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Highlights

What are the main findings?

* The improved YOLOvV11 coordinates hierarchical feature extraction, local contextual
processing, and scale-adaptive detection for small-sample underwater sonar imagery.

* On the SOD dataset, the proposed model achieves 99.0% precision, a 92.61% F1-score,
77.4% mAP@0.5, and 59.3% mAP@0.5:0.95.

What are the implications of the main findings?

* The coordinated framework improves the detection and localization of small, low-
contrast sonar targets in cluttered seabed environments.

¢ The method offers a promising approach for sonar object detection when labeled training data
are limited, particularly when detection accuracy is prioritized over computational efficiency.

Abstract

Underwater object detection in sonar images is challenging because of low image resolution,
acoustic noise, seabed clutter, weak target boundaries, substantial target-scale variation, and
limited labeled data. To address these challenges, we develop an improved You Only Look
Once version 11 (YOLOv11)-based framework for small-sample sonar object detection. Rather
than introducing new individual network components, the proposed framework coordinates
hierarchical feature extraction, local contextual feature processing, and scale-adaptive detection
according to the characteristics of sonar imagery. Specifically, a ResNNet50 backbone is used
to obtain deeper multilevel representations, a RepViT-enhanced C3k2 module is incorporated
to strengthen the representation of small and low-contrast targets in cluttered backgrounds, a
dual-pooling operation is employed to preserve prominent local echo responses and broader
contextual information, and Dynamic Head is used to improve feature aggregation across
different target scales and spatial locations. In addition, data augmentation and image synthesis
techniques are applied to increase sample diversity and mitigate overfitting under limited-
data conditions. Experiments on the Sonar Object Detection (SOD) and Underwater Acoustic
Target Detection (UATD) datasets demonstrate the effectiveness of the proposed framework.
On the SOD dataset, the model achieves an F1-score of 92.61%, an mAP@0.5 of 77.4%, and an
mAP@0.5:0.95 of 59.3%. On the UATD dataset, it achieves an F1-score of 84.0%, an mAP@0.5 of
85.1%, and an mAP@0.5:0.95 of 38.1%. The experimental results confirm the model’s robustness
in challenging underwater scenarios and its strong potential for high-precision applications in
oceanic exploration, maritime rescue, and surveillance.

Keywords: underwater object detection; sonar imagery; side-scan sonar; deep learning;
YOLOv11; small object detection
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1. Introduction

Sonar imaging is a widely used underwater acoustic detection technology for under-
water object detection, search and rescue operations, and sediment detection [1,2]. Among
these applications, the detection of tiny underwater targets has remained a key focus of
research for scholars worldwide. Traditional underwater object detection techniques typi-
cally include two main components: feature extraction and detection using a predefined
classifier [3]. However, these methods often involve complex processing steps, and the
effectiveness of manually extracted features is inherently limited, which constrains their
overall performance.

Therefore, light attenuation underwater significantly restricts traditional optical imag-
ing techniques, making optical cameras challenging [4] to see. As a result, most optical
imagery is only appropriate for short-range underwater object detection. On the other
hand, sonar systems provide significant advantages for underwater measurements with
long-range capability and high efficiency. They have effectively mapped seabed topography,
conducted underwater sediment searches, and explored seabed minerals [5-8]. Among
these, sonar offers superior imaging capabilities, allowing it to approach the seabed via
towing and capture high-resolution seabed images used in underwater search operations,
as illustrated in Figure 1a. This provides observers with the shape of object contours and is

one of the essential methods for detecting and identifying seabed objects [9-12].

Figure 1. (a) Underwater Side-scan Sonar (SSS) working principle and (b) collected sonar images.

Sonar target detection methods primarily relied on digital signal processing techniques
to analyze target contours. Common methods included texture recognition using Fourier
transforms, K-means clustering, and Markov Random Field (MRF) models [13]. This model
is characterized by high reliability and strong stability. However, its heavy reliance on
manual expertise, coupled with the inherent complexity of sonar imaging mechanisms,
renders it vulnerable to various environmental factors such as reverberation, multipath
interference, and noise [14,15]. These issues result in reduced detection accuracy and
limited generalizability, particularly in the context of poor-quality sonar imagery, ultimately
hindering its effectiveness in meeting the demands of modern underwater target detection.

Consequently, in the last several years, the rapid invention and widespread appli-
cation of deep learning technologies [16] have led to significant progress in addressing
many challenges associated with using conventional techniques for object detection. Deep
learning methods have demonstrated considerable promise in automating the feature
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extraction process, consequently enhancing the accuracy of sonar detection, especially in
intricate and noisy backgrounds. Recent studies have further enhanced underwater sonar
object detection by incorporating attention mechanisms, multi-scale feature fusion, and
transformer-based architectures to improve robustness against noisy backgrounds and
small target objects [17-20]. These technological advancements have made sonar detection
systems more dependable and less dependent on manual intervention, offering a more
efficient and scalable solution for underwater object detection [21-23].

Traditional approaches to sonar image analysis typically rely on pixel-level fea-
tures [24], grayscale thresholding techniques [25,26], prior knowledge of object characteris-
tics [27,28], and handcrafted filtering methods [29]. However, the inherently low quality
and high noise levels of marine sonar images hinder the extraction of reliable pixel features
and the determination of robust grayscale thresholds [27]. In contrast, deep learning-based
techniques have recently demonstrated significant potential and have been progressively
applied in underwater object detection tasks [30,31].

Recent studies have also explored advanced underwater image enhancement to ad-
dress degradation and limited training data. Wang et al. proposed a reinforcement-
learning-based meta underwater camera for adaptive enhancement [32], followed by a
self-organized enhancement framework for handling diverse underwater degradation [33].
More recently, WaterCycleDiffusion employed visual-textual fusion and diffusion priors to
improve underwater image quality while reducing dependence on paired training data [34].
In maritime sensing, Li et al. developed a graph representation learning framework for
reliable target association in high-frequency surface wave radar (HFSWR) [35]. However,
these methods mainly focus on image enhancement or target tracking rather than small-
sample underwater sonar object detection, which remains challenging due to noise, clutter,
and limited annotated data.Liu et al. demonstrated that increasing the training dataset
can improve detection generalization and reduce overfitting [36]. Zou et al. developed
YOLOvV11-SDC to enhance small-object detection using sparse features and attention-based
feature fusion [37]. Zhang et al. proposed ESL-YOLO to address blurred boundaries, noise,
and scale variations, while Zhang and Gao introduced RCDI-YOLO to improve detection
in cluttered and complex SSS environments [38,39]. However, jointly addressing limited
annotated data, sonar noise and clutter, multi-scale feature representation, and accurate
target localization remains challenging.

Thus, SeabedObjects-KLSG Detection (SOD) [40] and Underwater Acoustic Target Detection
(UATD) collect corresponding images based on the intensity of sound wave reflections. In
side-scan sonar operations, the towfish (or towed body) containing the transducer array is
towed behind a surface vessel to image a swath of the seafloor. The interaction of acoustic
waves with structurally complex targets generates enhanced backwards scattering, leading
to a high-intensity return. Consequently, the pixel intensity values in the region of the
sonar image corresponding to the target are markedly elevated. The object blocks the
sound waves near the bright object area, creating a corresponding shadow region shown in
Figure 1b. The remaining areas are background regions caused by seabed noise, with the
brightness in the sonar image gradually decreasing from the highlighted object areas to the
shadow regions.

Therefore, due to the sonar system’s ability to image based on different echo signals,
it holds significant application value in underwater operational environments. In recent
years, several successful cases have emerged, where sonar images have aided in identifying
underwater objects during emergency search and rescue operations. For example, the Shen-
zhen Maritime Safety Administration used sonar to quickly locate the approximate position
of a sunken ship in a short period [41]. In a rescue operation following a bridge collapse,
where vehicles fell into the water, sonar was also successfully used to find two submerged

https://doi.org/10.3390/1s18203459


https://doi.org/10.3390/rs18203459

Remote Sens. 2026, 18, 3459

4 of 30

vehicles. In addition to emergency rescue jobs, sonar has been effectively employed in
search and salvage activities, such as collecting fallen anchors from ships [42,43].

Current underwater sonar object detection methods face several interconnected chal-
lenges. First, collecting and annotating sonar images is expensive, resulting in limited
labeled training data. Variations in sonar viewing angle, sensing distance, and target
orientation also cause considerable changes in the appearance and scale of the same object,
making it difficult to construct a sufficiently diverse training dataset. Second, side-scan
sonar targets are generally represented by a high-intensity echo highlight and an associated
acoustic shadow. The echo highlight corresponds to the reflected acoustic response from
the target surface, whereas the shadow region is formed when the target blocks the incident
acoustic signal. These two regions provide complementary information about the presence,
position, and geometric characteristics of the target. Because seabed clutter may generate
responses similar to target highlights, reliable detection requires the joint use of the target
echo, its associated acoustic shadow, and the surrounding spatial context. In the proposed
framework, the dual-pooling operation preserves prominent local echo responses while
retaining broader contextual information around the target. This operation is intended to
improve target-context representation; however, it does not constitute an explicit physical
model of acoustic-shadow formation.

Third, low resolution, reverberation noise, weak target boundaries, and complex
seabed backgrounds make the extraction of small-target features difficult and frequently
cause missed detections and false positives. Finally, detection accuracy must be balanced
against computational complexity to support the processing of large volumes of sonar data
and potential real-time deployment.

These challenges affect multiple stages of the detection pipeline and cannot be ad-
equately addressed by modifying only one component. Limited labeled data require
augmentation to increase sample diversity, whereas weak target responses and seabed
clutter require stronger hierarchical and contextual feature representations. Furthermore,
variations in viewing geometry and sensing distance produce substantial changes in target
scale, position, and highlight-shadow separation, requiring adaptive multiscale feature
aggregation. Accordingly, the proposed framework integrates established components in
a task-driven manner: ResNet50 strengthens hierarchical feature extraction, the RepViT-
enhanced C3k2 module refines local features and suppresses clutter, dual pooling preserves
complementary local and contextual information, and Dynamic Head performs adaptive
multiscale feature aggregation.

The key contributions of this research are summarized as follows:

1. Sonar-oriented YOLOv11 framework: We develop a task-driven YOLOv11 frame-
work for small-sample underwater sonar object detection. The framework integrates
established network components according to the characteristics of sonar imagery,
including low resolution, acoustic noise, seabed clutter, weak target boundaries, target-
scale variation, and limited labeled data.

2. Enhanced feature extraction: The standard backbone is replaced with ResNet50 to ob-
tain deeper multilevel representations. In addition, the C3k2 module is enhanced with
RepViT to improve the representation of small and low-contrast targets in cluttered
seabed backgrounds.

3. Sonar-oriented feature processing and detection: A dual-pooling operation is used
to preserve prominent local echo responses and broader contextual information asso-
ciated with target and acoustic-shadow regions. Dynamic Head then performs scale,
spatial, and channel-aware feature aggregation to accommodate variations in target
size, position, viewing angle, and appearance.
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4.  Dynamic detection head: The conventional detection head is replaced with Dynamic
Head, which uses channel-, spatial-, and scale-aware attention to improve feature
aggregation and adaptability to targets with different sizes and locations.

5.  Data augmentation and evaluation: A data augmentation strategy is applied to
increase sample diversity under limited-data conditions. Extensive experiments and
ablation studies are conducted on the SOD dataset to evaluate the contribution of the
proposed design.

2. Materials and Methods

Automatic recognition of objects in sonar imagery is a key component in underwa-
ter perception, supporting applications such as oceanographic survey and subsea target
detection. In practical underwater search missions, sonar systems are typically mounted
on vessels to scan designated sea areas. The acquired data are then manually inspected to
determine the presence of potential targets. However, this process is both time-consuming
and inefficient, highlighting the need for accurate and automated sonar image object
detection methods.

A number of recent works have explored sonar and underwater remote sensing detec-
tion from different perspectives, each addressing specific limitations in existing pipelines.
Yu et al. [23] proposed Transformer-YOLOV5 by integrating transformer blocks into the
YOLOV5 backbone, enabling the model to capture global contextual information and long-
range dependencies that are often limited in conventional convolutional architectures.
Wang et al. [13] introduced AGFEN, an adaptive global feature enhancement network
designed to mitigate noise interference and improve feature representation under degraded
and low-contrast sonar conditions. Miao et al. [17] addressed the small-object detection
problem by proposing IMFIN, which enhances multi-layer feature interaction to preserve
fine-grained information of tiny targets in deep feature hierarchies. Zhang et al. [18] devel-
oped UUVDNet, a lightweight detection framework for unmanned underwater vehicles,
employing attention mechanisms to balance detection accuracy and computational effi-
ciency. More recently, Zhao et al. [44] proposed UWS-YOLO, which combines transfer
learning with an Orthogonal-Snake Convolution mechanism to further improve sonar
image recognition performance.

2.1. YOLOv11

On 30 September 2024, Ultralytics announced their most recent object detection algo-
rithm, as shown in Figure 2 [45]. The accuracy and speed of YOLOv11 are much better than
those of previous YOLO series versions. The framework of YOLOv11 comprises three key
modules: a backbone for extracting features, a neck for aggregating them, and a detection
head for producing the final predictions. These improvements enhance its performance
in several object detection tasks.Recent underwater sonar detection frameworks have in-
tegrated transformer-based architectures and adaptive feature enhancement modules to
improve detection accuracy in complex marine environments [20,44].

YOLOv11 adopts a multi-stage downsampling backbone to progressively extract
hierarchical features at different spatial resolutions. The backbone integrates improved
C3k2 blocks as a replacement for the C2f module, enhancing feature representation and
computational efficiency. Through convolution, batch normalization, and SiLU activation
(CBS) operations, the Spatial Pyramid Pooling Fast (SPPF) module increases receptive field
diversity via multi-scale feature aggregation. In addition, the C2PSA module incorporates
a pyramid slice attention mechanism to enhance contextual feature representation. The
neck network adopts a PAN-FPN architecture, enabling effective fusion of low-level spatial
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features and high-level semantic information to improve multi-scale object detection and
address localization challenges in complex scenes.
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Figure 2. Structure of YOLOv11.

YOLOvV11’s detection head has a disjointed structure with distinct branches to predict
location and category data. Depending on the task, it identifies suitable loss functions:
Binary Cross-Entropy (BCE) Loss is commonly applied in object tasks.

2.2. Building the Dataset

This chapter will explore techniques to augment and expand sonar image data for
improved analysis. Data augmentation was applied during training to overcome the limited
dataset size and enhance the model’s generalization capability. The datasets was divided
into training and testing with 4:1 ratio.

The manual annotation was carried out using the Labellmg tool, in which each object
was assigned a unique class ID number corresponding to its specific location and identifica-
tion. To enhance generalization, we employed a number of data augmentation methods,
among which are brightness adjustment, horizontal flipping, scaling, and rotation, pre-
sented in Figure 3. These augmentations provide the model with a diverse set of visual
variations to process, hence promoting robustness and enhancing the accuracy level.
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a b c d e

Figure 3. Example of SOD and UATD data augmentation techniques. (a) Original image. (b) Vertical
flip. (c) Horizontal flip. (d) Rotation. (e) Pixel Translation.

2.3. Enhanced YOLOv11 Object Detection Method

This deep learning architecture is specifically designed for advanced image detection
tasks, particularly within domains such as sonar imagery analysis shown in Figure 4. At
its core, the model utilizes ResNet50, a convolutional neural network widely recognized
for extracting detailed characteristics from input imagery while keeping critical spatial
information by using residual connections. The architecture integrates specialized compo-
nents like the C3K2_RVB (RipViT Block) shown in Figure 5, which combines convolutional
layers with transformer-based mechanisms, thus enhancing its ability to represent complex
features. The extracted features are subsequently processed through modules such as Con-
cat, Upsample, and CBS, which enable the retention of high-resolution data and facilitate
multi-scale feature extraction. The Dynamic Head (DyDetect) shown in Figure 6 module
leverages these refined features to perform the final detection tasks, focusing on object
localization and classification. Moreover, additional elements like Spatial Pyramid Pooling
(SPPF) and C2PSA contribute to the model’s effectiveness by handling varying object scales,
thereby improving overall detection accuracy. This modular and dynamic approach equips
the architecture to excel in tasks that require intricate spatial understanding and robust
feature contextualization.

Sonar photography, characterized by its vast fields of vision and extended shoot-
ing distances, often features dense object distributions, numerous small objects, intricate
backdrops, and frequent object occlusions. Despite this, the YOLOv11 detector has com-
mendable detection accuracy on standard datasets. These characteristics make it more likely
that the YOLOv11 model may overlook or misidentify tiny, far-off objects. We enhanced
the feature fusion procedure, added a practical detection head, and tuned the backbone
network to overcome the original YOLOv11 model’s shortcomings in comprehending
complex, long-range connections in sonar-captured picture data.

The proposed modifications are motivated by the physical and visual characteristics of
sonar imaging. Unlike natural images, sonar images are formed through acoustic propaga-
tion, reflection, and scattering. Their appearance is influenced by the operating frequency,
incidence angle, sensing distance, target geometry, seabed properties, reverberation, and
acoustic shadowing. ResNet50 is therefore used to extract hierarchical representations of
weak and low-contrast echo responses. The C3k2_RVB module refines local target features
and suppresses clutter-related activations. The dual-pooling operation preserves promi-
nent local echoes and broader contextual information associated with the target and its
surrounding acoustic-shadow region. Dynamic Head further adapts feature aggregation to
variations in target scale and spatial appearance caused by changes in sensing distance and
viewing geometry.
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Figure 4. The framework diagram of the improved YOLOv11 detection model.

Concat

RepVit Block

Figure 5. Configuration of the C3K2 feature, RipViT Block, and C3K2_RVB.

The current framework does not explicitly simulate acoustic propagation or incor-
porate a differentiable acoustic-scattering model. Such physical modeling would require
acquisition metadata and environmental parameters, including sonar frequency, grazing
angle, sensor configuration, target material and geometry, and seabed properties, which
are unavailable in the SOD and UATD datasets. Therefore, the present method uses sonar-
specific visual and contextual characteristics as architectural guidance rather than directly
embedding an acoustic-scattering equation into the network.
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Figure 6. Structure of Dynamic Head.

2.3.1. ResNet-50 Backbone

The ResNet-50 backbone, based on residual learning principles, efficiently handles
the issue of network deterioration as network depth grows. By incorporating residual
connections, ResNet-50 enables gradients to flow straight through identity mappings,
allowing the training of much deeper networks without the vanishing gradient problem.
This approach significantly boosts the network’s capacity to extract high-level semantic
characteristics, making it ideal for object identification tasks involving complex scenes.

ResNet-50 is constructed using four layers of residual blocks after an initial con-
volutional stage or layer, as illustrated in Figure 7. The residual block consists of
a set of convolutional layers and a shortcut connection that can bypass these layers
to pass information. The following is a statement of the fundamental residual block
computation procedure:

y = F(x{Wi}) +x )

where F(x, {W;}) denotes the residual mapping to be learned, and x and y represent the
input and output feature maps, respectively. The shortcut link guarantees that the network
may readily learn identity mappings if required, thereby optimizing intense networks.

o = =

3

Stage 1 Stage 2 Stage 3 Stage 4 Stage 5

Output

©
o
a
x
1]
=

Input

Zero Padding

Figure 7. Structure Of ResNet50.

In the ResNet-50 design, bottleneck blocks are implemented to minimize computa-
tional costs while preserving high representational capacity. Each bottleneck block has
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3 convolutional stages or layers (1 x 1,3 x 3, and 1 x 1 convolutions) as shown in Figure 8,
allowing for efficient feature transformation and dimensionality reduction or expansion.

256-d

A

v

1x1, 64

3 relu
3x3, 64

4 relu ~

1x1, 256

Figure 8. Bottleneck Block.

In the proposed framework, ResNet50 is not introduced as a new backbone architec-
ture. It is selected because its residual hierarchy provides deeper multilevel representations
than the original lightweight YOLOv11 backbone. Shallow features retain the spatial details
of small echo highlights, whereas deeper features represent broader target and background
context. Residual connections also support stable optimization when training with a lim-
ited sonar dataset. However, this improvement introduces additional computational cost,
which is quantitatively evaluated in the experiments.

2.3.2. Improved C3K2 Module

The C3k2 in YOLOV11 exhibits poor feature extraction performance, particularly in
recognizing tiny objects in sonar footage. As shown in Figure 5, the RepViT Block [46] was
incorporated into the C3k2 feature to enhance the accuracy of tiny object detection. The
result is the enhanced C3k2-RVB module. The spatial attention mechanism in this module
may adaptively modify the receptive field’s dimensions, expanding the processing capacity
of the network to accommodate features of varying sizes.

A neural network module called the RepViT Block makes use of convolutional net-
works with self-attention mechanisms. It employs structural reparameterization to increase
feature extraction during training. This architecture incorporates several branches, includ-
ing convolutional and skip connections, which are simplified into a single-branch structure
during inference. This change considerably increases computing efficiency. The design
successfully uses two important advantages:

Convolutional neural networks (CNNSs) are effective at capturing local details, edges,
and texture patterns. These properties are particularly useful for representing the weak
echo responses and fine-grained structures of small sonar targets. In the RepViT block,
depthwise convolutions efficiently perform local spatial feature extraction with relatively
low computational cost. Rather than relying on a full transformer self-attention mechanism,
RepViT uses channel-wise feature recalibration to assign greater importance to informa-
tive feature responses and suppress irrelevant background activations. This operation
helps distinguish small sonar targets from seabed clutter while preserving computational
efficiency. The combination of depthwise convolution, channel attention, and structural
reparameterization improves feature representation under complex sonar conditions.

During the training phase, the C3k2-RVB module forms a multi-branch structure using
2 parallel convolution layers with depthwise separability (3 x 3 DW and 1 x 1 DW) to
enhance feature extraction capabilities. The reparameterization technique reduces compu-
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tation costs significantly by condensing these branches to a single 3 x 3 DW convolution
component or layer during the inference phase. Additionally, the quantity of feature
channels and combined data is changed using a 1 x 1 convolution layer, and the global
feature modeling capabilities are improved using a self-attention module (SE). To increase
efficiency and feature fusion capabilities, the structure is ultimately reduced to a 3 x 3 DW
convolution stage or layer during the inference phase. Two 1 X 1 convolution layers and an
SE module follow. This new architecture makes the model more appropriate for realistic
inference in resource-constrained settings by lowering computing costs and improving the
model’s accuracy at detecting tiny objects under complex conditions.

2.3.3. Improved Detection Head

The detection head of YOLOv1l may have difficulty distinguishing targets with
different sizes, locations, and appearances, particularly in complex sonar backgrounds.
Variations in sensing distance, viewing angle, and object dimensions cause the same
target category to appear at substantially different scales and spatial positions. A fixed
detection head may therefore fail to adapt its feature-processing strategy, resulting in
missed detections or inaccurate localization of small sonar targets. Attention-guided
detection heads and adaptive feature aggregation strategies have recently shown promise
for underwater object detection under cluttered acoustic conditions [19,44].

As illustrated in Figure 8, Dynamic Head [47] is incorporated to perform channel-
aware, spatial-aware, and scale-aware feature aggregation. Channel-aware attention recali-
brates feature responses according to their importance for classification and localization.
Spatial-aware attention emphasizes informative target regions and suppresses irrelevant
seabed-background activations, whereas scale-aware attention adaptively combines infor-
mation from different feature-pyramid levels. These operations improve the detector’s
ability to process small, low-contrast, and spatially varying sonar targets. The Dynamic
Head operation can be expressed as

W(F) = nic(mes(mp (F) - F) - F) - F 2)

where F € RE*5XC denotes the input feature tensor, and 7y, g, and 7¢c represent the
scale, spatial, and channel-attention functions, respectively. These attention operations
are applied sequentially to adaptively refine the feature representation. In the proposed
framework, Dynamic Head complements the hierarchical features extracted by ResNet50
and the target-feature refinement performed by C3k2_RVB.

The computational cost and inference speed of Dynamic Head are evaluated in the
ablation and comparative experiments. This analysis provides a practical assessment of the
trade-off between improved sonar detection performance and the additional computational
complexity introduced by the enhanced detection head.

2.3.4. Improvements in the Network Feature Layer Based on Combined Pooling

The pooling layer, the down-sampling layer, is an essential and standard operation in
CNNs. In a network model, the pooling layer typically follows the convolutional layer. It
performs feature sampling within the region defined by the pooling window size, aiming
to reduce the network’s feature parameters and dimensions, which helps decrease the
occurrence of overfitting. Following the execution of the pooling operation on the input
feature map, it can highlight key features in the data and suppress noise interference to
the network:

Yij = max{xp,q |pEeR;, g€ Rj} 3)
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In addition, pooling enhances the network model’s scale and rotational invariance.
Even if the data image undergoes pixel rotations, it can still reliably extract stable features
of the object.

In CNNSs, the commonly used pooling methods are mainly Max Pooling, shown in
Equation (3) [48-50], and Average Pooling, shown in Equation (4) [51,52]. As shown in
Figure 9, Max Pooling chooses the region’s maximum value as the output for the pooling
window. During backpropagation, only the gradient at the location of the maximum value
is propagated backwards, while the gradients at other places are set to zero. Max Pooling is
effective at preserving local texture feature information of the image. Figure 10 illustrates
the forward and backward propagation processes of Average Pooling. This pooling method
computes the average value within the pooling region. It assigns this average to each pixel
location during gradient propagation, which is beneficial for extracting global semantic
feature information from the image.

29 | 15 2 %2

Pool size

Figure 10. Forward and backward propagation process of Average pooling.

This paper combines max pooling and average pooling as a supporting feature-
processing operation to preserve complementary local and contextual information in sonar
images. Max pooling retains prominent local responses associated with strong acoustic
echoes, whereas average pooling preserves broader contextual information related to the
surrounding target and acoustic-shadow region. Their combination enriches the feature
representation and supports the extraction of sonar-specific target characteristics. Figure 11
shows the network block diagram with the integrated dual-pooling operation.

2.4. Experimental Setup and Parameter Configurations

The specific experimental setup in this chapter is shown in Table 1, which outlines
the setup used for the experiments and provides an overview of the hardware, software,
and training parameters that were crucial for the study. The system runs on Windows 11,
powered by an Intel Core i9-14900F processor with 64 GB of RAM, which provides enough
processing power for the tasks. The experiments also rely on the NVIDIA GeForce RTX
4090, 24564 MiB graphics card, which is great for handling the heavy computations required
for deep learning and image processing. On the software side, the tools used include
OpenCV 4.10, CUDA 11.7, and PyTorch 2.0.1. As for the training settings, training was
conducted over 200 epochs with a batch size of 16 and a learning rate of 0.001, facilitating
stable and efficient model convergence.
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Figure 11. Improved combined dual-pooling network block diagram.

Table 1. Configuration table for software and hardware environment.

Specific Configuration Information

System: Windows 11

Hardware CPU: Intel(R) Core (TM) i9-14900F

RAM: 64 G
Graphics Card: NVIDIA GeForce RTX 4090
Software Environment OpenCV 4.10, CUDA 11.7, PyTorch 2.0.1.
Training parameters Epoch = 200, Batch = 16, learning rate = 0.001

2.5. Performance Assessment Metrics

In sonar object recognition tasks, false positives (FP) and negatives can arise due to
background noise, low-resolution imagery, and object resemblance. Prevalent measures to
assess the efficacy of detection algorithms include Mean Average Precision (mAP@0.5 and
mAP@0.5:0.95). These metrics provide an extensive assessment of a model’s proficiency in
correctly identifying and localizing objects.

Precision: Precision quantifies the fraction of successfully recognized objects among
all detections produced by the model. It indicates how reliable the detections are. Precision

is computed as:
TP

~ TP+FP
where TP stands for true positives (correct detections), while FP for false positives (incorrect
detections).

P 5)

Recall: Recall assesses how effectively a model can detect every relevant element in an
image. Formally, it is the proportion of true positives to all actual objects. The formula is:

TP

R=TprFN ©)

where FN indicates false negative cases when the model fails to identify an object.
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Mean Average Precision: Mean Average Precision [53] is a critical assessment metric
in object detection. The m AP@0.5 measure computes the average accuracy for every class
using 0.5 as the Intersection over Union (IoU) threshold. Simultaneously, it m A P@0.5:0.95
offers a comprehensive performance assessment by averaging accuracy over several IoU
thresholds ranging from 0.5 to 0.95, incremented by 0.05. An elevated mAP value indicates
superior overall detection efficacy. The formula for mAP is:

N
mAP = % Y AP (7)
i=1

where AP; denotes the average precision of class i, and N represents the total number of
object classes.

F1-Score: The Fl-score serves as a complete assessment measure that combines both
Precision and Recall into a single score, thus demonstrating the balance between the model’s
capacity to identify important occurrences and its inclination to avoid inaccurate detections.
This metric is especially informative in scenarios involving class imbalance, where high
precision or recall alone may not adequately represent detection performance. The F1-Score
is formulated as the equilibrium value of (P) and (R), as follows:

PR

Fl=2x ——
1=“X PR

(8)
A higher Fl-score implies a more favorable conflict between false positives and false
negatives, indicating a more accurate and effective detection method.

3. Results
3.1. Object Detection Experiment Results and Analysis for Each Category in SSS Images
3.1.1. SOD Dataset

The raw SSS imagery used in this investigation is primarily sourced from collaborating
laboratory units and internet platforms.

The photographs include four categories: human body, ship, plane, and small mine,
as shown in Figure 12. Various circumstances categorize 638 unprocessed SSS imagery. To
strengthen the detection network and mitigate the impact of seabed background on object
feature extraction, the unprocessed SOD dataset includes 130 background imagery devoid
of objects, which function as negative samples.

These four categories vary in scale. The first two categories (ship and plane) have
larger sizes in SSS images, but there is some background interference due to sedimentation.
The latter two categories (human bodies and small objects) are smaller, representing typical
minor object detection problems. We improved YOLOv11 combined with the algorithm
proposed in the methodology, which was first compared with the original YOLOv11
detection performance. The detection results for each category are shown in Figure 13.

Since this involves a deep comparison between YOLOv11 and our method, we ex-
amined both the precision-recall curves and confusion matrices for the two models. By
clarifying class-wise separability, the confusion matrix emphasizes how efficiently each
model separates the target from the background, including its handling of false positives
and false negatives. Unlike the ROC curve, which evaluates the model’s performance
globally, the precision-recall curve focuses on the model’s proficiency to classify instances
of the target class correctly (true positives) and maintain a low level of false positives and
false negatives at different classification thresholds.
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Mine Human Body

Plane

Ship

Figure 12. Distribution of images in the original SOD dataset across four object categories.

In Figure 14, the research results suggest that our approach performs better than
YOLOV11 in several key aspects. Not only does our approach achieve higher overall
accuracy, but it also exhibits a more balanced performance across both the target and
background classes. This indicates that our model is more adept at distinguishing between
the relevant objects and the irrelevant background, leading to fewer missed detections.
In contrast, YOLOv11, while strong, shows a less favorable balance between correctly
identifying the target objects and avoiding false detections in the background, particularly
in cases with challenging class separations.

Figure 13 shows the original SSS imagery, the original YOLOv11 algorithm’s detection
results, and the enhanced algorithm’s detection results for four categories. As shown in
Figure 13b, the original YOLOv11 detection method is 70% for recognizing human objects,
and the original SSS picture includes much noise. In Figure 13b, for small mine objects
that are pretty similar to the background, the original YOLOv11 algorithm detections have
a high detection accuracy of 85%. Similarly, the original YOLOv11 algorithm displays
some missed detections for sunken ships and aircraft categories. In summary, the original
YOLOv11 method, when used to identify objects in SSS imagery results, is not perfect
for determining the locations of objects based on their attributes appropriately. It does
not correctly detect the objects in the SSS picture, resulting in missed detections and
poor performance.
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Figure 13. Comparison of experimental results on SOD images.
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Figure 14. (a) Original YOLOv11 and (b) our Proposed YOLOv11 confusion matrix normalized and
precision-recall from the SOD dataset.
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However, as this research explains, the enhanced YOLOv11 algorithm significantly
raises the overall detection accuracy. The enhanced algorithm combines object feature
information in the SSS images with corresponding shadow features.

As shown in Figure 13c, the improved algorithm effectively suppresses background
interference, enabling more accurate and reliable object detection across all four categories.
Figure 15 further separately lists the detection results of the enhanced YOLOv11 framework
for each object category, demonstrating that the improved detection algorithm performs
much better across all categories and demonstrates good detection performance for objects
of various scales in SSS images. This makes the improved model highly suitable for SSS
object detection tasks for objects easily missed in images containing small objects and

sunken ships.

Figure 15. Example of the detection outcomes of different categories of objects in SOD images using
the improved algorithm.

3.1.2. Underwater Acoustic Target Detection (UATD) Dataset

The open-source Underwater Acoustic Target Detection (UATD) dataset is used in the
research, which contains sonar images processed through the Tritech Gemini 1200iK sonar
(Tritech International Ltd., Aberdeenshire, UK) a popular device for MFLS data collection.
The dataset, which features aerial coverage of lakes and shallow-water areas, comprises
over 9000 images in raw sonar format. It provides a wealth of material for study, including
photos of ten different target objects, such as ball, circle cage, cube, cylinder, human body,
metal bucket, plane, rov, square cage, and tyre. All these elements provide a rich and
diverse dataset that can be utilized for various kinds of scientific investigations. Figure 16
shows a sample of sonar images from the UATD dataset, which shows that the sonar
imagery achieves a comparable level of complexity. Additionally, Figure 17b,c highlight
that YOLOv11 and our proposed method lead to an improvement in the results.

Figure 16. Sample images from the UATD dataset collection.
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Figure 17. Comparison of experimental results of UATD images.

Precision of 87.1%, recall rate of 91%, mAP@0.5 of 83.6%, mAP@0.5:0.95 of 37.9%
and Fl-score of 84.0% were achieved by the baseline YOLOv11 model. However, the
YOLOv11 module was significantly enhanced, resulting in a significant improvement in all
metrics. mAP@0.5 increased to 85.1%, recall improved to 93%, and mAP@0.5:0.95 reached
38.1%. The F1-score remained strong at 84.0%, consistent with the baseline, while precision
improved to 94.0%. These results suggest that the improved YOLOv11 module significantly
boosts both feature extraction and detection performance, leading to better target detection
accuracy across various confidence thresholds.

To thoroughly compare YOLOv11 with our method, we analyzed the precision-recall
(PR) curves and confusion matrices of the models. As shown in Figure 18, our method
outperforms YOLOvV11, showcasing improved accuracy and a more balanced ability to
recognize both target and background classes.

Experiments were conducted using the YOLOv11 and the proposed enhanced model
to evaluate object detection performance on SSS and UATD images. Detection outcomes
of the original YOLOv11 and the improved model are shown in Figures 19 and 20, with
quantitative comparisons provided in Table 2.
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Figure 18. (a) Original YOLOv11 and (b) our proposed YOLOv11 confusion matrix normalized and

precision-recall on the UATD dataset.
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Figure 19. Incorrect detections by the original YOLOv11 model on SOD and UATD.
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Figure 20. Comparison of detection effects of improved algorithms.

Table 2. Performance Comparison of Original and Improved YOLOv11 on SOD and UATD Datasets.

SOD UATD
Metric
Original YOLOV11 (%) Improved (%) Original YOLOV11 (%) Improved (%)

Precision 96.6 99.0 87.1 94.0
Recall 69.0 87.0 91.0 93.0
mAP@50 59.7 77.4 83.6 85.1
mAP@50:95 56.8 59.3 379 38.1
F1 80.5 92.6 84.0 84.0
Params (M) 2.18 28.04 2.58 28.04
FPS 798.0 422.40 9744 417.6

As illustrated in Figure 19, the original YOLOv11 model exhibits significant detection
failures on sonar imagery, including both false positives and missed detection. The model
struggles to accurately localize small objects and frequently confuses background clutter
with target objects, resulting in unreliable detection performance across all four categories.
However, as shown in Figure 20, the improved detection algorithm successfully addresses
the above false and missing object detection issues. It accurately detects object categories
and effectively resists background noise interference during object detection.

From the comparative analysis of various metrics in Table 2, it is clear that the original
YOLOV11 method achieves an accuracy of only 96.6% and 87.1% on the test set, failing to
perform high-precision object detection tasks for SSS and UATD images. However, the
YOLOv11 algorithm model was enhanced by using better-integrated features across the
network’s high and low layers, more successfully incorporating the impact of the shadow
area characteristics on object location determination.
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Finally, the proposed method, dual pooling, achieves a test set detection accuracy of
99.0% and 94.0%, demonstrating competitive performance compared with existing methods
for SSS and UATD. This fully demonstrates boosting the network’s generalization capacity
and highlights the outstanding performance of the improved algorithm provided in this
chapter regarding accuracy and algorithm adaptability.

Moreover, introducing the average recall rate for each category further evaluates
each algorithm’s ability to resolve missed and false detections. The comparative results
presented in Table 2 demonstrate that, relative to the original algorithm, the detection
algorithm based on dual pooling proposed achieves the highest average recall rate across
all categories, reaching 87% and 93%. This indicates that for the vast majority of SSS
and UATD imagery in the dataset, the improved algorithm proposed in this chapter can
accurately detect objects in the images, effectively avoiding missed and false detections
caused by background interference.

3.2. Comparative Experiment

The results of the comparative experiments on the SOD dataset are presented in Table 3.
Among the general-purpose YOLO models, YOLOv8 and YOLOvV11 achieve the highest
precision values, reaching 96.0% and 96.6%, respectively. YOLOv10 provides the highest
inference speed at 1143.6 FPS, while maintaining competitive detection performance and
computational efficiency. In addition to the mainstream YOLO models, several recent sonar-
oriented detectors, including YOLO-CSA, RCDI-YOLO, YOLOv11-SDC, and ESL-YOLO,
are included to provide more relevant comparisons for underwater sonar object detection.

Table 3. Comparison of Results from different Experiments on SOD Dataset.

Models F1(%) P (%) mAP@50 (%) mAP@50:95 (%) Params (M) FLOPS(G) FPS
YOLOv5 71.0 90.0 59.7 56.80 2.18 5.80 973.8
YOLOv6 72.0 89.0 59.9 57.60 4.23 11.6 940.4
YOLOv?7 71.0 91.0 60.8 58.15 6.20 5.80 860.60
YOLOvS 72.0 96.0 60.4 57.40 2.68 6.80 906.20
YOLOvV9 71.0 94.0 59.8 58.18 16.71 60.9 244.40
YOLOvV10 71.0 89.0 61.1 59.12 2.67 8.20 1143.6

YOLOV11 (Baseline) 80.5 96.6 59.7 56.80 2.58 6.50 798.0
YOLOv12 80.9 95.8 62.7 52.40 2.57 6.48 234.8
YOLO-CSA [36] 79.0 83.7 75.1 55.0 2.63 7.16 287.66
RCDI-YOLO [39] 75.2 82.1 72.0 51.9 2.92 7.73 189.32
YOLOvV11-SDC [37] 69.2 70.2 66.8 46.3 2.22 6.50 611.5
ESL-YOLO [38] 729 729 69.7 49.5 3.86 10.14 260.97
Improved (our) 92.6 99.0 77.4 59.30 28.04 72.50 422.40

The proposed improved model achieves the best overall detection performance among
all compared methods. It obtains an F1-score of 92.6%, a precision of 99.0%, an mAP@50
of 77.4%, and an mAP@50:95 of 59.30%. These results demonstrate that the proposed
sonar-oriented integration improves both detection accuracy and the balance between
precision and recall. Compared with the YOLOv11 baseline, the proposed model improves
the F1-score from 80.5% to 92.6% and the mAP@50 from 59.7% to 77.4%.

This performance improvement comes at the cost of increased computational complex-
ity. The proposed model requires 28.04 million parameters and 72.50 GFLOPs, compared
with 2.58 million parameters and 6.50 GFLOPs for the YOLOv11 baseline. Its inference
speed is 422.40 FPS, which is lower than that of the lightweight YOLO models but remains
sufficient for many accuracy-oriented sonar detection applications. Therefore, the pro-
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posed model is more suitable for scenarios in which detection reliability and accuracy are
prioritized over minimum computational cost.

3.3. Comparison of Feature-Extraction and Attention Modules

To further evaluate the effectiveness of the proposed C3k2_RVB module, additional
experiments were conducted using alternative feature-extraction and attention mecha-
nisms. Each alternative module was inserted into the same C3k2 position and trained
under identical conditions on the SOD dataset. The same dataset split, input resolution,
number of epochs, optimizer, augmentation strategy, and evaluation metrics were used for
all configurations.

As shown in Table 4, C3k2_RVB clearly outperforms both the original C3k2 baseline
and the attention Transformer-augmented variants, delivering the highest F1-score (90.59%),
Recall (86.0%), and mAP@50 (75.4%) of all the modules tested. This is a large jump over the
baseline C3k2, which reaches only 80.50% F1 and 69.0% Recall, and it also outpaces the SE,
CBAM, and Lightweight Transformer variants by a wide margin. Interestingly, although
SE, CBAM, and the Lightweight Transformer all push mAP@50 somewhat higher than
the baseline, this comes with a noticeable drop in Fl-score and Precision, and CBAM in
particular suffers a sharp fall in mAP@50:95, down to 43.7%. C3k2_RVB avoids this trade-
off: its mAP@50:95 (56.20%) stays close to the original C3k2 (56.80%) even as Recall and
mAP@50 rise substantially. This suggests that combining depthwise convolution, channel-
wise feature recalibration, and structural reparameterization gives the model a more reliable
way to represent small, low-contrast sonar targets against cluttered backgrounds, rather
than simply trading one metric for another. Efficiency-wise, C3k2_RVB is also the strongest
option overall: it adds only a small parameter increase over the baseline (2.51M vs. 2.18M),
leaves FLOPs unchanged at 6.50G, and keeps inference speed nearly identical (796.8 vs.
798.0 FPS). The SE, CBAM, and Transformer variants, by comparison, either cost more
computation, run slower, or both (324.8-847.5 FPS across 1.85-4.07M parameters and
4.1-11.4 GFLOPs), making C3k2_RVB the best-balanced choice between accuracy and
computational cost.

Table 4. Comparison of C3k2_RVB with Alternative Feature-Extraction and Attention Modules on
the SOD Dataset.

Module F1(%) P(%) R (%) mAP@50(%) mAP@50:95(%) Params(M) FLOPs(G) FPS
Original C3k2 80.50 96.6 69.0 59.7 56.80 2.18 6.50 798.0
+SE 71.4 79.4 64.9 65.8 52.0 4.07 11.40 324.8
+CBAM 71.1 75.9 66.9 67.5 43.7 1.85 4.10 847.5
+Lightweight Transformer 75.0 76.5 73.4 72.2 48.9 3.38 9.56 821.4
C3k2_RVB 90.59 95.7 86.0 75.4 56.20 2.51 6.50 796.8

3.4. Ablation Experiment

Table 5 presents an ablation study of the principal architectural components on the
SOD dataset. The evaluated components are ResNet50, C3k2_RVB, and DyDetect.

The baseline YOLOV11 obtains an F1-score of 80.50%, with a precision of 96.6%, recall
of 69.0%, mAP@50 of 59.7%, and mAP@50:95 of 56.80%. The relatively low recall indicates
that the baseline misses a considerable number of targets, particularly small or low-contrast
objects in cluttered sonar backgrounds.

When ResNet50 is used as the only modified component, the F1-score increases to
91.67%, with a precision of 97.0% and recall of 86.9%. The deeper residual hierarchy
improves multilevel feature extraction; however, the mAP@50 is 60.3%, indicating that
stronger feature extraction alone does not fully resolve localization errors. This configura-
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tion also increases the computational cost to 73.6 GFLOPS and reduces the inference speed
to 148.0 FPS.

The C3k2_RVB-only configuration achieves an Fl-score of 90.59%, a precision of 95.7%,
a recall of 86.0%, an mAP@50 of 75.4%, and an mAP@50:95 of 56.20%. These results indicate
that the RepViT-enhanced feature-extraction module improves the representation of small
targets and helps distinguish target responses from seabed clutter. It also maintains low
computational complexity, with 2.51M parameters, 6.50 GFLOPS, and 796.8 FPS.

The DyDetect-only configuration obtains an F1-score of 91.39%, a precision of 97.5%, a
recall of 86.0%, an mAP@50 of 75.5%, and an mAP@50:95 of 56.70%. This result supports
the role of scale, spatial, and channel-aware feature aggregation in handling sonar targets
with different sizes and locations. Its computational cost is 5.40 GFLOPS, with an inference
speed of 523.2 FPS.

The combination of ResNet50 and C3k2_RVB achieves an Fl-score of 90.52%, an
mAP@50 of 77.0%, and an mAP@50:95 of 56.72%. Although this configuration improves
mAP@50, its computational cost increases to 75.3 GFLOPS, showing the trade-off between
deeper feature extraction and computational efficiency.

Finally, the complete model containing ResNet50, C3k2_RVB, and DyDetect achieves
the highest F1-score of 92.61%, precision of 99.0%, mAP@50 of 77.4%, and mAP@50:95 of
59.30%. These results indicate that the three components provide complementary func-
tions: ResNet50 strengthens hierarchical feature extraction, C3k2_RVB refines small-target
and clutter-related features, and DyDetect performs adaptive multiscale detection. The
complete model therefore provides the best overall detection and localization performance,
although its increased computational cost remains a limitation. The dual-pooling operation
is retained as an integrated supporting feature-processing operation and is not treated as
an independently ablated factor in this table.

Table 5. Comparison of Results from Ablation Experiments on SOD Dataset.

1 2 3 F1(%) P(%) R (%) mAP@50(%) mAP@50:95 (%) Params (M) FLOPS (G) FPS
- - - 8050 96.6 69.0 59.7 56.80 2.18 6.50 798.0
v - - 9167 970 86.90 60.3 56.90 28.23 73.60 251.8
- v - 9059 95.7 86.0 754 56.20 251 6.50 796.8
- - v 9139 97.5 86.0 755 56.70 245 5.40 530.4
v v o - 9052 968 85.0 77.0 56.72 28.49 75.30 697.6
v o vov 9261 99.0 87.0 77.40 59.30 28.04 72.50 422.4

Note: ‘- means the module is not used; and ‘v'’ means the module is used. () ResNet50, @ C3k2_RVB,
@ DyDetect.

Overall, the ablation results demonstrate that the full framework provides the most
favorable accuracy and localization performance among the evaluated configurations.
Compared with the baseline, it improves the Fl-score from 80.50% to 92.61%, mAP@50
from 59.7% to 77.4%, and mAP@50:95 from 56.80% to 59.30%. These improvements support
the complementary role of the integrated modules for challenging small-sample sonar
object detection.

Table 6, the progressive introduction of different data augmentation operations gen-
erally improves detection performance on the SOD dataset. Compared with the baseline,
the data augmentation strategy increases the F1-score from 62.20% to 92.61%, recall from
56.4% to 87.0%, mAP@50 from 58.6% to 77.4%, and mAP@50:95 from 33.90% to 59.30%,
corresponding to improvements of 30.41, 30.6, 18.8, and 25.4 percentage points, respectively.
These results indicate that our model, incorporating the combined augmentation strategy,
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increases sample diversity and reduces overfitting under limited-data conditions, thereby
improving the model’s generalization ability for small-sample sonar object detection. More-
over, the subsequent inclusion of scaling, translation, and brightness adjustment produces
substantial overall improvements.

Table 6. Ablation Study of Different Data Augmentation Strategies on the SOD Dataset.

Setting F1(%) P(%) R (%) mAP@50(%) mAP@50:95 (%)
Baseline 6220 695 564 58.6 33.90
Baseline + Data Augmentation 63.70 76.0 548 62.6 38.50
Improved 80.50 966  69.0 59.7 56.80
Improved + Data Augmentation 92.61 99.0 87.0 77.4 59.30

3.5. Heatmap Visualization

To further investigate the interpretability of the proposed model, EigenGradCAM
was employed to visualize and compare the feature responses generated by the base-
line YOLOvV11 and the proposed model. Figure 21 presents representative sonar images
from the Human, Mine, Plane, and Ship categories, together with their corresponding
activation maps.

Predict: Human 0.85 Predict: Mine 0.86 Predict: Plane 0.78 Predict: Ship 0.57

(b)

Predict: Human 0.97 Predict: Mine 0.97 Predict: Plane 0.98 Predict: Ship 0.78

Figure 21. EigenGradCAM visualization for representative sonar targets. (a) Original sonar images,
(b) activation maps generated by the baseline YOLOv11 model, and (c) activation maps generated by
the proposed model.

As shown in Figure 21b, the baseline YOLOv11 produces relatively weak and spatially
scattered responses in several challenging cases. Some activation regions extend toward
irrelevant seabed textures and do not consistently cover the complete target region. This
behavior is particularly evident for the small Human and Mine targets, for which the
baseline model generates incomplete responses and shows limited alignment with the
annotated bounding boxes.
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In contrast, the proposed model, shown in Figure 21c, produces stronger, more con-
centrated, and more spatially coherent activations. Its responses cover the target regions
more completely and are better aligned with the annotated bounding boxes. For the Ship
and Plane examples, the proposed model also responds to relevant contextual regions sur-
rounding the targets, whereas the baseline model exhibits stronger activation on isolated
background areas or unrelated high-intensity pixels.

These observations suggest that the proposed feature-extraction and feature-fusion
modules improve the representation of target regions and their surrounding context. The
proposed model suppresses responses to irrelevant seabed textures and provides more
coherent localization cues for small, low-contrast, and visually ambiguous sonar targets.

Figure 22 presents a qualitative comparison of EigenGradCAM visualizations generated
by the baseline YOLOv11 model and the proposed improved model. For each example, the
left image represents the baseline model and the right image represents the proposed model.

(® (h)

Figure 22. Qualitative comparison of EigenGradCAM visualizations. For each pair, the left image

shows the baseline YOLOv11 model and the right image shows the proposed improved model.
Warmer colors indicate stronger contributions to the prediction. (a,b) Human targets; (c,d) Mine
targets; (e f) Plane targets; (g,h) Ship targets.
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The comparison in Figure 22a shows that the right image produces deeper and more
concentrated activation within the human target, whereas the baseline response is weaker
and incomplete. In Figure 22b, the enhanced feature-extraction and sonar-oriented feature-
processing components highlight both the target and its nearby acoustic shadow more
clearly, while the baseline model activates only a limited portion of the target. Figure 22¢,d
show that the proposed feature-processing strategy helps the model focus more strongly on
the small target shadow structure, although some background responses and fragmented
activation remain in Figure 22d. In Figure 22e, the baseline response is weak and incomplete,
with part of the activation extending beyond the object boundary; in comparison, the
enhanced model produces clearer activation over the plane and its associated shadow.
The qualitative comparison in Figure 22f shows that the baseline model fails to highlight
one of the targets completely, whereas the enhanced model produces a stronger and more
concentrated response, although a small amount of activation still extends beyond the
annotated region. Figure 22g illustrates that the combined feature-extraction and feature-
processing improvements transform the limited and incomplete baseline response into
a clearer and more concentrated activation pattern over the ship. Similarly, Figure 22h
shows stronger and more coherent activation over both the ship and its associated shadow
than the baseline model. Overall, these observations suggest that the improved model
pays more targeted attention to small-object and acoustic-shadow features and is generally
better able to suppress irrelevant seabed noise, although some background interference
remains in difficult cases.

4. Discussion

The experimental results indicate that the proposed framework improves the detection
of small and low-contrast sonar targets by coordinating complementary feature-processing
mechanisms rather than relying on a single architectural modification. The ablation study
shows that ResNet50, C3k2_RVB, and Dynamic Head provide complementary contribu-
tions. ResNet50 strengthens hierarchical feature extraction, C3k2_RVB improves local
feature representation with limited additional computational cost, and Dynamic Head
provides adaptive aggregation across spatial locations and feature scales. The complete con-
figuration achieves the strongest overall performance, with an F1-score of 92.61%, precision
of 99.0%, mAP@50 of 77.4%, and mAP@50:95 of 59.30%.

The data augmentation experiments further demonstrate the importance of increasing
sample diversity under limited-data conditions. The combination of augmentation oper-
ations improves Fl-score, recall, and mAP compared with the non-augmented baseline.
This result indicates that augmentation can partially compensate for the limited number
of labeled sonar images and reduce overfitting. However, the gains should be interpreted
together with the dataset size and composition, because augmentation cannot fully replace
a larger and more diverse collection of independently acquired sonar observations.

The proposed framework also introduces a clear accuracy complexity trade-off. The
complete model contains 28.04 million parameters and requires 72.50 GFLOPs, compared
with 2.58 million parameters and 6.50 GFLOPs for the YOLOv11 baseline. Its inference
speed is 422.4 FPS, which remains high in the reported experimental setting but is sub-
stantially lower than the lightweight baseline. Therefore, the proposed framework is more
appropriate for applications in which detection reliability is prioritized over minimum
computational cost.

The improvement is particularly relevant to sonar imagery because target highlights
can be weak, small, or partially confused with seabed clutter. The EigenGradCAM visual-
izations provide qualitative evidence that the proposed model produces more concentrated
and spatially coherent responses over target regions and relevant surrounding context.
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These observations are consistent with the quantitative improvements in recall and F1-score,
suggesting that the enhanced feature representation helps reduce missed detections of
small and low-contrast targets.

Several limitations should also be considered. First, the SOD dataset contains a limited
number of labeled sonar images, and the reported results may not represent all oper-
ating conditions, sonar systems, or seabed environments. Second, the framework uses
sonar-specific visual and contextual characteristics but does not explicitly model acoustic
propagation, scattering, or shadow formation. Third, the increased computational cost
may limit deployment on resource-constrained underwater platforms. Future work should
therefore evaluate the framework on larger and more diverse datasets and investigate
lightweight and physics-informed approaches that incorporate available sonar acquisi-
tion metadata.

5. Conclusions

This study addresses underwater sonar object detection under challenging condi-
tions, including low image quality, acoustic noise, seabed clutter, weak target boundaries,
small target sizes, scale variation, and limited labeled data. The contribution of this work
is a sonar-oriented integration framework based on established network components,
rather than the introduction of fundamentally new individual modules. The proposed
framework coordinates hierarchical feature extraction, local-contextual feature process-
ing, scale-adaptive detection, and data augmentation according to the characteristics of
sonar imagery.

Experimental results on the SOD and UATD datasets demonstrate the effectiveness of
the integrated framework. On the SOD dataset, the proposed model achieves an F1-score
of 92.61%, an mAP@0.5 of 77.4%, and an mAP@0.5:0.95 of 59.3%. On the UATD dataset, it
achieves an F1-score of 84.0%, an mAP@0.5 of 85.1%, and an mAP@0.5:0.95 of 38.1%. The
ablation results further show that the principal modules provide complementary benefits
for feature extraction and multiscale detection.
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