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ABSTRACT Recently, methods based on deep learning have been successfully applied to ship detection for
synthetic aperture radar (SAR) images. Despite the development of numerous ship detection methodologies,
detecting small and coastal ships remains a significant challenge due to the limited features and clutter in
coastal environments. For that, a novel adaptive multi-hierarchical attention module (AMAM) is proposed
to learn multi-scale features and adaptively aggregate salient features from various feature layers, even
in complex environments. Specifically, we first fuse information from adjacent feature layers to enhance
the detection of smaller targets, thereby achieving multi-scale feature enhancement. Then, to filter out the
adverse effects of complex backgrounds, we dissect the previously fused multi-level features on the channel,
individually excavate the salient regions, and adaptively amalgamate features originating from different
channels. Thirdly, we present a novel adaptivemulti-hierarchical attention network (AMANet) by embedding
the AMAMbetween the backbone network and the feature pyramid network (FPN). Besides, the AMAMcan
be readily inserted between different frameworks to improve object detection. Lastly, extensive experiments
on two large-scale SAR ship detection datasets demonstrate that our AMANet method is superior to state-
of-the-art methods.

INDEX TERMS SAR ship detection, adaptive multi-hierarchical attention, deep learning.

I. INTRODUCTION

SYNTHETIC aperture radar (SAR) [1]–[3] provides high-
resolution imaging capabilities that remain unaffected

by daylight, weather conditions, and other environmental
factors. This makes SAR an indispensable tool for remote
sensing applications. Ship detection in SAR images plays
a critical role in various domains such as national defense,
maritime management, identification of illicit activities, ma-
rine transport monitoring, and coastal security enhancement.
However, this task presents significant challenges due to sea
clutter, ship size variability, and land clutter interference.
Consequently, further research is urgently needed to enhance
the accuracy of offshore vessel detection in SAR images.
This research area is both significant and complex, offering
substantial practical implications.

Convolutional neural networks (CNNs) have been exten-
sively employed in visible image object detection [4], deliv-
ering remarkable results [5]. When applied to ship detection
in SAR images, these CNN algorithms have proven highly
effective [6], [7]. Subsequently, the FPN [8] has emerged as
a standard solution for detecting ships in multi-scale SAR

FIGURE 1. The difference between visible and SAR images. The first row
shows visible images, and the second row shows SAR images. The green
rectangles enclose the ground truth.

images. Building on the foundation of FPN, later research
has concentrated on Bi-directional FPN to enhance the rep-
resentation of hierarchical features [9], [10]. However, these
methods require further refinement and enhancement to effec-
tively handle extreme-scale changes or scenarios with fewer
ship features. As illustrated in Figure 1, the top row presents
visible images, while the bottom row features SAR images.
SAR images have the distinct advantage of increased sen-
sitivity to metallic objects, significantly aiding ship object
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detection. However, they offer less color texture and other
details when compared to visible images, presenting a unique
set of challenges.

The attention mechanism has gained significant traction in
the field of computer vision. There are three commonly uti-
lized attention methods: spatial attention, channel attention,
and combined spatial and channel attention. Spatial attention
methods [11], [12] generate attention masks across spatial
domains, which are employed to select crucial spatial regions
or directly predict the most relevant spatial positions. Channel
attention methods [13], [14], on the other hand, generate
attention masks across the channel domain, which are used
to select essential channels. Methods that combine spatial
and channel attention [15], [16] compute temporal and spatial
attention masks separately or produce a joint spatiotemporal
attention mask to focus on informative regions. However,
these attention methods have shown limited improvement in
SAR images, which typically have fewer color and texture
features. This limitation is particularly evident in ground clut-
ter near the coast, significantly impacting object detection.
As illustrated in Figure 1, there is a high similarity between
ground clutter and ships in near-shore scenes. Unlike visible
images, ships in SAR images cannot be distinguished through
color and other features, presenting a unique challenge for
detection algorithms. Further, detecting small and coastal
ships in coastal environments with limited features and clutter
is difficult.

In order to meet the above challenges, we propose a novel
AMAM designed to learn multi-scale features and adaptively
aggregate salient features from various feature layers, even
in complex environments. Our method involves several key
steps. First, we fuse information from adjacent feature layers
to enhance the detection of smaller targets, achieving multi-
scale feature enhancement. Next, to mitigate the adverse
effects of complex backgrounds, we dissect the previously
fused multi-level features on the channel, individually ex-
cavate salient regions, and adaptively amalgamate features
from different channels. Subsequently, we introduce a novel
AMANet by embedding the AMAM between the backbone
network and the FPN. The AMAM can be readily inserted
between different frameworks to improve object detection. Fi-
nally, extensive experiments on two large-scale SAR ship de-
tection datasets demonstrate the superiority of our AMANet
method compared to the state-of-the-art method, highlight-
ing its potential for advancing ship detection in challenging
environments. The main contributions of this article are as
follows:
• This paper presents a plug-and-play AMAM to learn

multi-scale features and adaptively aggregate salient fea-
tures from various feature layers.

• We propose a novel AMANet to insert AMAM between
different frameworks to improve object detection.

• We conduct extensive experiments on two large-scale
object datasets, demonstrating promising performance
gains achieved by AMANet. Additionally, numerous
ablation studies validate the effectiveness of the core

mechanisms in AMANet for SAR ship detection.
The rest of this paper is organized as follows. Section II in-

troduces the related work. Section III elaborates our method.
Section IV presents the experimental results to show our
method’s superiority. Section V concludes this paper.

II. RELATED WORK
In this section, we briefly review the most related works of
SAR ship detection, multi-scale feature fusion, and attention
mechanism.

A. SAR SHIP DETECTION
Recently, SAR ship detection [17], [18] has gained significant
attention in the remote sensing community [19]. Traditional
ship detection methods often rely on techniques like CFAR
[20] or hand-crafted features. However, these methods need
help in effectively detecting ships across multiple scales. In
recent years, deep learning methods, particularly CNNs, have
emerged as a promising solution for ship detection due to
their powerful feature representation capabilities. CNN-based
object detectors can be broadly classified into two categories:
two-stage detectors and one-stage detectors [21]. Two-stage
detectors [22] initially generate candidate regions in the first
stage and subsequently classify, identify, and position based
on these candidate regions in the second stage. While these
methods often achieve higher detection accuracy, they require
more computational resources. On the other hand, one-stage
detectors, such as SSD, RetinaNet, and YOLO series [4],
[23]–[26], directly predict the category and position coor-
dinates of targets in a single step, eliminating the need for
explicit region proposal generation. For example, CFIL [17]
proposes a frequency-domain feature extraction module and
feature interaction in the frequency domain to enhance salient
features. MFC [18] proposes a frequency-domain filtering
module to achieve dense target feature enhancement.

B. MULTI-SCALE FEATURE FUSION
Multi-scale feature fusion [8], [27] is essential for object
detection by aggregating and enhancing information in SAR
ship detection. Different methods, such as simple feature
fusion, feature pyramid fusion, and cross-scale feature fusion,
have been proposed for multi-scale feature fusion [8], [28],
[29]. Simple feature fusion combines feature maps from ad-
jacent layers to compensate for information loss [30] during
transmission and consider contextual information [31], [32].
For example, EMRN [33] proposes a multi-resolution fea-
tures dimension uniform module to fix dimensional features
from images of varying resolutions. DAL [34] proposes a
dynamic anchor learning method, which utilizes the newly
defined matching degree to evaluate the localization potential
of the anchors comprehensively and carries out a more effi-
cient label assignment process. The HPGN [35] introduces a
pyramidal graph network extract fine-grained image features.
These methods enhance the overall representation of features
by incorporating adjacency information. However, challenges
arise when dealing with extreme scale differences in SAR
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ship detection, leading to compression or blurring of features
and information loss.

C. ATTENTION MECHANISM
Recently, attention mechanisms [11], [15], [36], [37] have
been gaining increasing attention in computer vision. For
example, STN [11] predicts affine transformations to selec-
tively attend to crucial regions in the input. This stage was
characterized by a focus on discriminative input features,
with DCNs [37] being a notable example. HSGM [38], [39]
proposes a hierarchical similarity graph module to relieve
the conflict of backbone networks and mine the discrim-
inative features. SENet [13] proposes a channel-attention
mechanism that implicitly and adaptively predicts essential
features. CAM proposes a contrastive attention module to
enhance local features through many-to-one learning. GiT
[40] proposes a structure where graphs and transformers in-
teract constantly, enabling close collaboration between global
and local features for vehicle re-identification. Works such as
EMANet [41], CCNet [42], and Stand-Alone Networks [43]
have leveraged self-attention to improve speed, result quality,
and generalization capabilities. Besides, there are also some
self-attention and cross-attention mechanisms. For example,
PBSL [44] introduces a co-interaction attention module to
highlight relevant features and suppress irrelevant informa-
tion. However, these attention methods cannot effectively
distinguish ground clutter, which is similar to ships.

III. PROPOSED METHOD
A. MULTI-HIERARCHICAL ENHANCED BLOCK
The AMAM introduces a crucial component called the ME
block, vital in combining high-level semantic features from
deep layers with shallower layers in both top-down and
bottom-up directions. The ME block aims to balance preserv-
ing important features for accurate predictions and minimiz-
ing computationally expensive operations like convolution,
pooling, and addition.

As shown in Figure 2, given a feature map Fi of size C ×
H × W, where C, H, and W represent the channel, height,
and width of the feature diagram. The module takes three
features extracted from the backbone: deep feature Fi+1 (2C,
H/2, W/2), current feature Fi, and shallow feature Fi−1 (C/2,
2H, 2W). Firstly, the feature processing pipeline starts with
convolution, batch normalization, and ReLU (CBR) opera-
tions. These operations enhance the features’ representational
power. Next, the upsampled deep and downsampled shallow
features are incorporated into the current feature through
combination. This fusion of features at different scales cap-
tures information from larger and smaller contexts. Finally,
the concatenated features undergo further CBR operations,
refining and consolidating the information from multiple
scales. These operations generate the final fused feature, rep-
resenting a comprehensive and enriched input data represen-
tation. This fused feature represents the enhanced multi-scale
representation of the image. This operation can be formulated
as follows:

F
′

i = CBR(Fi), (1)

where Fi (C, H, W) represents the current feature. CBR
represents the convolution, batch normalization, and ReLU
operations. F

′

i (C, H, W) denotes the current features after
unified dimension processing.

F
′

i−1 = Upsample(CBR(Fi−1)), (2)

where Fi−1 (C/2, 2H, 2W) represents the shallow feature.
Upsamle refer to the upsampling operations. F

′

i−1 (C, H, W)
denotes the shallow features after unified dimension process-
ing.

F
′

i+1 = Downsample(CBR(Fi+1)), (3)

where Fi+1 (2C, H/2, W/2) represents the deep feature.
Downsample refer to the downsampling operations. F

′

i+1

(C, H, W) denotes the deep features after unified dimension
processing.

FF = CBR(Concat[F
′

i−1,F
′

i ,F
′

i+1)]), (4)

where FF (C, H, W) denotes the fused feature. Concat means
channel concatenation. TheME block employs concatenation
and reorganization operations to fuse features. What sets the
ME block apart from existing concatenation methods used in
state-of-the-art techniques is its incorporation of contextual
features from adjacent and deeper layers. This means that the
ME block not only fuses features from the current scale but
also leverages features from three adjacent scales (shallow,
current, deep) of the backbone network. By doing so, it
enriches the features and enhances the detection performance.

The ME block in AMAM improves accuracy and effi-
ciency, as it effectively captures multi-scale information and
integrates it into the feature representation process. By lever-
aging the contextual features from adjacent and deeper layers,
the ME block enables the model to extract more compre-
hensive and discriminative features, aiding in accurate ship
detection, particularly for small and coastal ships in complex
coastal environments.

B. ADAPTIVE ATTENTION BLOCK
In the context of multi-head self-attention, one of the signifi-
cant challenges is the redundancy present in attention heads,
which can lead to computational inefficiency. We took inspi-
ration from cascaded group attention to overcome this issue
and developed an efficient AA block. TheAAblock addresses
the problem by introducing different splits of the full features
to each attention head, enabling an explicit decomposition
of attention computation across the heads. Furthermore, the
Q, K, and V layers learn projections on features with richer
information. We achieve computational efficiency and reduce
computation overhead by utilizing feature splits instead of the
full features for each head. To aggregate information from
different heads, the AA block adds the output of each head to
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FIGURE 2. The structure of the AMAM. It consists of two main components: the multi-hierarchical enhanced block (ME) and the adaptive attention block
(AA). The ME block leverages the contextual features from adjacent and deeper layers, aiding in accurate ship detection. The AA block splits the fused
feature to each attention head, enhancing the diversity of attention maps and allowing for more discrimination to inshore clutter. Note that CBR is
Convolution, Batch Normalization, and ReLU. Fi is the feature map of the current layer. c , h, and w are the Fused Feature’s channel, height, and width,
respectively, and c1 = ci = cn. α, β are learnable coefficients.

the subsequent head, progressively refining the feature repre-
sentations. This iterative aggregation process helps enhance
the diversity of attention maps by introducing distinct feature
splits to each attention head. Additionally, the concatenation
of attention heads increases the network depth, enhancing the
model’s capacity. Importantly, this increase in depth comes
with only a marginal rise in latency overhead, as the attention
map computation within each head utilizes smaller QK chan-
nel dimensions. This attention aggregation can be formulated
as follows:

F̃F i = Selfattn
(
FF ′

iW
Q
i ,FF ′

iW
K
i ,FF ′

iW
V
i

)
, (5)

where, F̃Fi (C/n, H, W) and FFi′ (C/n, H, W) represent the
input and output of the i-th head, respectively. WQ

i , W
K
i , and

W V
i are projection layers that map the input feature split into

different subspaces.
We initialize the first output head as the same as the first

input head:

FF ′
1 = FF1, (6)

where FFi (C/n, H, W) represents the i-th split of the input
feature FF (C, H, W), i.e., FF = [FF1,FF2, . . . ,FFh], and
1 ≤ i ≤ h.
The subsequent output heads are obtained by aggregating

the previous output head F̃Fi and the current input head
Fi+ 1:

FF ′
i+1 = α · F̃Fi+β ·FFi+1, 1 ≤ i ≤ h, α+β = 1, (7)

here, α and β are learnable parameters that adaptively adjust
the weight coefficients of F̃F i and FF i+1 to improve infor-
mation aggregation between different heads.
Finally, we concatenate the output heads F̃F1, F̃F2, . . . , F̃Fh

and project them back to the dimension consistent with the
input:

F̃F = Concat
[
F̃F1, F̃F2, . . . , F̃Fh

]
i=1:h

WP, (8)

here, F̃F is the enhanced feature, h is the total number
of heads, FF ′

i represents the input of the i-th head’s self-
attention, and WP is a linear layer that projects the concate-
nated output features back to the dimension consistent with
the input.
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FIGURE 3. The network structure of the proposed AMANet. The figure showcases the integration of AMAM into the YOLO model (based on YOLOv8s),
requiring additional backbone network features. CBS represents convolution, batch normalization, and SiLU activation. SPPF denotes the spatial pyramid
pooling fusion module. The C2F module is a lightweight module inspired by c3 and incorporates ideas from ELAN.

Incorporating the AA block in our proposed AMANet
brings two notable advantages. Firstly, introducing distinct
feature splits to each attention head enhances the diversity of
attention maps, leading to improved feature representation.
Secondly, concatenating attention heads increases the model
capacity, allowing for more expressive power in capturing
complex relationships within the data. These benefits are
achievedwithminimal additional computational cost, making
the AA block an efficient and effective component of the
AMANet architecture.

C. OVERALL FRAMEWORK
The proposedmethod’s overall scheme and the network archi-
tecture of AMANet based onYOLOv8s are depicted in Figure
3. The YOLOv8s’ architecture comprises three main mod-
ules: the convolution, batch normalization, SiLU activation
(CBS) module, the CBR module, the spatial pyramid pooling
fusion (SPPF) module, and the C2F (c3-inspired lightweight
module with ideas from ELAN) module.

Firstly, the CBS module consists of a 3 × 3 convolutional
layer, a Batch Normalization layer, and a SiLU activation
function. This configuration enables the selection of models
with high efficiency and accuracy. The CBSmodule mitigates
the risk of gradient dispersion by reusing features and retain-

ing most of the original information. This results in effective
feature representation and preservation. Secondly, inspired by
the spatial pyramid pooling (SPP) structure from SPPNet, the
SPPF module enhances classification accuracy by extracting
and fusing high-level features. It employs multiple maximum
pooling operations during the fusion process to capture a wide
range of high-level semantic features. This allows the network
to effectively incorporate contextual information and improve
the discriminative power of the features. Thirdly, the C2F
module builds upon the C3 module and incorporates ideas
from the efficient, lightweight, anchor-free network (ELAN).
It provides a fast and efficient implementation while achiev-
ing optimal performance. This module plays a crucial role in
the network architecture, enabling efficient feature extraction
and representation.

IV. EXPERIMENT AND ANALYSIS

A. DATASETS

To validate superiority, the proposed AMANet is compared
with multiple state-of-the-art methods on SSDD and HRSID
datasets.

VOLUME 11, 2023 5
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TABLE 1. Comparison (%) between SAR ship detection methods on the SSDD dataset. The "-" symbol indicates that the corresponding paper did not
report the results.

Method AP0.5:0.95 AP0.5 Precision (IoU=0.5) Recall (IoU=0.5) Reference

ImYOLOv4 [2] - 94.16 93.54 90.95 2022 IEEE Access

PPA-Net [45] - 95.19 95.22 91.22 2023 Remote Sensing

A-BFPN [46] 59.60 96.80 - - 2022 Remote Sensing

FEPS-Net [47] 59.90 96.00 - - 2023 IEEE JSTAEORS

HR-SDNet [48] 64.60 97.90 - - 2020 Remote Sensing

SSE-Ship [49] 64.70 96.40 94.40 94.00 2023 OJAS

CSnNet [50] 64.90 97.10 - - 2023 IEEE TGRS

LssDet [51] 68.10 96.70 - - 2022 Remote Sensing

AMANet 74.20 98.50 97.47 96.60 Ours

TABLE 2. Comparison (%) on the HRSID dataset. The "-" symbol indicates
that the corresponding paper did not report the results.

Method AP0.5:0.95 AP0.5 Reference

CSD-YOLO [52] - 86.10 2023 Remote Sensing

Quad-FPN [53] - 86.12 2021 Remote Sensing

MEA-Net [54] - 89.06 2022 Remote Sensing

PPA-Net [45] - 89.27 2023 Remote Sensing

CSnNet [50] - 91.20 2023 IEEE TGRS

FINet [55] - 90.50 2022 IEEE TGRS

Improved PRDet [50] 59.80 90.70 2023 IEEE TGRS

DSDet [56] 60.50 90.70 2021 Remote Sensing

CenterNet2 [57] 64.50 89.50 2022 IEEE TGRS

SRDet [58] 66.10 90.60 2023 Remote Sensing

AMANet 68.90 91.40 Ours

1) SSDD
The SSDD [59], [60] dataset encompasses diverse ship types
without specific constraints. It primarily comprises data cap-
tured in HH, HV, VV, and VH polarization modes. Compris-
ing 1160 images, each encapsulates 2456 ships of varying
dimensions and quantities. Following [60], it is divided into
928 images for training and 232 images for testing, and it is
worth mentioning that the test set includes 46 inshore images
and 186 offshore images.

2) HRSID
The HRSID [61] dataset contains 5604 high-resolution SAR
images and 16,951 ship instances. The HRSID dataset in-
cludes SAR images with different resolutions, polarizations,
sea states, sea areas, and coastal ports. Following [61], it is
divided into 65% for training and 35% for testing.

B. EVALUATION METRICS
Following [59]–[61], the evaluation metrics used to select
the optimal model for maritime remote sensing targets are
precision (P), recall (R), and average precision (AP). P is
calculated as the ratio of true positive detections to the total
number of positive detections, and it measures the model’s

TABLE 3. Test Result (%) of Different models on inshore and offshore
data in the SSDD dataset.

Method
Inshore Offshore

Reference
AP0.5:0.95 AP0.5:0.95

Swin-PAFF [62] 37.00 60.30 2023 CMC

FEPS-Net [47] 47.10 64.50 2023 IEEE JSTAEORS

CSnNet [50] 53.10 64.60 2023 IEEE TGRS

SW-Net [63] 53.50 59.69 2023 SIVP

AMANet 68.80 76.30 Ours

accuracy in identifying relevant targets. The formula for P is
given by:

P =
TP

TP+ FP
, (9)

TP represents the number of true positive detections, and FP
represents the number of false positive detections.
Recall (R), also known as the true positive rate or sen-

sitivity, is calculated as the ratio of true positive detections
to the total number of ground truth positive samples. Recall
measures the ability of the model to identify all relevant
targets correctly. The formula for recall is given by:

R =
TP

TP+ FN
, (10)

where FN represents the number of false negative detections.
AP is a commonly used metric in object detection tasks.

The formula for calculating AP involves the precision-recall
curve and the area under the curve. The formula for AP is
given by:

AP =

∫ 1

0

P(R)dR. (11)

C. IMPLEMENTATION DETAILS
The experiments are based on the Pytorch 1.10.1 framework
and are computed using an NVIDIA RTX3090 (with 24GB of
video memory) GPU and CUDA11.3 environment. We used
the YOLOv8s as a baseline, and network improvements are
made on this basis. In the training process, following [64],
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we set the momentum parameter to 0.937, the batch size to
16, and trained 500 epochs. We used a periodic learning rate
and a periodic learning rate and Warm-Up method to warm
up the learning rate, where the initial learning rate was set to
0.01. In the Warm-Up [65] phase, the learning rate of each
iteration was updated to 0.1 using linear interpolation. After
that, we updated the learning rate using the cosine annealing
algorithm, and finally, the learning rate dropped to 0.002.

D. COMPARISON WITH STATE-OF-THE-ART METHODS
This section presents the results obtained by the proposed
AMANet, compared to a baseline model and state-of-the-art
SAR ship detection methods using the SSDD and HRSID
datasets.

1) Comparisons on SSDD ship
The experimental findings, highlighting the performance of
AMANet in comparison to other models, are summarized in
Table 1 based on SSDD. AMANet exhibits exceptional per-
formance, surpassing other advanced object detection mod-
els. It achieved an AP0.5:0.95 score of 74.20% and an impres-
sive AP0.5 score of 98.50% on the SSDD dataset. Compared
to the self-attention and multi-scale methods, CSnNet [50],
AMANET has shown a notable improvement. It achieved
a 9.30% increase in the AP0.5:0.95 index and a 1.40% in-
crease in the AP0.5 index. These results demonstrate that
the ME block effectively integrates multi-scale features and
accurately localizes ship targets in SAR images. When com-
pared to the combined attention-based method and multi-
scale method LssDet [51], AMANET achieved a 6.10% in-
crease in AP0.5:0.95 and a 1.80% increase in AP0.5. In sum-
mary, the results indicate that the AA Block in AMANET
performs better in focusing on ship targets in SAR images.
The superior performance of AMANet can be attributed to
its effective integration of the feature fusion technique and
the adaptive multi-hierarchical attention method. By fusing
information from adjacent feature layers, AMANet improves
the representation of multi-scale features and enhances the
detection of smaller targets.

2) Comparisons on HRSID ship
Similar to the SSDD dataset, we continue to conduct exper-
iments on the HRSID dataset, and the experimental results
are as follows. As shown in Table2, the AMANet achieve
the best result with 68.90% and 91.40% on the AP0.5:0.95

and AP0.5 respectively. Compared with combined attention-
based methods, AMANet significantly surpasses SRDet [58]
in AP0.5:0.95 and AP0.5 metrics, for example, It exceeds
2.80% on the AP0.5:0.95 and exceeds 0.80% on the AP0.5,
which shows that AMANet can better pay attention to ships in
near-shore ground clutter. Compared with multi-scale based
methods (i.e., PPA-Net [45]), AMANet outperforms it, for
example, leading by 2.13% on the AP0.5 metric, which shows
that AMANet can be more accurate to locate ship targets.

TABLE 4. Ablation experiments (%) of AMAM on YOLOv8s.

No.
Settings SSDD HRSID

ME AA AP0.5:0.95 AP0.5:0.95

1 ✗ ✗ 72.10 66.20

2 ✗ ✓ 73.10 66.70

3 ✓ ✗ 73.30 67.60

4 ✓ ✓ 74.20 68.90

3) Comparisons in inshore and offshore scenes
The inshore data contains significant background informa-
tion, introducing interference and false detections. On the
other hand, the offshore data consists of densely distributed
small targets, which can result in missed detection issues. To
further validate the superior performance of AMANet in com-
plex backgrounds, separate accuracy tests were conducted on
the inshore and offshore data. The test results are presented
in Table 3.
Our model demonstrates anti-interference solid capabil-

ity, as evidenced by the experimental findings. It achieved
the highest detection accuracy on the inshore and offshore
test sets, with 68.80% and 76.30% for AP0.5:0.95, respec-
tively. Compared to the spatial feature enhancement and
weight-guided fusion method SW-Net [63], the proposed
method in this article achieved significant improvements.
Specifically, in both near-shore and offshore scenarios, there
was an increase of 15.30% and 16.61%, respectively, in
the AP0.5:0.95 metric. Similarly, when compared to the self-
attention and multi-scale method CSnNet [50], the proposed
method demonstrated notable enhancements. In the near-
shore and offshore scenarios, there was an increase of 15.70%
and 11.70%, respectively, in the AP0.5:0.95 metric. These
results indicate that the method presented in this article excels
in handling complex scenarios, particularly in detecting near-
shore ship targets.

E. ABLATION STUDIES AND ANALYSIS
The comparison results presented in Table 1, Table 2, and
Table 3 demonstrate that the proposed AMANetmethod is su-
perior to many state-of-the-art SAR ship detection methods.
By combining the ME and AA blocks, the AMAM can effec-
tively overcome the small targets and complex inshore scene
background, contributing to the surpassing performance. To
further verify the effects of ME and AA blocks in AMAM,
the proposed AMANet method is comprehensively analyzed
from six aspects to investigate the logic behind its superiority.
(1) Role of AMAM. (2) Influence of number of heads in
AA block. (3) Comparisons on fusion functions in AA block.
(4) Universality for different YOLO. (5) Effects of different
attention mechanisms (6) Visualization.

1) Role of AMAM
To comprehensively analyze the performance improvement
of AMAM with the ME and AA blocks, we conducted an
ablation experiment consisting of four experimental sets. The
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FIGURE 4. Impact of number of heads in AMAM module on YOLOv8s

No.1 group data represents the baseline YOLOv8s experi-
ment results. The No.2 group data illustrates the performance
improvement achieved by incorporating the AA block, re-
sulting in a 1.00% and 0.50% increase in AP0.5:0.95 on the
SSDD and HRSID datasets, respectively. The No.3 group
data demonstrates the performance enhancement obtained by
introducing the ME block, leading to a 1.20% and 1.40%
increase in AP0.5:0.95 on the SSDD and HRSID datasets, re-
spectively. Finally, the No.4 group data represents the exper-
iment results of AMANet on the SSDD and HRSID datasets.
Compared to the baseline, the AP0.5:0.95 indicators increased
by 2.10% and 2.70% on the SSDD and HRSID datasets,
respectively. These results clearly indicate that both the ME
and AA blocks have the potential to improve the model’s
performance individually. Moreover, when combined, they
synergistically bring even more significant improvements.

2) Influence of number of heads in AA block
We explore the influence of the number of heads in the AA
block. As shown in Figure 4, it is evident that the number
of attention heads influences the model’s performance in the
adaptive attention stage. Firstly, when using a single attention
head, the model achieved an AP of 73.40%. Secondly, as
we increased the number of heads to 2, 4, and 8, the AP
scores improved to 73.60%, 74.20%, and 73.70%, respec-
tively. This indicates that employing multiple attention heads
can enhance the model’s performance, resulting in higher AP
scores. Thirdly, we observed a slight decrease in AP when the
number of heads increased to 16, reaching a value of 73.60%.
This suggests that there is an optimal range for the number of
attention heads, beyond which the performance may start to
plateau or decline.

The observed trend suggests that increasing the number of
attention heads improves the model’s performance, indicat-
ing the importance of capturing diverse and discriminative
features. With more heads, the model can simultaneously
attend to different regions of interest, enhancing its ability
to capture fine-grained details and subtle variations in the
SAR ship images. This leads to improved detection accuracy
and a higher AP score. However, when the number of atten-
tion heads becomes excessively large, as seen in the case of

73.4 
73.5 

73.6 

74.2 

73.0

73.3

73.6

73.9

74.2

74.5

Average Add Concat Adaptive

A
P

@
0
.5

:0
.9

5
 (

%
)

FIGURE 5. Impact of fusion functions in adaptive attention stage.

16 heads, the performance starts to plateau or even slightly
decline. This may be attributed to the model’s increased
complexity and potential redundancy in attending to multiple
regions with similar characteristics. As a result, the model’s
ability to discriminate between different ship instances may
be compromised, leading to a slight decrease in AP. We
selected 4 attention heads for our other experiments based
on these results. This configuration achieved the highest AP
score of 74.20% among the tested options, striking a balance
between capturing diverse features and avoiding redundancy.

3) Comparisons on fusion functions in AA block
The AMAM incorporates learnable parameters, α and β,
in the adaptive attention block to dynamically adjust the
information aggregation between different heads. To further
investigate the impact of alternative fusion methods on the
performance of AMANet, we conducted additional experi-
ments.
In Figure 5, we compare the performance of AMANet us-

ing different fusion functions in the adaptive attention stage.
The fusion methods evaluated include Average, Add, Concat,
and Adaptive (as used in this study). Firstly, the results reveal
that when Average fusion is employed between different
heads, the achieved AP0.5:0.95 reaches 73.40%. Secondly,
when Add Fusion is used, the performance slightly improves
to 73.50%. Thirdly, when Concat fusion is employed, the
AP0.5:0.95 further increases to 73.60%. Finally, it is notewor-
thy that when the proposed Adaptive fusion is utilized, the
optimal result of 74.20% is achieved. These experimental
findings emphasize the importance of the adaptive fusion
method proposed in this article. By dynamically adjusting the
information aggregation with the help of learnable parame-
ters, the Adaptive fusion enables AMANet to achieve superior
performance, surpassing the alternative fusion methods.

4) Universality for different YOLO
To evaluate the universality and robustness of the proposed
model, we extended the application of the AMAM to dif-
ferent YOLO models, namely YOLOv7t, YOLOv7l, and
YOLOv8m. The experimental results, as depicted in Figure
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YOLOv8m models.

6, highlight the impact of incorporating the AMAM on the
performance of these models. The results obtained from the
evaluation indicate that the inclusion of the AMAM brings
about significant improvements in terms of AP0.5:0.95 across
all the evaluated YOLO models. Firstly, when considering
YOLOv7t, the integration of the AMAM led to a remarkable
3.50% increase in AP0.5:0.95. As a result, the final achieved
AP0.5:0.95 value for YOLOv7t reached 55.00%. Moving on
to YOLOv7l, the AMAM delivered a substantial 3.00% im-
provement in AP0.5:0.95. Consequently, the final achieved
AP0.5:0.95 value for YOLOv7l reached an impressive 57.40%.
Furthermore, for YOLOv8s, the inclusion of the AMAM
resulted in a noteworthy 2.10% increase in AP0.5:0.95. As
a result, the final achieved AP0.5:0.95 value for YOLOv8s
reached a high of 74.20%. Lastly, for YOLOv8m, the AMAM
contributed to a notable 1.50% increase in AP0.5:0.95. Con-
sequently, the final achieved AP0.5:0.95 value for YOLOv8m
reached a commendable 74.50%. These findings not only
demonstrate the effectiveness of the AMAM in significantly
enhancing the performance of YOLOv8s but also highlight its
positive impact on other YOLOvariants, includingYOLOv7t,
YOLOv7l, and YOLOv8m. The consistent improvements ob-
served across different model variations further validate the
generalization and versatility of the AMAM module. This
highlights its potential as a valuable component for enhancing
ship detection performance in various YOLO-based architec-
tures, contributing to the overall universality and applicability
of the proposed method.

5) Effects of different attention mechanisms
Further, we compared AMAMwith commonly used attention
mechanisms such as GE [12], CBAM [15], and SE [13]. The
results are presented in Table 5. The model’s accuracy im-
proved across the board after incorporating different attention
mechanisms. However, when the AMAM was introduced, it
led to themost improvement, with a 2.10% increase compared
to AP0.5:0.95 to the baseline. On the other hand, introducing
the GE, CBAM, and SE attention mechanisms resulted in
improvements of 0.50%, 0.70%, and 0.80% in AP0.5:0.95,
respectively. In conclusion, the AMAM proves to be highly
effective in focusing on ships in SAR images, particularly in

TABLE 5. Comparison (%) of different attention mechanisms.

Method AP0.5:0.95 Type

Baseline 72.10 Baseline

+ GE [12] 72.60 Spatial attention

+ CBAM [15] 72.80 Spatial & channel attention

+ SE [13] 72.90 Channel attention

+AMAM (Ours) 74.20 Ours

the presence of clutter from land and sea. It outperforms other
attention mechanisms, showcasing its ability to enhance ship
detection performance in challenging scenarios.

6) Visualization
The visualization data presented in Figure 7 provides a com-
prehensive analysis of the detection results, highlighting the
performance improvements achieved by AMANet. The Fig-
ure showcases four representative detection examples, each
demonstrating the model’s effectiveness compared to the
baseline YOLOv8s. The first two images depict SAR images
containing small ship targets. The baseline YOLOv8s results
shown in Figure 7 (a) exhibit missed detections, as indicated
by the red rectangles, where the baseline model fails to detect
three small ship targets. However, the detection results of
AMANet in Figure 7 (b) miss detect one small ship target, as
denoted by the red rectangle. This demonstrates the superior
performance of AMANet in accurately detecting small tar-
gets, thereby improving the overall ship detection capability.
The latter two images represent SAR images of inshore

scenes, which include multiple ship targets. Figure 7 (a)
reveals the limitations of the baseline YOLOv8s, with both
missed detections and false alarms. In contrast, the detection
results of AMANet shown in Figure 7 (b) are more accurate,
with improved precision and recall. The AMANet has less
error detection and omission detection, as demonstrated by
the red rectangles. These visualization examples highlight the
superior performance of AMANet in ship detection tasks.
By effectively integrating the ME and AA blocks, AMANet
demonstrates improved accuracy and robustness. It success-
fully detects small ship targets, accurately identifies ships
in complex near-shore scenes, and outperforms the baseline
YOLOv8s. The visualization data provides a clear and visual
representation of the model’s capabilities, reinforcing the
experimental results and demonstrating the practical signif-
icance of the proposed AMANet in real-world ship detection
scenarios.

V. CONCLUSION
In conclusion, this paper presents a novel adaptive multi-
hierarchical attention module (AMAM) and network
(AMANet) to address the significant challenge of detecting
small and coastal ships in SAR images. The AMAM is
designed to learn multi-scale features and adaptively ag-
gregate salient features from various feature layers, even in
complex environments. The methodology involves fusing
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(a) Baseline (b) Ours (c) Ground truth

FIGURE 7. Detection results in SSDD and HRSID datasets with YOLOv8s and AMANet. (a) and (b) show the detection results of the YOLOv8s(baseline) and
AMANet; (c) represents the ground truth. The red bounding boxes indicate the prcsene of error detection and omission detection for ground truth.

information from adjacent feature layers to enhance the detec-
tion of smaller targets, thereby achieving multi-scale feature
enhancement. Furthermore, to mitigate the adverse effects
of complex backgrounds, the fused multi-level features are
dissected on the channel, salient regions are individually
excavated, and features originating from different channels
are adaptively amalgamated. The AMANet is introduced by
embedding the AMAM between the backbone network and
the FPN, demonstrating its versatility as it can be readily
inserted between different frameworks to improve object de-
tection. Extensive experiments on two large-scale SAR ship

detection datasets validate the effectiveness of our proposed
AMANet method, showing its superiority over state-of-the-
art methods. In the Future. Although AMANet has demon-
strated its effectiveness on two large-scale SAR datasets
and multiple detection frameworks, these are all based on
CNN architecture backbone networks. We plan to explore the
effectiveness of AMANet under the Transformer backbone
network further.
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