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Highlights

What are the main findings?

* A lightweight coarse-to-fine SSS object detection framework with Target Presence Anal-
ysis (TPA) module

¢ Achieved an ultra-fast inference speed of 174.74 FPS on embedded platforms while
maintaining higher detection accuracy and recall compared to state-of-the-art models
like YOLOv11m.

What is the implication of the main finding?

e The target presence-aware strategy significantly reduces computational redundancy
and energy consumption, enabling real-time ocean observation for resource-constrained
AUVs during long-duration missions.

Abstract

Side-scan sonar (SSS) imaging plays a critical role in underwater perception for autonomous
underwater vehicles (AUVs). However, the spatial sparsity of targets and the limited com-
putational resources remain challenging for real-time object detection. Existing methods
typically adopt dense inference strategies, leading to substantial computational redun-
dancy and limited deployment feasibility. In this work, we propose a lightweight and
ultra-fast SSS object detection framework based on target presence awareness. The pro-
posed framework follows a coarse-to-fine inference paradigm, in which a target presence
analysis module is first employed to rapidly filter out target-absent image patches, and
only target-positive patches are forwarded to an Object Forward Detection (OFD) module
for fine-grained detection. The TPA module integrates spatial-frequency convolution to
efficiently capture both local structural cues and global contextual information with mini-
mal computational overhead. Furthermore, an AttnConv-enhanced detection module is
introduced in the OFD stage to strengthen high-frequency target features and improve
fine-grained detection performance. Extensive experiments on public SSS datasets demon-
strate that the proposed method achieves an mAP of 74.63% on the Al4Shipwrecks dataset
and 63.02% on the SSS-Mine dataset. Notably, the framework delivers an ultra-fast in-
ference speed of 174.74 FPS on embedded hardware, representing a 5.2 x speedup over
conventional dense-processing detection methods.

Keywords: object detection; side-scan sonar; lightweight detection; target presence awareness

Remote Sens. 2026, 18, 1679

https://doi.org/10.3390/rs18111679


https://crossmark.crossref.org/dialog?doi=10.3390/rs18111679&domain=pdf&date_stamp=2026-06-01
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/remotesensing
https://www.mdpi.com
https://orcid.org/0000-0001-8250-7013
https://orcid.org/0000-0002-2971-7828
https://doi.org/10.3390/rs18111679

Remote Sens. 2026, 18, 1679

2 0f22

1. Introduction

Side-scan sonar (SSS) has become a fundamental sensor for autonomous underwater
vehicles in a wide range of underwater applications, including seabed mapping, marine
debris inspection, and target recognition [1-3]. As illustrated in Figure 1, automatic and
real-time object detection from SSS images plays a crucial role in enabling reliable under-
water perception and decision-making for long-duration autonomous missions. Despite
its advantages, efficient object detection in high-resolution SSS images remains highly
challenging due to several intrinsic characteristics of sonar images [4].

The imaging mechanism of SSS differs fundamentally from that of conventional
optical CCD sensors. Unlike optical cameras, which capture discrete area-based frames,
SSS operates using a line-by-line scanning strategy. As the Autonomous Underwater
Vehicle (AUV) advances, the transducer continuously emits acoustic pulses and records
the corresponding backscattered intensity along a narrow swath perpendicular to the
direction of motion. These successive acoustic returns are then sequentially aggregated
along the vehicle’s trajectory to generate a continuous waterfall image. As a result, SSS
imagery typically exhibits elongated, strip-like structures, enabling coverage of large-scale
seabed regions. To accommodate memory and computational constraints, these images are
commonly divided into multiple patches for sequential processing. Moreover, underwater
environments are dominated by background regions such as sandbeds, mudflats, and
uniform seabed textures, while meaningful targets such as shipwrecks, pipelines, or man-
made objects appear sparsely and occupy only a small fraction of the image area [5]. As a
result, the majority of neural network computations are expended on background regions
that do not contribute to effective target recognition.

S 5 s

Side-Scan Sonar Image

Figure 1. The overview of real-time SSS image detection in resource-constrained AUV environments.

Early underwater object detection approaches primarily relied on handcrafted feature
extraction and statistical modeling. Among these, the Constant False Alarm Rate (CFAR)
detection is a representative technique, which identifies targets by comparing pixel inten-
sities against adaptive thresholds derived from local background statistics [6]. However,
these traditional methods possess inherent limitations. They rely heavily on manually se-
lected parameters and heuristic thresholds, which lack adaptability to varying underwater
environments. In the presence of complex seabed reverberations, low signal-to-noise ratios
(SNR), and non-uniform intensity distributions, traditional detectors often suffer from high
false alarm rates and poor robustness, failing to capture the high-level semantic features of
diverse targets.
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To overcome these bottlenecks, traditional machine learning (ML) methods were
introduced, shifting the focus from heuristic rules to statistical classification based on
handcrafted features. These approaches typically involve a two-stage pipeline: feature
extraction followed by a supervised classifier. Researchers have explored various texture
and geometric descriptors, such as Haar-like features [7], Local Binary Patterns (LBP) [8],
and Histograms of Oriented Gradients (HOG) [9], to represent sonar targets. For instance,
support vector machines (SVM) have been widely employed to distinguish targets from
complex seabed clutter [10]. While traditional ML methods offer better generalization than
simple signal processing, they still rely heavily on manual feature engineering, which is
labor-intensive and often fails to capture the subtle, non-linear acoustic characteristics of
diverse underwater objects in dynamic environments.

Driven by the need for more robust representations, deep learning (DL)-based methods
have emerged as the dominant paradigm. Most current SSS object detection methods [11,12]
adopt a one-stage or dense-processing paradigm, where all image patches are processed uni-
formly by deep neural networks regardless of whether targets are present. Song et al. [13]
introduced a real-time detection framework for AUVs based on self-cascaded convolu-
tional neural networks, aiming to improve inference efficiency. Le et al. [14] explored
the use of deep neural networks for underwater object detection by replacing conven-
tional convolutional layers with Gabor-based filters, which enhanced sensitivity to small
targets. Cao et al. [15] employed the single-stage detector to extract candidate obstacle
regions from sonar imagery, while Zhang et al. [16] adopted transfer learning to construct
a forward-looking sonar target detection model based on YOLOv10. To further enhance
feature representation, Yu et al. [17] combined YOLOv11 with transformer modules, in-
troducing attention mechanisms and multi-scale down-sampling operations. In addition,
Zhang et al. [16] developed a self-training sonar target detection framework using auto-
mated deep learning, incorporating a memory-efficient differentiable architecture search
strategy to support large input sizes and flexible network configurations. Although these
methods achieve promising recognition accuracy, they suffer from substantial computa-
tional redundancy and are ill-suited for real-time deployment on resource-constrained
AUV platforms.

As illustrated in Figure 2, the majority of sonar image patches contain no targets of
interest. Based on this observation, we propose an ultra-fast SSS object detection framework
driven by target presence awareness. Instead of directly applying computationally expen-
sive fine-grained recognition to all image patches, a coarse-to-fine inference strategy is
adopted. Specifically, a lightweight target presence analysis module (TPA) is first employed
to rapidly determine whether a given image patch potentially contains a target. Only
patches identified as target-positive are subsequently forwarded to a fine-grained recogni-
tion network for accurate target identification, while target-absent patches are discarded
at an early stage. The TPA module is designed to be highly efficient and recall-oriented,
ensuring that potential targets are preserved while significantly reducing unnecessary
computation. Quantitative evaluations on representative public SSS datasets indicate that
the proposed framework exhibits a favorable balance between detection performance and
computational efficiency. Specifically, the target presence-aware strategy demonstrates the
potential to significantly improve inference throughput for high-resolution SSS imagery,
achieving an inference speed of 174.74 FPS on embedded hardware while maintaining
accuracy levels competitive with state-of-the-art dense-processing models. Experimental
results suggest that by effectively bypassing target-absent regions, the method can reduce
inference latency and energy footprints. This makes it a promising candidate for real-time
underwater target recognition, particularly for autonomous missions where computational
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resources and power budgets are constrained. The main contributions of this paper are
summarized as follows:

(1) We propose a lightweight target presence-aware recognition framework for large-
scale high-resolution SSS images, which explicitly exploits the sparsity of underwater
targets to reduce redundant computation;

(2) A fast target presence analysis module is designed to efficiently filter out target-
absent sonar patches before fine-grained recognition, thereby enabling a coarse-to-fine
inference strategy;

(8) Ultra-fast and energy-efficient target recognition performance is achieved while main-
taining competitive accuracy, making the proposed method suitable for real-time
deployment on resource-constrained underwater platforms.
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Figure 2. Patch-based SSS Image Object detection. (a) Original SSS Image. (b) Statistical distri-
bution of background and target patches (c) The proposed target presence-aware coarse-to-fine
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detection strategy.

1.1. Traditional SSS Object Detection Related Works

Existing underwater object detection approaches can be broadly categorized into
traditional signal-processing-based methods and learning-based methods. Early studies
mainly focused on handcrafted feature extraction and statistical modeling techniques.
Motion-based approaches, such as frame differencing and optical flow, have been widely
used for detecting moving underwater targets, while morphological filtering techniques
have been adopted to enhance target structures and suppress background interference.

Among these methods, constant false alarm rate (CFAR) detection has been one of
the most commonly used techniques for sonar target detection, where pixel intensities
are compared against adaptive thresholds derived from local background statistics [6].
To improve detection efficiency on high-resolution SSS images, ACA-CFAR [18] extends
the conventional CA-CFAR scheme to a two-dimensional analysis framework inspired by
integral image representations, significantly reducing computational cost. Based on the
CA-CFAR paradigm, Villar et al. [19] achieved pipeline detection in sonar imagery, while
Rahnemoonfar et al. [20] combined top-hat transformation and morphological operations
for seagrass identification in sonar images.

Despite their simplicity and interpretability, traditional detection methods generally
suffer from limited adaptability to varying underwater environments. Their performance
is highly sensitive to manually selected thresholds and parameter settings, which are often
tailored to specific scenarios. When applied to sonar images with low signal-to-noise ratios,
non-uniform intensity distributions, and complex seabed backgrounds, these methods tend
to exhibit degraded detection performance.

1.2. Deep Learning-Based SSS Object Detection Related Works

Deep learning approaches have increasingly dominated SSS image analysis due to
their powerful feature learning capabilities. Early works explored bespoke convolutional
architectures for sonar object detection; for instance, Song et al. [21] introduced a self-
cascaded CNN for real-time underwater detection, and Palomeras et al. [22] proposed a
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detection—classification framework with probabilistic grid mapping to reduce false positives
in mine-like target detection.

Single-stage detectors such as YOLO variants have been adapted for sonar imagery,
with Cao et al. [15] employing YOLOVS for obstacle detection and Zhang et al. [16] using
transfer learning with YOLOvV10 for forward-looking sonar targets. Recently, Detection
Transformers (DETR) [23] and their variants have emerged as a powerful paradigm for
capturing long-range dependencies via global self-attention mechanisms. For instance,
LUW-DETR [24] has been explored for sonar target recognition to overcome the limitations
of local receptive fields in standard CNNs. However, while DETR-based architectures
eliminate the need for hand-crafted components like non-maximum suppression (NMS),
they often incur high computational costs and slow convergence, which are particularly
problematic for real-time deployment on resource-constrained AUVs. Furthermore, the
global attention mechanism inherent in DETR can act as a low-pass filter, potentially
suppressing the high-frequency structural cues necessary for detecting small-scale mine-
like objects.

Recent works extend beyond detection to segmentation and classification sub-tasks
in sonar imagery, recognizing the importance of richer scene understanding. Lei et al.
proposed SonarNet, a global feature-based hybrid attention network tailored for SSS image
segmentation that combines dual encoders with adaptive hybrid attention for enhanced
global and local feature fusion, significantly outperforming several state-of-the-art saliency
detection baselines on dedicated sonar datasets [25]. Lei et al. also introduced Si-GAT, a
graph structure-based network that explicitly integrates features from both bright target
regions and their acoustic shadows to better capture spatial context and improve classifica-
tion accuracy in SSS images [26]. Complementarily, Si et al. developed an unsupervised
method to detect and segment shadow areas associated with sunken targets, addressing
the challenge that shadows often carry distinct physical information yet are overlooked in
typical supervised pipelines [27].

Other deep learning applications include approaches for structural inspection and tar-
get characterization, such as leveraging deep models for high-resolution sonar detection of
local damage in underwater structures [28], and multi-scale fusion with efficient feature ex-
traction to enhance sonar object detection performance [29]. Traditional methods continue
to evolve, with strategies such as speckle reduction plus scene prior modeling demonstrat-
ing effectiveness for forward-looking sonar detection [30], and multilevel feature fusion
networks like MLFFNet providing improved robustness on noisy sonar benchmarks [31].
Integrating attention mechanisms with YOLOV? has also shown gains in target detec-
tion under SSS imaging conditions [32], while prior work on small target detection with
forward-looking sonar has contributed foundational algorithmic insights [33,34].

Despite these advances, most existing deep learning methods still rely on dense in-
ference paradigms that process all image regions equally and often lack explicit modeling
of sonar-specific contextual priors such as acoustic shadow formation, range-dependent
resolution variation, and geometric distortions intrinsic to SSS imaging. Moreover, seg-
mentation, classification, and detection are frequently treated as separate tasks, leading to
fragmented modeling of global context and target-shadow relationships. These limitations
motivate the development of more efficient, physics-aware sonar vision frameworks that
unify detection, segmentation, and contextual reasoning within a cohesive architecture.

2. Materials and Methods

This section presents the proposed target presence-aware SSS object detection frame-
work in detail.

https://doi.org/10.3390/rs18111679


https://doi.org/10.3390/rs18111679

Remote Sens. 2026, 18, 1679

6 of 22

2.1. Overall Structure

The overall architecture of the proposed target presence-aware SSS object detection
framework is illustrated in Figure 3. The framework is designed following a coarse-to-fine
inference paradigm, explicitly exploiting the sparsity of targets in high-resolution SSS
images to reduce redundant computation.

Given a high-resolution SSS image, the image is first divided into a set of local patches
according to the strip-like acquisition geometry and memory constraints of AUV plat-
forms. Instead of uniformly applying a computationally expensive detection network to
all patches, the proposed framework introduces a lightweight TPA module as an early
filtering stage. The TPA module rapidly evaluates each patch and estimates whether it
potentially contains a target of interest. Only patches classified as target-positive by the TPA
module are forwarded to the subsequent Object Forward Detection (OFD) module, which
performs fine-grained object detection and localization. Patches identified as target-absent
are discarded at an early stage, thereby avoiding unnecessary computation. By decoupling
target presence estimation from fine-grained object detection, the proposed framework
significantly reduces inference latency and energy consumption while maintaining compet-
itive detection accuracy. Algorithm 1 presents the overall processing of the proposed target
presence-aware SSS object detection framework.

Target J—
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Figure 3. The overall structure of target presence-aware SSS object detection framework.

2.2. Target Presence Analysis Module

The Target Presence Analysis (TPA) module is designed to efficiently determine
whether an input SSS image patch contains potential targets, while incurring minimal
computational overhead. To enhance feature representation without sacrificing efficiency,
each input patch is first processed by a 3 x 3 convolutional layer for preliminary feature
extraction, and the resulting feature maps are subsequently fed into the TPA module.

To enable effective target presence perception under complex sonar backgrounds, as
illustrated in Figure 4, the TPA module incorporates a spatial-frequency convolution fusion
mechanism. By leveraging Fourier-domain operations, the module is able to efficiently
capture global contextual information. According to Fourier theory, point-wise operations
in the spectral domain correspond to global receptive fields in the spatial domain, allowing
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long-range dependencies to be modeled with low computational cost. Specifically, given
an input feature map X € RE*W*C the TPA module processes it through two parallel
branches operating in the spatial and frequency domains, respectively.

p———— [ Frequency-domain Branch ]_ -

Conv-BN-ReLu
LowPass Filter

Conv-BN-ReLu

1x1Conv
BN-ReLu

e

= =
= =
] L
2l |5
Z 4
201
> >
= =
=] =]
O O

Conv-BN-ReLu
Conv-BN-ReLu
Conv-BN-ReLu
Conv-BN-ReLu

1x1Conv
BN-ReLu

Figure 4. The detailed structure of TPA module.

Spatial-domain branch. The spatial branch aims to capture local structural cues using
conventional convolutional operations, which can be formulated as:

Xs = o Ws(X) + bs), 1

where W; and bs represent the learnable convolution kernel and bias, respectively, and o/(+)
denotes a nonlinear activation function.

Frequency-domain branch. To capture global contextual information efficiently, the
frequency branch first transforms the input feature map into the spectral domain using the
Fourier transform:

A

X =F(X), 2

where X € CH*W*C denotes the complex-valued frequency representation.
Then, a convolution operation is applied in the frequency domain to modulate spec-
tral components:

Xf=WroX, (3)
where Wy € CH*WXC denotes the learnable frequency-domain filter and © represents
element-wise multiplication. The modulated spectral features are subsequently trans-
formed back to the spatial domain via the inverse Fourier transform:

X; = F 1 (Xq). (4)

Finally, the outputs of the spatial and frequency branches are fused to obtain the target

presence-aware representation:
Xout = Xs + X, ®)

which integrates local spatial cues and global contextual information for efficient target
presence estimation.
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Algorithm 1: Target Presence-Aware Coarse-to-Fine Object Detection for Large-
Scale SSS Images

Input: A large-scale SSS image I € RF*W
Output: Final detection set B in the original image coordinate system
1 Patch Preparation:
2 Divide I into non-overlapping (or sliding) patches: P = {Pk}lljzl, P, € R5%S
3 Initialize detection set B <+ @
4 Coarse Stage: Target Presence Analysis (TPA):
fork =1to N do
Shallow feature extraction: X; = Convsx3(Px)
Spatial branch: P;W = o(Ws(Xy) + bs)
8 Frequency branch: X; = F(X;)

N SN G»

5 B —w o X
W FE
1 Spatial-frequency fusion: F,:p” = F;p “+ FI{ e

12 Presence prediction: p = Sigmoid(Headds(Pool(F,:p”)))
13 if p, > T then mark Py as target-positive

14 Fine Stage: Object Forward Detection (OFD):

15 Collect target-positive patch set: P* = {P | px > 7}

16 foreach P, € PT do

17 Backbone with AttnConv: Z; = Backbone atmcony (Pr)
18 Neck feature aggregation: Y, = Neck(Z;)

19 Detection head: B, = Head 4,;(Y})

2.3. Object Forward Detection Module

The Object Forward Detection (OFD) module is responsible for performing fine-
grained object detection and localization on sonar patches identified as target-positive by
the TPA module. As illustrated in the lower dashed box of Figure 3, the OFD module
follows a high-performance architecture composed of an AttnConv-based backbone, a
multi-scale feature fusion neck, and a decoupled detection head. To accurately model local
target structures while maintaining linear computational complexity, the backbone utilizes
the AttnConv module, which emulates self-attention mechanisms through a hybrid design
of static and dynamic convolutions.

As detailed in Figure 5 the AttnConv module processes the input feature X € RH*WxC
by first performing a Split operation along the channel dimension. The resulting features
are then forwarded through two parallel paths:

Y = Static(Xsp;t) + Dynamic (X ) (6)

Static Path. One branch focuses on capturing stable local structural information.
As shown in the left part of Figure 5, it employs a sequence of 3 x 3 Conv, Static Large
Kernel (LK) Conv, and 1 x 1 Conv layers, which are subsequently aggregated via a Concate
operation to preserve translation equivariance and fine-grained textures.

https://doi.org/10.3390/rs18111679
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Figure 5. The detailed structure of the AttnConv module.

Dynamic Path. The other branch enables long-range dependency modeling by gener-
ating content-aware dynamic kernels. Specifically, as visualized in the right part of Figure 5,
it utilizes Dynamic Conv layers interleaved with 1 x 1 convolutions and GELU activation
functions. This modulation is expressed as:

X' = A(X) © (Wayn * X), )

where A(X) represents the content-aware attention weights derived from the input context.

Through this dual-path design, AttnConv effectively approximates global representa-
tion power with O(n) complexity. Following the backbone, the neck network aggregates
multi-scale features from various stages, including the SPPCSPC and ELAN blocks shown
in Figure 3, to integrate complementary contextual information. The feature fusion process
in the neck is designed to jointly encode local details and large-scale scene characteristics.
By integrating this early-stage information, the neck compensates for the loss of spatial res-
olution in deep layers and enhances feature representation. Finally, as depicted on the right
side of Figure 3, the aggregated features are forwarded to the Detection Heads to predict
the final bounding boxes and class probabilities. The coarse-to-fine transition ensures that
computational resources are concentrated on refining the localization of potential targets
rather than processing vast, target-absent background regions.

2.4. Loss Function

The target presence analysis and object detection tasks are optimized using separate
loss functions. The TPA module is formulated as a binary classification task and trained
using the binary cross-entropy loss [35]:

Las = —(ylogp + (1 —y)log(1 - p)), 8)

where p and y denote the predicted target presence probability and the corresponding
ground-truth label, respectively. To mitigate the severe class imbalance between target-
present and target-absent patches, class-balanced weighting is applied to encourage recall-
oriented target presence estimation.

Following several one-stage detection methods [36], the object detection task consists
of a bounding box regression loss, an objectness loss, and a classification loss:

Laet = Lpox + Aobjcobj + AdsLas- )
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3. Results
3.1. Experimental Datasets

In this section, we evaluate the effectiveness and efficiency of the proposed target
presence-aware SSS object detection framework. Experiments are conducted on two repre-
sentative public SSS datasets covering different underwater target types and acquisition
scenarios.

(1) SSS-Mine Dataset. The SSS-Mine dataset [37] consists of 1170 real-world SSS images
collected between 2010 and 2021. The data acquisition was performed by a Teledyne
Marine Gavia Autonomous Underwater Vehicle (AUV), a modular maritime platform
widely deployed for mine countermeasure (MCM) and search-and-recovery operations.
This dataset is specifically designed for underwater mine detection and classification tasks,
providing sufficient visual information to distinguish between mine-like contacts and non-
mine-like bottom objects (NOMBO). In practical mine-hunting scenarios, many target-like
objects are intentionally excluded from the ground truth to minimize false alarms.

(2) Al4Shipwrecks Dataset. The AI4Shipwrecks dataset [38] focuses on shipwreck
detection and underwater archaeological exploration. It contains 286 high-resolution SSS
images collected from 24 distinct shipwreck sites within the Thunder Bay National Ma-
rine Sanctuary (TBNS), using the EdgeTech 2205 SSS system. A distinctive feature of the
AlI4Shipwrecks dataset is its emphasis on large-scale shipwreck structures with complex ge-
ometric patterns. Each image is annotated at the pixel level for segmentation tasks, enabling
precise localization of shipwreck regions. In our experiments, the segmentation annotations
are converted into bounding box annotations to support object detection evaluation.

For both datasets, the data samples are split into training and testing sets with a ratio
of 7:3. To avoid data leakage caused by spatial correlation, the split is performed at the
scene or survey-segment level rather than at the image level. After dataset splitting, each
5SS image is divided into fixed-size patches of 300 x 300 pixels, which are used as the
inputs to the detection model. The corresponding annotations are processed in the same
manner, and labels are assigned to each patch according to the targets contained within
it. This patch-based processing strategy is consistent with practical AUV deployment
scenarios and enables efficient training and inference on large-scale SSS imagery. Table 1
presents the pixel-level object distribution of the two SSS datasets.

Table 1. Pixel-level object distribution of the SSS datasets.

Object Pixel Pixel

Dataset .
Category Count Proportion

Al4Shipwreck [38] Wreck ship 6,428,596 4.91%

SSS-Mine [37] Mine 76,167 0.23%

3.2. Implementation Details and Evaluation Metrics

The proposed MobileSonar network is implemented using the PyTorch 1.9 frame-
work [39] and trained on a workstation equipped with an Intel i7-10400F CPU, an NVIDIA
RTX 4090 GPU, 32 GB RAM, and the Ubuntu 16.04 operating system. All models are trained
for 200 epochs using the Adam optimizer [40] with an initial learning rate of 1 x 1073, A
cosine learning rate decay strategy [41] is adopted throughout training, and the momentum
coefficient is set to 0.943. The batch size is fixed to 8. For both training and inference, input
sonar image patches are resized to 300 x 300 pixels. To enhance detection robustness under
complex seabed conditions, Mosaic data augmentation [42] is applied during detector train-
ing. For a fair comparison, all baseline methods are trained using the same input resolution
and identical data augmentation strategies. For performance evaluation, different metric
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sets are adopted according to task characteristics. For the object detection task [43], we
report Precision (P), Recall (R), False Alarm Rate (FAR), Missed Detection Rate (MDR), and
mean average precision (mAP) under multiple Intersection-over-Union (IoU) thresholds.
The definitions of FAR and MDR metrics are given as follows:

k
L P
FAR = 7 (10)
L pij
j=0
k
L Fii
MDR = 7 (11)
Y. pji
j=0

where k represents the number of classes, and p;; denotes the number of pixels belonging
to class j that are predicted as class i. Similarly, p;;, pjj, pji are commonly referred to as true
positive, false positive, and false negative, respectively.

In addition, the mean Average Precision (mAP) is calculated by averaging the AP
values over all k object categories:

1 k
mAP = z Z; AP;. (12)

where AP; denotes the average precision for each class. The metrics m AP35, mAPsp, and
mAPyzs5 represent the m AP values calculated at Intersection-over-Union (IoU) thresholds of
0.35, 0.50, and 0.75, respectively.

For the target presence classification task, Accuracy, Precision, Recall, F1-score, and
Area Under the ROC Curve (AUC) are employed as evaluation metrics. In addition,
to rigorously assess the practical utility of the proposed method, inference efficiency is
evaluated on a representative hardware platform: an NVIDIA Jetson Orin Nano embedded
platform (ARM Cortex-A78AE architecture) for edge deployment. Specifically, the NVIDIA
Jetson Orin series has been widely adopted for deep-learning model edge computing
in contemporary autonomous underwater vehicle (AUV) systems, owing to its optimal
balance between Al inference throughput and strict power constraints. By benchmarking
on these platforms, we ensure that the experimental environment closely mirrors the
computational capabilities and architectural constraints of actual deployed underwater
robotic systems.

3.3. Quantitative Analysis for Object Detection

To demonstrate the effectiveness of the proposed target presence-aware joint detection
framework, we conduct comprehensive quantitative evaluations on public SSS datasets
and compare our method with several representative lightweight object detection ap-
proaches. Specifically, the compared methods include Fast R-CNN [44], YOLOv5-s [45],
YOLOVS8n [46], YOLOVSs [46], YOLOv10m [47], YOLOv11m [48], LUW-DETR [24], YOLO-
Sonar [29], YOLO2026m [49], YOLO-Master-S [50], as well as the proposed method. No-
tably, all the baseline models and our model are trained with their recommended training
strategies. Figure 6 presents the training accuracy curves of each model on SSS dataset.
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Figure 6. The training accuracy curves of each model on SSS dataset: (a) Al4Shipwreck dataset.
(b) SSS-Mine dataset.

In Table 2, we present the quantitative evaluation results on the SS5-Mine dataset. As
shown, the proposed method achieves the best overall performance across all evaluation
metrics. In particular, our method attains the highest recall (67.18%) and the lowest missed
detection rate (MDR) (32.82%), indicating a stronger ability to identify target-present regions
under severe background clutter. Compared with the strongest baseline YOLOv11m, the
proposed framework improves recall while simultaneously reducing both FAR and MDR,
demonstrating that early-stage target presence analysis effectively suppresses background-
induced false detections without sacrificing detection completeness.

Table 2. Performance comparison on SSS-Mine dataset using different detection methods.

Method Precision (%) Recall (%) FAR (%)) MDR (%)) mAP35(%) mAPs5 (%) mAP7s5 (%)
Fast R-CNN 62.41 55.02 37.59 44.98 58.76 49.91 26.94
YOLOvV5-s 65.13 57.94 34.87 42.06 61.82 52.47 30.81
YOLOv8n 66.08 59.88 33.92 40.12 63.97 54.86 33.02
YOLOvVS8s 67.54 61.82 32.46 38.18 65.79 56.94 35.11
YOLOvV10m 68.96 63.04 31.04 36.96 66.98 58.67 37.24
YOLOv1lm 69.84 64.02 30.16 35.98 67.91 59.86 38.71
LUW-DETR 66.42 60.15 33.58 39.85 64.21 55.12 34.05
YOLO-Sonar 67.88 62.34 32.12 37.66 65.92 57.34 36.12
YOLO2026m 70.21 65.11 29.79 34.89 68.45 60.55 40.23
YOLO-Master-S 68.12 61.56 31.88 38.44 66.34 57.91 35.88
Ours 72.31 67.18 27.69 32.82 70.46 63.02 44.16

Table 3 further compares the quantitative detection results on Al4Shipwrecks dataset.
Different from SSS-Mine dataset, Al4Shipwrecks mainly consists of large-scale shipwreck
structures with complex geometric patterns. As shown in the table, the proposed method
consistently outperforms all baseline detectors in terms of precision, recall, and average
precision metrics. Notably, our method achieves the highest AP;5 value (51.87%), which is
significantly higher than that of YOLOv11lm.

Table 4 summarizes the model complexity and inference speed of different object
detection methods. Although the proposed method has a moderate number of parameters,
it achieves a significantly higher inference speed of 174.74 FPS, far exceeding all compared
baseline models. This remarkable efficiency gain mainly stems from the target presence-
aware coarse-to-fine inference strategy, which filters out a large number of target-absent
patches at an early stage and avoids redundant computation in the detection module.
Figure 7 presents the visualization comparison for the efficiency of detection models.
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Table 3. Performance comparison on Al4Shipwrecks dataset using different detection methods.

Method Precision (%) Recall (%) FAR(%)] MDR (%)] mAP35(%) mAPs5 (%) mAP75 (%)
Fast R-CNN 73.18 64.63 26.82 35.37 69.47 58.92 31.84
YOLOV5-s 76.54 68.27 23.46 31.73 73.41 62.58 36.03
YOLOv8n 77.42 70.08 22.58 29.92 75.06 64.83 38.47
YOLOvS8s 78.96 72.61 21.04 27.39 77.18 67.31 41.26
YOLOv10m 80.21 73.97 19.79 26.03 78.72 69.18 43.76
YOLOv1lm 81.03 75.09 18.97 2491 79.61 70.46 45.42
LUW-DETR 78.15 71.34 21.85 28.66 76.02 66.15 39.82
YOLO-Sonar 79.44 73.52 20.56 26.48 77.85 68.44 42.15
YOLO2026m 81.65 76.84 18.35 23.16 80.52 72.31 48.96
YOLO-Master-S 78.62 72.18 21.38 27.82 76.54 66.89 40.54
Ours 82.57 78.74 17.43 21.26 82.08 74.63 51.87

Table 4. Model complexity and inference speed comparison.

Method Params (M)  GPU Inference (FPS)  CPU Inference (FPS)
Fast R-CNN 34.21 14.6 1.2
YOLOvV5-s 17.15 42.4 3.8
YOLOvV8n 12.68 38.7 35
YOLOVS8s 13.72 36.2 29
YOLOv10m 19.30 24.8 2.1
YOLOv1lm 22.44 28.1 25
LUW-DETR 74.35 124 0.5
YOLO-Sonar 25.42 20.8 2.6
YOLO2026m 20.40 31.2 4.1
YOLO-Master-S 29.15 43.2 3.9
Ours 24.85 174.74 15.6

Figures 8 and 9 present the visualization results of different detection methods on the
5S5-Mine and Al4Shipwrecks dataset. In the SSS-Mine dataset, characterized by intense
background noise and low-contrast environments, traditional detectors such as YOLOv5-
s and YOLOvVSs frequently misclassify seabed rocks or shadows as targets; in contrast,
our proposed method effectively captures global context through the spatial-frequency
fusion mechanism of the TPA module, thereby significantly suppressing false alarms.
When detecting the complex geometric structures within the Al4Shipwrecks dataset, where
YOLOv11m is prone to missed detections or imprecise localization, our method leverages
the high-frequency feature enhancement capabilities of the AttnConv dynamic kernels
within the OFD module to achieve more complete bounding box regression and fine-
grained localization.
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Figure 7. Visualization comparison for the efficiency of detection models.

Figure 8. Visual comparison of object detection results on SSS-Mine dataset.

Ours

Figure 9. Visual comparison of object detection results on Al4Shipwrecks dataset.

https:/ /doi.org/10.3390/rs18111679


https://doi.org/10.3390/rs18111679

Remote Sens. 2026, 18, 1679

15 of 22

3.4. Quantitative Analysis for Target Presence

To quantitatively evaluate the effectiveness of the proposed TPA module, we conduct a
dedicated target presence classification experiment. The proposed TPA module is compared
with commonly used convolutional classification backbones, including MobileNetv3 [51]
and ResNet18 [52]. For a fair comparison, all models are trained and evaluated on the same
patch-based dataset split.

Table 5 presents the quantitative target presence classification results on different
datasets. As shown, the proposed TPA module consistently outperforms MobileNet and
ResNet-based baselines across all evaluation metrics. On Al4Shipwrecks dataset, the TPA
module achieves the highest accuracy, recall, and AUC, indicating superior target presence
discrimination capability. On more challenging SSS-Mine dataset, the proposed TPA
module maintains higher recall and F1-score than the compared methods, demonstrating
improved robustness under strong background clutter and class imbalance. The proposed
TPA module provides a favorable balance between classification performance and efficiency,
making it well-suited as an early-stage filtering component in the proposed coarse-to-fine
SSS object detection framework. Figure 10 presents the visualization results of feature map
for target classification.

Table 5. Classification performance comparison on different datasets.

Dataset Method Accuracy (%)  Precision (%)  Recall (%)  F1-Score (%)  AUC (%)
MobileNetv3 96.84 93.52 95.63 95.53 96.2
AI4Shipwrecks  ResNet18 97.47 96.61 96.28 96.12 98.1
TPA (Ours) 98.85 97.14 97.92 96.51 99.3
MobileNet 93.26 94.03 93.91 93.92 94.8
555-Mine ResNet18 94.73 94.65 93.14 95.36 96.7
TPA (Ours) 95.62 94.87 95.48 96.16 98.5
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Figure 10. Visualization results of feature map for target classification.

3.5. Ablation Analysis

To verify the effectiveness of each component in the proposed object detection method,
we conducted ablation experiments with different configurations.

(1) Component contribution of TPA Module. Table 6 reports the ablation results of
the TPA module with different combinations of spatial and frequency convolution. When
only the frequency convolution branch is used, the performance is limited, indicating
insufficient discriminative capability without local spatial modeling. In contrast, using only
spatial convolution yields significantly better results, demonstrating the importance of local
structural cues for target presence estimation. By jointly integrating spatial and frequency
convolution, the full TPA module achieves the best performance across all metrics on both
datasets. In particular, improvements in Fl1-score and AUC indicate that spatial-frequency
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fusion effectively enhances target presence discrimination and robustness under complex
sonar backgrounds.

Table 6. Ablation study on spatial and frequency convolution modules for target classification.

Method

Al4Shipwrecks SSS-Mine

Accuracy (%)  F1-Score (%)  AUC (%)  Accuracy (%)  F1-Score (%)  AUC (%)

Frequency Baseline
Spatial Baseline
TPA (Ours)

92.13
94.88
95.62

91.62
95.21
96.16

94.8
98.1
0.985

93.08
95.67
96.51

0.946
0.989
0.993

94.42
98.01
98.85

In addition, Table 7 reports the ablation results of the TPA module under different
branch configurations. When only the frequency convolution branch is used (Frequency
Baseline), the model exhibits the highest False Alarm Rate (FAR) and Missed Detection
Rate (MDR) across both datasets. On the SSS-Mine dataset, the AP5y drops to 54.12%,
indicating that relying solely on spectral information is insufficient for discriminating
targets from complex seabed clutter without local structural modeling. The Spatial Baseline
yields significantly better results than the frequency-only variant, with APs increasing by
approximately 3.42% and 5.23% on the Al4Shipwrecks and SSS-Mine datasets, respectively.
This confirms that local geometric features, such as target edges and acoustic shadows, are
primary descriptors for SSS object detection. Effectiveness of Spatial-Frequency Fusion: By
jointly integrating spatial and frequency convolutions, the full TPA module achieves the
state-of-the-art performance across all metrics. Specifically, the fused model reduces the
FAR to 17.43% on Al4Shipwrecks and the MDR to 32.82% on SSS-Mine.

Table 7. Ablation study on spatial and frequency convolution modules for target detection.

Method

Al4Shipwrecks SSS-Mine

FAR (%) ] MDR (%)] mAPs(%) T FAR(%)] MDR (%)} mAP 5(%) 1

Frequency Baseline
Spatial Baseline
TPA (Ours)

42.18
36.47
32.82

54.12
59.35
63.02

28.34
23.55
21.26

68.52
71.94
74.63

35.42
31.08
27.69

22.15
19.86
17.43

(2) Component contribution of OFD module. Table 8 presents the cross-dataset abla-
tion results of the Object Forward Detection (OFD) module with and without the AttnConv
component. As shown, removing AttnConv leads to consistent performance degradation
on both AI4Shipwrecks and SSS-Mine datasets. Specifically, the full model achieves lower
FAR and MDR while yielding higher mAP5; compared with the variant without AttnConv,
indicating improved robustness against false alarms and missed detections. The perfor-
mance gains are observed consistently across datasets with different target scales and scene
characteristics, demonstrating that AttnConv effectively enhances fine-grained feature
representation and localization capability.

Table 8. Ablation study on Attn modules for target classification.

Method

Al4Shipwrecks SSS-Mine

FAR (%) MDR (%)] mAPs (%) T FAR(%). MDR (%)) mAPs (%)

Removing AttnConv
Ours

29.96 3527
27.69 32.82

60.74
63.02

19.08 23.14
17.43 21.26

72.81
74.63
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To further validate the enhancement of feature representation capabilities provided
by the AttnConv module, we visualized the feature maps at various stages of the Object
Forward Detection (OFD) module using heatmaps (Figure 11). By comparing panels (b)
with (c) and (d) with (e), it can be observed that prior to the incorporation of AttnConv,
the responses within the feature maps (b, d) appear relatively diffuse, with target signals
often becoming obscured amidst the complex sonar background noise. Enhanced Target
Response: Following the introduction of the AttnConv module, the feature maps (c, e)
exhibit stronger and more concentrated activation responses within target regions (e.g.,
shipwreck structures or the edges of mines). This demonstrates that AttnConv, through its
content-aware dynamic kernels, effectively simulates a self-attention mechanism, thereby
reinforcing the extraction of high-frequency target features.
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Figure 11. Visualization heat map of SSS feature. (a) SSS image inputs, (b) OFD feature 1, (¢) OFD
feature 1 With AttnConv, (d) OFD feature 2, (e) OFD feature 2 With AttnConv.

(3) Component contribution of target presence awareness. Table 9 reports the in-
ference efficiency of different configurations of the proposed framework. As shown, the
efficiency difference is driven by the strategic bypass of redundant computations rather
than model complexity. Directly forwarding all patches to the fine-grained detection stage
(OURS with target) results in a significant drop in inference speed as resolution increases. At
640 x 640, the speed plunges to only 5.4 FPS, which fails to meet the real-time requirements
of long-duration autonomous missions. When only the lightweight processing is involved
(OURS without target), the framework maintains a high frame rate, demonstrating that the
spatial-frequency fusion mechanism in the TPA module is highly efficient even at higher
pixel densities. By integrating the target presence-aware inference strategy (OURS), the
proposed framework achieves a substantial speed improvement compared with dense
detection while maintaining full detection capability. At 640 x 640, our method maintains
126.30 FPS, providing a 23.4 x speedup over the dense baseline. These results confirm that
the proposed method effectively exploits the sparsity of underwater targets to eliminate

https://doi.org/10.3390/rs18111679


https://doi.org/10.3390/rs18111679

Remote Sens. 2026, 18, 1679

18 of 22

redundant computation on background-dominated regions. This makes the framework
particularly suitable for real-time deployment on resource-constrained AUV platforms
where low latency is critical.

Table 9. Inference efficiency comparison of different configurations under various input resolutions.

Input Resolution OURS Without Target (FPS) OURS with Target (FPS) OURS (FPS)
300 x 300 pixels 201.6 21.6 174.74
416 x 416 pixels 182.4 12.8 158.20
640 x 640 pixels 145.2 5.4 126.30

(4) Sensitivity Analysis of the TPA Threshold 7. To investigate the influence of
the TPA threshold T on the overall framework performance, we conduct a sensitivity
experiment by varying 7 from 0.1 to 0.9. This hyperparameter is central to the trade-off
between inference efficiency and detection accuracy. The experimental results, visualized in
Figure 12, demonstrate how the threshold dictates the proportion of patches forwarded to
the fine-grained OFD module. As shown in Figure 12a, when T = 0.0, the system performs
dense inference on all patches, resulting in a significantly lower speed of approximately
21.6 FPS. As T increases, the TPA module filters out more target-absent background patches,
leading to a substantial boost in throughput. At the theoretical limit of T = 1.0, where all
patches are discarded, the speed reaches its peak of 201.6 FPS.

Figure 12b illustrates that while efficiency improves with a higher threshold, the risk
of missing potential targets also escalates. Between T = 0.0 and T = 0.7, the Missed
Detection Rate (MDR) remains relatively stable, rising only marginally across both datasets.
However, once T exceeds 0.7, the MDR for the SSS-Mine dataset escalates sharply from
32.82% towards 48.22%, indicating that critical target-positive patches are being misclas-
sified as background. Based on these trends, we identified T = 0.7 as the optimal value
for the proposed framework. At this point, the system delivers ultra-fast performance
(174.74 FPS) while maintaining a competitive AP5p and a low MDR. This setting allows the
AUV to effectively exploit the spatial sparsity of underwater targets to reduce redundant
computation without compromising the reliability of perception.

200 100 555-Mine
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Figure 12. Sensitivity analysis of the TPA threshold 7. (a) Evolution of inference speed (FPS) on the
NVIDIA Jetson Orin Nano platform. (b) Impact of varying T on the Missed Detection Rate (MDR) for
5SS-Mine and Al4Shipwrecks datasets.

4. Discussion
4.1. Addressing Computational Redundancy via Content-Dependent Inference

Real-time object detection in large-scale SSS images presents a unique set of challenges,
primarily characterized by the extreme spatial sparsity of targets and the restricted com-
putational payloads of autonomous underwater vehicles (AUVs). While contemporary
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lightweight detectors, such as YOLOv10m and YOLOv11lm, have made strides in balanc-
ing accuracy and speed (Table 1), they fundamentally rely on dense inference paradigms.
These models process every image patch uniformly, leading to massive computational
redundancy in background-dominated seabed environments where meaningful targets
typically occupy less than 10% of the area. Our proposed framework elegantly circumvents
this by decoupling the detection task into a coarse-to-fine pipeline, shifting the paradigm
from being resolution-dependent to being content-dependent.

4.2. Exploiting Frequency-Domain Priors for Efficient Gating

The TPA module acts as an ultra-lightweight gatekeeper, utilizing a spatial-frequency
fusion mechanism to filter out over 90% of target-absent regions. From a systematic
perspective, the dominant trend of expanding receptive fields via Transformer-based
architectures often incurs prohibitive latency on edge devices. Unlike traditional global
self-attention with quadratic complexity, the frequency-domain branch in TPA models long-
range contextual dependencies with linear complexity by leveraging Fourier theory. As
revealed in our complexity comparison (Table 3), while YOLOv11m achieves a respectable
28.1 FPS, it remains bottlenecked by the need to execute full-network forward passes on
empty background patches. By utilizing the TPA module, our framework explicitly exploits
target sparsity to drastically reduce unnecessary deep neural network activations.

4.3. Synerqy Between Feature Enhancement and Localization Accuracy

The synergy between the TPA and OFD modules is critical for maintaining high recall
under severe background clutter. Preserving high-frequency target cues in the early stage
is insufficient if the subsequent detector cannot accurately localize small structures. The
AttnConv module in the OFD stage bridges this gap by emulating self-attention behavior
through content-aware dynamic kernels. By combining shared-weight spatial convolutions
for translation equivariance with dynamic 1 x 1 modulations, AttnConv strengthens high-
frequency target features without the O(n?) complexity overhead. Our ablation study
(Table 6) confirms that this hybrid design is essential: removing the AttnConv component
leads to a consistent drop in APs( across both the SS55-Mine and Al4Shipwrecks datasets,
particularly increasing the Missed Detection Rate (MDR) for complex geometries.

4.4. Trade-Off Analysis and Embedded Deployment Potential

A pivotal finding in our research is the sensitivity of the efficiency—accuracy trade-off
to the TPA threshold T (Figure 10). Setting T = 0.7 provides an optimal equilibrium,
achieving a 23.4x speedup over dense detection while maintaining an MDR comparable to
dense inference. This indicates that our framework strategically reallocates computational
“attention” to high-probability regions. Regarding real-world deployment, the framework
achieves ultra-fast speeds (174.74 FPS) on the NVIDIA Jetson Orin Nano and maintains
15.6 FPS on CPU-only platforms, where baselines like YOLOv11m drop to 2.5 FPS. This
performance allows AUVs to process sonar patches in burst mode, reducing the average
hardware duty cycle and overall energy consumption—a significant advantage for long-
duration autonomous missions.

4.5. Limitations and Future Perspectives

Despite these advantages, our approach has certain limitations. First, the spatial-
frequency fusion in the TPA module assumes a relatively consistent seabed texture; in
highly heterogeneous environments with sudden geological transitions, the frequency-
domain branch may produce transient false positives. Second, the current module does not
yet incorporate cross-patch temporal consistency from sequential sonar pings. Future work
will explore noise-aware dynamic thresholds and the integration of temporal motion priors
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to further enhance robustness against sensor noise and non-uniform intensity distributions
in extreme deep-sea conditions.

5. Conclusions

This paper presents a target presence-aware side-scan sonar object detection frame-
work designed for real-time deployment in resource-constrained AUV environments. By
explicitly exploiting the sparsity of underwater targets, the proposed framework decouples
target presence analysis from fine-grained object detection and adopts a coarse-to-fine
inference strategy to eliminate redundant computation on background-dominated regions.
A lightweight Target Presence Analysis module is introduced to efficiently identify target-
positive patches using spatial-frequency feature fusion, while an AttnConv-enhanced
Object Forward Detection module is employed to improve fine-grained detection by
strengthening high-frequency target cues. Experimental results on benchmark SSS datasets
demonstrate that the proposed approach achieves a favorable balance between detection
accuracy, inference speed, and computational efficiency, outperforming conventional dense-
processing methods in terms of real-time feasibility. Future work will focus on extending
the proposed framework to more complex underwater scenarios, including cross-domain
generalization, as well as further optimizing the framework for real-world deployment.
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