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Abstract—This work proposes an approach for the fault
detection (FD) of a single out-of-water ultrasound range meter
for the measurement of sea height. Although they provide high-
frequency and accurate measurements, such sensors are prone to
faults, and the presence of foam on the water surface can hinder
their measurement capabilities. In contrast, underwater pressure
sensors provide more reliable but less accurate measurements
of wave characteristics. Furthermore, wave attenuation below
the sea surface affects the accuracy of pressure sensors-based
measurements of wave motion. This work introduces a procedure
for performing transfer learning, aimed at leveraging knowledge
acquired from pressure sensor data to train a neural network that
provides fault detection capabilities in ultrasonic measurement
of sea level. The proposed transfer learning procedure takes
advantage of linear wave theory, a description of the motion
of small amplitude sea waves, to perform domain adaptation.
The effectiveness of the proposed approach is discussed through
simulations on a real-world dataset in which three common types
of faults are injected.

Index Terms—domain adaptation, fault detection, sea altime-
ters, pressure transducers, neural networks

I. INTRODUCTION

The scope of this work is to provide a fault detection
approach that can be used to detect faults in ultrasound sea
altimeters. Sensor fault detection consists of the crucial task of
detecting whether a sensor is subject to faults, and thus the data
it generates satisfy the specifications of the sensor in terms of
accuracy and precision. This task is of importance for almost
any field in engineering, such as, for example, robotics [1]-[6],
autonomous vehicles [7], power production and management
[8], [9], aeronautics [10], and several other fields. Fault de-
tection has been historically based upon sensors redundancy,
often relying upon vote-like strategies for performing, also, the
task of identifying and isolating the faulty sensor: comparing
the output of two sensors performing the same task allows fault
detection, while an odd number of sensors allows to identify
a faulty sensor whose output significantly differs from the one
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of the majority of sensors. However, the drawback of this
approach lies in multiplying the costs, energy consumption,
weight, space, and overall requirements of installing a single
Sensor.

Fault detection approaches can be broadly classified into
model-based and pattern-based ones. In the first category,
the output of a sensor is compared against the forecast of
a model, if their difference (often called residual) exceeds
a certain threshold, a fault is detected. In the second one,
instead, patterns explicitly associated with faulty or non-faulty
conditions are evaluated. Model-based approaches show good
performances both in terms of robustness and computational
effort, they include parity space solutions, observers, set mem-
bership methods, and more (see [11] for a review). However,
model-based solutions require a model of the system, which
can often require the knowledge of unknown or varying
parameters.

Pattern-based solutions rely upon certain statistical characteris-
tics of sensors outputs and they include morphological filtering
[12], outlier detection through embedding non-faulty data into
a high-dimensional hypersphere [13], fuzzy logic and neural
networks [14]. Overall, such approaches, artificial intelligence
solutions, and machine learning FD techniques in particular,
have been attracting the interest of both the scientific and
practitioners communities.

Both the two main approaches in machine learning have
been successfully used in fault detection, supervised learning
solutions require a dataset of labeled data (i.e., of both faulty
and non-faulty data) to train a classifier, such as support
vector machine (SVM) [15] and k-nearest neighbors classifiers
(kKNN), often embedding preprocessing techniques such as
principal component analysis (PCA). In unsupervised learning,
instead, no labeled datasets are required, although larger ones
are usually needed. Recent years have witnessed the rise
of deep learning algorithms as the forerunners in machine



learning solutions. Deep learning algorithms are based on
increasing complex (deep) neural networks that, at the begin-
ning, mimicked the characteristics and capabilities of natural
neurons. Deep learning algorithms are characterized by a
significant number of layers whose stack can be combined to
perform complex tasks. Although generally characterized by
high training computational costs, deep learning algorithms
show good performance in analyzing and reproducing time
series.

Fault detection is crucial to ensuring the reliability of mon-
itoring campaigns in particularly challenging environments,
such as at sea, where sensor operating conditions are de-
manding and maintenance operations are both difficult and
costly. The precise monitoring of wave motion is important
for oceanographic, coastal engineering, and climatic purposes.
Two types of sensors are commonly used for water level
measurements: pressure sensors [16] and noncontact distance
meters [16]—[18]. Water level detection with non-contact sen-
sors has the advantage that the instrument is not directly
exposed to water, which makes it more resistant to corrosion
effects [19]. Ultrasonic sensors are usually deployed in the
direct measurement of the free surface as well as the wave
characteristics (wave heights, periods, directions) (e.g., [20]).
They operate by generating a pulse or a series of pulses in the
ultrasound range and measuring the time it takes for the pulses
to be detected by the device’s receiver, typically a piezoelectric
transducer [19], [21]. This solution has some critical aspects,
since ultrasonic systems to work properly need to be installed
at a precise angle (90° with respect to the surface to be
detected), so as to receive the echoes reflected by the water
surface. In presence of a surface slope or foam, that scattered
the signal, there will be frequently missing echoes, which
would degrade the measures. Moreover, this type of sensor
must be frequently monitored because of the creation of pati-
nas or condensation that could alter its correct functioning. In
contrast, pressure sensors measure the variable pressure caused
by freely passing waves and are commonly used to study fluid-
structure interaction problems (e.g., [22], [23]). Although they
offer fast response times, high precision, and durability, they
are less effective in capturing wave characteristics related to
wind interaction or pure wind waves. This limitation arises
because higher frequency components are attenuated during
transmission through seawater.

However, both types of sensor face performance limita-
tions when exposed to the harsh marine environment, which
introduces operational challenges and potential measurement
inaccuracies (e.g., the growth of marine biofouling). Using
alarm thresholds or other naive approaches require not always
available knowledge of installation characteristics, while using
redundant installations indeed increases costs and footprint,
both in terms of energy and installation overhead. Quickly
replacing faulty sensors allows for the continuity of mea-
surement campaign, while for long-term deployments, a data
validation strategy prevents data set from being corrupted by
data originating from faulty sensors.

Therefore, a fault detection and data validation strategy is

useful in such measurements. In the literature, only a handful
of works deal with such a problem. In [24] a data-driven
approach is proposed, but for current profilers. Although not
aimed at sensor fault detection, but rather in simulation, in
[25] neural networks show good performance in forecasting
wave behavior, while a long and wide campaign of wave
measurements is validated in [26] through classical statistical
approaches. However, none of these approaches addresses the
problem of quasi-real-time fault detection for such sensors.

This work proposes a transfer learning approach, namely
a domain adaptation approach, for the fault detection of a
single wave height ultrasound sensor. Knowledge transfer is
the process of using knowledge gathered through one task to
improve another. This process is called in different ways if the
domain in which knowledge is acquired and then used differs,
or if the tasks performed change or remain the same, namely
domain adaptation occurs when the trained model performs
the same task across different domains [27]. The inherent
advantage of transfer learning is the possibility to increase
the data available for training of another task, and it has been
successfully used in different fault detection tasks; see [28] and
[29]. With respect to the task of interest for this paper, domain
adaptation allows the usage of knowledge acquired on a dataset
of redundant highly reliable pressure sensors in detecting
faults of an ultrasound sea-altimeter, without the need for
a labeled dataset of ultrasound sea height measurements.
Using redundancy, the healthy pressure data can be identified,
while linear wave theory enables domain transformation which
eventually is used to perform fault detection in ultrasound
wave height sensors.

This paper is structured as follows, Section II describes the
characteristics of the measurement structure and the relevant
linear wave theory. In Section III the fault detection procedure
is introduced, along with a brief description of the wave
model, the validation of the proposed algorithm is performed
in Section IV and its results are briefly discussed in Section
v

II. WAVE MEASUREMENT

A deep understanding of wave motion characteristics is
crucial for various applications, including assessing the perfor-
mance of wave energy converters and predicting the impact of
waves on maritime structures. Additionally, integrating these
parameters with meteorological data—particularly wind speed
and direction—using sensor data fusion techniques can support
the development of new forecasting models. To advance these
objectives, a long-term data acquisition campaign was carried
out in 2024 in the marine area off the Marine Energy Lab-
oratory of the University of Reggio Calabria, on the eastern
coast of the Strait of Messina. The dataset used for training the
neural network was derived from this experimental campaign
[30]. Notice that although this experimental setup has a duplex
architecture, the aim of this work is tackling fault detection in
single-sensor installations.

The experimental setup involved a structure consisting of an
iron frame that supports two pressure transducers (ATM.1ST
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Fig. 1. 2D sketch of the measurement system.

/ N) placed 0.8 m below the free surface, isolated from the
seabed, at a depth of water of 1.9 m. This is used to detect the
pressure induced by the wave motion. To reconstruct the free-
surface profile, two ultrasonic probes (ATG-IRU-2003) were
mounted on top at 1.2 m above sea level, 1.5 m from each other
(see Fig. 1). The pressure sensors, based on piezoresistive
technology, provided an accuracy of <0.2% FS (full-scale) and
a response time of <1 ms. Ultrasonic sensors, which measured
wave elevation through sound pulse reflection, had an accuracy
of +0.25% and a response time of 55 ms at 7.62 m. Sensor
data were acquired using a National Instruments cDAQ-9185
chassis with two NI-9203 modules, enabling the collection of
4-20 mA output signals. The system was designed for precise,
synchronized, and remote data acquisition. To reduce the error
due to digital-to-analog conversion, the data were oversampled
at 500 Hz and then averaged to reduce the frequency to 10
Hz. Data acquisition was continuous. Each test was identified
by a packet of 3,000 samples, corresponding to a duration of
5 minutes. This is because, as stated by [20] this duration is
optimal for representing a stationary, Gaussian, sea state. As
stated by [31], to reconstruct the free surface from pressure
transducer measurements it is common to use the linear wave
theory (e.g., [20], [32]). The theory provides a reasonable
estimation of the significant wave height but fails to capture
the higher-frequency components of the wave spectrum. As
a result, it is unable to represent the asymmetrical profile of
nonlinear waves and significantly underestimates their crest
elevation. However, they are more reliable than ultrasound
sensors and their redundancy allows to isolate a dataset of non
faulty measurement. For this reason, the data from pressure
sensors will be used in this work in performing a domain
adaptation approach in fault detection and isolation of the more
valuable (yet less reliable) ultrasound sea altimeters.

From this theory, taking into account the dynamic pressure
A, (the pressure excluding the static contribution correspond-
ing to the mean level) we can write

cosh (k(z+ h))
cosh(kh)

where p is the density of the fluid, g is the acceleration
of gravity, 7 is the wave profile, k is the wave number, z is

Ap = pgn (1)

the submersion depth (of the pressure transducer), measured
upwards from the still water level and h is the water depth. It
is common to re-write Eq.1 as

A, = pgnK, @)

where K, is the attenuation factor (e.g., [20]). By calculating
K, it is possible to reconstruct the surface spectrum from
the pressure wave spectrum. However, this reconstruction
is only feasible for a band around the peak frequency,
and components at higher frequencies are not present, as
they are strongly attenuated during propagation. However,
the information obtained can still be used to support the

evaluation of the operating status of the ultrasound system.

III. FAULT DETECTION PROCEDURE

Starting as a generalization of principal component analysis,

with the seminal work of 1982 by Oja [33], autoencoders
gained popularity as a simple yet powerful tool which can
efficiently find a lower-dimensional representation of a set
of data (encoding). This representation can later be used
to reproduce (decode) data from the encoded representation.
In general, the training process in autoencoders relies on
performing the encoding/decoding process by minimizing the
error (usually mean square error) between the decoded and
training data.
Of the several autoencoder architectures that are present in
the literature (the interested reader can refer to [34] for a
survey), in this work the following 1D CNN (one-dimensional
convolutional neural network) structure (which is summarized
in Figure 2) is used:

e a sequence input layer which performs z-score normal-

ization (standardization) of data;

o the downsampling layers performing dimensionality re-
duction, each block formed by a 1-D convolution layer,
followed by rectifier or ReLU (rectified linear unit)
activation function, then by a dropout layer to prevent
overfitting;

« the upsampling layers, which reverse the downsampling
through fractionally-strided convolution (see [35]) and
embed both the ReLLU activation function and a dropout
layer;

o the transposed 1-D convolution layer, which eventually
produces the desired output.

For the purposes of this work, three downsampling/upsampling
layers have been used, following a trial-and-error procedure
resulting in a twenty-layer network. The training process
uses adaptive momentum estimation (ADAM) with a constant
learning rate. The loss function is the mean square error (MSE)
between the input and output data sequences.

An example of ultrasound signal reconstruction with and
without domain adaptation is reported in Figure 3.

Let introduce the input sequence X;f of pressure data at
time instant k, and let introduce its autoencoder-forecast X I’f =
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Fig. 2. A schematic of the neural network used in this work.
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Fig. 3. An example of the original (blue line) and its reconstruction without
domain adaptation (orange line) and using the proposed approach (red line),
which shows a better accuracy.

f (X;f). Let introduce X}* as ultrasound-measured data at the
same time instant.

Using the model described in II, let introduce X . the forecast
of X} as

5 1
XI? =kp f (k'_X;:> (3)
P
with k, = %m Fault detection is performed by eval-

vating the mean percentage error (MPE) between X © and
X!, each time it exceeds a threshold 7 > 0 a fault is
detected, singularity of MPE when estimate approaches zero
is prevented properly capping its value to 100.

IV. VALIDATION

In order to discuss the effectiveness of the proposed
approach, a series of tests has been performed and its results
are reported in this section.

A. Training and parameter choice

The training data set consists of 68751000 samples (the
samples make up 22917 sea states), sampled at 10 Hz of
two pressure sensors, the duplex architecture does not allow
for a labeling of faulty data, while non-faulty data can be
labeled (when the outputs of both sensors differ by a small
threshold). Training has been performed with the classic 9:1

Training Loss
Validation Loss
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Fig. 4. The training process for the autoencoder used in this work.
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Fig. 5. A comparison of the MPE with (red line) and without (blue line)
domain adaptation, in absence of faults.

division between training and validation data, training has been
performed for 200 epochs, with a 0.001 learning rate and a
0.2 dropout rate. Training details are reported in Figure 4

As a preliminary investigation step, Figure 5 shows a
comparison of the MPE for 2100 sea states in absence of
faults. The blue line shows the MPE between autoencoder
forecast without domain adaptation, while the red line shows
the MPE in the presence of domain adaptation, which reduces
the spikes which can lead to false detection of faults. For
the whole dataset, the maximum MPE is 6.52% without
performing domain adaptation, reduced to 3.93% following
the transfer learning procedure. By performing a clustering
operation on the dataset, the 7 threshold has been set to
3.2%. This value has been set to maximize the accuracy in
classification; it is interesting to note that performing the same
operation with different clustering weights (see [36] for more
details) can maximize either the specificity or the sensitivity
of the algorithm.
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Fig. 6. First fault scenario: an additive white noise is added to sea states
from 1000 to 3000 (highlighted by vertical dashed lines), blue line denote the
MPE of sea state estimations without transfer learning, while red line denotes
transfer learning-enhanced estimation.

MPE [%]
(2]

2000 3000
Sea state number

4000

Zeroing fault | Noisy fault | Sinusoidal fault
False positive rate | 0.20% 1.05% 0.20%
False negative rate | 0.05% 0.05% 2.45%
TABLE I

FALSE POSITIVE AND FALSE NEGATIVE RATES DURING DIFFERENT TESTS.

B. Fault scenarios tests

Figures 6, 7 and 8 represent three fault scenarios, in which
an additive disturbance has been added to non faulty data.
Three common faults are injected into the dataset, which is
described in this section:

1) the sensor noise increases (i.e. due to sensor wearing or
the presence of sea foam), thus a white noise is summed
to the output of the sensor (Figure 6);

2) the physical connection to the sensor is cut - this results
in the sensor output suddenly becoming O (Figure 7);

3) a slow frequency (1/75Hz) sinusoidal disturbance is
added to the output of the sensor (Figure 8), representing
slow changes in sea height (i.e. tidal effects) which can
vary across different sites of installation.

False positive and false negative rates are reported in Table I.
For the first fault scenario (Figure 6) another comparison is
performed: the MPE for the sea state estimation with and
without domain adaptation is represented (by red and blue
lines, respectively). It can be observed that while the injected
fault is correctly found in both cases (i.e. MPE is more than
the 7 = 3.2% threshold) in absence of domain adaptation the
fault detection process is quite less specific, going beyond the
3.2% threshold in absence of faults.

A brief evaluation of computational cost has been performed,
training required roughly twelve minutes on a Xeon-based
workstation, while fault detection required roughly 0.004 sec-
onds for each sea state, proving the suitability of the proposed
approach in real-time FD.
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Fig. 7. Second fault scenario: the output of the ultrasound sensors suddenly
becomes to zero for sea states from 1000 to 3000, gray area denotes the sea
states for which a fault is detected.
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Fig. 8. Third fault scenario: a low-frequency disturbance is added to the sea
states from 1000 to 3000, gray area denotes the sea states for which a fault
is detected.

V. RESULTS DISCUSSION AND CONCLUSIONS

This work proposes a fault detection approach for ultra-
sound sensors used in measuring sea waves. Such sensors
provide highly valuable data, but are affected by low reliability
and are prone to failures due to the harsh marine environment.
Thus, the possibility of improving such sensors with fault
detection capabilities appears to be of interest. In this work
a data set gathered from a duplex installation of the more
realiable underwater pressure sensors has been used to train
an autoencoder, which is then used for performing fault
detection in ultrasound sensors through domain adaptation,
by evaluating the mean percentage error (MPE) between
autoencoder forecast of sea states and actual measurements.
The proposed domain adaptation approach relies upon the
linear wave theory and, in the future, the usage of other



wave models will be investigated. It must be noted that the
proposed approach produces a fault detection system which
is not bound to a specific site, given that the training set is
diverse enough. A comparison between sea state MPE with
and without domain adaptation has been performed, showing
a reduction in maximum MPE from 6.52% to 3.93%, while
significantly reducing the false positive detection rate. Further
tests performed by injecting faults in real-world data prove
the effectiveness of the proposed approach in detecting faults
belonging to three common cases.
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