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Abstract

The mine countermeasure operations consist of hunting i.e. searching for possible mines from the seabed and water column as well as
demolition or disposal of found mines to enable safe passage of other naval units. Mine hunting is a task conducted by specialized naval units
aiming to clear sea areas from estimated or realized naval mine threats. The search is usually initiated by sweeping broad areas with a side scan
sonar to produce an initial picture of the seabed and localize possible threats for closer examination. The manual analysis process is challenging
and time-consuming, especially in environments where seabeds are littered with mine-like objects such as rocks and other roughness. This paper
researches the possibility of enhancing littoral mine hunting with object detection using a deep convolutional neural network and vision
transformer methods separately and as a Mixture of Experts system to do the preliminary object detection and classification of the data
multiples faster than a sole sonar operator. The results indicate that even a processed sonar image can be used to enhance mine hunting
operations in a transparent, explainable manner but would benefit from enriching with additional data and signal analysis to ensure the detection
of the most difficult targets.

Keywords Marine sensors; Mine countermeasures; Sonar and transducers; Convolutional neural network; Transfer learning; Vision
transformer; Mixture of experts

1 Introduction by the display and analysis of the results in section 3.

This paper explores the use of Artificial Intelligence (Al), 1.1 Naval mine warfare and mine countermeasures

more specifically machine learning and deep learning, to
enhance littoral naval mine countermeasure operations by
applying novel deep learning solutions to underwater sonar
imagery for classification and object detection. Initially, an
overview of mine warfare and mine countermeasure opera-
tions is presented, followed by an explanation of the use of
Al in naval mine warfare, the identified research gap and
the research contribution, as well as a brief survey of earlier
research. The following section 2 explains the methods, data
and models in the context of the research problem, followed
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(MCM)

As described by Melia (1991), mine warfare has been a
relevant and impactful naval warfare branch for centuries.
It is recognized as a devious threat to even the largest naval
forces, effectively rendering otherwise supreme naval forces
unable to conduct operations if MCM operations have not
been able to counter the threat. In essence, mine warfare
functions as a force multiplier as it can, at least, delay an
opposing navy from acting. Schwarz (2014) from U.S.
Naval War College describes naval mine threat as consist-
ing of various types of mines, with different sensors and
payloads. In general, mines are categorized into bottom
mines that are lying in the seabed and moored mines that
are floating in the water column while anchored into the
seabed. Moored mines are most often contact mines, i.e.,
the ship has to make direct contact with the mine to deto-
nate it, whereas bottom mines rely on sensors that detect
the influence of magnetic, acoustic and pressure interfer-
ence. The third option is to remotely detonate the mine.

The purpose of mine warfare is to hinder the opponent’s
ability to operate freely; the kinetic impact is often times a
secondary object, as the mere threat of mines has the
desired effect to a certain extent. This leads to the necessity
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of MCM operations.

MCM operations can be categorized into five categories
regarding mission objectives. These categories are explor-
atory, reconnaissance, breakthrough, attrition and clear-
ance operations (Hibbert, 2006). Exploratory operations are
used to determine whether mines are present in the area,
while attrition is used to keep the threat of mine low by
continuous operations. Reconnaissance is usually a follow-
up of exploratory operations, which aims to define the lim-
its of the mine threat area, while breakthrough operations
aim to quickly reopen the channel (Broughton, 1998).

The technical tasks of MCM units can be categorized
into surveying and mapping, mine hunting, mine sweeping
and mine disposal (Broughton, 1998; Hibbert, 2006), cor-
responding to the aforementioned mission objectives. Map-
ping and surveying denote scanning of the seabed to create
an overall impression of the environment. Mine hunting is
the process of scanning an area of interest to either declare
it free of mine threat or to produce detections for further
examination and, e.g., disposal.This research framework is
within the exploratory operations and aims to enhance the
technical tasks of mapping, surveying and mine hunting.

MCM operations utilize a variety of sensors, but to scan
large areas of seabed, Side Scan Sonar (SSS) (Flemming,
1976) and Synthetic Aperture Sonar (SAS) (Hayes and
Gough, 2009) are currently most used by different navies.
The sensor is usually towed behind the operating unit at
some measurable depth in the water column, where two
sets of transducers scan the seabed on both sides of the sys-
tem. Figure 1 displays Flemming’s visualization of the
sound lobes emitted from the SSS (Flemming, 1976).
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Figure 1 A schematic view of the sound lobes of an SSS (Flemming,
1976)

The mapping and survey are time-consuming, as the
speed of the towing unit is limited when using an SSS
(Flemming, 1976). High speed induces distortion in the
resulting imagery and also affects the water depth of the
towed array. Likewise, the area covered by one scan is lim-
ited to a few hundred meters per each side. While the data
acquisition is time-consuming, so is the analysis of it to
determine next actions. The operator has to manually pro-
cess the imagery to detect objects of interest. A mapping
or survey operation would produce a vast amount of imag-

ery to process, and hence automated object detection can
greatly enhance the operator’s ability to find the targets
that need to be further examined.

The research of automation and Al in MCM operations
has been driven by the stated time-consuming tasks, as
well as the similarity of mine hunting pattern and object
recognition tasks with existing computer vision and signal
analysis solutions.

1.2 Research contribution

As Chapple (2008) has written, the purpose of automa-
tion and Al in mine hunting is to reduce the burden on
human analysts in processing large volumes of sonar and
other sensor data obtained by high-resolution sensors. Aided
detection and classification can greatly speed up the MCM
operations and free operators to other tasks such as disposal.

This work, using SSS data from the Baltic Sea region, col-
lected by the Finnish Navy MCM units with Klein 5500 sys-
tem (Armstrong et al., 1998), builds on earlier research
presented in subsection 1.3. The dataset, described in detail
in subsection 2.1, is novel and operationally relevant. The
objects are classified as ‘mine’ if the information has been
confirmed, whereas Mine-like Contact (MILCO) is an
annotation that means that the operator perceives the object
as a possible mine but it has not been confirmed with other
methods. Other categories in this dataset include rocks and
wrecks, see subsection 2.1 for examples. It is noticeable,
however, that the data is not raw sensor data, as it is
extracted from a system used for post-processing and
reporting. Although the data set is limited in size, it is com-
parable, for example, with data sets obtained at the Coastal
Systems Station in Panama City, Florida, which have been
used by Hyland and Dobeck (1995), Chandran et al. (2002),
and McKay et al. (2017). The oceanography of the Baltic
Sea is a very challenging environment due to the uneven
and rocky seabed (Kaskela, 2017), which is prone to induce
a high number of false detections. This research extends
earlier research by applying state-of-the-art Vision Trans-
former (ViT) (Dosovitskiy et al., 2021) to this detection
and classification task, using a Support Vector Machine
(SVM) (Boser et al., 1992) and deep convolution networks
VGG16 and VGG19 (Simonyan and Zisserman, 2015) for
comparisons that can be interlinked with earlier research.
The primary contribution is testing a Mixture of Experts
(MoE) (Masoudnia and Ebrahimpour, 2014) approach
to utilize a selection of previously mentioned models in
cohesion to further improve the classification and detec-
tion results.

As elaborated in subsection 1.3, the mine detection can
be divided into two tasks, detection and classification. The
research approach is to use the dataset for classification
task and then leverage the classification models to aid in
object detection. The used dataset does not directly sup-
port object detection in a verifiable manner, as the specific
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object locations within images are not disclosed. There-
fore, the only applicable approach is to use supervised
learning to train an image classifier that can enable target
localization through other methods, such as Gradient-
weighted Class Activation Mapping (Grad-CAM) (Sel-
varaju et al., 2017). As explainability (Dwivedi et al., 2023)
is an essential part of operational Al solutions, Grad-CAM
and attention heat map provide visual representations of
the deep learning model activation maps of identified class.
The Grad-CAM uses gradients of a target concept to pro-
duce a coarse localization map of the region in the image
used for the particular prediction, i.e., the output shows the
final localization map and highlights the salient region of
the prediction. The attention map of ViT (Brocki and
Chung, 2023) works in a similar manner by using the atten-
tion scores of different regions in the image. Visualizing
the perception and quality of the prediction introduces
explainability to the used model. The resulting classifier
models are evaluated as detection aids that are meant to
support and enhance MCM operations.

The contribution in solving the research problem in this
manner lies in demonstrating a low threshold deployment
of research and development results: utilizing the same
data currently used by the operators pinpoints the solution
to fit into the existing modus operandi, promoting an easy
to apply solution that could be quickly adapted into the
operational theater. This research subsequently extends the
use of Machine Learning (ML) methods by comparing con-
volution networks (LeCun and Bengio, 1998) to a vision
transformer with attention mechanism (Vaswani et al.,
2017) performance in the same detection and classification
task. Furthermore, the use of MoE is proposed to take
advantage of the different strengths of all the best perform-
ing models.

The main research contribution is producing an explain-
able classifier for mine hunting purposes in the littoral Bal-
tic Sea waters using three applicable, state-of-the-art deep
learning methods. Due to the recent, accumulating ten-
sions in the area and increased military interest in the free-
dom of movement within the Baltic Sea (Hansen, 2025),
the research topic is both relevant and impactful towards,
e.g., NATO coalition forces conduct of operations.

1.3 Earlier research

The use of Al and ML been researched in MCM opera-
tion framework by, e.g., Mansell and Skinner (1995), since
the 1980 s. Gorman and Sejnowski (1988) conducted early
research on the topic in laboratory-like conditions aiming
at binary classification of sonar echoes between a mine
and a rock; the dataset is nowadays public but due to com-
putational limitations of their time the data has been pro-
cessed into a fixed number of channel features. Mansell
and Skinner (1995) investigated decision-making support
tools from propositional logic to neural networks and
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Hyland and Dobeck (1995) have created Detection Density
Adaptive Clutter Filter (ACF) for mine detection and clas-
sification from SSS images. Hyland and Dobeck (1995)
claim 84% probability of detection and classification with
a method that normalizes the image, applies ACF, selects
the largest ACF pixels, convolves these into mine size rect-
angular windows, applies a Bayesian decision rule to
detect minelike pixels and groups these pixels into objects
from which features are extracted for binary classification.
More recent papers have investigated the use of, e.g., Con-
volutional Neural Network (CNN)s and novel algorithms
such as You Only Look Once (YOLO) (Redmon et al.,
2016) to detect mines floating on the surface or in the
water column (Munteanu et al., 2022). Chandran et al.
(2002) have advanced the idea of Hyland and Dobeck
(1995) by using features from higherorder spectra, reach-
ing 90% detection accuracy by fusing bispectral and trisp-
ectral features from acoustic images. Another approach to
detection and classification is done utilizing, e.g., SIFT,
Harris, Shi-Tomasi and SURF feature detectors (Tueller
et al., 2018), comparing the performance of Support Vec-
tor Machine classification using extracted features from a
dataset of synthetic sonar images on different seabeds. Sun
et al. (2022) have utilized Dual Path Vision Transformer
Network (DP-VIT) to detect targets in forward-look sonar
and SSS, but not for mine detection or classification.

Hozyn (2021) conducted a review of this research topic
providing a comprehensive cross-section of the research
situation from 1997 to 2020. The paper includes a back-
ground of mine warfare, MCM operations and sonar equip-
ment but focuses on Computer Aided Detection (CAD),
Computer Aided Classification (CAC) and Automatic
Target Recognition (ATR) algorithms. Of the listed 22
research papers, 8 utilize classical image processing tech-
niques, 5 use conventional ML and 9 use deep learning
techniques. The identified tasks or applications are classifi-
cation and detection, or both. Object detection aims to
detect all instances of objects from one or several known
classes (Zhao et al., 2019; Amit et al., 2021) while classifi-
cation refers to correctly classifying images or image
objects into known classes.

Seven of the Deep Learning (DL) papers reviewed by
Hozyn (2021) from year 2000 onward are displayed in
Table 1, where D denotes detection and C denotes classifi-
cation. As the table shows, Gebhardt et al. (2017) have
studied the use of deep Neural Network (NN) in detection
of minelike objects with side-scan sonar imagery, reaching
an accuracy of 98% with a modest-size network and their
respective dataset. The dataset used was mostly synthetic,
as described in previous work done by Barngrover et al.
(2015). The use of CNN and transfer learning has been
researched by McKay et al. (2017) with results indicating
that impressive accuracy can be reached with transfer learn-
ing, with deeper models performing better than smaller
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Table 1 Earlier research utilizing DL techniques for classification and object detection
Research Task Data Methods Performance
Yao et al. (2002) C 40 kHz and 80 kHz CSS Small NN 91.94%-95.83% accuracy
datasets
Fei et al. (2015) c Atlas E'efr_og'llgs dataset, KNN, SVMG, PNN 87.62% for PNN
Williams (2016) C+D Custom CMRE SAS datasets CNN 0.887-0.979 AUC
VGG16, VGG19, Alexnet
! ! 0, 0, 0,
McKay et al. (2017) C CSS datasets (Simonyan and Zisserman, 2015; 9.3 Ar)£8e.§ti/$e?8.8/ol
Krizhevsky et al., 2017) P y
Semi-synthetic (Barngrover 0
Gebhardt et al. (2017) D etal., 2015) Deep NN 98% accuracy
Wau et al. (2019) C Custom Sssg;itz;rom Fujian, Encoder-Decoder Mean accuracy 77.05%
Thanh Le et al. (2020) D Custom DSTG SSS dataset Gabor NN 79.93% accuracy

(Chapple, 2009)

equivalents. Wu et al. (2019) have used an encoder-decoder
structure to capture the context of an SSS image, which is
then processed with CNN, producing advantages and the
ability for real-time processing.

Table 1 shows that the research and results share similar-
ities, but are not directly comparable due to the lack of a
common dataset and baseline models. For example, Fei
et al. (2015) have used K-Nearest Neighbor (KNN), Sup-
port Vector Machine with Gaussian kernel (SVMG) and
Probabilistic Neural Network (PNN), where classical meth-
ods function as a baseline. The research closest to the meth-
odology of this paper is the research by McKay et al. (2017),
using VGG and AlexNet (Simonyan and Zisserman, 2015;
Krizhevsky et al., 2017), but data-wise Thanh Le et al.
(2020) is the only one with operational Defence Science
and Technology Group (DSTG) data from Australian armed
forces. Two studies utilize Coastal Systems Station (CSS)
data, while some custom datasets such as Centre for Mari-
time Research and Experimentation (CMRE) SAS datasets
are also used. The resulting accuracies in detection and
classification range from 77% to 98%, depending on the
data and methods selected. The reported metrics also differ,
e.g. Williams (2016) report Area Under the Curve (AUC)
while others report accuracy percentages. It is noteworthy
that lower accuracies are systematically related to more
operational SSS data acquired in seabed survey missions.

None of the studies represented used data from the Bal-
tic Sea area. Instead, a case study by Kunde and Schneider
von Deimling (2016) suggests the use of a ship-born high-
frequency multibeam sonar in shallow waters for ammuni-
tion and mine detection, according to results obtained in
the southern Baltic Sea. Petillot et al. (2006) have proposed
a framework for evaluating underwater mine detection
with augmented reality, using also data from the Baltic
Sea. The data has been collected with similar Klein 5000
sonar, but the focus of the study is to introduce a frame-
work to evaluate either a human operator or an ATR algo-

rithm. Petillot et al. (2006) also highlight that the Baltic
Sea area can be tedious for mine hunting operations as
some areas are cluttered with mine-like objects. Peine and
Brecht (2005) have studied the detection of buried objects
in the southern Baltic Sea with penetrative sonar echoes.
To the author’s best knowledge, no public research exists
on applying ML in mine detection in the littoral of the Bal-
tic Sea using real-world data from mine hunting operations
and exercises. Additionally, the use of a transformer archi-
tecture and MoE for mine detection and ATR algorithms
remains unexplored in public research. The challenging
conditions prevalent in the Finnish Archipelago and its sur-
rounding waters have hindered the effective application of
previous ATR algorithms, which has been driving the ini-
tiative and motivation for this research in the first place.

2 Experimental methodology and design

The benefit of automated mine detection and classifica-
tion has been highlighted by Schwarz (2014) as enabling
operators to focus on the most prominent targets and other
tasks besides detection and classification. A reliable classi-
fication and detection system can reduce the time spent on
MCM operations to a significant degree. It can also be
argued that a detection system functions independently from
human factors such as fatigue. Prolonged MCM operations
would require operators to execute theirtasks for days at a
time without having time for proper recuperation. Such a
work tempo is prone to induce errors in the workflow.

This work focuses on classifying the imagery produced
by the Klein 5500 SSS (Armstrong et al., 1998) in the exer-
cises and operations of the Finnish Navy MCM units. A
working classification model can boost the operator’s
workflow by highlighting objects of interest for the opera-
tor in object detection manner for easy distinction between
mines and other objects on the seabed.
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The methodology consists of transfer learning with a
very deep CNN architecture VGG16 as well as VGG19
(Simonyan and Zisserman, 2015) and a vision transformer
with an attention mechanism (Vaswani et al., 2017; Doso-
vitskiy et al., 2021). By leveraging diverse models, any
patterns or features identified as areas of interest can be
validated across different architectures, reducing the risk of
model-specific biases or errors. Additionally, the approach
enables the exploration of complementary strengths. Lever-
aging diverse models helps validate patterns across archi-
tectures, reducing model-specific biases and errors. Employ-
ing varied models facilitates flexibility in addressing spe-
cific challenges or constraints. For instance, one model
may perform better in scenarios with limited data or noisy
inputs, while another may offer superior performance in
capturing fine-grained details. The separate model perfor-
mances can be leveraged together to amplify the predictive
performance with a MoE approach (Masoudnia and Ebra-
himpour, 2014) if the models display strengths in different
areas of the problem.

CNN contributes to a rising level of classification accu-
racy in the maritime environment (Baird et al., 2020).
However, CNN needs plenty of data in order to achieve an
acceptable level of accuracy. One solution to tackle the
problem of data scarcity is transfer learning (Hutchinson
et al., 2017). Transfer learning can transfer knowledge
between domains due to the ability generalizable feature
extraction. In this case, all deep learning models were pre-
trained with ImageNet (Krizhevsky et al., 2012) data,
enabling transfer learning to new classifier models.

Finally, as three different deep learning methods were
utilized for the classification task, the resulting models are
also tested as a MoE (Yuksel et al., 2012; Masoudnia and
Ebrahimpour, 2014) to enhance the results by leveraging
the strengths of all models in cohesion. According to
author’s best knowledge, MoE has not been used in this
manner in previous research.

There are three key components: establishing a baseline
with classical methods, comparing novel deep learning
methods to classical performance, and testing the combina-
tion of these models in MoE framework. The data is pre-
augmented before being fed to any of the architectures,
producing classifier models that separate the data samples
to the original four classes as well as a binary classifier
that separates mines from other instances.

2.1 Sonar image dataset characteristics

The data provided by the Finnish Navy consist of a col-
lection of 1406 images. These images are not the raw data
from the SSS system, but from a database that gathers the
seabed mapping and geospatial data of objects. The image
dataset was produced by exporting PDF reports with an
image of the area in question: the raw data is not available
as such.
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The dataset contains images from four different classes
as summarized in Table 2. The dataset is imbalanced, i.e.
is unevenly distributed between different classes, which
makes the ML solutions prone to minimize the error related
to the dominant classes. 107 of the samples were disre-
garded after manual inspection, as the original set included
duplicated instances and images so blurred or dim that rec-
ognizing any perceivable object or pattern was not possi-
ble by a human operator. Hence, the dataset used to train-
ing consists of 1299 images.

Table2 Number of samples in original and cleansed data sets

Class Number of images Training set
Mines 205 178
MILCO 406 383
Rocks 711 663
Wrecks 84 75
Total samples 1406 1299

The images were extracted from PDF images, with the
size measuring 193 mm x 179 mm (182 mm x 163 mm for
MILCO class images), and a resolution of 300 DPI. The
scale varies for different classes: for the mine, rock, and
MILCO classes, the scale is 1: 150, while for the wreck
class, it is 1:200. Consequently, the area covered by the
images of wrecks is approximately 38 m x 35 m, whereas
for other classes, it is 27 m x 24 m. The images were con-
verted to JPG format and scaled to a smaller 224 x 224 size
to enable quick processing with ML algorithms.

Figure 2 displays good-quality samples from the data
that are easier to interpret. However, the distinction between
a rock, a mine-like object and an actual mine is not intui-
tively clear. Figure 3 displays lower-quality samples that
are more difficult to interpret. The images were extracted
from an ArcGIS-based system that displays layered spatial
information such as map layers; the background colour is
from a certain map layer that has been set during the extrac-
tion of the image. The color composition of the images
alternates between grayscale and sepia colourmaps, depend-
ing on operator preference during the initial analysis and
extraction of the data. Additionally, sonar data was avail-
able only from surveyed areas and may contain images
combined from several survey missions. This lead to dis-
crepancies in the color scheme with sharp edges and differ-
ent colors such as the blue base map shown in Figure 3.
Furthermore, many images feature traces of transforma-
tion lines, attributable to the amalgamation of scanned
measurements.

The distinction between classes is considerably more
blurred with low quality samples in comparison with bet-
ter-quality samples. For example, the left-most “Mine”
class image in Figure 3 does not include a detectable mine
from the image angle, even though there are known mines
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Wrecks:

Mines:

Figure 2 A sample of good quality examples of different classes in
the collected dataset. The rows are in order: mine-like objects, rocks,
wrecks, mines

Wrecks:

Mines:

Figure 3 A sample of poor quality examples of different classes in
the collected dataset

located in the area of the image hidden in the debris.

For training, validation and testing the data was evenly
split into ten folds over all classes for all models. For each
fold, approximately 75% of the data was allocated for
training purposes, about 15% for validation, and the remain-
ing 10% for testing.

2.2 Data augmentation

As the original dataset consists of a very small number
of samples, the amount of data was increased via data aug-
mentation (Perez and Wang, 2017) which is typical for pat-
tern recognition tasks. The chosen data augmentation tech-
nique expands the training dataset to approximately eight
times the size. Initially, horizontal and vertical flips were
applied. Subsequently, the images were rotated by 90°, fol-
lowed by another round of horizontal and vertical flips. To
introduce variability, random translations of up to 20% of
the image dimensions are applied, with color interpolation
employed to fill in the additional areas created by the
translations.

2.3 Machine learning framework

2.3.1 Training
The training phase was divided into three scenarios:

Case 1) classification with all four classes, Case 2) com-
bining MILCO and mine classes to create a three-class
classification task and Case 3) leveraging MoE and the best
expert models from two previous approaches. Combining
MILCO and mine classes serves the operational objective
as MILCO targets are unconfirmed and treated as mine
detections until further investigative actions have been car-
ried out. To obtain an unbiased estimate of the model per-
formance given the limited dataset, training was performed
using 10-fold cross-validation with Stratified K-Fold (SCV)
(Prusty et al., 2022). This methodology creates a unique
training and validation set for each fold. SCV ensures the
generalization of the model by maintaining the correct
class distribution in each fold, addressing the imbalanced
dataset problem.

The number of epochs was tested with an early stopping
criteria approach and a fixed number approach, where the
fixed number produced better results. The convergence is
analyzed from the training and validation error, which
showed that both models reached a plateau at respective
training time; this was confirmed by comparing with the
results from early stopping criteria.

2.3.2 Baselines: Support vector machines and random forest

As displayed by Hozyn (2021), many research papers
use SVM as a baseline for performance comparison. To
induce compatibility with previous research, an SVM
(Boser et al., 1992) solution is implemented as a baseline,
along with a Random Forest (RF) (Breiman, 2001). VGG16
architecture is used as feature extractor for both of the
baseline models to enable the use of the classical ML
frameworks.

2.3.3 Transfer learning with VGG16 and VGG19

The CNN models are pre-trained VGG16 and VGG19
(Simonyan and Zisserman, 2015) models that were fine-
tuned with the SSS dataset, as done in McKay et al. (2017).
The classifier for both architectures comprises of two dense
layers with 256 and 128 nodes respectively. A dropout layer
with a 10% probability of exclusion is placed between the
two dense layers. Dropout layers help to reduce overfit-
ting. The output is normalizedinto a categorical probability
distribution with a Softmax activation function. The opti-
mizer used to update the weights was Adam (Gupta et al.,
2021), and the error was calculated with categorical cross
entropy (Zhang and Sabuncu, 2018).

2.3.4 Transfer learning with vision transformer

The VIiT model is a pre-trained ViT-B/16 (Dosovitskiy
et al., 2021) model that is fine-tuned with SSS dataset.
Unlike traditional CNNs, ViT employs a transformerbased
architecture, originally designed for sequential data such
as natural language processing, to process image data.

The ViT-B/16 model, characterized by its B variant with
a patch size of 16 x 16, is notable for its ability to capture
long-range dependencies within images through self-atten-
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tion mechanisms. Model divides the input image into fixed-
size patches, which are then linearly embedded into lower-
dimensional representations suitable for processing by
transformer layers. The subsequent transformer encoder
processes these embeddings, allowing for interactions
between patches and making it easier to understand an
image as a whole.

One of the strengths of the ViT models lies in the ability
to effectively capture global contextual information within
images, enabling them to discern intricate patterns and
relationships across different regions (Mauricio et al.,
2023). This capability makes it particularly suitable for
applications such as the SSS dataset, where understanding
the broader context of an image can provide valuable
insights into regions of interest, facilitating faster and more
efficient localization of relevant features.

However, it is important to acknowledge certain limita-
tions inherent in the ViT models. Vision transformers,
including ViT-B/16, are notably data-hungry models, often
requiring large-scale datasets for robust results. In the liter-
ature (Mauricio et al., 2023), ViT models have demon-
strated good performance, especially in complex depen-
dency context learning, but are computationally expensive
for resource-constricted environments. Conversely, tradi-
tional CNNs are good due to their translationinvariance,
local feature extraction, and easy pruning and distillation
for performance optimization (Mauricio et al., 2023).

To mitigate the risk of overfitting and enhance model
generalization, a dropout layer with a 10% probability of
exclusion is incorporated into the ViT-B/16 architecture,
analogous to the approach adopted for the VGG models.

2.3.5 Mixture of experts

In a simple MoE framework, the output of several ML
models or NNs is combined to enhance the predictive
capability of the application (Masoudnia and Ebrahim-
pour, 2014; Yuksel et al., 2012). In MoE classification
model, the expert softmax outputs are weighted with a
gate that creates a weighted sum of the expert outputs with
regard to the original input, defining regions where the in-
dividual experts are trustworthy (Yuksel et al., 2012). In
this case, the gate is trained with either three or fourex-
perts, ViT, VGGs and SVM, according to Algorithm 1. The
Y denotes the set of softmax output vectors y predicted by
the trained models me M, y e Y are actual one-hot encoded
labels, g, is the gate network, § denotes weighted predic-
tions and X is the dataset. The output weights for each
model m,e M denoted as [ gy, -+, 9, < g,(x)] are opti-
mized in a training loop with Adam optimizer and cross-
entropy loss between the prediction and true label.

The MoE gate uses VGG16 architecture as feature
extractor that was combined with three dense, linear heads
that produce the model specific outputs for each category,
i.e., class specific output values from each head. In essence,
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Algorithm 1 Mixture of Experts Training

1: Initialize parameters 6 for gate network g,

2: Load dataset X, true labels Y, and expert models
M= {moy ml‘ e, mn}

3:  Set the number of epochs N and learning rate
4. forepoch=1,2,:--,Ndo
5. forall(xy)e(X Y)do
6: Y@
7 for all m; e M do
8: ¥;—m;(x)
9: Yy Uy}
10: end for
11 (9091 G ] < 94(%)
12: gejzgj@yj
13: L —iyi log(§;)
i=1
14: 0« 0 — yvorL
15: end for
16: end for

the MoE gate learns to provide the mixture with input spe-
cific weights to enhance the classification by leveraging
strengths of different models.

For clarity, the different MoEs are denoted as MoEv3
for the mixture of VGG16, VGG19 and ViT, whereas the
four expert model with additional SVM is denoted MoEv4.

2.4 Classification and detection in practice

The trained models are used to classify, i.e., predict the
label of a sample, after which Grad-CAM (Selvaraju et al.,
2017) is employed to highlight the activation zones in the
predicted images. Additionally, bounding boxes are drawn
around the regions of interest (ROIs) by identifying the
areas in the predicted images where VGGs and ViT detect
potential details. A bounding box, in this context, is a
rectangular border that encloses the region of an image
where an object of interest is detected, therebyallowing for
localization.

In the case of VGG16 and VGG19, Grad-CAM is used
to determine the last convolutional layer activation map,
highlighting the areas with the highest activations. For ViT,
the average attention matrix across all heads is utilized to
identify the regions with the most significant attention.
The key area in both the activation map and attention matrix
are selected based on the most activated regions. The final
bounding box with the localized object of interest is then
determined by identifying a region that encompasses both
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of these key points, forming a rectangle that includes the
areas identified by both models. This method prioritizes
regions of high attention or activation, assuming they cor-
respond to object locations.

While the current method of selecting bounding boxes
offers a systematic approach to object localization, it’s cru-
cial to acknowledge its limitations. A primary concern arises
when attention mechanisms produce noisy outputs, failing
to pinpoint definitive spots of interest. In such cases, bound-
ing boxes may inadvertently cover extensive areas, even
spanning the entirety of the image. This issue highlights
the necessity of enhancing model robustness to handle more
challenging scenarios where clear solutions are elusive.

3 Experimental results
3.1 Classification performance

The performance of trained models is evaluated across
two classification scenarios and two approaches as explained
in subsubsection 2.3.1:

* Four class classification with individual models

* Three class classification with individual models

» MoE for both previous cases

The performance is evaluated by averaging accuracy,
precision, recall, and F1-score over class-specific values,
respectively. Accuracy is calculated as true positives (TP)
out of all samples (n) in the particular class (i). Precision
for each class is calculated as

TP

precision = W (l)

where FP denotes false positives, while recall for each class
is calculated as

TP

recall = m (2)

where FN denotes false negatives. F1 score for each class
is calculated as the product of precision and recall divided
by their sum. The averaged metrics, i.e., the sums of met-
rics divided by number of classes, are displayed in Table 3,
where the 4-class and 3-class classifier results are dis-
played consequently.

There are two MoE versions for both tasks, with three
experts, i.e., VGG16, VGG19and ViT, as well as a four
expert version with additional SVM. These are denoted
according to the number of experts as MoEv3 and MoEv4,
respectively. As highlighted in Table 3, the MoE approach
reaches highest performance metrics in all cases. As such,
the MoE approach succeeds in leveraging the model-wise
differences in the ability to correctly classify dataset samples.

Table 4 shows the overall accuracy for all models in

Table 3 Class-wise mean accuracy, precision, recall and F1 results
for all classifier models

Accuracy Precision Recall 0
Case Model %) %) %) F1 (%)
RF 26.73 54.86 38.03 37.57
SVM 34.12 52.77 55.73 43.90
4-class VGG16 34.31 52.22 57.56 49.97
VGG19 31.00 49.53 52.24 45.92
VIiT 41.78 56.32 60.20 57.59
RF 33.34 48.50 48.55 48.52
SVM 46.07 64.47 67.84 62.84
3-class  VGG16 46.69 60.44 66.90 63.20
VGG19 44.24 61.38 63.55 61.27
VIiT 51.74 66.16 70.83 68.04

4-class
MoEV3 45.20 63.29 58.75 60.70

4-class
MoEv4 47.50 65.84 60.64 62.61

MoE 3-class
MOEV3 56.21 75.86 69.16 71.91

3-class
MoEvA 54.78 75.05 67.82 70.75

Table 4 Overall accuracy for all models

Overall RF  SVM VGG19 VGG16 VIiT MoE

accuracy (%) (%) (%) ) ) (%)
4-class MoEv4 60.12 51.42 49.73 4357 59.74 67.74
3-class MoEv3 57.66 6328 64.90 6120 7059 73.29

both classification tasks, where the overall accuracy is cal-

culated by dividing all true positives by the total number
> TP,

of samples as ﬁ

In total, the results reflect the difficulty of the classifica-
tion task with this particular dataset. In previous research,
as displayed in Table 1, accuracies in vicinity of 80% were
expected for such a real-world operational data set. The
difficulty is further amplified by the quality of data, as it
was not received in a raw image format, and the quantity
that totaled 1299 samples shown in Table 2.

However, the overall accuracy of 73.29%, with 75.86%
precision and 69.16% recall of the 3-class MoOEv3 shows
that even with a small dataset, leveraging a number of
deep learning methodologies promises adequate results.

3.2 Explainability outcomes

Figure 4 illustrates examples from each image class.
Image (a) shows the original image, (b) visualizes the ViT
attention map overlaid on the original, (c) displays the VGG
Grad-CAM activation heatmap with the original image on
top, and (d) highlights the area of interest with a rectangle,
marking the highest common activation between (b) and (c).

@ Springer
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The analysis focuses on identifying areas of interest
rather than classifying the images. across the four examples,
one per class. For the Mine and MILCO imageexamples,
the common area of interest is smaller when both methods
highlight region in the same area. Conversely, in the rock
and wreck examples, when the methods activate on differ-
ent regions, the common area of interest becomes larger.

When using MoE in the way it was utilized in this pa-
per, as weighing the experts outputs in a multi-class set-
ting with regard to the input, the explainability can be
achieved in two manners: the first option is to first classi-
fy the object and select the model that had the highest
softmax output for that particular class, and then use that
particular model to create the GRAD-CAM activation
heat map or attention heat map to highlight the area of in-
terest. The alternative way is to combine the GRADCAM
activation heat maps from VGG16, VGG19 and the atten-
tion heat map from ViT and visualize these as a compos-

Mine example

MILCO example

Rock example

Wreck example

(a) Original image

Figure 4

(b) ViT attention heat-map

ite image. With the latter method, there exists the possi-
bility of destructive inference, if the models would have
near opposite heat maps, which would have to be taken
into consideration.

4 Discussion

The numerical results of this research were modest in
comparison with earlier research. This is attributed to the
quality and quantity of data, as similar methods have
shown more promise with other data sets. However, the
used data equals the data currently used for post-opera-
tion analysis for the same, manual task. Hence, the result
highlights the compatibility of current systems and proce-
dures to adapt Al into mine hunting practices in the Bal-
tic Sea region.

(d) Original image with
highest activation bbox

(c) CNN+Grad-CAM
activation heat-map

Illustrated example of explainable object detection from an original sample to highest activation mapping: (a) The original

image. (b) ViT model mean attention map across all heads. (c) CNN GradCAM attention heat-map with the located object. (d) Pinpointed area

of interest within the image

@ Springer
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The most interesting result is the application of MoE
methodology in improving the initial results. The applied
method manages to leverage the strenghts of multiple
trained expert models to improve the results by a consider-
able margin.

It can be argued that the difficulty of the data set inhibited
further improvement or would require a more suitable fea-
ture extractor. In the current setting, the VGG16 feature
extractor functions well, but can also bottleneck the mar-
gin of improvement to its shortcomings that are visible in
VGG16 results.

Likewise, the current MoE structure is computationally
intensive, as it uses three deep inference models and the
gate for weighting the expert outputs. This can be mitigat-
ed by training the MoE to function as a model selector in-
stead of weighting the computed outputs. In this proposed
setting, the MoE gate would propose the expert based on
the input, after which the chosen expert would classify the
particular sample. This approach is left for future research.

In future work the training dataset is intended to be
expanded with synthetic data created with Stable Diffu-
sion (Li et al., 2024). This is expected to increment mine
detection accuracy and coverage in different maritime envi-
ronments. Moreover, the research could focus on fortifying
models to navigate such complexities and mitigate the risk
of faulty detection. By addressing these challenges, the
efficiency and accuracy of object localization can be sig-
nificantly improved. The cost function used intraining is to
be weighted to reflect the anticipated cost or risk of partic-
ular classifications, in this case, false negatives.

Despite these limitations, the current methodology
presents viable and novel means of automating and accel-
erating the processing of SSS images, paving the way for
enhanced analysis and interpretation. For operational de-
ployability, the resulting MoE classifier could be used in
operational systems by slicing the SSS data into suitable,
slightly overlapping frames for classification and region
of interest detection, aiding in real-time or post-operation
data analysis.

Further improvement of model performance can enhance
the area of interest localization by enabling more accurate
and precise feature extraction, better handling of noise and
variability in the data, and increased robustness to com-
plex patterns or occlusions.

5 Conclusion

In this article transfer learning with VGG16, VGG19 as
well as state-of-the-art Vision Transformer were compared
in a classification task in identifying seabed objectives
from SSS images. The study highlights the difficulty of
such data, where even sophisticated state-of-the-art deep
learning methodologies do not reach remarkable results by

themselves. The intricate differences in pattern recognition
between the models were successfully exploited with a
novel MoE framework, which managed to improve the
results by a significant margin: the MoE improvement
compared to the next best single model was approximately
3 percentage points. With MoE and three deep learning
expert models, the highest overall classification accuracy
for a 3-class classification task between mines and mine-
like objects, rocks and wrecks was 73.29%.

Additionally, the explainability and operator support were
researched through Grad-CAM activation heat map and
attention heat map utilization using the trained deep learn-
ing models, which can be combined with the MoE frame-
work to reach both classification accuracy as well as visual
operator support in detecting regions of interest when pro-
cessing SSS imagery.
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