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ABSTRACT Marine litter is a growing environmental threat, with severe ecological and socio-economic
impacts. Most monitoring strategies rely on optical sensors to detect surface pollution, however these
approaches fail to capture submerged plastics dispersed throughout the water column. Multibeam acoustic
imaging offers a complementary solution, but the scarcity of annotated sonar datasets and the high noise
levels of acoustic imagery make automated detection and tracking particularly challenging. This study
presents a comparative evaluation of deep learning based multi-object tracking (MOT) algorithms applied
to water column acoustic data. Pre-trained YOLOv8 detectors were integrated with tracking-by-detection
frameworks including BoT-SORT, OC-SORT, ByteTrack, and DeepOC-SORT. Performance was assessed
across acoustic frequencies and preprocessing strategies using standard MOT metrics. Results show that
adaptive Gaussian thresholding and openingmorphology improved robustness at lower frequencies (950 kHz
and 1200 kHz), while unprocessed inputs provedmore resilient to severe clutter at 1400 kHz. BoostTrack and
ByteTrack achieved the most consistent tracking, effectively managing intermittent detections to maximise
MOTA and IDF1. In contrast, OC-SORT underperformed, struggling with fragmented sonar trajectories.
Furthermore, while efficient Nano models dominated at lower frequencies, Medium models were required
under higher noise. These findings demonstrate the feasibility of applying MOT methods to sonar-based
litter monitoring. Future work will explore unsupervised learning approaches to leverage intrinsic sonar data
structure, reduce annotation needs, and enable scalable marine litter tracking.

INDEX TERMS Acoustic imaging, acoustic frequencies, autonomous surface vehicle, detection algorithms,
marine litter, multibeam echosounder, multi-object tracking, ocean sensing, sonar.

I. INTRODUCTION
Marine litter is a growing threat to marine ecosystems and
to global sustainability, it is estimated that 73 million tons
of plastic will enter the oceans annually by 2030 [1]. New
technologies are being introduced for more efficient and
sustainable plastic degradation, namely enzyme engineering,
however, this type of solution will be useful after the marine
litter is detected [2]. As global attention to sustainability
grows, industries are increasingly making environmental
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claims that are not always substantiated. A large number
of these claims constitute greenwashing, where vague or
misleading language is used to promote a false image
of sustainability [3]. In this context, the development of
transparent, sensor-based monitoring systems becomes even
more critical.

Most detection methods focus on surface-level litter,
relying on satellites, drones, and aircraft remote sensing.
Examples of said solutions use hyperspectral imaging for
the detection of marine litter and its classification [4].
Regions such as the North Pacific Garbage Patch, are not
only hotspots for plastic accumulation, but also critical
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habitats for surface-dwelling organisms, such as the case of
neustons, whose distribution and survival are related to plastic
dynamics [5], [6]. The usage of underwater cameras can
allow to capture detailed images of marine debris, suffering,
however, from attenuation due to the underwater medium,
which compromises the image field of view, range and
quality. Acoustic waves, beingmechanical waves, suffer from
less attenuation and can spread over a wider range [7].

A recent review of 80 studies examined the application of
artificial intelligence (AI) to marine macrolitter research [8],
covering classification, detection, segmentation, and quantifi-
cation tasks across aquatic environments, including beached,
floating, and seafloor litter. The review identified a limited
number of sonar-based datasets, particularly for floating litter
in the water column. Sonar imagery represented only 3.7% of
the dataset types, and just two studies used sonar for detecting
floating or seafloor litter [9], [10], revealing a gap in current
monitoring efforts, which rely mostly on optical data.

Beyond this review, some datasets have been published for
underwater object detection. TheUnderwater Acoustic Target
Detection (UATD) dataset includes over 9,000 multibeam
forward-looking sonar images, annotated with 10 object cat-
egories such as cubes, cylinders, and tyres, either suspended
in the water or resting on the lakebed [11]. Other datasets
include sonar fish classification with eight classes [12],
and a semantic segmentation dataset with eleven classes of
household debris and marine objects [13].
In our previous work [14], we applied multibeam acoustic

imaging to detect different types of marine litter in the
water column, achieving material-level differentiation using
multiple acoustic frequencies. Building on this, we developed
learning based classification and multi-label detection mod-
els, which performed well in controlled tests [15].
The main contributions of this paper include:

• A domain-specific benchmarking protocol for acous-
tic Tracking-by-detection (TBD): We formulate the
under-explored problem of tracking marine litter in
multibeam water-column sonar into a reproducible
tracking-by-detection setting, providing a structured
evaluation protocol for underwater acoustic tracking.

• Acoustic frequency-aware methodology and transfer-
able insights: We systematically analyse the impact
of frequency selection and signal preprocessing on
detection and tracking stability. We provide transferable
engineering insights regarding optimal You Only Look
Once (YOLO)v8 model capacities (nano vs. medium
variants) and preprocessing strategies depending on the
operational acoustic noise levels.

• Benchmarking state-of-the-art multi-object tracking
(MOT) algorithms for sonar data: This study presents
the first comparative evaluation of leading deep
learning-based Simple Online and Real-time Tracking
(SORT) algorithms (BoostTrack, Bag of Tricks SORT
(BoT-SORT), ByteTrack, Deep Observation-centric
SORT (DeepOC-SORT), and Observation-centric

SORT (OC-SORT)) applied specifically to multibeam
acoustic data, providing practical selection guidance
based on algorithm behaviour under severe acoustic
clutter.

The remainder of this paper is organised as follows.
Section II provides an overview of related work in marine
litter detection and tracking methodologies, introducing
the state-of-the-art tracking algorithms selected for this
study. Section III presents the experimental setup that was
used to extract the dataset, acoustic video generation and
pre-processing. Section IV outlines the tracking pipeline
developed for this work, including the detection phase, data
association with tracker integration, along with the evaluation
metrics used to assess their performance. Section V presents
the experimental results across different combinations of
detection models and tracking methods, and discusses which
approaches yield the most effective results for marine litter
tracking in multibeam acoustic data. Finally, Section VI
summarises the main findings and outlines directions for
future work.

II. RELATED WORK
A. CLASSICAL TRACKING BASED APPROACHES
Classical targeting methods for acoustic imaging have
progressed from filter-based techniques to statistical and
machine learning approaches.

Research on sonar-based tracking for underwater vehicles
began with Kalman filtering, enabling simultaneous monitor-
ing of moving and stationary objects [16]. Subsequent work
incorporated temporal features for behavioural analysis [17],
hybridised Kalman and particle filters [18], [19], and intro-
duced dual-frequency sonar with nearest-neighbour search
for improved accuracy [20].
Deterministic methods gave way to probabilistic frame-

works that reduced false alarms and improved state esti-
mation, including Bayesian data association and probability
density filters [21], [22], [23]. Parallel approaches explored
feature extraction and temporal modelling, from optical flow
and hierarchical tracking trees [24] to classification-based
feature measures [25], [26], recurrent feature analysis for
segmentation [27], and Hidden Markov Models for diver
classification and tracking [28].

B. MULTI-OBJECT TRACKING DETECTION BASED
APPROACHES
Object detection typically follows either a two-stage
paradigm, which generates proposals before classification
and refinement, or a one-stage paradigm that treats detection
as a dense prediction problem from predefined anchors [29],
[30], illustrated in Fig. 1. Both approaches rely on backbone
networks for feature extraction [31].
MOT builds on detection, assigning identities to objects

across frames while managing trajectory consistency [32],
[33]. TBD pipelines, illustrated in Fig. 2, detect per frame and
associate over time, while joint detection and tracking (JDT)
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FIGURE 1. One and two stage detectors.

unifies both tasks within shared architectures [31], [34].
Examples include joint detection and embedding (JDE) [35],
FairMOT [36], and CenterTrack [37]. Segmentation-based
MOT offers pixel-level precision in crowded scenes [32].
Most MOT methods, like SORT [38], rely on the

classical linear Kalman Filter (KF) [39] and the Hungarian
algorithm [40] but often suffer from identity switches.
The KF assumes a linear dynamical system with Gaussian

noise:

xt = Fxt−1 + wt , wt ∼ N (0,Q), (1)

zt = Hxt + vt , vt ∼ N (0,R), (2)

where xt is the state, zt is a detection, F andH are the motion
and observation matrices, and Q and R are the process and
measurement noise covariances. Thewt and vt are the process
noise and measurement noise vectors.

1) PREDICTION STEP
The predictor equation:

xt|t−1 = Fxt−1|t−1, (3)

FIGURE 2. Tracking by detection (TBD).

The covariance extrapolation:

Pt|t−1 = FPt−1|t−1F⊤
+ Q. (4)

2) UPDATE STEP
The Kalman gain [39] is:

Kt = Pt|t−1H⊤

(
HPt|t−1H⊤

+ Rt
)−1

. (5)

State correction:

xt|t = xt|t−1 + Kt
(
zt−Hxt|t−1

)
. (6)

Covariance update, where I corresponds to the identity
matrix:

Pt|t = (I − KtH)Pt|t−1(I − KtH )T + KtRtKT
t . (7)

After prediction, a cost matrix C is built:

Cij = cost(i, j). (8)

This produces the optimal one-to-one matching between
tracks and detections. All modern MOT trackers in BoxMOT
use the Hungarian Algorithm, differing only in how C is
constructed.

The Hungarian algorithm solves:

min
X

N∑
i=1

M∑
j=1

CijXij, (9)

With standard one-to-one assignment constraints:

Xij ∈ {0, 1},
∑
i

Xij ≤ 1,
∑
j

Xij ≤ 1. (10)

This yields a binary assignment matrix X , where Xij selects
detection j for track i.

DeepSORT [46] reduces identification (ID) switching with
appearance embeddings, though such cues are unreliable in
sonar imagery, while ByteTrack [41] addresses occlusion
and low-confidence detections through confidence-aware
association, making it suitable for noisy environments. Boost-
Track [45] enhances similarity scoring with confidence scal-
ing and IoU orMahalanobis metrics, whereas OC-SORT [42]
andDeepOC-SORT [43] reformulate Kalman-based tracking
with observation-centric recovery and adaptive appear-
ance integration. BoT-SORT [44] combines motion- and
appearance-based association in a two-stage matching
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TABLE 1. Summary of core association-cost equations and key differences between common MOT trackers. All implement the same KF motion model
and Hungarian assignment; differences arise from association cost and update rules.

scheme, refining trajectories with temporal feature smooth-
ing. Although all evaluated trackers originate from the
classical SORT framework, their differences arise from the
formulation of the association cost and the update rule.
SORT relies exclusively on IoU for matching, making
it sensitive to fragmented sonar detections. BoT-SORT
improves robustness by integrating detection confidence
and motion consistency (FuseMotion), while BoostTrack
enhances the association score using confidence boosting.
ByteTrack introduces high/low-score dual matching, which
is advantageous in optical scenes but suboptimal in sonar
due to inherently low-confidence detections. OC-SORT
modifies the Kalman update to be observation-centric,
improving recovery from rapid target shape changes typical
in acoustic images. DeepOC-SORT further incorporates
appearance embeddings, but their contribution is limited in
sonar due to the absence of stable visual texture. These
distinctions explain the performance variations observed
across frequencies and pre-processing strategies and are
summarised in Table 1.

C. MULTI-OBJECT TRACKING SEGMENTATION AND
TRANSFORMER BASED APPROACHES
Segmentation-based MOT methods improve the handling of
occlusion by refining the target boundaries. Track-Region-
based Convolutional Neural Network(RCNN) [33] extends
Mask R-CNN with temporal convolutions and association
heads, while MOTSNet leverages optical flow for the
annotation of the data set and the grouping of masks for
the integration of features [47]. PointTrack++ treats pixels
as point clouds for precise identity preservation in dense
scenes [48].
Transformer-based MOT introduces an attention-driven

association. TransTrack applies query-key matching [49],
TrackFormer models crowded interactions with encoder-
decoder attention [50], and MOTRv2 improves flexibility
through deformable transformers [51]. Memory-augmented
designs such as MeMOT [52] and MeMOTR [53] further

strengthen long-term associations by storing and reasoning
over historical object features.

D. MULTI-OBJECT TRACKERS APPLIED IN MULTIBEAM
ECHOSOUNDER ACOUSTIC IMAGES
In sonar imagery, a YOLOv3–particle filter framework
demonstrated 3D target tracking in tank experiments with
Autonomous Underwater Vehicles (AUVs) and a turtle
replica [54]. Another study combined YOLOv5 with
DeepSORT, improving detection via image enhancement
and DCGAN-based augmentation [55]. More recently,
a Swin Transformer–YOLOv5 architecture expanded bound-
ing boxes and receptive fields, reducing ID switches and
trajectory interruptions [7].

E. RELATED WORK SUMMARY
This work focuses on detecting and tracking marine litter in
the water column using amultibeam echosounder.MostMOT
research has centred on pedestrians in optical imagery, the
acoustic domain has unique challenges.

The evolution from classical filter-based methods to mod-
ern deep learning frameworks shows advantages and limita-
tions in underwater applications. Early KF approaches [16],
[17] enabled motion prediction suitable for drift-prone litter
influenced by currents but struggled with complex non-linear
dynamics. Particle filters [18] improved non-linear motion
at the cost of computational efficiency, restricting the use in
real-time. Probabilistic data association methods [21], [22]
offered robust uncertainty management, addressing the high
false alarm rates common in sonar imagery.

TBD paradigms with online tracking capabilities, as sug-
gested by [54], can be used for sonar-based marine litter
tracking. These approaches allow the integration of detection
with tracking models, useful when dealing with sparse and
irregular acoustic object appearances.

Trackers like DeepSORT, which rely on re-identification
networks trained on textured and colour-rich optical data,
encounter limitations in sonar imagery lacking such cues.
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FIGURE 3. Tracking methodologies summary.

Motion-driven methods such as BoT-SORT and OC-SORT
may provide more consistent performance. Confidence-
aware association strategies, such as ByteTrack and Boost-
Track, can be relevant in sonar contexts where detection
confidence varies with acoustic noise, partial visibility, and
target orientation. These methods extend the probabilistic
principles of classical tracking [21] for more modern
frameworks. Observation-centric designs (OC-SORT and
Deep OC-SORT) can address occlusions caused by marine
life, water column variability, or acoustic shadows.

Preliminary experiments with DeepSORT [56] although
with satisfactory results, had common issues found in this
tracker such as occlusion and ID switching. Literature
indicates that approaches like BoT-Sort and BoostTrack, can
offer enhanced robustness under such conditions. A summary
of these methodologies is presented in Fig. 3.
The limited adoption of MOT techniques in acoustic

imagery highlights a significant research gap—offering
opportunities to develop specialised tracking strategies that
integrate the strengths of classical statistical models and
contemporary deep learning paradigms for robust marine
litter tracking. Target detection and tracking can allow for
the application of efficient manoeuvrability for the in-situ

extraction of marine litter, minimising the impact that this
threat introduces in the environment [57].

III. DATA EXTRACTION EXPERIMENTAL SETUP
Data was collected in a next-to-real-life scenario using
PORTUS, an electric Autonomous Surface Vessel (ASV)
developed by the Centre of Robotics and Autonomous
Systems (CRAS) at INESC TEC, illustrated in Fig. 4b.

FIGURE 4. Multibeam data acquisition mounted on PORTUS ASV during
field trials in Leixões harbour.

PORTUS is equipped with a broad suite of sensors that
support navigation and perception tasks in maritime envi-
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TABLE 2. Sonar specifications for different operating frequencies.
Resulting acoustic images can be checked in Fig. 5.

ronments. PORTUS offers low acoustic and environmental
impact as a fully electric platform, making it ideal for oper-
ations that use acoustic sensors. The ASV has a telescopic
keel extending up to 1.5 meters in depth. It enhances the
vessel’s hydrodynamic stability during operations and serves
as the mounting point for underwater sensors. By positioning
these sensors below the waterline, the influence of surface
disturbances—such as waves, turbulence, and air bubbles—
is significantly reduced, thereby improving data quality
and sensor reliability. The M3 high frequency multibeam
echosounder (MBES) model from Kongsberg [58], Fig. 4a,
was installed in the PORTUS telescopic keel, as illustrated in
Fig. 6.

The mounting structure for the sonar was designed to
support an Forward Looking Sonar (FLS) configuration and
has a set of perforated discs. The MBES can be oriented
at known angles by selecting specific hole alignments. For
this data extraction, the sonar was fixed at a 25-degree tilt,
providing forward visibility while avoiding reflections from
the vessel’s hull, the water surface, and the backscatter of the
seabed.

This MBES relies on a development kit developed by
Kongsberg, and can only operate using Windows Operating
System. This software configures the sonar head and extracts
the MBES data. An in-house Robot Operating System (ROS)
driver was developed to extract the sonar data and reconfigure
the M3 sonar head during the campaign, for example,
changing the sonar maximum range. Having a solution based
in a ROS allows to have access to the PORTUS navigation
and synchronize it with the campaign sonar data, adding the
possibility to repeat the mission with real data, as illustrated
in Fig. 7b. The multiple Time Variant Gains (TVG) that
are possible to configure were kept the same throughout the
entirety of the data extraction. The set of configurations and
the main sonar specifications are listed in Table 2.
Data was collected in the manoeuvring basin of Leixões

harbour in Porto, Portugal (41◦11’04.8’’N 8◦42’22.0’’W),
Fig. 7. The zone where data was collected is shown in Fig. 7a.
These waters had a minimum depth of 2.5 meters and a
maximum depth of 10 meters.

FIGURE 5. Wooden deck captured at different acoustic frequencies with
the M3 MBES high frequency model.

FIGURE 6. M3 HF MBES keel mounting point.

Targets were tethered to weights to simulate marine
debris floating in the water column. While mounted in the
FLS configuration it was possible to take advantage of the
MBES azimuth’s to generate acoustic footprints with depth.
Different materials were used with similar shapes are detailed
in Table 3, listing the characteristics of each target. The
movement and changes in range and bearing to the targets
provided multiple viewpoints, and their footprints changed
significantly in the acquired acoustic images. The target depth
in the water column was not altered during the experiment.

Polar acoustic images were generated based on the
algorithm proposed in [15]. The acoustic images were
generated with a maximum range of 8m and a fixed field
of view (FOV) of 45◦. Each generated frame is composed
of 450 × 4002 pixels. Different acoustic frequencies were
used during the acquisition, namely: 950 kHz, 1200 kHz
and 1400 kHz, as illustrated in Fig. 5. Different fields of
view and, consequently, beam spacing leads to varying
spatial resolutions among the acoustic configurations. The
1400 kHz acoustic images, as the one in Fig. 5c, achieves
the highest resolution, characterised by closely spaced pixels
and enhanced spatial detail, and opposite occurs with the
950 kHz, Fig. 5a, with lower resolution and larger beam
spacing.

Acoustic images are generated based on the backscatter
of the three-dimensional spatial environment. This type of
image suffers from several drawbacks when compared to
optical generated images:
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FIGURE 7. Mission scenario in the manoeuvring basin of Leixões harbour
in Porto, Portugal (41◦11’04.8’’N 8◦42’22.0’’W.

TABLE 3. Dimensions and material composition of tracked objects.

• Multipath propagation occurs when acoustic waves
exhibit higher energy levels than those reflected from
obstacles.

• Lower resolution in the produced images due to the
transducer size and the quantity of transducers that can
be incorporated into an array.

• A target backscatter can be affected by factors such
as shape, material composition, and the distance to the
sonar head. Furthermore, the angle at which acoustic
waves strike the target may change as a result of the
target’s movement, leading to the emergence of distinct
regions within the acoustic image of the same target.
These regions frequently appear as disjointed segments
in acoustic imagery.

Video files were generated with the set of acquired acoustic
frames, since MOT solutions rely on tracing foreground
targets in a sequence of frames. This was done with the same
procedure detailed in [56].

A. ACOUSTIC VIDEO - GENERATION
A set of acoustic images corresponding to a target acquired
at a specific frequency is processed. The dimensions of these
images are adjusted to ensure they are consistently divisible
by 2. This requirement arises from video encoding formats,
particularly those used by FFmpeg, to enable efficient
compression and encoding, especially when utilising the

FIGURE 8. Acoustic video pre-processing [56].

H.264 codec. If the images within the set vary in size, they
are resized by adding padding to match the largest width and
height while preserving the original resolution. Only padding
is applied when necessary without altering the image content.

Each frame is embedded with a timestamp, generated
from ROS message headers. The frame rate is computed
based on the average time difference between consecutive
frames. FFmpeg is then employed to generate the video,
using the H.264 codec with the calculated frame rate. The
video is encoded in the MPEG-4/H.264 format, ensuring
compatibility with the annotation tool and its supported video
formats. Additionally, metadata for each video is stored in a
JSON file.

Annotating the original videos proved challenging due to
the high noise levels typically present in acoustic images
and their low spatial resolution, which made target footprints
difficult to discern. This issue became even more pronounced
at lower acoustic signal frequencies. Pre-processing tech-
niques were applied to enhance the videos to address these
challenges.

B. ACOUSTIC VIDEO - PRE-PROCESSING
The video processing tasks involved background subtraction,
thresholding, and morphological operations, as summarised
in Fig. 8.

Background subtraction was performed using the
K-Nearest Neighbors (KNN) method, which relies on tem-
poral information from consecutive frames and accumulated
history. The algorithm evaluates whether each pixel belongs
to the background or the foreground: pixels that deviate from
historical values are classified as foreground, while consistent
pixels are assigned to the background. The background
model is updated continuously to adapt to gradual scene
variations [59]. Because this technique relies heavily on
historical frames, the background model was initialized and
updated strictly within isolated video sequences to prevent
any temporal data leakage between the training and testing
phases, as detailed in Section IV.

After background subtraction, thresholding was applied
to the foreground mask to reduce background noise typical
of acoustic imagery. Two thresholding strategies were used:
binary thresholding and adaptive Gaussian thresholding.
Binary thresholding applies a fixed global threshold to
convert greyscale frames into binary form, whereas adaptive
Gaussian thresholding computes local thresholds based on
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neighbourhood intensity distributions. Both approaches pro-
duce a binary mask of the detected foreground objects [60].

Morphological filtering was then applied to refine the
binary masks. Closing was performed after binary thresh-
olding to fill small gaps within objects, while opening
was used after adaptive Gaussian thresholding to suppress
isolated noise while preserving object contours. These oper-
ations improved the consistency of the extracted foreground
structures [59], [60].

With the pre-processing four different input video types
can be considered. The Normal variant corresponds to polar
images without any pre-processing, while the remaining three
variants apply different binarization and filtering strategies
prior to training. These transformations aim to enhance
target visibility and suppress background noise, potentially
improving the robustness of both detection and tracking
models.

• Normal: Polar acoustic images directly used as input,
without any additional processing. This serves as the
baseline condition against which all other variants are
compared.

• Adaptive_gaussian_11_opening_KNN: Images pro-
cessed using adaptive Gaussian thresholding with a
kernel size of 11, followed by morphological opening to
remove small artifacts. A KNN filter is applied to refine
the binary mask and reduce noise.

• Binary_50_closing_KNN: Images binarized with a
fixed threshold value of 50, followed by morphological
closing to fill small gaps in detected regions. A KNN
filter is again applied to improve contour consistency.

• Binary_250_closing_KNN: Similar to the previous
variant, but binarization is performed with a higher fixed
threshold value of 250. The higher threshold reduces
sensitivity to weak reflections, focusing on stronger
structures. Morphological closing and KNN filtering are
applied as in the 50-threshold case.

The processed frames were reconstructed into videos
using the same procedure as the original generator, resulting
in outputs that differ substantially from the raw acoustic
sequences. The pre-processed videos provide clearer sepa-
ration of foreground targets from background clutter. Pre-
processing was necessary because target positions change in
practice, influenced by currents, marine life, and the motion
of the PORTUS surface vessel.

IV. MULTI-OBJECT TRACKING PIPELINE FOR MARINE
LITTER DETECTION
The selected framework for this study was MOT based
on TBD paradigm. Multi-object tracking is commonly
formulated within this paradigm, where objects are first
detected in each frame and then associated across time to
form continuous trajectories. As specified in Section II the
TBD pipeline consists of two primary stages: object detection
and data association.

A. DETECTION PHASE
In the detection stage, a dedicated detector localises potential
targets of interest in each frame. Since this work focuses
specifically on the comparative evaluation of multi-object
tracking algorithms rather than detection architectures, all
tracking experiments were conducted using a single, high-
performing YOLOv8 detector. This ensures that performance
differences arise from the trackers themselves and not from
variations in detector design.

Multiple YOLOv8-basedmodels were trained according to
acoustic frequency, input type, and pre-trained variant.

All models were initialised with pre-trained YOLOv8
weights and trained on an NVIDIA GeForce
RTX 2080 SUPER GPU. Training was conducted for a
maximum of 200 epochs, incorporating an early stopping
mechanism with a patience of 50 epochs to prevent large
training times without improvements. The input image size
was 640 × 640 pixels with a batch size of 12. To improve
convergence and regularisation on the small dataset, the
AdamW optimiser was applied with an initial learning rate
of 0.001, weight decay of 0.0001, and momentum of 0.937.

Standard optical augmentation strategies such as mosaic,
MixUp, vertical flipping, and hue/saturation colour shifts
were disabled, as they violate the geometric constraints
and single-channel intensity properties of FLS acoustic
data. The augmentation pipeline that was applied to all
models included horizontal flipping (0.5 probability), random
rotations (±10◦), scaling (±20%), and spatial translation
(±10%). Additionally, random intensity shifting (0.4) was
applied to simulate varying acoustic gain and depth atten-
uation, alongside random erasing (0.4) to mimic acoustic
shadowing and signal occlusion in the water column.

The performance was evaluated using mean Average
Precision (mAP). Two measures were considered: mAP50,
with an IoU threshold of 0.5, and mAP50:95, which averages
results over thresholds from 0.5 to 0.95 in steps of 0.05.

Because this study evaluates a tracking-by-detection
paradigm, the dataset splitting strategy must preserve the
temporal continuity of the test sequences. A standard random
train-test split at the frame level would fragment trajecto-
ries, rendering tracking evaluation impossible. Therefore,
a contiguous sequence comprising 20% of each video was
isolated exclusively for the test set. To prevent the selection of
empty sequences where tracking cannot occur, a class-aware
sliding window algorithm was implemented. This algorithm
traversed the entire video to identify the continuous block
of frames containing the highest density of tracking targets.
Furthermore, to prevent the test set from depleting the training
data, a constraint was applied to ensure that a minimum of
40% of the target instances remained outside the test window.
Once the sequential test block was isolated and exported as
a continuous video, the remaining frames were randomly
shuffled and split into training (90%) and validation (10%)
sets, providing the detector with diverse, uncorrelated data
during the learning phase. All frames were annotated and
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FIGURE 9. Sequential dataset split for detection and tracking models.

converted to the YOLOv8 labelling format. The resulting
splitting for this dataset can be visualised in Fig. 9. To prevent
temporal data leakage through the historical frame buffer of
the KNN background subtractor, this sequence-level isolation
was performed prior to applying any temporally dependent
pre-processing. The KNN background model was initialized
and run independently on the training/validation sets and
the test sequences, ensuring the test set’s temporal history
remained completely unseen during the training phase.

TABLE 4. Detector performance on the test set for well-represented
targets (Criteria: Annotations ≥ 100 and mAP@50 ≥ 0.65).

The sequential splitting strategy inherently reduced the
availability of frames containing targets in the training set.
This is illustrated by the number of objects that were
available in the training set at each acoustic frequency,
in Fig. 10. This limitation, although impacting the detector,
wasmitigated inmany classes through hyperparameter tuning
and since the detector already has pre-trained weights with
proven performance. Evaluation on the contiguous test set
demonstrated robust detection capabilities for several key
targets, evenmore when a larger training volume (train count)
was available, as summarised in Table 4. Furthermore, the
physical characteristics of the objects had a crucial role in
the detector’s performance. Targets possessing larger acoustic
footprints and higher reflectivity provided distinct signatures
in the sonar imagery, yielding superior results. For instance,
the fish net agglomerate, supported by 162 training instances
at 950 kHz, achieved a mAP@50 of up to 0.917, even
though at this acoustic frequency there is smaller spatial
resolution. As detailed in Table 4, the medium YOLO variant

FIGURE 10. Number of objects available in the training set for each
frequency.

had better performance with these constraints. Its higher
parameter capacity allowed it to better learn the complex
acoustic backscatter of these reflective materials compared
to its lighter counterpart. Nevertheless, the nano variant
still secured several top-performing spots (particularly in
detecting the fish net at 950 kHz and 1200 kHz), proving
that with the right thresholding, a lightweight architecture
provides good results. These results were maximised by
specific preprocessing techniques, particularly the Adaptive
Gaussian configuration, which consistently anchored the
top-performing setups for both model variants.

The test set comprises continuous video sequences that
are pre-processed independently to prevent any data leakage.
To ensure a comprehensive and rigorous evaluation of both
the detection and tracking algorithms, a data augmentation
pipeline was applied to these test videos to introduce realistic
spatial and temporal variations. All test sequences underwent
a mandatory horizontal flip to simulate alternate vehicle
trajectories. Additionally, temporal reversal was applied with
a 70% probability to guarantee that temporal information
was not affecting how the detector performed, simulating
targets moving in opposite directions in what was extracted
in the original dataset. Random pixel intensity scaling
(by a factor between 0.5 and 1.2) was introduced with a
50% probability to simulate natural fluctuations in acoustic
backscatter strength and sonar gain settings, resulting in the
augmentations represented in Fig. 11.

FIGURE 11. Augmentations performed to the test set by each frequency.
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TABLE 5. Pre-processing ranking comparison: Average mAP@50 for
well-represented classes (≥ 100 annotations) versus the overall
dataset average.

Following this augmentation, the background subtrac-
tion, thresholding, and morphological operations pipeline
was applied to each sequence individually, without rely-
ing on global dataset statistics. As detailed in Table 5,
Adaptive Gaussian emerged as the highest-ranked pre-
processing method, achieving an average mAP@50 of
0.611 on well-represented targets (those with ≥ 100 training
annotations). Under these optimal training conditions, the
intermediate binary thresholding approaches outperformed,
confirming that appropriate pre-processing is crucial for
effectively reducing acoustic clutter while preserving essen-
tial target signatures.

When evaluating the performance across the entire dataset
(also containing the augmented video sequences), the overall
averages naturally decrease due to the inclusion of severely
under-represented and less reflective targets. As shown in
Table 5, the overall mAP@50 for Adaptive Gaussian drops
to 0.502, while unprocessed raw inputs (Normal) demon-
strate relative resilience against acoustic clutter, maintaining
an overall average of 0.493. This contrast between the
well-represented targets and the global dataset explicitly
demonstrates that higher training sample volumes directly
yield substantially better detection results. The fact that the
small dataset size diminishes overall average metrics does
not seem to invalidate the tracking benchmarking, nor does it
undermine the broader feasibility of automated marine litter
detection.

Because the training dataset is inherently limited by these
challenges of real-world data acquisition and requirement
of sequential data with available targets, it was initially
hypothesized that higher-capacity models might be prone to
memorising the training data. However, as evidenced by the
results on classes with sufficient annotations (Table 4), the
medium YOLO variant demonstrated robust generalization
on the unseen, augmented test videos. Its higher parameter
count allowed it to better capture and learn the complex
acoustic signatures of the targets when enough samples were
provided.

This superiority of the medium variant, alongside the
effects of acoustic frequency, is further corroborated when
examining the comprehensive performance averaged across
all targets, as detailed in Table 6. The medium variant
paired with Adaptive Gaussian pre-processing consistently
maintained the highest mAP@50 scores at lower acoustic
frequencies (0.580 at 950 kHz and 0.550 at 1200 kHz).
Furthermore, this comprehensive breakdown clearly illus-
trates how the optimal configuration shifts under extreme

acoustic clutter. At the 1400 kHz frequency, the performance
dropped to a 0.424 mAP@50. Instead, the Medium model
paired with unprocessed (Normal) inputs emerged as the
most resilient configuration, achieving 0.526 mAP@50. This
demonstrates that while higher model capacity is universally
beneficial across the dataset, the pre-processing strategy must
be explicitly tailored to the operational acoustic frequency
and with enough data to generalise.

B. TRACKING PHASE
Following detection, the association stage links current
detections with previously tracked objects to maintain
consistent identities across frames. For the application of
marine litter detection, online tracking-by-detection pipelines
are particularly relevant. The pipeline begins with the
detection of potential litter items using trained acoustic image
detectors, followed by online association that maintains
trajectories even when objects undergo short-term occlusion
or displacement due to currents. State-of-the-art association
strategies offer a balance between robustness and compu-
tational efficiency, making them attractive for integration
into autonomous monitoring platforms operating in dynamic
underwater environments.

The selected state-of-the-art tracking algorithms were
based on SORT as the likes of BoostTrack, BoT-SORT,
ByteTrack, DeepOC-SORT, and OC-SORT. These methods
were integrated into a TBD framework, relying on pre-trained
detection models based on YOLOv8. All of these methods
were applied through the use of BoXMot [61].
BoXMot has a modular framework for multi-object track-

ing that is well suited for integration into detection pipelines
as is the case of the one applied to the extracted acoustic
images. Its pluggable architecture allows state-of-the-art
tracking modules to be inserted or replaced without major
changes to the system, which facilitates experimentation
with different association strategies. Because BoXMot is
detector-agnostic, it can be used with any object detection,
segmentation, or pose estimation model that outputs bound-
ing boxes, including YOLO-based detectors, as the ones
trained specifically on acoustic images of marine litter. This
flexibility ensures that the framework can be directly applied
to underwater monitoring without requiring custom structural
modifications.

BoXMot’s combination of modularity, detector-agnostic
design and reproducible evaluation makes it a suitable
framework for applying and benchmarking multi-object
tracking approaches in marine environments [61].

During the tracking inference phase, the YOLOv8 detec-
tors were configuredwith aminimum confidence threshold of
0.25 and an IoU threshold of 0.70, ensuring a balanced input
of candidate bounding boxes for the downstream tracking
algorithms without discarding possible targets.

C. MULTI-OBJECT TRACKING METRICS
Evaluating MOT systems requires a comprehensive set of
metrics that capture detection quality, identity
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TABLE 6. Overall detector performance by configuration (Averaged Across All Targets).

preservation, localisation precision, and computational
efficiency. Classical measures such as precision and recall
provide a baseline for detection performance, but they fail
to capture the complexity of long-term tracking, where
maintaining consistent identities and continuous trajectories
is essential. To address this, standardised MOT metrics
have been proposed [32], [62]. These metrics collectively
enable fair benchmarking of tracking systems under diverse
scenarios.

1) PRIMARY ACCURACY METRICS
The most widely adopted performance measure is the Mul-
tiple Object Tracking Accuracy (MOTA), which combines
errors from false positives (FP), false negatives (FN), and
identity switches (IDSW) into a single score. MOTA is
defined as:

MOTA = 1 −
FN + FP+ IDSW

GT
(11)

whereGT is the total number of ground-truth objects. MOTA
penalizes three types of errors equally, offering a high-level
overview of tracker accuracy. A value closer to 1 indicates
stronger performance.

Complementing MOTA, the Multiple Object Tracking
Precision (MOTP) focuses on localisation accuracy. MOTP
measures the alignment between predicted and ground-truth
bounding boxes:

MOTP =

∑
t,i d(t, i)∑

t ct
(12)

where d(t, i) is the distance between detection and ground
truth for object i at time t , and it is computed as:

d(t, i) = 1 − IoU (13)

The ct is the number of matches at time t . Unlike
MOTA, which aggregates errors, MOTP quantifies the spatial
alignment between predicted and ground-truth bounding
boxes across all matched pairs. MOTP evaluates how
precisely a tracker localizes objects once a correct association
is made. LowerMOTP indicates higher localization precision
under this distance definition. Since IoU is unitless, the
resulting MOTP score is also unitless. Lower MOTP values
indicate better localisation, with 0 representing perfect
alignment. This metric complements MOTA by capturing
localisation quality independently of detection count or
identity consistency. Acoustic multibeam images in this work
are generated in polar space, where the pixel spacing varies
with range and beam geometry and the vertical and horizontal
axes do not represent uniform physical distances (meters).
Because of this using Euclidean distance in pixel or meter
units would not be consistent across the image. IoU-based
MOTP avoids this issue and is the standard MOT practice for
non-uniform spatial grids.

2) IDENTITY-FOCUSED METRICS
Identity preservation is critical in MOT since losing or
switching identities can severely impact downstream analy-
sis. The identification F1 Score (IDF1) evaluates this aspect
by measuring the harmonic mean of identification precision
(IDP) and recall (IDR):

IDF1 =
2 × IDTP

2 × IDTP+ IDFP+ IDFN
(14)

where IDTP, IDFP, and IDFN denote true positive, false
positive, and false negative identifications, respectively.
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Supporting measures include:

IDP =
IDTP

IDTP+ IDFP
(15)

IDR =
IDTP

IDTP+ IDFN
(16)

High IDF1 scores indicate reliable identity continuity
throughout a sequence. In practice, IDF1 has gained favour
in recent benchmarks due to its ability to highlight fragmen-
tation issues that may not be apparent in MOTA.

3) METRIC INTERPRETATION
The set of metrics presented above captures complementary
aspects of tracker performance. For example, a tracker with
high MOTA may still suffer from poor identity preservation,
as revealed by a low IDF1 score. Conversely, strong IDF1
performance does not guarantee accurate localisation, which
is reflected in MOTP. Comprehensive evaluation requires
analysing all metrics jointly to understand the trade-offs
between detection quality, identity preservation, trajectory
continuity, and computational efficiency.

V. EXPERIMENTAL RESULTS
This chapter presents the experimental evaluation of the
proposed detection and tracking framework. The evaluation
is structured to highlight the influence of different input
pre-processing strategies, acoustic frequencies, and tracking
algorithms on the overall system performance.

Multiple models were trained for the different input types
and the three acoustic frequencies (950 kHz, 1200 kHz, and
1400 kHz), which led to the existence of 24 detection models.
Each of these models was integrated into multiple MOT
pipelines.

To evaluate the quality of the tracking association, five
state-of-the-art trackers were considered:

• BoostTrack,
• BoT-SORT,
• ByteTrack,
• DeepOC-SORT,
• OC-SORT.
To ensure reproducibility and consistency across all

evaluated MOT methods, all trackers were executed through
the BoXMot framework, which standardises the internal KF
implementation, motion model, and assignment logic. Each
tracker introduces specific hyperparameters that influence
the association strategy. Refer to Appendix for the tuned
hyperparameters used for the tracking procedures.

This evaluation therefore encompasses 120
tracker–detector configurations, each assessed using the
metrics introduced in Section IV-C. The results are reported
per acoustic frequency and input pre-processing type,
followed by comparative analyses across trackers.

Table 7 reports the overall distribution of metrics across all
runs. The global averages show a MOTA of 0.159 ± 0.264,
demonstrating moderate precision (0.604) but a lower recall
(0.252). This table alsomakes reference to a set of figures that

FIGURE 12. MOTA metric heat-map across multiple model and tracker
configurations.

FIGURE 13. IDF1 metric heat-map across multiple model and tracker
configurations.

FIGURE 14. MOTP metric heat-map across multiple model and tracker
configurations.

contain more detailed results per evaluated metric, dependent
on each type of detector-tracker configuration for each type
of video sequence that was evaluated.
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FIGURE 15. Precision metric heat-map across multiple model and tracker
configurations.

FIGURE 16. Recall metric heat-map across multiple model and tracker
configurations.

TABLE 7. Overall performance statistics.

Table 8 compares the nano and medium YOLOv8 model
variants. The medium architecture demonstrates a slight
advantage in identity preservation (IDF1 of 0.325) and
detection precision (0.606). Conversely, the nano model
achieves a marginally higher overall tracking accuracy
(MOTA of 0.160), proving to be an alternative that trades
a slight drop in identity consistency for computational
efficiency and faster training.

Table 9 quantifies the effect of the acoustic fre-
quency on tracking performance. The results indicate that
1200 kHz yields the highest averageMOTA (0.259) alongside
the highest average number of processed frames (813),

TABLE 8. Performance by YOLOv8 architecture.

TABLE 9. Frequency configuration impact.

suggesting it provides the most stable and reliable conditions
for detection and tracking. Conversely, while 950 kHz
achieves the highest peak performance (Best MOTA of
0.975), its overall average MOTA drops to 0.178. Finally, the
1400 kHz frequency demonstrates the poorest average perfor-
mance (0.061), highlighting significant diminishing returns at
higher frequencies despite occasional high-performing runs.

Table 10 summarises tracker performance. ByteTrack and
BoostTrack lead overall in terms of MOTA (0.188), with
BoostTrack also achieving the highest identity preservation
(IDF1 of 0.385). BoT-SORT follows closely behind them,
while DeepOC-SORT and OC-SORT rank lowest across both
metrics. This information is also complemented by Fig. 17.

TABLE 10. Tracking algorithm performance.

FIGURE 17. Box plot with the metric distributions across the different
trackers.
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TABLE 11. Overall average tracking performance of the best configurations by pre-processing method, YOLO variant, and frequency.

Table 11 shows the joint effect of pre-processing method
and frequency. Adaptive Gaussian thresholding and opening
morphology pre-processing generally provides the strongest
performance at lower frequencies, while unprocessed inputs
(Normal) become the most reliable at 1400 kHz. Although
the 950 kHz setting often shows the highest MOTA, it is
important to note that some targets were not perceived at
this frequency, resulting in missing detections and artificially
lower error scores. This makes 1200 kHz and 1400 kHz more
reliable indicators of real-world robustness.

At the 950 kHz frequency, the best-performing configura-
tionwas the nanomodel with AdaptiveGaussian thresholding
and opening morphology pre-processing combined with
BoostTrack, which achieved a MOTA of 0.458 and an
IDF1 of 0.565. This configuration also exhibited strong
precision (0.844) and recall (0.473), confirming its ability to
consistently detect and track targets with stability. In contrast,
the weakest performer at this frequency was the nano model
with Binary 50 Closing and OC-SORT, which only reached
a MOTA of 0.050 and an IDF1 of 0.075. Its critically low
recall (0.052) highlighted severe difficulties in consistently
detecting objects.

At the 1200 kHz frequency, the strongest performance
was obtained by the nano model with Adaptive Gaus-
sian pre-processing in combination with ByteTrack, which
reached a MOTA of 0.337 and an IDF1 of 0.519. The
configuration achieved good precision (0.703) and recall
(0.460), indicating that it maintained the most reliable
trajectories over these sequences. The weakest performer
at this frequency employed the nano model variant with
unprocessed (Normal) input paired with OC-SORT, which
achieved only 0.159 MOTA. Its IDF1 dropped to 0.308, and
recall fell to 0.217, exposing limitations in tracking targets
without the aid of morphological pre-processing.

At the 1400 kHz frequency, the medium YOLOv8 model
with unprocessed (Normal) input and BoostTrack stood out
as the best performer, achieving a MOTA of 0.320 and
an IDF1 of 0.473. The balance between precision (0.744)
and recall (0.411) highlights the robustness of abandoning
thresholding techniques at the highest acoustic frequency.
By contrast, the weakest performance was observed with the
medium variant model combined with Binary 50 Closing

and BoostTrack, which achieved an abysmal MOTA of
−0.128 and 0.203 IDF1. Recall was particularly low at
0.158, making this configuration the weakest overall across
all frequencies and pre-processing settings.

Contrary to initial assumptions, the nano YOLOv8 models
dominate the best-performing configurations at 950 kHz and
1200 kHz when paired with strong pre-processing (Adaptive
Gaussian) and trackers like BoostTrack and ByteTrack.
However, as the acoustic signal degrades at 1400 kHz, the
medium model paired with unprocessed raw data proved to
be the most resilient tracking configuration overall.

Table 12 establishes a direct correlation between the most
successful detection configurations (characterised by high
training instance counts and high mAP@50 scores) and their
corresponding trajectory tracking capabilities.

The results clearly demonstrate that supplying the tracking
algorithms with better detections translates directly into
robust trajectory management. For instance, the fish net class
at 950 kHz under Adaptive Gaussian pre-processing achieved
a detection of mAP@50 of 0.917 (backed by 162 training
instances). When passed to the tracking algorithms, this
sequence has a reliable average MOTA of 0.526, peaking at
a value of 0.696 when paired with BoT-SORT.

Similarly, other classes with high training availability,
such as PVC Blue Square (108 counts) and PVC perforated
deck (113 counts), provided a solid foundation for the
trackers.At the 1200 kHz acoustic frequency, combinations
like Binary 250 Closing on PVC Blue square translated
a 0.746 mAP@50 directly into a peak tracking MOTA
of 0.547 with ByteTrack. Across all top-tier detector
configurations, BoT-SORT and ByteTrack emerged as the
superior trackers, efficiently leveraging the high-quality
bounding boxes to maintain consistent object identities
without fragmenting the trajectories.

A. DISCUSSION
The evaluation of online MOT methods relies on several
key metrics, with current challenges including distinguish-
ing visually similar objects, handling scale variation, and
managing complex motion while meeting real-time con-
straints. By integrating frequency, pre-processing, and tracker
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TABLE 12. Tracking performance corresponding to the top detector configurations.

FIGURE 18. Box plot with the metric distributions across the different
materials.

comparisons, the analysis highlights how specific design
choices shape tracking reliability.

The distribution analysis across video sequences (Fig. 18)
shows that MOTA is highly dependent on both material and
acoustic frequency. While 950 kHz produced some of the
highest peak performances for well-represented classes (as
seen in the high detection accuracies in Table 12), its overall
average MOTA was low (0.178 in Table 9) due to severe
missed detections in underrepresented, reflective materials
like PVC cones and aluminium tubes as illustrated in Fig. 10.
More realistic and stable robustness across the entire dataset
is achieved at 1200 kHz, where the average MOTA peaked

at 0.259. At this frequency, the nano model with Adaptive
Gaussian thresholding and ByteTrack achieved the strongest
stable result of 0.337 MOTA and 0.519 IDF1, with precision
and recall of 0.703 and 0.460 respectively (Table 11).
At 1400 kHz, although average performance dropped heavily
(0.061 MOTA), the medium variant model with unprocessed
(Normal) inputs and BoostTrack still achieved a competitive
0.320 MOTA and 0.473 IDF1, balancing precision (0.744)
with moderate recall (0.411).

Pre-processing had a pronounced effect on robustness
at lower frequencies. Adaptive Gaussian thresholding and
opening morphology consistently improved MOTA for
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well-represented targets, peaking at a 0.458 average with
BoostTrack at 950 kHz, providing solid foundational bound-
ing boxes for the trackers (Table 11). Binary thresholding
methods showed intermediate behaviour. In contrast to initial
expectations, unprocessed (Normal) inputs proved highly
resilient at higher noise levels, emerging as the best configu-
ration at 1400 kHz. The weakest overall configurations were
often those applying rigid binary morphological operations in
highly degraded acoustic conditions (e.g., Binary 50 Closing
with ByteTrack at 1400 kHz only reached 0.038 MOTA and
0.208 IDF1).

IDF1 values generally mirrored MOTA across config-
urations, confirming that identity maintenance is highly
sensitive to acoustic noise and target occlusion. BoostTrack
and ByteTrack achieved the highest average MOTA (0.188 in
Table 10), with BoostTrack showing the highest identity sta-
bility (average IDF1 of 0.385) (Fig. 17). BoT-SORT followed
closely behind (0.182MOTA, 0.339 IDF1), illustrating that it
preserves identity well in favourable conditions. OC-SORT
and DeepOC-SORT lagged significantly in both MOTA and
IDF1, exposing their struggle to maintain identities when
initial detections are fragmented.

MOTP distributions (Fig. 14) confirmed that most trackers
maintained stable bounding box alignment, with only narrow
materials showing higher error spreads. Pre-processing
generally reduced misalignment at lower frequencies, espe-
cially under Adaptive Gaussian thresholding and opening
morphology, reinforcing its stabilising role.

Precision was generally much higher than recall across
configurations, confirming that false positives were relatively
rare compared to missed detections. Recall varied widely,
with values as low as 0.052 in weak configurations (nano
with Binary 50 Closing and OC-SORT at 950 kHz), under-
scoring the dataset’s main challenge of consistently detecting
all targets. Stronger pipelines, such as the nano model
with Adaptive Gaussian pre-processing and BoostTrack at
950 kHz, achieved a recall of 0.473, demonstrating the
importance of pairing effective pre-processing with robust
data association algorithms.

Tracker-wise, BoostTrack and ByteTrack emerged as the
most consistent across materials and frequencies, achieving
the highest average MOTA and tight distributions in IDF1
(Table 10). BoT-SORT followed closely, showing robust-
ness but slightly lower stability across the more degraded
sequences. DeepOC-SORT and OC-SORT consistently
ranked lowest, with broader distributions and weaker recall,
struggling to handle the intermittent detections inherent to the
acoustic data.

Overall, the combination of nano YOLOv8 detectors,
Adaptive Gaussian pre-processing, and trackers like Boost-
Track or ByteTrack produced the most reliable results at
lower frequencies (950 kHz and 1200 kHz). This success
was heavily dependent on the volume of training anno-
tations, as seen in the strong detector-to-tracker pipeline
for well-represented classes like fish net and PVC blue
square.

While the selected tracking-by-detection framework
utilises architectures natively designed for online tracking,
the primary objective was to evaluate tracking accuracy,
identity preservation, and data association robustness under
varying acoustic frequencies and preprocessing strategies.
Because operational latency is highly hardware-dependent,
strict real-time profiling is reserved for future deployment
phases on embedded robotic systems.

VI. CONCLUSION
This work presented a comprehensive evaluation of state-
of-the-art online MOT algorithms applied to multibeam
echosounder water column imagery for marine litter mon-
itoring. To our knowledge, this is the first systematic
benchmarking of SORT-family trackers integrated into a TBD
pipeline for acoustic imaging data.

The study demonstrated that detection quality and the
selected preprocessing strategy are the dominant factors gov-
erning tracking performance. The results established a direct
correlation between the volume of class-specific training
annotations, the resulting detector accuracy (mAP@50), and
the ultimate stability of the tracking trajectory. Furthermore,
optimal preprocessing was highly dependent on the acoustic
frequency. Adaptive Gaussian thresholding and opening
morphology consistently improved robustness at lower fre-
quencies (950 kHz and 1200 kHz) by reducing clutter and
strengthening object boundaries. At the 1400 kHz frequency,
the unprocessed (raw) inputs emerged as the most resilient
configuration.

Across the evaluated trackers, BoostTrack and ByteTrack
emerged as the most consistent and reliable methods. Boost-
Track provided the highest identity preservation (IDF1),
benefiting from its robust data association mechanisms,
while ByteTrack effectively leveraged the bounding boxes
to maintain the highest overall tracking accuracy (MOTA).
In contrast, OC-SORT and DeepOC-SORT underperformed
across the dataset; their reliance on observation-centric
updates struggled to handle the intermittent, highly frag-
mented, and fluctuating nature of acoustic blob targets.

The results also highlighted clear frequency-dependent
behaviour and model size trade-offs. The 950 kHz fre-
quency produced artificially high peak MOTA scores for
well-represented objects, but suffered from severe missed
detections on narrow materials. The 1200 kHz frequency
provided the most reliable balance of resolution and noise,
yielding the highest average MOTA and processing the most
stable frames across the dataset. At both of these lower
frequencies, the nano YOLOv8 models dominated the top-
performing configurations. However, at 1400 kHz, where
increased backscatter and acoustic clutter drastically reduced
overall tracking stability, the medium YOLOv8 models were
required to salvage tracking performance.

The current findings are tied to a specific MBES
setup and acquisition scenario, generalising the optimal
tracker–detector combinations or the observed
frequency-dependent behaviours to vastly different sonar
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hardware platforms, varying depths, or different open-
water environments will require further empirical validation.
Within this context, the study confirms that target recall
remains the main bottleneck in sonar-based tracking
pipelines. Missed detections caused by occlusions, variable
incidence angles, weak target backscatter, or acoustic
fragmentation propagate directly into lower MOTA scores
and identity fragmentation. This reflects the intrinsic
challenges of multibeamwater-column imaging and indicates
that tracking performance is bounded by detector robustness.

Overall, the findings confirm the feasibility of applying
modern MOT techniques to underwater acoustic imagery
and establish a foundation for more advanced sensing and
learning strategies aimed at large-scale, automated marine
litter monitoring.

Future work may explore multi-detector ensembles or
transformer-based sonar detection models to further quantify
how detector–tracker coupling affects MOT performance.
Other research directions should focus on developing larger
and more diverse annotated sonar datasets to overcome
the recall bottlenecks identified here, extending to multi-
sensor approaches, multi-modal tracking, and exploring 3D
representations of marine litter distributions in the water
column. A promising line of work involves the integration
of unsupervised or self-supervised learning methodologies.
These approaches could capture the intrinsic structure of
sonar data and feed into the most effective tracker–detector
combinations identified in this study, reducing the depen-
dency on costly manual annotations while enabling more
adaptive and scalable monitoring systems. Finally, while the
algorithms evaluated here are architecturally suited for online
processing, integrating the pipeline into the constrained
hardware of AUVs/ASVs to evaluate strict end-to-end real-
time performance remains a critical next step. Testing
under closed-loop field conditions will provide necessary
insights into hardware-dependent latency, tracking stability,
and operational usability.

APPENDIX: HYPERPARAMETERS FOR BoxMOT
TRACKERS
This appendix contains the set of hyperparameters that were
configured for each tracker that led to the best results. A short
description is provided for each parameter. Some of the
parameters, although with different names, share similarities
between trackers.

A. DeepOCSort
• det_thresh: Detection confidence threshold to include
boxes.

• max_age: Frames a track can persist without detection.
• min_hits: Minimum consecutive detections to confirm
a track.

• iou_thresh: IoU threshold for matching detections to
tracks.

• delta_t:Maximum frame gap for association.
• asso_func: Choice of association metric, e.g iou.

TABLE 13. DeepOCSort hyperparameters.

TABLE 14. ByteTrack hyperparameters.

• inertia:Weight of previous velocity for prediction.
• w_association_emb / alpha_fixed_emb / aw_param:
Appearance embedding weights and scaling.

• embedding_off / cmc_off / aw_off: Flags to disable
embeddings, camera motion compensation, or adaptive
weighting.

• Q_xy_scaling / Q_s_scaling: Kalman filter process
noise scaling for position/scale.

B. ByteTrack
• min_conf:Minimum detection confidence.
• track_thresh: Threshold between high and low-
confidence detections.

• track_buffer: Frames to retain unmatched tracks.
• match_thresh: Threshold for track-detection similarity.
• frame_rate: Tracker frame rate.

C. BoT-SORT
• track_high_thresh / track_low_thresh: Detection
confidence thresholds.

• new_track_thresh: Confidence required to start a new
track.

• track_buffer: Frames to keep unmatched tracks.
• match_thresh / proximity_thresh / appearance_
thresh:Matching thresholds.

• cmc_method: Camera motion compensation.

D. BoostTrack
• max_age / min_hits: Track survival and confirmation.
• det_thresh / iou_threshold: Detection inclusion and
matching.
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TABLE 15. BoT-SORT hyperparameters.

• use_ecc: Enable ECC-based camera compensation.
• min_box_area / aspect_ratio_thresh: Bounding box
filters.

• lambda_iou / lambda_mhd / lambda_shape: Match-
ing cost weights.

• use_dlo_boost / use_duo_boost / dlo_boost_coef /
s_sim_corr / use_rich_s / use_sb / use_vt: Motion
boosting strategies.

• with_reid: Enable ReID features.

TABLE 16. BoostTrack hyperparameters.

TABLE 17. OCSort hyperparameters.

E. OCSort
• min_conf / det_thresh: Detection thresholds.
• max_age / min_hits / delta_t: Track lifespan and
gating.

• asso_func: Association metric.
• use_byte: Enable ByteTrack-style association.
• inertia / Q_xy_scaling / Q_s_scaling: Kalman filter
parameters.
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