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Abstract

Robust underwater object detection is challenged by the
complex acoustic nature of sonar imagery and the scarcity
of labeled data. This research investigates cross-modality
transfer learning to address these issues. Given the scarcity
of labeled synthetic aperture sonar (SAS) images, we ex-
plore the potential of leveraging the larger and more readily
available labeled datasets from RGB and forward-looking
sonar (FLS) to improve object detection performance in
SAS images. We systematically analyze the impact of sensor
differences, data augmentation techniques, and dataset mix-
ing strategies. Our results demonstrate that pre-training on
RGB datasets can significantly enhance SAS detection per-
formance, particularly when utilizing convolutional neural
networks. However, direct transfer learning is ineffective
without sonar-specific adaptation, and combining datasets
from disparate sonar sensors can be detrimental due to fea-
ture inconsistencies. These findings highlight the need for
tailored approaches to data processing and model selection
in sonar image analysis, paving the way for more robust
and efficient underwater object detection systems.

1. Introduction

Detecting concealed underwater items (camouflaged infras-
tructure or unexploded ordnances (UXOs)) is challenging
under low visibility. Sonar, though common, produces
signal-based images that differ markedly from RGB/optical
data. Moreover, publicly available seabed-object datasets
are small [2] and lack the full variety of mine-like contact
(MILCO) shapes, sizes, and burial configurations encoun-
tered in real-world scenarios.

This research explores cross-modality transfer learning
to address these challenges. We hypothesize that leveraging
data from readily available modalities like RGB (e.g., MS
COCO 328k images [17]) and forward-looking sonar (FLS)
(e.g., Marine Debris 1869 images [33]) can significantly im-
prove object detection performance in the data-scarce syn-
thetic aperture sonar (SAS) domain (e.g., ITMINEX 613
images [19]) by exploiting shared feature representations.
FLS provides real-time detection with variable resolution,
while SAS offers high-resolution imagery over larger areas,
but at the cost of processing time.

This study systematically investigates the interplay be-
tween sensing modality, data variability (dynamic range of
SAS imagery) and model generalization, directly address-
ing three key challenges: adapting to the sonar-RGB do-
main gap, optimizing image processing and augmentation
for sonar data, and leveraging combined datasets with sen-
sor awareness. We hypothesize that knowledge transfer
from RGB-pretrained models will be limited by the differ-
ences between RGB images and sonar images, and that tar-
geted preprocessing and augmentation can mitigate these
differences. To validate this, we will analyze these limi-
tations, explore the impact of appropriate techniques, and
evaluate strategies for effectively combining different FLS
and SAS datasets by accounting for their respective sensor
characteristics, expecting that this will lead to improved ob-
ject detection performance. The key challenges addressed
in this paper are:

• Adapting to the Sonar-RGB Domain Gap: We explore
the limitations of transferring knowledge from RGB-
pretrained models to sonar imagery and explore methods
to mitigate this gap.

• Optimizing Image Processing & Augmentation for Sonar:



Paper Costum Name Basemodel Adaptation Dataset Sensor Year

[40]
ScEMA-
YOLOv8

YOLOv8 [30]
implemented cross-channel
attention mechanism

URPC-2021 [31] FLS 2024

[3] YOLOX-ViT YOLOX [11] ViT layer added after backbone SWDD [3] SSS 2024

[39] YOLOSonar YOLOv7 [34]
backbone replaced by
attention mechanism

Marine Debris [33] FLS 2025

[18] AquaYOLO YOLOv8 [30]
context-aware feature selection
added in neck

UATD [38] &
Marine Debris [33]

FLS 2025

Table 1. Overview recent adaptations of CNNs and ViTs to the sonar domain

We investigate how preprocessing (dynamic range com-
pression) and data augmentation can enhance robustness
and detection performance, while accounting for potential
biases introduced by human-centric image enhancement.

• Leveraging Combined Datasets with Sensor Awareness:
We assess the increment of training data via FLS/SAS
combination while carefully considering sensor-specific
characteristics to ensure performance gains.
The paper is organized as follows: Sec. 2 reviews exist-

ing literature. Sec. 3 details our experimental setup, includ-
ing a description of the models and the datasets used. Sec. 4
presents the outcomes of our experiments: Zero-shot trans-
fer, fine-tuning, augmentation strategies, and dataset mix-
ing. Sec. 5 analyzes these results, and Sec. 6 summarizes
our key findings and future directions for research in under-
water object detection.

2. Related Work
Our literature analysis, in line with prior surveys [9, 12, 20,
26], shows that sonar-based object detection has largely re-
lied on proprietary datasets [6, 21, 25, 28, 37], which in
turn fostered the development of individually trained, non-
comparable computer vision (CV) models adapted to the
sonar domain [13, 16, 27, 36]. Since 2023, however, we
observe a notable shift toward publicly available datasets
recorded with a FLS [3, 18, 39] and CV models [10, 16, 23],
enabling better reproducibility, standardized benchmarking,
and collaborative progress. Our work examines now how
we can use this shift to improve detection results on SAS
data.

CV Models for Sonar Image Detection
Recent works have adapted You Only Look Once (YOLO)
variants to improve sonar image detection [3, 18, 39, 40].
An overview of these adaptations for FLS and sidescan
sonar (SSS) is given in Tab. 1.

Two approaches adapted YOLOv8 to improve feature
extraction: ScEMA-YOLOv8 [40] added another feature
extraction layer and more connections to enhance the de-
tection of small targets. The additional EMA mechanism is

used to counteract the loss of feature information introduced
by the additional detection layer. Working towards the same
goal, AquaYOLO [18] replaced conventional convolutional
neural network (CNN) layers with residual blocks to cap-
ture fine details in noisy data. It further integrates dynamic
feature aggregation to reduce redundancy and enhance fea-
ture correlation. In addition, context-aware feature selection
combines adjacent feature levels, which improves object lo-
calization accuracy.

Similarly, YOLOX-vision transformer (ViT) [3] intro-
duced ViT layers between the backbone and neck of
YOLOX [11], enhancing feature extraction. This increased
the mean average precision (mAP)50 from 0.18 to 0.20 for
YOLOX-L and more than doubled it for YOLOX-Nano
(0.19 to 0.42). In addition, the use of knowledge distilla-
tion reduced model size while lowering false positives in
SSS images by up to 20%.

YOLO-SONAR [39], an adaptation of YOLOv7,
integrates competitive coordinate attention and spatial
group-enhanced attention to suppress seabed clutter and
strengthen semantic–spatial feature extraction. Further, a
context feature extraction module improves the detection of
small objects, while the Wise-IoUv3 loss function addresses
class imbalance in sonar datasets.

Most approaches adapt the backbone of a CV model
to enhance feature extraction. Among these, YOLOX-ViT
[3] is the only work with publicly available code, allowing
us to directly compare its performance against unadapted
baseline models. Unfortunately, for the other adaptations,
the descriptions lacked sufficient detail for reliable reimple-
mentation, and our requests for code went unanswered, pre-
venting their inclusion in this work.

Datasets
As most models in Tab. 1 rely on FLS data, we begin by
reviewing publicly available FLS datasets to contextualize
recent model adaptations and results.

There are three public datasets using FLS images: the
Marine Debris Dataset [33], the UATD dataset [38], and
the UXO dataset [8]. The Marine Debris Dataset [33], pre-



Model name Backbone Year Million parameter GFLOPs Estimated size
YOLOv7 E-ELAN 2023 6 - 36.9 13 - 104.7 24 - 148 MB
YOLOv8 CSPDarknet53 2023 11.8 - 45.9 42.4 - 220.1 47.2 - 183.6 MB
YOLOXViT CSPDarknet-53 + ViT layer 2024 15 - 110 40 - 400 60 - 440 MB

Table 2. Overview models used in this study

sented in 2021, offers 1,868 FLS images. It is focused on
marine debris segmentation with eleven object classes plus
a background class. This dataset has been used in a few
studies [35], [39], [18] focusing on underwater object clas-
sification and detection tasks. A year later the UATD dataset
[38] was published. It contains over 9,000 Multibeam FLS
images featuring ten categories of target objects for under-
water acoustic target detection. In contrast to the other men-
tioned datasets, the UXO dataset [8] focuses on munition
instead of everyday items.

In the SAS domain, 89% of the datasets used in the cited
papers are proprietary. However, [2] introduced a small
multi-sensor dataset with 86 SAS and 82 optical images of
the same objects, including manta mines, cylinders, and nat-
ural objects. A. Abu and R. Diamant obtained an average of
88% true positives with their proposed multi-modal object
classifier.

3. Cross-Modality Study Setup

Building upon the trends identified in Sec. 2, this section de-
tails the experimental configuration employed in our cross-
modality study. We first give an overview of the models and
datasets used in this study and then detail the experiments
conducted to access transferability between domains.

Applied Models
As established baselines in sonar adaptation, we include
YOLOX-ViT [3] with publicly available code together with
the base models YOLOv7 [34] and YOLOv8 [30]. Their
specific characteristics are given in Tab. 2.

Within the YOLO family, we use YOLOv7 and YOLOv8
as real-time baselines with complementary design choices.
YOLOv7 (E-ELAN and advanced training strategies) of-
fers an excellent speed–accuracy trade-off for object detec-
tion, whereas YOLOv8 adopts an anchor-free head, multi-
scale prediction, and an updated backbone, typically yield-
ing higher accuracy and faster inference than YOLOv7 and
YOLOX [30]. As discussed in Sec. 2, recent work proposes
sonar-specific YOLO adaptations. However, because repro-
ducible code is unavailable for them, we use the standard
YOLOv8 alongside YOLOv7 as real-time baselines instead
in our study. Based on Xie et al. [39] and Lu et al. [18]
showing that both models perform well with FLS data and
we expect that they will do the same with SAS data.

Datasets

To address the research challenges outlined in Sec. 1, we
combine public datasets that enable reproducibility (Marine
Debris, UXO, SASOptical) with the proprietary ITMINEX
dataset, which, better than the public datasets, reflects real-
istic operational conditions (adjustable preprocessing & tar-
gets obtained in the ocean). This selection balances compa-
rability across studies with the need for representative high-
resolution sonar data.

The Marine Debris dataset [33] available at [32], offers a
diverse set of objects. Fig. 1 shows man-made objects (a tire
and a bottle). To test combining different datasets, we add
the UXO dataset [8] available at [7] to this study. The three
objects within the UXO dataset are more challenging to dis-
tinguish than the items in the Marine Debris dataset due to
their similar shapes (Fig. 2). Both datasets where acquired
with the same sensor (ARIS Explorer 3000 [24]). Thus, we
hypothesize that combining them will increase model train-
ing success.

The ITMINEX dataset [19] serves as the main SAS
dataset, due to its representative nature of the SAS im-
agery found in our application domain of detecting intri-
cate objects blending into its underwater environments. It
has several varified high-resolution targets presented within
the dataset. An example SAS image showing a manta
mine is given in Fig. 3. The ITMINEX dataset features
cylinder mines and manta mines, as well as other man-
made objects and clutter. Based on common practice
[4, 5, 15, 21, 22, 28] the dataset features two annotation
classes: MILCO and non-MILCO. For consistency across
datasets, ITMINEX images were converted to PNG format
and cropped into 640x640 patches (standard input size of
YOLOv7 and YOLOv8). To ensure that each object, includ-
ing its shadow, appears fully within at least one patch, we
applied a 100-pixel (2.5 m) overlap. While this can dupli-
cate objects across patches, their differing positions effec-
tively act as translation augmentation. We further refined
the dataset to primarily include patches containing objects,
making it more comparable to public datasets.

To provide a public reference for the SAS domain, we
also evaluate on SASOptical dataset [2] available at [1],
which pairs SAS with optical imagery of similar objects
(manta/cylinder mines and boulders). For consistency, we
remap its labels to the two-class scheme used in ITMINEX



Dataset name
Sonar
Type

Number
of Images

Objects
viewed

Objects types Resolution Sonar Used

Marine Debris [32] FLS 1869 2364 man-made objects, clutter
2.3 mm
- 10 cm

ARIS Explorer 3000 [24]

UXO [7] FLS 1500 1 per image 3 different UXOs not given ARIS Explorer 3000 [24]

ITMINEX [19] SAS 613 808
cylinder & manta mines,
man-made objects, clutter

25 mm Vision SAS Mk1 [29]

SASOptical [1] SAS 57 72
cylinder & manta mines,
clutter

not given Kraken SAS[14]

Table 3. Overview datasets used in this study

Figure 1. Example Marine
Debris dataset [32]

Figure 2. Example UXO
dataset [7]

Figure 3. Example ITMINEX
dataset [19]

Figure 4. Example SASOptical
dataset [1]

(MILCO/non-MILCO). Tab. 3 shows the differences and
similarities between the four datasets.

The examples in Fig. 1–4 highlight key differences be-
tween the two sensor types. In SAS images (Fig. 3, 4), shad-
ows consistently appear on one side of the object, whereas
in FLS images the shadow position depends on object place-
ment (Fig. 1) or may vanish if the object is elevated above
the seabed (Fig. 2). FLS imagery also differs in geom-
etry. Captured forward-looking, it produces narrow im-
ages in polar coordinates which were than transferred to
Cartesian coordinates. By contrast, SAS imagery is side-
looking. During the preprocessing, the original long im-
ages are cropped into smaller patches suitable for GPU pro-
cessing. All datasets were subsequently split into training
(70%), validation (20%), and test (10%) sets.

Software Setup

All experiments ran in Python 3.9 with PyTorch
(2.5.1/2.7.0), torchvision (0.20.1/0.22.0), and Ultralytics
(8.3.134). Hardware specifications are listed in Tab. 4.

Storage capacity 512 GB
GPU Memory 46 GB
Processor model AMD EPYC 9554
Graphics card model NVIDIA L40S

Table 4. Our hardware characteristics

Preliminary Dataset Size Analysis

To initially assess the influence of dataset size on detection
performance, we conducted experiments using the largest
available dataset, UXO, and the YOLOXViT S model (see
Tab. 5). We observed a clear correlation between dataset
size and mAP50. Increasing the training data from 1,000 im-
ages to 5,000 images resulted in an improvement of 1.41%.
As expected, further increasing the dataset size to 10,000
images yielded an additional, albeit smaller, gain of 0.3%.

However, this performance improvement came at a sig-
nificant cost in training time. While training with 1,000
images took only 4.5 hours, training with 10,000 images
required 1.96 days. This suggests a diminishing return on
investment in terms of training time for each additional in-
crement in dataset size, highlighting the need for strategies
to maximize the effectiveness of limited data resources and



Dataset size mAP50 Training time

1,000 97.86 4.5 hours
5,000 99.27 23.0 hours
10,000 99.57 1.96 days

Table 5. Influence of dataset size of detection results (UXO
dataset, YOLOXViT S)

motivating the subsequent investigation into dataset mixing
techniques.

Experiments
To tackle the key challenges listed in Sec. 1, we car-
ried out four experiments: transfer learning (to test
domain-adaptation), data augmentation (to assess its im-
pact in the sonar domain), and dataset-mixing strategies for
sonar image analysis (to expand the training set).

a) Zero-shot transfer We investigated the potential of
zero-shot transfer learning by testing several pretrained
models directly on SAS imagery, without any subsequent
fine-tuning. This included models pretrained on the MS
COCO dataset, as well as a YOLOXViT checkpoint specifi-
cally trained on SSS data. Furthermore, we also evaluated a
YOLOv7 model trained by ourselves on FLS data to assess
transferability within the sonar domain on similar objects.
This approach aims to determine the extent to which knowl-
edge gained from visible light imagery, or from another
sonar modality, can generalize to our target application. Ini-
tial expectations suggest limited benefit from MS COCO
pre-training on SAS data, as the fundamental image fea-
tures defining objects in sonar (highlight-shadow patterns)
differ significantly from those used in standard computer
vision tasks centered around color and texture. However,
we hypothesize that the SSS-pretrained YOLOXViT model
and the FLS-trained YOLOv7 model may demonstrate im-
proved performance due to the greater similarity within the
sonar domains.

b) Fine-tuning To explore the advantages of transfer
learning more fully, we compared two training strategies.
The first involves training computer vision models from
scratch using both FLS and SAS datasets. The second uti-
lizes pretrained weights from MS COCO and then fine-
tunes the model specifically on FLS and SAS data. We an-
ticipate positive effects for FLS imagery, as Marine Debris
images share characteristics with RGB night scenes present
in the MS COCO dataset, potentially reducing the domain
gap. However, for SAS imagery, we expect less benefit
from MS COCO pre-training due to the fundamental dif-
ferences in data characteristics.

c) Influence of augmentations Recognizing the impor-
tance of dataset variability and model robustness, we evalu-
ated the impact of both augmentation techniques and vary-
ing dynamic range compression levels on model perfor-
mance using SAS data. Given the unique characteristics of
sonar imagery, standard augmentations like flips and rota-
tions were excluded due to the preprocessing step of mir-
roring SAS images to port-side. Instead, we focused on
hue saturation value (HSV) augmentation to reduce sensi-
tivity to color scaling, and employed translations, scaling,
and mosaic augmentations to account for variations in ob-
ject position and size. Furthermore, we trained models on
SAS images with and without dynamic range compression
(-5 dB to +25 dB compared to no compression) to assess its
effect on detection, mindful of how preprocessing choices
intended for human interpretation may impact algorithmic
outcomes. We hypothesize that these augmentations and
optimized dynamic range settings will preserve the inher-
ent characteristics of sonar data while improving detection
performance as we see it in RGB images.

d) Effect of mixing Addressing the challenge of limited
training data, we investigated the potential benefits of com-
bining different datasets to increase both data volume and
object diversity. A YOLOv8 L model was trained sepa-
rately on the Marine Debris dataset, the UXO dataset, and
a combined dataset (500 samples of each UXO class were
randomly selected and added to the Marine Debris dataset),
and the resulting mAP50 curves were compared. While we
expect this mixing to improve overall performance, we an-
ticipate less favorable results with SAS data. This stems
from differences in sensor characteristics and resolutions
between the ITMINEX and SASOptical datasets, particu-
larly as only the ITMINEX dataset resolution is known,
while both FLS datasets originate from the ARIS Explorer
3000.

4. Results

a) Zero-shot transfer As decribed in Sec. 3, we first fo-
cused on establishing a public baseline on the SASOpti-
cal dataset, with the goal of identifying a starting point
for targeted fine-tuning using our internal SAS data. How-
ever, off-the-shelf transfer learning proved ineffective. A
YOLOv7 model pretrained on MS COCO failed to produce
any valid detections. While a YOLOXViT variant, pre-
trained on a related SSS data (initialized with wall-detection
weights), showed some activity, the results were largely un-
reliable, yielding pervasive false positives by detecting ob-
jects larger than the image patch in 55 out of 57 test images.
This indicated that simply leveraging weights trained on
SSS data, even when related to underwater environments,
was insufficient for accurate detection on SASOptical.



Interestingly, a contrasting result emerged when evaluat-
ing a YOLOv7 tiny model trained on FLS data. As shown
in Fig. 5, this model successfully detected one MILCO cor-
rectly, with no false positives observed. Surprisingly, the
successful detection of a MILCO on SAS data from an FLS-
trained model, with no false positives, indicates that some
level of transfer learning is possible between sonar sensors.
While we will not directly pursue further optimization of
this FLS-to-SAS transfer, this insight motivates our explo-
ration of fine-tuning RGB-trained models as a promising
avenue for SAS object detection.

Figure 5. YOLOv7 tiny model trained with FLS images, tested on
SAS images from the SASOptical dataset

b) Fine-tuning Informed by the observed potential for
transfer learning, and guided by our hypothesis that MS
COCO pre-training would yield greater gains on FLS im-
agery than SAS imagery, we proceeded to fine-tune models
utilizing weights pretrained on this large-scale RGB dataset.
Notably, however, the results revealed the opposite trend:
pre-training on MS COCO yielded more substantial im-
provements for the SAS dataset, challenging our initial as-
sumption regarding domain similarity.

The resulting mAP50 scores on the validation set are pre-
sented in Tab. 6. On the FLS dataset (Marine Debris), the
performance gains from MS COCO pre-training were gen-
erally small (< 0.5%). YOLOXViT S showed the largest
improvement on this dataset (0.41%).

FLS - Marine Debris SAS - ITMINEX
YOLO
version

scratch
pretrained
MS COCO

scratch
pretrained
MS COCO

7 L 99.40% 99.60% 35.00% 95.76%
7 tiny 99.20% 99.40% 55.50% 99.50%
8 L 99.30% 99.00% 98.80% 99.20%
8 S 99.20% 99.00% 89.77% 98.44%
XViT L 99.70% 99.40% 95.78% 94.56%
XViT S 99.30% 99.71% 94.55% 83.07%

Table 6. mAP50 of the validation set

For the SAS dataset (ITMINEX), pre-training on MS

COCO consistently resulted in substantial performance im-
provements. Particularly YOLOv7 tiny experienced a dra-
matic increase from 55.50% (scratch) to 99.50% (pre-
trained). While it is consistent with observations in other
CV domains, its impact on SAS imagery is particularly sig-
nificant given the expected limitations imposed by the do-
main gap. Similarly, YOLOv8 S improved from 89.77%
(scratch) to 98.44% (pretrained), and YOLOv7 L from
35.00% to 95.76%. These results clearly demonstrate the
value of leveraging pretrained representations from the MS
COCO dataset to overcome the challenges associated with
learning from SAS imagery, and contradict our initial ex-
pectation of limited benefit. This suggests that SAS data
shares more visual commonalities with natural images in
MS COCO than previously assumed, indicating a potential
underestimation of transfer learning’s effectiveness in sonar.

It is worth noting that YOLOXViT S surprisingly per-
formed worse with pre-training on SAS data, indicating a
potential overfitting to the pretrained weights or a mismatch
in feature representation between the two datasets.

c) Influence of augmentations We evaluated augmenta-
tion techniques on YOLOXViT S performance using SAS
data (ITMINEX) to improve robustness. HSV augmenta-
tion and translation augmentation both yielded significant
positive effects, increasing the mAP50 compared to train-
ing without augmentations (Tab. 7). Specifically, using only
translation augmentation resulted in an mAP50 of 98.99%,
while HSV augmentation achieved 98.74%. Combining
both HSV and translation yielded an mAP50 of 95.69%,
suggesting a potential for diminishing returns when apply-
ing multiple augmentations simultaneously.

Augmentation Strategy mAP50 Epochs Time Elapsed

No Augmentations 94.07% 300 2.754 hr
Only HSV 98.74% 300 2.668 hr
Only Translation 98.99% 300 2.550 hr
HSV and Translations 95.69% 300 3.195 hr
All Augmentations
(Mosaic off at end)

94.55% 300 4.160 hr

Table 7. Performance Comparison of Different Augmentation
Strategies (ITMINEX dataset, YOLOXViT S)

However, the most significant impact was observed with
mosaic augmentation, although its effect was complex. As
shown in Fig. 6, while initially beneficial, mosaic augmen-
tation ultimately impacted performance. To mitigate this,
we implemented a strategy of disabling mosaic augmenta-
tion after 250 epochs. This approach, using all augmenta-
tions but turning off mosaic for the last 50 epochs, resulted



in a final mAP50 of 94.55%.

Figure 6. Influence of augmentations (ITMINEX dataset,
YOLOXViT S)

These results demonstrate a nuanced relationship be-
tween augmentation strategies and model performance.
While HSV and translation consistently improved perfor-
mance with minimal overhead, the application of mosaic
augmentation should only be done with careful considera-
tion, as improvements were marginal.

Furthermore, we investigated the impact of dynamic
range compression on detection performance. Training
without limiting the dynamic range yielded an mAP50 of
95.76%, while limiting the dynamic range to support the
human eye resulted in a slightly reduced mAP50 of 95.12%.

d) Effect of mixing Motivated by our initial findings (par-
tial transferability from FLS to SAS demonstrated earlier)
we investigated whether combining datasets could mitigate
the performance limitations of smaller datasets.

Combining the Marine Debris and UXO datasets (Tab. 8)
yielded a marginal reduction in mAP50 (-0.52%). Despite
the introduction of three additional classes to distinguish,
the model maintained a performance level that can be con-
sidered positive, indicating that the increased dataset size
effectively counterbalances the added complexity. This sug-
gests that combining datasets containing objects with differ-
ing representations, but recorded by the same sensor (FLS
in this case), is a valuable strategy for improving model ro-
bustness and generalization. Interestingly, training on the
individual datasets converged rapidly (after only 300 epochs
for Marine Debris and 200 for UXO) while training on the
mixed dataset required the full 500 epochs, highlighting the
increased learning demands of a more complex dataset.

In contrast to the FLS results, combining the ITMINEX
and SASOptical datasets had a markedly negative impact
on performance, as illustrated in Tab. 9. Replacing 10% of
the data with images from SASOptical caused a substantial
drop in mAP50 by almost 50%. This significant decrease
is likely due to resolution differences between the two SAS

Dataset mAP50 Early Finish

Marine Debris 99.30% after 300 epochs
UXO 99.45% after 200 epochs

mixed datasets 98.78% no, full 500 epochs

Table 8. Effect of mixing FLS datasets (YOLOv8 L)

datasets, posing a challenge for consistent feature extrac-
tion. Furthermore, all training runs, regardless of dataset
composition, required the full 300 epochs to complete.

Dataset mAP50 Early Finish

ITMINEX 98.80% no, full 300 epochs
SASOptical 4.23% no, full 300 epochs

mixed datasets 48.84% no, full 300 epochs

Table 9. Effect of mixing SAS datasets (ITMINEX dataset,
YOLOv8 L)

5. Discussion
a) Zero-shot transfer Our initial investigation into zero-
shot transfer learning directly addresses the challenge of
”Adapting to the Sonar-RGB Domain Gap”. The complete
failure of a YOLOv7 model pretrained on MS COCO to de-
tect any objects on the SASOptical dataset starkly illustrates
the limitations of simply transferring knowledge learned
from natural images to the fundamentally different feature
representations present in sonar imagery (highlight-shadow
patterns versus color and texture). While a YOLOXViT
model pretrained on wall-detection SSS data showed some
activity, the high rate of false positives further reinforces
this gap. Notably, the successful detection of a MILCO by
a YOLOv7 tiny model trained on FLS data demonstrates
a promising avenue. Transfer learning within the sonar
domain for similar objects can be surprisingly effective,
suggesting shared feature characteristics between different
sonar modalities. This emphasizes the potential for exploit-
ing knowledge from one sonar sensor to improve perfor-
mance on another, potentially reducing the need for exten-
sive task-specific training data.

b) Fine-tuning The fine-tuning experiments further con-
tributes to the challenge of ”Adapting to the Sonar-RGB
Domain Gap”, showing that while direct transfer from RGB
struggles, pre-training on RGB can be extremely effec-
tive as a starting point when combined with further train-
ing on sonar data. The substantial performance gains
on the SAS ITMINEX dataset after fine-tuning on MS



COCO-pretrained models highlight the value of leverag-
ing the broad feature representations learned from large
RGB datasets. However, a key observation was the
differing performance between traditional convolutional
YOLO networks (YOLOv7, YOLOv8) and the transformer-
based YOLOXViT. The convolutional architectures gener-
ally benefited more consistently from pre-training, while the
YOLOXViT models showed more sensitivity to the weights
and even experienced performance decreases, likely due to
the architectural differences in how they process image fea-
tures. This underscores the importance of carefully select-
ing the model architecture suited to the specific data domain
and transfer learning strategy.

c) Influence of augmentations This component of our
work directly tackles the challenge of ”Optimizing Im-
age Processing & Augmentation for Sonar”. The posi-
tive impact of HSV and translation augmentations on SAS
data demonstrates the efficacy of targeted data manipulation
techniques in enhancing robustness, mitigating the impact
of minor shifts and variations in target position. The ini-
tially beneficial, but ultimately detrimental, effect of mosaic
augmentation highlights the need for careful consideration
of augmentation strategies and emphasizes the potential for
introducing human-centric biases. Specifically, while mo-
saic augmentation can increase data diversity, it can also
distort the inherent spatial relationships within sonar im-
ages, leading to reduced performance. Our findings re-
garding dynamic range compression reveal a nuanced trade-
off: while compression aids human interpretability by pre-
senting imagery more akin to natural viewing conditions,
it might introduce a minor compromise in algorithmic per-
formance, as it alters the fundamental signal characteristics
upon which the detection algorithm relies. However, dy-
namic range compression also facilitates faster initial con-
vergence during training, potentially reducing overall train-
ing time.

d) Effect of mixing Our exploration of dataset mixing
strategies directly addresses the challenge of ”Leveraging
Combined Datasets with Sensor Awareness”. The posi-
tive results from combining FLS datasets (Marine Debris
and UXO) demonstrate the value of increased data volume
within a single sensor modality. However, the substantial
performance drop observed when mixing ITMINEX and
SASOptical datasets underscores the critical importance of
considering sensor-specific characteristics. The differing
resolutions between these SAS datasets likely introduced
inconsistencies that hindered model learning. This rein-
forces the need for careful evaluation and potentially pre-
processing to mitigate discrepancies when combining data
from various sources. The results clearly show that simply
increasing dataset size without considering data quality and

sensor-specific attributes can lead to detrimental outcomes.
Our results demonstrate that detection performance in

SAS images can be significantly improved through trans-
fer learning, with viable pathways including both directly
transferring knowledge from FLS data and leveraging pre-
trained weights from large-scale RGB datasets when em-
ploying CNNs, while ViTs exhibited greater sensitivity and
reduced gains. Targeted data augmentation, particularly
HSV adjustments and translations, consistently improved
robustness, but caution is warranted with techniques like
mosaic augmentation, which can introduce artificial biases.
Finally, dataset mixing proved beneficial when combining
data from the same sonar sensor modality, yet requires care-
ful consideration and potentially pre-processing, when inte-
grating data from different sonar systems to mitigate incon-
sistencies.

6. Conclusion

This work investigated the challenges of applying deep
learning to sonar image analysis, focusing on adapting mod-
els from the RGB domain, optimizing data processing, and
leveraging combined datasets. We found that while direct
transfer from RGB is limited, pre-training can be bene-
ficial when combined with sonar-specific fine-tuning. In
our study CNNs proved more adaptable than transform-
ers, likely due to the specific domain and the small dataset
used for fine-tuning . Carefully designed augmentations im-
proved robustness, but required nuanced application. Com-
bining datasets from different sonar types proved detrimen-
tal due to feature inconsistencies.

These findings highlight the need for sonar-specific
architectures, tailored data augmentation (HSV: 4.67%
mAP50 increase, translation: 4.92% mAP50 increase)
and strategies to effectively combine data from heteroge-
neous sensors (-50% mAP50 for combining SAS dataset,
while marginal mAP50 reduction combining FLS datasets).
Bridging the gap between computer vision and underwater
acoustics requires continued research into sensor-specific
model architectures and data augmentation techniques tai-
lored for the unique challenges of sonar data.
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