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Abstract

This paper presents an approach for merging side scan
sonar data and bathymetry information for the benefit of
improved automatic shipwreck identification. The steps to
combine a raw side-scan sonar image with a 2D relief map
into a new composite RGB image are presented in detail,
and a supervised image segmentation approach via the U-
Net architecture is implemented to identify shipwrecks. To
validate the effectiveness of the approach, two datasets were
created from shipwreck surveys: one using side-scan only,
and one using the new composite RGB images. The U-Net
model was trained and tested on each dataset, and the re-
sults were compared. The test results show a mean accuracy
which is 15% higher for the case where the RGB compo-
sition is used when compared with the model trained and
tested with the side-scan sonar only dataset. Furthermore,
the mean intersection over union (IoU) shows an increase
of 9.5% using the RGB composition model.

1. Introduction
The Thunder Bay National Marine Sanctuary is a part

of the United States’ National Marine Sanctuaries. Lo-
cated on Lake Huron’s Thunder Bay, it protects a collection
of more than 100 known shipwrecks. Wooden-wheelers,
steel-hulled steamers, and more unique vessels can be found
in this sanctuary, showcasing the importance of the Great
Lakes’ commercial shipping industry over the past two hun-
dred years [2]. While many of the shipwrecks have been ac-
curately located and identified, archaeologists suspect that
another 100 shipwrecks are yet to be identified within the
Thunder Bay National Marine Sanctuary [1].

The localization and study of shipwrecks offers a gate-
way towards a better understanding of history, cultural her-
itage, and maritime human activities. It also demonstrates
how rough environments and human error can lead to loss
of life in marine environments. Furthermore, accurate map-
ping of areas of interest can aid management efforts and
reduce the risk of misappropriation [4]. The study of sub-

merged artifacts and underwater sites is possible through
the merging of expertise in geography, oceanography, en-
gineering, and computer science. For obtaining a detailed
understanding of archaeological sites, data collection is
done using either divers, ships, or more recently marine
vehicles such as Remotely Operated Vehicles (ROVs) or
Autonomous Underwater Vehicles (AUVs).

Sonar devices represent some of the most common sen-
sors used for seafloor surveys [19] as they can be either de-
ployed on board marine vehicles or attached to ships cov-
ering large areas. One of the most common active sonar
types used for detecting objects underwater is the side scan
sonar. Such data sets can be characterized by shadows,
low resolution, and lack of texture, limiting the capabili-
ties of automatic target recognition (ATR) algorithms, es-
pecially when the targets are shipwrecks. Furthermore, side
scan sonar devices cannot measure bathymetry, so to pro-
vide comprehensive maps of the floor, they can be used with
other depth-measuring senors such as multibeam or single
beam sonar. Nevertheless, the correlation of all these data
sets for automated surveys can be challenging. With the ad-
vancement of technology that allows for the integration of
swath bathymetry and dual-frequency side scan sonar sys-
tems, it is possible to have access to both sonar imagery and
bathymetry data. This offers additional information that can
be used to better understand the environment and identify
areas of interest.

Once data is collected, marine archaeologists interested
in shipwrecks will analyze it and look for areas of inter-
est, but this type of manual annotation of large datasets can
be tedious and time consuming [19]. With advancements
in computer vision and machine learning approaches, semi-
automated and automated labeling methods have been de-
veloped for the identification of archaeological sites [13],
and more recently for the detection of underwater archae-
ological sites [4]. When sonar datasets are used in auto-
mated identification of shipwrecks, the focus has been on
the utilization of sonar imagery. Nevertheless, [6] high-
lights the relevance of bathymetry information for ship-
wreck detection. Furthermore in [14] bathymetry informa-
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tion and acoustic backscatter mosaics are used together for
seafloor segmentation, looking at the identification of val-
leys and ridges through the use of classical computer vision
techniques.

Driven by these findings that demonstrate the benefits
of correlating sonar imagery with bathymetry data, this pa-
per proposes an approach for consistently merging all avail-
able information from sonar systems, creating a new type
of dataset. Furthermore, this paper will demonstrate the
benefits of these datasets for machine learning segmenta-
tion, even in the case where limited training sets are avail-
able. The output of this research is an automated pipeline
for shipwreck localization based on sidescan sonar and
bathymetry information.

The rest of the paper is structured as follows: in Section 2
an overview of relevant work in the area of machine learn-
ing and automated segmentation for shipwreck identifica-
tion is presented; in Section 3 the proposed methodology is
presented; in Section 4 the performance of the proposed ap-
proach is evaluated, and in Section 5 the papers concludes
with avenues for future work.

2. Background
The classical ATR process consists of pre-processing,

region of interest (ROI) identification, region segmentation,
feature extraction, and class identification (classification)
[19]. Other approaches have focused directly on seman-
tic image segmentation of sonar data sets [25, 17]. This has
also been demonstrated in fields such as medical diagnos-
tics [21], satellite imaging analysis [26], autonomous driv-
ing [10], and facial recognition [15]. Semantic image seg-
mentation is the process of labeling regions of an image.
Unlike a traditional image classification problem where the
whole image has a single output label, semantic segmenta-
tion involves predicting the class of each pixel in an image.
Research focused on the segmentation stage in sonar data
sets have used methods such as active contours [11], clus-
tering [3], Markov random field [16] or convolution neural
network (CNN) [27]. In the past years machine learning
approaches have been central in sonar segmentation.

In [23], the authors are aiming to overcome over-fitting
problems and improve accuracy by merging deep neural
networks with transfer learning. This approach also en-
ables accurate segmentation when a limited amount of data
is available for the training stage. This is done by using
boat and non-ship images to generate artificial shipwreck
sonar images. Another transfer learning approach that ad-
dresses the limited labeled shipwreck datasets is presented
in [9]. This approach uses a pre-trained YOLO detector to
learn pixel intensities and provides a solution for anomaly
detection. YOLOv5 is used with a transformer module for
real time object detection in [28]. The transformer module
is added to ensure the target is the focus of the detection

and ignore features in the proximity of the target. This en-
ables an attention mechanism in the architecture, handling
the limited texture and features in sonar images. A deep
active instance segmentation method combining Region-
Based Convolution Neural Network (R-CNN), active learn-
ing, and balanced sampling is presented in [22]. The ap-
proach has benefits when a limited amount of labeled sam-
ples are available, leading to better results for underwater
shipwreck detection compared with a classical R-CNN.

In [4] the authors provide an investigation into the vi-
ability of swath bathymetric and topographic LiDAR data
for ATR, and specifically shipwreck detection. The paper
shows that shipwrecks can be detected in various levels of
turbid waters using the YOLOv3 algorithm. Furthermore,
[14] shows the benefits of leveraging both bathymetry data
and acoustic backscatter to produce a segmentation map of
the sea floor. As opposed to the previous approaches dis-
cussed in this background section, the algorithms used to
produce the segmentation are texture classification, pattern
recognition and morphological opening.

One of the recent trends in machine learning approaches
for semantic segmentation is to use the U-Net architecture,
that was introduced in 2015 [18]. It is a full CNN and is
designed to work with fewer training images. It consists
of symmetrical contracting and expanding paths. The con-
tracting, or downsampling, path is much like a traditional
CNN, and at each downsampling step the number of fea-
ture channels is doubled. During the expanding path, the
feature map is upsampled and concatenated with the fea-
ture maps from each downsampling step via skip connec-
tions. The skip connections from earlier layers allow for
the reconstruction of finer details around the segmentation
boundaries, while the contracting layers give the context.

U-Net was originally used for biomedical image seg-
mentation in cases where the number of available annotated
samples can be limited. Data augmentation was achieved
via elastic deformations of available training images. This
is particularly useful in the case of biomedical imaging, as
tissue deformations are realistically simulated. The bene-
fits of U-Net for side-scan sonar data are presented in [24],
where a 1D architecture is used for seabed detection from
backscatter data.

This paper aims to leverage the U-Net architecture for
shipwreck identification in a new type of dataset generated
from bathymetry and side scan imagery. The details of the
proposed approach are presented in the following section.

3. Methodology

This section discusses the sonar and bathymetry integra-
tion into a new imagery format, and the implementation of
the U-Net algorithm for high accuracy shipwreck identifi-
cation.
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Figure 1: D.M. Wilson, wrecked 1894, Thunder Bay National Marine Sanctuary: (a) Side-scan sonar image, (b) 3D relief
map, (c) 2D relief map, (d) bathymetry quality measurements, (e) image composition from (a), (c) and (d) images.
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3.1. Data collection and processing

Side scan sonar and bathymetry data were collected us-
ing an EdgeTech 2205 sonar system [7] integrated with an
L3Harris Iver3 AUV [12] at the Thunder Bay National Ma-
rine Sanctuary.

This system is able to collect sidescan sonar data,
bathymetry information, pitch-roll data, GPS coordinates,
altitude, pressure, and heading. Survey data is written in
EdgeTech’s native JSF binary file format [8]. A single sonar
scan stores two messages per ping, one for port and one for
starboard. By concatenating each sonar message recorded
during a mission, a side-scan sonar image of the seafloor
can be generated. A sample sonar image is shown in Fig-
ure 1a. Sonar data is prone to speckle noise that is a result
of interference of the backscattered waves.

Bathymetry messages, like sonar messages, are sepa-
rated for the port and starboard side. Each bathymetry mes-
sage contains the time delay, angle, and amplitude of each
assumed seafloor echo. There is also a quality factor, in
which EdgeTech’s processing algorithm uses a filter to indi-
cate points whose phase differences are greater than a spec-
ified tolerance. The quality factor is an indication of how
well interstave phase measurements agree. When measure-
ments do not agree this is typically due to high noise or
multipath interference. Multipath interference occurs when
the sonar reflection returns via multiple routes. This is typ-
ically due to the scattering of the reflections by shipwreck
features. The reflections that return are out of phase, and
the signal is attenuated.

A relief map of the seafloor is constructed from
bathymetry data. Using the time delay and the speed of
sound in water reported by the sonar system, the nominal
slant range, SR, is defined as:

SR =
c

2
× te (1)

where c is the sound velocity and te is the echo time. Us-
ing the angle from nadir, α and the slant range, the below
sounder depth, z, and distance x along the span are calcu-
lated with Equation (2) and Equation (3), respectively.

z = SR× cos(α) (2)

x = SR× sin(α) (3)

By concatenating each bathymetry message, a relief map
of the seafloor is created. A sample 3D map is shown in
Figure 1b and a 2D map of the same bathymetry data is
shown in Figure 1c.

Once the sonar and bathymetry information have been
processed, the next step is to create a new multi-channel
image, simulating an RGB configuration. The new image is

created via concatenation along the third dimension. Side-
scan sonar data is stored in the green channel of the image,
and the red channel represents the 2D relief map. Since
areas where bathymetry readings are poor can be indicative
of shipwreck features, this information is preserved in the
blue channel, as shown in Figure 1d. An example of the
new generated multi-channel image is shown in Figure 1e.
Using these steps a new set of images have been generated
that align high quality bathymetry information with sonar
imagery.

3.2. Image segmentation

To validate the benefits of the new muli-channel dataset
for automatic shipwreck identification, a machine learning
approach has been implemented. A U-Net network with
an encoder-decoder depth of 3 was used. Models were
trained using the Adam (adaptive moment estimation) op-
timizer over 10 epochs with a learning rate of 1e − 4. A
randomized 80 − 10 − 10 training-validation-test split was
used on the labeled data set consisting of 252 images, each
with dimensions 256 × 256. Training images were taken
from the separate port and starboard side readings of the
sounder. Splitting the readings in this manner is beneficial,
as it reduces the amount of memory required during train-
ing. The U-Net model was trained and evaluated for two
cases. The first case used a dataset of sonar images, and the
second case used a dataset composed of multi-channel im-
ages including sonar and bathymetry data. Figure 2a shows
a sample training image used in the sonar only version of
the model, and Figure 2b shows a sample training image
using the multi-channel version.

Datasets were manually labeled using the LabelMe an-
notation tool [20]. Data manipulation and network imple-
mentation were done using Matlab.

4. Results

Using the randomized 80− 10− 10 training-validation-
test split, of the 252 images used in each dataset, 202 were
used for training, 25 were used for validation during train-
ing, and 25 were used for testing. Ten epochs took approx-
imately 45 minutes to train on a NVIDIA GeForce RTX
3080Ti GPU.

Qualitative evaluation of the proposed pipeline can be
seen from Figure 3. In this example three different sur-
veys are presented. The first column presents the manually
labeled images, the second column presents the results of
the U-Net segmentation when the new image composition
is used for training, and the third column presents the re-
sults when only the side-scan sonar images were used. It
can be seen that although using the side-scan sonar the con-
tour area is correctly identified, the overall coverage is less
compared to the case when the image composition is used.
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(a) (b)

Figure 2: Sample training image of the D.M. Wilson, taken from the port side of the sounder: (a) side-scan sonar only image
and (b) combined sonar and bathymetry image

The quantitative evaluation was done using all test im-
ages. Three metrics were used to evaluate the proposed
architecture: mean accuracy, mean intersection over union
(IoU), and mean boundary F1 (BF) score. Mean accuracy is
the average pixel accuracy score of all classes in the image.
Accuracy is defined as:

Accuracy =
TP

TP + FN
(4)

where TP represents the number of true positives and FN
represents the number of false negatives. Intersection over
union is defined as the ratio of correctly classified pixels to
the total number of ground truth predicted pixels:

IoU =
TP

TP + FP + FN
(5)

where FP is the number of false positive pixels. BF score
is the measure of how the predicted boundary matches the
ground truth boundary, computed as presented in [5].

Table 1 gives a comparison of the performance of the U-
Net architecture when sonar image composition dataset are
used versus the side-scan sonar dataset only. The mean BF
score validates the qualitative results, highlighting that the
contours of the shipwreck are more clearly identified using
only side-scan sonar images. Nevertheless, the overall area
identified correctly as shipwrecks is significantly improved
when the sonar image composition dataset is used. This can
be seen through the mean accuracy and mean IoU metrics.
The image composition model gives a mean accuracy which
is 15% higher than that of the sonar only model, and a mean
IoU that is 9.5% greater.

Model Mean Accuracy Mean IoU Mean BF Score

RGB 0.7061 0.6254 0.5101
Sonar Only 0.5510 0.5320 0.5995

Table 1: Test results comparing U-Net predictions using
image composition (RGB) model, versus U-Net with only
side-scan sonar images.

5. Conclusion and Future Work
The paper introduced an approach to combine sidescan

sonar data with bathymetry information into a single com-
bined image. The benefits of this new dataset have been
evaluated for automatic shipwreck identification using a su-
pervised semantic segmentation approach, the U-Net archi-
tecture. Due to the feature enhancement capabilities of this
method, the correctly identified areas have significantly in-
creased compared to the case when only side-scan sonar im-
ages have been used. However, the precision of boundary
identification of the shipwreck has decreased. Future work
will focus on increasing the test set size, performing data
augmentation, implementing additional semantic segmen-
tation approaches, and implementing pre-processing strate-
gies.
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Figure 3: Semantic segmentation results: the first column (images a, d, g) represent the ground truth manually labelled, the
second column (images b, e, h) present the segmentation results when the image composition was used, and the last column
(images c, f, i) are the segmentation results when only side-scan sonar images were used.
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