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ABSTRACT: Long-term guided-wave structural health monitoring accumulates large volumes of sensing data, but
dense damage labels are rarely available in field deployment. Unsupervised reconstruction-based detection methods,
which identify damage through reconstruction discrepancy, are therefore appealing for their ability to learn directly
from unlabeled data. However, environmental and operational variations and mixed adjacent-stage samples in tran-
sition windows both degrade unsupervised detection performance. Regularization offers a principled way to improve
the robustness of unsupervised detection against such confounding variations, but its effect on fine-grained, transition-
level detection has not been systematically studied. This paper presents a controlled empirical study to evaluate
various regularization methods for unsupervised transition-level damage detection under uncontrolled environmental
conditions. Using the public Scientific Data benchmark, four regularization configurations, namely unregularized,
dropout, weight decay, and sparsity, are compared under an identical architecture and training protocol. Detection
performance is evaluated at adjacent stage transitions, which reflect the practical question of whether a new structural
state differs from the immediately preceding one. Pearson correlation coefficient (PCC) trajectories and area under the
receiver operating characteristic curve (AUROC) serve as the primary metrics, and a transition is counted as detected
only when both AUROC > 0.85 and average PCC gap between two states >0.010 are satisfied. Under this criterion, the
unregularized autoencoder detects 2 of 12 adjacent transitions, while dropout, weight decay, and sparsity detect 5, 6,
and 7 transitions, respectively, with best mean AUROC values of 0.9071, 0.9249, and 0.9288. Analysis of representative
difficult cases reveals two distinct failure regimes: weak structural contrast between adjacent stages and environment-
dominated signal masking. These results demonstrate that regularization alone, without architectural modification, can
materially increase transition-level detection coverage in long-term uncontrolled guided-wave monitoring.

KEYWORDS: Guided-wave structural health monitoring; unsupervised damage detection; autoencoder regulariza-
tion; uncontrolled environment; adjacent stage-transition detection; reconstruction correlation

1 Introduction

Structural health monitoring (SHM) is essential for ensuring the safety and reliability of critical
infrastructure and mechanical systems such as bridges, pipelines, turbines, and composite panels. In many
of these applications, structural damage develops gradually or is embedded within complex materials
and boundary conditions, making periodic human inspection alone insufficient for timely detection [1].
Data-driven approaches have therefore become increasingly important in modern SHM practice. These
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approaches collect large volumes of sensing data over extended periods and detect structural damage through
systematic computational analysis rather than manual assessment. Among the available sensing modalities,
guided-wave monitoring is particularly suitable for this purpose because it enables long-range inspection
with high sensitivity to local structural changes [2]. These properties have made guided waves one of the
most widely studied modalities in SHM [3-5].

To effectively detect structural damage from guided-wave data, a variety of signal processing techniques
have been developed. Conventional approaches include baseline subtraction [6], damage index computa-
tion [7], which compare current measurements against a stored reference to identify deviations indicative of
structural change. To improve robustness against environmental variation, temperature compensation [8],
scale-transform correction [9], dynamic time warping alignment [10], and singular-value-decomposition
stabilization [11] have also been proposed. However, these methods generally depend on handcrafted
processing rules and explicit reference baselines, limiting their adaptability to complex and nonstationary
monitoring environments.

Learning-based methods offer a more flexible alternative by extracting damage-sensitive features
directly from data. Supervised deep-learning approaches have achieved strong detection accuracy when
sufficient labeled data are available [12,13]. In long-term monitoring, however, damage labels are scarce,
expensive to obtain, and frequently unavailable for rare or gradually evolving fault states, making fully
supervised learning impractical for most field deployments. Semi-supervised strategies relax the labeling
requirement by training on data assumed to represent only the reference structural condition [14], but
this assumption is difficult to guarantee in practice: uncontaminated baselines are hard to maintain in
uncontrolled environments, and the definition of reference operation may drift over time. These limita-
tions motivate unsupervised learning, which operates without damage annotations and is therefore more
compatible with realistic long-term monitoring workflows.

Among unsupervised approaches, reconstruction-based methods using autoencoders have become a
widely adopted framework for identifying structural-state deviations from unlabeled monitoring data [15,16].
In the conventional binary reference/deviation interpretation, an autoencoder trained on reference data
learns dominant baseline patterns and reconstructs less represented deviation patterns with lower fidelity. In
the present study, we adapt this reconstruction principle to adjacent damage-stage transition detection: the
relevant contrast is not a binary reference-vs.-deviation decision, but the reconstruction difference between
a preceding structural stage and its immediately subsequent, more severe stage.

Despite this conceptual simplicity, reconstruction-based unsupervised detection faces two practical
challenges in long-term guided-wave monitoring. First, if the model capacity is excessive, the autoencoder
can learn to faithfully reconstruct waveform patterns from both adjacent stages, reducing stage-transition
contrast and thereby degrading detection performance. Second, environmental and operational conditions
(EOCs), including temperature, humidity, precipitation, sensor drift, and installation shifts, introduce
substantial variability into the reference-stage measurements [17]. This variability degrades reconstruction
consistency and can produce reconstruction changes comparable to those caused by structural-stage
progression, making adjacent-stage differences difficult to distinguish from environmental disturbances.

Regularization provides a principled means to address both challenges. Previous studies have
demonstrated that regularization and training protocol strongly affect the performance of unsupervised
autoencoders in long-term guided-wave monitoring [18-20]. By constraining model capacity or activation
behavior during training, regularization intentionally limits what the autoencoder can learn, reducing the
risk that it reconstructs all adjacent-stage waveform variations equally well while improving robustness to
environmental noise. Common strategies include dropout, which randomly deactivates hidden units during
training to prevent co-adaptation; weight decay, which penalizes large parameter values to encourage simpler
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learned representations; and sparsity constraints, which enforce compact latent activations to concentrate
the model on the most informative signal components.

Although the effectiveness of regularization has been recognized in individual studies, a comprehensive
empirical investigation that systematically compares different regularization strategies under one fixed
pipeline remains lacking. In particular, no existing work evaluates regularization in terms of adjacent
stage-transition detection, where the goal is to determine whether a newly observed structural state can
be distinguished from the immediately previous stage. This type of detection directly corresponds to the
gradual damage progression encountered in practical maintenance scenarios and is more demanding than
the commonly used pooled comparison between extreme healthy and severe-damage endpoints. Moreover,
the effect of regularization under uncontrolled environmental and operational conditions, where EOC
effects are realistic and unmitigated, remains insufficiently studied despite its direct relevance to field
deployment. Importantly, the problem studied here is not conventional healthy-vs.-damaged detection, but
reconstruction-based adjacent damage-stage transition detection. The goal is to determine whether a newly
emerged structural state can be distinguished from its immediately preceding state through reconstruction
behavior under a local, unlabeled transition window.

To address these gaps, this paper presents a controlled empirical study of regularization for unsupervised
damage detection in long-term guided-wave monitoring under uncontrolled environments. This work does
not aim to introduce a new autoencoder architecture or a new regularization formula. Instead, it addresses a
deployment-oriented methodological question that remains underexplored in long-term guided-wave SHM:
how standard regularization choices affect unsupervised adjacent damage-stage transition detection under
uncontrolled environmental and operational variability. The reconstruction pipeline is held fixed and only
the regularization mechanism is varied, so that performance differences can be attributed to regularization
rather than architecture changes. Three regularization schemes, dropout, weight decay, and sparsity, are
compared against a vanilla autoencoder benchmark under identical preprocessing and training settings.
Using the Pearson correlation coeflicient (PCC) and area under the receiver operating characteristic curve
(AUROC) as detection indicators, under a fixed standard, we evaluate each regularization scheme by its
ability to detect adjacent damage-stage transitions, with particular attention to whether subtle progression
between early and mild damage states can be captured. In addition to successful detection examples, difficult
cases are explicitly analyzed to reflect deployment realism.

The contributions of this paper are summarized as follows:

1. A controlled comparison of dropout, weight decay, and sparsity is conducted under a fixed autoen-
coder pipeline, allowing the effect of regularization to be examined without introducing confounding
architectural changes.

2. An adjacent damage-stage transition detection protocol is used to evaluate whether a newly emerged,
more severe structural state can be distinguished from its immediately preceding state using local
transition windows.

3. Practical detection behavior is analyzed through pair coverage, threshold sensitivity, hyperparameter
sensitivity, path-wise behavior, and representative failure regimes, providing deployment-oriented
guidance for regularized reconstruction-based monitoring under uncontrolled environments.

2 Related Work

2.1 Methods for Guided-Wave Damage Detection under Environmental Variability

A central challenge in guided-wave structural health monitoring is that environmental and operational
variations can alter signal characteristics as significantly as actual structural damage [1]. In long-term field
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deployment, temperature fluctuation, humidity change, precipitation, sensor drift, and installation shift all
contribute to waveform distortion, making it difficult to attribute observed signal changes to structural causes
alone [17]. Recent Bayesian studies further show that guided-wave interpretation can be affected by sensor
attachment uncertainty and by temperature-dependent uncertainty in Lamb-wave model calibration [21,22].
Two broad categories of methods have been developed to address this challenge: signal-level environmental
compensation and data-driven unsupervised detection.

Signal-level compensation methods aim to remove or reduce environmental effects before dam-
age assessment. Early work established temperature compensation strategies for guided-wave SHM [8].
Scale-transform correction subsequently provided a principled approach to ultrasonic temperature com-
pensation [9], while dynamic time warping was applied to align thermally distorted signals [10]. Robust
singular-value-decomposition stabilization further improved detection under complex environmental con-
ditions [I1]. These methods improve signal stability under controlled or slowly varying conditions, but
they rely on explicit compensation logic tailored to specific disturbance types and do not directly address
how an unsupervised model should be configured for long-term monitoring under broad and uncontrolled
variability.

Data-driven methods offer a complementary approach by learning signal structure directly from data
without requiring explicit disturbance models. Early data-driven work in guided-wave SHM adopted princi-
pal component analysis (PCA) and its variants for unsupervised feature extraction and anomaly detection. As
modeling demands grew, deep learning methods further expanded the capacity for nonlinear representation
learning in SHM. Deep-learning-enhanced PCA bridged classical low-dimensional modeling with learned
representations for structural damage assessment [23]. GAN-based anomaly modeling demonstrated the
value of generative representation learning in label-scarce monitoring settings [16]. Robust state-space
learning showed that unsupervised detection under mixed or contaminated data requires models with
explicit robustness mechanisms [24]. Related guided-wave studies investigated sparse representations under
varying environmental and operational conditions [25], unsupervised feature learning for delamination-
sensitive representations [26], unsupervised damage localization [27], and detection performance under
environmental and temperature variation [17]. Among these methods, autoencoder-based reconstruction
has become a widely adopted unsupervised approach for damage-sensitive monitoring, owing to its sim-
ple training procedure and direct reconstruction-quality scoring [12,15]. It has been shown that stacked
autoencoders can extract damage-sensitive features effectively from monitored structures [28]. Convolu-
tional autoencoders have also been applied to detect damage directly from raw vibration signals without
manual feature engineering [29]. Variational autoencoders further enable baseline-free structural damage
identification by learning latent representations of structural responses [30].

Building on those autoencoder-based detection methods, recent studies have shown that regulariza-
tion strategy, training reference selection, and training protocol strongly affect unsupervised detection
performance and can be more influential than architectural modifications [18,19]. Weight-decay-oriented
autoencoder benchmarking further confirmed that explicit regularization design is necessary for stable
guided-wave monitoring and provided comparative evidence for one specific regularization type [20].
However, these studies each focused on a particular aspect of autoencoder configuration rather than
systematically comparing multiple regularization mechanisms under one fixed pipeline.

Motivated by these findings, this paper presents a systematic empirical study of regularization for
unsupervised autoencoder-based damage detection in long-term guided-wave monitoring. Unlike previous
studies that focused on a particular aspect of autoencoder configuration [18-20], this work conducts a
controlled comparison across multiple regularization mechanisms under one fixed pipeline, uses adjacent
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stage-transition detection as the primary evaluation target, and provides explicit interpretation of repre-
sentative failure modes. The contribution is therefore a deployment-oriented evaluation and interpretation
protocol for regularization choices in long-term uncontrolled guided-wave monitoring.

2.2 Benchmark Datasets for Guided-Wave SHM

The availability of public benchmark datasets has been essential for advancing reproducible evaluation
in guided-wave SHM. Open Guided Waves established a public platform for reproducible ultrasonic guided-
wave comparison [2]. Subsequent datasets extended benchmark coverage to more complex composite
configurations [3] and to full wavefield measurements across bonded and debonded states [4]. Most relevant
to the present study, the long-term guided-wave monitoring dataset built by Kang et al. [5] captures guided-
wave signals under uncontrolled and dynamic environmental conditions. This dataset covers an aluminum
plate monitored by a pitch-catch piezoelectric transducer network over a period spanning from April
2021 to October 2022. The structural condition progresses through 13 stages: one healthy baseline and 12
levels of increasing damage, ranging from a small attached mass to progressively larger dents and through-
holes with accompanying dent damage. Each stage transition represents a gradual and controlled change
in structural condition, and the monitoring duration within each stage spans weeks to months under
natural outdoor weather. The dataset also provides timestamped environmental metadata (temperature,
humidity, brightness, air pressure, and weather tags) alongside guided-wave measurements and damage-
stage labels. These characteristics make this dataset particularly suitable for the present empirical study: the
13-stage progression provides sufficient granularity to evaluate adjacent-transition detection rather than only
extreme-state separation, the long monitoring duration exposes the full range of seasonal and weather-driven
variability, and the gradual damage evolution closely resembles the incremental deterioration encountered
in real structural aging. Because it captures both the complexity of outdoor environmental conditions and a
fine-grained structural progression, this dataset serves as the experimental foundation for the present study.

3 Methods

In this work, we investigate how regularization improves unsupervised adjacent stage-transition detec-
tion for long-term guided-wave monitoring under uncontrolled conditions, a task that directly reflects
practical maintenance decisions where structural damage progresses gradually. In this section, we detail the
dataset and signal preparation (Section 3.1), the reconstruction-based detection framework (Section 3.2), the
regularization strategies (Section 3.3), and the evaluation protocol (Section 3.4).

The task studied here is ordered adjacent damage-stage transition detection rather than conventional
binary healthy-vs.-damaged detection. For each adjacent transition, we construct a five-day transition win-
dow consisting of 4.5 days of measurements from the preceding structural state and 0.5 days of measurements
from the subsequent, more severe structural state, as summarized in Table 1. The autoencoder is trained in an
unsupervised reconstruction manner using the unlabeled samples in this transition window. Damage-stage
labels are not used in the reconstruction loss, model optimization, classifier learning, or threshold tuning.
They are used only after training to compute transition-level evaluation metrics, including AUROC, the
average PCC gap between the preceding and subsequent stages, and detected-pair coverage.

This setting differs from conventional binary healthy-vs.-damaged detection. The objective is not merely
to determine whether damage exists, but to evaluate whether a newly emerged, more severe damage state
can be distinguished from the immediately preceding state through reconstruction behavior. This problem
definition is central to the present study: the subsequent-stage samples are not treated as globally abnormal
samples, but as locally underrepresented, newly emerged structural responses relative to the immediately
preceding stage. Because the transition window contains substantially more samples from the preceding
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state than from the subsequent state, the empirical training distribution is dominated by the preceding
structural condition. Regularization is therefore expected to preserve reconstruction contrast by preventing
the autoencoder from fitting all stage-specific waveform variations equally well.

Table 1: Transition-window protocol used for adjacent stage-transition detection. Approximate sample counts are
based on the released public dataset, which keeps one measurement approximately every 176 s after 20-fold downsam-
pling. Each retained measurement contains one signal for path 6-1, corresponding to approximately 491 single-path
samples per day.

Approx. Path-6-1

Window Component Duration Role
Samples
Precedi f
receding/reference 4.5 days ~2209 Dominant/reference state
stage
Subsequent/newly 0.5 day 245 More severe newly
emerged stage emerged state
Unsupervised
t d
Total transition window 5.0 days ~2454 autoencoder
training/evaluation
window

3.1 Dataset and Signal Preparation

The dataset used in this study is the public long-term guided-wave monitoring dataset published
by Kang et al. [5], which was collected under uncontrolled and dynamic environmental conditions. The
monitored structure is an aluminum plate (53 cm x 53 cm x 3 mm) equipped with a pitch-catch piezoelectric
transducer (PZT) network. The PZT network consists of six sensors: sensors 1 through 4 serve as receivers,
while sensors 5 and 6 serve as transmitters, yielding eight guided-wave paths: 5-1, 5-2, 5-3, 5-4, 6-1, 6-2, 6-3,
and 6-4. All main experiments are conducted on path 6-1 as a relatively stable single-path benchmark. The
dataset validation shows that long-term sensor drift is path-dependent and that path 6-1 exhibits milder
drift than several other representative paths [5]. We therefore use path 6-1 as a conservative single-channel
setting to reduce confounding from severe path-dependent sensor degradation and to more clearly isolate
the effect of regularization on adjacent stage-transition detection. This choice does not imply that path 6-1is
universally optimal; rather, it defines the controlled single-path setting used before expanded path-level and
multi-channel analyses. The path-selection rationale is summarized in Fig. 1.

The transmitted signal is a 1 ms linear chirp excitation spanning 5 to 350 kHz, sampled at 1 MHz, with
measurements recorded every 8.6 s. The public benchmark release applies 20-fold temporal downsampling
(approximately one retained measurement every 176 s) and trims each guided-wave signal to the first 2000
samples. We use this released format directly. Monthly data files (neasurements_YYYY MM.pickle)
store a guided-wave tensor of dimension N x 8 x 2000, where N is the number of measurements in that
month. Each record also includes environmental metadata: timestamp, temperature, humidity, brightness,
air pressure, damage tag, and weather tag.

In the released dataset, damage tag 0 corresponds to the healthy condition and tags 1 through 12
correspond to progressively damaged conditions [5]. For adjacent-transition analysis, we re-index these into
a 13-stage sequence Dy, D,, ..., D3, where D; corresponds to damage tag 0 (the healthiest baseline) and Dy
corresponds to damage tag k —1 for k = 2,...,13. Weather tag 0 denotes fair weather, while tags 1 through
5 correspond to precipitation-related categories. The stage labels are used only for post-training evaluation
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of adjacent transitions and are not provided to the autoencoder during reconstruction training. All model
training, evaluation, and representative plots in this paper are based on path 6-1.

1. Sensor layout and available paths 2. Path-dependent sensor drift 3. Benchmark choice in this study

4 N

Long-term stability
r 53

4 High drift High stability
A — —
-7 (42,44)
51 +O&—
o ’/:‘. 3

e (39, 34)

Stable single-path
benchmark

Less confounded by
severe path-dependent

© @

52 —@®——/

drift
2
(43,19) ‘ 6-1 @ Best
1 Helps isolate the effect of
(38,9) 6-2 —e— regularization

53

Dataset validation indicates Main experiments use

8 oitch-catch paths @ path-dependent sensor drift; path 6-1.
pitch-catch paths from 4 "
N A path 6-1 is relatively g J
transmitters 5/6 to receivers 1-4 more stable.

® ®

Figure 1: Schematic rationale for using path 6-1 as the main single-path benchmark. The public dataset contains eight
pitch-catch paths from transmitters 5/6 to receivers 1-4. Because the dataset validation reports path-dependent sensor
drift, the main experiments use the relatively stable path 6-1 to reduce severe path-dependent confounding and isolate
the effect of regularization.

3.2 Autoencoder-Based Reconstruction Detection

We adopt an autoencoder (AE) as the reconstruction backbone for unsupervised adjacent-stage transi-
tion detection. The approach relies on a reconstruction consistency assumption within each local transition
window: because the window contains many more measurements from the preceding stage than from the
subsequent stage, the autoencoder is expected to reconstruct dominant preceding-stage waveform patterns
more faithfully than newly emerged subsequent-stage components. This assumption is naturally suited to
adjacent-transition detection, where the objective is to preserve reconstruction contrast between two ordered
structural stages rather than to assign binary condition labels.

Let x; € RM denote a guided-wave signal with M samples. The autoencoder maps each input through
an encoder fy and a decoder g¢:

i= f@(xi): X = g¢(zi), ey

where z; is the latent representation and X; is the reconstructed signal. The training objective minimizes the
mean squared reconstruction error:

N
rec = Z sz - xi
i=1

(2)

The model is trained without access to stage labels and produces an unsupervised reconstruction-
discrepancy score for each sample based on reconstruction quality.
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To quantify reconstruction quality, we use the Pearson correlation coefficient (PCC) between the
original and reconstructed signals:

(3)

Alower PCC indicates poorer reconstruction fidelity and stronger deviation from the learned dominant
transition-window patterns, so the reconstruction-discrepancy score is defined as s; = 1 - PCC;. To assess
whether two adjacent stages are separable, we compute the stage-wise average PCC values and their gap:

1

- 1 _
fek=— Z PCC;, Tkt = Z PCC;, (4)
k ieDy k+1 jeDyyy
k - _
A =[x = Freal (5)

The PCC gap captures whether the average reconstruction behavior shifts meaningfully between
adjacent stages. In addition, sample-level separability is quantified by the area under the receiver operating
characteristic curve (AUROC), which measures how well the reconstruction-discrepancy scores separate the
two stages.

A transition pair Dy — Dy, is classified as detected only when both conditions are satisfied under the
same model output:

AUROC™® »0.85, Al >0.010. (6)

The AUROC threshold ensures sufficient sample-level discrimination, while the PCC-gap threshold
ensures a meaningful shift in stage-level reconstruction quality. No pair-specific threshold tuning is applied;
this criterion is uniform across all transitions and all models. Full transition-wise AUROC and PCC-gap
results are provided in Supplementary Table S1, confirming that the detected-pair coverage is derived from
continuous pair-level metrics rather than from a binary-only summary.

In this work, the autoencoder uses a fixed architecture and training configuration across all experiments
to ensure a fair comparison. The network and optimization details are summarized in Table 2. For visual
consistency, all representative PCC trajectory plots in Figs. 2—4 are drawn from epoch-60 model outputs.

Table 2: Autoencoder network architecture and training configuration.

Parameter Setting
Input dimension M =2000
Encoder hidden layers 2000 — 1024 — 256 — 64
Decoder hidden layers 64 — 256 — 1024 — 2000
Latent dimension 64
Batch size 256
Learning rate 5x107*
Maximum epochs 71

Evaluation epoch 60
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Figure 2: Representative moderate-contrast transitions: the vanilla AE is already weakly informative, while regularized
variants produce more evident and more stable separation. Left, D4, — Ds; right, D; — Ds.
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Figure 3: Representative baseline-ineffective transitions recovered by regularization: the vanilla AE alone does not
provide sufficient discrimination, whereas regularized variants achieve clear separation. Left, D¢ — D7; right, Dy — D).
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Figure 4: Representative difficult transitions. Left, weak-contrast case D, — Ds; right, environment-dominated case
Dyy — Dy;. These cases are important for deployment realism and failure analysis.
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3.3 Regularization Strategies

In reconstruction-based adjacent-transition detection, the core mechanism is that samples departing
from the learned dominant waveform patterns exhibit poorer reconstruction quality. To produce useful
adjacent-transition contrast, the autoencoder must reconstruct signals from the preceding stage more
faithfully than signals from the subsequent stage. However, an unrestricted autoencoder with sufficient
capacity can learn to reconstruct both preceding-stage patterns and newly emerged or environmentally
distorted subsequent-stage patterns with comparable fidelity [18]. When the model reconstructs both stages
equally well, reconstruction discrepancy becomes uniformly low and stage-transition contrast vanishes.

Regularization addresses this problem by constraining the effective capacity of the model. In the present
setting, regularization is not used merely to improve reconstruction quality for all samples. A useful recon-
struction model should preserve contrast between dominant preceding-stage waveform patterns and newly
emerged, less represented stage-specific deviations. A capacity-restricted autoencoder is therefore forced to
allocate its limited representational resources to the most dominant and recurring patterns in the transition
window. Signals that deviate from these dominant patterns receive less faithful reconstruction. In the context
of adjacent-transition detection, when a subsequent damage stage introduces signal characteristics that differ
from the preceding stage, the regularized model can produce a larger reconstruction gap between the two
stages than an unrestricted model would.

The underlying principle is shared across regularization mechanisms, but each mechanism imposes the
constraint differently. Dropout limits reliance on fragile unit-specific features through stochastic hidden-
unit deactivation, weight decay encourages smoother and lower-complexity mappings by penalizing large
weights, and sparsity restricts latent activation so that each signal is represented using a compact set of
features. In all cases, the goal is to prevent the autoencoder from memorizing all stage-specific waveform
variations equally well, thereby preserving the reconstruction contrast that makes adjacent transitions
detectable [19]. The tradeoff is that excessive regularization can suppress useful structural information
together with nuisance variation, collapsing reconstruction quality across all stages and eliminating detection
contrast in the opposite direction. The regularization strength must therefore be set within an effective range.

In this work, we investigate three regularization methods, namely dropout, weight decay, and sparsity,
and use the vanilla autoencoder (AE) without regularization as a benchmark. The vanilla AE minimizes
only the reconstruction loss Lo = L;ec, with no explicit capacity constraint. In the following subsections,
we introduce each regularization method, describe how it constrains model capacity, and specity its
key hyperparameter.

3.3.1 Dropout Regularization (AE + Dropout)

Dropout is an implicit regularization technique that restricts model capacity through stochastic training.
During training, hidden units are randomly deactivated with probability p at each forward pass. In
supervised learning, dropout is commonly interpreted as a method for improving generalization. In the
present reconstruction-based transition-detection setting, its role is more specific. The objective is not
to reconstruct every waveform equally well, but to preserve reconstruction contrast between dominant
preceding-stage patterns and newly emerged stage-specific deviations. Dropout forces the autoencoder to
rely on distributed, repeatable waveform structures rather than fragile sample-specific details. As a result,
the learned reconstruction mapping becomes less capable of memorizing subtle subsequent-stage variations.
At inference time, the preceding-stage patterns can still be reconstructed reliably, whereas newly introduced
or less represented stage-specific components are reconstructed with lower fidelity, leading to an enlarged
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PCC gap. The key parameter is the dropout rate p: higher values impose stronger capacity restriction but
may degrade reconstruction quality if set too aggressively.

3.3.2 Weight Decay Regularization (AE + Weight Decay)

Weight decay adds an L, penalty on the trainable parameters to the reconstruction loss:
ﬁwd = Erec + /1”6)”5) (7)

where ® denotes the full set of trainable parameters and A controls the penalty strength. This penalty
discourages large parameter values, effectively shrinking the model toward smoother and lower-complexity
reconstruction mappings. By limiting the magnitude of learned weights, weight decay reduces the model’s
ability to fit fine-grained sample-specific or stage-specific variations, including transient environmental
disturbances. Its applicability is therefore strongest when the detection problem benefits from a glob-
ally smoother reconstruction function, although excessive shrinkage can reduce sensitivity to subtle but
meaningful structural changes.

3.3.3 Sparsity Regularization (AE + Sparsity)

Sparsity regularization constrains the average activation of hidden units to remain close to a low target
value p:

ESP :Erec+ﬁZKL(p||pj)’ (8)
]

where j; is the empirical average activation of hidden unit j across the training batch and KL(-|-) denotes the
Kullback-Leibler divergence. The coefficient 8 controls the strength of the sparsity penalty. By encouraging
most hidden units to remain inactive for any given input, sparsity regularization forces the autoencoder to
represent each signal using only a compact subset of latent features. This selective activation restricts the
model’s representational flexibility and prevents it from encoding input-specific details that do not contribute
to dominant reconstruction patterns. Sparsity is particularly suitable when only a limited subset of latent
factors is expected to describe the recurring structural response, but an overly strong sparsity penalty may
remove weak damage-sensitive components together with nuisance variation.

3.3.4 Hyperparameter Settings

The regularization hyperparameter values used in the main comparison are: dropout rate p = 0.2, weight
decay coefficient A = 1 x 10~°, and sparsity coefficient 8 = 0.005. For the sparsity model, the target activation
p is fixed, and one-dimensional sensitivity analysis is conducted only over . Sensitivity analysis for all three
methods is reported in Section 4.

3.4 Evaluation Protocol
To compare regularization strategies, we define pair coverage as the fraction of adjacent transitions that

satisfy the detected-pair criterion:

#{detected adjacent pairs}
12

Coverage = x 100%. (9)

The denominator of 12 corresponds to the total number of adjacent transitions in the 13-stage sequence
(D, - D, through D;, — Dy3). Coverage captures how broadly a given regularization method improves
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detection across the full progression of structural stages, rather than focusing on isolated best-case perfor-
mance. In addition, hyperparameter sensitivity is assessed through the mean AUROC computed over all 12
adjacent transitions as a function of the regularization strength parameter.

To support structured interpretation of the results, we define three representative case categories based
on the detected-pair criterion and the regularization comparison:

1. Detected: the transition pair satisfies both the AUROC and PCC-gap thresholds.

2. Difficult-I (weak contrast): regularization may slightly improve separation, but the pair still does not
meet the detected-pair criterion due to insufficient structural contrast between stages.

3. Difficult-II (environment masking): the pair does not support reliable structural interpretation
because environmental fluctuations dominate the signal variation, obscuring any underlying struc-
tural change.

This categorization reflects deployment reality, where not all transitions are equally detectable and
different failure modes require different mitigation strategies.

4 Results and Discussion
4.1 Pair Coverage Comparison

Table 3 summarizes the pair-level detection outcomes for all four model variants across the 12 adjacent
transitions. The vanilla AE detects 2 of 12 pairs (16.7%), while dropout, weight decay, and sparsity detect
5 (41.7%), 6 (50.0%), and 7 (58.3%), respectively. All three regularized variants substantially outperform
the unregularized baseline, confirming that regularization is a critical design variable for reconstruction-
based detection under uncontrolled conditions [17]. As shown in Table 3, the additional pairs detected by
the regularized models span a wide range of transitions, from early minor-damage stages such as D; - D,
to later severe-damage stages such as D;; — Dy, indicating that regularization broadens detection coverage
across the entire damage progression rather than benefiting only a narrow subset of transitions.

Table 3: Summary of pair-level detection outcomes and coverage comparison. Pair notation (i, j) denotes the transition
D,‘ - D e

Method Regularization Detected Pairs Coverage (%) Specific Pairs
AE No 2/12 16.7 (4,5), (7,8)
AE + Dropout Yes 5/12 417 (3,4), (4,5),(6,7), (7, 8), (9,10)
AE + Weight Decay Yes 6/12 50.0 (3, 4), (4, 5), (6, 7), (7, 8), (9,10), (11, 12)
AE + Sparsity Yes 7/12 58.3 (3,4), (4,5), (6,7), (7 8), (8,9), (9, 10), (11, 12)

To examine whether the detected-pair conclusion depends on a single operating point, Table 4 reports
coverage under nearby AUROC and PCC-gap thresholds. An AUROC threshold of 0.80 is relatively
permissive, whereas 0.90 is stricter for fine-grained adjacent-stage detection. Similarly, a PCC gap of 0.005
may admit weakly separated pairs, whereas 0.015 may exclude subtle but meaningful adjacent transitions. The
selected criterion, AUROC > 0.85 and PCC gap > 0.010, provides a balanced operating point. Across nearby
threshold choices, the regularized AE variants consistently outperform the unregularized AE, indicating that
the main conclusion is not an artifact of a single threshold setting.
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Table 4: Sensitivity of detected-pair coverage to AUROC and PCC-gap thresholds. Each entry reports the number of

detected adjacent transitions out of 12. The selected operating point used in the main experiments is highlighted in
bold.

AUROC Threshold PCC-Gap Threshold AE AE+Dropout AE+Weight Decay AE+Sparsity

0.80 0.005 5/12 5/12 6/12 7/12
0.80 0.010 2/12 5/12 6/12 7/12
0.80 0.015 1/12 2/12 3/12 3/12
0.85 0.005 5/12 5/12 6/12 7/12
0.85 0.010 2/12 5/12 6/12 7/12
0.85 0.015 1/12 2/12 3/12 3/12
0.90 0.005 2/12 4/12 6/12 6/12
0.90 0.010 1/12 4/12 6/12 6/12
0.90 0.015 1/12 2/12 3/12 3/12

4.2 Analysis of Representative Detected Pairs

Figs. 2 and 3 present PCC trajectory plots for representative detected transitions, illustrating two distinct
successful detection regimes.

Fig. 2 shows the transitions Dy - Dsand D; — Dg, which correspond to a moderate-contrast regime. In
these cases, the vanilla AE already provides partial separation, but trajectory overlap and temporal instability
limit detection confidence. The regularized variants increase separation clarity and temporal stability, making
these transitions more reliably distinguishable. These observations indicate that regularization primarily
sharpens an existing contrast.

Fig. 3 shows the transitions Dg — D7 and Dy — D, which correspond to a baseline-ineffective regime.
In these cases, the vanilla AE provides little useful discrimination between the two stages. The regularized
variants, however, achieve clearly improved separability, demonstrating that regularization enables detection
of transitions that the unregularized baseline cannot resolve.

4.3 Analysis of Representative Difficult Pairs

Fig. 4 presents PCC trajectory plots for two representative difficult transitions that remain undetected
under all model variants. These cases illustrate two distinct failure regimes.

The left panel of Fig. 4 shows the transition D, — D3, which represents a weak-contrast regime.
Regularization provides a slight improvement in separation, but the resulting PCC gap remains insufficient
to satisfy the detected-pair criterion. This indicates that the structural contrast between the two stages is
inherently small, limiting what reconstruction-based methods can resolve.

The right panel of Fig. 4 shows the transition Dyy — Dy;, which represents an environment-dominated
failure case. Unlike the weak-contrast case, the PCC trajectories in this transition are strongly disturbed
during periods of low temperature and unusually high humidity. This observation is consistent with the orig-
inal dataset validation, which reports that irregular environmental variations, including precipitation, snow,
direct sunlight, and freezing conditions, can substantially distort guided waves and may produce changes
comparable to or larger than damage-induced variations [5]. Therefore, the failure of this transition should
not be interpreted solely as a limitation of the regularized AE. Rather, it reflects a practical deployment regime
in which environmental masking reduces the reliability of reconstruction-based structural interpretation.
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A full quantitative separation between environmental masking and structural progression is beyond
the scope of this study and will require dedicated environmental compensation or weather-stratified
modeling. Nevertheless, the representative case in Fig. 4 highlights why adjacent transition detection under
uncontrolled long-term monitoring is more challenging than endpoint damage detection under laboratory
conditions. Together, these two regimes clarify why certain transitions remain unresolved in Table 3: one
is limited by weak structural contrast between stages, while the other is dominated by environmental
interference that obscures the underlying structural change.

4.4 Hyperparameter Sensitivity

Fig. 5 presents the sensitivity analysis for each regularization scheme. The figure shows mean AUROC
across all 12 adjacent transitions as a function of each regularization hyperparameter. The best mean AUROC
values are 0.9071 for dropout, 0.9249 for weight decay, and 0.9288 for sparsity. This ranking is consistent with
the pair coverage results in Table 3.

Dropout Sensitivity Weight Decay (wd) Sensitivity Sparsity (KL) Sensitivity
100- 100- | 100- ‘

= 95- 95- 10.9249 95- 10.9288

s 109071 e P e — P~ A

o 90- 90- -7 - 90- * ; .

e} / | I — i —

S 85- 85- ! 85-

< i

S 80- 80- | 80-

9] i

= 75- 75- 3 75-

70- 70- 11075 70- 10.005
10 20 30 4 1 10 20 30 1 5 10

Dropout Rate (x1072) Weight Decay (x107) KL Coefficient (x1073)

Figure 5: Hyperparameter sensitivity analysis using mean AUROC. Dashed lines indicate the selected regularization
hyperparameter values: dropout rate = 0.2, weight decay coefficient = 1 x 10>, and sparsity coefficient = 0.005.

Three observations are relevant for practical tuning. First, all three regularization methods exhibit both
effective and non-optimal intervals, indicating that hyperparameter tuning remains necessary even after the
regularization method has been selected. Second, weight decay and sparsity demonstrate broader effective
ranges than dropout under the current data setting, which is consistent with prior guided-wave regularization
studies [18]. Third, the selected regularization hyperparameter values (dropout rate = 0.2, weight decay
coefficient = 1 x 107>, sparsity coefficient = 0.005) provide stable defaults for this dataset and can serve as
initial values for similar deployment scenarios.

4.5 Practical Implications

The experimental results support three practical implications. First, regularization consistently
improves adjacent stage-transition detection across the full damage progression, confirming its importance
as a design variable for unsupervised reconstruction-based monitoring under uncontrolled conditions.
Second, under strong environmental interference, regularization provides less improvement than in mod-
erate conditions, but still outperforms the unregularized baseline, suggesting that regularization alone
cannot fully compensate for dominant environmental disturbances. Third, hyperparameter tuning remains
necessary for all three regularization methods, as each exhibits both effective and non-optimal intervals in
the sensitivity analysis.



Struct Durab Health Monit. 2026;20(6):6 15

The scope of the comparison should also be interpreted carefully. Because the proposed evaluation
target is reconstruction-based adjacent-stage separability under a fixed local transition-window protocol,
direct comparison with broader unsupervised SHM methods is not one-to-one. Methods based on explicit
environmental compensation, stored baselines, reference-only training, latent likelihood, adversarial gener-
ation, or temporal state-space modeling rely on different assumptions and produce different detection scores.
Applying them to the proposed 4.5-day + 0.5-day transition-window protocol would require nontrivial
redesign of the input window, learning assumption, score function, and thresholding rule, introducing
confounding factors beyond the regularization mechanism. Therefore, this study focuses on an intra-
framework comparison under a fixed reconstruction pipeline that isolates the effect of regularization, while
unified cross-method benchmarking is left for future work.

Detailed pair-level plots, full transition-wise AUROC/PCC-gap values, and path-wise coverage results
are provided in the Supplementary Materials. Supplementary Table S1 lists all adjacent-transition metrics
and shows that the bold detected entries reproduce the main coverage values in Table 3. Supplementary
Table S2 reports coverage across all eight guided-wave paths, showing that the benefit of regularization
is not unique to path 6-1, although absolute coverage varies because of path-dependent sensor drift and
environmental distortion.

5 Conclusions

This paper presents a controlled empirical study of how regularization improves unsupervised adjacent
stage-transition detection for long-term guided-wave monitoring under uncontrolled conditions. Using
one fixed autoencoder pipeline and a uniform detected-pair criterion (AUROC > 0.85 and average PCC
gap > 0.010), the vanilla AE detects 2 of 12 adjacent transitions, while dropout, weight decay, and sparsity
detect 5, 6, and 7 transitions, respectively. The additional pairs detected by the regularized models span the
full damage progression, from early minor-damage stages to later severe-damage stages, confirming that
regularization broadens detection coverage rather than benefiting only a narrow subset of transitions.

The results also reveal the limitations of regularization. Under strong environmental interference,
regularization provides less improvement than in moderate conditions, although it still outperforms the
unregularized baseline. Hyperparameter sensitivity analysis shows that weight decay and sparsity exhibit
broader effective ranges than dropout, but tuning remains necessary for all three methods. The selected
hyperparameter values provide stable defaults for this dataset and can serve as starting points for similar
deployment scenarios.

Because the main controlled analysis is based on a single-channel protocol (path 6-1), the primary con-
clusions should be interpreted as path-specific rather than as a claim of universal cross-system generalization.
The supplementary path-wise analysis indicates that the regularization benefit is not unique to path 6-1,
but cross-dataset validation, multi-channel fusion, and adjacent-transition uncertainty estimation remain
important directions for future work.
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