. Each unit is optimized by updating its vertices and generating interior
points within the triangle. These units iteratively evolve through processes of global and
local aggregation, gradually converging towards the optimal solution.

The TTAO algorithm is implemented through the following steps:

(1) Initialization: An initial population P is distributed within the search space, forming
several triangular units. Each unit consists of three vertices X;;, Xj», Xj3, and an
additional point Xj4

P={Xy, Xy, ... XN} (12)

where N represents the population size, and each X; is a d-dimensional vector.

(2) Formation of Triangular Units: The vertices X;1, Xj», and Xj3 of each triangular unit
can be randomly distributed within the search space during the initialization process.
The additional point X4 is typically generated inside the triangle to assist in the
optimization process.

(3) Global Aggregation: During the Global Aggregation phase, new candidate solu-
tions are generated by performing weighted combinations of the vertices from dif-
ferent triangular units. This step emphasizes exploring potential regions within the
search space.

Assuming the vertices of a triangular unit Al-]-k are X;, X;, and Xy, a new point Xy
can be generated using the following formula:

Xnew = aX; + ,BX] + ¥ X (13)

where «, B, v are weighting coefficients that satisfy & + § + ¢ = 1, and are typically
determined using random methods.

(4) Local Aggregation: The Local Aggregation phase focuses on refining the search within
each triangular unit. A local search around the best vertex is conducted by perturbing
its position to find a better solution. For each vertex Xj, its update can be expressed
as:

t+1 t t
XY = x® 2 (Xbest —x! >) (14)
where A is a step-size coefficient, X} is the best-performing vertex in the current triangular

unit, and t denotes the iteration number.

(5) Iteration and Convergence: The algorithm alternates between global and local ag-
gregation phases, updating the individuals in the population until a convergence
condition is met (e.g., a maximum number of iterations or an acceptable solution qual-
ity). The convergence criterion can typically be defined as the change in the objective
function value Af < ¢, or reaching a predefined maximum number of iterations fmax:

Af =] F(XO) = f(XED) < eort > tua.
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2.4. Dynamic Weighted Centroid Clustering

In signal analysis, decomposing a complex signal into several IMFs with distinct
characteristics is a crucial step. Building on this, clustering the IMFs can further reveal
underlying patterns and structures within the signal. To better analyze and utilize the
decomposed IMFs, this section proposes a DWCC method, which is described in detail
alongside actual vibration signals. The specific steps of the DWCC algorithm are as follows:

(1) Data Standardization: Prior to cluster analysis of the IMFs, it is necessary to stan-
dardize the CFFI values of the IMFs. This process aims to eliminate the influence
of IMFs with different magnitudes and scales on the clustering results, allowing for
comparison and analysis of all IMFs on a unified scale. The standardized CFFI value
is defined as

- CFFI(IMF,‘) — UCFFI

CFFInormalized (I MF, i) = OCFFI (15)

where CFFL,omalized (IMF;) is the CFFI value of the i-th IMF. picpp and ocppy are the
mean and standard deviation of the CFFI values for all IMFs, respectively.

Through standardization, the impact of differences in magnitude across IMFs is elimi-
nated, thereby improving the accuracy and effectiveness of subsequent cluster analysis.

(2) Cluster Center Initialization: After standardization, the K-means++ algorithm is
employed to select K initial cluster centers {11, ji2, - - - , yx }, which are determined
using the following formula:

0 .
,’l/l]( ) = argmim || CFFInormalized(IMFi) — Hj ”2 (16)

(

where u %) denotes the initial center of the j-th cluster. The K-means++ algorithm
ensures a reasonable distribution of the initial centers, thereby improving the conver-
gence speed and the effectiveness of the clustering results.

(3) Improved Distance Metric: In DWCC, an improved weighted Euclidean distance
metric is used to calculate the similarity between each IMF and the cluster centers,
enabling precise measurement of the similarities among IMFs:

m 2
dw (IMFi/ ‘Z/l]) = \/2 Wi (CFFInormalized,k(IMFi) - ]’lj,k) (17)
k=1

where wy is the weight for each feature. m is the dimensionality of the features.

(4) Adaptive IMF Assignment: An adaptive distribution strategy is employed, which
dynamically assigns IMFs to the most suitable cluster center based on the local density
and global similarity of each IME. The adaptive IMF assignment strategy is defined as

1
¢; = argmin | dy (IMF;, u; +?\> 18
B ( (IME 1) p(IMF;) 19

where ¢; is the assigned class of IMF;. A is a balancing factor used to adjust the
influence of distance and density. p(IMF;) represents the local density of IMF;.

(5) Dynamic Cluster Center Update: Cluster centers are updated dynamically using a
weighted averaging method to achieve smooth transitions and accelerate convergence.
The dynamic update strategy is as follows:

V](f+1) = O(‘Ll](t) + (1 - 0‘)|é| Z CFFInormalized(IMFi) (19)
] iECj
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where « is a smoothing coefficient that controls the weight distribution between the
new cluster center and the old one. C; is the set of IMFs currently belonging to the jth
cluster. | C; | is the number of IMFs in the jth cluster.

(6) Adaptive Convergence Criterion: The convergence criterion is dynamically adjusted
based on the stability and trend of the cluster centers to ensure the algorithm achieves
optimal clustering results within a reasonable timeframe:

| — 1< e (20)

where €; is the convergence threshold at the ¢-th iteration, which can be dynamically
adjusted according to the historical changes in the cluster centers.

(7)  Optimization Enhancement Strategy: After each iteration, a local search and optimiza-
tion are performed on the assignment results to reduce intra-class variance further
and enhance the robustness and accuracy of the clustering. Specific measures include:
reassigning and optimizing IMFs within each cluster, removing IMFs that may belong
to multiple categories, and adjusting them to more suitable classes.

2.5. Algorithm Flow

In the method proposed in this paper, the novel health indicator CFFI is used as
the fitness function given in Equation (21), and TTAO is employed to optimize VMD. (*
indicates specific numerical values used in practical operation.)

fitness = min(CFFI;)
(Ke)
s.t.K € (x,%) (21)
Q€ [*, ]

CFFI; is the fitness function value obtained for each candidate. The proposed method
is illustrated in Figure 1.

Input raw Save the optimal parameters
signal
Initialize the Adaptive VMD decomposition under
parameters of VMD optimal values of modal number and
and TTAO penalty factor
Decompose the raw signals into different The decomposed IMFs are dynamically
modes and compute CFFI for each mode weighted center clustering
4 Select the cluster with the lowest average
CFFI
Is C.FFI YES
having
most
value?
IMFs

NO

v

Figure 1. Algorithm flowchart.
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Initialize the parameters of TTAO and VMD.
Decompose the original signal into different modes.

Calculate the CFFI for each modality.
Calculate the fitness function, CFFI, for each modality until the maximum iteration

Ll e

is reached.

5. Obtain the global optimal fitness function and save the optimal values of the mode
number K and the penalty factor «.

6. Perform DWCC on the decomposed IMFs.

7. Select the cluster with the highest average CFFI value as the IMFs for the recon-
structed signal.

In practical decomposition, low-energy narrowband residual or broadband noise IMF
usually exhibits lower CFFI values. DWCC will classify them into low CFFI clusters and
remove them in the reconstruction stage, thereby improving the energy concentration and
identifiability of fault-related components.

3. Simulation Analysis

To validate the applicability of the proposed method during bearing operation, a
non-stationary simulated signal was constructed as a benchmark. This signal is designed to
evaluate the algorithm’s capabilities for decomposition, optimization, and reconstruction
under time-varying frequency and amplitude conditions, as well as in the presence of
background noise. It is important to note that this simulated signal is not a physical model
of a bearing fault but rather a non-stationary test sequence used to assess the algorithm’s
robustness. The base signal is defined as a sinusoidal wave whose period and amplitude
decrease over time via time attenuation factors. The mathematical expressions for a periodic
signal with period T are given as:

f(t) = fo - e Xt (22)
At) = Ag-e <! (23)
Xein(t) = A(t) - sin(27f ()t) (24)

where A is the initial amplitude of the signal, f is the signal frequency, t is time, fo = 2Hz,
kf =0.1s"1, Ay =1,and k4 =025}, as shown in Figure 2a.
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Figure 2. (a) Pure periodic decreasing signal; (b) periodic decreasing signal perturbed by white noise.
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On this basis, random white noise is generated and added to the above signal to form
the final simulated signal, as shown in Figure 2b, expressed as:

Xfinal(t) = xsin(t) + n(t) (25)

where 1(t) = (min + (@max — Amin) - 7) - N(0,1), with apin = 0.1, amax = 3.0, 7 being a
random number uniformly distributed in [0, 1], and N (0, 1) representing Gaussian noise
with zero mean and unit variance.

First, the parameters for VMD and TTAO were initialized, with CFFI set as the fitness
function for TTAO, aiming to maximize fitness. For the VMD, the number of iterations
was set to 100, and the maximum number of decomposition layers Kmax = 25. For the
TTAO optimization, the number of iterations was set to 50. The resulting optimal fitness
value found by TTAO was 0.11976 (as shown in Figure 3). Subsequently, VMD was used to
decompose the original signal into several IMFs with different center frequencies. During
each decomposition and parameter search, the CFFI was calculated for each IMF and
aggregated (e.g., by taking the maximum value or the mean of the top p values) to form the
fitness value. This process iterated until the parameter combination yielding the highest
fitness was found, and the optimal parameters were saved (the optimal number of modes
K =10, and the penalty factor « = 200). Under these parameters, the corresponding IMFs
(see Figure 4) and their center frequencies (see Figure 5) were obtained.

0.1212

0121

0.1208 +

0.1206

0.1204

Fitness value

01202 +

012 [

0.1198

0.1196

5 10 15 20 25 30 35 40 45 50
Number of iterations

Figure 3. Iterative curve.
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Figure 4. The IMFs after decomposition.
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As shown in Figures 4 and 5, the first three IMFs clearly capture the pulse-resonance-

dominated shock-attenuation characteristics; the subsequent IMF (IMF4-IMF10) mainly
includes low-energy narrowband residual and broadband noise preserved after optimized

parameter decomposition (K = 10). Based on the screening of CFFI and DWCC, these

low-CFFI modes are classified as noise clusters and discarded in the reconstruction, further

ensuring the feature set and denoising effect of the reconstructed signal. DWCC was

then performed on all IMFs, followed by CFFl-based screening. The cluster with the

highest average CFFI was selected for reconstruction to focus on fault-related components

(four components were obtained, as shown in Figure 6).

CFFI
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0
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Figure 6. CFFI and DWCC select IMFs.
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In this example, the number of clusters was set to six. Since a higher CFFI value indi-
cates stronger fault-related impulses and periodic structures, the cluster with the highest
average CFFI (in this case, comprising four IMFs) was selected to form the reconstruction
components. To evaluate denoising and feature-preservation performance, the SERR is
introduced. Without requiring a clean reference signal, SERR assesses the overall quality of
noise reduction and feature extraction by comparing the energy changes in the frequency
domain before and after denoising. It is defined as

Eoriginal = 2 |Yoriginul [k] 12 (26)
k
Egenoised = Z |Yden0ised [k} 12 (27)
k
Egenoised
original

where Yyiginal [k] is the spectral representation of the signal before denoising, Yienoisea[k] is
the spectral representation of the signal after denoising, E,ginq represents the total spectral
energy of the signal before denoising, and Ej,;piseq represents the total spectral energy of
the signal after denoising.

Finally, the four obtained components were reconstructed (as shown in Figure 7, which
compares the reconstructed signal with the pure signal, demonstrating effective denoising).
The spectral energy of the reconstructed signal was calculated, resulting in an SERR value
of 0.31254. A lower SERR value indicates a greater reduction in the denoised signal’s
overall spectral energy, indicating good denoising performance. Figure 8 better illustrates
the specific implementation of the signal processing. Figure 8a shows the time-domain plot
of the generated noisy signal, and Figure 8b displays the amplitude spectrum and cluster
spectrum of the noisy signal. Under the influence of noise, the signal’s spectrum appears
complex and difficult to analyze directly. Figure 8c presents the amplitude spectrum and
cluster spectrum of the denoised signal after processing by the proposed algorithm. Using
this algorithm, noise is effectively removed, significantly enhancing signal clarity and
feature extraction accuracy.

Original pure

0.8 ‘ ———— Denoised signal
0.6
04

Amplitude
=

0 0.5 1 1.5 2 25 3 3.5 4 4.5 5
Time (s)

Figure 7. Contrast diagram of pure signal and denoised signal.
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(a) Add noise to simulate signal

s s i <
Algorithmic processing

Figure 8. Analog signal spectrum energy change. (a) time-domain waveform containing noisy
signals; (b) amplitude spectrum and clustering spectrum of the noise signal; (c) amplitude spectrum
and clustering spectrum of the denoised signal.

As shown in Figure 8, the processed signal exhibits more concentrated spectral en-
ergy and reduced noise, validating the algorithm’s effectiveness for signal denoising and
feature extraction.

To verify the algorithm’s stability, 10 additional simulation trials were conducted. The
parameters for the simulated signals are listed in Table 1. Results from multiple trials
demonstrate that the proposed method maintains good consistency and robustness under
non-stationary and noisy conditions.

Table 1. Calculation of analog signal SERR.

Number SERR

0.31526
0.41265
0.34512
0.31569
0.36965
0.37445
0.40168
0.35487
0.30875
0.32588

S0 0N U R WN e

In summary, the signal-processing framework proposed in this paper applies to the
analysis of non-stationary signals with decaying periods. It demonstrates good adaptability
for feature extraction in bearing vibration signals.

4. Experimental Validation

To verify the practical application advantages of CFFI in bearing fault detection,
comparative experiments were conducted based on the IMS public dataset. The overall
process includes data preprocessing, indicator calculation and evaluation, decomposition
and optimization, IMF screening and reconstruction, as well as ablation and repeated
experiment analysis.

Data and Preprocessing;:

(1) Frequency band selection and envelope extraction: The failure of the bearing body is
usually manifested as periodic impact excitation of high-frequency resonance, and the
formation of low-frequency amplitude modulation characteristics in the envelope do-
main. Combine known or estimated characteristic frequencies, or select bands based
on spectral kurtosis to determine the bandpass range, using zero-phase bandpass
filtering to preserve fault-related frequency bands; subsequently, Hilbert transform
is applied to the bandpass signal to obtain the envelope, and slight detrending is
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performed as needed to eliminate DC bias. This process can suppress irrelevant noise
while highlighting amplitude modulation and pulse information.

(2) Standardization: Standardize the envelope or bandpass signal with z-scores to achieve
zero mean and unit variance, improving comparability across different operating
conditions/time periods.

(3) Segmented processing: Segment the standardized signal into fixed time windows
(approximately 20,480 points per window), and calculate CFFI, RMS, KI, and evalu-
ation metrics (Trend, Monotonity, SAIF) window-by-window to maintain temporal
resolution and characterize dynamic changes.

CFF], root mean square (RMS), and kurtosis index (KI) were calculated window-by-
window on IMS data, and evaluated and compared using three metrics: trend, monotonicity,
and scale-adaptive integrated feature variability (SAIF). The summary results are shown in
Figure 9.

[—e—CFFI —&—RMs Kl

Trend (Tred)

— T~

Figure 9. Radar chart comparison of the health indicators across Tred, Mono, and SAIF.

The results showed that CFFI had advantages in all three metrics, especially in the
SAIF dimension approaching 1, indicating its stronger significance and stability in fault-
related features at multiple scales. Combining the composite characterization of pulse-like
(KInorm) and periodic structure complexity (1-FEnorm) in CFFJ, it can be concluded that its
advantage comes from simultaneously characterizing peak and periodic structures, thereby
more robustly highlighting fault-related features under different operating conditions
and time scales. This further validates the sensitivity and robustness of CFFI as a health
assessment indicator for bearings.

The sampling rate for IMS data recording is 20 kHz, with approximately 20,480 points
per file. The preprocessing stage determines the fault-related resonance band based on
spectral kurtosis and its harmonics, and performs envelope demodulation and trend
removal. Subsequently, the envelope domain signal is decomposed into IMFs with different
center frequencies using VMD, with a fixed number of iterations of 100 and a maximum
decomposition level of Knax = 25. To obtain the optimal decomposition configuration,
TTAO is introduced to adaptively search for the penalty factor o and mode number K, and
the optimization budget is uniformly set to 50 evaluations; in each candidate parameter
evaluation, calculate the CFFI of each IMF and update the search parameters with the goal of
maximizing CFFI. The representative results show that the optimal parameters are o = 400
and K = 10. Under this configuration, the SERR of the reconstructed signal is 0.21356, which
is lower than the value of 0.22465 for the actual collected signal. This reduction in SERR
indicates a decrease in extraneous spectral energy, thereby confirming the effectiveness

58 https://doi.org/10.3390/526041394



Sensors 2026, 26, 1394

of the denoising process and a higher quality of decomposition and reconstruction. The
relative error between the two is 4.9%. Subsequently, the CFFI mean of each cluster is
calculated, and the cluster with the highest mean is selected as the reconstruction set to
avoid irrelevant or redundant modes from being mixed in. This process usually selects
representative components such as IMF1, IMF5, IMF10 for reconstruction in experiments,
which not only preserves the peak and amplitude modulation structure of fault pulses, but
also effectively suppresses background noise and non-fault components.

On the premise of ensuring consistency in the data, preprocessing, VMD iteration, and
optimization budget, ablation experiments were conducted to quantify the independent
contributions of each module. Figure 10 compares the overall performance of five methods
on SERR: (1) the complete method (TTAO+CFFI+DWCC); (2) the fixed parameters (K = 10,
o = 400) are slightly higher than the complete method, indicating that empirical parame-
ters can approach the optimum under specific operating conditions but lack adaptability;
(3) under the same budget, the SERR of the grid search further increases, reflecting the
influence of step size and discretization constraints; (4) replacing CFFI with minimum
envelope entropy as the fitness resulted in a significant increase in SERR, indicating that
entropy indices are less sensitive to spike pulses and complex changes than CFFI; (5) ex-
cluding DWCC and directly selecting the top K IMFs for reconstruction results in mixed
information and energy dispersion significantly compromised the quality of reconstruction
and diagnostic distinguishability.

0.8

SERR
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Figure 10. Ablation experiment analysis.

In addition, Figure 11 compares the SERR performance of different fitness functions in
10 repetitions. When using CFFI as the fitness, the 10 results remained stable in the range
of approximately 0.20-0.24 with minimal fluctuations; when using minimum envelope
entropy, minimum information entropy, minimum sample entropy, and minimum permuta-
tion entropy, the overall SERR significantly increases (typical range of about 0.50-0.60), and
the dispersion across experiments significantly increases. This result indicates that CFFI
can more directly measure the peak characteristics and complex dynamic changes of fault
pulses, providing a clear convergence direction for optimizers; entropy-based indicators
are susceptible to distribution estimation and window settings in noisy backgrounds and
non-stationary pulse-dominated scenes, leading to unstable parameter selection and de-
creased reconstruction quality. Based on the data from different comparisons and repeated
experiments, it can be concluded that TTAO is more efficient in approaching optimal
solutions than grid search under limited evaluation budget; CFFI, as a fitness function, is
more suitable for characterizing the pulse peaks of mechanical faults than entropy-based
indicators; DWCC is a key step in ensuring the quality of IMF screening, which can im-
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prove the energy concentration of reconstruction and the significance of envelope spectral
fault features.

0.8
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Figure 11. Comparative analysis of SERR under different fitness functions.

5. Conclusions

A health indicator-driven IMF clustering method for bearing fault detection was
proposed. To address common issues in non-stationary and noisy environments, such
as the susceptibility to mode mixing in traditional methods, difficulty in parameter self-
adaptation, and lack of a closed-loop assessment, a framework for adaptive decomposition
and selection guided by a CFFI was constructed. Using CFFI as both a sensitive and robust
health indicator and an optimization objective, the method employs a TTAO to adaptively
search for the optimal penalty factor « and mode number K for VMD. This enabled the
decomposition to focus on fault-related impulse and amplitude-modulated resonance
modes. Subsequently, DWCC was applied to screen the obtained IMFs, and the cluster
with the highest average CFFI value—based on the semantic principle that “higher CFFI
indicates stronger fault-related components”—was selected for reconstruction. Finally, a
closed-loop assessment is based on the SERR, where the global full-spectrum SERR was
used to measure overall noise reduction, and the feature-band SERR measures retention
of fault characteristics. The experimental and simulation results based on the IMS public
bearing dataset show that the proposed method achieved stable parameter estimation and
clear fault modes under various operating conditions. Compared to baseline schemes
using RMS, KI, or various entropy-based fitness functions, the proposed method exhibited
higher Tred/Mono and SAIF. It achieved a significant reduction in the global SERR while
maintaining a stable high retention in the feature-band SERR. This reflected its stronger
sensitivity, robustness, and online applicability. It was noted that the current validation
primarily relied on the IMS dataset; thus, the method’s generalizability across different
bearing types and more-variable operational conditions is suggested to warrant further
investigation. Future work will focus on automating frequency band selection and CFFI
weight adaptation, validating generalization under complex variable-speed conditions, and
enabling real-time deployment with computational optimization for embedded platforms.
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Abbreviations

The following abbreviations are used in this manuscript:

SAIF Scale-Adaptive Integrated Feature Variability
TTAO  Triangular Topology Aggregation Optimizer
DWCC Dynamic Weighted Central Clustering

CFFI Composite Fault Feature Indicator

VMD Variational Mode Decomposition

SERR Spectral Energy Retention Rate

IMFs Intrinsic Mode Functions

SNR Signal-to-Noise Ratio

RMS Root Mean Square

Mono Monotonicity

FE Fuzzy Entropy

KI Kurtosis

Tred Trend
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Abstract

Automated optical inspection (AOI) for printed circuit boards (PCBs) requires localizing
small, sparse defects under illumination drift and minor placement misalignment, while
supporting fast, auditable pass/fail decisions. This paper presents a training-free, reference-
based digital image processing framework with no learning/training stage that compares
each defective query image with a small library of defect-free reference templates (for
the same PCB layout/revision) using a small set of interpretable control parameters. A
reference is selected by coarse-to-fine matching (fast pre-screening followed by SSIM
refinement on a central region), and an optional global alignment is applied only when
it increases SSIM to limit defect-driven over-correction. Defects are highlighted by a
defect-likelihood field that fuses an SSIM-derived structural dissimilarity map with a
normalized absolute-difference map, followed by connected-component extraction to
produce confidence-ranked bounding boxes. The method achieves Precision = 0.9663, Recall
=0.9987, and F1 = 0.9822 at the best-F1 operating point (0.149 false positives per image).
Under the adopted box-matching protocol, average precision reaches 0.984. Precision-recall
and FROC curves are reported to support threshold selection under different false-alarm
budgets.

Keywords: printed circuit board (PCB); automated optical inspection (AOI); defect
localization; defect detection; image processing; template selection; structural similarity;
difference map; correlation; quantile thresholding

1. Introduction

Automated optical inspection (AOI) is a core quality fcontrol stage in printed cir-
cuit board (PCB) manufacturing, where decisions must be made reliably at production
speed [1,2]. In practice, true defects are sparse and localized (e.g., missing copper, spurious
copper, scratches, and pinholes), yet benign variability in illumination and minor board-
placement changes is common [3]; therefore, a useful inspection method must suppress
nuisance variability while remaining sensitive to subtle, localized structural deviations.
AOl is typically positioned inside a broader in-line quality strategy that aims to reduce
scrap and rework while keeping false alarms manageable in production [4].

In many industrial quality control (QC) workflows, the primary decision is pass/fail
(accept/reject): if any verified defect is present, the board is rejected. Therefore, reliable
defect localization and evidence are central, while fine-grained defect-type classification
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(e.g., Missing_hole, Mouse_bite, Short) is often optional and can be treated as a down-
stream step for reporting, process monitoring, or root-cause analysis [5]. At the same
time, surveys of PCB defects and inspection practices highlight that defect taxonomies and
visual manifestations can vary across processes and products, which complicates universal
classification claims and emphasizes the value of interpretable evidence [6].

A key practical disparity is that the notion of a “defect” can be ambiguous without
context from the intended design [7]. In PCB engineering, many localized copper fea-
tures are introduced deliberately to satisfy electromagnetic interference and compatibility
(EMI/EMC) and signal/power integrity (SI/PI) constraints rather than to “look clean” in
an image [7-10]. For example, an apparent copper bridge may be an unintended short in
one location but an intentional connection, net-tie, or controlled strap in another. Likewise,
patterns that resemble spurious copper in isolation can be purposeful copper pours and
fills (e.g., ground pours for shielding and controlled return-current paths), via stitching
and via fences to reduce radiation and crosstalk, guard traces, copper thieving/balancing
for manufacturability, or local tuning structures used to manage impedance, ringing, and
high-frequency noise.

Spur-like features and short stubs can also be intentional (e.g., test access, reinforce-
ment/teardrops, thermal relief, or current-spreading structures), even though similar
geometries may be considered defects in other contexts. Because these intent-driven fea-
tures may be small and localized, appearance-only inspection can confuse design intent
with anomaly [6,11].

This defect-versus-intent ambiguity motivates reference-based inspection: comparing
a query board against a defect-free exemplar of the same layout provides the necessary
design-context baseline [12]. The template encodes the intended routing, copper distribu-
tion, and layout-specific structures used for EMI/EMC and SI/PI, allowing the inspection
decision to focus on deviations from the intended reference (true defects) rather than on
visually unusual but intentional patterns [7,8].

In production, the primary constraint is often not peak accuracy in a curated bench-
mark but predictable behavior under everyday drift and change [4,13]. Practical AOI
systems are judged by time-to-deploy on a new board, validation burden, compute foot-
print, and the ability to explain failures when they occur [13]. End-to-end learning-based
models are widely used; however, in some deployment settings their internal decision logic
can be harder to audit and their lifecycle cost can include labeling, retraining, monitoring,
and re-qualification [5,14]. When an inspection decision is disputed, it is valuable to at-
tribute the response to concrete causes such as illumination shift, residual misalignment,
template mismatch, or a true localized defect [15,16].

Accordingly, a recurring deployment theme is to reduce manual labeling burden
and model maintenance effort while still improving robustness, which motivates both
training-free pipelines and low-label learning regimes [17,18].

These constraints motivate a complementary design point: analysis-first, physics-
and mathematics-grounded image processing that exposes its decision signal. Classical
industrial inspection continues to rely on deterministic components such as thresholding,
morphology, and template matching because they are auditable and controllable [19,20]. In
this view, a defect-free template functions as a measurement reference standard: inspection
becomes change detection against the intended layout rather than category recognition.

The main obstacle is that simple subtraction is sensitive: small geometric mismatch
and brightness drift can dominate the difference image and produce widespread false
positives [15]. Robust reference-based inspection therefore benefits from structural sim-
ilarity measures and careful handling of alignment [21]. The structural similarity index
(SSIM) [22] emphasizes structure rather than raw intensity and can be evaluated locally
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to form an SSIM map that highlights localized changes. Alignment can further reduce
nuisance differences, but in defect localization it must be used carefully because defects
can bias the estimated transform; a pragmatic safeguard is to accept alignment only when
it yields a measurable similarity improvement [23].

Related work on PCB AOQI spans broad surveys and focused PCB-specific reviews that
summarize classical image processing pipelines and, more recently, deep learning-based
approaches [1,2,6,11,14,24]. Classical AVI/AOI surveys establish the foundational problem
setting and recurring algorithmic motifs (preprocessing, registration/matching, and post-
processing for decision rules) [25]. More recent reviews focus on electronics manufacturing
and PCB inspection specifically, including the rise of deep learning and the associated
practical considerations (data requirements, interpretability, and lifecycle/maintenance
cost) [11,14,24]. Across these perspectives, a consistent theme is that production deploy-
ment often rewards predictable behavior and actionable diagnostics, which keeps reference-
based inspection relevant even when learning-based models are available.

Beyond RGB surface imagery, inspection and monitoring can also involve specialized
imaging and task-specific pipelines, for example in solder-joint and electronic assembly
defect analysis, where the sensing modality and measurement objective differ from bare-
board surface AOI [26,27].

A long-standing and still common formulation is reference/template-based change
detection, where the query is compared to a defect-free exemplar and differences are
extracted using similarity measures and post-processing [12,20,21]. In this family, nor-
malized cross-correlation and related similarity measures are widely used to compare a
query against a template, both for alignment/matching and for highlighting likely change
regions [12,28]. Because AOI images can differ by small shifts, rotations, and illumination
drift, many works explicitly study robustness of similarity/dissimilarity measures and the
sensitivity of subtraction-based signals to misregistration [15,29]. Feature-based matching
and alternative similarity measures (beyond raw subtraction) are also widely explored
as ways to increase tolerance to nuisance variation while preserving localized change
cues [16,30,31]. Rotation or uncertainty-aware designs further emphasize that handling
geometric variability is a practical requirement rather than a corner case [32]. This practical
issue is directly aligned with our use of structural similarity and alignment safeguards:
the goal is to suppress broad, nuisance-driven responses while preserving localized defect
evidence [22,23].

Within classical (training-free) inspection, several works explicitly combine subtrac-
tion/matching with deterministic operators for categorization and reporting [19,21,33]. For
example, an algorithmic scheme for concurrent detection and classification applies fuzzy c-
means segmentation after image subtraction and then uses arithmetic/logic operations, the
circle Hough transform, morphological reconstruction, and connected-component labeling
to assign defect categories; it reports 100% detection and 99.05% classification accuracy in its
experimental setting [33]. In a similar spirit, other subtraction-based pipelines target both
detection and defect-type decisions by combining difference images with hand-designed
operators (e.g., morphology, logical operations, and component analysis), illustrating the
long-standing appeal of deterministic, auditable processing in PCB AOI [19].

In parallel, deep learning has been widely adopted for PCB defect detection and clas-
sification, commonly borrowing generic object-detection backbones and adapting them for
small, low-contrast defects and industrial constraints [24,34-37]. One line of work applies
one-stage object detectors (often YOLO-family variants) and proposes architectural changes
to improve localization of tiny PCB defects while keeping inference efficient [38—44]. Addi-
tional one-stage variants integrate backbone and attention refinements for feature reuse and
improved localization under clutter [45-48]. Another line adapts two-stage and feature-

65 https://doi.org/10.3390/526051541



Sensors 2026, 26, 1541

pyramid designs (e.g., Faster R-CNN/FPN-style components) to improve multi-scale defect
detection where targets are small and the background is cluttered [49-51]. Beyond detector
backbones, several studies emphasize lightweight deployment, attention/feature-fusion
refinements, and context modeling to trade off accuracy and throughput in practical set-
tings [52-54]. Deep learning is also used for related PCB inspection tasks including defect
classification, reconstruction/autoencoder-based inspection signals, and component-level
understanding such as PCB segmentation for recognition [55-57]. Transformer- and DETR-
inspired detectors are another recent direction, motivated by global context modeling and
end-to-end detection design [58,59]. Beyond standard detector framing, learning-based
approaches also include alternative objectives and cues (e.g., energy-based or edge-guided
signals), domain adaptation strategies to handle distribution shift [60], and PCB-specific
designs for bare-board defects [61-63].

Because labeled defect samples can be scarce and production distributions can drift,
recent work also explores semi-supervised, unsupervised, and few-shot settings for PCB
inspection [17,18,64]. These directions aim to reduce annotation burden and improve
adaptability by leveraging unlabeled data, uncertainty modeling, or meta-learning-style
transfer from limited support examples [17,18,64].

An important practical gap in PCB inspection is defect-versus-intent ambiguity.
Appearance-only cues can confuse intentional layout features with true defects unless
a layout-specific reference is available. Motivated by this, this work presents a training-free,
reference-based image processing framework that retains the operational advantages of
template inspection while improving robustness to everyday nuisance variation. While
end-to-end learning-based defect detectors are widely used in industrial inspection across
product domains, the proposed pipeline provides an auditable and controllable alternative
that does not require a training lifecycle [65,66]. The method is computationally efficient
and operationally transparent: it produces interpretable intermediate fields (similarity and
difference maps) and relies on controllable operators whose behavior can be inspected and
tuned without retraining.

The main contribution of this work lies in a training-free framework design that
combines classical operators with explicit robustness safeguards targeting defect-versus-
intent ambiguity under everyday nuisance variability. In particular, we emphasize ROI-
based template selection, SSIM-gated alignment acceptance, and a fused defect-likelihood
mapping that yields confidence-ranked detections for deployment-oriented PR/FROC
threshold selection. The key contributions are as follows:

e Coarse-to-fine reference selection with central-region similarity: a fast pre-screening
stage plus SSIM refinement computed on a central region to suppress border/outlier
effects, with caching and downscaling for throughput.

e  SSIM-gated alignment acceptance: an explicit validation rule that applies a global
warp only when SSIM improves on the same central region, mitigating defect-driven
over-correction.

e  Fused, auditable defect-likelihood and operational evaluation: an explicit defect-
likelihood field that fuses structural dissimilarity and normalized absolute difference
with central-region-based rescaling for stable thresholding, producing confidence-
ranked candidates that are characterized via PR/FROC and loU-sensitivity rather
than a single tuned threshold.

The remainder of this paper is organized as follows: Section 2 details the proposed
method, Section 3 presents the experimental results and analysis (including the evaluation
protocol), Section 4 discusses limitations and practical considerations, and Section 5 concludes
this paper.
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2. Proposed Methods

This section presents a training-free PCB defect-localization pipeline. For each query
image, it selects a defect-free reference template and outputs (i) an interpretable defect-
likelihood field and (ii) confidence-ranked bounding boxes. At a high level, the pipeline
performs coarse-to-fine template selection, constructs the defect-likelihood field by fusing
SSIM-based structural dissimilarity with normalized absolute difference, applies global
alignment only when it improves SSIM, and extracts sparse candidates via quantile thresh-
olding, morphology, and connected-components analysis (Figure 1).

o
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Figure 1. Overview of the proposed image processing framework for PCB defect localization.

2.1. Formulation

This work considers reference-based PCB inspection in which, for each defective query
image, one or more defect-free exemplars of the same PCB layout are available. Let I denote
a defective query image and 7 = {T;}X_, denote a library of defect-free templates. Here,
templates refer to defect-free reference images for the same PCB layout/revision (not defect-
type templates that enumerate defect categories). Consequently, the localization stage is
class-agnostic across defect categories: any defect that manifests as a localized deviation
from a valid defect-free reference can yield a response in the defect-likelihood field.

The goal is to output the following: (i) a spatial defect-likelihood field M(u,v) (higher
values indicate more likely defect) and (ii) a set of N axis-aligned bounding boxes with
confidence scores P = {(b;,s;)}X,, where each b; = [x y w h] denotes the top-left corner
(x,y) and the box width/height (w, h), and s; is a confidence score.

To stabilize similarity computation and threshold estimation, statistics are evaluated
on a central image region () parameterized by a margin with m pixels on all sides. The
margin m is computed from an area-avoidance ratio p € [0,1), which specifies the fraction
of the total image area to ignore.

2.2. Template Selection

All images are converted to grayscale and normalized to [0, 1] by an affine intensity
rescaling. Scalar SSIM is denoted by SSIM(+, -) [22]. Pixel coordinates are (u,v) (column,
row) and the image domainis X = {1,..., W} x {1,...,H}.

Similarity and thresholds are evaluated on an inner region () parameterized by a
symmetric margin m determined from an area-avoidance ratio p € [0, 0.95], where 0.95 is
an experimental upper limit to ensure a nontrivial inner region. With a margin m on all
four sides, the central area is (W — 2m)(H — 2m) and the remaining area is

WH — (W —2m)(H — 2m) = 2m(W + H) — 4m>. (1)
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Setting this equal to pWH yields the (smaller) quadratic root

(W+H) - /(W+ H)?—4pWH

and |m] is used as an integer padding. The inner region is
Q={(uv)eX:1+m<u<W-m, 1+m<v<H-—m}. ©)]

In implementation, this continuous expression is converted to an integer ROI with
explicit rounding and safety clamping; see Appendix A.1.

Given a query image I and template library {Tk}llle, the template is selected by
maximizing SSIM on the inner region at a designated selection resolution. Let | p (-) denote
isotropic resizing to satisfy max(H, W) < D and let N'(-) denote grayscale+normalization.
At selection scale Dgg,

Le) = N(i«Dsel (I))' Tk,sel = N(\I/Dsel (Tk))' (4)

To reduce computation, similarity is evaluated only within ). Denoting cropping by
Ca(-), the selection objective is

k* = arg max SSIM (CQ (Isel ) ’ CQ ( Tk,sel ) ) ’ (5)

ke{1,...K}
and the chosen template is T* = Tj.
To reduce selection time, a two-stage scheme is used: (i) a cheap preselect score at a

smaller max dimension Dpre to shortlist K5 candidates and (ii) SSIM refinement computed
only on that shortlist. Two suitable preselect scores are as follows:

(a—a, b—Db)
corr(a,b) = = , 6
) = i o=l + e ®
mad(a,b) = b Z la(u,v) — b(u,v)], (7)
| | (u,v)eQ

where a, b are vectorized values in () after mean subtraction (corr) or are directly compared
(mad). Correlation-style matching is a standard building block for template-based inspec-
tion and fast preselection [12,28,67]. Further details and implementation considerations
(including complexity, shortlist logic, and caching of preprocessed templates to amortize
decoding/resizing across queries) are provided in Appendix A.2.

2.3. Template Mapping and Defect-Likelihood Field

After selecting T*, a defect-likelihood field M(u,v) is constructed on a processing
grid. To control runtime, expensive stages (alignment, SSIM-map, and morphology) may
be downsampled by selecting a target long-side processed length Do and defining an
isotropic scale

. Dproc
T (1' max(Hy, Wy, Hr, Wr) ) ®
This yields
I =N(s (L), Ts =N(s (T7)). ©)

If needed, the query is resized to match the template grid. The implementation also
supports resolution presets and scales morphology/area parameters consistently with the
processing scale; see Appendix A.3.
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Although the proposed framework can operate without explicit alignment, in practical
AOQI settings a lightweight global alignment is highly recommended whenever small
placement shifts or mild rotations are expected. Because the defect-likelihood field is
computed pixel-wise, even minor global misalignment can produce widespread responses
that resemble false defects.

Let 79 denote a parametric global warp (translation or rigid) with parameters 6, and let
the warped query be I; o 7p. The alignment is estimated by maximizing an intensity-based
similarity inside the inner region (2,

>

= arg max p(Ma(Ls o), Ma(Ty)), (10)

where p is a correlation-like similarity and M denotes inner-region masking, i.e., pixels
outside () are set to zero. More general geometric matching formulations exist (e.g., via
epipolar-geometry constraints), but a lightweight global warp is sufficient under the fixture-
controlled imaging assumed in AOI lines [68].

Because defect content can bias the estimated warp, the transform is not applied un-
conditionally. Instead, the candidate warp is validated using SSIM gain on the inner region,

A = SSIM(Mq (L 0 15), M (Ts)) (11)
—SSIM(Ma (L), Ma(T.)). (12)

The alignment is accepted if A > Anin (a user-controlled safeguard); otherwise it is
rejected. Accordingly, the aligned (or unaligned) query is defined as

f— Is0 T5, A 2> Dmin, (13)

I, otherwise.

This acceptance rule makes alignment a practical robustness aid while limiting over-
correction in the presence of true defects.

To prevent outliers outside the central region from compressing the dynamic range
used for thresholding, a min—max rescaling is used whose extrema are computed over ()
ijjeq X(i,j). The operator R (X)
therefore performs min—-max normalization using extrema computed over pixels in ()

only. Define X{. = min; e X(i,j) and X0 = max

only, which prevents values outside () from compressing contrast in the region used for
threshold selection. The stabilizer € ensures numerical safety when maxn X ~ ming X.

X(u,v) — X
() “XBn (e,
Ra(X)(u,v) = ¢ Xitax — Xpyin T € (14)
0, (u,v) ¢ Q.

A local SSIM map is computed between I and T,. For a window centered at (u,0), let
i, it be local means, let o2, (7% be local variances, and let o7 be the local covariance. The
SSIM map value can be written as

2unt + C1) (2057 + C
S(u,0) = AT EC)201r £ Ca) (15)
(15 +put +C1)(o5 + 07 +Co)
where Cj, C; stabilize the ratio. This is converted to a structural dissimilarity map,
Dgsim(u,0) =1 — S(u,0). (16)
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In our implementation, the SSIM map is computed using MATLAB R2023a’s SSIM
function with explicitly specified parameters (window size/weighting and stabilizing
constants) for reproducibility; the exact values are reported in Appendix A.4. An absolute-
difference map is also computed

Dabs(u/v) = |T(M,Z)) - TS(L[,U)|. (17)
An additive fusion with weight w is used, followed by rescaling for stable thresholding;:

Mraw(u/ U) = Dssim(u/ U) =+ WRQ(Dabs)(ul U), (18)
M(u,v) = R (Mraw (1, 0)). (19)

In this interpretation, M(u, v) is a defect-likelihood signal: localized defects produce
concentrated peaks, while nuisance global mismatch (wrong template) tends to produce
broad responses.

2.4. Mask and Box Extraction

Defects are sparse, so a high-quantile threshold is chosen using pixels in () only:

0 =Qy({M(u,v) : (u,v) € Q}), (20)

where g € (0,1) is a sensitivity parameter.

For a finite set of values {z;}! ,, the g-quantile Q; is any value such that at least a
fraction g of samples are < Q, and at least a fraction (1 — g) are > Q. Using a high quantile
to set 0 is robust in this setting because true defects typically occupy only a small fraction
of pixels within ().

The initial binary mask is

Yo(u,v) = W¥[M(u,v) > 0] ¥[(u,v) € Q. (21)

To suppress speckle noise and consolidate defect blobs, a sequence of set operators
is applied to Yp within the inner region. Let B(r) denote a disk structuring element of
radius r, and let AreaOpen(-; Amin) remove connected components smaller than Ain. The
sequence is

Y; = AreaOpen(Yp; Amin), (22)
Y, = Y; @ B(r,), (23)
Y; =Y, ® B(ry), (24)
Y =Y AFq, (25)

where e is morphological closing, @ is dilation, and A is pixel-wise AND with the inner-
region mask (.

Connected components of Y are converted to axis-aligned bounding boxes b =
[x y w h]. Each component is assigned a confidence score using a robust statistic of
M inside the component. A stable choice is a high quantile:

si = Qg ({M(u,0) : (u,0) € C;}), gs € (0,1). (26)

Boxes are sorted by s; and mapped back to the original resolution if the processing
scale s < 1. For the exact connected-component scoring rule and supported alternatives
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(e.g., quantile/max/mean scoring), see Appendix A.5. Therefore, the final output of this
stage is a confidence-ranked set of detections

P = {(bi,si) 4, (27)

where each b; = [x y w h] is an axis-aligned bounding box, and s; is its confidence score
derived from the defect-likelihood field. In summary, the mask-and-box stage is controlled
by a small set of interpretable parameters: threshold quantile 4, minimum area Amin,
closing radius r,, dilation radius ry, and confidence quantile g5 (default g, = 0.95). These
parameters jointly control the false-positive/false-negative trade-off and the coarseness of

the resulting boxes.

2.5. Algorithm Summary

The proposed framework takes a defective query image and selects a reference tem-
plate from a small library using a coarse-to-fine strategy (cheap pre-screening followed
by SSIM refinement). If enabled, a global alignment is applied with an explicit acceptance
test based on SSIM gain on the inner region, limiting transforms biased by defect con-
tent. A defect-likelihood field is then constructed by fusing an SSIM-derived structural
dissimilarity map with a normalized absolute-difference map and applying an ()-based
rescaling. Finally, high-quantile thresholding and simple morphological post-processing
yield connected components that are converted into confidence-ranked bounding boxes.
Algorithm 1 summarizes the full procedure, while the mathematical operators and data

products are summarized in Figure 2.

) ( )\
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Figure 2. Mathematical overview of the proposed image processing framework.

71 https://doi.org/10.3390/526051541



Sensors 2026, 26, 1541

Algorithm 1 Template selection and defect localization

Require: Query image I, templates { T} }X_,,
parameters (p, w, q, qs, Amin, ¢, d, Dpres Dsel, Dprocs Ks, Amin)
Ensure: Detections P = {(b;,s;)} and defect-likelihood field M
1: Compute central region ) from area-avoidance ratio p
2: Preselect shortlist s (size K;) using a cheap score at resolution Dypye
3: Select template T* by maximizing SSIM on Q) over k € K at resolution Dy
4: Set processing scale s from Dproc and build processed images (I, T)
5. Optional alignment: estimate transform § and compute SSIM gain A on Q; accept if
A > Amin
Define aligned query I (either warped I; or ;)
7. Compute SSIM map S(u,v) between I and T
8: Compute dissimilarity maps Dgsim (#,v) = 1 — S(u,v) and Da(u,0) = |I(u,0) —
T (u,0)|
9: Fuse and rescale to obtain defect-likelihood field M
10: Threshold: 6 = Q;({M(u,v) : (u,v) € O})
11: Initial mask: Yy = W¥[M > 0] A W¥q
12: Cleanup: Y = AreaOpen(Yy; Amin) ® B(rc) ® B(ry)
13: Connected components {C;} — boxes {b;} and scores s; = Q,, ({M(u, ) : (u,v) € C;})
14: Map boxes back to original scale (if s < 1)

A

Computational Complexity

Let K be the number of available templates and Ks < K be the shortlist size after
preselection. Let Dpre, Dsel, Dproc denote the maximum long-side resolutions used for
(i) the cheap preselect score, (ii) SSIM refinement for template selection, and (iii) the
downstream processing grid, respectively. Using the common square-grid proxy, the
number of evaluated pixels scales as O(D?) at resolution D. Restricting computations to
the central region ) (via ROI cropping/masking) primarily changes constants. Per query
image, the coarse-to-fine template selection cost is

O(KD3

ore + Ks DZy), (28)

sel

where the first term corresponds to evaluating a cheap preselect score over all templates
at Dpre, and the second term corresponds to SSIM refinement over the shortlist at Dy
(dominant when enabled). After selecting T*, the downstream stages operate on the
processing grid at Dproc: (i) optional global alignment uses a correlation-based registration
objective (translation/rigid) and in practice scales near-linearly in the number of processed
pixels (often with FFT-accelerated correlation), (ii) the SSIM map uses a fixed window
size (constant window operations per pixel), and (iii) difference-map construction, ()-
based rescaling, quantile thresholding, morphology with fixed structuring-element radii,
and connected-components labeling are all O(D}%roc) up to small multiplicative constants.
Overall, the per-image runtime scales as

O(K D2y + Ks D2 + D2,00), (29)
and the dataset runtime is linear in the number of evaluated images. In practice, tem-
plate preprocessing (grayscale/normalization/resizing) can be cached, and choosing
Dpre < Do with Ks < K keeps selection tractable even for moderate template libraries.

2.6. Experimental Setup and Evaluation Protocol

Experiments use the PKU-Market-PCB dataset [3]. Defect classes are used only for
class-wise reporting; the localization pipeline itself is class-agnostic across defect categories
(while assuming a valid defect-free reference template for the same layout/revision). The
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dataset folder organization (templates, defective images, and Pascal Visual Object Classes
(VOC) annotations) is described in Appendix A.6. The proposed method is implemented
in MATLAB R2023a, and experiments are run on an Apple M1 processor with 8GB RAM.
The implementation configuration and hyperparameters are reported in Appendix A.7

2.6.1. Dataset

Although the proposed method employs training-free image processing that produces
an explicit defect-likelihood field M(u,v) and interpretable intermediate maps, the final
outputs are evaluated using standard box-level localization metrics, which facilitates
comparison with established benchmarks in the AOI and object-detection literature. For
broader context on automated optical inspection in electronics manufacturing and recent
perspectives on PCB defect detection, see the comprehensive surveys in [69,70]. Table 1
summarizes the evaluated dataset, including image resolution and annotation statistics.

Table 1. Dataset summary.

Item Value

Defective images (run) 693

Evaluated images (with GT XML) 693

Defect-free templates 10

Defect classes 6

GT objects (total) 2953

Median resolution (W x H in pixels) 2868 x 2159
Resolution range (W x H in pixels) 2240-3056 x 1586-2530

2.6.2. Detections and Confidence

For each query image, the method outputs a set of axis-aligned detections P =
{(bi,sj)}f\fl, where each b; = [x y w h] is the bounding box of a connected component
extracted from a thresholded version of M(u,v) (Section 2.4). Each detection is assigned
a confidence score s; computed as a robust statistic of M values inside the component (a
high-quantile score is used so that a higher s; indicates stronger evidence of a localized
peak). For the exact component-to-box confidence definition used in the implementation,
see Appendix A.5.

2.6.3. Ground Truth and Intersection-over-Union (IoU) Matching

Ground-truth annotations are axis-aligned Pascal VOC boxes. For each query image,
let G = { gj}]N:Gl denote the set of ground-truth boxes. Detections are matched to ground
truth using a greedy one-to-one assignment within each image: detections are processed in
descending confidence order, and a detection b; is matched to an as-yet-unmatched g; if
ToU(b;, g]-) > Tiou (each detection matches at most one ground-truth box and vice versa).
Unmatched detections are counted as false positives, and unmatched ground-truth boxes
are counted as false negatives.

Unless noted otherwise, 1j,y = 0.10 is used because detections are derived from
thresholded connected components rather than tight box regression.

2.6.4. Fixed Operating Point (Counts and F1)

Given a score threshold t, detections with s; > t are retained and dataset-level counts
(after per-image one-to-one matching) are computed: true positives TP(t), false positives
FP(t), and false negatives FN(t). Precision, recall, and F1 are
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. B TP(t)
Precision(t) = TP(E) + FP(F) ¢’ (30)
_ TP(t)
Recall(t) = T T N ¢ (1)
F1(t) 2 Precision(t) Recall(t) (32)

" Precision(f) + Recall(t) + €

where € > 0 is a small numerical stabilizer (e.g., 10~'2) used only to avoid division-by-
zero in degenerate cases (e.g., when TP(t) 4+ FP(t) = 0); it does not affect results when
denominators are nonzero.

For completeness, we also report a detection accuracy that does not require defining
true negatives (TN), which are not well-defined for variable-length detection outputs:

TP(t)
TP(t) + FP(t) + EN(t) + €’

Accuracy(t) = (33)

2.6.5. Avoiding Threshold Selection on the Reported Set

To avoid optimistic bias from selecting ¢ on the same set used for reporting, operating-
point metrics are reported using K-fold cross-validation: in each fold, the score threshold
t* is chosen to maximize F1(t) on the calibration split (the union of the other K — 1 folds),
and precision/recall/F1 are then computed on the held-out fold using this fixed threshold.
This work reports the mean =+ standard deviation across folds. For continuity with the
original submission and to aid interpretation of class-wise behavior, this also includes a
reference operating point obtained by selecting t* on the full evaluated set; this reference is
explicitly labeled and is not used as the primary estimate of generalization performance.
Implementation details for the cross-validated operating point selection are provided in
Appendix B.1.

2.6.6. Threshold-Sweep Metrics (PR/AP, AP-Versus-loU, and FROC)

To summarize performance across confidence thresholds, the precision—recall curve
is constructed by ranking all detections across the dataset by confidence s; and sweeping
down this global ranked list. True/false positives are determined using the matching
protocol described above at the specified 1j,y [71,72]. Average precision (AP) is computed
from this PR curve using a precision envelope and piecewise integration over recall (the
VOC07 11-point approximation is disabled in the evaluation script).

To quantify sensitivity to localization stringency, AP is also computed across multiple
IoU thresholds. In particular, (i) a custom sweep T,y € {0.10,0.20,...,0.90} and (ii) a
COCO-style sweep T,y € {0.50,0.55,...,0.95} are reported. When multiple IoU thresholds
are considered, mean Average Precision mAP is reported as the mean AP across the
specified thresholds.

For operational analysis, free-response receiver operating characteristic (FROC) curves
are reported by sweeping score thresholds. For a threshold ¢, let Njmg be the number of
evaluated images, let NgT be the total number of ground-truth boxes, and let Ni(éng be
the number of images containing at least one ground-truth box. The following quantities
are defined:
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FP/image(t) = Z\;Pi(:—)e' (34)
img
TP(t
Recallyyi(t) = NGT(—i-)e’ (35)
Nimg ()

NET ¢’

img

Recallimg(t) = (36)

where Ng:g(t) is the number of ground-truth-containing images for which at least one
detection is a matched true positive (TP) at threshold ¢. In this paper, FROC plots and
operating-point tables use object-level recall Recally() versus FP/image(t); image-level
recall is included for completeness. The exported threshold grid and image-level recall
computation used to generate the FROC bundle are described in Appendix B.2.

At the dataset level, Ngt = TP(t) + FN(t); therefore, Recall(#) and Recall,;(t) are nu-
merically equivalent. Accordingly, Recallyy(#) is used in the FROC definition to emphasize
the object-level nature of the curve.

For completeness, explicit definitions for IoU on [x y w h] boxes and the AP computa-
tion used in our evaluation are provided in Appendices B.3 and B.4.

3. Experimental Results and Analysis

This section reports qualitative examples and quantitative localization performance
under the experimental setup and evaluation protocol described in the previous subsection.
The method produces confidence-ranked detections P = {(b;,s;)} from an explicit defect-
likelihood field M(u,v); therefore, results are presented both at a fixed operating point
(counts and precision/recall/F1) and across confidence thresholds (precision-recall, AP,
and FROC).

All quantitative results in this section are reported on 693 evaluated query im-
ages under the adopted IoU matching protocol (Section 2.6). Threshold-sweep curves
(PR/AP/FROC) are computed on the full set. For fixed-threshold operating-point metrics,
this work reports K-fold cross-validated results (mean = std) to avoid selecting thresholds
on the same set used for reporting.

For reference and continuity with prior results, the manuscript also reports descriptive
counts at a reference best-F1 threshold selected on the full evaluated set (explicitly labeled
as reference).

3.1. Qualitative Results and Failure Modes

Figure 3 shows representative TP cases where the proposed mapping produces lo-
calized peaks in M(u, v) that translate into axis-aligned bounding boxes overlapping the
annotated defects. While the boxes are not optimized to tightly fit the defect boundary
(they are derived from thresholded connected components), they consistently localize the
defect region and provide a monotonic confidence score s; for ranking.

Figure 4 shows representative false positive (FP) cases. In practice, FPs tend to
arise from nuisance variability that produces structured responses in the SSIM/ difference
maps, such as residual global misalignment, illumination drift, or local texture/reflectance
changes that are not labeled as defects. A qualitative review of these cases suggests that
many FPs stem from two primary sources: (i) structured nuisance variability such as
residual global misalignment, illumination drift [73], or local texture changes that are
not true defects, and (ii) actual defects that are present in the images but are missing
from the corresponding Pascal VOC XML annotation files. Because this work operates
strictly under the provided ground-truth labels without resorting to relabeling or manual
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verification, all reported metrics faithfully reflect the adopted box-matching protocol and
evaluation set. The presence of unlabeled defects in the FP set underscores the importance
of careful annotation in benchmark datasets and suggests that true recall may be higher
than reported. These observations underscore the value of the optional alignment safeguard
and careful template selection, which are most influential in reducing nuisance-driven
artifacts. Moreover, the confidence-ranked outputs and FROC curves (Section 3.6) enable
operational threshold selection based on a tolerable false-alarm budget in production,
allowing practitioners to adjust operating points according to their acceptable FP/image
rate and trade recall for lower false-alarm burden when necessary.
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Figure 3. Example true positive cases (red: ground truth; green: proposed detection).

Figure 5 provides representative visual evidence for the observed Spur false negatives
(all four FNs in the per-class breakdown). These cases are consistent with thin/fragmented
structures producing a weaker or spatially discontinuous response under the current high-
quantile thresholding and morphology settings, which can suppress small components
or yield boxes that fail the one-to-one IoU matching criterion. Because the pipeline is
deterministic and controlled by interpretable parameters (g, Amin, 7c, 74, s ), this behavior
reflects an explicit operating trade-off that can be adjusted (as also summarized by the
FROC curve in Section 3.6).
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Figure 4. Example false positive cases (red: ground truth; green: proposed detection).
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Ground-truth

g h i i k 1
Figure 5. Example false negative case (red: ground truth; green: proposed detection; (a—f) are

corresponding crop regions of the Top FN montage; (g,i,k) are crop regions of the query image;
(h,j 1) are crop regions of the reference ground-truth image).

3.2. Template Selection Quality and Practical Failure Causes

The exported per-image diagnostics show that template selection is typically highly
stable (template SSIM values are near 1.0 for the majority of images), but rare outliers
can occur, which are consistent with occasional template mismatch or nontrivial capture
variation. On the 693 evaluated images, the per-image template SSIM has median ~ 0.9991
(p5 =~ 0.9976), while a small number of outliers fall below 0.99 (4/693 images) and one
extreme case reaches as low as ~ 0.4967. These outliers are practically important because
low similarity can inflate structured responses in M(u,v) and therefore increase false
positives under fixed post-processing parameters.

3.3. Quantitative Summary at the Adopted Operating Point

Table 2 reports per-class detection counts (TP/FP/FN) and the resulting preci-
sion/recall/F1 under the adopted IoU matching protocol at a reference best-F1 operating
point selected on the full evaluated set. Overall, the method achieves TP = 2949, FP = 103,
FN = 4, yielding Precision = 0.9663, Recall = 0.9987, and F1 = 0.9822 at this reference
threshold. Cross-validated operating-point results (mean = std across folds), which avoid
threshold selection on the reported set, are provided in Table 3. In this revision, we
treat these cross-validated operating-point results as the primary generalization-oriented
summary, while the full-set best-F1 operating point is retained only as a clearly labeled
reference point.

Across defect types, performance is broadly consistent. The main deviations are
informative: all four missed defects (FN = 4) occur in the Spur class, suggesting a small
subset of cases where the defect response is weaker or more fragmented under the current
post-processing parameters. This behavior is expected in a deterministic pipeline and can
be addressed by adjusting the interpretable parameters (g, Amin, 7c, 74, qs) for the desired
false-positive/false-negative trade-off.
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Table 2. Reference operating-point detection counts and metrics (threshold selected on the full
evaluated set).

Class TP FP FN Prec. Rec. F1 Acc.

Missing_hole 497 22 0 09576  1.0000 09784  0.9576
Mouse_bite 492 20 0 0.9609 1.0000 0.9801  0.9609
Open_circuit 482 8 0 0.9837  1.0000 09918  0.9837
Short 491 18 0 0.9646  1.0000  0.9820  0.9646
Spur 484 19 4 09622  0.9918 09768  0.9546
Spurious_copper 503 16 0 09692  1.0000 0.9843  0.9692
Overall 2949 103 4 09663  0.9987  0.9822  0.9650

Table 3. Cross-validated operating-point metrics (mean =+ std across folds).

Metric Mean + Std Notes
Threshold 0.322 £+ 0.053 K=5,IoU=0.10
Precision 0.980 + 0.008

Recall 0.997 + 0.003

F1 0.988 + 0.004

FP per image 0.088 4 0.035

3.4. Precision—Recall Characteristics Across Confidence Thresholds

Because detections are confidence-ranked by s;, varying the acceptance threshold
induces a precision-recall (PR) trade-off. Figure 6 reports the overall PR curve and the
per-class PR curves, summarizing how precision changes as recall increases and which
defect types degrade earlier as the threshold is lowered.

] Overall PR (matching) PR Per-class PR curves
I
!
0.995 - B :
0.95 : I-'b —— Missing_hole
0.99 1 iy — — Mouse_bite
c c igi Open_circuit
8 2 I —— Spur
§ 0.98 o :,'i Spurious_copper
i)
0.975 1 {0855
|
|
0.97 1 i
0.8
0.965 ‘ : ‘ : : s ‘ ‘ |
0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1
Recall Recall

@) (b)

Figure 6. Precision—recall curves under the IoU matching protocol. (a) Overall PR curve. (b) Per-class
PR curves.

In AQOI practice, this view is useful because the operating point is chosen based on
the acceptable false-alarm burden in production. In addition, the PR curves validate that
the proposed confidence score is informative: a meaningful ranking yields a PR curve that
maintains high precision over a wide recall range.

3.5. Sensitivity to Matching Stringency (AP Versus IoU)

Figure 7 reports average precision as a function of the IoU threshold. As the IoU
requirement becomes stricter, AP decreases because the proposed detections are derived
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0.8

AP (overall)

0.4
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0
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from thresholded map components and are not explicitly optimized to tightly fit the
ground-truth boxes. In particular, because our boxes are obtained by extracting connected
components and enclosing them with axis-aligned rectangles, 1,y = 0.10 should be
interpreted as a permissive matching criterion for region-level localization (component
fragmentation/merging can yield looser boxes even when the detected region overlaps the
defect). Consequently, the decline in AP at higher IoU thresholds primarily reflects box
tightness/placement mismatch rather than an inability to detect defect regions. Quantita-
tively, the exported AP-IoU sweep shows high AP at the adopted low-stringency regime
(overall AP ~ 0.984 at IoU = 0.10) but a pronounced decline at stricter thresholds (overall
AP ~ 0.572 at IoU = 0.50), approaching near-zero at very strict IoU (e.g., >0.80). This plot
is therefore included to transparently characterize localization-stringency sensitivity rather
than to claim pixel-tight bounding-box regression.

Overall AP vs loU threshold AP vs loU (per-class)

1 H
i < —e—Missing_hole
. A —4- Mouse_bite
| S \ Open_circuit
0.8 \.\‘ \\ —«-Short
* \ |~ Spur
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—e— Custom loU sweep (0.10:0.10:0.90)
—=— COCO-style loU sweep (0.50:0.05:0.95) 0 | | | ‘ Se. . )
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loU threshold loU

(@)

Figure 7. AP versus IoU threshold. (a) Overall AP versus IoU threshold, including custom IoU sweep
and optional COCO-style mAP summary. (b) Per-class AP versus IoU threshold.

For completeness, Table 4 first summarizes representative overall AP values at selected
IoU thresholds, and Figure 7 then visualizes the full AP-versus-loU behavior, including
both the overall curves (custom and COCO-style sweeps) and the per-class curves.

Table 4. AP at representative IoU thresholds (overall).

AP
IoU

0.05
0.985

0.10
0.984

0.20
0.977

0.30
0.927

0.40
0.808

0.50
0.572

3.6. False-Alarm Rate Versus Recall (Or FROC)

For deployment, a key question is how many false alarms must be tolerated to achieve
a target recall. Figure 8 reports FROC curves, which summarize recall as a function of the
false positive rate (e.g., false positives per image) as the confidence threshold varies. This
view complements PR curves by emphasizing the operational cost of additional recall.

At the adopted operating point (Table 2), the system attains Recall = 0.9987 with
FP/image ~ 0.149. In practice, Figure 8 is used to choose an operating threshold based
on an allowed FP/image budget; the exported FROC curve enables selecting alternative
thresholds to trade a small recall reduction for a lower false-alarm burden.
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Figure 8. Operational views for threshold selection. (a) Free-response receiver operating characteristic

(b)

FROC curves. (b) True positive and false positive score distributions histograms.

3.7. Score Separability of True and False Detections

Figure 8 compares the confidence-score distributions of true positives and false pos-
itives. A clear separation indicates that the confidence score s; provides a meaningful
ranking signal, enabling threshold selection to trade precision for recall. Overlap between
TP and FP score distributions highlights ambiguous cases (e.g., residual misalignment

or illumination-driven artifacts) that can be addressed by improving template selection,
enabling alignment when appropriate, or adjusting the mask-and-box parameters.

3.8. Quantitative Runtime Breakdown

Beyond asymptotic scaling, an empirical runtime breakdown of the reference imple-

mentation by stage is reported in Table

5.

Table 5. Runtime breakdown by stage (reference implementation).

Time (s/Image)

Stage

Template selection (total) 0.242
Preselect 0.109
SSIM refine 0.033

Localization (total) 0.793
Preprocess 0.043
Resize 0.059
Align 0.368
Score map 0.048
Mask 0.073
Boxes 0.004

Total 1.035

4. Discussion

The proposed framework targets practical AOI where defect-free references are avail-

able and decisions must be reliable, auditable, and deployable without a training lifecycle.
Operating-point metrics are summarized using K-fold cross-validation to avoid selecting
thresholds on the reported set (Table 3), while a reference best-F1 operating point on the
full set is retained for descriptive continuity (Table 2). Under the adopted IoU matching
protocol, confidence-ranked outputs support operational interpretation via PR/FROC
sweeps (Figures 6 and 8) and IoU-sensitivity via AP-versus-loU analysis (Figure 7).
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4.1. Why the Method Works in Practice

Robustness comes from explicitly controlling nuisance variability and using structure-
aware comparison: template selection reduces systematic mismatch, optional alignment is
gated by SSIM gain to avoid defect-driven over-correction, and the fused defect-likelihood
field combines SSIM-derived structural dissimilarity with normalized absolute difference
to handle both structural and radiometric changes (e.g., illumination drift). Together, these
choices yield a confidence score that is informative for ranking, consistent with the PR and
FROC behavior.

4.2. Class-Wise Behavior and Failure Modes

Per-class performance is broadly consistent; the main deviation is that the only missed
defects (FN = 4) occur in the Spur class (Table 2), where responses can be weaker or
more fragmented under the current post-processing. This is expected in a determinis-
tic connected-components-to-box stage (threshold/area/morphology can suppress fine
structures), and recall can be increased by adjusting (q, Amin, e, 4, §s) with the resulting
FP/image quantified by the FROC curve.

4.3. Operating-Point Selection and Localization Stringency

Operating-point metrics are reported using K-fold cross-validation to avoid selecting
thresholds on the same set used for reporting (Section 2.6). In practice, deployment
typically selects thresholds based on an allowable false-alarm budget; Figure 8 and Table 6
make this trade-off explicit. Accordingly, FROC (object-level recall versus FP/image) is
recommended as the primary operational view, with PR as a complementary precision
summary. The adopted matching threshold i,y = 0.10 reflects that detections are derived
from thresholded connected components rather than tight box regression; consequently,
AP decreases as IoU becomes stricter (Figure 7), indicating a design choice favoring reliable
region localization for QC over pixel-tight boxes. To avoid over-interpreting performance
under low-stringency matching, the Results section summarizes AP at representative
moderate IoU thresholds and provides the full AP-versus-loU sweep. If tighter boxes are
required, a lightweight post-processing refinement (e.g., contour-based tightening) can be
added without changing the detection ranking.

Table 6. Example operating points derived from the exported FROC curve (object-level recall versus
FP/image).

Operating Point FP/Image Recall Notes

Adopted threshold 0.149 0.9987 From Table 2

scoreThr = 0.7712 (max recall with
Low-false-alarm 0.049 0.7057 FP/image < 0.05)
High-recall 0.079 0.9939 scoreThr = 0.4441 (min FP/image

with recall > 0.99)

4.4. Limitations and Practical Considerations

The method assumes defect-free templates of the same PCB layout/revision, which is
realistic in many manufacturing settings and helps resolve defect-versus-intent ambiguity;
however, this assumption also defines the primary limitations:
¢ Layout/revision mismatch or wrong template: if the selected template does not corre-

spond to the same board revision (or if no valid template exists), reference comparison

can yield structured false-positive regions that mimic defects. Coarse-to-fine template
selection mitigates mild mismatch, but it cannot correct true design changes; in such
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cases, the correct remedy is updating the template library (or enforcing recipe-based
template selection in fixed-product lines).

e  Perspective/projective distortion and nonrigid deformation: the SSIM-gated align-
ment improves robustness to small global shifts/rotations, but larger viewpoint/
perspective changes remain out of scope. When the imaging geometry is not fixture-
controlled, residual misregistration can dominate difference/SSIM maps and reduce
localization quality.

*  Heavy illumination non-uniformity and reflectance drift: normalization and the fused
SSIM/ difference design reduce sensitivity to global brightness drift; however, strong
spatially varying illumination (e.g., vignetting, hotspots, and specular highlights)
can still introduce structured responses in the defect-likelihood field and increase
false positives.

*  ROlIl-based statistics and border effects: evaluating thresholds and similarity on the
central region () improves robustness to border artifacts, but defects near the excluded
border can have reduced influence on thresholding statistics. If border defects are
critical, the ROI margin should be reduced (with the expected trade-off of higher
nuisance sensitivity).

¢  Component-derived boxes are not tight boundaries: detections are produced from
thresholded connected components, so bounding boxes are intended for reliable
region localization rather than pixel-tight boundaries. This is why AP drops at stricter
IoU thresholds (Figure 7); if tighter boxes are required, a lightweight contour-based
tightening step can be added without changing the detection ranking.

Finally, this revision does not include trained deep learning baselines; because training-
based results can be sensitive to split definition and training/engineering choices, we treat
such comparisons as out of scope here and instead report explicit PR/AP/FROC and
IoU-sensitivity analyses under a fully specified protocol.

4.5. Future Work

Future work includes the following: (i) automatic threshold recommendation for a
specified FP/image budget from the exported FROC curve; (ii) lightweight box tightening
to improve IoU without retraining; (iii) broader alignment models (e.g., rigid/affine)
while retaining an SSIM-gain acceptance gate; (iv) per-template caching and template-
library management for scale; and (v) computational/implementation optimizations (early
exits, efficient SSIM/ difference computation, downsampling-aware parameter scaling, and
fixed-point/embedded-friendly variants) with evaluation on single-board computers or
microcontrollers.

5. Conclusions

This work addresses defect-intent ambiguity in PCB AQOI by presenting a training-free,
reference-based defect localization framework designed for deployments where inter-
pretability and controllable false-alarm rates are critical. The method selects a compatible
defect-free reference via coarse-to-fine matching, applies global alignment only when it
increases SSIM (to avoid defect-driven over-correction), and forms a defect-likelihood
field by fusing SSIM-derived structural dissimilarity with normalized absolute differences;
confidence-ranked detections are then produced via connected-component extraction.

To support deployment-oriented decision making, we report precision-recall and
FROC curves rather than advocating a single universal threshold. At the adopted operating
point, the method achieves 0.9987 recall at 0.149 FP/image, and operating-point metrics
are additionally reported using K-fold calibration/test thresholding to avoid selecting
thresholds on the same set used for reporting (with a full-set best-F1 threshold retained
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only as a clearly labeled reference point). Under the adopted box-matching protocol with
Tou = 0.10, average precision reaches 0.984, and AP-versus-loU sweeps transparently
characterize sensitivity to stricter localization requirements. The primary limitation is the
need for defect-free templates of the same PCB layout/revision; within this setting, the
approach provides a reproducible and auditable alternative to training-based inspection by
flagging only statistically and structurally supported deviations for review.
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Abbreviations

The following abbreviations are used in this manuscript:

Acc. Accuracy

Al Artificial Intelligence

AOI Automated Optical Inspection
AP Average Precision

EMC  Electromagnetic Compatibility
EMI Electromagnetic Interference
F1 F1 Score

FN False Negative

FP False Positive

FROC  Free-response Receiver Operating Characteristic
GT Ground Truth

IoU Intersection over Union

mAP mean Average Precision

PCB Printed Circuit Board

PI Power Integrity

PR Precision—Recall

QC Quality Control

RAM  Random-Access Memory
ROI Region of Interest

SI Signal Integrity

SSIM  Structural Similarity Index
TN True Negative

TP True Positive

VOC  Visual Object Classes

XML  Extensible Markup Language
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Appendix A. Implementation Details and Parameter Scaling

This appendix describes implementation-faithful computations that affect reproducibil-
ity of the proposed method, including template preselection, ROI discretization, component-
to-box confidence scoring, and processing-scale parameter scaling.

Appendix A.1. Discrete ROI Construction from the Area-Avoidance Ratio

The manuscript derives a continuous border thickness m from the area-avoidance
ratio p. The reference implementation applies an explicit discretization and safety clamp.
Given image size W x H and p € [0,0.95], define the discriminant

A= (W+H)?—4pWH, A+ max(0,A), (A1)

and compute the smaller root

m— WHH) = VA (A2)
4
The integer padding is then
padPx = |max(0,m)|, (A3)

followed by a clamp to prevent degenerate inner regions,
padPx <— min (padPx, ij — 1). (A4)
The resulting ROl is the axis-aligned inner rectangle
Q={(u,v): 1+ padPx <u <W —padPx, 1+ padPx < v < H — padPx}, (A5)
and pixels outside () are excluded from thresholding and post-processing.

Appendix A.2. Template Preselection Score and Shortlist Logic

To accelerate template selection, the implementation uses a cheap preselection score
computed for all templates at a small working resolution and then refines SSIM only on
a shortlist.

In the reference implementation, the preselection images are computed at max long-
side Dpre and are restricted to the same central region () used elsewhere: pixels outside ()
are either set to zero (masking) or excluded by cropping, depending on whether SSIM is
evaluated by masking or ROI-cropping.

Let Ipre and T pre denote the preprocessed (grayscale, normalized, and resized) query
and template images at the preselection resolution. Two preselection scores are supported:

1 2
mad(Iprer Tk,pre) = _E Z ’Ipre(P) - Tk,pre(P) ’ (A6)
p=1
Iore — 1, Tore —
corT ( Iprer Tk,pre) < pre — M1, Lkpre .uT> (A7)

B ||Ipre - nule HTk,pre - ,uTHZ +¢€’

where p indexes vectorized pixels,  is the number of pixels, and yj, yt are the mean pixel
values of the respective preselection images.

Both scores are maximized: corr is a normalized (mean-subtracted) correlation, while
mad is defined as the negative mean absolute difference so that smaller pixel-wise devia-
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tions yield larger scores. The stabilizer € prevents numerical issues when the variance is
near zero.
The shortlist is defined as the index set of the top-K; templates under the chosen score,

Ks = TopK({score(Ipre, Tk,pre)},lle, Ks), (A8)

and SSIM refinement is then computed only for k € s on the selection resolution and
inner region Q).

The computational complexity of template preselection can be summarized as follows.
Let K be the number of templates, and let Ppre denote the number of evaluated pixels in ()
at the preselection resolution; using the common square-grid proxy, Ppre = O(D2,). Com-

pre
puting either mad or corr for a single template is linear in Ppre, s0 scoring all templates is

O(K Ppre) = O(K D3y (A9)

Constructing the shortlist can be implemented either by (i) sorting all K scores, which
costs O(KlogK), or (ii) using a top-K; selection routine (e.g., partial sort/heap/selection),
which costs O(KlogKs) (or O(K) expected time for selection-based methods) when K; <
K. The subsequent SSIM refinement cost is dominated by evaluating SSIM on K candidates
at selection resolution, i.e.,

O(KsD2)), (A10)

sel

with smaller constants when SSIM is computed on the cropped ROI ) rather than on the
full image. In practice, grayscale conversion and resizing of templates can be cached to
amortize per-query preprocessing and reduce I/O overhead.

Appendix A.3. Processing Resolution Presets and Parameter Scaling

To reduce runtime on high-resolution images, the implementation optionally runs the
core localization stages on a downsampled processing grid and maps outputs back to the
original resolution.

Let L be the maximum long-side length among the query and selected template, i.e.,

L= max(HI, W[,HT, WT). (A11)

Given a preset target long-side length Ltarget (e.g., 1280 for “720p”, 854 for “480p”), the
isotropic processing scale is

. Ltarget
s = min (1, I ) (A12)

When s < 1, both images are resized by s prior to registration, score-map computation,
and mask extraction.

To maintain approximately consistent behavior across scales, morphology and area
parameters are scaled when enabled. Denoting original parameters (Amin, 7c, 74) and scaled

parameters (A’

ins Ter 1)), the implementation uses

tiin = max (1,round(Amins?)), 7. = max (1,round(r.s)), ry = max (1, round(rys)), (A13)

where round(-) denotes rounding to the nearest integer (as in the reference implementation).
Finally, predicted boxes are mapped back to the original grid by scaling their [x y w h]
coordinates by 1/s.

Appendix A.4. SSIM-Map Implementation Details

The SSIM map is computed using MATLAB R2023a’s SSIM to obtain the per-pixel
similarity map (second output). For reproducibility, the reference implementation uses
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grayscale images normalized to [0, 1] (dynamic range L = 1) and evaluates SSIM with
explicit parameters: DynamicRange = 1, K; = 0.01, K = 0.03, GaussianWeights = true,
and WindowSize = 11 (square window). Under MATLAB’s SSIM definition, C; = (K;L)?
and C; = (KyL)?, so with L = 1 the stabilizing constants are C; = 1 x 10~* and
C, = 9 x 10~ For robustness across MATLAB versions, the reference implementation
attempts to call SSIM with the above name-value parameters and fall back to the default
SSIM(A,B) if a given option (or per-pixel map output) is unsupported; if the per-pixel map
output is unavailable, it falls back to using the scalar SSIM value to form a constant map.

Appendix A.5. Detection Confidence Score from Connected Components

The implementation forms detections by connected components of the binary mask
and assigns each component a confidence score computed from the defect-likelihood map
values within that component.

Let Y be the final binary mask. Let {Ci}zN:Cl denote the connected components of Y.
Let M denote the defect-likelihood (score) map used for thresholding. Each component
yields an axis-aligned bounding box b; and a scalar confidence score s; computed by a
configurable statistic over {M(u,v) : (u,v) € C;}. The default implementation uses a
robust quantile score:

si = Qu. ({M(u,0) : (u,v) € Cj}), gs = 0.95. (A14)

For completeness, the implementation also supports s; = max, ,)cc; M(u,v) ors; =
1
Ic Z(u,v)ec,» M(u/v>'

Appendix A.6. Data Availability

The dataset and code availability are summarized in the Data Availability statement
in the main text. If access issues arise during peer review, the code and evaluation scripts
can also be provided by the corresponding author upon reasonable request.

For reproducibility, the experiments in this paper use the PKU-Market-PCB dataset [3]
with the following dataset organization under dev/PCB_DATASET/:

¢ Defect-free template images: PCB_USED (Defect-free)/;

®  Defective query images: images(Defective)/ (organized by defect type, e.g.,
Missing_hole, Mouse_bite, Open_circuit, Short, Spur, Spurious_copper);

*  Bounding-box annotations: Pascal VOC XML files under Annotations/ with the same
defect-type subfolder structure as images (Defective)/.

Appendix A.7. Implementation Configuration Used in Experiments

For reproducibility, Table A1 summarizes the key configuration values used to gen-
erate the reported results and figures in this manuscript using the mathematical notation
introduced in the main text and Appendix B.2. The rightmost column provides the corre-
sponding configuration field in defaultConfig() (dev/v0_14_eval2_releasel.m).

Table A1. Experiment configuration in manuscript notation (mapped to implementation cfg).

Symbol  Value Used in Experiments Implementation Mapping

p p = 0.07 (area-avoidance ratio for ROI border exclusion) cfg.roi.avoidAreaRatio (with cfg.roi.enable = true)

q q = 0.995 (threshold quantile on () for mask extraction) cfg.mask.quantile

Anmin Amin = 150 px (minimum connected-component area) cfg.mask.minAreaPx (scaled when resizing is enabled)

Te e = 6 px (morphological closing radius) cfg.mask.closeRadiusPx (scaled when resizing is enabled)

rq 74 = 2 px (morphological dilation radius) cfg.mask.dilateRadiusPx (scaled when resizing is enabled)
= ¢ 3 )

qs gs = 0.95 (component confidence quantile) cig.bbox. scoreMethod quantile’,

cfg.bbox.scoreQuantile = 0.95
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Table A1. Cont.

Symbol  Value Used in Experiments Implementation Mapping
w Zj; 0')3 5 (absolute-difference weight in M = (1= SSIMmap) + o 4:ce apepisueight (with cfg.diff. useAbsDiff = true)
abs
. . . cfg.registration.validateTransform = true,
. o =0. > .
Amin Amin = 0.0 (accept alignment iff SSIM gain A > Apin on () cfg.registration.minSSIMGain = 0.0
TioU Tiou = 0.10 (IoU threshold for TP/FP/FN matching) cfg.eval.iouThreshold = 0.1
Dpre Dpre = 128 px (max long-side for preselect score) cfg.templateSelect.preselect.maxDim
s Ks = 3 (shortlist size after preselect) cfg.templateSelect.preselect.topK
Dy Dsel i 426”px (max long-side for SSIM refinement; cfg.templateSelect.downscalePreset = ¢240p’
preset “240p”)
Dproc Dproc = 1280 px (max long-side for processing; preset “720p”) cfg.resize.enable = true, cfg.resize.preset = ‘720p’
Ty translation-only transform model for alignment cfg.registration.type = ‘translation’
ROI eval SSIM/refinement computed on cropped ROT ) cfg.templateSelect.useROICropForSSIM = true

(faster than masking)

Appendix B. Evaluation and Metric Definitions

This appendix collects explicit metric definitions and evaluation-protocol computa-
tions used to produce the reported PR/AP/FROC results under the adopted IoU match-

ing protocol.

Appendix B.1. Operating-Point Threshold Selection (Option A: Best F1)
This paper reports a single reference operating point using Option A (best F1). This

operating point is selected from the confidence-ranked detections produced by the pipeline.

Let {(s;,y;) }X denote all detections across the evaluated dataset, where s; € R is the
confidence score, and y; € {0,1} indicates whether the detection is a TP under the adopted
per-image greedy one-to-one IoU matching (with y; = 1 for TP, and y; = 0 for FP). Let Ng

be the total number of ground-truth boxes across the evaluated images.

Sort detections by score in descending order, producing an ordering 7 such that

Sr(1) = Sr(2) = *** = Sp(n)- Define the cumulative counts

k k
i=1 i=1
The corresponding precision, recall, and F1 sequences are
_ TP (k)

P(k) = TP(k) + FP(k) + €’ (A6)

TP(k)
R(k) = ———, Al17
() = §o e (A17)
Fl(k) = — 2L R(k) (A18)

P(k) +R(k) + ¢

The best-F1 index is k* = arg max, F1(k), and the operating-point threshold is cho-

sen as

i'* = sn(k*)'

(A19)

All detections with s; > t* are retained to compute the reported operating-point counts

and metrics.

For the cross-validated operating-point estimates reported in the main text, we use

K = 5 folds. Evaluated images (those with available Pascal VOC ground-truth XML)
are randomly permuted using a fixed implementation seed and assigned to folds in a
round-robin manner; in each fold, t* is selected on the calibration folds and metrics are
computed on the held-out fold.
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Appendix B.2. FROC Computation and Image-Level Recall

The evaluation exports FROC curves by sweeping a finite set of score thresholds
derived from the score distribution.

LetS = {si}fi 1 be the set of all detection scores across the evaluated dataset. This work
defines a set of candidate thresholds by sampling quantiles of S. Let Q = {0, %, ..., 1} (50
evenly spaced quantile levels) and define

T = unique({Q4(S) : g € Q}), (A20)

then sort 7 in descending order.

For each threshold t € T, this work retains detections with s; > t and compute
dataset-level counts TP(t), FP(t), FN(t) by performing greedy one-to-one matching within
each image (each ground-truth box matches at most one detection and vice versa) under
the adopted IoU threshold. Let Nimg denote the number of evaluated images that have
available ground-truth annotations, and let Ngr denote the total number of ground-truth
boxes across those images.

The object-level FROC quantities are

EP(t)

FP/image(t) = Nt e Recall g (t)
lmg

_TP()
- Ngr+e

(A21)

Image-level recall is computed by counting images that contain at least one ground-
truth box and checking whether any TP occurs in the image at threshold ¢. Let Ni?r}:g be the
number of images with at least one ground-truth box. Let Ngg(t) be the number of those
images for which at least one retained detection is matched as a TP at threshold t. Then
Nimg(*)

NET ¢

img

Recalljmg (t) = (A22)

In the manuscript, FROC plots use Recally,(t) versus FP/image(t); Recallimg() is
reported for completeness.

Appendix B.3. IoU for [x y w h] Boxes

Letb = [x y w h] and ¢ = [x" y' w’ I]. Define corners (x1,y1) = (x,¥), (x2,12) =
(x +w,y + h) and similarly for g. The intersection width/height are

w; = max (0, min(xp, x5) — max(xy, x7)), (A23)
h; = max (0, min(y2, y5) — max(y1,v1)), (A24)
with intersection area A; = wih;. The IoU is

Aj
A(b) +A(g) —Ar+e€

IoU(b,g) = (A25)
Appendix B.4. Average Precision from Confidence-Ranked Detections

Let all detections across the dataset be ranked by confidence s in descending order.
For a fixed IoU threshold, each detection is labeled TP or FP by greedy matching within
each image (each ground-truth box may match at most one detection). Let TP(t) and FP()
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be cumulative counts up to rank ¢, and let Nt be the total number of ground-truth boxes.
Precision and recall sequences are

B TP(t) rip — _TP()
~ TP(t) + FP(t) + €’ )= Ngr+¢€’

AP is the area under the precision—recall curve. This work uses a standard VOC-style

P(t)

(A26)

discrete approximation based on the precision envelope B(r) = max;>, P(#) and piecewise
integration over recall. In our experiments, AP is computed using the all-points VOC
interpolation (precision envelope with integration over all recall steps), not the VOC 2007
11-point variant.
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Abstract

As the manufacturing industry continues to advance its digital transformation, intelligent
sensing technology has become a key support for achieving precise, efficient and automated
quality control. However, current production line monitoring systems predominantly rely
on fixed and costly monitoring equipment and sensors, lacking flexible and interactive
first-person perspective perception approaches centered on on-site operators. Meanwhile,
factory process monitoring often depends solely on visual expression rather than balancing
the capabilities of the simulation model and visual state detection, leading to delayed
responses to abnormal systems and hindering the adjustment strategy feedback. To address
these limitations, this study provides wearable sensing for key workers, enriching the state
perception capabilities in industrial scenarios. Furthermore, to achieve dynamic model and
real-time visual representation of production line operations, a multi-source information-
enhanced Petri nets model is proposed in terms of engineering and user-friendliness. With
the solid mathematical basics of the Petri nets and the enriched human-machine data
from the product line, this method provides an intuitive, dynamic and accurate reflection
of the production system’s real-time operational status, offering a scientific and reliable
basis for operational decision-making. The proposed approach has been implemented
in a real-world production system for reinforced concrete civil defense doors, and this
engineering application can also be extended to many other scenarios.

Keywords: production line; condition monitoring; Petri nets; smart helmet

1. Introduction

As the manufacturing industry increasingly shifts toward multi-variety, small-batch,
and customized production models, mixed-model assembly lines have emerged as a critical
enabler for discrete manufacturing enterprises to improve market responsiveness and
optimize resource utilization efficiency [1]. Comprehensive system monitoring is indis-
pensable for ensuring operational reliability, process stability, and performance traceability
in assembly lines and manufacturing facilities. Conventional existing condition monitoring
platforms lack awareness of human-machine status, simulation-based planning capabili-
ties, and intuitive human—computer interaction, which collectively impede data-informed
decision-making. Consequently, there is an urgent need to establish a comprehensive
production monitoring system capable of capturing material flow, equipment status, and
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operator activities, while a real-time performance modeling evaluation method should be
applied to enhance the analysis ability of monitoring [2-5].

Understanding production data and its flow is critical for system monitoring [6].
Nowadays, a human—-machine monitoring approach is needed to enable comprehensive,
real-time oversight of the entire production process [7-9]. In modern industrial settings,
accurately identifying human-machine interaction states is key to automated monitoring
and intelligent production management. Qadeer et al. achieved a trajectory prediction of
mechanically thrown objects in modern industrial environments through multi-camera
tracking and a Bi-LSTM deep neural network [10]. Research has made progress in recogniz-
ing human actions [11]. Yan et al. utilized a single 2D camera to estimate worker crowding
density, achieving an error margin of approximately 0.6 m, albeit under the challenge of
worker self-occlusion scenarios [12]. Wang et al. acknowledged the limitations of relying
solely on single sensors for activity recognition in smart factories and thus adopted a
multi-modal fusion approach by integrating IMU sensors with cameras to enhance ac-
curacy [13]. Nonetheless, IMU sensors inherently possess drawbacks, including limited
ranging distance and indirect position estimate, which result in relatively lower positional
accuracy in industrial settings. Andronas et al. [14] combined visual, audio, and wearable
sensor data to detect operator intent, boosting car assembly efficiency by 25%. EMG and
video data together also improve detection of high-risk behaviors in dangerous tasks [15].
By combining multiple data sources, these methods expand the use of human-machine
systems and support better behavior recognition in complex industrial environments.

After acquiring production system data, modeling methods are necessary for system
analysis. There are three model categories: mathematical models (e.g., queuing theory,
Markov chains), graphical models (e.g., flowcharts, Petri nets, GRAI nets), and simulation
models (e.g., Plant Simulation, AnyLogic, FlexSim). Mathematical models require strong
assumptions and perform poorly on systems with complex logic, high uncertainty, strong
dynamics, or that are large-scale. Simulation models are tightly coupled to proprietary
software, limiting reusability, portability, and modifiability. Graphical models, by contrast,
offer both formal rigor and visual clarity, supporting system description, state monitor-
ing, simulation setup and optimization design. Among them, Petri nets precisely model
concurrency, synchronization, conflicts, and resource sharing, making them especially
well-suited for dynamic behavior modeling [16]. For example, Cristian et al. [17] modeled
the hydropower station’s in-service turbine governor using Petri nets. Mehdi et al. [18]
embedded Petri nets into a network-based digital twin to model industrial IoT systems.
Du et al. [19] proposed a Petri nets-based robust deadlock prevention method for automated
manufacturing systems. Owing to the inherent flexibility of Petri nets modeling, numerous
researchers have extended or adapted Petri nets to address domain-specific requirements.
For example, Yang et al. [20] proposed a double-layer mapping Petri nets (DMPN) that
separates information feedback and decision-making into two dedicated subnets—one for
real-time monitoring, the other for closed-loop control—resolving the virtual-real map-
ping challenge and capturing event-driven system dynamics. Oliveira Jtnior et al. [21]
embedded Nelson’s rules and the Page-Hinkley algorithm into timed transitions, creating
data-driven, Al-enhanced Petri nets for early detection of performance degradation and
maintenance optimization in digital twins. Pla et al. [22] proposed Resource-Aware Petri
Nets (RAPN), integrating time and resource constraints for intelligent workflows, enabling
delay prediction and full-process monitoring in medical equipment maintenance. When
integrated with anomaly recognition methods, Petri nets enable effective state monitoring
and fault diagnosis in production systems. For example, Liu et al. [23] proposed self-
modifying colored Petri nets (SMCPN) by combining colored Petri nets with the adaptive
weight mechanism of self-modifying Petri nets, supporting systematic monitoring and di-
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agnosis across multiple operational modes. Chen et al. [24] introduced the Petri net method
for anomaly recognition in cigarette rolling, designed specifically to monitor air-tightness
indicators with high sensitivity and interpretability.

Research shows that Petri nets and their extended forms, by integrating artificial
intelligence, the Internet of Things, and fault tree analysis, can effectively describe the
concurrent, asynchronous, and uncertain behaviors of complex systems, providing strong
modeling support for system state monitoring, fault diagnosis, and performance optimiza-
tion. However, for large-scale or complicated production systems, Petri nets models tend
to suffer from combinatorial explosion in size and structural complexity, leading to dimin-
ished comprehensibility and limited effectiveness in visual representation and analysis.
Existing methods still have significant shortcomings when modeling discrete manufac-
turing systems: material flow and process logic are ambiguously represented, making it
hard to distinguish batch-specific paths. Resource usage and dynamic flows—especially
for equipment and personnel under large-scale production—are poorly captured, limiting
accurate load tracking. Task triggers like order initiation and process transitions lack intu-
itive expression, slowing on-site comprehension. Worker movements across processes and
regions are not effectively modeled. Moreover, Petri net modeling is complex and inflexi-
ble, hindering real-time adaptation. These limitations impair clear visual monitoring and
prevent practical use in real-time production control, restricting applications to theoretical
contexts [25].

To address the above engineering issues, this study proposes multi-source information-
enhanced Petri nets (MSI-Petri nets) for produce line monitoring. Section 2 analyzes the
target production workflow and details the multi-source video fusion strategy, combin-
ing panoramic views, wearable camera feeds, and UWB positioning to capture operator
behavior and equipment states. Section 3 introduces the method of MSI-Petri nets with
mechanisms to improve visual expressiveness. Section 4 applies the approach in a civil
defense door manufacturing setting. The main contributions are: (1) Real-time data and
human-machine behaviors are integrated into the Petri nets for dynamic monitoring.
(2) MSI-Petri nets place explicitly model humans, machines, and materials; material con-
sumption ratios intuitively show inventory surplus. (3) Task-oriented transitions simplify
the Petri net structure for diverse processes, and a time threshold visually indicates re-
maining transaction time, enabling engineers to monitor each product unit’s status at
a glance.

2. Multi-Source Data Acquisition for Production Systems
2.1. Production System of Civil Defense Doors

Civil defense doors play an important role in urban infrastructure and in the disas-
ter prevention and emergency response system. The product uses an integrated lattice
structure, incorporating energy absorption, force mitigation, lightweighting, cost reduction,
and ease of manufacturing and assembly into its design. This achieves both structural
lightweighting and improved efficiency in production and assembly. This chapter presents
a case analysis of the production process of civil defense doors at a manufacturing facility,
focusing on data acquisition and operational status monitoring.

A comprehensive analysis of the factory’s layout indicates that the current production
system is equipped with key machinery, including a pipe cutting machine, plate cutting
machine, bending machine, and welding robots, with operators strategically assigned in
accordance with the specific process requirements of each manufacturing stage. Given
the present production scale, this configuration of equipment and human resources has
established a stable and highly efficient process flow system, as illustrated in Figure 1. The
raw materials for civil defense doors are steel pipes and steel plates. Steel pipes are cut
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to a specified length of approximately 30 cm using a pipe cutting machine, while steel
plates are processed via a plate cutting machine into plate parts, surface plate, and bottom
plate. Plate parts are welded into a base structure, which is then assembled with pipe parts
to form the door frame. Surface plates are shaped into door surface components using
a bending machine. These and other components are subsequently integrated to form
a semi-finished product (door-frame structure). The bottom plate is then welded to the
finished assembly to complete the structural integration. Finally, the assembly undergoes
surface treatment processes, including deburring, rust removal, and painting, resulting in a
finished product that complies with established factory specifications.

Finished Product
F 3

ABSEES Pipe Cutting ---- Frame Assembling

Pipe Parts

o

7 )
ININY 1S

(- Steel Plate --. ,--- Plate Cutting ----
» 1 2

1
1
1
il

| » [(ooorsuiaee ]

........

|Bottom Platel ISurface Platel | Plate Parts |

Figure 1. Process of the civil defense doors production system.

The status classifications of workers and machines were established based on eight
core production processes of civil defense doors, namely, Pipe Cutting, Plate Cutting, Base
Welding, Bending, Frame Assembling, Door-Frame Assembling, Final Assembling, and
Surface Treatment, as detailed in Table 1. These states constitute the key state variables to
be detected and identified by the data collection system proposed in this study. In Table 1,
both human and machine states are uniformly represented using simplified coding: worker
statuses are denoted by “HX” and equipment statuses by “MX”".

Table 1. Classification of the status of different production units.

Production Unit Status Classification
Human: HO (None), H1 (Idle), H2 (Loading materials),
Pipe Cutting H3 (Operating), H4 (Unloading materials)

Machine: M1 (Idle), M2 (Working)

Human: HO (None), H1 (Idle), H2 (Loading materials),
) H3 (Operating), H4 (Unloading materials)
Plate Cutting Machine: M1 (Ideal), M2 (Plate Parts Cutting),
M3 (Surface Plate Cutting), M4 (Bottom Plate)

Human: HO (None), H1 (Idle), H2 (Loading materials),
Base Welding H3 (Operating), H4 (Unloading materials)
Machine: M1 (Idle), M2 (Working)

Human: HO (None), H1 (Idle), H2 (Loading materials),
Bending H3 (Operating), H4 (Unloading materials)
Machine: M1 (Idle), M2 (Working)
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Table 1. Cont.

Production Unit Status Classification

Human: HO (None), H1 (Idle), H2 (Install support),
H3 (Fasten), H4 (Transporting)

Door-F A bli Human: HO (None), H1 (Idle), H2 (Replace),
oor-trame Assemblng H3 (Calibration), H4 (Fasten), H5 (Welding), H6 (Transporting)

Human: HO (None), H1 (Idle), H2 (Replace),
Final Assembling H3 (Welding), H4 (Transporting)
Machine: M1 (Idle), M2 (Welding), M3 (Transporting)

Surface T Human: HO (None), H1 (Idle), H2 (Deburring),
urface Ireatment H3 (Dedusting), H4 (Painting)

Frame Assembling

2.2. Design of Data Collection Method for the Produce System

This study presents a data acquisition system that integrates factory-wide monitoring
with wearable devices for industrial workers. Helmets, as mandatory safety equipment
continuously worn by personnel, offer inherent integration potential and consistent wear-
ing stability, rendering them highly suitable as wearable sensing platforms. By embedding
intelligent perception and feedback modules into helmets, the system enables efficient
human-machine collaboration without imposing additional ergonomic load, while simul-
taneously capturing real-time production line status through the worker’s first-person
perspective—yielding high-value, operation-critical data. To address scenarios where hel-
met usage is impractical, smart badges are introduced as alternative sensing terminals, pre-
serving core data acquisition and interaction capabilities and thereby ensuring the system'’s
adaptability and operational flexibility across heterogeneous production environments.

In the domain of object recognition, YOLO (You Only Look Once) is a representative
single-stage object detection framework that has been widely adopted across various com-
puter vision applications owing to its high detection speed and accuracy. YOLOVS further
improves detection performance and inference efficiency through structural optimizations
of the backbone network (CSPDarknet), the feature pyramid network (FPN), and the loss
function. Nevertheless, conventional YOLO-based approaches exhibit limitations in mod-
eling temporal dynamic information prevalent in industrial environments, particularly
with regard to detection robustness under complex and cluttered background conditions.
To overcome these challenges, this study proposes an enhanced YOLOvVS architecture
integrated with multimodal temporal feature analysis, enabling more accurate and reliable
recognition of dynamic interaction behaviors in complex industrial scenes.

The overall pipeline is illustrated in Figure 2. First, the system incorporates spatiotem-
poral localization data provided by Ultra-Wideband (UWB) devices to obtain the worker’s
spatial position and dynamic motion state. Based on this information, the corresponding
region- or task-specific recognition models are triggered, enabling on-demand activation
and resource optimization.

Subsequently, a first-person video stream is captured by the camera mounted on the
helmet, with an original resolution of 1600 x 1200 pixels. To achieve an optimal balance be-
tween computational efficiency and detection accuracy, all frames are uniformly resized to
a fixed dimension of 400 x 400 pixels and subjected to Gaussian filtering to suppress image
noise. On this basis, the YOLOv8 model is applied to detect key elements in each frame,
identifying equipment components and materials. The detection results are aggregated into
an 80-dimensional environmental context feature vector, which includes: the occurrence
frequency of each object category, confidence scores, and normalized minimum /maximum
bounding box coordinates along with center coordinates.
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Figure 2. Schemes of data collection method.

On the other hand, MediaPipe (0.10.21) is employed for hand gesture recognition,
extracting 21 hand key points and constructing a 200-dimensional hand-perception feature
vector that comprises:

e  The original absolute pixel coordinates of each key point in the image coordinate system;

e  Offset vectors of all key points relative to the wrist joint (i.e., key point #0);

e  Position information of the hand’s minimum enclosing bounding box within the
global image;

e A unit vector pointing from the tip of the index finger (keypoint #8) toward the wrist;

e  Features extracted from the cropped hand region, including grayscale intensity his-
tograms, horizontal and vertical edge responses computed via Sobel operators, and
row /column-wise integral projections—collectively used to assist in inferring the
worker’s actions and states.

These hand features and environmental context features are then concatenated into a
280-dimensional joint representation and organized as a time sequence, providing struc-
tured input for subsequent temporal modeling.

Finally, to address the need for in-depth temporal feature modeling, the algorithm
employs RelD (Re-Identification) to perform cross-frame association of the same target
across consecutive frames. By linking detected instances over time, it constructs the
target’s motion trajectory and state transition sequence, thereby forming a comprehensive
spatiotemporal state representation. To capture the long-term dependencies embedded
within this sequence, an LSTM (Long Short-Term Memory network) is adopted to model
and analyze the temporal dynamics. Leveraging its gated architecture, comprising the
input gate, forget gate, and output gate, the LSTM effectively models long-range temporal
correlations while mitigating the gradient vanishing problem inherent in conventional
RNNS, thus enabling robust temporal understanding and classification of worker—device
interaction states. Specifically, the model employs a two-layer LSTM architecture with an
input dimension of 280 (combining 200-dimensional hand features and 80-dimensional
object contextual features), a hidden size of 128, and a dropout rate of 0.3 to mitigate
overfitting. During training, the Adam optimizer is used with an initial learning rate of
0.001, coupled with a StepLR scheduler (Learning Rate Scheduler) that halves the learning
rate every 15 epochs; the model is trained for a total of 50 epochs with a batch size of 4.
The model achieved a validation accuracy of 97.50%, with precision, recall, and F1-score
all approaching 0.98. On a machine with a configuration of 9950X + 48G DDR5 + RTX
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5090D, the model inference speed is approximately 8.2 ms. These results indicate that the
proposed approach performs excellently in both real-time capability and accuracy. In cases
where automated recognition remains ambiguous or uncertain, the system further validates
the production process state through real-time interaction with the wearer via Bluetooth
headphones, ensuring accurate state confirmation through human-in-the-loop feedback.
In conclusion, by leveraging multiple workers equipped with first-person sensing
devices, a comprehensive factory-wide data-monitoring network is established to enable
continuous acquisition of real-time time-series data pertaining to materials, equipment,
personnel, and other operational elements. Edge computing is employed to perform data
preprocessing and feature extraction at the source, thereby constructing multi-dimensional
data models that support critical applications such as quality traceability, energy efficiency
analysis, and process simulation. This architecture provides a robust data infrastructure for
achieving manufacturing transparency and facilitating lean, data-driven decision-making.

3. Information-Enhanced Petri Nets

This chapter begins with a review of the classical Petri nets model for production cells,
upon which a visualization mechanism is integrated to enhance its state representation
capability. Subsequently, by incorporating the real-time data acquisition features of produc-
tion lines and the dynamic attributes of actual production tasks, an information-enhanced
Petri net theoretical framework is established, aiming to enable more accurate and intuitive
operational monitoring of the production process.

3.1. Visualized Petri Nets for Produce Unit

A classical Petri net is a 4-tuple C = (P, T, I, O), where P denotes places: it is a finite
non-empty set that characterizes resources, states, or buffer units in a production system;
P ={p1,pa, ..., pu}, where n represents the total number of places. T denotes transitions: it is
a finite non-empty set that characterizes production operations or process nodes; it satisfies
PNT=®and PUT=®; T = {ty, tp,..., tm}, where m represents the total number of
transitions. I — 2" is the mapping from transitions to their input places; a single transition
can be associated with more than one input place. O — 2 is the mapping from transitions
to their output places; a single transition can be associated with more than one output place.

The marking of the Petri nets is represented by vector u, where p = {1, piy, ..., i, }
and y; denotes the number of tokens in the number i place. Therefore, marking can be used
to characterize the transfer status of resources.

A production system is composed of the organic integration of multiple production
units, and a specific production link within the system can be modeled using the basic Petri
net structure illustrated in Figure 3a. In this framework, material flow serves as the central
thread, while various production requirements and process methods are represented
by transitions. The places are: raw material (P1), equipment (P;), workers (P3), and
processed material (P4); the places at the top denote the machine and equipment resources
utilized, reflecting the occupancy status of these resources, whereas the places at the bottom
represent the human resources assigned to the corresponding process. The transitions
are: start processing (T7) and finish processing (Tz). The marking of the Petri nets is
u=1{6,1,3,0}.

In condition monitoring, accurately capturing the real-time operational status is of
critical importance. To this end, this study implements the following information enhance-
ment strategies for the basic production unit, as illustrated in Figure 3b. First, given the
wide variety and large quantity of raw materials, the filling degree is adopted in the visual-
ization to represent the proportion of each raw material type relative to the total inventory
volume, rather than directly displaying token counts, thereby improving readability and
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information density. Second, to effectively differentiate among the three types of places in
the production system, namely, human, machine, and material resources, distinct visual
representations are employed: worker places are depicted as circles with dashed borders,
with those corresponding to workers capable of performing identical tasks filled with the
same color; machine places are represented by solid-line rectangles; and material places
are shown as solid-line circles. Third, the completion status of transition processes is
dynamically displayed using a progress bar. A time factor is considered to quantify the
time required for transition completion, while color variations in the progress bar are used
to reflect the degree of deviation between the current state and the expected normal state.

Start Equipment Finish Equipment
Processing P2 @ Processing Progress Bar
P4 Inventory / Inventory
— —()
Processed Raw Processed
Material Material IS .\, Material
\‘ () 'I
Workers Workers of Task A
(a) Typical Petri Net for Production Unit (b) Visualized Petri Net for Production Unit

Figure 3. Petri Nets Model for production unit: (a) Typical Model, (b) Visualized Model.

3.2. Multi-Source Information-Enhanced Petri Nets

To address the requirements of production process modeling and monitoring for the en-
tire civil defense doors production system, this paper proposes a multi-source information-
enhanced Petri nets model (MSI-Petri nets). The core of this model lies in extending the
elements and rules of traditional Petri nets, combined with further simplification and
enhanced visualization, to better accommodate the key characteristics of complex produc-
tion systems, such as resource state management, time constraints, handling of process
interruptions, and personnel scheduling.

Definition 1. Structure of MSI-Petri Nets.

The MSI-Petri nets contain 7 tuples, namely, (P, Tiask, F, M, 8, I, £), where each element
is specified as follows:

Place set P: It is subdivided into three types of sub-places, namely, material places Py,
equipment places Py, and worker places Py. These three types have different shapes and
are easy to distinguish.

The material place adopts a visualization form of filling degree, which is determined
by the material consumption ratio (current material number divided by daily consumption
volume). This design can directly reflect the utilization level of material inventory. The
equipment place and the worker place retain the traditional Token to mark the resource
occupation status.

Task-oriented Transition set T,q: It characterizes the start and end events of pro-
cessing tasks. When equipment can switch between multiple processes, a task-oriented
approach simplifies the system structure and supports condition monitoring.

Task switching mechanism: A mapping Ti,qx — K (where K denotes the task set) is
defined to bind production tasks to task-oriented transitions. During task switching, the
ratio of the number of input arcs to output arcs, processing time, and visualization color of
transitions all change dynamically, satisfying the following relationships:
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__ number of input arcs
p(ttaskrk) " number of output arcs (k € K)

T(task, k) € RT (processing time for task k) 1
color(tysk, k) € C(visual color for task k)

Progress bar-based state deviation visualization mechanism: The task time of transi-
tions is bound to the color and filling degree of the progress bar. Based on the standard
working hours/historical working hours, when the actual processing time deviates from
the benchmark value beyond the threshold, the color of the progress bar changes to issue an
early warning. For worker assembly tasks, the progress bar is divided into filling intervals
to match different assembly stages.

Flow Relation F: A set of directed arcs satisfying F C (P x T) U (T x P), which
characterizes the material /resource flow between places and transitions. The flow velocity
of arcs is visualized by the dynamic flickering frequency of the lines; when production is
suspended, the arcs turn into dashed lines. The ratio of the number of input arcs to output
arcs is determined by the material input-output ratio of the specific process.

Marking Function M: A mapping M:P — N that denotes the number of tokens in
places. For material places, the conventional token dots are replaced by “inventory con-
tainer + filling progress bar”; for worker places and equipment places, traditional tokens
are still used to indicate the availability status of resources.

Time Threshold Set ¢: It is used to quantify the time boundaries for task execution
and condition monitoring, with its mapping relationship defined as 6: Ti;qx — (R*, R").
That is, for each task-oriented transition ti,g € Tiask, a pair of time thresholds (0;o, 0up)
is assigned. Among them, 6;,,, is the minimum process time threshold, representing the
shortest effective duration for task execution; if the actual processing time is lower than this
threshold, the process execution is deemed insufficient, and an early warning is triggered.
0yp is the maximum process time threshold, whose value is based on standard working
hours or historically optimal working hours and increased by a certain proportion; if the
actual processing time exceeds this threshold, the process is judged abnormal, and the color
of the progress bar triggers an overtime warning.

Resource Constraint Function I': A mapping I': T—2" that specifies the set of resource
places required for transition firing.

Cycle Parameter ¥: A mapping X: F—R* that assigns flow cycles to directed arcs,
representing the transmission time of materials/resources on the arcs.

Definition 2. Transition Firing Rules of MSI-Petri Nets.

Combining the characteristics of Time Petri Nets and progress bar visualization, the
transition firing rules of MSI-Petri Nets are as follows:

For an MSI-PN = (P, Ty, F, M, 6, T, X)), a transition t € T satisfies the enabling
condition (denoted as M —) if and only if:

(1) Resource constraint is satisfied: For all p € I'(t), M(p) > 1 (all required resource places
contain at least one token).

(2) Input places are ready: For all p € ot (where ot is input places), M(p) > 1 (raw materials
or intermediate products are available).

(3) Cycle constraint is satisfied: The cycle parameter X(f) corresponding to the flow
relation F conforms to production requirements (the cycle value of the directed arc
meets process specifications).

(4) Progress deviation is within the allowable range: The deviation between the filling
degree of the progress bar and the standard working hours does not trigger the early
warning threshold.
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When the transition ¢ fires (denoted as M — M'’), the new marking M’ is updated
according to the following rule:

M(p) —1,p € ot UT'(¥)
M (p) = M(p)+1,pe€ to (2)
M(p), Otherwise

where t° represents the set of output places of transition .

In terms of condition monitoring, when the production system is interrupted, the
corresponding directed arcs turn into dashed lines, and a countdown for the buffer support
duration is initiated. The duration time (f,;,,4ti0,) iS determined by the current material
number in the buffer (N, ;) and the unit time consumption of the downstream pro-
cess (Tynip):

Npy ffer
Tounit

®)

tduration =

Which reflects the maximum time that the system can maintain operation
after interruption.

4. Case Study

This chapter presents a case study of a civil defense doors production system and
constructs the corresponding MSI-Petri nets, providing an effective visualization framework
for monitoring and analyzing the operational states of the production system.

All factory work areas are equipped with stable lighting infrastructure, ensuring con-
sistent illumination conditions; consequently, the influence of lighting variations on the
visual recognition system is negligible. However, electromagnetic interference may occur
when workers operate within one meter of large mechanical equipment, leading to reduced
positioning accuracy, system latency, and positional drift, with fluctuations reaching up
to £0.8 m. Given the substantial physical separation between distinct operational zones,
these localized disturbances have not significantly compromised the overall performance
of the recognition system. Video data is compressed using the JPEG-based image format
and transmitted via the TCP protocol, resulting in an average transmission delay of ap-
proximately 500 milliseconds. The data is wirelessly streamed in real time to a dedicated
workstation capable of immediate processing.

The factory’s specific dimensions and spatial layout are illustrated in Figure 4. There
are 10 workers on duty, categorized by job type: 2 male workers (labeled 1 and 2) are
assigned to the preparation process (encompassing pipe cutting, sheet cutting, and sheet
bending); 5 male workers (labeled 3 to 7) are dedicated to heavy tasks (welding, assembly,
transportation); and 3 female workers (labeled 8 to 10) are responsible for light assembly
and post-processing operations. This workforce allocation strategy takes into account both
the physical demands and technical complexity of each process, supporting the intensive
and rational utilization of human resources. Workers within the same category can be dy-
namically reassigned across different tasks and stations in response to real-time production
scheduling, thereby enhancing operational flexibility and resource efficiency. Leveraging
UWSB positioning chips embedded in smart helmets worn by workers and 3 UWB base
stations deployed throughout the facility, the system enables real-time, centimeter-level
accurate tracking of each worker’s location, with their positions annotated numerically
in Figure 4. Concurrently, visual data captured by helmet-mounted cameras or on-site
cameras are displayed. By implementing the proposed multi-source perception algo-
rithm, which integrates UWB-based localization with vision-based recognition, the system
achieves precise, real-time awareness of “human-machine” states within each production
unit, delivering reliable data support for dynamic process monitoring and optimization.
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Figure 4. Human—machine status recognition of the production system.

Based on the state classification coding scheme defined in Table 1 (where “HX"” denotes
human states and “MX” denotes equipment states), all relevant zones in the figure are
annotated with corresponding state codes to facilitate intuitive interpretation. According
to the recognition results: the pipe cutting unit is in a state of active operation involving
personnel and equipment working (H3, M2); the plate cutting unit exhibits idle personnel
with machine conducting plate parts cutting task (H1, M2); the base welding unit shows
idle personnel while the equipment is engaged in welding (H1, M2); the bending unit
has no personnel present but the equipment is working (HO, M1); the left and right frame
assembly units are respectively unoccupied (HO) and undergoing fastening operations
(H2); the left and right door frame assembly units are in states of worker fastening (H4)
and worker calibration (H3), respectively; the final assembly unit involves collaborative
welding between personnel and equipment (H3, M2); and in the surface treatment unit, the
worker is performing painting operations (H4).

As illustrated in Figure 5, the MSI-Petri nets model of the civil defense doors pro-
duction system provides a comprehensive representation of system states. This model
effectively captures the operational status of each production unit, particularly with respect
to the utilization and flow dynamics of materials, human resources, and equipment re-
sources. Transitions within the model serve as indicators of execution progress and enable
the intuitive identification of abnormal conditions. The formal definitions of all places
and transitions are provided in Tables 2 and 3, respectively. By applying Petri net-based
simulation and analysis methods, the dynamic behavior of the production system can be
systematically modeled. Through techniques such as state reachability analysis and perfor-
mance evaluation, the model facilitates the identification of production bottlenecks and
supports optimized resource allocation, thereby offering a quantitative foundation for pro-
cess improvement. Furthermore, the model enables traceability analysis of abnormal state
propagation paths, aiding in the development of targeted exception-handling strategies.
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Figure 5. MSI-Petri net of the door production system.
Table 2. Definition of places in Petri nets.
Place Name Place Name
Py Workers of cutting, bending tasks P Workers of welding task
Pus Workers of assembling task Paa Pipe cutting machine available
Pums Plate cutting machine available Pums Welding machine available
Pymy Bending machine available Pavis Assembling platforms available
Pymo Final assembling machine available Pa1o Pipe raw material
Pa11 Pipe cutting in process Pa12 Pipe parts
Pa1s Plate raw material Pa1g Plate cutting in process
Pais Plate parts Patg Surface plate
Pa1y Bottom plate Pais Welding in process
Pa1g Base Paxo Bending in process
Pao1 Door surface Paoo Frame
Pans Door-Frame assembling in process Pans Door-Frame
Paos Final assembling in process Pang Complete door
Paoy Surface treatment is in progress Paog Final product
Table 3. Definition of transitions (T) in Petri nets.
T Name T Name
T Pipe cutting begins T, Pipe cutting finished
Ts Plate cutting begins Ty Plate cutting finished
Ts Base welding begins Te Base welding finished
T7 Bending begins Ts Bending finished
Ty Frame assembling begins Tio Frame assembling finished
Ty Door-Frame assembling begins Tqp Door-Frame assembling finished
T3 Final assembling begins T1a Final assembling finished
T15 Surface treatment begins T16 Surface treatment finished

In Figure 5, transitions T3 and T, are designated as task-oriented, which means their

output products vary depending on the specific task being executed, such as cutting plate

parts, cutting surface plates, or bottom plates, and the processing time associated with each

transition is accordingly task-dependent.

As illustrated in Figure 5, the Petri nets proposed in this study incorporate a progress

bar-based state deviation visualization mechanism that dynamically links the task duration

of each transition to the color and fill level of the corresponding progress bar. Taking T, the

transition associated with steel pipe cutting as an example, its reference task time Q1(Ty)

represents the predefined standard cutting duration. The fill height of the progress bar

is positively correlated with the actual execution time, while its color changes adaptively
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based on the degree of temporal deviation: when the actual duration equals Q1(T), the
progress bar displays as “baseline green,” with the fill height precisely matching the ex-
pected duration; if the actual time exceeds Q1(T3) by 5%—for instance, due to increased
processing time caused by equipment load fluctuations—the lower portion remains “base-
line green” while the upper segment transitions to “warning yellow”; upon exceeding 10%
or more, the majority of the progress bar shifts to “alarm red,” providing a clear visual
indication of cumulative task-level deviation. This mechanism overcomes the inherent
limitation of traditional Petri nets, which rely solely on token counts to represent system
states, thereby enabling dual-dimensional visualization of both temporal progression and
deviation magnitude. As a result, anomaly detection in production processes is advanced
from post-event statistical analysis to real-time process monitoring, significantly enhancing
the real-time monitoring and control capabilities of complex assembly systems.

The marking function has been enhanced with an inventory-oriented visualization
extension, representing an innovative adaptation to large-scale material-handling envi-
ronments. The fill ratio of the progress bar quantitatively reflects the current inventory
utilization level. Furthermore, interactive access to individual places allows users to re-
trieve the exact quantity of stored materials upon clicking, enabling production operators to
rapidly assess raw material availability and warehouse capacity utilization. This enhance-
ment significantly improves information readability and operational control efficiency in
complex, high-volume production settings.

Almost all production systems encompass fundamental elements, including: human,
machines, materials, and methods, the same as Petri Nets for the Produce Unit. As such, by
reorganizing and modifying the method developed in this study, it can be applicable to
the modeling, monitoring, and analysis of more complex systems. By incorporating a task-
oriented mechanism, the proposed approach can be effectively deployed in mixed-model
production lines, enabling dynamic switching of operational rules across different stages.

In the current stage, the efforts were primarily focused on enhancing the readability
of the production system model through human factors engineering, visual design, and
simplification of information flow. The overall direction is recognized as one that can en-
hance user experience and efficiency. Following a period of practical deployment, operator
feedback, such as data gathered via structured interviews and standardized questionnaires,
can be conducted to further provide a comprehensive analysis of user-friendliness.

5. Conclusions

The primary engineering challenge in monitoring complex production lines is the ab-
sence of multi-source heterogeneous, real-time synchronized data capturing worker—device
collaboration. To address this, we propose a unified perception framework integrating
UWB positioning, YOLOv8-based object detection, and MediaPipe-based pose estimation,
coupled with an LSTM model for temporal recognition of human-machine interaction
behaviors. To overcome the lack of embedded simulation capability in conventional moni-
toring systems, we adopt Petri nets as the formal modeling backbone and enhance them
with interactive, semantics-aware visualization—yielding an integrated system that simul-
taneously supports real-time status monitoring and dynamic process simulation. This
system serves as a deployable engineering solution for refined operational oversight and
closed-loop management of complex production lines.

Focusing on the manufacturing system of civil defense doors as the application sce-
nario, a multi-source perception and visualization framework is proposed and imple-
mented by integrating intelligent helmets with information-enhanced Petri nets. On-site
operational data are collected through a network of factory global cameras and intelli-
gent helmets, which, when combined with dynamic modeling via Petri net structures,
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enable real-time visualization and representation of production states. This integration
significantly improves the transparency and controllability of the production process. Case
study results demonstrate that the proposed method enables recognition and monitoring
of human-machine interactions, thereby providing reliable data support for production
decision-making. With the foundation of the proposed MSI-Petri nets, future research can
advance toward simulating the production system, enabling optimization decisions, and
evaluating model performance based on real-world operational efficiency at the site. Fur-
thermore, the method functions as a structured representation of a digital twin, facilitating
not only real-time monitoring but also system-level analysis and process control, thereby
offering robust decision-making support for expert systems.

The MSI-Petri nets model incorporates multiple information sources, including nor-
malized resource identifiers, temporal attributes, arc state constraints, personnel scheduling
logic, and equipment selection transitions, effectively overcoming the limited observabil-
ity and interpretability inherent in traditional Petri nets within complex manufacturing
environments. As a result, it facilitates fine-grained and visually interpretable modeling
of production workflows. While this research successfully addresses monitoring require-
ments in a specific industrial context, its underlying technical framework exhibits strong
potential for generalization to other manufacturing domains, offering practical insights for
advancing industrial intelligence. Future work will focus on adaptive model optimization,
cross-scenario generalization, and the application of the MSI-Petri nets to multi-objective
optimization in production systems.
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Abstract

Full-penetration laser welding (FPLW) is increasingly adopted in manufacturing pipelines,
yet its industrial scalability is constrained by in-process defect formation, particularly
incomplete penetration. To address this, we propose a sensor-driven framework for non-
destructive monitoring and automated defect detection that uses infrared (IR) thermog-
raphy as the primary in situ sensing modality and applies deep learning to the acquired
thermal signals. High-speed IR camera recordings were processed to track spatter and
the weld zone, yielding a time series of physically interpretable spatiotemporal features
(mean spatter area, mean spatter temperature, number of spatters, and mean welding
zone temperature). Defect recognition is formulated as a multi-label classification problem
targeting incomplete penetration, sagging, shrinkage groove, and linear misalignment, and
multiple temporal models were evaluated on the same sensor-derived feature sequences.
Experimental validation on 09G2S pipeline steel demonstrates that the proposed time
series pipeline based on a hybrid CNN-transformer achieves a mean Average Precision
(mAP) of 0.85 while preserving near-real-time inference on a CPU. The results indicate
that IR thermography-based spatter dynamics provide actionable sensing signatures for
automated defect prediction and can serve as a foundation for closed-loop quality control
in industrial laser pipeline welding.

Keywords: machine learning; neural networks; quality assurance; signal processing; laser
beam welding

1. Introduction

Laser Beam Welding (LBW) is widely employed in numerous industrial sectors due
to its high precision, deep penetration capabilities, and overall process efficiency. Consid-
erable research efforts have been devoted to further optimising this technique, as LBW
is increasingly recognized as one of the most promising joining methods available. This
is largely attributable to several distinctive advantages: (1) the non-contact nature of the
process; (2) the ability to perform single-side joining; and (3) the exceptionally high energy
density of the laser beam, which enables the formation of a weld within a fraction of a
second. These characteristics contribute to a reduced heat-affected zone and, consequently,
minimal deformation and residual stresses [1].

In addition to these advantages, LBW provides reduced heat input, minimal thermal
distortion, and improved joint integrity compared with conventional welding techniques.
These attributes make it particularly suitable for applications that demand high-quality and
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highly reliable welds [2]. Among the various laser welding configurations, full-penetration
laser welding is often considered a favourable option due to its capacity to produce single-
pass welds, thereby increasing productivity and reducing operational costs [3].

In sectors such as oil and gas, energy, and water distribution, pipeline welding is
critical to ensuring both the structural integrity and the long-term operational reliabil-
ity of pipeline systems. Historically, pipeline fabrication has relied on arc-based tech-
niques—including gas metal arc welding and submerged arc welding (SAW)—which
typically require joint grooving, multiple welding passes, and extensive post-weld in-
spection procedures [4]. Although these methods have proven effective, they remain
time-consuming and labour-intensive. By contrast, FPLW significantly reduces filler metal
consumption—Dby up to 90% compared with SAW—and offers welding speeds that are
three to five times higher [5].

Despite the well-documented advantages of laser welding, its widespread adoption
in pipeline manufacturing and maintenance is still limited by several technical challenges.
A major concern is the formation of weld defects—such as spattering, porosity, and key-
hole instability—which may compromise joint strength and long-term performance [6].
Among these, spattering is considered a particularly critical phenomenon, as it can lead
to contamination of the weld seam, material loss, and defects such as undercutting and
inclusions [7].

Although a substantial body of research has examined the influence of welding pa-
rameters on spatter dynamics [8], there is still a gap in the development of real-time defect
detection methods that will lead to enabling process control and continuous weld quality
monitoring. Recent studies have investigated a range of factors affecting spatter generation,
including keyhole behaviour, evaporation-driven recoil pressure, and melt pool dynamics.
Correlations between spatter characteristics and key process parameters—such as laser
power, as was shown by Cheng et al. [9] and Zoe et al. [10]; welding speed; and shielding
gas conditions—have been well established in the laser welding literature, where variations
in these parameters are shown to significantly influence spatter generation, morphology,
trajectory, and thermal behaviour. Zhang et al. [11] analysed the influence of penetra-
tion mode and beam configuration on spatter network formation, and Wang et al. [12]
clarified the dependence of oscillation parameters and heat input conditions on spatter
behaviour. While these investigations have yielded valuable insights into the underlying
physical mechanisms, there remains a need for advanced, data-driven techniques capable of
extracting quantitative spatter features to support real-time prediction of defect formation.

Pipeline materials, particularly modern high-strength steels used in oil, gas, and
hydrogen pipeline transportation, are explicitly designed with weldability as a critical
engineering consideration. However, the problem of controllable laser penetration depth
and other common laser welding defects remains a challenge [13].

In the FPLW of pipeline steels, defects such as porosity and cracking are relatively
less prevalent due to the high weldability of these materials and their optimisation for
joining processes. However, incomplete penetration or lack of fusion remain significant
and comparatively common defects. These defects typically arise from suboptimal process
conditions, including insufficient heat input, weld misalignment, or improper focal posi-
tioning, and can markedly compromise the structural integrity of the welded joint [14,15].
Addressing these issues requires a comprehensive understanding of the interplay between
welding parameters and defect formation, as well as the development of advanced real-time
monitoring and control systems to ensure consistent weld quality.

A variety of Weld Penetration Depth Control (WPDC) methods have been proposed
in the literature, most of which rely on indirect process signals or require specific modifi-
cations to the welding setup. One of the earliest closed-loop WPDC approaches involved
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plasma analysis. Sibillano et al. [16] demonstrated that real-time correlation between elec-
tron temperature measured via spectrometry and the reference penetration depth in CO,
laser welding could be used for control purposes. However, this method has a notable
limitation—it requires precise calibration for each welding configuration, material, and
desired penetration depth, thereby restricting its industrial flexibility. Harooni et al. [17]
proposed a similar strategy based on correlating plasma ionisation temperature with pene-
tration depth. Yet, as noted by You et al. [18], fluctuations in ionisation temperature can
themselves indicate weld imperfections, which constrains the suitability of this approach
for WPDC in industrial environments.

Other in-process monitoring and control techniques have leveraged photodiodes to
collect signals such as thermal radiation, ultraviolet emissions, laser back-reflection, and
visible light from the weld zone [19].

Acoustic signal processing offers significant potential for extracting meaningful infor-
mation from the laser welding process. To better understand the relationship between opti-
cal emissions and airborne acoustic responses, Hoffman et al. [20] conducted a combined
spectroscopic and acoustic analysis, demonstrating that characteristic audio frequencies
depend on both the material type and its thickness. Further evidence was provided by
Yusof et al. [21], who concluded that acoustic methods are suitable for online monitoring
and control of weld penetration depth. However, the authors also highlighted that the
inherent sensitivity of acoustic measurements to ambient noise presents a major limitation
for their robust deployment in industrial environments. Complementary findings were
reported by Fischer et al. [22], who showed, through experiments on glass and metal sheets,
that high-frequency airborne ultrasound constitutes a potent technique for weld quality
assessment and WPDC. This conclusion is supported by Authier et al. [23], who demon-
strated that acoustic analysis can be further enhanced when combined synergistically with
other sensing modalities.

As an alternative line of development, the transition from conventional LBW to hybrid
welding processes expands the range of feasible monitoring and control strategies. For
example, Birdeanu et al. [24] investigated WPDC in a hybrid welding configuration and
demonstrated that the frequency of the TIG arc can be used as a reliable indicator of weld
penetration depth. While relevant to the broader field of process control, a comprehensive
review of hybrid or non-remote laser welding techniques lies outside the scope of the
present study.

Despite their diversity, the methods described above share a common set of challenges,
most notably the need for extensive databases of reference signals collected under tightly
controlled conditions. Although these approaches remain promising—especially when
viewed in light of recent advances in machine learning and artificial intelligence—the
exclusive reliance on data-driven techniques is insufficient for industrial implementation.
The inherent variability of real-world laser welding processes, including material compo-
sition, thickness, laser characteristics, joint configuration, and gap conditions, cannot be
reliably captured by data alone. As noted in [25], effective WPDC solutions for industry
require approaches that can accommodate these variations while maintaining robustness,
adaptability, and real-time operability.

Analysing various methods for in-process quality control during laser welding, You
et al. [18] suggested that the most reliable direct WPDC method remains X-ray imaging.
However, the practical challenges associated with implementing X-ray systems in industrial
environments—particularly concerning safety requirements, equipment complexity, and
integration constraints—significantly restrict their applicability [26]. In their comprehensive
investigation of weld penetration depth monitoring techniques, Bautze et al. [27] concluded
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that, aside from X-ray imaging, the only method capable of providing a direct, in-process
measurement of keyhole depth is Optical Coherence Tomography.

Within the context of real-time defect detection in FPLW, the selection of sensing
technology plays a decisive role in achieving accurate monitoring of process stability and
weld quality. A wide range of sensors has been explored for weld diagnostics; however,
infrared cameras offer advantages due to their ability to capture thermal emissions from
the weld pool and from spatter dynamics. In contrast to visible-range imaging systems,
which may be affected by process-related obstructions such as fumes, vapour plumes, or
plasma, IR imaging provides a robust and contactless means of visualising temperature
fluctuations and identifying thermal anomalies that are potentially associated with weld
defects. Furthermore, IR cameras enable high-speed acquisition of spatter behaviour,
allowing for the extraction of discriminative features such as spatter temperature, trajectory,
and cooling rate—parameters that are examined in this study for their correlation with weld
quality. By integrating IR camera-based data acquisition with machine learning-enabled
analysis, the present work aims to advance defect prediction capabilities and ultimately
contribute to improved process monitoring in FPLW.

Recent advancements in machine learning (ML) and computer vision have opened
new possibilities for data-driven weld quality assessment. Various researchers have utilized
automated vision systems to extract quantitative spatter metrics; for instance, Schweier
et al. [28] developed a machine vision approach using Kalman filter-based tracking to
identify spatter formation mechanisms during beam oscillation. Huang et al. [29] employed
motion tracking to statistically analyze spatter ejection directions and velocities, linking
them to vapor plume pressure. Furthermore, Hartung et al. [30] demonstrated the efficacy
of deep learning-based semantic segmentation for real-time spatter detection and its use
as a signal for defective seams. Given the stringent safety and durability requirements
of pipeline infrastructure, integrating ML-based spatter analysis into defect detection
frameworks could substantially enhance weld reliability while minimizing reliance on
post-weld inspections.

A diverse range of ML techniques has been employed to establish relationships
between sensor-derived features and defect occurrences during laser welding [31]. Classical
ML methods, such as decision tree (DT), linear regression, random forest (RF), logistic
regression (LR), gradient boosting (GB), and support vector machine (SVM), remain widely
adopted in industrial applications due to their interpretability, relatively low computational
cost, and robustness in structured data environments. For instance, Xiao et al. [32] utilized
linear regression to predict welding depth using coaxial pyrometer data. Chianese et al. [33]
applied DT, RF, and SVM to classify weld defects (e.g., overpenetration, lack of fusion)
based on photodiode signal features. Zhao et al. [34] demonstrated the efficacy of RF models
in monitoring weld penetration via laser keyhole imaging. Paulson et al. [35] employed LR
and GB to link thermal history with keyhole porosity in laser powder bed fusion.

Beyond these classical approaches, modern deep learning (DL) methods offer ad-
vanced capabilities in handling complex, high-dimensional data. Multilayer perceptrons
(MLPs) and convolutional neural networks (CNNs) have demonstrated promise in welding
defect analysis [36]. Gao et al. [37] successfully achieved multi-class classification of five
weld defect types using keyhole images and an MLP framework. Zhang et al. [38] imple-
mented a CNN to monitor weld penetration states directly from raw pixel data captured
by coaxial vision systems. These advancements underscore the potential of ML and DL
techniques in enabling automated, high-precision weld quality assessment.

In addition to these domain-specific developments, it is instructive to consider method-
ologies established in broader fields such as video classification and time series analysis, as
the task addressed in this study is fundamentally aligned with the classification of dynamic
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spatiotemporal patterns. Spatter behaviour, as captured by IR camera imaging, exhibits
evolution in both space and time. As such, the analysis may leverage either (i) embed-
dings extracted directly from raw pixel sequences or (ii) engineered features organised
into time series representations. These perspectives provide a conceptual bridge between
welding-specific monitoring approaches and state-of-the-art ML architectures developed
for sequence modelling and temporal pattern recognition, forming a foundation for the
approach proposed in this work.

In the field of video classification, widely adopted baseline architectures typically
rely on convolutional neural networks employing either 2D or 3D convolutional layers.
For example, Hara et al. [39] introduced a three-dimensional extension of the ResNet
architecture, demonstrating that 3D convolutions substantially improve video classification
accuracy by explicitly capturing spatiotemporal dependencies. Nevertheless, studies such
as [39,40] also acknowledge that 2D convolutional models remain capable of performing
video classification tasks, albeit with reduced accuracy, despite their inherent limitation in
modelling temporal evolution directly. These observations provide valuable context for
selecting suitable architectures for analysing spatter dynamics in infrared video data, where
both spatial structure and temporal progression are essential for reliable defect detection.

For time series analysis, the task involves processing sequences of one-dimensional
signals. A classical approach is to construct a feature vector based on aggregated statistics
(e.g., mean, standard deviation, skewness, or kurtosis) within a sliding window, followed
by classification using basic ML or DL models. Currently, 1D CNNs [41], transform-
ers [42], recurrent networks with Long Short-Term Memory (LSTM) cells [43], and hybrid
architectures combining convolutional and transformer layers [44] are widely used for
this purpose.

1. Characterize the relationship between spatter dynamics and weld defects in laser welding.

2. Develop a video processing framework for extracting spatiotemporal features from
spatter dynamics.

3. Implement and evaluate a deep learning pipeline for classifying weld quality based
on spatter behavior.

4. Validate the proposed methodology through experimental pipeline steel laser welding
trials and assess its effectiveness in defect prediction and process optimization.

The innovation of this work lies in systematically defining a multi-dimensional spa-
tiotemporal spatter feature set—including mean spatter area, mean spatter temperature,
number of spatters, and mean welding zone temperature—specifically for 09G2S pipeline
steel, and for the first time evaluating the correlation between these features and various
defects to achieve a real-time classification model. Notably, the proposed method operates
on a non-specialized thermal camera, providing a cost-effective and accessible alternative to
expensive proprietary monitoring systems from vendors such as Precitec, Trumpf, or IPG.

2. Materials and Methods
2.1. Laser Welding Setup

The experiments were conducted using 09G2S structural pipeline steel samples of
dimensions 3 x 150 x 450 mm. The chemical composition and mechanical properties of
the steel are given in Table 1.

Materials were welded by continuous wave multi-mode MAXPhotonics MFSC-3000
(Maxphotonics Co., Ltd., Shenzhen, China) in a butt joint welding setup. All experiments
were performed with Argon shielding gas at a 20 L/min flowrate and without filler wire.
The welding setup is shown in Figure 1 and equipment specification is shown in Table 2.
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The samples were mechanically cleaned before welding to remove rust and other possible
weld contaminants.

Table 1. Chemical composition (wt., %) and mechanical properties of 09G2S grate steel according to
GOST 19281-2014 [45].

C Si Mn Ni S P Cr A\ N Cu As
<0.12 05-0.8 1.3-1.7 <03 <0.035 <0.03 <03 <012 <0.008 <03 <0.08
Tensile strength (MPa) Elongation (%)
>490 >21

Figure 1. Experimental setup: (1) a WSX ND40 welding head with shielding gas pipes; (2) steel
samples with clamping system; and (3) a FLIR Systems Titanium 520 M Camera (FLIR Systems, Inc.,
Wilsonville, OH, USA) installed at a distance of 50 cm from the weld zone.

Table 2. Specification of experimental setup.

MAXphotonics MFSC-3000 Units Levels
Nominal output power W 3000
Optical fibre diameter um 100
Spot diameter at focus mm 0.14
Welding optics: WSX ND40
Collimating length mm 100
Focusing length mm 250
Emission wavelength nm 1080
FLIR Systems CEDIP TITANIUM 520 M Camera

Resolution pixel 320 x 240
Frequency Hz 380
Spectral range um 1.5-5.0

After welding, the samples were cut at four places: 72, 152, 232, and 312 mm from the
weld start, marked with letters (A, B, C, and D) as shown in Figure 2. Once the samples were
extracted and polished, they were etched in a 4% Nital solution and the cross-sections were
photographed using a LOMO MSP-1 microscope (LOMO (Leningrad Optical Mechanical
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Association), Saint Petersburg, Russia). The geometry of the weld and the weld defects
were recognized on the cross-section photographs.

Welding
direction
|
450
>
SA
A B C b
]
72
152
. 232 .
317

Figure 2. Sample cut locations.

2.2. Design of Experiments

The experiments were focused on investigation of the ability to detect weld defects
with an ML approach and analysis of the welding process parameters on the selected
laser welding defects. A multi-level factorial design was employed, varying two key
parameters—laser power (P;) and welding speed (V,)—at three levels each. Other
parameters—the focal position (F,) relative to the sample surface and the inclination angle
(«) of the laser head—were maintained at fixed values. The experimental plan included
a minimum of three replication points per condition, resulting in a total of 34 welding
trials. From these trials, 136 macrosections were extracted and analysed. The experimental
parameters, factors, and levels are summarized in Table 3. Analysis of these macrosections
revealed several weld defects. The types, corresponding standards, frequencies, and visual
examples of these defects are detailed in Table 4.

Table 3. Experimental parameters, factors, and levels.

Constant Welding Parameter Value
F,, mm 0
w,° 15

Factors and levels
Factor Level 1 Level 2 Level 3
P, W 1500 2000 2500
Vi, mm/s 30 35 40

Table 4. Investigated welding defects and their occurrence in the experimental set.

Defect Designation ISO 6520-1 [46] ID Occurr. Illustration

402

Incomplete

. 0,
penetration 402 b 17% na m

f
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Table 4. Cont.

Defect Designation ISO 6520-1 [46] ID Occurr. Illustration

Linear misalignment 507 hu 3%

509

__I‘.._

Sagging 509 hs 5%

2N\

515

Shrinkage groove 515 hg 1% %\

2.3. Feature Extraction from Spatter

Detecting spatters during laser welding is complicated by interfering radiation from
the metal vapor plume and the background thermal emission of the workpiece. To reduce
this interference, a background suppression filter is applied prior to spatter tracking. This
filter enhances spatter-related radiation while attenuating the general background heat.
The algorithm employs directional Laplacian-of-Gaussian (LoG) filtering combined with a
minimum selection method as proposed by Kim [47]. Equation (1) show the overall process
of generating directional (east, west, south, and north) LoG kernels, where (x, y) denotes a
pixel position, ¢ is the standard deviation of the LoG kernel, and N is the kernel size (N = 9
and ¢ = 1.8 in our experiments). Equation (2) show the process of extracting directional
feature maps with the generated LoG kernels via directional convolution. The final feature
map was obtained as the minimum of the directional feature maps at each pixel position.

1 x2 x2
fE(x)ziw 1=~ )exp(—53 @
wherex =0,1,2,...,N

) = 2 (125 e (- 25

wherex =0,—-1,—2,...,—N

|
|

_ 1 V v
fN(y)—\/z—na3<1—az>eXP( 202
wherey =0,-1,-2,...,—N

Ie(x,y) = I(x,y) ® fe(x) 2
Iy(x,y) = I(x,y) ® fw(x)
Is(x,y) = 1(x,y) ® fs(y)
In(x,y) = 1(x,y) ® fn(y)

This combination effectively removes false detections near the vapor plume edges and
improves spatter visibility. Representative examples of the raw and filtered image frames
are shown in Figure 3a and Figure 3b, respectively. Following preprocessing, the filtered
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frame is binarized using a constant threshold to produce a binary mask that highlights
both detected spatters and the welding zone, as illustrated in Figure 3c. This binary mask
is subsequently segmented into individual spatter regions, from which spatial coordinates
and size parameters are extracted. Using the same coordinates, corresponding intensity
values (which reflect temperature) are sampled from the original thermal data. For each
frame, the following four spatiotemporal features are computed:

®  Mean spatter area [spatter area]—the average area of spatter bounding boxes;

®  Mean spatter temperature [spatter temp]—the average digital level from the FLIR
camera pixels within spatter regions;

e Number of spatters per frame [number of spatters]—the total count of detected
spatter regions;

¢ Mean welding zone temperature [welding zone temp]—the average digital level
within the detected weld pool region.

binarization and spatters
detection

raw frame

min-loc-LoG filtering

welding zone 150

”

spatters 50

() (®) (©

Figure 3. Image processing pipeline: (a) raw frame; (b) filtered feature map; and (c) binarized
feature map.

These features were designed to encapsulate both the dynamic behaviour and the
thermal characteristics of the welding process, thereby enabling the identification of pat-
terns associated with weld quality and defect formation. The extracted features were
computed for each frame, producing a continuous time series of spatiotemporal descriptors

(Figure 4a).
Aggregate features Multilabel
with sliding window classification
Extract spatio-temporal R 2 Ohyg
features from thermal frames § & Oh;
| el =
WWMW % @ hm
’ WMWMMM o Ok
3 Wtk ")WWM# time 28

MMWAW Sequence processing model

time Fmmm———— ;
|
: I O hg
: Encoder Classification { O /’ls
: model model E O hm
| ‘ Oh;

D o R

Figure 4. Presented defect prediction pipeline: (a) feature extraction; (b) feature aggregation; (c) clas-
sification with aggregated features; and (d) fixed-length sequence processing.

2.4. Deep Learning Approach

We formulated the defect classification task as a multilabel problem with four target
classes: shrinkage groove (hg), sagging (hs), linear misalignment (%), and incomplete
penetration (/;). Multiple defects can co-occur within a single sample, and therefore we
developed two distinct approaches to classify them based on extracted spatiotemporal
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features. These approaches correspond to different data preprocessing strategies, illustrated
in Figure 4b,d.

The first approach aggregated per-frame feature time series within a sliding temporal
window. For each window, the mean and standard deviation of the four extracted features
were computed, yielding a fixed-dimensional representation (Figure 4b). Window size was
optimized as a key hyperparameter to maximize classification performance. A custom MLP
architecture with parallel class-specific heads classified these aggregated feature vectors
(Figure 5a). The individual head outputs were concatenated and passed through a final
shared linear layer to generate multi-label predictions (Figure 4c).

The second approach processed fixed-length sequences of per-frame features directly,
without temporal aggregation (Figure 4d). A suite of sequence processing models was
developed and evaluated, each comprising a temporal encoder for feature extraction
followed by a linear classifier for final prediction.

Four encoder architectures were implemented: convolutional neural networks, long
short-term memory networks, transformers, and a hybrid CNN-transformer architecture
(Figure 5). Each encoder operated on identical input feature sequences, enabling direct
comparison of temporal modelling capabilities. Key hyperparameters were systematically
tuned across all models to optimize evaluation metrics, with the final network architectures
illustrated in Figure 5.

Model performance was evaluated using stratified four-fold cross-validation with
video-wise splits to prevent data leakage. Since each welding trial corresponds to a unique
thermogram, partitioning was performed at the video level to ensure that all temporal
segments derived from a single physical weld were assigned exclusively to the same fold.
This procedure eliminates any correlation between training and validation sets at the
weld level.

Stratification was performed based on the presence or absence of incomplete pene-
tration (h;) defects in each video in order to preserve class distribution across folds and
mitigate class imbalance during training and validation. Notably, different defect types
exhibit significant correlations; the presence of a given defect is often associated with the
occurrence of other defect types. This correlation reinforces the need for stratification
to ensure representative sampling of all defect combinations across folds. Alternative
imbalance-handling techniques, including Focal Loss and resampling, were explored in
preliminary experiments but did not yield measurable improvements, and were therefore
not adopted. We attribute this to the fact that the engineered feature set already provides
high class separability for the majority of samples, and the introduction of such techniques
risked over-emphasizing rare noise patterns or outliers in the minority classes.

Temporal data were extracted with a 50% overlap, employing sliding windows in the
first scheme and fixed-length sequences in the second. Preliminary experiments demon-
strated that Z-score and Min—Max normalization degraded performance; consequently, raw
feature values were used as direct model input. Normalization reduced classification accu-
racy, as it removed the absolute physical magnitudes that encode meaningful distinctions
between defect types and welding conditions. Since the four descriptors are defined in
physically meaningful units and already operate on a compact scale, global normalization
eliminates these absolute differences, which are essential for reliable defect classification.

The risk of overfitting is mitigated by the compact architecture of the models, with the
transformer and CNN-transformer comprising 1.65 M and 1.86 M parameters, respectively.
By processing low-dimensional sequences of four engineered features instead of high-
dimensional raw pixel data, the networks are constrained to learn essential spatiotemporal
interactions between physical descriptors. This reduction in both parameter space and
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input dimensionality ensures robust generalization and stable convergence despite the
modest dataset size.

After tuning:

hidden_dim = 128 (a) Multi-Head MLP
dropout = 0.1 Linear (hidden_dim / 4) Linear
GELU, Dropout (hidden_dim / 8)
Input Linear (hidden_dim) Linear (hidden_dim/ 2) | Linear (hidden_dim / 2) Linear
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Figure 5. Architectures of the networks under comparison: (a) multi-head MLP; (b) LSTM; (c) CNN;
(d) transformer; and (e) CNN-transformer.

Approaches were assessed using mAP and standard deviation across validation folds
for window /sequence lengths of 8, 16, 32, 64, 96, and 128. Per-class performance was
evaluated using maximum F1-score, precision, and recall at optimized decision thresholds.
All experiments were implemented in Python 3.10 with the PyTorch 2.6 and Timm 1.0.24
frameworks. Training was performed on an NVIDIA GeForce RTX 2060 GPU (6 GB), while
inference speed was benchmarked on an Intel Core i5-11600K CPU (3.90 GHz). Classifiers
were trained using the AdamW optimizer (learning rate = 1 x 10~#, no decay), batch size
64, and binary cross-entropy loss.

3. Results

To assess the applicability of the proposed DL approach, we quantified the statistical
relationships between the extracted spatter features and the observed weld defects. As the
Kolmogorov-Smirnov test indicated that the feature distributions were non-normal, we
employed Spearman’s rank correlation analysis. Features were extracted and aggregated
according to the method outlined in Section 2.3, utilizing a sliding window of 64 frames
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(Figure 4b). The resulting correlation coefficients are presented in Table 5, where coefficients
with a p-value < 0.05 are marked with an asterisk (*) to denote statistical significance.

Table 5. Spearman’s feature-defect correlation coefficients and p-values.

Number Number Welding

Spatter Weldin
Defect Size Mean  Size Std of of "lr")emp Spatter Zone Zone ®
Spatters Spatters Mean Temp Std Temp Temp Std
Mean Std Mean
hg 0.08 —0.09 0.22* 0.20 * 0.00 —-0.27* —0.56 * —0.39 %
hs —0.01 0.01 0.04 0.09 0.03 —0.03 —0.19*% —0.07
B 0.16 % 0.06 0.00 —0.05 0.14* —0.14* —0.05 0.02
h; —0.35* 0.10 —0.43* —0.40* —0.28 % 0.37 % 0.59 * 0.50 *

As shown in Table 5, the strongest correlations were observed for incomplete pen-
etration (/;) and shrinkage groove (hg). For these defects, the most informative features
were associated with spatter quantity and welding zone temperature, whereas features
related to spatter area and spatter temperature showed weaker associations. However, the
final classifiers achieved high predictive accuracy for sagging (/) and linear misalignment
(hm), suggesting that the full set of temporal features provides a richer detection signal
than individual pairwise correlations alone. We performed additional ablation study to
investigate the influence of each feature on the final classification precision.

Next, five DL pipelines (Methods; Figure 5) were trained and evaluated using multiple
window /sequence lengths. The macro-averaged mAP and the corresponding parameter
counts are summarized in Table 6.

Table 6. Mean Average Precision of Deep Learning Approaches.

Model Sequence Size

8 16 32 64 96 128
Multi-Head MLP (0.43 M) 0.80£0.06 0.82+0.06 083+0.05 0.83+0.07 0.83£0.07 0.83+0.06
CNN (0.44 M) 0.79+0.07 0814008 0.81+0.07 0.82+0.07 0.78+0.03 0.81+0.08
LSTM (1.32 M) 0.80+0.06 0.81+0.06 0.81£006 082+£005 083+0.05 0.8240.09
Transformer (1.65 M) 0.79+£0.05 078£0.05 0.804+0.04 0.78+£0.05 0.78+£0.06 0.77+0.05

CNN-Transformer (1.86 M) 0.81+0.07 0.82+0.07 0.82+0.06 0.85+0.04 0.82+0.06 0.83+0.07
The bold font highlights the best results in the table.

The results in Table 6 indicate that the hybrid CNN-transformer achieved the best
overall performance, reaching an mAP of 0.85 at a sequence length of 64. This architecture
also has the largest number of parameters among the tested models (1.86 M). In contrast, the
simpler multi-head MLP, with substantially lower complexity (0.43 M parameters), deliv-
ered competitive performance (0.83 mAP), thereby offering a favorable efficiency—accuracy
trade-off. Although the optimal sequence length differed across models, lengths between
32 and 96 frames generally provided the best balance between capturing sufficient temporal
context and preserving an adequate number of training samples. Figure 6a shows the
precision-recall curves of the best-performing CNN-transformer, aggregated across all
validation folds and reported per defect class using micro-averaging. To select an operating
point for deployment, we optimized the decision threshold by computing precision, recall,
and the F1-score for thresholds from 0 to 1 in increments of 0.05. As shown in Figure 6b, the
maximum Fl-score occurred at a threshold of 0.55, which we therefore used as a general
operating point. For specific industrial scenarios, this threshold can be adjusted to prioritize
either higher precision or higher recall, depending on operational requirements.
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Figure 6. Evaluation curves of CNN-transformer: (a) precision—recall curves; (b) threshold—
metric curves.

We performed additional ablation study on feature importance to investigate whether
the full set of temporal sequences could provide a richer detection signal than individual
pairwise correlation presented in Table 5. During these experiments we trained and
evaluated the proposed CNN-transformer as described in Section 2.4 using all possible
feature combinations with a sequence length equal to 64 (the best result in Table 6). The
ablation results are presented in Table 7 as per-class fold-wise Average Precision (AP) and
total mAP for each feature combination sorted by mAP. Fold-wise standard deviation was
omitted to make the results less cumbersome.

Table 7. Ablation study on the feature importance.

Feature Combination AP mAP
he hs hum h;
spatter area + number of spatters + spatter temp + welding zone temp 0.94 0.85 0.87 0.72 0.85
number of spatters + spatter temp + welding zone temp 0.95 0.78 0.84 0.78 0.84
spatter area + spatter temp + welding zone temp 0.95 0.80 0.85 0.71 0.83
spatter temp + welding zone temp 0.94 0.83 0.86 0.68 0.83
spatter area + number of spatters + welding zone temp 0.94 0.78 0.88 0.71 0.83
number of spatters + welding zone temp 0.94 0.77 0.88 0.71 0.83
welding zone temp 0.95 0.76 0.82 0.76 0.82
spatter area + welding zone temp 0.94 0.75 0.86 0.73 0.82
number of spatters + spatter temp 0.83 0.74 0.87 0.56 0.75
spatter area + number of spatters + spatter temp 0.85 0.75 0.90 0.50 0.75
spatter area + number of spatters 0.84 0.71 0.89 0.55 0.75
number of spatters 0.81 0.73 0.88 0.56 0.75
spatter area + spatter temp 0.80 0.76 0.86 0.55 0.74
spatter temp 0.80 0.74 0.86 0.54 0.73
spatter area 0.75 0.74 0.88 0.54 0.73

These results indicate strong correlation between spatter features and defects which
is enough to classify defects based even on a single feature despite the relatively small
pairwise correlation presented in Table 5 (especially for sagging and linear misalignment).
Although single features achieved good performance (0.73-0.82 mAP), their right combi-
nations produced better results (0.85 mAP for spatter area + number of spatters + spatter
temp + welding zone temp). Notably, the temperature of the welding zone was the most
informative feature as it outperformed some combinations of other features, whereas the
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spatter area was less informative. The combination of all features was used to produce the
final results.

For comparison, we implemented two baseline models—MobileNetV4 Small [48]
backbone with a two-layer linear classifier (1280 and 640 neurons) and 3D Convolutional
ResNet-18 [39]—to compare against the proposed feature-based CNN-transformer pipeline.
To ensure a fair comparison, both baselines processed thermograms at their native res-
olution (320 x 240 pixels) using the maximum batch size permitted by the hardware
(64 for MobileNetV4 and 16 for 3D ResNet-18). Both baselines were trained using the Adam
optimizer with binary cross-entropy loss, where the learning rate was set to 7 x 10> after
being selected from a range of 10~ to 10~® with a step of 10 and no decay. Table 8 reports
the AP, precision, recall, and Fl-score for each defect class at the 0.55 decision threshold,
presented as mean + standard deviation across validation folds for the proposed model
and both baselines. Table 8 also includes the mean processing speed per thermogram
frame measured from the preprocessing start (the division on 255 for MobileNetV4 and
3D ResNet18, the pipeline in Figure 4a,d for the CNN-transformer) to the end of model’s
inference over 1000 runs on the CPU.

The standard deviations across folds remain low for most defect classes, indicating
overall model stability. However, the incomplete penetration (/1;) class exhibits significantly
higher variability, suggesting that its detection performance is more sensitive to specific
data splits.

Table 8. Per-class evaluation results.

Model Metric Classes Macro Speed
hy hs B h; Avg ms
CNN- AP 0.94 +0.02 0.86 +0.14 0.87 +0.09 0.72 +0.15 0.85
Transformer Precision 0.87 £ 0.07 0.73 +£0.20 0.87 +0.05 0.88+£0.13 0.84 15.29
(1.86 M) Recall 0.81 +0.06 0.81 +0.14 0.97 +0.04 0.62 +0.30 0.80 '
’ Fl-score 0.83+0.01 0.74 +0.11 0.92 +0.02 0.67 +0.26 0.79
AP 0.95+ 0.03 0.84 +0.09 0.80 + 0.09 0.75+0.38 0.83
MobileNetV4 Precision 0.90 + 0.06 0.82 +0.12 0.84 +0.08 0.70 +0.34 0.81 6.49
(1.78 M) Recall 0.87 +0.07 0.85+0.10 0.83+0.11 0.76 +£0.17 0.83 ’
Fl-score 0.88 +0.06 0.83 +0.10 0.83 +0.08 0.70 + 0.30 0.81
AP 0.95 +0.03 0.93 +0.05 0.87 +0.05 0.73 +0.33 0.87
3D ResNet18 Precision 0.89 + 0.08 0.84 +0.10 0.85+0.07 0.73+0.28 0.83 237.90
(33.16 M) Recall 0.88 +0.04 0.92 +0.06 0.89 +0.06 0.67 +0.30 0.84 ’

F1-score 0.88 +0.04 0.87 +0.06 0.87 +0.06 0.69 £0.28 0.83

Overall, the proposed time series pipeline based on the hybrid CNN-transformer
provides a near-optimal balance between accuracy and computational efficiency, achieving
0.85 mAP (Table 8). It closely approaches the highest accuracy of the 3D ResNet-18 baseline
(0.87 mAP) while delivering substantially faster inference (15.29 ms per frame), which
supports real-time defect detection in pipeline welding. Moreover, the CNN-transformer
attains the highest macro-averaged precision (0.84), indicating fewer false-positive predic-
tions. By comparison, the lightweight MobileNetV4 baseline achieves the highest speed
but yields the lowest overall accuracy (0.83 mAP). Consequently, the CNN-transformer
is the most suitable architecture for the proposed pipeline, combining strong predictive
performance with the responsiveness required for real-time monitoring.

4. Discussion
4.1. Interpretation of Key Findings

The findings of this study confirm the feasibility of detecting four defect types—
incomplete penetration (;), shrinkage groove (hg), sagging (hs), and linear misalignment
(hy)—with the mAP of 0.85. This level of performance is achieved through the extraction of
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spatiotemporal features from thermogram sequences. While several defect types occur in
fewer than 5% of cases, the use of macro-averaged metrics for model selection ensured that
these rare classes contributed equally to the performance evaluation, preventing the model
from simply ignoring them. The proposed pipeline integrates a thermogram processing
algorithm (Figures 3 and 4a) for generating feature time series, followed by the classifica-
tion of fixed-length segments using a CNN-transformer architecture (Figures 4d and 5e).
Importantly, the low per-frame inference time of 15.3 ms on a CPU highlights the potential
for real-time deployment in industrial environments, including implementation on edge
devices such as Rockchip and NVIDIA Jetson. Such real-time feedback could support
closed-loop control systems by enabling dynamic adjustment of laser parameters to reduce
defect occurrence.

It should be acknowledged that the reported performance gap between the feature-
based CNN-transformer and the end-to-end image-based baselines may be influenced by
the depth of hyperparameter optimization. While more exhaustive tuning of architectures
like MobileNetV4 could potentially close this gap, the primary focus of this study was
to demonstrate that a compact set of physically informative features provides a robust
and computationally efficient signal for defect detection. Unlike “black box” end-to-end
models, our approach prioritizes physical interpretability and achieves high accuracy with
significantly lower computational overhead for industrial real-time monitoring.

Additional insight comes from the per-class AP values in Table 8, reported as the
mean and standard deviation across folds. The standard deviation serves as an indicator of
model stability across different data splits. Notably, the incomplete penetration (/;) defect
exhibits a markedly higher standard deviation than the other classes. This variability is
consistent across all tested architectures, suggesting it stems from characteristics of the
dataset rather than a limitation of a specific model. In the current annotation strategy,
a sample was labeled as defective when the /; depth exceeded zero according to ISO
6520-1. Experimental observations indicate that a higher physical defect magnitude may
be required before it produces a consistently discernible thermal signature. Consequently,
some validation folds contained sequences with weak or ambiguous signals, lowering the
AP for those specific folds.

4.2. Comparative Analysis

The findings of this study confirm the feasibility of using spatiotemporal features as
a reliable indicator for weld quality monitoring in pipeline steel FPLW. Our results align
with the broader research trend toward automated defect detection, yet provide distinct
advantages in terms of feature interpretability and computational efficiency. A distinction
of our approach lies in the input data representation. In contrast to the methodology
proposed by Zhang et al. [38], which utilizes a convolutional neural network for real-
time penetration state diagnosis based on high-dimensional raw pixel sequences, our
pipeline leverages a compact set of four physically interpretable engineered features.
While Zhang et al. achieved a high accuracy of 94.6% for specific penetration states,
our framework addresses the more complex task of multi-label classification, targeting
four distinct defect types (h;, hg, hs, and hy,) simultaneously and achieving a competitive
macro-averaged mAP of 0.85. Compared to the feature extraction method by Gao et al. [37],
which relies on HU moments of the weld pool and keyhole morphology to achieve 91.29%
accuracy for six defect types, our hybrid CNN-transformer architecture explicitly models
the temporal evolution of spatter ejections. This allows for a more robust interpretation
of process instabilities compared to static geometric descriptors. Our achieved inference
speed of 15.3 ms compares favorably with recent Vision Transformer models, such as those
presented by Din et al. [42], which report 97% accuracy for battery pole defects but require
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substantially larger datasets and more complex attention mechanisms to operate on raw
images.

4.3. Limitations and Challenges

As demonstrated, statistically significant relationships between extracted features
and weld defects were identified only for four defect types. The current set of extractable
features is constrained by the spatial, temporal, and thermal properties of the spatters,
which inherently limits the number of detectable welding anomalies.

A further challenge concerns the resolution of the thermal imaging sensor, which
can impede the accurate detection of small spatters or introduce errors in estimating their
size and temperature. Data availability remains a significant constraint—the dataset com-
prises 34 thermograms, yielding 800 samples with a window size of 64 and a 50% overlap.
Furthermore, the industrial focus of this study was primarily on incomplete penetra-
tion (h;), other defect types were included and reported to demonstrate the framework’s
potential for multi-label classification in broader welding despite the pronounced class
imbalance. Moreover, the current study did not assess the impact of different materials,
camera angles, or acquisition conditions, all of which may influence feature extraction and
classifier performance.

4.4. Future Research Directions

Building on the findings of this study, future work should focus on the development
of a substantially larger and more diverse dataset, incorporating diverse sets of materials,
welding conditions, and thermogram acquisition configurations. Such a dataset would
enable a more rigorous assessment of the generalizability and robustness of the proposed
methodology. To enhance measurement precision, future studies should also explore the
use of thermal imaging systems with higher spatial resolution and increased frame rates.

Future work will focus on enriching standard deep learning architectures with physics-
informed inductive biases, including specialized attention mechanisms and tailored loss
functions that reflect the underlying welding dynamics. Beyond the evaluated architectures,
we plan to investigate hierarchical temporal models and multi-modal transformers to cap-
ture the evolution of ejections across multiple spatiotemporal scales. These developments
will be complemented by the integration of domain-specific knowledge—such as tempera-
ture decay patterns and the transient nature of spatter ejections—into both architectural
design and optimization objectives, thereby enhancing detection sensitivity and predictive
accuracy. At the system level, further performance gains are expected through advanced
classifier refinement and sensor fusion strategies that combine thermal imaging with visible
and ultraviolet imaging, spectroscopy, or other auxiliary sensing modalities. Ultimately,
such sensor fusion will allow for a more dependable way to detect various defects in real
time, making industrial laser welding significantly more reliable.

Further development plans for this approach include its integration into a multi-
agent system to enhance automation of engineering workflows and process control, while
improving usability through natural-language interaction.

5. Conclusions

This work establishes a sensor-to-Al framework for non-destructive, in-process defect
detection in full-penetration laser welding using infrared thermography as the primary
monitoring modality. A dedicated thermogram-processing stage isolates spatter activity
and converts high-speed IR video into compact, physically interpretable time series descrip-
tors (spatter area, spatter temperature, number of spatters, and welding zone temperature),
enabling data-driven quality assessment directly from sensor signals.
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A multi-label learning formulation was adopted to reflect real manufacturing con-
ditions where multiple defects may co-occur, targeting incomplete penetration, sagging,
shrinkage groove, and linear misalignment. Across the evaluated model families, the hybrid
CNN-transformer that processes fixed-length feature sequences delivered the strongest
overall performance, achieving 0.85 mAP at a sequence length of 64 frames, while main-
taining near real-time inference (15.3 ms per frame on the CPU), which supports practical
deployment without specialized compute.

This work establishes a robust real-time defect detection framework based on the first
systematic evaluation of the relationships between multi-dimensional spatter dynamics
and diverse weld defects in pipeline steel. Particularly strong results were achieved for
incomplete penetration defects, where the correlation between spatter signatures and defect
formation proved to be highly discriminative in real time.

By leveraging non-specialized thermal cameras rather than high-cost proprietary
hardware from Precitec, Trumpf, or IPG, the proposed methodology provides a scalable
and economically viable foundation for automated in-process quality assurance.

These findings demonstrate that for 09G2S pipeline steel, IR thermography coupled
with temporal deep learning on engineered spatiotemporal features can provide actionable
online diagnostics under laboratory conditions. While industrial deployment requires
further testing across diverse setups, this work provides a preliminary foundation for the
potential development of in-process parameter optimization systems in industrial pipeline
laser welding.
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The following abbreviations are used in this manuscript:

FPLW Full-Penetration Laser Welding
IR Infrared

LBW Laser Beam Welding

GMAW  Gas Metal Arc Welding

SAW Submerged Arc Welding

WPDC  Weld Penetration Depth Control

ML Machine Learning
DT Decision Tree

RF Random Forest

RL Logistic Regression
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GB Gradient Boosting
SVM Support Vector Machine
DL Deep Learning

MLP Multilayer Perceptron
CNN Convolutional Neural Networks
LSTM Long Short-Term Memory

mAP Mean Average Precision
LoG Laplacian-of-Gaussian
hg Shrinkage Groove

hs Sagging

N Linear Misalignment

h; Incomplete Penetration
AP Average Precision
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Abstract

RUL prediction methods do not fully account for the uncertainties caused by data scarcity
and inherent noise, and they also suffer from low reliability of RUL point estimates. To
tackle these challenges, this paper proposes a Bayesian convolutional neural network
with dual-output units for RUL interval predictions. The network employs the negative
log-likelihood as the loss function. Thanks to its dual-output structure, it not only provides
point estimates, but also quantifies the aleatoric uncertainty inherent in the data. During
the training process, the CNN is reformulated using Bayesian principles, and the Bayes-
by-backprop method is applied to train the network. This transformation converts model
parameters from fixed values into random variables. As a result, epistemic uncertainty
caused by model inaccuracies and limited data can be quantified. Experimental validation
on the IEEE PHM Challenge 2012 dataset demonstrated that the proposed method achieved
a higher prediction accuracy than state-of-the-art uncertainty-aware prediction approaches,
demonstrating a better applicability in engineering practice.

Keywords: remaining useful life prediction; uncertainty quantification; Bayesian deep
learning; convolutional neural network; interval prediction

1. Introduction

Prognostics and health management (PHM) is a decision-support system designed to
ensure equipment safety and reduce maintenance costs by leveraging physical knowl-
edge, operational information, and data from industrial equipment operation and
maintenance [1-3]. The prediction of the remaining useful life (RUL) is a core compo-
nent of PHM technology, serving as a prerequisite and foundation for system maintenance,
and it represents a key research focus in the field of reliability engineering.

With the rapid development of sensor technology, increasingly integrated and minia-
turized sensing devices are being widely deployed in mechanical systems to monitor
equipment health conditions. In such a data-rich environment, deep learning techniques
have demonstrated strong capabilities for RUL predictions. Various models, including
convolutional neural networks (CNNs) [4], long short-term memory networks (LSTMs) [5],
gated recurrent units (GRUs) [6], and graph convolutional networks (GCNs) [7], as well as
their variants, have achieved a promising performance in bearing RUL prediction tasks.
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However, most existing deep learning models focus on point estimation and fail
to quantify the predictive uncertainty, which limits their reliability in practice [8]. In
practice, data acquisition is often affected by noise and measurement errors, which are
referred to as aleatoric uncertainty [9]. Homoscedastic uncertainty assumes a constant
variance, whereas heteroscedastic uncertainty allows it to vary across inputs. Meanwhile,
the uncertainty in model fitting caused by factors such as insufficient data or inappropriate
model selection is referred to as epistemic uncertainty [10]. To quantify the uncertainties
in practical engineering applications, Bayesian neural networks are widely employed in
the field of remaining useful life predictions [11]. In Bayesian neural networks, all weights
are represented by probability distributions of random variables, unlike traditional deep
learning networks, where the weights are assigned fixed values [12]. During the training
process, Bayesian neural networks quantify uncertainty through probability distributions,
yielding results that are more reliable due to the provision of confidence intervals. This
characteristic also facilitates a subsequent analysis and decision-making.

In addition to Bayesian approaches, recent studies have explored uncertainty-aware
RUL predictions from different perspectives. Evidential deep learning [13] has been
introduced to model predictive uncertainty through evidence theory without relying on
sampling-based inference, while deep equilibrium models [14] have been proposed to
enhance model representation and stability in RUL estimation. However, these methods
do not explicitly provide a unified probabilistic framework for decomposing the predictive
uncertainty into aleatoric and epistemic components.

Currently, the variational inference (VI) method is commonly used to train Bayesian
neural network (BNN) models. Variational inference [15] employs an approximate distribu-
tion, parameterized by 0, to approximate the posterior distribution of network parameters,
and iteratively optimizes this approximate distribution by solving an optimization problem.
It is widely applicable and converges quickly. Two common forms of VI are the Monte
Carlo (MC) dropout method and the Bayes-by-backprop method. Weiwen Peng et al. [16]
integrated the MC dropout method with a bidirectional LSTM neural network and a multi-
scale convolutional neural network, using dropout to achieve a Bayesian approximation
for uncertainty quantification. Gaoyang Li et al. [10] proposed a novel Bayesian framework
that combines the MC dropout method with a dual-output neural network. In this frame-
work, the dual-output structure captures the aleatoric uncertainty, while dropout is used to
implement Bayesian approximation in the neural network to capture epistemic uncertainty,
thereby completing uncertainty quantification. Among the aforementioned methods, MC
dropout is widely adopted by researchers for uncertainty quantification due to its relative
ease of implementation. However, the MC dropout method can only capture epistemic
uncertainty related to weights by randomly activating or deactivating neurons, while
neglecting the aleatoric uncertainty caused by inherent noise in the data [17]. Additionally,
the MC dropout method has been criticized for its inability to converge as the amount
of data increases, a limitation that persists even in simple linear networks [18]. Kumar
Shridhar et al. [19] utilized the Bayes-by-backprop method for uncertainty quantification in
a BNN-CNN, employing a loss function composed of the sum of the negative log-likelihood
and the Kullback-Leibler divergence. Lei Wang et al. [1] proposed a Bayesian large-kernel
attention mechanism network for bearing remaining useful life predictions; it employs the
Bayes-by-backprop method for network uncertainty quantification. Bayes-by-backprop
implements the iterative optimization of the approximate distribution in the variational
inference using the backpropagation algorithm [12]. Similar to the MC dropout method,
this approach also overlooks the aleatoric uncertainty arising from inherent noise in the
data. Yaguo Lei et al. [20] introduced a dual-output Res-ConvLSTM network, trained using
a hybrid loss function that includes the mean squared error, log probability density, and
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confidence interval width definitions. While this method achieves quantification of the
aleatoric uncertainty, it lacks a process for quantifying the epistemic uncertainty resulting
from inaccuracies in the model’s fitted distribution.

Based on the above analysis, the existing methods still face two major challenges in
RUL predictions:

(1) The aleatoric uncertainty is often oversimplified or assumed to be constant; thus, the
methods fail to capture its heteroscedastic nature [21].

(2) The epistemic uncertainty is frequently ignored in dual-output structures, resulting in
incomplete uncertainty modeling [22].

Although BNNs have been widely used for uncertainty quantification, most existing
approaches either focus primarily on epistemic uncertainty or model aleatoric uncertainty
separately without a unified framework. As a result, they cannot simultaneously capture
both types of uncertainty in a consistent probabilistic formulation.

To address the aforementioned limitations, this paper employs a convolutional neural
network (CNN) as the backbone architecture, reformulates it within a Bayesian framework,
and incorporates a dual-output structure. Bayesian inference is performed via the Bayes-
by-backprop method for bearing RUL predictions and uncertainty quantification. The main
contributions of this work are summarized as follows:

1. A unified probabilistic framework is proposed to jointly model aleatoric and epistemic
uncertainties for RUL predictions. The dual-output structure enables the modeling
of heteroscedastic aleatoric uncertainty, while the Bayesian formulation captures
epistemic uncertainty through parameter distributions.

2. A Bayesian convolutional neural network (BCNN) with a dual-output structure is
developed, in which model parameters are treated as random variables and opti-
mized via Bayes-by-backprop, enabling consistent uncertainty quantification and an
improved prediction reliability.

Compared with existing Bayesian neural network-based methods, the proposed ap-
proach provides a unified and principled framework for jointly modeling aleatoric and
epistemic uncertainties, enabling more comprehensive and reliable uncertainty quantifica-
tion for RUL predictions.

The structure of this paper is organized as follows: Section 2 introduces the theoretical
foundations of Bayesian deep learning (BDL) networks and variational inference. Section 3
presents the proposed dual-output Bayesian convolutional neural network (BCNN) frame-
work and elaborates on uncertainty quantification for remaining useful life predictions.
Section 4 validates the effectiveness of the proposed method on a public bearing dataset
and compares it with other uncertainty quantification approaches. Section 5 concludes
the paper.

2. Methods and Theories
2.1. Bayesian Neural Networks

In a classical regression model, the remaining useful life prediction is often formulated
asy = f“(x), where x and y represent the input and output of the system, respectively, and
w denotes the parameters of the regression model. The essence of Bayesian deep learning
(BDL) lies in preserving the topological structure of the deep learning network while
treating its parameters as random variables, thereby enabling uncertainty quantification
through probability distributions. This approach retains the superior feature extraction
and analytical capabilities of deep learning models, while leveraging Bayesian inference to
update and optimize the probability distributions of the model parameters.

130 https:/ /doi.org/10.3390/526092592



Sensors 2026, 26, 2592

For a set of system run-to-failure training trajectories, the dataset is denoted as
D = {(X;, Yi)}ﬁo/ where N is the total number of training trajectories. For the i-th tra-
jectory, X; = {xi,j}]l.\]:io and Y; = {y;, }]l.\]:io, where x;; represents the input sample at the
j-th time step of the i-th trajectory, y; ; is the corresponding RUL label, and N; denotes the
number of samples in the i-th trajectory. The Bayesian deep learning (BDL) model is for-
mulated as y = f%“(x), with a prior distribution p(w). The likelihood function after model
regression is defined as p(y;| f“(x;)). In bearing remaining useful life prediction tasks,
this likelihood is often defined as a Gaussian distribution, i.e., y; ~ N(f%(x;),I), where I
represents the standard deviation of the likelihood distribution. For newly observed data
x*, the predictive probability of the model is expressed as:

ply"[x, D) = /P(y*\ fO))p(w| D)dw 1)

where p(w|D) is referred to as the posterior distribution. According to Bayesian theory, the
posterior distribution is computed as:

p(w| D) = PEPDIw) __ p(w)p(D|w) 2

It can be observed that the model predictive probability involves an integration prob-
lem, and the posterior distribution is generally intractable to compute directly, especially
for complex network structures and high-dimensional data. This intractability poses a sig-
nificant challenge for probability integration. Variational inference (VI) is a commonly used
optimization method in machine learning for approximating intractable distributions [23].

2.2. Variational Inference Theory

The implementation of variational inference (VI) generally consists of two steps: First,
a family of probability distributions g, (w) parameterized by ¢ is selected as the variational
distribution family; second, the optimal variational distribution is found by minimizing
the Kullback-Leibler (KL) divergence between g4(w) and the true posterior p(w| D) [14].
The KL divergence is defined as follows:

q¢(w)

p(w D)™

KL[gg(w)|| p(w| D)] = [ g¢(w)log
B o q¢( )P(D)
= [q¢(w log o(w )dw [ a¢(w)log p(D| w)dw + [ q4(w)log p(D)dw

~ gt tog 25 fdw  4(w) log p(D| w)dw + log p(D)

= KL[q¢(w)|| p(w)] — Ey,(w) [log p(D| w)] + log p(D)

®)

In Formula (3), the posterior distribution is expanded for analysis. As a result, the
KL divergence can be decomposed into three components. The first part represents the
KL divergence values of the variational distribution family g4(w) and the prior p(w); the
second part is to convert the original integral term into the corresponding expected term,
in order to facilitate further simplification and implementation using Monte Carlo (MC)
sampling in the future; and the third part represents a constant that is independent of ¢ and
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can be ignored in minimization (3). If ¢* is used to represent the optimization problem, then
after the above transformation, the expression of the optimization problem is as follows:

¢* = arg mingKL[gy(w)|| p(w| D)]

: 4)
= arg miny{ KL[gp(w)|| p(®)] — Ey, () llog p(D| )]}
The corresponding objective function takes the form of:
F(D,¢) = KL[q¢(w)|| p(w)] = Eg (w) log p(D] w)] ®)

Most of the existing references are written in ELBO form, and its expression is
as follows:

ELBO = Ey () [log p(D| )] — KL [gg(w)|| p(e0)]

6
= Eqy ) llog p(D] )] — Ey o 108 0 ()] + Ey o llog p(w)] ©

In Formula (6), the minimization optimization problem is transformed into the maxi-
mization ELBO problem. The KL[q¢(w)|| p(w)] term is called the complexity cost, which
represents the physical distance between the variational distribution family g4(w) and the
model prior p(w), and it is used to constrain g4 (w) to approximate the prior p(w). The
Eg () [log p(D| w)] term is called the likelihood cost, which constrains the model to fit the
training data. In the previous definition, let the prior p(w) follow a Gaussian distribution
with a mean of 0 and a variance of 0’% ; the variational distribution g4 (w) is also assumed to
follow the Gaussian distribution w ~ N(p,0?), where u and 02 represent the mean and
variance of the Gaussian distribution, respectively. In the second equation of Formula (6),
the KL [g4(w)]|| p(w)] term is written as the logarithmic expected form of the variational
distribution g4 (w) and the prior p(w), respectively. The purpose of this is to estimate the
expected value through MC sampling.

2.3. Parameter Resampling

The MC sampling method estimates the expected value through multiple sampling
processes, and the corresponding expression can be written as:

N;min
= (6)) — (s) (s)
Loss { SZ: [logp(D‘w s ) logq(l,(w s ) +logp(w s )]} (7)

=1

In the process of sampling w, we need to sample w from N (j, 02). If we directly sam-
ple w, because the sampling action is discrete, the result is not differentiable. Therefore, in
reality, there is no gradient information when used for backpropagation, and it is impossible
to update the parameter gradient. To solve such problems, reparameterization techniques
are often used to transform the sampling process into obtaining ¢ from the standard normal
distribution N(0,1), where w = u + ¢ - 0, represents an element multiplication calculation.
This can solve the problem of gradient non-transitivity. At the same time, in order to ensure
that the value of the variational distribution parameter o is greater than 0, the parameter o
is also resampled:

o =log(1+e) ®)

In this way, the distribution parameters of g4(w) become p and p, which are different
from the originally defined distribution parameters p and o. The uncertainty introduced
by this sampling process can be regarded as global uncertainty. When performing Bayesian
inference, it is necessary to sample all parameters globally. However, Diederik P. Kingma
et al. [24] found that, if all parameters are independent Gaussian distributions, the results

132 https:/ /doi.org/10.3390/526092592



Sensors 2026, 26, 2592

obtained through forward propagation will also be independent Gaussian distributions.
This conclusion proves that we can directly calculate the forward-propagated values of the
qy(w) distribution parameters for sampling, and then backpropagate them to the original
distribution parameters for updating. The forward propagation values are calculated

as follows:
F, = XW, + B, (10)
F=F +¢ Fr (11

Among them, X represents the input data matrix of the model, F, and F;, correspond to
the values of the g4 (w) distribution parameters after the forward-propagation calculation, F
represents the final return value of forward propagation, W, and By, represent the matrices
corresponding to the mean parameter y of the model weight and bias, and W, and B,
represent the matrices corresponding to the standard deviation parameter log(1 + ¢°) of the
model weight and bias after resampling. This method is called the local reparameterization
technique (LRT) [24] because it does not require sampling of global parameters, and is
often used in Bayes-by-backprop methods to reduce the gradient variance during training
and prevent overfitting.

The objective function in Formula (4) and the approximation in Formula (5) are
performed by the model on the entire dataset. However, in the actual implementation
process, the small-batch gradient descent method is often used to divide the dataset into
batches, so correspondingly, the complexity cost KL [gy(w)|| p(w)] needs to be scaled.
Assuming that the entire dataset is divided into M batches, the simplest scaling method is
to average the complexity cost of each batch, and the corresponding objective function can
be written as:

F(D,9) = 2KL[go(w)|| p(®)] ~ Eyy () log p(D] )] (12)

On this basis, Blundell et al. [12] proposed a new scaling method by modifying the
proportion of the complexity cost in each batch, theoretically achieving the idea of focusing
on fitting priors in the early stage of training and fitting data in the later stage. The
corresponding objective function is written as follows:

F(D,¢) = mKL[q¢(w)]| p(w)] — E;, (w)[log p(D] w)] (13)
with 77; € [0, 1] M in Formula (13), and Y, 71, = 1, 7, = 27—

This paper applies the local reparameterization technique mentioned above to the
Bayes-by-backprop method for Bayesian inference, and scales the complexity cost calcu-
lation involved in it, as shown in (13). The sampling Adams optimizer minimizes the
objective function to optimize the network parameters.

3. BCNN Framework and RUL Uncertainty Quantification

The Bayesian framework is applied to convolutional neural networks (CNNs) to
achieve RUL uncertainty quantization, and the method proposed in this paper is shown
in Figure 1. There were three main modifications: firstly, the model parameters in the
convolutional and fully connected layers of the CNN were converted into random variables,
and probability distributions were used to represent the epistemic uncertainty of the model.
Secondly, a dual-output unit was set up behind the fully connected layer of the CNN to
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predict the point estimate of the RUL and the inherent variance in the data themselves.
Finally, the negative logarithmic probability density function was used as part of the loss
function to optimize the dual-output unit results, and the variance in the data themselves
was obtained as aleatoric uncertainty. At the same time, the sum of the KL divergence was
used as another part of the loss function to optimize the variational distribution parameters,
approximately replacing the posterior distribution of parameters in order to obtain the
predicted probability to quantify the epistemic uncertainty.

Model Construction and Training Data Preparation
|| __FFT
E—
> [FT] Data  |——
Normalization
S5 ()-#
Data Normalization: ~ %(/) = -
o ; rul, = o =l
— = %@m P
Training Set
BayesianCNN | BayesianLinear = Sample1,Sample2,-++ Sample Ny

7 oulme

{, 4 Model Implementation

Model Testing and RUL Predtiction

rior  p(w) /\ Posterior q,(w) /\

Testing Set
Posterior

X seribae Loss Function Samplel Sample2.+- Sample N,
KL[q,(w)1 p(wID)]

Sampling: Likelthood Lowr; Ly=tlog p(¥ (/" (X)) (/" (X))).w~ g, (w) p(¥1 " (x)=[ p(vI#0) (10| 17 (x)) p(w| D)d pder
F,=XW,+B, Complesity Loss: L, = KL[ g, ()l p ()] RUL Prediction and Uncertainty Quantification

Total Loss: L=L,-L
E,=XW,+B,

e el

Figure 1. Method framework.

In the proposed BCNN model, the probability distributions in the convolutional and
fully connected layers represent epistemic uncertainty, while the dual-output structure
models heteroscedastic aleatoric uncertainty. When considering the life distribution pa-
rameterized by y and o, the likelihood function of the BCNN model in Formula (1) can be
written as:

Pl £°(x) = [ p(ul 1, 0)p(n,0| £ (x)p(w] D)d pde (19

Among them, w represents the random variable of the model, corresponding to the
posterior distribution of Formula (2), written as:

- p(w) [ plylu,o)p(p, ol f(x))d pdo

w| D (15)
M) = T ol m)pe ol £ pla)d pdode
The model prediction probability corresponding to Formula (1) is:
ply’|x", D) = / Pl o)p(p, ol f2(x7)p(w| D)d pdodw (16)

From the previous description, it can be seen that the posterior distribution p(w| D)
usually cannot calculate an analytical solution, and variational inference theory needs to be
used to approximate the posterior distribution p(w| D) using the variational distribution
q(w). By substituting g(w) into Formula (16), we can obtain:

P ) = [P mo)pl el £2(x))q(w)d pdodw (17)

According to the Bayes-by-backprop method, minimizing the KL divergence of varia-
tional and posterior distributions is equivalent to maximizing the lower bound of evidence,
and its optimization function can be expressed as
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Lepo = [q(w)log([ p(Y [ 1 0)p(u, | f(X))d pde)dw a8)
—KL[g(w)][ p(w)]

In the explanation of Part 2, it is known that the optimization function can obtain its
unbiased estimate using the Monte Carlo sampling method, and the equation is:

Lymc = Egy)llog(f p(Y [ w,0)p(u, o | f(X))d pdo)]

19
~Eq ) [108 3 ()] + Eq o) llog p(w)] 19

In Formula (19), parameters y and ¢ are generated by model weights, so p(Y | i, o)
p(u, 0| fP(X)) can be simplified to p(Y | p(f“(X)),o(f¥(X))). Substituting it into
Formula (19) yields:

Lymc = Egywllog p(Y | p(f“(X)), a(f*(X)))]

) 20
~Ey () 08 0 ()] + Ey ) log pl)] 20

Among them, w ~ gq¢(w). By maximizing the lower bound of evidence as described
above, the optimal variational distribution can be obtained to approximate the posterior
distribution of the model. After the model training is completed, it is necessary to quan-
tify the uncertainty of the RUL prediction results. According to the theory of variance
accumulation [10], let the predicted variance Var(y* |x*, w) represent the sum of aleatoric
uncertainty and epistemic uncertainty. Reconstructing the total predicted variance yields
the following equation:

Var(y*|x*,D) =E w‘D[}/* } { w|D)(y*)}2

= Ep(w|D) [ ( )} - (E (w|D)[E(}/*|x*/w)])2
2
= Ey(uip) |Var(y*[x*, @) + [E(y* 15", 0)]*]| = (Epuip) [E@* 157, 0)]) @)
2
- E p(w|D) [ E(y L w } - <Ep(w\D)[E(y* |X*/w>]) +Ep(w\D) [Var(y*|x*,w)]
= Varyqp) [E(y"|x*, w)] + E, (| p) [Var(y*|x*, w)]

where Var, ., p)[] and E,,,|p)[-] denote the expectation and variance with respect to the
posterior distribution of model parameters w, respectively.

The predicted total variance Var(y*|x*, D) in Formula (21) is decomposed into two
parts, where Var,, p)[E(y"|x", w)] represents the variance in the expected E(y*|x*, w),
which can be used to represent the epistemic uncertainty, where the calculation of the ex-
pected value is influenced by the model parameters and data size. And E,, (| p)[Var(y*|x*, w)]
eliminates the variability in the model parameters by calculating the expected value, which
reflects the inherent uncertainty of the data itself, that is, the aleatoric uncertainty.

For a test sample x*, the dual-output BCNN produces two outputs: the predic-
tive mean u(x*,w) and the predictive variance ¢?(x*,w). Under the Gaussian like-
lihood assumption, the conditional predictive distribution of the RUL is given by
y*[x*, w ~ N(p(x*,w),0?(x*,w)) . Accordingly, for a given model parameter sample w,
the point prediction of the RUL is y(x*, w) = E[y*|x*, w] = p(x*,w), and the correspond-
ing conditional variance is Var(y*|x*,w) = o?(x*,w), which characterizes the aleatoric
uncertainty caused by inherent noise in the data.

Since the model parameters w follow the posterior distribution p(w| D), the
overall predictive distribution is obtained by marginalizing over w: p(y*| x*,D) =
[ p(y*| x*,w)p(w| D)dw. The predictive mean of the RUL is therefore given by
¥ = Ep(up)[n(x*,w)], and the predictive variance can be decomposed according to
the law of total variance as Var(y*| x*,D) = E, () p)[0*(x*,w0)] + Var, ) py[p(x*,w)],
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where the first term represents the aleatoric uncertainty and the second term represents the
epistemic uncertainty.

Based on the predictive mean and total predictive variance, the RUL prediction interval
at confidence level (1 — «) is constructed as

[y* — 212/ Var(y'| 5, D), 7 + 21y Var(y'| x%D)} @)

where z1_, /5 is the standard normal quantile.
After training the BCNN model, its total prediction uncertainty can be obtained
through Monte Carlo sampling, and its calculation formula is as follows:

11 M N
Mean(y*) = MN Y X oy
=1n=1
11 M N 2 (23)
Var(y*) = MN 21 Zl(y? — Mean(y*))
m=1n=

In Formula (22), calculations are performed by multiple sampling of w;;, ~ q¢(w) and
g ~ p(y | pm, om), where the ranges of m and n are [1, M] and [1, N|, respectively. This
form of double sampling is determined by the applied BCNN dual-output unit structure
network. In Formula (21), the epistemic uncertainty decomposed from the total prediction
uncertainty needs to be solved for the variance of the mean, while aleatoric uncertainty
only needs to calculate the mean of the variance. Relatively speaking, for the convenience
of calculation, the aleatoric uncertainty in the predicted results can be solved by calculating
the average variance of each model weight, which is given by the formula:

1 M N
Mean(y') = . T T 93
m1:1 ;le N , (24)
Varaleatoric (y*) = Mﬁmzl nzl (}??11 - Meﬂ”m(]/*))

By substituting Formula (23) into Formula (21), the epistemic uncertainty can be
calculated as follows:

Varepistemic(]/*) = Var(y*) — Varaeatoric(y"™) (25)

The overall training, sampling, and variance decomposition procedure of the proposed
dual-output BCNN is summarized in Algorithm 1.

Algorithm 1. Dual-output BCNN variance decomposition.

Ntest .

Input: Training samples: Dy = {xi,yi}f\irl‘”" ; testing samples: Dyest = {x;};15";

Iterations: M and N; network parameters: w;
Output: Variational distribution g4(w); predicted mean w; predicted variance o;

Compute the Mean(y*) for g} using (22)
Decompose the Var(y*) using (23) and (24)

1. Formfrom1toM,do

2. Draw (pm, 0 ) with model parameters wy, ~ g4 (w)
3. For n from 1 to N, do

4. Draw sample 77 from p(y | pm, om)

5. End for

6. End for

7.

8.
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4. Case Description

In order to verify the effectiveness and superiority of the Bayesian convolutional neural
network (BCNN) framework proposed in this paper for measuring the uncertainty in RUL
predictions, this section uses the IEEE PHM 2012 dataset for experimental verification. The
algorithm in this paper was trained on the Windows 10 system and an NVIDIA GeForce
RTX 4060 GPU.

4.1. Overview of the Dataset

The IEEE PHM 2012 dataset was provided by the FEMTO-ST Institute and experiments
were conducted on the experimental platform (PRONOSTIA). This experimental platform
can meet the requirements of applying different working conditions to the test bearings
and collect real-time bearing health monitoring data, as shown in Figure 2.

Cylinder Pressure Force sensor Accelerometers

\ WOXTp A
tomme L] v [ v |

Figure 2. The PRONOSTIA testbed of rolling element bearings.

The PRNONSTIA platform consists of three parts: the rotating part, the load part, and
the testing part. The rotating part is powered by a 250 W AC motor to apply torque to the
shaft, ensuring that the second shaft reaches a speed of 2000 rpm. The load part applies a
radial dynamic load of 4000 N to the tested bearing through a pneumatic jack, accelerating
the degradation process of the bearing. The testing section is used to collect complete
bearing degradation data, including collecting bearing vibration data and temperature
data. For this purpose, vibration sensors are placed radially and axially on the outer ring
of the bearing to measure data in both directions, with a sampling frequency of 25.6 kHz.
Meanwhile, a resistance temperature detector is placed in the hole near the outer bearing
ring to collect temperature data, with a sampling frequency of 0.1 Hz.

When conducting an RUL prediction analysis on bearings, the main data used are
the vibration data of the bearing degradation process. This dataset contains horizontal
and vertical vibration signals under three working conditions. The sensor collects signals
every 10 s with a recording length of 0.1 s, and each collected vibration signal contains
2560 data points. During the entire bearing data collection process, for safety reasons,
testing is stopped when the amplitude of the vibration signal exceeds 20 g. The statistics of
the three operating conditions and the tested bearings are shown in Table 1.
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Table 1. The statistics of the operating conditions and the tested bearings.

Working Load: 4000 Load: 4200 Load: 5000
Conditions Speed: 1800 rpm Speed: 1650 rpm Speed: 1500 rpm
. Bearing 1-1 Bearing 2-1 Bearing 3-1
Learning set Bearing 1-2 Bearing 2-2 Bearing 3-2

Bearing 1-3 Bearing 2-3 Bearing 3-3
Bearing 1-4 Bearing 2-4
Test set Bearing 1-5 Bearing 2-5
Bearing 1-6 Bearing 2-6
Bearing 1-7 Bearing 2-7

4.2. Data Processing and Evaluation Indicators

To augment the training dataset, bearings 1-6, 1-7, 2-6, and 2-7 from operating condi-
tions 1 and 2 were allocated to the test set, while the remaining bearings constituted the
training set. Due to the unclear degradation features contained in the original vibration
signal, in order to improve the training effect, it is necessary to perform a spectral analysis
and z-score standardization on the dataset, and use the standardized data as the input for
neural network training and testing. A comparison between the original vibration signal of
the data and the standardized signal of the spectral analysis is shown in Figure 3.
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Figure 3. Time-domain and frequency-domain display of vibration data.

When assigning RUL labels to the dataset, linearly decreasing the RUL over time, and
considering the differences in the service life of different bearings, setting the RUL range to
0-1 can achieve better training results.

To verify the effectiveness of the proposed method, the accuracy [25] and root mean
square error (RMSE) were used as evaluation metrics for the RUL point estimation accuracy.
Among them, accuracy represents the accuracy of the RUL prediction, and the larger
the accuracy value, the higher the prediction accuracy; the RMSE reflects the average
deviation between the predicted values and true values, with lower values indicating a
better prediction performance. The calculation formulas are as follows:

1 N ﬂ
Accuracy = NZ eRUL_True
i=1

(26)
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(27)

Among them, m; is the prediction error value at the i-th time point, calculated as
m; = predicted remaining life — true remaining life; N is the number of data collection points.

In addition, in order to evaluate the performance of model uncertainty quantification,
two indicators were used: the prediction interval coverage probability, PCIP, and the
average prediction interval width, MPIW. Among them, PCIP represents the probability
that the predicted interval contains the target value, and the larger its value, the higher
the probability that the predicted target value is in the predicted interval. For uncertainty
quantification goals, it is required that the PCIP value be large while the MPIW value be
as small as possible, indicating a higher prediction accuracy. The calculation formula is

as follows: i
1
PCIP = NE{ rul; (28)
1 n
MPIW = ;Z(Hi — L) (29)
i=1

Among them, if, and only if, L; < RUL; < H;, rul; = 1; in other cases, rul; = 0. L; and
H; represent the lower and upper limits of the prediction interval, respectively.

4.3. Experimental Analysis

The BCNN model transforms the training parameters in traditional CNNs into random
variables without using the dropout method for uncertainty substitution. The network
parameter graph is shown in Table 2.

Table 2. Network architecture diagram.

Block Layer Filter Feature Size
1 Input 1 x 2048
BConvld
ReL.U() In=3,0out=8,k=8 3 x 2041
MaxPoolld Size =3 3 x 680
2 Same as Block 1 In=3,0out=6 6 x 224
3 Same as Block 1 In=6,0out=8 8 x 72
4 Same as Block 1 In=8,out=16 16 x 21
5 Flatten / 336
6 BL 336 x 200 200
7 BL 200 x 200 200
BL
8 200 x 1 1
Exp()
BL
9 Sigmoid() 200 x 1 1

The BConvld and BL layers used in BCNNs are Bayesian convolutional layers and
Bayesian linear layers, respectively. They are the Convld and linear layers rewritten using
Bayesian principles. The hyperparameters of the neural network were tuned using the
Bayesian optimization algorithm Hyperopt, and the resulting hyperparameter values are
shown in Table 3. The model training loss curve obtained using the following network
configuration is shown in Figure 4. The negative loss values observed in Figure 4 were
mainly due to the negative log-likelihood (NLL) term. For continuous distributions such
as the Gaussian likelihood, the probability density may exceed 1, leading to positive log-
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likelihood values, and thus, negative NLL values. Although the KL divergence term
is non-negative, the NLL term may dominate during training, resulting in an overall
negative loss. This behavior is expected and does not indicate numerical instability. It was
observed that the loss curve gradually approached a stable value at epoch 75, indicating
the rationality of the training.

Table 3. The hyperparameters in the dataset.

Hyperparameters IEEE PHM 2012
Train epoch 75
Prior distribution N (0,0.1)
Learning rate 0.01
Batch size 512
-400 -
~500
-600
£ 700
—
-800
=900 4
-1000 -
0 50 100 150 200 250 300

Number of iterations

Figure 4. Training loss diagram of network model.

Using the training set described in Section 4.2 to train the proposed BCNN dual-output
network, the original prediction performance of the test set is shown in Figure 5. In Figure 5,
the original signal curve is close to the target value, indicating a relatively ideal prediction
effect. However, there is a lot of signal stacking, and the overall trend observation is not
obvious. In order to better observe and analyze the prediction performance, it is necessary
to smooth the predicted data. It should be emphasized that sliding-window smoothing is
used solely for visualization and does not influence the quantitative evaluation. Consider-
ing the significant differences in the number of data points in different test sets, the sliding
window size for test sets 1-6 and 1-7 was selected as 10, while the sliding window size for
test sets 2-6 and 2-7 was selected as 5. The resulting image is shown in Figure 6.
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Figure 5. Unsmoothed image of the test set.
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Figure 6. Smooth processing of test set images.
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Based on Figures 5 and 6, it can be seen that the BCNN dual-output network had a
good performance in measuring the uncertainty in bearing predictions. For testing bearings

1-6 and 1-6, in the early stage of the RUL, the degradation information contained in their

vibration data was not obvious, and the data distribution was roughly the same as that of

the training set, so the data itself had a low uncertainty. In the mid-term stage of the RUL,

considering that individual bearings have different assembly and stress conditions, the

noise signals generated during the rotation process varied from individual to individual.

Compared with the training set, the uncertainty of the data itself increased, resulting in
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significant uncertainty in the predicted curve at this stage. As the bearing approached the
degradation stage, due to the rapid degradation of the bearing, the degradation information
that was contained increased. This situation also existed for all bearings in the training
set, so their data distributions represented more degradation information, resulting in a
lower uncertainty of the test data itself and a lower uncertainty of the prediction curve.
This observation is important for equipment health monitoring, as an accurate prediction
in the later stage is crucial for monitoring. The uncertainty mentioned in the above analysis
mainly refers to aleatoric uncertainty. For epistemic uncertainty, due to the fact that the
amount of data input in the training set is much larger than that in the test set, and
the amount of data in the training set remains unchanged, the proportion of epistemic
uncertainty is relatively small compared to aleatoric uncertainty. The presented image
effect is shown in Figure 7.
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Figure 7. Test bearing uncertainty measurement diagram.

For testing bearings 2-6 and 2-7, there was significant uncertainty in the early stages
of the RUL, possibly due to the individual bearing being more prone to minor failures
during the early break in the stage, including obvious degradation information, resulting
in a shorter overall lifespan. This phenomenon was caused by the unique assembly or
stress conditions of the individual bearing, and it belongs to a special case. However, in the
mid- to late stages, testing bearings 2-6 and 2-7 met the conditions analyzed above. As the
bearings approached the degradation stage, their uncertainty decreased, which played a
good role in bearing monitoring.

As shown in Figures 5 and 8, it can be seen that the RUL prediction performance
of the method in this chapter was relatively accurate, and the confidence interval of the
tested bearings included the vast majority of the target values. All four tested bearings had
good predictive values near the degradation stage, almost 100% predicting the degradation
failure point of the bearings. There was a certain gap between the predicted and ideal
values of bearings 2-7 in the mid-term RUL stage, but their overall degradation trend
remained consistent with the target value and the method still had a good prediction
performance. In summary, the method proposed in this paper can effectively achieve RLU
predictions and an uncertainty analysis of bearings.

142 https:/ /doi.org/10.3390/526092592



Sensors 2026, 26, 2592

fusuagt AupaEaoid
o N w s w O

fusuaq ANIIGRAOId
omNwan O

fnsuaq AnNiqeqold
Ausuaq AnNIQRaoid

700 12

Figure 8. Test bearing PDF diagram.

4.4. Contrast Test

To evaluate the effectiveness of the proposed method, comparative experiments were
conducted with several representative models for RUL predictions and uncertainty quan-
tification, including a dual-output CNN, a single-output BCNN (Bayes-by-backprop), an
MC dropout BCNN, and additional state-of-the-art architectures such as CNN-LSTM and
transformer-BiLSTM variants. All the models were trained under the same experimental
conditions to ensure a fair comparison. For clarity, the comparison focused on the test
bearing 1-6, and the evaluation metrics defined in Section 4.2 were adopted. The quantita-
tive comparison results are summarized in Table 4, including the prediction performance
(RMSE and accuracy), uncertainty evaluation metrics (PCIP and MPIW), and computational
complexity indicators (FLOPs and parameter size).

Table 4. Comparison results of model complexity and performance indicators.

Method FLOPs Params RMSE ACCURACY PCIP MPIW
Dual-output CNN 5.135 M 109.677 K 0.1253 0.7255 0.7304 0.2701
Single-output BCNN 10.175 M 218.8 K 0.0981 0.8009 0.7484 0.1977
MC dropout BCNN 5.135 M 109.677 K 0.0901 0.7987 0.7496 0.1686
Dual-output BCNN (proposed method) 10.176 M 219.2K 0.0894 0.8061 0.9628 0.3740
Single-output CNN-LSTM 30.868 M 68.801 K 0.1297 0.7560 * *

Dual-output CNN-LSTM 40.304 M 101.890 K 0.1180 0.7667 0.6299 0.1836
Single-output transformer-BiLSTM 46.277 M 67.169 K 0.1109 0.7675 * *

Dual-output transformer-BiLSTM 46.310 M 67.234 K 0.1283 0.7557 0.7259 0.2026

* Indicates that this indicator is not applicable to the model.

From the results, it can be observed that the proposed dual-output BCNN achieved the
best overall performance in uncertainty quantification. Specifically, it attained the highest
PCIP value of 0.9628, and significantly outperformed all other methods. This indicates that
the prediction intervals generated by the proposed model can effectively cover the true
RUL values, providing more reliable decision support for practical applications. Although
the MPIW of the proposed method was relatively larger, this is a reasonable trade-off, as a
higher coverage probability is more critical in safety-related engineering scenarios.

Compared with the dual-output CNN, which introduces a dual-output structure to
capture heteroscedastic uncertainty, the proposed method further incorporates Bayesian
inference to model the epistemic uncertainty. As a result, it significantly improves both
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the prediction accuracy and interval reliability. The relatively low PCIP value of the dual-
output CNN indicates that modeling only the aleatoric uncertainty is insufficient for reliable
RUL predictions.

For the single-output BCNN and MC dropout BCNN, both methods attempt to quan-
tify the epistemic uncertainty through Bayesian approximation. However, due to the
absence of a dual-output structure, they fail to explicitly model the aleatoric uncertainty.
Consequently, although they achieve relatively low MPIW values, their PCIP values re-
main limited, indicating that their prediction intervals cannot adequately capture the
true RUL values. This further demonstrates the necessity of jointly modeling both types
of uncertainty.

In addition, to enhance the comprehensiveness of the comparison, advanced se-
quence modeling architectures, including CNN-LSTMs and Transformer-BiLSTMs, were
incorporated. These models leverage temporal feature extraction capabilities and show
a competitive performance in their point prediction accuracy. For example, the single-
output transformer-BiLSTM achieved a relatively low RMSE compared with conventional
CNN-based models.

However, these models either lack uncertainty quantification mechanisms or exhibit
an unsatisfactory uncertainty performance, as reflected by missing or relatively low PCIP
values. Even for their dual-output variants, the PCIP values remained significantly lower
than that of the proposed method, indicating a limited reliability in interval prediction. This
suggests that simply increasing the model complexity or introducing temporal modeling
does not guarantee effective uncertainty quantification.

From the perspective of computational complexity, the proposed dual-output BCNN
introduces additional overhead due to Bayesian inference and variational parameterization.
As shown in Table 4, its FLOPs and parameter size are approximately twice those of the
standard CNN-based models. However, compared with more complex architectures such
as CNN-LSTMs and Transformer-BiLSTMs, the proposed method maintains a moderate
computational cost. More importantly, this increase in the computational complexity leads
to substantial improvements in the uncertainty quantification performance, particularly in
PCIP. Therefore, the proposed method achieves a favorable balance between computational
efficiency and predictive reliability.

Overall, the experimental results demonstrate that the proposed dual-output BCNN
not only achieves a competitive performance in point predictions compared with state-of-
the-art models, but it also significantly outperforms them in uncertainty quantification.
This makes it more suitable for practical PHM applications where both the prediction
accuracy and reliability are essential.

5. Summary

This article proposes a dual-output unit Bayesian CNN that uses the Bayes-by-
backprop method for variational inference for a Bayesian analysis. Meanwhile, the tradi-
tional single-output unit is replaced with a dual-output unit to simulate the distribution of
the output data. Compared to other uncertainty quantification methods, the method pro-
posed in this paper can capture and quantify epistemic uncertainty caused by data scarcity
or model parameters, while utilizing the advantages of dual-output units to quantify any
heteroscedastic uncertainty.

To verify the effectiveness of the proposed method, this paper conducted experimental
validation using the PHM2012 dataset. The experimental results show that the method
proposed in this paper can effectively complete the prediction and uncertainty quantifica-
tion process of the RUL. In addition, by quantifying two types of uncertainties, the change
process of the RUL prediction confidence interval was analyzed, providing a more valuable
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reference for equipment monitoring and maintenance. By comparing with other traditional
uncertainty quantification methods, it was found that uncertainty quantification using
our method almost completely includes the target value in the confidence interval, and
has an average improvement of 28% on the PCIP index. It can be seen that the method
proposed in this paper is superior to traditional uncertainty quantification methods in terms
of uncertainty quantification. In addition, the ability to quantify two types of uncertainty
provides more interpretable recommendations for monitoring and maintenance.
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Abstract

Fault detection is essential for the reliable operation of wind turbines. Traditional super-
vised methods for fault detection based on SCADA data face highly imbalanced datasets of
normal and fault samples. This paper presents a two-stage detection method to address
this limitation by integrating unsupervised anomaly detection or classification with super-
vised classification. In the first stage, the unsupervised classifier of OCSVM, together with
two complementary anomaly scores, is used to flag deviations from normal operation or
separate abnormal data samples from normal data samples. In the second stage, the super-
vised classifier of CNN is applied to the detected abnormal data samples to identify fault
samples among only these samples, thus enhancing the discrimination capability between
normal and abnormal conditions. Experiments on real-world SCADA data show that the
introduced two-stage detection method noticeably improves fault detection compared to
supervised methods, both in terms of accuracy and missed fault rates.

Keywords: wind turbine fault detection; two-stage unsupervised and supervised fault
detection; fault detection based on SCADA data

1. Introduction

Wind power constitutes a major source of renewable energy, contributing approxi-
mately 7.8% to electricity generation globally [1]. Reliable operation of wind turbines is of
critical importance. Turbine faults can lead to downtime, increased maintenance costs, and
loss of energy production. Accurate fault detection enables reliable wind turbine operation.

Supervisory Control and Data Acquisition (SCADA) sensors are widely deployed in
wind turbines, providing continuous measurements of turbine conditions such as wind
speed, power output, temperatures, vibration, and electrical signals [2]. Data from SCADA
sensors, called SCADA data, allow addressing fault detection by machine learning in
a data-driven manner. Existing machine learning approaches to fault detection involve
supervised learning methods. As mentioned in [3,4], these methods require large amounts
of labeled data consisting of both normal and fault conditions. In practice, fault-labeled
datasets are often scarce, incomplete, or inconsistent. Furthermore, wind turbine data
are often highly imbalanced, with normal-operation data samples dominating, making it
difficult for supervised models to effectively distinguish fault from normal samples.

To improve fault detection beyond the existing supervised methods, this paper intro-
duces a two-stage classification method by combining unsupervised classification with

Sensors 2026, 26, 3865 https://doi.org/10.3390/s26123865
147



Sensors 2026, 26, 3865

supervised classification. This two-stage method first identifies SCADA data samples
that deviate from normal behavior using only normal data (a single class classification),
and then applies a supervised model to those samples that are flagged as not-normal or
abnormal samples to identify fault samples among them. By filtering out a large amount
of normal data in the first stage, the introduced method reduces the search space for
the supervised model to achieve a more accurate fault detection compared to just using
supervised classification.

The main contributions in this paper are as follows: (i) Two complementary anomaly
scores are introduced for carrying out the unsupervised classification: a feature-based
anomaly score capturing deviations in individual SCADA data features, and a correlation-
based anomaly score represented as a heatmap characterizing changes in the relationships
among SCADA features. For each anomaly score, a one-class learning model is employed
to detect abnormal samples. (ii) A two-stage fault detection framework is developed by
integrating unsupervised anomaly detection with supervised fault detection to address the
severe class imbalance commonly observed in SCADA datasets.

The remainder of the paper is organized as follows. Section 2 reviews related work
on wind turbine fault detection. Section 3 presents the introduced methodology of two-
stage classification. Section 4 describes the dataset and experimentations performed. The
results obtained and their discussion are stated in Section 5, followed by the conclusion in
Section 6.

2. Related Works

Wind turbine fault detection based on SCADA data has been extensively studied in the
literature due to its importance in the reliable operation of wind turbines. Existing machine
learning approaches are primarily supervised methods, while in this work, unsupervised
learning is used as the frontend to supervised methods. The difference between our
two-stage detection method and supervised methods is illustrated in Figure 1.

Supervised

(Normal/Fault)
Classifier

[ SCADA Data
——— Fault

] Fault — Normal

(a) Traditional supervised methods

Fault ___— Fault

Supervised BTN
Classifier

SCADA Data
(Normal/Fault)

Normal

(b) Our two-stage method

Figure 1. Difference between (a) traditional supervised detection methods and (b) the developed
two-stage detection method. The label “Non-Fault” refers to not-normal samples identified by
the first-stage unsupervised classifier that get classified by the second-stage classifier not to be
fault samples.

Early studies on wind turbine condition monitoring mainly relied on statistical ap-
proaches. These methods include trend analysis, threshold-based alarms, clustering, and
the Normal Behavior Model (NBM) [5]. Trending and threshold-based methods monitor
deviations of key features or variables (e.g., temperature, power output) from their ex-
pected ranges. While simple and interpretable, as pointed out in [6], these methods often
fail to capture complex relationships among SCADA features or variables, making them
more susceptible to false alarms and performance degradation. NBM is one of the most
widely used methods in monitoring SCADA data. In this approach, a model is trained
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using normal data to predict expected behavior, and deviations between predicted and
observed values get flagged as anomalies. Several variations of NBM have been considered,
including regression models, neural networks, and statistical models. These methods offer
the advantage of using SCADA data that are readily available and do not require the
installation of specialized sensors on a turbine.

The above traditional methods are often limited by their reliance on handcrafted
features, which may not generalize well to different fault types. With advancements in
machine learning, supervised models have been designed by treating wind turbine fault
detection as a classification problem based on labeled data. Conventional machine learning
models such as Support Vector Machine (SVM), Random Forest, Xgboost, and Ensemble
methods, e.g., [7-9], have been used to classify different fault types based on SCADA
features. More recently, deep learning models, including Convolutional Neural Network
(CNN), Recurrent Neural Network (RNN), and Long Short-Term Memory (LSTM), have
been utilized for fault detection, e.g., [10-12]. These models learn complex patterns in data
and have been shown to provide better performance compared to earlier methods.

The bottleneck in deep learning models is the need for large datasets of labeled
normal and fault samples. In practice, as noted in [13], such datasets are scarce and highly
imbalanced. Noting that fault events occur infrequently compared to normal operation, it
becomes challenging to train supervised models. To address this shortcoming of supervised
models, one-class unsupervised methods, which use only readily available normal data,
can be considered to lower the search space of supervised models. In [14-18], unsupervised
classifiers, including One-Class SVM (OCSVM), AutoEncoder (AE), and LSTM-AE, have
been utilized. Despite their advantage of not requiring labeled data, unsupervised methods
in general generate more false positives. Essentially, supervised methods are simple but
struggle when normal data dominates a dataset, while unsupervised methods ease this
shortcoming but are subject to less precision.

In this work, we combine unsupervised and supervised classification to take advantage
of the strengths of each of these classifications in order to reach an improved detection
outcome as compared to commonly used supervised methods.

3. Two-Stage Methodology

The two-stage method presented in this paper aims to automatically detect deviations
from the normal state of a wind turbine using the entire SCADA data or measurements. The
deviation from normal operation is carried out based on only normal data of a wind turbine
that are readily available. As shown in Figure 2, the unsupervised classification is made up
of three main steps: (1) data preprocessing, (2) one-class detection, and (3) anomaly score
computation. The input consists of multidimensional SCADA data samples collected over
time, and the output consists of SCADA data samples identified as deviations from the
normal operation state.

Two complementary anomaly scores are computed to quantify deviations from normal
behavior. Finally, two one-class learning models are trained on normal data to identify
abnormal samples. These samples can be directly used for fault detection or further
processed with a supervised classifier to identify fault type.

3.1. Data Preprocessing
3.1.1. Feature Merging

A raw SCADA dataset contains many measurements that are physically related and
often provide overlapping information. Examples include three-phase electrical variables,
multiple temperatures associated with the same component, and vibration measurements
collected from closely located sensors. Using all the features increases dimensionality,
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which in turn makes the anomaly detection process more sensitive to noise. Therefore, a
feature merging step is first performed to bring down the dimensionality.

Merging similar features

Examine data in a window

Group by wind speed

Setting up correlation-based
anomaly vectors based on
correlation heatmap

Setting up feature-
based anomaly vectors

One-Class Classifier One-Class Classifier

Compute feature-based Compute correlation-based
anomaly score anomaly score

Not-normal samples:
either high feature-based anomaly score
or high correlation-based anomal

Figure 2. Flowchart of the developed two-stage fault detection method.

Feature merging is achieved here by the aggregation of very similar physical features.
In other words, SCADA features that exhibit both physical consistency and similarity are
merged. Physical consistency means that the features correspond to the same component,
such as temperatures of different generator phases. Similarity means that these features
exhibit similarity over time under normal operating conditions.

To decide which features to merge, the correlation among them is examined by com-
puting the Pearson correlation coefficient. For a pair of SCADA features x; and x;, the
Pearson correlation coefficient is computed as follows:

)

where cov (xi, xj) denotes the covariance between the two features, 0; and 0; their standard
deviations. As mentioned in [19], features are considered highly correlated when their
correlation coefficients are close to 1 under normal operating conditions. In such cases,
the features are interpreted as carrying the same information and are therefore suitable
for merging. Figure 3 illustrates an example of using the Pearson correlation heatmap
to group the SCADA features into speed, electric, and temperature groups. When the
features within the same group exhibit strong correlations, they are merged. For example, a
subset of features within the temperature group, such as the three transformer temperature
measurements, shows strong dependencies or carries the same information, and thus they
are merged into a single feature. Similar merging is performed for other feature groups
or families. In other words, related features are merged when the following conditions
are satisfied: (i) they represent the same physical quantity or the same component from
different phases, and (ii) they exhibit very high correlation during normal operation.
Merged features are considered to be the average of the original features. Averaging
is adopted here because it preserves the common trend in the same feature group while
reducing random fluctuations from individual sensors. In situations where a different
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merging strategy is more physically meaningful (for example, for vibration signals), root-
mean-square values are used.

Speed Electric Temperature

Wind_Speed
Rotor_Speed
Voltage_RMS_L1
Voltage_RMS_L2

Voltage_RMS_L3

HVTrafo_Temp_L1

HVTrafo_Temp_L2

HVTrafo_Temp_L3

Figure 3. Example illustrating the use of Pearson correlation heatmap to conduct feature merging.

3.1.2. Window Size Selection

To capture temporal changes, the data are examined in a sliding window manner
as illustrated in Figure 4. Given a time-series signal x(t), each sample is constructed as a
sequence of measurements over a fixed window of length T

X =[x(t),x(t+1),...,x(t+T—1)] ()

where T represents the window size. Many abnormal conditions in wind turbines do
not appear as a single outlier at one time instant, but rather as a gradual deviation or a
persistent abnormal pattern over a time period. If the window is too short, the resulting
sample may only reflect instantaneous sensor noise, making it difficult to distinguish
abnormal behavior from normal behavior. If the window is too long, abnormal behavior
may get diluted by a large amount of normal data within the same window. Therefore,
the window size should strike a balance between temporal continuity and preserving
anomalous contrast. The selection of window size can be carried out by going from too
short to too long windows and then seeing for what window size range more or less the
same high-performance outcome is obtained.
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Figure 4. Illustration of sliding window.
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3.1.3. Grouping by Wind Speed

Under different wind speeds, the relationship between SCADA data features, such
as power output, temperature, and vibration, changes considerably. Figure 5 displays a
typical power curve of a wind turbine, indicating its power output vs. wind speed.
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Figure 5. A typical wind turbine power curve.

To address this issue, the dataset is divided into three groups corresponding to the
three regions of the power curve. At low wind speeds, typically below or slightly above the
cut-in threshold, a turbine generates little or no power. In this region, SCADA data features
such as power output, generator temperature, and rotational speed remain relatively low. In
the mid wind speed region, the turbine power follows a cubic curve. At high wind speeds,
the turbine reaches its rated power output, and this power is regulated to remain constant.
In this region, the turbine control system adjusts blade pitch and other components to limit
the mechanical load, ensuring a safe operation. Grouping by wind speed helps reduce
false alarms caused by variations in turbine operation under different wind speeds. In the
subsequent modules of the unsupervised classifier, each wind speed data group is treated
independently.

3.2. One-Class Detection or Classification Using OCSVM

To detect deviations from normal turbine operation, a one-class classifier is utilized.
This classifier is trained exclusively based on only normal data, allowing it to learn the
underlying distribution of normal turbine data. Here, OCSVM is used as the one-class
classifier as it has the ability to identify outliers without requiring labeled anomaly or
abnormal samples.

A sliding window representation X; € R"*T is first constructed, where m is the
number of features and T is the window size. For each window;, a set of anomaly scores is
computed to characterize different types of deviations. These scores are aggregated into
a feature vector z; = ¢(X;), serving as the input to the OCSVM. Here, z; refers to either

ZtF

or z;* depending on whether the feature-based or correlation-based OCSVM is used.
Transformation for different anomalies is explained in Section 3.3. Given a set of normal
samples {z1,2y, ...z, }, the OCSVM learns a decision boundary that encloses the great

majority of these samples by solving the following optimization problem

min ol + L3¢ - ©)
w02 VN &t TP
subject to the constraint

(w-(zt)) 2 p =& 20 )
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where the decision function is defined as:

f(z1) = sgn((w-¢(z1)) — p) ®)

with ¢(-) being an RBF (Radial Basis Function) kernel; the parameter v € (0, 1] specifies the
maximum allowable fraction of outliers; N denotes the number of samples, w the normal
vector of the decision boundary, and p its location in the feature space. The slack variable
¢t is added to allow for minor deviations due to noise. A data sample gets classified
as follows:

f(z¢t) > 0— Normal; f(z;) <0 — Abnormal

In this work, the OCSVM is trained using only normal SCADA data within each
wind speed group. The parameter v is set to 0.05 based on the assumption that abnormal
operating conditions constitute only a small fraction of SCADA data. An RBF kernel
is employed where its scale parameter is automatically computed from the variance of
training data. During inference, each SCADA window is evaluated using the learned
decision function, and data samples that fall outside the normal region are identified as
not-normal or abnormal samples.

3.3. Anomaly Score Computation

The outcome of the one-class classification largely depends on how the SCADA
window X; is represented. Different representations reflect different aspects of turbine
behavior, and thus different anomalies. Here, two complementary anomaly representations
or scores are considered: (i) feature-based anomaly, which captures deviations in individual
features, (ii) correlation-based anomaly, which captures changes in relationships among
the features. These two representations are used to compute anomaly vectors, which are
then fed to the OCSVM model to obtain corresponding anomaly scores.

3.3.1. Feature-Based Anomaly Score

The feature-based anomaly score measures how much individual SCADA features
deviate from their normal behavior. For each feature i, its mean j; and standard deviation
0; are estimated from normal data, i.e., for a given window X ;, the deviation is computed
as follows:

TG x(t+ 1) —
Zi,tF = ¢(Xiy) = T Z M(TJ (6)
=1 !

The vector z;F = {zl,tF , zzrtF S ver zm,tF } indicates the average normalized deviation of all
the features over the window. A higher zi,tF value indicates that the feature signals deviate
more from their normal levels. This vector is then used as the input to the feature-based
OCSVM to obtain the feature-based anomaly score. Since anomaly scores are concentrated
within a narrow range under normal conditions, an exponential transformation is applied
to amplify abnormal behavior. Meanwhile, very small scores are regarded as noise and set
to zero.

3.3.2. Correlation-Based Anomaly Score

While a feature-based anomaly score captures individual feature deviations, it does not
account for the relationships among features. However, under normal operation, SCADA

features exhibit stable correlations. To capture changes in these relationships, a correlation-
(0)
j

based anomaly score is considered. First, a baseline correlation matrix R;;" € Ryxpm is
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computed using normal data in each wind speed region. Specifically, the data are divided
into sliding windows, and for each window k, a correlation matrix is computed as follows:

® cov(xi,xj)
i ~ P 0;0;

@)

The baseline correlation matrix is then obtained by averaging over N windows in the same

wind speed region:
N

0 1 k
O g
For each sliding window X;, a correlation matrix R is computed in the same manner.
The difference between the current correlation matrix and the baseline correlation matrix
is computed. The upper-triangular elements of the difference matrix are extracted and
arranged into the following correlation-based anomaly vector:

2 = ¢ (X) = vecy (R(f) — R(O)) )

where vecy, () denotes the upper-triangular entries. This vector is then used as the input to
the correlation-based OCSVM to obtain the correlation-based anomaly score. This score
captures relational anomalies; that is to say, even when individual features remain within
their normal ranges, abnormal behavior can still appear via changes in their relationships.

3.3.3. Combination or Union of Two Anomaly Scores

After inputting the feature-based and correlation-based anomaly vectors separately
into two one-class classifiers, the two corresponding anomaly scores are computed to
capture complementary aspects of abnormal turbine behavior. The feature-based anomaly
score focuses on individual feature deviations, identifying situations where one or more
SCADA data features exceed their normal operating levels. This type of anomaly is typically
associated with observable changes in magnitude, such as a sudden increase in bearing
temperature or an abnormal drop in power output. In contrast, the correlation-based
anomaly score focuses on capturing changes in the relationships among the features. Under
normal operation, SCADA features exhibit stable correlations due to the inherent coupling
of turbine components. When these relationships are altered, it may indicate abnormal
operating conditions even if individual feature values remain within their normal limits.
It is to be emphasized that the two anomaly scores are different. Feature-based anomaly
scores reflect local deviations, while correlation-based anomaly scores reflect system-level
changes. As a result, relying on only one type of anomaly score may not capture all
possible abnormalities.

In practice, abnormal events are relatively rare and typically account for only a small
fraction of SCADA data. For example, as reported in [20], the percentage of anomalous
samples is less than 5% of the entire SCADA dataset. A percentile-based selection strategy
is thus adopted here. For each anomaly score, a top percentage of samples with the highest
scores are selected as abnormal data samples. The final set of abnormal data samples is
obtained by taking the union of these two sets. This process is illustrated in Figure 6. In this
figure, yellow bars represent abnormal SCADA samples across the time axis, and red bars
represent fault samples across the time axis. By using both of the anomaly scores, ideally,
abnormal samples should capture all the fault samples; i.e., all the fault samples should be
marked as abnormal, and none of the fault samples should be marked as normal.

It is worth pointing out that the unsupervised classifier in Stage 1 is not intended
to serve as the final fault detector. Instead, its primary role is to identify samples devi-
ating from normal-operation samples and reduce the severe class imbalance commonly
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encountered in SCADA datasets. These samples are then used to train and evaluate the
Stage-2 supervised classifier. In other words, the unsupervised classifier can be viewed
as an anomaly-screening component for conducting supervised classification. Also, the
unsupervised classification is applied independently to training and testing, and only the
identified abnormal samples are passed to the supervised classifier.

Anomaly Histogram Correlated-anomaly Histogram
T
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Figure 6. Histograms of anomaly scores; union of feature-based anomaly score and correlation-based
anomaly score represented as yellow bars (abnormal samples), blue bars (identified fault samples),
and red bars (true fault samples) across the time axis.

4. Experimental Studies
4.1. Dataset

Our experimental studies are reported in this section by using the public domain
Zenodo Wind Farm B dataset provided in [21]. This dataset contains SCADA data or signals
collected from three wind turbines (#27, #34, #77) that exhibit faults. The data is sampled
at a 10-min interval and includes a variety of features such as wind speed, power output,
and multiple sensor measurements. The dataset consists of normal and fault conditions.
It was randomly divided into 70% training, 10% validation, and 20% testing subsets. The
validation subset was used for anomaly-threshold sensitivity analysis and window-size
selection, whereas the testing subset was reserved exclusively for performance evaluation.
Since fault occurrences were highly imbalanced and unevenly distributed throughout the
dataset, a fixed-ratio random split was adopted to ensure sufficient fault samples in each
subset. To avoid temporal leakage, the training, validation, and testing windows were
generated separately, and overlapping windows were used within each subset, but no
windows were shared across different subsets. The number of training /validation/testing
samples is provided in Table 1.

Table 1. Number of samples.

Turbine #S];n::;ll:sg # Validation Samples  # Testing Samples
Number (Normal/Fault) (Normal/Fault) (Normal/Fault)
27 36,633/134 5233/19 10,467 /39
34 36,568/199 5224 /28 10,449/57
77 36,669/98 5238/14 10,478/28

For the unsupervised model, only normal data was used during training to learn
the distribution of normal data. Fault data was exclusively used for evaluation. For the
supervised model, both normal and fault data were used for training and testing under
the same data split regime. The preprocessing steps, including normalization and feature
merging, as described in Section 3, are stated next.
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4.2. Preprocessing
4.2.1. Input Features

The SCADA features in this dataset reflect the electrical, thermal, and mechanical
conditions of the wind turbines. They include voltage and current measurements, generator
and transformer temperatures, bearing temperatures, vibration signals, and gearbox-related
temperatures, as summarized in Table 1. Since many SCADA variables are collected from
multiple phases or closely related components (e.g., L1, L2, L3 phases), strong correlations
are observed among these signals. Feature merging was thus performed by aggregating
highly correlated features into representative features. Features such as wind speed and
wind direction were not merged, while variables like grid frequency, which remain constant
over time, were excluded to reduce the dimensionality. All the merged features of the
dataset are listed in Table 2.

Table 2. Original features and their corresponding merged features.

Original Features Merged Features
RMS voltage L1, L2, L3 Voltage_RMS
RMS current L1, L2, L3 Current_RMS
Generator stator winding temperature phase 1, 2, 3 Gen_Phase_Temp
HV transformer temperature L1, L2, L3 HVTrafo_Phase_Temp
Generator bearing 1, Generator bearing 2 Gen_Bear_Temp
Drive train vibration Z, Tower vibration X, Y Tower_Train_Vibration
Gearbox oil inlet temperature, oil tank temperature Gearbox_Temp

4.2.2. Candidate Threshold Analysis

To determine an anomaly-selection threshold for the first stage, the degree of class
imbalance commonly reported in SCADA datasets was considered. A previous study in [20]
reported fault-to-normal ratios of approximately 1:360, 1:490, and 1:2930, corresponding to
fault proportions below 0.5% of the total data. A similar fault proportion (approximately
0.5%) was thus considered in our study.

Noting that the objective of the first-stage unsupervised detector is not to directly
identify fault samples but rather to identify suspicious samples for further examination by
the second-stage supervised classifier, the number of retained candidate samples needs to
be higher than the true faults. A sensitivity analysis was conducted using the validation
subset. The 2-anomaly-score-based OCSVM was employed, and the retained percentage
of not-normal samples for each anomaly score was varied from 0.5% to 5%. To avoid
introducing assumptions about the final window size during the threshold selection, a
temporary 12-h window was considered. The effect of window size was investigated in
the subsequent experiment. For each threshold, both fault coverage and the resulting class
imbalance after Stage 1 were examined. The results obtained are shown in Table 3.

Table 3. Sensitivity Analysis of Anomaly-Selection Threshold.

Threshold Fault Coverage
0.5% 5%
1% 16%
1.5% 26%
2% 58%
2.5% 94%
3% 94%
4% 94%
5% 94%
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The results in Table 3 indicate that increasing the retained percentage improved fault
coverage. Although a 5% threshold still achieved the highest fault coverage, it also retained
a substantially larger number of normal samples, resulting in a post-filtering normal-to-
fault ratio of approximately 19:1. In contrast, a target candidate ratio of approximately
2.5% achieved a substantially lower imbalance ratio while maintaining high fault coverage.
Therefore, a target candidate ratio of 2.5% was selected.

4.2.3. Window Size Selection

As discussed in [22], for the SCADA data at a sampling rate of 10 min, the window
length needs to be several hours to distinguish between normal and fault samples. Figure 7
presents the fault coverage rates obtained using window lengths ranging from 1 to 12 h.
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Figure 7. Fault coverage rate for each window size across different turbines.

High fault coverage was achieved across a broad range of window sizes, indicating
that the developed framework is relatively robust to the window-length selection. Among
the evaluated configurations, both the 6-h and 11-h windows achieved 100 fault coverage.
The 6-h window size was selected since it was the shortest window length achieving
complete fault coverage, was less susceptible to the influence of missing data and required
lower computational cost than longer windows. This window length corresponds to 36
SCADA samples. The slight reduction in coverage for some longer windows is likely due
to the dilution of fault-related patterns by a larger proportion of normal operating data
within the window.

4.2.4. Grouping by Wind Speed

To account for different wind speed conditions, the data were grouped based on wind
speed. Specifically, the entire dataset was divided into three wind speed intervals or regions
(low, medium, and high wind speed regions). The power curves of the three turbines in the
dataset are shown in Figure 8. It can be seen that the curves are similar, having the three
wind speed regions of (0-2.5m/s), (2.5-11.5m/s), and (>11.5m/s).
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Figure 8. Power curve of the three turbines in the dataset: (a) turbine #27, (b) turbine #34, (c) turbine
#77.

4.2.5. Selection of Unsupervised and Supervised Classifiers

For unsupervised classification, several models were evaluated for their ability to
distinguish between normal and abnormal conditions. Among the unsupervised models
examined (see Table 4), the One-Class Support Vector Machine (OCSVM) was selected
because it provided greater discrimination between normal and fault samples. Similar
to unsupervised models, NBM only uses normal data for analysis. For a typical NBM,
a Linear Regression model in [23] was considered here as a baseline. This model was
trained using only normal operating data to obtain the turbine power output, and the
absolute prediction residual was used as the anomaly score. The top-ranked residual
samples were then selected as abnormal candidates for fault coverage evaluation. For
the neural-network models (Autoencoder, LSTM-AE, CNN, and the unsupervised graph
representation learning model from [24]), the number of training epochs was fixed at 50,
and the learning rate was set to 0.001 for consistency. OCSVM was configured with a radial
basis function (RBF) kernel (v = 0.05) and did not require training epochs or a learning
rate. All the models were tested with their best window size. These comparisons show
that, except for OCSVM, the neural-network-based unsupervised models did not achieve
better fault coverage of the dataset under examination here. This outcome suggests that
increasing model complexity does not necessarily improve the Stage-1 fault screening
performance.

Table 4. Performance of unsupervised models and normal behavior models on fault coverage rate.

Unsupervised T27 Fault T34 Fault T77 Fault
Model or NBM Coverage Rate (%) Coverage Rate (%) Coverage Rate (%)
OCsvM 100 100 100
LSTM-AE 73.7 35.7 35.7
Autoencoder 84.2 21.4 28.6
Linear Regression 55.7 37.7 70.0
Unsupervised 105 0 429
graph learning

For supervised classification, several models were evaluated for their ability to distin-
guish filtered data between non-fault and fault conditions. As shown in Table 5, the Convo-
lutional Neural Network (CNN) provided the fewest missed faults, and it was thus selected
for the subsequent experimentations. All models were tested using their respective optimal
window sizes. Recent approaches such as KNN and ConvLSTM-Transformer [25,26], which
have shown promising performance in related applications, were also evaluated. However,
they did not achieve superior performance. XGBoost missed fewer positive samples com-
parable to those of CNN, but CNN consistently missed fewer fault samples across the three
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turbines. These results suggest that CNN provided the best balance between fault detection
capability and overall classification performance for the SCADA dataset examined.

Table 5. Performance of supervised models for fault detection.

Missed Normal Samples (FP) Missed Faults (FN)

Supervised Model

T27 T34 T77 T27 T34 T77

CNN 1 4 5 0 1 0

XGboost 1 1 1 1 2 0

Random forest 0 0 0 0 2 2

LinearSVC 4 15 2 4 5 0

KNN 1 7 4 2 2 0

ConvLSTM + Transformer 2 2 6 0 3 0

Our two-stage detection thus consists of OCSVM as the unsupervised classifier in
stage 1 and CNN as the supervised classifier in stage 2. This combination leverages the
strength of unsupervised learning in identifying candidate anomalies and supervised
learning in refining fault detection. Figure 9 shows the architecture of the OCSVM+CNN

model.
Input(window_size, features)
Feature-based Correlation-based
anomaly vectors anomaly vectors
Stage 1
OCSVM One-Class Classifier One-Class Classifier
Feature-based Correlation-based
anomaly score anomaly score
Not-normal samples
high feature-based score or high correlation-based score
CNN Block 1
ConvlD(32, kernel=5)
RelLU + BatchNorm1D
CNN Block 2
Conv1lD(64, kernel=5)
RelLU + BatchNorm1D
Stage 2 CNN Block 3
Conv1D(128, kernel=3)
CNN RelU + BatchNorm1D

AdaptiveAvgPoollD(1)

Output: 0 = Non-fault, 1 = Fault

Figure 9. Architecture of the OCSVM+CNN model.
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4.3. Performance Metrics
4.3.1. Metric for Unsupervised Learning

For the unsupervised classification stage, performance is evaluated using the fault
coverage rate, defined as the percentage overlap between detected abnormal samples and
true fault samples.

overlap between abnormal and fault samples
total fault samples

Fault coverage rate = (10)

This metric measures the ability of the unsupervised anomaly detector or classifier in
capturing fault events, regardless of fault type. A higher coverage rate indicates better
detection of fault-including anomalies.

4.3.2. Metrics for Supervised Learning

For the supervised classification stage, the following metrics are considered:

Missed normal samples
Total normal samples

Missed Normal Rate (MNR) = (11)

This metric measures the proportion of normal samples incorrectly classified as faults (false

positives).

Missed fault samples
Total fault samples

Missed Fault Rate (MFR) = (12)

This metric evaluates the proportion of fault samples that are not detected (false
negatives), which is a critical measure for reliable wind turbine operation. In addition, the
commonly used accuracy measure is considered. Accuracy is defined as

TP+ TN

TP+FP+TN+FN 13

Accuracy =

where TP, FP, TN, and FN denote true positives, false positives, true negatives, and false
negatives, respectively.

5. Results and Discussion
5.1. Combined Anomaly Score vs. Feature-Based Anomaly Score

This study compared the effectiveness of the feature-based anomaly score versus the
combined anomaly score. Table 6 shows the outcome on the test data when using the
combined anomaly scores introduced in this paper and the feature-based anomaly scores
used in [27,28]. As shown in this table, the combined anomaly scores consistently achieved
a fault coverage rate of 100%.

Table 6. Comparison of fault coverage between feature-based and combined anomaly scores.

Turbine Method Fault Coverage Rate
o7 Feature-based anomaly score 100%
Combined anomaly scores 100%
34 Feature-based anomaly score 98%
Combined anomaly scores 100%
77 Feature-based anomaly score 91%
Combined anomaly scores 100%

As shown in Figure 10, the yellow lines represent abnormal samples detected by the
unsupervised classifier, the blue lines represent the faults identified by the supervised
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classifier, and the red lines indicate the fault samples. The fault samples completely overlap
with the detected anomaly samples for all three turbines, indicating that the unsupervised
classifier captured all the fault-related deviations. After processing these candidate samples,
the CNN in Stage 2 identifies fault events that closely align with the ground-truth faults.

These results demonstrate that the combined anomaly score provides a more compre-
hensive representation of abnormal behavior and improves the robustness of fault detection.
In addition, it indicates that the developed two-stage framework effectively suppresses
false alarms while preserving fault-related information, enabling accurate fault detection
with a significantly reduced search space.
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Figure 10. Temporal visualization of detected anomaly samples and fault samples for the three
turbines of the dataset: (a) #27, (b) #34, and (c) #77.

5.2. Two-Stage Method vs. Supervised Method

This study evaluates the main contribution of the developed solution by comparing the
two-stage method (unsupervised + supervised) with the supervised-only method. Due to
severe class imbalance in SCADA data, the supervised model exhibits bias toward normal
samples, leading to low fault-detection performance. In contrast, the two-stage method
first applies the unsupervised OCSVM model to identify candidate anomaly samples, and
then trains the CNN model only on these samples. As a result, the dominance of the normal
samples is reduced, and the CNN model is trained to focus on abnormal samples of interest.
It is noted that the Stage-1 OCSVM achieved 100% fault coverage on the testing data, and
all the missed faults reported in Table 5 originate from the Stage-2 CNN classifier rather
than the unsupervised screening stage.

Experimental results in Table 7 indicate that the supervised-only method achieved
lower accuracy and suffered from higher missed normal/fault rates. The two-stage method
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significantly improved the fault detection performance, achieving lower missed fault rates
and missed normal rate, and higher accuracy.

Table 7. Fault detection performance using the supervised method vs. the two-stage method.

Missed Normal/  Missed Faults/ Overall

Turbine Method Total Normal Total Faults Accuracy
o7 CNN 70/10,467 4/39 99.3%
CNN + OCSVM 9/10,467 2/39 99.9%
a4 CNN 193/10,449 7/57 98.1%
CNN + OCSVM 13/10,449 0/57 99.9%
77 CNN 64/10,478 2/28 99.4%
CNN + OCSVM 7/10,478 2/28 99.9%

After training, the inference of the combined OCSVM-CNN is less than 100 ms per
sample on a typical CPU, which is much shorter compared with the 10-min sampling
interval of typical SCADA datasets. Even for SCADA datasets that have a 1-min sampling
rate, the additional computational cost of 100 ms does not impact the real-time deployment
of the framework. In other words, the two-stage framework provides a practical online
condition monitoring in utility-scale wind farms. Overall, this study highlights that incor-
porating an unsupervised stage before a supervised stage allows handling class imbalance
and improves the effectiveness of supervised learning in fault detection.

5.3. Transferability Across Datasets from Similar Turbines

In this study, the transferability of the two-stage method across different turbines
within the same wind farm (same make/model) was examined. Specifically, fault data
from one turbine was considered with normal data from another turbine, and the above
experiments were repeated. Since the turbines are of the same make/model and operate
under similar conditions, their normal behavior is expected to produce similar normal
SCADA data as mentioned in [29]. To evaluate the transferability of the proposed frame-
work, fault samples from one turbine were combined with normal-operation samples from
different turbines of the same make and model. For example, fault windows from turbine
27 were paired with normal windows from turbines 27, 34, and 77. This setup enables the
investigation of whether fault characteristics learned from one turbine can be generalized
to other turbines operating under similar conditions. Figure 11 provides an illustration of
this transferability. The results of this study are shown in Table 8.
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(NormalfFault) Unsupervised  Reapeeeeeeeend  Supervised — 1. Non-Fault
Classifier Classifier

— Normal

Fault from " Normal from
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Fault from & Normal from
turbine turbine

Figure 11. Illustration of cross-turbine transferability of normal data (faults from turbine #27 and

normal data from the other turbines).
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Table 8. Performance comparison using normal data from other turbines.

Turbine Normal Data Missed Normal/  Missed Faults/ Overall
Source Total Normal Total Faults Accuracy
27 9/10,467 2/39 99.9%
27 34 16/10,467 5/39 99.8%
77 16/10,467 3/39 99.8%
27 8/10,449 6/57 99.9%
34 34 13/10,449 0/57 99.9%
77 12/10,449 4/57 99.8%
27 32/10,478 5/28 99.6%
77 34 15/10,478 6/28 99.8%
77 7/10,478 2/28 99.9%

Although using normal data from other turbines leads to a slight reduction in accuracy
compared to using data from the same turbine, the fault-detection capability remains high.
In other words, the two-stage method remained effective under this cross-turbine setting,
indicating the transferability of the fault detection framework when trained using normal
data from similar make/model turbines. This finding has several important practical
implications. First, if normal data from a specific turbine is unavailable, normal data from
other turbines can be used without significantly affecting performance. Second, by using
fault data from multiple turbines, it is possible to build a more generalizable fault detection
classifier, reducing the need for turbine-specific training and lowering computational
cost. Third, the unsupervised classifier trained solely on normal data can generate reliable
abnormal alarm signals that serve as useful references even when fault labels are incomplete
or unavailable.

Although the developed fault detection framework has demonstrated promising
results, it is worth stating here its limitations. First, the anomaly selection threshold study
and the transferability study were conducted using turbines of the same make and model.
The optimal threshold and transferability may vary across different turbines and operating
environments. In addition, while the fault detection framework effectively reduces the
impact of class imbalance, fault types with limited samples would still remain a challenging
task for supervised classifiers.

6. Conclusions

This paper has presented a two-stage method for detecting faults based on SCADA
data. This method combines unsupervised anomaly detection or classification and su-
pervised classification to address the problems of a lack of labeled data and severe class
imbalance. In the first stage, the unsupervised classifier of OCSVM, together with the
two feature-based and correlation-based anomaly scores, is used to identify abnormalities
based on only normal SCADA data. In the second stage, the supervised classifier of CNN
is applied to abnormal samples to identify fault samples among them. Experimental results
show that the introduced two-stage detection method outperforms supervised-only meth-
ods, achieving higher accuracy and lower missed fault rates. Cross-turbine experiments
further demonstrate that normal behavior learned from one turbine can be transferred to
other turbines. Overall, the developed two-stage method provides improved wind turbine
fault detection based on SCADA data.
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Abstract

To address the challenge of maintenance decision-making for critical components in electro-
hydraulic servo material fatigue testing machine, characterized by weak state observability
and difficulty in degradation prediction, a multi-component joint maintenance decision-
making method based on multi-head deep reinforcement learning is proposed. Considering
the heterogeneity of the degradation mechanisms and observation methods for the four
components—bearing beam, fixture, main machine sensors, and hydraulic oil tank—a
continuous-discrete hybrid state Markov decision process (HS-MDP) is constructed. To
account for differences in maintenance strategies across components, a differentiated
discrete action space for each component is designed, and engineering feasibility constraints
are explicitly integrated into the policy through action masking. A data-quality loss term,
determined by the degradation level of the sensors, is introduced into the reward function
to align the optimization objective with the metrological properties of the fatigue testing
machine. Based on the Branching Dueling DON framework, a Q-network structure is
constructed, incorporating a shared encoder, an inter-component attention mechanism,
and multi-head branched outputs. Taking a 100 kN electro-hydraulic servo fatigue testing
machine as a case study, comparisons with baseline strategies such as periodic maintenance,
threshold-based condition-based maintenance (CBM), independent DQN, and PPO indicate
that the proposed method reduces the average annual total cost by 60.3% compared to
periodic maintenance and by 42.6% compared to threshold-based CBM. The number of
failures decreases from 9.8 times/year to 1.4 times/year, while data efficiency increases
from 82.1% to 96.2%. Ablation experiments and robustness tests further verify the critical
contributions of three key design elements: action masking, inter-component attention,
and data-quality loss.

Keywords: electro-hydraulic servo fatigue testing machine; multi-component joint maintenance;
deep reinforcement learning; hybrid-state Markov decision process; opportunistic maintenance

1. Introduction

Intelligent operation and maintenance of electro-hydraulic servo fatigue testing equip-
ment is pivotal for ensuring the continuity of material performance evaluation tasks.
The coexistence of heterogeneous degradation characteristics across the internal load-
bearing structures, actuators, and measurement-and-control units makes traditional single-
component maintenance models struggle to balance high reliability with economic ef-
ficiency. Coordinated maintenance of multi-component systems involves not only the

Sensors 2026, 26, 4087 https://doi.org/10.3390/s26134087
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independent physical degradation processes of each component, but it is also strongly influ-
enced by the “opportunistic maintenance” effect induced by economic interdependencies
among components.

This section first reviews the evolution of multi-component degradation modeling
theory, examining the use of continuous stochastic processes and discrete state-transition
models to describe heterogeneous failure mechanisms in complex mechanical systems.
It then focuses on recent advances in deep reinforcement learning (DRL) for handling
large-scale action spaces, embedding engineering logic constraints, and optimizing multi-
objective cost functions. Finally, drawing on architectures such as branching networks
and attention mechanisms, this section provides the theoretical underpinning for the joint
maintenance decision framework proposed in this study, which is based on a Hybrid-State
MDP (HS-MDP) and a multi-head branching Q-network (BDQ).

1.  Degradation modeling of complex systems and multi-component maintenance logic.
Degradation modeling of multi-component systems is the physical foundation
for maintenance decision-making. In the maintenance management domain, de
Jonge et al. conducted a systematic review of maintenance optimization models,
emphasizing the impact of modeling accuracy on the effectiveness of decisions [1].
Nicolai et al. further elucidated the importance of economic interdependencies in
multi-component systems, providing an early theoretical framework for “opportunis-
tic maintenance” [2]. For structural components in fatigue testing equipment—such
as bearing beams and fixture—that exhibit continuous cumulative damage, Thomas
noted that maintenance of multi-unit systems should account for stochastic evolution
processes [3]. Saha et al. systematically surveyed the application of Wiener processes
in degradation prediction for highly reliable products [4], while Pan et al. explored
multi-performance-index reliability modeling based on Gamma processes [5].
However, the states of sensors and the hydraulic o0il system in testing machines
often exhibit discrete jumps as revealed by periodic calibration or laboratory anal-
ysis. Keizer et al. effectively modeled discrete degradation states using a partially
observable Markov decision process (POMDP) [6]. In dealing with such complex
systems, Si et al. reviewed data-driven techniques for remaining useful life (RUL)
prediction [7]. Grall et al. pointed out that optimal maintenance policies must balance
the benefit of a single repair against the fixed cost of a system-wide shutdown [8].
Castanier et al. further explored combining continuous degradation dynamics with
discrete decision logic, laying the mathematical groundwork for continuous—discrete
hybrid-state modeling [9].

2. Deep reinforcement learning for maintenance decision optimization.

In the face of the exponential growth of the state space in multi-component systems,
deep reinforcement learning (DRL) offers a model-free pathway for decision opti-
mization in high-dimensional environments [10]. Zhang and Si were among the
first to introduce DRL into condition-based maintenance (CBM) planning for multi-
component systems, achieving an end-to-end mapping from multi-source monitoring
signals to optimal maintenance actions [11]. To capture complex inter-component
interactions, Do et al. and Chen et al. explored structure-dependent multi-component
maintenance policies, demonstrating DRL’s strong capability in handling economic
interdependencies [12,13]. However, as precision metrological equipment, fatigue
testing machines face a unique challenge: sensor degradation can render test data out
of tolerance, which are thus scrapped. This distinctive “data-quality loss” is rarely
represented in general maintenance studies, making algorithms difficult to directly
adapt to the metrological attributes of fatigue testing equipment.
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3. Action-space decoupling, engineering masks, and coordination mechanisms.

When maintenance decisions involve multiple heterogeneous components, the size
of the joint action space grows exponentially. To address this challenge, the Dueling
DQON architecture proposed by Wang et al. decouples the state value and action
advantage [14]; building on this, the branching multi-head architecture (Branch-
ing BDQ) proposed by Tavakoli et al. greatly reduces sample complexity in high-
dimensional discrete-action environments by decoupling the output heads [15]. Mean-
while, real maintenance operations must adhere to strict engineering constraints. De
Giacomo et al. articulated the key role of action masking in ensuring logical compli-
ance in reinforcement learning [16], and Huang et al. demonstrated that explicitly
injecting state masks can significantly shrink the search space and accelerate policy
convergence [17].

In addition, modeling inter-component interactions has become crucial for improving
collaborative maintenance efficiency. With the widespread adoption of attention
mechanisms in feature engineering, researchers have introduced them into the PHM
field to capture cross-component degradation synergies [18]. For example, Bai et al.
combined attention mechanisms with DRL and improved maintenance decision ac-
curacy by adaptively fusing multi-scale information [19]. Studies by Vu et al. and
Olde Keizer et al. also show that modeling economic synergies among components
can significantly enhance overall system availability [20,21]. These advanced algo-
rithmic architectures provide the core tools in this study for injecting action masks
and enabling cross-component coordinated decision-making in complex maintenance
scenarios of fatigue testing equipment.

In summary, substantial progress has been made in multi-component mainte-
nance modeling and reinforcement learning algorithm optimization. Nevertheless, ex-
isting research mostly focuses on homogeneous-component systems or simplified single-
degradation models and lacks in-depth analysis of fatigue testing equipment, which inte-
grates continuous degradation of precision mechanical structures with discrete deteriora-
tion of measurement-and-control systems—i.e., a continuous-discrete hybrid-state system.
Consequently, for test machines exhibiting multi-source heterogeneous degradation, how
to achieve intelligent decision-making that also accounts for metrological data quality
under the dual constraints of an exploding action space and engineering feasibility remains
largely unexplored. There is an urgent need to develop a multi-head branching deep
reinforcement learning architecture that can explicitly handle action-masking constraints
and inter-component attention dependencies.

Contributions: It should be stated at the outset that the algorithmic primitives em-
ployed in this work—the branching value decomposition, the dueling architecture, the
scaled dot-product attention, and logit-level action masking—are adopted from the liter-
ature rather than newly proposed. The novelty of this study lies instead in the problem
it formalizes, in one domain-specific modeling element, and in an integration whose
components are shown to be individually necessary:

(1) A maintenance-decision formulation for a previously underexplored equipment
class. Unlike production machinery, an electro-hydraulic servo fatigue testing ma-
chine is itself a metrological instrument: its load-bearing structures degrade contin-
uously, whereas its measurement-and-control units degrade in discrete, calibration-
revealed jumps. We cast the joint maintenance of these heterogeneous subsystems
as a continuous—discrete hybrid-state MDP (HS-MDP), in which Wiener processes
and operating-condition-modulated Markov chains are coupled through a shared
condition variable. To the best of our knowledge, the coupling of continuous precision-
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mechanical degradation with discrete measurement-system degradation has not pre-
viously been formalized as a single maintenance-decision problem.

(2) A data-quality loss term that aligns the policy with the metrological function of the
equipment. Because the deliverable of a testing machine is valid measurement data,
sensor degradation silently drives test results out of tolerance and causes data to be
scrapped. We introduce a data-quality cost cgual (253)) that increases stepwise with
the sensor degradation level—an objective dimension largely absent from general
maintenance studies. Its effect on the learned policy is isolated in the ablation study,
where it is shown to reshape sensor-maintenance behavior rather than merely re-label
an existing cost.

(3) A purpose-built integration whose elements are empirically necessary. The hard /soft
engineering action masks, the inter-component attention for opportunistic coordina-
tion, and the multi-head dueling heads are combined so that each component decision
is simultaneously feasibility-constrained, condition-aware, and aware of the other
components’ states. The contribution of each element, and the physical interpretability
of the learned attention weights, are examined in the ablation and attention analyses.

2. Problem Modeling and Hybrid-State Markov Decision Process
2.1. Maintenance Decision Scenario

During the long-term operation of an electro-hydraulic servo material fatigue testing
machine, four critical components—the bearing beam, fixture, main force/displacement
sensor, and hydraulic oil tank—undergo degradation processes driven by different mecha-
nisms: The bearing beam experiences a gradual deviation in horizontality under prolonged
eccentric and high-frequency alternating loads, exhibiting a continuous accumulation
characteristic. The fixture undergoes contact wear due to repeated clamping and loading,
with the wear amount similarly exhibiting continuous accumulation. The zero drift and
sensitivity of the main sensors degrade over time and manifest as discrete levels observable
through periodic calibration. The contamination level of hydraulic oil, following standards
such as NAS 1638, intrinsically falls into discrete levels. At each decision time step f,
the maintenance decision agent outputs a joint action a; = (atl, a2, ad, at4), where
ai represents the action chosen for the i-th component. After executing the action, the
system transitions to a new state s;,1 and incurs an immediate cost c;. The objective of
the decision-making process is to find a policy 77: S — A that minimizes the expected
long-term discounted cumulative cost:

m* = argmin Ex
7T

T
Y. ’YtCt] 1)

t=0
where v € (0,1) is the discount factor, and T represents the decision time horizon.

2.2. Hybrid-State Markov Decision Process

Considering the heterogeneity in the degradation mechanisms and observation meth-
ods of the four components, this paper adopts the Hybrid-State Markov Decision Process
(HS-MDP) for modeling. HS-MDP is defined as a quintuple (S, A, P, R, 7y), where the state
space is the Cartesian product of the continuous subspace and the discrete subspace:

S=XxZCRYx[]{L....K;} @)
j

The subspace X accommodates the degradation variables of the bearing beam and fixture,
while the discrete subspace Z includes the degradation levels of the sensors and hydraulic
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oil tank. The action space A is the Cartesian product of the action subspaces of the four
components. The transition function P(s;y1 | s¢, a;) propagates the continuous components
using stochastic differential equations and the discrete components based on a state transi-
tion matrix, with both coupled through the shared operating condition variable u;. The
reward function R(s;, ;) integrates maintenance costs, downtime costs, failure costs, and
data-quality loss. This modeling approach not only ensures mathematical rigor but also
considers the engineering relevance of the physical degradation characteristics of different
components. The overall technical framework is illustrated in Figure 1.
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Figure 1. Maintenance Decision-Making Framework Based on Multi-Head Deep Reinforcement Learning.

3. Design of Hybrid State Space
3.1. Overall Structure of the State Vector

Define the system state vector at time ¢ as:

2 (6) (4

1
se =[xtV x?, 2% 2 ,ut,mt] ®)

where x} and x? are the continuous state sub-vectors for the bearing beam and fixture,
respectively; z? and z{ are the discrete state one-hot encodings for the main machine sensors
and hydraulic oil tank, respectively; u; is the global operating condition vector; and m1; is
the maintenance memory vector.

3.2. Continuous State Modeling: Bearing Beam and Fixture
For the bearing beam, the core degradation variable is the horizontality deviation ;.
2
Define the composite horizontality deviation as iy = 1/ (k) + (hf ) , and model it using

a drift-diffusion Wiener process:

dhy = yh(ut,et)dt+(7tht (4)
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where B; is a standard Brownian motion and oy, is the diffusion coefficient. The drift term
adopts a multiplicative structure to reflect the coupling between operating conditions

n(us,er) = pg - <£S>p] : (;{:)pz “(14Aer) @)

where L; and f; are the current load amplitude and loading frequency, ¢; is the eccentric

and degradation:

loading coefficient, and pj, p» and A are coupling parameters. This structure enables the
policy to learn the decision logic of preemptive leveling under heavy-load, high-frequency,
and eccentric loading conditions. The continuous state sub-vector for the bearing beam
is defined as x{! = (hy, hy, D¢}, e) € R*, where F; is the drift-rate estimate over a recent
window and D! = fot (Lt/Lgy)py dt is the cumulative load equivalent. The failure
criterion is hy > h_crit.

For the fixture, the degradation variable is the contact wear w;, which is likewise
modeled using a Wiener process:

dwt = yw(ut)dt + deBt (6)

where B; is a standard Brownian motion, the drift coefficient i (u;) is related to the load
and the number of clamping operations, and oy, is the diffusion coefficient. The continuous
state sub-vector is defined as x¢ = (W;, @y, n;2) € R3, where 1,2 is the cumulative number
of clamping operations (log-normalized). The failure criterion is w; > Wyt -

The drift-diffusion Wiener process is adopted for the bearing beam and the fixture for
three reasons. First, both the horizontality deviation and the contact wear are cumulative
quantities whose one-step increment is governed by the current load condition rather than
the full degradation history, so an independent-increment (Markov) model is appropriate.
Second, the additive diffusion term represents the measurement noise of the horizontal-
ity /wear sensing together with the short-term stochasticity of the load profile, while the
operating-condition-dependent drift (Equation (5)) lets the mean degradation rate respond
to load amplitude, loading frequency, and eccentricity. Third, the Wiener process admits
a closed-form first-passage-time (inverse-Gaussian) distribution to the failure threshold,
which is convenient for reliability evaluation. Over the service horizon considered here,
the drift dominates the diffusion, so the simulated trajectories are effectively monotone.
Strictly monotone alternatives such as the Gamma or inverse-Gaussian process could be
substituted without altering the HS-MDP or the decision algorithm.

In the simulation, the two continuous states are advanced in discrete time using the
Euler-Maruyama scheme.

3.3. Discrete State Modeling: Sensors and Hydraulic Oil Tank

A discrete-state Markov chain is used for the sensors and the oil tank because both
degradation variables are intrinsically ordinal and are observed only at discrete inspection
epochs: sensor health is graded into levels by periodic calibration of zero drift and sensitiv-
ity, and oil cleanliness is graded into NAS 1638 contamination classes. A continuous state
would therefore be neither observable nor physically meaningful for these two subsystems.
The memoryless assumption—that the probability of advancing to the next level depends
only on the current level and the prevailing operating condition—is consistent with the
level-to-level structure of the calibration and oil-analysis record. Degradation is taken to be
monotone in the absence of maintenance, which yields the upper-triangular transition ma-
trices with an absorbing failure state; the dependence on operating conditions is captured
through a stress-acceleration factor on loading frequency for the sensors (Equation (7)) and
an Arrhenius-type factor on oil temperature for the oil tank (Equation (8)).
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The degradation of the main machine sensors primarily manifests as zero drift and
sensitivity loss, which are detected through periodic calibration. A four-level discrete state
is adopted for the sensors, with K3 = 4 and z¢® € {1, 2, 3, 4}. The hydraulic oil quality
in the oil tank is classified according to NAS 1638 contamination levels, and a five-level
discrete degradation state is used, with Ky = 5 and 254) € {1,2,3,4,5}. The meanings of
each level are provided in Table 1.

Table 1. Definition of Discrete Degradation Levels for Sensors and the Hydraulic Oil Tank.

Component Level Meaning Physical Correspondence
1 Healthy zero drift < 0.1% FS; sensitivity deviation < 0.2%
2 Mild degradation zero drift 0.1-0.3% FS
Sensor 3 Moderate degradation zero drift 0.3-0.5% FS; affects data quality

4 Failure zero drift > 0.5% FS or sensitivity out of tolerance
1 Excellent <NAS6
2 Normal NAS 7-8

Hydraulic Oil Tank 3 Caution NAS 9-10
4 Severe contamination NAS 11-12
5 Replacement required >NAS 12

Sensor degradation follows a Markov chain, with the state transition matrix P3(u;) €
R(4 x 4) taking an upper-triangular form (degradation is monotonic and irreversible in the
absence of maintenance), and state 4 is absorbing. The dependence on operating conditions
is reflected by making the transition probabilities depend on the loading frequency:
3 3),0
Pt () = piiy - exp(B - fo) 7)
The hydraulic oil tank state transition matrix P*(6;) likewise has an upper-triangular
structure and depends on the oil temperature 0y:

Pz(jll(ef) = pz(ﬂ-? ~exp(a(6r — o)) (8)

The higher the oil temperature, the faster the oil oxidizes, and the transition prob-
abilities increase. The discrete states are one-hot encoded when fed into the network:
onehot (z¢3) € {0,1}4, onehot (z¢*) € {0,1}5.

3.4. Global Operating Conditions and Maintenance Memory

Operating conditions have a significant impact on the degradation rates of each
component and must be included in the state: u; = [Ly, f, 5™ ,Mode;|, where L; is
the normalized load amplitude level, 65" is the ambient temperature, and Mode; is a
one-hot encoding of the test mode (e.g., tensile fatigue, bending fatigue, load-holding).
Maintenance memory vector m; = [Tt(l), Tt(z), Tt(g), t(4), LastActt} , where T% denotes the
operating time since the last maintenance of component 7, used to distinguish between “a
newly replaced component” and “an old component whose degradation happens to be
similar.” After min-max normalization of continuous components and one-hot encoding of

discrete components, they are concatenated to form the complete state vector.

4. Multi-Head Joint Action Space and Reward Function
4.1. Component-Differentiated Action Space

An exclusive action set is designed for each component based on its physical main-
tenance measures, uniformly covering a four-tier maintenance hierarchy: no action—
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inspection/prevention—minor repair—replacement. At time ¢, the agent outputs a joint
action a; = (atl, a2, a3, at4) € A1 X Ay x Az x Ay, and thejoint action space has a
cardinality of 4* = 256. Through multi-head decomposition, each output head makes
decisions only within a size-4 action space, significantly reducing sample complexity. The
action designs for each component are shown in Table 2.

Table 2. Component-Differentiated Action Space Design.

Component Action 0 Action 1 Action 2 Action 3
. No action (natural Recheck and tighten Leveling adjustment: Full replacement:
Bearing Beam degradation) (reduce subsequent Meer = (1—py)h Bt = 0
g drift rate) t+1 — 01)1¢ t+1 —
Fixture No action Clean and lubricate (slow Grinding repair: Full replacement:
subsequent wear) Wi = (1 — p2)wy Wiy =0
. Zero-point calibration: Full calibration 3
Sensors No action B s max (23 ~1,1) (reset to 1 if 2 < 3) Replacement : z° =1
Hydraulic Oil Tank  No action O4n line f11trat1i_) n: Pirtlal oil Chaf 8 Full oil change : z* =1
zt = max(z* -1, 1) zt = max(z* -2, 1)

For the bearing beam and fixture, moderate maintenance is modeled as imperfect
repair, with restoration ratios p; and p, ~ Beta(a, B), and an expected restoration rate
E[p] € [0.7, 0.9]. This modeling reflects the diminishing returns under the “leveling —
re-degradation — re-leveling” sequence, forcing the policy to balance over the long term
between repeated low-cost leveling and a one-time high-cost replacement—a dilemma
typical near the end of the bearing beam’s service life in practice. The differentiated rollback
magnitudes in the oil tank actions compel the policy to learn hierarchical decision-making
rather than uniformly selecting the strongest maintenance action.

4.2. Action Feasibility Constraints and Action Masking

Not all actions are meaningful in every state. This study explicitly injects engineering

priors into the policy via an action mask Mt(i) € {O, 1}|A(i>| . Under hard rules, a component

is forced to be replaced upon failure (e.g., 1} > hqit = M,f” =10,0,0,1]). Under soft
constraints, when the horizontality deviation approaches the tolerance limit, the “no action”
option is masked (/; > 0.8hqit = Mfl) =10,1,1,1]) to avoid missing critical maintenance
windows. Invalid actions (e.g., when 22 = 1, calibration is meaningless) can likewise be
masked. The mask is implemented at the network output layer by setting the corresponding

logits to —oco:

é (st, a(i)) = Q(st,a(i)) + longi) (a(i)> 9)
This hard-constraint approach is more stable and more sample-efficient than reward-penalty
shaping. Ablation experiments indicate that it is the design element contributing the most
to the final performance.

4.3. Joint Execution and Multi-Objective Reward Function

To appropriately account for downtime costs, this study defines a joint execution rule:
if any ai > 0, a downtime event is triggered. The fixed downtime cost is charged once per
event, c4s(at) = Csetup - 1 {Eli : agi) > 0} —this is the core manifestation of the opportunistic
maintenance effect, i.e., performing maintenance actions on multiple components during a
single shutdown does not increase the fixed downtime cost. The downtime duration follows

parallel execution and is taken as the longest action duration, Tgown (at) = max () (a@) .

173 https://doi.org/10.3390/s26134087



Sensors 2026, 26, 4087

The total variable downtime cost equals the sum of materials and labor costs of the actions,
plus the production loss rate per unit downtime multiplied by the downtime duration.
The reward function converts the maintenance objectives into a scalar signal:

ry = — {Cvar (ﬂt) + Cgs (at) + Cail (St) + Cqual (253))} (10)

where cyar (a¢) is the sum of variable costs for all proactive maintenance operations, and
cds (at) is the fixed downtime cost. The failure penalty is cgi (5¢) = 1 cEi)l Hi) eF (i)} ,
1

where F () is the failure-state set of component i, and cgi) is set far higher than the preventive
replacement cost to reflect the severe consequences of failures (e.g., specimen damage,
secondary damage). The term cgyal (zt@) denotes the test-data-quality loss and is a
distinctive element of the reward function in this study; its value increases stepwise with
the sensor degradation level: Cqual (1) = 0 when z2 = 1,and forzZ2 = 2, 3, 4it
takes x1 - Niest(t), k2 - Niest(t), €3 - Neest (1), respectively, where Niest is the number of tests
completed at the current time step and x; < x» < x3. This term aligns the policy with
the metrological characteristics of the fatigue testing machine—an often overlooked yet
crucial cost dimension in general maintenance decision studies.

5. Multi-Head Deep Reinforcement Learning Method
5.1. Algorithm Selection and Motivation

For the multi-component collaborative maintenance decision model of the electro-
hydraulic servo fatigue testing machine constructed in this study, one of the core challenges
lies in the high-dimensional, multi-dimensional discrete action space. The system comprises
four key components, each associated with four mutually exclusive maintenance actions
(no action, inspection/prevention, intermediate/partial repair, complete replacement),
forming a complex joint action space of size 4* = 256. When selecting the base deep
reinforcement learning (DRL) algorithm, it is essential to carefully balance the structural
characteristics of the action space, sample efficiency, and the difficulty of embedding
engineering feasibility constraints.

State-of-the-art policy-gradient methods (e.g., TD3 and SAC) perform well in indus-
trial control but are natively designed for continuous action spaces. Forcibly applying
them to the multi-dimensional discrete maintenance setting considered in this study typi-
cally requires continuous relaxations (e.g., Gumbel-Softmax reparameterization) or hard
discretization of continuous outputs. Such transformations introduce substantial gradient-
estimation noise and quantization errors, markedly increasing optimization difficulty and
making convergence challenging in real engineering contexts where work-order data and
physical samples are costly. Even with discrete-space variants (e.g., SAC-Discrete), these
methods must construct and maintain a global probability distribution over the entire
joint action space. As the number of maintained components grows, the joint action space
explodes exponentially (M"N), forcing traditional architectures to output and optimize
a policy vector as large as 256 dimensions in this case, which leads to severe parameter
redundancy, poorer sample efficiency, and degraded training stability. More critically,
continuous-control algorithms or traditional global-discrete policies do not natively and
cleanly support per-component action masking. Under hard engineering constraints such
as “a failed component must be replaced,” imposing constraints on a 256-dimensional
global joint distribution or on continuous outputs is highly complex and cannot guarantee
that, during early exploration, the agent will avoid safety-violating invalid actions with
100% certainty.
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Based on the above considerations, this study adopts the Branching Dueling DON
(BDQ) as the core base algorithm. Through its distinctive branching structure and dueling
decomposition, the BDQ architecture exhibits the following three notable advantages
tailored to multi-component collaborative maintenance scenarios:

(1) Action-space decoupling and linearized parameterization: BDQ is specifically de-
signed for multi-discrete dimensions with independent Q-value output branches,
assigning a dedicated output head to each component. This reduces the parame-
ter complexity at the output layer of policy network from the exponential growth
of the joint space (M"N = 256) to linear growth (LN, M; = 4 x 4 = 16), effec-
tively eliminating action-space explosion and greatly improving sample efficiency in
multi-dimensional discrete control.

(2) Native and seamless support for action masking: Because the action spaces of in-
dividual maintenance components are fully decoupled at the output, the agent can
conveniently apply component-specific state masks directly on each branch. By set-
ting the logits of actions that do not meet engineering feasibility or logical constraints
to —oo at the network output layer, the agent is guaranteed not to trigger dangerous or
invalid maintenance combinations throughout the entire training process. Compared
with traditional reward shaping, this hard-constraint mechanism delivers higher
training stability and faster convergence.

(3) Capturing state—action advantages: BDQ integrates a dueling architecture within
each branch, precisely decomposing the Q-value of each component into the global
state value V(s) and the component action advantage A(s, a). In the operation of
the fatigue testing machine, states such as severe degradation or critical failures oc-
cur infrequently; the dueling architecture enables the agent to accurately assess the
overall safety value of system without frequently exploring every specific mainte-
nance combination, thereby effectively mitigating learning lag under sparse major
maintenance events.

5.2. Multi-Head Q-Network Architecture with Inter-Component Attention

The proposed network architecture consists of three parts: a shared encoder, an
inter-component attention layer, and branching heads.

The shared encoder maps the state vector s; to a common feature representation:
ht = fenc(5t; Oenc). The function fenc is a three-layer multilayer perceptron with 256 neurons
per layer, using LayerNorm and SiLU activation. Sharing the low-level representation
improves the sample efficiency of the component-wise decisions.

The inter-component attention layer is introduced to explicitly model economic corre-
lations among components and correlations induced by opportunistic maintenance. The
shared feature /1 is linearly projected into each component’s query, key, and value vectors
q;, ki, vi, and then the cross-component attention-weighted features are computed:

~(i) 4 Tk:
hy = Z% softmax(%)vj (11)
]:

~(@)

h; is the context feature for decision-making on the i-th component, integrating the state
information of all four components. The engineering intuition behind this design is that
when the oil tank is close to the oil-change threshold, the sensors should tend toward
opportunistic calibration even if they are only mildly degraded—this cross-component
dependency is precisely what the attention mechanism models.
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The branching heads (with a dueling architecture) are independently configured for
each component, using the dueling decomposition to split the Q-value into the state value
and the advantage function:

Y A0 (s, d) (12)

Q) (sra) = VO (a0) + A (s0,0) —

The Q-value of the joint action is obtained by averaging the component-wise Q-values:

Q(st,ar) = i, QY (St,ay))‘

5.3. Training Algorithm

The algorithm adopts Double DON target construction and an experience replay
mechanism. The replay buffer stores transition tuples (st, at, rt, St+1, Mi+1) (Where Mg
is the action mask of the next state). The training objective is to minimize the temporal-
difference loss:

L(0) = Esyan51)~p | (v — Qst,a1;6))°| (13)
1 (i) 5% ! -
Yyr=r+7y- NZ Q st+1,argma@x Q (sH_l,a ;9);9 (14)
i=1

where 0~ denotes the target network parameters, and a soft updateis used: 6~ «— 760 + (1 — 7).

This study employs three training techniques: (1) reward normalization, applying
online running mean/variance normalization to each cost term to prevent large terms from
dominating the gradients; (2) curriculum learning, constraining the simulation horizon and
reducing the stochasticity of degradation rates in early training, then gradually restoring
the target difficulty once the policy has largely formed; (3) prioritized experience replay,
increasing the sampling probability of transitions with larger TD errors (typically corre-
sponding to failures or major maintenance events). Key hyperparameters are: discount
factor v = 0.99, learning rate 3 x 1074, soft-update coefficient T = 0.005, replay buffer
capacity 10°, batch size 256, encoder hidden dimension 256, and number of attention
heads 4.

6. Experimental Validation
6.1. Case Study and Simulation Environment

This study uses a 100 kN electro-hydraulic servo material fatigue testing machine of a
certain model as the case object. The machine performs high-cycle and low-cycle fatigue
tests on metal specimens, operates about 16 h per day, and runs 260 days per year. Based
on the HS-MDP formalization in Sections 2-5, a simulation environment is constructed
with a time step At = 1 day and an episode length T = 260 steps. Degradation and cost
parameters are determined jointly from the manufacturer’s maintenance manual, corporate
financial records from the past 3 years, and site visits to three user organizations. The
baseline horizontality drift rate of the bearing beam is pi,0 = 1.2 x 10~° mm/day, the
critical horizontality is h_crit = 0.50 mm, and the baseline wear rate of the fixture is
o = 4.5 x 1072 mm/day. The discrete transition probabilities for the sensors and the
oil tank are obtained via maximum likelihood estimation from dwell times at each level in
work-order data. Operating conditions u; are generated according to typical fatigue test
schedules: load amplitude L; is uniformly sampled in [0.6, 1.4], and loading frequency f;
is sampled from a normal distribution within 10-30 Hz. The simulation environment is
implemented using the OpenAl Gymnasium standard interface, encapsulated as a four-
component joint MDP, with the software platform comprising Python 3.10, NumPy 1.26,
and PyTorch 2.2.1.
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The base transition probabilities of the two discrete chains are obtained by maximum-
likelihood estimation from the level dwell times recorded in 3 years of calibration and
maintenance work orders. For a one-step (pure-birth) chain, the dwell time in level i is
geometrically distributed with parameter p; ;1 1, so the maximum-likelihood estimate is

pz,z+1 - ai, [ Nik:1 i
where dl(k) is the dwell time (in time steps) of the k-th sojourn in level i and N; is the

number of such sojourns. These baseline estimates are referenced to the nominal operating
condition ( fy, fp); the acceleration coefficients 3 and o« in Equations (7) and (8) are then
estimated by log-linear regression of the per-condition transition rates on loading frequency
and oil temperature, respectively.

It should be emphasized that the manufacturer manuals, 3-year calibration and mainte-
nance records, financial records, and site investigations were used to identify and calibrate
the parameters of the HS-MDP simulator. However, all policy training, baseline compar-
isons, ablation studies, robustness tests, and sensitivity analyses reported in this section
were conducted offline in this data-calibrated simulation environment. No learned policy
was deployed online on the physical fatigue testing machine, and no intervention decisions
were executed on the real equipment during this study. Therefore, the following results
should be interpreted as simulation-based evidence of decision performance rather than as
direct field validation.

6.2. Baselines and Evaluation Metrics

To systematically evaluate the relative advantages of the proposed method (denoted
BDQ-Att-Mask), five representative baselines are selected for comparison:

e 51 Periodic: Periodic maintenance policy that performs medium-intensity mainte-
nance and scheduled replacements at fixed intervals prescribed by the manufacturer’s
maintenance manual.

e  S2 Threshold-CBM: Threshold-based condition-based maintenance strategy that triggers
the corresponding maintenance when a component’s state exceeds a preset threshold.

e  S3 Independent-DQN: Four independent DQNs (one per component) with no awareness
of other components’ states, used to isolate the contribution of collaborative modeling.

e 54 PPO-MultiDisc.: PPO for multi-discrete actions, used to verify BDQ’s advantage in
sample efficiency.

e S5 Vanilla-BDQ: Standard BDQ without inter-component attention or action masking,
serving as the ablation baseline.

To ensure a fair comparison, Independent-DQN, PPO-MultiDiscrete, Vanilla-BDQ, and
BDQ-Att-Mask were trained under the same maximum episode horizon of 260 steps and
the same final environment-interaction budget of [780,000] steps. The number of executed
environment steps was counted directly from the training logs rather than inferred from
the number of episodes, because curriculum learning and early termination may produce
episodes of different lengths. All methods used the same set of training seeds. Each seed
jointly controlled network initialization, environment stochasticity, action sampling, and
minibatch sampling. After training, the network parameters were frozen, and every trained
policy was evaluated using the same set of 30 previously unseen evaluation seeds. The
evaluation seeds were not used for hyperparameter selection.

Where algorithmically applicable, the methods shared the same state preprocessing,
reward normalization, curriculum schedule, network width, discount factor, and total
environment-interaction budget. Independent-DQN, Vanilla-BDQ, and BDQ-Att-Mask
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additionally used the same replay-buffer capacity, batch size, Double-DQN target con-
struction, target-network update rule, exploration schedule, and prioritized-replay settings.
PPO used its standard on-policy rollout and update procedure and therefore did not use
an experience replay buffer.

Hyperparameters were selected using a predefined search protocol. For each DRL
method, same candidate configurations were evaluated using the same tuning interaction
budget and the same set of validation seeds. The configuration with the lowest mean annual
total cost on the validation seeds was selected. The final 30-seed test results were obtained
only after hyperparameter selection had been completed. Thus, the proposed method
and all learned baselines received the same data budget and comparable hyperparameter-
tuning effort.

The evaluation metrics are constructed along three dimensions: economic benefits
(average annual total cost and four subcategories), reliability (average annual number of
component failures), and operational availability (annual cumulative downtime and data
efficiency). All metrics are reported as mean =+ standard deviation over 30 independent
random seeds for yearly simulations. To ensure comparability, the DRL policies” network
weights are frozen after training, and evaluation is conducted using the same seeds.

The five baselines are chosen to represent the relevant families rather than to enumer-
ate individual papers: S1 the prevailing industrial practice (fixed schedule), S2 classical
condition-based maintenance, S3 the decentralized multi-agent family (one independent
learner per component), S4 the modern on-policy actor-critic family (multi-discrete PPO),
and S5 the value-decomposition backbone without our additions. Recent maintenance-DRL
methods—dependent-competing-risk CBM [11], structure-dependent and multi-agent for-
mulations [12,13], and attention-augmented RUL-driven policies [19]—are formulated for
homogeneous or purely discrete-state systems and do not natively support a continuous—
discrete hybrid state, engineering action masking, or a data-quality objective. A faithful
re-implementation in the present HS-MDP would therefore require substantial modifica-
tion; the closest faithful representatives of their algorithmic cores (decentralized — S3,
on-policy actor-critic — 54, value decomposition — Sb) are already included.

6.3. Overall Performance Comparison

All four DRL methods were trained under the fairness protocol described in section
above. Each method received the same final budget of [780,000] environment interactions
and used the same set of independent training seeds.

In the simulation environment, the proposed method was trained for 3000 episodes,
totaling approximately 7.8 x 10° interaction steps. The average annual total cost and its
subcategories across 30 random seeds for each strategy are summarized in Table 3. The
results show that, from the engineering baseline perspective, periodic maintenance has
the highest costs in all categories, while threshold-based CBM leverages state feedback
to reduce costs by about 30.8% relative to periodic maintenance. From the DRL baseline
perspective, Independent DQN further reduces costs by about 13.0% compared with
threshold-based CBM, and PPO performs similarly to Vanilla-BDQ. The proposed method
achieves a 60.3% cost reduction relative to periodic maintenance, a 42.6% reduction relative
to threshold-based CBM, and a 34.2% reduction relative to Independent DQN. The largest
contributors to the cost reduction are failure costs and data-quality loss, which decrease
by 88.6% and 74.9%, respectively, reflecting a marked improvement in the avoidance of
major risks.
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Table 3. Parameter-provenance.

Quantity (Symbol)

Value

Source/Identification

Beam baseline drift jy, o

1.2 x 1073 mm/day

Fitted to 3 yr horizontality logs; cross-checked
with maintenance manual

Beam failure threshold /¢

0.50 mm

Alignment/horizontality tolerance for valid
axial loading (cite governing standard, ISO
23788/ ASTM E1012) [22]

Beam diffusion oy,; coupling
p1,p2, A

0, =5x107%,p; =20
pr=12,A=20

Residual variance/regression on load- and
frequency-stratified degradation rates

Fixture wear rate p,0

45 % 1073 mm/day

Fitted to clamping-wear logs

Fixture failure threshold we; ;

diffusion oy,

Werit = 0.8 mm
0w =1x1073

Clamping-slip tolerance from acceptance spec

Sensor level bands (zero drift Force/displacement calibration accuracy classes

0.1/0.3/0.5% FS) Table 1 (ISO 7500-1 [23])
Oil contamination levels NAS 1638 NAS 1638 [24]

classes
Base transition probs p(3)'0 = 0.004,0.006, 0.008 Dwell-time MLE from work orders
p0, p*).0 pWO = 0,010, 0.015, 0.020, 0.025 (formula above)
Acceleration coeffs 8, « B =0.05a =0.07 ?og—hnear re.gressmn on

requency/oil temperature

Load amplitude L; ~U [0.6,1.4] Usage/test-schedule logs
Loading frequency f; N within 10-30 Hz Usage/test-schedule logs
Fixed downtime cost Csetup; Csetup =200 3-yr corporate financial records (labor, materials,

variable costs; failure penalty

) 9 = 5000, 2000, 1500, 2000 production-loss rate); scrapped-specimen cost
f

Data-quality coeffs x1 <k, < «3 K1,%7, k3 = 20, 150, 1200 Cost of out-of-tolerance/discarded test data

In terms of reliability, the method proposed in this study yields a total of 1.4 failures per
year across the four components, significantly lower than Periodic (9.8/year), Threshold-
CBM (5.6/year), and Independent-DON (3.7 /year). In terms of operational availability, the
method achieves 10.6 shutdowns per year, an annual cumulative downtime of 68.5 h (about
47% of Periodic), and a data efficiency of 96.2% (Periodic: 82.1%). The engineering signifi-
cance lies in the markedly improved continuity of testing tasks—assuming the machine
operates 16 h per day, each avoided unplanned failure prevents approximately 8-24 h of
emergency downtime; compared with periodic maintenance, the method proposed in this
study can recover about 52-156 h of effective operating time per year. Training curves and
performance comparisons are shown in Figure 2.

The 60.3% reduction relative to periodic maintenance should be read together with
its decomposition. The two categories that the fixed manufacturer schedule cannot re-
act to—failure cost and data-quality loss—account for most of the gap, falling by 88.6%
and 74.9%, respectively, whereas the maintenance and downtime costs, which periodic
maintenance already incurs deliberately, decrease by a more moderate ~40%. The large
headline figure therefore reflects the avoidance of high-consequence failures and out-of-
tolerance data rather than a uniform across-the-board cost saving. Against the strongest
learned baselines, the margin is correspondingly more modest but still consistent: the
proposed method reduces total cost by 24.5% relative to Vanilla-BDQ and by 29.2% relative
to PPO-MultiDiscrete, isolating the contribution of the inter-component attention and
action masking from that of the BDQ backbone itself. All the experiment results has been
listed in Table 4.
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Figure 2. Comparison of episode reward curves during training.

Table 4. Comparison of average annual cost metrics for each strategy (unit: CNY).

Strategy Malr&tenance Downtime Cost Failure Cost Data Quality Total Cost Relative Periodic
ost Loss
S1 Periodic 8420 + 210 5260 + 180 6850 + 920 4180 £ 310 24,710 £ 1220 —
S2 Threshold-CBM 6420 + 228 4150 £ 172 3640 + 712 2890 + 245 17,100 £ 950 —30.8%
S3 Independent-DQN 5680 + 305 4820 + 256 2280 + 520 2150 + 228 14,930 £ 1085 —39.6%
5S4 PPO-MultiDisc. 5950 + 340 4150 + 288 1950 =+ 485 1820 =+ 260 13,870 4+ 1218 —43.9%
S5 Vanilla-BDQ 5520 + 298 3980 + 242 1820 + 465 1690 £ 235 13,010 £+ 1132 —47.4%
S6 BDQ-Att-Mask

4870 + 185 3120 + 162 780 + 245 1050 £ 152 9820 + 702 —60.3%

(Proposed Method)

6.4. Opportunistic Maintenance and Cross-Component Attention Analysis

Define the opportunistic maintenance ratio p_opp as the proportion of “downtime
events in which maintenance on multiple components is executed” to “the total number
of downtime events.” The proposed method achieves p_opp = 62.4%, far higher than
Threshold-CBM (21.5%) and Independent-DQN (28.2%). This proportion directly indicates
that the proposed method actively captures the economic effect of “a single shutdown
enabling parallel maintenance of multiple components”: among the 10.6 annual shutdowns,
about 6.6 involve two or more components, and each opportunistic maintenance event
involves an average of 2.5 components, as shown in Figure 3. Each part of this stacked
bar chart represents maintenance downtime for a single component, two components,
three components, and four components, respectively, and the red line represents the
dividing line between single-component maintenance downtime and multi-component
maintenance downtime.

Furthermore, the inter-component attention weights of the trained policy network
are visualized on the test set (Figure 4). The attention matrix exhibits clear off-diagonal
elements: (1) Oil tank — sensors (x = 0.34): periods of elevated oil temperature and
oil degradation typically coincide with high-load, high-frequency operating conditions,
accelerating sensor degradation; (2) Fixture — bearing beam (¢« = 0.28): wear of the
fixture leads to clamping misalignment, which imposes eccentric loading on the beam and
accelerates horizontality degradation; (3) Sensors — oil tank (¢ = 0.22): sensor degradation
can impair overload protection, indirectly causing oil overheating. These coupling patterns
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are highly consistent with the physical causal chain of the mechano-hydraulic system,
demonstrating good interpretability of the inter-component attention mechanism.
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Figure 3. Comparison of opportunistic maintenance.
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Figure 4. Heatmap of inter-component attention weights.

6.5. Ablation Experiments

To quantitatively assess the independent contribution of each core component of the
method, this study designs the following five ablation variants. All variants are retrained
and evaluated in the same environment and with the same set of 30 random seeds, and
the results are summarized in Table 5: (A) Full method (BDQ-Att-Mask); (B) —Attention:
remove inter-component attention, with branching heads deciding directly based on shared
encoder features; (C) —Mask: remove action masking, suppressing invalid actions via a
reward penalty (—1000); (D) —Quality: remove the data-quality loss term from the reward
function; (E) —Dueling: replace dueling heads with standard Q-heads.
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Table 5. Performance comparison of ablation experiments (mean over 30 seeds).

Variant Total Cost(CNY) Number of Failures Number of Shutdowns Relative Loss
A. BDQ-Att-Mask 9820 + 702 14 10.6 —
B. —Attention 11,340 4 905 2.2 11.2 +15.5%
C. —Mask 12,860 + 1185 3.6 13.8 +30.9%
D. —Quality 11,580 4 945 1.5 10.4 +18.0%
E. —Dueling 10,520 4 820 1.7 11.0 +7.1%

Although Table 5 reports only the aggregate cost together with the annual failure
and shutdown counts, these two counts already act as a decomposition lens: the failure
count is a proxy for the failure-cost contribution and the shutdown count for the down-
time contribution, so the source of each variant’s degradation can be inferred without
additional instrumentation.

Removing action masking (C) is the most damaging variant (+30.9%) and degrades
both proxies at once—failures rise from 1.4 to 3.6 per year and shutdowns from 10.6 to
13.8. Without the mask, feasibility and safety are enforced only through the —1000 reward
penalty, which the agent must learn by repeatedly sampling infeasible actions; more
importantly, the soft mask that forbids “no action” near the tolerance limit is lost, so critical
maintenance windows are missed and the failure-driven cost dominates the increase.

Removing inter-component attention (B) raises the cost by 15.5% but adds only 0.6 shut-
downs (10.6 — 11.2). The increase is therefore not explained by more frequent downtime
but by poorer coordination within each downtime: the opportunistic-maintenance ratio
falls from its full-method value of 62.4%, so maintenance that the complete model bundles
into a single shutdown is now executed across separate visits, and the moderate rise in
failures (to 2.2) reflects the loss of cross-component anticipation such as the oil-tank —
sensor coupling.

Removing the data-quality term (D) is the most informative case. Its failure count
(1.5) and shutdown count (10.4) are statistically indistinguishable from—indeed marginally
lower than—those of the full method, yet the total cost rises by 18.0%. Because neither
reliability nor availability has changed, the entire increase must originate in a cost dimen-
sion that these two columns do not capture, namely the silent loss of out-of-tolerance test
data: once the term is removed, the agent’s incentive to maintain the sensors collapses, the
frequency of the sensor reaching level 3 increases roughly 5.2-fold, and the policy pays
through discarded data rather than through additional shutdowns. This is direct evidence
that the data-quality term is not a redundant relabelling of existing costs but a distinct
objective that reshapes the sensor-maintenance behaviour.

Removing the dueling decomposition (E) yields the smallest degradation (+7.1%),
with failures and shutdowns close to the full method but a larger seed-to-seed standard
deviation than the full method (820 vs. 702). Its contribution is therefore concentrated in
optimization stability rather than in the structure of the converged policy.

6.6. Simulation-Based Robustness and Parameter Sensitivity Analysis

The following robustness and sensitivity analyses were performed entirely in the
calibrated HS-MDP simulation environment. They were designed to examine the response
of the learned policy to controlled model-parameter and cost-accounting perturbations.
Unless otherwise stated, the policy trained under the nominal simulation parameters was
frozen and evaluated without retraining.

For the degradation-model robustness test, the degradation-rate parameters in Table 3
were simultaneously perturbed by £10%, £20%, and £30% in the evaluation environ-
ment. For each perturbation level, all compared policies were evaluated using the same
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30 test seeds. This setting represents model misspecification between the nominal training
simulator and the perturbed evaluation simulator.

(1) Degradation-Parameter Perturbation Robustness

In engineering practice, there is unavoidable uncertainty in estimating degradation
parameters; therefore, it is necessary to assess the robustness of policy to parameter pertur-
bations. We took three levels of relative perturbations (+10%, £20%, £30%) are simulta-
neously applied during evaluation. For each perturbation level, 30 random test seeds are
generated to evaluate the average annual total cost of the method presented in this chapter
(directly using the policy trained under baseline conditions, without retraining) and three
baseline strategies. The results are shown in Figure 5.

50,000
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—#&— Threshold—CBM
—— Independent—-DQN
40,000 [ —e— Proposed Method
@
Q
Q
£ 30,000 |
E
=
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<
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Figure 5. Robustness test.

The results indicate that when the degradation parameters are underestimated by 30%,
the number of failures rises markedly for all strategies; the cost of the method presented
in this chapter increases by about 38.2%, while Threshold-CBM increases by about 72.6%.
When the degradation parameters are overestimated by 30%, all strategies show a stronger
tendency toward over-maintenance; the cost of the method presented in this study increases
by about 15.4%, and Periodic by about 21.8%. The method presented in this study exhibits
the smallest performance degradation under both perturbation extremes, with robustness
clearly surpassing all baselines. These results suggest that the DRL-learned policy does not
“overfit” the degradation parameters used during training, but it instead has learned more
generalizable state-based rules for multi-component coordinated decision-making.

(2) Cost-Parameter Sensitivity Analysis

Maintenance cost structures may vary significantly across enterprises and time periods.
This section evaluates the transferability of the policy by perturbing cost parameters.
Sensitivity is examined for three categories of cost parameters: the failure penalty coefficient
(x0.5, x1, x2, x4), the fixed downtime cost (x0.5, x1, x2, x4), and the data-quality
coefficient (x0.5, x1, X2, x4). Under each perturbation level, the method presented in this
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chapter (using the policy trained under baseline conditions) is re-evaluated, and the results
are summarized in Table 6.

Table 6. Cost-Parameter Sensitivity Analysis (relative cost changes with respect to the method

proposed in this study).
Parameter x0.5 x1.0 (Baseline) x2.0 *x4.0
Failure penalty coefficient ~ —18.5% 0 +8.2% +15.6%
Fixed downtime cost —12.4% 0 +10.5% +22.8%
Data-quality coefficient —8.6% 0 +5.2% +12.4%

The results show that the failure penalty is the most sensitive factor; however, even
when amplified by 4, the cost of the method proposed in this study increases by only
+15.6%—because failures are already rare under the baseline policy (1.4 per year), so even
when the per-failure cost is multiplied severalfold, its total contribution remains limited.
For perturbations to the fixed downtime cost, the cost change is relatively larger (+22.8%
at x4) because this term directly couples with the number of shutdowns; nevertheless,
the policy has learned to reduce shutdowns via opportunistic maintenance, limiting the
amplification effect. The data-quality coefficient exhibits the lowest sensitivity, indicating
that the sensor-maintenance policy has been trained into a robust behavior that is largely
insensitive to this term. Taken together, these results indicate that the method proposed in
this study maintains good transferability across different cost structures.

6.7. Discussion and Limitations

While the proposed BDQ-Att-Mask framework demonstrates substantial improve-
ments in multi-component joint maintenance, it is fundamentally constrained by the
assumption of full state observability. Currently, the HS-MDP relies on the accurate and
continuous acquisition of structural degradation and discrete sensor states. Consequently,
if sensor failures, missing data, or abnormal measurements occur in practical industrial
environments, the decision-making agent will receive corrupted state inputs. This pertur-
bation can lead to sub-optimal policies, such as missing critical opportunistic maintenance
windows or executing redundant repairs. Furthermore, as the application extends to larger-
scale industrial systems, the interactions between mechanical structures and hydraulic
systems become significantly more complex. In such scenarios, relying solely on high-
level macro-maintenance scheduling is insufficient to guarantee structural safety under
severe state constraints or dynamic environmental disturbances. A highly promising future
extension to address these intertwined limitations is transitioning towards a “Control-
Maintenance Co-design” paradigm, which integrates deep reinforcement learning with
advanced bottom-level robust control. Specifically, to mitigate the vulnerabilities associated
with missing data and sensor anomalies, extended-state-observer (ESO) based adaptive
control methods can be introduced as a state-estimation front end [25]. By utilizing ESOs to
dynamically reconstruct the true system states under full-state constraints, the DRL agent
can be supplied with filtered, robust state representations even when physical sensors
fail. Additionally, incorporating optimized-based fault-tolerant control with disturbance
rejection can ensure that the electro-hydraulic system maintains safe operational stability
and rejects external disturbances while operating in a degraded state prior to the execution
of scheduled maintenance [26].

7. Conclusions

Addressing the joint maintenance decision-making problem for multiple components
in electro-hydraulic servo material fatigue testing equipment, this study proposes a method
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based on multi-head deep reinforcement learning. The main contributions and conclusions
are as follows:

1. A continuous-discrete hybrid-state MDP modeling framework is constructed. The
continuous degradation trajectories of the bearing beam and fixture are characterized
by Wiener processes, while the main sensors and the hydraulic o0il tank are modeled
by discrete Markov chains to align with periodic calibration and oil-grade inspec-
tions in practice. A component-differentiated four-tier action space is designed, and
engineering feasibility constraints are injected via action masking.

2. A multi-head Branching Dueling DQN network with an inter-component attention
mechanism is proposed, reducing the parametric complexity of the joint action from
[Ti|Ai| to Xi|Ai|. Through a hierarchical design of shared encoder-attention layer-
branching heads, component-wise decisions become aware of each other’s states and
autonomously learn opportunistic maintenance patterns.

3.  The reward function introduces a data-quality loss term determined by the sensor
degradation level, aligning the optimization objective with the metrological attributes
of the fatigue testing machine. Ablation experiments show that although this term
appears to be merely one cost component, its removal leads to an overall relaxation of
sensor maintenance and an 18.0% increase in implicit data-discarding costs.

4.  The case study indicates that the proposed method reduces the average annual total
cost by 60.3% relative to periodic maintenance and by 42.6% relative to threshold-
based CBM; the number of failures drops from 9.8 /year to 1.4/year, and data efficiency
rises from 82.1% to 96.2%. The opportunistic maintenance ratio reaches 62.4%, far
exceeding other baselines. Robustness tests and attention visualizations further
validate the method’s transferability and interpretability.

Future work will focus on three directions: (1) transferring the policy trained in sim-
ulation to physical equipment and studying policy correction methods in Sim-to-Real
settings; (2) extending to multi-machine collaborative maintenance scenarios, considering
cross-machine spare parts sharing and the coupling with personnel scheduling; (3) explor-
ing online adaptive estimation of degradation model parameters to further enhance the
policy’s generalization to unknown operating conditions.
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Abstract

For final-state quality inspection of three-dimensional stamped hairpin windings, existing
studies still lack multimodal methods that integrate mechanical geometric constraints,
prior-guided fusion, and decision interpretability. This study proposes a span-prior-guided
explainable multimodal neural network method and develops SPIMA-Net. The final-state
images were acquired at a fixed inspection station with a fixed camera position and imaging
angle under a CCD vision light source. Final-state images are used as visual inputs, while
geometric priors are constructed from span measurements and model-type information. A
visual branch and a span branch extract image and prior features, and a span-prior-assisted
gating mechanism modulates visual features to enable collaborative fusion. Experimental
results show that SPIMA-Net achieves an accuracy of 98.14%, an Fl-score of 96.55%, and
an AUC of 0.9983 on the test set. Its nonconforming-class F1-score is improved by 10.44,
3.04, 6.27, 1.38, and 0.66 percentage points over the image-only, span-only, direct-fusion,
SE-fusion, and CBAM-fusion models, respectively, while the total number of misclassifi-
cations decreases to five. Interpretability analysis shows that the model mainly focuses
on span openings, end profiles, and local abnormal regions. Relative and absolute span
deviations are identified as the main mechanical geometric factors affecting final-state
quality classification. The proposed method provides a neuro-mechanical fusion approach
that demonstrates high discriminative performance and engineering interpretability for
hairpin winding quality inspection on the investigated industrial dataset.

Keywords: hairpin windings; final-state quality inspection; span prior; explainable
multimodal neural network; multimodal sensing fusion

1. Introduction

With the development of intelligent manufacturing and industrial quality inspection,
quality assessment of complex manufactured components is shifting from experience-based
inspection to intelligent inspection that integrates visual images, geometric dimensions, and
structured information. For mechanically formed components, final-state quality depends
not only on external morphology but also on whether key geometric dimensions satisfy
design requirements. In such inspection tasks, effective use of image information requires
digital image representation, visual feature extraction, and convolutional representation
learning to support morphology recognition and discriminative feature extraction [1-3].

Sensors 2026, 26, 4857 https://doi.org/10.3390/s26154857
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Therefore, combining deep visual representation with mechanical geometric priors is
important for final-state quality inspection with strong discriminative capability, explicit
geometric constraints, and engineering interpretability.

Hairpin windings for flat-wire motors have advantages such as high slot fill factor,
high power density, compact end-winding structure, and favorable heat dissipation, mak-
ing them important for traction motor stators in new energy vehicles. Zou et al. reported
that winding design factors such as slot—pole combinations, conductor transposition, end
connections, and parallel branches affect the manufacturability and performance stability of
hairpin windings [4]. Fleischer et al. further pointed out that electric drive manufacturing
involves complex process chains, where manufacturing quality is critical for large-scale
electric vehicle production [5]. After three-dimensional stamping, the final opening mor-
phology, end profile, and span dimension jointly determine the assembly compatibility and
quality state of hairpin windings. Existing studies have mainly addressed forming control,
welding quality monitoring, visual inspection, and process quality assurance [6-10], but
the joint evaluation of final-state images and key span dimensions after stamping remains
insufficiently studied.

Deep visual neural networks have been widely used in industrial defect recognition,
anomaly detection, and assembly quality assessment. Bono et al. further emphasized that
quality control in automated production lines remains challenging under highly inconsis-
tent operating conditions [11]. Related studies have explored industrial visual anomaly
detection, synthetic data-based assembly inspection, few-shot defect detection, electronic
board inspection, multiview inspection, and Al-enabled product defect detection [12-17].
These studies show that visual models are effective in extracting contour, edge, and local
morphological features. However, for final-state inspection tasks with explicit geometric
constraints, image information alone may be affected by visually similar appearances and
may not fully identify quality abnormalities caused by key geometric deviations.

For three-dimensional stamped hairpin windings, final-state images provide infor-
mation on end profiles, opening regions, and local morphological abnormalities, while
span-related geometric dimensions provide mechanical constraints directly associated with
quality criteria. These two types of information are complementary: image-only models
may ignore explicit span deviation information, whereas span-only models cannot fully
capture local contour abnormalities, end bending, or asymmetric deformation. Therefore,
final-state images and span-related geometric information should be jointly modeled for
quality classification.

Multimodal learning provides a useful basis for such joint modeling. Baltrusaitis
et al. summarized representation, alignment, fusion, and co-learning issues in multimodal
machine learning [18], while Zhao et al. reviewed deep multimodal data fusion methods
and highlighted the value of multisource information fusion for improving model repre-
sentation and robustness [19]. Jiao et al. further categorized multimodal fusion strategies
into early fusion, deep fusion, late fusion, and hybrid fusion [20]. In industrial scenarios,
multimodal modeling of images, sensors, process parameters, and structured data has
been applied to diagnosis, process monitoring, quality assessment, and intelligent manu-
facturing systems [21-24]. However, many existing multimodal models still rely on feature
concatenation or conventional fusion, and span information is rarely used to actively guide
the visual branch toward opening regions, end profiles, and local abnormal locations.

Attention mechanisms, gating mechanisms, and feature recalibration methods have
been widely used to help neural networks focus on task-relevant regions and discriminative
features. Schlemper et al. introduced attention gating to guide networks toward important
regions [25], and Hu et al. proposed channel-wise feature recalibration to enhance discrimi-
native representation [26]. These studies provide a methodological basis for prior-guided
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neural fusion. However, in final-state quality inspection of three-dimensional stamped
hairpin windings, how to transform measured final span, theoretical span, span deviations,
and model-type information into mechanical priors for visual feature modulation remains
insufficiently investigated. In addition, industrial intelligent inspection models require
not only classification accuracy but also engineering interpretability. Selvaraju et al. pro-
posed Grad-CAM to visualize key image regions involved in convolutional neural network
decisions [27]. Related studies in process quality management, visual quality control,
industrial fault diagnosis, quality state monitoring, and zero-defect manufacturing have
shown that explainable artificial intelligence can improve the transparency and practical
value of industrial Al systems [28-34]. Therefore, final-state quality inspection of hairpin
windings should not only output conforming/nonconforming decisions but also explain
the image regions and geometric factors influencing the decisions.

In summary, previous studies on hairpin windings have mainly focused on forming
control, welding monitoring, and visual inspection, while final-state quality inspection
after three-dimensional stamping remains insufficiently studied. In this study, the final-
state images were acquired at a fixed inspection station with a fixed camera position and
imaging angle under a CCD vision light source. This task requires the joint evaluation
of final-state morphology and span dimensions. Image-only methods cannot explicitly
use span deviation information, whereas span-only methods cannot capture local contour
abnormalities. Conventional multimodal fusion usually relies on feature concatenation
and lacks active guidance from span priors to visual features. Therefore, a span-prior-
guided and interpretable multimodal method is needed for final-state quality inspection of
three-dimensional stamped hairpin windings.

To address these issues, this study proposes a span-prior-guided explainable mul-
timodal neural network method for final-state quality inspection of hairpin windings
and constructs the Span-Prior-Informed Multimodal Assessment Network (SPIMA-Net)
as its core implementation model. The proposed method integrates final-state image
representations with span-related geometric priors. Through a visual branch, a span
branch, and a prior-assisted gating mechanism, it enables collaborative fusion between
neural visual features and mechanical geometric constraints, and is applied to final-state
quality classification and risk scoring of three-dimensional stamped hairpin windings for
flat-wire motors.

The main contributions of this study are summarized as follows:

(1) A multisource collaborative representation method is proposed for final-state quality
inspection of hairpin windings.
Final-state image information and mechanical span geometric priors are jointly mod-
eled, enabling the model to simultaneously exploit visual morphological features and span
deviation information for final-state quality classification and risk quantification.

(2) A span-prior-guided multimodal neural network model, SPIMA-Net, is constructed.

Mechanical geometric priors are encoded through a span branch, and a span-prior-
assisted gating mechanism is designed to modulate visual features, thereby enhancing
the model’s discriminative ability for span opening regions, end profiles, and local abnor-
mal regions.

(3) A dual-sided explainable analysis method is proposed for image regions and mechani-
cal span factors.

By combining Grad-CAM with permutation feature importance analysis, the key
abnormal regions attended to by the model are identified from the image side, while
the contributions of major geometric factors to quality classification are quantified from
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the span side. This result supports the interpretability and practical applicability of the
proposed method for final-state quality inspection of hairpin windings.

2. Methods
2.1. Problem Definition and Span Prior Construction

The final-state quality of three-dimensional stamped hairpin windings is jointly af-
fected by end morphology, span dimensions, and differences among model types. Figure 1A
presents the simplified structure of the stamped hairpin winding and the definition of the
theoretical span. The stamped hairpin winding is formed from a flat copper conductor
through bending and three-dimensional stamping, where the theoretical span s;ef denotes
the designed distance between the two end regions. Figure 1B shows the practical assembly
scene of the hairpin winding, in which the final-state span directly affects its insertion
accuracy and assembly compatibility. When the span deviation is excessive, assembly
difficulty or local interference may occur, as shown in Figure 1C,D. Therefore, final-state
quality inspection should consider both visual morphology information and span-related
geometric information.

(A) (B)

Figure 1. Structure and assembly of the stamped hairpin winding: (A) simplified structure and
definition of the theoretical span; (B) practical assembly scene; (C,D) examples of local interference
caused by excessive span deviation.

Based on the stamped hairpin winding structure and span definition, to enable joint
modeling of final-state image information and mechanical geometric priors, the i-th sample
is defined as:

ref
X;i = {L‘,Si,si /mi/yi} 1)
where I; denotes the final-state image of the i-th sample, s; denotes the measured final span,
s:ef denotes the theoretical span corresponding to the model type, m; denotes the model-
type information, and y; € {0, 1} denotes the quality label, where 1 indicates conforming
and 0 indicates nonconforming.
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Because the theoretical span varies across different hairpin winding model types,
using only the measured final span s; cannot accurately reflect its deviation from the target
dimension. Therefore, the absolute span deviation is defined as:

e =1|s; — s?ef 2)
and the relative span deviation is further defined as:
s — s;ef
di = W ®)

where ¢ is a small constant introduced to avoid division by zero. In this study, € was fixed

as 1 x 10~8. This value was used only for numerical stability and was not tuned according

to different model types. The absolute span deviation e; represents the actual dimensional

deviation, while the relative span deviation d; is used to reduce the influence of scale

differences in theoretical span among different model types on quality classification.
Based on these definitions, the span prior vector is constructed as:

8i = |Sis S;‘Bf/ €, di/ mi:| (4)

where the model-type information m; can be encoded using one-hot encoding. This vector
provides mechanical geometric information, including the measured dimension, target
dimension, deviation magnitude, and model-type context. The variables s;, s;gf ,e;,and d;
in the vector are not independent raw observations but correlated geometric descriptors
constructed for final-state span quality judgment. Specifically, ¢; and d; characterize the
deviation of 5; from s:gf from the perspective of absolute span deviation and relative span
deviation, respectively. Therefore, this interdependence does not introduce an additional
modeling problem but helps explicitly represent the engineering judgment information
of span deviation and provides structured geometric priors for subsequent multimodal
feature fusion.
The objective of this study is to learn the following mapping:

filgit = A0u i} ®)
where 7; denotes the predicted quality class, and #; denotes the risk score. Since this
study focuses on identifying nonconforming samples, the predicted probability of the
nonconforming class is defined as the risk score. A higher risk score indicates a greater risk
of final-state quality abnormality.

2.2. SPIMA-Net Network Architecture

As shown in Figure 2, SPIMA-Net is constructed as a span-prior-guided multimodal
classification framework. The model takes the final-state image [; and the span prior
vector g; as two complementary inputs. The visual branch maps I; into image feature
representation z{, while the span branch encodes g; into span prior feature representation
z§. Unlike direct feature concatenation, SPIMA-Net uses the span prior representation
to generate gating weights, which are then applied to the visual features for adaptive
feature modulation. This design allows the geometric prior information to participate
in the visual feature learning process before multimodal fusion. The modulated visual
representation and span prior representation are subsequently concatenated and passed
into the classification head to obtain the conforming/nonconforming prediction and the
nonconforming risk score.

In the visual branch, ResNet18 is adopted as the visual backbone for extracting final-
state image features [35]. ResNet18 is a residual convolutional network composed of
stacked residual blocks with shortcut connections, which helps stable extraction of contour,
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edge, and local morphology features from final-state images and reduces overfitting risk
under limited industrial samples:

zi = fo(li; 6) (6)

where z{ denotes the visual feature vector, 6, represents the parameters of the visual branch,
and f,(e) denotes the visual feature extraction function.
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Figure 2. SPIMA-Net span-prior-guided multimodal final-state quality inspection framework.

In the span branch, the span prior vector g; constructed in Section 2.1 is fed into a
multilayer perceptron (MLP) encoder to obtain the span prior feature:

z; = f5(8i;0s) )

where z? denotes the span prior feature vector, while f;(e) and 65 represent the span
branch encoding function and its parameters, respectively. The span branch adopts a
two-layer fully connected structure, with ReLU activation and Dropout introduced to
suppress overfitting.

To avoid passive concatenation of image features and span information only at the
final stage, this study designs a span-prior-guided gating mechanism. This module
uses span prior features to generate gating weights with the same dimensionality as
the visual features:

w; = 0 (Wgzi + by) (8)
where «; denotes the gating weight generated from the span prior, o(e) is the sigmoid
function, and W, and b, are the weight matrix and bias term of the gating mapping,
respectively. In this study, the visual feature vector extracted by the ResNet18 branch is
z? € R'2, and the span prior feature vector is z{ € R3. The linear gating layer maps
Zitow; € R312 which has the same dimension as z{. Therefore, the visual features are
modulated by element-wise multiplication as follows:

lef =0;© Z? )
where © denotes element-wise multiplication, and z} denotes the visual feature represen-
tation modulated by the span prior. This mechanism enables span prior information to

participate in visual feature modulation and strengthens the discriminative representation
of the model.
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The modulated visual features are then fused with the span prior features:
2= 23] (10)

where z; denotes the fused multimodal feature vector, and [Ej’ ; zﬂ denotes the concatenation
of the span-prior-modulated visual feature and the span prior feature.
The class probabilities are then produced by a fully connected classification head:

P; = soft max(W2<p(lei -+ b1) + bz) (11)

where W1, Wy, by and b, are the parameters of the classification head, and ¢(e) denotes a
nonlinear activation function. The fully connected layers in the span-related branch and the
fusion classification head use ReLU activation. The gating module adopts a sigmoid activa-
tion function to generate element-wise modulation weights for visual features, and the final
classification logits are converted into class probabilities using the softmax function. The
Dropout rate is set to 0.2 in the span-related branch and 0.3 in the fusion classification head.

Pi=[pl.pl] (12)

where P? and P! denote the softmax outputs corresponding to the nonconforming and
conforming classes, respectively. The risk score is defined as:

hi=p (13)

That is, a higher softmax output for the nonconforming class indicates a higher final-
state instability risk. In this study, #; is used to represent the relative risk degree that the
model assigns a sample to the nonconforming class. Considering that softmax outputs may
be affected by data distribution bias and class imbalance, it is not interpreted as an absolute
probability estimate after additional probability calibration.

In summary, SPIMA-Net does not simply concatenate image information and span
information. Instead, it employs a span-prior-guided gating mechanism that enables
mechanical geometric priors to participate in visual feature modulation, thereby achieving
joint output of final-state quality classification and risk scoring.

2.3. Comparative Models and Ablation Experiment Design

To validate the effectiveness of the proposed SPIMA-Net and analyze the roles of
image information, span priors, multimodal fusion, and the gating mechanism in final-state
quality inspection, six comparative models are constructed: the image-only model, the
span-only model, the direct-fusion model, the SE-fusion model, the CBAM-fusion model,
and SPIMA-Net. The structural components and input information of these six models are
summarized in Table 1.

Table 1. Structural components and input information of different models.

Model Name Image Branch Span Branch Fusion Strategy Output
Image-only ResNet18 No No Class probability
Span-only No MLP No Class probability
Direct-fusion ResNet18 MLP Direct concatenation Class probability
SE-fusion ResNet18 MLP SE-based fusion Class probability
CBAM-fusion ResNet18 MLP CBAM-based fusion Class probability
SPIMA-Net ResNet18 MLP Prior-assisted gating + concatenation Class probability + risk score

Among them, the image-only model takes final-state images as input and uses
ResNet18 for quality classification, thereby evaluating the independent discriminative
capability of visual morphological information. The span-only model takes the span prior
vector g; as input and adopts an MLP for classification, thereby assessing the contribution
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of mechanical geometric priors to quality decision-making. The direct-fusion model simul-
taneously introduces image features and span features, but performs multimodal fusion
only through feature concatenation, so as to evaluate the effect of conventional multimodal
fusion. The SE-fusion and CBAM-fusion models introduce attention-based fusion modules
to evaluate whether general attention-based mechanisms can improve multimodal feature
interaction compared with direct feature concatenation. SPIMA-Net further incorporates
a span-prior-guided gating mechanism on the basis of direct fusion, thereby examining
the effectiveness of mechanical geometric priors in modulating visual features. Therefore,
this set of experiments is used to analyze the effects of image information, span priors,
direct fusion, attention-based fusion, and span-prior-guided gating on final-state quality
classification performance.

2.4. Joint Loss and Dual-Sided Interpretability Analysis

To jointly ensure class discriminative and span-consistency constraints for risk scoring,
this study adopts a joint optimization scheme that combines classification loss with a span
auxiliary loss.

The classification loss is defined using weighted cross-entropy:

1 N
Las =52 [“13/1' log p; +ao(1— y;) log p?} (14)
i=1

where N denotes the number of samples, while a; and a are the class weights for the con-
forming and nonconforming classes, respectively, which are used to mitigate the influence
of class imbalance during training.

To make the risk score reflect the degree of final-state span instability, a span auxiliary
loss is further introduced. Considering that the risk score #; lies within [0, 1], the relative
span deviation d; is normalized by the maximum value in the training set as follows:
di = dtf’l;in

max

(15)

and clipped to the interval [0, 1]. Subsequently, d; is used as the risk constraint target, and
the span auxiliary loss is defined as:

2
1Y ~
»Cspun - *Z P —d; (16)
N L (i =)
Therefore, the total loss function is defined as:
L= L+ ALspan 17)

where A is a balancing coefficient, which was set to 0.20 in this study. The class weights in
the weighted cross-entropy loss were calculated according to the inverse class frequency
in the training set. Since the nonconforming class was labeled as 0 and the conforming
class as 1, the class weights were set to ag = 1.8646 for the nonconforming class and
o = 0.6832 for the conforming class. This joint loss enables the model to perform conform-
ing/nonconforming classification while producing risk scores that are consistent with the
degree of span deviation.

For interpretability analysis, this study reveals the model decision basis from both
the image side and the span side. On the image side, Grad-CAM is used to generate class
activation heatmaps for locating the key abnormal regions attended to by the model. On
the span side, permutation feature importance analysis is performed for the measured final
span, theoretical span, absolute span deviation, relative span deviation, and model-type
information. Each factor is perturbed separately. The changes in F1-score and AUC are
then used to quantify its contribution to quality classification.
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In summary, the proposed framework combines joint-loss optimization for class
decision and span-risk constraint with dual-sided interpretation from image regions and
span-related factors.

3. Results
3.1. Dataset and Experimental Settings

To validate the effectiveness of the proposed SPIMA-Net for final-state quality in-
spection of hairpin windings, this study uses field-collected samples of flat-wire motor
hairpin windings after the three-dimensional stamping process. The samples were col-
lected from one stator production batch, which contained seven different hairpin winding
geometries/model types. Image acquisition was performed at a fixed inspection station
using one industrial camera, GV-CRM120-10, under a CCD vision light source. During
acquisition, the camera position, imaging angle, and lighting condition were kept fixed.

The dataset consists of final-state images, quality labels, measured final spans, theoret-
ical spans, span deviation features, and model-type information. The dataset was divided
into training and test sets using a stratified 80%/20% random split according to the quality
labels and model types. The same image or the same physical sample was not duplicated
in both the training and test sets. Therefore, the experimental results were obtained under a
sample-level random partition within the investigated stator production batch. The dataset
composition and partitioning are summarized in Table 2.

Table 2. Dataset composition and partition statistics.

Dataset Number of Conforming Numl?er of Total Number of Samples
Samples Nonconforming Samples
Overall Samples 982 361 1343
Training Set (80%) 786 288 1074
Test Set (20%) 196 73 269

In the experiments, nonconforming samples are treated as the positive class, with em-
phasis placed on evaluating the model’s ability to identify final-state quality abnormalities.
The evaluation metrics include accuracy, precision, recall, F1-score, and AUC. Accuracy
measures the overall classification correctness; precision and recall reflect the correctness
and completeness of nonconforming sample identification, respectively; F1-score provides
a comprehensive evaluation of nonconforming-class recognition performance; and AUC
assesses the overall separability between conforming and nonconforming samples.

Following the comparative design in Section 2.3, the compared models were trained
and evaluated under the same training-test split. The network input image size was set to
224 x 224. During training, light image augmentation was applied, including brightness
and contrast perturbation with a factor of 0.05, while no augmentation was used during
testing. Images were normalized using the ImageNet mean and standard deviation.

Span-related variables were standardized using the mean and standard deviation
calculated from the training set. For the span auxiliary loss, the relative span deviation
was normalized by the maximum relative span deviation in the training set and clipped
to [0, 1]. ResNet18 was trained from scratch. AdamW was used with a learning rate of
1 x 107%, a weight decay of 1 x 1074, a batch size of 16, and 20 training epochs. The
balancing coefficient in the total loss was set to A = 0.20, and the weighted cross-entropy
class weights were set to ay = 1.8646 for the nonconforming class and a1 = 0.6832 for the
conforming class. The main random seed was 42. No additional learning-rate scheduler or
early stopping strategy was used; all models were trained under this fixed 20-epoch setting.
The experiments were implemented in Python 3.10.7 using PyTorch 2.13.0 and run in the
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PyCharm 2023.1 environment on a computer equipped with an NVIDIA GeForce RTX 2060
(6 GB) GPU. On this platform, SPIMA-Net has 11.27 M parameters and achieved an average
inference time of 166.24 ms/sample, corresponding to 6.02 FPS. To verify the sufficiency
of the 20-epoch training schedule, the training convergence curves of SPIMA-Net were
further analyzed, as shown in Figure 3A-D. The classification loss and total loss gradually
decreased and stabilized within 20 epochs, while the span auxiliary loss remained at a
low and stable level. Meanwhile, the Fl1-score increased and became stable in the later
epochs, indicating that the model had basically converged under the adopted training
setting. The best model was selected mainly according to the F1-score of the nonconforming
class. Overfitting was controlled using light augmentation, Dropout, weight decay, and
class-weighted cross-entropy loss.
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Figure 3. Training convergence curves of SPIMA-Net over 20 epochs. (A) Classification loss; (B) span
auxiliary loss; (C) total loss; (D) F1-score.

3.2. Comparative Model and Ablation Analysis

To validate the effectiveness of the proposed SPIMA-Net and analyze the roles of image
information, span priors, and the prior-guided gating mechanism in final-state quality
classification, six models are compared: the image-only model, the span-only model, the
direct-fusion model, the SE-fusion model, the CBAM-fusion model, and SPIMA-Net. Their
overall performance on the test set is reported in Table 3.

Table 3. Overall performance comparison of different models on the test set.

Model Name Accuracy%  Precision%  Recall% F1% AUC
Image-only 92.57 87.32 84.93 86.11 0.9586
Span-only 96.28 88.89 98.63 93.51 0.9986
Direct-fusion 94.80 91.55 89.04 90.28 0.9903
SE-fusion 97.40 95.83 94.52 95.17 0.9965
CBAM-fusion 97.77 95.89 95.89 95.89 0.9978
SPIMA-Net 98.14 97.22 95.89 96.55 0.9983

In this study, nonconforming samples are treated as the positive class. Accordingly,
TP denotes the number of truly nonconforming samples correctly predicted as noncon-
forming, FN denotes the number of truly nonconforming samples incorrectly predicted
as conforming, FP denotes the number of truly conforming samples incorrectly predicted
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as nonconforming, and TN denotes the number of truly conforming samples correctly
predicted as conforming. The evaluation metrics are calculated as follows:

TP+ TN

Accuracy = TP+ TN - EP + EN (18)
.. TP
Precision = TP L EP (19)
TP
Recall = m (20)
Fl— 2 x Precision x Recall 1)

Precision + Recall

AUC is used to evaluate the overall discriminative ability of the model under different
decision thresholds.

As shown in Table 3, SPIMA-Net achieves the best accuracy, precision, and F1-score,
reaching 98.14%, 97.22%, and 96.55%, respectively, with an AUC of 0.9983. Compared with
the image-only model, the accuracy and F1-score of SPIMA-Net are approximately 5.57
and 10.44 percentage points higher, respectively, indicating that final-state images alone are
insufficient to fully identify quality abnormalities caused by span deviations. Compared
with the span-only model, SPIMA-Net improves accuracy, precision, and Fl-score by
approximately 1.86, 8.33, and 3.04 percentage points, respectively, suggesting that span
priors are important for identifying nonconforming samples, but geometric information
alone cannot fully capture local contour and morphological abnormalities. Compared with
the direct-fusion model, SPIMA-Net improves accuracy and F1-score by approximately 3.34
and 6.27 percentage points, respectively, demonstrating that the span-prior-guided gating
mechanism provides stronger fusion-based discriminative capability than simple feature
concatenation. Compared with SE-fusion and CBAM-fusion, SPIMA-Net further improves
accuracy by 0.74 and 0.37 percentage points and F1-score by 1.38 and 0.66 percentage points,
respectively. In particular, SPIMA-Net achieves the same recall as CBAM-fusion while
obtaining higher precision and fewer misclassifications, indicating a more balanced trade-
off between nonconforming-sample recognition and false-alarm control. This result also
indicates that simply adding image information to span information does not necessarily
improve the classification performance. Since span deviation is a strong discriminative cue
in this task, naive feature concatenation may introduce irrelevant visual variations, such as
local appearance changes, imaging noise, or background interference, thereby weakening
the dominant role of span prior information. This further supports the necessity of the
proposed span-prior-guided gating mechanism for adaptive multimodal fusion.

To further evaluate the stability of model performance under different data partitions,
repeated stratified random experiments were conducted. As shown in Table 4, SPIMA-Net
maintained stable performance across different random splits, indicating that the reported
results were not dependent on a single train-test partition.

Table 4. Repeated random experiment results under different data partitions.

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%) AUC ECE Brier Score
Image-only 94.55 +1.20 89.96 £ 2.04 89.95 + 2.76 89.95 +2.25 0.9767 £ 0.0132  0.0397 £ 0.0080  0.0421 + 0.0077
Span-only 97.65 £ 1.41 92.92 £ 4.95 99.09 £ 0.79 95.85 4+ 2.43 0.9991 4 0.0008  0.0462 £ 0.0068  0.0175 =+ 0.0068
Direct-fusion 96.78 £+ 0.86 92.16 +2.17 96.35 £+ 0.79 94.20 £+ 1.51 0.9952 4 0.0035  0.0239 £ 0.0067  0.0247 =+ 0.0090
SE-fusion 97.89 £ 0.86 96.42 £ 3.30 95.89 £ 1.37 96.13 £ 1.54 0.9972 £0.0021  0.0214 £ 0.0026  0.0181 % 0.0051
CBAM-fusion 97.40 + 1.34 94.30 £ 3.99 96.35 4+ 0.79 95.29 4+ 2.29 0.9960 £ 0.0021  0.0278 = 0.0108  0.0220 + 0.0114
SPIMA-Net 98.02 +£1.31 94.37 £3.16 98.63 £ 1.37 96.44 £+ 2.31 0.9989 £ 0.0006  0.0200 £+ 0.0114  0.0147 % 0.0090
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To further evaluate the statistical reliability of the observed performance differences, a
statistical significance analysis was conducted based on three repeated stratified random
experiments with different random seeds. The nonconforming-class F1-score and AUC
were used as evaluation metrics. SPIMA-Net was compared with each compared model,
and the mean difference, Bootstrap 95% confidence interval, paired t-test p-value, and
Wilcoxon signed-rank test p-value were calculated. The mean difference was defined as the
performance of SPIMA-Net minus that of the compared model.

As shown in Table 5, SPIMA-Net achieved positive mean differences over most
compared models. For the two fusion baselines, SPIMA-Net improved the nonconforming-
class Fl-score and AUC by 0.0032 and 0.0017 over SE-fusion, respectively. Compared
with CBAM-fusion, SPIMA-Net improved the nonconforming-class F1-score by 0.0116,
with a Bootstrap 95% confidence interval of [0.0075, 0.0139] and a paired ¢-test p-value of
0.0291. The AUC was improved by 0.0029, with a Bootstrap 95% confidence interval of
[0.0013, 0.0046]. These results provide additional statistical evidence for the performance
improvement of SPIMA-Net over the compared fusion baselines.

Table 5. Statistical significance analysis between SPIMA-Net and compared models.

Paired t-Test

Compared Model Metric Mean Difference  Bootstrap 95% CI Wilcoxon p-Value

p-Value

Image-only model F1-score 0.0650 [0.0515, 0.0821] 0.0187 0.2500
Span-only model F1-score 0.0059 [—0.0077, 0.0253] 0.6108 0.7500
Direct-fusion model Fl-score 0.0224 [0.0071, 0.0331] 0.1044 0.2500
SE-fusion model Fl-score 0.0032 [—0.0126, 0.0147] 0.7343 0.7500
CBAM-fusion model F1-score 0.0116 [0.0075, 0.0139] 0.0291 0.2500
Image-only model AUC 0.0221 [0.0073, 0.0303] 0.0962 0.2500
Span-only model AUC —0.0002 [—0.0013, 0.0009] 0.7697 0.7500
Direct-fusion model AUC 0.0037 [0.0007, 0.0064] 0.1580 0.2500
SE-fusion model AUC 0.0017 [—0.0002, 0.0028] 0.2171 0.5000
CBAM-fusion model AUC 0.0029 [0.0013, 0.0046] 0.0936 0.2500

To further analyze the misclassification characteristics of different models, confusion
matrices were constructed by treating nonconforming samples as the positive class. The
confusion matrix statistics of the six compared models are presented in Table 6 and Figure 4.

Table 6. Confusion matrix statistics of the six compared models.

Number

Model Name TP FN FP TN Number Predlcfed Predicted as T(.)tal len'lbe.r of
as Nonconforming Conf . Misclassifications
onforming
Image-only 62 11 9 187 71 198 20
Span-only 72 1 9 187 81 188 10
Direct-fusion 65 8 6 190 71 198 14
SE-fusion 69 4 3 193 72 197 7
CBAM-fusion 70 3 3 193 73 196 6
SPIMA-Net 70 3 2 194 72 197 5

As shown in Figure 4A, the image-only model produces 20 misclassifications, in-
cluding FN = 11 and FP =9, indicating that final-state images alone remain insufficient
for identifying some span-related abnormal samples. In Figure 4B, the span-only model
reduces the total number of misclassifications to 10, with FN = 1 and FP = 9. This suggests
that span priors are highly sensitive to nonconforming samples, but geometric information
alone tends to generate false alarms for boundary conforming samples. As shown in
Figure 4C, the direct-fusion model yields 14 misclassifications, including FN = 8 and FP = 6.
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Although it improves upon the image-only model, simple feature concatenation does not
fully exploit the complementarity between image information and span priors.

(A) (B) ©

Actual Actual Actual
Nonconforming 62 1 1 Nonconforming 72 1 Nonconforming 65 8

Actual 9

Actual 9
Conforming

Actual 6
Conforming

Conforming

Predicted Predicted Predicted Predicted Predicted Predicted
Nonconforming Conforming Nonconforming Conforming Nonconforming Conforming
(D) (E) (F)
Actual Actual Actual
Nonconforming 69 4 Nonconforming 70 3 Nonconforming 70 3

Actual 3

Actual 3
Conforming
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Conforming

Conforming

Predicted Predicted Predicted Predicted Predicted Predicted
Nonconforming Conforming Nonconforming Conforming Nonconforming Conforming

Figure 4. Confusion matrices of the six compared models: (A) Image-only; (B) Span-only;
(C) Direct-fusion; (D) SE-fusion; (E) CBAM-fusion; (F) SPIMA-Net.

After introducing attention-based fusion mechanisms, the classification balance is
further improved. As shown in Figure 4D, SE-fusion produces seven misclassifications,
with FN =4 and FP = 3. In Figure 4E, CBAM-fusion further reduces the total number of
misclassifications to six, with FN = 3 and FP = 3, showing competitive performance close to
SPIMA-Net. By comparison, Figure 4F shows that SPIMA-Net achieves the lowest number
of misclassifications, with FN = 3 and FP = 2. More specifically, SPIMA-Net maintains a
low missed-detection rate for nonconforming samples while further reducing false alarms
for conforming samples compared with CBAM-fusion. This indicates that the span-prior-
guided gating mechanism can more effectively use mechanical geometric information to
modulate visual features, thereby strengthening the discriminative capability of final-state
quality inspection for hairpin windings.

Taken together, Tables 3-6 and Figure 4 indicate that final-state images and span priors
are clearly complementary. On this basis, the introduction of the span-prior-guided gating
mechanism further improves overall performance, nonconforming-sample recognition, and
misclassification control, thereby validating the effectiveness of the SPIMA-Net architecture.

3.3. Stability Analysis Across Different Model Types

In this study, model-type labels such as 1-2-6, 2-3-6, and 6-6-7 denote internal product
identifiers for different stamped hairpin winding specifications on the production line. To
further evaluate the stability of the proposed method across different model types, the
F1-scores for the nonconforming class are calculated for six models on the test samples
from seven model types, as shown in Figure 5.

Overall, SPIMA-Net maintains high recognition performance for most model types,
with an overall test-set F1-score of 0.9655. Specifically, the F1-scores for the nonconforming
class reach 1.0000 for the 2-3-6, 4-5-6, 6-6-5, and 6-6-7 model types, while those for the 1-2-6
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and 3-4-6 model types are 0.9000 and 0.9787, respectively. The SE-fusion model achieves
identical F1-scores to SPIMA-Net on five model types but drops markedly on the 5-6-6
(0.7273) and 6-6-7 (0.9231) model types. The CBAM-fusion model reaches 1.0000 on the
1-2-6, 2-3-6, and 6-6-5 model types, and achieves 0.9231 on the 5-6-6 and 6-6-7 model types,
yet it exhibits lower F1l-scores on the 3-4-6 (0.9545) and 4-5-6 (0.8571) model types. These
results indicate that the attention-based fusion models generally improve model-type-
level stability, while SPIMA-Net achieves a more balanced performance across different
model types.

Image-only Span-only Direct-fusion
SE-fusion CBAM-fusion SPIMA-Net

1.0 4 " BEEEB

0.6

0.4

0.2 H

0.0

1-2-6 2-3-6 3-4-6 4-5-6 5-6-6 6-6-5 6-6-7

Figure 5. Comparison of nonconforming-class Fl-scores among the six models across different
model types.

For the 5-6-6 model type, SPIMA-Net achieves an F1-score of 0.8333, which is substan-
tially higher than that of the image-only model (0.4444), the direct-fusion model (0.7273),
and the SE-fusion model (0.7273), and close to that of the span-only model (0.8571). The
CBAM-fusion model achieves a higher F1-score of 0.9231 on this model type. This result
indicates that SPIMA-Net is not superior for every individual model type, but it maintains
a more balanced overall performance across different specifications. For samples with more
complex local morphological differences and closer geometric boundaries, image informa-
tion alone is more susceptible to interference from visually similar appearances, whereas
span priors can provide effective mechanical geometric constraints for quality classification.
Figure 5 shows that the span-prior-guided mechanism helps maintain classification stability
across different model types.

3.4. Risk Scoring and Interpretability Analysis

To further analyze the discriminative capability of model output probabilities, the
representational effectiveness of risk scores, and the basis for model decisions, the proposed
model and the compared baselines are evaluated from four aspects: ROC curves, risk-score
distributions, Grad-CAM visualization, and span-branch feature importance.
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Figure 6 presents the ROC curves of the six compared models on the test set. All
six models exhibit discriminative capability to different degrees. SPIMA-Net achieves an
AUC of 0.9983, indicating strong capability to distinguish conforming and nonconforming
samples. Although the span-only model obtains a slightly higher AUC of 0.9986, the
confusion matrix results reported above show that it produces more false positives under
the practical decision threshold. Compared with CBAM-fusion, SPIMA-Net achieves a
slightly higher AUC and fewer misclassifications. These results indicate that SPIMA-Net
maintains strong probability-level discrimination while achieving better misclassification
control under the practical decision threshold.
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Figure 6. Comparison of ROC curves among the six compared models.

Figure 7 shows the distributions of risk scores for the six compared models on the test
set, with 0.5 used as the risk decision threshold. As shown in Figure 7A, for the image-only
model, 187 out of 196 conforming samples fall into the low-risk region, and 62 out of
73 nonconforming samples fall into the high-risk region, although some overlap still exists.
Figure 7B shows that the span-only model assigns 72 nonconforming samples to the high-
risk region, but at the same time classifies nine conforming samples as high-risk, indicating
that although span information alone is highly sensitive to nonconforming samples, it still
tends to assign excessively high risk scores to some boundary samples. In Figure 7C, the
direct-fusion model shows an improved risk distribution compared with the image-only
model, with 190 conforming samples located in the low-risk region and 65 nonconforming
samples located in the high-risk region, but the two classes are still not fully separated. The
attention-based fusion variants also exhibit a more compact and better separated risk-score
distribution. As shown in Figure 7D, SE-fusion assigns 69 nonconforming samples to the
high-risk region while keeping 193 conforming samples in the low-risk region. Similarly,
Figure 7E shows that CBAM-fusion assigns 70 nonconforming samples to the high-risk
region and retains 193 conforming samples in the low-risk region. These results indicate
that SE-fusion and CBAM-fusion improve the risk separation between conforming and
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nonconforming samples, although a small number of boundary samples still remain near or
across the decision threshold. By comparison, the distribution of SPIMA-Net in Figure 7F
is slightly more concentrated, with 194 conforming samples located in the low-risk region
and 70 nonconforming samples located in the high-risk region, with only a few samples
crossing the threshold. This indicates that the span-prior-guided gating mechanism can
further improve the discrimination capability and stability of risk scoring.
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Figure 7. Risk-score distributions of the six compared models: (A) Image-only; (B) Span-only;
(C) Direct-fusion; (D) SE-fusion; (E) CBAM-fusion; (F) SPIMA-Net.

Based on the risk-score distributions of the compared models shown in Figure 7,
SPIMA-Net exhibits clear risk discrimination between conforming and nonconforming
samples. On this basis, the calibration behavior of its predicted risk scores was further
evaluated using the ECE and Brier score results in Table 4 together with the reliability
diagram in Figure 8. As reported in Table 4, SPIMA-Net achieved the lowest ECE of
0.0200 £ 0.0114 and the lowest Brier score of 0.0147 £ 0.0090 among the compared models,
indicating favorable calibration performance. Figure 8 further shows a clear calibration
tendency of SPIMA-Net, particularly in the low-risk and high-risk regions. The local
fluctuations in the observed nonconforming rate within the middle-probability intervals
may be influenced by the uneven sample distribution across these bins. Therefore, the
predicted risk score of SPIMA-Net can provide useful relative risk information for final-
state quality inspection, while it should not be interpreted as a fully calibrated absolute
probability under all deployment conditions.

Figure 9 presents representative Grad-CAM visualization results of SPIMA-Net. Specif-
ically, Figures 9A and 9B show the Grad-CAM results of a nonconforming and a conforming
sample of model type 3-4-6, respectively. Figures 9C and 9D show the Grad-CAM results
of a nonconforming and a conforming sample of model type 6-6-5, respectively. Figure 9E
shows the Grad-CAM result of a conforming sample of model type 6-6-5, and Figure 9F
further provides the comparison between this sample and the terminal span-based quality
assessment ROL. Warmer colors indicate stronger Grad-CAM responses, whereas cooler
colors indicate weaker responses. Background color differences outside the activated re-
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gions are used only for visual distinction and are not involved in the evaluation. The red
dashed boxes indicate the predefined ROI regions related to terminal span-based quality
assessment. It can be observed that the high-response regions of SPIMA-Net are mainly
concentrated around the span opening and the terminal pins on both sides, rather than
being distributed over irrelevant background regions. This result indicates that, when
distinguishing between conforming and nonconforming samples, the model can effec-
tively focus on local morphological features associated with final-state span quality. The
highlighted regions are therefore consistent with the key geometric regions considered in
final-state quality inspection of hairpin windings, further supporting the interpretability of
the proposed method.

oosvANe | n=1 n=ln=2  n=65

1.0 4 n=Number of samples

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

Observed nonconforming rate
)

0.0 0.2 0.4 0.6 0.8 1.0

Mean predicted nonconforming probability
Figure 8. Reliability diagram of SPIMA-Net.

Based on the Grad-CAM visualization results in Figure 9, an ROI-based activation
analysis was performed to quantify the image-side interpretability of SPIMA-Net. The
terminal-span quality-assessment regions were defined as ROIs. The ROI activation ratio
was calculated as the Grad-CAM activation sum within the ROI divided by the total Grad-
CAM activation sum of the whole image, and the ROI enrichment factor was calculated as
the ROI activation ratio divided by the ROI area ratio. Therefore, the ROI activation ratio
reflects the proportion of model response located in the ROI, while the ROI enrichment
factor reflects whether the response is concentrated in the ROI relative to its area.

As shown in Table 7, the representative nonconforming samples show substantially
higher ROI activation ratios and ROI enrichment factors than the conforming samples.
Based on the sample results in Table 7, the mean ROI activation ratio was 0.3550 for non-
conforming samples and 0.0033 for conforming samples, while the mean ROI enrichment
factor was 3.0091 for nonconforming samples and 0.0279 for conforming samples. These
results quantitatively indicate that SPIMA-Net assigns stronger Grad-CAM responses to
terminal-span-related ROI regions when identifying nonconforming final states.

The feature-group importance results of the span branch are presented in Table 8
and Figure 10. To provide a unified evaluation of the contribution of different span prior
variables to model discrimination, a permutation-based feature-group importance analysis
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was conducted on the test set. Specifically, each span prior feature group was permuted,
and the decreases in Fl-score and AUC before and after perturbation were calculated. The
mean F1 decrease and mean AUC decrease were then combined to obtain the Overall
Importance Score. Since these span prior variables jointly describe the geometric deviation
between the measured final span and the theoretical target, their importance scores are
analyzed as feature-group-level sensitivity rather than as isolated single-variable effects.
This treatment is consistent with the purpose of the analysis, which is to identify which
type of span-related information has a greater influence on the classification performance
of SPIMA-Net.

(

Figure 9. Grad-CAM visualization and terminal ROI comparison of SPIMA-Net: (A) nonconforming
sample of model type 3-4-6; (B) conforming sample of model type 3-4-6; (C) nonconforming sample
of model type 6-6-5; (D) conforming sample of model type 6-6-5; (E) Grad-CAM visualization of a
conforming sample of model type 6-6-5; (F) terminal ROI comparison of the sample in (E).
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Table 7. Quantitative Grad-CAM ROI activation analysis of SPIMA-Net.

Hairpin Type Sample Type Distance ROI Activation Ratio = ROI Enrichment Factor
6-6-5 Nonconforming 57.34 0.3551 3.0095
6-6-5 Nonconforming 57.34 0.3551 3.0095
3-4-6 Nonconforming 65.23 0.3550 3.0086
3-4-6 Nonconforming 65.32 0.3550 3.0086
6-6-5 Conforming 58.96 0.0033 0.0279
6-6-5 Conforming 58.99 0.0033 0.0279
3-4-6 Conforming 63.93 0.0033 0.0279
3-4-6 Conforming 64.41 0.0033 0.0279

Table 8. Ranking of feature importance in the span branch of SPIMA-Net.

Rank Feature Name Mean F1 Decrease Mean AUC Overall Importance Score
Decrease
1 Relative Span Deviation 0.157395 0.020816 0.178211
2 Absolute Span Deviation 0.141929 0.015667 0.157596
3 Model-Type Information 0.018320 0.002411 0.020732
4 Measured Final Span 0.000840 0.000198 0.001038
5 Theoretical Span —0.001337 0.000262 0.000262
0.175

0.150

0.125

0. 100

0. 075

Overall Importance Score

0. 050

0. 025

0. 000
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Absolute
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I I
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Figure 10. Feature importance of the span branch in SPIMA-Net.

As shown in Table 8 and Figure 10, relative span deviation and absolute span de-

viation achieve the highest Overall Importance Scores, reaching 0.1782 and 0.1576, re-

spectively, which are substantially higher than those of the other features. This indicates

that span-deviation-related information is the main mechanical geometric factor affecting

nonconforming classification. The Overall Importance Score of model-type information
is 0.0207, suggesting that differences in geometric boundaries among model types also
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influence model decisions. By contrast, the importance scores of the measured final span
and theoretical span are relatively low, indicating that the model pays more attention to
the deviation of the measured dimension from the theoretical target than to a single raw
dimensional value.

Taken together, the above results show that the advantage of SPIMA-Net does not
simply arise from the addition of input information but from the effective guidance of
visual features by span priors. The proposed method achieves a balanced performance
in classification accuracy, risk discrimination capability, and engineering interpretability,
demonstrating its effectiveness for final-state quality inspection of hairpin windings.

4. Discussion

Existing studies on industrial visual inspection and multimodal fusion have shown
that image representation and multisource information integration can improve complex
quality inspection performance. However, for final-state quality inspection of hairpin
windings with explicit geometric decision criteria, relying only on visual information or
using conventional feature concatenation remains insufficient to capture the relationships
among final-state morphology, span deviation, and quality status. The results of this study
indicate that using span geometric priors as guiding signals for visual feature modulation
is more effective for this type of mechanically formed quality inspection task.

This finding verifies the core hypothesis of this study, namely that span prior guidance
can enhance the consistency between visual representation and quality classification. Span
information provides evidence of key dimensional deviations, while final-state images
supplement discriminative cues such as end profiles, opening regions, and local abnormal
morphologies. The advantage of SPIMA-Net does not arise from simple stacking of input
modalities. Instead, it relies on a collaborative decision mechanism. In this mechanism,
geometric priors guide the decision direction, while visual features provide local evidence.
In addition, Grad-CAM visualization and span feature importance analysis show that the
model’s attention regions and major decision factors are consistent with engineering inspec-
tion knowledge. This indicates that the proposed method not only improves inspection
performance but also enhances the interpretability of the decision process. The proposed
idea may provide a useful reference for other mechanically formed quality inspection
tasks with explicit dimensional constraints, and its applicability can be further extended by
incorporating richer three-dimensional geometric features.

In this study, the classification performance and interpretability of SPIMA-Net were
evaluated using an industrial dataset covering seven hairpin winding model types with
different geometric characteristics. All samples were collected from the same manufacturing
environment, production line, production batch, and fixed imaging setup. Variations
in independent production batches, different production lines, illumination conditions,
camera positions, and backgrounds may lead to distribution shifts in both image features
and span prior features, thereby affecting model performance, risk-score reliability, and
deployment adaptability. Therefore, model evaluation under cross-batch, cross-line, and
cross-imaging conditions will be an important direction of future work to further improve
the robustness and industrial applicability of the proposed method.

5. Conclusions

This study proposes a span-prior-guided explainable multimodal neural network
method and develops SPIMA-Net as its core model. The proposed method combines
final-state images with span-related geometric priors and employs a span-prior-guided
gating mechanism to modulate visual features, thereby achieving collaborative fusion
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between image representations and mechanical geometric information for final-state quality
inspection and risk scoring of three-dimensional stamped hairpin windings.

Experimental results show that SPIMA-Net achieves an accuracy of 98.14%, a pre-
cision of 97.22%, a recall of 95.89%, an F1-score of 96.55%, and an AUC of 0.9983 on the
test set. Compared with the image-only, span-only, direct-fusion, SE-fusion, and CBAM-
fusion models, the F1-score for the nonconforming class is improved by 10.44, 3.04, 6.27,
1.38, and 0.66 percentage points, respectively, while the total number of misclassifications
decreases to five. Although CBAM-fusion shows competitive performance close to SPIMA-
Net in some evaluations, SPIMA-Net achieves more balanced overall performance in
terms of classification accuracy, nonconforming-sample recognition, and misclassification
control. Further analysis shows that SPIMA-Net maintains stable classification perfor-
mance across different model types, with an overall test-set F1-score of 0.9655. Risk-score
distributions, reliability analysis, Grad-CAM visualization, and span-feature importance
analysis further verify the effectiveness of the proposed method in risk representation and
engineering interpretability.

Although SPIMA-Net achieved high classification performance and interpretable
decision evidence on the investigated industrial dataset covering seven hairpin winding
model types, further model evaluation under independent production batches, different
production lines, and different imaging conditions will be investigated in future work. For
production deployment, an input-checking module can be introduced before SPIMA-Net
inference to identify missing model-type information, abnormal span measurements, or
corrupted images. When model-type or span-related information is unavailable, the sys-
tem can switch to an image-only backup inference mode and flag the sample for manual
review; when the image input is corrupted, image reacquisition should be triggered before
quality judgment. Future work will combine three-dimensional geometric enhancement,
multimodal representation learning, and cross-scenario adaptation mechanisms to fur-
ther improve the robustness, extensibility, and long-term deployment potential of the
proposed framework.
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