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Abstract—Guided waves can be used to monitor structural
health in industrial pipelines, and e.g. allow detection of
accumulated precipitation on the surface of pipe. Propagation of
guided waves in a tubular structure carrying possible fouling can
be separated from a clean structure due to variation in wave
propagation properties at the fouled area. In addition, multiple
propagation paths around the tubular structure allow locating the
fouled areas. In this study, we obtained dispersion curves of a
tubular structure loaded with a local fouling layer of different
thickness by using numerical simulations. We combined the
dispersion curve information with simulated and measured times-
of-arrival of guided wave propagation to second order helicoidal
paths and used a Gaussian Process machine learning approach to
estimate location of fouling on a steel pipe.

Keywords— Guided wave, Fouling detection, NDE

I. INTRODUCTION

Usual applications of guided waves (GW) for non-
destructive evaluation (NDE) include inspection of corrosion
[1], detection of flaws [2] and accumulation of dirt on the
surfaces of, e.g. pipes [3] and rotating wind turbine blades [4].
The GW technique has been proposed to estimate fouling rates
[3]. In industry, accumulation of fouling in structures (e.g. heat
exchangers and pipelines) tends to decrease their efficiency and
increase maintenance cost (possible process breaks due to
cleaning). The GW-technique allows structural health
monitoring (SHM).

In comparison with traditional ultrasound methods (point-
by-point measurements), GW inspection provides a large
detectable area with a single measurement, and due to low
attenuation, they propagate long distances even in embedded
structures such as buried or coated pipes. These properties
permit GW inspection of pipelines where coating needs to be
removed only at sensor locations. On the other hand, GW
inspection in complex structures is challenging, and especially
in topologies curving on to themselves. It is difficult to interpret
signals caused by many possible propagating modes and paths
in the certain structure. Especially for tubular structures,
multipath propagation has been studied [5]-[8]. The multipath
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propagation due to tubular geometry allows the guided waves to
propagate in multi-order helicoidal paths. These helicoidal
waves may contain information about the spatial integrity or
cleanliness of the pipe due to the distinguishable propagation
paths.

Another property of GWs is their dispersive nature.
Commonly, a dispersion curve displays the frequency
dependence of phase speed or group speed (propagation speed
of a certain mode). Depending on the boundary conditions, e.g.
whether a structure is planar or tubular, the dispersive properties
differ [9]. Also, if the surface of the structure is loaded with a
fluid, coatings or an accumulation of precipitation, it alters the
boundary conditions [10]. In these cases the GWs can become
leaky, i.e. the propagating waves leak acoustic energy into the
embedded media [10], which changes the dispersive properties
of the system. For a tubular structure where an accumulation of
dirt envelops the inner or outer surface of the tube, the group
speed of some modes change, since the GWs leak also into the
fouling layer. Consequently, the group speed of different modes
may be different in a clean and in a fouled case. Analytical
calculation of dispersion curves is hard for tubular structures that
are fluid-filled and that carry local patches of fouling of
particular thickness. The Finite element method (FEM) can be
used to estimate the dispersion curves of a tubular structure [11].
In a FEM simulation, it is possible to add different material
layers with arbitrary height into the pipe.

We combined a selective reception of the helicoidal waves
with a machine learning approach. The method uses numerical
dispersion curves obtained with the FEM based simulations and
a Gaussian Process (GP)-model [12] to estimate fouled areas and
rates. The fouling is modeled as smoothly varying layer of
unknown thickness on the pipe surface. The posterior
distribution of fouling is estimated based on the difference
between experimental times-of-arrival (TOAs) of the
circumferential wave packets and theoretical TOAs computed
by FEM for a clean structure. As the difference is caused by the
change in propagation velocity induced by the fouling, we use
integral observations of the cumulative change along the
propagation paths for posterior inference [12]-[14], to have a
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spatial map that indicates the rate of fouling at all locations on
the surface, together with uncertainty estimates.

Based on these, we explored a way to develop a GW-based
fouling detector for metal pipe inspection augmented with
Artificial Intelligence (AI).

II. MATERIALS & METHODS

A. Experimental setup

A commercial transducer (Karl Deutsch S24HBO.3-
1.3MHz) attached to a wedge was used to generate GWs into a
steel pipe (L = 2500 mm, @ = 155 mm, thickness = 2 mm) with
an angle-of-incidence method (8 = 55°). Three-cycle Hanning-
windowed signals were generated using an arbitrary waveform
generator (Digilent Analog Discovery 2) and were amplified
with a S00W amplifier (Amplifier Research S00A100A). The
signals were received with an identical transducer using pre-
amplifier (Panametrics 5660C) with a gain of 60 dB and
captured with an oscilloscope (Lecroy wavesurfer 3014z) at 10
MHz sampling rate, averaging over 256 signals.

Artificial fouling was prepared by mixing water to a calcium
hydroxide powder (4:5 v/v) that was then manually added to the
inner surface of the steel pipe in two different settings. Two
kinds of experiments were conducted: (#1), fouling was added
at one location to the inner surface of the pipe, mimicking a
clump or accumulation inside a pipeline (ellipsoid in shape with
dimensions of L =28 cm, W = 10 cm and central height =1 cm).
The measurement was done as previously described, and the
receiving transducer (RX) was placed at 25 radial positions (Z =
70.3 cm and 8= [0 — 350] degrees around the pipe that does not
contain water inside (Fig. 1).

Experiment (#2) consisted of measurements, in which, GW
signals were captured pre, during and post ultrasound two
cleaning cycles. The cleaning equipment was provided by
Altum technologies® consisting of a two-channel cleaning
system attached at locations: in first cleaning cycle at Z =28 and
56 cm (6 = 0°) and Z = 14 and 69 cm (6 = 0°) in the second.
GW generation (TX) was also done with a wedge and a RX
transducer was positioned in parallel line (6=0°) with the wedge
at distance (D = 83.3 cm) and a five-cycle Hanning-windowed
signals were generated at f = 500 kHz. Cleaning and
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Fig. 1. Experimental setup used in the first measurement (1.). Ultrasonic
pulses were sent with a wedge-transducer and recorded at a distance (L =
70.3 cm from front wall of wedge) from 25 positions (2 cm radially apart
from each other) around the pipe. An elliptical (L =28 cm, W = 10 cm,
center at angle 8 = 160°) accumulation of fouling (Calcium hydroxide)
was inserted to the inner surface of the pipe. The thickness profile was
roughly parabolic in shape with a central height of 1 cm. Two cleaning
transducers that are used in the second measurement (2.) are also shown.

Fig. 2. A) Image of the setup in the second measurement. It contains a
wedge at TX, two cleaning transducers attached to the pipe and an RX
transducer placed in-line with the wedge (D = 83.3 cm from wedge). B)
Fouling layer at inner surface of the pipe (L = 70 cm, thickness = 1.5
mm). C) Image post second cleaning cycle shows fully cleaned areas and
residual fouling, which was not fully removed with these cleaning sets.

measurements were conducted with a water-filled pipe. The
setup is displayed in (Fig. 2A), fouling layer (pre-cleaning) (Fig.
2B) and fouling remaining post second cleaning cycle (Fig. 2C).

In the first measurement GW signals were analyzed with
MATLAB® (R2018a) and the TOFs of a quasi-S, mode were
extracted by finding local maximum of smoothed envelopes of
the squared signals with a time-window (t,indow = £9 US)
around the calculated theoretical arrival time of different
helicoidal wave packets. These values were given as input to the
machine learning-algorithm, as is explained in section II.C.

B. FEM Simulations

Finite element method simulations were used to determine
dispersion curves for both the clean and fouled steel pipes. The
simulations were done with COMSOL Multiphysics® (5.4).
Dispersion curves were obtained using a mode analysis solver
that calculates the possible eigenmodes of a 2D-cross-sectional
geometry. This solver can be used to find out-of-plane
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Fig. 3. Dispersion curves obtained with FEM from a pipe (gray line, @ =
155 mm and thickness = 2 mm) without and with a fouling layer that
envelops the inner surface of the pipe (black dashed line, fouling material
Ca(OH)2, fouling layer thickness = 7 mm was added on the inner diameter
of the pipe).

TuPoS-21.4



Program Digest 2019 IEEE IUS
Glasgow, Scotland, October 6-9, 2019

wavenumbers of an infinite pipe with an arbitrary cross-section
at a certain given frequency [11]. In this case the frequency was
swept throughout the range according to the experiments. Only
a thin slice of the 2D cross-section of the pipe was modelled in
order to reduce the geometrical modes that the solver finds. This
allowed us to efficiently simulate the lowest order quasi-lamb
wave modes. The material parameters were chosen from the
COMSOL material library as steel for the pipe and elastic
modulus E = 48 GPa for Calcium hydroxide (fouling) was
provided by [15] and Poisson’s ratio v = 0.08 by [16]. Material
parameter sweep were conducted. This exercise indicated in that
the variation in E and v from the choice of fouling material was
insignificant.

C. Artificial Intelligence

We assumed that the amount of fouling on the surface is a
smoothly varying unknown function that follows a Gaussian
process (GP) prior f ~ GP(m(x), K(x, x’)), such that a collection
of evaluations of the function at a finite set of points follows a
multivariate normal distribution with mean function m(x)=0 and
covariance controlled by a kernel function K(x, x‘) [12]. We use
the Matern 3/2 kernel [12] with length-scale [, output variance
0? and noise variance s2 controlling the smoothness and noise
assumptions, and additionally assume that there is no fouling
within 4 cm from the transducers. The posterior distribution of
the function conditional on observations of linear operators of
the function is available in analytic form [12]-[14].

We can only observe the function indirectly. Local fouling
changes the propagation speed of the lamb-type helicoidal wave
and at the transducer we observe the arrival time of the wave
(Sec. II.A), influenced by the fouling along the whole trajectory.
The difference between the observed arrival time and the
theoretical arrival time for clean pipe (Sec. I.B) hence
corresponds to a path integral of the group velocity change
inducted by the fouling. By choosing a certain fd-product with a
suitable transducer, we can in principle observe the arrival times
for all modes for a few high-order helicoidal paths (propagation
paths that circumnavigates the tubular structure n > 1 times). The
estimation of TOA differences is most reliable for the modes
that arrive first, and hence we use the S, lamb-type mode for
paths up to order n=2. The result of the Al module is full spatial
map of fouling represented as distribution over fouling thickness
at each location.

III. RESULTS

This section is divided into two parts: The first part displays
the captured signals from two measurement settings, as
described in II.A. The second part focuses on the results of
estimated fouled area and rate provided with artificial
intelligence, as mentioned in II.C.

A. Experiments

Lowest order modes of GW generated (f = 300 kHz) into a
steel pipe at one location propagated along several
circumferential paths throughout a parallel axial distance of 70.3
cm (from wedge front to the center of receiving transducer). The
receiving transducer (RX) was placed at 25 radial positions
(varying only the 8 angle) around the pipe and the captured
signals from a clean and from a fouled pipe are shown in (Fig.

4). From these signals the TOAs of helicoidal waves were
determined and used as input to the machine learning part.

In the second measurement only the difference pre- and post
ultrasonic cleanings were targeted without localization attempts.
The signals captured during the experiment is shown in (Fig. 5).
The line at the bottom shows a low amplitude signal from the
fouled pipe (Fig. 2B). The wave packets of the signal correspond
to Sy lamb-type guided waves. Attaching cleaning transducers
around the pipe (Fig. 2A) decreased the amplitude of these wave
packets (second from bottom). After the first cleaning procedure
(t=5 min), an increase in the amplitude of the wave packets was
noticed (third from bottom).

To ensure the cleaning result in the pipe, water was emptied
prior to second cleaning sonication. The second sonication was
conducted at the secondary placements of the cleaning
transducers and the GW signals were recaptured. This again
showed an increase in amplitude (blue line) and resembles
closely the signal obtained from the clean pipe.
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Fig. 4. Signals generated with one transducer attached to a wedge and
guided waves propagated in a metal pipe a distance of d = 70.3 cm, where
it was recorded around the pipe from 25 locations on 8z, = 15° with
respect to each other at an equidistance plane from the wedge. Signals on
top of each other from the clean (gray) and with an accumulation of fouling
at pre-described location (black). The calculated TOAs of the
circumferential wave packets (clockwise and counter-clockwise) are
indicated with blue lines.
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Fig. 5. Signals obtained in ultrasound cleaning procedure with the fouled
pipe described in II.A (f = 500 kHz, 5-cycles). The amplitude of the first
arrival wave packets of the signal (at bottom) was low compared to the
amplitude of signals recorded after the first (third from bottom) and second
(top) cleaning procedure.
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B. Artificial Intelligence

We first verify the Al model in silico, based on TOA
differences obtained as numerical integrals of assumed known
fouling, an ellipsoid of constant thickness. The result, depicted
as probability of fouling exceeding half of the assumed thickness
in Fig. 6, verifies that the used sensor array and the GP model
can accurately localize the fouling in a low-noise condition. Fig.
7 presents the results for real measurement data as described in
IIILA, where the TOA difference for each transducer was
computed as the median of the transducer itself and its closest
neighbors to improve SNR. The model is sensitive to non-
Gaussian noise caused by inaccurate peak detection, especially
for multiple waves arriving close to each other in time via
multiple paths. This introduces higher probability of fouling
along some paths (artifact). Nevertheless, we were able to locate
the fouling approximately. We used [ = 5.0 cm and 02 = 1.0 for
both experiments, and s2 = 1.0 for artificial data and s2 = 5.0
for the measured data.

144 0.6
72
0.4
72
0.2
-144
0 20 40 60

Distance from transmitter (z)

D s

Fig. 6. Spatial distribution of the fouling probability with simulated data.
High probability regions (black; p>0.5 for fouling thickness to exceed a
threshold) accurately match the ground truth (red). Lower image shows the
contours wrapped on the pipe surface to guide an eye.
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Fig. 7. Spatial distribution of the fouling probability with measurement
data. High probability regions (black; p>0.5) approximately localize the
ground truth (red), with some false positives.

IV. DISCUSSION AND CONCLUSIONS

We validated the Al module on simulated data and
demonstrated it in a real localization task. We approximately
localized the fouling, but the method is sensitive to non-
Gaussian noise in peak detection. The accuracy may be
improved by replacing the separate detection step by one

integrated with the model, by using phase velocity changes
inducted by the fouling in addition to group velocity changes,
and by relaxing the normality assumption of the noise
distribution and the fouling assumptions for the GP model. The
results from the second measurement showed feasibility to do in
situ fouling rate monitoring during cleaning.

To conclude, we showed an application of fouling detection
based on helicoidal guided waves powered by machine learning.
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