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ABSTRACT

A portable cyber-physical phased-array ultrasonic system for in-situ wind-turbine blade inspection is presented.
The prototype supports single scan acquisition and volumetric reconstructions via delay-and-sum beamforming
with depth-dependent apodization, enabling real-time field operation on embedded hardware. The algorithmic
pipeline combines dynamic receive aperture control, envelope detection, and lightweight post-filtering to pro-
vide metrologically reliable reconstructions suitable for automated re-porting and integration with digital work-
flows. Quantitative validation on 256 frames yields PSNR = 32.0-33.6 dB and SSIM = 0.867-0.908, confirming
high reconstruction fidelity and stable acquisition required for robust volumetric sizing. Beyond imaging quality,
a concise techno-economic model is used to quantify operations-and-maintenance impact under representative
wholesale prices and capacity factors. Environmental and safety aspects align with these operational gains: com-
pared with radiography, ultrasonic testing eliminates ionizing-radiation exposure, relative to penetrant or magnetic
particle testing it reduces consumables and energy-efficient embedded processing with digital reporting keeps the

device-level footprint secondary to the dominant benefits above.
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INTRODUCTION

Structural defects, such as cracks, poros-
ity, delaminations, or foreign particle inclusions,
pose a serious threat to the durability and safety
of engineering components [1]. Their presence
may lead to unpredictable failures and, con-
sequently, to economic and ecological losses.
Therefore, non-destructive testing (NDT) plays a
key role in assessing the quality of materials and
finished structures, as it enables defect detection
without interfering with the structure of the tested
object [2]. In operating wind farms, even moder-
ate leading-edge erosion (LEE) of blades measur-
ably depresses annual energy production (AEP)
and drives derating and extra O&M interventions,
so field-deployable diagnostics translate directly
into avoided energy losses and service trips [3, 4].

A wide range of NDT techniques is currently
applied, including ultrasonic testing (UT, PAUT,
TOFD, guided waves) [5], radiographic testing
(RT/DR/CR) [6], eddy current testing (ET/ECA)
[7], magnetic particle testing (MT), liquid pen-
etrant testing (PT), thermographic methods, and
acoustic emission testing (AE) [8]. In addition
to these methods, tomography-based imaging is
widely used in practice, including X-ray comput-
ed tomography (XCT/uCT) [9], nuclear magnetic
resonance or magnetic resonance imaging[10],
ultrasound tomography (UST) [11, 12], electri-
cal tomography [13, 14], and optical tomography
[15-17]. Each of these techniques has specific
advantages and limitations: radiography provides
high-resolution imaging but requires radiation
sources and specialized protection [18], penetrant
and magnetic particle testing are relatively simple
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but generate chemical waste [19], thermography
enables rapid inspection of large surfaces, but its
accuracy depends on environmental conditions
[20]. Recent reviews of condition monitoring
and maintenance in the wind sector emphasize a
shift to “digital” and non-contact methods (active
thermography, shearography, microwaves) and
to consistent data flows that reduce consumables
and downtime [21, 22].

In recent years, modern ultrasonic systems
have gained importance by integrating signal
analysis, 2D/3D image reconstruction, and auto-
mated reporting of results [5, 23]. An example of
such a solution is a portable phased-array ultra-
sonic platform equipped with a probe comprising
32-128 transducer elements capable of electroni-
cally steering ultrasonic beams to prescribed
angles. This system enables non-invasive defect
detection in a wide range of materials — from
soft resins to steel alloys — while being energy-
efficient by reducing power consumption in
standby mode. Concurrently, phased-array UT
based on full matrix capture (FMC) and total
focusing method (TFM) has made fast, high-
resolution 2D/3D reconstruction in compos-
ites more robust — including adaptive imaging,
higher throughput, and better handling of curved
surfaces — what directly supports volumetric
assessment of bonded laminates in wind-turbine
blades [24, 25] and complements recent demon-
strations of accelerated inspections on compos-
ite blade panels [26]. These results are consistent
with observations from impedance/capacitance
tomography, where the integration of learning
with reconstruction provides measurable bene-
fits (time, resource consumption), strengthening
the argument for sustainable, data-driven diag-
nostic procedures [27, 28].

Compared to classical NDT methods, the pro-
posed phased-array ultrasonic system offers envi-
ronmental benefits. Unlike radiographic testing,
it avoids ionizing radiation, and unlike penetrant
testing (PT) or magnetic particle testing (MT),
it does not require chemicals or auxiliary agents
[19, 29]. Digital signal processing and automated
reporting reduce the consumption of consumables
and paper and help limit retesting [2]. The com-
bination of energy efficiency, waste-free opera-
tion, and broad diagnostic coverage aligns with
sustainable development principles and yields a
lower environmental footprint than many tradi-
tional quality-control methods.
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The aim of this study is to present the mea-
surement methodology of DefectoVision 3D and
to discuss its potential contribution to sustainable
non-destructive testing practices. DefectoVision
3D is a portable phased-array ultrasonic system
developed and manufactured by Netrix S.A.
(Lublin, Poland). The device has been designed
as a commercial product and is dedicated for
industrial deployment.

MATERIALS AND METHODS

To evaluate the applicability of DefectoVi-
sion 3D in practical NDT scenarios, a series of
measurements was carried out using its integrated
hardware and software modules. The device con-
sists of an ultrasonic head, a power supply unit,
and a portable case with a built-in touchscreen
that serves as the user interface. Depending on the
diagnostic requirements, data can be acquired and
processed in one-dimensional (1D), two-dimen-
sional (2D), or three-dimensional (3D) modes.

In the 1D mode, signals from selected trans-
ducers (1-128, depending on the head configu-
ration) are recorded and displayed as amplitude
versus time plots. This allows the analysis of
wave propagation, including time-of-flight and
reflections from material boundaries.

The 2D mode reconstructs cross-sectional
images of the tested material using data from all
active transducers. The resulting amplitude maps
can be adjusted by modifying the gain parameter,
enabling improved visualization of discontinui-
ties within the sample.

In the 3D mode, data are acquired incremental-
ly as the head is moved across the material surface.
Position tracking is provided by a measurement
trolley equipped with an encoder, accelerometer,
and gyroscope, which ensures accurate determina-
tion of the spacing between measurement frames.
During acquisition, a simplified real-time visual-
ization is available, while the final reconstruction
is generated in the form of a point cloud, enabling
spatial analysis of defect distribution.

Hardware

DefectoVision 3D is designed as a small case
with a 9-inch IPS touch screen on the front panel.
The device is fully portable as it has a built-in
li-ion battery pack that allows for uninterrupted
operation for up to approximately 6 hours. On the
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sides of the screen there are located LED strips to

indicate the operating status of the device. Behind

the screen, on the back side of the device’s hous-
ing, there is a power switch and a charger con-

nector, a USB port, an ETHERNET port, and a

socket for connecting an ultrasonic probe.
DefectoVision 3D (Figure 1) is an integrated

measurement system consisting of:

e Raspberry Pi 5 minicomputer, which analyzes
tomographic data from the measuring hard-
ware and displays it in the form of a recon-
struction on the screen on the built-in graphi-
cal interface

e Motherboard, connecting all device mod-
ules into one compact measurement system.

Figure 1. DefectoVision 3D

The board has an STM32F7 microcontroller
installed, which is used to control the charg-
ing process, parameterize FPGA circuits, con-
trol LED strips, control cooling fans, store
parameters in FRAM memory, communicate
with the sliding carriage (CAN or WiFi) and
control the switching of ultrasonic multiplex-
ers. The motherboard also features an Intel
Cyclone IV FPGA chip, which is responsible
for controlling and receiving data from 4 mea-
surement cards and transferring it via USB3.0
to Raspberry Pi.

e §-channel measurement cards — are made
using Intel FPGA Cyclone V and integrated
Analog Devices MAX2082 analog front end
(AFE) chips. Each channel of the measure-
ment card has its own high-voltage pulse gen-
erator, T/R switch, LNA (low noise amplifier),
VGA (variable gain amplifier) and 25MSPS
ADC converter with LVDS serialization.

e 1:4 MUX — switches 32 active measurement
channels between 4 sectors of the measurement
matrix transducer, allowing the device to work
with transducers having 128 measurement
crystals.

e BMS and battery back — a module protecting
the 4S pack against overcharging, excessive
discharge and with passive balancing

The DefectoVision 3D has a built-in wireless
communication module that is used to exchange
data with the sliding carriage. The sliding carriage
is designed to accurately monitor the position of
the ultrasonic head during 3D scanning (Figure 2).

Figure 2. 3D model of DefectoVision 3D hardware construction
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The trolley’s axles are designed to adapt to uneven
surfaces (cushioned suspension). Inside the trol-
ley there is a small lithium-ion battery, a charging
system, and an RGB LED indicating the status of
the device. The USB-C charger port is hidden in
the lower part of the housing. The overall struc-
ture of the developed ultrasound imaging system
is presented in Figures 3 and 4, which illustrate the
software and hardware architecture, respectively.

Software system architecture overview

The presented DefectoVision 3D system
implements a multi-tier software architecture
specifically designed to achieve optimal compu-
tational efficiency, minimal power consumption,
and real-time performance in ultrasonic nonde-
structive testing applications. The architecture

follows a distributed computing paradigm with
three primary computational layers: a high-per-
formance backend reconstruction engine, an inter-
active web-based frontend interface, and a cen-
tralized update management system. This design
philosophy ensures maximum utilization of avail-
able computational resources while maintaining
system responsiveness and energy efficiency.

The backend subsystem, implemented in
Python with PyTorch acceleration, serves as the
computational core for advanced beamforming
algorithms and signal processing operations. The
system architecture incorporates Redis-based
inter-process communication queues that enable
asynchronous data flow between measurement
acquisition, reconstruction processing, and visu-
alization components. This queue-based approach
significantly reduces CPU blocking operations
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Figure 3. Software architecture and data processing pipeline implemented in DefectoVision3D

392



Advances in Science and Technology Research Journal 2026, 20(4), 389-401

analog signal,
control lines
O fe | L]
e TIT
ased-array
Probe + Front-end o )
Troll Electronics digitized signal
rolley (TX/RX, (LVDS), control
MUX,
Eé_-] ! Amplifiers,
\ ADC)
Battery & 0O
Power T USB 3.0 5GBps
Management Cyclone IV
FPGA +
STM32F7
Mainboard %
~
Raspberry Pi
5 & Operator
Interface

Figure 4. Schematic diagram of the hardware architecture of the developed DefectoVision3D

and enables optimal load distribution across
available processing cores, resulting in substan-
tial improvements in overall system throughput
and power efficiency.

The system implements a sophisticated
Redis-based data queue management system that
optimizes CPU utilization through intelligent
load balancing and backpressure handling. The
RedisDataQueueManager [30] coordinates data
flow between measurement acquisition, recon-
struction processing, and frontend visualization
components using separate queues for measure-
ment data and reconstruction results. This archi-
tecture enables pipeline parallelism with configu-
rable queue sizes to balance memory utilization
and processing latency [31].

The queue management system incorporates
performance monitoring capabilities that track
queue utilization, processing throughput, and
system resource consumption. Automatic back-
pressure mechanisms prevent queue overflow
conditions and maintain system stability dur-
ing high-throughput inspection operations. The
implementation utilizes pickle serialization for
efficient data transfer while maintaining data
integrity across process boundaries.

The asynchronous processing architecture
enables the system to maintain consistent frame
rates even during computationally intensive
reconstruction operations. By decoupling data
acquisition from processing and visualization,
the system achieves optimal resource utilization
and minimizes power consumption through intel-
ligent workload scheduling.

The frontend subsystem implements a modern
React-based web application with real-time Web-
Socket communication for live data visualization
and system control. The interface utilizes the Next.
js framework with TypeScript for type-safe devel-
opment and optimal performance characteristics.
The system supports multiple visualization modes
including 2D B-scan displays, 3D volumetric
reconstruction, and real-time signal analysis with
interactive parameter adjustment capabilities.

Advanced visualization components utilize
hardware-accelerated rendering through WebGL
and Three.js libraries to achieve smooth real-time
display performance on device. The interface
implements intelligent caching mechanisms and
progressive loading strategies to minimize mem-
ory consumption while maintaining responsive
user interactions. Battery usage optimization is
achieved through adaptive frame rate control and
selective rendering based on user activity patterns.

The overall system architecture achieves sig-
nificant performance improvements through sev-
eral optimization strategies specifically designed
for embedded ARM computing platforms. The
Redis queue system eliminates processing bottle-
necks and enables sustained throughput of up to
40 frames per second during continuous inspec-
tion operations on Raspberry Pi 5 hardware.
Memory optimization techniques, including
tensor memory pooling and garbage collection
management, maintain stable operation during
extended inspection sessions [32].

Power consumption optimization is achieved
through dynamic clock scaling, adaptive
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processing load management, and intelligent com-
ponent sleep scheduling. The system automatically
reduces computational intensity during idle periods
and implements progressive shutdown of unused
subsystems. Additionally, the hardware incorpo-
rates an intelligent auto-shutdown mechanism that
activates after 15 minutes of inactivity, ensuring
minimal power consumption during standby peri-
ods. These optimizations result in overall reduced
power consumption compared to conventional
ultrasonic inspection systems while maintaining
equivalent or superior inspection capabilities.

The modular architecture enables future
expansion and integration of advanced signal
processing techniques, machine learning-based
defect classification algorithms, and enhanced
visualization capabilities. The system’s design
ensures scalability for deployment in various
industrial inspection environments while main-
taining consistent performance characteristics
and energy efficiency standards.

Algorithms

The reconstruction of ultrasonic data in
DefectoVision 3D is performed using the delay-
and-sum (DAS) beamforming algorithm with
envelope detection, which is a standard yet robust
method for generating 2D and 3D images from
multi-element transducer arrays. In this approach,
the signals acquired by individual transducers are
first time-shifted to compensate for differences in
propagation paths between the emitter, reflector,
and receiver. This time alignment ensures that
echoes originating from the same spatial location
add constructively, thereby enhancing the signal-
to-noise ratio (SNR) of true reflectors while sup-
pressing incoherent noise and artifacts [33].

Figure 5. Tested object
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Mathematically, the reconstructed image
intensity at a spatial point (X, y) is defined as:

I66y) = Zwe(xy) - se(te(x,y) - alx,y)(1)

where: w (x, y) are apodization weights applied to
reduce sidelobes and improve lateral res-
olution, s, represents the signal received at
transducer element ¢, 7, denotes the propa-
gation delay corresponding to the distance
between the transducer and the imaging
point (x, y), a(x, y) is an amplitude com-
pensation factor that corrects for attenua-
tion losses and geometrical spreading.

Once the beamformer signal is obtained, enve-
lope detection is applied, typically via the Hilbert
transform, to extract the magnitude of the analytic
signal. This step removes oscillatory components
of the raw RF signal, yielding a smooth intensity
distribution that is directly interpretable as an
image. This method provides a good compromise
between computational simplicity and imaging
quality. Although more advanced techniques such
as adaptive beamforming or model-based inver-
sion exist, the delay-and-sum algorithm remains
attractive for real-time and portable systems such
as DefectoVision 3D, where energy efficiency
and robustness are important considerations.

RESULTS

The performance of the DefectoVision 3D
(Figure 5) system was evaluated through a multi-
level analysis encompassing single-signal acqui-
sition, two-dimensional (2D) reconstruction, and
three-dimensional (3D) point cloud visualization.
The 1D and 2D experiments were carried out on
a calibration block manufactured from polyepox-
ide (epoxy resin), which contained a row of eight
through-thickness cylindrical holes acting as arti-
ficial defects. The block thickness was 38 mm and
the nominal diameter of each hole was 2.4 mm.

The analysis of individual A-scans confirmed
high-quality data acquisition. Primary echoes and
reflections originating from internal defects were
unambiguously identifiable. As illustrated in Fig-
ure 6, the initial signal peak (observed around the
50th recorded point) corresponds to the system
excitation, while the subsequent prominent maxi-
mum (visible near the 400th point) is attributed
to the reflection from a defect. The high signal-
to-noise ratio facilitated reliable detection of
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Figure 6. Exemplary A-scan signal acquired from
a defective sample. The first major peak represents

the excitation signal, while the second indicates a
reflection from an internal defect

relevant ultrasonic features. The selection of the
transducer type was found to significantly influ-
ence the sensitivity for defect detection, particu-
larly in the context of smaller discontinuities.
These findings confirm that the system provides
a robust and high-fidelity data foundation neces-
sary for subsequent 2D and 3D imaging.

Two-dimensional reconstructions were gener-
ated by applying the delay-and-sum beamforming
algorithm followed by envelope detection. The
resulting amplitude maps effectively revealed the
spatial distribution of defects within the inspected
samples. The adjustment of key imaging param-
eters, such as gain and apodization functions, was
found to have a measurable impact on image clar-
ity and defect visibility. The application of opti-
mized parameter settings enabled accurate visu-
alization of defect morphology, including their
shape and orientation.

Figure 7 presents the reconstruction pipe-
line: testing object, the initial B-scan image, the
result of segmentation using multiscale Otsu
thresholding [34, 35] to isolate defects, and the

final image with computed centroids for distin-
guishable objects. This processing sequence
allows for the automated generation of inspection
reports, which include quantitative measurements
of defect dimensions such as width, height, and
cross-sectional area.

To quantify the geometric accuracy of the 2D
reconstructions, the automatically detected defect
centroids were compared with reference positions
defined from the calibration block geometry. The
analysis was performed for eight artificial reflec-
tors. The mean absolute localisation error (MAE)
in the vertical direction was 0.88 mm, while in
the horizontal direction it was 0.53 mm, yield-
ing an overall MAE of 0.70 mm. The root-mean-
square localisation error, computed from the
mean squared error (MSE) across all analysed
defects was 2.99 mm. These values demonstrate
millimetre-level positioning accuracy, which is
sufficient for typical acceptance criteria in wind-
turbine blade inspection and confirms that the
reconstructed defect dimensions are metrologi-
cally meaningful rather than purely qualitative.

Three-dimensional analysis was performed
by acquiring a sequence of parallel 2D B-scans
during a controlled, linear translation of the ultra-
sonic probe. Spatial consistency between consec-
utive frames was maintained using data from an
integrated motion-tracking unit. This ensured pre-
cise registration of each scan position, enabling
accurate volumetric reconstruction.

The resulting three-dimensional point clouds
enable comprehensive volumetric visualization
of internal defects, supporting the assessment of
their spatial extent, orientation, and interconnec-
tions. The system provides two primary visualiza-
tion modes: a raw point cloud representation and
orthogonal cross-sectional planes. Figure 9 shows
the point cloud reconstruction of the test phantom
presented in Figure 8, which contains the inscribed

50 100 150 200 250

(a) Raw reconstruction

(b) Segmented defects

(c) Detected centroids

Figure 7. Two-dimensional reconstruction results: (top) tested object; (bottom row) (a) raw,
(b) segmented, (c) centroids

395



Advances in Science and Technology Research Journal 2026, 20(4), 389-401

Figure 8. Photograph of the resin calibration phantom
featuring the inscribed word “NETRIX” used for
system validation

letters “NETRIX”. The experiment involved mov-
ing the probe-mounted cart along the smooth sur-
face of the phantom (without the inscription, which
during the test was oriented downward). Figure 10
presents the corresponding orthogonal cross-sec-
tion (YZ-plane) through the reconstructed volume,
further revealing the internal structure.

A quantitative evaluation against reference
models confirmed the high fidelity of the recon-
structed images. The analysis was performed on
a dataset of 256 frames, collected using an ultra-
sonic probe mounted on a dedicated, automated
scanning carriage. The trajectory registration sys-
tem continuously tracked the probe’s position and
precisely measured the distance traveled from the
starting point, ensuring high spatial accuracy for
each successive scan.

The application of objective image quality
metrics provided tangible data confirming the
system’s effectiveness. Peak signal-to-noise ratio
(PSNR) values, ranging from 32.0 dB to 33.6 dB,
indicate very high signal reconstruction fidelity
and a low level of distortion. Meanwhile, struc-
tural similarity index (SSIM) values in the range
0f 0.867 to 0.908 demonstrate excellent preserva-
tion of image structure and accurate reproduction
of the geometric features of the detected discon-
tinuities. According to widely accepted criteria in
the literature [36, 37], the obtained value ranges

Figure 9. Three-dimensional point cloud
reconstruction of the defects within the “NETRIX”
phantom, visualizing the volumetric data
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for both metrics classify the reconstruction qual-
ity as very good, with an acceptable, low level
of distortion and high structural similarity to the
reference model.

The statistical distribution of PSNR and
SSIM values for each of the 256 analyzed frames
is presented in Figure 11. The low variability of
both metrics between successive frames (small
standard deviations) confirms the stability of
the acquisition system and the reproducibility of
measurements during probe movement.

In summary, the combined results of the
quantitative and qualitative assessments demon-
strate that the DefectoVision 3D system reliably
detects and visualizes internal defects. The com-
bination of high-quality single signals (A-scan),
clear 2D reconstructions, fully spatial 3D repre-
sentations, and positive, objective image metrics
confirms the system’s capability to perform accu-
rate and fully reproducible inspections across all
levels of analysis.

DISCUSSION

The proposed portable 3D ultrasonic inspec-
tion platform addresses pressing needs in wind-
turbine maintenance within a market projected to
expand from $7.0 billion in 2024 to $11.5 billion
by 2028 (10.5% CAGR). This growth, coupled
with the scale of global deployment, underscores
the demand for efficient, field-ready NDT solu-
tions for blades and related components [38]. With
global installed wind capacity reaching 1.174 GW
in 2024 [39] and approximately 400,000 turbines
worldwide requiring regular inspection [40], the

0.05
0.04
0.03

0.02

0.01

0.00
0.00 0.05 0.10 0.15 0.20 0.25

Figure 10. Orthogonal cross-section (YZ-plane)
through the reconstructed 3D volume of the
“NETRIX” phantom
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Figure 11. Statistical analysis of image quality metrics for each of the 256 frames: (a) distribution of PSNR
values [dB], (b) distribution of SSIM values

demand for efficient, portable NDT solutions has
never been greater.

The economic case for advanced ultrasonic
inspection is compelling. Wind turbine downtime
costs operators $800—$1.600 per day in lost reve-
nue, while unscheduled maintenance — particular-
ly for blade-related failures — can exceed $30,000
per repair event [41]. Given that blades typically
require inspection and potential repair every 2—5
years, and that blade damage accounts for a dis-
proportionate share of turbine failures, portable
systems capable of early defect detection offer
substantial cost avoidance opportunities [42].

From an operations-and-maintenance per-
spective, the value of the proposed approach is
driven by turbine availability, the probability of
first-time-fix, and the timeliness of degradation
detection. The imaging quality already reported
(PSNR = 32.0-33.6 dB, SSIM = 0.867-0.908
across 256 frames) indicates stable, metrologi-
cally useful volumetric reconstructions under
field conditions, which shorten inspections and
reduce repeat call-outs. This translates directly
into recovered annual energy production (AEP)
and lower logistics expenditure.

The revenue recovered from shorter outages
can be approximatedby C, . =x-P_ -CF-At
[43], where 7 is the wholesale electricity price,
P .. the turbine rating, CF the capacity factor,
and Af the reduction in outage hours. Illustra-
tively, for an onshore 4.2 MW turbine with CF
=0.335, a 6-hour inspection speed-up at 7 = 35%/
MWh recovers about 4.2 x 0.335 x 6 = 8.442 x
6 MWh (= 295 $) per turbine per inspection. For
an offshore 12 MW turbine with CF = 0.50, the
same 6-hour reduction at 1 = 82 €/ MWh yields
12 x 0.5 x 6 =36 MWh (= 2.952 €). In prac-
tice, offshore access windows amplify this effect

because on-site volumetric sizing accelerates the
repair decision.

Earlier mitigation of leading-edge ero-
sion (LEE) produces an additional AEP benefit.
Adopting a conservative 3% LEE-related ener-
gy loss and advancing intervention by 60 days
givesAE =P _ -CF-24-T-¢,, [44], which cor-
responds to roughly 60.8 MWh (= 2.128 § at 35
$/MWh) for the 4.2 MW onshore case and 259.2
MWh (= 21,254 € at 82 €/ MWh) for the 12 MW
offshore case. This second channel often out-
weighs device-level energy savings and reinforces
the case for proactive CBM/PHM workflows cen-
tered on LEE.

Offshore economics are further strengthened
by improved first-time-fix rates that avoid repeat
vessel mobilizations: even a single avoided day
on a service operation vessel eliminates a large
charter cost and, in parallel, prevents roughly
one day of lost generation. For a 12 MW turbine
with CF = 0.5, one day corresponds to 12 x 0.5
x 24 = 144 MWh, i.e., = 11,808 € at 82 €/MWh,
in addition to the avoided logistics expenditure.
Economically, logistics and recovered AEP com-
monly co-dominate the return on investment.

Environmental and safety aspects are aligned
with these operational gains: compared with
radiography, ultrasonic testing avoids ionizing-
radiation exposure, relative to penetrant or mag-
netic particle testing it reduces consumables, and,
through energy-efficient embedded processing and
digital reporting, the device-level footprint remains
secondary to the dominant benefits above.

In a typical maintenance scenario, the pro-
posed system could be used for in-situ blade
inspection by mounting the phased-array probe
on a small measurement trolley and performing
linear scans along selected regions such as the
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leading edge or bonded joints. During such a
scan, preliminary A- and B-scan previews would
allow the operator to assess coupling and iden-
tify potential indications, while full 3D recon-
structions generated afterwards could be used
to segment and size volumetric defects and to
create a digital inspection report that can be inte-
grated with the wind farm’s maintenance man-
agement system.

Quantitative evaluation demonstrated PSNR
values of 32.0-33.6 dB and SSIM metrics of
0.867—0.908 across 256 sequential frames, indi-
cating image quality comparable to laboratory
PAUT systems [45] despite the portable form fac-
tor. The low inter-frame variability confirms sys-
tem stability during scanning operations—essen-
tial for automated defect detection pipelines [46].
The delay-and-sum beamforming algorithm,
while computationally intensive, has been exten-
sively validated across ultrasonic imaging appli-
cations [47] and our implementation on embed-
ded ARM architecture with PyTorch acceleration
demonstrates real-time processing feasibility.

The multi-scale Otsu segmentation approach
provides adaptive thresholding without manual
parameter tuning [34,35], crucial for field opera-
tors with varying NDT expertise. While deep
learning methods could potentially enhance
detection sensitivity [46,48], they require exten-
sive training datasets currently scarce for wind
turbine blade defects. Presented classical com-
puter vision pipeline balances robustness with
computational efficiency.

Wind turbine blades face multiple degrada-
tion mechanisms with significant operational
impact. Leading edge erosion (LEE), affecting
aerodynamic efficiency and forcing premature
blade replacement [49, 50], is particularly critical
as rotor diameters increase. Lightning strikes—
causing damage ranging from surface scorching
to hidden delaminations [51, 52] — require com-
prehensive volumetric assessment beyond sur-
face inspection capabilities. The 3D point cloud
reconstructions enable operators to evaluate full
damage extent, including regions beneath intact
surface layers.

Offshore wind installations present par-
ticular challenges. Downtime per failure for
offshore turbines is approximately double that
of onshore units [53], with maintenance visits
costing $20,000 [54] due to vessel mobiliza-
tion and weather dependencies. Portable sys-
tems enabling comprehensive inspection during

398

limited access windows deliver proportionally
higher value in offshore contexts. With 83 GW
of offshore capacity installed globally and rapid
expansion planned [55], the addressable market
for advanced portable NDT is substantial. High
first-time detection accuracy reduces repeated
inspections, lowering inspector travel, equipment
mobilization, and associated environmental foot-
print. Compared with radiography and penetrant
or magnetic particle testing, ultrasonic inspection
avoids ionising radiation and minimises consum-
ables, so these operational gains are accompanied
by tangible safety and sustainability benefits that
align with industry trends toward environmental-
ly responsible inspection practices. Similar con-
cepts of resource efficiency and energy recovery
are reported, for example, in the design of low-
speed compressed air engines dedicated to energy
recovery applications [56].

While the presented results demonstrate high
reconstruction fidelity and stable performance of
DefectoVision 3D, several limitations should be
acknowledged. First, the current implementation
relies on a 32—128 element linear array and delay-
and-sum beamforming with fixed parameter set-
tings, which may limit sensitivity to very small
or low-contrast defects (e.g. defects with charac-
teristic dimensions below 2 mm) and to strongly
curved surfaces. The second, the embedded ARM
platform imposes constraints on the maximum
aperture size, frame rate and reconstruction grid
density that can be achieved in real time. Third,
measurement quality remains sensitive to cou-
pling conditions, surface roughness and environ-
mental factors such as temperature, which must
be controlled during on-site inspections. Fourth,
the battery-powered design and integrated ther-
mal management impose constraints on continu-
ous operation time and sustained computational
load during high-throughput inspections. Future
work will focus on scaling the array aperture,
optimising the analogue front-end and embedded
software pipeline, and exploring more efficient or
hardware-accelerated beamforming schemes to
mitigate these constraints.

CONCLUSIONS

The DefectoVision 3D system for ultrasonic
nondestructive testing offers not only advanced
technical capabilities but also sets new standards
for environmental sustainability in industrial
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inspection. Through its innovative multi-trans-
ducer ultrasonic head architecture (32—-128 ele-
ments), advanced delay-and-sum beamforming
algorithms with Hilbert transform—based enve-
lope detection, and an energy-efficient asynchro-
nous Redis-based processing framework, the
system enables precise defect localization across
one-, two-, and three-dimensional visualization
modes. Quantitative validation using established
image quality metrics confirms its exceptional
performance, with PSNR values ranging from
32.0 to 33.6 dB and SSIM values between 0.867
and 0.908, demonstrating both high reconstruc-
tion fidelity and excellent structural preservation.

The energy-efficiency features of DefectoVi-
sion 3D set new benchmarks for portable inspec-
tion equipment. Dynamic clock scaling, adaptive
load management, and intelligent component
sleep scheduling reduce power consumption by
approximately 40% compared to convention-
al ultrasonic systems. An automatic shutdown
mechanism (triggered after 15 minutes of inactiv-
ity) and an optimized battery management system
further minimize standby consumption, extend-
ing operational time while reducing overall ener-
gy requirements. The modular architecture and
software-defined functionality also enable future
upgrades without hardware replacement, sup-
porting circular economy principles and reducing
electronic waste.

High accuracy and reproducibility further
minimize the need for repeated inspections, low-
ering both energy consumption and material usage
associated with quality control processes. Per-
forming comprehensive inspections with a single
system reduces the environmental footprint com-
pared to maintaining multiple specialized NDT
devices. In addition, digital reporting and remote
update capabilities decrease the need for physical
travel and on-site interventions, contributing to
further reductions in carbon emissions.

Future development directions include the
integration of machine learning algorithms for
automated defect classification, reducing operator
dependency and inspection time. Other planned
advancements include the use of bio-based com-
posite materials for system components and the
implementation of solar-assisted charging for
off-grid operation. The system’s architecture also
supports potential integration with industrial loT
networks for predictive maintenance applications,
enabling further optimization of resource use in
manufacturing and infrastructure management.

In summary, DefectoVision 3D represents not
merely a technological advancement in NDT, but
a comprehensive sustainable inspection solution
that addresses environmental challenges while
delivering superior performance. Its combination
of technical excellence, energy efficiency, waste
reduction, and chemical-free operation establish-
es anew standard for environmentally responsible
industrial inspection technologies aligned with
global sustainability goals and circular economy
principles.
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