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Abstract Ultrasonic-based Structural Health Monitoring (SHM) systems generate
massive datasets that quickly exceed the capabilities of embedded/low power sens-
ing systems. Additionally, in the case of distributed sensing with thousands of sen-
sors, acquiring, storing, and transmitting the signals becomes a serious hurdle for tra-
ditional monitoring pipelines. Since SHM data is typically redundant, the problem
can be alleviated through data reduction methods that filter irrelevant signal contri-
butions in the sensors before they get transmitted or even recorded. Conventional
Singular Value Decomposition (SVD)–based compression methods rely on fixed sub-
spaces that fail to adapt to evolving environmental or operational conditions, leading to
false alarms or missed detections of damage. To overcome these limitations, this work
introduces a low-rank, frequency-domain subspace compression and adaptive update
framework based on the Incremental SVD combined with Frequency Stretching ap-
plied to Direct Wave Interferometry (DWI) for damage detection and velocity change
monitoring. A correlation-triggered mechanism is used to selectively update the base-
line subspace only when Environmental and Operational Conditions (EOCs)/damage-
induced variations exceed defined thresholds, forming a self-adjusting reference as a
background task. This allows hardware-level switching between compressed sensing
and full acquisition modes, ensuring efficient data reduction without loss of sensitiv-
ity. The proposed low-rank spectral subspace approach successfully distinguishes the
damage-induced variations from environmental effects, where the measurement data is
approximated with a small number of coefficients within an adaptive, low-dimensional
subspace that is first learned from baseline reference data and continuously updated
to retain structural information. This compressed form can be obtained directly in
hardware through linear projections, enabling in-situ (“on-the-fly”) spectral sensing
data reduction before transmission or storage. As EOC variations or damage arise,
the incremental SVD adaptively updates the baseline subspace representation without
requiring full recomputation, ensuring stable performance over long-term monitoring.
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This framework enables robust SHM systems by integrating effective dimensionality
reduction with adaptive performance under realistic environmental conditions.
Keywords: Incremental SVD; Time Stretching (TS); Compressed Sensing (CS); Di-
rect Wave Interformatry (DWI); Ultrasonic SHM.

Introduction

Ultrasonic-based structural health monitoring (SHM) systems are widely used to assess the
integrity of industrial structures such as pipelines, aircraft, and civil infrastructure [1]. These
structures must remain safe while experiencing environmental and operational conditions
(EOCs) or damage-induced variations , including changes in stress, load, temperature, and
humidity, during both manufacturing and operating. The wave propagation speed within
the material reflects the perturbations in the medium, where the temporal velocity change
induces a stretch-like effect in ultrasonic waveforms. Therefore, estimating this relative ve-
locity change provides a sensitive features in SHM through which changes in the state of the
material can be detected [2, 3, 4]. To monitor changes in temporal velocity across different
media, a reference scan and a perturbed scan are typically selected. The reference scan cor-
responds to the first recorded measurement and serves as the baseline for comparison with
subsequent measurements. Time Stretching (TS) is one of the most widely used techniques
for estimating the stretch factor caused by these velocity perturbations, where the perturbed
scan is considered to be a time-stretched version of the reference one [5]. Alternatively, the
Frequency Stretching (FS) technique has been discussed in [6, 7], where changes in velocity
are directly derived from spectral representations using Fourier transform dualities. In [3], di-
rect wave interferometry (DWI) is employed, where the time-stretching technique is applied
only to the early arrival of the recorded signal which provides a more reliable measurement
of the time of flight (TOF), one of the most useful extracted features within the SHM. DWI
can therefore be used to stretch recorded signals and compensate for small wave velocity
variations caused by operational conditions. Based on this capability, a damage indicator
can be defined that remains robust against operational changes [3, 4]. Although ultrasonic
SHM can provide continuous in-situ monitoring, it requires high sampling rates to accurately
capture high-frequency ultrasonic waveforms [8]. Nevertheless, employing traditional ac-
quisition techniques for continuous monitoring results in significant data volumes, imposing
considerable requirements on the hardware used in data collection and storage. As a result,
data recording, transmission, and storage become a key bottleneck for modern SHM systems,
especially those that are battery-operated or rely on a wireless connection [8]. A feasible
solution is to use compression while acquiring the data, thus retaining only the relevant infor-
mation using compressed sensing techniques [9].

In this study, the observed velocity changes are attributed solely to applied varying
temperature conditions and an obstacle insertion to simulate damage. In this experimental
setup, two transducers are placed in air inside a climatic chamber to ensure controlled temper-
ature variations and constant controlled humidity. Since this experiment involves broadband
signals, the frequency sub-sampling approach is not as effective as previously reported for
narrow-band coda waves in [7]. Instead of relying on spectral compression in the frequency
domain, the signals are projected onto a singular value decomposition (SVD)-based low-rank
approximation for data compression. However, a fixed subspace was found to be problematic
when sudden changes occur in the medium, either due to temperature variations or obstacle
insertion. Such abrupt perturbations modify the signal structure and reduce the representative-
ness of a static low-rank basis. To overcome this limitation, an incremental SVD framework
was adopted, allowing the subspace to evolve and track structural changes in the signal. This
approach is motivated by the fact that repeatedly computing the full SVD becomes compu-
tationally expensive when new measurements are collected incrementally [10, 11]. To the
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best of the authors’ knowledge, this algorithmic strategy has not previously been applied in
SHM or Non-Destructive Testing (NDT). The proposed low-rank spectral subspace approach
successfully discriminates obstacle-induced effects from environmental variations. Further-
more, to emulate the hardware of a suitable acquisition system, we reformulate the approach
in the frequency domain where a fewer number of frequency coefficients can be collected.
This enables flexible switching between compressed sensing strategies and full-measurement
acquisition within the same onboard system architecture.

1. Methodology

While incremental SVD methods exist for adaptive signal subspace tracking, their applica-
tion to ultrasonic SHM has been limited [11, 12, 13, 14, 10, 15, 2, 16]. This paper presents an
adaptive subspace tracking algorithm that combines the incremental SVD in time/frequency
domain with DWI for obstacle detection in air. Unlike conventional methods that rely on
static baseline models, our approach dynamically updates the spectral subspace only when
de-correlation coefficients indicate the emergence of patterns not captured by the current rep-
resentation. We initialize a low-rank SVD from baseline measurements in time/frequency
domains, then incrementally project incoming ultrasonic scans onto the evolving subspace.
For each new measurement, we compute the de-correlation coefficient via TS or FS tech-
niques, which are widely used techniques for coda wave interferometry (CWI). When the
de-correlation exceeds a predefined threshold, indicating potential obstacle or EOC varia-
tions, the algorithm selectively incorporates the new scan via a rank-preserving SVD update.
This adaptive strategy maintains computational efficiency while ensuring the subspace accu-
rately reflects the current structural state. We adopt the incremental SVD update algorithm,
as formulated by Brand [12]. We implement the algorithm in python based on the reference
implementation from Kühl [17]. We additionally adapt TS and FS [7] methods from CWI to
the study of early arrivals in DWI. The individual components of the resulting framework are
detailed in the upcoming subsections.

1.1 Incremental SVD

Given baseline measurementsA ∈ Cm×n, where each column ofA represents a single A-scan
and each row corresponds to time samples within the scan, the matrix can be approximated
using a truncated SVD as

A ≈ UΣVH (1)
where U ∈ Cm×r, Σ ∈ Rr, V ∈ Cn×r, and r ≪ min(m,n) is the truncation rank. When
a new A-scan column b ∈ Cm arrives and the update condition is triggered, the algorithm
updates the decomposition to approximate:

[A b] ≈ Ũ Σ̃ ṼH (2)

The update can be performed in three steps:
1. Projection: Compute the coefficientsm = UHb and the residual p = b− Um.
2. Orthogonalization of the residual using QR decomposition: for the rank-one update

case, qp = p
∥p∥2 , Rp = ∥p∥2.

3. Small SVD: Form K =

[
Σ m
0 Rp

]
and compute K = Uk Σ̃VH

k .
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The updated factors are:

Ũ = [U qp]Uk (3)

Ṽ =

[
V 0
0 1

]
Vk (4)

where Ũ ∈ Cm×(r+1), and Ṽ ∈ C(n+1)×(r+1).

1.2 Adaptive Incremental SVD SHM Monitoring Framework

The decomposition in equation (1) defines a low-dimensional subspace that captures the dom-
inant signal structure of the baseline measurements. When a newA-scan arrives, it is first pro-
jected onto the current subspace and the corresponding low-rank reconstruction is obtained
as

b̂ = Um (5)
The reconstructed signal is then processed using TS/FS to estimate the velocity perturbation,
where, the de-correlation between the reference signal and the current measurement is ob-
tained. If the correlation remains above a predefined threshold, the new measurement is con-
sidered consistent with the current baseline subspace and no update is performed. However,
when the correlation drops below the threshold, indicating significant waveform changes due
to environmental variations or obstacle insertion, the subspace representation is updated. In
this study, a fixed threshold is adopted to trigger the subspace update; however, a statistically
threshold selection will be considered in future work. In this case, the incremental SVD up-
date proposed by Brand [12] is applied to approximate the augmented matrix in equation (2).
This procedure efficiently updates the low-rank representation without recomputing the full
SVD. This adaptive strategy results in a correlation-triggered subspace update mechanism,
where the baseline representation evolves only when significant deviations occur in the mea-
sured signals. As a result, the framework provides efficient compression while preserving
sensitivity to structural changes.

1.3 DWI-Based Stretch Estimator

To quantify waveform changes between a reference signal and a perturbed signal, DWI, as
discussed in [3], is employed in this study. Following the coda wave model proposed by
Snieder [5], a weak perturbation in the medium can be approximated as a uniform time dila-
tion of the impulse response over a specified temporal window. Under this assumption, the
perturbed signal can be expressed as

xpert(t) ≈ xref
(
t(1 + ε)

)
(6)

where xref(t) denotes the reference signal, xpert(t) denotes the perturbed signal, and ε repre-
sents the relative velocity change. TS and FS approaches are commonly used to estimate ε.
In the time domain, the stretched signal is obtained by resampling the current perturbed signal
along the dilated/compressed time axis

t̃ = t(1 + ε) (7)
In the frequency domain, the spectral representation is stretched according to

f̃ =
f

1 + ε
(8)
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For a given stretch factor ε, the similarity between the reference signal and the stretched
perturbed signal xpert,ε is quantified using the normalized correlation coefficient

CC(ε) =
⟨xref(t), xpert,ε(t)⟩
∥xref(t)∥ ∥xpert,ε(t)∥

(9)

The corresponding de-correlation is defined as

DC(ε) = 1− CC(ε) (10)
The optimal stretch factor is then estimated by solving

ε̂ = argmin
ε

DC(ε) (11)

which is equivalent to maximizing the correlation between the reference and stretched signals.
The estimated de-correlation is subsequently used as a trigger for adaptive subspace updating.
If the correlation coefficient falls below a predefined threshold, the incoming A-scan is con-
sidered to represent a significant change in the medium, and the baseline low-rank subspace
is updated using incremental SVD.

2. Experimental Setup

To accomplish this study, SVD was employed to compress the ultrasonic data collected in a
real laboratory experiment performed in an air-coupled pitch-catch configuration as shown
in in Figure 1. The experimental setup consisted of a fixed emitter–receiver pair placed at
a distance of 10 cm from each other. The transducers were suspended in air using a box,
which served as a support structure. The pitch-catch distance between the transmitter and
receiver could be adjusted by moving the sliding frames along the wooden moulds. This
configuration provided flexible control of the transducer spacing while maintaining their rel-
ative alignment during the measurements. During each measurement, the emitter transmitted
a 10 µs pulse, and the received waveform was recorded at a sampling rate of 10 MHz. The
measurements were performed inside a climatic chamber under controlled temperature and
humidity conditions, where two separate experimental phases were considered. In the first
phase, the propagation path remained unobstructed and served as the baseline condition. In
this case, changes in the recorded signals were mainly governed by environmental effects,
particularly temperature-induced variations in wave velocity. In the second phase, a 6 mm di-
ameter rod was inserted between the transducers at an unknown point during acquisition. This
obstacle distorted the propagated waveform and was used to simulate damage. Once inserted,
the obstacle remained in place for the rest of that measurement phase. The temperature was
varied between 0 ◦C and 40 ◦C. Although a total of 2000 measurements were acquired, only
every tenth measurement was used, yielding 200 A-scans for each experimental phase. As
the setup involved propagation through air rather than through a heterogeneous material such
as concrete, the experiment provided a controlled test case that facilitated the examination of
temperature-induced changes in waveforms without the interference of material heterogene-
ity. This configuration therefore offered a useful benchmark for assessing the reliability of
damage detection methods under controlled environmental conditions, where only environ-
mental changes affected the signals. The experiment was conducted at Université Libre de
Bruxelles (ULB), Building Architecture and Town Planning (BATir). The open-access dataset
used in this study, along with further information on the experimental configuration and the
transducers used, can be found in [18].
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emitter-receiver pair 6 mm diameter rod 

10 cm

Fig. 1. Installation of transducers in the mold (left) and simulation of a damage in air with a rod (right).

3. Results and Discussion

In this experimental setup, the proposed incremental SVD method is applied and compared
with the fixed-subspace SVD approach. The fixed-subspace approach is constructed using
baseline measurements and evaluated on the obstructed measurements. In addition, a second
fixed subspace is built using data from the second phase assuming prior knowledge of pertur-
bation caused by the obstacle. This represents an idealized scenario and serves as an upper-
bound benchmark. However, such prior knowledge is not available in real-world. In contrast,
the incremental SVD method provides a more practical and scalable solution, as it adapts
dynamically to incoming data and is therefore better suited for realistic SHM applications.
Additionally, TS and FS are used as traditional methods for benchmarking. Figure 3 shows
the evaluation of the correlation coefficient computed over the pre-selected time window cor-
responding to the first-arrival portion of the signal, as highlighted in Figure 2, using TS,
band-limited FS, fixed-subspace SVD, and the proposed incremental SVD approach. During
the initial phase of the experiment, when only environmental variations are present, all meth-
ods show high correlation close to unity, indicating that the received signals remain largely
consistent with the reference signal. At a certain point during the experiment, the obstacle is
inserted between the emitter and the receiver. This perturbation produces a noticeable change
in the waveform structure, resulting in a drop in the correlation coefficient and a deviation in
the estimated stretch factor. Such abrupt changes lead to increased de-correlation between the
reference and perturbed signals. The band-limited FSmethod improves robustness by restrict-
ing the analysis to a selected frequency range, thereby reducing the influence of broadband
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Fig. 2. Ultrasonic A-scans recorded in the air-coupled pitch-catch configuration under different temperature
conditions. The shaded region represents the preselected first-arrival time window used for computing the

correlation coefficient.
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Fig. 3. Correlation coefficient over a pre-selected time window between 272 μs and 302 μs obtained using
different approaches. The vertical red line indicates the obstacle insertion point. The blue curve has the same

legend in both plots.

noise. Since the truncated SVD provides a low-rank approximation of the data, it can be used
for dimensionality reduction and efficient signal compression where the fixed-subspace SVD
approach reduces dimensionality by projecting the measurements onto a low-rank basis de-
rived from baseline data. However, since the subspace remains fixed, it cannot fully adapt to
evolving environmental conditions. In contrast, the proposed incremental SVD method up-
dates the low-rank subspace only when significant de-correlation is detected. This adaptive
strategy enables the model to track gradual environmental variations while maintaining sen-
sitivity to abrupt waveform perturbations caused by obstacle insertion. At the same time, it
preserves a compact low-dimensional representation that enables efficient signal compression
when no update is required. Consequently, the incremental SVD approach provides improved
stability under environmental variations while preserving reliable detection of structural dis-
turbances as shown in Figure 3. As shown in Figure 4, the estimated stretch factor ε varies
smoothly over time, which can be attributed to gradual temperature-induced velocity changes
inside the climatic chamber. After applying the estimated stretch correction, the perturbed
signals show improved alignment with the reference signal within the selected first-arrival
window as shown in Figure 5.

In this experiment, a truncation rank of r = 150 was used from the baseline measure-
ments to construct the low-rank subspace. Of the total of 200 A-scans, only 52 scans triggered
subspace updates, while the remaining measurements were efficiently represented within the
existing low-rank basis. In the absence of a trigger, each scan is represented by only 150 co-
efficients, corresponding to a compression factor per-scan of approximately 218× compared
to the original time-domain 32,768 samples. However, the baseline subspace must be stored
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Fig. 4. Estimated relative velocity change using different approaches. The vertical red line indicates the
obstacle insertion point.
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Fig. 5. Ultrasonic A-scans recorded in the air-coupled pitch-catch configuration after applying the estimated
stretch correction using the proposed incremental SVD method.

once. This results in significant data compression while maintaining accurate tracking of
velocity variations and reliable detection of waveform perturbations. Consequently, the pro-
posed method provides a favorable balance between robustness to environmental variations,
sensitivity to structural changes, and efficient data representation.

4. Conclusion

This study presents an adaptive low-rank monitoring framework based on the incremental
SVD combined with a DWI stretch estimator for ultrasonic structural health monitoring. The
proposed approach enables simultaneous tracking of velocity variations and efficient signal
compression while maintaining sensitivity to waveform perturbations. The fixed-subspace
SVD approach enables dimensionality reduction by projecting measurements onto a precom-
puted low-rank basis, but its performance degrades when environmental conditions evolve
beyond the baseline model. In contrast, the proposed incremental SVD approach adaptively
updates the low-rank subspace only when significant de-correlation is detected. This allows
the framework to track gradual environmental variations while preserving sensitivity to abrupt
waveform perturbations. The results demonstrate the ability of the proposed adaptive low-
rank framework method to achieve substantial data compression, corresponding to a per-scan
compression factor of 218×, while maintaining reliable monitoring performance, indicating
that the framework provides improved robustness to environmental variations, reliable detec-
tion of structural perturbations, and efficient data compression, making it well suited for long-
term SHM. This work bridges the gap between computationally intensive adaptive techniques
and resource-constrained continuous monitoring applications. Using DWI and adaptive sub-
space learning, the method provides a scalable pathway for autonomous obstacle/damage de-
tection in large-scale infrastructure without requiring dense data processing. The approach is
particularly suited in SHM where real-time decision-making is critical to structural safety.
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