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Abstract

The complexity of the underwater environment leads
to difficulties in acquiring sonar image samples. Due to
the limited availability of data, traditional neural net-
works often struggle to achieve accurate image segmen-
tation. Therefore, few-shot learning algorithms need to
be developed to address the scarcity of annotated sonar
image samples and enhance the accuracy of underwa-
ter acoustic image segmentation. In this paper, we pro-
pose MetaSegNet, a few-shot segmentation model for
sonar images based on meta-learning. Our method in-
tegrates an Adaptive Scale and Shift (A2S) module and
a Channel and Spatial Skip Attention Gate (CSSAG)
mechanism to enhance segmentation performance and
support generalization across diverse few-shot scenar-
ios. Experimental results show that our algorithm con-
sistently outperforms mainstream networks on public
sonar datasets. In addition, we have designed a cus-
tomized forward-looking sonar system as an embedded
edge computing platform, with the Atlas 200 chip serv-
ing as its core component. By deploying the algorithm,
collecting data, and conducting segmentation tests in
Qiandao Lake, Hangzhou, Zhejiang, China, our system
achieved a favorable balance between energy efficiency
and segmentation performance. The forward-looking
sonar system demonstrated satisfactory segmentation
accuracy and real-time capability in practical engineer-
ing applications.

Keywords: Sonar images, Image segmentation, Few-
shot learning, Edge computing, Embedded systems.

1. Introduction

Image segmentation is a crucial step in sonar image anal-
ysis [21, 4, 31]. Through segmentation, target objects in a
sonar image can be separated from the background, allow-
ing for accurate localization of their positions and shapes.
This process provides the basis for subsequent tasks such as
target identification, classification, shape analysis, and mo-

Figure 1. Forward-looking sonar equipment testing and imaging
results. (a) Testing environment. (b) Fishing boat moored in the
harbor. (c) Float ball.

tion analysis [43, 29].
The increasing demand for ocean-related activities such

as bathymetric mapping and environmental modelling [36],
underwater salvage and rescue [9], shipwreck detec-
tion [25], and the identification of underwater threats like
torpedoes and submarines [26], underscores the strategic
importance of sonar equipment in both civilian and military
domains. As maritime territories play a vital role in national
security and global stability, sonar-based technologies have
become essential for resource exploration and defense op-
erations. Light waves are significantly attenuated in sea-
water, making them unsuitable for long-distance transmis-
sion [35, 38]. In contrast, sound waves propagate with mini-
mal attenuation, enabling efficient underwater transmission.
Consequently, sonar has become the primary technique for
underwater target imaging. Due to the changes in angle and
velocity caused by the influence of seawater on the sonar,
the collected data often does not represent the true echo
strength of the seabed landform, and parsing the data of-
ten produces various aberrations [1, 42, 18], and it is easy
to miss small targets [14], which significantly impact the
subsequent processing of sonar images [33, 39, 45].

To address these challenges, deep learning methods have
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been widely applied in sonar image segmentation [32, 41].
The U-Net model proposed by Ronneberger et al. [22]
makes it a suitable network architecture for sonar image
segmentation by virtue of its ability to capture contextual in-
formation, its skip-connection mechanism, its ability to fuse
multi-scale features, and its robustness to labeled data [27].
However, the disadvantage of deep learning is that it re-
quires a large amount of labeled training data to obtain
good results [8]. Acquisition of sonar image data is diffi-
cult. Meanwhile, data acquisition and sharing are limited
in cases where sonar image data involves sensitive infor-
mation. The scarcity of sonar image data raises a broader
issue of few-shot learning [30]. Due to the limited nature
of sonar image data, models must be trained and adapted
using only small amounts of data to generalize to new sam-
ples [12, 37]. Given limited computing resources, energy
efficiency, and real-time requirements in marine edge en-
vironments [34], deploying suitable segmentation models
on embedded edge devices is essential. In response to the
challenges posed by limited training data and constrained
deployment resources, meta-learning has emerged as an ef-
fective paradigm for enabling rapid adaptation to new tasks
under few-shot settings. For this purpose, our approach de-
signed a lightweight meta-learning framework for real-time
sonar image segmentation on embedded edge devices. In
addition, the paper’s application of meta-learning to few-
shot sonar image segmentation has the following two ad-
vantages: through meta-learning algorithms, adaptive opti-
mization algorithms can be designed to automatically learn
the optimal parameter configurations and model selection
strategies for a given sonar task and dataset, improving
the segmentation of sonar image data. Moreover, by pre-
training on large-scale datasets, the model convergence can
be accelerated and overall performance is improved.

In summary, our main contributions are listed as follows.

- To the best of our knowledge, we first introduced a
meta-learning-based network model into the applica-
tion of few-shot sonar image segmentation, and de-
veloped MetaSegNet, which effectively addresses the
challenges that traditional neural networks face in
limited-sample scenarios.

- We designed a multi-scale attention module (Channel
and Spatial Skip Attention Gate, CSSAG) to effec-
tively integrate sonar features across scales, and de-
signed an adaptive factor-based parameter modulation
method (Adaptive Scale and Shift, A2S) to enhance
model generalization and adaptability under few-shot
learning scenarios.

- We developed a custom-designed forward-looking
sonar as an embedded edge computing platform based
on the Atlas 200 chip. The model was deployed for

real-time segmentation in real few-shot sonar image
scenarios, as shown in Figure 1. Experimental results
demonstrate strong adaptability and superior perfor-
mance compared to other platforms.

2. Related Work

The goal of sonar few-shot image segmentation is to ac-
curately segment sonar images using only a small number of
samples. The challenge lies in the fact that traditional neu-
ral networks struggle to generalize under such limited data
conditions. Few-shot segmentation methods can generally
be categorized into three types: sample expansion-based
methods, memory augmented-based methods, and param-
eter update-based methods.

2.1. Sample Expansion-Based Methods

The sample expansion model increases effective support
samples by training a generation module to create similar,
synthetic data, improving query recognition. For exam-
ple, Antoniou et al. [2] used GANs to synthesize additional
samples, while Sandfort et al. [23] applied CycleGAN to
generate synthetic medical images, enhancing segmentation
across domains. Liu et al. [16] expanded datasets via ba-
sic transformations. Recently, Zhang et al. [40] proposed
a generative framework using segmentation-guided multi-
level optimization to synthesize image-mask pairs, effec-
tively augmenting data in ultra low-data scenarios.

2.2. Memory Augmented-Based Methods

Traditional neural networks require iterative training
with large amounts of data and must relearn internal pa-
rameters when encountering new data, making them inef-
ficient for few-shot scenarios. Memory augmented-based
methods enable rapid reasoning by retrieving information
from external storage. Google first introduced the memory-
augmented neural network model, which integrates read
and write modules into an external memory component and
stores information based on the least-recently-used princi-
ple [24]. However, this approach suffers from information
forgetting. To alleviate memory forgetting, Cai et al. pro-
posed MM-Net [3], which compresses memory access into
compact features for reasoning. Building on this, Cheng
et al. [5] introduced a disentangled representation frame-
work with implicit memory structures, boosting generaliza-
tion and consistency across tasks.

2.3. Parameter Update-Based Methods

The parameter update-based model primarily utilizes
meta-learning to refine model parameters using support
sets. Meta-learning is a machine learning approach de-
signed to enable algorithms to ”learn how to learn”, thereby
improving their efficiency and flexibility in adapting to new



Figure 2. The overview of our method and process. (a) MetaSegNet framework including the improved U-Net architecture, CSSAG
attention module and A2S module. (b) CSSAG attention module. (c) Meta-learning flow path.

tasks by leveraging experience and knowledge gained from
multiple tasks [11, 13]. Model-Agnostic Meta-Learning
(MAML) [7] is a model-agnostic algorithm that trains mod-
els to quickly adapt to new task data through iterative train-
ing on related tasks, resulting in improved performance dur-
ing testing; however, it is prone to overfitting due to incon-
sistencies between training and testing data. To address this,
Sun et al. introduced Meta-Transfer Learning (MTL) [28],
which uses transfer learning features to improve classifi-
cation accuracy while effectively mitigating overfitting in
few-shot scenarios. Li et al. proposed Few-Shot Segmenta-
tion (FSS) [15], which achieves comparable accuracy with
small datasets by training the network from scratch with-
out pre-trained weights, unlike approaches relying on large-
scale pre-training. Hong et al. introduced Volumetric Ag-
gregation with Transformers (VAT) [10], which employs a
pyramid encoder structure to allow coarse-level aggrega-
tion to guide finer-level feature learning and complementary
matching scores, achieving excellent performance on public
datasets.

Recently, parameter adaptation strategies have been ex-
plored in sonar imagery, where severe acoustic noise and
limited labeled data pose significant challenges. For exam-
ple, Zhu et al. [46] proposed a coarse-to-fine framework for
few-shot sonar object segmentation, highlighting the dif-
ficulty of accurate contour delineation in cluttered under-
water environments. In parallel, lightweight vision models
for edge deployment, such as MobileViT [44], have been
investigated in few-shot or self-supervised segmentation.
However, these transformer-based approaches typically rely
on sufficient data diversity and stable feature representa-

tions, which remain challenging in forward-looking sonar
imagery. Therefore, our work focuses on parameter-level
adaptation within a convolutional backbone to balance noise
robustness and computational efficiency for edge-oriented
few-shot sonar segmentation.

3. Method

This paper adopts the improved U-Net architecture as
the backbone of MetaSegNet, which consists of a feature
extractor enhanced by a Channel and Spatial Skip Atten-
tion Gate (CSSAG) module and an adaptive meta-training
mechanism based on the Adaptive Scale and Shift (A2S)
method. The model’s encoder uses standard convolutional
and pooling layers to extract hierarchical features, while
the decoder integrates CSSAG to improve multi-scale fea-
ture fusion through attention-based skip connections, en-
abling more precise segmentation results. The overall meta-
learning training flow path is illustrated in Figure 2(c). The
entire network will be deployed on the Atlas 200 edge com-
puter, integrated into the self-developed forward-looking
sonar device to achieve real-time edge computing in marine
environments.

3.1. Meta-Learning Feature Extractor Design

Based on the MetaSegNet architecture, we improved its
mechanism of skip connections, as shown in Figure 2(a).
The model’s encoder employs a 3x3 convolutional layer
with ReLU activation, followed by 2x2 max-pooling to
gradually downscale feature maps. The decoder inputs the
vector output from the previous layer of the model and its
corresponding coding part output into the CSSAG attention



mechanism module, concatenating the CSSAG output with
the corresponding encoder output, followed by convolution
and deconvolution for upsampling. Different from applying
attention on backbone feature maps, CSSAG is integrated
into the skip connections of the encoder–decoder architec-
ture. The attention gate selectively filters encoder features
before fusion with decoder representations, which is par-
ticularly important for suppressing noise-dominated high-
resolution features in forward-looking sonar images.

The CSSAG attention mechanism is introduced in the
decoder, as shown in Figure 2(b), where x and xi denote
the skip-connected output of the i-th layer of the network
structure and output of the previous layer of the model, re-
spectively. x and xi are first weighted and summed by a 1×1
convolutional kernel and then processed with the ReLU ac-
tivation function, a 1×1 convolution, and the sigmoid acti-
vation function, finally the Hadamard product with x again
to obtain the output xu, as shown in Eq. (1).

xu = x⊙ σ (Conv1×1 (ReLU (Conv1×1(x+ xi)))) (1)

Unlike CBAM [6], which applies channel and spatial at-
tention sequentially to feature maps, CSSAG integrates at-
tention into skip connections, allowing direct feature fu-
sion between encoder and decoder layers. This design
preserves fine-grained details while suppressing noise in
sonar images. We did not adopt lightweight ViT variants
such as MobileViT or EdgeViT [17, 19] although recent
lightweight vision transformers are promising for edge de-
ployment, because the limited sonar dataset and the small
image resolution (224×224) do not provide enough data di-
versity for transformer-based patch modeling. Moreover,
the convolution-based CSSAG yields better stability under
high-noise marine imagery.

3.2. Adaptive Factor-Based Network Parameter Training
Method

This section discusses instance segmentation using meta-
transfer learning. To further enhance the model’s adaptabil-
ity under few-shot settings, we proposed A2S, a method
for dynamic weight adjustment in a meta-learner via tun-
able convolutional kernels. It enhances model generaliza-
tion and adaptability, tackling inaccuracies in sonar image
segmentation by pre-training and refining model parame-
ters for better robustness. Unlike traditional parameter opti-
mization that seeks a single optimal set of parameters, A2S
learns task-adaptive scaling and offset parameters through a
meta-learning process, enabling rapid adaptation with min-
imal updates.

Different from feature-wise modulation methods such
as FiLM and weight scaling strategies in MTL, A2S per-
forms task-conditioned adaptation directly on convolutional
weights and biases. This parameter-level modulation em-
beds task-specific information into the model parameters,

Figure 3. A2S: Adaptive Scale and Shift on network parameters.

resulting in more stable adaptation under strong noise and
limited supervision. The A2S module works by decom-
posing training into pretraining and meta-learning phases.
Firstly, a pre-training phase is performed on a large-scale
dataset to obtain generalizable feature representations. This
serves as the initialization for the segmentation model.
Then, transfer learning is applied by fine-tuning the model
on the target dataset to improve its performance on sonar
image segmentation tasks, as shown in Eq. (2):

[Θ; θ] = [Θ; θ]− α∇LD([Θ; θ]) (2)

where Θ is the backbone feature extractor, θ is the concate-
nation of encoder and classifier parameters, LD is the loss
function, and α is the optimized learning rate. The formu-
lation of the loss function is as follows:

LD([Θ; θ]) =
1

|D|
∑

(x,y)∈D

L(f[Θ;θ](x), y) (3)

Here x denotes a given picture, y denotes the label of the
corresponding input picture, f[Θ;θ] is the segmentation func-
tion, the corresponding output is the segmentation result of
the input picture x, and L is the cross-entropy loss calcu-
lation function. The pretrained segmenter can be obtained
using using the gradient descent method as described in Eq.
(3).

Post-pre-training, feature extraction parameters are
frozen while the classifier part is retrained. The meta-
training phase is divided into two stages: a test task T (te)

and a training task T (tr), where the outer loop requires scal-
ing and shifting of the feature extractor, and the inner loop
requires fine-tuning of the classifier and updating the adap-
tive factors. During the outer loop stage, the learnable pa-
rameters ΦS{1,2} are assigned to each set of convolution and
bias, here the learnable parameter ΦS1 of the convolution
kernel is initialized to 1, while the learnable parameter ΦS2

of bias is initialized to 0. In the outer loop phase, a tempo-
rary classifier θ

′
is first set up, and the update formula for

θ
′

is as follows:

θ
′
← θ − β∇θLT (tr)([Θ; θ],ΦS{1,2}) (4)

Here θ denotes the current classifier parameters, β denotes
the learning rate of the outer loop, and LT (tr) denotes the



standard cross-entropy loss on the training task, as shown
in Eq. (5).

LT (tr)([Θ; θ],ΦS{1,2})

=
1

T (tr)

∑
(x,y)∈T (tr)

L(f[Θ;θ;ΦS{1,2} ]
(x), y) (5)

Here ΦS{1,2} denote the inner-loop hyperparameters. We
optimize the temporary classifier θ

′
using the loss of the

training task T (tr), and update the hyperparameters ΦS{1,2}

with the adaptive factor µ1,2:

ΦSi
= ΦSi

− η∇ΦSi
LT (te)([Θ; θ

′
],ΦS{1,2}) (6)

µi = µi − η∇µi
LFL([Θ; θ

′
], µ{1,2}) (7)

where ΦSi
is the learnable parameter in the convolution or

bias, η is the inner-loop learning rate, and LT (te) denotes
the standard cross-entropy loss computed by the classifier
θ
′

on the test task. These updates aim to dynamically ad-
just the convolution kernel and bias to adapt to task-specific
distributions. To address class imbalance in sonar image
segmentation, we incorporate the focal loss, the focal loss
function LFL as follows:

LFL([Θ; θ], µ{1,2})

= − 1

N

N∑
i=0

(1− pi)
γ log (pi) + pγi log (1− pi)

(8)

where N is the number of samples, p is the probability of
accurate prediction, and γ > 0 is an adjustable factor. In the
inner loop, ΦSi

is modulated by the adaptive factors through
scaling and shifting operations, the convolution kernel and
bias are adjusted, the original convolution kernel is used to
perform the Hadamard product operation with ΦS1

, and the
original bias is used to add with ΦS2

, as shown in Figure 3.

A2S(X;W, b; ΦS{1,2} ;µ{1,2})

= W ⊙ (ΦS1 ∗ µ1))X + (b+ (ΦS2 + µ2))
(9)

where X is the input feature map, W is the convolution
kernel, and b is bias. The operator ⊙ denotes the Hadamard
product (element-wise multiplication), while ∗ represents
scalar multiplication, used here to scale the learnable pa-
rameters. Specifically, the convolution kernel W is adap-
tively rescaled via an element-wise Hadamard product with
the scaled parameter ΦS1

∗ µ1, where ΦS1
is a learnable

mask and µ1 is a tunable scaling factor. Similarly, the bias
b is adaptively shifted by the sum (ΦS2 + µ2), allowing
for flexible adjustment of the bias term. The final update
formula for the classifier θ is obtained in the inner loop as
follows:

θ = θ − η∇θLT (te)([Θ; θ
′
],ΦS{1,2}) (10)

where LT (te) denotes the loss computed by the classifier θ
′

on the test task, and ΦS{1,2} represents the updated scaling
and shifting hyperparameters. The desired meta-classifier
can be obtained by utilizing adaptive shifting and scaling
through the above steps.

During inner-loop adaptation, only the task-specific A2S
parameters are updated, while the backbone parameters re-
main fixed. In the outer loop, backbone parameters and
CSSAG parameters are optimized using query set gradients.
Different loss functions are applied to different parameter
groups according to their optimization objectives. Specif-
ically, the shared backbone parameters are optimized us-
ing cross-entropy loss to ensure stable convergence across
tasks, while focal loss is applied to task-adaptive parameters
to emphasize hard-to-segment regions and alleviate class
imbalance commonly observed in sonar images.

Although A2S shares conceptual similarity with
FiLM [20] and MTL, its role is not to replace feature mod-
ulation, but to provide a lightweight and stable parameter
adaptation mechanism suitable for few-shot sonar segmen-
tation and edge deployment. This enables the model to
adjust task-specific representations at the parameter level,
enhancing generalization with fewer updates.

3.3. Image Segmentation Hardware Device for Edge
Computing

This section presents the design and implementation of
the hardware architecture tailored for few-shot sonar image
segmentation in an edge computing environment. The sys-
tem integrates an underwater sonar device with an embed-
ded host computer connected via Gigabit Ethernet, enabling
real-time on-site processing.

The embedded host computer integrates an Atlas 200
processor, an AI chip optimized for edge computing, and a
touch screen interface, serving as the core computing plat-
form. It receives video streams or images from the under-
water sonar device, executes real-time segmentation infer-
ence using the MetaSegNet model, and displays the seg-
mentation results locally on the touch screen. This design
ensures low-latency processing and reduces the need for
bandwidth-intensive data transmission to remote servers.

Figure 4. The overview of edge computing platform. (a) Signal
processing board. (b) Embedded host computer. (c) Underwater
sonar equipment.

Figure 4 illustrates the system components: (a) the sig-
nal processing board built around the Atlas 200 edge AI



processor, (b) the embedded host computer with integrated
display, and (c) the underwater sonar device responsible for
beamforming and echo acquisition. The embedded host’s
Gigabit Ethernet interface receives sonar data, which it
parses and preprocesses before feeding into the segmenta-
tion network. The underwater sonar unit, depicted in Fig-
ure 4(c), consists of transmitting and receiving transducers
integrated within a watertight cable assembly, facilitating
reliable underwater operation and data acquisition.

The segmentation model is pre-trained offline on a server
and exported in ONNX format. It is then converted to the
Atlas 200-compatible OM format via the ATC tool for edge
deployment. During inference, the embedded host normal-
izes input images, runs them through MetaSegNet, and ren-
ders the segmentation outputs on the screen.

By leveraging the Atlas 200 edge AI module, the system
achieves fast inference, low power consumption, and high
portability—ideal for field-deployed, real-time sonar image
segmentation applications.

4. Experiments

4.1. Qiandao Lake Test

To evaluate the real-world performance of the segmen-
tation model, we conducted field experiments at Qiandao
Lake using a self-developed forward-looking sonar device,
shown in Figure 1(a). The device operates at 350 kHz with
a 25 m detection range, 135° field of view, and 512 beams.
During vessel movement, it captured one image every three
seconds, with targets such as the vessel and float visible,
under significant and irregular noise interference.

Due to the limited availability of labeled data, we used
feature maps of piers and dikes as the training set, select-
ing five images per class as the support set. Figure 1(b)(c)
illustrates the segmentation results, demonstrating that the
proposed method performs robustly even under poor image
quality and limited supervision, showing promise for future
few-shot segmentation in sonar imagery.

Device
Inference
Time(ms)

FPS
(Hz)

Power
(W)

FPS/Power
(Hz/W)

X86 CPU
(i9-10900X) 58.2 17 42 0.404

GPU
(2080Ti) 8.3 119 194 0.613

Atlas 200DK
(Ascend 310) 151 6.6 8.3 0.795

Table 1. Performance Comparison of Different Hardware Plat-
forms.

To evaluate the effectiveness of deploying the proposed
segmentation algorithm in an edge computing scenario, we

conducted comparative experiments on three hardware plat-
forms: CPU, GPU, and the Atlas 200-based embedded de-
vice. We measured inference time, power consumption, and
calculated the frame rate per watt (PFS). As shown in Ta-
ble 1, the Atlas 200 platform achieved a processing speed of
6.6 frames per second with the lowest power consumption
per frame, demonstrating superior energy efficiency.

These results validate the suitability of the proposed
model for edge deployment. When integrated into the self-
developed device equipped with the Atlas 200 edge AI pro-
cessor, the model maintains high inference performance
while significantly reducing power requirements. This con-
firms the practicality of real-time, low-power sonar image
segmentation in maritime edge environments using embed-
ded devices.

4.2. Datasets

Forward-looking sonar using echo imaging inevitably
encounters scattering noise. This paper employs a data en-
hancement method to improve training within the network.
In this study, the original sonar image undergoes prepro-
cessing, and an adaptive three-dimensional block-matched
filter is applied to remove the scattering noise from the im-
age, which was ultimately used in our method and baseline
methods. The denoising results are depicted in Figure 5.

Pre-training Dataset used in this study is the publicly
available COCO-Stuff 10K dataset v1.1, available at
https://github.com/yaoxinthu/cocostuff,
which was adopted for the pre-training experiments. It
contains 10,000 complex natural images, each annotated
with five labeled objects.

Marine Dataset is a collection of sonar images captured
using an ARIS Explorer 3000 forward-looking sonar de-
vice, available at http://www.soundmetrics.com.
Video data were sampled at 1 frame per second and man-
ually annotated using LabelMe. Each image is 360×360
pixels, and we extracted corresponding types of underwa-
ter targets with typical representativeness, including barrels,
divers, sharks, propellers, salmon. For computational effi-
ciency, all images were resized to 224×224 pixels.

4.3. Comparative Experiments on Segmentation

Few-shot segmentation experiments on the sonar image
dataset compared MAML, FSS, VAT, MTL, and the pro-
posed method, using single labeled images as the support
set. As shown in Table 2, the proposed method achieves
the highest average mIoU, improving performance by 4.6%,
3.9%, 1.6%, and 4.0% compared to MAML, FSS, VAT, and
MTL, respectively.

Although transformer-based few-shot segmentation
methods have achieved remarkable results in large-scale
datasets, their heavy parameterization and dependence on
abundant data make them less suitable for limited sonar

https://github.com/yaoxinthu/cocostuff
http://www.soundmetrics.com


Figure 5. Preprocessing results of sonar images. (a) Pre-filter. (b)
Filtered.

samples. Hence, we focus on meta-learning-based convo-
lutional frameworks for better adaptability under low-data
conditions. Following common practice in few-shot seg-
mentation, we report mIoU as the primary evaluation met-
ric. For forward-looking sonar images, mIoU is particularly
sensitive to clutter-induced false positives and missed detec-
tions of small targets, which aligns with the key challenges
addressed in this work.

Segmentation results for all methods are visualized in
Figure 6. Because there may be echoes with the same in-
tensity between different locations of different objects in the
sonar image and the few-shot network needs to categorize
and learn the features of different types of objects and then
fit them to the query set, the segmentation results usually
have false detection regions. Compared to other few-shot

Method MAML [7] FSS [15] VAT [10] MTL [28] Ours
Barrel 72.9% 66.8% 72.4% 82.7% 83.5%
Divers 49.8% 58.0% 64.7% 53.3% 53.8%
Shark 44.0% 62.1% 60.2% 46.3% 62.4%
Propeller 83.4% 85.9% 90.0% 89.0% 90.5%
Salmon 74.8% 54.6% 51.1% 56.3% 57.7%
mIoU 64.9% 65.6% 67.9% 65.5% 69.5%

Table 2. Marine sonar image segmentation results

methods, the proposed algorithm demonstrates fewer mis-
detected regions.

4.4. Ablation Experiment

CSSAG and A2S address different sources of per-
formance degradation in few-shot sonar segmentation.
CSSAG operates at the feature level by selectively gat-
ing encoder representations before skip fusion, which
helps suppress clutter-induced activations and preserves
fine-grained spatial details, particularly benefiting small or
weakly bounded targets under strong acoustic noise.In con-
trast, A2S performs task-specific modulation at the parame-
ter level by adapting convolutional weights and biases using
scale-and-shift coefficients. This enables rapid model adap-
tation to varying target appearances and background statis-
tics across few-shot tasks.

Therefore, CSSAG mainly improves spatial feature qual-

Figure 6. Segmentation results of marine sonar images. (a) Barrel. (b) Divers. (c) Shark. (d) Propeller. (e) Salmon.



ity and noise robustness, while A2S enhances task-level
generalization through efficient parameter adaptation. This
complementary behavior is also reflected in the ablation re-
sults in Table 3, where CSSAG contributes more to struc-
tural accuracy, while A2S improves cross-task stability.
Their combination allows MetaSegNet to jointly handle
scale variation and noise interference in forward-looking
sonar imagery.

To validate the effectiveness and generalization of the
CSSAG and A2S modules, we integrated them into the
MTL network for comparison. As shown in Table 3,
integrating A2S and CSSAG into the MTL backbone
yields consistent improvements, and their joint deployment
achieves the highest performance, confirming their comple-
mentary contributions.

Backbone Feature Methods mIoU In Water Tank
U-Net MTL 65.5%
U-Net MTL + A2S 66.8%
U-Net + CSSAG MTL 68.3%
U-Net + CSSAG MTL + A2S 69.5%

Table 3. Segmented performance metrics for each model

5. Conclusion

This paper proposes a few-shot sonar image segmenta-
tion method based on meta-learning, an attention mecha-
nism, and adaptive factors. The model enhances the base-
line segmentation backbone by integrating attention mecha-
nisms into skip connections and preserving multi-scale fea-
tures tailored to front-view sonar images, thereby improv-
ing segmentation accuracy. A meta-learning module with
an adaptive factor is incorporated during training using a
composite loss function, enabling the model to better adapt
to few-shot segmentation tasks. Experimental results on
datasets collected with the edge sonar equipment demon-
strate that the proposed algorithm achieves superior accu-
racy and stronger adaptability, effectively meeting the spe-
cific requirements of sonar image segmentation. Further-
more, the algorithm has been deployed on the Atlas 200
embedded system platform, providing an efficient and cost-
effective solution for practical sonar image processing and
segmentation. Future work will explore larger-scale and
more diverse sonar datasets to further evaluate the robust-
ness of MetaSegNet under complex underwater environ-
ments. We hope this work inspires and assists researchers
in the field of sonar image analysis.
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