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Highlights 

What are the main findings? 

• To address the distinct geometric characteristics and scale variations of shipwreck targets, SW-
Net was proposed as a specialized encoder-decoder architecture that fuses high-level semantic 
context with fine-grained spatial details through a multi-scale input module and refined skip 
connections. 

• To better capture complex shapes, a directional filter bank and a directional attention mechanism 
are introduced. Steerable Gaussian kernels are used to extract structural boundaries, while 
orientation-specific features are adaptively weighted to reduce the effects of reverberation. 

What are the implications of the main findings? 

• Embedding geometric constraints and directional priors into lightweight architectures proves 
more effective than increasing model depth for distinguishing man-made targets from seabed 
backgrounds. 

• The computational efficiency of SW-Net enables real-time deployment on resource-constrained 
autonomous underwater vehicles for “search-and-inspect” missions, reducing the labor and 
costs of large-scale surveys. 

Abstract 

Side-scan sonar is a critical instrument for underwater cultural heritage preservation, as it allows 
large-scale detection of shipwrecks in turbid waters where optical methods fail. However, the 
automated segmentation of these targets remains a significant challenge, as severe speckle noise and 
complex seabed reverberations often obscure the distinct geometric features of submerge structures. 
To address this challenge, this paper proposes SW-Net, which utilizes a multi-scale input strategy 
and a novel Directional Filter Bank to inject physical priors into the feature extraction process. 
Furthermore, by coupling this with a Directional Attention Mechanism, the network dynamically 
modulates structural features to accurately segment targets despite intensity inversions and speckle 
noise. As demonstrated by the experimental results on the AI4Shipwrecks dataset, the SW-Net 
outperforms five state-of-the-art architectures, achieving the highest intersection over union of 
39.26% and F1-score of 56.38%. In addition, the model exhibits superior robustness against complex 
seabed interference while maintaining the lowest computational complexity of 4.01 million 
parameters among the evaluated methods. Taken together, the SW-Net is proposed to offer a practical 
solution for shipwreck detection on resource-constrained autonomous underwater vehicles. 

Keywords: marine archaeology; side-scan sonar imagery; image segmentation; shipwreck detection; 
directional filter bank 
 

1. Introduction 
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Oceans hide a treasure trove of heritage such as shipwrecks, but they are in danger due to looting, 
the exploitation of marine resources, climate disruption, and pollution [1]. The United Nations 
Educational, Scientific and Cultural Organization (UNESCO) proposed the 2001 Convention on the 
Protection of the Underwater Cultural Heritage safeguard submerged cultural resources and ensure 
their preservation [2]. However, current mapping and characterization of the seabed remain 
significantly less comprehensive than that of terrestrial landscapes [4]. The seabed information deficit 
can lead to critical issues, such as navigation hazards arising from uncharted obstructions and the 
inadvertent destruction of unmapped historical sites during trawling or construction [5]. The 
contradiction between the increasing demand for offshore expansion and the constraints of 
underwater environmental protection is becoming increasingly apparent [6]. Therefore, an efficient 
and reliable target segmentation method is needed, as it can help to acquire information on the 
distribution of shipwrecks, examine their preservation status, and support restoration and protection 
efforts. 

Shipwreck segmentation faces multiple challenges, such as missed segmentation and false 
segmentation due to blurred outlines or complex seabed backgrounds [7,8]. At present, there are two 
main ways of obtaining shipwreck data. One is through manual investigation, which is generally 
carried out by professional divers or manned submersibles [9]. This approach takes heavy workloads, 
poses severe safety risks due to pressure and decompression sickness, has depth limitations, and 
cannot survey vast areas of the ocean floor in real time. Therefore, it is imperative that modern 
technologies be used efficiently to fulfill the demands of monitoring risks to shipwrecks [10]. The 
other is through optical or acoustic remote sensing technology [11]. Optical remote sensing image is 
outstanding in performing high-resolution visual inspection at close range. But in the beginning, the 
cost is very high, and underwater optical images are often degraded by turbidity, light attenuation, 
and scattering, thus it is hard to use this to detect and surveil shipwrecks over large-scale turbid 
waters [12]. In recent years, side-scan sonar (SSS), as an acoustic remote sensing technology mounted 
on autonomous underwater vehicles (AUVs) or tow fish, has been widely applied in the fields of 
marine archaeology, pipeline inspection [13], military mine countermeasures[14], and disaster search 
and rescue, in light of its acoustic imaging capabilities, wide swath coverage, and ability to penetrate 
dark or turbid waters [15,16]. In addition, it can be used and customized freely according to different 
operating frequencies and tow heights. Therefore, it is preferable to allow the SSS-equipped platform 
to perform image acquisition and data collection in the target sea area, thereby enabling the 
acquisition of higher-quality acoustic data, which will facilitate the subsequent identification of the 
required shipwreck features. 

Despite the efficient data acquisition capabilities of SSS, the automatic interpretation of these 
acoustic images remains a formidable bottleneck. Compared with optical photography, SSS imagery 
is fundamentally generated by the interplay of echo intensity and time-of-flight, resulting in data that 
are plagued by severe multiplicative speckle noise, geometric distortions [17], and uneven grayscale 
[18]. For instance, in complex seabed environments, the acoustic return from a corroded shipwreck 
hull is often indistinguishable from that of large rock formations or sand ripples due to low contrast 
and signal scattering. Furthermore, targets are frequently obscured by acoustic shadows or sediment 
accumulation [19], making boundary delineation notoriously difficult. Traditional segmentation 
algorithms based on thresholding or clustering, such as K-means or Markov random fields [20], often 
fail in these scenarios because they cannot accurately delineate objects in underwater sonar images 
characterized by complex textural dependencies in the sonar data [21]. Similarly, standard deep 
learning models designed for terrestrial optical imagery, such as the vanilla U-Net [22] or fully 
convolutional network (FCN) [23], still struggle to capture high-frequency edge details in the 
presence of heavy speckle noise. Recent studies have shown that applying these generic networks 
directly to SSS data often results in fragmented segmentation masks, in which the continuous 
structure of a wreck is broken into disjointed blobs, thereby losing critical structural integrity [24]. 

To address these persistent obstacles in underwater acoustic perception, a novel deep learning 
framework tailored for shipwreck segmentation is presented in this study. Recognizing that standard 
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optical-based networks often struggle with the distinct geometric characteristics and scale variations 
of sonar targets, a specialized encoder-decoder architecture, designated as SW-Net, where SW stand 
for shipwrecks, is constructed to refine feature fusion and bridge the semantic gap between encoding 
and decoding stages. The primary contributions of this research are summarized as follows: 

(1) A specialized encoder-decoder architecture, designated as SW-Net, is constructed to address the 
distinct geometric characteristics and scale variations of shipwreck targets. This framework is 
built upon a U-Net-like backbone but is distinguished by a multi-scale input processing module 
and a sophisticated feature refinement strategy within the skip connections. Instead of a direct 
transfer of features, a two-step enhancement approach is employed to bridge the semantic gap 
between the encoder and decoder. By fusing high-level semantic context with fine-grained 
spatial details, the network is enabled to simultaneously accommodate varying target scales and 
capture the irregular boundaries inherent to underwater structures. 

(2) A directional filter bank (DFB) is proposed to inject physical prior knowledge into the feature 
extraction process, thereby mitigating the impact of heavy speckle noise. Built upon the theory 
of steerable filters, this module utilizes fixed, mathematically defined Gaussian derivative 
kernels rather than randomly initialized weights. Visual information is decomposed into specific 
directional components by synthesizing edge filters at arbitrary orientations. Consequently, 
robust edge features are extracted and meaningful structural boundaries are effectively 
distinguished from acoustic shadows and background reverberation, providing a stable 
initialization for subsequent learning stages. 

(3) A directional attention mechanism (DAM) is developed to explicitly capture orientation-specific 
information and dynamically weigh the importance of different structural directions. Compared 
with standard convolutions that treat all spatial directions uniformly, DAM aggregates 
directional descriptors derived from the DFB to highlight relevant structural features. A channel-
wise gating strategy is further integrated to modulate the fused features, ensuring that the 
network focuses on the most discriminative orientations. Through DAM, the representation of 
complex shipwreck morphologies is significantly enhanced, allowing for the precise 
identification of targets despite intensity inversions or complex seabed textures. 

2. Related Work 

2.1. Semantic Segmentation of Side-Scan Sonar Imagery 

Semantic segmentation of SSS imagery presents a formidable challenge in marine exploration, 
primarily attributable to the inherent acoustic characteristics of the sensor, such as severe speckle 
noise, intensity inhomogeneity, and extreme class imbalance between small targets and the vast 
seabed background [25,26]. Driven by the operational necessity for deployment on AUVs, earlier 
architectural paradigms prioritized computational efficiency [27]; notably, RT-Seg [28] and ECNet 
[25] employed lightweight, depth-wise separable convolutions to enable real-time processing rates. 

However, owing to the limitations of standard convolutional neural networks (CNNs) [29,30] in 
capturing global context, the field has recently witnessed a shift towards hybrid architectures. In 
response to this limitation, recent state-of-the-art models, such as CGF-U-Net [31] and SonarNet [32], 
have incorporated Transformer blocks to enhance global feature extraction. Similarly, the cross-scale 
feature interaction network (CSFINet) [33] addresses feature loss through multiscale interaction. 
Nevertheless, despite these advancements, a critical limitation remains: these models largely treat 
spatial features isotropically. As has been observed in similar synthetic aperture radar (SAR) tasks, 
man-made targets exhibit distinct geometric properties, such as straight edges and regular shapes, 
that distinguish them from natural backgrounds [34–36]. In contrast, current SSS models often fail to 
explicitly leverage these geometric priors, treating the random texture of the seabed and the 
structured edges of a wreck with the same convolutional logic, which leads to boundary blurring 
under low-contrast conditions. 
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2.2. Attention Mechanisms in Computer Vision 

Attention mechanisms have been introduced to enhance the representational power of CNNs by 
enabling networks to focus on informative features while suppressing irrelevant ones [37,38]. General 
attention modules typically operate across channel and spatial dimensions. The Squeeze-and-
Excitation block pioneered channel attention by explicitly modelling inter-channel dependencies [39], 
while the convolutional block attention module (CBAM) integrated spatial attention to guide the 
network on what to look at and where to look [40]. 

However, a significant misalignment arises when applying these generic mechanisms to 
shipwreck segmentation, as off-the-shelf computer vision models often struggle with domain-specific 
patterns. In response to this, fine-tuning is effective in improving CNN transferability and can 
provide remarkable accuracy that outperforms previous state-of-the-art methods [41]. Nevertheless, 
standard attention modules [39,40] are largely orientation-agnostic. These modules tend to enhance 
features driven by activation intensity while lacking explicit mechanisms to model spatial alignment. 
As a result, in sonar imagery, strong echoes may come from either irregular rock formations or man-
made hulls, so relying only on intensity-based attention is not enough. These methods therefore 
struggle to capture orientation-related features, such as linearity and continuity, that help distinguish 
structural edges from background reverberation. 

2.3. Directional Feature Learning 

Directionality is a fundamental attribute of visual perception and is essential for distinguishing 
the regular geometric structures of man-made objects from natural backgrounds [42]. While early 
computer vision explicitly modelled orientation through hand-crafted descriptors [43], most modern 
deep learning frameworks rely on the implicit learning of orientation-sensitive features via 
convolutional kernels, rather than explicit orientation encoding [22,23,44]. To mitigate the inefficiency 
arising from learning multiple transformed instances of the same feature, recent research has 
increasingly focused on transformation-equivariant network designs [45,46]. However, these 
methods often incur a heavy computational burden, making them unsuitable for real-time AUV 
applications. 

In the realm of attention mechanisms, methods such as coordinate attention [47] and large 
selective kernel (LSK) networks [48] have begun to explore dynamic spatial context. Yet, few 
mechanisms are specifically optimized to enhance the sharp, linear edges characteristic of targets in 
noisy environments. Drawing inspiration from shape-constrained segmentation in SAR imagery [49], 
where prior geometric knowledge is incorporated to overcome noise, there is a clear need for a 
lightweight mechanism that explicitly perceives features along critical directions. This need 
motivates the design of our Directional Perception Attention Module, which aims to distinguish 
structural anomalies from the fractal-like speckle noise of the seabed without the overhead of full 
rotational equivariance. 

3. Method 

The overall network architecture of the proposed SW-Net is illustrated in Figure 1. Constructed 
upon a U-Net-like backbone, the SW-Net is specifically engineered to address the distinct geometric 
characteristics of shipwreck targets in SSS imagery. The network follows an encoder–decoder design 
paradigm, facilitating the simultaneous extraction of high-level semantic context and the 
preservation of low-level spatial details. To accommodate the varying scales of underwater targets, a 
multi-scale input processing module is employed at the initial stage. The input image is processed in 
parallel by multiple convolutional branches, each configured with distinct kernel sizes and dilation 
rates. These multi-scale features are subsequently concatenated and fused to form a rich initial feature 
representation. 
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Figure 1. Framework of the SW-Net. 

The encoder path consists of five hierarchical stages, where downsampling is performed via 
max-pooling operations to progressively expand the receptive field and abstract semantic features. 
A distinguishing improvement of the SW-Net is the sophisticated refinement applied to the features 
within the skip connections. Compared with the standard U-Net architectures that directly transfer 
encoder features to the decoder, the proposed model introduces a two-step enhancement strategy to 
bridge the semantic gap. Feature maps from the encoder are first processed by the directional 
attention mechanism, as detailed in Section 3.3, to explicitly highlight orientation-specific structural 
information and suppress noise. 

Following the directional attention, the features are further processed by an offset convolution 
module proposed by [52]. The offset convolution is designed to capture geometric deformations and 
irregular boundaries inherent to shipwreck structures. As shown in Figure 2 and 3, the SW-Net 
contains four parallel convolutional branches with asymmetric padding in four directions: left-
up(LU), left-down(LD), right-up(RU), and right-down(RD). The features produced by these branches 
are then concatenated and fused, allowing the network to adaptively perceive the targets from 
different geometric perspectives. In the decoder, the feature maps are gradually upsampled to restore 
the spatial resolution. These upsampled features are concatenated with the corresponding refined 
features from the offset convolution modules. The fusion strategy ensures that the semantic strength 
of the deep features is effectively combined with the fine-grained structural details preserved by the 
directional enhancements. Finally, a 1×1 convolution layer followed by a Sigmoid activation function 
is utilized to generate the final pixel-wise segmentation probability map. 
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Figure 2. Structure of the offset convolution. 

 

Figure 3. The structure of the directional filter bank. 

3.2. Directional Filter Bank 

Although SSS imagery are difficult for semantic segmentation because of heavy speckle noise, 
targets such as shipwrecks often show clear geometric structures. These structures usually form 
strong edges between bright echoes and acoustic shadows. Standard CNNs initialize kernels 
randomly, meaning they lack structured feature extraction capabilities at the start. To address the 
limitation, the DFB is proposed, as shown in Figure 3. By injecting physical prior knowledge into the 
network, this module extracts robust edge features using fixed, mathematically defined filters. 

The DFB is built upon the theory of steerable filters. The first derivative of a Gaussian function 
is utilized as the core kernel. The Gaussian component smooths out speckle noise [51,52], while the 
derivative operation acts as an edge detector [53]. A standard 2D Gaussian function 𝐺𝐺(𝑥𝑥,𝑦𝑦) with a 
scale σ is defined as: 

𝐺𝐺(𝑥𝑥,𝑦𝑦) = 𝑒𝑒𝑒𝑒𝑒𝑒(−𝑥𝑥2+𝑦𝑦2

2σ2
), (1) 

𝑥𝑥,𝑦𝑦 ∈ ℤ,    − �𝑠𝑠
2
� ≤ 𝑥𝑥, 𝑦𝑦 ≤ �𝑠𝑠

2
�, (2) 

where 𝑥𝑥  and 𝑦𝑦  represent the pixel coordinates, and 𝑠𝑠  represents the kernel size of the Gaussian 
function. 

Based on function (1) and (2), two basis filters are generated. These correspond to the derivatives 
in the horizontal 𝐺𝐺0(𝑥𝑥, 𝑦𝑦)  and vertical 𝐺𝐺90(𝑥𝑥, 𝑦𝑦)  directions. They represent the fundamental 
components of any edge: 

𝐺𝐺0(𝑥𝑥, 𝑦𝑦) = − 𝑥𝑥
σ2
𝐺𝐺(𝑥𝑥,𝑦𝑦), (3) 

𝐺𝐺90(𝑥𝑥, 𝑦𝑦) = − 𝑦𝑦
σ2
𝐺𝐺(𝑥𝑥,𝑦𝑦). (4) 

A key advantage of this approach is computational efficiency. Physical rotation of the input 
image or expensive interpolation is not required. Instead, an edge filter 𝐺𝐺𝜃𝜃(𝑥𝑥, 𝑦𝑦)  at an arbitrary 
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orientation 𝜃𝜃 is synthesized linearly. It is formed by a weighted combination of the two basis filters. 
The steering formula is defined as: 

𝐺𝐺𝜃𝜃(𝑥𝑥, 𝑦𝑦) = 𝑐𝑐𝑐𝑐𝑐𝑐(𝜃𝜃)𝐺𝐺0(𝑥𝑥, 𝑦𝑦) + 𝑠𝑠𝑠𝑠𝑠𝑠(𝜃𝜃)𝐺𝐺90(𝑥𝑥, 𝑦𝑦). (5) 

In the implementation, a bank of 𝐾𝐾 filters is generated. These filters cover discrete orientations 
uniformly distributed from 0 to 𝜋𝜋. The weights are registered as non-trainable buffers in the model. 
They remain fixed during the training process, providing a stable feature extraction mechanism. 
Normalization is also applied to each kernel. The mean is subtracted to ensure a zero sum which 
causes that the filter response approximate to zero in flat or homogeneous regions. As a result, the 
module extracts significant structural as directional responses. 

During the forward pass, the input feature map 𝑋𝑋 of shape (C, H, W) is processed by the DFB. 
The filter bank is applied to every channel of the input independently using grouped convolutions. 
For each input channel, 𝐾𝐾 directional response maps are produced. The final output is a 4D tensor 
of shape (C, K, H, W). This representation decomposes the visual information into specific directional 
components. Consequently, subsequent attention mechanisms are enabled to identify exactly which 
direction contains the most relevant structural information. 

3.3. Directional Attention Mechanism 

To enhance feature representation by explicitly capturing orientation-specific information, the 
directional attention mechanism is proposed, as shown in Figure 4. Compared with standard 
convolutions, which treat spatial directions uniformly, this module dynamically aggregates features 
from multiple orientations based on their saliency and modulates them with global context. 

 
Figure 4. The structure of the directional attention mechanism. 

𝑋𝑋 is a matrix with shape (B, C, H, W) and denoted as the input feature map. First, the input is 
processed by a DFB to yield directional responses 𝑌𝑌 with shape (B, C, K, H, W), where 𝐾𝐾 represents 
the number of orientation channels. 

To determine the importance of each direction, the absolute magnitude of the responses, |𝑌𝑌|, is 
computed to ensure robustness against intensity inversions. Then global average pooling is applied 
across the spatial dimensions (H, W) to obtain a descriptor 𝑔𝑔𝑏𝑏,𝑐𝑐,𝑘𝑘. The descriptor for the 𝑏𝑏-th batch, 
𝑐𝑐-th channel, and 𝑘𝑘-th direction is calculated as: 

𝑔𝑔𝑏𝑏,𝑐𝑐,𝑘𝑘 = 1
𝐻𝐻×𝑊𝑊

 ∑ ∑ �𝑌𝑌𝑏𝑏,𝑐𝑐,𝑘𝑘,𝑖𝑖,𝑗𝑗�𝑊𝑊
𝑗𝑗=1

𝐻𝐻
𝑖𝑖=1 . (7) 

Subsequently, the attention weights 𝛼𝛼  are derived by applying a softmax function along the 
directional dimension 𝐾𝐾: 
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𝛼𝛼𝑐𝑐,𝑘𝑘 = 𝑒𝑒𝑒𝑒𝑒𝑒(𝑔𝑔𝑐𝑐,𝑘𝑘)
∑ 𝑒𝑒𝑒𝑒𝑒𝑒(𝑔𝑔𝑐𝑐,𝑗𝑗)𝐾𝐾
𝑗𝑗=1

. (8) 

These weights are used to aggregate the original signed directional responses 𝑌𝑌. The weighted 
sum produces a directionally fused feature map 𝑌𝑌� . 

𝑌𝑌�𝑏𝑏,𝑐𝑐,𝑖𝑖,𝑗𝑗 = ∑ 𝛼𝛼𝑏𝑏,𝑐𝑐,𝑘𝑘 ∙ 𝑌𝑌𝑏𝑏,𝑐𝑐,𝑘𝑘,𝑖𝑖,𝑗𝑗
𝐾𝐾
𝑘𝑘=1  (8) 

To further refine the features, a channel-wise gating mechanism conditioned on the original 
input 𝑋𝑋  is introduced. The gate is a lightweight bottleneck architecture to capture channel 
dependencies with controlled complexity. Specifically, the channel dimension is compressed by a 
reduction ratio 𝑟𝑟  and then expanded back to 𝐶𝐶 , followed by a Sigmoid activation to generate a 
feature map. The intermediate channel size is defined as: 

𝐶𝐶𝑟𝑟 = �𝐶𝐶
𝑟𝑟
�. (6) 

The aggregated features 𝑌𝑌� are modulated by this gate. Finally, the module utilizes a residual 
connection. The modulated features are fused with the original input 𝑋𝑋 through a 1×1 convolution 
and normalization, ensuring stable gradient propagation. 

4. Experiments and Results 

This section presents the dataset, experimental details, ablation results, and comparative results. 

4.1. Dataset Preparation 

The raw SSS imagery used in this study is sourced from the open-access AI4Shipwrecks dataset 
[54]. To prepare high-quality inputs suitable for deep learning models processing, the original full 
sonar images from different survey sites were first converted into grayscale and preprocessed 
Gaussian filter [55]. After that, the images were segmented into standardized samples. The size of 
each sample is set to 1024 × 1024 pixels. Any segment smaller than this size was padded with zeros 
to create a complete grayscale image as a sample. For the corresponding label masks, shipwreck 
pixels were assigned a value of 1, while background pixels, or non-shipwreck pixels, were assigned 
a value of 0. 

The proportion of shipwreck pixels in the raw SSS imagery is extremely low. Even within images 
containing shipwrecks, the target pixels occupy an average of only 0.8% of the total area. This severe 
class imbalance hinders the model’s ability to effectively capture sparse target features. To address 
this issue, a targeted cleaning strategy was implemented for the training set, with images containing 
only flat, featureless seabed or the nadir gap directly beneath the sonar manually excluded. The 
theoretical basis for this operation is that conventional background features are already sufficiently 
represented in the backgrounds of images containing shipwreck targets. Pure background images 
lack discriminative feature information and constitute data redundancy. Eliminating these samples 
prevents the model from overfitting to the background. This significantly enhances the learning 
efficiency regarding critical shipwreck features. To ensure sample diversity during evaluation, all 
images in the test set were retained. In the end, 1,532 training samples were obtained from 14 survey 
sites, while the test set comprises 1,722 samples derived from a separate set of 15 survey sites. 

4.2. Experimental Details 

All experiments were run on four NVIDIA RTX A6000 GPUs. The models were implemented in 
PyTorch 1.13.1 on Ubuntu 20.04 operating system with CUDA 11.7 support. The Adam optimizer 
was used for training with a learning rate of 0.001, and the batch size was 4 in all experiments. 

4.3. Metrics 
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To quantitatively compare SW-Net with other models, an evaluation framework based on pixel-
level classification accuracy is employed. The evaluation is based on the confusion matrix, which 
classifies each pixel prediction into four categories: True Positive (TP), False Positive (FP), True 
Negative (TN), and False Negative (FN). TP represents pixels correctly identified as part of the 
shipwreck target. FP represents background pixels, e.g., seabed, rocks, or water column, incorrectly 
classified as shipwreck. TN represents background pixels correctly identified as background. FN 
represents actual shipwreck pixels that the model failed to detect. 

Based on these fundamental components, intersection over union (IoU) and F1-score are used to 
evaluate the segmentation quality. IoU is a standard metric in semantic segmentation that measures 
the overlap between the predicted segmentation mask and the ground truth mask. It is calculated as 
the ratio of the area of intersection to the area of the union of the predicted and ground truth regions. 
The formula of IoU is defined as: 

IoU = 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹+𝐹𝐹𝐹𝐹

. (9) 

The F1-score is similar to IoU, ranging from 0 to 1, with 1 indicating perfect overlap. It is often 
preferred when the data are imbalanced, which is common in sonar imagery because shipwreck 
targets occupy a much smaller area than the surrounding seabed background. By doubling the 
weight of TP, the F1-score provides a sensitive measure of how well the model captures the specific 
target features. The calculation of F1-score is given by: 

F1-score = 2𝑇𝑇𝑇𝑇
2𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹+𝐹𝐹𝐹𝐹

. (10) 

In the following experiments results, both IoU and F1-score are utilized to ensure a 
comprehensive evaluation. While IoU provides a robust measure of overall geometric alignment, F1-
score offers insight into the model’s precision and sensitivity regarding the target structure. 

4.4. Performance Comparison 

To validate the effectiveness of the proposed SW-Net for automated shipwreck detection, this 
section presents a performance evaluation combining both quantitative metrics and qualitative visual 
analysis. The SW-Net is benchmarked against five established segmentation architectures—U-Net 
[22], SegNet [44], Attention U-Net [50], UNet++ [51], and MDOAU-Net [52]—to assess its capability 
in handling low-contrast SSS imagery. The evaluation first focuses on statistical performance 
indicators, specifically IoU and F1-score, to quantify the segmentation precision and recall. 
Subsequently, the analysis is extended to a visual inspection of segmentation results across various 
marine environments. This includes scenarios characterized by different degrees of target integrity, 
seabed reverberation, sediment occlusion, and blind zone interference, providing an assessment of 
the model’s robustness and generalization ability in practical underwater archaeological surveys. 

4.4.1. Metrics Comparison 

A quantitative comparison between SW-Net and five other mainstream models—U-Net, SegNet, 
Attention U-Net, UNet++, and MDOAU-Net—is presented in Table 1. In short, the proposed SW-Net 
achieves the best overall performance, with the highest IoU of 39.26% and an F1-score of 56.38%. 
Compared with SegNet and the original U-Net in particular, the SW-Net appears to handle the 
complex outlines of shipwreck targets more effectively in low-contrast SSS imagery. 

Table 1. Quantitative comparison of different segmentation models on the shipwreck SSS dataset. 

Model IoU↑ F1-score↑ TP↑ TN↑ FP↓ FN↓ 
U-Net 36.73% 53.73% 1,749,082 446,650,872 1,004,965 2,007,049 
SegNet 34.93% 49.34% 1,435,003 447,030,398 625,439 2,321,128 

Attention U-
Net 

36.30% 53.27% 1,662,634 446,832,855 822,982 2,093,497 
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UNet++ 36.82% 53.83% 1,746,732 446,669,089 986,748 2,009,399 
MDOAU-Net 37.66% 54.71% 1,709,802 446,872,360 783,477 2,046,329 

SW-Net 39.26% 56.38% 1,753,903 446,944,382 711,455 2,002,228 
↑ indicates higher is better and ↓ indicates lower is better. 

A closer look at the confusion matrix shows that the main strength of the SW-Net is its ability to 
maintain a better balance between sensitivity and precision. Although the standard U-Net detects 
many true positives, it also produces serious over-segmentation, with more than 1 million false 
positive pixels. This suggests that the U-Net has difficulty to distinguishing real shipwreck structures 
from seabed reverberations. By contrast, the SW-Net not only achieves a higher count of true 
positives but also reduces the false positives to 711,455. Compared with U-Net, this is about a 29.21% 
reduction in misclassified background pixels, highlighting the proposed model’s stronger robustness 
against noise and its ability to generate cleaner and more accurate segmentation boundaries. 

Furthermore, the SW-Net outperforms advanced U-Net variants, including Attention U-Net, 
UNet++, and MDOAU-Net. Although the UNet++ and the Attention U-Net show marginal 
improvements over the baseline, they fail to suppress false detections as effectively as the proposed 
method. The closest competitor, MDOAU-Net, exhibits a strong ability to reduce noise with a low 
false positive rate. However, the SW-Net still outdo it by maximizing true positives while 
maintaining the lowest false positive count among all compared models. These results confirm that 
the SW-Net provides the most effective balance of precision and recall. For the purposes of this study, 
it stands out as the most dependable tool for automated shipwreck detection. 

4.4.2. Visualization Results Comparison 

Based on the comparison of the six sets of experimental images, as shown in Figure 5, a 
qualitative analysis of the visualization results is presented. This analysis encompasses various 
seabed environments, ranging from clear targets to complex backgrounds, and extending to scenarios 
involving occlusion and blind zone interference. 

 (I) (II) (III) (IV) (V) (VI) (VII) (VIII) 

 
SSS 

Imagery 
Ground 

truth 
U-Net SegNet Attention 

U-Net 
UNet++ MDOAU-

Net 
SW-Net 

(a) Barge 
_No_1_15_

6 
        

(b) Barge 
_No_1_15_

14 
        

(c) Corsair 
_03_1 

        

(d) 
Corsican 

_06_2 
        

(e) 
Lucinda_va

n 
_Valkenbur

g         

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 23 April 2026 doi:10.20944/preprints202604.1690.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202604.1690.v1
http://creativecommons.org/licenses/by/4.0/


 11 of 22 

 

_17_9 

(f) 
Lucinda_va

n 
_Valkenbur

g 
_18_8 

        

(g) 
WH_Gilber

t 
_01_0 

        

Figure 5. Segmentation results of different models. 

First, scenarios are analyzed where the shipwrecks exhibit relatively clear acoustic features and 
are not buried. Taking images Barge_No_1_15_6 and WH_Gilbert_01_0 as examples, the structures 
in these samples are reasonably intact. When processing the Barge sample, the SW-Net demonstrated 
superior completeness, accurately outlining the overall contour of the shipwreck. Conversely, masks 
generated by other models often exhibited fragmentation or gaps within the shipwreck’s interior. In 
the WH_Gilbert sample, although most models successfully detected the target’s presence, the 
MDOAU-Net, the UNet++, the SegNet, and the U-Net all suffered from over-segmentation, 
erroneously identifying non-shipwreck areas as targets. While the Attention U-Net identified the 
outer contour reasonably well, it lacked the internal detail captured by the SW-Net. The SW-Net 
accurately captured textural changes within the shipwreck, thereby avoiding missed detections 
caused by structural complexity. 

Secondly, the robustness of the models is examined in complex backgrounds, particularly when 
the seabed contains rocky interference with acoustic features similar to shipwrecks. In image 
Barge_No_1_15_14, the target consists of two extremely small debris fragments, one of which is a 
partially buried bow. In this scenario, the MDOAU-Net failed completely and could not recognize 
the target. While the SegNet and the U-Net detected potential targets, they failed to accurately 
segment the contours and missed parts of the wreckage. Furthermore, the UNet++ and the Attention 
U-Net struggled to distinguish interference, mistaking surrounding rocks for the shipwreck. Only 
the SW-Net successfully excluded the rocks and accurately pinpointed the shipwreck’s location. A 
similar phenomenon occurred in Corsican_06_2, where the hull is damaged and lying on its side. The 
MDOAU-Net and the SegNet missed the target again, whereas the SW-Net provided the most 
complete contour recovery. However, it is worth noting that due to the high textural similarity 
between the rocks and the wreck, all models, including SW-Net, misclassified some large rocks as 
shipwreck parts, indicating that this specific scenario remains challenging. 

Finally, extreme cases involving sediment occlusion and targets located in the nadir gap are 
analyzed. In Corsair_03_1, where half of the shipwreck is buried by sand, segmentation is extremely 
difficult. The SegNet failed to identify the target, and while Attention U-Net, MDOAU-Net, and U-
Net detected the shipwreck, they could not reconstruct its shape. Under these occluded conditions, 
the UNet++ and the SW-Net performed best, with SW-Net still yielding a relatively complete contour. 
Regarding large shipwrecks located in the nadir gap, such as the Lucinda_van_Valkenburg series, 
i.e., samples 17_9 and 18_8, all models exhibited varying degrees of structural omission. However, a 
horizontal comparison shows that SW-Net had the fewest omissions and preserved the main 
structure of the shipwreck to the greatest extent. Although the SW-Net misclassified some noise or 
sand within the blind zone as shipwreck parts, this error is acceptable. Since the Nadir Gap is a fixed 
geometric region in sonar imagery, specific false positives generated within this area can be easily 
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corrected through post-processing techniques. Therefore, taken as a whole, the SW-Net demonstrated 
optimal segmentation performance across various complex operating conditions. 

4.5. Ablation Experiments 

To systematically evaluate the contribution of each component, four distinct model variants 
were constructed. The standard U-Net is utilized as the baseline model, where standard skip 
connections are employed to concatenate encoder and decoder features. Subsequently, the OU-Net 
variant was created by replacing these standard skip connections with Offset Convolutions. This 
modification was aimed at testing the capability of deformable operations to handle the irregular 
shapes of shipwrecks. 

Building upon the OU-Net, the MDOAU-Net was developed by introducing two significant 
enhancements. A multi-scale feature fusion module was added to capture context at various 
resolutions. Additionally, a standard Attention Mechanism was incorporated to process the input 
logits before they are passed to the offset convolution layers. Finally, the proposed SW-Net was 
established as the ultimate architecture. While the multi-scale fusion from MDOAU-Net is retained, 
the attention strategy is refined in this model. Specifically, the vanilla attention mechanism is replaced 
by an Offset Convolution with a direct attention module. This design choice is intended to more 
effectively guide the deformable sampling process. 

The analysis begins by examining the transition from the baseline U-Net to the OU-Net 
configuration, as detailed in Table 2. The substitution of standard skip connections with Offset 
Convolution initially precipitated a notable decline in performance metrics. Specifically, the IoU 
decreased from 36.73% to 26.11%. Although the number of false positives was reduced drastically 
from approximately 1.0 million to 0.42 million, this improvement was offset by a sharp reduction in 
true positives and a concurrent increase in false negatives. These results indicate that while Offset 
Convolution possesses the capacity to attenuate noise, its unguided application results in severe 
under-segmentation, thereby causing the model to fail in capturing significant portions of the target 
structure. 

Table 2. Ablation study on the effects of different modules on segmentation performance. 

Model IoU↑ F1-score↑ TP↑ TN↑ FP↓ FN↓ 
U-Net 36.73% 53.73% 1,749,082 446,650,872 1,004,965 2,007,049 

OU-Net 26.11% 41.41% 1,092,845 447,227,575 428,262 2,663,286 
MDOAU-Net 37.66% 54.71% 1,709,802 446,872,360 783,477 2,046,329 

SW-Net 39.26% 56.38% 1,753,903 446,944,382 711,455 2,002,228 
↑ indicates higher is better and ↓ indicates lower is better. 

Subsequent improvements were observed with the MDOAU-Net architecture, which 
incorporated the multi-scale feature fusion module alongside a standard attention mechanism. This 
integration effectively reversed the performance degradation observed in the OU-Net. The IoU 
recovered to 37.66%, thereby surpassing the original U-Net baseline. A critical observation is that the 
MDOAU-Net achieved this enhanced accuracy while maintaining a significantly lower count of false 
positives compared to the baseline, recording 783,477 against 1,004,965. This evidence suggests that 
the synergy between multi-scale context and attention mechanisms empowers the model to 
discriminate between the shipwreck and the background with greater efficacy, even though the true 
positive count remained marginally lower than that of the baseline. 

The proposed model SW-Net, delivered the best overall results. After replacing the conventional 
attention mechanism with the offset convolution and direct attention module, the model reached an 
IoU of 39.26% and an F1-score of 56.38%. Its effectiveness is also reflected in the detailed evaluation 
metrics, which reveals that the SW-Net produced the highest number of true positives at 1,753,903 
among all evaluated models. This metric signifies a heightened sensitivity to shipwreck pixels. At the 
same time, the SW-Net maintained a low false positive rate of 711,455, which is markedly lower than 
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that of the U-Net baseline. The results indicate that the Direct Attention Module helps guide offset 
convolution so that the network can pay closer attention to shipwreck structures without losing 
important spatial details. This allows SW-Net to better balance missed detections and false alarms, 
resulting in more accurate and reliable segmentation. 

4.6. Sensitive Analysis 

This section analyzes the impact of key hyperparameters on the performance of the proposed 
SW-Net. Comparative experiments were conducted to determine the optimal settings for three 
specific parameters which are the Gaussian kernel size, the directional dimension, and the channel 
reduction ratio. The following analysis evaluates how variations in these parameters influence 
segmentation accuracy, focusing on the trade-off between feature preservation and noise suppression 
to identify the most effective configuration for shipwreck detection. 

4.6.1. Sensitive of Kernel Size 

The kernel size sensitivity analysis shows clear differences in how SW-Net extracts features and 
performs segmentation. The results presented in Table 3 indicate that the model with a kernel size of 
5 produced the highest number of true positives, reaching 1,782,542 pixels. However, this stronger 
sensitivity also led to the highest number of false positives, with 960,153 pixels incorrectly identified, 
indicating that the model was too aggressive at this scale and tended to over-segment background 
noise as shipwreck targets. When the kernel size was increased to 7, this problem was reduced 
noticeably. False positives dropped by about 26%, while the true positive count remained similar at 
1,753,903 pixels. This better balance between precision and recall gave the model its best overall 
performance, with the highest IoU of 39.26% and an F1-score of 56.38%. 

Table 3. Comparison of model performance with varying kernel sizes. 

Kernel Size IoU↑ F1-score↑ TP↑ TN↑ FP↓ FN↓ 
3 38.34% 55.43% 1,617,925 447,192,406 483,431 2,118,206 
5 37.96% 55.02% 1,782,542 446,715,684 960,153 1,953,589 
7 39.26% 56.38% 1,753,903 446,944,382 711,455 2,002,228 
9 36.10% 53.05% 1,608,874 446,955,581 720,256 2,127,257 

11 38.02% 55.10% 1,596,984 447,211,975 463,862 2,139,147 
↑ indicates higher is better and ↓ indicates lower is better. 

At the boundaries of the tested kernel size range, the model exhibited markedly more 
conservative tendencies. Specifically, the largest kernel size of 11 produced the fewest true positives 
of all settings, suggesting that an overly large receptive field may weaken the local details needed for 
accurate target recognition. Similarly, the smallest kernel size of 3 achieved a low false positive rate 
but failed to capture the full extent of the target as well as the medium-sized kernels. In addition, the 
performance fluctuation can be observed at a kernel size of 9, where the IoU fell to its minimum of 
36.10%, underscores that the relationship between receptive field size and segmentation accuracy is 
not linear. Overall, the experimental results indicate that a kernel size of 7 achieves superior 
performance, as it offers the strongest balance between detecting shipwreck targets and limiting the 
false alarms that are more common with smaller kernels. 

4.6.2. Sensitive of Directional Dimension 

The sensitivity analysis concerning the directional dimension parameter elucidates a complex 
trade-off between segmentation recall and precision. The detailed examination of the confusion 
matrix metrics presented in Table 4 reveals that the model configured with 4 directional dimensions 
generated the highest volume of true positives at 1,886,790 pixels. However, this configuration also 
produced the maximum number of false positives at 1,264,845 pixels, which suggests that the model 
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adopts an overly confident and aggressive prediction strategy at this dimensionality that prioritizes 
the retrieval of potential target pixels at the cost of introducing significant background noise. 
Consequently, despite achieving the highest F1-score of 56.79% due to the sheer volume of detected 
targets, the overall structural accuracy as measured by the IoU declined to 37.73%. 

Table 4. Comparison of different directional dimensions on segmentation performance. 

Directional 
Dimension 

IoU↑ F1-score↑ TP↑ TN↑ FP↓ FN↓ 

2 39.33% 56.46% 1,724,250 447,028,296 647,541 2,011,881 
4 37.73% 56.79% 1,886,790 446,410,992 1,264,845 1,849,341 
8 39.26% 56.38% 1,753,903 446,944,382 711,455 2,002,228 

16 36.50% 53.48% 1,564,955 447,124,208 551,628 2,171,176 
32 39.14% 56.25% 1,757,756 446,920,534 755,303 1,978,375 

↑ indicates higher is better and ↓ indicates lower is better. 

Moreover, the configuration utilizing 2 directional dimensions demonstrated a more 
conservative and precise behavior. The setting achieved the highest IoU of 39.33% by effectively 
suppressing false positives to 647,541 pixels, which is nearly half the error rate observed in the 4-
dimension model. Furthermore, increasing the dimensionality to 16 resulted in the poorest 
performance across most metrics, yielding the lowest true positive count of 1,564,955 and the 
minimum F1-score of 53.48%. This significant drop indicates that an intermediate increase in 
directional dimensions may excessively constrain the feature space and lead to the loss of valid target 
details. Ultimately, while the 4-dimension model offers the greatest capacity for target detection, the 
2-dimension configuration provides the optimal balance for accurate segmentation by minimizing 
misclassification errors. 

4.6.3. Sensitive of Channel Reduction Ratio 

The analysis of the channel reduction ratio shows that a moderate reduction factor gives the best 
trade-off between feature representation and segmentation performance. In particular, the model 
with a reduction ratio of 4 achieved the best overall results in Table 5, with the highest IoU of 39.26% 
and the highest F1-score of 56.38%. This setting also produced the largest number of true positives, 
reaching 1,753,903 pixels. These results suggest that reducing the channel dimension by a factor of 4 
can retain important spatial information while removing unnecessary feature redundancy. 

Table 5. Comparison of different channel reduction ratios on segmentation performance. 

Channel 
Reduction 

Ratio 
IoU↑ F1-score↑ TP↑ TN↑ FP↓ FN↓ 

1 37.65% 54.70% 1,726,648 446,825,928 849,909 2,009,483 
4 39.26% 56.38% 1,753,903 446,944,382 711,455 2,002,228 

16 38.49% 55.58% 1,632,441 447,170,661 505,176 2,103,690 
↑ indicates higher is better and ↓ indicates lower is better. 

In contrast, a reduction ratio of 1 gave weaker results, with the lowest IoU of 37.65% and the 
highest false positive count of 849,909 pixels. This indicates that without any channel reduction, the 
model may retain too much noise in the feature maps, which reduces segmentation precision. When 
the reduction ratio was increased to 16, the model became much more conservative. Although this 
high reduction ratio minimized false positives to the lowest observed value of 505,176 pixels, it 
simultaneously caused a significant drop in true positives to 1,632,441 pixels and increased false 
negatives to 2,103,690 pixels. This pattern implies that too much channel reduction can remove 
important fine details needed to detect subtle shipwreck structures. Therefore, a reduction ratio of 4 
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is identified as the best setting, as it provides a better balance between accurate target detection and 
suppression of background errors. 

4.6.4. Summary of Sensitivity Analysis 

The comprehensive sensitivity analyses conducted on the window size, the number of heads, 
and the channel reduction ratio collectively elucidate the influence of hyperparameter configuration 
on the network’s predictive capability. It is observed that variations in these structural parameters 
lead to discernible fluctuations in segmentation metrics, which indicates that specific configurations 
are necessary to maximize the trade-off between feature aggregation and computational efficiency. 
However, a broader evaluation of these experimental outcomes reveals the inherent robustness of the 
proposed architecture. Although changing the parameter settings affects the exact numerical results, 
the performance of the SW-Net remains consistently high. Even under less optimal settings, the 
segmentation accuracy achieved by the proposed model generally exceeds that of the baseline models 
used for comparison. This consistent advantage suggests that the core architectural design of SW-Net 
provides a resilient foundation for semantic segmentation tasks that is not overly dependent on 
precise hyperparameter tuning. 

4.7. Parameter Scale Comparation 

Based on the comparison of model parameter size and computational speed, the results show 
that the SW-Net achieves a better balance between efficiency and performance than the other models. 
As listed in Table 6, the traditional U-Net, SegNet, and Attention U-Net all require relatively high 
computational cost. Among them, the Attention U-Net has the heaviest computational burden with 
34.88 million parameters and 266.23G floating point operations, followed by the U-Net with 31.04 
million parameters and 218.65G floating point operations. While the SegNet lowers the computation 
to 160.22G floating point operations, it still has a large parameter count of 29.44 million. 

Table 6. Quantitative comparison of segmentation performance, parameter scale, and computational cost across 
different network architectures. 

Model IoU↑ 
Number of 

parameters(M)↓ 
FLOPs(G)↓ 

U-Net 36.73% 31.04 218.65 
SegNet 34.93% 29.44 160.22 

Attention U-Net 36.30% 34.88 266.23 
UNet++ 36.82% 9.16 139.46 

MDOAU-Net 37.66% 4.09 59.48 
SW-Net 39.26% 4.01 41.45 

↑ indicates higher is better and ↓ indicates lower is better. 

A significant improvement in efficiency is observed with the UNet++, which drastically reduces 
the parameter count to 9.16 million and the computational cost to 139.46G floating point operations, 
all while maintaining a competitive IoU of 36.82%. Further optimization is evident in the MDOAU-
Net, which lowers the parameters to 4.09 million and the operations to 59.48G floating point 
operations, achieving an IoU of 37.66%. 

However, the most optimal results are delivered by the SW-Net. This model requires the fewest 
resources, utilizing only 4.01 million parameters and 41.45G floating point operations. Despite being 
the most lightweight and computationally efficient architecture among those tested, the SW-Net 
simultaneously attains the highest segmentation accuracy with an IoU of 39.26%. These findings 
indicate that the SW-Net effectively minimizes model complexity and computational demand 
without compromising segmentation performance, making it highly suitable for applications where 
computational resources are limited. 
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5. Discussion 

The central hypothesis of this study was that man-made underwater targets, specifically 
shipwrecks, possess distinct geometric directionalities that distinguish them from the fractal-like, 
isotropic texture of the natural seabed. The experimental results strongly validate this hypothesis. 
Standard CNN architectures, such as the U-Net [22] and the SegNet [44], utilize randomly initialized 
kernels that treat all spatial directions uniformly. Consequently, our comparison shows that these 
models struggle to differentiate between the high-frequency speckle noise of the seabed and the 
structural edges of shipwrecks, leading to a high number of false positives, exceeding one million 
pixels for U-Net. 

Previous studies in sonar segmentation have generally bifurcated into two paradigms: 
lightweight convolutional models prioritizing real-time AUV navigation, such as the RT-Seg [28] and 
the ECNet [25], and heavy, context-aware models incorporating Transformers or complex attention 
mechanisms, such as the SonarNet [32] and the CSFINet [33]. The former often sacrifice fine-grained 
detail for speed, while the latter incur computational costs that can be prohibitive for edge 
deployment. 

The results obtained in this study show that a task-oriented network design can better handle 
the inherent challenges of SSS imagery than generic segmentation models [56]. From the perspective 
of previous studies, most of deep learning–based approaches for sonar target detection have focused 
on improving feature aggregation [54,57] or introducing attention mechanisms to reduce noise; 
however, directional information is often handled only indirectly or treated as isotropic. The 
performance of the SW-Net suggests that explicitly modelling directional priors—consistent with the 
physical imaging characteristics of SSS—is important for distinguishing man-made structures from 
complex seabed backgrounds. This finding supports the hypothesis that embedding physically 
meaningful constraints into network design can improve feature discriminability without depending 
only on increased model depth or parameter count. 

The results indicate that lightweight models can match or even outperform more complex 
approaches when their internal feature processing is carefully aligned with domain-specific 
characteristics. Compared with recently proposed transformer-based or heavily parameterised 
models for sonar segmentation, the SW-Net demonstrates that higher accuracy does not have to come 
from extensive global context modelling at the expense of computational efficiency. This balance is 
particularly important for remote sensing tasks involving AUVs, where onboard processing 
capability and energy use are tightly limited. As such, the findings add to an ongoing discussion 
within the remote sensing community regarding the trade-off between model complexity and 
practical deployment in real survey environments. 

The SW-Net challenges this trade-off by demonstrating that high-level feature extraction does 
not strictly require deeper layers or self-attention blocks. By utilizing non-trainable Gaussian 
derivative filters, the burden of learning edge detection was effectively offloaded from the 
optimization process. This resulted in a model with only 4.01 million parameters—significantly fewer 
than the 31.04 million of the baseline U-Net and the 34.88 million of the Attention U-Net—while 
simultaneously achieving state-of-the-art accuracy with a 56.38% F1-score. This implies that for 
specific domain tasks like sonar interpretation, integrating signal processing theory such as steerable 
filters into deep learning is a more efficient pathway than blindly increasing model depth. 

The experimental results show that the SW-Net strikes a better balance between segmentation 
accuracy and computational efficiency compared to current state-of-the-art models. Conventional 
CNN-based methods, such as U-Net and SegNet, often struggle with the speckle noise and uneven 
intensity in SSS imagery. By contrast, the SW-Net, by enforcing a directional prior through the DFB, 
achieved a substantial reduction in background noise misclassification. Traditional convolutional 
layers rely on random initialization to learn features, which often leads to the overfitting of high-
frequency speckle noise in the early training stages. By incorporating fixed Gaussian derivative 
kernels, the SW-Net forces the network to focus on geometric regularities—specifically the straight 
lines and sharp angles characteristic of man-made shipwrecks—rather than the fractal-like texture of 
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the natural seabed. This aligns with the visual perception principle that directionality is a key 
discriminator for artificial targets in noisy environments. However, a closer look at the ablation study 
provides a clearer understanding of how this improvement comes about. The ‘OU-Net’ variant, 
which employed deformable (offset) convolutions without directional guidance, suffered a 
catastrophic performance drop, with IoU falling to 26.11%. This suggests that while shipwreck shapes 
are irregular, providing the network with unconstrained geometric flexibility (via offset 
convolutions) leads to degenerate solutions where the model fails to latch onto meaningful 
boundaries. Without the guidance of the Directional Attention Mechanism, the offset convolution 
lacks the necessary cues to focus on structural boundaries, leading to unconstrained sampling and 
under-segmentation. The success of the full SW-Net confirms that directional priors act as a necessary 
constraint, guiding the deformable modules to focus on valid structural edges. It is the synergy 
between explicit directional extraction and adaptive deformation that enables the SW-Net to capture 
the irregular and often fragmented morphology of shipwrecks. This finding refines the 
understanding of deformable convolutions in sonar analysis and shows that they require explicit 
spatial attention to function effectively in low signal-to-noise ratio (SNR) environments. 

A notable advantage of the SW-Net is its lightweight architecture. In the domain of underwater 
robotics, computational resources are often severely constrained. Compared with the Attention U-
Net, which relies on computationally expensive attention blocks, or Transformer-based approaches 
that require heavy matrix multiplications, the SW-Net utilizes non-trainable filter banks and efficient 
channel reduction strategies. This design choice reduces the parameter count to approximately 4.01 
million—significantly lower than the 31.04 million required by the baseline U-Net—while 
simultaneously improving the IoU by 2.52%. This reduction in computational overhead renders the 
SW-Net highly suitable for deployment on edge computing devices embedded in AUVs, facilitating 
real-time onboard processing. 

In the application context, the efficiency of the SW-Net has potential implications for the “Blue 
Economy” and marine archaeology. Reliable automated detection of shipwrecks can significantly 
reduce the reliance on manual interpretation by experts, thereby improving survey efficiency and 
enabling large-scale analysis of sonar datasets. The current standard for shipwreck search involves 
post-processing data after the survey vessel returns to port, which causes delays between detection 
and verification. The extremely low computational cost of the proposed framework indicates 
feasibility for deployment on embedded hardware within AUVs. This would enable “search-and-
inspect” missions where an AUV detects a target in real-time and immediately alters its trajectory to 
capture high-resolution optical verification, drastically reducing the cost and complexity of 
underwater heritage protection. 

Despite these advancements, qualitative analysis reveals certain limitations. As observed in the 
Corsican samples, the model occasionally generates false positives in areas containing large rock 
formations. This misclassification arises because such rocks exhibit high acoustic reflectivity and 
geometric shadows similar to those of shipwrecks. Although the SW-Net suppresses background 
noise more effectively than competing models, distinguishing between natural, rock-like mimics and 
varying degrees of shipwreck debris remains a challenge solely based on single-frequency acoustic 
intensity. Furthermore, while the model performs robustly under sediment occlusion, extremely 
fragmented targets with weak acoustic returns may still suffer from minor structural omissions. 

Future research should therefore look beyond single-modality segmentation. One promising 
direction is to combine SSS with bathymetric data or magnetometer readings, which can provide 
information on physical volume or metallic properties to help distinguish real targets from rock-like 
features. In addition, making use of the temporal consistency in sonar data may improve robustness 
against short-term noise, supporting more reliable detection in fully autonomous underwater 
archaeological surveys. 

Overall, the results indicate that incorporating physical and geometric priors into deep learning 
models is a useful direction for improving the interpretation of acoustic remote sensing data. 
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6. Conclusions 

This study introduces SW-Net, a deep learning framework designed for the automated detection 
and segmentation of shipwrecks in SSS imagery, and evaluates its performance through a series of 
experiments. To address common challenges such as heavy speckle noise, target deformation, and 
severe class imbalance, a tailored encoder-decoder architecture was proposed to bridge the gap 
between signal processing priors and deep feature learning. 

The core contribution of this work is the combined use of a non-trainable DFB and a learnable 
Offset Convolution module. By incorporating physical knowledge of edge direction into the feature 
extraction, the model becomes more responsive to man-made structures while reducing interference 
from seabed reverberation. Based on experiments conducted on the AI4Shipwrecks dataset, SW-Net 
outperformed five other recent models, achieving an F1-score of 56.38% and an IoU of 39.26%, thereby 
reaching a state-of-the-art level. Notably, it required relatively low computational cost, making it 
both efficient and environmentally friendly. The results also show that designing a tailored 
framework like DFB could help balance computational effectiveness and efficiency, which makes it 
suitable for practical underwater detection and cultural heritage preservation. Overall, this work 
contributes to current image segmentation research, especially in the field of shipwreck detection. 

Besides, the findings show that embedding geometric constraints into deep networks effectively 
tackles the challenges of low-contrast sonar data. Future work may proceed in two main directions. 
One is adapting the model for deployment on embedded systems to evaluate its performance under 
real-time survey conditions. The other is exploring multi-modal approaches, such as combining 
bathymetric data or multi-frequency sonar imagery, to better distinguish shipwrecks from complex 
geological features. 
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