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Abstract—Side-scan sonar is widely used for seabed imaging, but automated target recognition in such
data remains challenging because of acoustic noise, stripe artifacts, view-dependent target appearance,
navigation errors, and repeated observations of the same physical object during different passes or
missions. The aim of this paper is to develop a methodology for multi-view target recognition in side-scan
sonar data that enables a transition from individual sonar images and detections to the level of physical
targets on the seafloor. The proposed methodology integrates mission data preparation, inter-mission
change detection, estimation of the number of physical targets, detection clustering, localization, visual
similarity modeling, deep model training, and multi-view classification. The input data include side-scan
sonar missions, trajectory data, sonar images, metadata, and object detections, while the output consists of
information about inter-mission changes, hypotheses about physical targets, their coordinates, and class
labels. Individual components of the methodology were evaluated on synthetic and real datasets using task-
specific quality metrics. The results showed improved robustness of change detection on noisy sonar images,
estimation of the number of physical targets with an error not exceeding one object, improved clustering
and localization due to the integration of spatial, topological, and visual information, and higher quality of
object-level multi-view classification. The methodology forms a unified modular workflow for side-scan
sonar data analysis, in which the output of one stage can be used as input or as a constraint for subsequent
stages. It can serve as a basis for automated sonar data analysis systems for underwater monitoring, object
search, humanitarian demining, infrastructure inspection, and operator decision support.

Keywords—Aurtificial intelligence, automatic target recognition, intelligent sonar data analysis, multi-
view classification, computer vision, side-scan sonar.

I. INTRODUCTION

Side-scan sonar (SSS) is widely used for
underwater survey missions due to its ability to
acquire acoustic images of large seabed areas in
turbid waters. In the current Ukrainian context, one
of its key applications is underwater demining.
Because of Russia’s armed aggression, Ukraine
faces the need to survey about 14,000 km? of water
areas, including coastal zones, rivers, and estuaries
with high levels of siltation [1].

In a typical SSS mission, the same physical
object may be observed multiple times, while its
appearance may differ significantly depending on
the vehicle trajectory and acquisition conditions.
Thus, mission logs may contain hundreds of variable
target detections with imprecise localization.
Moreover, objects may appear or disappear between
missions, further complicating the task of their
recognition and localization.

At the same time most existing approaches
address target recognition tasks in isolation: object

detection or classification in individual images [2],
[3], [4], sonogram matching for inter-mission
change detection [5], [6], detections clustering [7],
[8], [9], or multi-view classification [10], [11], [12].
In addition, the development of autonomous surface
and underwater vehicles leads to the generation of
large amounts of mission data, which increases the
workload of sonar operators and creates a need for
complex automated data processing using state-of-
the-art intelligent methods.

Recent research advances reveal strong potential
for transferring methods and technologies from
hydroacoustics, neural networks, underwater
robotics, and related fields to underwater automatic
target recognition (ATR) problems [1]. Therefore,
there is a need to develop new methods and adapt
existing approaches to the underwater acoustic
domain. However, existing approaches still lack a
unified end-to-end methodology that links these
methods into a coherent workflow for target-level
analysis of multi-mission SSS data.
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The aim of this work is to develop a
methodology that provides a consistent transition
from a set of individual SSS images and mission
metadata to hypotheses about physical seabed
objects, their classes, spatial positions, and inter-
mission changes. The methodology combines inter-
mission change detection, estimation of the number
of targets, detection clustering, localization, and
multi-view  classification ~ within a  single
interconnected processing workflow. The methods
comprising the methodology were experimentally
verified on synthetic and real SSS mission datasets
using task-specific quality metrics. It can serve as a
basis for developing automated sonar data analysis
systems for real-world applications.

Il. LITERATURE REVIEW

Recent literature reviews on automated analysis
of remote sensing and sonar data consider problems
such as automatic target recognition, image
segmentation and classification, image matching and
change detection [2], [4], [13]. A substantial part of
specialized research focuses on well-developed
methods for ATR in individual sonar images [3],
[14], [15], [16], [17]. At the same time, several
studies attempt to exploit information from different
sonar views to improve target classification [10],
[12], [18], [19]. However, most existing works do
not explicitly address the problem of grouping
(clustering) individual target detections required for
multi-view classification, often treating this step as a
manual task. They also rarely consider changes in
the set of objects between missions and their
influence on subsequent ATR stages.

Classical ~ clustering  methods, including
hierarchical agglomerative clustering and density-
based methods such as DBSCAN, can be applied to
spatial grouping of target detections in remote
sensing tasks [9], [20], [21], [22]. However, their
direct application to SSS data is limited, since they
usually do not consider the topology of survey
passes, navigation uncertainty, changes in the set of
objects between missions, or visual similarity of
detected objects. Besides, determining the optimal
number of clusters is not only a mathematical
problem of selecting a clustering parameter, but also
a domain-specific problem of estimating the number
of physical targets within a mission.

As for change detection in remote sensing data,
pixel-based, object-based, and feature-based change
detection methods based on keypoints matching are
widely adopted [23], [24], [25]. However, the
application of modern  convolutional and
transformer-based change detection methods to SSS
imagery remains underexplored [6], [26], [27], [28].

Thus, the analysis of recent studies shows that
individual components of automated SSS data
processing for target recognition are developed
unevenly and are mostly considered in isolation.
This motivates the development of new methods and
a methodology that integrates them into a unified
SSS target recognition workflow.

Ill.  PROBLEM STATEMENT

Consider a set of SSS missions ordered by their
start time:

[M=M,M,,..M,],

where each mission (M,) contains the trajectory

data of the carrier platform, a sequence of registered
sonar pings, and a set of automatically or manually
labelled object detections:

[Di =di. dp, din,:|’

where (d;; ) denotes an individual object detection.

Each detection includes geographical coordinates of
its bounding box vertices, a sonogram fragment,
sonar metadata like slant range, Euler angles and
additional features.

As most physical targets may be observed
multiple times during different passes or missions, it
IS necessary to transition from a set of independent
detections to a set of physical objects:

[0=0,,0,,..,0,],

where (K) is the estimated number of physical
targets observed during the missions. Each object
(0, ) is associated with a subset of detections D"
belonging to the same physical target, localization
coordinates (L, ), and a class label (y, ).

Then the general problem of target recognition of
multi-mission SSS data can be formulated as
constructing the mapping:

[M.D,, D, .. Dy > (04, L vy, |

Within  this  general  problem,  several
interconnected subproblems can be identified.

The first subproblem is change detection
between same-track missions. For pairs of missions,
it is necessary to identify corresponding seabed
areas, perform geometric co-registration of sonar
images, and obtain information about local changes.
The outputs of this stage may include raster change
maps and symbolic descriptions of new or
disappeared objects between missions.
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The second subproblem is estimating the number
of physical targets (K) in the observed area. Unlike
the classical problem of selecting the optimal
number of clusters (e.g. Silhouette method [29]), this
task requires estimating the number of real seafloor
objects while accounting for survey-pass topology,
the spatial distribution of detections, navigation
uncertainty, and the possibility of repeated
observation of the same target across different
missions.

The third subproblem is clustering the complete

set of detections [D=U!,D,| into subsets

[C=C,.C,,...,.C ], where each cluster (C,)

corresponds to one physical target. During
clustering, it is necessary to consider not only the
spatial proximity of detections, but also constraints
derived from the mission structure, information
about new and disappeared objects, and the visual
similarity of sonar image fragments.

The fourth subproblem is target localization. For
each formed cluster (C, ), the coordinates of the

corresponding physical target (L,) must be
estimated. For real-world usage it is also useful to
estimate the spatial spread of detections to assess the
reliability of the result.

The fifth subproblem is multi-view target
classification based on the clustering results.
Therefore, it is necessary to construct a classifier that
takes unordered variable-size sets of images
corresponding to one cluster (C, ) and determines

the class of the physical target ( y, ). Such multi-view
classification approach can improve classification
quality, as demonstrated in related works.

Thus, the solution of the stated interrelated
problems requires a methodology that defines the
sequence of processing stages, the relationships
between the outputs of individual methods, and a
system of metrics for evaluating the quality of each
stage.

IV. PROPOSED METHODOLOGY

The methodology describes several stages that
solve the stated problems using a mix of existing and
newly developed state-of-the-art methods. Its
modular architecture provides flexibility and enables
continuous improvement of the methods used
without redesigning the entire system. For example,
the clustering method can be replaced by another
detection grouping algorithm, the visual similarity
model by another deep learning architecture, and so
on. Besides, the methods for sonar signal and image
preprocessing and generation, object detection, and

basic image keypoint matching are already well
developed and can be reused in the proposed setup.

The main methodology stages and their
relationships are illustrated by the schema in Fig. 1
where white boxes represent existing methods and
blue boxes represent newly developed methods.

[Data preprocessing and]

image generation
Object
detection

y v
Change Training sets
detection generation
Target count Deep models
estimation training

Detection clustering
and target localization
Multiview target
classification

Fig. 1. Methodology schema

The general methodology comprises the
following stages: data preprocessing and image
generation (1), object detection (either manual or
automated) (2), change detection (pixel and
symbolic) between same-track missions (3), target
count estimation (4), training datasets generation (5),
deep models training (6), detections clustering and
target localization (7), and multi-view target
classification (8). The output of each stage can be
used as input or as a constraint for subsequent stages,
enabling effective solution of the stated problems.

At the data preprocessing and image generation
stage, mission data logs are collected from vehicles,
converted into a suitable format, initially reviewed
by an operator, normalized by intensity, processed
for water-column detection, and grouped by mission
location using tools such as SonarWiz [30]. SSS
ping arrays are converted into images, and mission
metadata is exported to the formats suitable for
further processing.

Next, object detection is performed either
manually by the operator or automatically by
modern deep models and detection coordinates are
transformed into a common local metric coordinate
system. The image patches of the detected regions of
interest and related metadata (like estimated
geocoordinates of the bounding box points) are
passed to the next stages.

The change detection stage analyzes differences
between same-track missions. The missions are split
into relatively straight segments (tracklines) by
geographical proximity. For the corresponding sonar
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images, keypoints matching and geometric
alignment are performed in a common coordinate
frame using convolutional and transformer-based
matching models [26]. Based on the registered
images, raster change maps can be generated to
represent local intensity differences, while symbolic
change maps describe new and disappeared
detections. This stage serves both as an independent
change analysis tool and as a source of additional
constraints for subsequent detection clustering.

Target count estimation accounts for survey-pass
topology, spatial distribution of  detections,
probability of repeated target observation, navigation
uncertainty, and possible changes in the set of objects
between missions. The estimation is performed using
Monte Carlo simulation of detection distribution and
Bayesian inference of the most probable number of
targets. The resulting target count is then used as a
parameter for clustering.

The central stage of the methodology is detection
clustering. It is based on a modified agglomerative
clustering algorithm and considers the estimated
number of targets, spatial distances between
detections, survey-pass topology and object
distribution, information about new and disappeared
objects, and, when available, visual similarity features.

To enable effective use of modern deep models in
subsequent stages, a custom training dataset is
constructed. It contains a target identifier for each
image patch and thus enables target-oriented model
training.

To improve clustering, a deep visual similarity
triplet model with a target-oriented algorithm of triplet
generation is introduced [31]. It forms vector
representations of patches and allows the cosine
distance between patches to be calculated and used as
an additional component of the clustering distance
metric. An example of detection clustering is shown in
Fig. 2 as a screenshot from the implemented software
system. Gray triangles denote object detections, while
colored squares indicate estimated targets.

After clustering, target localization is performed.
For each cluster, the position of the corresponding
physical target is estimated as the mean of its
detection coordinates. Additional spatial spread
statistics, such as the number of detections per
cluster and the standard deviation of detections
within a cluster, help assess localization reliability,
identify outliers, and justify spatial thresholds and
clustering hyperparameters.

The final stage is multi-view target classification
based on the clustering results. Since the number of
observations may vary and their order has no
physical meaning, permutation-invariant aggregation

methods are appropriate. In this methodology, a
multi-view classifier based on the Deep Sets
architecture [32], which reuses the convolutional
object detector backbone, is proposed to improve

robustness to noise, view dependence, and
ambiguity of single sonar images [10].
Together, localization and multi-view

classification complete the transition from clustered
detections to object-level interpretation of the
underwater scene. Thus, the proposed methodology
forms a unified SSS data analysis workflow for
multi-view target recognition. Table | illustrates the
stages, their input and output data, and their role in
the methodology. It also shows how intermediate
outputs are transferred between modules and used to
support subsequent processing stages.

The proposed methodology was implemented as
part of a software system for sonar mission analysis.
The software integrates the main processing
modules of the methodology, including mission data
preparation, inter-mission image matching and
change detection, target count estimation, detection
clustering, localization, visual similarity estimation,
and multi-view classification. Therefore, the
software system serves not only as an experimental
platform for validating the developed methods, but
also as a prototype of an automated system for
multi-view target recognition in SSS data.

B e

Fig. 2. An example of detection clustering results of a real
SSS mission

V. EVALUATION FRAMEWORK

The methodology evaluation requires task-
specific metrics for each processing stage. For image
matching and change detection, the main indicators
include the number of keypoint matches, the
percentage of geometrically consistent
correspondences after RANSAC filtering, mean
reprojection error, spatial displacement, matching
angle stability, computational cost, runtime, and
memory consumption [26].
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Stage

TABLE |. STAGES OF THE PROPOSED METHODOLOGY

Input data

Output data

Methods and tools

Data
preprocessing and
image generation
Obiject detection

Change detection

Target count
estimation
Training sets
generation

Deep models
training
Detection
clustering and

target localization

Multi-view target

SSS mission logs

Waterfall SSS images

SSS images and mission
metadata

Mission metadata, symbolic
change maps

SSS waterfall images and
mission metadata, ground truth
about target classes and

location

Dataset with target identifier for
each patch

Detections, estimated number
of targets, constraints, cosine
similarity distance

Sets of image patches for each

SSS images and
converted mission
metadata

List of detections with
pixel coordinates

Pixel and symbolic
change maps

Estimated number of
targets

Dataset with target
identifier for each patch

Visual similarity model;
Deep Sets-based
classification model
Detection clusters,
Estimated target
locations; clustering
report

Estimated target class

Industry-adopted software like
SonarWiz and custom algorithms

Modern convolutional object
detectors like YOLO family;
Industry-adopted software like
SonarWiz

Convolutional and transformer
keypoints detectors; custom change
detection method

Monte-Carlo simulation and
Bayesian inference

Custom method for dataset
generation

Custom triplet generation method

Modified agglomerative clustering;
triplet visual similarity model

Deep Sets or other permutation-

classification cluster

Target count estimation is evaluated by comparing
the estimated number of physical targets with the
ground truth number of objects in the observed area.
The metrics may include absolute error and the
proportion of cases in which the error does not exceed
a predefined threshold, for example one object.

Detection clustering is evaluated by comparing
the obtained clusters with ground truth detection
groups corresponding to physical targets. The main
evaluation metrics include Fl1-score and adjusted
Rand index, which characterize both pairwise
grouping quality and overall agreement between the
obtained and reference clustering.

Target localization is evaluated by comparing
estimated target coordinates with ground truth
positions using root mean square error (RMSE).

For visual similarity estimation, metrics should
assess the quality of the learned latent space,
including distances between detections of the same
and different physical targets and the impact of
visual similarity on clustering performance.

For  multi-view  classification,  standard
classification metrics are used, including accuracy,
precision, recall, and F1-score. Results can be
assessed both at the patch level and at the target
level, with the latter being primary in the proposed
methodology.

Thus, the evaluation framework links each
methodology stage with relevant quality indicators,

invariant aggregation models

enabling analysis of the final recognition result, the
contribution of intermediate stages, error sources,
and the overall effectiveness of the proposed multi-
view SSS target recognition workflow.

VI. EXPERIMENTAL RESULTS

Each method proposed in the methodology was
tested using task-specific datasets, selected baseline
methods, and evaluation metrics.

The change detection method was evaluated on
pairs of sonar images acquired under different
conditions. On the noisy Atlantic dataset, deep
matching models increased the RANSAC inlier
percentage by 16.2 percentage points and reduced
the mean reprojection error by a factor of 15.7
compared with baseline methods. On the clearer
Baltic dataset, the improvement was smaller: the
RANSAC inlier percentage increased by 4.3
percentage points, while the reprojection error
decreased by about 1.2 times. Dense transformer-
based methods also increased the number of matches
up to 19 times, which is important for image
registration and change map generation.

The target count estimation method was tested on
datasets with known numbers of physical objects.
The method estimated the number of physical targets
with an error not exceeding one object, which is
important for constraining subsequent clustering and
reducing both over-splitting and false merging.
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Detection clustering and localization were
evaluated by comparing generated clusters with
reference groups of physical targets. The baseline
included agglomerative, k-means and DBSCAN
clustering based on Euclidean distance between
detection center coordinates. Incorporating domain-
specific constraints improved grouping quality: the
clustering F1-score increased by 9-21 percentage
points, while the adjusted Rand index increased by
6-18 percentage points. Improved clustering also
increased localization accuracy, with RMSE
reduction reaching 9%.

The use of a weighted metric combining spatial
distance and visual similarity improved clustering
compared with spatial features alone, increasing the
Fl-score by up to 10 percentage points. This
confirms that visual information helps distinguish
nearby objects and associate observations of the
same target under navigation uncertainty.

The multi-view classification method was
evaluated on sets of detections grouped by physical
targets. Object-level multi-view classification
outperformed single-view and ensemble approaches,
with macro F1-score increasing by up to 24
percentage points compared to baseline.

Overall, the experimental results confirm the
effectiveness of the proposed methodology
components and support their integration into a
unified multi-view SSS target recognition workflow.
The obtained improvements in change detection,
target count estimation, clustering, localization,
visual similarity integration, and object-level
classification demonstrate that considering spatial,
topological, visual, and multi-view information
jointly provides more reliable interpretation of
multi-mission sonar data than isolated processing of
individual images or detections.

The main limitations are related to the quality of
real SSS data. Errors in initial detections, missed
objects, false alarms, and inaccurate navigation can
affect target count estimation, clustering, localization,
and multi-view classification. Another limitation is
the difficulty of constructing fully annotated end-to-
end datasets containing repeated missions, object-
level labels, detection-to-target correspondences,
change information, and class labels.

VII. CONCLUSIONS

The paper proposes a methodology for multi-view
side-scan sonar target recognition. It integrates inter-
mission change detection, estimation of the number of
physical targets, detection clustering, localization,
deep model training, and multi-view classification
into a unified processing workflow that enables a

transition to the level of physical seabed objects and
accounts for SSS data peculiarities.

A generalized problem statement is formulated in
which the input data include SSS missions’
metadata, sonar images, and detections, while the
output consists of change information, physical
targets, their estimated coordinates, and class labels.
The methodology defines the sequence of processing
stages, their inputs and outputs, and the methods and
tools proposed for use at each stage.

An evaluation framework is proposed for the
main stages of the methodology. Experimental
results for individual methodology components
demonstrate improvements in the quality of the
corresponding tasks and support the feasibility of the
proposed approach.

The practical significance of the methodology lies
in its applicability as a basis for automated SSS data
analysis systems for underwater monitoring, object
search, humanitarian  demining, infrastructure
inspection, and operator decision support. Its modular
structure allows individual components to be used
independently or as part of a unified workflow.

Future work should focus on creating fully
annotated multi-mission SSS datasets, studying error
propagation between stages, integrating navigation
refinement and SLAM, and developing multi-view
classifiers for a wider range of underwater object
classes.
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O. M. Karpywa, K. B. €Eppemon. MeTono.10rist 6araToBu10Boro po3nisHaBaHHsi Lijeil y JaHUX coHapa 00KOBOIo
orJsixy

Conap 6G0KOBOTO OTJISy IIMPOKO BUKOPUCTOBYETHCS ISl OTPUMAHHS 300pakeHb JTHA BOAOWM, OJJHAK aBTOMAaTH30BaHE
pO3Ii3HaBaHHS LUIeH y TaKWX JAHUX YCKJIAJHSETHCS aKyCTHYHHM IIYMOM, CMYTOBHMH apTe(daKTaMH, 3aJEKHICTIO
BUTJISIy 00°€KTa BijI paKypcy CIIOCTEpPEIKEHHS, TOXMOKaMK HaBiraiii Ta OBTOPHUM BUSIBJICHHSM OJ(Hi€T (i3MUHOT it
y pi3HUX Mpoxojax abo Micisx. MeTorw poOOTH € pO3pOOJICHHS METOIO0JIOrIT 0araTOBUI0BOIO PO3Mi3HABAHHS IUICH Y
JTAaHUX COHapa OOKOBOTO OISy, sIKa 3abe3medye IMepexin BiJ OKpEeMHX COHApHUX 300pakeHb 1 AETEKIIH 10 piBHSA
¢i3muHuX 00’€KTIB HA JHI. 3almpoOlOHOBAHA METOJOJIOTIS MOEAHYE MiATOTOBKY JaHWX MICiH, BHUSIBICHHS 3MiH MiX
MTOBTOPHUMH MiCiSIMH, OLIHIOBAaHHS KUTBKOCTI (hi3WYHMX IiJIeH, KJIaCTepH3aliio AETEeKIiH, JoKaji3ario, GopMyBaHHS
03HAK Bi3yaJbHOI MOAIOHOCTI, HABUYAHHS TIMOOKHX MOJENIeH Ta 0araToBHIOBY KiacHdikarito. BXiqHuMmu maHumu €
Micii coHapa, TPaeKTOpHi JlaHi, COHapHI 300pakeHHs, MEeTaJaHl Ta JeTeKil 00’€KTIiB, a BUXITHUMH pe3yJbTaTaMH —
rinmore3u npo (GizuyHi iji, iX KOOpJAUHATH, IHPOPMAILs PO 3MIHM MK MiCiIMH Ta KiacoBi MIiTKH. OKpeMi CKJaloBi
METO/I0JIOTIi TIepeBipeHO Ha CUHTETUYHHX 1 peaJibHUX Habopax NaHUX 3 BUKOPHUCTaHHSAM BiJIIOBIIIHMX METPHK SKOCTI.
Pesynbraty mokasanu miBUNICHHS CTIHKOCTiI BHSBIICHHS 3MiH Ha 3aIIyMJICHHX 300pa)KCHHSX, OLIHIOBAHHS KITBKOCTI
1isieit 3 noxnOKoro He Ounblle OAHOTO 00’€KTa, MOKPAIIEHHs KiacTepu3alii Ta JoKalizallii 32 paXyHOK IPOCTOPOBHX,
TOTIOJIOTIYHMX 1 Bi3yaJ bHHX O3HAK, a TAaKOX IIiJBUIICHHS SKOCTI 0araToBHAOBOi Kimacudikamii Ha piBHI (i3WIHHX
00’ekTiB. MeTomoorist popMye eTMHUI MOAYIBHHIA MPOIIeC aHai3y 6araTopa3oBUX Miciii coHapa OOKOBOTO OTIISTY Ta
Moke OyTH BHKOPHCTAaHa SK OCHOBAa JUII aBTOMAaTH30BAaHUX CHCTEM IIiBOJHOTO MOHITOPHHTY, IMOIIYKY 00 €KTIB,
TYMaHITapHOTO PO3MiHYBaHHSA, OOCTEXEHHS 1HPPACTPYKTYpH Ta MIATPUMKH NPUHHSITTS PIilICHb OTIEPATOPOM.
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