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Abstract

Accurate Marine Pollution Detection is challenging due to the vague, irregular, and
low-contrast nature of pollutant boundaries. Existing boundary-aware remote sensing
segmentation methods often rely on explicit boundary annotations or hand-crafted atten-
tion modules, limiting their effectiveness in marine environments where annotations are
scarce and structures are complex. In this work, we introduce a fully Self-Supervised
Boundary-Awareness (SSBA) block that can be seamlessly integrated into existing seg-
mentation architectures for MPD. Our SSBA block integrates a VSS-based global extrac-
tor, a boundary-focused local extractor with deformable and frequency features, and an
attention-guided fusion module to adaptively combine semantics and edges for boundary-
aware prediction. To further enhance spatial sensitivity, we develop a boundary-aware
attention module trained via boundary reconstruction, enabling dynamic focus on criti-
cal boundary regions. Experimental results on two marine pollution datasets show that
our method consistently provides state-of-the-art performance, particularly under weak
boundary conditions.

1 Introduction

Marine pollution, particularly oil spill detection from remote sensing imagery, poses a seri-
ous threat to marine ecosystems and demands timely and accurate monitoring [7, 22, 24]. Oil
spills not only disrupt marine biodiversity but also cause long-lasting socio-economic con-
sequences, underscoring the need for large-scale and reliable monitoring tools [1, 12]. With
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the increasing availability of SAR and multispectral imagery, semantic segmentation has be-
come a core technique for detecting polluted regions, evolving from early thresholding and
texture-based methods [2, 10, 31, 32] to modern deep learning models that provide stronger
spatial-spectral representations and robustness across diverse conditions [23, 36, 39]. Nev-
ertheless, delineating oil spill boundaries remains challenging due to their irregular morphol-
ogy, blurred edges, and low contrast with the surrounding sea surface [19].

Existing boundary-aware segmentation methods attempt to mitigate these challenges by
either relying on manual boundary annotations [20, 29] or introducing handcrafted atten-
tion mechanisms [25, 35]. However, boundary annotations are rarely available in large-scale
marine datasets, and predefined attention designs often fail to adapt to the diverse and com-
plex structures present in real-world conditions. These limitations substantially reduce the
effectiveness of existing approaches, particularly under weak boundary cues and limited su-
pervision [14]. This gap highlights the need for an annotation-free and adaptive strategy to
strengthen boundary representation learning in marine pollution monitoring.

To address this issue, we reformulate boundary modelling as a self-supervised learn-
ing (SSL) task. The motivation for adopting SSL is to eliminate dependence on scarce and
costly boundary annotations, which are particularly difficult to obtain in marine environ-
ments [16, 34]. Instead of manual labels, we introduce a fully self-supervised boundary-
awareness (SSBA) block that can be seamlessly integrated into existing segmentation archi-
tectures for marine pollution detection, as illustrated in Fig. 1. The SSBA block incorpo-
rates a frequency-guided pseudo-boundary generator to derive structural priors, and a self-
supervised boundary-aware attention module trained via boundary reconstruction, replacing
conventional channel attention [26]. This design enables adaptive focus on boundary-critical
regions and improves spatial sensitivity.

Extensive experiments on the M4D [19] and MADOS [17] datasets demonstrate that
the proposed framework consistently outperforms strong baselines, particularly in scenarios
characterised by vague boundaries and sparse annotations.

Our main contributions are as follows:

1. We propose a self-supervised boundary-aware block for marine pollution segmenta-
tion that removes the reliance on ground-truth boundary annotations.

2. We introduce a frequency-domain pseudo-boundary generator that provides structure-
aware supervisory signals, together with a self-supervised boundary-aware attention
module trained via boundary reconstruction to enhance spatial sensitivity.

3. We validate the effectiveness and generalisation of our block across two challenging
marine pollution datasets, achieving consistent gains in both boundary accuracy and
overall segmentation performance.

2 Related Works

Semantic segmentation has been extensively applied to remote sensing tasks, including ma-
rine pollution monitoring. Encoder—decoder architectures such as U-Net [27], LinkNet [3],
DeepLab [5, 6], MixTransformer [4], and MambaUNet [33] have demonstrated strong per-
formance in large-scale satellite imagery. Nevertheless, precise boundary localisation re-
mains a persistent challenge, particularly in scenarios characterised by low contrast and
vague structural boundaries. To address this issue, boundary-aware frameworks have been
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Figure 1: Illustration of integrating our Self-supervised Boundary-Awareness (SSBA)
Blocks into the benchmark models for marine pollution detection.

developed to improve segmentation accuracy near object contours [11]. Common strategies
include attention mechanisms [40] and boundary feature injection via skip connections [13].
These designs can enhance spatial feature alignment and gradient propagation but often rely
on explicit boundary annotations or handcrafted priors. Consequently, they are prone to over-
fitting and may produce inconsistent boundary quality across scales [29]. Moreover, many
existing approaches prioritise semantic coherence while overlooking fine-grained bound-
ary discrimination [30]. Recent advances in self-supervised learning, such as reconstruc-
tion objectives, have shown promise in enhancing structural awareness without labels [15].
However, most of these methods treat boundary regions only implicitly, lacking dedicated
mechanisms for boundary-level representation learning [9].

In contrast, our work explicitly targets boundary modelling without requiring annota-
tions. We propose a frequency-guided pseudo-boundary generation mechanism, which de-
rives structural priors from the frequency domain to guide boundary learning. In addition,
we introduce a structure-aware attention module trained via boundary reconstruction loss,
enabling the network to dynamically focus on informative boundary regions. Unlike hand-
crafted attention or auxiliary heads, our method achieves accurate boundary discrimination
in a fully self-supervised manner.

3 Method

3.1 Problem Formulation

Marine pollution segmentation poses unique challenges due to the fragmented, low-contrast,
and ambiguous nature of oil spill boundaries. To address these difficulties, our block ex-
plicitly models boundary-aware representations in a fully self-supervised manner. As shown
in Fig. 1, the overall architecture follows an encoder—decoder paradigm, augmented with
specialised branches that target different aspects of representation learning.

The Block is driven by two complementary inputs: (1) the original remote sensing image
I, which provides semantic and appearance cues for segmentation; and (2) a frequency-
derived pseudo-boundary prior Epseudo, Which introduces structural information about poten-
tial boundaries without requiring manual annotation.
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Figure 2: Overview of the proposed boundary-aware block. (a) Overall architecture. The in-
put feature maps used in (b—d) are extracted from the corresponding encoder stage in Fig. 1
and fed into the subsequent modules. (b) VSS Global Feature Extractor for long-range
semantics. (c) Local Boundary-Focused Extractor for fine-grained edges. (d) Frequency-
Guided Pseudo-Boundary Generation providing structural priors. The predicted heatmap is
produced from the output of the immediately preceding decoder layer.

3.2 Self-Supervised Boundary Awareness
3.2.1 Overview

As illustrated in Fig. 1, our block extends a standard encoder—decoder backbone with three
complementary modules. The Local Boundary-Focused Extractor (LEFE) captures fine-
grained spatial variations through multi-scale depthwise and dilated convolutions, thereby
enhancing sensitivity to weak edge cues. The Global Feature Extractor (VSS) models long-
range dependencies to preserve semantic coherence across regions. Meanwhile, the Frequency-
Guided Pseudo-Boundary Generation (FGPBG) establishes the self-supervised learning task
by deriving pseudo-boundaries from the frequency domain, which serve both as supervi-
sory signals and as structural priors for feature integration. The outputs of these modules are
adaptively fused by the Boundary-Guided Gating Fusion (BGGF), where pseudo-boundaries
guide the balance between local detail and global context. In this way, the block achieves
a unified design in which all modules contribute to a common objective of self-supervised
boundary reconstruction(see Fig. 2 for detailed modules).

3.2.2 Local Boundary-Focused Extractor

Oil spill boundaries often appear weak or blurred, requiring the model to be highly sensitive
to local intensity variations. As illustrated in Fig. 1(c), the Local Boundary-Focused Extrac-
tor (LEFE) is formulated as a multi-branch module that refines fine-grained boundary cues
from complementary perspectives.

Given an input feature map F € R*W*C from the encoder, three parallel operations are
applied. A deformable convolution branch adaptively adjusts sampling positions to capture
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irregular boundary structures:
Faet = O (Waet #aet F ), (1)

where #4f denotes deformable convolution and ¢ (-) represents batch normalization followed
by activation. In parallel, a boundary-aware attention operator enhances responses near se-
mantic transitions:

Fan = Attn(F), (2)

where Attn(-) denotes a learnable attention mask emphasizing edge-related pixels. In the fre-
quency domain, a Fourier transform branch isolates high-frequency components correlated
with object contours:

F=F '(H-F(F)), 3)

where F and F~! are Fourier and inverse Fourier transforms, and H is a Gaussian high-pass
filter.

The three outputs are concatenated and projected by a 1 x 1 convolution to form the local
boundary-enhanced representation:

Fioca = WV Concat (Fger, Fuu, Fin)- )
The resulting Fiocas € R7*W*C retains detailed boundary information by integrating spa-

tial adaptivity, attention-driven enhancement, and frequency-domain cues, while serving as
a complementary input to the global pathway for subsequent fusion.

3.2.3 VSS Global Feature Extractor

While LEFE enhances local boundary detail, global semantic coherence is essential for main-
taining region-level consistency. As illustrated in Fig. 1(b), the VSS Global Feature Extractor
models long-range dependencies using the Visual State Space (VSS) model [21].

Given an encoder feature map F € RT*WXC we reshape it into a sequence X € RT*C
with T = H - W and apply the state-space update:

Sy =AS;—1+ BX;, Y, =CS; + DX, (5)

where A, B,C, D are learnable matrices. The outputs {Y,}thl are reshaped back to 2D and
refined by a criss-cross attention block to strengthen global context. Finally, a transposed
convolution restores spatial resolution, yielding the global feature representation:

Fglobal € RHXWXN- (6)

The resulting Fyjobat complements the local representation Focar, €nsuring semantic in-
tegrity across large regions while preserving scalability for high-resolution remote sensing
imagery.

3.2.4 Frequency-Guided Pseudo-Boundary Generation

To overcome the lack of manual boundary annotations, we generate pseudo-boundary maps
directly from the frequency domain. The key observation is that boundaries correspond to
high-frequency components [38].
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The Fourier transform of / is:

H-1W— m vy
=ZZ o2 +w), @)

A Gaussian high-pass filter selects high-frequency components:

%\

2.2
H(u,v) =1—exp (_uz—(l;zv > , 8)
giving the filtered spectrum:
Fhign (u,v) = H(u,v) - F (u,v). &)

The inverse FFT reconstructs a pseudo-boundary map:

—_

1 S w vy
Epseudoxy HW Z Z hlgh MV (H+W)~ (10)
This Epseudo serves dual purposes: (i) as a self-supervised reconstruction target for the
boundary branch, and (ii) as a structural prior in the gating fusion, thereby linking frequency-
derived point-level cues to regional feature integration.

3.2.5 Boundary-Guided Gating Fusion

To adaptively integrate local boundary detail and global semantic context, we design the
Boundary-Guided Gating Fusion (BGGF) module. Given the local representation Fiocy €
RAXWXC the global representation Fyigpar € R7*W*C, and the predicted boundary map
Eprea € [0,1]7W><1 BGGF learns a spatial gating mask M € [0, 17" that controls the
contribution of local versus global features at each pixel.

The fused feature representation is defined as:

Ffused:MQFiocal'i'(l_M)QFglobala (11)

where © denotes element-wise multiplication. The gating mask is predicted by a lightweight
convolutional sub-network:

M=c (Convl <1 (ReLU (ConV3 % 3(Concat(Floca1 , Falobal, Epred)) ) ) ) ) (12)

This mechanism enables the model to emphasise boundary-sensitive local cues in edge
regions, while relying more on global semantics in homogeneous areas. As a result, the
fused representation Fpsq achieves a balanced encoding that preserves both fine boundary
structures and large-scale contextual coherence.

3.3 Loss Functions

The overall training is guided by a dual-objective design: semantic segmentation and self-
supervised boundary reconstruction:

Liotal = Lseg + A’ILI'CC; (1 3)
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Model Per-class IoU (%) ‘ Complexity
Sea Oil Look Ship Land mloU ‘ Params (M) Time (min)

U-Net [27] 93.90 53.79 39.55 4493  92.68 64.97 30.94 4.47
U-Net* 92.12 56.85 3432 49.53 89.98 67.27 32.05 5.16
LinkNet [3] 9499  51.53 4324 4023 93.97 64.79 21.12 3.58
LinkNet* 94.10 54.08 40.02 44.18 92.00 66.14 22.21 4.11
PSPNet [37] 92.78  40.10 3379 2442 8690  55.60 46.37 6.42
PSPNet* 9341 41.06 31.58 25.23 87.92  56.44 47.45 7.21
DeepLabv2 [5] 94.09 2557  40.30 11.41 7499  49.27 47.48 6.37
DeepLabv2* 95.20 27.15 4226 13.12 7694  50.44 48.12 6.52
DeepLabv3+ [6] 96.43 5338 5540 27.63 9244  65.06 42.88 5.17
DeepLabv3+* 96.10 55.13  56.61 29.48  93.55 66.57 43.97 6.48
MixTransformer [4] 93.33  40.23 34.06 2455 87.48 56.52 27.06 7.08
MixTransformer* 9432 4137 3569 2595 88.41 56.79 28.16 8.34
MambaUNet [33] 9348  40.78  34.31 2532 8756  56.17 26.51 5.03
MambaUNet* 9429  42.08 3480 25.84  88.68 57.05 27.63 5.59

Table 1: Per-class segmentation results and complexity comparison on the M4D [19] dataset.
* indicates with SSBA block.

where L, is a standard segmentation loss (e.g., cross-entropy or Dice loss), and Ly is an
L2 reconstruction loss defined as:

Liec = HEpred - Epseudo”%- (14)

Here, Epeq denotes the predicted boundary map, while Epseuqo is the frequency-derived
pseudo-boundary map. This formulation explicitly enforces the network to reconstruct pseudo-
boundaries in a self-supervised manner, ensuring structural fidelity without requiring manual
annotations.

4 Experiments

4.1 Datasets

M4D Dataset [19]. The M4D dataset was developed for marine oil spill detection using
SAR satellite imagery. It contains 1002 training and 110 test images, with pixel-level anno-
tations for five semantic classes: sea surface, oil spill, oil spill artefact, ship, and land. The
dataset exhibits strong boundary vagueness, especially for minority classes such as oil spills.
MADOS Dataset [17]. The MADOS dataset is a large-scale benchmark for marine pollu-
tion detection, including oil spills and marine debris. It consists of 174 Sentinel-2 satellite
images collected from 2015 to 2022, with approximately 1.5 million annotated pixels span-
ning 15 semantic categories such as oil spills, marine debris, ships, and turbid waters. Each
image tile (2.4 km x 2.4 km) is atmospherically corrected using ACOLITE and labelled by
multiple experts. The dataset captures diverse oceanic and weather conditions across global
coastal regions, making it a valuable resource for training and evaluating marine pollution
detection models.

4.2 Implementation Details and Evaluation Metrics

Our model is built using the PyTorch framework. In the M4D dataset, the training template
we used follows the design in HTSM [28]. We trained the model using an SGD optimiser
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with a momentum of 0.9 and a weight decay of le-4. Additionally, we set the initial learning
rate to 0.001 and employed a "Poly" decay strategy. All experiments were implemented on
an NVIDIA L40 48GB GPU. The batch size was set to 8, with a maximum of 100 epochs.
Similarly, in the MADOS dataset, we used the official training framework provided by [18].
In the M4D dataset, we use the mean Intersection over Union (MIoU) score over the union
to evaluate the model performance. In the MADOS dataset, both MIoU and average F1
(Ave.F1) scores are used to evaluate the model performance. These two evaluation metrics
are based on the confusion matrix, which contains four components: True Positives (TP),
False Positives (FP), True Negatives (TN), and False Negatives (FN). For each class, IoU is
defined as the ratio of the intersection and union of the predicted and ground truth values.

4.3 Overall Results

To evaluate the effectiveness of our proposed SSBA block, we integrate it into several widely
used backbone networks, including U-Net [27], LinkNet [3], PSPNet [37], DeepLabv2 [5],
DeepLabv2 (MSC) [5], and DeepLabv3+ [6], and evaluate them the M4D dataset. All en-
coder backbones are initialised with weights pretrained on ImageNet [8]. Table 3 reports
the quantitative results for each segmentation method in the M4D Dataset. We observe that
backbones trained with our Boundary-Aware Representation Learning Block achieve consis-
tent improvements in both oil spill IoU and overall mloU, demonstrating their effectiveness
in accurately segmenting marine pollution regions, particularly under challenging boundary
conditions.

We further evaluate our approach on the MADOS dataset by integrating it with U-
Net [27], SegNeXt [13], and MarNext [17]. Table 2 presents the evaluation results on the
MADOS dataset, where our block also consistently improves performance across different
backbone architectures. Models trained with our boundary-aware strategy achieve notable
gains in both mloU and F1 score compared to their vanilla counterparts, further validating
the generalisation ability of our method on diverse marine pollution scenarios, demonstrating
the effectiveness of structural guidance under complex coastal backgrounds and multi-class
segmentation settings.

To further assess the efficiency of our boundary-aware module, we report parameter
counts and training time per epoch in Table 1. The additional cost is minor, with parameters
increasing by about +1.1M (less than 5% overhead) across all models and runtime growing
only 10-15% on average. This demonstrates a favorable trade-off between accuracy and
efficiency. Moreover, the module is lightweight and easily integrated into diverse architec-
tures, from conventional CNNs (U-Net, LinkNet) to advanced designs (Mix-Transformer,
MambaUNet), making it well-suited for large-scale marine monitoring systems where both
accuracy and scalability are critical.

4.4 Ablation Study

To evaluate the effectiveness of our overall architecture and its three core components, we
conduct an ablation study based on the U-Net backbone using the M4D dataset. As shown
in Table 3, incorporating the Local boundary-Focused Extractor (LEFE), Visual State Space
Global Feature Extractor (MGFE), and the AttnFuse Module consistently improves the seg-
mentation performance over the U-Net baseline. Specifically, we replace LEFE and MGFE
with standard Laplacian-based boundary extraction and conventional CNN-based global
context modules, respectively. We also compare our gated fusion with simple weighted
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Model F1 mloU OA
U-net [27] 63.8 51.0 82.9 Model Sea Oil  Look  Ship Land  mloU
U-net* 65.6 51.7 83.2 Baseline 9390 5379 39.55 4493 9268 6497
Baseline + LEFE 9515  55.67 40.64 4644 9388  66.17
SegNext [13] 60.6 49.2 86.6 Baseline + VGFE 9589 5579 4090 4672 9394  66.29
SegNext* 62.3 522 82.3 Baseline + BGGF 9585 5526 4077 4663 9420 6687
. Baseline + LEFE + BGGF 9597  56.15 41.05 47.08 9421  66.89
MariNeXt [10] ~ 70.6 59.2 81.6 Bascline + LEFE + VGFE 9614 5613 4118 4686 9396  66.85
MariNeXt* 724 539 82.9 Baseline + VGFE+ BGGF ~ 96.02 5595 4123 47.04 9430 6691
LinkNet [3] 66.3 56.8 775 Baseline™ 9212 5685 3432  49.53  89.98  67.27

LinkNet* 70.0 579 79.2

Table 3: Ablation study on the M4D [19]
Table 2: Overall performance comparison dataset.  The baseline in the table is
on the MADOS [17] dataset. * indicates Unet [27], and * indicates that our proposed
that our framework was used for training. framework was used for training.

Image Boundary DeeplabV3+ DeeplabV3+=* MixTransformer MixTransformers MambaUnet MambaUnet*

0.0618 0.2003 0.0601 0.1795 0.0566 0.1880

0.0251 0.0692 0.0155 0.0528 0.0235 0.0656

0.0775 0.1164 0.0640 0.2175 0.0710 0.1055

Figure 3: Boundary sensitivity comparison across different models. Each row visualises predictions
of DeepLabv3+, MixTransformer, and MambaUNet, with quantitative scores indicating boundary pre-
cision. Models enhanced with our framework achieve consistently better boundary localisation.

addition to assess the contribution of each design. For clarity, we primarily focus on the IoU
for oil spill regions and the overall mloU. All three modules yield noticeable improvements
over the baseline, demonstrating their effectiveness in enhancing boundary precision and
overall segmentation accuracy.

4.5 Boundary Sensitivity Analysis

To further evaluate the model’s capacity for fine-grained structural understanding, we con-
duct a boundary sensitivity analysis against baseline architectures. As shown in Figure 3,
models enhanced with our block consistently generate boundaries that are sharper and closer
to the ground truth compared with their vanilla counterparts. The boundary precision rate
is defined as TP/(TP+ FP+ FN). For example, DeepLabv3+ equipped with our block
achieves a boundary precision of 0.2003, far surpassing the 0.0618 of the original model,
while similar improvements are also observed for MixTransformer and MambaUNet. These
results are particularly evident in challenging scenarios where oil spill edges appear blurry,
fragmented, or indistinguishable from background sea clutter—conditions under which con-
ventional models typically struggle. By contrast, our framework demonstrates the ability
to suppress false boundaries while retaining true structural details, thereby reducing both
missed detections and spurious responses. Importantly, the consistent improvements across
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CNN- and transformer-based backbones highlight that the proposed boundary-aware repre-
sentation learning is not tied to a specific architecture, but rather provides a general strategy
for enhancing boundary precision in marine pollution segmentation tasks.

5 Conclusion

This paper presented a self-supervised boundary-aware framework for marine pollution seg-
mentation, addressing the challenges of scarce boundary annotations and weak edge percep-
tion. The framework reformulates boundary modelling as a self-supervised reconstruction
task, where the Frequency-Guided Pseudo-Boundary Generation module provides frequency-
derived pseudo-labels and structural priors. Guided by this task, the Local Boundary-Focused
Extractor (LEFE), Global Feature Extractor (VSS), and Boundary-Guided Gating Fusion
(BGGF) jointly form an architecture aligned with boundary reconstruction. Experiments
on multiple datasets demonstrate that our approach effectively enhances boundary delin-
eation and overall segmentation accuracy under weak or ambiguous edges. The lightweight
and modular design further enables seamless integration with diverse backbones, and future
work will extend the framework to multimodal and semi-supervised settings.
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