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Abstract: The present analysis of state of the art portrays that actual time series or spectrum backscat-
tered data from a point on the sea bottom are rarely used as features for machine learning models. The
paper deals with the artificial intelligence techniques used to examine CHIRP-recorded data. The data
were collected using a CHIRP sub-bottom profiler to study two sand bottom sites and two sandstone
bottom sites in the offshore zone of Ashqelon City (Southern Israel). The first reflection time series
and spectra of all the traces from the four sites generated two training and two test sets. Two logistic
regression models were trained using the training sets and evaluated for accuracy using the test
sets. The examination results indicate that types of sea bottom can be quantitatively characterized by
applying logistic regression models to either the backscatter time series of a frequency-modulated
signal or the spectrum of that backscatter. The examination accuracy reached 90% for the time series
and 94% for the spectra. The application of spectral data as features for more advanced machine
learning algorithms and the advantages of their combination with other types of data have great
potential for future research and the enhancement of remote marine soil classification.
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1. Introduction

Acoustic data are an indispensable marine science tool widely used to map and
analyze sea bottom characteristics. This NDT technique is beneficial for soil investigations,
which include the use of bathymetric mapping to study the topography of the ocean
floor, conducting both shallow and deep acoustic surveys to gain insights into the subsoil,
identifying existing infrastructure both on and beneath the seafloor, and determining
underwater positioning [1–12]. The marine industry relies heavily on calibrated backscatter
intensity to classify the composition of the sea bottom’s upper layer using remote sensing
tools that have become standard in the field.

Reviewing the scientific literature indicates that research in the field of spectral analysis
of the acoustic response of the seafloor is relatively limited, and the focus is on large-scale
data and non-localized side-scan data. Single-beam types of sonars, such as sub-bottom
profilers or multibeam sonars, are rarely studied. While some studies have explored
signal and image processing techniques, occasionally in combination with AI algorithms,
a reliable quantitative classification method has not yet been established [13–28]. Other
studies have focused on calibrated backscattering intensity methods [29,30] and sometimes
use a subsurface profilometer for geological background [31].

The available literature indicates that the primary means of assessing sub-bottom soil
composition in acoustic seabed studies is through backscatter intensity, as exemplified
by [32], which often requires extensive calibration, such as that provided by the geocoder
algorithm [33]. A comprehensive review conducted by Anderson et al. [34] emphasized the
need for careful calibration when attempting to relate acoustic backscattering measurements
to the sub-surface properties and contents of the seabed. The few studies [27] that have
attempted to identify sea bottom soil types based on spectral characteristics have mostly
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been limited to side-scan sonar data, which are inherently limited by the scale of the features
they capture, as noted by [27]. Moreover, it should be noted that a single swath of acoustic
data may comprise multiple soil types, limiting such methods’ applicability. While they
may yield valuable insights when applied to large, relatively homogeneous sea bottom
regions, they may be less effective when dealing with more complex, heterogeneous areas
containing various soil types, such as rock, sand, and clay.

Artificial intelligence (AI) techniques have significantly enhanced acoustic data clas-
sification in marine science, providing a more objective and efficient approach to seabed
mapping. A study by [35] utilized hybrid artificial neural networks incorporating a self-
organizing feature map and learning vector quantization to classify four manganese nodule-
bearing sites using angular backscatter intensity as the learning and classification features.
The resulting model achieved classification accuracies ranging from 87 to 95%. Additionally,
refs. [36–39] utilized a feedforward neural network and convolutional neural networks
to predict source charge and bottom composition (mud and sand combinations) for sus
charges. The features varied from simulated pressure time series or extracted features, such
as peak level, integrated level, signal length, and decay time, to simulated peak pressure
and backscatter intensity. The accuracies of the models varied from 84% to 97% for the
convolutional neural network used in [37]. These studies illustrate AI algorithms’ potential
in classifying acoustic data for marine soil characterization.

The classification of soil based on multibeam echo sounder (MBES) data has been
the focus of recent studies [40–42]. One such study, [40], applied support vector machine
classification to MBES bathymetric and backscatter data to classify mud, sand, and gravel,
achieving an accuracy of 90%. Similarly, [41] utilized deep neural networks to classify
the same materials from bathymetric and backscatter data that were reduced using fuzzy
ranking. This resulted in an accuracy of 86% for soil classification. Another study [42]
achieved a classification accuracy of 93% for mud, sand, and gravel combinations using
deep learning with backscatter bathymetry and the angular response and mosaic tex-
ture of MBES data. These studies demonstrate the efficacy of AI techniques, specifically
support vector machines and deep neural networks, in classifying soil based on MBES
data. By incorporating features such as bathymetric and backscatter data, as well as an-
gular response and mosaic texture, the accuracy of soil classification has significantly
improved. These findings have important implications for the mapping and characterizing
of seabed environments, highlighting the potential of AI techniques for future research in
marine science.

Upon analysis of the current state-of-the-art literature, it is evident that the features
utilized in machine learning approaches for the topic of this article rely heavily on essential
characteristics such as backscatter intensity as a function of the angle of incidence, mosaic
texture, and bathymetry [35,36,39–42]. While these features have proven effective in
seabed mapping and classification, it is essential to note that actual time series or spectra
backscattered from a point on the seafloor have rarely been utilized. However, a study
by [43] demonstrated the potential of using the frequency domain representation of the
time series of a reflected chirp sub-bottom profiler signal for distinguishing between sand
and sandstone. This approach showed promising results, as the number of crossings of
the spectrum at 1/16 of the maximal normalized power classifier demonstrated the ability
to assess the probability for sand or sandstone with over 80% certainty in over 75% of the
cases. Incorporating this approach into machine learning models for seabed mapping and
classification may provide a more comprehensive understanding of the seafloor structures
and their associated ecological communities, ultimately leading to the better management
and preservation of marine resources. Future research should explore the potential of
utilizing time series or spectrum data in machine learning approaches to characterize
marine environments, as it may lead to significant advancements in the field.

The central hypothesis of the research [43] was that the spectral features of acoustic
signals reflected from sand and sandstone sea bottoms are due to essential dissimilarities in
the physical properties of these two media. These properties include low-size morphology
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at the top of both sediment types, and a discrepancy of several meters (depending on the
wave period) beneath the reflector boundary.

As these singularities are significantly different between sand and sandstone, they are
expected to affect the acoustic signals reflected from the top of the sea bottom, thus affecting
spectral parameters such as amplitude, main frequency, the frequency-dependent reflection
coefficient, number of spikes, etc. However, the main disadvantage of the presented method
was the qualitative choice of the spectral parameters used for classification resulting in
less-than-optimal accuracy.

The present study used the discrete values of the reflected time series and spectra
obtained by [43] as training sets for two logistic regression models [44]. This machine
learning technique was found to be effective for classifying sand and sandstone. It was
shown to equal the results of much more complicated machine learning methods, such as
convolutional neural networks, used in previous studies [35–42].

The paper aims to demonstrate that logistic regression models can ensure accurate
man-independent promising results (in terms of accuracy) for soil categorization at the
sea bottom. As shown below, the suggested method allows us to accurately classify the
sand and sandstone, making it a viable and practical option for categorizing these seabed
sediment types.

The paper consists of five main sections: Section 2 considers the method of the study,
including a description of the experimental setup and data preparation methodology;
Section 3 portrays time series and spectral data; Section 4 presents the results of the logistic
regression modeling; and Sections 5 and 6 present our discussion and conclusions.

2. Method

A preliminary data collection was performed using a CHIRP sub-bottom profiler to
study two sand bottom sites at 26 m depth and two sandstone bottom sites at 33 m depth,
both offshore of Ashqelon. The first reflection time series and spectra of all the traces from
the four sites generated two training and two test sets. Two logistic regression models [44]
were trained using the training sets, and were evaluated for accuracy using the test sets.

2.1. Experimental Setup

A Bathy-2010PC chirp sub-bottom profiler (SBP) was selected as the acoustic device
for the data collection campaign. This instrument’s properties are as follows: a linear
chirp with a frequency sweep ranging from 2.75 kHz to 6.75 kHz, a signal duration of
5.4 ms, and a beam angle of 30◦. It is anticipated that in this context, the reflected signal
will be influenced by the fine-scale morphology of the reflector, such as boulders and
sand ripples. The data were collected at two offshore locations near Ashkelon, “Site 1”
and “Site 2”, approximately 1.2 km apart. The bottom at Site 1 and Site 2 was previously
determined to be sandy, and located at a depth of 26 m. Similarly, data were collected at
two other locations, “Site 3” and “Site 4”, about 0.8 km apart. The bottom was determined
to be sandstone at 33 m at these sites. The sea bottom’s composition at each site was
examined through soil assaying and a drop camera. Each site had an area with similar soil
composition that extended several hundreds of meters in radius. The vessel was moored at
each site, and its position was slightly adjusted due to wind and wave direction variations
during data collection. Each trace was captured at a slightly different location, but over the
same soil type. The transducer was installed on the vessel’s side and placed 1 m below the
waterline. The sound speed in water was measured to be 1530 m per second. The data were
recorded in an unprocessed format without any chirp compression applied. Each trace was
captured for 100 milliseconds, encompassing the transmitted signal, the water column, the
bottom, and approximately 120 m of soil penetration. The transmission parameters used
are summarized in Table 1.
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Table 1. Transmission parameters.

Site: Site 1 Site 2 Site 3 Site 4

Soil type Sand Sand Sandstone Sandstone

Depth [m] 26 26 33 33

Transducer depth [m] 1 1 1 1

Transmission power [dB] −18 −18 −18 −18

Water sound velocity [m/s] 1530 1530 1530 1530

Recorded signal duration [ms] 100 100 100 100

2.2. Data Extraction and Preparation

The SegY files collected during the offshore campaign were utilized to extract data for
further analysis. Data extraction was conducted using the SegyMat subroutines package
running in Octave 8.0.2. GNU Octave is a high-level language primarily intended for
numerical computations. It provides a convenient command line interface for numerically
solving linear and nonlinear problems and performing other numerical experiments using
a language compatible principally with Matlab (Vers. R2022, The MathWorks, Inc., Natick,
Lakeside Campus, 1 Lakeside Campus Drive, Natick, MA 01760, USA). It may also be used
as a batch-oriented language. GNU Octave is also freely redistributable software. You may
redistribute and modify it under the terms of the GNU General Public License (GPL), as
published by the Free Software Foundation. SegyMAT is a Matlab/Octave m-files set used
to read and write SEG Y data following SEG Y Revision 0 and 1. The Segymat package can
be downloaded from SourceForge and added to the Octave path. Specifically, the ReadSegy
function imports the seismic data into a 2D array of the size (number of samples) × (number
of traces). To ascertain that soil characteristics, not changes in the transmitted signal, are
responsible for differences in the reflected signal, repeatability checks were conducted
for all traces across all four sites. The results showed the near-perfect repeatability of the
transmitted signal. The time series was then divided into transmitted reverberations, the
first reflection, and the remaining signal parts, focusing on the first reflection to characterize
the first soil layer. The first reflection was extracted from each trace by identifying the
first reflection’s start point as the beginning of a sharp increase in the growth rate of local
extremum values, and by setting the first reflection’s duration to that of the transmitted
signal. The first reflection (of the time series and spectrum) was then taken as a dataset and
used to construct the design matrices.

3. Datasets

The data used in this study consist of time series data and spectral data. Within each
category, a training set (design matrix) is used to train the model and find the optimal
parameters. In addition, there is a test set, which consists of additional data and is used to
assess the performance of the trained model. The training sets include 300 traces collected
over the sand from both sand sites, and 150 traces collected over sandstone from both
sandstone sites. The test sets include 100 traces collected over the sand from both sand
sites, and 50 traces collected over sandstone from both sandstone sites. Traces within the
training set are randomly ordered.

3.1. Time Series Data

For the time series data, each training (and test) example consists of 108 features
corresponding to the raw measurements of the 5.4 ms reflected signal (with a sampling
frequency of 20 kHz). Typical time series appear in Figure 1.
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Figure 1. Enlarged signatures of the first arrival of the reflected signal: (a) sand, and (b) sandstone.

3.2. Spectral Data

Obtaining spectral features from acoustic signals reflected from the sea bottom in-
volved several stages, as follows:

a. The time series were auto-correlated and transformed into the frequency domain
using the discrete Fourier transform. This results in a two-sided power spectrum
containing information on the frequency components of the signal;

b. The positive frequency range was selected to obtain the one-sided power spectrum;
c. The power values were multiplied by two (except for the first term) and normalized

by the spectrum area. The normalization step is necessary to correct for differences
in attenuation between sand and sandstone sites due to the depth differences;

d. To ensure that the spectra data are clean and accurate, a noise reduction step was
performed by applying a frequency bandwidth filter to match the transmitted signal’s
frequency range of 2.75 kHz to 6.75 kHz. The resulting discrete spectra points
were used as features in machine learning models to classify sand and sandstone
sea bottoms.

The spectral datasets (the training and test) were derived from the time series datasets
used in the study, and hence included the same composition of sand and sandstone
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reflections as the time series data. Examples for the stacked power spectra for the four sites
appear in Figure 2. Each trace has 109 features corresponding to the discrete values of the
spectrum. The training and test sets were used to train two logistic regression models that
were then assessed for their accuracy in classifying sand and sandstone sea bottoms.
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The presented method of using spectral features for ML-based classification offers
a practical approach, as demonstrated next, as the spectral data correlate to the physical
properties of the sand and sandstone bottoms.

4. The Results of the Logistic Regression Model

Two logistic regression models were trained using training sets, and their accuracy
was evaluated over training and test sets. The cost function was minimized by using
400 iterations of gradient descent. One of the models was trained using time series data,
and it achieved an accuracy of 95.6% over the training set and 90% over the test set. The
other model was trained using spectra data, achieving an accuracy of 95.33% over the
training set and 94% over the test set. Corresponding confusion matrices are presented
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in Table 2. These results show that both models effectively classified sand and sandstone
with high accuracy, with the spectral model performing slightly better than the time series
model. The quality of the model can be further assessed by considering the precision
and sensitivity (recall). Precision is defined as the number of accurate predictions of a
class divided by the number of total predictions of that class. Here, the precision of sand
identification is 97.9%, and the precision for sandstone identification is 87.3% over the test
set for the spectral data. For the time series data, the precisions are 88.3% for sand and
94.9% for sandstone over the test set. Sensitivity is defined as the number of accurate class
predictions divided by the actual numbers of the same category. Here, the sensitivity of
sand identification is 93%, and the sensitivity for sandstone identification is 96% over the
test set for the spectral data. For the time series data, the precisions are 98% for sand and
only 74% for sandstone over the test set. The precision and recall enable the calculation of
the F1 score for both sand and sandstone, following Equation (1):

F1 = 2 × Precision × Recall
Precision + Recall

(1)

Table 2. Confusion matrices for the trained model: (a) spectra training set; (b) spectra test set; (c) time
series training set; (d) time series test set.

a

Actual Predicted rock Predicted sand

Rock and Sand 450 137 313

Rock 150 133 17

Sand 300 4 296

b

Actual Predicted rock Predicted sand

Rock and Sand 150 55 95

Rock 50 48 2

Sand 100 7 93

c

Actual Predicted rock Predicted sand

Rock and Sand 450 138 312

Rock 150 134 16

Sand 300 4 296

d

Actual Predicted rock Predicted sand

Rock and Sand 150 39 111

Rock 50 37 13

Sand 100 2 98

Over the spectral data for sand identification, we obtain F1 = 95.38%, and for sandstone,
we obtain F1 = 91.4%.

The next step was to assess the performance of the models in actual field surveys, the
required size of the datasets, and the number of iterations needed to achieve good results.
For this purpose, the accuracies over the training set and the test set and the rock and sand
identification sensitivity were calculated for different relative training set sizes (the number
of used training examples divided by the number of features). The calculated values for
each training set size are the average values of 100 runs with randomly chosen training
examples (except for the entire set). These results appear in Table 3 and Figure 3. These
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results show that accuracy comparable to work carried out by [43] could be achieved with
a relative training set of 2.45, compared to the 4.09 relative set size used by [43]. When
utilizing the same relative set size, the logistic regression model achieved 94% accuracy
over the test set (vs. the 80% accuracy of [43]). This may significantly impact the results
obtained in actual field surveys, as discussed in the next section.

Table 3. Accuracies vs. the relative size of the spectral training set (the number of training examples
divided by the number of features).

Relative training set size [dimensionless] 1.64 2.05 2.45 2.86 3.27 3.68 4.09

Maximal accuracy over the test set [%] 67.33 74.67 84.67 84.67 84.67 89.33 94.00

Maximal accuracy over the training set [%] 87.67 96.00 95.56 96.83 96.11 95.06 95.33

Number of iterations to achieve maximal accuracy
over both sets [iterations] 20 90 120 160 160 220 210

Regularization parameter for maximal accuracy 10 0 0 0 0 0 0
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5. Discussion

Application of the logistic regression approach to a wide range of applied tasks is
part of the mainstream of geophysical research, especially in marine geophysics [45–52];
for example, this approach is used for the study of changes in soil properties [45], ocean
processes [46], etc. However, such an approach is rarely used for soil classification of the
sea bottom. The results above show that the two sea bottom types can be successfully and
quantitatively characterized by applying logistic regression models to either the backscatter
time series of a frequency-modulated signal, or to the spectrum of that backscatter.

The achieved classification accurac” (ov’r the test sets) is 90% for the time series and
94% for the spectra. The improved results when using spectral data may be due to the
option to clean noise with frequencies outside the bandwidth of the reflected signal. The
models were trained using a relatively small dataset, which suggests that even higher
accuracy may be achievable with larger datasets.

It is evident from the results of this study that applying machine learning algorithms
has the potential to enhance sonar-based soil classification accuracies compared to manual
extraction and classification criteria [43].

The model achieved comparable accuracy to [43], with a training set that is approxi-
mately 60% of the required training set. This might be important when collecting data in
actual survey activities wherein the survey vessel is less stationary. Hence, fewer data are
collected over each area and the corresponding soil type, making the method presented
here more advantageous for soil classification based on data collected during standard
hydrographic surveys.

As for feature selection for machine learning algorithms, it is assumed that a frequency-
modulated signal’s reflected spectrum (and corresponding time series) is affected by reflec-
tor characteristics such as grain size, relief, voids, stratification, etc. Hence, using these data
as the feature is superior to using integral components such as peak pressure, total intensity,
angular intensity, etc., as were used by previous works performed on sonar data [35,40–42].
Applying a relatively simple logistic regression model on spectral data achieved superior
accuracy to neural network methods used to integrate data (intensity, angular intensity,
elevation, etc.) in the case of sonar data [35,40–42]. Based on these findings, it is assumed
that combining spectral analysis with machine learning and using the spectral series as
features can enhance the performance of machine learning algorithms for sonar base
soil classification.
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6. Conclusions

The application of spectral data as features for more advanced machine learning
algorithms and the advantages of their combination with other types of data (such as the
angle of incidence) is of great potential for future research and the enhancement of remote
marine soil classification.

Based on these results, the study presented herein established soil classification method
principles that achieve high classification accuracy and are easily applicable to data collected
in standard hydrographic surveys.

The proposed methodology has limitations: the approach is based on CHIRP data
used for the analysis. Namely, it depends on the frequency range used for measurements.
Although the criteria quantitatively rely on the frequency range, the method as a whole is
believed to be free from such a bias. The pros and cons of this issue will be addressed in
detail in further research.

It is known that logistic regression models, while powerful, can sometimes be chal-
lenging to interpret. Based on such interpretation, the results can be checked by the minor
number of boreholes. The high accuracy values reached (90% for the time series and 94%
for the spectra) show that the proposed method being examined by borehole drilling may
be a powerful tool. However, research into additional machine learning algorithms will
be carried out in further studies. The results of the logistic regression approach were com-
pared with the results of other studies from the literature which utilized machine learning
methods. However, to assess the optimal strategy for this application, we must compare
the performance of several machine learning methods on the same specific dataset, which
will be the subject of future research.
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