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Abstract

Ocean pollution caused by marine debris has be-
come a growing environmental concern. Object
detection systems using deep learning methods
present a promising approach for automated ma-
rine debris identification. However, insufficient
labelled data is a major bottleneck to train robust
deep neural networks. This research seeks to ad-
dress this scarcity of annotated datasets in marine
debris detection by leveraging related datasets to
enhance object detection performance. To this
end, we fine-tuned the YOLOvV11s model on the
Underwater Plastic Pollution Detection dataset
containing 15 categories of underwater debris.
We then explored semi-supervised learning, se-
quential fine-tuning, oversampling, and data aug-
mentation techniques to improve upon this base-
line. Our best model achieved validation mAP50
of 0.834 and test mAP50 of 0.809, outperforming
the latest results in the literature. The contribu-
tions of this work include establishing a standard-
ised benchmark for marine debris detection and
advancing the performance of autonomous un-
derwater vehicles through data-driven methods.
Since automated marine debris detection systems
require real-time processing, we benchmarked
the inference speeds alongside accuracy metrics.

1. Introduction

Plastic, once proclaimed as "the material of 1,000 uses"
(Pilapitiya & Rathnayake, 2024), has become one of our
ocean’s most pervasive pollutants. Every year an estimated
12 million tonnes of plastic enter our oceans (Eunomia
Research and Consulting, 2024) comprising 80% of all
studied marine debris (International Union for Conserva-
tion of Nature, 2022). Traditional approaches to monitoring
this pollution have relied on labour intensive manual sam-
pling and visual identification methods (Jia et al., 2023).
However, recent advances have sparked significant inter-
est in autonomous underwater vehicles (AUVs) capable
of both identifying and collecting marine debris (Sanchez-
Ferrer et al., 2023) or conducting automated debris surveys
(Merlino et al., 2020).

Object detection of marine debris represents a fundamental
component of these systems. While deep neural networks
have demonstrated remarkable success in object detection

across various domains (Szegedy et al., 2013), their appli-
cation to marine debris detection faces a significant chal-
lenge: the scarcity of labelled training data. Previous work
has explored synthetic data generation to enhance existing
datasets (Musi¢ et al., 2020; Sanchez-Ferrer et al., 2023),
though its benefits diminish as real data volumes increase.
Alternative approaches, to be explored in this study, include
the use of semi-supervised learning to leverage unlabelled
data (Noroozi & Favaro, 2016; Misra & van der Maaten,
2020) and sequential fine-tuning to leverage auxiliary la-
belled data, were identified as a gap in marine debris de-
tection by a most recent comprehensive view of the field
(2016-2023) (Jia et al., 2023). The review highlights that
while various CNN-based architectures have been evalu-
ated, the lack of standardised benchmarks and consistent
experimental settings makes direct comparisons of these
methodologies challenging. We sought to address this lack
of unity across the field by establishing a baseline to mea-
sure all future experiments against.

Given that most prior research on this task has primarily
focused on model-centric approaches such as novel algo-
rithms and model architectures, our work instead investi-
gated data-centric approaches to address the labelled data
scarcity problem in the context of marine debris object de-
tection. More specifically, we employed semi-supervised
learning, sequential fine-tuning, oversampling, and data
augmentation techniques to leverage both auxiliary labelled
and unlabelled data. While marine debris exists across all
orders of magnitude, from the Great Pacific Garbage Patch
spanning millions of square kilometres (Parker, 2015), to
nanometre sized microplastics and microfibres (United
States Environmental Protection Agency, 2024), this study
focuses specifically on the detection and segmentation of
macro-scale waste items that retain their original form.

Our contributions in this work include the following:

1. Established an improved baseline for the Underwater
Plastic Pollution Detection dataset using YOLOvI 1s.

2. Evaluated the recently released YOLOvV12s model.

3. Investigated semi-supervised learning to leverage un-
labelled data and sequential fine-tuning to leverage
related labelled data of underwater garbage.

4. Explored oversampling and data augmentation tech-
niques for underwater debris detection.

5. Benchmarked the inference speed of YOLOWVSs,
YOLOv11s, and YOLOvVI12s.



Figure 1. Examples of plastic bottle images from PlastOPol (left)
and Underwater Plastic (right) datasets

2. Datasets and Task
2.1. Main Dataset

The Underwater Plastic Pollution Detection dataset con-
sists of ocean debris images labelled with 15 classes includ-
ing: mask, can, cellphone, electronics, glass bottle, glove,
metal, miscellaneous, net, plastic bag, plastic bottle, plastic,
rod, sunglasses and tire. There are 5127 images in total
with a 70:20:10 train/validation/test split. Some preprocess-
ing was already applied to the dataset, including resizing all
images to 416x416 and using common data augmentation
methods such as random flipping and mosaic augmentation.
In our experiments, we resized the images to 640x640 for
optimal performance on YOLO models and implemented
additional data augmentation techniques.

2.2. Auxiliary Datasets

PlastOPol is a non-marine rubbish dataset that we lever-
aged for semi-supervised learning to enhance our main
dataset (Cérdova et al., 2022). This dataset comprises 2418
images containing 5300 labelled instances of litter across
various terrestrial environments. All annotations in this one-
class labelled dataset belong to the "litter" super-category.
Our intent was to incorporate PlastOPol to strengthen our
model’s capacity to recognise waste across different con-
texts, hypothesising that litter recognition capabilities de-
veloped on land could transfer to underwater environments.
Figure 1 shows sample images from PlastOPol and the main
dataset.

TrashCan was utilised for our investigation into semi-
supervised learning and sequential fine-tuning to enhance
our main dataset. This supplementary dataset consists of
underwater images captured by ROVs primarily in Japanese
waters. The dataset contains 7,218 images of various cate-
gories including ROVs, unknown objects, marine plants, an-
imals, and debris (with some debris categories overlapping
with our main dataset). However, TrashCan differs from our
main dataset in hue & saturation, aspect ratio (480x270),
and types of objects, as the frames were captured by a differ-
ent camera in a different geographical region. The dataset
maintains an approximate 84:16 train/validation split. We
did not require a separate test set as our model evaluation
was conducted on the test split of the main dataset. Figure 2
shows sample images from TrashCan and the main dataset.

Figure 2. Examples of a bag image from TrashCan (left) and a
plastic bag image from Underwater Plastic (right) datasets

2.3. Task and Evaluation Method

From the review of recent works, it is apparent that the
literature is not unified across the domain of marine debris
classification and that there is a call to reduce the need
for large amounts of labelled data. Once a baseline was
established, this study addressed the following question:
Can semi-supervised learning and sequential fine-tuning
effectively leverage auxiliary datasets of underwater de-
bris images to improve model performance? Building on
this, we investigated if data augmentation techniques could
improve object detection performance and benchmarked
inference speeds for real-time deployment on AUVs.

To assess the models, we employed mean Average Precision
(mAP) as the main evaluation criteria, a widely used metric
for object detection. mAP provides a balanced evaluation
of precision and recall across all categories in the dataset.
mAP uses the Intersection over Union (IoU) score which
measures the overlap between the predicted bounding box
and the ground truth. First, the Average Precision (AP)
for each class is computed as the area under the Precision-
Recall curve based on a certain IoU threshold. Then, mAP
is calculated as the average AP score across all classes.
Two common variants of mAP are mAP50 and mAP50-95.
mAP50 uses a fixed IoU threshold of 50%, while mAP50-
95 is a stricter metric which takes the average scores from
multiple IoU thresholds ranging from 50% to 95% with a
step size of 5% (Terven et al., 2023).

3. Methodology

YOLO, which stands for “You Only Look Once”, was a
novel approach for the object detection task proposed by
(Redmon, 2016). Previous methods utilised a two-step
framework involving both regression and classification,
which first predicted potential bounding boxes around an
object and then classified the object in those boxes. In
contrast, YOLO was successful in performing object de-
tection as a single regression problem by a single neural
network. This drastically reduced the model complexity
and increased training and inference speeds while main-
taining competitive accuracy. Moreover, a key advantage
of YOLO was its capability to generalise object represen-
tations, making it easily adaptable to unseen objects and
domains in downstream tasks.

Different versions of YOLO have been released over the



years since the model was first proposed in 2016, ranging
from versions 1 to 12. Each model iteration brought poten-
tial enhancements over its predecessor, including improved
training strategies, data augmentation techniques, and ex-
tension to additional computer vision tasks (Terven et al.,
2023). The common objective among these refinements is
not only accuracy but also high inference speed, as real-
time object detection is an important application of YOLO.
Most YOLO models are available in five sizes: nano, small,
medium, large, and extra-large, making them flexible to
various computational settings. In this report, we primarily
employed "YOLOv11s", the small variant of version 11
which consists of significantly fewer parameters than the
previous versions, resulting in improved processing speeds
without exhibiting a degradation in accuracy (Khanam &
Hussain, 2024). In addition, we evaluated YOLOv12, the
latest version which uses an optimized attention architec-
ture to achieve competitive results on the COCO dataset
(Tian et al., 2025).

Transfer Learning is a commonly utilised technique in
computer vision, where a model first is pre-trained on large
amounts of labelled or unlabelled data, then fine-tuned on a
smaller, task-specific dataset for related task. YOLO was
pre-trained on the Microsoft Common Objects in COntext
(COCO) corpus (Lin et al., 2014), a diverse collection of
images of people, vehicles, animals, household items. The
model can then be effectively fine-tuned in various real-
world applications such as autonomous vehicles, wildlife
monitoring, and pill detection (Terven et al., 2023). In this
case, we primarily used the pre-trained YOLOV11s model
and fine-tuned it for the task of detecting marine debris.

Sequential Fine-tuning (SFT) is a method commonly em-
ployed in NLP to train domain-specific language models
such as BloombergGPT which specialises in finance (Wu
et al., 2023) and Med-PaLM which specialises in clinical
knowledge (Singhal et al., 2023). We extended this idea to
marine garbage detection by first training on the TrashCan
dataset to adapt the model to the specific trash domain be-
fore fine-tuning on our main underwater debris dataset, as
depicted in Figure 3.
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Figure 3. Sequential fine-tuning (SFT) pipeline

Semi-supervised Learning (SSL) is a method which typ-
ically employs large amounts of unlabelled data in cases
where annotated data is difficult to obtain. As a first step, an
initial model is trained using the small amount of available
labelled data. This model is then used to generate pseudo
labels for the unlabelled data. Pseudo labels with high con-
fidence are combined with the original labelled dataset and
used to retrain the model (Xu et al., 2021). Figure 4 shows
training and evaluation pipeline of this process. Since there

is a limited amount of annotated images of ocean debris,
semi-supervised learning is a promising method to leverage
unlabelled images.
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Figure 4. Semi-supervised learning (SSL) pipeline

Oversampling is a simple method to address imbalanced
datasets by increasing the representation of minority classes.
It involves randomly duplicating existing minority class
samples (Mohammed et al., 2020). This is a straightforward
approach, however it creates multiple identical images and
does not leverage synthetic variations.

Data Augmentation Techniques are essential to improve
the robustness and generalisation of computer vision mod-
els. For our task with a small training set, data augmentation
is beneficial to create additional training examples. Mo-
saic augmentation has already been applied to the original
training set, while random flipping, scaling, translating, and
colour jittering are applied by default by the ultralytics'
package used for training. Mosaic combines 4 images in a
2x2 grid, which helps the model to detect small objects in
diverse contexts (Bochkovskiy et al., 2020). In addition, we
implemented three data augmentation methods which have
been shown to be effective for object detection, namely
Cutout, Mixup, and CutMix. Cutout applies square or rect-
angular masks at random locations in the image, forcing the
model to learn the full context of the image instead of rely-
ing on specific features (DeVries & Taylor, 2017). Mixup
creates new training examples using convex combinations
of two randomly selected images, essentially blending the
images and merging their labels (Zhang et al., 2017). Cut-
Mix works by cutting patches of an image, pasting the
patches onto another image, and mixing their labels, result-
ing in enhanced model accuracy and robustness (Yun et al.,
2019). These data augmentation methods are illustrated in
Figure 5.

4. Related Work

It is challenging to identify unified benchmarks in the liter-
ature for marine debris detection, as various datasets were
used for training and evaluation, including JAMSTEC De-
bris (Fulton et al., 2019; Bajaj et al., 2021; Xue et al., 2021;
Huang et al., 2023), Trash-ICRA19 (Hipolito et al., 2021),
TrashCan (Zhou et al., 2022), Debris Tracker (Teng et al.,
2022), and web-based images (Music¢ et al., 2020; Bhanu-
mathi et al., 2022). Even when the same dataset was used,
the authors employed different annotation schemes, trash
categories, and train/test split. However, there is clear pro-

'https://docs.ultralytics.com/
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Figure 5. Illustrations of different data augmentation methods

gression in model architecture over time in the studies on
underwater garbage detection. Earlier papers employed
variants of ResNet, Mask R-CNN, and Faster R-CNN, then
from 2020 there was a shift towards YOLO models, rang-
ing from YOLOV3 to YOLOvVS8. YOLO was reported to
outperform ResNet and R-CNN both in terms of accuracy
and inference speed (Music et al., 2020; Xue et al., 2021;
Huang et al., 2023), making it highly suitable for real-time
detection tasks. Following this trajectory, we decided to
explore YOLOvI11 and YOLOvV12, the latest versions of
this model architecture.

The most recent and closely related paper to our task is
(Rehman et al., 2025). The authors evaluated variants of
YOLOVS, from nano to extra-large, on the Underwater Plas-
tic Pollution Detection dataset which is our main dataset of
interest. YOLOVS8s (small) with extensive hyperparameter
tuning led to the best validation mAP50 score of 0.827.
We replicated this result as one of the baselines for our
experiments.

The majority of previous studies on underwater debris de-
tection focused on proposing and evaluating different algo-
rithms (Fulton et al., 2019), loss functions (Huang et al.,
2023), or model architectures (Music et al., 2020; Bajaj
etal., 2021; Xue et al., 2021; Zhou et al., 2022). However,
the effectiveness of data augmentation techniques as well
as leveraging related datasets via semi-supervised learning
and sequential fine-tuning remains largely understudied for
marine debris detection. Semi-supervised learning was re-
ported to improve performance for object detection on the
COCO dataset (Sohn et al., 2020), but this has yet to be
investigated in the context of underwater imagery. Some
data augmentation techniques were proposed for the detec-
tion of marine organisms (Huang et al., 2019) and marine

vessels (Shin et al., 2020). However, these augmentation
methods were not evaluated on detecting marine debris and
employed older model architectures such as ResNet and
Faster R-CNN. Recognising this research gap, we aimed
to evaluate these data-centric approaches for the specific
task of detecting ocean debris, for which there is a limited
amount of annotated data available.

5. Experiments

To ensure fairness and reproducibility, we used NVIDIA
GeForce RTX 4060 Ti and ultralytics v8.3.75 across all
experiments. We observed that using either a different GPU
or a different version of ultralytics can significantly impact
results.

5.1. Hyperparameter Tuning

As an initial experiment, we tested the pre-trained
YOLOv11s model on the underwater pollution dataset of
interest without any further training. However, it either
failed to detect the ocean debris in the images or misclassi-
fied them as other objects, which demonstrated the need for
fine-tuning the model to our specific task. This result was
not surprising, as COCO was not trained on any underwater
objects (Lin et al., 2014).

Next, we compared the performance of YOLOv11s and
YOLOV12s, the newest versions in the YOLO family. For
both models, we varied the batch sizes of [16, 32, 64] and
trained for 20 epochs using the auto learning rate (LR) auto-
matically determined by the optimizer AdamW. As reported
in Table 1, YOLOv11s outperformed YOLOvV12s across
all batch sizes. Therefore, we conducted hyperparameter
search for YOLOv11s to determine the best combination
of LR and batch size.

Model Batch=16 | Batch=32 | Batch=64
YOLOvl1ls 0.671 0.748 0.738
YOLOvV12s 0.629 0.647 0.663

Table 1. Validation mAP50 scores of YOLOv11s and YOLOv12s
with varying batch sizes at 20 epochs

We tested all combinations between learning rates of [le-
3, le-4, le-5, auto] and batch sizes of [16, 32, 64] for
YOLOv11s. The results showed that a batch size of 32 was
optimal across all learning rates (Table 2) and the best two
learning rates were le-4 and auto.

Batch=16 Batch=32 Batch=64
LR = le-3 0.531 0.711 0.614
LR = le4 0.729 0.799 0.769
LR = le-5 0.460 0.583 0.509
LR = auto 0.671 0.748 0.738

Table 2. Validation mAP50 scores from YOLOv11s Hyperparam-
eter Search at 20 epochs



5.2. Establishing Baselines

To obtain the latest baseline from the literature, we repro-
duced the results from (Rehman et al., 2025) in which
YOLOvS8s was trained for 108 epochs on our main dataset,
Underwater Plastic Pollution Detection. In addition, we
trained YOLOV11s with the best configurations from our hy-
perparameter search as well as YOLOv12s? for 108 epochs
to compare against YOLOVSs. The results in Table 3 clearly
show that YOLOv11s with LR=auto performs best overall
and has smallest generalisation gap. Here, our YOLOvI11s
model was able to outperform the latest results in the lit-
erature on this particular dataset. We established this as
our new baseline with validation mAP50 of 0.834 and test
mAP50 of 0.809 and our future experiments aimed to im-
prove upon this result.

Model LR mAP50 mAP50-95
Val Test Val Test
YOLOVS8s le-4 | 0.826 | 0.783 | 0.528 | 0.474
YOLOvlls | auto | 0.834 | 0.809 | 0.550 | 0.499
YOLOvlls | 1le-4 | 0.837 | 0.764 | 0.548 | 0.496
YOLOv12s | auto | 0.827 | 0.750 | 0.538 | 0.493

Table 3. Results of different YOLO small versions at 108 epochs
and batch size of 32

As we needed to quickly test various methods, it was in-
efficient to run every experiment for 108 epochs. Thus,
we trained YOLOvV11s with the best hyperparameters from
above (LR=auto, batch=32) for 30 epochs as a "proxy"
baseline result as shown in Table 4. For the different meth-
ods tested in our experimentation, we trained the models
for 30 epochs to compare against this "proxy" baseline as
summarised later in Table 7, and only fine-tuned the best
performing models for the full 108 epochs at the very end.

Split Precision | Recall | mAP50 | mAP50-95
Validation 0.796 0.711 0.776 0.506
Test 0.785 0.629 0.747 0.484

Table 4. Baseline results of YOLOv11s trained for 30 epochs with
best hyperparameters

5.3. Dataset Scaling

Using the baseline parameters, experiments were run to
compare the performance with increasing training set size,
shown in Figure 6. As the training set size increased,
mAP50 scores also increased, indicating potential for the
model performance to improve with larger volumes of data.
With more manually annotated data unavailable and ex-
pensive to collect, this justified the need for applying data
augmentation and leveraging auxiliary datasets through
semi-supervised learning and sequential fine-tuning.

2Batch size of 64 performed best for YOLOv12s but we used
batch size of 32 due to GPU constraints.
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Figure 6. mAP50 score increases as dataset size increases from
1500 to full dataset size (3630 images) at 500 image intervals

5.4. Semi-Supervised Learning

As a preprocessing step for semi-supervised learning, we
applied the class labels provided in the TrashCan dataset
to keep only trash instances and remove images of ani-
mals, plants, and ROVs. This resulted in 2928 images from
various "trash" categories which could be utilised for semi-
supervised learning. To generate pseudo labels, our best
YOLOv11s model from §5.2 was used to predict the classes
and bounding boxes for the images in TrashCan.

We experimented with confidence thresholds of 90%, 85%,
and 80% during the prediction step and observed a trade-off
between prediction quality and quantity. The 90% threshold
resulted in very few but highly-confident pseudo labels,
while the 80% threshold generated more predictions but
of lower quality. We found a good balance with the 85%
threshold, resulting in to 171 high-quality predicted images
which were used to enhance the original training set. We
then fine-tuned YOLOvI11 with the extended data for 30
epochs and obtained a validation mAP50 score of 0.772,
which is on par with the baseline mAPS50 score of 0.776.

We also attempted to perform semi-supervised learning
using the PlastOPol dataset. However, our experiments
revealed significant domain gap issues, as the model fine-
tuned on images of underwater garbage was ineffective
in detecting trash instances on land. The contextual dif-
ferences between land-based and marine litter proved too
substantial for effective knowledge transfer, hindering our
model’s ability to generalise across these distinct environ-
mental domains.

5.5. Sequential Fine-tuning

To address class imbalance shown in Figure 7, we removed
the dominant ROV and unknown categories in TrashCan
(75% of training, 79% of validation data) from our training
process. This prevented model bias toward classes absent
from out main dataset. We also removed the "trash_" prefix
from debris labels in the TrashCan dataset for better align-
ment with our main dataset. YOLOv11s was fine-tuned on
this modified TrashCan dataset for 50 epochs and then fur-
ther fine-tuned on our main dataset for 30 epochs (results in



Table 5). Sequential fine-tuning slightly decreased overall
mAP50, with varied performance across object categories
as some classes improved (cellphone, tire, misc) while oth-
ers declined (electronics, mask). The sunglasses class main-
tained high performance, demonstrating robust detection
for images of glasses present in the original COCO dataset.

We then refined class definitions, renaming pipe to rod and
relabelling plastic items more specifically (bag to pbag, bot-
tle to pbottle). We also consolidated tarp, snack_wrapper,
container, and cup into a broader plastic class. These
class modifications (SFT-CLM) slightly improved overall
mAP50 to 0.736, though still below the baseline. The rod
class showed the most significant improvement (0.272 to
0.511), exceeding its baseline performance. While pbag
and pbottle maintained strong performance, the consoli-
dated plastic class decreased from 0.584 to 0.490, sug-
gesting excessive class variability despite our intentions to
mirror the diversity already present in the main dataset’s
plastic category.

Class Base SFT  SFT-CLM
All 0.776  0.732 0.736
mask 0.891 0.794 0.808
can 0.808 0.617 0.693
cellphone  0.982  0.986 0.979
electronics  0.805 0.743 0.702
gbottle 0.815 0.749 0.745
glove 0.854 0.841 0.865
metal 0.355 0.274 0.364
misc 0.577 0.623 0.595
net 0.940 0.936 0911
pbag 0.977 0.961 0.973
pbottle 0.817 0.792 0.793
plastic 0.629 0.584 0.490
rod 0.401 0.272 0.511
sunglasses  0.995  0.995 0.806
tire 0.797 0.811 0.799

Table 5. Performance comparison (mAP50) across model versions.
Base: Baseline; SFT: Sequential Fine Tuning; SFT-CLM: SFT
with Class Label Modifications.

5.6. Oversampling

For multi-class classification with imbalanced datasets,
one of the simplest solution is oversampling the minor-
ity classes. We used a frequency based approach that bal-
ances the dataset by duplicating images in the four most
under-represented classes. From Figure 7 we can see that
can, metal, rod and sunglasses are the least represented
with only 20, 22, 9 and 3 instances respectively. The can,
metal, and rod classes were multiplied by two while the
sunglasses class was multiplied by 5, resulting in a total of
192 additional images to the training set. The oversampling
technique enhanced validation performance, increasing the
mAP50 score from 0.776 (baseline) to 0.791. An improve-
ment was also seen in two of the target classes: can and rod
with a validation mAP50 increase from 0.808 to 0.889 and
0.401 to 0.744 respectively. Oversampling metal harmed
its validation performance with its mAP50 validation score
decreasing from 0.355 to 0.25. Interestingly, the mAP50
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Figure 7. Data distribution of the Underwater Plastic Pollution
Detection dataset training set

score of sunglasses remained unchanged at 0.995, despite
being the most oversampled class. This may be attributed to
the fact that glasses is a class present in the COCO dataset
(Lin et al., 2014), on which YOLO models are pre-trained.

5.7. Data Augmentation Techniques

Data augmentation methods allow us to extend our original
dataset without using an auxiliary dataset. As described in
§3, we experimented with three augmentation techniques
suitable for object detection: Cutout, Mixup, and CutMix.
To implement Cutout, we followed the original paper and
applied a random square mask to 50% of the images in
the training set. In Mixup, the hyperparameter @ controls
the strength of blending of the images. We tested a=[1.0,
5.0] and applied Mixup to 20% and 50% of the dataset.
For CutMix, we used a=1.0 as in the original paper to
obtain a random patch size which is cut from an image and
pasted onto another image. We experimented with applying
CutMix to 50% and 100% of the training set. For each
augmentation method, we trained the model for 30 epochs
and compared against the baseline of 30 epochs.

The results on the validation of the different augmentation
methods are reported in Table 6. Cutout and Mixup did
not improve model performance, while CutMix(p=0.5),
CutMix with 50% probability, resulted in increased mAP50,
precision, and recall. This is consistent with the literature as
CutMix generally outperforms Mixup and Cutout in various
computer vision tasks (Yun et al., 2019). We observed that
it is important to maintain a high proportion of the original
images relative to the augmented samples. An excessive
number of augmented images had a negative impact on the
model, as Mixup performed better when applied to 20%
of the training set than 50% and CutMix performed better
when applied to 50% of the training set than 100%.

Our main dataset is highly imbalanced, as previously dis-
cussed. Certain classes, such as tire and mask, have thou-
sands of instances while other classes have fewer than 100



Method Precision | Recall | mAP50 | mAP50-95
Baseline 0.796 0.711 0.776 0.506
Cutout(p=0.5) 0.792 0.662 0.741 0.485
Mixup(p=0.2, @=1.0) 0.766 0.716 0.758 0.495
Mixup(p=0.5, a=1.0) 0.817 0.668 0.733 0.489
Mixup(p=0.2, @=5.0) 0.746 0.697 0.755 0.492
CutMix(p=0.5) 0.818 0.720 0.793 0.507
CutMix(p=1.0) 0.741 0.681 0.751 0.486

Table 6. Validation set results of data augmentation methods

instances. To address the data imbalance, we applied Bal-
anced CutMix by augmenting only the under-represented
classes such that each class has at least 250 instances, result-
ing in 1440 additional images across the 7 classes with the
fewest training instances: sunglasses, rod, metal, can, elec-
tronics, misc, and plastic. The YOLOv1 1s model fine-tuned
on this extended training set with augmentation of targeted
classes achieved a validation mAP50 score of 0.824, which
is a notable gain over the baseline (0.776). Closer inspec-
tion of the validation set revealed significant improvements
in the mAP50 scores of the augmented classes such as rod,
plastic, and misc, contributing to an overall improvement.

5.8. Full Runs With Best Models

The best "proxy" results at 30 epochs for each tested method
are reported in Table 7. Out of these, we trained the Base-
line, CutMix(p=0.5) and Balanced CutMix for the full 108
epochs as described in §5.2. In addition, we trained Semi-
Supervised for 108 epochs as it was the best method that
leveraged an auxiliary dataset.

Model Precision | Recall | mAP50 | mAP50-95
Baseline 0.796 0.711 0.776 0.506
Semi-supervised 0.804 0.714 0.772 0.496
Sequential FT 0.784 0.650 0.736 0.472
Oversampling 0.781 0.753 0.791 0.516
Cutmix(p=0.5) 0.818 0.720 0.793 0.507
Balanced Cutmix 0.823 0.776 0.824 0.527

Table 7. Best validation set results for each method at 30 epochs

The validation and test results of the models trained for 108
epochs are reported in Table 8, and the baseline model’s
enhanced predictions on test images are shown in Figure
8. There was a drop from validation to test performance
across all models, likely because the test set was smaller
and contained more difficult instances.

Model mAP50 mAP50-95
Val Test Val Test
Baseline 0.834 | 0.809 | 0.550 | 0.499
Semi-supervised 0.816 | 0.796 | 0.539 | 0.505
CutMix(prob=0.5) | 0.801 | 0.781 | 0.530 | 0.487
Balanced Cutmix 0.850 | 0.802 | 0.556 | 0.506

Table 8. Validation and test results for best models at 108 epochs

Overall, the Baseline and Balanced Cutmix achieved com-
petitive metrics, outperforming the YOLOVS results in
(Rehman et al., 2025). The Baseline without any augmen-

tation performed best in terms of test mAPS50, while Bal-
anced Cutmix achieved the best mAP50-95. This suggested
that while the Baseline was more effective in coarse object
detection, Balanced Cutmix excelled in precise boundary
localisation. CutMix(p=0.5) underperformed relative to the
Baseline and Balanced CutMix, indicating that in an im-
balanced setting, data augmentation is more effective when
applied exclusively to under-represented classes rather than
across all classes. Semi-supervised did not improve results
over the Baseline, demonstrating the model’s sensitivity to
the specific data distribution.

Fine-grained test set results at 108 epochs for each class
are shown in Table 9 for the best two models, Baseline
and Balanced CutMix. Both the Baseline and Balanced
Cutmix excelled in cellphone and sunglasses, possibly due
to cellphones having distinguishing physical features and
glasses being present in the COCO dataset, as discussed
in §5.6. Categories such as metal and plastic remained
challenging for both models, as they contained a wide vari-
ety of objects. Contrary to our expectations, there was not
a clear improvement for the under-represented classes in
Balanced CutMix over the Baseline. In terms of mAP50,
Balanced CutMix led to the largest improvement of 4.6%
for plastic and the greatest decrease of 13.0% for metal.
Looking at the stricter metric mAP50-95, Balanced CutMix
improved results for most classes, notably a 8.0% increase
for electronics and 6.7% increase for mask. These results
demonstrated that targeted augmentation techniques can
improve overall detection quality and localisation precision
but with class-specific trade-offs that should inform model
selection based on application requirements.

Class mAP50 mAP50-95
Baseline | Balanced | Baseline | Balanced

All 0.809 0.802 0.499 0.506
mask 0.893 0.894 0.642 0.709
can 0.805 0.784 0.394 0.371
cellphone 0.995 0.995 0.861 0.864
electronics 0.892 0.895 0.588 0.668
gbottle 0.713 0.723 0.454 0.489
glove 0.827 0.823 0.671 0.704
metal 0.502 0.372 0.172 0.089
misc 0.824 0.799 0.399 0.394
net 0.942 0.946 0.676 0.677
pbag 0.964 0.968 0.846 0.862
pbottle 0.859 0.877 0.556 0.572
plastic 0.645 0.691 0.274 0.246
rod 0.512 0.520 0.201 0.208
sunglasses 0.995 0.995 0.398 0.398
tire 0.764 0.741 0.355 0.338

Table 9. Test mAP scores per class for Baseline and Balanced
CutMix at 108 epochs. Under-represented classes are italicised.

5.9. Inference Speed Tests

Given the use case of automated marine debris identifica-
tion and collection, AUVs require both high accuracy as
well as fast processing time. Hence, as a supplementary
task, we benchmarked and compared the inference speed
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Figure 8. Predicitions on test images by YOLOv11s fine-tuned for
108 epochs

of the fine-tuned YOLOvVS8s, YOLOv11s, and YOLOv12s
models on the test set containing 501 images of underwater
garbage. We conducted the speed tests using the NVIDIA
GeForce RTX 4060 Ti GPU and recorded the frames per
second (FPS) and mAP50 for each model with batch sizes
of [1, 4, 8, 16]. The processing times could vary across dif-
ferent GPUs, but the objective was to compare the relative
speeds of the different models. Here we are only evaluating
the small variants of these YOLO models, and not other
variants such as nano, medium, or large.

The results of the inference speed tests are recorded in
Table 10. Overall, YOLOv8s and YOLOv11s attained com-
parable inference speeds, while YOLOv12s was noticeably
slower. Across all three models tested, we observed that
using a larger batch size of 8 or 16 significantly improved in-
ference speed without degradation in accuracy as measured
by mAP50. As a result, we recommend using YOLOv11s
with a high batch size in real-time objection detection ap-
plications for optimal speed and accuracy.

Batch YOLOVS8s YOLOv11s YOLOv12s
FPS mAP50| FPS mAP50| FPS mAP50
1 57.60 0.785 | 72.86 0.807 | 59.03 0.751
13198 0.785 |125.57 0.807 | 98.11 0.751
8 128.78 0.784 |125.08 0.807 |100.75 0.751
16 127.89 0.784 |127.15 0.807 |100.54 0.751

Table 10. Inference speeds (FPS) of different YOLO versions

6. Conclusions

Underwater debris detection remains an largely understud-
ied and challenging task as it requires predicting the class
label and bounding box simultaneously. For a trash in-
stance to be accurately detected, both the predicted class
and bounding box need to be correct. The difficulty is
aggravated by the lack of annotated images of ocean de-
bris. Moreover, both accuracy and inference speed need
to be taken into account for real-world applications such
as AUVs that can automatically detect and collect marine
debris.

Our work investigated the impact of semi-supervised learn-
ing, sequential fine-tuning, oversampling, and data aug-
mentation for the underwater debris detection task, which

has been largely underexplored. Our experiment results
indicated that ocean debris detection is very sensitive to the
data distribution.

Although semi-supervised learning was reported by (Sohn
et al., 2020) to improve object detection performance, the
authors had access to 118k labelled images and 123k unla-
belled images from the COCO dataset for semi-supervised
learning. Similarly, sequential fine-tuning often requires
a large amount of data to train a domain-specific model.
In the context of underwater imagery, there is limited data
which makes these methods less effective. Furthermore, the
auxiliary datasets in our experiments come from a different
distribution from our main dataset, which made knowledge
transfer more difficult. We suggest that semi-supervised
learning and sequential fine-tuning can be re-evaluated if
more underwater images of a similar distribution are avail-
able.

Data augmentation techniques, particularly CutMix, proved
to be effective in improving precise boundary localisation
and overall performance. Our hypothesis is that since Cut-
Mix generates new training samples by cutting and pasting
patches from existing images, the augmented examples
align closely to the original dataset. Consequently, the
model could effectively learn patterns of these new images
when combined with the original training set. Furthermore,
our experiments indicated that for a highly imbalanced
dataset, targeted augmentation of under-represented classes
is particularly beneficial. This approach allowed the model
to learn a more robust representation of each class, resulting
in improved localisation precision and overall performance.

7. Future Work

Future research could explore other methods to address
the scarcity of annotated underwater trash images. Grid-
Mask is a data augmentation method that randomly removes
square patches in an image in a grid-like pattern (Chen et al.,
2020). GridMask could be a promising method to apply to
our dataset as it has been shown to perform well in multiple
computer vision tasks. In addition, image generation tools
could be used to generate synthetic images to extend the
dataset while ensuring fair and ethical data usage. To miti-
gate the data imbalance issue, we could try undersampling
the majority class in addition to oversampling the minority
classes (Mohammed et al., 2020).

Most of our experiments have focused on the fine-tuning
stage, but future work could explore using self-supervised
learning as the pre-training step for the YOLO backbone.
Self-supervised learning methods, such as contrastive learn-
ing (Xie et al., 2021) and masked prediction (Li et al., 2023),
do not require annotated data and instead rely on unlabelled
data for supervision. Finally, given sufficient computational
resources, we could evaluate larger variants of YOLOv11,
specifically medium, large, extra-large, which are expected
to achieve higher precision and mAP50 compared to the
small variants employed in this work (Khanam & Hussain,
2024).
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