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Abstract

During fatigue tests of tidal turbine blades, digital image correlation (DIC) is used to collect
vital information about the specimen. DIC provides high-resolution displacement and
strain maps of selected blade sections; however, continuous operation is hindered by the
need to acquire, transfer, and process large volumes of high-resolution images, precluding
real-time use during long tests. We address this problem by optimising sparse sensing
locations on the blade surface so that full-field maps can be accurately reconstructed from
a small subset of pixel measurements. In contrast to most DIC improvements found in
the literature, which focus on accelerating the processing stage, this approach circumvents
the need to collect high-resolution data. We evaluate this approach in a case study at
FastBlade, a dedicated testing facility for tidal turbine blades. With less than 1% of the
original pixels measured, the mean relative error evaluated on the dataset is 0.4% and
16% for displacement and strain maps, respectively, with the larger strain error reflecting
the higher spatial complexity of strain fields. The optimised layouts outperform random
and grid-like arrangements. The framework enables real-time monitoring and, subject to
relevant validation, might be applied to reconstruct high-resolution strain maps directly
from strain-gauge readings, potentially extending to in-ocean blade monitoring. Given the
high accuracy of deflection reconstructions, using them to derive strain fields is suggested
as a direction for further study.

Keywords: sensor placement optimisation; tidal turbine blade; fatigue testing; data-driven

1. Introduction
Over the last few years, the energy market has seen a rapid increase in the net supply of

electricity generated from renewable energy sources [1]. Although tidal energy is currently
exploited to a significantly lesser extent than, for example, wind or solar energy, it is
characterised by much better predictability [2]. Tidal turbine blades are among the key
load-bearing components of tidal turbines, and their reliability significantly impacts the
success of electricity generation. The testing procedure, which aims to de-risk the design
and fabrication of the blade before its subsea deployment, relies extensively on a variety of
sensor readings collected as the blade undergoes cyclic stressing. Some of the most valuable
sources of information are the high-resolution displacement and strain maps collected with
digital image correlation (DIC). However, the DIC process is computationally expensive,
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prohibiting real-time operation over prolonged time intervals, and requires substantial data
storage resources. Moreover, due to the nature of the setup, DIC data cannot be collected
when the blade operates in the ocean. This work aims to investigate how optimising
point sensing locations on a blade can help alleviate the computational burden, enabling
real-time DIC operation while maintaining high-resolution information about the strain
and displacement distribution.

1.1. Tidal Energy

The high predictability of tidal energy is the key advantage setting tidal energy apart
from other renewables, such as wind or solar energy, which are subject to inherent vari-
ations [2]. Tidal energy has also proved to be abundant in many areas worldwide, such
as the United Kingdom (UK), Canada, France, Norway, and Spain [3]. In the coming
years, further development of tidal energy technology is expected to lower the levelised
cost of energy (LCoE) and result in an increased contribution of this resource to the en-
ergy mix. Research shows that 30.2 MW of tidal energy capacity was already installed in
Europe between 2010 and 2021 [4]. In the UK alone, electricity generation from tidal
energy is projected to reach up to 11.5 GW [5], constituting 11% of the UK’s energy
demand [6].

1.2. Tidal Turbine Blade Testing

Given the harsh operating conditions of tidal turbines and their reduced accessi-
bility during deployment, de-risking their design is particularly important to help the
technology become more widespread. Blade tests involve subjecting it to cyclic loads,
aiming to replicate the damage caused by a lifetime of ocean loading. Unlike wind tur-
bine blades, which can be excited at their natural frequency to generate loading [7,8],
composite tidal turbine blades have a higher natural frequency (around 18–20 Hz [9]).
This high natural frequency does not allow for fatigue testing based on the natural fre-
quency oscillation, requiring the mechanical introduction of loads. However, actuating
a stiff blade results in higher costs due to the amount of energy needed to displace
the specimen.

FastBlade

FastBlade, pictured in Figure 1a, is a research facility at the University of Ed-
inburgh where slender structures of up to 20 m in length can be structurally tested.
FastBlade is also the world’s first dedicated facility for structural testing of tidal tur-
bine blades, which is capable of recovering energy while operating at a frequency be-
low the natural frequency of a specimen [10]. This makes the facility particularly
relevant for testing stiff structures, thereby accelerating the development of tidal tur-
bine blade technology. Among FastBlade’s data collection systems, DIC provides non-
intrusive measurements of the structure’s surface deformation. Running DIC is com-
putationally expensive, however, making it unfeasible to run in real time, and the
vast amounts of data collected significantly impact the data storage capacity available
at FastBlade.
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Figure 1. (a) The test setup at FastBlade. Three hydraulic actuators are used to load the blade.
During a test, they cyclically extend and contract, applying varying loads to the blade. (b) Left: The
side view of the test setup at FastBlade. Right: The bottom view of the test setup. 1: The area of the
blade examined, covered with the speckle pattern; 2: one of the saddles connecting the actuators to the
blade; 3: one of the three actuators; 4: the strong wall on which the blade is mounted; 5: one of the lamps
improving the consistency of the lighting conditions for DIC; 6: one of the four cameras used for DIC.

1.3. Paper Contributions

Specific contributions of this work include:

• Near-real-time, high-resolution reconstructions using data collected at FastBlade to
show that measuring <1% of original pixels enables near-real-time DIC reconstruc-
tion, while preserving high spatial fidelity (yielding ≈0.4% mean relative error for
displacement and ≈16% for strain).

• Benchmarking against baselines, demonstrating the superiority over random and
grid-like sensor layouts using the FastBlade case study.

• Data volume reduction, eliminating the need to collect high-resolution raw images
required by neural-network DIC-acceleration approaches [11,12], resulting in the
reduction of data storage by over 99%.

• A step towards high-resolution in situ sensing, demonstrating a pathway for obtaining
strain fields, with the potential to reconstruct high-resolution maps from individual
strain gauge readings. Subject to future validation, the framework could address the
limitations of subsea DIC operation [13].

2. Related Work
This section (i) briefly introduces DIC, outlining its principal applications and op-

erational limitations; (ii) reviews machine learning approaches proposed to accelerate
DIC, highlighting their reliance on high-resolution images; and (iii) surveys real-world
sensor-placement optimisation in structural health monitoring and related fields.

2.1. Introduction to DIC, Possible Applications and Limitations

DIC is a non-contact optical technique that estimates the surface deformation gradient
from images of a speckled specimen, computing high-spatial-resolution displacement
and strain maps [14]. DIC works by tracking the movement of pixels in camera images,
allowing for the interpolation and generation of a complete deformation field. For precise
displacement measurement on a specimen’s surface, the image is divided into unique pixel
subsets. The sum of squared differences (SSD) criteria, such as the zero-mean normalized
sum of squared differences (ZNSSD) used in this study, are employed to maximise the
cross-correlation of a pixel subset between images. Thanks to the non-contact, full-field
coverage attributes of DIC, it has been applied in numerous full-scale tests of composite
structures [15].
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2.1.1. DIC Applications in Wind and Tidal Energy Sectors

DIC has been widely used in wind turbine blades for characterising the dynamics of
structures [16], health monitoring [17], as well as static and fatigue tests [18–20]. A DIC
application in the wind sector, presented in [21], shows how DIC has been used for in
situ deflection monitoring of a 3.2 MW wind turbine, with a rotor diameter of 114 m.
Two cameras are placed at 205 m from the turbine, and the in-plane, out-of-plane and
torsional deflections are computed in image post-processing. They are in good agreement
with the results of aeroelastic simulations carried out for the wind turbine blade, based on
simultaneous wind measurements. Similarly, authors in [22] measure the blade deflection of
a 2.5 MW, 80 m diameter wind turbine. Four cameras placed 220 m away from the turbine
are used in the on-site experiment. The research findings show that the displacement
can be measured with an absolute error of 25 mm. The work done by [17] shows the
application of DIC to compute both strain and displacement maps for a 5 kW, 4 m diameter
wind turbine. The DIC measurements are subsequently used for real-time, on-site health
monitoring. The study by [23] presents the application of DIC to a use case similar to the
one at FastBlade, where two cameras are used to monitor the strain distribution on a 14.3 m
long wind turbine blade, undergoing cyclic stressing. The paper describes the test setup in
detail, including camera spacing and DIC operation settings, providing a valuable reference
for tests carried out at FastBlade.

A review of the state-of-the-art structural testing of tidal turbine blades [24] mentions
the benefits of using DIC for monitoring the properties of tidal turbine blades under test. It
also states that the method has been applied to measure strain and deflection in the test
centre in Galway, Ireland [25,26], as well as to measure the strain distribution across the
blade in Newcastle, UK [27] and at FastBlade [9].

2.1.2. Relevant DIC Limitations

DIC has proven effective for monitoring large composite structures such as wind and
tidal turbine blades. Its practical deployment at scale is constrained, however, by three
factors: (i) the computational burden of subset correlation and strain calculation grows
with image resolution and field of view; (ii) acquisition of high-resolution images imposes
high bandwidth and storage demands, which is problematic for long fatigue tests; and
(iii) optical requirements preclude subsea operation. It is worth noting that efforts have been
made to pursue underwater DIC, including the development of refraction-compensation
algorithms [28], sealed binocular systems [29], and broader feasibility studies [13]. Ocean
conditions, however, such as turbulence, biofouling, and variable illumination, remain
significant challenges to reliable imaging.

2.2. The Use of Machine Learning in DIC

Machine learning (ML) has been incorporated into DIC pipelines primarily to ac-
celerate the computation of full-field displacement and strain maps from raw images by
bypassing the subset correlation step. In [11], a convolutional neural network (CNN)
computes displacement fields directly from speckle images, achieving inference speeds
two orders of magnitude faster than conventional algorithms. A similar approach has
been demonstrated in [12,30], where the authors use a synthetic dataset to train CNNs to
reconstruct both displacement and strain fields, corresponding to the given speckle pattern.
The authors of [31] suggest that combining physical knowledge with ML can be used to
expand on the black-box approach of the existing models for displacement and strain map
reconstruction, and report increased prediction accuracy. It is worth highlighting that
no studies have been identified which incorporate the use of ML models to reconstruct
high-resolution displacement and/or strain fields from sparse measurements.
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The Limitations of the Existing ML Approach

ML-based DIC methods have primarily been developed to accelerate the conventional
pipeline by mapping full-resolution speckle images directly to displacement/strain fields,
bypassing iterative subset correlation. Despite the gains of the referenced methods, several
practical challenges remain for large-scale structural testing. They assume that systems are
equipped with suitable bandwidth and storage to manage the collection of high-resolution
raw camera images. While it might not constitute a problem in certain test arrangements,
monitoring larger specimens, such as tidal turbine blades, presents an inevitable challenge
if high-resolution images need to be recorded over extended periods. Therefore, the recon-
struction of high-resolution fields from sparse physical measurements is identified as a gap
in ML-related DIC research. Moreover, networks trained on synthetic data may degrade
when provided with actual camera readings, requiring re-training. In this work, we use test
data to explore the efficacy of methods capable of reducing the amount of experimental data
collected, such as the optimisation algorithms for sensing locations, which are introduced
in the following sections.

2.3. Sensor Placement Optimisation

Numerous examples across the natural sciences and engineering demonstrate that
optimising sensor locations enables accurate reconstruction of high-resolution fields from
sparse measurements, when historical system data, typically a low-dimensional basis
extracted from past measurements, is used as a prior. In many studies, the selection step is
performed via QR factorisation with column pivoting (QRCP) [32–36]. The rationale for
this choice is outlined in Section 3.3.1.

The work presented in [32] introduces the paradigms of sparsity and compressed
sensing as a preliminary to tailored sensing, which results in better sensor optimisation for
reconstruction thanks to the use of historic measurements. The mathematical formulation
of the problem is given, and the computation of optimal sensor locations is presented for
the reconstruction of fluid flow fields past a cylinder, photographs of human faces, or ocean
surface temperature maps. The reconstruction results are shown and compared against
alternative sensor selection methods, proving the superiority of applying QRCP in related
problems. [33] further extends this method to cases where optimising the location of sensors
is influenced by an associated cost function, showing applications to the same real-life
data as [32].

QRCP has been applied to reconstruct high-resolution radio-frequency atomic mag-
netometer scans of an indented aluminium plate in a non-destructive testing application,
supporting the accelerated calibration of the test setup [37]. The publication by [35] presents
a similar application to the objective of our work, where the distribution of strain sensors is
optimised on the surface of an antenna. The surface strain readings are subsequently trans-
formed into the deformation of the shape. The authors apply an iterative sensor placement
technique, where the starting configuration is obtained with the aid of QR factorisation,
and the following sensors are added using a sequential sensor placement algorithm.

A high-precision, industrial application is presented in [36], which shows the use of
the sensor placement algorithm based on QRCP to predict the locations for shims, inserted
to enhance the structural rigidity of a composite Boeing aircraft wing. The locations are
determined using high-resolution laser wing scans. To enhance the method’s performance,
the authors compute robust principal component analysis (RPCA) on the dataset before
optimising the sensing locations. RPCA is a method of estimating the dominant principal
components with strong insensitivity to outliers [38], and its application yields a training
dataset with a reduced noise level, enhancing the detection of low-level data patterns.
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The authors set an absolute reconstruction error threshold and reach the reconstruction
accuracy of 99%, using around 3% of the original scan locations.

These studies suggest that data-driven placement using QR factorisation is a reliable
and efficient route to sparse sensing for high-dimensional fields. The presented work
adopts the same philosophy for tidal turbine blades at FastBlade, as a low-rank basis
derived from historical DIC maps, denoised via RPCA, supports the optimisation of sparse
sensing locations, enabling reconstruction of high-resolution deflection and strain fields
from a fraction of original measurements.

3. Method
The literature review establishes that DIC is a promising tool for monitor-

ing tidal turbine blades. To address the problems of high bandwidth and signifi-
cant computational requirements, we avoid collecting full-resolution images by op-
timising sensing locations. This section presents the associated pipeline, includ-
ing data pre-processing and reconstructing the high-spatial-resolution displacement
and strain maps from sparse measurements. The reader is encouraged to re-
fer to the corresponding section in the Supplementary Materials, where the RPCA
(featuring the alternating directions method (ADM) [39]) and sensing location optimisa-
tion derivations are described in more detail.

3.1. Dataset Pre-Processing

A single system measurement, denoted by x, is a 2D map computed through DIC. Since
the same sensing location optimisation method can be applied to both displacement and
strain maps, x can represent either of them. First, all measurements must be pre-processed
to eliminate any non-numeric values, referred to as NaNs, which appear in the data in
areas where the DIC cannot compute displacement information. Their presence prohibits
operations such as QRCP from being performed on the dataset. Therefore, the following
operation on x is defined:

f (x) = x f , n (1)

where f transforms the original 2D map into a 1D array x f , removing any NaN entries
from it, and the array n contains NaN locations within x. Once the NaN entries have
been removed from the flattened measurements x f , they are concatenated as columns
to form the dataset X, used to optimise the sensing locations. X has the dimensions of
m × n, where m is the length of x f , and n is the total number of maps recorded. Each
flattened measurement x f can be subsequently reshaped into a 2D map again through
the operation f ′:

f ′(x f , n, a, b) = x (2)

where a and b are the original width and height of x.

3.2. Robust Principal Component Analysis

The RPCA technique can be used to remove outliers from a dataset of high-dimensional
samples, even when some of the dataset entries are obliterated. The published applications
involve processing fluid flow fields [40], human faces, or surveillance camera images [38].
RPCA decomposes the matrix containing raw data, X, into the sum of two other matrices,
L and S:

X = L + S (3)

where L is a low-rank matrix, implying that it is characterised by dominant coherent
structures and thus contains highly correlated data, and S is sparse, isolating the outliers
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present in X. In our research, X represents the raw dataset of displacement/strain mea-
surements, and L corresponds to the dataset with removed outliers (for further details see
Supplemental Material).

3.3. Sensor Placement Optimisation for Reconstruction
3.3.1. Tailored Sensing

The work by [32] defines tailored sensing as the strategic choice of individual sensing
locations in a system to reconstruct a full-resolution image with high accuracy, provided
that a sufficient number of historical measurements of the complete system are avail-
able. When r optimal sensing locations are considered, the problem is formulated in the
following way:

y = Cψra (4)

where C is the sensing location matrix, y contains r corresponding system measurements, ψr

is a reconstruction basis derived from historical measurements, and a is the vector used for
image reconstruction. An observation made by [32] is that near-optimal sensing locations
C can be found through computing QRCP on ψr. QRCP is a process of decomposing a
matrix into an orthonormal matrix and an upper triangular matrix. The pivot locations are
selected in an iterative process, where the entry with the largest L2 norm is considered [41],
and the remaining entries are orthogonalised with respect to it. Using this process, system
locations with minimal information redundancy are found, which is desirable for sensing
location optimisation.

The basis ψr can be constructed from the dataset X using a dimensionality reduction
technique to obtain features representative of the entire dataset. In this work, singular-
value decomposition (SVD) is used. SVD decomposes the matrix into a product of three
matrices, where U and V are orthonormalised matrices of row and column singular vectors,
respectively, and Σ is a diagonal matrix of singular values [42]. It is also possible to
approximate X using just the first r features:

X ≈ UrΣrVT
r . (5)

The linear combination of the columns of U can be used to reconstruct any sample
from the original dataset X. Thus, Ur entries are an approximation of the system and can
be adapted on a system-specific basis ψr.

Considering the Equation (4), once the system measurements y are collected, the only
remaining unknown a can be obtained from the relation. Successively, the reconstruction of
the original high-dimensional measurement, x̂ f , can be computed:

x̂ f = ψra. (6)

For further details, see Supplemental Material.

3.4. Processing Pipeline

The processing pipeline incorporated in the paper is outlined in Figure 2, with the
training and reconstruction parts highlighted. The pipeline applies to the reconstruc-
tion of both displacement and strain maps computed with DIC (for further details, see
Supplemental Material).
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Figure 2. (a) The preprocessing pipeline: RPCA is applied to the original dataset, effectively denoising
the maps. (b) The training pipeline: The original dataset (where white areas represent NaN entries)
undergoes flattening, the NaN entries are deleted, and the 1D matrices are concatenated. SVD is
used to construct a dataset-specific basis ψr, which is subsequently used to determine the optimised
sensing locations C. (c) The reconstruction pipeline: New system readings are taken, and each set of
readings can be used to reconstruct a full-dimensional image using ψr, which is then reshaped and
populated with NaNs through f ′.

4. Results
4.1. The Dataset

This subsection describes the parameters of the experimental setup and the basic
properties of the collected dataset.

4.1.1. Experimental Setup

The dataset used in this work was collected during a composite tidal turbine blade
test, in which the blade was deflected by three actuators working at a frequency of 1.0 Hz.
The maximum and minimum loads exerted by the blades within one cycle were 65 kN
and 15 kN, respectively. The blade was 5.25 m long and weighed 1588.59 kg. It also had
a natural frequency of approximately 18 Hz, and a cross-section described by the NACA
63-4XX aerofoil series. The thickness-to-chord ratio of the blade varied from 55% at the
root to 18% at the tip. The blade’s innermost portion had a cylindrical cross-section with a
thickness-to-chord ratio of 100% [10]. The experimental setup is presented in Figure 1b.

During a portion of the fatigue test, two camera pairs were used to record raw images
of the speckle pattern in the middle section of the tidal turbine blade between two support
saddles. The images were recorded at a frequency of 10.0 Hz, and the corresponding
displacement and strain maps were calculated during the post-processing process. The as-
sociated DIC parameters are presented in Table 1, and the detailed calibration parameters
can be found in Table A1 in Appendix A.

Table 1. DIC parameter settings.

Subset size 27 [pix]

Step size 9 [pix]

Correlation criterion ZNSSD [-]

Interpolation function Local Bicubic Splines [-]

Shape function Quadratic [-]

https://doi.org/10.3390/jmse14050408

https://doi.org/10.3390/jmse14050408


J. Mar. Sci. Eng. 2026, 14, 408 9 of 32

Table 1. Cont.

Stereo transformation Quadratic [-]

Pre-filtering Gaussian

Strain window 29 [-]

Virtual strain gauge 279 [pix]

Strain formulation Hencky

4.1.2. Virtual Strain Gauge Size Selection

Among the parameters presented in Table 1, the virtual strain gauge (VSG) size
deserves particular attention, as its dimensions may have a significant impact on the strain
field noise computed by DIC. It is also noted that the VSG size is related to the strain
window size by the following relationship:

VSGsize = (windowsize − 1)× stepsize + subsetsize (7)

where all considered values are presented in Table 1. The VSG size is determined from
analysis of the longitudinal strain (ϵxx), which is dominant for the specimen. Individual
pixels in the region of interest (ROI) are considered, and the resulting ϵxx values are com-
puted for the changing VSG size. In line with the instructions provided in relevant guides,
the VSG for which the highest strain value is obtained ought to be chosen. An example
of the obtained ϵxx variation is presented in Figure 3a. While the analysis of individual
pixels is likely to yield different VSG sizes due to data variation, the other part of the VSG
optimisation process involves noise analysis across a larger portion of the blade. Therefore,
a line is drawn along the neutral axis of the specimen, and different VSG sizes are used
to compute strain values for each pixel along the line. A sample process is presented
in Figure 3b, where the ϵxx variation is observed to confirm the theoretical prediction,
which states that increasing the VSG size contributes to noise reduction. On the other
hand, a larger VSG decreases spatial resolution [43]. Considering the data presented in
Figure 3a,b, the VSG size of 279 is adopted in the study.

Figure 3. (a) The ϵxx distribution for the single pixel marked, and the corresponding longitudinal
strain variation for a changing VSG size. (b) The ϵxx distribution with the central axis marked, and a
corresponding longitudinal strain variation for ten VSG sizes considered.
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4.1.3. The Datasets

The experimental data comprises 1374 sets of camera images, for which individual
displacement and strain maps can be computed. The DIC setup is capable of computing dis-
placement magnitudes in three directions, denoted as u, v, and w, as presented in Figure 4.
Moreover, the total displacement, d, is computed using the three individual components as:

d =
√

u2 + v2 + w2. (8)

In this work, the distribution of d is considered in the sensing location optimisation process,
as the information about the total displacement magnitude is more valuable than any of
the individual components alone.

Figure 4. The rendered image of the tested blade’s model. The naming convention for the three
directions relative to the blade’s surface is provided. The section of the blade investigated in this
work is marked in blue. The dashed line marks the central axis of the blade.

Strain values, which are calculated directly from the displacement distribution in three
directions, include axial strains ϵuu and ϵvv, and the shear strain ϵuv. These values can be
used to calculate the maximum principal strain, ϵ1 using [44]:

ϵ1 =
ϵuu + ϵvv

2
+

√
(ϵuu − ϵvv)2 + ϵ2

uv
2

. (9)

The maximum principal strain represents the largest possible normal strain acting in a
material [45]. Therefore, it is considered in the optimisation process in this work, as it pro-
vides the most conservative means to assess the feasibility of a structure to withstand loads.

The reconstructions for displacement and strain are reported separately in
Sections 4.3 and 4.4. To obtain an unbiased assessment, sensing locations are learned
strictly from a training set and evaluated on a disjoint validation set. For each dataset
(d and ϵ1), which contains 1374 maps, we randomly reserve 300 maps for validation and
use the remaining 1074 for training. Moreover, random permutation (with a fixed seed) is
applied to both datasets to break any temporal order in the acquisition sequence.

4.2. Preprocessing the Experimental Data

Quantifying the level of noise in the displacement and strain maps is inherently
difficult due to the lack of ground truths. Therefore, the nature of noise and its impact
on measurements can, to a large extent, only be speculated upon based on the available
information on DIC’s parameters. It is, however, possible to quantify the impact of different
denoising techniques on displacement and strain maps through the lens of low-rank
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representation. To this end, the original maps are compared with results computed using
RPCA (introduced in Section 3.2) and Gaussian filtering, a commonly applied technique
to counteract random, low-amplitude noise. The extent to which a given dataset can be
explained by low-rank components can be quantified by performing principal component
analysis (PCA) and constructing a relevant scree plot, which shows the amount of total
variance explained by a growing number of principal components. The scree plots for the
displacement and strain data are presented in Figure 5a and 5b, respectively.

Figure 5. Scree plots computed for the experimental (a) displacement, and (b) strain data. The graph
showing the variance of strain includes the 95% threshold and the number of principal components
required for each distribution to reach it.

Looking at Figure 5a, it is evident that the variance explained by the principal com-
ponents computed for the original dataset is smaller than that for the filtered data. RPCA
improves the amount of variance explained relative to data subject to Gaussian filtering
with σ values of 1, 3, and 5, but explains less variance than when σ = 7 is used. It is
observed, however, that even with a single principal component, the variance explained
exceeds 99%, a commonly used threshold in related problems. A more detailed look at the
impact of denoising on the data is presented in Figure A1 in the Appendix B, where the dif-
ference between the original and denoised values is computed for the entire displacement
dataset, and the distribution of this difference is plotted as a histogram. The difference
between the original and low-rank maps computed with RPCA is significantly smaller
than that with Gaussian filtering, with virtually all values falling into the bin closest to zero.
This suggests that, unlike using pre-set filters, RPCA promotes a low-rank representation
without blurring.

The analysis of cumulative explained variance for the strain data (Figure 5b) confirms
that the variance in the original data is better explained by the principal components
computed from the denoised data. In Figure 5b, there is also the number of principal
components indicated, which is required to surpass the threshold of 95% of explained vari-
ance. RPCA achieves the same score as Gaussian filtering with the σ value of 5, requiring
14 principal components to pass the threshold. The corresponding histogram visualis-
ing the distribution of differences computed between the original and denoised images
(Figure A2 in the Appendix B) confirms a similar trend to that described for displacement,
as the differences recorded for RPCA are, on average, significantly smaller.

4.3. Displacement

Following the discussion in Section 4.2, RPCA has been applied to the displace-
ment data. Figure 6 shows the results of the RPCA process for three randomly
chosen samples.
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Figure 6. The presentation of the raw d maps, x, and the associated RPCA results, where l is the low-
rank component, and s is the resulting sparse matrix. Rows (a–c) represent three randomly chosen
samples. The displacement units are millimetres, and each subplot has a corresponding colourbar.

Figure 6 shows that the values of s, comprising patterns that are poorly explained by
low-rank components, are small relative to the original displacement values. Moreover,
the visual inspection of the de-noised images, l, does not show a significant change in either
the magnitude or the distribution of displacement relative to the original maps, x.

4.3.1. Optimising Sensing Locations

The sensing locations are optimised using the method presented in Section 3.3.1.
Although the visual inspection of the original and low-rank displacement maps computed
with RPCA shows no major differences, the sensing location optimisation is attempted for
both X and L. It is worth highlighting that the sparse measurements used for reconstruction
(denoted as y in Section 3.3.1) are always extracted from the original maps X, since it is
assumed that data captured during normal operation would be noisy. To quantify the
reconstruction accuracy, relative reconstruction error, δrel, is computed using the following
relationship:

δrel =
mean(|x̂ f − x f |)

mean(|x f |)
. (10)

In the experimental procedure, a range of possible sensing location numbers is investi-
gated. For each of these numbers, reconstructions for all maps in the validation dataset are
computed. Once the corresponding reconstruction error has been calculated for all 300 sam-
ples, δrel values are averaged across all the samples to yield the averaged reconstruction
error for a certain number of sensing locations. The resulting relationship between the
number of sensing locations and the average reconstruction δrel for the entire validation
dataset is presented in Figure 7.

Figure 7 shows that, despite there being seemingly little difference between the raw
displacement maps and their low-rank representations, the reconstruction error is sig-
nificantly different for the X and L datasets. The non-processed dataset yields a higher
reconstruction error for all investigated numbers of optimal sensing locations. While the
reconstruction error for low-rank images generally decreases with the increasing number
of sensing locations, the relationship is significantly less stable for the unprocessed data.
For the purpose of more detailed analysis, the points for chosen sensor numbers are marked
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in Figure 7. They are referred to as elbow points, and constitute sensor configurations for
which the average δrel reaches a local minimum, prior to its increase over the subsequent
sensor number increment. The points with a higher average δrel relative to the previous
elbow point have been left out. The reconstruction error values for these points are shown
in Table 2.

Figure 7. The change in the average δrel varying with the number of sensing locations, computed for
d maps. One series of points was optimised for the dataset of raw images, X, and the other one for
the low-rank maps, L. Elbow points marked on the latter series represent sensor numbers for which a
significant drop in the reconstruction error is observed.

Table 2. Elbow point values recorded for the d reconstruction error variation.

Number of Sensors Average δrel

3 0.99%

6 0.71%

10 0.50%

17 0.46%

23 0.39%

26 0.38%

60 0.31%

80 0.30%

It has to be noted that the DIC measurement uncertainty is difficult to quantify,
particularly in an industrial setting [46]. Measurement error can stem from a variety
of sources, such as lens distortion, air turbulence, or image noise [47]. Considering the
test setup presented in this work, the uncertainty can be further magnified by camera
vibration, although care has been taken to minimise this undesired motion by installing
the cameras on a separate scaffolding. As a result, the accuracy of the displacement
maps computed from δrel can exceed the achievable DIC measurement accuracy. It is
therefore highlighted that the error in this work has been quantified relative to the DIC
maps, and not the displacement ground truth. The reconstruction accuracy relative to
the actual blade displacement would be a combination of the DIC setup accuracy and the
reconstruction accuracy, thereby magnifying measurement uncertainty relative to the δrel

values demonstrated in this work.
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To investigate the reconstruction results more deeply, the actual reconstructions for
some of the elbow points are presented in Figure 8. The associated sensor patterns are
presented and discussed in Appendix C.1.

Figure 8. The raw d map, x, the corresponding low-rank component, l, and high-resolution recon-
structions computed for 3, 23, and 80 sensing locations. Rows (a–d) represent four samples chosen
for illustrative purposes. The reconstructed samples have their relative reconstruction error value
plotted in the top-left corner.

Figure 8 shows selected reconstructions for 3, 23, and 80 sensors. The samples in the
figure are chosen to demonstrate the following events:

• Case (a): all reconstructions have high accuracy, and the error decreases with a growing
number of sensing locations;

• Cases (b) and (c): all reconstructions have relatively high error, but it is still observed
to decrease with an increasing number of sensing locations;

• Case (d): Three sensing locations still result in the largest error, but 80 sensors result
in greater error than 30 sensors.

The visual inspection of the displacement maps in row (a) shows no considerable
difference between the original sample and any of the presented reconstructions. Rows (b)
and (c) show a more complex displacement pattern, whose reconstruction visibly fails when
just three sensing locations are used. The difference between 23 and 80 sensors is subtle, yet
visible. The difference between 23 and 80 sensing locations is also visible in row (d), where
the former reconstruction case is visibly more similar to the original displacement map.

It can be observed that the high-accuracy reconstructions shown in row (a) are recorded
for larger blade deflections than in the other cases. The displacement values closer to the
tip of the blade (the right side of the maps) exceed 25.0 mm, while they do not reach 3.0 mm
in any other presented case. Better reconstruction results for higher displacements may
be a vital consideration for future applications, as high-load cases are more valuable in
assessing the blade’s fatigue.

4.4. Strain

The same steps as those described in Section 4.3 are followed to optimise the sensing
locations for the case of the maximum strain (ϵ1) maps. RPCA results for selected strain
map samples are presented in Figure 9.
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Figure 9. The presentation of the raw maximum principal strain maps, x, and the associated RPCA
results, where l is the low-rank component, and s is the resulting sparse matrix. Rows (a–c) rep-
resent three randomly chosen samples. Strain values are dimensionless, and each subplot has a
corresponding colourbar.

Similar to the displacement maps, the cases of RPCA decomposition presented in
Figure 9 show little difference between the original maps and the low-rank maps at visual
inspection. The only observable difference is presented in case (c), where higher strain
values form a spot in the top-left corner of x, which is removed from the low-rank represen-
tation. Subsequently, sensing locations are optimised for chosen r values using the original
and low-rank datasets, yielding the results presented in Figure 10.

Figure 10. The change in the average δrel varying with the number of sensing locations, computed for
ϵ1 maps. One series of points was optimised for the dataset of raw images, X, and the other one for
the low-rank maps, L. Elbow points marked on the latter series represent sensor numbers for which a
significant drop in the reconstruction error is observed.

Similar to displacement maps, elbow points are also marked in the diagram to high-
light the step changes in the average δrel . It is also evident that better reconstruction results
have been obtained with the low-rank dataset, L. A major difference between the results
obtained for displacement and strain is that the actual average error values are significantly
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larger, varying between 43.59% for three sensing locations and 16.31% for 100 sensors.
The δrel values for the elbow points are presented in Table 3.

Table 3. Elbow point values recorded for the ϵ1 reconstruction error variation.

Number of Sensors Average δrel

2 29.56%

6 27.47%

9 25.76%

12 24.70%

22 23.33%

27 21.80%

40 20.24%

80 16.52%

To provide better insight into the properties of the reconstructions, selected strain maps
are presented in Figure 11. The associated sensor patterns are presented and discussed in
Appendix C.2.

Figure 11. The raw maximum principal strain map, x, the corresponding low-rank component,
l, and high-resolution reconstructions computed for 3, 23, and 80 sensing locations. Rows (a–d)
represent four samples chosen for illustrative purposes. The reconstructed samples have their relative
reconstruction error value plotted in the top-left corner.

Similar to the case of displacement reconstructions, sample (a) presents three decent
reconstructions; cases (b) and (c) show some of the poorest reconstructions; and case
(d) represents an example where the error does not decrease with an increasing number
of sensing locations. The smallest average δrel is also recorded for values with the largest
magnitude, which might have a positive impact on the final application of the method if
the inspection of the blade’s condition focuses on the maximum loading case. Moreover,
although some of the average δrel values are very large (exceeding 100%), the general strain
distribution patterns are preserved in the reconstructions. Case (d) shows that increasing
the number of sensing locations might harm the reconstructions, as it seems that features
which are not originally found in the strain map appear in the reconstructed image.
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4.5. Real-Time Implementation

One of the major suggested advantages of the method presented is its ability to run
in real time, thanks to the collection of data from manually selected, sparse locations on
the specimen. The software used for DIC capture in this work is MatchID [48]. The frame-
work presenting the implementation details for a sample specimen is described in the
Supplementary Materials attached to this work.

To benchmark the results, and validate the proof-of-concept implemented in real
time, the following stages are considered: (a) reading a row of data from the MatchID’s
output file, representing a single-frame measurement; (b) computing ϵ1 from individual
displacement components (u, v, and w); (c) reconstructing a full-resolution image using the
pre-trained reconstruction matrix. The research procedure in this work assumed sensing
at most 100 locations per frame, which is why this number was chosen to benchmark the
process, presenting the worst-case scenario in terms of computational time.

The aim of the benchmarking is to evaluate the feasibility of the computational method,
and not the DIC hardware specifications, such as the cameras, wiring, and the processing
computer, as they also constitute a limiting factor in conventional approaches. Therefore,
the benchmarking process neglects the time required for physical measurements, image
transmission from the cameras, and the output of the individual displacement data points.
In the benchmarking test, the strain computation from displacement data was replicated
in a Python (release 3.13.11) script, using the same VSG size as that used in the setup
described in this work. The benchmarking cycle count was set to 36,000, corresponding to
1 h of running DIC at 10.0 Hz. The benchmarking results, together with the contribution of
each stage, are presented in Table 4 below. The results were obtained using a computer at
FastBlade with an AMD EPYC 7513 processor and the following specifications: 64 cores,
128 logical processors, and a base speed of 2.60 GHz.

Table 4. Average benchmarking results for 36,000 cycles.

Process Time (s) Time Ratio

Loading displacement data 0.09044 95.04%

Computing ϵ1 values 0.00135 1.42%

Full-resolution field reconstruction 0.00337 3.54%

Total 0.09516 100.00%

The results show that at the current processing rate, the required time is shorter than
0.1 s, which is the maximum permitted time interval for real-time operation at 10.0 Hz.
Since the default MatchID setting causes each incoming measurement to appear as a new
row in the output file, an important consideration for long tests is the time required to
open the resulting data frame. Considering the benchmarking results presented, there is
limited time overhead to allow handling larger fields. It is, therefore, advised that ways
to overcome this potential overhead are envisaged for the future. These include saving
each measurement in a new text file, exploring binary representation to save memory,
and parallelising tasks across processing units.

5. Comparison with Other Sensing Location Distributions
In this section, we benchmark the proposed sensing-location optimisation against

two practical, unoptimised layouts on the same blade section: (i) random placement, and
(ii) uniform grids, mimicking a possible engineer’s choice. These baselines test whether the
presented sensing location optimisation method improves reconstruction quality for the
same sensor numbers.
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Moreover, the efficacy of matrix multiplication used in the presented method is tested.
To this end, for each sensor layout, full fields are reconstructed with several commonly
used methods:

• Matrix multiplication: This is the default approach used with our optimised layout. It
projects the sparse measurements onto the dataset-specific basis learned from training
data and fills the entire region of interest.

• Nearest-neighbour interpolation: Each pixel is assigned the value of the closest sensed
location, with the distances often found using l1 norm or Manhattan distance [49]. It
is fast and can extrapolate, but produces piecewise-constant fields.

• Bicubic interpolation: A standard cubic image-processing scheme that yields smooth
fields between measured pixels [50]. However, it cannot extrapolate beyond the
convex hull of the sensed points, so any area outside the measurement envelope
remains unreconstructed when sensors are sparse.

• Kriging: An interpolation method based on a Gaussian process using prior covari-
ance [51]. In addition to the sparsely sampled data, kriging requires knowledge of
a variogram model [52]. The method is valued for its computational efficiency. Two
types of kriging have been considered, namely ordinary kriging (OK) and universal
kriging (UK). OK assumes that the mean value is locally constant [51]. The UK extends
the use of OK by integrating drift parameters, which allow for deterministic fluctua-
tions in the mean [53]. UK is applied in this work to reduce the number of assumptions
about the collected data, and regionally linear drift terms are used. The adjustable
variogram parameters are sill, range, and nugget, set to 1.5, 115.0 (half of the image’s
width), and 0.5, respectively. The explanation of the individual parameters can be
found in [54].

• Biharmonic inpainting [55]: We evaluated this method for completeness, but it is too
slow for real-time use for the number of dimensions considered. Using an 11th Gen
Intel® i7 (four physical/eight logical cores), the mean runtime was 8.66 s per frame,
compared with 0.29 s for basis projection (about 30× slower). It is therefore excluded
from subsequent comparisons.

All layouts and reconstruction methods are evaluated in the same way as in
Section 4.3.1. For each sensor number, we reconstruct every map in the validation set
and report the average δrel computed over valid pixels.

5.1. Random Sensor Arrangement

Random sensing locations comprise the same number of sensing locations as the r
numbers considered in the earlier sections. As random sensing locations are generated
using five random seeds, the lowest of the five obtained reconstruction errors is considered
in each case to provide a fair assessment.

5.1.1. Displacement Reconstructions Using a Random Sensor Arrangement

We evaluate random layouts for displacement maps under three reconstruction
schemes: matrix multiplication, nearest-neighbour interpolation, and bicubic interpo-
lation. Figure 12 compares these baselines against the previously optimised placement
learned from L, showing reconstruction error versus the number of sensing locations for all
three reconstruction methods.
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Figure 12. The change in the average δrel varying with the number of sensing locations, computed
for d maps using the optimised sensing locations, as well as random sensing locations, computed
with: matrix multiplication; nearest neighbours interpolation; bicubic interpolation; and kriging.
To enhance the readability of the plot, the vertical axis is on a logarithmic scale.

The results in Figure 12 show that the choice of reconstruction algorithm has a major
impact on reconstruction quality. Apart from the results obtained for random locations
using matrix multiplication, most data points show a decreasing average δrel with an
increasing number of sensing locations. Among the random baselines, bicubic interpolation
appears the closest, yielding better results than the previously obtained data for three and
four sensing locations. However, as previously observed, bicubic interpolation cannot
extrapolate beyond the convex hull of the measured points. Consequently, its error is
computed only over the subset of pixels that are actually reconstructed, which can make
bicubic look deceptively accurate when coverage is sparse. To make this limitation explicit,
Figure 13 reports the fraction of reconstructed pixels relative to the full image for bicubic
interpolation as the number of sensors increases.

Figure 13. The approximate ratio of the number of pixels reconstructed using random sensing
locations and bicubic interpolation to the total number of pixels in the original image, varying with
the number of sensing points considered. Each data point is an average ratio computed across all five
random seeds considered.

Due to the limitations of bicubic interpolation, the number of reconstructed pixels is
low when few sensing locations are used. Beginning at less than 10% for three sensors,
50% of pixels are only reconstructed when 13 sensors are used, and 80% of pixels for
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60 sensing locations. In practical terms, despite a low reconstruction error, the results offer
limited benefits, as the displacement distribution across only a portion of a structure can
be reconstructed.

5.1.2. Strain Reconstructions Using a Random Sensor Arrangement

Using the same method as for displacement (Section 5.1.1), we assess strain-field
reconstruction under random sensor placement and compare it with the optimised layouts.
The resulting comparison of δrel , averaged over all 300 samples in the test dataset, is
presented in Figure 14.

Figure 14. The change in the average δrel varying with the number of sensing locations, computed for
ϵ1 maps using the optimised sensing locations, as well as random sensing locations, computed with:
matrix multiplication; nearest neighbour interpolation; bicubic interpolation; kriging. To enhance the
readability of the plot, the vertical axis is on a logarithmic scale.

Except for two very sparse cases (r = 4 and r = 5), random layouts yield higher
errors than the optimised placements across all sensor counts and reconstruction methods.
As observed previously (Section 4), strain reconstructions are generally less accurate than
displacement reconstructions, reflecting the greater spatial complexity of strain fields and
the amplification of noise by numerical differentiation.

Still, the apparent advantage of bicubic interpolation at small r is misleading because
it cannot extrapolate outside the convex hull of sensed points. The corresponding coverage
curves (fraction of reconstructed pixels) mirror the displacement case in Figure 13.

5.2. Grid Sensor Arrangement

Grids provide even spatial coverage without any prior information about defor-
mation patterns and are straightforward to implement in test campaigns. We evaluate
four densities, applied to both displacement and strain experiments: 4 × 4, 6 × 6, 8 × 8,
and 10 × 10. If a node lies in a masked (NaN) area or outside the region of interest,
the corresponding sensor is omitted. As a result, the effective number of sensors may be
slightly lower than the nominal grid size. The considered sensor distributions are presented
in Figure 15.
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Figure 15. Four grid-based sensing location distributions considered in this work. Each subplot has a
label comprising the outer dimensions of the grid and the total count of the sensing locations present
on its surface.

5.2.1. Displacement Reconstructions Using a Grid Sensor Arrangement

The δrel values obtained for displacement maps reconstructed with grid-arranged sen-
sors are presented in Figure 16. Each point obtained for the grid arrangement is positioned
along the x-axis based on the total number of sensors used in the sensing configuration.

Figure 16. The change in the average δrel varying with the number of sensing locations, computed for d
maps using the optimised sensing locations, and sensing locations arranged in a grid, computed with:
matrix multiplication; nearest neighbours interpolation; bicubic interpolation; kriging. To enhance
the readability of the plot, the vertical axis is on a logarithmic scale.

First, based on Figure 16, grid layouts paired with matrix multiplication, kriging,
or nearest-neighbour interpolation are significantly less accurate than the optimised place-
ments at the same sensor numbers. Second, bicubic interpolation on a grid performs closer
to the optimised results, especially as more sensing locations are used. Unlike the random
layouts, even spacing improves the convex-hull coverage, so bicubic interpolation recon-
structs a larger fraction of the region of interest. Therefore, it is decided to examine the
reconstruction error more closely to investigate how it varies for individual test samples.

To compare the methods on a per-sample basis, each grid is paired with a nearby
optimised sensor number. When the exact grid count was not used in the original optimi-
sation sweep, we deliberately chose the next lower optimised count to avoid biasing in
favour of optimisation, resulting in pairs: 15–15, 30–34, 60–60, and 90–92 sensors. Figure 17
shows the distribution of the average δrel values across all 300 validation samples for these
four pairs.
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Figure 17. The δrel variation across 300 samples in the test dataset for optimised sensing locations
and grid-arranged sensing locations, with the following sensor counts: (a) 15 sensors each; (b) 30 and
34 sensors, respectively; (c) 60 sensors each; (d) 90 and 92 sensors, respectively.

Across all four comparisons, the optimised placements exhibited a consistent down-
ward offset in error relative to the grid layouts, i.e., lower error for nearly every sample at
comparable sensor counts. In addition, matrix multiplication with the optimised layout re-
constructs the entire blade section, whereas bicubic calculations on a grid cannot recover the
perimeter beyond the measurement envelope. These results indicate that for displacement
reconstructions, the proposed optimised placement method provides superior accuracy at
the same (or fewer) sensors than uniformly spaced grids.

5.2.2. Strain Reconstructions Using a Grid Sensor Arrangement

We repeat the grid-based analysis for strain fields using the same sensor layouts.
The comparison of the average δrel values computed across all test samples is presented in
Figure 18.

Figure 18. The change in the average δrel varying with the number of sensing locations, computed for
ϵ1 maps using the optimised sensing locations, and sensing locations arranged in a grid, computed
with: matrix multiplication; nearest neighbours interpolation; bicubic interpolation; and kriging.
To enhance the readability of the plot, the vertical axis is on a logarithmic scale.
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Similar to the case of random sensor arrangement, strain map reconstructions result
in greater reconstruction errors than the respective displacement maps. The trace plotted
for optimised sensing locations shows that the corresponding reconstruction accuracy
exceeds the competing methods, with matrix multiplication resulting in the highest er-
ror, and the nearest-neighbour algorithm beating bicubic interpolation and kriging in
most cases.

6. Discussion and Future Work
6.1. Time Window and Life Evolution

The sensing locations and reconstruction basis in this study are learned from a finite
window of the available fatigue campaign, raising questions about its capacity to capture
slow shifts in deformation patterns associated with possible damage accumulation, temper-
ature drift, surface-condition changes, or boundary-condition variations. These limitations
are well-recognised in full-scale blade testing [56–58]. To address this concern, we use
independent instrumentation data available throughout the extended fatigue campaign
(30,000 cycles, equivalent to 20 years of experiencing tide changes), and analyse the rela-
tionship between (i) strain-gauge response and (ii) root-bending moment. For more details,
see [9].

Using three actuators at fixed blade locations, we observe that the strain-load mapping
remains approximately linear considering the peak values after 3× 104 cycles (see Figure 19).
We analysed two strain-gauge locations in the section of the blade covered by the DIC
region of interest (ROI): strain gauge 3_1 on the top side and strain gauge 3_4 on the
bottom side. For the monitored interval, location 3_1 has a representative goodness-of-fit
of R2 ≈ 0.73, and location 3_4: R2 ≈ 0.72. This supports the assumption that the dominant
load–strain relationship is sufficiently stationary for sparse reconstruction over the tested
range and is time-invariant under elastic behaviour. Moreover, the reconstruction method
presented in this work (see Equation (6)) ensures that the linear scaling of the measured
quantities also linearly scales the reconstructed outputs.

Figure 19. Root bending moment vs. staring at the peak of each cycle for locations (a) 3_1 and (b) 3_4.
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6.2. Strain Noise Origin

The experimental results show that displacement map reconstruction achieves far
better accuracy than the equivalent strain maps. The most obvious reason for this is
the increased complexity of the strain patterns relative to the displacement distribution.
However, it is possible that strain variations not only represent more complex physical
behaviour, but are also significantly impacted by noise. Strain noise originates primarily
from displacement uncertainty and differentiation. To find a plausible explanation, it is
considered that strain is obtained from displacement measured along the three princi-
pal axes, and according to [44], the maximum principal strain ϵ1 is calculated with the
following formula:

ϵ1 =
ϵx + ϵy

2
+

√
(ϵx − ϵy)2 + ϵ2

xy

2
(11)

where ϵx and ϵy are linear strains in the x- and y-directions, and ϵxy is the shear strain in the
xy plane. Each strain component needed to compute ϵ1 can be calculated as follows [59]:

ϵx =
1
2

(
2

∂u
∂x

+

(
∂u
∂x

)2
+

(
∂v
∂x

)2
)

(12)

ϵy =
1
2

(
2

∂v
∂y

+

(
∂u
∂y

)2
+

(
∂v
∂y

)2
)

(13)

ϵxy =
1
2

(
∂u
∂y

+
∂v
∂x

+
∂u∂u
∂x∂y

+
∂v∂v
∂x∂y

)
(14)

where u and v are displacement components. Thus, strain depends on first derivatives
and products of derivatives of the displacement field, which could yield higher noise for
strain reconstructions than for displacement. On the other hand, since small strains are
considered, the product terms are likely to be small and have little effect on the result.

Therefore, it is more likely that the increased noise levels in the strain measurements
result directly from the DIC computation process. In the process of matching pixels with
varying lighting conditions, among other filtering techniques, the DIC algorithm reduces
the displacement noise level by applying a local smoothing function [60]. Additionally,
the computation of strain maps from displacement data greatly depends on the size of the
virtual strain gauge (VSG), which is a spatial filter for strain computation. Larger VSG
sizes result in smoother strain maps, but they introduce bias error and decrease spatial
resolution [43]. Therefore, the VSG can be downsized to recover more spatial information,
simultaneously raising the risk of noise. The VSG size is thought to contribute the most to
the high noise levels observed in the strain distributions considered in this work.

Although RPCA is effective at suppressing outliers in image-like datasets, it is not
specifically designed to attenuate the high-frequency measurement fluctuations that be-
come prominent in strain fields. In DIC, strain is obtained through spatial differentiation
of the displacement field, which acts as a high-pass operation: both random subpixel
uncertainty and systematic interpolation bias in displacement estimates are amplified
when computing strain components [61–64]. Consequently, a denoising step that preserves
low-rank structure (such as RPCA) can yield only a modest visual difference for strain
maps, even when it improves displacement fields.

The fact that the strain reconstructions obtained with the optimal method presented in
this work greatly outperform the competing methods is also attributed to the increased
complexity of the maps. This is in contrast to the case of displacement, where, in some
cases, the grid-like sensor placement can also produce promising results. However, all
the comparisons run show that the method presented in this work is superior, which is
attributed to the a priori knowledge of the system.
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6.3. Possible Extensions to Real-Time Tests

The presented results are promising when up to 100 individual measurement points
are considered. Using MatchID, it is possible to manually choose the locations of the
recorded pixels. Operating at up to 100 locations, it is thought that all arrangements
presented in this work could be feasibly set in the software, providing displacement and
strain information alike. Another possible application of the optimisation technique shown
in this work is the manual application of physical strain gauges at the optimised loca-
tions. Although hardware costs, wiring, and data transmission would cap the sensor
count (and thus increase reconstruction error), the ability to reconstruct a high-resolution
strain map in service would be unprecedented. We also observe that errors tend to de-
crease at higher load levels, suggesting that reconstructions under peak operating loads
may be especially informative. While further investigation into the direct strain mea-
surement is encouraged, direct in-ocean displacement sensing remains challenging with
current technology.

6.4. Limitations of the Proposed Solution and Future Work

All reconstruction errors reported in this work are computed with respect to the
DIC-estimated fields, which themselves carry measurement uncertainty. So, a method
that favours a low-rank representation can smooth out parts of the data that are ac-
tually noise or artefacts from correlation or interpolation, and therefore may yield a
small discrepancy relative to the DIC output without implying physically better-than-
truth accuracy [62,65]. Accordingly, we interpret small relative errors as consistency
with a denoised representation of the DIC-measured field rather than as an absolute
accuracy claim. Independent displacement measurements (e.g., LVDT/laser tracking)
would provide a valuable external reference and are identified as future validation when
instrumentation permits.

The principal limitation of our study lies in its representativeness of the life of the blade,
which is constrained by the size and temporal coverage of the DIC dataset used. Section 6.1
aims to justify the credibility of the study, given that the blade continues to operate in the
elastic region. However, since both RPCA and the sensing-location optimisation benefit
from rich historical data, a limited training set may reduce reliability and may not capture
degradation-induced changes in deformation patterns. Therefore, a useful extension to this
work would be repeating the same test procedure on data collected throughout the entire
fatigue test, so that samples representative of different wear levels are used in the process,
and the assumptions made are validated.

Another limitation of the presented work is the fact that the quality of the achieved
strain reconstructions might be considered unsatisfactory, as the average δrel is still above
15% for 100 sensing locations. This may have significant implications due to the presence
of strict testing standards (such as DNVGL-ST-0164 [66] for tidal turbines), making this a
method which, in its current state, cannot be used for certification purposes. Although there
may be reasons to accept lower reconstruction accuracy, given the drastic reduction in
recorded data and the theoretical possibility of maximising the amount of strain information
collected from strain gauges (such as during underwater operation), it is advisable to
explore possible improvements. Apart from incorporating ML (described in Appendix D),
it is advised that strain maps are not reconstructed directly, but through the primary
reconstruction of displacement fields. In such a scenario, displacement along the three axes
can be reconstructed with high fidelity, which can later be processed and used to compute
a corresponding strain map, possibly less affected by noise.
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7. Conclusions
The major bottleneck for DIC in full-scale blade testing is the acquisition, transmission,

and storage of high-resolution images required for displacement and strain estimation.
Exploiting redundancy in historical DIC fields makes tailored sensing viable by learning a
low-rank basis and optimising a small set of point measurement locations to reconstruct
full-resolution maps from sparse data. In a laboratory DIC setup, these points correspond
to individually recorded pixels, whose values are used to recover the original-resolution
total displacement or maximum principal strain field.

The reconstruction results computed for the dataset of displacement maps show that
high-resolution images can be reconstructed with an average δrel below 1% when at least
five sensing locations are used. Due to the way in which strain maps are computed from
displacement information, noise levels in the strain maps are magnified, and the resulting
patterns are more complex. Therefore, the method reconstructs the strain maps with
poorer accuracy, and according to the experimental results, more than 40 sensors need to
be used for the average δrel to decrease below 20%. One of the implications of the high
strain reconstruction error is its likely incompatibility with testing standards/protocols,
supporting the search for possible improvements of the method.

Comparisons against placement and interpolation baselines show that neither al-
ternative layouts (random or uniform grids) nor alternative reconstruction techniques
(kriging, nearest-neighbour or bicubic interpolation) outperform the proposed pipeline at
matched sensor numbers. The results closest to the optimised findings were computed for
the displacement maps using bicubic interpolation for grid-arranged sensors. However,
a closer examination of the error distribution reveals that the proposed method consistently
outperforms the competitor for nearly all samples in the validation dataset.

In addition to optimising the location of collected pixels in a fatigue test of a tidal
turbine blade, it is suggested that strain map reconstruction could be attempted from
physical strain gauge readings. Considering the problem domain, this approach might be
applicable to increasing the amount of data collected from a specimen operating underwater.
Although the relatively high strain error values are certainly a disadvantage of the method,
the ability to obtain high-resolution strain data from in situ blade operation would be
unprecedented, and could justify further development and experimental validation. Also,
the measured error values tend to be lower for the high-loading cases, which are more
important from the maintenance standpoint.

A significant limitation of the presented work is its reliance on data collected during
a portion of a fatigue test. It is therefore suggested that data from multiple test periods
is incorporated in the training procedure in future work, to account for the changing
distributions of displacement and strain. Finally, in light of remarkably better reconstruction
performance for displacement maps, it is suggested that instead of optimising sensing
locations for strain maps directly, their computation from reconstructed displacement maps
is evaluated.

Supplementary Materials: The following supporting information can be downloaded at:
https://www.mdpi.com/article/10.3390/jmse14050408/s1, Figure S1: The sample used in the mock
live-tracking procedure.; Figure S2: The sample during the calibration procedure, performed using
the purpose-designed plate.; Figure S3: A screenshot of the software, showing the manual selection
of four points on the surface of the specimen.; Figure S4: A screenshot of the software, showing:
(a) image from the first camera with the considered points marked; (b) image from the second cam-
era; (c) real-time total displacement chart for each point considered; (d) total displacement values
displayed for each point.
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Appendix A. DIC Calibration Parameters
The retrieved calibration parameters for the DIC setup are shown in Table A1.

Table A1. DIC calibration parameters.

Parameter Value Parameter Value

Speckle size 5.0 No. of distortions 5

Camera 0 Intrinsic Parameters

Fx 3585.93 Fs 1.96
Fy 3584.25 K1 −0.145
K2 0.188 K3 0.345
P1 −0.0000107 P2 −0.00304
Cx 2008.68 Cy 1041.48

Xoffset 0 Yoffset 0

Camera 1 Intrinsic Parameters

Fx 3578.09 Fs −0.191
Fy 3577.43 K1 −0.140
K2 0.0714 K3 1.664
P1 0.000198 P2 0.00431
Cx 2125.04 Cy 1089.60

Xoffset 0 Yoffset 0

Extrinsic Stereo Parameters

Tx −553.34 Theta 0.404
Ty −3.83 Phi 18.45
Tz 60.36 Psi 0.302

Appendix B. Histograms Computed for Denoised Displacement and
Strain Data

Figure A1 shows the differences computed between the collected displacement data
and the denoised datasets. The low-rank representation computed with RPCA is denoted
as L, and the matrices denoted as M contained data which underwent Gaussian filtering,
with their subscripts containing the σ value used for denoising.
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Figure A1. The histogram of the differences computed between the displacement data and the
denoised data, distributed over 50 bins.

Figure A2 shows the differences computed between the collected strain data and the
denoised datasets, following the same naming convention as the displacement case.

Figure A2. The histogram of the differences computed between the strain data and the denoised data,
distributed over 50 bins.

Appendix C. Sensing Location Patterns
Appendix C.1. Displacement

Figure A3 presents the optimal sensing patterns associated with different numbers of
sensors considered. The minimum number of sensors presented is three, and the maximum
number is 80. The intermediate cases of 10 and 23 sensing locations are also presented,
as for these patterns, it should still be feasible to manually choose pixels to be measured
with DIC or any other sensing technique.

All sensing configurations presented in Figure A3 exhibit a wide spread across the
considered blade section. When just three sensing locations are optimised, they are placed
at the edges of the map. However, when more sensors are used, they appear to be placed
along horizontal lines, capturing the biggest changes in the displacement of the blade.
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Figure A3. The visualisation of the optimised displacement sensing locations for 3, 10, 23, and 80 sen-
sors. Each sensing location is plotted as a point over the averaged map of all low-rank maps, L.

Appendix C.2. Strain

The location of the optimised sensing locations for the chosen elbow points is presented
in Figure A4. It can be seen that, in all cases, the sensors are quite evenly distributed across
the surface of the blade. However, since the distribution pattern seems to be more complex
than in the case of displacement maps, it is harder to assess whether the optimal sensing
locations correspond with areas characterised by the largest strain gradients.

Figure A4. The visualisation of the optimised strain sensing locations for 2, 12, 27, and 60 sensors.
Each sensing location is plotted as a point over the averaged map of all low-rank maps, L.

Appendix D. Machine Learning-Based Enhancement
A further point worth mentioning in the context of the presented research is the effort

made to enhance the quality of the reconstructions using ML. The reason for attempting
this is not only the ubiquity of ML applications in signal processing, but also a chance
for improvement in the area, where ML has already proven to be an effective tool. In the
experimental procedure, a ground truth (i.e., the original displacement/strain map) exists
for each reconstructed image. In ML terms, translating one image into another image is
referred to as image-to-image (I2I) translation [67]. Notably, some of the most effective tools
for I2I tasks are pixel-to-pixel (pix2pix) models [68,69]. These models are CNNs, based on
a U-net architecture [70], making them suitable for processing tasks where both the input
and the output are images.

Strain maps have been used to train a pix2pix model, as they suffer from poorer
reconstruction accuracy than the displacement maps. The training dataset of 1074 maps was
used to train the model using pairs of original and reconstructed images. The 300 remaining
images in the validation dataset were used to quantify the ML model’s performance.
In addition, the strain values in the images were manually clipped to ensure that no outliers
were present in the data, and several ways of filling in the NaN values were considered so
that full 2D images could be used for training.

The validation of models has shown that although their application might contribute
to a smaller reconstruction error in selected cases, the error has generally increased for the
validation dataset. This result suggests that the model is unable to learn the complex strain
patterns, likely due to (i) limited training data, and (ii) the relative complexity of strain
patterns. The findings suggest that it would be challenging to reconstruct high-resolution
fields computed with DIC using sparse physical measurements, possibly explaining why
the gap in the ML-based DIC research exists. It has to be stressed, however, that it might be
possible to achieve promising results with ML if more experimental data was available.
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